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“Don't go where the path may lead.
Go instead where there is no path
and leave a trail.”

— Ralph Waldo Emerson
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A4D - Aggrescan4D

ADCP - metoda dokowania ADCP (AutoDock CrankPep)
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AF3 - AlphaFold3

Aggrescan - predyktor agregacji sekwencyjnej Aggrescan

Al - sztuczna inteligencja (Artificial Intelligence)

AMBER - pole sitowe AMBER (4ssisted Model Building with Energy Refinement)
API - interfejs programistyczny aplikacji (Application Programming Interface)
bGH - bydlgcy hormon wzrostu (bovine Growth Hormone)

CABS - model gruboziarnisty CABS

CABS-dock - metoda dokowania CABS-dock

CABS-flex - metoda symulacji elastyczno$ci CABS-flex

CamSol - predyktor rozpuszczalno$ci CamSol

CAPRI - Critical Assessment of PRedicted Interactions

CASP14 - 14. edycja konkursu CASP (Critical Assessment of protein Structure Prediction)
cg2all - rekonstrukcja atomowa cg2all (coarse-grained to all-atom)
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CTD - domena C-koncowa (C-Terminal Domain)

ESMFold - model jezykowy do predykcji struktur ESMFold
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GPU - procesor graficzny (Graphics Processing Unit)

GROMOS - pole sitowe GROMOS (GROningen MOlecular Simulation)

hGH - ludzki hormon wzrostu (human Growth Hormone)

HSA - albumina surowicy ludzkiej (Human Serum Albumin)

IDP - biatko nieuporzadkowane wewnetrznie (Intrinsically Disordered Protein)
iIRMSD - RMSD interfejsu (interface RMSD)

LoRMSD - RMSD ligandu (/igand-only RMSD)

LRMSD - RMSD ligandu (/igand RMSD)

MARTINI - gruboziarniste pole sitowe MARTINI

MD - dynamika molekularna (Molecular Dynamics)

MSA - wielosekwencyjne uliniowienie (Multiple Sequence Alignment)

NMR - jadrowy rezonans magnetyczny (Nuclear Magnetic Resonance)
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OPLS - pole sitowe OPLS (Optimized Potentials for Liquid Simulations)
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PPI - oddziatywania bialko-biatko (Protein-Protein Interactions)

REMC - Replica Exchange Monte Carlo



REST - architektura REST (Representational State Transfer)

RMSD - éredniokwadratowe odchylenie odlegtosci (Root-Mean-Square Deviation)
RMSF - $redniokwadratowa fluktuacja (Root-Mean-Square Fluctuation)

RSA - wzgledna dostgpnos¢ rozpuszczalnika (Relative Solvent Accessibility)
SolubiS - SolubiS (predyktor rozpuszczalnosci)

STAP - region podatny na agregacje strukturalng (Structural Aggregation-Prone)
ZDOCK - zbior testowy/metoda ZDOCK
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CZESC I: PODSTAWY TEORETYCZNE I
METODOLOGICZNE

1. Wprowadzenie: cel i zakres pracy

Biologia molekularna stoi dzi§ u progu rewolucji, ktérej tempo i skala przypominajg przetom
komputerowy konca XX wieku. Zaledwie dekade temu struktury bialek byly dobrem
deficytowym, a ich modelowanie opieralo si¢ na mozolnym eksperymentowaniu i
uproszczonych zalozeniach. Dzi$, dzigki potaczeniu sztucznej inteligencji, obliczen
wieloskalowych i1 automatyzacji, jesteSmy w stanie projektowaé, modyfikowac i analizowac
molekularne procesy z precyzja, jakiej biologia nigdy wczesniej nie znata.

W centrum tej zmiany sg oddziatywania biatko-biatko i1 biatko-peptyd - molekularne decyzje,
ktére determinujg wszystko: czy komorka przetrwa stres, czy wirus zostanie rozpoznany, czy
lek dotrze do celu. To one odpowiadaja za precyzje uktadu odporno$ciowego, dziatanie
enzymow, kontrole translacji 1 sygnalizacje miedzykomorkowa. Zdolnos$¢ do ich modelowania
i modyfikowania to dzi§ klucz do rozwoju przetomowych terapii: peptydow cyklicznych o
wysokiej  selektywno$ci, zoptymalizowanych przeciwcial, bialek o zwigkszonej
rozpuszczalnosci czy nowych inhibitorow interakcji. Wkraczamy w ere, w ktorej biatka nie
tylko badamy, ale potrafimy je konstruowa¢ niczym funkcjonalne maszyny - precyzyjne,
efektywne 1 przewidywalne.

Celem niniejszej rozprawy doktorskiej byto opracowanie i wdrozenie zaawansowanych metod
modelowania oddziatywan molekularnych, ktére realistycznie odzwierciedlaja zlozono$¢
biologicznych ukladow - z wuwzglednieniem elastyczno$ci strukturalnej, ograniczen
topologicznych, wplywu srodowiska oraz modyfikacji potranslacyjnych.

Praca obejmuje rozwdj narzedzi umozliwiajacych elastyczne dokowanie peptydow, analize
dynamiki biatek, predykcje podatnosci na agregacj¢, modelowanie wptywu Srodowiska
biologicznego, integracje¢ danych strukturalnych z modelami jezykowymi bialek oraz
symulacje mechanizméw regulowanych modyfikacjami potranslacyjnymi.

Wszystkie te obszary taczy wspolna ambicja: tworzy¢ narzgdzia, ktore nie tylko opisuja
rzeczywisto$¢ molekularng, ale umozliwiajg jej aktywne modelowanie, projektowanie i
interpretacje - z myS$la o zastosowaniach w biologii strukturalnej, inzynierii biatek 1
projektowaniu lekow nowej generacji.

Praca ta powstala z przekonania, ze wspodtczesna biologia molekularna potrzebuje nie tylko

lepszych predykcji - potrzebuje narzedzi inzynieryjnych. [ wlasnie taki zestaw narzgdzi - oparty
na wiedzy, kodzie 1 koncepcjach - staratem si¢ stworzy¢.
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1.1. Oddzialywania bialko-bialko i bialko-peptyd: znaczenie biologiczne i
implikacje terapeutyczne

W tej czesci przedstawie zwigzly przeglad zagadnienia oraz uzasadnienie podjetych przeze
mnie badan. W epoce, w ktorej biatka nie tylko opisujemy, lecz takze projektujemy, kluczowe
staje si¢ precyzyjne zrozumienie interakcji biatko-biatko i biatko-peptyd. To wlasnie one
przenoszg sygnaly, uruchamiajg enzymy, reguluja transkrypcje i translacje, buduja struktury
komorkowe 1 inicjuja odpowiedz immunologiczng. Nie sg efektem przypadkowych zdarzen,
lecz dynamicznymi, S$cisle kontrolowanymi procesami decydujacymi o przetrwaniu,
proliferacji, adaptacji lub $mierci komorki - 1 stanowig praktyczny fundament nowoczesnych
terapii.

Peptydy potrafig w tych uktadach dziata¢ jako ligandy, blokery, aktywatory i transportery. Na
pierwszy plan wysuwaja si¢ szczegolnie peptydy cykliczne: dzigki zamknigtej topologii sg
bardziej odporne na degradacje, stabilniejsze konformacyjnie i mniej ruchliwe, co przektada
sie na wyjatkowo trwale i selektywne wigzanie celow.! Dlatego uznaje sie je za obiecujacych
kandydatéw na leki (temat rozwijam w dalszej czg$ci rozdziatu).

Na skuteczno$¢ oddzialywan wptywa nie tylko sama sekwencja czy struktura, lecz takze
otoczenie: pH, sita jonowa i modyfikacje potranslacyjne. Niewielkie zmiany pH potrafig
odwroci¢ fadunki powierzchniowe, zmieni¢ stabilnos¢ 1 zdolnos¢ do tworzenia kompleksows;
agregacja wynika ze splotu cech czasteczek 1 czynnikdw zewnetrznych. Dlatego modele musza
taczy¢ dane strukturalne i fizykochemiczne z dynamicznym kontekstem $rodowiskowym -
inaczej nie oddadza prawdziwej natury uktadu.

Same interakcje biatko-biatko obejmujg rozlegte, czesto kilkudziesiecioresztowe interfejsy 1
sieci oddziatywan hydrofobowych, elektrostatycznych oraz wodorowych. Wiele kontaktow
bywa przej$ciowych i stabo stabilnych - zaleznych od stezenia, srodowiska i kofaktorow - i
przyjmuje charakter allosteryczny, przenoszac sygnat przez cate szlaki. To podtoze tak réznych
zjawisk jak aktywacja receptoréw blonowych czy powstawanie kompleksoéw
immunologicznych 1 enzymatycznych. Tu przewage pokazuja peptydy, zwtaszcza cykliczne:
zwarta budowa utrudnia denaturacje, sprzyja biodostepnosci 1 pozwala dociera¢ do trudnych
miejsc wigzania. Ich niewielki rozmiar 1 elastyczno$¢ ulatwiajg ,,wejscie” w kieszenie
hydrofobowe, ptaskie interfejsy 1 wnegki allosteryczne, dzigki czemu skutecznie hamuja
oddzialywania biatko-biatko (PPI) - tam, gdzie klasyczne mate czasteczki lub przeciwciala
czesto zawodza.

Ta wiedza przektada si¢ bezposrednio na terapi¢. Cele PPI sg juz wykorzystywane w onkologii
(np. inhibitory MDM2-p53), w chorobach neurodegeneracyjnych (stabilizacja interakcji
synaptycznych) 1 autoimmunologicznych (regulacja aktywacji limfocytow T); rozwigzania te
sa w badaniach klinicznych 1 dopuszczane do leczenia. Stad potrzeba narzedzi, ktore
przewiduja nie tylko ,,czy” dojdzie do kontaktu, ale takze ,,jak: w jakiej geometrii, z jaka silg
1 z jakim skutkiem funkcjonalnym.
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https://www.zotero.org/google-docs/?IzSZZ6

1.2. Wyzwania modelowania struktur kompleksow bialko-bialko i bialko-
peptyd

Oddziatywania migdzyczasteczkowe w uktadach biologicznych sg z natury ztozone - zard6wno
pod wzgledem dynamiki, jak i form, jakie przyjmujg. Wsérod nich szczegdlng rolg odgrywaja
interakcje biatko-biatko (PPI) oraz biatko-peptyd, ktérych wiarygodne modelowanie musi
taczy¢ opis strukturalny i konformacyjny z kontekstem $rodowiskowym. Mimo duzego
postepu technologicznego, wciaz istniejg istotne ograniczenia metodologiczne i obliczeniowe.

Po pierwsze - zmienno$¢ konformacyjna peptydoéw i skutki cyklizacji. Wiele peptydow w
roztworze wspolistnieje w licznych konformacjach, a utozenie po zwigzaniu czesto znaczaco
odbiega od formy niezwigzanej, co ogranicza przydatnos¢ metod opartych na sztywnych
strukturach i wymusza elastyczne dokowanie.? Dodatkowym wyzwaniem jest cyklizacja:
zwigksza stabilno$¢ i odporno$¢ na degradacje, ale naktada topologiczne ograniczenia trudne
do odwzorowania w klasycznych algorytmach.

Po drugie - identyfikacja miejsc wigzania i trajektorii asocjacji. W przeciwienstwie do
enzymow czy receptorow o wyraznych kieszeniach, powierzchnie wigzania peptydéw bywaja
ptaskie, rozproszone lub allosteryczne, a ich wlasciwosci zmieniaja si¢ w trakcie samego
procesu wigzania. Predykcja musi wiec uchwyci¢ nie tylko pozycje peptydu, lecz takze
indukowana dopasowalnos¢ 1 stany posrednie prowadzace do stabilnego kompleksu.

Po trzecie - rozleglo$§¢ i dynamika interfejsow PPL. PPI obejmuja duze, wielopunktowe
powierzchnie kontaktu (oddzialywania hydrofobowe, elektrostatyczne, wodorowe, -
stackingowe), sg czesto przejsciowe i stabo stabilne - zalezne od warunkow komorkowych,
kofaktorow 1 stezen. Jedna struktura nie oddaje calego spektrum stanow konformacyjnych 1
funkcjonalnych, dlatego trzeba modelowa¢ nie tylko kontakt, lecz takze jego plastyczno$¢ i
allosteryczng propagacje sygnahu.?

Rownolegle kluczowy jest kontekst srodowiskowy. Parametry takie jak pH, sita jonowa czy
modyfikacje potranslacyjne (np. fosforylacja) wptywaja na tadunek powierzchniowy, lokalng
stabilnos$¢ 1 sktonno$¢ do tworzenia kompleksow. Pominigcie tych czynnikéw prowadzi do
uproszczen 1 obnizonej trafnosci predykcji, co jest szczegblnie problematyczne w
projektowaniu terapeutycznym.

Na tym tle coraz cze$ciej stosowane sg metody oparte na sztucznej inteligencji, ktére znaczaco
poszerzyty mozliwosci predykeji struktur biatek i ich oddziatywan. Przetomowe osiagniecia,
takie jak AlphaFold2, pokazaly, Zze mozliwe jest przewidywanie struktur pojedynczych
tafcuchéw biatkowych z doktadnoscig zblizong do danych eksperymentalnych®. Jednak
modelowanie uktadéw ztozonych - w tym biatek wielodomenowych oraz komplekséw PPI -
pozostaje znacznie trudniejsze, zwlaszcza w zakresie poprawnego odwzorowania wzajemnego
utozenia domen i geometrii interfejsow.> Co istotne, predykcje generowane przez algorytmy
Al majg charakter statyczny 1 w ograniczonym stopniu uwzgledniajg dynamike uktadu, co
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ogranicza ich zastosowanie do opisu procesOw wigzania zachodzacych w rzeczywistych
warunkach biologicznych.

Pomimo znaczacych sukcesOw metod opartych na sztucznej inteligencji w predykcji struktur
biatek, ich zastosowanie do opisu oddziatywan biatko-biatko i1 biatko-peptyd napotyka na
istotne ograniczenia natury koncepcyjnej i metodologicznej. Ograniczenia te wynikaja przede
wszystkim ze statycznego charakteru predykcji oraz niepelnego odwzorowania procesow
dynamicznych, ktdre sa kluczowe dla funkcji biologicznej biatek.®®

Po pierwsze, modele Al zazwyczaj zwracaja pojedyncza, ,najbardziej prawdopodobng”
konformacje, podczas gdy biatka 1 peptydy funkcjonuja jako zespoty wielu stanow
konformacyjnych, reagujac na zmiany S$rodowiska, obecno$¢ ligandow i partnerow
wigzacych*’. Brak jawnego opisu stanéw posrednich utrudnia zrozumienie mechanizméw
wigzania, regulacji allosterycznej oraz selektywnos$ci oddzialywan’.

Po drugie, obecne metody predykcyjne nie rekonstruuja §ciezek zwijania biatek ani procesow
agregacji, mimo ze zjawiska te odgrywaja kluczowa rol¢ w projektowaniu bialek oraz w
patogenezie wielu chordb zwigzanych z nieprawidtowym fatdowaniem®!°. Ograniczenie to jest
szczegOlnie istotne w kontekScie analizy stabilno$ci i podatnosci struktur na zmiany
srodowiskowe.

Po trzecie, skuteczno$¢ modeli Al silnie zalezy od dostgpnosci bogatych informacji
ewolucyjnych w postaci wielokrotnych dopasowan sekwencji (MSA)*. W przypadku biatek de
novo, regiondOw niskiej konserwatywnosci lub tzw. ,,ciemnych” obszaréw proteomu,
wiarygodno$éé predykcji ulega istotnemu obnizeniu, co ogranicza uogélnialnos¢ tych metod!!.

Wreszcie, istotnym wyzwaniem pozostaje interpretowalno$¢ predykcji oraz ocena ich
wiarygodnoéci. Jak podkreslaja Peng i wsp.’, nawet wysoka zgodno$¢ strukturalna z danymi
referencyjnymi nie gwarantuje poprawnego odwzorowania mechanizmu dziatania, a brak
przejrzystosci  decyzyjnej modeli utrudnia identyfikacj¢ regionow  krytycznych
funkcjonalnie!?!3,

Lacznie, ograniczenia te wskazuja, ze skuteczna predykcja interakcji biatko-biatko i biatko-
peptyd wymaga podej$¢ wykraczajacych poza statyczne modele strukturalne. Najbardziej
obiecujace wydaja si¢ strategie hybrydowe, taczace metody Al z symulacjami dynamiki
molekularnej, modelami gruboziarnistymi oraz danymi eksperymentalnymi, co pozwala lepiej
uchwyci¢ zmienno$¢ konformacyjng, wplyw $rodowiska 1 dynamiczny charakter
oddziatywan!?.

-14 -


https://www.zotero.org/google-docs/?5IyzhF
https://www.zotero.org/google-docs/?yXjl2W
https://www.zotero.org/google-docs/?hvTqNX
https://www.zotero.org/google-docs/?eaT2Ob
https://www.zotero.org/google-docs/?gFSgc5
https://www.zotero.org/google-docs/?CJEh4n
https://www.zotero.org/google-docs/?tTLuwV
https://www.zotero.org/google-docs/?r34Gn7
https://www.zotero.org/google-docs/?vREhKO

1.3. Struktura pracy i wykaz publikacji

Niniejsza rozprawe opartem na dziewigciu artykutach naukowych [A1-A9], ktorych jestem
wspotautorem. Publikacje te ukazaly si¢ w recenzowanych migedzynarodowych czasopismach,
w tym w czolowych periodykach z obszaru biologii strukturalnej, bioinformatyki i chemii
obliczeniowej. Lacznie dotycza one kluczowych wyzwan zwigzanych z modelowaniem
oddzialywan biatek i peptydow, proponujac jednoczesnie nowe rozwigzania metodologiczne.

W  rozdziale 2 przedstawilem teoretyczne podstawy najwazniejszych metod
eksperymentalnych 1 obliczeniowych stosowanych w analizie struktury biatek. Omoéwilem
klasyczne podejscia do dokowania, modele gruboziarniste, dynamike molekularng oraz
najnowsze metody oparte na sztucznej inteligencji, takie jak AlphaFold i ESMFold. Ten
rozdziat stanowi fundament dla dalszej cze$ci pracy.

W rozdziatach 3-6 zaprezentowalem pelne teksty moich artykuldow, ktére pogrupowatem
tematycznie:
e rozdziat 3 - rozwdj 1 zastosowanie metod dokowania biatek i peptydow,
e rozdziat 4 - modelowanie elastycznosci strukturalnej przy uzyciu CABS-flex,
e rozdziat 5 - analiza i projektowanie podatnosci bialek na agregacje (Aggrescan4D),
e rozdzial 6 - dynamika molekularna 1 jej zastosowania w kontek$cie biologii
strukturalne;.

Kazdy z tych rozdziatow poprzedzilem krotkim wprowadzeniem, w ktéorym umiescitem
publikacje w szerszym konteks$cie badan i podkreslitem jej unikalny wktad.

Ponizej przedstawiam wykaz publikacji sktadajacych si¢ na rozprawe:

[A1] Kurcinski M, Kmiecik S, Zalewski M, Kolinski A. Protein-Protein Docking with Large-
Scale Backbone Flexibility Using Coarse-Grained Monte-Carlo Simulations. Int J Mol Sci.
2021;22(14):7341.

[A2] Zalewski M, Badaczewska-Dawid AE, Kmiecik S. Flexible docking of cyclic peptides
to proteins using CABS-dock. J Chem Theory Comput. 2025;21(17):8249-8254.

[A3] Zalewski M, Kmiecik S, Kolinski M. Molecular Dynamics Scoring of Protein-Peptide
Models Derived from Coarse-Grained Docking. Molecules. 2021;26(11):3293.

[A4] Zalewski M, Wallner B, Kmiecik S. Protein-peptide docking with ESMFold language
model. ] Chem Theory Comput. 2025;21(6):2817-2821.

[AS] Nithin C, Fornari RP, Pilla SP, Wroblewski K, Zalewski M, Madaj R, et al. Exploring

protein functions from structural flexibility using CABS-flex modeling. Protein Sci.
2024;33(9):e5090.
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[A6] Wroblewski K, Zalewski M, Kuriata A, Kmiecik S. CABS-flex 3.0: an online tool for
simulating protein structural flexibility and peptide modeling. Nucleic Acids Res.
2024;gkaf412.

(K.W. i M.Z. - réwnorzgdny wktad w prace)

[A7] Barcenas O, Kuriata A, Zalewski M, Iglesias V, Pintado-Grima C, Firlik G, et al.
Aggrescand4D: structure-informed analysis of pH-dependent protein aggregation. Nucleic
Acids Res. 2024;52(W1):W170-W175.

[A8] Zalewski M, Iglesias V, Barcenas O, Ventura S, Kmiecik S. Aggrescan4D: a
comprehensive tool for pH-dependent analysis and engineering of protein aggregation
propensity. Protein Sci. 2024;33(10):e5180.

[A9] Filipek K, Blanchet S, Molestak E, Zaciura M, Wu CCC, Zalewski M, et al.
Phosphorylation of P-stalk proteins defines the ribosomal state for interaction with auxiliary
protein factors. EMBO Rep. 2025;25(12):5478-5506.

Ponizej przedstawiono syntetyczne zestawienie mojego wkladu w publikacje sktadajace si¢ na
rozprawe. Szczegotowe informacje dotyczace zakresu prac znajduja si¢ w pierwszych
akapitach wprowadzen do poszczegolnych artykutow.

e [Al] - wklad techniczny i analityczny; implementacja oraz rozw6j wybranych
elementoéw oprogramowania do dokowania biatko-biatko, udziat w analizie wynikow
oraz wspotudziat w przygotowaniu manuskryptu.

e [A2] - autor wiodacy; opracowanie koncepcji metody dokowania cyklicznych
peptydow, implementacja algorytmu, przygotowanie 1 przeprowadzenie obliczen oraz
analiza i1 wizualizacja wynikow, a takze przygotowanie i redakcja manuskryptu.

e [A3] - autor wiodacy; zaprojektowanie i1 przetestowanie podejscia opartego na
krotkich symulacjach dynamiki molekularnej jako etapu selekcji modeli dokowania,
przygotowanie 1 realizacja obliczen oraz analiza 1 wizualizacja wynikow, a takze
wspoétudziat w procesie redakcji manuskryptu.

e [A4] - autor wiodacy; zaproponowanie 1 opracowanie koncepcji wykorzystania
modelu jezykowego ESMFold w zadaniach dokowania peptydéw, implementacja i
testowanie procedury oraz przeprowadzenie analiz porownawczych, przygotowanie
wizualizacji 1 interpretacja wynikOw, opracowanie pierwszej wersji manuskryptu oraz
udziat w jego dalszej redakcji.

e [AS] - wkiad wspoétautorski w pracy przegladowej; wspotudziat w przygotowaniu
manuskryptu, w szczegdlnosci opracowanie kluczowego fragmentu dotyczacego
integracji modelowania elastycznosci strukturalnej z analiza sktonno$ci biatek do
agregacji oraz przygotowanie wizualizacji.

e [A6] - réwnorzedny wklad wiodacy (equal contribution); opracowanie i
implementacja ztozonego interfejsu webowego narzgdzia CABS-flex 3.0 oraz udziat w
jego integracji, testach i udostgpnieniu online, przygotowanie wizualizacji, a takze
udziatl w przygotowaniu manuskryptu.
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e [A7] - wkiad implementacyjny; zaprojektowanie i wdrozenie interfejsu webowego
serwera Aggrescan4D oraz testowanie jego funkcjonalno$ci i poprawnosci dziatania.

e |[A8] - autor wiodacy; koordynacja przygotowania publikacji oraz opracowanie
kluczowych elementdw narzedzia Aggrescan4D, obejmujacych architekture systemu,
walidacj¢ metody oraz integracj¢ z zewnetrznymi bazami danych i interfejsami API,
przygotowanie wizualizacji, opracowanie zasadniczej czg¢Sci pierwszej wersji
manuskryptu oraz udziat w jego dalszej redakcji.

e [A9] - wkiad obliczeniowo-analityczny (praca konsorcyjna); przygotowanie uktadow
obliczeniowych, przeprowadzenie symulacji dynamiki molekularnej, analiza
trajektorii, przygotowanie wizualizacji wynikow oraz udzial w analizie i1 interpretacji
danych, a takze wspotudzial w tworzeniu pierwszej wersji manuskryptu oraz w jego
dalszej redakc;ji.

2. Podstawy teoretyczne i metody obliczeniowe

W tej czesci rozprawy przedstawiam kluczowe koncepcje, techniki oraz zalozenia teoretyczne,
ktére stanowia podstawe przeprowadzonych analiz. Skupitem si¢ zardwno na klasycznych
metodach modelowania molekularnego, jak i na nowoczesnych podej$ciach wykorzystujacych
sztuczng inteligencje, symulacje dynamiki oraz bioinformatyke strukturalna.

Zalezato mi nie tylko na przedstawieniu uzywanego aparatu metodologicznego, ale rowniez na
zarysowaniu jego ograniczen - oraz na pokazaniu, w jaki sposob zidentyfikowane braki staty
si¢ punktem wyjscia do rozwoju i wdrozenia nowych podejs¢, ktore omowilem w czgsci
eksperymentalne;.

2.1. Metody eksperymentalne i obliczeniowe w okreslaniu struktury bialek

Struktura przestrzenna biatka warunkuje jego funkcje, dlatego poznanie jej stato si¢ jednym z
fundamentéw biologii molekularnej*!#!%. Przez dekady to wtasnie metody eksperymentalne
stanowily gtowne Zrédlo wiedzy o trojwymiarowej architekturze biatek. Wsrod nich
najwazniejszg role odegraty: krystalografia rentgenowska, spektroskopia magnetycznego
rezonansu jadrowego (NMR) oraz krioelektronowa mikroskopia pojedynczych czasteczek
(cryo-EM).

Kazda z tych technik wnosi istotny wktad w badania strukturalne, jednocze$nie niosac ze soba

okreslone ograniczenia. Krystalografia rentgenowska zapewnia wysoka rozdzielczo$¢ i duza
precyzje modeli, ale wymaga uzyskania dobrze uformowanych krysztatéw - co czgsto okazuje
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si¢ niemozliwe w przypadku biatek btonowych, duzych komplekséw czy czasteczek o
wysokiej dynamice.!® NMR pozwala na badanie bialek w warunkach zblizonych do
fizjologicznych, co umozliwia rowniez wnioskowanie o ich lokalnej ruchliwosci, ale jej
zastosowanie ogranicza sie do stosunkowo niewielkich uktadow.!” Z kolei cryo-EM $wietnie
sprawdza si¢ w analizie duzych, wielopodjednostkowych komplekséw, cho¢ jeszcze niedawno
ustepowala rozdzielczoscig innym metodom. '

Postep technologiczny sprawit, ze eksperymentalne techniki strukturalne dostarczyly ogromne;j
liczby danych, ktore dzi$ zasilaja bazy wiedzy takie jak PDB (Protein Data Bank)!®. Te dane
stanowig nie tylko fundament biologii strukturalnej, ale takze niezbg¢dny punkt odniesienia dla
rozwoju narzedzi obliczeniowych, ktore zyskaly szczegolne znaczenie w erze bioinformatyki.

Metody obliczeniowe - zwlaszcza modele oparte na homologii, dopasowaniu wzorcow
(threading) oraz techniki de novo - przez lata rozwijano jako uzupetienie lub alternatywe dla
eksperymentéw. Cho¢ ich skuteczno$¢ byla ograniczona i silnie zalezata od jakos$ci
istniejacych danych, juz wtedy umozliwiaty uzyskanie wstepnych modeli strukturalnych,
przydatnych w dalszych analizach funkcjonalnych, ewolucyjnych czy chemicznych.

Wraz z pojawieniem si¢ nowoczesnych rozwigzan opartych na sztucznej inteligencji - takich
jak AlphaFold2* - przewidywanie struktury bialek wkroczylo na zupelnie nowy poziom.
Niemniej jednak, nawet najbardziej zaawansowane algorytmy wymagaja punktow odniesienia
oraz weryfikacji. W tym sensie dane eksperymentalne pozostaja nie tylko zrodtem wiedzy, ale
réwniez standardem, wzgledem ktdrego ocenia si¢ jakos¢ modeli generowanych in silico.

2.2. Dokowanie molekularne

Dokowanie molekularne to jedna z kluczowych technik w obliczeniowej biologii strukturalnej,
umozliwiajaca przewidywanie, w jaki sposob dwie czasteczki - najczesciej ligand (np. peptyd,
mata czgsteczka) i receptor (np. biatko) - moga tworzy¢ stabilny kompleks. Celem tego procesu
jest okreslenie najbardziej prawdopodobnego potozenia 1 orientacji liganda wzgledem
powierzchni wiazacej receptora, z uwzglednieniem potencjalnych interakcji stabilizujacych
uktad. Dokowanie znajduje zastosowanie m.in. w projektowaniu lekow, analizie
mechanizmow molekularnych oraz w badaniach nad selektywnosciag 1 specyficznoscia
oddzialywan biologicznych.

Metody dokowania mozna klasyfikowa¢ na kilka sposobow, w zalezno$ci od zastosowanego
formalizmu obliczeniowego oraz rodzaju oddzialujacych czasteczek. Z punktu widzenia
aplikacyjnego wyrdznia si¢ przede wszystkim dokowanie: (i) matoczasteczkowe (small-
molecule docking), (ii) peptyd-biatko oraz (iii) biatko-biatko (PPI), ktore roznig si¢ skala
uktadu, stopniem elastycznosci oraz charakterem interfejsow wigzacych. Niniejsza sekcja
koncentruje si¢ gldéwnie na metodach stosowanych w ukladach biatko-peptyd oraz, w szerszym
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kontekscie, biatko-biatko, ktére stanowig szczegdlne wyzwanie obliczeniowe ze wzgledu na
duzg zmienno$¢ konformacyjng i rozlegtos¢ powierzchni kontaktu.

2.2.1. Klasyczne podejscia do dokowania

Z perspektywy metodologicznej podejscia do dokowania mozna podzieli¢ na klasyczne
metody oparte na modelach fizykochemicznych oraz metody wykorzystujace sztuczng
inteligencje, ktore zostang omoéwione w sekcji 2.2.3. W ramach metod klasycznych wyrdznia
si¢ dwa podstawowe podej$cia rdéznigce si¢ poziomem szczegotowosci: dokowanie w
pelnoatomowej rozdzielczosci (all-atom) oraz dokowanie w rozdzielczoSci uproszczone;,
gruboziarnistej (coarse-grained).

Metody petnoatomowe wykorzystuja modele w ktorych uwzgledniane sa wszystkie atomy, ich
geometria oraz interakcje migdzyatomowe. Podej$cia tego typu wykorzystuja uproszczone
modele fizykochemiczne oparte na klasycznej mechanice molekularnej i funkcjach energii
oddziatywan (tzw. pola sitowe). Cho¢ nie symuluja one dynamiki czasowej uktadu, jak w
przypadku klasycznej MD, to pozwalaja na oceng energetycznej preferencji réznych pozycji
liganda wzgledem miejsca wigzania. Narzedzia reprezentujace to podejscie to m.in.
AutoDock?, RosettaDock?' oraz Glide’>. Z kolei metody gruboziarniste upraszczajga
reprezentacje czasteczek, redukujac liczbe stopni swobody, np. poprzez modelowanie grup
atomow jako pojedynczych pseudo-atoméw. Takie podejscie pozwala na znaczne
przyspieszenie obliczen oraz efektywniejsze probkowanie przestrzeni konformacyjnej, co ma
szczegOlne znaczenie w przypadku uktadow dynamicznych 1 o duzej elastycznosci. Choé
coarse-graining wiaze si¢ z utrata czegsci szczegdtow strukturalnych, czgsto okazuje sie
wystarczajacy w kontekScie wstgpnego przewidywania interfejsow wiagzacych czy
generowania hipotez strukturalnych. Przyktadowe programy tego typu to HADDOCK? i
ClusPro*.

W ramach klasycznego dokowania wyrdznia si¢ takze tzw. podejscia potelastyczne, w ktorych
jedna z czasteczek (najczesciej receptor) traktowana jest jako sztywna, podczas gdy druga
moze przyjmowac ograniczone ruchy konformacyjne. Tego typu kompromis pozwala
zachowa¢ wzglednie niskie koszty obliczeniowe, przy jednoczesnym uwzglednieniu
podstawowych efektow elastycznosci.

Niezaleznie od poziomu szczegdtowosci, wszystkie klasyczne metody dokowania opierajg si¢
na dwoch kluczowych komponentach: generowaniu pozycji liganda (sampling) oraz ocenie ich
jakosci (scoring). Sampling moze bazowa¢ na przeszukiwaniu przestrzeni konformacyjnej i
translacyjnej przy uzyciu heurystyk, dynamiki molekularnej, symulowanego wyzarzania lub
algorytméw ewolucyjnych. Z kolei scoring polega na przypisaniu kazdej pozycji wartosci
energetycznej lub heurystycznej funkcji dopasowania, co pozwala wyloni¢ najbardziej
prawdopodobne konformacje.

-19-


https://www.zotero.org/google-docs/?ZjMmCg
https://www.zotero.org/google-docs/?DyHSi3
https://www.zotero.org/google-docs/?aaWgQW
https://www.zotero.org/google-docs/?YPu1nR
https://www.zotero.org/google-docs/?3zhgCm

Warto podkresli¢, ze mimo duzego rozwoju metod klasycznych, wcigz napotykajg one na
ograniczenia w konteks$cie elastycznosci duzych czasteczek, kontekstu srodowiskowego oraz
modelowania stanow posrednich.

2.2.2. Metoda CABS-dock

CABS-dock?*?7 jest metoda dokowania globalnego, ktéra umozliwia przewidywanie struktur
kompleksow biatko-peptyd bez wczesniejszej wiedzy o miejscu wigzania. Jej silg jest
elastyczne podejscie do reprezentacji czgsteczek, pozwalajace na pelng ruchomos¢ peptydu
oraz ograniczong, ale realistyczng elastyczno$¢ biatka receptora. Podstawg tej metody jest tzw.
model CABS?® - gruboziarnista reprezentacja czasteczki bialkowej, w ktorej kazda reszta
aminokwasowa opisana jest za pomocg czterech pseudo-atomoéw: atomu Ca, Cp, srodka grupy
bocznej oraz $rodka wigzania peptydowego (Rysunek 1). Taki poziom uproszczenia -
zachowujacy kluczowe cechy geometrii - pozwala znaczgco obnizy¢ koszty obliczeniowe bez
utraty jako$ci w analizie og6lnej topologii 1 dynamiki uktadu. Unikalng cechg metody CABS-
dock jest mozliwo$¢ jednoczesnego, globalnego przeszukiwania powierzchni biatka oraz
petnej elastycznos$ci peptydu, bez potrzeby wczesniejszego wskazania miejsca dokowania.
Metoda ta pozostaje szeroko stosowana i wysoko ceniona w spolecznosci naukowej, co
potwierdza jej popularno$¢ i liczne cytowania w literaturze przedmiotu.

Model CABS opiera si¢ na potencjatach statystycznych wyprowadzonych z analizy struktur
biatek wystepujacych w bazie danych struktur PDB. Uwzgledniaja one m.in. objgtosci
wykluczone, kontekstowe oddziatywania tancuchéw bocznych, geometri¢ tancucha gtownego
oraz uproszczony model wigzan wodorowych. Interakcje grup bocznych sg zalezne od
otoczenia 1 wynikaja z analizy czesto$ci kontaktow w strukturach biatkowych, a efekty
srodowiska (takie jak solwatacja) ujete sa w sposob posredni poprzez dopasowanie parametrow
kontaktéw. Cho¢ model nie nadaje si¢ do symulacji subtelnych efektow pelnoatomowych,
doskonale sprawdza si¢ w odwzorowywaniu duzych przejs¢ konformacyjnych, struktur
globularnych oraz uktadéw z regionami nieuporzadkowanymi. Dzigki swojej konstruke;ji
model CABS umozliwia realistyczne odwzorowanie zaréwno ruchliwo$ci domen, jak 1
lokalnych zmian konformacyjnych. Rysunek 1 ilustruje pordwnanie reprezentacji reszty
aminokwasowe] w modelu CABS i w reprezentacji atomowe;j.
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Rysunek 1. Reprezentacja pojedynczej reszty aminokwasowej w modelu atomowym (lewa
strona) 1 modelu CABS (prawa strona). W reprezentacji CABS kazda reszta aminokwasowa
opisana jest za pomocg czterech pseudo-atomow: Ca (turkusowy), CB (granatowy), pseudo-
atomu tancucha bocznego (z6tty) oraz pseudo-atomu reprezentujacego Srodek wigzania
peptydowego (szary). Zrodto: [A1].

Eksploracja przestrzeni konformacyjnej w modelu CABS odbywa si¢ przy uzyciu metody
Replica Exchange Monte Carlo (REMC), stanowiacej rozszerzenie klasycznego schematu
Monte Carlo o mechanizm wymiany replik prowadzonych w r6znych temperaturach. Polega
to na losowym stosowaniu serii lokalnych przeksztatcen - zardwno pojedynczych zmian
pozycji aminokwasow, jak 1 fragmentow tancucha. Dlugie sekwencje takich krokow
odwzorowuja duze zmiany konformacyjne, pozwalajac modelowi na realistyczne odtworzenie
gietkosci struktur.

Standardowy przebieg dokowania CABS-dock obejmuje cztery glowne etapy:

1. Generowanie konformacji wejsciowych peptydu.

2. Globalne dokowanie z pelng swoboda peptydu, z ograniczong elastycznos$cig receptora,
przeprowadzane z wykorzystaniem REMC.

3. Analiza skupien (klasteryzacja) otrzymanych rozwigzan na podstawie podobienstwa
strukturalnego 1 wybor reprezentantéw najliczniejszych klastrow.

4. Odtworzenie struktury pelnoatomowej dla najlepiej ocenionych modeli.

CABS-dock jest dostepny zaréwno jako aplikacja standalone®’, jak i jako serwer WWW?2,

Dzigki temu moze by¢ wykorzystywany w szerokim zakresie zastosowan, od badan
podstawowych po wstepne etapy projektowania lekow.
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CABS-dock umozliwia rowniez stosowanie wigzow odleglosci (distance restraints) -
dodatkowych ograniczen geometrycznych naktadanych na wybrane pary atoméw lub reszt
aminokwasowych. Mechanizm ten zostat pierwotnie wprowadzony w konteks$cie dokowania
peptydéw liniowych jako sposdb na uwzglednianie wiedzy zewngtrznej podczas symulacji,
m.in. w postaci danych eksperymentalnych lub hipotez funkcjonalnych®. Wiezy definiujg
docelowe zakresy odlegtosci, a ich przestrzeganie jest wymuszane w trakcie symulacji za
pomoca migkkich potencjatow energetycznych; w praktyce pozwala to uwzglednia¢ wiedzg
zewnetrzng (np. wskazowki z NMR, dane literaturowe czy hipotezy funkcjonalne). Ten sam
mechanizm stanowi podstawe trybu dokowania lokalnego, ktory zaimplementowatem i
opisatem w pracy [A2] - w tym wariancie wi¢zy odleglos$ci ograniczajg przestrzen poszukiwan,
wymuszajac probkowanie konformacji peptydu w zdefiniowanym obszarze powierzchni
receptora oraz umozliwiajac precyzyjne ukierunkowanie obliczen w oparciu o dostepne
informacje. Rysunek 2 ilustruje réznice miedzy trybem globalnym a lokalnym, ukazujac
rozktad potozen peptydu wzgledem receptora.

scoring
—
~ local docking scoring
b, —p =_—
10 random 10 top scored
models models

Rysunek 2. Wizualizacja dokowania peptydu w trybie globalnym i lokalnym (z
wykorzystaniem wigzoéw odlegtosci). Zrodto: [A2].

CABS-dock stanowi unikalne potaczenie zalet podejs¢ coarse-grained z realistycznym
odwzorowaniem dynamiki i konformacyjnej zmiennosci. Cho¢ nie zast¢puje on metod
wykorzystujacych rozdzielczo$¢ pelnoatomowa, jego wszechstronnos$¢, szybkos$¢ i mozliwosé
dokowania w petni swobodnego peptydu bez znajomos$ci miejsca wigzania sprawiaja, ze jest
to narzedzie wyjatkowo uzyteczne w badaniach strukturalnych biatko-peptyd.

2.2.3. Metody przewidywania struktur oparte na Al

W ostatnich latach sztuczna inteligencja zrewolucjonizowata przewidywanie struktury biatek®,
a symbolem tej zmiany stala si¢ seria modeli AlphaFold (AF)*. Poczatkowo zaprezentowany
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w 2018 roku AlphaFoldl zdobyl uznanie dzigki znacznemu postgpowi wzgledem
wczesniejszych metod*, jednak to dopiero AlphaFold2, zaprezentowany w 2020 roku przez
DeepMind*, wyznaczyt nowy standard w dziedzinie biologii strukturalne;j.*

AlphaFold2 po raz pierwszy umozliwit przewidywanie trojwymiarowej struktury biatek z
doktadno$cia poréwnywalng do eksperymentéw krystalograficznych - w niektérych
przypadkach nawet przewyzszajaca jakos¢ danych z NMR. Jego skuteczno$¢ potwierdzily
wyniki konkursu CASP14!, gdzie model ten zdominowal konkurencje, osiagajac $rednia
RMSD ponizej 1 A dla duzej czesci testowanych struktur. Tak spektakularne wyniki sklonity
wielu ekspertow do stwierdzenia, ze jeden z gtdwnych problemow biologii strukturalnej - tzw.
problem przewidywania struktury bialek - zostat de facto rozwiagzany.

Architektura AF2 opiera si¢ na innowacyjnym polaczeniu transformera i sieci grafowych. W
przeciwienstwie do klasycznych podej$¢, ktore opieraly sie na sztywnych modelach
fizykochemicznych, AlphaFold przetwarza wielosekwencyjne uliniowienia (MSA) oraz pary
reszt przy uzyciu tzw. Evoformeréw - blokéw uwzgledniajacych zarowno informacje
ewolucyjne, jak 1 kontekst strukturalny. Nast¢pnie predykowane sa odleglosci pomiedzy
parami atomow (tzw. distance maps) 1 przeksztatcane w trojwymiarowg geometri¢ biatka. W
trakcie treningu model korzystal z tysigcy eksperymentalnie rozwigzanych struktur, co
pozwolito mu uchwyci¢ globalne zalezno$ci przestrzenne, trudne do wychwycenia
klasycznymi metodami.

Na bazie tego sukcesu powstaty kolejne rozszerzenia modelu AlphaFold. Model AlphaFold-
Multimer®? zostat dostosowany do przewidywania komplekséw biatkowych, a AlphaFold3!’
(AF3) - zaprezentowany w 2024 roku - zintegrowat przewidywanie wigzan z ligandami,
kwasami nukleinowymi 1 modyfikacjami chemicznymi, stajac si¢ wielofunkcyjnym
narzedziem do przewidywania kompleksow biologicznych. W tym podejsciu catkowicie
zrezygnowano z wykorzystania wielokrotnych dopasowan sekwencji (MSA) jako danych
wejsciowych, zastepujac je wektorowymi reprezentacjami sekwencyjnymi 1 strukturalnymi
(tzw. embeddings), kodujacymi informacje ewolucyjne 1 kontekstowe w postaci ciagglych cech
numerycznych. AF3 nie tylko przewiduje geometri¢ ukladu, ale takze sity wigzan,
uporzadkowanie tancuchow i rozktad niepewnosci.

Rownolegle rozwijane byly inne modele oparte na jezykowych architekturach deep
learningowych, takie jak ESMFold - opracowany przez Meta AI’*> . ESMFold calkowicie
pomija etap MSA, zastgpujac go przetworzong reprezentacja wektorowa z duzego modelu
jezykowego ESM2, wytrenowanego na dziesigtkach milionow sekwencji biatkowych. To
podejscie pozwala uzyskiwac struktury w czasie liczonym w sekundach - znacznie szybciej niz
AF?2 - przy zachowaniu akceptowalnej doktadnosci, zwlaszcza dla globularnych biatek.

Oba podejscia - AlphaFold i ESMFold - sa wykorzystywane nie tylko do predykcji struktur
pojedynczych biatek, ale réwniez jako narzedzia pomocnicze w takich zastosowaniach jak
dokowanie, analiza interfejséw, projektowanie bialek, identyfikacja miejsc wigzania, analiza
stabilno$ci czy symulacje dynamiki molekularnej. W szczegdlnosci AlphaFold2 stat sie
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podstawg nowych algorytméw dokowania - uzywa si¢ go np. do generowania wysokiej jakosci
modeli receptoréw w przypadku braku danych eksperymentalnych, ktére nastgpnie sa
poddawane klasycznemu dokowaniu lub elastycznym symulacjom.

W kontekscie dynamiki komplekséw, warto zauwazy¢, ze cho¢ Al dostarcza pojedyncze,
statyczne struktury, to sg one czesto wystarczajagcym punktem wyjscia do dalszych analiz
konformacyjnych, np. z uzyciem metody CABS-flex lub pelnoatomowej dynamiki
molekularnej. Niemniej, brak mozliwosci bezposredniego modelowania konformacyjnych
przejsé, standw posrednich czy dynamiki allosterycznej nadal stanowi ograniczenie obecnych
narzedzi A1.3438

Warto takze zaznaczy¢, ze metody takie jak ESMFold wykazuja wigksza odporno$¢ na
problemy zwigzane z brakiem homologow - czyli tzw. ,,ciemnych regionéw proteomu” - gdzie
AF2 czesto zawodzi z powodu stabego sygnatu ewolucyjnego w MSA.33#! Dzieki
zastosowaniu duzych modeli jezykowych, ESMFold moze generowaé rozsadne
przewidywania nawet w przypadkach, gdzie AlphaFold pozostaje bezsilny.

Rozwoj tych narzedzi nabiera tempa - kolejne wersje sg stale udoskonalane, a ich integracja z
innymi obszarami biologii strukturalnej i chemii obliczeniowej staje si¢ coraz glebsza. Nalezy
oczekiwac, ze przyszte generacje metod opartych na sztucznej inteligencji beda w stanie nie
tylko przewidywac statyczne struktury biatek, ale rowniez opisywac ich pelne, dynamiczne
krajobrazy konformacyjne oraz wiarygodnie szacowac niepewnos¢ predykc;ji.

2.3. Dynamika bialek

Choc¢ struktura biatka dostarcza kluczowej informacji o jego potencjalnej funkcji, to wtasnie
jego dynamika stanowi o rzeczywistym mechanizmie dziatania w warunkach biologicznych.**-
* Wiekszoé¢ proceséw molekularnych - takich jak wigzanie liganda, rozpoznanie partnera
interakcji, kataliza enzymatyczna czy przekazywanie sygnatu - zachodzi nie w statycznej
geometrii, lecz w cigglym ruchu i adaptacji strukturalnej.*>*° Biatka zmieniajg ksztalt,
przemieszczaja domeny wzgledem siebie, a nawet przechodza reorganizacje konformacyjne
warunkujace aktywno$¢ lub jej brak.’®43952 Jednoczesnie bezposérednie, eksperymentalne
Sledzenie tych procesdw w petnym zakresie czasowym i1 konformacyjnym pozostaje duzym
wyzwaniem, co istotnie ogranicza mozliwo$¢ kompleksowego opisu dynamiki biatek
wylacznie na podstawie metod doswiadczalnych.

Dlatego analiza funkcji biatek wytacznie na podstawie pojedynczych, statycznych modeli -
cho¢ przydatna - jest dalece niewystarczajaca. Kluczowe okazuje si¢ uwzglednienie dynamiki:
zakresu dostepnych konformacji, czgstosci przej$¢ pomiedzy nimi oraz ich energetycznego i
funkcjonalnego znaczenia. Tego typu wglad umozliwiaja metody symulacyjne, ktore -
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niezaleznie od poziomu szczegotowosci - pozwalajg sledzi¢ ruchy bialek w czasie 1 analizowac
ich zachowanie w srodowisku przypominajgcym warunki in vivo.

W kolejnych sekcjach przedstawione zostang dwa podejscia do modelowania dynamiki biatek:
klasyczne, oparte na mechanice molekularnej symulacje dynamiki molekularnej (MD), oraz
uproszczona metoda CABS-flex> >3, bazujaca na modelu CABS oraz schemacie REMC. Obie
strategie oferujag odmienne perspektywy - od precyzyjnego $ledzenia trajektorii atomow w
czasie rzeczywistym, po szybkie i efektywne oszacowanie zakresu elastycznos$ci struktur.

2.3.1. Dynamika molekularna (MD)

Klasyczna dynamika molekularna (MD) jest jedna z najcze$ciej stosowanych metod badania
zachowania biomolekul w czasie. Jej podstawg jest rozwigzywanie rownan ruchu Newtona dla
uktadow atomow, przy zalozeniu, ze sily dzialajagce pomigdzy nimi wynikaja z uprzednio
zdefiniowanego pola sitowego (force field). W ramach takiego podejscia czasteczki traktowane
sa jako zbior kul potaczonych sprezynami, a ich wzajemne oddziatywania opisuje si¢ za
pomoca funkcji potencjatu - uwzgledniajacych wigzania kowalencyjne, katy, katy dwuscienne
oraz oddzialywania niewigzace, takie jak van der Waalsa czy elektrostatyczne.

Najczesciej wykorzystywane pola sitowe to AMBER>®, CHARMM?>’, GROMOS?>® i OPLS* -
rdznigce si¢ sposobem parametryzacji i przeznaczeniem. Obliczenia MD wykonywane s3
zwykle w ustalonych warunkach termodynamicznych - izotermiczno-izobarycznych (NPT) lub
izotermiczno-izochorycznych (NVT) - z wykorzystaniem odpowiednich algorytmoéw
termostatow 1 barostatow (np. Nosé-Hoover, Berendsen, Parrinello-Rahman). Caty proces
realizowany jest w ramach dyskretnego schematu czasowego, z typowym krokiem rzedu 1-2
fs, co pozwala uzyska¢ rozdzielczo$¢ atomowa trajektorii. Jednak ze wzgledu na koszt
obliczeniowy, standardowe symulacje obejmuja zazwyczaj zakres od nanosekund do kilku
mikrosekund.

Dynamika molekularna pozwala nie tylko na analiz¢ stabilnosci struktur, ale takze na badanie
szlakow faldowania, wplywu mutacji, wigzania ligandow, przejs¢ konformacyjnych, czy
mechanizméw dzialania bialek.%® % Szczegdlnie istotne jest to w kontekécie oddzialywan
bialko-biatko i1 biatko-peptyd, gdzie ruchliwo$¢ domen, regiondw nieuporzadkowanych czy
elementdéw allosterycznych moze mie¢ kluczowe znaczenie dla funkcji biologicznej.> W
pofaczeniu z innymi technikami, takimi jak dokowanie molekularne, MD umozliwia ponadto
analize stabilno$ci kompleksow i estymacje ich energii wigzania.®®7°

W ostatnich latach rozw6j mocy obliczeniowej - zwlaszcza dzigki zastosowaniu procesorow
GPU - oraz upowszechnienie przyspieszonych metod probkowania, takich jak
metadynamika®”,*®, rekonstrukcja trajektorii z danych eksperymentalnych czy symulacje
steered MD, znaczaco poszerzyty mozliwosci dynamiki molekularnej. Mimo to technika ta
wcigz pozostaje wymagajaca pod wzgledem zasoboéw obliczeniowych i1 wiedzy eksperckiej,
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niezbednej do odpowiedniego przygotowania uktadow, przetwarzania danych oraz
interpretacji uzyskanych wynikow.

2.3.2. Symulacja elastycznosci - CABS-flex

CABS-flex>*° to obliczeniowo efektywna, a jednoczeénie skuteczna metoda stuzaca do
badania elastyczno$ci bialek, zbudowana na bazie opisanego wczesniej modelu CABS
(rozdziat 2.2.2). Jest szeroko wykorzystywana w analizach strukturalnych, stanowiac
popularng alternatywe dla klasycznych symulacji MD, szczegodlnie tam, gdzie kluczowe jest
szybkie okreslenie dynamiki bez konieczno$ci uruchamiania kosztownych obliczeniowo
symulacji w reprezentacji pelnoatomowe;.

Metoda CABS-flex stanowi udany kompromis migdzy doktadnos$ciga a efektywnos$cia
obliczeniowa, umozliwiajac odtworzenie eksperymentalnych profili ruchliwosci przy czasie
obliczen krotszym o kilka rzedéw wielkosci w poroéwnaniu z symulacjami MD. Jej
zastosowania obejmuja zaréwno analize lokalnej ruchliwo$ci, jak 1 badania duzych przejs¢
konformacyjnych, dynamiki domen oraz identyfikacj¢ funkcjonalnie istotnych, elastycznych
regionow bialek.

Z biegiem lat powstaty rozne wersje metody: serwer WWW CABS-flex’!, a nastepnie CABS-
flex 2.0 oraz aplikacja standalone’.

2.4. Predykcja agregacji z uwzglednieniem struktury i elastycznosci
konformacyjnej

Jedng z najczesciej stosowanych metod przewidywania tendencji do agregacji bialek sa
narzedzia analizujace sekwencje aminokwasows, takie jak TANGO”®, Zyggregator’* czy
Aggrescan’®. Bazuja one na analizie ciaggu aminokwasowego i pozwalaja szybko wskazaé tzw.
,hotspoty” - krotkie fragmenty sekwencji o wysokim potencjale agregacyjnym. Ich zaleta jest
szybkos¢ 1 niskie wymagania obliczeniowe, jednak maja one ograniczong skuteczno$¢ w
przypadku biatek globularnych, w ktérych wiele potencjalnych regionow agregacyjnych jest
ostonietych w rdzeniu struktury.

Odpowiedzig na to ograniczenie byto wprowadzenie predyktorow strukturalnych, ktore
uwzgledniajg przestrzenne rozmieszczenie reszt aminokwasowych. Do najwazniejszych
narzedzi tej klasy naleza SolubiS’®, CamSol”’ oraz Aggrescan3D (A3D)”® - strukturalne
rozszerzenie algorytmu Aggrescan. A3D faczy informacje o ekspozycji reszt i ich przestrzennej
bliskosci, co pozwala wykrywac tzw. STAPy (Structural Aggregation Prone regions) - regiony
agregacyjne niedostrzegalne dla klasycznych metod sekwencyjnych. Kluczowym elementem
predykcji jest tu parametr A3D-score, obliczany jako suma lokalnych wskaznikow agregacji
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dla wszystkich par kontaktujacych si¢ reszt, wazona ich wzgledng dostepnoscia
powierzchniowg (RSA - Relative Solvent Accessibility). Wynik ten moze by¢ podany jako
suma globalna dla calego biatka lub jako rozktad lokalny - pozwalajacy na identyfikacje
fragmentow struktury o najwyzszej tendencji do agregacji.

Wersja Aggrescan3D 2.078 wprowadzila szereg istotnych udoskonalen: rozszerzenie zakresu
obstugiwanych struktur do kompleksow multimerycznych, integracje z narzedziem FoldX”
oraz tryb dynamiczny, w ktorym predykcja opiera si¢ nie na jednej, statycznej strukturze, lecz
na reprezentatywnym zbiorze konformacji wygenerowanych za pomoca metody CABS-flex.
W ten sposdb mozna uwzgledni¢ wplyw elastycznos$ci strukturalnej na odstoniecie regionow
agregacyjnych - co okazuje si¢ kluczowe np. w analizie petli czy domen luzno zwigzanych.
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CZESC II: CZESC BADAWCZA ROZPRAWY

3. Rozwoj nowych metod dokowania bialek i peptydow

3.1. [A1] Dokowanie bialko-bialko z duzg elastycznos$cia lancucha glownego
z wykorzystaniem gruboziarnistych symulacji Monte Carlo

3.1.1. Wprowadzenie do [A1]

W publikacji [A1] rozszerzono metod¢ CABS-dock, pierwotnie opracowang do dokowania
peptydow do bialek?>>*, w celu umozliwienia modelowania interakcji biatko-biatko,
obejmujacych wigksze oraz bardziej ztozone uktady®®*2. M6j wktad w realizacje tego projektu
obejmowat implementacj¢ oraz rozwdj wybranych elementdéw oprogramowania
wykorzystywanego w obliczeniach, a takze udzial w analizie uzyskanych wynikéw oraz
wspotudziat w przygotowaniu manuskryptu do publikacji.

Badania te mialy na celu przezwyci¢zenie kluczowego ograniczenia tradycyjnych metod
dokowania molekularnego biatko-biatko, jakim jest pominigcie lub jedynie minimalne
uwzglednienie elastycznoéci struktur biatkowych®%* Metody te dobrze sprawdzaja sie w
prostych przypadkach, gdy zmiany konformacyjne sa niewielkie, jednak w bardziej
wymagajacych sytuacjach - gdy tworzenie kompleksu wymaga duzych przeksztatcen tancucha
gléwnego lub reorganizacji domen - ich skuteczno$¢ znaczaco spada. Opracowany przez nas
protokol, bedacy rozwinigciem metody CABS-dock w kierunku obslugi dwoch pelnych
partnerow biatkowych, zostal zaprojektowany tak, aby poszerzy¢ zakres mozliwych do
modelowania uktadow 1 umozliwi¢ uwzglednienie istotnych zmian konformacyjnych
zachodzacych podczas procesu wigzania - w sytuacjach, w ktérych klasyczne narzedzia
okazujg si¢ niewystarczajace.

Zastosowalismy asymetryczng strategi¢ dokowania, w ktorej pelng swobode konformacyjna
przypisano wylacznie partnerowi ruchomemu, przy jednoczesnym ograniczeniu elastycznosci
receptora. Takie uproszczenie znaczaco zmniejszylo przestrzen konformacyjna konieczng do
przeszukania. Wybor ten byl zainspirowany powszechnie obserwowanymi zjawiskami
biologicznymi, w ktérych partner o wigkszej elastycznosci lub uproszczonej architekturze
domenowej dostosowuje swoja strukture do stabilniejszej powierzchni receptora. Takie
scenariusze czesto wystepuja w  kompleksach regulatorowych, sygnalowych 1
enzymatycznych.

Do realizacji tego podejscia wykorzystaliSmy model gruboziarnisty CABS, ktoéry oméwitem
w rozdziale 2.2.2. Model ten pozwalat na zachowanie korzystnego kompromisu pomi¢dzy
dokltadno$cig strukturalng a wydajnoscia obliczeniowa, umozliwiajac realistyczne
probkowanie duzych przeksztalcen lancucha gléwnego przy znacznie nizszych kosztach
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obliczeniowych niz metody petnoatomowe. Umozliwial on nie tylko swobodne probkowanie
pozycji 1 orientacji partnera ruchomego wzgledem receptora, ale roOwniez jego znaczng
elastycznos$¢ konformacyjng w ramach pojedynczej symulacji.

Integralnym elementem protokotu bylo zastosowanie schematu Replica Exchange Monte
Carlo (REMC). Wykorzystanie wielu replik dziatajacych réwnolegle w zrdéznicowanych
warunkach temperaturowych pozwolito na skuteczniejsze przeszukiwanie przestrzeni
konformacyjnej i1 unikni¢cie uwiezienia symulacji w lokalnych minimach energetycznych.
Dzigki temu mozliwe bylo efektywne probkowanie szerokiego zakresu standéw
konformacyjnych kompleksu, w tym takich, ktére sg trudne do uchwycenia przy uzyciu
klasycznych metod dokowania ograniczajgcych si¢ do deterministycznego przeszukiwania
orientacji i lokalnych, niewielkich zmian strukturalnych.

Przyktadowy przebieg jednej z takich symulacji przedstawiony zostat na Rysunku 3. Wida¢ na
nim, ze metoda pozwala stopniowo przej$¢ od przypadkowych pozycji poczatkowych do
uformowania wiarygodnego kompleksu, a zastosowanie wymiany replik skutecznie zwigksza
réznorodno$¢ probkowanych konformacji. Przyktad barnase/barstar dobrze pokazuje, ze
protokot jest w stanie uchwyci¢ duze zmiany konformacyjne 1 doprowadzi¢ do rozwigzania o
doktadnos$ci porownywalnej z eksperymentem.

-29-



a
- Replica #6 IRMSD
30 A - Replica #6 LORMSD
25 1
o 201
(2]
Z
15 7
5 -
\ NN v
0 100 200 300 400 500
frame number

0 100 200 300 400 500

temperature

0 100 200 300 400 500
frame number

Rysunek 3. Przyklad dziatania metody opracowanej w [A1] na ukladzie barnase/barstar. Na
wykresach przedstawiono przebieg dokowania globalnego prowadzonego w schemacie
Replica Exchange Monte Carlo (REMC). Panel (a) pokazuje zmiany warto§ci RMSD interfejsu
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(interface root-mean-square deviation, IRMSD) 1 RMSD liganda (ligand root-mean-square
deviation, LORMSD) w wybranej replice wraz z kilkoma etapami symulacji - od losowych
pozycji poczatkowych po koncowy model (cienkie linie) natozony na strukture krystaliczng
(grube linie). Panel (b) przedstawia LoRMSD we wszystkich replikach, co ilustruje
réznorodno$¢ probkowanych stanéw, a panel (c) histori¢ wymian miedzy replikami,
umozliwiajacych wyjscie z lokalnych minimow energetycznych. Ostateczny model osiggnat
iRMSD = 1,9 A wzgledem struktury eksperymentalnej, co pokazuje zdolno$¢ protokohu do
odtworzenia poprawnej orientacji kompleksu przy jednoczesnym uwzglednieniu duzych
przeksztalcen tafcucha glownego. Zrodto: [A1].

Do walidacji skuteczno$ci opracowanego podejscia wykorzystalismy zestaw 62 kompleksow
biatkowych pochodzacych ze zbioru testowego ZDOCK?®®, stanowigcego powszechny punkt
odniesienia przy ocenie metod dokowania. Zalezalo nam na sprawdzeniu skutecznosci
protokolu w szerokim spektrum przypadkéw, dlatego wybralismy kompleksy o
zréznicowanym poziomie trudnosci - od przypadkéw niskoelastycznych po scenariusze
obejmujace ~ wyrazne  przeksztalcenia  strukturalne. = Wszystkie  przewidywania
przeprowadziliSmy na $lepo (ang. blind docking), bez wykorzystania informacji o miejscach
wigzania czy znanych kontaktach, co pozwolilo na obiektywng ocen¢ efektywnos$ci
probkowania.

Dodatkowa warto$cig naszej pracy byto zastosowanie alternatywnego podejscia do oceny
jakosci modeli, opartego na porownaniu wzorcéw kontaktéw pomiedzy resztami
aminokwasowymi zamiast klasycznego poroéwnania opartego na RMSD stosowanego w
wyjsciowej metodzie CABS-dock. Zamiast skupiac si¢ na globalnym podobienstwie orientacji
kompleksow, ocenialismy bezposrednio podobienstwo interfejsu oddziatywania, analizujac
mapy kontaktow pomiedzy resztami tworzacymi powierzchni¢ wigzania. Takie podejScie
umozliwialo bardziej funkcjonalng ocen¢ poprawnosci modeli, szczegdlnie w przypadkach,
gdzie zmiany orientacji catego kompleksu moglyby maskowa¢ poprawne odwzorowanie
kluczowych interakcji pomiedzy partnerami. Zastosowanie metody opartej na mapach
kontaktow stanowito istotne usprawnienie procesu selekcji modeli, pozwalajac na trafniejsza
identyfikacj¢ poprawnych sposobow wigzania, zwlaszcza w uktadach o wysokim stopniu
elastycznosci.

Wyniki naszych analiz pokazaly, Ze zaproponowany schemat skutecznie radzil sobie w
przypadkach o niskiej i $redniej elastycznosci, generujac modele spetniajace kryteria jakosSci
wedtug protokotu CAPRI®® (iRMSD ponizej 4 A). Najwazniejsze jest to, Ze taka doktadnoéé
osiggnelismy w ramach globalnego dokowania przy jednoczesnym uwzglednieniu duzej
swobody konformacyjnej ruchomego partnera - czego inne zaawansowane podejscia
zazwyczaj nie realizujg w fazie globalnego wyszukiwania, ograniczajac si¢ na tym etapie do
struktur sztywnych 1 wprowadzajac elastycznos¢ dopiero pdzniej, na etapie lokalnej rafinacji.
Nasze rozwigzanie taczy obie te fazy w jednej symulacji, co pozwala uchwyci¢ stany
kompleksu niedostgpne w tradycyjnych algorytmach.
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W bardziej wymagajacych przypadkach, obejmujgcych rozlegte zmiany strukturalne,
zaobserwowaliSmy ograniczenia skutecznosci, prawdopodobnie wynikajgce z zastosowania
jednolitego schematu wiezéw odleglosci stabilizujacych strukture receptora. Wskazuje to na
potrzebg dalszego rozwoju metody - zwlaszcza wprowadzenia lokalnie dostosowanych
wigzOw oraz udoskonalenia procedur selekcji modeli. Uwazam jednak, Zze juz na obecnym
etapie metoda ta wnosi istotng warto$¢: umozliwia realistyczne modelowanie wigzan biatko-
biatko w przypadkach niedostepnych dla klasycznych narzedzi i otwiera droge do badania
trudnych uktadéw biologicznych, generowania nowych hipotez strukturalnych oraz wspierania
eksperymentoéw tam, gdzie dane strukturalne sg ograniczone.

3.1.2. Artykul [A1]
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Abstract: Most of the protein—protein docking methods treat proteins as almost rigid objects. Only
the side-chains flexibility is usually taken into account. The few approaches enabling docking with a
flexible backbone typically work in two steps, in which the search for protein—protein orientations
and structure flexibility are simulated separately. In this work, we propose a new straightforward
approach for docking sampling. It consists of a single simulation step during which a protein
undergoes large-scale backbone rearrangements, rotations, and translations. Simultaneously, the
other protein exhibits small backbone fluctuations. Such extensive sampling was possible using the
CABS coarse-grained protein model and Replica Exchange Monte Carlo dynamics at a reasonable
computational cost. In our proof-of-concept simulations of 62 protein—protein complexes, we obtained
acceptable quality models for a significant number of cases.

Keywords: protein—protein interactions; protein—protein binding; protein—protein complex; coarse-
grained modeling; multiscale modeling

1. Introduction

Protein—protein interactions are fundamental in many biological processes. Their
structural characterization is one of the biggest challenges of computational biology. A
variety of docking methods are currently available for structure prediction of protein—
protein complexes [1,2]. They can be divided into free (global) and template-based docking.
Free (global) docking methods are designed to generate many distinct binding configura-
tions. Template-based methods restrict docking to a binding mode found in a structural
template. As demonstrated in the blind docking challenge, Critical Assessment of Pre-
diction of Interactions (CAPRI), template-based methods generate more accurate results
but only if a good quality template exists [1-5]. In some cases lacking useful templates,
free global docking can yield acceptable results. According to recent estimates, the best
free docking methods find adequate models among the top 10 predictions for around 40%
of the targets [1]. The CAPRI analysis also indicates that protein backbone flexibility is a
big challenge; protein complexes that undergo substantial conformational changes upon
docking get no successful predictions from any method [3-5].

Presently, most of the free docking methods treat the backbone of input protein struc-
tures as rigid. This approximation reduces the protein—protein docking problem to a 6D
(three rotational and three translational degrees of freedom) search space. Rigid-body
search for the binding site most often rely on the Fast Fourier Transform [6-8]. Other
successful approaches include 3D Zernike descriptor-based docking [9,10] or geometric
hashing [11]. These rigid-body methods are often used as a first docking step, followed
by scoring [12-16], using experimental data [17] and/or structural refinement to capture
backbone flexibility [5,18]. Molecular Dynamics is perhaps the most common refinement
strategy, either in classic or enhanced sampling versions [17,19-22]. Other tools use ro-
tamer libraries to address side-chain flexibility [23] and Elastic Network Models (ENMs)
for modeling backbone rearrangements [24-28]. Accounting for backbone flexibility in
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the search for the binding site significantly increases the docking complexity and makes it
practically intractable using conventional all-atom modeling approaches. This enormous
computational complexity of flexible docking can be reduced using coarse-grained protein
models [29-32]. The best-performing methods that can now include backbone flexibility
during the docking calculations use coarse-grained models and/or ENM-driven simu-
lations. These include RosettaDock combining coarse-grained generation of backbone
ensembles and all-atom refinement [33-35]; ATTRACT combining coarse-grained docking
with ENM and all-atom refinement [36,37]; and SwarmDock using all-atom ENM [25,38].
All these approaches show some advantages in modeling protein flexibility compared
to rigid-body docking followed by structure refinements. However, effective modeling
flexibility in protein—protein docking remains an unsolved problem, as demonstrated in
the recent CAPRI round [25,35,37,39].

In this work, we use a well-established CABS coarse-grained protein model [29] for
protein—protein docking. During the CABS docking simulation, one of the docking partners
undergoes a long random process of rotations, translations, and extensive backbone confor-
mational rearrangements that significantly modify its fold. Simultaneously, the backbone
of the second protein undergoes small fluctuations.

2. Results

The most accurate models (out of the sets of 10,000 generated models and 10 top-
scored) are characterized in Table 1. The table presents different metrics of similarity to
the experimental structures for the set of 62 protein—peptide complexes (divided into three
categories: low, medium and high flexibility cases). To assess the sampling performance,
below we will use the iRMSD values for the best models out of all models. According to
the iRMSD values the CABS-based docking algorithm produced a significant number of
near-native protein—protein arrangements of acceptable quality (iIRMSD < 4 A, according
to CAPRI criteria) for most protein—protein cases in the categories of low and medium
flexibility cases. However, in the high-flexibility category, the best iRMSD values were
noticeably higher (in the range of 4-12 Angstroms). This resulted from the adopted distance
restraint scheme (see the Methods section), which was uniform for whole proteins and
introduced a penalty for deviations of more than 1 A from the input structures (unbound
experimental structures). This penalty was very small for the protein ligands. Thus, the
distance-restraints scheme allowed for the large-scale conformational changes, however,
they might have prevented binding-induced conformational changes in the high-flexibility
category. Therefore, there is the need to modify such a scheme for the most challenging targets.

Table 1. Summary of the docking simulations. The table characterizes X-ray data used in the docking, average ligand
flexibility, and docking results. The table reports the best accuracy models out from all (10,000) and 10 top-scored models.
The metrics definitions are provided in the Methods section. The table divides the presented cases on the three categories:
low-flexibility, medium-flexibility and highly flexible cases.

X-ray Data Results—Best Results—Best
(Number of Residues) from All Models from 10 Top-Scored Models

Receptor * Ligand*  Complex RMSD ** Average LORMSD  iRMSD LRMSD  fNAT iRMSD LRMSD  fNAT

Ligand Flexibility

Low-flexibility cases

5(%‘;‘)* 2?5\37)0 1CHO 0.62 4.84 265 6.95 0.48 2.96 10.93 0.18
25?1)(2‘;“ 6(551 2KAI 091 4.64 332 1134 019 475 1576 012
1&;? 1(?:; 1CCI 153 5.4 2.76 413 037 6.18 14.15 0.09
i )  2IC 031 523 297 1186 029 439 1593 015
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Table 1. Cont.

X-ray Data. Ligand Flexibility Results—Best Results—Best

(Number of Residues) from All Models from 10 Top-Scored Models

Receptor*  Ligand* Complex RMSD*  Average LORMSD iRMSD LRMSD fNAT iRMSD LRMSD  fNAT
g%’ 2(2341)2 25NI 037 3.89 1.09 3.86 0.69 281 9.09 0.46
2(/5*33? 1(F£§: 1FSS 0.76 448 341 7.20 0.25 1508 3256 0.03
1(1;1312)A 1(1;% 1IMAH 0.60 458 249 3.89 045 11.25 2443 0.06
%ﬁg 1(1391)9 1BRS 0.47 3.33 1.94 419 0.64 401 8.74 0.14
1(5921; 1(}{(% 2PCC 0.39 418 3.13 10.19 0.25 1189 2668 0.08
};;151)) (31%571) 281C 039 401 403 1896 023 477 1940 012
1(;’21“3’)* 1(11“229‘)* 1VFB 059 372 461 1507 011 1745 3715 0.0
1(2%‘)3 1(11“229/;‘ IMLC 0.85 3.74 282 1047 036 804 3309 0.4

Medium-flexibility cases

1(%{6? 1552); 1CGI 202 5.80 2.46 321 0.4 5.86 10.72 0.12
?5421]? 4(%6*)1 5CBA 149 451 248 7.64 0.42 9.34 16.01 0.10
ggg) 1};;;3 1LFD 179 412 2.87 6.76 027 1247 2424 000
%ifzc) 22’;’79)R 1R6Q 1.67 9.07 7.95 11.97 0.14 13871 3571 0.00
gifg 72?013 INW9 197 4.09 7.05 8.69 0.23 9.33 17.55 0.00
(1;%5) 1(113067()) 1B6C 1.96 4.65 472 10.74 0.14 12.24 23.99 0.00
(51]51566) (51]51%5; 5E5M 156 416 3.83 9.09 0.23 1096 2000 0.00
2(%3’)* 2(1;11Q5)T 2HRK 2.03 7.27 3.55 1017 026 1081 3254 0.00
4(1235Lé\)/[ ‘g\fg)] AMBK 177 441 496 741 0.10 1375 2711 0.03
(1;725; 5(‘1%;/ 5VNW 149 3.81 5.93 2223 0.10 2389 7083 0.00
?fé’%‘ 3(?2511; 3BX7 163 463 494 1746 028 622 2032 012
?E% %11)2(?){ 4POU 183 401 291 1016 050 655 1965 025
4&]6')3 5(1112136? 5HGG 0.84 422 3.59 12.52 0.19 13.00 293 0.00
gg; 3(153;\)4 3RJQ 0.79 4.00 5.32 1698 0.3 1277 3394 0.00
?5%? 55;\;()) 6EY6 190 3.86 3.83 6.03 014 1280 2761 0.00
(115529§ fﬂg 2CFH 155 5.13 198 401 071 2.82 5.50 0.63
%67}; i’ﬁg 3V6Z 183 7.11 6.12 16.68 0.15 6.66 20.06 0.06
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Table 1. Cont.

X-ray Data. Ligand Flexibility Results—Best Results—Best

(Number of Residues) from All Models from 10 Top-Scored Models

Receptor*  Ligand* Complex RMSD**  Average LoRMSD iRMSD LRMSD fNAT iRMSD LRMSD fNAT
(34C31;§ %1(;’316? 3CPH 212 434 487 1564 009 1502 2788 000
i%g’ 1(11%;( 11B1 2.09 42 6.56 14.83 0.13 1610 4626 0.00
1(11‘;\;[ 1(1147%9 1MQ8 176 422 493 14.99 021 2617 7050 0.00
?E(I)S) 1(11\’;]91;1 3HI6 165 377 579 2330 021 1938 4977 0.0
%4%? zgg;/ 2DD8 2.19 5.37 5.73 13.78 0.09 1720 3433 0.00
}ﬁ)ﬁ 1(%%* 1M 2.12 419 2.84 6.43 051 3.58 6.97 0.47
1(8NZ%\)/ &IZ? 17M4 211 354 882 2817 004 1105 4814 000
‘tgg@) ‘5393 4ETQ 047 3.72 712 1474 020 868 1961 007
(1355()); 1(>2<5%1; 1XQS 177 5.44 5.63 26.14 0.11 1588 3051 0.00
3(?2]59(): g;zl)( 20ZA 1.89 429 435 9.32 0.33 1124 188 0.03
(()fs(;))( gzlé? 6A0Z 128 5.75 5.75 2559 0.16 1143 3139 0.00

Highly flexible cases

%;Lé()’ (ZlTOI; 1F6M 49 3.83 7.02 11.34 0.10 11.92 18.06 0.00
1(;469)‘( 1&%? 1PXV 263 486 574 1410 007 746 1631 0.2
%8 (11]% 1JZD 271 465 498 8.13 0.28 1338 3405 0.00
?Ezé? 2(%\11)1; 5C7X 226 417 412 13.61 0.34 4.69 16.74 0.20
1(13:(()321){ 21%3 2C0L 2.62 5,51 5.02 5.54 0.21 1024 2474 0.00
125‘6’;’;1 (2112?) 2198 3.79 7.14 579 1759 0.4 692 3323 005
(35L5%E; 1(5212])“ 3189 251 9.86 483 10.90 0.17 1784 3187 0.00
1(%\3? (11]4537) 203B 3.13 6.20 476 1643 018 1534 3195 000
};%‘){ (111!;; 1IRA 838 407 1297 224 008 1586 2546 0.5
1(%‘;;’ 2(11(53;’;’ 1JK9 251 9.40 8.07 13.85 0.10 1741 3074 0.00
15;{9? 3(’11\2;{)1 1RKE 425 415 526 643 038 1611 3467 000
(%11612) 1($6T6()3 1BKD 286 451 480 7.33 0.14 1996 3932 0.00
1(21{61;1 1(]13’6?){ 1EER 244 5.22 1297 1318 0.02 1712 3073 0.00
3(’?1‘;? 1(553? 1E4K 2.60 5.32 344 1007 043 759 2433 013
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Table 1. Cont.

X-ray Data. Ligand Flexibility Results—Best Results—Best

(Number of Residues) from All Models from 10 Top-Scored Models

Receptor*  Ligand* Complex RMSD**  Average LORMSD iRMSD LRMSD fNAT iRMSD LRMSD  fNAT
1(11?;;\;[ 1&%? 1R83 373 550 667 1341 009 1515 2510 0.0
1(8412)( 1&% 1FAK 6.18 5.64 8.97 1557 016 1559 3446 0.00
(1411509) 1(%%* 11BR 254 5.01 665 1436 014 1641 3307 000
‘t?z‘;lf 4(]234‘2? 4DW2 227 3.85 6.61 21.91 0.14 9.94 29.27 0.00
1(21\;2)1 (221;{113 2J7p 2.67 451 887 1877 011 1846 4805 0.0
E’S 2(;(01)1 164 4.69 415 642 1350 027 1550 3642 0.00
1(]732091;I (;17}11) 1H1V 6.62 3.44 792 3114 036 2912 6507 003

* 4-letter PDB code for the crystal structures used in this study. ** The RMSD (in A) of the interface Cx atoms for input receptor and ligand
after superposition onto the co-crystallized complex system.

The results analysis below focuses on the sampling performance for the selected
low-flexibility barnase/barstar case. Figure 1 characterizes iRMSD versus CABS model
energy values for the barnase/barstar (1BRS) and another low-flexibility case with clearly
the lowest iRMSD value 1.09 Angstroms (25NI).

0 - 10

20 25 30

RMSD

Figure 1. Characterization of docking results using RMSD to the X-ray structure and system energy. The left panels show
the interface-RMSD versus CABS energy values. Point color represents the temperature—from yellow (high) to pink (low).
The molecular visualizations show X-ray structures and ensembles of predicted models corresponding to selected energy
minima (numbered in the picture from 1 to 3). As presented in the picture, the minima numbered as 1st corresponds to
near-native protein—protein arrangements, others to non-native ensembles, as presented in the picture. The presented
ensembles are the sets of similar models found in the structural clustering of contact maps (see Methods). The figure shows
two modeling cases: 1BRS and 2SNI.
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Figure 2 shows example ensembles of barnase/barstar models and the most accurate
model (IRMSD 1.9 A). A single system replica could explore an ample conformational space
that involved significantly different binding configurations and protein-ligand conforma-
tions, as demonstrated in Figure 2c and Movie S1. Figure 3a further characterizes this single
replica’s using iRMSD and LoRMSD (RMSD for ligand only) values. As presented in the
figure, the ligand structure fluctuated around 5 A (the same fluctuations in the context of all
replicas are shown in Figure 3b). The ligand became significantly more closer to the X-ray
structure after binding to the native binding site as reflected by iRMSD values. Namely,
after correct binding, LoORMSD values got noticeably lower to around 2 A (see Figure 3a).
In the following sections, we do not discuss this aspect of our method; however, it is worth
mentioning that the proposed method enabled a detailed analysis of plausible docking
trajectories. The described docking procedure uses REMC protocol enhanced by simulated
annealing of all 20 replicas. Figure 3c shows their evolution through different temperatures.
Figure 4 provide more detailed pictures of structural flexibility for protein “receptor” and
“ligand”. Protein—protein contacts defining the complex assembly are characterized in
Figure 5. In the presented example, the most persistent protein—protein contacts occurred
in about 15% of snapshots. Therefore, they were significantly less stable compared to
intramolecular protein contacts (Figure 4).

Figure 2. Protein—protein docking stages illustrated by barstar/barnase docking case. The figure shows the barnase receptor

in magenta and the barstar ligand in rainbow colors. The respective panels show: (a) 20 starting structures for each replica

of the system; (b) 10,000 models combined from 20 replicas (500 models per replica) in which the highly flexible ligand is

covering the entire surface of the flexible receptor; (c) 500 models from one replica only, (d) the best model obtained for

barnase/barstar system (the X-ray structure of the ligand is shown in thick ribbon, the modeled in thin ribbon).

An essential and unique feature of the presented docking simulations is the level of
backbone flexibility during docking. In the example above, the ligand backbone fluctua-
tions (LoRMSD) were in the range of 2-7 A (Figure 3b), with the average LoORMSD value of
3.3 A from the entire docking simulations. In other cases, the ligand fluctuations were at a
similar level or higher (see LORMSD values in Table 1).

Finally, using structural clustering of contact maps (see Methods), we attempted to
select the set of 10 top-scored models for each case. Table 1 reports the most accurate
models out of the 10 top-scored.
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30 4

25 1

20 1

RMSD

15

10 4

temperature

—— Replica #6 IRMSD
- Replica #6 LORMSD

L

=3

100 200 300 400 500
frame number

- Replica #6

100 200 300 400 500

100 200 300 400 500

frame number

Figure 3. Docking trajectory for the selected replica of barnase/barstar system. The presented replica
reached the most accurate barnase/barstar complex structure. (a) iRMSD (interface RMSD) and
LoRMSD (ligand only RMSD) values. Example simulation snapshots illustrate the plot. The ligand is
presented in rainbow colors, the receptor in magenta. The lowest iRMSD model (1.9 A from X-ray
structure) is presented on the right lower corner superimposed on the X-ray structure (the X-ray
structure is shown in thick lines, the predicted model in thin lines). (b) Ligand only RMSD (LoRMSD)
values for all replicas. The thick red line presents selected replica. (c) Exchange of system replicas
between different temperatures driven by Replica Exchange Monte Carlo (REMC) system. The thick
red line presents selected replica. The replica trajectory is also presented in the Video S1.
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Figure 4. Characterization of barnase/barstar flexibility in the docking simulation. The figure shows
RMSEF plots (upper panels) and contact maps (lower panels) for (a) the barnase receptor and (b) the
barstar ligand. The RMSF profile (see Methods) and contact maps showing the frequency of contacts
are derived from the entire simulation (derived from 10,000 models).
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Figure 5. Characterization of barnase/barstar contacts. Panels show barnase/barstar models and
contact maps for entire simulation (all models, 10,000 models) and single selected replica (replica 6,
500 models) that reached a near-native arrangement. In the maps, green circles mark the native contacts.
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3. Discussion

This work demonstrates a significant improvement in the sampling of large-scale
conformational transitions during global protein—protein docking compared to other state-
of-the-art approaches. We show that modeling the large conformational changes is possible
at a relatively low computational cost. The presented simulations took between 10 and
80 h (depending on the system size) using a single standard CPU. The proposed modeling
protocol can be used as the docking engine in template-based and integrative docking
protocols using experimental structural data and additional information from various
sources [2,40]. We focused on the free docking of protein ligands with a highly flexible
backbone in the present test simulations. Using unbound structures as the input, we
produced acceptable accuracy models (iIRMSD around 4 A or lower) in low-flexibility and
medium-flexibility cases. However, the selection procedure of the most accurate models
needs further improvement. Namely, selecting the best-ranked models led to acceptable
models in about half of the tested cases.

Presently, the most common approach to account for conformational changes in pro-
tein docking is using ENM [24-28,36-38]. The applicability of ENM to modeling protein
flexibility is limited to specific systems and depends on how collective the protein mo-
tions are. Our method presents a conceptually different approach that seems to be more
realistic (see review discussing coarse-grained CABS dynamics in the context of ENM
approaches [24]). We demonstrated that it is possible to simulate effectively free dock-
ing of highly flexible protein ligands to quite elastic protein receptor structures. Such a
significant degree of flexibility was achieved using a highly efficient simulation engine
based on the coarse-grained representation of protein structures, Monte Carlo dynamics,
and knowledge-based force field. CABS coarse-graining, enhanced by the discretized
protein model and interaction patterns, significantly reduces the search space. Monte Carlo
dynamics, enhanced by Replica Exchange annealing, leads to huge speed-up of the search
procedures. Additionally, a significant (although acceptable for many problems) flattening
of energy surfaces by statistical potentials of CABS model simplifies simulations. As a
result the flexible docking using CABS-dock is orders of magnitude faster than equivalent
simulations based on classical modeling methods. Obviously, the new method also has
several limitations that have to be considered when designing new computational experi-
ments. First, since the “ligand” protein is treated as a very elastic object (what is necessary
to guarantee efficient search of the binding sites and poses) the cost of computations rapidly
grows with the protein size. Thus, completely free global docking of protein ligands larger
than 150 residues (see Table 1) may be impractical. Second, the coarse-graining of the
sampling space and simplifying interaction patterns (so important for the huge acceleration
of the simulations) makes the docking energetics less sensitive. For these reasons, the
clustering procedures, refinement of the resulting structures, and final model selection
become challenging and need further development. Additionally, speeding-up the entire
protocol can be useful. We estimate that the simulations could be easily speeded-up at least
10 times or more through algorithm parallelization. The speed-up would enable making
the protocol available as the publicly accessible and automated web service.

4. Methods
4.1. Docking Simulation Protocol

In this work, we present the protein—protein docking simulation protocol that relies
on the CABS coarse-grained model. The CABS design and applications have been recently
described in the reviews on protein coarse-grained [29] and protein flexibility [24,41]
modeling. Here we outline only its main features. The CABS model uses a coarse-grained
representation of protein chains (see Figure 6), Replica Exchange Monte Carlo (REMC)
dynamics, and knowledge-based statistical potentials. Representation of protein chains
is based on C-alpha traces, restricted to an underlying high-resolution lattice. The lattice
spacing allows slight fluctuations of the C-alpha—C-alpha distances and many pseudo-
bonds orientations. Virtual pseudo-atoms are placed in the centers of these C-alpha—C-
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alpha bonds and are used to locate the main-chain hydrogen bonds. Additionally, the
positions of the two pseudo-atoms representing side chains are defined by the geometry of
C-alpha traces and amino-acid identities. Such fixed positions of side chains (taken from
the statistics of protein databases) reduce the model’s resolution. However, this limitation
is less serious than it may appear since even small movements of the main chain (allowed
due to the soft nature of the assumed geometrical restrictions) leads to large moves of the
side chains. This way, the packing of side chains can be quite accurate. The interaction
scheme of CABS consists of statistical potentials mimicking effects of main chain rotational
preferences, main-chain hydrogen bonds, and side-chain contacts. All statistical potentials,
derived from structural regularities observed in PDB structures, have relatively broad
minima compensating the low-resolution effects and allowing a fast search for global
energy minima. The solvent is treated implicitly, and its averaged effects are encoded
within the above-mentioned contact potentials. Energy computation for protein chain
models is very fast since many interactions could be pre-computed (and coded in large
tables) due to the discretized patterns of main chains geometry. The Monte Carlo sampling
of CABS uses a set of local movers. The resulting model dynamics is quite realistic for
large-scale distances, allowing coarse-grained modeling of protein structures, dynamics,
and protein—protein interactions.

Figure 6. Comparison of the all-atom (left) and the CABS coarse-grained model representation
(right) for an example tripeptide. In the CABS model, protein residues are represented using C-alpha,
C-beta, united side-chain atom, and the peptide bond center [29].

The modeling protocol consists of the following steps:

1.  Preparing input structures of a protein-ligand and a protein-receptor. The protocol
requires the input of two protein structures (single- or multi-chain) in the PDB format.
One of them has to be indicated as a ligand and the second as a receptor. The ligand
undergoes large conformational fluctuations, translations, and rotations around the
receptor within the proposed protocol. The “ligand” should be a smaller protein
because the computational cost of searching its conformational space rapidly grows
with the chain length. That is because the motion of the entire structure (including
fold relaxation, rotation, and translation of the entire molecule) is simulated by a
random sequence of local moves. The accuracy of such sampling is acceptable for not
too-large proteins. On the other hand, treating the “ligand” as a fully flexible object
allows approximate studies of entire docking trajectories. In some cases, it would
be perhaps worth treating a larger protein (but not too large) as a flexible “ligand”,
although this was out of range of the present studies.

2. Generating starting structures. Starting conformations are built using C-alpha coor-
dinates only (in the CABS model C-alpha traces define the position of other united
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pseudo-atoms, see details [29]). The algorithm places the protein-ligand center at
20 random positions around the protein receptor at the approximate distance of 20 A
from the protein receptor’s surface. Next, these protein-ligand systems are used as
starting conformations for the 20 replicas in the REMC CABS sampling scheme (each
replica starts from a different ligand-receptor arrangement).

Docking simulations using CABS coarse-grained model and REMC dynamics.
During simulations, the protein receptor structure is kept close to the starting structure
using distance restraints. Distance restraints are generated using the input coordinates
of the C-alpha atoms. Two residues are automatically restrained if two conditions
are met. First, their separation along the sequence has to be at least five residues.
Second, the distance between their C-alpha atoms must be within the range of 5-15
A. During simulations, the receptor restraints imply small-scale fluctuations of the
protein receptor backbone in the range of 1 A and, accordingly, more significant
fluctuations of the side-chain atoms. A similar restraints scheme is applied to the
protein-ligand but with tenfold weaker weights. During simulations, the ligand
moves freely within the vicinity of the receptor and internal restraint allows for
large-scale fluctuations of its structure. Usually, the ligand fluctuations are within
the range of 2 and 12 A to the input structure although folding-unfolding events are
possible at highest temperatures. The docking simulation is conducted using CABS
REMC pseudo-dynamics with simulated annealing. In this work, 20 replicas and
20 annealing steps have been used. All the REMC scheme parameters have been
adjusted to allow for large-scale conformational transitions, rotations, and translations
of the protein-ligand in a reasonable computational time. The modeling protocol
collects trajectories from all 20 replicas. The protocol saves only a small fraction (2%)
of the generated models for further analysis i.e., 500 models from each replica, thus
10,000 models in total.

Reconstructing to CABS coarse-grained representation. The set of 10,000 models in
C-alpha traces are reconstructed to complete CABS model representation using CABS
algorithm [29]. In CABS, positions of C-beta and Side-Chain united atoms are defined
by the positions of the three consecutive C-alpha atoms and the amino acid identity
(the most probable positions from the PDB database are used).

Clustering of contact maps. First, for all of the 10,000 models the contact maps
between the receptor and the ligand proteins are calculated. Two residues are con-
sidered to form a contact if their Side Chain pseudoatoms are at most 6 A apart (for
Alanines the C-beta atoms are considered as the Side Chain; for Glycines—it’s the
C-alpha atoms). Next, the algorithm sorts the models according to the number of the
receptor-ligand contacts, and the set of top 1000 is kept for further processing. This
way the transient and weakly bound complexes are removed from the solutions pool.
In the next step, the 1000 contact maps are clustered together to identify the most
frequently occurring contact patterns. The complete link hierarchical clustering was
used with the Jaccard index as the distance metric between contact maps. Finally, the
identified clusters are ranked according to their density, defined as the number of the
cluster members divided by the average metric between them.

Reconstructing to all-atom representation. Representative models from the ten most
dense clusters are reconstructed to all-atom representation using Modeller-based
rebuilding procedure [42] (or can be reconstructed using other rebuilding strategies,
see review [43]).

In recent years, the CABS model has been used for modeling the flexibility of globular

proteins [44—47] and various processes leading to large-scale conformational transitions.
These included: ab initio simulations of protein folding mechanisms [48,49], folding and
binding mechanisms [49,50], and free protein—peptide docking within the CABS-dock
tool [51-57]. The CABS-dock is a well-established peptide docking tool that has been
made available as a web server [51,52] and, most recently, as a standalone application [54].
Its distinctive feature among other tools is the possibility of fast simulation of the large
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backbone rearrangements of both peptide and protein receptors during binding (see the
review on protein—peptide docking tools [58]). In addition, the CABS-dock has been used
in multiple applications (recently reviewed [56]), including docking to receptors with
disordered fragments [41,59], GPCRs [60], and modeling proteolysis mechanisms [61].

The presented protocol for protein—protein docking utilizes the CABS-dock standalone
package [54] developed primarily for protein-peptide docking. In order to tackle the
protein—protein docking problem, key changes have been made to the docking algorithm
that aimed mainly at the improvement of the conformational sampling. First of all, the
temperature distribution between replicas in the REMC scheme was adjusted. Instead of
constant temperature increment between consecutive replicas, as in the original CABS-
dock, here we’ve implemented progressive geometric raise of the temperature increment.
Furthermore, the number of simulation replicas was increased to twenty versus ten in the
original CABS-dock. Besides the sampling improvement, a new clustering protocol was
introduced. The original CABS-dock used RMSD-based clustering, which worked well
for peptides. For the protein—protein complexes, however, purely geometrical similarity
condition such as the RMSD is too severe. Namely, for two binding poses, where the mobile
protein was docked in the exact same pocket but is slightly tilted in one of them, the RMSD
difference would be considerable. Despite representing similar binding poses, the two
structures would end up in different clusters. To overcome this, the current protocol uses
clustering based on the similarity between receptor-ligand contact maps.

4.2. Results Analysis and Quality Metrics

The docking simulation analysis was performed using Python and NumPy (Python
library). Structural differences between experimentally determined structures and gen-
erated models were evaluated using Root Mean Square Deviations (RMSDs). Interface
RMSD (iRMSD) is an RMSD calculated for interface residues of the receptor and the ligand
separated by no more than 6 Angstroms. Ligand RMSD (LRMSD) is an RMSD computed
for the ligands after the superimposition of the receptors. Ligand only RMSD (LoRMSD) is
an RMSD computed for the ligand structure only. Root Mean Square Fluctuation (RMSF)
is a measure of the amino acid’s flexibility. It is calculated for every residue as the square
root of this residue’s variance around the reference residue position. The fraction of native
contacts (fNAT) was calculated as a number of experimental structure contacts found in
the generated structure divided by the total number of contacts found in the experimental
structure. Rather restrictive contact criterion, distance up to 6 A between side-chain centers,
was used. All figures presented in this work were generated using PyMOL, UCSF Chimera,
and Matplotlib (Python library).

4.3. Dataset

In this docking study, we used protein—protein cases from the ZDOCK benchmark
set [62] (cases in which a smaller size protein—a protein-ligand—contained more than one
protein chain, or chain gaps, were discarded from our set). The set comprises the three
flexibility-based subsets: low-flexible (almost rigid), medium-flexible, and highly flexible
with available unbound X-ray structures of both the protein-receptor and the protein-ligand.
The unbound structures were used as the docking input. As the reference for calculating
various similarity measures, we used the X-ray structures of the protein-ligand complexes.
Table 1 lists all the PDB IDs of X-ray structures used in the study.

5. Conclusions

In summary, the described docking procedure accounts for large-scale protein struc-
ture fluctuations during unrestrained protein—protein docking search for the binding site.
The exploration of such vast conformational space has not been demonstrated before to
the best of our knowledge. The approach shows unprecedented sampling possibilities;
however, the accuracy of the obtained complexes is still lower than observed for state-of-
the-art docking tools. Definitely, the balancing of the structural restraints scheme needs
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further developments and tests. Therefore, this work is the first step towards a mature
protein—protein docking tool. The next development steps would involve modifications of
the distance restraints scheme, which allow for different degrees of flexibility for appropri-
ate protein fragments (now the presented algorithm treats the entire protein-ligand as very
flexible) and force-field improvements. The proposed approach is also very promising in
the refinement applications when searching for the binding site is not needed, and only the
protein—protein interface needs to be optimized.

Supplementary Materials: The following are available online at https:/ /www.mdpi.com/article/
10.3390/ijms22147341/s1, Video S1. The trajectory of a single replica from the protein-protein
docking simulation of barnase/barstar system. The movie shows the barnase receptor in surface
representation and the barstar ligand in ribbon. The presented replica reached the model with
interface RMSD value 1.9 Angstrom from the complex X-ray structure, shown as transparent ribbon.
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3.2. [A2] Elastyczne dokowanie cyklicznych peptydow do bialek z uzyciem
metody CABS-dock

3.2.1. Wprowadzenie do [A2]

W pracy [A2] przedstawiliSmy nowy protokédt dokowania cyklicznych peptydow do bialek,
umozliwiajacy szerokie probkowanie przestrzeni konformacyjnej przy jednoczesnym
zachowaniu cyklicznej topologii peptydu. W projekcie tym odegralem wiodaca role,
odpowiadajac za implementacje metody, przeprowadzenie kluczowych obliczen oraz analize
wynikow, a takze aktywny udzial w przygotowaniu i redakcji manuskryptu. Celem pracy byto
rozszerzenie metody CABS-dock, pierwotnie opracowanej do dokowania peptyddw liniowych,
w taki sposob, aby umozliwiata poprawne generowanie modeli komplekséw z peptydami
cyklicznymi, zardwno w trybie globalnym (blind docking, bez wiedzy o miejscu wigzania), jak
i w trybie lokalnym, z wykorzystaniem orientacyjnej informacji o miejscu wigzania.
Projektujac zaproponowany protokol, dazytem do polaczenia szerokiego probkowania
konformacyjnego z rozsadnym kosztem obliczeniowym, tak aby metoda pozostawala
uzyteczna zar6wno w warunkach ograniczonej wiedzy strukturalnej, jak i w przypadkach, gdy
przyblizone miejsce wigzania jest znane.

Za wyborem cyklicznych peptydoéw jako gtdéwnego obiektu badan przemawiala ich rosngca
rola w projektowaniu bioaktywnych czasteczek, szczegodlnie jako inhibitoréw oddzialywan
biatko-biatko®”#®, Peptydy o zamknietej topologii lacza w sobie wysoka stabilno$é
strukturalng, ograniczong ruchomo$¢ konformacyjng oraz zwigkszong odporno$¢ na
degradacje proteolityczng® !, Z drugiej strony, ich modelowanie strukturalne stawia istotne
wyzwania’>%? standardowe metody dokowania peptydow czesto pomijaja aspekt
cyklicznosci, a wiele dostepnych narzedzi, szczego6lnie opartych na uczeniu maszynowym,
ogranicza si¢ do pojedynczych predykcji najlepszego modelu bez mozliwosci dalszego
préobkowania.

W praktyce oznaczato to zaprojektowanie protokolu dokowania zdolnego do pracy zaréwno w
trybie globalnym (,,na §lepo™), jak 1 w trybie lokalnym, wykorzystujagcym informacj¢ o znanym
lub przewidywanym miejscu wigzania. W trybie globalnym dokowania nie wykorzystywatem
zadnych informacji o lokalizacji interfejsu, pozwalajac na swobodne probkowanie catej
powierzchni biatka. W trybie lokalnym ograniczatem przestrzen probkowania do okre§lonego
obszaru wokol miejsca wigzania. Oba tryby testowalem na zbiorze biologicznie istotnych
kompleksow biatko-peptyd.

CABS-dock umozliwia efektywne dokowanie peptydow liniowych do biatek, przy znaczaco
nizszym koszcie obliczeniowym w poroéwnaniu z metodami petnoatomowymi, co opisatem w
rozdziale 2.2.2. Opracowany przeze mnie protokot opierat si¢ na wykorzystaniu wigzoéw
odlegtosci, ktore wymuszaly zachowanie cyklicznej topologii peptydu podczas catej symulacji
przy jednoczesnym zachowaniu jego ruchomosci. Zaprojektowalem rdéwniez schemat
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zastosowania tych wiezéw w taki sposob, aby umozliwi¢ efektywne ograniczenie przestrzeni
konformacyjnej wylacznie do wskazanego miejsca wigzania.

Do oceny skutecznos$ci opracowanego podejscia przygotowatem zbior testowy skladajacy sig¢
z 38 kompleksow biatko-peptyd pochodzacych ze zbioru ADCP**, obejmujacych zaréwno
peptydy cyklizowane przez zamknigcie tancucha gtownego, jak i przez mostki disiarczkowe.
Dla kazdego kompleksu przeprowadzitem symulacje w trybie globalnym oraz lokalnym, z
wykorzystaniem zarowno struktury zwigzanej, jak i wolnej biatka receptora. Kazda symulacja
obejmowata generowanie 10 000 modeli, wybor 10 najlepszych (tzw. top 10), ich odbudowe
do reprezentacji pelnoatomowej przy uzyciu PD2%, a nastepnie refinacje z wykorzystaniem
narzedzia Rosetta FlexPepDock”®. Do oceny jako$ci modeli stosowatem Fnat dla modeli po
rekonstrukcji do reprezentacji pelnoatomowej (top 10) oraz LRMSD w przypadku modeli
pozostajacych w reprezentacji Ca (top 10 000). Taki schemat oceny pozwolil mi na
bezposrednie poréwnanie jakosci modeli pelnoatomowych i gruboziarnistych, zaleznie od
dostepnego poziomu rekonstrukeji struktury.

Analiza wynikow potwierdzita wysoka skuteczno$¢ opracowanego podejscia - w przypadkach
holo akceptowalne kryterium Fnat > 0.3 uzyskato (dla top 10) odpowiednio 83% przypadkow
peptydow cyklizowanych przez tancuch gtowny 1 80% peptydow cyklizowanych mostkiem
disiarczkowym, a skuteczno$¢ byta porownywalna do klasycznych metod dokowania. W
przypadku struktur apo, gdzie modelowanie stanowilo wicksze wyzwanie, wartosci te
wynosily odpowiednio 82% i 70%. Jednocze$nie, analiza calych zespotdw modeli (Top 10k) z
wykorzystaniem LRMSD pokazata, ze poprawne konformacje byly czgsto obecne nawet w
przypadkach, gdzie klasyczny ranking energetyczny nie wskazywal ich wsrdd najwyzej
ocenianych modeli. Nalezy jednak rowniez zaznaczy¢, ze $rednie wartosci LRMSD dla
struktur byly znacznie nizsze w trybie lokalnym niz globalnym, co sugeruje przydatnos¢
protokotu do generowania modeli wysokiej jakosci przy orientacyjnym okresleniu miejsca
wigzania. Gléwnym ograniczeniem pozostawal jednak etap rankingu modeli, a nie
generowanie poprawnych konformacji, co wyraznie widoczne byto w poréwnaniu jakosci
modeli Top 10 z jakos$cia pelnego zespotu modeli.

Skutecznos$¢ opracowanego podejscia poroOwnalem z wiodacymi metodami dokowania
peptydow cyklicznych, ktérymi byly: AutoDock CrankPep (ADCP) - w kategorii metod
klasycznych, oraz HighFold”” - wérod metod opartych na sztucznej inteligencji. Porownanie
mojego protokotu z metoda ADCP przedstawiony zostal na Rysunku 4, gdzie dla kazdego
kompleksu pokazana zostata jakos$¢ najlepiej ocenionych modeli (Top 10, Fnat). Analiza tych
danych potwierdzita, ze w przypadku struktur #olo obie metody osiagaja podobne wyniki,
natomiast dla struktur apo jakos$¢ generowanych modeli spada, przy czym spadek ten jest nieco
bardziej wyrazny dla metody CABS-dock. W czeséci uktadow CABS-dock uzyskat jednak
lepsze wyniki niz ADCP, co wskazuje, ze metody te moglyby by¢ traktowane jako podejscia
komplementarne. Porownanie z metoda HighFold - nowoczesnym modelem glebokiego
uczenia przeznaczonym do cyklicznych peptyddéw - potwierdzito natomiast wyrazng przewage
metod Al pod wzgledem trafno$ci najlepszego modelu (Top 1). HighFold uzyskat 100 %
skuteczno$ci na zestawie apo, podczas gdy moj protokot przekroczyt granicg akceptowalnosci
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tylko w ok. 35 % przypadkoéw, co uwidocznilo ograniczenia klasycznego probkowania w
rankingu pojedynczych modeli. Warto jednak zaznaczy¢, ze moje podej$cie wyrdznia si¢
mozliwoscig generowania bogatych zespotow modeli, co czyni je wartosSciowym
uzupetnieniem metod Al - zwlaszcza w badaniach eksploracyjnych lub w sytuacjach
niepewnosci co do miejsca wigzania, gdzie analiza wielu mozliwych stanéw konformacyjnych
ma szczegolne znaczenie biologiczne.

CABS-dock vs ADCP (Bound Complexes, Top-10) CABS-dock vs ADCP (Unbound Complexes, Top-10)
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Rysunek 4. Porownanie jako$ci modeli uzyskanych metoda CABS-dock 1 ADCP dla
dokowania cyklicznych peptydow do biatek (na podstawie [A2]). Kazdy punkt odpowiada
jednemu kompleksowi biatko-peptyd: panel lewy przedstawia wyniki dla struktur zwigzanych
(holo), panel prawy dla struktur niezwigzanych (apo). O$ pozioma przedstawia warto$¢ Fnat
(Top 10) uzyskang metodg ADCP, a o$ pionowa - metoda CABS-dock. Punkty bliskie linii
przerywanej wskazuja podobng skuteczno$¢ obu metod, punkty powyzej tej linii - przewage
podejscia CABS-dock, a punkty ponizej - przewage ADCP. Kolory oznaczaja typ cyklizacji
peptydu (zamknigcie lancucha gtownego - kolor niebieski; mostek disiarczkowy - kolor
pomaranczowy). Zrodto: [A2].

Opracowany przeze mnie protok6t umozliwia dokowanie globalne i lokalne oraz generowanie
zroznicowanych stanow konformacyjnych przy zachowaniu realistycznych ograniczen
strukturalnych. Dzigki temu stanowi narzgdzie przydatne zaréwno w zadaniach
predykcyjnych, jak 1 w badaniach eksploracyjnych wymagajacych szerokiego probkowania
przestrzeni mozliwych modeli. Uzyskane wyniki pokazuja, ze metoda dostarcza zbiory
wysokiej jakos$ci, ré6znorodnych konformacji, ktére tworza bogate zespoty struktur (ang.
conformational ensembles). Takie zbiory moga stanowi¢ podstawe analiz konsensusowych,
zwigkszajacych wiarygodno$¢ i interpretowalnos¢ wynikow, a sam protokoét uzupetnia metody
oparte na sztucznej inteligencji, koncentrujace si¢ zwykle na pojedynczych predykcjach.
Procedura wnosi istotny wklad w modelowanie kompleksow biatko-peptyd, wspiera
formutowanie nowych hipotez strukturalnych 1 moze by¢ potencjalnie uzyta do projektowania
cyklicznych peptydow o potencjale terapeutycznym.
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ABSTRACT: Cyclic peptides are promising therapeutics, but
their flexible docking remains challenging. We present a protocol
based on the well-established CABS-dock method, enhanced with
cyclic restraints and Rosetta refinement. The approach was
evaluated on 38 benchmark complexes previously used in other
docking method studies. While selecting the truly best model
remains difficult, near-native solutions are frequently sampled.
CABS-dock offers global, unbiased docking without prior binding
site knowledge, making it valuable for pose generation, structural
ensemble modeling, and integration into Al-driven peptide—

protein docking workflows.

B INTRODUCTION

Peptides are highly promising drug candidates due to their
strong target specificity, low toxicity, and compatibility with
rational design strategies.' However, linear peptides often
suffer from major pharmacological limitations, including
conformational flexibility, proteolytic instability, and poor
oral bioavailability and membrane permeability.”® Cycliza-
tion—through backbone or disulfide linkages—enhances
peptide rigidity, stability, and target affinity,* making cyclic
peptides promising tools for modulating protein—protein
interactions.

Classical peptide—protein docking methods, ranging from
coarse-grained”~ to atomistic and hybrid tools,*”'" rely on
explicit conformational sampling combined with scoring
functions to evaluate binding poses. Many of these approaches
were later adapted to address the specific challenges of cyclic
peptides, such as conformational rigidity and backbone closure
constraints, as exemplified by AutoDock CrankPep
(ADCP)'""* and other methods.'”'* Recent advances in
deep learning—spurred by the success of AlphaFold—have led
to a paradigm shift in the modeling of both linear'>~"” and
cyclic peptides,'®"? significantly improving prediction perform-
ance across peptide classes. For cyclic peptides, dedicated deep
learning methods include HighFold'® and AfCycDesign,"”
both based on the AlphaFold architecture. Among these,
HighFold'® has consistently achieved higher Top-1 success
rates and interface-level accuracy compared to AfCycDesign'’
and classical methods such as ADCP,'"'* establishing a new
benchmark in this field.

Despite this progress, Al-based methods like HighFold are
typically deterministic, producing a single binding pose per
input. This can be limiting in cases where binding is ambiguous
or flexible, or where pose diversity and interpretability are

© 2025 The Authors. Published by
American Chemical Society
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8249
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Flexible docking of cyclic
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crucial. In contrast, methods, though generally inferior in
scoring accuracy, can offer extensive conformational sampling
that captures a broader landscape of potential binding modes.

In this work, we present a flexible docking protocol for cyclic
peptide—protein complexes that supports both local and global
docking modes. The global setup, which does not rely on prior
knowledge of the binding site, represents—to our knowl-
edge—the first such application for cyclic peptides. The
protocol builds upon the well-established CABS-dock frame-
work 7*°7** for flexible protein—peptide docking based on
coarse-grained modeling and Monte Carlo sampling. To
accommodate cyclic topologies, we extended CABS-dock
with (1) distance restraints to preserve ring closure during
sampling, (2) PD2-based reconstruction of Ca traces to all-
atom resolution,”” and (3) Rosetta FlexPepDock-based
refinement for improved backbone and side-chain accu-
racy.””*> We evaluated both docking modes on a benchmark
of 38 experimentally determined cyclic peptide—protein
complexes from the ADCP data set,’" 17 of which overlap
with the HighFold study."®

B MATERIALS AND METHODS

CABS-dock”?°™** is a multiscale molecular docking method
that employs a coarse-grained simulation engine based on the
CABS model], illustrated in Supplementary Figure 1, and uses
Replica Exchange Monte Carlo sampling to explore peptide—
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protein interactions. Within the method, the resulting models
are reconstructed to all-atom resolution. Originally developed
as a web server for global, flexible docking,”* it has since been
adapted to a range of modeling tasks, as summarized in a
review,”” including peptide docking with structural informa-
tion,”® protein—protein docking,””*® GPCR—peptide inter-
actions,”” docking involving large receptor conformational
changes,’® and peptide cleavage site prediction.”’ A standalone
version”" allows for full control over simulation parameters and
custom workflows.

To support cyclic peptides, we introduced distance restraints
to maintain the closed-ring topology of backbone-cyclized and
disulfide-cyclized peptides. These restraints were defined using
the built-in constraint system of the standalone version (See
Supplementary Methods for detailed implementation and
example syntax).

The simulation involves multiple steps, including conforma-
tional sampling, clustering, and all-atom reconstruction (see
Supplementary Figure 2). Each docking simulation generated
10,000 Ca-trace models, sampled without prior knowledge of
the binding site. The models were scored using CABS internal
energy terms, followed by structural clustering to identify the
top 10 candidates.

In this work, we applied two docking modes: global and
local. In global docking, the peptide was allowed to interact
with the entire receptor surface. In local docking, the peptide
was spatially restrained to the binding site region but remained
fully flexible during sampling. This setup follows a protocol
previously applied to linear peptides”® (see Supplementary
Methods for implementation details). Figure I presents an
example case from the benchmark, highlighting the spatial
extent of peptide sampling in global versus local docking
setups.

scoring

global docking

¢ — e
v
local docking scoring
— —
o
10 random . 10 top scored
models 7 models

Figure 1. Visualization of peptide sampling in global and local
docking modes, shown for a representative benchmark complex.

Benchmark Set and Evaluation. We evaluated the
method on 38 peptide—protein complexes from the ADCP
benchmark set,'' comprising 18 backbone-cyclized and 20
disulfide-cyclized peptides. Each complex was redocked to
both the bound (holo) and unbound (apo) receptor
conformations. Success was measured using the CAPRI-
defined Fnat metric,”> with additional ensemble analysis
based on LRMSD (details in Supporting Information).

B RESULTS AND DISCUSSION

In this work, we evaluated flexible docking of cyclic peptides to
both holo and apo receptor structures using CABS-dock, in
global and local modes. To our knowledge, this represents the
first application of global docking to cyclic peptides without
prior knowledge of the binding site. The benchmark included
38 complexes, divided into backbone-cyclized (18) and
disulfide-cyclized (20) cases. Apo forms were available for 17
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backbone-cyclized and 10 disulfide-cyclized complexes.'' For
each target, docking simulations were run in both modes, and
the top 10 models were reconstructed from Ca traces to all-
atom resolution and refined with Rosetta FlexPepDock. This
refinement step was previously applied to linear peptides in
multistage protocols for GPCR—peptide docking”™ (see
Supporting Information for details). In our benchmark, the
refined models reached acceptable quality (Fnat > 0.3) in 83%
of backbone-cyclized and 80% of disulfide-cyclized holo
complexes, with 67% and 35% reaching medium or high
accuracy (Fnat > 0.5). For apo structures, the corresponding
rates were 82% and 70%, with 56% and 50% reaching
Fnat > 0.5. These values reflect the best-performing models
selected from the top 10 scoring models in each simulation.
Full results are provided in Supplementary Tables 1 and 2.

To complement the analysis of top-scored models, we
evaluated the quality of the full CABS-dock output ensemble
(top 10,000 models per run) using LRMSD, which is more
suitable for C-alpha traces than Fnat, as it does not rely on
atom-level contact definitions and provides a reliable measure
of backbone-level structural accuracy. Average LRMSD values
on bound complexes were 3.89 A (cyclized by backbone) and
5.09 A (cyclized by disulfide bond) for global docking, and
2.65 A (backbone) and 4.23 A (disulfide) for local docking.
On unbound receptors, the respective averages were 4.76 A
(backbone) and 6.46 A (disulfide) for global docking, and 2.92
A (backbone) and 3.82 A (disulfide) for local docking. These
values confirm that even when top-scoring models miss the
native state, the full ensemble often includes high-quality
candidates (see Figure 2A).

Using the 5.5 A LRMSD threshold established by Raveh et
al.>® as a reliable basin of attraction for near-native refinement,
we found that for bound cases, acceptable structures (<S.5 A)
were present in 27 out of 38 cases (71%) with global docking,
and in 34 out of 38 cases (89%) with local docking. For
unbound cases, these numbers were 17 out of 27 (63%) for
global and 26 out of 27 (96%) for local docking.

In summary, while near-native models are frequently
generated, they are not always selected as top-ranked due to
limitations in the scoring procedure. In CABS-dock, scoring is
based on structural clustering combined with energy evaluation
in the coarse-grained CABS model. Similar scoring-related
issues—where accurate models were generated but not top-
ranked—have also been observed previously for docking of
linear peptides.”””* Figure 2A shows that more accurate
models often exist among the 10,000 generated structures than
among the top 10 selected ones, indicating that the main
limitation lies in scoring rather than sampling. Panels B and C
illustrate a representative case where a near-native model
appears in the top 10 but is not ranked first. Instead, the top-
scoring structure is a misdocked conformation, likely favored
due to its larger population and a deeper minimum in the
coarse-grained energy landscape.

Comparison with ADCP. To assess the performance of
CABS-dock relative to established docking tools, we compared
it directly with AutoDock CrankPep (ADCP)—the classical
state-of-the-art method for flexible docking of cyclic peptides
prior to the emergence of Al-based predictors. The comparison
was performed on the full benchmark set of bound (holo) and
unbound (apo) receptor structures, grouped by peptide
cyclization type: backbone or disulfide. For both methods,
results are reported for the best model among the top 10
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Percentage of acceptable models across docking stages
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Figure 2. Sampling and scoring behavior in CABS-dock. (A) Fraction
of complexes with at least one acceptable model (LRMSD < S.5 A) in
Top-10 vs Top-10k, for global and local docking and bound/unbound
receptors. (B) Energy vs LRMSD for complex 3WNE (global
docking, bound receptor). Near-native models are circled in red. (C)
Molecular visualization of the same case as in B. Top-10 predicted
models are shown, with near-native structures in green and others in
cyan. Experimental structure shown in magenta; red circles indicate
near-native models.
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scored predictions, following standard procedures from the
original ADCP study"'

For bound complexes, CABS-dock showed competitive
performance. In the backbone-cyclized subset (n = 18), it
achieved an average Fnat of 0.61, with 83% acceptable
(Fnat > 0.3) and 67% medium-quality (Fnat>0.5) predic-
tions. ADCP performed slightly better overall (avg Fnat 0.72;
100% acceptable; 78% medium), but CABS-dock out-
performed ADCP in 7 out of 18 cases, indicating comparable
strength in certain structural contexts. In the disulfide-cyclized
subset (n = 20), CABS-dock yielded an average Fnat of 0.43
(16 acceptable, 7 medium), versus 0.60 for ADCP (19
acceptable, 15 medium). Again, CABS-dock surpassed ADCP
in 7 targets, reinforcing its utility across structurally diverse or
flexible systems.

For unbound complexes, both methods showed reduced
performance due to increased receptor flexibility. The drop was
more pronounced for CABS-dock, particularly in scoring. In
the backbone-cyclized unbound set (n = 17), CABS-dock
reached an average Fnat of 0.53 (14 acceptable, 10 medium),
while ADCP maintained higher accuracy (avg Fnat 0.70; 17
acceptable; 15 medium). CABS-dock performed better on 4
targets. In the disulfide-cyclized unbound group (n = 10),
CABS-dock averaged 0.35 (7 acceptable, 2 medium),
compared to ADCP’s 0.49 (10 acceptable, 4 medium), with
CABS-dock outperforming ADCP in 3 cases.

While average performance favors ADCP, CABS-dock
consistently generates near-native models, especially in
challenging unbound scenarios, thanks to its flexible Monte
Carlo sampling. However, limitations in scoring and model
selection often prevent these models from being top-ranked.
This is further supported by Figure 2A, where a greater number
of unbound cases contain acceptable models among the Top-
10 predictions compared to the bound set. Importantly,
average performance does not capture the full picture of target-
specific variability. As shown in Figure 3, per-target Fnat values
vary widely across both methods, with each outperforming the
other in a subset of cases. This suggests that their
complementary strengths could be leveraged through selective
or combined use to improve overall reliability.

Comparison with HighFold. To evaluate the perform-
ance of CABS-dock against modern Al-based methods, we
compared it to HighFold—a recent deep learning framework
for docking cyclic peptides. HighFold has shown superior
predictive accuracy over previous methods, including Alpha-
Fold-based AfCycDesign method.'”” We used the same
benchmark set of 17 unbound backbone-cyclized protein—
peptide complexes and evaluated only the top-ranked (Top-1)
models from each method, as reported in the HighFold
study.'® Acceptable models were defined using an Fnat
threshold of 0.2, following the HighFold benchmark. This
differs from the 0.3 threshold used in earlier comparisons to
ADCP, which followed its original evaluation protocol.11

HighFold achieved acceptable predictions (Fnat > 0.2) in all
17 cases (100%), with an average Fnat of 0.82, indicating
consistently high accuracy. CABS-dock, by comparison,
reached this threshold in only 7 cases (35.3%), with an
average Fnat of 0.24. This gap reflects core methodological
differences: HighFold directly predicts refined backbone
structures using a transformer model trained on cyclic peptide
complexes, while CABS-dock relies on exhaustive sampling
with a coarse-grained model, followed by reconstruction and
refinement. Although CABS-dock generates 10,000 models per
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Figure 3. Per-target comparison of CABS-dock and ADCP (Top-10 Fnat) on bound (left) and unbound (right) complexes. Each point represents

one target; colors indicate peptide cyclization type.

run, its scoring function often fails to identify the most
accurate structures.

Nevertheless, in several cases, CABS-dock’s broad sampling
successfully recovered viable binding modes. A notable
example is the 3ZGC complex: both methods produced
acceptable Top-1 models, though none reached the medium-
quality threshold (Fnat > 0.5). This was the worst-performing
case in the HighFold benchmark, due to its unusual binding
mode—an extended peptide conformation at the receptor
rim—which is difficult for models trained primarily on pocket-
like interactions.'® HighFold, AfCycDesign, and CABS-dock all
achieved Fnat values around 0.44—0.47, while ADCP scored
lower (0.15). Importantly, CABS-dock’s Top-10 ensemble
included better-quality poses, reaching Fnat = 0.53 (unbound)
and 0.85 (bound). These results show that while CABS-dock
lags behind in Top-1 accuracy, it can still generate near-native
solutions in challenging cases. Supplementary Figure 3
illustrates this contrast across all targets, with 3ZGC emerging
as a unique outlier. Although HighFold excels in predictive
precision, CABS-dock may contribute valuable structural
diversity in hybrid or ensemble-based workflows.

B CONCLUSIONS

In this study, we present a proof-of-concept application of the
CABS-dock method for docking flexible cyclic peptides to
protein targets. The protocol employs coarse-grained Monte
Carlo sampling with distance-based restraints to mimic cyclic
topology, followed by all-atom reconstruction. This work
builds directly upon our previous studies, in which we used the
standalone CABS-flex engine to predict the structures of free
linear and cyclic peptides,”™*> as well as for docking linear
peptides to globular proteins and GPCRs.”” Here, we adapt the
same core methodology to the docking context, demonstrating
that flexible sampling can be applied to model bound-state
peptide conformations under topological constraints.
Although the overall accuracy of predicted complexes does
not match that of AlphaFold-based methods such as
AfCycDesign or HighFold, CABS-dock performs comparably
to classical methods such as ADCP, while offering a key
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advantage: the ability to explore diverse peptide conformations
under cyclic constraints. This makes it particularly useful in
exploratory modeling where binding modes are unknown, or
when structural ensembles are needed for reranking, refine-
ment, or experimental data interpretation. Unlike many AI-
based structure prediction tools, which are deterministic and
often opaque, CABS-dock offers full control over flexibility,
restraints, and sampling settings. This configurability supports
its use in integrative or hypothesis-driven modeling, especially
when peptide flexibility is biologically relevant.

Experimental evidence supports the idea that conformational
plasticity plays a key role in cyclic peptide function,
permeability, and binding specificity. At the same time,
predictors like AlphaFold often overstabilize ordered structures
and miss alternative or transient states observed by NMR or
MD?* By explicitly sampling such conformational alternatives,
CABS-dock has the potential to address this gap. While our
evaluation focused on local docking near known interfaces, the
method also supports global docking without prior knowledge
of the binding site—making it applicable to challenging or
noncanonical targets. Although its Top-1 ranking accuracy
remains lower than that of state-of-the-art Al models, near-
native solutions often appear in the generated ensembles,
underscoring its value in hybrid or ensemble-based pipelines.

Looking ahead, further development could include guiding
sampling with experimental restraints (e.g, from NMR or
cross-linking) and improving model selection using physics-
based or machine learning scoring. As such, CABS-dock should
be seen not only as a docking tool, but also as a generator of
diverse, physically plausible conformational states. This
flexibility, combined with support for both local and global
docking under cyclic constraints, gives it unique utility in
exploratory modeling, data integration, and studies of systems
where structural heterogeneity is functionally important.

B ASSOCIATED CONTENT

Data Availability Statement

Detailed instructions for reproducing the docking protocol are
provided in the Supporting Information of the paper. The
standalone version of CABS-dock used in this study is available
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at https://bitbucket.org/lcbio/cabsdock. All output structures
corresponding to the Top-10 predicted models for each target
are available in the associated GitHub repository: https://
github.com/ZalewskiMa/CABSdock-cyclic.

© Supporting Information

The Supporting Information is available free of charge at
https://pubs.acs.org/doi/10.1021/acs.jctc.5c0099S.

Detailed descriptions of the docking workflow, input
preparation, and reconstruction/refinement protocols
used in this study; comprehensive tables reporting
docking performance across all benchmark cases; and
schematic figures illustrating the CABS model and
simulation steps (PDF)
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3.3. [A3] Metoda oceny modeli kompleksow bialko-peptyd pochodzacych z
dokowania gruboziarnistego oparta na dynamice molekularnej

3.3.1. Wprowadzenie do [A3]

Punktem wyj$cia dla tego projektu byto jedno z kluczowych ograniczen metody CABS-dock,
ktoérym - jak omowitem szerzej w sekcjach 3.1.1 oraz 3.2.1 niniejszej rozprawy na przyktadzie
prac [Al] i [A2] - pozostaje problem selekcji najlepszych modeli sposréd duzych zbiorow
zawierajacych poprawne konformacje. Juz na etapie wczesniejszych badan wykazatem, ze
metody gruboziarniste, mimo skutecznosci w generowaniu modeli zawierajacych rozwigzania
bliskonatywne, charakteryzuja si¢ ograniczong zdolno$cig do trafnej selekcji najlepszych
konformacji przy uzyciu standardowych procedur oceniania. W pracy [A3] skoncentrowatem
si¢ na przetestowaniu podejScia polegajacego na wykorzystaniu krotkich symulacji dynamiki
molekularnej (MD) jako dodatkowego etapu selekcji modeli. W realizacji tego projektu
petilem wiodaca rolg jako pierwszy autor. M¢j wkilad obejmowal przede wszystkim
przygotowanie i przeprowadzenie obliczen, analize wynikow oraz przygotowanie wizualizacji,
a takze wspotudziat w opracowaniu szczegdélowych zatozen metodycznych oraz w procesie
redakcji manuskryptu.

Celem pracy [A3] byto opracowanie uproszczonego, praktycznego schematu wykorzystania
dynamiki molekularnej do oceny interakcji biatko-peptyd, przy zachowaniu rozsadnego kosztu
obliczeniowego. Glownym zatozeniem bylo zastosowanie krotkich symulacji MD jako
narzedzia poprawiajacego selekcje modeli bez potrzeby wielogodzinnych symulacji
produkcyjnych typowych dla klasycznych protokotow MD. Podstawy teoretyczne oraz
zatozenia metodyczne symulacji dynamiki molekularnej zostaty przeze mnie omowione w
rozdziale 2.3.1.

Do realizacji tego celu wykorzystatem zbior 66 kompleksoéw biatko-peptyd pochodzacych ze
standardowego zbioru testowego CABS-dock?’, obejmujacego szeroki zakres scenariuszy
wigzania, w tym zaréwno proste uktady, jak 1 bardziej ztozone przypadki o duzej r6znorodnosci
konformacyjnej. Wszystkie kompleksy pochodzity z globalnego dokowania peptydow do
biatek.

Procedura obejmowata rekonstrukcje petnoatomowa modeli CABS-dock przy uzyciu
narzedzia Modeller®®, po czym kazdy model poddawany byt krétkim symulacjom MD w
srodowisku wodnym, z zastosowaniem restrykcji potozenia atoméw Ca zar6wno peptydu, jak
1 biatka receptora, co pozwalalo ograniczy¢ globalne zmiany konformacyjne ukladu i
skoncentrowaé analiz¢ na stabilno$ci oraz jakosci oddziatywan w obrebie interfejsu biatko-
peptyd. Symulacje przeprowadzitem z uzyciem trzech roznych pol sitowych: dwoch
petnoatomowych (CHARMM oraz AMBER) oraz gruboziarnistego MARTINI. Nastepnie dla
kazdego modelu obliczatem $rednig energi¢ oddziatywania biatko-peptyd wyznaczong na
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podstawie ostatnich klatek trajektorii, a takze koncowe wartosci RMSD peptydu wzgledem
eksperymentalnej struktury krystaliczne;.

Wyniki przeprowadzonych analiz pokazaty, ze ocena modeli oparta na krotkich symulacjach
MD moze pozwoli¢ na lepsze rozrdéznienie modeli wysokiej jakosci niz klasyczna funkcja
oceny CABS-dock oparta na analizie skupien (klastrowaniu strukturalnym). Najwigksze
korzy$ci zaobserwowa¢ mozna bylo przy ocenie zestawow 100 najlepszych modeli, gdzie
procedura oceny oparta na MD z uzyciem pdl sitowych CHARMM oraz AMBER
identyfikowata znacznie wigksza liczb¢ modeli o nizszym RMSD wzgledem struktury
natywnej w przedziale 1-4 A. W zestawach 10 najlepszych modeli zjawisko to bylo mniej
wyrazne, ale rowniez widoczne dla modeli wysokiej jakosci (RMSD <2 A). Szczegoty analizy
skutecznos$ci procedury oceny opisane zostaty w rozdziale Results and Discussion publikacji
[A3]. Wybrane przyktady dziatania tego podejscia zostaty zilustrowane na Rysunku 5, ktory
przedstawia wyniki rankingdw modeli dla trzech kompleksow biatko-peptyd. W tych
przypadkach dodatkowy etap krétkich symulacji MD pozwolit na lepsze wyrdznienie modeli
o niskich wartosciach RMSD niz klasyczna procedura oceny CABS-dock, co potwierdza
praktyczng przydatno$¢ takiego podejscia jako filtra wspomagajacego selekcje modeli.
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Rysunek 5. Przyktady dziatania procedury oceny opartej na krétkich symulacjach MD. Na
panelach (A-C) pokazano histogramy wartosci RMSD modeli wygenerowanych w zbiorze
testowym CABS-dock dla trzech wybranych komplekséw (PDB ID: 1ntv, 1t7r 1 3bfq). Panele
(D-1) przedstawiaja zalezno$¢ energii oddziatywania od RMSD obliczonych dla modeli w
trakcie etapu oceny z uzyciem pol sitowych AMBER i CHARMM - czerwone i pomaranczowe
punkty odpowiadaja modelom najlepiej ocenionym w zestawach Top 10. Panele (J-L) pokazuja
poréwnanie najlepszego modelu wybranego na podstawie funkcji oceny CABS-dock
(niebieski) i modeli wybranych po zastosowaniu oceny opartej na symulacjach MD (czerwony
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- AMBER, pomaranczowy - CHARMM) z eksperymentalng strukturg peptydu (zielony).
Zrodto: [A3].

Przeprowadzona zostata rowniez dodatkowa analiza, ktorej celem bylo zbadanie wptywu
jakos$ci rekonstrukcji struktury biatka receptora na skuteczno$¢ oceny modeli opartej na
symulacjach MD. Dla kazdego kompleksu biatko-peptyd wykonano dodatkowe symulacje, w
ktorych jedynie zrekonstruowang struktur¢ receptora zastgpiono jego eksperymentalng
strukturg krystaliczng. Wyniki jednoznacznie wykazaty, ze doktadno$¢ modelu receptora ma
kluczowe znaczenie dla oceny energetycznej - zastosowanie struktury eksperymentalnej
prowadzito do znacznego wzrostu udziatu modeli o niskim RMSD wsrod najlepiej ocenianych
energetycznie.

Interesujacym elementem badan byta rowniez analiza porownawcza procedur oceny opartych
na roznych polach sitowych. W przypadkach modeli wysokiej rozdzielczos$ci najwigksza
skuteczno$¢ wykazaty pola AMBER oraz CHARMM, przy czym CHARMM wykazywat nieco
lepsze wyniki dla modeli w przedziale RMSD 2-4 A. Ocena oparta na MARTINI okazata si¢
mniej skuteczna w selekcji najlepszych modeli w zestawach Top 10, natomiast byla
poréwnywalna do metod petnoatomowych w szerszych zestawach Top 100. Szczegdtowe dane
liczbowe oraz wykresy znajduja si¢ w materiatach uzupetniajacych do publikacji [A3].

Kluczowa warto$cig opracowanego podejscia byla mozliwos¢ wykorzystania stosunkowo
niedrogich obliczeniowo symulacji MD jako praktycznego narzedzia wspomagajacego
selekcje modeli w zadaniach dokowania peptydéw. Cho¢ metodologia ta nie rozwigzuje
problemu jakos$ci rekonstrukcji, ani nie zastepuje kompleksowej oceny fizykochemicznej,
pokazuje, ze proste symulacje MD moga znaczaco poprawi¢ selekcje modeli bez znacznego
wzrostu kosztu obliczeniowego. Dalsze usprawnienia mozna byloby prawdopodobnie osiaggnac
poprzez poprawe procedur rekonstrukcyjnych oraz zastosowanie bardziej zaawansowanych
schematow optymalizacji geometrii na etapie odbudowy modeli.

Uwazam, ze praca [A3] dobrze ilustruje potencjat taczenia szybkich metod dokowania z
lekkimi symulacjami MD w ramach hybrydowych, wieloetapowych protokotéw. Takie
podejscie nie konkuruje z metodami opartymi na sztucznej inteligencji, ale moze je uzupehiac
- jako dodatkowy etap walidacji 1 filtrowania duzych zbioréw modeli. W mojej ocenie w erze
Al tego typu procedury pozostaja wartosciowe wszedzie tam, gdzie konieczna jest ocena wielu
konkurencyjnych hipotez strukturalnych lub uzyskane modele budza watpliwos$ci i wymagaja
szybkiego odrzucenia najbardziej btednych konformacji. Metoda opracowana w pracy [A3] nie
zostala jednak wykorzystana w moich kolejnych publikacjach gléwnie z powodow
praktycznych - wymagataby ona czasochtonnej rekonstrukcji pelnoatomowej 1 dodatkowych
symulacji, co znacznie zwigkszaloby koszt obliczeniowy przy pracy na duzych zbiorach
modeli.
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3.3.2. Artykul [A3]
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Abstract: One of the major challenges in the computational prediction of protein—peptide complexes
is the scoring of predicted models. Usually, it is very difficult to find the most accurate solutions out
of the vast number of sometimes very different and potentially plausible predictions. In this work, we
tested the protocol for Molecular Dynamics (MD)-based scoring of protein-peptide complex models
obtained from coarse-grained (CG) docking simulations. In the first step of the scoring procedure,
all models generated by CABS-dock were reconstructed starting from their original C-alpha trace
representations to all-atom (AA) structures. The second step included geometry optimization of the
reconstructed complexes followed by model scoring based on receptor-ligand interaction energy
estimated from short MD simulations in explicit water. We used two well-known AA MD force
fields, CHARMM and AMBER, and a CG MARTINI force field. Scoring results for 66 different
protein—peptide complexes show that the proposed MD-based scoring approach can be used to
identify protein—peptide models of high accuracy. The results also indicate that the scoring accuracy
may be significantly affected by the quality of the reconstructed protein receptor structures.

Keywords: model scoring; protein—peptide docking; molecular dynamics; CABS-dock; coarse-
grained docking

1. Introduction

Protein—peptides interactions play essential roles in many cellular processes, and in
recent years peptides have become attractive scaffolds for the design of new therapeu-
tics [1]. Therefore, understanding the protein—peptide interactions and peptide-binding
mechanisms is an important subject of theoretical and experimental research.

Computational prediction of protein—peptide complexes using molecular docking is a
very challenging task [2]. First of all, peptides are very flexible molecules. Even relatively
short peptides can adopt many distinct conformations and even marginal changes of their
amino acid sequences may significantly alter their structure and dynamics. Additionally,
even small changes in protein receptor three-dimensional structures can have qualitative
effects on the binding mechanisms, binding energy, and structures of resulting complexes.
For these reasons, molecular docking based on classical MD protocols is computationally
extremely costly and, in most cases, not practical. Numerous approaches based on CG
modeling strategies have been employed to deal with conformational sampling difficulties.
For instance, the Rosetta FlexPepDock method [3] has proven quite effective in docking
flexible peptides, providing the binding site can be approximately pre-assumed. On the
contrary, another CG method, CABS-dock [4-6], enables simulations of global docking
with the efficient exploration of docking poses over the entire receptor protein surface.

CABS-dock treats peptide ligands as fully flexible chains. The method allows for mod-
eling structural changes of the receptor protein that are induced by peptide binding [6-8].
Appropriate coarse-graining of the protein/peptide structure and a very efficient Monte
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Carlo sampling of the system dynamics enable an exhaustive search of the conformational
space and unrestrained docking of even quite long peptides (or small proteins). Several
peptides can be docked simultaneously [9]. Of course, coarse-graining of conformational
space and inevitable smoothening of energy surface (CABS uses knowledge-based statis-
tical potentials—see the Materials and Methods section and References for more details)
leads to imprecise energy scaling of the docked structures. Standard CABS-dock protocols
generate a large number of protein—peptide structures, which are subject to CABS-energy
ranking and structural clustering of the results. Usually, it is possible to identify a set of
1000 docking results containing a good resolution of the structure/s (close to the native
structure) of the protein—peptide complex [4-6], although a selection of the single best
structure is essentially impossible.

The problem of scoring protein—peptide poses is one of the major challenges in the
field of molecular docking [2]. Scoring functions for protein-ligand docking can be divided
into four categories [10]: physics-based using classical force field; empirical, with the
binding affinity estimated by counting various protein-ligand interactions; knowledge-
based, derived from statistics of close contacts observed in a representative set of protein—
ligand structures; and machine-learning, where binding affinity is predicted with machine-
learning algorithms (random forest, deep-learning, etc.). Since every class of scoring
functions has its limitations, the most efficient are hybrid scoring methods, based on mixed
functions [2,10]. The majority of protein—peptide docking tools—such as Rosetta FlexPep-
Dock [3,11], HADDOCK [12], PyDockWEB [13], pepATTRACT [14], CABS-dock [4], and
BiPPred [15]—use energy-based scoring that employs physics or knowledge-based terms,
or their combination [2]. Some of those methods improve structure selection by predic-
tions based on sequence similarities [15], template structure comparison [16], mutagenesis
data [17], coevolution information [18], or structural clustering [4,6].

In this paper, we describe and test the MD-based strategy for scoring protein—peptide
complex models provided by the CABS-dock method. The scoring is based on protein—
peptide interaction energy values estimated from a series of short MD simulations for
the sets of 1000 predicted models. Extensive MD simulations for this large number of
evaluated models would be extremely computationally expensive, and at least for this
reason not practical. Therefore, we propose a simpler, and as we show quite effective,
protocol for ranking the large number of CG CABS-dock models using AA MD. First, we
use the Modeller method [19] for reconstructions of atomistic structures of protein—peptide
complexes. Next, these reconstructed structures are submerged in a water environment
and subjected to short MD simulations with restrained C-alpha positions. These short
simulations lead to a better arrangement of the amino acid side chains. Two AA force fields,
CHARMM and AMBER, and the MARTINI CG force field are used. This way, the original
CABS-dock models can be re-scored using calculated values of protein—peptide interaction
energy. Finally, we analyze the quality of obtained best models in the sets of 10 and 100
top-scored models, respectively, and compare them with the original CABS-dock scoring
results based on structural clustering.

Additionally, we investigate the impact of the quality of reconstruction of protein
receptor structure (mainly proper packing of protein side-chains) on the calculated protein-
peptide interaction energy values and the resulting scoring accuracy. For this purpose,
in all analyzed molecular models of protein—peptide complexes (reconstructed to AA
representation), the structures of receptor proteins were substituted by their original AA
crystal structures and the scoring procedure was repeated for all systems.

2. Results and Discussion
2.1. Comparison of MD-Based Scoring with CABS-Dock Scoring

An appropriate set of protein—peptide structures is needed to evaluate the performance
of the scoring method. In particular, the benchmark set should contain a large population
of alternative structural models of different protein-peptide complexes, with peptides that
exhaustively sample the conformational space within the receptor binding site and its
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vicinity. For this purpose, we have chosen docking results for 66 unique protein—peptide
complexes from the CABS-dock simulations [20]. The selected benchmark set includes
high-resolution models for which calculated RMSD values for the C-alpha atoms of bound
peptide ligands were below 4 A when compared to the crystal structures. The different
distribution profiles of RMSD values (see the first column in Supplementary Materials,
Figure S1) indicate distinct ligand sampling patterns for the analyzed complexes, which
should be taken into account when interpreting the scoring results.

In this work AA and CG MD simulations are used to score a large number of molecular
models of protein—peptide complexes. All models were scored according to their energy of
protein—peptide interactions estimated based on short MD simulations in explicit solvent.
During the MD simulation, positional restraints were imposed on C-alpha atoms. This
way, the geometries of amino acid side chains were optimized and the initial positions
and conformations of the protein—peptide backbones were maintained during the MD
simulations. The measured changes in RMSD values for C-alpha atoms of peptide ligands
were small, not exceeding 1 A for structures resulting from the AA MD and 1.8 A for the
CG MD simulations. To account for even small changes in peptide ligand conformation
the RMSD values for the bound peptides were recalculated after each MD simulation. The
observed relations between the measured RMSD values and interaction energy values
for the group of 66 protein—peptide complexes are shown in Supplementary Materials,
Figure S1.

The same MD-based scoring procedure was used to calculate the protein—peptide
interaction energy for the crystal structures taken from the PDB database and used as
reference structures for all scored complexes. Obtained energy values were marked on the
plots with red dots (see Supplementary Information, Figure S1). Interestingly, only in 7
out of 66 analyzed crystal structures, the estimated protein-peptide interaction energy for
crystal structures was lower than the interaction energy calculated for all the predicted
models (PDB ID: liak, 1n7f, 1nln, Intv, 1lou§, 2hpl, and 3bwa). Additionally, for complexes
having a significant population of models with bound peptide ligands located inside the
receptor-binding site or in its vicinity (e.g., PDB ID: 1d4t, 1w93, 2dze, 3bfq), the interaction
energies calculated for the crystal structures were lower than the interaction energies
calculated for most of the predicted models.

The scoring results obtained using three different force fields (AMBER, CHARMM,
and MARTINI) are compared to CABS-dock benchmark data in Figure 1. Upper panels
(Figure 1A-C) show the analysis for 10 top-scored models, and lower panels (Figure 1D-F)
show the analysis for 100 top-scored models. At the top of each panel, a plot shows RMSD
values for the most accurate model out of 10 or 100 top-scored models for each of 66 protein—
peptides complexes. The vertical y-axis corresponds to CABS-dock-derived RMSD values,
whereas the horizontal x-axis corresponds to RMSD values calculated using the MD-based
scoring procedure. Dots marked with the color green, which are positioned above the
black diagonal line, indicate models characterized by lower RMSD values obtained using
MD-based scoring. Similarly, red dots, positioned below the black diagonal line, indicate
models with the lower RMSD values derived using the CABS-dock scoring approach. At
the bottom of each panel, a bar plot shows the number of identified models with lower
RMSD values using either the MD-based scoring procedure or the CABS-dock method
calculated for 0.5 A intervals.
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Figure 1. Comparison of MD-based versus CABS-dock scoring. The scoring data for 66 different
protein—peptide complexes is shown. MD-based scoring was performed using three different force
fields: AMBER, CHARMM, and MARTINL Panels (A-C) show results obtained for sets of top
10 models, and panels (D-F) show results for sets of top 100 models. The plot at the top of each panel
(A-F) shows RMSD values for best rank models according to the MD-based scoring method (color
green) vs. RMSD values obtained for CABS-dock models (color red). At the bottom of each panel,
the bar plot shows the number of models with the lower RMSD values identified using either the
MD-based scoring method (color green) or using the CABS-dock scoring scheme (color red) for 0.5 A
intervals. Plots made based on data from Table S1.
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Scoring results for the sets of 10 top-scored models indicate that the proposed MD-
based scoring procedure using AA force fields of AMBER and CHARMM delivers more
accurate scoring results than the default CABS-dock scoring. This is true for high-resolution
complex structures with RMSD values below 2 A (Figure 1A,B). Additionally, for iden-
tified models with resolution above 2 A, scoring based on CHARMM parametrization
performs slightly better than CABS-dock. In contrast, CABS-dock performs better for mod-
els above 2 A when compared to MD-based scoring employing AMBER parametrization
(Figure 1A,B).

When comparing the sets of 100 top-scored models, one can see the AA MD-based
scoring approach’s superiority over the CABS-dock scoring. In the considered range
of RMSD values from 0 to 6 A, the AA MD-based procedure identified a significantly
larger number of models with lower RMSD values when compared to CABS-dock results
(Figure 1D,E).

In contrast to scoring results obtained using AA MD simulations, the CABS-dock
scoring method shows much better performance when compared to scoring employing
CG MARTINI force filed for sets of top 10 models, whereas both scoring methods showed
similar accuracy for ranking sets of top 100 models (Figure 1C,F).

An example of ranking results for the three protein—peptide complexes for which
the AA MD-based scoring procedure provided more accurate results than the default
CABS-dock scoring method is shown in Figure 2. Distribution plots of RMSD values
calculated for C-alpha atoms of bound peptides are included in panels A, B, and C. As
demonstrated, the sets of models for the first two systems (PDB IDs: Intv, 1t7r) have a
similar distribution of RMSD values in the range from 2 to 12 A, which means that the
docked ligand extensively samples the receptor-binding site and its vicinity (Figure 2A,B).
The set of models for the third complex (PDB ID: 3bfq) shows a bimodal RMSD distribution
pattern with two noticeable peaks (Figure 2C). For the majority of the docked peptides, the
calculated RMSD values fall within two separate bins, the first ranging from 1 to 4 A and
the second ranging from 28 to 32 A. Those two clusters suggest that the peptide ligand
can accept two distinct binding modes: one that closely resembles the reference structure;
and another one located on the protein surface at a considerable distance from the receptor
protein binding site.

Two plots showing RMSD values and corresponding interaction energy values cal-
culated using AMBER and CHARMM parametrization for each scored set of models are
presented in Figure 2D-1. The correlation between low values of interaction energy with
low RMSD values calculated for bound peptides allows identification of the high accuracy
models in the sets of top 10 models (red and orange dots).

The three peptide ligands in analyzed systems have similar peptide chain lengths
(Intv: 10 aa, 1t7r 10 aa, and 3bfq 15 aa), but when forming a complex, they adopt different
secondary structures, including a coil-like conformation, a short x-helix, and an extended
conformation forming a long (3-sheet with parts of protein receptor. In Figure 2, in the
bottom panels J, K, and L, top-scored models are compared with experimental structures.
In the three presented systems, the proposed MD-based scoring procedure identified more
accurate models than the CABS-dock scoring. The differences for the lowest RMSD values
calculated for the set of top 10 models were above 1 A in the case of Intv and 1t7r systems
and about 2 A in the 3bfq system.

-67 -



Molecules 2021, 26, 3293

6 of 13

~ RMSD distribution of INTV models

A12° | | | | |

‘
100 :

8

Number of models
8

]

[~
o

| I | |
0 [n Ill "I II.‘I-_:

01234567 89101112131415161718
RMSD (A)

AMBER scoring

v

Interaction energy [k)/mol]

-900
0 2 4 6 8 10 12 14 16 18
RMSD (A)
G 0 CHARMM scoring
3
E
=
2
&
o
c
o
c
2
=
]
@
S
E
-900
L]
-1000

[} 2 4 6 8 10 12 14 16 18

J RMSD (A)

i,

01234567 809101112131415161718
RMSD (&)

8

Number of models
3

_AMBER scoring

m
o

)

E

-~

2

g

c

o

s

2

©

=

o

]

E

-800 .
0 2 4 6 8 10 12 14 16 18
RMSD{A)

H 0 CHARMM scoring
| R

5

E

-~

2

&

o

c

o

£

-]

B

[

@

E
| @] o | ¢

800 {3 !

0 2 4 6 8 10 12 14 16 18

K RMSD (&)

C =

70

RMSD distribution of 3BFQ models

Number of models
8

=5 ;..||I||l..||I|I|||||I ool |
12 16 20 24 28 32 36 40

RMSD (&)

0 4 8

AMBER scoring
*

-n
o

8

Interaction energy [kJ/mol]
5 3
8 3

&

8
o
i

B
8

16 20 24 28 32 36 40

RMSD(A)

0 4 8 12

CHARMM scoring

—
(=]

-1000 -

Interaction energy [ki/mol]

-1200 555

-1400 - -
0 4 8 12 16 20 24 28 32 36 40
L RMSD(A)

® AMBER 2.31 A
- CHARMM 2.37 A
e CABS-dock 3.44 A

= =

RMSD:

e AMBER 1.49 A
CHARMM 1.26 A

® CABS-dock 2.66 A

RMSD:

o AMBER 1.5 A
CHARMM 1.32 &

® CABS-dock 3.27 A

Figure 2. Examples of the MD-based scoring results. Ranking results for three complexes, Intv, 1t7r, and 3bfq, are shown.
In panels (A—C) histograms of RMSD values calculated for model set derived from CABS-dock benchmark [20] are shown.
Plots presenting RMSD values and corresponding interaction energy values calculated using AMBER and CHARMM force
fields are shown in panels (D-I). Panels (J-L) show visualization of the best model found in the set of top 10 models for
each of three complexes: CABS-dock model—color blue, the model scored using AMBER—color red, the model scored
using CHARMM-—color orange. For comparison, the crystal structure of peptide ligand is also displayed—color green.
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2.2. Substitution of a Protein Receptor with Its Crystal Structure and Its Impact on
Scoring Results

The CABS method uses discretized coordinates and a simplified representation of
the protein chain. It allows very fast and efficient sampling of conformational space,
which gives an advantage over other existing methods dedicated to protein—peptide
docking. Docked ligands are fully flexible, and some structural changes are also allowed
for receptor proteins that facilitate complex formation. However, this approach requires
the reconstruction of full atomic details from C-alpha trace representation at the last
stage of the docking procedure. This step is conducted using the Modeller method [19].
Unfortunately, the reconstruction process does not always assure the high quality of the
local structure. This is due to inaccuracies in the C-alpha trace positions in the CG models
and sometimes is not an optimal reconstruction of the backbone and side-chain positions
(see our review [21]).

The molecular models of protein—peptide complexes used in this study were taken
from the CABS-dock benchmark conducted for peptide-bound systems. It means that
the initial structure of the receptor protein used for docking was taken directly from
the protein—peptide crystallographic structure and presented bound conformation of the
receptor protein. However, all resulting complex models contained a protein receptor
whose structure was slightly different from its initial bound conformation due to the above-
mentioned features of the CABS model, namely receptor flexibility during simulation
followed by its reconstruction to AA representation. To analyze the effect of the changes in
receptor structure (with respect to the input crystal structure) on the scoring results, we
repeated the scoring procedure using AA MD with one modification—the receptor protein
in scored complexes was replaced by the original structure taken from the crystallographic
structure of the receptor—protein complex.

The ranking results indicate that the usage of receptor crystal structures significantly
improves the scoring accuracy when compared to the CABS-dock driven data (see Figure 3).
For scoring of sets of top 10 models, the MD-based procedure was able to find on average
twice as many models presenting lower RMSD values in the RMSD range from 1 to 3 A
and in the range from 1 to 3.5 A using AMBER and CHARMM parameters, respectively
(Figure 3A,B). The data indicate that atomistic details of the receptor protein play a crucial
role in estimating receptor-ligand interactions energy values, and even minor structural
details may significantly impact the measurements. Ranking results for identified models
with RMSD values above 4 A show a similar performance to the AA MD-based and
CABS-dock scoring approaches. Both methods were able to identify a similar number of
best-scored models in analyzed RMSD intervals.

The AA MD-based scoring procedure showed a much better performance for scoring
of sets of top 100 models. In the RMSD range from 1 to 4 A, the significant majority
of models presenting lower RMSD values were identified using the proposed scoring
procedure. Besides, for less accurate complex structures presenting RMSD values above
4 A, for about 2/3 of all analyzed cases, MD-based scoring was also able to deliver models
with lower RMSD values.

The scoring results obtained using experimental receptor structures in the modeled
complexes strongly suggest the need to improve all atom models’ reconstruction techniques
and/or optimization strategies. In our experience, the improvement can be conducted
primarily by enhancing the accuracy of backbone reconstruction since it significantly affects
the subsequent side-chain reconstruction and energy-based scoring, as demonstrated in
protein structure prediction [21,22]
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Figure 3. Comparison of MD-based versus CABS-dock scoring after substitution of a protein receptor
with its crystal structure. The scoring data for 66 different protein-peptide complexes is shown. MD-
based scoring was performed using two different force fields: AMBER and CHARMM. Interaction
energy for each complex model was calculated using receptor—protein conformation derived from its
crystal structure used in the CABS-dock benchmark (see Materials and Methods section for details).
Panels (A,B) show results obtained for sets of top 10 models, and panels (C,D) show results for sets
of top 100 models. The plot at the top of each panel (A-D) shows RMSD values for best rank models
according to the MD scoring method (color green) vs. RMSD values obtained for CABS-dock models
(color red). At the bottom of each panel, the bar plot shows numbers of models with lower RMSD
values identified using either the MD scoring method (color green) or using the CABS-dock scoring
scheme (color red) for 0.5 A intervals.
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3. Materials and Methods
3.1. The CABS-Dock Data Set

CABS-dock is an efficient method for global docking of peptides to known (or ap-
proximately known) receptor—protein structures. The CABS-dock is available as the web-
server [4,5] or the standalone application [23]. In recent years, CABS-dock has been
applied or extended to different modeling tasks. These include peptide docking with large
structural changes of the receptor structure and disordered structures [7,8], docking with
protein—peptide contact information [20], docking of peptides to GPCR structures [24] (see
also recent review on CABS-dock development and applications [6]), and identification of
peptide cleavage sites for protease—substrate systems [9].

For the docking simulations, CABS-dock uses the CABS CG model [25] based on an ef-
ficient Monte Carlo dynamics sampling scheme and knowledge-based statistical potentials
describing interactions of amino acid united atoms (2—4 united atoms representing single
residues, see review [26]). The water environment is treated in an implicit fashion where
the solvent effects are encoded in burial and contact potentials describing interactions of
united atoms. Such knowledge-based potentials work surprisingly well, although such a
model of interactions is certainly imprecise and biased by “average” docking conditions.
Consequently, while a subset of preferable docking results can be identified with an accept-
able credibility, the best docking results are difficult to identify. Therefore, a better ranking
of the docking results is highly desirable.

By default, CABS-dock generates 10,000 predictions in C-alpha trace representation of
protein—peptide structures. The CABS-dock scoring procedure leads to the sets of 10 or
100 top-scored models and consists of two steps. First, 1000 top-scored models are selected
based on CABS CG energy values (100 models having the lowest interaction energy are
selected from every 10 replicas of a simulated system). Second, a set of 1000 top-scored
models is subjected to structural clustering using a k-medoids algorithm, with the number
k of clusters equal to 10 or 100, thus leading to 10 or 100 top-scored models.

In this work, we used the sets of models obtained from the CABS-dock docking
protocol described by Blaszczyk et al. [20]. The protocol was validated on the PeptiDB
benchmark set and the accuracy of individual docking cases was described in the Supple-
mentary Information of the work [20]. Our working hypothesis is that MD-based scoring
can distinguish high-accuracy models from medium-resolution models. To test this hypoth-
esis, we selected the set of 66 different protein—peptide complexes presenting substantial
content (at least a few or more) of high-accuracy models in the set of 1000 top-scored
low energy models from the bound dataset. For each protein—peptide complex, the set of
1000 top-scored structures in C-alpha trace format was used as the input for the scoring
procedure. For the list of all protein—peptide complexes (including PDB IDs) used in this
study see Table S1.

3.2. Molecular Dynamics Scoring of Docking Results

The major stages of the scoring procedure are shown in Figure 4. The scoring has been
conducted for 66 different protein—peptide complexes using the sets of 1000 molecular
models predicted for each complex. First, complex structures in each set of models were
reconstructed from C-alpha traces to their atomistic structures. The reconstruction was
conducted using a Modeller-based protocol [19,27]. Next, for each analyzed complex,
protein—peptide interaction energy was estimated for all models during short MD sim-
ulation using three different force-fields, two of the atomic resolution, CHARMM [28]
and AMBER [29], and the CG MARTINI force-field [30]. Initially, each reconstructed AA
structure of a complex was inserted in the cubic simulation box and solvated with water
molecules. The simulation box dimensions were assigned for each system, considering
the protein—peptide complex’s size to prevent interaction of simulated molecules with
its periodic images. The specific number of ions was added to neutralize the system
charge necessary for the particle mesh Ewald (PME) procedure [31] used to calculate
electrostatic interactions.
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Figure 4. Main stages of the model scoring procedure. Scoring procedure includes: (i) reconstruc-
tion of C-trace models to AA representation; (ii) MD simulations of protein—peptide complexes in
water environment using CHARMM, AMBER, and MARTINI parametrization; (iii) model scoring:
calculation of protein—peptide interaction energy and RMSD values for bound peptide ligands.

CHARMM and AMBER-based scoring of AA models was conducted using the fol-
lowing procedure: First, the geometry of the system was optimized during 2000 steps of
steepest descent algorithm. During the optimization, C-alpha atoms were kept at their
initial positions to prevent distortions of the analyzed structure. In the next step, 100 ps MD
simulations were conducted with position restraints using force constant 1000 k] / (mol*nm?)
imposed on C-alpha atoms of both the receptor protein and the peptide ligand. The simula-
tion time step was 2 fs. Trajectory frames were recorded every 2 ps. The periodic boundary
conditions were used. The temperature was set to 300 K and pressure was maintained at
1013 hPa. Long-range electrostatic interactions were approximated by the PME method [31]
with a cutoff of 1.2 nm and hydrogen bonds were restrained using the LINCS algorithm [32].
In the last step, interaction energies were estimated for each of the last 25 frames of the
recorded trajectory (which corresponds to the simulation period of 50 to 100 ps) as the sum
of the energy of electrostatic and van der Waals interactions between protein and bound
peptide. Average values of interaction energy were used to rank the analyzed model. The
structure of the simulated complex derived from the last frame of the simulation trajectory
was superimposed on its crystal structure (based on coordinates of receptor protein atoms
only) and RMSD value was calculated for C-alpha atoms of the bound peptide.

A similar procedure for calculating the protein—peptide interaction energy described
above was used for systems simulated in CG representation using the MARTINI model.
Systems in atomistic coordinates were translated into CG representation and corresponding
topologies were created using the martinize.py program. After optimization of the system
geometry (1000 steps of the steepest descent algorithm), MD simulation was conducted with
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position restraints imposed on BB united atoms using force constant 1000 kJ /(mol*nm?).
Due to the CG representation of the MARTINI model, a longer simulation step of 20 fs
was used and the simulation for each analyzed model lasted 10 ns. A set of simulation
parameters dedicated to the MARTINI force field was applied [33]. Trajectory frames were
recorded every 20 ps. Simulations were conducted at temperature 310 K. Receptor-peptide
interaction energy was calculated based on 250 trajectory frames recorded during the
simulation time from 5 to 10 ns. The structure of the protein—peptide complex resulting
from MD simulation was compared to the crystal structure, and RMSD value was calculated
for BB united atoms of the bound peptide.

Calculated interaction energy and RMSD values for each model were used to rank
sets of molecular models for 66 protein—peptide complexes. Results were presented for
the best model in sets of top 100 models (model presenting the lowest RMSD value for
peptide molecule out of 100 models scored with the lowest interaction energy value) and
for the best model in the set of top 10 models (model presenting the lowest RMSD value
for peptide molecule out of 10 models scored with the lowest interaction energy value).
Finally, ranking results were compared to CABS-dock scoring (the lowest RMSD values
for the sets of top 100 models and sets of top 10 models) based on structural clustering
of the set of 1000 generated models for each protein—peptide complex (the CABS-dock
data set). All simulations and data analysis were performed using the Gromacs program
suit version 5.1.4 [34]. The VMD software version 1.9.4 was used for visualization of the
obtained complex structures.

To investigate how the reconstruction quality of the receptor structure may impact
the scoring results, we repeated the whole scoring procedure using AA force-fields for all
66 systems with one significant modification. In each scored complex model (resulting
from CABS-dock docking simulation), the protein receptor structure was replaced by its
crystal structure (derived from PDB database and also initially used as input for CABS-dock
docking procedure). Scoring results were compared to previously collected data.

4. Conclusions

Efficient molecular docking of peptide ligands to protein receptors is a highly expected
and necessary tool for a deeper understanding of many important molecular biology
problems and, in particular, for the efficient design of new peptide-based drugs and
therapies. Classical molecular docking tools have proven to be very efficient in studies
of the interaction of small ligands with proteins and protein complexes, provided that
the receptor structure is not significantly changed upon the docking and the binding
site is approximately known. Peptides are specific ligands because they can adapt to
a huge number of conformations and binding poses. Due to the large conformational
space that needs to be explored, free docking of peptide ligands based on classical MD
tools is now not possible. Only a significant simplification of the problem, based on CG
modeling approaches, opens a possibility for attempting fully unrestrained docking of
peptides. CABS-dock is such a tool that has proven to be quite effective in unrestrained and
fully flexible docking of even quite large peptides (or small proteins) to protein receptors.
CABS-dock docking generates huge numbers of possible structures for a relatively low
computational cost, although selecting the best results is not easy at the CG modeling stage
(due to the low resolution of the produced models and due to the smoothened energy
surface). Therefore, a kind of multiscale ranking protocol is needed that merges CG with
more precise AA modeling.

In summary, we proposed and tested a multiscale modeling protocol that allows more
efficient use of the CABS-dock results for a very moderate cost of short MD simulations. The
proposed re-ranking of the CABS-dock results works well for high and moderate resolution
models; however, it is less efficient for the generally less accurate solutions. Analysis of the
re-ranking results also indicated the necessity of very accurate AA reconstruction of the CG
models. Additionally, it should be pointed out that the presented modeling protocol can be
easily extended by unrestrained AA MD simulations aiming at long-timescale refinement
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of protein—peptide complexes. This is, however, much more expensive computationally
and beyond the scope of the present work.

Supplementary Materials: The following are available online, Figure S1: Graphical representation
of scoring results for 66 protein-peptide complexes, Table S1: Model scoring results obtained for 66
protein-peptide complexes.
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3.4. [A4] Dokowanie bialko-peptyd z wykorzystaniem modelu j¢zykowego
ESMFold

3.4.1. Wprowadzenie do [A4]

W publikacji [A4] skoncentrowalem si¢ na analizie mozliwo$ci zastosowania jezykowego
modelu biatkowego ESMFold** do dokowania peptydow do bialek. Gléwnym celem pracy
byto zweryfikowanie, czy ESMFold - model opracowany pierwotnie do predykcji struktur
pojedynczych lancuchéw biatkowych - moze by¢ skutecznie stosowany w zadaniach
dokowania peptyddéw oraz jak jego skuteczno$s¢ wypada w porownaniu z wiodgcymi obecnie
metodami opartymi na narz¢dziu AlphaFold. W realizacji tego projektu odegratem kluczowa
role - zaproponowatem koncepcje wykorzystania ESMFold do dokowania peptydow,
zaimplementowatem 1 przetestowalem rozne warianty opracowanej procedury,
przeprowadzilem obliczenia i analizy poréwnawcze oraz przygotowatem wizualizacje i
dokonatem interpretacji wynikéw. Opracowatem rowniez pierwszg wersje manuskryptu i
uczestniczytem w jego dalszej redakcji.

Punktem wyjscia dla tej pracy byla obserwacja gwalttownego rozwoju metod Al do
przewidywania struktur biatkowych*7*?713  Jak omoéwitem szerzej w rozdziale 2.2.3,
AlphaFold-Multimer oraz AlphaFold3 osiagnety znakomite wyniki w zadaniach modelowania
kompleksow, jednak ich efektywnos$¢ wigzata si¢ ze znacznymi kosztami obliczeniowymi oraz
ograniczeniami zwigzanymi z Wwymaganiami wstgpnego przetwarzania danych (np.
koniecznoscig obliczania MSA). ESMFold, jako model wytrenowany wylacznie na
sekwencjach biatkowych 1 niewymagajacy baz danych struktur ani wielokrotnych uliniowien
sekwencji, wydawal si¢ potencjalnie atrakcyjng alternatywa, szczegolnie w kontekscie
szybkiego dokowania peptydéw o ograniczonej dostgpnosci danych strukturalnych.

Do przeprowadzenia badania wykorzystalem dwa zestawy testowe, zdefiniowane wczesniej w
literaturze. Pierwszy zestaw (Dataset 1), pochodzacy ze zbioru z pracy Wallner i wsp.!%,
obejmowat 112 struktur kompleksoéw biatko-peptyd dobranych wedlug klasyfikacji ECOD.
Drugi zbior (Dataset 2), zaczerpnigty z pracy Manshour i wsp.!%, zawieral 60 struktur
niedostepnych w zbiorze uczacym AlphaFold3. Program ESMFold zostal zaprojektowany do
przewidywania struktur pojedynczych tancuchow biatkowych, dlatego nie umozliwia
bezposredniego modelowania kompleksoéw multimerycznych. W celu przewidzenia struktury
kompleksu biatko-peptyd zastosowatem podejscie jednotancuchowe, weze$niej wykorzystane
m.in. w pracach z uzyciem AlphaFold!%. Polega ono na polaczeniu sekwencji receptora i
peptydu za pomoca elastycznego glicynowego linkera, ktory nastgpnie zostal usunigty z
finalnego modelu.

Moim celem byto nie tylko przetestowanie narzedzia ESMFold pod katem przewidywania

kompleksow biatko-peptyd, ale takze przeanalizowanie wpltywu wybranych modyfikacji
protokotu na skuteczno$¢ modelowania. W pracy przetestowalem dokowanie z uzyciem
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domyslnych ustawien narzgdzia ESMFold, ale rowniez dokowanie ze strategiag maskowania
losowych reszt w sekwencji wejsciowej, a takze warianty adaptacyjnie ze zmieniajacg si¢
liczbg cykli oraz r6znymi konfiguracjami i dtugoscig linkera.

Analiza wynikéw wykazata, ze domys$lna konfiguracja ESMFold prowadzi do stosunkowo
niskiej skutecznosci - jedynie 14% przypadkéw w Dataset 1 spelnito minimalne kryterium
DockQ > 0.23. Istotnym problemem byta tendencja modelu do generowania konformacji, w
ktorych peptyd nie wchodzit w kontakt z receptorem. Wprowadzenie losowego maskowania
pozwolito znaczaco poprawi¢ wyniki: skutecznos¢ wzrosta do 21% przypadkow spetniajacych
kryterium DockQ > 0.23 w Dataset 1 1 do 28% w Dataset 2. Najlepsze wyniki udato mi si¢
uzyska¢ korzystajac ze strategii losowego maskowania, ktéra pozwolita na wygenerowanie
o$miu réznorodnych konformacji, ustawiajgc dtugos¢ linkeréw na 30 reszt aminokwasowych
oraz wykorzystujac opracowang przeze mnie metode oceny pozwalajaca na wybor najlepszego
z wygenerowanych przeze mnie modeli.

Wyniki uzyskane dla pierwszego zbioru struktur poroéwnalem bezposrednio z wynikami
otrzymanymi dla narzedzia AlphaFold-Multimer przy zastosowaniu wymuszonego
probkowania'®. ESMFold uzyskal zauwazalnie nizsza skuteczno$é w zakresie modeli
wysokiej jakosci (DockQ > 0.8), natomiast pojedyncze przypadki wykazaly wyrazng przewage
ESMFold nad AlphaFold-Multimer, szczegélnie w uktadach trudnych do modelowania dla
narzedzi Al Korzystajac z drugiego zbioru struktur poréwnalem skutecznosé
zaproponowanego przeze mnie protokolu z narzgdziami AlphaFold3, AlphaFold-Multilmer
oraz ColabFold - ESMFold osiagal nizszy odsetek modeli wysokiej jakosci, jednak odsetek
modeli akceptowalnych (DockQ > 0.23) byt podobny do otrzymanego dla pierwszego zbioru
struktur. Przyktady poprawnie przewidzianych kompleksow, w ktérych konformacja peptydu
zostala dobrze odtworzona przy uzyciu protokotu opartego na ESMFold, przedstawilem na
Rysunku 6.

PDB ID: 6i3z PDB ID: 6itm PDB ID: 6jez
DockQ: 0.91 DockQ: 0.89 DockQ: 0.82

S P

PDB ID: 6l0v PDB ID: 6p8s PDB ID: 6uyi
DockQ: 0.82 DockQ: 0.90 DockQ: 0.86
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Rysunek 6. Przyktady wysokiej jakosci wynikoéw dokowania biatko-peptyd uzyskanych z
uzyciem metody ESMFold (na podstawie [A4]). Powierzchnia przedstawia receptor biatkowy;
peptyd w strukturze eksperymentalnej zaznaczono kolorem magenta, a przewidziany przez
ESMFold - kolorem zielonym. Widoczna zgodno$¢ obu konformacji pokazuje, ze mimo
og6lnych ograniczen skutecznosci ESMFold potrafi generowa¢ modele o jakosci
poréwnywalnej z danymi eksperymentalnymi. Zrédto: [A4].

Z punktu widzenia praktycznego zastosowania, kluczowg zaleta ESMFold byta jego szybkos$¢.
Symulacje pojedynczego kompleksu trwaty $rednio od 20 do 60 sekund. ESMFold nie
wymagal generowania MSA ani przeszukiwania baz danych, co czynito go potencjalnie
przydatnym w zadaniach przesiewowych lub do szybkiej oceny duzych zbiorow sekwencji.

W pracy [A4] zwrocitem uwage réwniez na ograniczenia testowanej metody: czgste tworzenie
modeli, w ktérych peptyd nie kontaktowat si¢ z receptorem, niska skuteczno$¢ w identyfikacji
modeli wysokiej rozdzielczo$ci oraz silng zalezno$¢ wynikéw od przyjetego protokotu
maskowania 1 konfiguracji wejsciowych. Mimo ze ESMFold nie doréwnuje doktadnos$cia
metodom AlphaFold3 czy AlphaFold-Multimer, okazat si¢ warto$ciowym uzupetnieniem
narzedzi do dokowania - szczegdlnie w zastosowaniach wymagajacych duzej szybkosci i
mozliwos$ci generowania modeli bez sekwencji homologicznych..

Uwazam, ze wyniki zaprezentowane w pracy [A4] pokazuja, ze nawet model jezykowy o
niskich wymaganiach obliczeniowych, jakim jest ESMFold, moze wnie$¢ nowa jakos¢ do
modelowania komplekséw biatko-peptyd. Cho¢ nie zastapi on najbardziej zaawansowanych
rozwigzan z rodziny AlphaFold, to jego zdolno$¢ do szybkiego generowania sensownych
modeli otwiera mozliwo$¢ zupelnie nowego sposobu pracy - szybkiego przegladu duzych
zbiorow sekwencji, formulowania wstgpnych hipotez strukturalnych 1 poszukiwania
nietypowych sposobow wigzania, ktore moga umkna¢ cigzszym, kosztownym obliczeniowo
metodom. Co istotne, praca ta odbita si¢ szerokim echem w $rodowisku naukowym i byta
aktywnie dyskutowana w mediach spotecznosciowych - moim zdaniem dlatego, ze jako jedna
z pierwszych wyraznie pokazala potencjat modeli jezykowych, do tej pory kojarzonych
gléwnie z predykcja struktur pojedynczych biatek, w zadaniach znacznie bardziej ztozonych.
Wskazuje to na otwarcie nowego kierunku badan na styku sztucznej inteligencji 1 modelowania
molekularnego, ktoéry w przyszto$ci moze istotnie zmieni¢ sposob, w jaki podchodzimy do
problemu dokowania.

3.4.2. Artykul [A4]
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ABSTRACT: Designing peptide therapeutics requires precise o BT N

peptide docking, which remains a challenge. We assessed the ¢
ESMFold language model, originally designed for protein structure
prediction, for its effectiveness in protein—peptide docking. |
Various docking strategies, including polyglycine linkers and .
sampling-enhancing modifications, were explored. The number . (
of acceptable-quality models among top-ranking results is ooy
comparable to traditional methods and generally lower than
AlphaFold-Multimer or Alphafold 3, though ESMFold surpasses it
in some cases. The combination of result quality and computa-
tional efficiency underscores ESMFold’s potential value as a
component in a consensus approach for high-throughput peptide ¢ '
design.
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B INTRODUCTION PIPER-FlexPepDock,'’ and InterPep2.'' When benchmarked
against other methods, AFM showed 53% accuracy, which
increased to 60% when combined with AutoDockCrankPep,12
highlighting the potential of hybrid approaches for improving
docking predictions and enhancing the study of protein—

Protein—peptide interactions are essential to many biological
processes, or can play a key role when designed as peptide
therapeutics. A comprehensive understanding of these
interactions is crucial for unraveling disease mechanisms and

guiding the rational design of therapeutics. Peptides, with their peptide interactions.
high specificity, selectivity, and favorable safety profiles, stand Following the strides made by AlphaFold, ESMFold
out as unique therapeutic candidates compared to small emerged as another robust tool for protein structure
molecules and antibodies due to their natural origin and prediction, utilizing a distinct approach.'® Unlike AlphaFold,
minimal toxicity.l which relies heavily on extensive databases of protein
While traditional experimental studies of protein—peptide structures and sequence alignments, ESMFold employs
complexes using X-ray crystallography and NMR spectroscopy embeddings from protein language models (pLMs) derived
are insightful, they are also expensive, time-consuming, and from vast sequences. This method allows ESMFold to excel
face scalability issues.” These challenges have spurred efforts particularly in scenarios where limited structural data exists, as
toward computational methods in rational drug design, which it captures more generalized sequence features and patterns
leverage computer modeling to understand and predict protein through its advanced language modeling techniques. This shift
structures and interactions.” Despite the complexities from reliance on direct structural analogs to leveraging learned
presented by the flexible and disordered nature of peptides, sequence contexts enables ESMFold to offer unique advan-

these computational techniques are increasingly important for

tages in predicting novel or less-characterized protein
drug development.

structures.

In recent years, structural bioinformatics has been trans- To our knowledge, ESMFold has not yet been tested
formed.by Alp hanle (AF2), an Al tool deve,lop ed ]?Y specifically for protein—peptide docking. In this work, we
DeepMind that achieved near-experimental accuracy in protein investigate the potential of the ESMFold language model for

. g 4 ) . .
§tmcture P red1ct10n. AF2 S apPP !1cat1ons soon ex.p'fmded t.o this application and compare its performance with AlphaFold-
include protein—peptide interaction modeling. Initially, this

involved using a monomeric version of AF2 with a polyglycine
linker to connect peptides and proteins, effectively modeling Received: November 21, 2024 ICTC
peptide—protein complexes.” Later efforts shifted to Alpha- Revised:  March 2, 2025
Fold-Multimer (AFM), an AF2 extension trained on protein Accepted:  March §, 2025
complexes.” AFM docking, including forced sampling,’ Published: March 7, 2025
achieved 59% accuracy in protein—peptide docking, out-

performing traditional methods like ZDOCK,® CABS-dock,’

© 2025 The Authors. Published b;
American Chemical Socie'& https://doi.org/10.1021/acs.jctc.4c01585
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Figure 1. ESMFold docking results with default settings and enhanced sampling variants. (A, B) DockQ vs pLDDT scatter plots for different
ESMFold simulation variants: (A) default settings and (B) using a masking approach. Blue dots indicate peptides in contact with the receptor
(within 8 A), while red dots indicate those not in contact (over 8 A). pLDDT values are the average for each peptide, with (B) showing the
weighted mean pLDDT for the top-ranked model out of eight generated per complex. (C) Distribution of high-quality (DockQ > 0.8), medium-
quality (0.5 < DockQ < 0.8), and acceptable (0.23 < DockQ < 0.5) docking models for different ESMFold simulation approaches (default, random

masking) across 111 complexes, with colors indicating quality.

Multimer with an improved sampling protocol” and AlphaFold
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B MATERIALS AND METHODS

Dataset. In this study, to evaluate ESMFold’s performance
in predicting protein—peptide interactions and to compare it
with AlphaFold-Multimer (AFM) augmented by an extended
sampling approach,7 we used the dataset created and described
by Wallner et al.” This dataset was assembled by selecting one
representative structure per ECOD (Evolutionary Classifica-
tion of Protein Domains)"> family from the test set in Lei et
al.'® Referred to here as Dataset 1, it comprises 112
experimental protein—peptide complex structures obtained
from the PDB'" (see Supplementary Table 1). The 6UEB
structure was excluded due to memory constraints in the Colab
environment.

Additionally, to compare our results with AlphaFold 3
(AF3) and other AlphaFold-based protocols, we used the
dataset introduced by Manshour et al.'* Referred to here as
Dataset 2, this benchmark consists of 60 protein—peptide
structures deposited in the PDB after the AF3 training set
cutoff date. Details are provided in the Supporting Information
in section “Dataset 2”.

ESMFold. ESMFold is a deep-learning method that uses the
ESM-2 protein language model to predict protein structures
directly from amino acid sequences. Unlike AF2, ESMFold
does not rely on external databases, template searches, or
Multiple Sequence Alignments (MSA). It provides accuracy
and resolution comparable to AlphaFold while being up to 60
times faster, depending on the sequence length."” In this study,
we used the version of ESMFold implemented in ColabFold
notebook.'® Since ESMFold is designed for single-chain
predictions, we performed protein—peptide docking by
introducing a flexible linker (a polyglycine chain) between
amino acid chains, similar to early AF2 applications.” This
linker was removed from the model after prediction.

Evaluation Metrics. To evaluate docking success, we used
the DockQ_score,'” which measures protein—peptide docking
quality. The DockQ_score, ranging from 0 to 1, combines
CAPRI criteria:** LRMSD, IRMSD, and FNAT. Scores
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between 0.23 and 0.5 are considered acceptable, 0.5 to 0.8
medium quality, and 0.8 or above high quality.

We assessed prediction confidence and reliability using the
predicted Local Distance Difference Test (pLDDT) value from
ESMFold. While pLDDT accuracy can vary based on the
protein’s characteristics, ESMFold predictions often reach
experimental-like accuracy for high-confidence predictions."’
There is also a high correlation between pLDDT scores from
ESMFold and AlphaFold."”* A prediction is considered high-
confidence if the mean pLDDT value exceeds 70."

B RESULTS AND DISCUSSION

This study aimed to assess the viability of using ESMFold for
molecular docking. It involves inserting a polyglycine linker
between the receptor and peptide sequences to facilitate
multichain structure predictions. In this work, we tested
various modeling variants and reported the quality of the top-
ranked models. The output from ESMFold was either a single
model, or, if multiple models were available, we applied a
scoring scheme based on the pLDDT confidence scores.

ESMFold Default Protocol. The initial run, performed
using a 30-amino-acid polyglycine linker and default settings,
produced a limited number of high-quality structures. Out of
111 cases, 15 structures met or exceeded the acceptable
threshold with DockQ_scores of >0.23, among which only §
were classified as high quality, as shown in Figure 1A. This
figure presents a scatter plot that illustrates the relationship
between DockQ_scores and pLDDT values.

Many instances placed the peptide more than 8 A away from
the receptor, indicating incorrect docking. These cases were
relatively straightforward to identify and exclude. After
discarding these, we retained 42 models. This results in an
effective success rate of 36% for the viable models: 5 high
quality, 7 medium quality, and 3 acceptable.

It is also important to note that predicting a protein—peptide
complex of 252 residues (excluding the linker), which is the
median length in our dataset, requires only 21 s on an A100
GPU when using a Colab notebook. Additionally, there is an
initial setup time of approximately 3 min to install ESMFold on
the Colab notebook, but this setup is required only once per
session.

https://doi.org/10.1021/acs.jctc.4c01585
J. Chem. Theory Comput. 2025, 21, 2817-2821
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Figure 2. Comparison of ESMFold and AlphaFold-based docking tools on Dataset 1 (A) and Dataset 2 (B). The upper panels show DockQ scatter
plots, comparing ESMFold with (A) AlphaFold Multimer (AFM) using enhanced sampling’ and (B) AlphaFold 3 (AF3)."* The lower panels
present the distribution of high (DockQ > 0.8), medium (0.5 < DockQ < 0.8), and acceptable (0.23 < DockQ < 0.5) quality models, comparing
ESMFold with (A) AFM with enhanced sampling and (B) AFM, AF3, and ColabFold (CF). Data for AF-based tools are taken from previous

. 714
studies.”

Random Masking Approach. With default settings, a
significant number of models failed to position the peptide in
direct contact with the receptor (Figure 1A). To address this,
we expanded our efforts to generate a larger pool of models.
Despite the use of different seed values, ESMFold consistently
produced nearly identical output models for each run, which
highlighted the need for a strategy to enhance diversity in the
generated structures. We adopted a random masking strategy”'
that involves masking random residues within the input
sequence. This approach, using a masking rate of 0.25 and
generating 8 structures for each of the 111 complexes,
encouraged the production of diverse structural predictions.
This method yielded 27 acceptable or better structures, with 6
classified as high-quality from the best of the 8 generated per
complex.

Analysis showed the greatest improvement in cases with a
low but nonzero initial DockQ score (see Supplementary
Figure 1). The challenge, however, lay in selecting the best
structure among the 8 generated in each run. We experimented
with various scoring strategies based on pLDDT values.
Selecting structures with the lowest average pLDDT values
across all peptide residues resulted in 20 structures being
acceptable or better, including S high-quality ones (see
Supplementary Figure 2B). A more targeted approach,
focusing only on residues within S A of the receptor, produced
fewer but more relevant structures, with 2 being acceptable or
better, and S high-quality (see Supplementary Figure 2C). The
most effective method involved weighting the pLDDT scores
by the proportion of residues in contact with the receptor,
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assigning a score of zero to noncontacting residues (see
Supplementary Figure 2A). This strategy yielded 23 acceptable
or better structures, with 6 high-quality (see Figure 1B and
Supplementary Figure 2D).

After discarding cases where the peptide was clearly
misdocked (more than 8 A away from the receptor surface),
57 cases remained. This results in an effective success rate of
40% for the viable models: 6 high-quality, 7 medium-quality,
and 10 acceptable structures.

Performing random masking to generate 8 structures for a
median dataset protein—peptide complex of 252 residues takes
about 61 s on an A100 GPU, a significant increase from the 21
s required for a default run but still efficient for the task. It is
important to remember that an additional setup time of about
3 min is required for installing ESMFold on a Colab notebook,
but this installation is necessary only once per session.

Testing Adaptive Recycling and Various Linker
Configurations. Apart from masking, we explored an
alternative strategy to improve sampling. The default
simulations utilized 3 recycles; we extended this to a maximum
of 12 recycles by initially performing the standard 3 recycles
and then continuing only if the peptide remained more than 8
A from the receptor. This approach resulted in improved
outcomes compared to the default settings but was less
effective than masking. Detailed results are provided in
Supplementary Figure 3.

Additionally, we explored various polyglycine linker
configurations to enhance peptide—receptor contact, testing
lengths of 30, 100, and 200 residues at different termini with

https://doi.org/10.1021/acs.jctc.4c01585
J. Chem. Theory Comput. 2025, 21, 2817-2821
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the masking approach. The results indicated that a 30-residue
linker at the C-terminus was optimal, as longer or differently
placed linkers did not significantly improve docking quality.
Description of detailed results is available in Supplementary
Figure 4.

Comparison to Alpha-Fold-Based Tools. For compar-
isons with AlphaFold-based protocols described in this section,
we used the best-performing ESMFold variant (random
masking, 30-residue polyglycine linker, weighted pLDDT).
First, on Dataset 1, we compared ESMFold to AlphaFold-
Multimer with enhanced sampling, which produced 75
acceptable or better models (out of 112), while AlphaFold-
Multimer v2.1.0 generated 66.” ESMFold exhibited generally
lower overall precision generating 23 acceptable or better
structures, including 6 of high quality (see Figure 2A, examples
of high-quality models are presented in Figure 3). Notably,

,\\M

PDB ID: 6i3z PDB ID: 6itm PDB ID: 6jez
DockQ: 0.91 DockQ: 0.89 DockQ: 0.82

-

—

v

S

PDB ID: 6l0v
DockQ: 0.82

PDB ID: 6p8s
DockQ: 0.90

PDB ID: 6uyi
DockQ: 0.86

Figure 3. Example high-quality protein—peptide docking results using
ESMFold. Protein receptor shown as surface: experimental peptide in
magenta; predicted peptide in lime.

ESMfold successfully produced acceptable or better models in
three instances where AlphaFold’s predictions were of
unacceptable quality (DockQ_ scores: ESMFold 0.25, 0.63,
and 0.37 versus AlphaFold’s 0.08, 0.10, and 0.12; see Figure
2A). Although primarily developed for single-sequence
predictions and not trained on multimeric structures or short
peptides, ESMFold’s performance here is comparable to non-
Al traditional methods®™"" (see performance data presented in
the work”). This demonstrates the potential of evolutionary-
scale models to predict biological properties from sequence
patterns, suggesting that ESMFold could be further enhanced
by including training data on multimeric complexes and short
peptides.

Next, to compare our approach with the latest AlphaFold 3
(AF3), we drew upon a recent study by Manshour et al,'*
which comprehensively evaluated AlphaFold-Multimer, Colab-
Fold, and AF3 for protein—peptide structure prediction. Using
the Manshour et al. benchmark (Dataset 2), ESMFold
achieved performance that was comparable to, or even better
than, Dataset 1, reaching 28.3% acceptable or better models
(Figure 2B) compared to 20.7% in Dataset 1 (Figure 2A).
Notably, Manshour et al. found that AlphaFold-based tools
yield similar rates of acceptable models overall, although AF3
typically generates a noticeably larger number of high-
resolution structures than any other method. Consistent with
our findings on Dataset 1, ESMFold also outperformed AF3 in
several cases within Dataset 2.
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B CONCLUSIONS

In this study, we tested various parameters and settings of the
ESMFold tool for protein—peptide docking applications. The
optimal approach - combining random masking, a 30-residue
polyglycine linker, and weighted pLDDT scoring—successfully
yielded a significant fraction of acceptable-quality results
(about 20.7% for Dataset 1 and 28.3% for Dataset 2,
respectively). Although ESMFold did not match the overall
accuracy of AlphaFold-based tools, its ability to produce
acceptable models—and occasionally outperform AlphaFold-
based tools—makes it a valuable component in a consensus-
based approach. Furthermore, its speed—about 1 min per
run—renders it particularly useful in high-throughput settings.
Nevertheless, many of the generated models did not dock
properly, underscoring the need for further improvements in
ESMFold’s docking accuracy.

In summary, ESMFold’s ability to leverage sequence
embeddings and identify crucial binding motifs shows
significant promise for protein—peptide docking. Its rapid
processing capability is particularly advantageous for applica-
tions requiring quick results, such as in peptide-based
therapeutic development. Further development could enhance
its utility, making it a robust complement to existing methods.

B ASSOCIATED CONTENT

Data Availability Statement

The input FASTA sequences used for structure prediction are
publicly accessible from the Protein Data Bank (PDB)
database. All PDB codes corresponding to the dataset are
provided in Supporting Information (SI) Table 1. The
predictions in this study were performed using the ESMFold
model, which is available through ColabFold and can be
accessed publicly on https://github.com/sokrypton/
ColabFold. Additionally, a modified version of the ESMFold
script that includes recycling for enhanced sampling (as
described in this paper) as well as all the output structures
generated during this study are available on our GitHub
repository: https://github.com/ZalewskiMa/ESMFold-
docking.
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The Supporting Information is available free of charge at
https://pubs.acs.org/doi/10.1021/acs.jctc.4c0158S.

Additional figures and tables providing detailed analysis
of protein—peptide docking with ESMFold. Supplemen-
tary Figures 1—5: DockQ_distributions, scoring method
comparisons, adaptive recycling results, and linker
configuration effects. Supplementary Table 1: dataset
of protein—peptide complexes used in the study (PDF)
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4. Modelowanie elastycznosci struktur bialkowych: CABS-flex

4.1. [AS] Badanie funkcji bialek na podstawie ich elastycznoS$ci
strukturalnej przy uzyciu modelowania CABS-flex

4.1.1. Wprowadzenie do [A5]

W pracy [AS] przedstawili$my artykut przegladowy poswigcony metodzie CABS-flex oraz jej
zastosowaniom w modelowaniu elastycznosci bialek w kontekscie ich funkcji biologicznych.
Publikacja ukazata si¢ w czasopiSmie Protein Science w ramach specjalnej serii Tools for
Protein Science, co stanowito wyraz uznania dla szerokiego wykorzystania metody CABS-flex
w badaniach biologii strukturalnej. Artykut mial na celu nie tylko syntetyczne omdwienie
podstaw metody, lecz takze przeglad jej réznorodnych zastosowan. Moj wktad w realizacje
tego projektu obejmowal wspotudziat w przygotowaniu manuskryptu, ze szczegdlnym
uwzglednieniem fragmentu dotyczacego integracji modelowania elastyczno$ci z analiza
sktonnosci do agregacji biatek (Aggrescan4D), oraz udziat w przygotowaniu wizualizacji.

Punkt wyjs$cia stanowita obserwacja, ze ruchliwo$¢ struktury bialek - mimo trudnosci
eksperymentalnej charakteryzacji - ma czesto kluczowe znaczenie funkcjonalne?#-107-109,
Symulacje dynamiki molekularnej (MD) pozwalaja na uchwycenie tych zjawisk, jednak
wysoki koszt obliczeniowy ogranicza ich zastosowanie do stosunkowo matych uktadow i
krétkich czasow symulacji!!®!!!| co bardziej szczegdtowo omowitem w rozdziale 2.3.1. W
zwigzku z tym niezbedne sa metody mniej wymagajace obliczeniowo, zdolne do
odwzorowania realistycznych zmian konformacyjnych w wigkszej skali. Takim narzedziem
jest wlasnie CABS-flex - metoda umozliwiajaca szybkie i elastyczne modelowanie ruchow

struktur biatkowych.

CABS-flex opiera si¢ na polaczeniu odpowiednio zaprojektowanych symulacji
wykorzystujacych gruboziarnisty model CABS z rekonstrukcja uzyskanych struktur do
reprezentacji pelnoatomowej. Metoda ta zostala udostepniona zarowno w formie serwera
internetowego (CABS-flex’!, a nastepnie CABS-flex 2.0%%), jak i jako samodzielna aplikacja
standalone’. Obie wersje umozliwiajg przeprowadzenie symulacji na bazie struktury
wejsciowej, analize trajektorii oraz rekonstrukcje atomowa wygenerowanych modeli. Metoda
CABS-flex zostata przeze mnie omowiona w rozdziale 2.3.2, a model CABS w rozdziale 2.2.2.

Przeglad w [AS5] porzadkuje gldwne obszary zastosowan metody CABS-flex, wskazujac ja
jako efektywne narzedzie posrednie pomiedzy kosztownymi obliczeniowo symulacjami
petnoatomowej dynamiki molekularnej a metodami dostarczajacymi predykeji statycznych, w
tym podejsciami opartymi na sztucznej inteligencji. Pokazalismy, ze profile fluktuacji
generowane w CABS-flex dobrze odwzorowuja dane eksperymentalne oparte na
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przesunieciach chemicznych NMR (RCI), szczegdlnie w identyfikacji regionow nadmiernie
ruchliwych. ZwrociliSmy roéwniez uwage na praktyczng wartos¢ modeli AlphaFold jako punktu
wyjscia do symulacji elastycznosci - mimo ich statycznego charakteru, potaczenie z CABS-
flex umozliwia uzyskanie informacji o zmiennosci konformacyjnej w sytuacjach braku danych
eksperymentalnych.

W kontekscie uktadow wieloczasteczkowych omoéwiliSmy zastosowania metody do analizy
dynamiki kompleksow biatkowych, w tym biatka kolca SARS-CoV-2. Trajektorie CABS-flex
pozwalaty tam oceni¢ wplyw mutacji w domenie RBD na ruchliwo$¢ regionow kontaktowych
oraz potencjalne konsekwencje dla oddziatywan z receptorem ACE2. Przeglad uzupehilismy
przyktadami analizy komunikacji allosterycznej, m.in. w biatkach Hsp90 i Hsp70, gdzie
pofaczenie modelowania strukturalnego z analizag sieciowa umozliwiato identyfikacje
regiondw funkcjonalnych i szlakow przekazywania sygnatu.

Istotnym elementem przegladu sg takze zastosowania aplikacji CABS-flex standalone’ do
modelowania peptydow>>. Rozszerzenie narzedzia o generowanie konformacji peptydow
liniowych 1 cyklicznych umozliwia szybkie badanie krotkich, nieustrukturyzowanych
fragmentow, ktore nie przyjmuja jednej dominujacej konformacji. W takich przypadkach
metody oparte na glebokim uczeniu, nastawione na predykcje pojedynczej struktury,
dostarczaja ograniczonej informacji o ich rzeczywistej zmiennosci konformacyjne;.

Rozszerzenie zastosowan CABS-flex na modelowanie peptydow ujawnito réwniez
ograniczenia standardowych procedur rekonstrukcji pelnoatomowej. Wskazalismy, ze
podejscia oparte na Modellerze bywaja wrazliwe na deformacje geometrii tancucha gtownego,
co utrudnia dalsze analizy energetyczne. Jako alternatywe omowiliémy metode cg2all'!?,
oparta na glgbokim uczeniu, ktora lepiej zachowuje geometri¢ struktur, redukuje kolizje i
poprawia identyfikacj¢ elementow drugorzedowych. Uzupelnieniem tej analizy byta dyskusja
relacji miedzy profilami elastycznosci a wskaznikiem pLDDT stosowanym w modelach
AlphaFold, z podkresleniem, ze wysokie pLDDT nie wyklucza istnienia alternatywnych
konformacji.

Wazny w kontekscie niniejszej rozprawy pozostaje jednak obszar zastosowan dotyczacy
predykcji regionéw podatnych na agregacje (ang. aggregation-prone regions). CABS-flex
zostal zintegrowany z metoda Aggrescan3D w trybie ,,dynamicznym” (ang. dynamic mode), w
ktorym symulacje elastyczno$ci pozwalaja na bardziej realistyczng oceng ryzyka agregacji.
Pokazalem, ze takie podej$cie moze ujawni¢ regiony agregacyjne niewidoczne w analizach
struktur statycznych, jak w przypadku domeny wigzacej DNA biatka p53. Przyktad tego
podejscia pokazano na Rysunku 7, gdzie poréwnano wyniki oceny statycznej 1 dynamiczne;.
Samg metode Aggrescan szerzej opisalem w rozdziale 2.4, a jej zastosowania omowitem
szczegOtowo w rozdziale 5.
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Rysunek 7. Integracja modelowania elastycznos$ci z oceng sktonno$ci do agregacji bialek.
Lewy panel przedstawia wynik klasycznej analizy Aggrescan3D opartej na pojedynczej
strukturze biatka p53, natomiast prawy panel pokazuje wynik analizy w trybie
,dynamicznym”, w ktérym wykorzystano trajektoric CABS-flex, aby uwzgledni¢ elastyczno$¢
konformacyjng biatka. Ujecie dynamiczne pozwala ujawni¢ dodatkowe regiony podatne na
agregacje (zaznaczone na czerwono), ktére sg niewidoczne w analizie opartej wytacznie na
pojedynczym modelu. Zrodto: [A5].

Uwazam, ze przedstawiony w pracy [AS] przeglad wyraznie pokazuje, jak szerokie mozliwosci
oferuje metoda CABS-flex w badaniach nad elastycznoscia i funkcjg biatek. Zaprezentowane
przyktady potwierdzaja jej wszechstronno$¢ - od integracji z danymi eksperymentalnymi i
wynikami AlphaFold, przez analize dynamiki kompleksow, mutacji i allosterycznosci, po
zastosowania specjalistyczne, takie jak ocena ryzyka agregacji czy predykcja modyfikacji
potranslacyjnych. W mojej ocenie CABS-flex jest obecnie jednym z najbardziej uniwersalnych
1 efektywnych narzedzi do badania ruchliwo$ci biatek, stanowigc cenne uzupetienie
klasycznych symulacji dynamiki molekularnej i metod opartych na sztucznej inteligencji.
Pozwala w krotkim czasie uzyska¢ realistyczne modele ruchow konformacyjnych w skali
niedostepnej dla standardowych symulacji MD. Wnioski ptynace z tego przegladu staty si¢
rowniez punktem wyjscia do opracowania kolejnej generacji narzgdzia - CABS-flex 3.0 - ktorej
szczegoly omawiam w dalszej czesci niniejszej rozprawy.

4.1.2. Artykul [A5]
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Abstract

Understanding protein function often necessitates characterizing the flexibility
of protein structures. However, simulating protein flexibility poses significant
challenges due to the complex dynamics of protein systems, requiring exten-
sive computational resources and accurate modeling techniques. In response
to these challenges, the CABS-flex method has been developed as an efficient
modeling tool that combines coarse-grained simulations with all-atom detail.
Available both as a web server and a standalone package, CABS-flex is dedi-
cated to a wide range of users. The web server version offers an accessible
interface for straightforward tasks, while the standalone command-line pro-
gram is designed for advanced users, providing additional features, analytical
tools, and support for handling large systems. This paper examines the applica-
tion of CABS-flex across various structure-function studies, facilitating investi-
gations into the interplay among protein structure, dynamics, and function in
diverse research fields. We present an overview of the current status of the
CABS-flex methodology, highlighting its recent advancements, practical appli-
cations, and forthcoming challenges.

KEYWORDS

coarse-grained model, integrative modeling, molecular modeling, Monte Carlo simulation,
multiscale simulation, protein aggregation, protein flexibility

all-atom molecular dynamics (MD) to small systems and
short timescales (Kmiecik et al., 2016). In practice, for

The flexibility of a protein's structure can be pivotal to its
biological function. Unfortunately, experimental investi-
gation of protein dynamics is often challenging or
unfeasible. Consequently, computer simulations play an
important role here; however, the computational cost
restricts the application of classical simulations like

most biologically relevant proteins, classical simulations
of structural flexibility demand significant computational
resources, such as high-performance computer clusters.
In the age of AlphaFold, the field of structural biology
has witnessed a profound transformation in our ability to
predict protein structures with remarkable accuracy
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(Varadi et al., 2022). However, the importance of dynamic
and flexibility predictions cannot be overstated. Thanks to
AlphaFold, a myriad of previously elusive systems (Varadi
et al, 2022), including disordered regions (Ruff and
Pappu, 2021), are now accessible for comprehensive
dynamic simulations. The confidence scores provided by
AlphaFold not only inform us about the accuracy of struc-
tural predictions but also offer invaluable insights into pro-
tein flexibility (Schwarz et al., 2021). Numerous pioneering
studies have emerged, aiming to harness AlphaFold's predic-
tive power for flexibility assessments (Guo et al., 2022;
Ma et al., 2023). However, these endeavors are not without
challenges, such as reconciling the static nature of structural
predictions with the inherently dynamic nature of pro-
teins (Saldafio et al., 2022) or better prediction of protein
regions that are disordered under ambient conditions
(Ma et al., 2023).

A decade ago we proposed CABS-flex, a method for
fast simulations of protein flexibility (Jamroz et al., 2013a).
This method has demonstrated a speed advantage of three
to four orders of magnitude compared to all-atom MD
(Jamroz et al., 2013a) and continues to be competitive.
The CABS-flex method is built upon the well-established
C-alpha, beta, and side chain (CABS) coarse-grained pro-
tein model, the applications of which have been compre-
hensively reviewed (Kmiecik et al., 2016). The dynamics
observed in CABS Monte Carlo simulations align well
with the dynamics observed in MD simulations of folded
globular proteins over nanosecond timescales (Jamroz
et al., 2013a, 2013b), fluctuations detected in NMR ensem-
bles (Jamroz et al., 2014), and experimental data on fold-
ing and binding dynamics (Ciemny et al., 2016; Kmiecik
and Kolinski, 2007, 2008; Kmiecik et al., 2012, 2016;
Kurcinski et al., 2014, 2020). CABS-flex was made avail-
able as a publicly accessible web server (Jamroz et al.,
2013b) and later updated to version 2.0 (Kuriata
et al., 2018) available at http://biocomp.chem.uw.edu.pl/
CABSflex2. Subsequently, the CABS-flex method was
made available as a standalone application (Kurcinski
et al, 2019)—a Python package engineered to provide
command-line access to CABS computations, granting
users full control over the simulation process. CABS-flex
also serves as a component responsible for modeling pro-
tein flexibility in the Aggrescan3D method (Zambrano
et al, 2015) for structure-based predictions of protein
aggregation preferences. The CABS-flex methodology was
also used in the protocol for flexible docking of protein-
peptide complexes, available as CABS-dock (Kurcinski
et al., 2020), which enables modeling of large-scale confor-
mational changes during the docking simulation process
(Ciemny et al., 2016; Putawski et al., 2023).

In this paper, we provide a concise overview of the
CABS-lex method (Section 2) and showcase its practical

applications, supported by recent case studies (Section 3). Our
demonstrations confirm the efficacy of the CABS-flex method
in real-world applications, including analyzing the structural
dynamics of severe acute respiratory syndrome coronavirus
2 (SARS-CoV-2) spike proteins, modeling protein flexibility,
exploring allosteric sites, and predicting regions prone to
aggregation or nitrosylation. We also illustrate how CABS-flex
can be used to combine flexibility analysis with predicted
local distance difference test (pLDDT) predictive confidence
scores. Finally, we discuss the important aspect of all-atom
reconstruction from coarse-grained models and conclude with
remarks and challenges for future research.

2 | CABS-FLEX METHOD

The CABS-flex methodology relies on a high-resolution
coarse-grained model to represent protein chains, where
each protein residue is characterized by up to four atoms.
This representation includes the Ca and Cp atoms, as
well as two virtual pseudo-atoms: one representing the
center of mass of the side chain, and the other positioned
at the center of the Ca—Ca virtual bond (Kmiecik
et al., 2016; Kolinski, 2004). Notably, CABS-flex leverages
knowledge-based statistical potentials, encompassing
sequence-dependent short-range conformational prefer-
ences, context-dependent pairwise interactions of side
chains, and a comprehensive model for hydrogen bonds
within the protein's main chain. Importantly, our tool
incorporates solvent effects implicitly into its calcula-
tions, enhancing the accuracy of its simulations. Through
the implementation of a Monte Carlo-based scheme that
controls a random series of small local movements,
CABS-flex captures the intricate dynamics of proteins in
long-term evolution. CABS-flex simulations demonstrate
computational efficiency, with simulation times depen-
dent on the size of the system. For example, 20 amino
acid peptides require just over a minute, 500 amino acid
proteins take less than an hour, and 1000 amino acid pro-
teins about 2h on an Intel Xeon 2.50 GHz processor.
Coarse-grained structures produced during CABS-flex
simulations can be rapidly translated onto atomistic
models of reasonable fidelity (see discussion in
Section 3.7). This unique combination of techniques
makes CABS-flex an invaluable tool for protein research.

2.1 | CABS-flex web server

The CABS-flex web server prioritizes accessibility and user-
friendliness for nonspecialists in programming (Jamroz
et al., 2013b; Kuriata et al., 2018). Simply providing a file
containing a full-atom model of a protein in PDB format is
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FIGURE 1 CABS-flex pipeline in default mode. The input protein structure serves as the starting point for the simulation and defines
distance restraints based on either a default or a selected scheme. Optional inputs may include user-defined distance restraints. The
simulation employs a coarse-grained CABS model. The protein dynamics trajectory is analyzed and clustered into 10 representative models,
each capturing the essential variability of its cluster. These representative models are then reconstructed into all-atom models. The outputs
of this process include PDB structures of the representative models, fluctuation profiles (illustrating RMSF vs. amino acid residue number),
and contact maps derived from the trajectory. RMSF, root mean square fluctuation.

FIGURE 2 Distance restraints
imposed on the protein (PDB ID: 2gb1)
in the CABS-flex default modes SS1
(upper panel) and SS2 (lower panel).
The left panels show the complete
network of restraints shown as green
and orange sticks, respectively for SS1
and SS2. In the middle, the restraints for
a single residue are shown. The right
panels show 10 protein models
representing clusters of structures
collected during one CABS-flex run with
given default parameters. One can
observe here a difference in the
movement of the part depicted in the
middle panel resulting from a different
number of restraints.

enough to simulate the dynamics of the protein and to  http://biocomp.chem.uw.edu.pl/CABSflex2. In response to
obtain an analysis of the fluctuations and their visualization. user feedback, we have expanded the restrictions on protein
The server's capabilities have been significantly enhanced  structure input from 400 to 2000 amino acids and, from
following a major upgrade to the 2.0 version available at single-chain proteins to those comprising up to 10 chains.
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This progress was facilitated by increased computing
resources. Additionally, we enhanced our result analysis by
offering protein contact maps for the simulation trajectory
that display the frequency of residue-residue contacts during
the simulation process and for 10 selected protein models
(Figure 1).

Furthermore, a customizable panel has been imple-
mented, offering a range of simulation parameters and
options to provide better control over the simulation pro-
cess. This includes user-defined alterations to distance
restraints. Through this approach, it is possible to incor-
porate experimental data into the simulation, immobilize
specific segments of the model, or eliminate selected
restraints. Within the web server, users have the option
to choose from various restraint modes. Each “Mode”
directs the algorithm in generating restraints based on
the assignment of secondary structures to the residues.
Specifically, if set to “SS1,” the algorithm generates
restraints when at least one of the residues is designated
with a regular secondary structure, such as a helix or
sheet. The “SS2” mode requires both residues to be
assigned a regular secondary structure for restraints to
be generated (Figure 2 presents a comparison of SS1 and
SS2 restrain schemes for an examplary small protein).
Selecting “All” instructs the algorithm to produce
restraints for every residue, whereas choosing “None”
results in no restraint generation. By default, the system
is set to “SS2.” Beyond the “Mode” setting, a collection of
restraints is automatically produced based on additional
parameters. These parameters determine the minimum
distance along the protein chain required for two resi-
dues to be connected by a restraint, as well as the length
and strength of these restraints (Kuriata et al., 2018).

2.2 | CABS-flex standalone application
Compared to the web server version, the CABS-flex stan-
dalone tool (Kurcinski et al., 2019) provides additional
capabilities for modeling larger systems and customizing
protocols. These enhancements enable full command-
line access to various settings, such as the CABS coarse-
grained model parameters, geometrical restraints utilized
in CABS simulations, and result analysis. There are sev-
eral options for analyzing the results, including custom-
ized output parameters, optional all-atom reconstruction
(Badaczewska-Dawid et al., 2020a) with MODELLER
(Webb and Sali, 2016) (including hydrogen atoms), per-
sonalized clustering and filtering, as well as contact map
calculation and visualization, enabling users to analyze
residue-to-residue contact frequencies with user-defined
cutoffs.

As an additional feature, users can apply custom
distance restraints to simulated models based on

experimental data. It is also possible to manually adjust
the flexibility of specific regions within a protein. Users
can adjust flexibility factors for targeted residues at the
local level, or they can opt for global modifications to the
restraint generation system to modify the protein's overall
flexibility across its structure.

With the standalone version of CABS-flex being writ-
ten in Python, it can be seamlessly integrated into bioin-
formatics workflows and connected to additional
libraries. This allows users to incorporate their data and
analyses into more complex systems. The software is
compatible with Linux, macOS, and Windows, and
requires Python 2.7 and GFortran as the only essential
additional software. While Python 2.7 is currently a limi-
tation due to its obsolescence, an in-house version utiliz-
ing Python 3.12 is under development, indicating future
updates to the standalone version. Installing MODELLER
is recommended for full functionality. Importantly,
CABS-flex can be operated on a standard up-to-date
home computer without any special hardware require-
ments, making it both practical and accessible. Moreover,
CABS-flex is free and open-source, ensuring wide accessi-
bility. For more information, including an overview of all
CABS-flex options, examples of use, and installation
instructions, visit https://bitbucket.org/lcbio/cabsflex.

2.3 | Selecting optimal inputs for
CABS-flex protein simulations

The primary and only required input for CABS-flex is the
protein structure. When predicting the flexibility pattern
of a protein with multiple conformations available, the
following approach is recommended: First, employ an
ensemble approach by analyzing multiple conformations,
which is crucial for proteins with substantial structural
diversity to ensure a comprehensive representation of
their flexibility. Second, prioritize structures obtained
under physiological conditions comparable to those of
the biological study, enhancing the simulation's rele-
vance. Third, utilize databases such as CoDNaS (Monzon
et al., 2016) and PDB (Burley et al., 2023) to select a vari-
ety of conformations that demonstrate different func-
tional states, enriching the foundation for predictive
modeling.

The variability in flexibility patterns that arise from
using different starting structures underscores the
dynamic nature of proteins. Each conformation can dis-
tinctively affect simulation outcomes, identifying unique
flexibility hotspots influenced by both structural and
environmental factors.

Regarding simulation settings, the default parameters
were set to mirror fluctuation patterns similar to those
seen in 10-ns MD simulations using various force fields,
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as referenced in earlier studies (Jamroz et al.,, 2013a).
These settings are particularly calibrated for proteins up
to approximately 200 amino acids, where the fluctuation
profiles tend to be qualitatively consistent, with minimal
differences due to the stochastic nature of the simulation
algorithm. For proteins with high conformational diver-
sity or larger sizes, it is advisable to increase the number
of simulation cycles, potentially by tenfold, to capture
more accurate dynamics (the advanced simulation
options are discussed in the CABS-flex 2.0 documenta-
tion) (Kuriata et al., 2018).

3 | APPLICATIONS—CASE
STUDIES

This section presents case studies showing the capabili-
ties of CABS-flex in modeling protein systems. These
examples are intended to inspire readers to explore
CABS-flex applications in structure-function—flexibility
relationship studies.

3.1 | Modeling the flexibility of globular
protein structures

CABS-flex was initially employed to simulate the flexibility
of folded globular proteins, demonstrating results in line
with MD simulations across nanosecond timescales
(Jamroz et al., 2013a, 2013b) and consistent with fluctua-
tions observed in NMR ensembles (Jamroz et al., 2014).
This section presents two case studies that compare the flex-
ibility profiles predicted by CABS-flex simulations to those
measured by the random coil index (RCI), which is derived
from backbone chemical shifts (Fowler et al., 2020).

The RCI serves as a reliable measure of local protein
rigidity (Berjanskii and Wishart, 2005, 2008), and is fre-
quently referenced for assessing the structural accuracy
of both NMR-derived and AlphaFold 2 (AF2)-predicted
models (Fowler et al., 2021; Fowler and Williamson,
2022). Notably, it has been observed (Fowler and
Williamson, 2022) that AF2-generated structures
generally surpass NMR-derived structures in accuracy.
However, the application of RCI is contingent upon the
availability of backbone chemical shift assignments. In
the absence of such data, AF2-predicted structures offer a
provisional model for the protein's tertiary structure,
whose flexibility can then be swiftly approximated using
CABS-flex.

For our analysis, we have chosen two examples from
Fowler and Williamson (2022) to explore the correlation
between flexibility profiles from CABS-flex simulations
and those derived from RCI, which stands as a credible
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experimental benchmark. The first case, PDB ID 2ct5,
illustrates an instance where the AF2-predicted structure
is more accurate than the highest-scoring NMR structure.
Conversely, PDB ID 2y4q represents a case where the
NMR structure is more precise. The CABS-flex simula-
tions were conducted using standard parameters, and the
root mean square fluctuation (RMSF) was normalized to
a unit scale to facilitate a direct comparison with the
RCI-measured flexibility. These findings are illustrated in
Figure 3. For PDB ID 2ct5, the flexibility profiles gener-
ated by CABS-flex for both the NMR and AF2 models
accurately pinpoint the locations of flexible regions. Specifi-
cally, the segment between residues 18 and 28 and the
terminal regions are identified as overly flexible in
the NMR model predictions, with a notably better quantita-
tive alignment observed with the AF2 structure’s predic-
tions. In the case of PDB ID 2y4q, CABS-flex accurately
identifies the flexible regions as well. The AF2 model lacks
a short beta-sheet found in the NMR model (Fowler and
Williamson, 2022), which contributes to the AF2 model's
diminished accuracy for this protein. Intriguingly, CABS-
flex predicts the region encompassing residues 760-770 to
exhibit excessive flexibility in both models. A further dis-
tinct difference is observed in the terminal region, where
the AF2 model features a longer alpha-helix compared to
the NMR model.

In summary, our evaluation indicates that CABS-flex
serves as an effective tool for estimating backbone flexi-
bility at a modest computational expense, offering accu-
racy on par with the RCI method for proteins lacking
backbone chemical shift data. For such instances,
employing AF2-derived structures—or x-ray structures
when accessible—as the basis for analysis is expected to
provide the most accurate estimates of flexibility. This
approach underscores the utility of CABS-flex in comple-
menting other flexibility measurement methods, particu-
larly in scenarios where direct experimental data may be
limited or unavailable.

3.2 | Structure-function analysis of
protein complexes: Interactions and
mutational dynamics

In this section, we have compiled several examples demon-
strating applications of the CABS-flex method to explore the
critical interactions and structural dynamics of the SARS-
CoV-2 spike (S) protein. The S glycoprotein is a multidomain
protein that binds to the angiotensin-converting enzyme
2 (ACE2) (Huang et al., 2020). Comprising 1273 residues, the
S protein consists of an amino (N)-terminal S1 subunit and a
carboxyl (C)-terminal S2 subunit. The S1 domain, which is
responsible for interactions with the host receptor, includes
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an N-terminal domain (NTD), a receptor binding domain
(RBD), and a C-terminal domain (CTD) with two structurally
conserved subdomains: CTD1 and CTD2. The S protein
forms a homotrimer and the virus infection mechanism
involves conformational transitions. Specifically, the RBDs
alternate between a receptor-accessible “up” state (Figure 4a)
and a receptor-inaccessible “down” state (Figure 4b) (Wrapp
et al., 2020). Figure 4c highlights the residues involved in the
binding of the RBD with ACE2 (using contact map MAPIYA
web server [Badaczewska-Dawid et al., 2022a] with a dis-
tance cutoff of 8 A). The mutations in the RBD domain sig-
nificantly influence the virus's evolution.

CABS-flex can be particularly valuable for investigat-
ing the dynamic aspects of protein interactions that are
not evident from static structural data. Although RMSF
derived from multiple crystallized structures offers
important insights into observed protein flexibility,
CABS-flex provides additional value by modeling
dynamics and interactions that may not be fully resolved
in crystal structures. For example, in the study of the
SARS-CoV-2 spike protein (Sanyal et al., 2022), CABS-

flex highlighted significant flexibility in the distal ends of
the ACE2 binding motif—a region often unresolved in
crystallographic data. This modeling was crucial for
understanding the enhanced binding affinity of the Omi-
cron variant's spike protein to the ACE2 receptor (Ortega
et al.,, 2022), which is speculated to contribute to its
higher transmissibility. The insights gained from CABS-
flex about the dynamic behavior of these critical regions
complement static RMSF analyses, offering a more com-
plete understanding of how mutations may influence
virus-host interactions.

Beyond exploring the dynamics of entire regions of
protein—protein interactions, CABS-flex has also been
extensively used to study the effects of mutations on pro-
tein dynamics. It is important to clarify that CABS-flex
does not inherently modify amino acid sequences or gen-
erate coordinates for newly substituted amino acids.
Instead, users must prepare mutated structures prior to
simulation, often employing tools such as Modeller
(Webb and Sali, 2016) or FoldX (Buf3 et al., 2018). This
crucial preparatory step ensures that the input structures
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FIGURE 4 The SARS-CoV-2 spike (S) protein in (a) “up” conformation (PDB ID: 7a98) bound to angiotensin-converting enzyme

2 (ACE2) and in (b) “down” conformation (PDB ID: 7a98) which is without binding to the receptor. The N-terminal S1 subunit consists of
NTD (residues 14-306) in blue, RBD (residues 331-528) in tv_red, CTD1 (residues 529-591) in yellow, and CTD2 (residues 592-686) in cyan.
The remaining residues form the S2 subunit and are shown in raspberry. (c) The interaction between S and ACE2 happens through the

residues shown in light magenta on the RBD and wheat on the ACE2 receptor. The residues identified from CABS-flex trajectories as

(d) highly flexible and mutations could have significant effects on the evolution of the virus (Sanyal et al., 2022) and (e) have a significant

stabilization effect on S-ACE2 complex (Mishra et al., 2022) are highlighted in sky blue. SARS-CoV-2, severe acute respiratory syndrome

coronavirus 2.

accurately reflect the physical characteristics of the
mutated proteins, allowing for reliable simulations of
their dynamics and interactions. This detail underscores
the practical utility of CABS-flex in mutation analysis,
demonstrating its capability to predict the functional con-
sequences of genetic variations.

In combination with other analyses, CABS-flex has been
employed to study the effects of mutations in the RBD of
the spike protein. Sanyal et al. (2022) used CABS-flex trajec-
tories to explore and identify the regions in the RBD that
can have significant impacts on the stabilization of the RBD
domain in its interactions with ACE2 reception. This study
identified the residue stretches 441-445 and 477-484
(Figure 4d) as highly flexible and mutations in this region
will have a significant effect on the evolution of SARS-
CoV-2. Notably, the residues 477, 478, and 484 were
mutated in the Omicron variant (Karim and Karim, 2021).
In another study, Mishra et al. (2022) used CABS-flex to

study the impact of mutations in S proteins on the stabiliza-
tion or destabilization of the S-ACE2 complex. This study
pinpointed 36 mutations involving 12 residues that could
enhance the stability of the S-ACE2 complex (Figure 4e).
The V503D mutation exhibited the highest stabilization of
the S-ACE2 complex and is known to resist neutralization
(Tortorici et al., 2021). Moreover, mutations K417Y, E484A,
N501Y, D614G, and P681H identified in this study align
with those observed in the Omicron variant and its
sub-lineages (Cao et al., 2022; He et al, 2021; Zhang
et al., 2022). These two studies used CABS-flex trajectories
to identify the residues that could play a significant role in
virus evolutions. Multiple residues and substitutions identi-
fied by these studies were also observed in the SARS-CoV-2
variants.

The CABS-flex was also used to investigate the impact
of mutations on the ability of the S protein to bind to the
ACE2 receptor. For example, the D614G substitution
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introduces higher infectivity (Korber et al., 2020) and to
understand the possible reasons for this, Verkhivker et al.
(2022) used trajectories from 1000 independent CABS-
flex simulations. The authors performed a principal com-
ponent analysis (PCA) of the CABS-flex trajectories and
used elastic network model analysis to determine the
dynamics profiles from these trajectories. The D614G
mutation introduces significant conformational adapt-
ability to the “up” states, without compromising the
folding stability or integrity of the S proteins (Cai
et al., 2021). Based on the dynamic profiles from CABS-
flex trajectories, the study concluded that the D614G
mutation allows the S protein to exist in a dynamic
equilibrium between closed and open states, with the
RBD favoring the “up” conformation before ACE2 bind-
ing. In another study (Verkhivker, 2022a) exploring the
effects of amino acid substitutions in SARS-CoV-2 vari-
ants, trajectories from 100 independent CABS-flex simu-
lations were used to identify the diversity of “up”
conformations. The study concluded that both A570D
and D614G substitutions act as potential regulatory
switches and play a role in modulating the dynamics of
the S protein and its interaction with host receptors.
Moreover, the study postulates that the two residues play
an important role in the transitions between the “down”
and “up” conformations of the RBD (Verkhivker, 2022a).
Together, these two studies exemplify the use of CABS-
flex trajectories to understand the implications of amino
acid substitution introducing changes in the adaptability
and evolution of the virus.

3.3 | Exploring allosteric mechanisms
through integrative computational
modeling

CABS-flex simulations have been utilized as a tool for inves-
tigating dynamics and elucidating allosteric regulation
mechanisms. Although CABS-flex does not directly model
ligand interactions, it effectively pinpoints regions of signifi-
cant conformational flexibility within proteins that suggest
potential allosteric sites. For instance, Verkhivker (2022b)
applied CABS-flex in conjunction with atomistic simula-
tions to explore the dynamic conformational landscapes of
the Hsp90 chaperone complexes. This integrated approach,
which demonstrated the compatibility of CABS-flex with
MD simulations, helped identify critical dynamic areas
essential for understanding allosteric regulation and client
protein integration in Hsp90.

Similarly, Amusengeri et al. (2019) employed CABS-
flex to analyze the intrinsic dynamics of heat shock
proteins (Hsp70s) from Plasmodium falciparum,
highlighting regions of conformational flexibility indicative

of potential allosteric sites. Their study effectively bridges
the resolution gap between coarse-grained simulations and
all-atom MD simulations, confirming the consistency of
allosteric sites identified by CABS-flex with those observed
in more detailed simulations. Furthermore, Amusengeri
et al. (2019) verified the interactions of ligands with the
studied proteins through additional all-atom MD simula-
tions. These simulations, focusing on both apo (ligand-free)
and holo (ligand-bound) states, provided a detailed view of
how ligands influence protein conformation and function.

Another significant contribution comes from a study
focusing on the Hsp90 chaperone interactions with
cochaperones and client proteins (Verkhivker, 2022c),
which provided detailed atomistic insights from integra-
tive modeling (using CABS-flex simulations followed by
MODELLER-based all-atom reconstruction) and network
analysis of conformational landscapes. This study reveals
that dynamic-based allostery, driven by the interplay of
conformational states and interactions within the chaper-
one complex, is crucial for the efficient recruitment and
integration of client proteins.

CABS-flex was also adeptly employed to model the S
protein’s ability to switch between functional states,
highlighting its utility in mapping dynamic regulatory
switches within the protein structure (Verkhivker and Di
Paola, 2021a, 2021b). Simulation trajectories from CABS-
flex were validated by comparing them with those from
all-atom MD simulations and experimental data, ensur-
ing reliability in modeling the spike protein's conforma-
tional dynamics. These were further analyzed alongside
atomistic reconstructions and PCA to identify hinge
regions and characterize collective motions within the
SARS-CoV-2 spike protein complexes, providing insights
into allosteric communication pathways.

Ultimately, this collection of studies highlights the
utility of CABS-flex in identifying potential allosteric sites
and demonstrates that integrative simulation strategies
can provide crucial insights into the complex mecha-
nisms of allostery in protein dynamics, essential for
advancing targeted drug development.

3.4 | Structure-based prediction of
aggregation-prone regions (APRs)

CABS-lex, as a tool for simulating near-native flexibility,
can be easily used to introduce the aspect of protein flexibil-
ity to structure-based studies of static conformations of glob-
ular proteins. This capability was used in the Aggrescan3D
(A3D) (Kuriata et al., 2019a) method for structure-based
prediction of protein aggregation properties. By default,
A3D runs in “static mode” where it evaluates aggregation
tendencies of a static protein structure. However, A3D
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calculations can be also performed using “dynamic mode”
(Figure 5a) which harnesses CABS-flex to simulate protein
fluctuations. In this mode, an initial static structure serves
as a starting point for a CABS-flex simulation, and aggrega-
tion assessments are performed on CABS-flex output
models, which reflect protein flexibility. The final structure
is determined as the model with the highest aggregation
score, offering a more comprehensive and dynamic view of
protein aggregation tendencies. This dynamic approach is
particularly valuable as in solution protein aggregation may
arise not only from global unfolding but also as a result of
local structural changes and fluctuations from the protein’s
native state (Chiti and Dobson, 2009). To emphasize the
utility of this approach we can consider the illustrative
example of the human p53 DNA-binding domain (PDB ID:
2fej). Calculations performed using A3D “static mode”
(Figure 5b, left panel) do not reveal all potential APRs.
However, after harnessing A3D “dynamic mode”
(Figure 5b, right panel), CABS-flex unveils APRs that mir-
ror experimental observations (Navarro and Ventura, 2019).
In addition, A3D provides robust tools for introducing and
analyzing mutations within protein sequences. Users can
utilize the “Mutate residues” feature to manually input spe-
cific sequence changes or employ the automatic mutations
functionality. This automatic tool identifies APRs and sug-
gests strategic point mutations to charged residues, aiming
to enhance protein solubility. Such modifications are crucial

for exploring how changes in the flexibility of flanking
regions can influence protein stability and aggregation
propensity.

A3D method is available both as a web server (Kuriata
et al., 2019a) and as a standalone tool (Kuriata et al., 2019b),
offering a wide range of applications including automatic
redesign toward soluble variants. Recently, A3D has been
applied to predict regions responsible for aggregation across
entire proteomes, a feat made possible through the use of
structural predictions generated by AlphaFold2 (AF2)
(Varadi et al., 2022). A3D databases have been created to
seamlessly integrate A3D's analytical infrastructure with
structural predictions for human (Badaczewska-Dawid
et al., 2022b), yeast (Garcia-Pardo et al., 2023), and other
proteomes (Badaczewska-Dawid et al., 2024a). Finally, the
A3D method has recently undergone significant enhance-
ments, notably including the ability to consider environmen-
tal pH. These advancements are now accessible through the
A4D web service (Barcenas et al. 2024).

3.5 | Structure-based prediction of
S-nitrosylation sites

In Section 3.4, we discussed the utilization of CABS-flex
for revealing APRs on protein surfaces. A similar
approach, integrating CABS-flex into structure-based
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CABS-flex ensembles provided valuable insights into the structural dynamics of S-nitrosylated proteins. (a) The workflow

utilizes SNOfinder to identify proteins susceptible to S-nitrosylation, generates a structural ensemble of 20 models per protein with CABS-
flex to highlight their flexibility, and analyzes these models with SNOmodel to calculate key structural and biochemical parameters, thereby
enhancing understanding of S-nitrosylation mechanisms. (b) The cartoon representations show the models from the CABS-flex ensemble
(white) of the mitochondrial chaperone TRAP1 (deep teal). The stick and ball representations highlight the conformational dynamics of
SNO cysteine (SNO, red), proximal cysteine (proximal, marine) of the ensembles, and the Sy-Sy distances between them.

analyses, was also employed by Papaleo et al. (2023) for
identifying  S-nitrosylation sites. S-nitrosylation—a
reversible modification of cysteine residues to form
S-nitrosothiols—is a key posttranslational modification
(PTM) affecting cellular functions and is implicated in
various diseases, making it a target for therapeutic inter-
ventions. The method involves identifying cysteines close
in three-dimensional space, not just sequence, highlight-
ing the importance of protein flexibility for exposing
potential S-nitrosylation sites and influencing protein
behavior and interactions within cellular pathways. For
instance, in the mitochondrial chaperone TRAP1, SNO at
Cys501 induces conformational changes at the distal site
in the protein structure which results in altering the open
and closing motions necessary for its chaperone function.
This modification reduces its ATPase activity, and with
its proximity to Cys527 suggests potential disulfide bridge
formation (Faienza et al., 2020; Rizza et al., 2016).

Figure 6a presents a workflow devised by Papaleo et al.
(2023), showcasing a two-step bioinformatic approach for
studying S-nitrosylation in proteins. Initially, the workflow
employs SNOfinder, a tool specifically designed for the
identification of proteins susceptible to S-nitrosylation by
leveraging databases of known PTMs and structural data.
This identification process is critical for pinpointing proteins
where S-nitrosylation plays a potential role in regulating

protein function and signaling pathways. Following the
identification, CABS-flex is utilized to generate a structural
ensemble comprising 20 models for each identified protein.
These models collectively represent the protein's structural
flexibility and potential conformational states, taking into
account the dynamic nature of protein structures in biologi-
cal systems. The resulting ensemble is then analyzed using
the SNOmodel pipeline, which is tailored to calculate spe-
cific structural and biochemical parameters, such as dihe-
dral angles and solvent accessibility of cysteine residues
involved in S-nitrosylation. This analysis is aimed at under-
standing the structural context of S-nitrosylation sites,
including their proximity to other functional groups within
the protein and potential interactions with cofactors or
metal ions, thereby shedding light on the mechanistic
underpinnings of S-nitrosylation in protein function and
regulation.

For the mitochondrial chaperone TRAPI1, the CABS-
flex simulations focused on the cysteines C501 and C527.
The Sy-Sy distance between the two sulfur groups of
these cysteines is highlighted in Figure 6b. It showed that
SNO at C501 could lead to a disulfide bridge with C527, a
finding supported by experimental validation. This
insight was important for understanding the redox regu-
lation of TRAP1 and its role in diseases. The CABS-flex
approach, a computationally inexpensive method, effectively
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(a) Example CABS-flex predictions (best prediction out of 10,000 simulated structures—blue; best prediction out of top

10 structures ranked by CABS-flex—yellow) superimposed on the experimental PDB structures (red). (b) Comparison between CABS-flex
predictions (yellow) and AlphaFold2 predictions (cyan) superimposed on the experimental PDB structures (red).

identified candidates with structural constraints that
limit SNO or disulfide bridge formation. This study
analyzed multiple SNO proteins, including the tumor
protein TP53, focusing on its DNA-binding domain.
For example, CABS-flex simulations were used to
determine how mutations near the SNO and adjacent
cysteine sites in TP53 influence its stability and DNA-
binding capabilities. Key findings include the stabiliz-
ing N235H variant promoting S-nitrosylation and
disulfide bridge formation, enhancing TP53's structure.
On the other hand, the destabilizing variants could
impair the structural mechanism.

3.6 | Structure prediction of linear and
cyclic peptides

Recently, we introduced a new CABS-flex-based protocol
that enables de novo structure prediction of linear and cyclic
peptides (Badaczewska-Dawid et al., 2024b). The protocol
has been introduced as an extension of the CABS-flex stan-
dalone application; it uses the CABS-flex methodology to
perform an efficient exploration of a peptide’'s conforma-
tional space (Badaczewska-Dawid et al., 2024b). The proto-
col was extensively tested against other methods (AF2
[Jumper et al., 2021] implemented in the ColabFold [Mirdita
et al, 2022], ESMFold [Lin et al., 2023], APPTEST [Tim-
mons and Hewage, 2021], PEP-FOLD [Shen et al., 2014]) on
a benchmark consisting of 159 linear and cyclic peptides
ranging from short peptides of 9 residues to mini-proteins
consisting of 49 residues. The two examples of CABS-flex
predictions are highlighted in Figure 7. In most bench-
marked cases, AlphaFold-based protocol outperformed
CABS-lex, especially for longer peptides, due to its ability to
capture complex long-range interactions. However, the
diverse structural behaviors of short peptides, which range
from disordered regions to well-defined secondary struc-
tures, pose a challenge for deep learning methods like AF2,
as experimental structures sometimes inadequately

represent this diversity. We have demonstrated that in these
instances, coarse-grained methods such as CABS-flex remain
competitive by effectively navigating this structural diversity
through simplifications and reduced granularity. Figure 7b
illustrates two examples in which CABS-flex was able to pre-
dict conformations that turned out to be closer to the experi-
mental ones than those proposed by AF2.

In a standard CABS-flex simulation, the only required
input is the initial structure provided in the form of a PDB
code or PDB file. In the CABS-flex peptide structure predic-
tion protocol, the only explicitly required input is an amino
acid sequence. The starting structure is generated as a ran-
dom coil based on that input sequence. There are other
optional inputs, such as secondary structure in three-letter
notation (H, helix; E, extended; C, coil). If it is not supplied,
the secondary structure would be predicted by Psipred
(Jones, 1999), though we recommend users to predict it
using state-of-the-art deep-learning methods for enhanced
accuracy (i.e., NetSurfP-3.0 [Hoie et al., 2022] or SPOT-1D-
LM ([Singh et al,, 2022]). The versatility of the presented
CABS-flex modeling pipeline is a notable advantage, as it
can be readily expanded by incorporating additional data or
testing alternative configurations. Additional simulation
data can be easily introduced as distance constraints
between C-alpha atoms or side group centers of mass with
appropriate confidence levels that may force a precisely
known distance or provide a weak bias (Badaczewska-
Dawid et al., 2024b). Potential pipeline extensions include
the use of techniques like MD to investigate the peptide
dynamics or explore the design of peptide-based drugs with
modifications extending beyond natural amino acids, pro-
viding a broader scope for research and applications.

3.7 | Merging with high-accuracy
all-atom reconstruction

CABS-flex employs the CABS coarse-grained model to
create C-alpha protein models (refer to Section 2), which
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FIGURE 8

CABS-flex output structures rebuilt by two methods: (a) Modeller in cyan and (b) cg2al

172

in dark green, superimposed on

the experimental PDB structure in orange (PDB ID: 3oou). We highlight the accuracy of side-chain reconstruction (left panels) and helical

hydrogen bond networks (right panels) in the rebuilt structures.

are subsequently reconstructed into full-atom structures.
Despite the advances in reconstruction methods, they are
not without flaws, and as a result, suboptimal chain
geometries can emerge in the final output (Badaczewska-
Dawid et al., 2020b). Moreover, the process of reconstruct-
ing from coarse-grained models introduces additional
challenges. Namely, the initial C-alpha trace may include
unphysical distortions and different backbone reconstruc-
tion methods exhibit varying degrees of resilience to that
challenge (Badaczewska-Dawid et al., 2020b). This can
lead to missing portions of the rebuilt backbone or
amplified distortions, which can substantially affect the
quality of subsequent side chain reconstruction, all-atom
energy minimization, and scoring (Badaczewska-Dawid
et al., 2020Db).

As of now, CABS-based tools are integrated with
Modeller-based protocol (Webb and Sali, 2016), utilizing
the coarse-grained models as templates and the automo-
del class from Modeller (Webb and Sali, 2016), to gener-
ate a comprehensive set of restraints for reconstructing
all heavy atoms (Badaczewska-Dawid et al., 2020a).
Unfortunately, the Modeller protocol often faces the
reconstruction difficulties mentioned above. This
prompted our exploration of a new reconstruction
method. Recently, we obtained very promising results
using the deep-learning-based method cg2all (Heo and
Feig, 2024). The method, inspired by the success of AF2,
employs a graph neural network and utilizes rigid-body
blocks for 3D structure generation. It incorporates physi-
cal constraints and structural features, learned from
known protein conformations during model training.
Preliminary results indicate an improvement in C-alpha
RMSDs, fewer clashes, and better MolProbity (Chen
et al., 2010) scores of the rebuilt models by the cg2all
method. This can be seen in Figure 8, where the quality
of both the main chain and side chains rebuilt by Model-
ler (Figure 8a) is worse than in the structure rebuilt by

cg2all (Figure 8b). The reconstructed structures demon-
strate improved local quality and stability, assessed by
using the reconstructed structures as a starting point for
MD simulations. Furthermore, we observe a significant
improvement (Figure 8b, right panel) in the previously
observed issue of DSSP (Kabsch and Sander, 1983) being
unable to identify secondary structure elements in the
Modeller-reconstructed structures, due to local distor-
tions (Figure 8a, right panel).

Therefore, one of the shortcomings of using coarse-
grained models, including the CABS-flex method, is the
difficulty in reconstructing physically meaningful full-
atom structures. We believe that this problem can be
addressed by employing new deep learning networks,
which would allow for the utilization of extensive knowl-
edge of known structures in the task of reconstruction
based on the coarse-grained data.

Another common challenge in reconstructing protein
structures is the incorporation of nonstandard amino
acids or PTMs. While CABS-flex is primarily designed to
work with natural amino acids and does not directly sup-
port the integration of nonstandard amino acids or PTMs,
users can approximate the effects of such modifications.
For instance, users can substitute phosphoserine with
aspartic acid or acetyllysine with lysine to mimic the
effects of these modifications. For a more precise analy-
sis, researchers may start with a CABS-flex generated
ensemble of structures and subsequently refine these
models using more detailed MD simulations. Tools like
CHARMM-GUI, which has recently incorporated the
PDB Manipulator for easier handling of nonstandard amino
acids and PTMs (Park et al., 2023), offer an advanced plat-
form for such detailed studies. Additionally, the PyMOL
plugin pyTM can be used to visualize and introduce com-
mon PTMs into models (Warnecke et al., 2014). This lay-
ered approach leverages the rapid simulation capabilities of
CABS-flex alongside the detailed analysis possible with MD,
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providing a framework for studying the structural and func-
tional impacts of PTMs.

3.8 | AlphaFold's pLDDT: Bridging
predictive confidence and protein
flexibility

The pLDDT score, developed by AlphaFold, serves as a
confidence metric for the predicted positions of amino
acids within a protein structure. Regions with high
pLDDT scores generally indicate high structural confi-
dence and presumed rigidity, whereas lower scores often
suggest potential flexibility where structural predictions
are uncertain. Importantly, pLDDT scores can indicate
flexibility even in regions with high scores if the predic-
tive model, like AlphaFold, has incorporated multiple
conformations in its training dataset.

This underscores the complexity of interpreting pLDDT
scores, necessitating a nuanced approach to assessing pro-
tein flexibility. AF2 adaptations for modeling multiple pro-
tein states enhance the structural heterogeneity of predicted
ensembles (Sala et al., 2023). These adaptations allow for
the simulation of various conformational states beyond a
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single rigid configuration, which is essential for proteins
undergoing significant structural changes. The pLDDT met-
ric reliably assesses the structural confidence of these pre-
dicted models, assigning higher values to more accurately
predicted conformations.

Here, we analyze two example proteins from the
ATLAS database (Vander Meersche et al., 2024), 602v_A
and 1d3y_B, which were subjected to three 100 ns simula-
tions using GROMACS v2019.4 with the CHARMM36m
force field. By scaling the RMSF values yielded by CABS-
flex alongside those from MD simulations, we main-
tained comparability and shape consistency of fluctua-
tion values. Spearman's correlation was employed as a
metric to measure the similarity between these two sets
of fluctuation data.

For 602v_A, the correlation between CABS-flex and
ATLAS's MD simulations was notably high at 0.86, indicating
strong predictive accuracy by CABS-flex (Figure 9a). Interest-
ingly, the shape of the pLDDT curve inversely mirrored the
RMSF curves, leading to further analysis where RMSF and
pLDDT values from MD were scaled together. This analysis
resulted in a Spearman correlation of —0.80, suggesting a
strong negative interdependence, with most fluctuations
aligning with protein loops that are prone to movement.

Standardized fluctuation
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FIGURE 9

Examples of protein structure fluctuations from CABS-flex and molecular dynamics (MD) runs, and pLDDT confidence

scores for proteins: (a) 602v_A and (b) 1d3y_B. MD runs were retrieved from the ATLAS database (Vander Meersche et al., 2024). On the
right, the figure shows pLDDT confidence scores visualized on the protein structures. pLDDT, predicted local distance difference test.
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Conversely, 1d3y_B, which is rich in secondary struc-
ture elements and has fewer loops, showed significant
fluctuations loosely correlated with pLDDT scores
(Figure 9b). Particularly in the region 195-205, a signifi-
cant drop in pLDDT scores was observed. This region
was not originally present in the PDB data and was com-
putationally modeled by AF2 for inclusion in the ATLAS
database (Vander Meersche et al., 2024), explaining the
lower pLDDT scores. Such scores often suggest structural
uncertainty, which, in this case, is a direct result of the
absence of empirical data for this segment. Despite
the low pLDDT, this region exhibits a level of flexibility
comparable to other regions with much higher pLDDT
scores, emphasizing the importance of source data in
interpreting both pLDDT scores and flexibility.

These findings underscore the complex and context-
dependent nature of using pLDDT scores to infer flexibil-
ity in protein structures. They highlight the importance
of integrating these scores with dynamic simulation data
from CABS-flex to obtain a comprehensive understand-
ing of protein behavior, facilitating more informed pre-
dictions about protein functionality under diverse
physiological conditions.

4 | CONCLUSIONS

CABS-flex has established itself as an efficient and cost-
effective tool for simulating the backbone flexibility of
proteins across diverse biological contexts. It has been
particularly useful for applications in the analysis of glob-
ular proteins, mechanisms of viral adaptation, allostery,
prediction of aggregation-prone and S-nitrosylation sites,
as well as in structure prediction for linear and cyclic
peptides, thereby enhancing our understanding of pro-
tein dynamics.

In this work, we have shown how CABS-flex effec-
tively integrates into research workflows, complementing
traditional experimental techniques such as x-ray crystal-
lography, NMR spectroscopy, and cryo-electron micros-
copy (cryo-EM). This integration proves especially
valuable in scenarios where experimental data are sparse,
or where traditional methods like crystallization fail due
to the dynamic nature of the target proteins. Addition-
ally, CABS-flex has demonstrated its utility in studying
the effects of mutations, further enhancing its versatility
in addressing various biological questions. In the various
workflows presented, CABS-flex is primarily used to
simulate the flexibility of globular proteins at a low com-
putational cost, offering a practical and less resource-
intensive alternative to the more computationally
demanding all-atom methods. This capability allows for
the exploration of a wide range of protein conformations

and provides insights into dynamics that are often inac-
cessible through conventional experimental approaches
alone, making CABS-flex a useful tool in computational
biology for studying protein dynamics with reduced com-
putational overhead.

Despite its advantages, the coarse-grained nature of
CABS-flex, which relies on a knowledge-based force field,
might not capture all detailed molecular interactions.
This limitation is particularly evident in scenarios involv-
ing transient interactions, highly dynamic regions, or
intricate regulatory mechanisms within proteins. Such
interactions often require a detailed atomic-level under-
standing that coarse-grained models may oversimplify.
This gap highlights the importance of supplementing
CABS-flex with higher-resolution methods, such as all-
atom MD simulations, to validate and refine computa-
tional predictions. Integrating these methods ensures a
more comprehensive understanding of protein dynamics,
particularly in understanding the subtle nuances of allo-
steric regulations and the complexity of protein-protein
interaction interfaces.

From our experience, the adept application of dis-
tance restraints in CABS-flex simulations is crucial yet
frequently overlooked by users. Often, a default set of dis-
tance restraints and simulation parameters is employed,
optimized for the short-term dynamics of folded globular
proteins as derived from all-atom MD simulations.
Adjustments to these restraints are necessary for different
protein systems and timescales to accommodate diverse
functional states and conformations. Modifying these
restraints presents challenges, requiring expertise and
sometimes extensive customization. An interesting
and important challenge is the design of distance
restraints based on low-resolution experimental data,
which can include techniques such as small-angle x-ray
scattering (SAXS), cryo-EM, or cross-linking mass spec-
trometry (XL-MS). These methods provide valuable struc-
tural information that can guide the placement and
adjustment of distance restraints. Recent significant
advances in Al-based structural prediction have further
expanded the possibilities for integrative modeling pipe-
lines (Rout and Sali, 2019), which combine modeling
methods with experimental data. For instance, Al-
predicted models can now be integrated with data from
MS (Allison et al., 2022) or cryo-electron tomography
(Mosalaganti et al., 2022), setting the stage for simulating
large-scale dynamics. Simplifying the process of adjusting
restraints and their weights remains a key area for future
development to enhance user accessibility and flexibility
in simulation setups.

Additionally, exploring the integration of CABS-flex
with advanced Al-based structural predictions, such as
those from AF2, could be promising. The conceptual use
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of AlphaFold's pLDDT scores to inform distance
restraints in CABS-flex simulations might lead to more
nuanced depictions of protein flexibility, particularly in
regions where the predictive model's confidence varies.
This approach could potentially enhance CABS-flex's
capability to model protein dynamics more accurately,
especially in areas that are critical for understanding
functional mechanisms. Such integration could improve
the utility of simulations, providing insights into protein
behavior that are complementary to traditional experi-
mental approaches.

As we advance, refining the CABS-flex algorithm and
simplifying its user interface will be crucial for facilitat-
ing more precise simulations of large biological systems.
Continued development will ensure that CABS-flex
remains an useful tool in computational biology, aiding
researchers in effectively exploring the dynamic nature of
proteins and their complexes.
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4.2. [A6] Rozwoj metody CABS-flex 3.0: narz¢dzia online do symulacji
elastycznosci strukturalnej bialek i modelowania peptydow

4.2.1. Wprowadzenie do [A6]

W pracy [A6] przedstawiliSmy nowa wersje narzedzia - CABS-flex 3.0 - stanowigcg
bezposrednie rozwinigcie wcezesniejszych badan nad metoda CABS-flex. Projekt miat
charakter zlozony oraz dlugoterminowy. M6j wklad w publikacj¢ byt jednym z wiodacych i
porownywalny z wktadem Karola Wroblewskiego, co zostato formalnie podkreslone adnotacja
o rownorzednym wktadzie (tzw. equal contribution). Skupiliémy si¢ jednak na odmiennych
zakresach zadan - K. Wroblewski odpowiadatl gléwnie za rozwoj algorytmiczny 1
implementacyjny metody, natomiast ja za opracowanie oraz dopracowanie ztozonego
interfejsu webowego.

CABS-flex 2.0, dostepny wczesniej jako ogdlnodostepny serwer internetowy, byt szeroko
wykorzystywany w §rodowisku naukowym i znalazt zastosowanie w licznych badaniach: od
analizy elastycznos$ci biatek globularnych, poprzez ocen¢ wplywu mutacji i identyfikacje
miejsc allosterycznych, az po integracje z predykcjami AlphaFold i wykorzystanie w
protokotach dynamicznych do analizy agregacji i S-nitrozylacji.

Znaczace zainteresowanie spoteczno$ci naukowej, potwierdzone licznymi cytowaniami,
szerokie zastosowanie narze¢dzia oraz opinie uzytkownikow i ograniczenia wersji 2.0 staly sie
naturalng motywacja do opracowania jego kolejnej generacji. Wersja 3.0 wprowadzita szereg
udoskonalen, takich jak nowe tryby elastycznosci z uwzglednieniem pLDDT, mozliwos¢
predykcji struktury 1 elastycznosci peptydow (zarowno liniowych, jak 1 cyklicznych), nowy
algorytm rekonstrukcji pelnoatomowej cg2all''?, a takze calkowicie przebudowany,
interaktywny interfejs webowy. Kluczowym celem bylo zwigkszenie doktadnosci,
elastycznosci 1 uzyteczno$ci metody - przy zachowaniu jej podstawowej zalety, jaka jest
wysoka efektywno$¢ obliczeniowa wynikajaca z wykorzystania modelu gruboziarnistego
CABS, ktory opisatem w rozdziale 2.2.2.

W wyniku prac nad serwerem CABS-flex 3.0 zaproponowaliSmy cztery zréznicowane tryby
definiowania wigzow odlegltosci, odpowiadajace roznym zakresom ruchliwosci 1 sztywnosci
struktur biatkowych:

e Flexible - tryb domyslny, w ktorym wiezy odleglosci definiowane s3 wylacznie
pomiedzy resztami nalezacymi do stabilnych elementéw struktury drugorzedowe;j
(helis i B-harmonijek). Pozwala to na zachowanie lokalnej stabilnosci tych regionow
przy jednoczesnym umozliwieniu swobodnych zmian konformacyjnych w obrebie petli
i regiondow nieuporzadkowanych?>*3>71113,
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e Rigid - tryb o jednolitym poziomie sztywnosci, w ktorym wigzy odlegtosci naktadane
sg na calg strukture biatka, a nie tylko na elementy struktury drugorzedowej, co
utrzymuje j3 w mozliwie niezmienionej konformacji. Tryb ten zostal opracowany i
skalibrowany w oparciu o dane z bazy ATLAS MD!!*, zawierajacej wysokorozdzielcze
monomery biatkowe o ograniczonych fluktuacjach konformacyjnych.*

e Rigid-pLDDT - tryb hybrydowy, w ktérym sita ograniczen modulowana jest na
podstawie wartosci pLDDT pochodzacych z predykcji AlphaFold. Podobnie jak tryb
Rigid, zostal on opracowany i zweryfikowany w oparciu o dane z bazy ATLAS MD!!*,
co pozwolito na dopasowanie parametrow ograniczen do rzeczywistych poziomow
ruchliwo$ci obserwowanych w monomerach biatkowych>*.

e Unleashed - tryb catkowicie pozbawiony ograniczen, pozwalajacy na maksymalnie
swobodne probkowanie przestrzeni konformacyjnej. W tym trybie to pole silowe
CABS w pehi decyduje o generowanej dynamice. Jak pokazano w pracy'!”, nawet przy

calkowitym braku wi¢zow fluktuacje uzyskiwane w modelu CABS dobrze korelujg z

wynikami petnoatomowych symulacji MD.

W artykule [A6] wyjasniliSmy szczegotowo zalecany sposob wyboru trybu - w zaleznosci od
typu biatka i dostgpnych danych, a takze mozliwos¢ réwnoleglego testowania réznych trybow
w celu identyfikacji najbardziej adekwatnego modelu

CABS-flex 3.0 oferuje dedykowany tryb do modelowania peptyddéw, opracowany w oparciu o
prace Badaczewskiej i wsp.>, ktory umozliwia generowanie struktur peptydéw liniowych i
cyklicznych. Protokét uwzglednia obecnos¢ mostkow disiarczkowych oraz mozliwosé
zamknigcia tancucha gltéwnego. W przypadku braku informacji o strukturze drugorzgdowej
serwer automatycznie wykonuje jej predykcje z wykorzystaniem narzedzia NetSurfP-3.0'16,

Zaimplementowany protokot zostat oceniony na szerokim zbiorze testowym obejmujgcym
peptydy o zréznicowanej dtugoéci, cyklicznoéci i charakterze strukturalnym.> Wykazali$my,
ze CABS-flex osigga wyniki pordwnywalne z innymi narzgdziami do predykcji struktury
peptydow - szczegdlnie w przypadku krotkich peptydow liniowych - przy istotnie nizszym
koszcie obliczeniowym niz metody takie jak AlphaFold!®, PEP-FOLD'!”, APPTEST!!® czy
ESMFold**. Dodatkowym atutem CABS-flex, odrézniajacym je od wiekszosci wymienionych
metod, jest mozliwo$¢ analizy elastycznosci peptydow, a nie wylacznie predykcji pojedynczej
struktury statyczne;j.

Waznym aspektem rozwoju wersji CABS-flex 3.0 byta rowniez rekonstrukcja pelnoatomowa
struktur uzyskiwanych z symulacji gruboziarnistych. W dotychczasowych wersjach narzedzia
CABS-flex proces ten realizowany byl z wykorzystaniem programu Modeller, ktory w wielu
przypadkach prowadzil do lokalnych znieksztalcen geometrii tancucha gtownego oraz
suboptymalnych konformacji tancuchéw bocznych. W wersji 3.0 podejscie to zostalo
zastgpione metodg cg2all''?, oparta na architekturze glebokiego uczenia typu SE(3)
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transformer, wykorzystujacej sztywng reprezentacje blokéw strukturalnych inspirowang
rozwigzaniami zastosowanymi w AlphaFold2.

Testy rekonstrukc;ji struktur atomowych po modelowaniu w CABS wykazaty, Zze metoda cg2all
istotnie poprawia jako$¢ lokalnej geometrii w poréwnaniu do wczesniejszych procedur,
redukujac kolizje atomowe oraz lepiej zachowujac poprawne relacje przestrzenne zarOwno w
szkielecie peptydowym, jak i w konformacjach tancuchéw bocznych. Zastosowanie cg2all
przektada si¢ tym samym na zwigkszong precyzje rekonstrukcji petnoatomowej, wyzsza
przydatnos¢ wygenerowanych modeli do dalszych analiz strukturalnych i energetycznych, a
takze znaczng poprawg jakosci wizualizacji wynikdéw symulacji.

Interfejs serwera CABS-flex 3.0 zaprojektowalem i wykonatem tak, aby umozliwi¢ peing
obsluge symulacji bez potrzeby znajomosci linii komend. Dostepne sa dwie zaktadki
wejsciowe (Flexibility modelling oraz Peptide modelling), szereg opcji zaawansowanych
(modyfikacja parametrow symulacji, ograniczenia niestandardowe, edytor elastycznos$ci na
poziomie reszt), a takze cztery interaktywne zaktadki wynikowe:

e Models - wizualizacja 10 wygenerowanych modeli w przegladarce mol* z opcja
kolorowania wg RMSF, pLDDT, B-factor itd.

e Contact maps - interaktywne mapy kontaktow generowane z uzyciem Plotly,
zsynchronizowane z wizualizacja 3D.

e Fluctuation plot - wykresy RMSF 1 pLDDT z adnotacja struktury drugorzedowe;,
umozliwiajace lokalizacj¢ regionow stabilnych i zmiennych.

e Project info - zbiorcze informacje o symulacji i wprowadzonych danych.
Przyktadowy wyglad interfejsu serwera CABS-flex 3.0 przedstawiono na Rysunku 8. Serwer

umozliwia nie tylko przeprowadzenie symulacji, ale roéwniez interaktywng analize i
wizualizacj¢ wynikow.
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Rysunek 8. Przyklady mozliwosci wizualizacji w ramach interfejsu CABS-flex 3.0:
wizualizacja 3D wygenerowanych modeli (zakladka Models), interaktywna mapa kontaktow
(zaktadka Contact maps) oraz wykres fluktuacji RMSF wraz z adnotacjami dotyczacymi
struktury drugorzedowej (zaktadka Fluctuation plot). Tak zaprojektowany interfejs pozwala w
prosty i intuicyjny sposob analizowa¢ wyniki bez konieczno$ci korzystania z dodatkowego
oprogramowania. Zrodto: [A6].

Architektura serwera bazuje na frameworku Flask oraz silniku szablonéw Jinja2, z kolejka
obliczeniowg obstugiwang przez MySQL. Do renderowania struktur wykorzystatem biblioteke
mol*!1,

Wprowadzone w CABS-flex 3.0 udoskonalenia stanowity odpowiedz na konkretne potrzeby
badaczy analizujacych powigzania pomigdzy strukturg, elastyczno$cig i funkcja bialek oraz
peptydow. Nowa wersja narzedzia zwigkszyta dostgpnos¢ symulacji elastycznosci rowniez dla
mniej doswiadczonych uzytkownikow, oferujac jednocze$nie tryby zaawansowane
umozliwiajace precyzyjne dostrojenie symulacji do danych eksperymentalnych.

Dzigki duzej szybkosci, mozliwos$ci pracy na strukturach otrzymanych za pomoca narze¢dzia

AlphaFold, opcji analizy interakcji i dostgpnosci bez logowania, CABS-flex 3.0 znajduje
zastosowanie zar6wno w badaniach podstawowych (np. zmienno$¢ konformacyjna, wigzanie

- 108 -


https://www.zotero.org/google-docs/?LoqG8R

peptydow), jak 1 w badaniach aplikacyjnych (np. projektowanie peptydow bioaktywnych,
ocena wptywu mutacji).

W mojej ocenie znaczenie wersji 3.0 wykracza jednak poza samo rozszerzenie funkcjonalnosci
1 stanowi istotny wktad w rozwdj metod szybkiej analizy elastycznos$ci struktur biatkowych.
Obserwowany w ostatnich latach gwattowny wzrost liczby modeli biatek dostepnych dzigki
metodzie AlphaFold przetozyl si¢ na ogromne zainteresowanie serwerem CABS-flex -
najpierw wersja 2.0, a obecnie 3.0 - ktory pozwala szybko bada¢ i wizualizowac¢ dynamike tych
struktur na zupelnie nowym poziomie. Dzigki temu narzedzie to znajduje zastosowanie w
badaniach nad mechanizmami dziatania biatek, projektowaniu lekow 1 analizie wiarygodnosci
modeli generowanych metodami Al. Uwazam, ze CABS-flex 3.0 jest dzi$ jednym z najbardzie;j
uniwersalnych narzedzi do badania elastyczno$ci biatek i peptydow, taczac efektywnosé
obliczeniowg z funkcjonalnos$cia, ktora realnie wspiera badania od etapu wstgpnych hipotez az
po szczegbdtowe analizy strukturalne.

4.2.2. Artykul [A6]
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Abstract

Simulating protein structure flexibility using classical methods is computationally demanding, especially for large proteins. To address this chal-

lenge, we have been developing the CABS-flex method, which enables fast simulations of protein structural flexibility by combining a coarse-

grained simulation approach with all-atom detail. Previously available as the CABS-flex 2.0 web server, the method has now undergone a major
upgrade with the release of CABS-flex 3.0. Key improvements include the introduction of intuitive flexibility modes that simplify the control of
distance restraints and allow users to reflect known or expected dynamic regions; improved all-atom reconstruction for higherquality model
generation; a new feature for de novo peptide structure prediction, supporting both linear and cyclic peptides along with their conformational
flexibility; and new tools for result analysis and visualization, facilitating deeper insights into structural flexibility. Additionally, AlphaFold pLDDT-
derived restraints can be used as optional input for guiding simulations. The method accepts input as either a PDB/mmCIF structure or a
sequence (for peptide modeling). Advanced options allow users to incorporate experimental or computational restraints. The CABS-flex 3.0 web
server is available at https://Icbio.pl/cabsflex3. This website is free and open to all users, with no login requirement.

Graphical abstract

Introduction

Protein structural flexibility is essential for their biological
functions, yet studying protein dynamics experimentally is of-
ten challenging or even impossible. Consequently, computa-
tional simulations have become indispensable. However, clas-
sical approaches, such as all-atom molecular dynamics (MD),
are constrained by their high computational cost, making the
simulation of structural flexibility for most biologically rele-
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vant proteins particularly demanding. Performing such simu-
lations typically requires specialized hardware, such as super-
computers, or substantial computational resources.

To address these challenges, we introduced CABS-flex ap-
proximately a decade ago as a method designed for rapid
simulations of protein flexibility. CABS-flex offers a compu-
tational speed advantage of three to four orders of mag-
nitude over all-atom MD while maintaining competitive
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accuracy in predicting structural flexibility [1]. Built upon the
well-established CABS coarse-grained model, this approach
effectively captures key dynamic properties observed in exper-
imental and MD-derived datasets [1-3]. Its integration with
all-atom reconstruction enables a seamless transition from
coarse-grained flexibility simulations to detailed atomic-level
representations. Over the years, we have continuously refined
the method, introducing two iterations of the CABS-flex web
server [4, 5], a standalone application with enhanced control
and scalability [6], and, more recently, extensions that sup-
port peptide modeling and refined structural analysis [7]. To-
day, CABS-flex has gained widespread adoption, particularly
through its popular web server 2.0, making flexibility simu-
lations more accessible to the scientific community. Further-
more, it has become an integral component of various com-
putational protocols, enabling researchers to explore the inter-
play between protein structure, flexibility, and function across
diverse fields, as summarized in a recent review [8].

Previous versions of CABS-flex, although widely adopted,
had several limitations. These included limited options for cus-
tomizing flexibility restraints, no dedicated support for pep-
tide modeling, and an all-atom reconstruction method that
could lead to suboptimal side-chain conformations and lo-
cal backbone geometry. Moreover, earlier versions did not in-
corporate structural confidence metrics such as AlphaFold’s
pLDDT scores. CABS-flex 3.0 addresses these issues by in-
troducing new flexibility modes with adjustable restraint
schemes, a protocol for modeling both linear and cyclic pep-
tides, and an advanced deep learning-based all-atom recon-
struction method (cg2all) that substantially improves struc-
tural detail [9]. The integration of pLDDT-derived restraints
further enhances the biological relevance of flexibility predic-
tions. Together, these improvements significantly expand the
scope, accuracy, and usability of CABS-flex for modeling the
dynamic behavior of proteins and peptides. These enhance-
ments build on our recent research and are introduced in the
“Materials and methods” section.

Materials and methods

CABS-flex combines a fast coarse-grained modeling engine
with all-atom modeling, providing an efficient approach for
simulating protein flexibility. Our recent review [8] provides
a comprehensive overview of the CABS-flex methodology, its
applications in structure-function studies, and its role in inves-
tigating the relationship between protein structure, dynamics,
and function. The current version (3.0) of the CABS-flex web
server builds upon the capabilities of its predecessor, CABS-
flex 2.0 [5], as well as the CABS-flex standalone application
[6], introducing significant improvements in structural flex-
ibility modeling and a new peptide modeling mode. These
advancements in CABS-flex 3.0 are based on recent studies,
which we briefly reference below as the foundation for its key
developments.

In CABS-flex 3.0, we implemented a new approach to dis-
tance restraints, as described in a recent study [3]. This work
introduces a classification system for different flexibility cate-
gories, assigning distance restraints based on secondary struc-
ture and AlphaFold-derived pLDDT scores. This methodology
enhances the predictive accuracy of CABS-flex while main-
taining computational efficiency. We validated this approach
by comparing fluctuation profiles obtained from CABS sim-
ulations with data from the ATLAS database [10], which
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contains MD simulations of nearly 1400 proteins. By lever-
aging pLDDT scores, which indicate the confidence of Al-
phaFold’s structure predictions, CABS-flex achieves improved
accuracy in structural flexibility modeling while preserving
its speed advantage over traditional all-atom MD simulations
[3]. Nevertheless, when pLDDT scores are unavailable or un-
reliable, users can choose from the established Flexible and
Rigid modes, which do not depend on AlphaFold predictions.
These modes have been extensively benchmarked in previous
studies [1-3, 8], demonstrating reliable performance across a
wide range of protein systems.

Another major addition in CABS-flex 3.0 is the peptide
modeling protocol, which was developed using the CABS-flex
standalone application [6] and is now incorporated into the
web server. This protocol has been benchmarked against state-
of-the-art tools such as AlphaFold, PEP-FOLD, APPTEST, and
ESMFold [7]. While AlphaFold generally provided the highest
accuracy, CABS-flex proved competitive, particularly for short
linear peptides. The proposed approach also enables the mod-
eling of cyclic peptides and allows the incorporation of disul-
fide bridge information. Apart from structural prediction, the
protocol also provides insights into peptide flexibility.

A further significant improvement in CABS-flex 3.0 is the
integration of a deep-learning-based cg2all method for all-
atom reconstruction [9]. In our practice, cg2all provides a
substantial enhancement over the previous reconstruction ap-
proach based on Modeller [11], particularly in terms of local
structural quality, and we consider it the best currently avail-
able method. This improvement likely results from cg2all’s
ability to learn complex side-chain and backbone reconstruc-
tion patterns beyond what is possible with traditional op-
timization methods. The cg2all approach employs an SE(3)
transformer architecture and a rigid-body block represen-
tation inspired by AlphaFold2. Its integration into CABS-
flex 3.0 significantly enhances the accuracy and reliability
of reconstructed structures, improving both visualization and
downstream analyses of protein flexibility.

Web server input options

The CABS-flex 3.0 web server is designed to operate in two
distinct modes: flexibility modeling and peptide modeling, see
pipeline in Fig. 1. For ease of use, each mode is accessible
through its own dedicated tab on the main page, where users
can enter their input data.

Flexibility modeling

Basic input options

The only required input for flexibility modeling is the protein
structure, provided either as a PDB code or an uploaded file in
PDB/mmCIF format. Due to computational limitations, input
structures must contain no more than 2000 residues and may
include up to 10 chains. Users may optionally select specific
chains using the “Chain(s)” field. To help manage submitted
jobs, additional optional fields include a “Project name” (dis-
played in the queue list unless the “Do not show my job on
the results page” option is selected) and an “Email address”
for receiving job completion notifications.

Flexibility modes

CABS-flex 3.0 introduces four flexibility modes—Flexible,
Rigid, Rigid-pLDDT, and Unleashed—that define how dis-
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Figure 1. CABS-flex 3.0 pipeline. The image shows some of the input min. max.

options. The primary output, which is then analyzed using the web

interface, includes the simulation trajectory and 10 models..

tance restraints are applied across the structure and allow
users to control the extent of conformational sampling. A rep-
resentative example of their effect on backbone fluctuations
is shown in Fig. 2. Each mode may be appropriate for dif-
ferent modeling contexts, with names that broadly reflect the
expected levels of structural flexibility. All modes have been
benchmarked against MD and experimental data, as described

below:

= Rigid

== Rigid-pLDDT
Flexible

=== Unleashed

e Flexible mode applies distance restraints only to residues
forming secondary structure elements, allowing greater
flexibility in loops and unstructured regions. Previously
referred to as “SS2” in earlier versions of CABS-flex 2.0
[5] and standalone application [6], it provides a bal-
anced representation of protein dynamics. This mode
has been validated against crystallographic B-factors and
atomistic MD simulations using various force fields [1],
NMR ensembles [2], as well as in numerous structure-
flexibility-function studies supported by experimental
evidence, including Cryo-EM-derived conformational
variability and functional analyses, related to aggrega-
tion propensity and S-nitrosylation sensitivity [8]. Im-
portantly, the ability of the CABS model to predict loop
structures ab initio has been demonstrated across vari-

10 20 30 40 50 60

Figure 2. Example of the effect of distance restraint mode versus
backbone fluctuations in the simulation. The figure presents, from the top
left: the starting protein structure (PDB ID: 2f60 chain K) colored
according to pLDDT, followed by the output structures obtained using
restraints modes: Rigid, Rigid-pLDDT, Flexible, and Unleashed. Further
details on the presented restraints were recently discussed in [3].
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ous protein systems [12, 13], including in the context of
peptide interactions [14], highlighting its suitability for
modeling local structural variability.

¢ Rigid mode imposes uniform restraints on all residues,
minimizing fluctuations throughout the structure. Equiv-
alent to the ‘All’ mode described previously [5, 6], it effec-
tively preserves native-like conformational constraints.
Benchmarking with CHARMM36m-based ATLAS MD
simulations showed high correlation with MD-derived
fluctuation profiles, particularly in structured, globular
proteins [3]. It is worth noting that the selection criteria
of the ATLAS dataset favor well-folded, high-resolution
monomeric proteins, which may bias the dataset toward
more structurally stable and less flexible systems. How-
ever, some degree of intrinsic flexibility is still likely
present in the selected structures.

¢ Rigid-pLDDT mode improves flexibility predictions by
integrating structural confidence into the simulation pro-
cess. In this mode, restraint strength is modulated ac-
cording to per-residue pLDDT scores and secondary
structure classification, as introduced in our recent work
[3]. It is applicable when pLDDT scores are available,
as in AlphaFold-predicted structures. Users may supply
pLDDT values either through the B-factor field in the
PDB file or via an external .json or .tsv file. Based on
general observations, the overall level of flexibility gen-
erated by this mode tends to be closer to Rigid than Flexi-
ble, which is reflected in the naming convention, and the
mode has been validated using ATLAS MD simulation
data [3].

¢ Unleashed mode applies no restraints, allowing for fully
unrestricted conformational sampling. The resulting en-
semble is governed solely by the intrinsic properties of
the CABS coarse-grained force field. This mode is de-
signed as an advanced option, recommended primarily
for exploratory simulations where it is important to ob-
serve the behavior of a system in the complete absence of
restraints. While this mode typically shows lower agree-
ment with MD-derived fluctuation profiles and may pro-
duce exaggerated motions, it is valuable for modeling
folding/unfolding processes or large-scale transitions in
disordered or flexible systems. In such cases, meaning-
ful results may require careful tuning of additional sim-
ulation parameters, such as temperature and number of
cycles. The applicability of CABS-based simulations to
disordered and unfolded protein systems has been re-
viewed in our previous work [15], which discusses sev-
eral case studies involving disordered binding partners
and unstructured regions.

Mode selection guidance

By default, Flexible mode is enabled in CABS-flex 3.0 due
to its versatility and proven accuracy. For stable, well-folded
proteins, the Rigid mode may be most appropriate. When
pLDDT scores are available, we recommend using Rigid-
pLDDT, which incorporates structural confidence into simu-
lations and improves predictive accuracy. Conversely, for sys-
tems expected to undergo large-scale motions or unfolding,
the Unleashed mode can be used, with caution and additional
parameter tuning. When in doubt, we recommend running
simulations with multiple flexibility modes, particularly Rigid,
Flexible, and Rigid-pLDDT, and comparing the resulting fluc-
tuation profiles with available structural or functional knowl-
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edge about the protein. This comparative approach can help
identify the most appropriate mode for a given system.

Advanced flexibility control

CABS-flex 3.0 also offers a residue-level flexibility editor that
allows users to manually assign flexibility categories prior to
simulation. This option, available through a checkbox be-
fore job submission, uses the same underlying scheme as the
Rigid-pLDDT mode [3] and enables expert-level customiza-
tion when specific flexibility patterns are known.

Advanced input options

Advanced options allow users to modify default settings based
on their needs and available information about the modeled
system. Below we outline the main categories of advanced in-
put options available in CABS-flex 3.0. Detailed explanations,
usage tips, and practical recommendations are available in
the “How To” page (https:/Icbio.pl/cabsflex3/howto) on the
CABS-flex website. The influence of key parameters, such as
restraint schemes and temperature, on simulation outcomes
has also been systematically analyzed in our recent study [3].

o Flexibility Restraint Settings—a set of restraints is au-
tomatically generated based on the selected Flexibility
Mode. However, additional parameters in this section al-
low users to modify the rule set for generating restraints,
enabling fine-tuned control over how flexibility is ap-
plied in the simulation.

e Custom Restraints—users can add restraints beyond the
automatically generated ones, incorporating experimen-
tal data. CABS-flex 3.0 supports restraints for both Ce
and side chains, which can be entered manually or up-
loaded as a text file.

e Simulation Settings—this section provides control over
general simulation parameters, such as trajectory length
and temperature. Temperature is one of the key factors
affecting protein flexibility.

Peptide modeling

The only required input is the peptide sequence. If secondary
structure information is not provided, it will be predicted us-
ing the NetSurfP-3.0 method [16]. Alternatively, users can
provide the secondary structure in HEC format (H for helix, E
for beta-strand, C for coil) alongside the sequence, separated
by a colon (e.g. ALALA:CHHHH). Additional options include
“Add disulfide bonds,” which allows users to select cysteines
from the sequence, and “Model cyclic backbone.” Both op-
tions act at the coarse-grained simulation level and during
all-atom reconstruction with Modeller, ensuring the correct
closure of disulfide and/or cyclic backbone bonds in the final
structure.

Similar to the flexibility mode, users can specify a “Project
name,” choose “Do not show my job on the results page,” pro-
vide an “Email address,” and set a “Seed for random number
generation.” As in the flexibility modeling mode, CABS-flex
generates 10 final models, representing alternative predictions,
which can also illustrate the flexibility of the studied peptides.

This modeling protocol was previously benchmarked and
evaluated in detail in a recent study [7], which included com-
parisons with other state-of-the-art tools such as AlphaFold
and PEP-FOLD. The benchmark included linear and cyclic
peptides, with varying lengths and different types of cycliza-
tion. While CABS-flex 3.0 performs best for short, linear, and
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Figure 3. Example structure predictions of, from the top: linear, cyclic
disulfide, and cyclic backbone peptides. On the left, best predicted
structure versus experimental structure (lowest RMSD) and on the right,
10 final models superimposed on each other. The method’s performance
has been described in [7].

flexible peptides, it also demonstrates reliable performance for
other peptide types, such as cyclic peptides and longer pep-
tides with more complex structures. As of now, the protocol
supports only canonical residues and does not include post-
translational modifications. These limitations, along with pos-
sible workarounds, are discussed in detail in Section 3.7
(Merging with High-accuracy All-atom Reconstruction) of
our recent review [8]. Example predictions from this proto-
col are shown in Fig. 3.

Web server output data

Upon job completion, users gain access to four analysis tabs:
Project information, Models, Contact Maps, and Fluctua-
tion Plot, which integrate advanced visualization features (see
Fig. 4).

¢ Project information tab contains details about the job,
basic input information, and the options introduced by
a user.

® Models tab enables users to visualize 3D structural out-
puts using the mol* viewer [17]. Users can toggle be-
tween superimposed view of all 10 models and detailed

Protein flexibility and peptide modeling web server W99

individual views. This tab offers extensive customiza-
tion, allowing structures to be colored according to var-
ious experimental and simulation-derived metrics such
as B-factor, pLDDT, and RMSE, as well as by sequence,
chain, or secondary structure attributes. Additionally,
users can adjust visual settings, like background, shad-
ows, and outlines. All structural data, including trajec-
tory and output models, are available for download in a
single compressed package (.tar.gz).

Contact maps tab integrates interactive Plotly generated
contact matrices with a synchronized mol* viewer [17]
for an in-depth exploration of residue interactions across
the simulation trajectory. It generates contact maps for
each combination of chains, including intra-chain inter-
actions, with contact frequencies normalized between 0
and 1 and visually distinguished by color. Hover tooltips
provide detailed residue pair information and interac-
tion frequencies, while selecting any contact point dy-
namically highlights the corresponding residues in the
3D structure and zooms in for closer inspection. This
dual-view approach merges sequence-based interaction
patterns with structural insights, aiding in the identifi-
cation of critical inter-residue contacts. Additionally, for
analyses related to the physicochemical nature of these
contacts, the Mapiya server can be used [18].
Fluctuation plot tab plots RMSF (and pLDDT, if appli-
cable) values per residue as interactive 2D graphs, an-
notated with secondary structure elements. This detailed
visualization enables users to zoom, drag, and hover over
data points to access specific information about residue
fluctuations. The overlay of secondary structure elements
allows for a direct correlation between observed flexi-
bility and distinct structural motifs, making it easier to
pinpoint areas of inherent stability as well as regions ex-
hibiting significant conformational variability.

Server architecture and documentation

The CABS-flex 3.0 server features an intuitive Flask-based
HTML interface dynamically rendered via Jinja2 templat-
ing system. User submissions are validated and stored in a
MySQL database, with jobs executed immediately or queued
based on resource availability. Users can track computational
progress with real-time status updates (pending, queued, run-
ning, and completed). Molecular structures are rendered us-
ing the Mol* library [17] (HTMLS /JavaScript), while interac-
tive contact maps and simulation data are plotted with Plotly
(https://plotly.com/). Protein data are fetched directly from
the PDB via RESTful APIs. The server is hosted on Apache2
and manages the user queue via MySQL. At its core, CABS-
flex 3.0 employs the CABS-flex standalone package [6]. The
service is freely accessible without login, with detailed docu-
mentation provided on the “How to” page: https:/Icbio.pl/
cabsflex3/howto.

Summary

CABS-flex 3.0 enables efficient simulations of protein and pep-
tide dynamics using a coarse-grained model combined with
all-atom reconstruction. It introduces flexibility modes (Flex-
ible, Rigid, Rigid-pLDDT, and Unleashed), allowing users to
control the extent of conformational freedom in simulations.
The method integrates pLDDT-derived restraints, improving
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Figure 4. The CABS-flex 3.0 web interface presenting example modeling results in Flexibility Modeling mode. The interface displays the “Models” tab,

showing a protein model colored according to RMSE.

accuracy by incorporating structural confidence levels. It also
supports peptide modeling, enabling structure prediction for
both linear and cyclic peptides. Users can input a protein struc-
ture or peptide sequence, while output includes simulation tra-
jectories and model ensembles, which can be analyzed via the
web interface. Default settings are optimized, but users can ad-
just flexibility levels based on experimental or computational
data. The intuitive web interface, combined with optimized
default settings and flexible control options, makes CABS-flex
3.0 a versatile tool for studying protein and peptide dynamics.
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5. Agregacja bialek zalezna od pH: Aggrescan4D

5.1. [A7] Aggrescan4D: analiza zaleznej od pH agregacji bialek z
uwzglednieniem informacji strukturalnej

5.1.1. Wprowadzenie do [A7]

Publikacja [A7] dotyczy nowej wersji narzgdzia Aggrescan3D - serwera Aggrescan4D (A4D),
rozwijanego wspoélnie przez nasz zespot oraz grupg Salvadora Ventury z Autonomicznego
Uniwersytetu w Barcelonie. Jest to kolejna generacja dobrze znanego i szeroko stosowanego
narzedzia Aggrescan3D'?’, zaprojektowana do analizy sklonno$ci bialek do agregacji w
sposob bardziej realistyczny biologicznie, z uwzglednieniem zaréwno wptywu pH, jak i
dynamiki konformacyjnej struktur. A4D stanowi rozwiniecie wcze$niejszych podejéé’®!120 i
rozszerza ich mozliwo$ci, czynigc je bardziej funkcjonalnymi w badaniach nad uktadami
biatkowymi. Moj wklad w realizacj¢ tego projektu obejmowatl przede wszystkim
zaprojektowanie 1 implementacj¢ nowego interfejsu webowego, umozliwiajacego intuicyjng i
wygodng prace z rozszerzonymi funkcjonalno$ciami serwera, a takze testowanie jego dzialania
oraz weryfikacje poprawnosci wdrozonych funkcji.

Istotnym elementem A4D jest metoda CABS-flex, szczegélowo omoéwiona w publikacjach
[AS] i [A6] (teoretyczne podstawy metody oraz modelu gruboziarnistego CABS przedstawilem
odpowiednio w rozdziatach 2.3.2 1 2.2.2). A4D zawiera zoptymalizowany schemat trybu
dynamicznego, w ktérym dane wejSciowe moga pochodzi¢ bezposrednio z predykcji
AlphaFold lub innych zZrédet strukturalnych. Po wygenerowaniu zespolu konformacji z
uzyciem metody CABS-flex, dla kazdej struktury wyznaczany jest lokalny rozktad wartosci
agregacji, a nastgpnie - poprzez usrednienie lub analiz¢ rozrzutu - tworzone sa mapy
agregacyjnosci uwzgledniajace fluktuacje strukturalne. Takie podejscie pozwala na
identyfikacj¢ tzw. konformacyjnych przetaczen agregacyjnych, czyli sytuacji, w ktérych dana
reszta zyskuje lub traci potencjat agregacyjny w wyniku zmiany swojej orientacji przestrzennej
lub otoczenia.

A4D zawiera réwniez zintegrowany modul mutagenezy, umozliwiajacy ocen¢ wpltywu
podstawien punktowych na profil agregacyjny struktury, co znajduje zastosowanie m.in. w
projektowaniu bardziej stabilnych wariantow bialek lub optymalizacji sekwencji biatek
terapeutycznych.

Glownym celem prac nad A4D bylo potaczenie przewidywan agregacji wynikajacych z
wlasciwos$ci sekwencji 1 struktury przestrzennej z dodatkowym kontekstem biochemicznym -
pH otoczenia. Agregacja bialek ma charakter wieloczynnikowy 1 zalezy nie tylko od
wewnetrznych determinant sekwencji, lecz takze od §rodowiska, w ktoérym biatko funkcjonuje.
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To s$rodowisko (temperatura, sita jonowa, pH) w istotny sposoéb wplywa na solubilos¢ i
tendencje do agregacji.!?!"1%*

Dotychczasowe narzedzia predykcyjne pomijaly te czynniki, opierajac si¢ wylacznie na
informacji sekwencyjnej, czasem strukturalnej, ale wciaz statycznej. W A4D zastosowaliSmy
podejscie bardziej realistyczne biologicznie, integrujac: konformacyjng zmiennos$¢ bialek,
predykcje pKa reszt aminokwasowych na bazie uczenia glebokiego oraz nowe metryki
uwzgledniajace wptyw pH na tendencj¢ do agregacji. Przyktad modutu stuzacego do analizy
wpltywu pH na serwerze A4D przedstawiono na Rysunku 9.

A4D Server  Server Queue  MODataBase About  Tutorial Contact _

i Project details |+~ AggrescandD plot B8 AggrescandD score © Structure A _pH details (=) Gallery

Calculations for various pH values

This page contains details and comparisons for all models calculated at different pH points.
Please find suggestions on interpreting the results below. More details can be found in the Tutorial
The input structure is globular. Max score is recommended for pH analysis.

pH  Average A4D Max A4D
Score Score

w azes  oseu =

78 -1 Q102 nn m m m
Rysunek 9. Interfejs serwera Aggrescan4D (A4D) pokazujacy modut analizy wptywu pH na

sktonnos¢ biatka do agregacji. Tabela po lewej stronie prezentuje wartosci srednie (Average
A4D Score) 1 maksymalne (Max A4D Score) dla r6znych warto$ci pH, wraz z mozliwos$cia
pobrania danych 1 ich podgladu. Po prawej stronie znajduje si¢ interaktywna wizualizacja

trojwymiarowej powierzchni biatka, w ktorej kolory odpowiadaja regionom o zréznicowanej
sktonnosci do agregacji. Zrodto: [A7].

Wersja A4D wprowadza dwie metryki agregacyjnosci: A4D-max (maksymalna warto$¢
punktowa w strukturze) 1 A4D-avg (Srednia wartos¢ dla wszystkich reszt). W zaleznosci od
tego, czy analizujemy biatko globularne, czy IDP (ang. intrinsically disordered protein),
preferowana metryka bedzie inna. Dla biatek o zwartej strukturze, lepiej sprawdza si¢ A4D-
max, natomiast w przypadku IDP - A4D-avg.
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Do oceny tych miar przeprowadziliSmy analiz¢ korelacji miedzy wartosciami A4D a 18
eksperymentalnymi zestawami danych dotyczacymi wptywu pH na agregacje lub
rozpuszczalnos¢ 14 réznych biatek. Wyniki pokazaty wyrazne roznice w skutecznos$ci zalezne
od typu biatka, co doprowadzito nas do opracowania strategii konsensusowej (A4D-
consensus), uwzgledniajacej zwarto$¢ struktury przy wyborze odpowiedniej miary.

W A4D zaimplementowali$my takze nowy protokét modyfikacji konserwatywnych, oparty na
macierzy PAM250. W odréznieniu od podejscia zastosowanego wczesniej w A3D 2.0, ktore
sugerowato mutacje do silnie natadowanych aminokwasow (co moglo negatywnie wptywac na
stabilnos$¢), nowy schemat opiera si¢ na zmianach akceptowanych ewolucyjnie i uwzglednia
nie tylko skuteczno$¢ w redukcji agregacji (AA4D<0), ale rowniez potencjalny wplyw na
strukture 1 funkcje biatka. Przyktadowo, dla bGH (bovine growth hormone) wskazane przez
protokét mutacje odpowiadaty naturalnym réznicom pomiedzy bardziej rozpuszczalng hGH
(human growth hormone) i mniej rozpuszczalng bGH.

W serwerze A4D udostepniliSmy szereg nowych funkcjonalno$ci zwiekszajacych jego
dostepnos¢ 1 przyjaznos¢ dla uzytkownika:

e integracje z baza AlphaFold'® oraz A3D-MODB!?, co pozwolilo na pobieranie
gotowych struktur z bazy lub wykorzystanie uprzednio obliczonych wynikéw dla
organizmoéw modelowych,

e automatyczne przycinanie struktur AlphaFold za pomocg narzedzia AlphaCutter'?’,
aby usung¢ sztucznie wygenerowane regiony nieuporzadkowane,

e nowy interfejs graficzny,
e przyktadowe wyniki przewidywan,
e rozszerzong dokumentacje.

Zastosowanie struktur AlphaFold mogloby wprowadza¢ bledy wynikajace z obecnosci
nieuporzadkowanych regionéw o przypadkowym utozeniu przestrzennym, dlatego pre-
processing (AlphaCutter) stat si¢ kluczowym elementem metody A4D w celu eliminacji
artefaktow predykcyjnych.

A4D jest pierwszym strukturalnym predyktorem agregacji biatek uwzgledniajagcym wptyw pH.
Dotychczas podobne podejscia obejmowaty jedynie biatka nieustrukturyzowane (np.
SolupHred!?®) lub opieraly sie na analizie sekwencyjnej (np. CamSol 3.0'2®3) bez pelnej
integracji informacji przestrzennej. Zbiory testowe A4D wykazaty wysoka zgodno$¢ z danymi
eksperymentalnymi - szczeg6lnie w podej$ciu konsensusowym (100% zgodnosci).

Ograniczeniem pozostaje ograniczona liczba dostepnych danych eksperymentalnych oraz ich
réznorodno$¢. Niemniej jednak, A4D stanowi nowa jako$¢ w analizie i projektowaniu biatek
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pod katem ich rozpuszczalno$ci, stabilno$ci 1 podatnosci na agregacje w okreslonych
warunkach srodowiskowych.

Potaczenie informacji ewolucyjnych, strukturalnych i fizykochemicznych w jednym, tatwo
dostepnym narzedziu, ktore moze wspiera¢ zarowno badania podstawowe, jak i zastosowania
biotechnologiczne byto szczegdlnie waznym zadaniem. Dzigki wszechstronnosci 1 otwartosci
(brak logowania, REST API, dostgpnos¢ danych), A4D moze by¢ z powodzeniem stosowane
w zadaniach optymalizacji konstrukcji biatkowych, oceny stabilnosci form terapeutycznych
oraz nauczania zagadnien zwigzanych z agregacja biatek.

Uwazam, ze narzedzie Aggrescan4D przedstawione w pracy [A7] stanowi wazny krok naprzod
w analizie zjawiska agregacji biatek. Integracja informacji strukturalnych, dynamicznych i
srodowiskowych w jednym protokole otwiera nowe mozliwos$ci - pozwala nie tylko doktadnie;j
przewidywaé sktonno$¢ do agregacji, ale takze lepiej zrozumie¢ mechanizmy lezace u jej
podstaw. Moim zdaniem A4D ma potencjal, by sta¢ si¢ narzgdziem pierwszego wyboru
zard6wno w badaniach podstawowych, jak 1 aplikacyjnych - od projektowania stabilniejszych
biatek terapeutycznych po analizy biofizyczne duzych zbioréw danych strukturalnych. Warto
podkresli¢, ze dzigki swojej dostepnosci 1 fatwosci uzycia serwer juz teraz cieszy si¢ duzym
zainteresowaniem 1 jest aktywnie wykorzystywany w $rodowisku naukowym, a polaczenie
doswiadczenia dwodch zespoldéw (naszego 1 grupy Salvadora Ventury) sprawito, ze powstato
narzedzie taczace rzetelng metodologi¢ z praktycznym podejsciem do analizy problemu, ktory
w ostatnich latach nabiera coraz wickszego znaczenia.

5.1.2. Artykul [A7]

-120 -



Nucleic Acids Research, 2024, 52, W170-W175
https://doi.org/10.1093/nar/gkae382
Advance access publication date: 13 May 2024

Web Server issue

D OXFORD
ANNIVERSARY

Aggrescan4D: structure-informed analysis of pH-dependent
protein aggregation

Oriol Barcenas ©1, Aleksander Kuriata?, Mateusz Zalewski ©2, Valentin Iglesias ©1-3,
Carlos Pintado-Grima ®', Grzegorz Firlik ©2, Michat Burdukiewicz ®'-3, Sebastian Kmiecik ©2'* and
Salvador Ventura ©1-*

!Institut de Biotecnologia i de Biomedicina and Departament de Bioguimica i Biologia Molecular, Universitat Autdnoma de Barcelona, 08193
Bellaterra, Barcelona, Spain

ZBiological and Chemical Research Center, Faculty of Chemistry, University of Warsaw, Pasteura 1, 02-093 Warsaw, Poland

3Clinical Research Centre, Medical University of Bialystok, Kilinskiego 1, 15-369 Biatystok, Poland

"To whom correspondence should be addressed. Tel: +34 93 586 8956; Fax: +34 93 581 2011; Email: salvador.ventura@uab.es
Correspondence may also be addressed to Sebastian Kmiecik. Tel: +48 22 8220211 (Ext. 310); Fax: +48 22 8220211 (Ext. 320); Email: sekmi@chem.uw.edu.pl

Abstract

Protein aggregation is behind the genesis of incurable diseases and imposes constraints on drug discovery and the industrial production and
formulation of proteins. Over the years, we have been advancing the Aggresscan3D (A3D) method, aiming to deepen our comprehension of
protein aggregation and assist the engineering of protein solubility. Since its inception, A3D has become one of the most popular structure-
based aggregation predictors because of its performance, modular functionalities, RESTful service for extensive screenings, and intuitive user
interface. Building on this foundation, we introduce Aggrescan4D (A4D), significantly extending A3D'’s functionality. A4D is aimed at predicting
the pH-dependent aggregation of protein structures, and features an evolutionary-informed automatic mutation protocol to engineer protein
solubility without compromising structure and stability. It also integrates precalculated results for the nearly 500,000 jobs in the A3D Model
Organisms Database and structure retrieval from the AlphaFold database. Globally, A4D constitutes a comprehensive tool for understanding,
predicting, and designing solutions for specific protein aggregation challenges. The A4D web server and extensive documentation are available
at https://biocomp.chem.uw.edu.pl/a4d/. This website is free and open to all users without a login requirement.

Graphical abstract
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aggregation
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Introduction Classical computational methods that predict protein ag-

Protein aggregation is a multifactorial process, directed by the
intrinsic properties of proteins (1) and heavily influenced by
environmental factors (2). This phenomenon accounts for the
onset of highly debilitating proteinopathies, posing a signif-
icant challenge to human health. Additionally, it hinders the
development and implementation of protein-based biotechno-
logical and biomedical applications (3).

gregation rely on sequential information to assess the propen-
sity of a protein to aggregate. These algorithms belong to
four main categories: (i) heuristic detection of molecular de-
terminants of aggregation (4-—6), (ii) assessment of the con-
formational compatibility with amyloid-like architectures (7—
9), (iii) consensus methods employing weighted predictions
from other algorithms (10,11) and (iv) machine-learning
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methods (12-15). While some of these algorithms provide a
binary decision on whether a given sequence will aggregate,
in most cases, they identify and weight the contribution of
aggregation-prone regions (APRs), as is the case for Aggres-
can (6). While highlighting APRs provides information on
the regions driving aggregation, this strategy assumes that the
proximity between residues is directly proportional to their
sequential distance, which might apply for disordered or de-
natured protein states but is an imprecise approximation for
the native state of globular proteins.

Being structure agnostic, these methods treat the aggrega-
tion contribution of amino acids residing in collapsed or in-
accessible regions (such as the hydrophobic core) equally to
exposed residues. To overcome these limitations, we devel-
oped a three-dimensional structure aggregation predictor, Ag-
grescan3D (A3D), which projects classical Aggrescan scor-
ing to proteins’ native structure, introducing the concept
of STructural APRs (STAPs (16)), which correspond to the
main drivers of protein aggregation in natively folded struc-
tures (17). To further enhance the biological relevance of its
predictions, A3D incorporates CABS-flex (18,19). CABS-flex
is a cost-efficient conformational sampling method designed
to capture the inherent flexibility of proteins in solution. It
accounts for the influence of multiple conformations on ag-
gregation, moving beyond the limitations of a single, static
structure description.

Building on these improvements, here we present Aggres-
can4D (A4D), which adds a new dimension to protein aggre-
gation prediction: environmental pH. This new variable con-
textualizes aggregation as a phenomenon modulated by en-
vironmental conditions. This paves the way to studying the
relationship between pH and aggregation in biological con-
texts (20,21), while providing a tool to modulate protein ag-
gregation in biotechnological setups. We have also added a
new, evolutionary-based automatic mutation protocol to re-
duce protein aggregation while minimally impacting protein
thermodynamic stability. Additionally, other user-centric im-
provements have been incorporated to streamline A4D use.
Collectively, this update brings experimental results and com-
putational predictions closer by providing a better description
of the protein’s biochemical context.

New features and updates

pH-dependent aggregation prediction

Proteins are, in general terms, evolutionarily selected to be sol-
uble in their natural contexts (22), but the protein microenvi-
ronment (temperature, ions, or pH) can profoundly impact
this capacity. This is highly relevant for engineered proteins
(such as antibodies or enzymes), which have not undergone
natural selection to ensure solubility under their intended con-
ditions of use. Despite their importance, aggregation predic-
tors have historically disregarded environmental conditions
and focused solely on the proteins’ physicochemical character-
istics to model protein aggregation. In 2020, we inferred that
environmental changes in pH impacted amino acids’ charge
and lipophilicity, and by applying a pH-dependent scale for
proteinogenic amino acids (23), we fitted an empirical equa-
tion capable of capturing pH-dependent aggregation in intrin-
sically disordered proteins (IDPs) (24). This led us to develop
SolupHred, the first disordered protein aggregation predic-
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tor that systematically incorporated the pH variable into its
logic (25). Later in 2023, CamSol 3.0 adopted the same ra-
tionale to introduce pH-dependent solubility predictions for
IDPs and globular proteins (26). Thus, we sought to adapt
SolupHred’s methodology to structured proteins by calculat-
ing structural pKa values with pKa-ANI, an algorithm based
on deep representation learning (27), to predict the influ-
ence of pH on the aggregation of proteins in their folded
configurations.

To model the influence of pH on aggregation propensity,
we used two metrics: the maximum aggregation propensity
(A4Dp.y) and the average aggregation propensity (A4D,,).
These two measures delineate two different aggregation
regimes: A4D,,,x represents the highest propensity observed
across all residues and is better suited for proteins displaying
defined STAPs. A4D,,, represents the mean propensity across
all residues and is more appropriate for polypeptides with an
aggregation tendency that is more evenly distributed through-
out the protein structure. Therefore, these two measures ad-
dress the innate difference in which aggregation propensity is
encoded in globular proteins and IDPs. A4D,,,x is the most
appropriate metric to describe pH-dependent aggregation for
globular proteins, while A4D,,, is better suited for IDPs. To
aid in selecting the appropriate metric, we provide an objec-
tive criterion capturing the compactness of the protein struc-
ture for discriminating between ordered and disordered pro-
tein structures (Supplementary Information SI 1).

We assessed the performance of A4Dy,,« and A4D,,, by an-
alyzing data collected from 18 different experiments studying
the impact of pH changes on the aggregation or solubility of
14 different proteins. Eleven of these experiments were con-
ducted with globular proteins and 7 on IDPs (summarized in
SI 2 and Supplementary Table S1; STs S2-S19 contain col-
lected experimental data). These experiments used different
metrics to measure the aggregation/solubility of the protein in
the experimental setup, hereby referred to as experimental re-
porter. This umbrella term allows us to gather together aggre-
gation and solubility measurements, such as Thioflavin T flu-
orescence (28) or solubility in PEG (29), respectively. We used
linear regression to evaluate the relationship between the ex-
perimental reporters of aggregation/solubility and both A4D
metrics.

The final benchmark covered A4Dy, and A4D,,, per-
formance. Although protein solubility cannot always be as-
sumed to be the inverse of aggregation propensity, for the
sake of completeness, we decided to include as well CamSol
3.0, a web server for the sequence-based prediction of pH-
dependent protein solubility (26). A4D scores increase with a
higher aggregation tendency. Conversely, as CamSol 3.0 pre-
dicts solubility, its scores should be lower for higher aggrega-
tion propensities.

To assess the algorithm’s ability to discriminate the influ-
ence of pH on protein solubility /aggregation, we analyzed the
concordance of the linear regression slope between the exper-
imental reporters and the benchmarked metrics (summarized
in SI3 and STs S20-S23).

The overall concordance of A4Dy,,, A4D,,, and Cam-
Sol 3.0 were 78%, 89% and 78%, respectively. However,
the degree of concordance varied depending on the proteins’
conformation. Notably, for IDPs, both A4D,,, and CamSol
3.0 demonstrated perfect concordance (100%); while, as ex-
pected, A4D,,. performed significantly worse, reaching only
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43%. The situation is the opposite in the case of globular pro-
teins. Here, A4D,,., reached a concordance of 100%, whereas
A4D,,, and CamSol 3.0 showed worse performance, 82% and
64 %, respectively.

Thus, we have computed a novel structure-informed con-
sensus measure, A4Dconsensus, Which considers the protein
structure’s compactness and based on that, selects the most
appropriate metric for each query (A4Dax or A4D,y,), reach-
ing a 100% overall concordance in the evaluated experi-
ments (Figure 1A). Even though A4D,,.x is recommended for
globular proteins, it is worth noting that A4D,,, remains a
valid metric across all scenarios, reporting an overall concor-
dance of 89%. Details of the benchmark are provided in SI 3
(STs S24-S41 and Supplementary Figures S1- S18). A case
study is presented in SI 4 and SF S19.

To cover all tools aimed at predicting pH-dependent pro-
tein aggregation, we integrated a benchmark of SolupHred
with the disordered proteins used in the general benchmark.
SolupHred, like A4D,, and CamSol 3.0, demonstrated 100%
concordance on this dataset, something expected as it was
specifically designed for IDPs.

Evolutionary-aware protein solubility improvement

The automated mutation mode to enhance solubility was in-
troduced in A3D 2.0 (30). This method optimizes the input
structure using FoldX (31) and ranks the most aggregation-
prone residues according to their A3D score. Subsequently, the
less soluble residues are mutated to charged amino acids (ly-
sine, arginine, aspartic acid, or glutamic acid). While these mu-
tations might turn optimal for reducing protein aggregation,
they often induce significant changes in side chain physico-
chemical properties, which can negatively impact folding and
stability, potentially disrupting protein function.

AA4D provides an alternative to circumvent this limitation
by applying a solubilizing strategy informed on the evolution-
ary conservation of point substitutions. Point accepted muta-
tion (PAM) matrices store the sum of accepted substitutions in
closely related sequences (identity > 0.835), ensuring changes
are a consequence of a single point mutation (A — B) and not
an accumulation of multiple mutations (A — C — B) (32,33).
This translates to evolutionary favored changes that should
have minimal impact on protein structure and stability. De-
spite this generalization, the server allows restraining the al-
gorithm from mutating residues known by users as critical for
maintaining protein function.

This protocol integrates evolutionary and aggregation in-
formation to suggest conservative mutations that reduce the
aggregation propensity of the protein. First, conserved and
neutral mutations are chosen based on the PAM250 substi-
tution matrix (log-transformed PAM value > 0). Out of these,
only solubilizing mutations (AA4D score < 0) are consid-
ered. Finally, up to three mutations are suggested for each
residue, prioritizing solubilization. We conducted a case study
on bovine growth hormone (bGH) predicted structure (AF-
A4GX9S, residues 27-217). Despite sharing 90% sequential
identity, whereas the human protein (hGH) is very soluble,
bGH exhibits extreme aggregation across different experi-
mental conditions (34). Notably, the analysis revealed differ-
ent instances where the automated protocol’s recommended
mutations aligned with the residue identities found in hGH
(V76T, Figure 1B). A comparison of this protocol and the pro-
tocol added in A3D 2.0 is provided in SI 5 and SF S20.
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Other improvements

Beyond core functionalities, this update also contains numer-
ous quality-of-life improvements. First, we expanded file com-
patibility to accept CIF/mmCIF file formats. Moreover, we
have added seamless cross-database linking in the form of au-
tomatic AlphaFold structure fetching from UniProt ID (35)
and A3D-Model Organisms DataBase (A3D-MODB) (36) en-
try retrieval. A3D-MODB includes precomputed predictions
for over 164k proteins across 12 model organisms. Avoiding
unnecessary calculations speeds up the tool and reduces its en-
vironmental impact, especially for recurrent jobs or training
scenarios (37).

An essential consideration when using protein structures
as inputs is the presence of long, disordered regions in pro-
teins from the AlphaFold database, which are absent in most
experimentally resolved protein structures. These disordered
regions are occupying (pseudo)-random positions, generally
close to the globular core (if it exists) (38). The static na-
ture of these models leads to the generation of artificial sur-
face regions stemming from the arbitrary and fixed position
of disordered regions, which might lead to artifactual re-
sults, such as protecting or generating STAPs (36). To miti-
gate this, AlphaCutter is implemented as a pre-processing op-
tion, generating protein structures containing only globular
regions (39).

In addition to these technical improvements, we have un-
dertaken a thorough redesign of our user interface to improve
the tool’s usability and user experience. Moreover, A4D now
includes a selection of example jobs showcasing the offered
functionalities, complementing the detailed tutorial and FAQ
sections already present in the server.

Limitations

We acknowledge that limitations associated with A4D pH-
dependent aggregation predictions may impact the overall per-
formance of the tool and subsequent benchmark.

First and foremost, the scarcity of well-annotated available
data has been one of the most limiting factors for this work.
Although we aimed to amend this limitation by enriching ex-
isting datasets with our unpublished data, we still cover only
14 different proteins, representing a considerably small frac-
tion of the protein landscape. A second limiting factor was
the high diversity of experimental reporters of protein aggre-
gation provided by the authors. Given this problem, we inter-
changeably use measures of aggregation and solubility. Third,
the heterogeneity of data sources has also contributed to the
noise in the performance assessment (40).

Discussion and conclusions

Before the advent of bioinformatic tools, understanding and
modifying the aggregation tendency of proteins was a very
challenging and expensive task. For instance, to produce solu-
ble, protein-based pharmaceuticals, techniques such as phage
display (41) were often used. Services like A4D help users un-
derstand the causes behind aggregation in their proteins and
assist in devising strategies to prevent it. While this behav-
ior is primarily encoded in a protein’s sequence and structure,
other factors such as protein or crowding agent concentra-
tion, temperature, or pH can heavily influence the aggrega-
tion of polypeptides. Recognizing the importance of pH in


https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae382#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae382#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae382#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae382#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae382#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae382#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae382#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae382#supplementary-data

Nucleic Acids Research, 2024, Vol. 52, Web Server issue w173

A
All (18 experiments) Gilobular (11 experiments) IDP (7 experiments)
n Bz
1.00
% (100%)
14/18 14/18
@ 0757 (78%) (78%)
c 711
% (64%)
—
S 0501
c
o
(@]
0.25
0.00 1
T T T T T T T T T T
(2] - -_ o - - o - - (=)
3 s 2 o 3 2 o s 2 )
5 £ & 3 £ s 3 £ s 5
n =) a a
3 5 3 5 g 3 £ S 3 E
(&] < o < 3 X 8
g
<
Score name
Software: [Jj A4D Third-party
B
Mutation Conservation | AAggregation
score score
V| +++ +
V—->M ++ -
VT + -
Aggregation-
prone residue
(Valine 76) V->F - It
V- K o _—
Best mutant (V — T):
V-C - - AAvg. ATotal
Ac Agg. score Agg. score
Original protein 99- gg.
. -0.10 -0.03 -5.69

Figure 1. (A) Benchmark results for A4D (green) and CamSol 3.0 (gray) pH predictions. Results are presented jointly for all proteins and separately for
globular proteins and IDPs. (B) Schematic representation of the evolutionary-aware solubility improvement protocol applied to bovine growth hormone.
Mutations are suggested for the protein’s most aggregation-prone residues, considering their relative conservation and aggregation score. If the new
residue is predicted to be conserved or neutral and improve the solubility of the protein, it is considered for mutation (green). On the contrary, if the

residue is not conserved or does not reduce the aggregation potential (orange) or both (red), it is not considered.

modulating protein aggregation, we updated our existing al-
gorithm, A3D, to model this effect. This represents a categor-
ical shift, moving beyond protein sequence (Aggrescan) and
structure (Aggrescan3D) analyses, to provide a more com-
prehensive vision of protein aggregation. To our knowledge,
SolupHred (2020) (25), and CamSol 3.0 (2023) (26) are the
only existing resources that systematically model the effect of
pH on solubility /aggregation of protein structures. This lim-

ited landscape reflects the difficulty of modeling the contri-
bution of solvent conditions to protein aggregation, and the
scarcity of available experimental data. We also introduce a
novel protocol that suggests mild, evolutionary-neutral mu-
tations to solubilize and, eventually, stabilize proteins with-
out requiring a deep understanding of the protein at hand.
A4D provides a platform for researchers to optimize their
experimental conditions and generate more consistent data,
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which can feed back the present algorithm and trigger the
development of novel computational tools and standardized
benchmarks.

A3D has been successfully applied in the redesign of less
aggregation-prone variants of biotherapeutics, engineering
novel self-assembled nanomaterials, understanding of patho-
logical and physiological protein aggregation, and as a tool
for teaching protein aggregation in university courses (42).
While mutation protocols are the most straightforward and
potent to prevent protein aggregation, they may face limita-
tions such as the impossibility of mutating aggregation-prone
but functionally important residues, like CDRs in antibodies
or the existence of intellectual protection issues, like in the
case of biosimilars. Thus, modifying the aggregation behavior
of proteins without altering the protein sequence itself is key
in many biotechnological and medical applications. Given the
new functionalities implemented in this update, we anticipate
that A4D will become a widely used tool within the protein
science community.
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5.2. [A8] Aggrescan4D: kompleksowe narzedzie do analizy i projektowania
podatnosci bialek na agregacje¢ zalezng od pH

5.2.1. Wprowadzenie do [AS]

Artykut [A8], opublikowany w Protein Science w sekcji Tools for Protein Science, stanowi
syntetyczne i1 zintegrowane omowienie narzgdzi Aggrescan3D (A3D) i Aggrescan4D (A4D).
Publikacja prezentuje wspdlne zatozenia metodologiczne, architekture, zastosowane metryki
oraz przyktady wykorzystania tych narzedzi w analizie stabilno$ci i sktonnosci biatek do
agregacji, podkreslajac ich komplementarno$¢ oraz znaczenie dla badan nad wlasciwosciami
strukturalnymi bialek. Artykut [A8] nawigzuje bezposrednio do wezesniejszej publikacji [A7]
w Nucleic Acids Research, w ktorej po raz pierwszy zaprezentowano serwer Aggrescan4D,
jego koncepcje oraz wstgpng implementacje. W publikacji [A8] opracowalem omowienie
pelnej funkcjonalno$ci A4D, jego architektury, praktycznych zastosowan oraz wynikow
walidacji z wykorzystaniem biologicznie istotnych uktadéw, a takze szczegdtowy opis
zastosowanych metryk, algorytmow mutagenezy oraz mechanizméw integracji z bazami
zewnetrznymi 1 interfejsami AP

Naszym celem bylo nie tylko dostarczenie narzedzia do oceny agregacji bialek, ale réwniez
stworzenie zintegrowanego S$rodowiska wspierajacego projektowanie wariantow biatek o
lepszej rozpuszczalno$ci. AggrescandD, taczac duza funkcjonalnos$¢ z prostota obstugi, moze
by¢ wykorzystywany zardowno w badaniach akademickich, jak 1 przemystowych.

A4D implementuje trzy gtowne tryby dzialania:

e statyczny, oparty na pojedynczej strukturze wejsciowej (np. PDB lub model
AlphaFold),

e dynamiczny, wykorzystujacy CABS-flex do wygenerowania zespolow stanow
konformacyjnych,

o pH-zalezny, w ktérym uzyto specjalnie opracowanej skali lipofilowosci oraz predykcji
pKa do oceny wptywu pH na lokalng agregacyjnos¢.

Dla kazdej reszty obliczana jest lokalna wartos¢ A4D score, bedaca funkcja jej wiasnych
wlasciwosci (agregacja, ekspozycja) oraz wpltywu otoczenia przestrzennego w promieniu 10
A. Ta metoda oceny zostata doktadnie zdefiniowana w pracy [A8] i umozliwia wyznaczanie
agregacji zarOwno na poziomie lokalnym (np. pojedynczej reszty lub segmentu), jak i
globalnym - poprzez usrednienie lub wybor warto$ci maksymalne;.
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Na potrzeby trybu pH-zaleznego, opracowali§my interpolowang skale lipofilowosci opartg na
danych SolupHred!*° oraz zastosowali$my predykcje pKa reszt kwasowych i zasadowych przy
uzyciu modelu pKa-ANI, opartego na gtebokich sieciach neuronowych.

A4D umozliwia réwniez identyfikacje segmentow agregacji, czyli ciaglych fragmentoéw biatka
zawierajacych przynajmniej pi¢¢ kolejnych reszt o dodatnim A4D score, co moze utatwiaé
interpretacje biologiczng wynikow oraz projektowanie celowanych mutacji.

Jedng z najbardziej zaawansowanych funkcji A4D jest modul automatycznego projektowania
mutacji, dostepny w dwoch trybach:

e konserwatywnym ewolucyjnie, opartym na macierzy PAM250,
e zasadowo/kwasowym, sugerujacym mutacje natadowanych reszt.

Mutacje sa klasyfikowane wedlug skuteczno$ci w obnizaniu lokalnego A4D score (AA4D),
przy czym narzedzie pozwala rdwniez na oceng¢ wplywu mutacji na stabilno$¢ struktury za
pomocg FoldX”. Uzytkownik moze filtrowaé mutacje m.in. wedtug ich pozycji, lokalizacji w
domenie, typu chemicznego i efektu predykcji. Istnieje takze mozliwo$¢ zaprojektowania
mutacji recznie, a nastepnie ich oceny - co czyni A4D elastycznym narzedziem do celowanej
inzynierii biatek.

W publikacji [A8] zaprezentowaliSmy przyktady zastosowania tej funkcji m.in. do
zaprojektowania wariantow biatka bGH, w ktorych zasugerowane mutacje pokrywaly si¢ z
naturalnymi r6znicami miedzy bardziej rozpuszczalng ludzka hGH i mniej rozpuszczalng bGH.

W artykule [A8] przedstawiliSmy réwniez trzy pogltebione analizy przypadkow:

o Human Serum Albumin (HSA) - Wartosci A4D-max wzrastaly przy obnizeniu pH,
zgodnie z danymi eksperymentalnymi, osiggajac R*> = 0,88. Ponadto analiza
przestrzenna wykazata, ze gldwny region odpowiedzialny za agregacj¢ znajduje si¢ na
granicy domen 1 zwigksza swoja ekspozycje przy nizszym pH. Wyniki tej analizy
zostaly zilustrowane na Rysunku 10, ktory pokazuje zaro6wno zalezno$¢ wartosci
A4D-max od pH, jak i lokalizacje przestrzenna regionéw agregacyjnych ujawnionych
w tych warunkach.

o Fragment Fab przeciwciata bevacizumab - Tryb dynamiczny ujawnit agregacyjne
segmenty, ktore nie byly widoczne w analizie pojedynczej struktury. Pokazuje to
znaczenie konformacyjnej elastycznosci dla tratnej predykcji.

e Zestaw 18 wariantow mAb (MEDI1912) - A4D uzyskato najlepsze wyniki predykcyjne

w poréwnaniu z SolubiS i CamSol (trafno$¢ 82%, precyzja 80%). Co istotne, A4D
poprawnie sklasyfikowalo przypadki, ktorych inne narz¢dzia nie rozpoznaly.
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Przeanalizowali§my takze warto$¢ diagnostyczng roznych metryk scoringowych oraz
strategii interpretacji danych.

(a)

4.54

pH. 4.0 R-squared = 0.88

4.0

3.51

3.04

2,51

Predicted Aggregation

2.0

151, - - - - . . - -
10 12 14 16 18 20 22 24 26
Experimental Aggregation

(b)

A4D score

Rysunek 10. Analiza wptywu pH na sktonno$¢ do agregacji biatka HSA uzyskana przy uzyciu
serwera Aggrescan4D (na podstawie [A8]). Gorny panel (a) przedstawia zmiang warto$ci
A4D-max w funkcji pH, a dolny panel (b) - lokalizacj¢ przestrzenng regionéw agregacyjnych,
ktore staja si¢ bardziej eksponowane przy nizszym pH. Wynik ten pokazuje, jak tryb
pH-zalezny A4D pozwala na uwzglednienie wplywu $rodowiska na agregacyjnos$¢ bialek.
Zrodto: [A8].

Dzigki tym przyktadom wykazalismy, ze A4D moze by¢ z powodzeniem stosowane nie tylko
do predykcji, ale 1 do optymalizacji wariantow bialek terapeutycznych.

A4D jest dostgpny jako publiczny serwis webowy, z intuicyjnym GUI; REST API,
umozliwiajace automatyczne analizy duzych zbioréow danych (np. calych proteomow); oraz
wersja standalone, kompatybilna z Linux, Windows 1 MacOS.

Dzieki REST API mozliwe jest zautomatyzowanie przetwarzania struktury, mutagenezy,
analizy domen 1 wizualizacji. W [A8] opisalem formaty wejSciowe/wyjsciowe oraz
przyktadowe zapytania HTTP, co czyni to rozwigzanie wyjatkowo elastycznym - zarowno dla
uzytkownikéw akademickich, jak i przemystowych. Funkcja automatycznego pobierania
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modeli AlphaFold i przycinania regionéw nieustrukturyzowanych (AlphaCutter) minimalizuje
btedy predykcyjne i skraca czas analizy.

Uwazam, ze praca [A8] stanowi istotny krok w stron¢ ujednolicenia i podniesienia standardu
analiz agregacyjnosci biatek. Dzigki potaczeniu wielu zrédel informacji - od sekwencji i
struktury, przez zmienno$¢ konformacyjna, az po wptyw pH - udato si¢ stworzy¢ narzedzie,
ktore jest nie tylko predyktorem, ale takze $rodowiskiem wspierajacym projektowanie i
optymalizacje¢ wariantow biatek. Moim zdaniem wtasnie ta integracja - dostgpna zar6wno w
intuicyjnym interfejsie graficznym, jak i poprzez REST API - sprawia, ze A4D jest dzi$ jednym
z najbardziej wszechstronnych narzedzi w tej dziedzinie. Wida¢ tez, ze przedstawione w
artykule przyktady praktycznych zastosowan majg potencjat, by w najblizszych latach realnie
wptyna¢ na sposob projektowania biatek terapeutycznych oraz analize stabilnosci konstrukcji
badanych zar6wno w srodowisku akademickim, jak i w przemysle biotechnologicznym.

5.2.2. Artykul [A8]
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Abstract

Aggrescan4D (A4D) is an advanced computational tool designed for predict-
ing protein aggregation, leveraging structural information and the influence
of pH. Building upon its predecessor, Aggrescan3D (A3D), A4D has under-
gone numerous enhancements aimed at assisting the improvement of protein
solubility. This manuscript reviews A4D's updated functionalities and
explains the fundamental principles behind its pH-dependent calculations.
Additionally, it presents an antibody case study to evaluate its performance
in comparison with other structure-based predictors. Notably, A4D integrates
advanced protein engineering protocols with pH-dependent calculations,
enhancing its utility in advising solubility-enhancing mutations. A4D con-
siders the impact of structural flexibility on aggregation propensities, and
includes a large set of precalculated predictions. These capabilities should
help to open new avenues for both understanding and managing protein
aggregation. A4D is accessible through a dedicated web server at https://

biocomp.chem.uw.edu.pl/a4d/.

KEYWORDS

computational biology, monoclonal antibodies, pH-dependent aggregation, protein
aggregation, protein engineering, protein solubility, protein stability, structural
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1 | INTRODUCTION

Protein aggregation is a significant biochemical process
with implications for both health and technology. It
occurs when soluble proteins form insoluble aggregates,
often leading to diseases such as Parkinson's, Alzhei-
mer's, ALS, type II diabetes, and various cancers (Chiti &
Dobson, 2017). From an evolutionary perspective, protein
aggregation can limit the diversity of protein sequences
that can be stably expressed in cells. This is because the
aggregation process affects several crucial aspects, includ-
ing the proper folding of proteins into their native states
and the concentration at which they can exist without
forming aggregates (Carija et al, 2019; de Groot &
Ventura, 2010; Santos, Iglesias, & Ventura, 2020). In
industry, although protein aggregation poses challenges
in biotechnology, particularly in the production and puri-
fication of biotherapeutics, it also presents unique oppor-
tunities (Shukla & Thommes, 2010). Amyloid fibers,
utilized as scaffolds (Diaz-Caballero et al., 2018;
Knowles & Mezzenga, 2016) and enzymatic platforms
(Diaz-Caballero et al., 2018; Knowles & Mezzenga, 2016),
exemplify how biological challenges can be transformed
into technological advantages. Understanding these
aggregation processes is essential for both mitigating
their harmful effects and harnessing their potential
benefits.

The growing need to understand protein aggregation
across various contexts has spurred the development of
sequence-based bioinformatics tools designed to pinpoint
regions in proteins most susceptible to aggregation
(Santos, Pujols, Pallares, et al., 2020). Tools such as
TANGO (Fernandez-Escamilla et al., 2004), Zyggregator
(Tartaglia & Vendruscolo, 2008), and Aggrescan
(Conchillo-Sol¢ et al., 2007) are highly valued for their
speed and cost-effectiveness, facilitating the rapid rede-
sign of protein variants. TANGO (Fernandez-Escamilla
et al., 2004) utilizes a statistical mechanics approach to
predict protein aggregation by evaluating beta-sheet for-
mation tendencies, focusing on peptide backbone ener-
getics and side chain interactions. Zyggregator
(Tartaglia & Vendruscolo, 2008) determines aggregation
propensities using physicochemical properties and the
context within protein sequences. Meanwhile, Aggrescan
(Conchillo-Solé et al., 2007) identifies critical “hot spots”
for aggregation using an aggregation propensity scale
derived from in vivo data, making it particularly effective
for detecting short sequence stretches that significantly
influence protein aggregation. These tools are particu-
larly useful for proteins in extended conformations or
intrinsically disordered proteins (IDPs), where exposed
aggregation prone regions (APRs) are directly related to
the sequence (Belli et al, 2011). However,

sequence-based tools often misidentify APRs in folded
proteins, where hydrophobic regions involved in interac-
tions or buried within the protein are less likely to con-
tribute to aggregation.

This limitation led to the development of structure-
based predictors that utilize spatial information from
experimental structures to identify aggregation-prone
regions where residues are closely packed in three
dimensions (Chennamsetty et al., 2009). Key advance-
ments in this area include SolubiS (De Baets et al., 2015),
CamsSol (Sormanni et al., 2015), and Aggrescan3D (A3D)
(Zambrano et al., 2015). These tools have improved the
accuracy of predicting protein aggregation by effectively
using structural data to pinpoint potential hotspots. Solu-
biS (De Baets et al, 2015) builds on TANGO's
(Fernandez-Escamilla et al., 2004) methodology to
improve protein solubility by mutating aggregation-prone
regions to more stable residues, utilizing the FoldX
(Schymkowitz et al., 2005) force field to assess the impact
of these changes. CamSol (Sormanni et al., 2015), on the
other hand, predicts protein solubility by taking into
account factors such as hydrophobicity, charge, and
structural context, and it provides users with protein vari-
ants engineered for increased solubility. A3D (Zambrano
et al., 2015) builds on the original Aggrescan (Conchillo-
Solé et al., 2007) by adding three-dimensional structural
information to its sequence-based aggregation propensity
analysis. This allows A3D to identify aggregation-prone
regions based on both the sequence and the spatial prox-
imity of residues, giving a more accurate depiction of
potential aggregation hotspots in the three-dimensional
structure of proteins.

Building on the strengths of A3D (Zambrano
et al., 2015), our new in-house algorithm, referred to as
Aggrescan4dD (A4D) (Barcenas et al., 2024), represents
the next step in the evolution of aggregation prediction
tools. A4D not only incorporates all the features of A3D
but also introduces environmental pH as a variable in its
calculations, offering a more nuanced view of protein
aggregation under different physiological conditions.
Additionally, A4D incorporates further enhancements for
automated protein design and user-friendly operation.

In this overview, we explore the capabilities of A4D
(Barcenas et al., 2024), a state-of-the-art tool for predict-
ing protein aggregation propensity, and compare its
strengths and weaknesses with other aggregation predic-
tion algorithms. Section 2 highlights the transformative
advancements from A3D (Zambrano et al., 2015) to A4D
(Barcenas et al., 2024), emphasizing its key features,
methodologies, and applications. Section 3 offers a con-
cise overview of A4D's options, including its most impor-
tant functionalities such as: pH calculations (Section 3.1),
dynamic mode simulations (Section 3.4), and automatic
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mutations (Section 3.7). Each section delves into A4D's
capabilities, underscoring its significance in protein
aggregation research and potential impact on biotechnol-
ogy and biomedical science. Additionally, in Section 4,
we describe an antibody case study evaluating the predic-
tive accuracy of A4D, alongside other tools, providing
valuable insights into its predictive accuracy. Finally, we
also discuss potential future enhancements that could
improve our ability to predict and manage protein
aggregation.

2 | FROM Aggrescan3D TO
Aggrescan4D: TRANSFORMATIVE
ADVANCES IN PROTEIN
AGGREGATION PREDICTION
TECHNOLOGY

A3D (Zambrano et al., 2015) integrates the Aggrescan
in vivo-derived scale (Conchillo-Solé et al., 2007) into the
3D space of protein structures by leveraging distances
between amino acid residues and their overall surface
exposure. This method overcomes the main limitations of
sequence-based predictive approaches by disregarding
solvent-protected residues that have negligible impact on
protein aggregation, identifying spatially clustered resi-
dues that form STructural Aggregation Prone regions
(STAPs) despite being sequentially distant, and evaluat-
ing the decay of residues’ impact on STAP potency due to
distance between alpha-carbon atoms (Conchillo-Solé
et al., 2007; Sanchez de Groot et al., 2005). A3D's distinc-
tive feature CABS-flex (Jamroz et al.,, 2014; Kurcinski
et al., 2019; Kuriata et al.,, 2018) provides a dynamic
model of protein flexibility which allows for evaluating
the aggregation propensity of proteins by identifying
potential STAPs that may be hidden in the static input
structure (Nithin et al., 2024; Zambrano et al., 2015).

The first web server for A3D (Zambrano et al., 2015)
was launched in 2015, marking a significant milestone in
making this innovative tool accessible to the wider scien-
tific community. Since its launch, A3D has been widely
accepted in the scientific community, leading to numer-
ous significant publications. Researchers have utilized
A3D for the in silico redesign of antibodies and other pro-
teins, enhancing their structural and functional proper-
ties for various biotechnological applications (Ejaz
et al., 2023; Gil-Garcia et al., 2018; Xia et al., 2016). Addi-
tionally, the platform has been instrumental in under-
standing the aggregation mechanisms of both pathogenic
and non-pathogenic proteins as well as biotherapeutics,
providing insights into their behaviors and impacts
(Berdynski et al., 2022; Bhandare & Ramaswamy, 2018;
Gil-Garcia et al., 2020; Katina et al., 2017; Ko et al., 2023;
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Leppert et al., 2023; Petrlova et al, 2022; Zakeri
et al., 2023; Zerovnik, 2017). A3D has also supported
studies on the interactions between antibacterial proteins
and lipidic bilayers, as well as disaggregase-client recog-
nition dynamics, aiding in the development of multi-
epitope vaccines for tropical diseases and enhancing our
understanding of protein evolution and its impact on
aggregation (Badaczewska-Dawid et al., 2023; Carija
et al., 2019; Flores-Le6n et al.,, 2021; Garcia-Pardo
et al., 2023; Ishwarlall et al., 2022; Pulido, Arranz-
Trullén, et al., 2016; Pulido, Llamas, et al., 2016; Ruiz-
Solani et al., 2023).

In 2019, the A3D 2.0 web server (Kuriata, Iglesias,
Pujols, et al., 2019) was launched with major improve-
ments, including the new CABS-flex package and the
FoldX (Schymkowitz et al., 2005) force field. This ver-
sion’s enhanced capabilities enabled it to handle larger
proteins and complexes, facilitating rational protein rede-
sign by balancing aggregation propensity with thermody-
namic stability (Castillo et al, 2010; Espargard
et al., 2008; Gil-Garcia et al., 2018; Kurcinski et al., 2019;
Kuriata, Iglesias, Kurcinski, et al., 2019; Kuriata, Iglesias,
Pujols, et al., 2019; Schymkowitz et al., 2005). New auto-
mated mutation tools were also introduced to streamline
protein engineering processes, making them more acces-
sible to users with varying levels of expertise in protein
chemistry.

In response to growing demand for local and custom-
izable versions, the A3D Standalone (Kuriata, Iglesias,
Kurcinski, et al., 2019) version was developed, offering
the full functionalities of A3D 2.0 (Kuriata, Iglesias,
Pujols, et al., 2019) but with the capability for users to
operate locally and customize features to suit their spe-
cific needs. This standalone version, especially useful for
integrating into larger bioinformatics platforms, was
well-received by researchers preferring to work within
their own computational environments.

In 2024, A3D (Zambrano et al., 2015) underwent a
significant update leading to its rebranding as A4D web
server (Barcenas et al., 2024), driven by the inclusion of
pH calculations as the “fourth dimension.” This transfor-
mative enhancement, along with the integration of envi-
ronmental factors like pH, allows for more realistic
simulations of physiological conditions and provides a
comprehensive understanding of how these conditions
influence protein stability and aggregation (Arseni
et al., 2022; Arseni et al., 2023; Garcia-Pardo &
Ventura, 2024; Oeller et al., 2023; Pintado et al., 2021;
Santos, Iglesias, Santos-Sudrez, et al., 2020; Strohdker
et al., 2019). A4D also capitalized on the AlphaFold data-
base (Jumper et al., 2021), enhancing the accuracy of
structural predictions by addressing the representation
of intrinsically disordered regions (IDRs) and allowing
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seamless integration of structural data from various data-
bases (Badaczewska-Dawid et al., 2022; Badaczewska-
Dawid et al., 2023; Garcia-Pardo et al., 2023; Ruff &
Pappu, 2021; Varadi et al., 2024). Additionally, new auto-
mated mutation modes and expanded file compatibility
have further enhanced A4D's utility in protein solubility
and aggregation studies, marking a pivotal development
in the field of protein aggregation prediction.

3 | A4D PIPELINE AND OPTIONS

A4D web server (Barcenas et al., 2024) (available at
https://biocomp.chem.uw.edu.pl/a4d/) offers users the
choice between utilizing the original A3D scoring
method (Zambrano et al., 2015), featuring Static mode
and Dynamic mode, or adopting the A4D algorithm,
which integrates pH calculations (see Figure 1).

A4D (Bércenas et al., 2024) defaults to conducting a
pH-dependent analysis of aggregation properties and
structural stability assessment. It also facilitates input
optimization using the FoldX (Schymkowitz et al., 2005)
tool. The aggregation propensity calculations are cen-
tered around each amino acid a-Carbon atom within a
default spherical radius of 10 A. The A4D score quantifies
aggregation propensity for each amino acid i using the
following formula:

AA4Dscore = Agg; (ae/)’RSAi) + Ze [Agge (ae{ﬂRSAe}) (yeﬂsdist)]

In this equation:

« Agg; represents the aggregation propensity of the cen-
tral residue i, and RSA; denotes its relative surface
area exposed to solvent. For static and dynamic mode
pathways (Figure 1), the Agg; score is based on exper-
imental data from in vivo studies (Conchillo-Solé
et al., 2007; Sanchez de Groot et al., 2005), whereas,
in pH calculation mode, Agg; is determined using a
pH-dependent lipophilicity scale (details in
Section 3.1).

« The summation includes each neighboring residue e
within a 10 A radius around i, where Agg, and RSA,
are their respective aggregation propensities and sol-
vent exposure.

« dist refers to the distance from the central residue i to
each neighboring residue e.

« o, B, v, and & are numerical parameters used to adjust
the influence of solvent exposure and distance on the
aggregation score, reflecting residue interactions as
outlined in work (Zambrano et al., 2015).

For most applications, the A4D score above 0 indicates
potential aggregation, but scores higher than 0.5 are more
likely to indicate residues that are critical to aggregation
processes. A sphere radius of 10 A is typically used to
identify residues forming aggregation-prone regions,
though a smaller radius of 5A may be employed for
detailed analysis of specific residues within these patches

(1) (see Section 3.6).
9.0
pH calculations
Protein Structure —
UniProt ID or PDB code
PDB or mmClIF file
FoldX Automatic .Y
(optional) mutations Static mode 1:".,
Options (optional) R
¥
stability W
mutations o —
enhanced solubility — )"g'
globular regions ‘E’&
Dynamic mode -

FIGURE 1 A4D pipeline.
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TABLE 1

Name

pH calculations

Stability calculations

Analysis of the globular
regions

Dynamic mode

Mutate residues

Distance of aggregation
analysis:

Improve protein
solubility with
evolutionary conserved
mutations

Enhance protein
solubility with charged

A4D advanced options list.

Description

The simulation will be run across a range of pH
values (4-9), results for each pH value will be
presented.

FoldX (Schymkowitz et al., 2005) is used to
optimize input structure.

Use the AlphaCutter tool (Tam & Iwasaki, 2023)
to remove the disordered regions of the protein.

If Yes, A4D will take into account the flexibility
of an input structure. If No, A4D will perform
analysis on a static input structure.

Mutate your input protein, mutation options will
be provided in the next step.

Select the radius (R) of the sphere used in the
analysis.

Automatically select aggregation prone residues
and mutates them into more soluble amino acids
using a conservative evolutionary approach.

Automatically selects aggregation prone residues
and mutates them into charged amino acids.

& ey WILEY-L 2o

Value Note Section
Yes/ Cannot be used alongside Dynamic 3.1
No mode and Improve/Enhance protein
stability options.
Yes/ Required for mutation calculations. 32
No
Yes/ Recommended for structures 33
No obtained from the AlphaFold
database.
Yes/ Cannot be used alongside pH 34
No calculations and Improve/Enhance
protein stability options.
Yes/ - 3.5
No
54/ - 3.6
10 A
Yes/ Cannot be used alongside pH 3.7
No calculations, Dynamic mode and
Enhance protein solubility options.
Yes/ Cannot be used alongside pH 3.7
No calculations, Dynamic mode and

mutations

Improve protein solubility options.

Note: Each option is described in the corresponding subsection of this manuscript, with the subsection number listed in the last column. Default options are

highlighted in bold.

The following section provides a comprehensive
explanation of A4D's (Barcenas et al., 2024) modes and
features, ensuring users have a clear understanding of its
capabilities for predicting protein aggregation propensi-
ties. All available options and their default settings are
presented in Table 1.

On the A4D web server, computation times vary
based on protein size and the selected options. For most
settings, smaller proteins (around 100 amino acids) typi-
cally require only a few minutes, while larger proteins
(around 300 amino acids) usually take between 10 and
15 min. However, dynamic mode is particularly time-
consuming, taking about 20 min for smaller proteins and
over an hour for larger ones. Note that these times may
vary if the job is queued on the A4D web server.

3.1 | pH calculations
The possibility of  including pH-dependent
calculations was introduced in 2024 (Barcenas

et al., 2024), with the rebranding of A3D to A4D, mark-
ing the integration of environmental pH as the “4th
dimension.” The integration of pH calculations into A4D
marks a significant leap forward in protein research and

engineering. It empowers researchers to explore the
impact of pH variations on protein aggregation in bio-
technological contexts, aids in optimizing protein solubil-
ity across diverse environmental conditions crucial for
industrial applications, and enhances our understanding
of disease mechanisms, particularly in conditions where
pH dysregulation contributes to protein aggregation-
related pathologies.

The propensity for aggregation of pH-sensitive amino
acids is influenced by changes in their charge and hydro-
phobicity, which vary with pH. This results in a pH-
dependent alteration in their contribution to aggregation
(Santos, Iglesias, Santos-Sudrez, et al., 2020). SolupHred
has used these factors successfully to predict how pH
influences the aggregation of intrinsically disordered pro-
teins (IDPs) (Pintado et al., 2021). The residues neighbor-
ing the pH-sensitive residues can shift the pKa values.
A4D combines the pH-dependent lipophilicity scale used
in SolupHred with 3D-informed pKa calculations for pH-
sensitive residues available through the pKa-ANI method
(Gokcan & Isayev, 2022) (Figure 2). To calculate the
aggregation propensity index (Agg;) for each amino acid
at different pH values, we use these combined data and
substitute them into the Equation (1). It's important to
note that while there is a strong correlation between the
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Lipophilicity score
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FIGURE 2 Incorporation of pH modulated changes in aggregation propensity in A4D. (a) Linear correlation between the pH-dependent
lipophilicity scale used for pH calculations at neutral pH and the in vivo derived Aggrescan scale used for non-pH calculations. (b) pH-driven

changes in the liphophilicity score. Due to limitations on satisfactory 3D pKa estimation for Arginine, its score is considered constant in the

A4D assayed pH-range.

primary aggregation scale of A4D and the pH-dependent
lipophilicity scale, their dynamic ranges are different. As
a result, A4D reports different numerical values for the
aggregation score at neutral pH compared to the “classi-
cal” A4D score (i.e., when pH calculations are not consid-
ered) (Figure 2a). Regarding pH calculations, A4D
considers the pH score variation of aspartic and glutamic
acids, lysine, histidine and tyrosine (see Figure 2b), while
the score of other amino acids remains unchanged.

If the ‘pH calculations’ option is enabled, A4D facili-
tates aggregation predictions across a range of 11 pH
values from 4 to 9 with increments of 0.5. Subsequently,
users gain access to detailed pH-specific predictions on
the result page, including structural visualization along
with average and max A4D scores for each prediction.
Through performance analysis, we determined that for
globular proteins, the maximum value, and for IDPs, the
average value, better aligns with experimental observa-
tions (Barcenas et al., 2024). Furthermore, A4D adeptly
recognizes input structures and recommends the most
suitable metric for use. It is important to note that this
functionality cannot be combined in a single prediction
run with Dynamic mode and automatic mutations, as
illustrated in Figure 1.

In our study covering A4D web server (Barcenas
et al., 2024), we examined the accuracy of A4D's pH-
dependent predictions across 18 diverse proteins, includ-
ing 11 globular proteins and 7 IDPs. We measured the
performance by comparing the slopes of the linear regres-
sions between the experimental data and A4D metrics.
Specifically, we used the A4D max score for globular pro-
teins and the A4D average score for IDPs, achieving 100%

agreement between the predictions and experimental
results for both categories. In comparison, CamSol had
an overall agreement of 78% (64% for globular proteins
and 100% for disordered proteins).

The usage of A4D in predicting pH-dependent aggre-
gation behaviors can be illustrated through the example
of Human Serum Albumin (HSA), a critical blood protein
involved in substance transportation. Although HSA
tends to aggregate into amyloid fibrils under destabilizing
conditions, such as temperature or pH changes, the pre-
cise impact of pH on its structure and the consequent
exposure of the hydrophobic core—which can increase
aggregation—remains complex and unpredictable. There-
fore, HSA serves as a useful but challenging model for
studying  aggregation-related  phenomena  (Malik
et al., 2022). Recent studies have illuminated the aggrega-
tion behavior of Human Serum Albumin (HSA) under
pH alterations, particularly in the shift from pH 7 to
5. Notably, the predictions generated by A4D regarding
the aggregation tendencies of HSA (PDB ID: 6YG9) are
supported by experimental findings. Utilizing the pH cal-
culations feature of A4D, it was found that at pH 5, HSA
shows a heightened propensity for aggregation compared
to pH 7. These findings are reflected in the scatter plot
shown in Figure 3a, which illustrates a strong concor-
dance between predicted aggregation propensity scores
and experimental data, evidenced by an R-squared value
of 0.88, indicating a robust correlation.

In Figure 3, we present an example where the correla-
tion between experimental data and the predicted A4D
score is high across the entire pH range studied. After
analyzing the pH-dependent aggregation profile of
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Predicted Aggregation

| R-squared = 0.88 ‘
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Experimental Aggregation

(b)

A4D score

FIGURE 3 Human Serum Albumin (PDB ID: 6YG9) aggregation propensity predictions using A4D pH calculations. (a) Scatter plot
illustrating the relationship between experimental data (X-axis) (Oeller et al., 2023) and predicted aggregation propensity scores (Y-axis).
Each data point represents a distinct pH, with the experimental values plotted against their corresponding predicted aggregation propensity
scores, while the red line represents the linear regression fit. The experimental aggregation value represents the measured aggregation
propensity of proteins under specific conditions, as reported in the original A4D work (Barcenas et al., 2024). For BSA, it is the percentage of
aggregated proteins, and for lysozyme and RNase Sa, it is ThT absorbance at 595 nm. All values are normalized. The linear regression model
was fitted to the experimental data to estimate the relationship between the experimental values and the predicted aggregation propensity
scores. The close alignment between the points and the fitted line indicates a high level of concordance between the experimental data and
the predicted aggregation propensity scores. (b) Structural representations of HSA at pH 5.0 (left) and 7.0 (right). Residues are colored by

A4D scale: Blue for solubility, red for aggregation, white for neutral regions. Higher predicted propensity for aggregation at pH 5.0,

compared to pH 7.0, aligns with experimental findings.

multiple proteins (Barcenas et al., 2024), various scenar-
ios are possible regarding this correlation. In Figure 4, we
have compiled predicted and experimental aggregation
values from three proteins: Bovine Serum Albumin
(BSA) (Li et al., 2016), Lysozyme (Barcenas et al., 2024)
(supplementary materials), and Ribonuclease Sa (RNase
Sa) (Schmittschmitt & Scholtz, 2003). For BSA, the pre-
dicted A4D values accurately model the observed experi-
mental aggregation. When analyzing the lysozyme data,
we observe that A4D accurately models most of the pH
range (pH 3.5-9.5) but fails for moderately basic pH

values (10 and above). This discrepancy is attributed to
the partial unfolding of lysozyme at such pH values
(Petersen et al., 2004), which is why the A4D server limits
pH prediction range to values between 4.0 and 9.0.
Finally, in the case of RNase Sa, the predicted and experi-
mental values agree, showing a decrease in aggregation
with an increase in pH. However, the rate of change dif-
fers. This is a known limitation in the algorithm for some
protein case studies and may result from the limitations
in A4D's aggregation modeling capabilities or differences
in the sensitivity of the experimental value reported.
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FIGURE 4 Examples of different pH-
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Normalized aggregation

dependent normalized aggregation
profiles, showcasing different behaviors in
protein aggregation. Bovine Serum
Albumin (BSA), Lysozyme, Ribonuclease
Sa (RNase Sa); PDB IDs: 4F5S, 1LYZ
chain A, 1C54 chain A, respectively. The
predicted values align very well with the
experimental data (BSA), fail in extreme
pHs (basic pH, lysozyme), or show a
different range of variability between
experimental and predicted data

(RNase SA).

Metric A4D Prediction —e- Experimental Value

3.2 | Stability calculations

When activated, this feature harnesses FoldX
(Schymkowitz et al., 2005) to optimize input structure,
consequently enhancing prediction accuracy. The setting
should be toggled to “No” only for input structures that
have been already optimized, in order to expedite calcula-
tions. To perform any mutation, or dynamic mode analy-
sis, this feature has to be enabled. By default, the setting
is preset to “Yes.”

3.3 | Analysis of the globular regions
Structures obtained from the AlphaFold database
(Jumper et al., 2021) often present elongated, disordered
regions that are not typically observed in experimentally
resolved structures. These regions tend to congregate
around the globular core, introducing potential surface
features that could mislead the interpretation of STAPs
(Ruff & Pappu, 2021) and undermine the accuracy of
A4D predictions (Badaczewska-Dawid et al., 2022;
Badaczewska-Dawid et al., 2023).

To address this concern, A4D introduces the
“Analysis of the globular regions” feature, which
employs AlphaCutter (Tam & Iwasaki, 2023) to selec-
tively remove these disordered segments. AlphaCutter
employs DSSP to pinpoint long loops and helices, fol-
lowed by the calculation of a contact map. Addition-
ally, it applies an AlphaFold pLDDT threshold to
refine the domains further. By focusing on globular
regions, this approach refines the structural assess-
ment, thereby reducing the impact of artificially gen-
erated surface areas. By default, this option is
deactivated.

3.4 | Dynamic mode

In some cases, analyzing static structures alone is insuffi-
cient; we must also consider their dynamics to accurately
predict aggregation capabilities. Protein aggregation
onset may not necessarily require global unfolding and
transitioning across major energy barriers but can origi-
nate from locally unfolded states accessible under physio-
logical conditions, such as thermal fluctuations of native
states (Chiti & Dobson, 2009). A4D Dynamic mode is
designed to capture and analyze this kind of structural
changes, and thereby to facilitate a more comprehensive
and dynamic perspective of protein aggregation tenden-
cies. A4D Dynamic mode harnesses CABS-flex tool
(Kurcinski et al., 2019; Nithin et al., 2024) to simulate
protein fluctuations, allowing for the incorporation of
information about protein flexibility into their aggrega-
tive properties. In this mode, an input structure, after
FoldX (Schymkowitz et al., 2005) optimization, serves as
a starting point for CABS-flex simulation. During this
stage, a set of all-atom structures representing the pre-
dominant fluctuations observed throughout the CABS-
flex conformational space sampling is produced. For each
of these models, the A4D score is calculated using the
same method as in the static mode, and models are
ranked from highest to lowest aggregation score, includ-
ing the original structure. Following the completion of
calculations, a comprehensive summary of the Dynamic
mode computations, including the models generated via
CABS-flex and their corresponding A4D scores, is accessi-
ble in the “Dynamic mode details” tab. This summary
also includes an RMSF plot, where higher RMSF values
generally indicate more flexible regions, potentially
exposing hydrophobic patches or aggregation-prone
sequences that are otherwise buried. It's important to
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note that the Dynamic mode does not support pH calcu-
lations or automatic mutations (see Figure 1). By default,
Dynamic mode is set to “No.”

Below, we present an example of the bevacizumab
Fab fragment (PDB ID: 1BJ1), a monoclonal antibody
crucial for inhibiting vascular endothelial growth factor
A (VEGF-A) in the treatment of various cancers and eye
diseases. The Fab domain of bevacizumab is known for
its high aggregation propensity, necessitating reduced
concentrations in its therapeutic applications. While A4D
static analysis of the Fab domain indicates a certain level
of aggregation tendency, the incorporation of Dynamic
mode unravels undisclosed aggregation-prone regions
not apparent in static structural evaluation (see Figure 5).
This suggests that structural fluctuations contribute to an
expanded aggregation-prone area, emphasizing the sig-
nificance of considering protein dynamics in aggregation
predictions. The Fab fragment example, along with anal-
ogous observation for different antibodies has been com-
prehensively described in ref (Kuriata, Iglesias, Pujols,
et al., 2019), in which the A3D 2.0 tool was used in the
analysis of protein flexibility on aggregation properties.

3.5 | Mutations

A4D offers the capability to introduce mutations both
before and after conducting calculations, enhancing
users' control over their analyses. By default, the Mutate
residues option is initially set to “No.” However, users
can activate this feature to access a dedicated window
where they can perform individual or multiple muta-
tions. This process involves selecting the desired amino
acid from a provided list and specifying the target
amino acid for mutation. Importantly, unlike automated
mutation methods, the Mutate residues option seamlessly
integrates with pH calculations and Dynamic mode.
Notably, enabling the Mutate residues option requires
the activation of Stability calculations, leveraging the
FoldX (Schymkowitz et al., 2005) tool for mutation
provision.

Mutations can be also performed, through the
“Aggrescan4D score” tab, accessible on the results page
after completing calculations. This tab features an inter-
active table displaying the A4D values for each residue,
along with an intuitive interface enabling users to easily
select desired mutations and resubmit calculation for
mutated protein.

3.6 | Distance of aggregation analysis

Aggregation propensity is determined within spherical
regions centered on each residue’'s Ca carbon. The

& ey WILEY- L2

“Distance of aggregation analysis” option offers a choice
between two distinct distance settings: 5 or 10 A.

The selection between the 5 and 10 A settings
depends on the desired level of precision and detail in the
analysis. The default 10 A radius provides a comprehen-
sive overview of aggregation tendencies throughout the
protein structure, while opting for the 5 A radius allows
for a more refined examination, enabling researchers to
delve into individual residue impacts with greater
precision.

3.7 | Automated mutations to improve
protein solubility

A4D offers an Automated mutation feature aimed at
identifying more soluble variants of functional
therapeutic proteins. This feature serves as an efficient
and user-friendly method, accessible via “Enhance pro-
tein solubility with charged mutations” and “Improve
protein solubility with evolutionary conserved muta-
tions” input options. Its purpose is to offer a computa-
tional alternative to time-consuming and costly
experimental approaches such as phage display.

Under the setting “Enhance protein solubility with
charged mutations,” A4D identifies aggregation-prone
regions within the protein structure and virtually intro-
duces mutations by incorporating charged amino acids at
corresponding residues to impede protein self-
association. Upon analysis completion, A4D generates a
ranked list of suggested point mutations, accompanied by
an evaluation of their solubilizing effects and energetic
implications. This empowers researchers to manually
select mutations that enhance solubility while consider-
ing potential destabilization. Furthermore, users can
exclude specific residues from the automated mutation
process to prevent mutations of critical functional frag-
ments within the protein sequence.

The setting “Improve protein solubility with evolu-
tionarily conserved mutations” focuses on minimizing
changes in physicochemical properties that could disrupt
protein folding and stability. This option ensures that
suggested mutations result from a single point mutation
(A — B) rather than a series of successive changes
(A — C — B), thus minimizing impacts on protein struc-
ture and stability. To achieve this, A4D employs Point
Accepted Mutation (PAM) matrices. These matrices store
the sum of accepted substitutions in closely related
sequences, with an identity threshold of 0.85 or higher.
By utilizing PAM matrices, A4D ensures that the sug-
gested mutations preserve evolutionary conservation
while enhancing protein solubility. This approach opti-
mizes protein stability and maintains biological
functionality.
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protein structure FoldX flexibility
CABS-flex
mutational redesign

optional input A4D
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analysis of the most
aggregation-prone
model

3D models, plots, scores
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A4D score
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FIGURE 5 Aggrescan4D Dynamic mode. (a) Dynamic mode pipeline. (b) Bevacizumab Fab fragment (PDB ID: 1BJ1) aggregation
propensity predictions using A4D Static mode (left side) and Dynamic mode (right side). Residues are colored by A4D scale: Blue for
solubility, red for aggregation, white for neutral regions. Dynamic mode reveals aggregation-prone regions that are not evident in Static
mode. (¢) RMSF (Root Mean Square Fluctuation) plot from the CABS-flex simulation (left) and superposition of models produced by CABS-
flex (right).

These functionalities are summarized in Figure 6. 3.8 | Privacy
By default, both mutation options are disabled. It's
noteworthy that automated mutations are not compati- To prioritize privacy, users can select the “Do not show
ble with pH calculations and Dynamic mode (see  my job on the results page” checkbox, found on the main
Figure 1). page's options panel. This feature allows users to control
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FIGURE 6 Aggrescan4D automated mutations pipeline. In the automated mutations mode, A4D identifies residues with the highest A4D
score, subsequently mutating them into positively charged residues (Lysine and Arginine) or negatively charged residues (Aspartic and Glutamic

acids). It then calculates A4D scores and stability increments for each variant, providing a ranked list of mutations. Mutations that do not

negatively impact stability are prioritized, appearing at the top of the list, while those that affect stability are highlighted in orange (energetic effect
>0.5 kcal/mol) and red (energetic effect >1.0 kcal/mol). In the “Improving protein solubility with evolutionary conserved mutations” mode, A4D
performs mutations which impact less on protein stability based on protein residue based on PAM250 matrix residue distances.

the visibility of their analyses, which is especially benefi-
cial for handling sensitive data. Furthermore, the standa-
lone version of A3D (outlined in Methods Section 3.11)

- 141 -
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machines, granting complete control over the research
process. This eliminates the need to upload sensitive data
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to a remote server, ensuring maximum confidentiality for
researchers.

3.9 | A4D RESTful service

The A4D web server extends its capabilities through a
programmatically  accessible interface, providing
researchers with the capability of integrating aggrega-
tion predictions into their computational workflows.
RESTful URLs, featured by A4D web server, allow users
to initiate new jobs either by uploading a custom
PDB/CIF file or with specific PDB/UniProt IDs. RESTful
service comprehensively supports the entire A4D web
server functionality, enabling users defining project
names, receiving email notifications and configuring
input parameters. Upon job submission, using cURLS,
users can monitor progress, access detailed information
and download complete A4D output. The RESTful API
can be harnessed through Python or other tools capable
of POST requests.

For a comprehensive overview of A4D RESTful ser-
vice options and usage examples, please refer to ref
(Pujols et al., 2021). Additionally, detailed RESTful guides
and examples can be found on: http://biocomp.chem.uw.
edu.pl/a4d/tutorial.

3.10 | Database for model organisms

The introduction of AlphaFold and the accompanying
AlphaFold Protein  Structure Database (Varadi
et al., 2024), which includes over 200 million protein
structures, has made a significant impact on structural
biology. This development provides access to accurate
protein structures, especially for proteins that had not
been structurally characterized before, enhancing our
understanding and opening new avenues in scientific
research. Leveraging the availability of AlphaFold's struc-
tures, we initially proposed A3D predictions for the
human proteome (Badaczewska-Dawid et al., 2022) fol-
lowed by predictions for yeast (Garcia-Pardo et al., 2023).
Subsequently, we developed the A3D Model Organism
Database (A3D-MODB) (Badaczewska-Dawid et al.,
2023). This resource contains a vast collection of over
160,000 proteins from the proteomes of 12 commonly
studied organisms: Arabidopsis thaliana, Caenorhabditis
elegans, Danio rerio, Escherichia coli, Mycoplasma genita-
lium, Mus musculus, Saccharomyces cerevisiae, Schizosac-
charomyces pombe, Homo sapiens, Rattus norvegicus,
Drosophila melanogaster, and SARS-CoV-2. The primary
goal of A3D-MODB is to facilitate extensive cross-species
analysis related to protein aggregation. It provides

valuable predictions regarding solubility and stability, as
well as confidence scores for each residue modeled by
AlphaFold (pLDDT). Additionally, it offers topology pre-
dictions for membrane proteins, calculated using TOP-
CONS (Tsirigos et al., 2015).

Each entry in the A3D-MODB database
(Badaczewska-Dawid et al., 2023) is linked to the UniProt
Knowledgebase (UniProtKB) (UniProt Consortium, 2023)
and species-specific databases, providing comprehensive
coverage and making it an indispensable resource for
researchers in various scientific fields. The A3D-MODB
database is freely accessible, requiring no registration,
and can be reached at http://biocomp.chem.uw.edu.pl/
A3D2/MODB. Complementing these capabilities, the
A4D web server allows users to input UniProt IDs for
automatic retrieval of AlphaFold structures. It also inte-
grates seamlessly with A3D-MODB, providing easy access
to nearly 500,000 precalculated jobs. This integration sim-
plifies research processes and enhances access to valuable
structural biology data.

3.11 | A3D standalone package

A3D is also available as an independent, self-contained
software application (Kuriata, Iglesias, Kurcinski,
et al., 2019) designed for local use, ensuring enhanced
privacy. This standalone version (Kuriata, Iglesias,
Kurcinski, et al, 2019) integrates seamlessly with
researchers’ workflows, providing complete control over
every stage of the process (the standalone version tutorial
has been presented in the monograph (Kuriata
et al., 2022)). Additionally, its extensional integration
with the CABS-flex tool allows for interactive analysis
and visualization of models generated by CABS-flex, as
well as comprehensive control over CABS-flex simula-
tions and their parameters.

Despite the robust features of A3D standalone
(Kuriata, Iglesias, Kurcinski, et al., 2019), it can be easily
installed via Python package managers such as pip or
Conda, or as a Docker image. This installation flexibility
ensures compatibility with Windows, MacOS, and Linux
operating systems. The standalone version includes an
integrated local server and offers a user-friendly graphical
interface that mirrors the A3D web-server (Zambrano
et al., 2015) interface.

It is important to note that the current standalone
version of A3D operates on Python 2.7. While this is not
the latest version of Python, the next iteration of the stan-
dalone A4D, is currently under development. A4D stan-
dalone will be fully compatible with modern Python
releases, ensuring smooth integration and enhanced
functionality. Installation guides, documentation, and
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usage examples are available in the A3D repository at
https://bitbucket.org/lcbio/aggrescan3d.

4 | CASESTUDY: EVALUATION OF
AGGREGATION PREDICTION
METHODS WITH MEDI1912
MONOCLONAL ANTIBODY
VARIANTS

Along with A4D (Barcenas et al., 2024), SolubiS
(De Baets et al, 2015) and CamSol (Sormanni
et al., 2015) are widely employed tools to understand and
rationally design structural aggregation propensity. The
three tools offer aggregation propensity reporters and
the possibility to inform users with mutational variants
predicted to have less propensity to self-association.
Recently, David Brockwell and collaborators devel-
oped an experimental pipeline for the in vivo develop-
ment of more soluble proteoforms focusing on highly
aggregating MEDI1912 monoclonal antibody which tar-
gets human nerve growth factor with picomolar affinity
(Ebo et al.,, 2020) (Figure 7). The authors developed

MEDI1912 monoclonal antibody

A4D score

FIGURE 7
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18 different variants and recorded the full-length IgG
aggregation propensity through retention time on high-
performance size exclusion chromatography (HP-SEC), a
reporter of aggregation-driven monomer loss. Although
the described methodology allowed the development of
novel variants, the lack of control over the mutation sites
caused these less aggregating variants to impact protein
functionality (Ebo et al., 2020). This dataset reporting
experimental evidence for protein aggregation variants
allowed us to evaluate the performance of the A4D, Solu-
biS, and CamSol structural aggregation prediction
methods on protein mutations (antibody structure was a
courtesy of the Brockwell lab at the University of Leeds).
We categorized the mutants based on their aggregation
propensity considered positives (9 variants) or negatives
(8 variants) those that increased or decreased the reten-
tion time with respect to the midpoint. As reported in
Table 2, A4D displays the highest sensitivity, accuracy,
and specificity in predicting the effects of mutational var-
iants on experimental aggregation, compared with
structural-based state-of-the-art prediction algorithms.
The three tools also differ in the additional possibili-
ties they provide. A4D like SolubiS allow users different

MEDI1912 STT variant

Monoclonal antibody MEDI1912 and its more soluble engineered variant STT. Residues are colored by A4D scale: Blue for

solubility, red for aggregation, white for neutral regions. MEDI1912 STT differs from wild type protein with three mutations in the
complementary complementarity determining region; Trp30Ser, Phe31Thr and Leu57Thr (Dobson et al., 2016).

TABLE 2 Performance of A4D,
SolubiS and CamSol for a dataset of 19
mutants of the MEDI1912 monoclonal
antibody as reported in ref (Ebo

et al., 2020).

A4D 0.89
CamSol 0.78
SolubiS 0.89

Sensitivity

Specificity Precision Accuracy Mcc? FDR®
0.75 0.80 0.82 0.65 0.20
0.25 0.54 0.53 0.03 0.46
0.38 0.62 0.65 0.31 0.39

Note: The best performance according to each particular parameter is shown in bold. Mutational impact for
A4D was assessed by the maximum score (the best reporter for experimental properties of folded proteins),
for SolubiS the Tango score and for CamSol the structurally corrected score.

“Matthews correlation coefficient.

YFalse discovery rate.
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methods of inputting structures through user-uploaded
PDB/CIF files or PDB/UniProt ID without requiring reg-
istration. A4D nonetheless also allows for large-scale
analysis in an automatic way through its RESTful APL
Additionally, A4D allows carrying out a diversity of in
situ analysis of the results through a potent yet user-
friendly user-interface for instance allowing tagging resi-
dues in the A4D colored protein structure or calculating
impact of mutations from the results page.

5 | CONCLUSIONS

Aggrescan4D (A4D) (Barcenas et al., 2024) represents a
refined evolution of Aggrescan3D (A3D) (Zambrano
et al., 2015), as it considers the effect of the pH, an impor-
tant environmental factor heavily impacting protein
aggregation. This is important, since protein aggregation
underlies the onset of human diseases, challenges drug
development and protein formulation.

A4D (Barcenas et al., 2024) enhances the functionali-
ties of A3D, maintaining the user-friendly interface that
facilitated its wide acceptance within the protein science
community. It introduces innovative features like
pH-dependent  aggregation  prediction and an
evolutionary-informed automatic mutation protocol.
These enhancements aim to improve the design of pro-
tein solubility and stability without compromising struc-
tural integrity, complemented with A4D's integration
with comprehensive databases like the A3D-MODB
(Badaczewska-Dawid et al., 2023) and AlphaFold
(Jumper et al., 2021).

Beyond its core functions, A3D's application has been
extended through its integration into various bioinfor-
matics tools, broadening its impact across different scien-
tific areas. Its incorporation into the Protein Solubilizing
Server (PSS) (Tao et al., 2022) aids in addressing the solu-
bilization challenges of structurally complex membrane
proteins, utilizing the innovative QTY code-based engi-
neering approach to enhance their water solubility. This
integration not only facilitates the design of more effec-
tive biopharmaceuticals but also supports basic research
into membrane protein structures and functions. Simi-
larly, DE-STRESS (Stam & Wood, 2021) utilizes A3D to
rigorously evaluate structural models of proteins, provid-
ing researchers with critical insights that guide the engi-
neering of proteins with optimized stability and function.
This tool enables a systematic assessment of protein
designs, enhancing the predictability and success rate of
protein engineering efforts. We expect that A4D's versa-
tility would be soon exploited by the bioinformatics eco-
system beyond aggregation prediction in the broader
context of protein design and analysis.

Looking to the future, there are several potential
enhancements to the A4D platform that could substan-
tially improve its utility in the design of therapeutic pro-
teins. One key advancement would involve the
integration of machine learning algorithms to perform
mutational analysis. These algorithms can analyze exten-
sive datasets of known protein mutations, extracting pat-
terns to predict their effects on protein behavior (Pang
et al., 2023). Furthermore, the incorporation of empirical
aggregation data into these models could refine the pre-
dictive capabilities, leveraging real-world experimental
results to increase accuracy (Housmans et al.,, 2023).
Updating the A4D database to include recent discoveries
on aggregation-prone regions and resistant mutations
would also be advantageous. Additionally, expanding the
structural dynamics suite to include longer-term dynam-
ics and more extensive conformational changes could
enhance simulations and approach them to biologically/
industrially relevant scenarios.

These prospective updates would enhance A4D's
functionality and expand its application in biotechnology
and biomedical research. As A4D continues to evolve, it
can play an important role in uncovering new therapeu-
tic strategies and deepening our understanding of protein
aggregation-related disorders.
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6. Dynamika molekularna (MD) w biologii strukturalnej

6.1. [A9] Fosforylacja bialek P-stalk definiuje stan rybosomu
umozliwiajacy interakcj¢ z pomocniczymi czynnikami bialkowymi

6.1.1. Wprowadzenie do [A9]

W publikacji [A9] skupili$my si¢ na biologicznej roli fosforylacji bialek szyputy rybosomalne;j
(P-stalk) -kluczowego kompleksu biatkowego zlokalizowanego na podjednostce 60S
rybosomu eukariotycznego. Bialka te, zbudowane z podjednostki uL10 oraz heterodimeréw
P1-P2, petnig funkcje aktywacyjne wzgledem translacyjnych GTPaz (trGTPaz), a takze
posrednicza w sygnalizacji stresowej za posrednictwem kinazy Gen2, co czyni je elementem
taczacym maszyneri¢ translacyjng z odpowiedziag komoérkowa typu ISR (Integrated Stress
Response).!31:132

Badania przedstawione w pracy [A9] byly wynikiem szerokiej wspotpracy kilku wiodacych
laboratoriow zajmujacych si¢ badaniem rybosomoéw. Nasz zespot odpowiadat za czesé
obliczeniowg, oparta na symulacjach dynamiki molekularnej (MD), ktéore umozliwity
szczegotowe scharakteryzowanie zmian konformacyjnych kompleksu P1-P2 w zaleznosci od
stanu fosforylacji. M6j wktad w realizacje tego projektu obejmowat przygotowanie uktadow
obliczeniowych, przeprowadzenie symulacji, analiz¢ trajektorii oraz przygotowanie
wizualizacji wynikéw, a takze udzial w interpretacji danych i redakcji manuskryptu.

Weczedniejsze badania sugerowaty, ze biatka P-stalk podlegaja fosforylacji przez kinaze CK2,
jednak nie bylo jasne, jaki jest ich rzeczywisty status fosforylacji in vivo, ani jaka jest
fizjologiczna rola tej modyfikacji. W naszej pracy wykazalismy, Ze biatka P-stalk w warunkach
fizjologicznych wystepuja niemal wylacznie w postaci ufosforylowane; - zard6wno w
komorkach drozdzy, jak 1 ssakow, w tym w rybosomach z linii komoérkowej MEF 1 z watroby
myszy. PotwierdziliSmy to metoda Phos-tag/SDS-PAGE, a takze niezalezng metaanaliza
danych proteomicznych z bazy PeptideAtlas, co wskazuje na ewolucyjnie konserwowany i
stabilny charakter tej modyfikacji.

W kolejnych etapach pracy zbadaliSmy funkcjonalne skutki tej fosforylacji. Zaskakujaco,
defosforylowane kompleksy P-stalk wigzalty trGTPazy z wigkszym powinowactwem oraz
prowadzily do silniejszej stymulacji hydrolizy GTP, ale jednoczes$nie obnizaty doktadnos¢
dekodowania. Tym samym, stala fosforylacja P-stalk wydaje si¢ optymalizowac dziatanie
rybosomu, zapewniajac rownowage miedzy szybkoscig a wiernoscig translacji. Co istotne, w
warunkach stresu wywotanego tunikamycyng zaobserwowalismy, ze fosforylacja P-stalk
moduluje aktywacj¢ kinazy Gen2. W szcezepie pozbawionym mozliwosci fosforylacji CTD
biatek P-stalk (mutant SDPM), aktywacja Gen2 byla opdzniona i wykazywata inng dynamike
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niz w szczepie dzikim. Ustalilismy réwniez, ze fosforylacja wspomaga akumulacje Gen2 na
frakcji 60S, co moze stanowi¢ jeden z mechanizméw umozliwiajacych szybka adaptacje
translacyjng do sygnatow stresowych.

Aby poglebi¢ zrozumienie mechanistycznego wplywu fosforylacji na strukturalne wtasciwosci
biatek szyputly, przeprowadzilem seri¢ symulacji dynamiki molekularnej (MD) fragmentéw C-
koncowych (CTD) biatek P1, P2 oraz uL10. Punktem wyjscia do tych analiz byly sekwencje
22 C-koncowych aminokwasow, obejmujgce regiony zawierajagce seryny podlegajace
fosforylacji, zarowno dla bialek ludzkich (dwumiejscowa fosforylacja), drozdzowych (jedno
miejsce fosforylacji), jak 1 archealnych (z zamiang seryn na glutaminian w pozycji
homologicznej).

Symulacje przeprowadzitem osobno dla wersji ufosforylowanych oraz defosforylowanych
kazdego peptydu. W przypadku biatek eukariotycznych szczegdlng uwage poswigcitem
ludzkim CTD, gdzie analizowalem wplyw obecnosci dwoch reszt fosfoseryny oraz ich
otoczenia elektrostatycznego. Wykazatem, ze fosforylacja prowadzi do ustalenia stabilnej
konformacji peptydu, ktorg okreslitem mianem ,,U-bent” - ze wzgledu na charakterystyczny
ksztalt przypominajacy litere ,,U”. Struktura ta wynika z sieci oddziatywan elektrostatycznych
migdzy fosfoserynami (pozycje 9 i 12) a dodatnimi resztami lizyny (K1 i K5). Ta konformacja
jest utrzymywana przez stabilne mostki solne i skutkuje ograniczong swoboda konformacyjna
w czesci N-koncowej peptydu. Analiza przebiegu zmian struktury drugorzedowej w czasie
symulacji wykazala dlugotrwale utrzymywanie si¢ motywoéw typu bend 1 turn
charakterystycznych dla tej formy, co wskazuje na jej wysoka stabilno$¢.

Dodatkowo przeprowadzitem symulacje CTD rozpoczynajac od formy ustrukturyzowanej (a-
helisy) - dla oceny wptywu fosforylacji na zdolno$¢ do utrzymania struktury drugorzedowe;.
Stwierdzilem, ze fosforylacja w przypadku eukariotycznych CTD przyspieszala przejscie do
struktury nieuporzadkowanej, podczas gdy w przypadku peptydow archealnych konformacja
helikalna byta utrzymywana znacznie dtuzej. Jest to zgodne z wczesniejszymi obserwacjami
eksperymentalnymi, sugerujagcymi zdolnos¢ CTD archeonoéw do formowania a-helis podczas
interakcji z partnerami biatkowymi.

Aby lepiej wyjasni¢ wplyw otoczenia elektrostatycznego na ksztalttowanie si¢ konformacji,
przygotowatem takze symulacje mutacyjne z podstawieniem lizyn na alaniny. W przypadku
mutacji tych reszt w ludzkich CTD zaobserwowatem zanik stabilnych mostkow solnych i brak
charakterystycznego zagiecia struktury, co potwierdzito, ze obecno$¢ dodatnio natadowanych
reszt obok fosfoseryn jest kluczowa dla formowania struktury typu U-bent.

Wyniki tych analiz zostaty zilustrowane na Rysunku 11, ktéry przedstawia powstawanie

charakterystycznej konformacji typu U-bent w przebiegu symulacji dynamiki molekularne;j
oraz jej stabilizacj¢ przez sie¢ mostkow solnych pomiedzy fosfoserynami i resztami lizyny.
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Rysunek 11. Konformacja typu U-bent w C-koncowych fragmentach biatek P-stalk (na
podstawie [A9]). Gorny panel: przebieg trajektorii symulacji MD pokazujacy formowanie si¢
charakterystycznego zagiecia peptydu w obecnosci dwoéch fosfoseryn. Dolny panel:
wizualizacja konformacji stabilizowanej siecig mostkdw solnych pomigdzy fosfoserynami (S9,
S12) a resztami lizyny (K1, K5). Zrodto: [A9].

W oparciu o wyniki uzyskane dla fragmentéw C-koncowych kontynuowali§my te badania na
wyzszym poziomie ztozonosci, rozszerzajac analizy MD na caty dimer P1-P2. Kolejne prace
(obecnie na etapie przygotowania manuskryptu) koncentruja si¢ na tym, jak fosforylacja
wplywa na dynamike i interakcje catego kompleksu. Dwumikrosekundowe symulacje all-atom
ujawnily, ze obecno$¢ fosforylacji nie tylko ksztattuje lokalng struktur¢ CTD, ale takze
przeorganizowuje krajobraz dynamiczny catego dimeru, w tym orientacje motywow GFGLFD
i zachowanie regionu N-koncowego P2. Wyniki te pozwalaja powigza¢ odkryty w [A9]
mechanizm konformacyjny typu U-bent z globalnymi zmianami w dynamice kompleksu P1-
P2, co ma kluczowe znaczenie dla zrozumienia regulacji funkcji biatek szypuly przez
fosforylacje.

Uwazam, ze jednym z najwazniejszych osiagni¢¢ pracy [A9] bylo pokazanie - dzigki
symulacjom dynamiki molekularnej - w jaki sposob fosforylacja zmienia zachowanie
nieuporzagdkowanych fragmentow CTD biatek P-stalk. Analizy MD pozwolity uchwycic¢
powstawanie charakterystycznej i wczesniej nieopisanej konformacji typu U-bent (zartobliwie
W naszym zespole nazywanej ,,Zalewski's bend”), utrzymywanej przez sie¢ mostkow solnych
pomiedzy fosfoserynami i resztami lizyny. To wtasnie symulacje ujawnity mechanizm, ktérego
nie dato si¢ wywnioskowac na podstawie samych danych eksperymentalnych - fosforylacja nie
tylko zmienia tadunek i dynamike tych fragmentow, lecz aktywnie stabilizuje okreslony ksztalt
przestrzenny, wplywajac na sposob interakcji CTD z partnerami rybosomalnymi i
regulatorowymi. Bez tego komponentu obliczeniowego obraz roli fosforylacji bytby niepelny
1 znacznie bardziej spekulatywny.
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Abstract

Ribosomal action is facilitated by the orchestrated work of trans-
acting factors and ribosomal elements, which are subject to reg-
ulatory events, often involving phosphorylation. One such element
is the ribosomal P-stalk, which plays a dual function: it activates
translational GTPases, which support basic ribosomal functions,
and interacts with the Gen2 kinase, linking the ribosomes to the ISR
pathway. We show that P-stalk proteins, which form a pentamer,
exist in the cell exclusively in a phosphorylated state at five
C-terminal domains (CTDs), ensuring optimal translation (speed
and accuracy) and may play a role in the timely regulation of the
Gcn2-dependent stress response. Phosphorylation of the CTD
induces a structural transition from a collapsed to a coil-like
structure, and the CTD gains conformational freedom, allowing
specific but transient binding to various protein partners, opti-
mizing the ribosome action. The report reveals a unique feature of
the P-stalk proteins, indicating that, unlike most ribosomal pro-
teins, which are regulated by phosphorylation in an on/off manner,
the P-stalk proteins exist in a constantly phosphorylated state,
which optimizes their interaction with auxiliary factors.
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Introduction

Protein synthesis is a highly energy-consuming process where the
ribosome acting as a Brownian machine harnesses thermal-
structural fluctuations into directed motion on mRNA (Frank
and Gonzalez, 2010; Rodnina et al, 1997; Wilson and Noller, 1998).
The unidirectional trajectory for the translational apparatus is
conferred by GTP hydrolysis catalyzed by auxiliary translational
GTPases (trGTPases). The eukaryotic ribosomal P-stalk (and its
analog L7/12 in bacteria) plays a pivotal role in the recruitment and
activation of trGTPase to the ribosome, which leads to subsequent
structural rearrangements, driving mRNA decoding and the
ribosome movement on the mRNA (Liljas and Sanyal, 2018; Mohr
et al, 2002; Savelsbergh et al, 2000). Recent findings show that, the
eukaryotic P-stalk is also responsible for the activation of the stress-
related kinase Gcen2, which couples the translational machinery
with the Integrated Stress Response (ISR) pathway (Gupta and
Hinnebusch, 2023; Harding et al, 2019; Inglis et al, 2019; Masson,
2019). Thus, the ribosome is not only responsible for protein
biosynthesis per se, but has also been recognized as a sentinel for
stress sensing able to trigger ISR (Kim and Zaher, 2022). In this
respect, the ribosomal P-stalk appears as a key player in both
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ribosomal activities, displaying dual functionality and being
involved in the interplay with trGTPases and Gcn2 kinase. The
overall architecture of the stalk is similar in all domains of life: the
stalk is composed exclusively of ribosomal proteins, the uL11 and
the heterocomplex composed of uL10 in a complex with lateral
bL12 in bacteria and P1-P2 dimers in eukaryotes. The uLll and
uL10 proteins belong to the conserved ribosomal proteins found in
all domains of life and form the base of the stalk by interacting with
domain IV of rRNA (Liljas and Sanyal, 2018). In Archaea/Eukarya
clades, the P-stalk forms heptamers uLl0(aPl)s or pentamers
uL10(P1-P2),, respectively, whereas the bL12-stalk in bacteria has a
bimodal distribution between two or three lateral bL12 dimers,
uL10(bL12),), except for 8 bL12 copies in Cyanobacteria(Davydov
et al, 2013). Despite the overall structural similarity, the stalk
complexes are not functionally exchangeable between organisms
from the three life domains, being compatible only with homo-
logous trGTPases (Mochizuki et al, 2012). Such specificity is
conferred by the Eukarya-specific domain II of the uL10 protein
(Mochizuki et al, 2012) along with uL11 (Uchiumi et al, 2002), and
by the lateral stalk elements bL12 and P1-P2/aP1 for bacterial and
archaeal/eukaryotic ribosomes, respectively (Mochizuki et al, 2012).
The uLll forms a separate stalk entity and represents an element
shaping the architecture of the stalk (Wawiorka et al, 2016).
Functionally, uL1l, together with uLl0, serves as an anchoring
point for trGTPases. As shown in bacterial ribosomes, uL11l can
form an Arc-like connection with the GTPase domain of trGTPases
(Datta et al, 2005), while in the eukaryotic ribosome, uL11 interacts
with domain II of uL10, which can stabilize the translation factors
on the ribosome (Shao et al, 2022; Yang et al, 2022). On the other
hand, the uL10 anchor the lateral stalk proteins bL12 or P1-P2/aP1,
which form protruding structural element. Regardless of their
origin, the bL12 or P1-P2/aPl proteins display characteristic
topology with the N-terminal domain (NTD) and the C-terminal
domain (CTD) connected by a flexible linker region (Bernado et al,
2010; Diaconu et al, 2005; Grela et al, 2007; Lee et al, 2012). Both
NTDs and CTDs are evolutionarily conserved within each domain
of life, but not across, showing that the lateral proteins should be
regarded as analogous (Grela et al, 2008a). The NTDs of lateral
stalk proteins form a compact dimeric structure, which is
responsible for the interaction with the helical regions of the
uL10 scaffold (Diaconu et al, 2005; Grela et al, 2012; Lee et al,
2012). The striking structural difference between bacterial and
eukaryotic lateral proteins refers to their CTDs. Even though CTDs
in bacteria and eukaryotes are critical for the recruitment of
trGTPases, they are neither evolutionarily nor structurally related
(Grela et al, 2008a). The bacterial CTD is a globular domain
(Diaconu et al, 2005; Leijonmarck and Liljas, 1987) involved in
binding of trGTPases and facilitating GTP hydrolysis and
stabilization of trGTPase binding to the ribosome (Diaconu et al,
2005); whereas the archaeal/eukaryotic CTD lacks a defined
structural organization (Lee et al, 2012), displaying properties of
an intrinsically disordered protein (IDP) (Mishra and Hosur, 2015).
The eukaryotic CTD function has not been resolved as yet;
however, the archaeal CTD is directly involved in binding of
various trGTPases, including eIF5B (Murakami et al, 2018), eEF1A
(Nomura et al, 2012), eEF2 (Tanzawa et al, 2018), and the ABCE1
recycling factor (Imai et al, 2018). The most unique feature of the
P-stalk protein CTDs is the highly conserved amino acid motif
EESEESDDDMGFGLFD (Tchorzewski, 2002), which is almost
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identical for uL10, P1, and P2. The sequence is attributed to IDPs,
as supported by structural analyses (Grela et al, 2007; Lee et al,
2012); however, as shown for the archaeal CTD, it can also adopt a
helical conformation upon trGTPase binding (Murakami et al,
2018; Nomura et al, 2012; Tanzawa et al, 2018).

All eukaryotic P-stalk proteins, uL10, P1, and P2, are specific
substrates for the CK2 protein kinase, which can modify two serine
residues in the SEESDDD motif in the CTD (Hasler et al, 1991;
Zambrano et al, 1997; Zinker and Warner, 1976). While the first
serine in the motif is found mostly in mammals, the second serine
residue in the motif is highly conserved across all eukaryotes, with
only a few notable exceptions, such as pathogenic protists
Trypanosoma sp. and Plasmodium sp., where serine is substituted
with glutamic acid. In Archaea, such as extremophilic Haloarcula
morismortui, the serine residue is substituted with glutamic residue
as well (Tchorzewski, 2002) (Fig. 1). Importantly, although the
phosphorylation of P-stalk proteins was discovered more than five
decades ago, the phospho-status of the stalk proteins and the
physiological role of this modification has not been revealed. The
only observation was that phosphorylation of the P1/P2 proteins is
not required for ribosome binding, but P2 phosphorylation can
promote eEF2 binding (Vard et al, 1997). Protein phosphorylation
represents an ubiquitous molecular strategy used by the cell to
regulate metabolic activity, affecting the conformation of the
proteins and, at the same time, influencing numerous aspects of
protein functions (Nishi et al, 2011). Reversible phosphorylation
and dephosphorylation can drive structural transitions in the IDPs
(Iakoucheva et al, 2004); for example, the CK2 kinase plays a role in
regulating the structural transitions of various IDPs and affects the
balance between their aggregation and disaggregation as well as
their binding to other proteins, DNA, and RNA (Zhang et al, 2020).
It is well established that the phosphorylation of proteins involved
in all major steps of translation, including translation factors,
regulates the performance of the translational machinery and,
consequently, the cellular proteome (Simsek and Barna, 2017). The
most prominent example is the eIF2a phosphorylation by the Gen2
kinase upon ISR pathway induction, which blocks the translation of
house-keeping mRNAs and stimulates the expression of mRNAs
involved in stress adaptation (Masson, 2019). Another example is
the phosphorylation of the 4E-BP protein family. In its non-
phosphorylated state, 4E-BP binds to eIF4E, and this binding
prevents efficient initiation of translation. Conversely, phosphor-
ylation of 4E-BP by mTORCI kinase disrupts its interaction with
eIF4E, thereby stimulating the initiation of translation (Bah et al,
2015). In addition, several ribosomal proteins undergo phosphor-
ylation, including S6, which was discovered as the first ribosomal
protein to be phosphorylated (Gressner and Wool, 1974) and its
phosphorylation promotes initiation of translation (Bohlen et al,
2021). In turn, phosphorylation of uL13 governs its association
with the ribosome (Mazumder et al, 2003).

In this study, we address the long-standing unresolved question
of phosphorylation in eukaryotic ribosomal P-stalk proteins to
understand the biological role of this post-translational modifica-
tion. We show that P-stalk proteins in cells predominantly exist in a
phosphorylated state. This post-translational modification lowers
the interactions with trGTPases, leading to an optimal translation
rate, particularly during the decoding step. Furthermore, phos-
phorylated P-stalk proteins may play an important role in the
Gcen2-dependent  stress  response by facilitating  ribosome
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Structural representation of the ribosomal P-stalk with the C-terminal amino acid alignment.

The left panel shows the structural model of the 60S ribosomal subunit from H. sapiens (PDB: 4V6X) with the ribosomal P-stalk proteins complex (boxed). The P-stalk
proteins are indicated as follows: uL10—green, P1—red, P2—brown, shown as a cartoon representation. Middle panel, zoom-in on the P-stalk pentameric structure; the
structure represents compilation of the data for the 60S subunit (PDB: 4V6X for uL10) and P1/P2 dimer (PDB: 4BEH) with the C-terminal motif involved in ligand binding
indicated in boxes. The right panel shows amino acid alignments of the C-terminal motifs of the uL10 protein (top), P2 (middle) and P1 (bottom); human - Homo sapiens
(uL10—accession number #P05388, P1—#P05386, P2—#P05387), mouse - Mus musculus (uL10—#P14869, P1—#P47955, P2—#P99027), Arabidopsis, Arabidopsis
thaliana (uUL10—#004204, P1—#Q8LCW9, P2—#P51407), Yeast, Saccharomyces cerevisiae (uL10—#P05317, PIA—#P05318, PIB—#P10622, P2A—#P05319, P2B—
#P02400), Slime mold, Dictyostelium discoideum (uL10—#P22685, P1—#P22684, P2—#P22683), Plasmodium, Plasmodium falciparum (uL10—#Q94660, P1—#Q8IIX0,
P2—#000806), Archaea - Haloarcula marismortui (uL10—#P15825, P1—#P15772). The sequences of the P-stalk proteins were retrieved from the UniProt database. The
numbers on the right side of the alignment represent total numbers of amino acid residues in the proteins. The amino acid residues marked in red show the position of
serine residues that are phosphorylated by the CK2 kinase; in other species one serine can be substituted with alanine, glutamic acid, or lysine, shown in blue.

interaction with Gen2, which allows timely adaptation to stress
conditions. Molecular dynamics simulations demonstrate that the
phosphorylation of the P-stalk CTD induces structural transitions,
shifting the CTD conformation from a collapsed/globule structure
to disordered coils. Consequently, we postulate, that by altering the
net charge through CTD phosphorylation within the P-stalk
proteins, the CTD gains conformational freedom allowing specific
but transient binding to various protein partners.

Results

P-stalk proteins are fully phosphorylated in the steady-
state conditions in eukaryotic cells

While it is established that P-stalk proteins are modified by CK2,
neither the actual proportion of phospho- and dephospho-forms of
the P-stalk proteins nor the physiological importance of such
modification are known. We determined the actual phosphoryla-
tion status of P-stalk proteins in vivo in yeast S. cerevisiae and in a
mammalian cell line (MEF cells) using the Phos-tag/SDS-PAGE
approach. In this approach, the migration of phosphorylated
proteins is changed by the Phos-tag reagent, which facilitates the
separation and relative quantification of phosphorylated and
dephosphorylated protein populations, followed by Western
Blotting analysis with specific antibodies against individual
P-stalk proteins. To provide a snapshot of the P-stalk protein
phospho-state, we first analyzed bulk cell extracts (Fig. 2A). The
protocol developed for rapid cell lysis allowed us to avoid exposure
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of the protein to phosphatase/kinase activity. As a control, the
protein fractions were treated with either the AP-phosphatase
(FastAP, which is active in a broad range of buffers) or the CK2
kinase. The P-stalk proteins from the untreated cell extract
migrated more slowly than the AP-treated fractions in both the
yeast (left panel) and mammalian (right panel) cells, while the CK2
treatment had no influence on the P-stalk protein mobility. This
suggests that the P-stalk proteins in the lysate are phosphorylated.
To validate this conclusion, we used a yeast strain (SDPM) where
all serine residues within the CTDs were mutated to alanine
residues, which abolished the phosphorylation of the P-stalk
proteins. The P-stalk proteins from the SDPM strain migrated as
a single band at the same level as those from the AP-treated cell
extracts, confirming that the lower bands corresponded to the
unphosphorylated P-stalk proteins (Fig. 2A). In the next step, we
analyzed purified ribosomes from the yeast and mammalian cells.
The Phos-tag/SDS-PAGE analysis showed that purified yeast
ribosomes constituted a mixed population with phosphorylated
and dephosphorylated forms of the P-stalk proteins (Fig. 2B, left
panel). This may have represented the heterogeneity of the P-stalk
proteins in the cells used for ribosome isolation or the result of
dephosphorylation during ribosome purification. In contrast, the
ribosomal fraction isolated from the MEF cells displayed a single
band of the P-stalk proteins corresponding to the phospho-state
(Fig. 2B, right panel).

The experimental data for the human stalk were further
supported by the meta-analysis of available high throughput mass
spectrometry data from the PeptideAtlas database (Desiere et al,
2006). The human 2024-01 build datasets were used, reference
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Figure 2. Quantification of P-stalk phosphorylation in yeast and MEF
cell line.

Immunoblot analyses of the total cell extracts (A) or total ribosome fractions
(B). The electrophoretic mobility of phosphorylated proteins is changed upon
treatments by phos-tag. In addition to the yeast WT strain, the SDPM mutant
was used that lacks phosphorylation sites. (A) left panel: line 1, yeast cell
extract treated with CK2 kinase (CK2+) lane 2, yeast cell extract treated with
phosphatase (AP+); lane 3, untreated cell extract from the WT strain; lane 4,
extract from SDPM strain. Right panel: lanes 1, 2, and 3, MEF cell extracts
treated with: AP, CK2 and untreated, respectively. (B) Total ribosomal fraction
from yeast cells. Lanes 1, 2, 3: ribosomes treated with AP, CK2 and untreated,
respectively; line 4, ribosomes from SDPM strain. Right panel: total ribosomes
from MEF cell line. Lanes 1, 2 and 3, AP- or CK2-treated and untreated,
respectively. The P-stalk proteins were detected using specific antibodies
recognizing yeast uL10 and P1A/P2B proteins or human uL10 and P1 proteins.
Black arrows show the position of dephospho- and phospho-forms of the P-stalk
proteins unmarked and marked with (P), respectively. Source data are available
online for this figure.

database: THISP_2024-01-01. Two specific peptides were identified
for the human P-stalk proteins: a C-terminal unique peptide
KEESEESDDDMGFGLFD shared by P1 and P2 proteins and a
unique peptide VEAKEESEESDEDMGFGLFD from uL10. The
unbiased MS data showed that P1/P2 and uL10 are mostly double-
phosphorylated in the human proteome. Single-site phosphoryla-
tion represented about 25% of the population, whereas the
dephosphorylated peptide represented only 6% of all phospho-
peptide signatures (Fig. EV1, pie-chart, blue part). Similarly, the
MS data of the human phosphoproteome suggested that P-stalk
proteins exist predominantly (>70%) in the double-phosphorylated
state (Fig. EV1, pie-chart, green part). The complementary MS data
(PeptideAtlas) for yeast are limited to phospho-proteomic analysis
only (YEAST 2022-06 build) (Hollenstein et al, 2021) and do not
allow such quantitative estimation.

Having discovered P-stalk proteins in a phosphorylated state
within the bulk cytoplasmic ribosomes, our next step was to verify
their status in translationally active ribosomes in the polysome
fractions. The fractionation of the yeast polysomes showed that the
P-stalk proteins were present in the 60S, 80S, and polysome
fractions, and the distribution overlapped with the ulL23 protein
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used as a marker for the 60S subunit. A small fraction of P1/P2 and
uLl0 proteins was also detected in the ribosome-free fraction
(Fig. 3A, left). The analysis of the MEF cells showed a very similar
distribution (Fig. 3A, middle panel). We further validated these
results using native tissue and examined polysome profiles from
mouse liver. As in the yeast and MEF samples, the P-stalk proteins
were detected across all polysomal fractions; in this case, no
ribosome-free population of the P-stalk protein was detected
(Fig. 3A, right panel). The Phos-tag/SDS-PAGE analysis revealed
that the P-stalk proteins were mostly present in a phosphorylated
form in the yeast, MEF cells, and mouse liver tissue (Fig. 3B). As a
final approach to characterize the phospho-state of the P-stalk
proteins, the whole cell lysates from the yeast and MEF cells were
subjected to AP treatment and, subsequently, the polysomes were
resolved by ultracentrifugation. The AP treatment of the isolated
cell extracts prior to fractionation did not affect the overall shape of
polysomal profiles in the yeast (Fig. 4A, left) or mammalian
(Fig. 4A, right) cells, however, the yeast fractions showed a slight
decrease in the amount of heavy polysomes. The AP treatment
caused a clear shift of P-stalk protein bands toward lower molecular
mass, indicating their dephosphorylation by AP (Fig. 4B, lower
panel).

Taken together, these data show that, in the steady-state
conditions, the P-stalk proteins are predominantly phosphorylated.

Phosphorylation of P-stalk proteins optimizes the activity
of translation factors without a significant effect on the
rate of protein synthesis

P-stalk proteins play an important role in the recruitment of
trGTPases to the ribosome and contribute to GTPase activation,
which prompted us to study the effect of phosphorylation on the
binding affinity for trGTPases and GTPase activity using in vitro
assays. First, we assessed the interactions of the isolated P-stalk
with trGTPase eIF5B as a model system using the MicroScale
Thermophoresis (MST) approach. The natively assembled yeast
pentameric P-stalk complex was obtained by thrombin cleavage
and release of the pentameric complex using an established
protocol (Grela et al, 2010) (Fig. EV2A). Two forms of P-stalk
complexes were prepared, a native one (phosphorylated) and an
AP-treated (dephosphorylated) complex (Fig. EV2B,D). The
native-MS and Phos-tag analysis showed that the majority of the
P-stalk proteins in the native complex were phosphorylated,
however, in the case of uL10, mixed fractions were observed,
whereas the P1/P2 proteins were mostly phosphorylated. The AP
treatment led to complete dephosphorylation of the proteins
(Fig. EV2D). For the MST analysis, the P-stalk complex was titrated
with increasing concentrations of eIF5B. The saturation curves
were obtained for phosphorylated and dephosphorylated P-stalks,
which allowed calculation of the dissociation constant, with
K4=4.6+0.8 puM and 11.2+2 pM for dephospho- and phospho-
P-stalk complexes, respectively (Fig. 5A). Surprisingly, the native
phosphorylated P-stalk showed two times lower affinity for eIF5B
than the dephosphorylated one, but considering the mixed fraction
of uL10, the result may be underestimated.

In the next experiment, we examined the effect of the
phosphorylation of P-stalk proteins on the rate of trGTPase-
dependent GTP hydrolysis. Two types of ribosomes were used in
the analysis: the WT with phosphorylated P-stalk proteins and
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Figure 3. Phosphorylation of P-stalk proteins in 60S its, 80S and poly

(A) Polysome profiles obtained from yeast, MEF cells and mouse liver cells (upper panel). The position of 40S, 60S, 80S and polysomes is indicated. The P-proteins and
marker ribosomal proteins were visualized by immunoblotting (lower panel). (B) Phos-tag analysis of protein phosphorylation. Alkaline phosphatase treated (+AP) cell
extracts (CE) were used to determine position of phosphorylated (—AP, upper band) and dephosphorylated (+AP, lower band) forms of P-proteins. Bands corresponding
to both forms are marked with arrows. Source data are available online for this figure.

ribosomes from the SDPM yeast mutant strain with S to A
mutations within all the P-stalk proteins. The phospho-status of the
P-stalk proteins was confirmed by the Phos-tag/SDS-PAGE
analysis, showing homogenous sample preparation, with two forms
of ribosomes: phosphorylated isolated from the WT cells and non-
phosphorylated from the SDPM mutant strain (Fig. EV2C). In
addition, r-protein content was verified by MS analysis, showing
that ribosomes from WT and SDPM mutant strains contained the
full set of r-proteins. The purified 80S ribosomes were used to
stimulate the GTP hydrolysis of various trGTPases, including
eIF5B, eEF1A, and eEF2. The stimulatory effect of the ribosomes
was observed for all the trGTPases tested, regardless of the P-stalk
configuration. To our surprise, the ribosomes with the dephospho-
mimicking P-stalk displayed a higher rate of GTP hydrolysis
stimulation than the phosphorylated form; in all cases, we observed
an approx. 2-fold increase in the level of stimulation, compared to
the WT ribosomes (Fig. 5B-D). This can be explained by the higher
affinity of the dephosphorylated P-stalk for the trGTPase eIF5B,
which is likely to lead to higher GTPase rates at the sub-saturating
ribosome concentrations (k. /Ky conditions) used in these
experiments. The higher rate of the GTP hydrolysis in the case of
the SDPM mutant compared to the WT ribosomes prompted us to

5482 EMBO reports Volume 25 | December 2024 | 5478 - 5506

investigate the effect of P-stalk phosphorylation on the accuracy of
decoding, because decoding fidelity is linked to the rate of
elongation, and the P-stalk is also involved in maintaining
translational fidelity (Wawiorka et al, 2017). The dual-luciferase
reporter assay was used to evaluate the decoding error rate in vivo
as misincorporation events of near-cognate codons placed at
different positions in the reporter gene. The analysis showed
increased misreading in the SDPM mutant, showing that the lack of
P-stalk phosphorylation reduces the accuracy of decoding
(Fig. EV3).

Next, we tested the functional effect of the P-stalk phosphoryla-
tion on translation. A fully reconstituted translation system was
used to study each step of translation elongation in a codon-
resolved manner (Ranjan et al, 2021). As above, two types of
ribosomes were used: the WT with phosphorylated P-stalk proteins
and the ribosomes from the SDPM yeast mutant strain (Fig. EV2C).
First, we tested whether the phosphorylation of the P-stalk proteins
affects the first round of translation elongation by monitoring the
formation of dipeptides (Met-Phe) in real-time. The rate of Met-
Phe formation was comparable in both types of the ribosomes
tested (Fig. 6A). These data indicate that the presence or absence of
the phosphate group on the P-stalk proteins has no significant

© The Author(s)
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Figure 4. Analysis of the phosphorylation state of P-stalk proteins bound to ribosomes in yeast and MEF fractions.

(A) Polysome profiles obtained from yeast and MEF cells upon alkaline phosphatase (AP) treatment. The position of 40S, 60S, 80S and polysomes is indicated. (B) Phos-
tag analysis of the P-proteins within each fraction. Corresponding fractions from non-treated (—AP) and treated (+AP) samples were loaded back-to-back for better
comparison. The positions of P-proteins are indicated by arrows. Alkaline phosphatase-treated cell extracts (CE; +AP) were used as control to determine the
electrophoretic mobility of dephosphorylated proteins. Source data are available online for this figure.

effect on the first round of decoding and peptide bond formation.
To probe the influence of the P-stalk phosphorylation on the
second round of translation elongation including a translocation
event, the same assay was conducted using a preformed 80S
complex (with WT or SDPM ribosomes) carrying a dipeptidyl-
tRNA (MetPhe-tRNA™*) in the A site and deacylated tRNA;¥* in
the P site and a Val-tRNAY* ternary complex reading the next GUU
codon (Fig. 6B). The results showed that the rate of tripeptide
formation (Met-Phe-Val) for both types of ribosomes was also
comparable. These data indicate that the presence or absence of the
phosphate group on P-stalk proteins has no significant effect on the
analyzed steps of translation elongation, including the activity of
eEF2 and eEF3.

Overall, these results indicate that phosphorylation decreases the
affinity of the P-stalk complex for trGTPase, leading to slower GTP
hydrolysis at sub-saturating ligand concentrations; this, in turn, has
a positive effect on decoding accuracy. However, there was no
significant effect on the rate of translation elongation, including
peptide bond formation and translocation.

Phosphorylation of stalk proteins optimizes
ribosome function

In the next set of experiments, we investigated the effect of the
phospho-state of the P-stalk on translation in vivo using the WT
and SDPM mutant strains. First, the classical growth rate analysis
showed that the absence of P-stalk phosphorylation had a small but

© The Author(s)

statistically significant negative effect on cell growth (Fig. EV4A).
We then analyzed the growth of the cells at the single-cell level,
evaluating several aspects of the yeast lifespan, which showed that
the SDPM mutant strain had similar parameters to the WT strain,
albeit with a reduced reproductive lifespan (Fig. EV4B). The overall
translational efficiency in vivo was not significantly affected, as the
kinetics of the [**S]-methionine incorporation into the newly
synthesized polypeptides showed no significant differences between
WT and SDPM, supporting the in vitro analysis performed at the
single-codon resolution (Fig. 7A). Furthermore, the ribosome half-
transit times (t,,,), representing the average processivity of the
ribosome, were similar for WT and SDPM (Fig. 7B). Also, the
quantification of the WT and SDPM polysome profiles showed an
indistinguishable polysome-to-monosome ratio (P/M ratio) on
both rich (Fig. 7C) and minimal (Appendix Fig. S1) media. Overall,
the yeast fitness analyses indicate that the phosphorylation status of
the P-stalk has a small but significant effect on cell growth, but not
on the overall performance of the translational machinery assessed
in vivo.

Next, we compared the translational processivity of the WT and
SDPM mutant strains on the genome-wide scale by high-resolution
ribosome profiling, HrRP (Wu et al, 2019), at the logarithmic
growth phase. The ribosome footprint libraries were prepared using
a combination of elongation inhibitors, tigecycline and cyclohex-
imide, which allowed distinguishing two distinct ribosome func-
tional states, reflecting the decoding and translocation steps of the
elongation cycle. The pre-accommodation state (PreAcc) entails
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Figure 5. Effect of phosphorylation on the interaction of P-stalk proteins with trGTPases.

(A) Binding affinity of elF5B to phospho P-stalk (green) or dephospho P-stalk (blue) estimated by MST. The P-stalk complex was titrated with the excess of elF5B. Data
presented as mean + SEM of n = 3, technical replicates. Inset, equilibrium dissociation constants (K4): 4.5+ 0.8 pM, 11+ 2 uM, respectively. (B-D) GTPase activity of elF5B
(B), eEF1A (C), and eEF2 (D) in the presence of 80S ribosomes from WT (red) or SDPM (blue) strains or in the absence of the ribosomes (gray). Data are presented as
mean + SEM of n =3, biological replicates. The average GTPase rates were 0.008 + 0.001 min~' with WT and 0.020 + 0.002 min~" with SDPM ribosomes for elF5B (B);
0.008 + 0.001 min~" with WT and 0.019 + 0.003 min~—" with SDPM ribosomes for eEF1A (C); and 0.019 £ 0.003 min~" with WT and 0.044 + 0.004 min~" with SDPM

ribosomes for eEF2 (D). Source data are available online for this figure.

ribosomes with an open A site, which provides information on the
decoding process, whereas the pre-translocation state (PreTrans)
corresponds to ribosomes with an occupied A site before tRNA
translocation is completed. The ribosome-protected footprints of
the two states differ in the ribosome-protected footprint size (RPF),
ie, 21 nt RPFs corresponding to PreAcc and 28 nt RPFs
corresponding to PreTrans states (Wu et al, 2019). The initial
correlation analysis using scatter plots of RNAseq and RIBOseq
data showed no substantial changes in the transcriptome and
translatome (Fig. EV5A,B). Furthermore, the analysis of the average
ribosome occupancy of all genes plotted against CDS, which can be
considered a global measure of elongation and termination
efficiency, showed no changes either (Fig. EV5C). To characterize
the ribosome-specific processivity, we analyzed the distribution of
the 21 nt and 28 nt RPFs describing two discrete functional states of
elongating ribosomes. The analysis showed a similar bimodal
distribution of the 21 and 28 nt RPFs in WT and SDPM, indicating
that, in the steady-state conditions, translation elongation in the
SDPM mutant did not differ from that in WT (Fig. 8A, left panel),
and the relative abundance of the 21 nt and 28 nt RPFs was similar
in both strains. Thus, our results indicate that the lack of P-stalk
phosphorylation does not cause any significant functional pertur-
bations for elongating ribosomes. Additionally, the codon-specific
ribosome occupancies for the 21 nt RPFs were correlated between
the WT and SDPM samples (Fig. 8B, left panel); the same behavior
was also observed for the 28 nt RPFs (Fig. EV5D, left panels). Once
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again, all these data support the idea that the phosphorylation of
P-stalk proteins is dispensable for translational machinery perfor-
mance in optimal conditions.

To gain further insight, we used HrRP to analyze the
distribution of two RFPs, 21 and 28 nt, to determine the two
functional states of elongating ribosomes following induction of ER
stress by tunicamycin (Tun). Tun was used as a general stressor
inducing proteotoxic stress, which is considered to occur frequently
in cells upon various environmental insults. Tun evokes several
types of cellular reactions in the cell, especially ER-stress, inducing
the UPR-response (Walter and Ron, 2011), a phenomenon found in
natural metabolic transitions in yeast, such as the diauxic shift from
the fermentative to mitochondrial respiration phase of growth, also
driven by Gen2 (Patil et al, 2004; Tran et al, 2019). Several time
points were used for the analysis because, as we have shown, Tun
exerts an immediate effect, with HACI mRNA splicing already
occurring after 15 min of treatment (Appendix Fig. S2). Changes in
the abundance of RPFs in the presence of Tun are regarded as stress
markers; in particular, the reduction of the 21 nt RPFs is induced by
environmental insults, including osmotic or oxidative stresses (Wu
et al, 2019). In contrast to the steady-state conditions, we found
reduced levels of the 21 nt RPFs upon Tun-induced stress in the
WT cells after 15min of treatment (Fig. 8A, middle panel). In
contrast, the SDPM strain was insensitive to the short Tun
treatment, as the ratio between the 21 nt and 28 nt RPFs was
similar to that in the untreated sample. After 60 min of the Tun

© The Author(s)
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treatment, the 21 nt to 28 nt RPF ratio was reduced in both the WT
and SDPM strains, which indicates that the ribosome response to
ER-stress is delayed, but not abolished, by the lack of P-stalk
phosphorylation.

Next, to evaluate whether the change in the abundance of the 21
nt RPF is related to specific ribosomal aberrations during
elongation, the correlation of codon-specific occupancy for the 21
and 28 nt RPFs was examined. As already shown, the codon-
specific occupancy can be a very sensitive measure of ribosomal
processivity at the elongation steps, shown as a loss of correlation,
with enrichment in several codons, such as proline codons,
especially shown for 21 nt RPFs (Wu et al, 2019). In the case of
WT and SDPM strains, under control conditions, the codon-
specific occupancy showed no enrichment at specific codons
(Fig. 8B, left panel). While, after the 15-min Tun treatment, a loss
of correlation was recorded, and the occupancies at three codons
encoding arginine (CGA, CGG) and proline (CCG) were increased
in the WT strain, indicating altered decoding of these codons
(Fig. 8B, middle panel) In turn, no effect was observed in the SDPM
mutant strain after the 15-min Tun treatment (Fig. 8B, middle
panel), but a loss of correlation was observed after 60 min (Fig. 8B,
right). After the 60-min treatment, the decoding of the CGA, CGA,
and CCG codons was defective in both the WT and SDPM cells. In
addition, the analysis of the 28 nt RPFs also revealed an impact on
the translocation at the CCG, CGG, and CCC codons (Fig. EV5D),
although this effect was more pronounced after 60 min, with a
delay in the response in the case of the SDPM strain, as was the case
for the 21 nt RPFs.

Taken together, these data show that, although in conditions of
normal growth the overall rate of translation is not significantly
affected by the phosphorylation of the P-stalk proteins, upon
exposure to ER-stress, the ribosome starts to pause at proline and
arginine codons, and this response is delayed in SDPM mutant
cells. Thus, the phosphorylation of the P-stalk protein plays a role

© The Author(s)

in stress response by providing a timely translational response to
environmental cues.

Phosphorylation of P-stalk proteins affects Gcn2
activation in ER stress conditions

P-stalk proteins not only recruit trGTPases but also play a role in
Gen2 kinase activation, linking translation to the ISR pathway
(Gupta and Hinnebusch, 2023; Inglis et al, 2019; Kim and Zaher,
2022; Masson, 2019). To test the effect of P-stalk phosphorylation
on the activation of the ISR pathway, we monitored the
phosphorylation status of elF2a, the target of the Gen2 kinase, in
the WT and SDPM strains upon the Tun treatment. In the WT
strain, the eIF2a phosphorylation increased up to 2 h of the Tun
treatment and then decreased (Fig. 9A). In contrast, the SDPM
strain showed a markedly altered temporal response, with the eIlF2a
phosphorylation constantly increasing over 8 h (Fig. 9A). In yeast,
elF2a is thought to represent the only substrate of Gen2 kinase
(Dever et al, 1992), but the kinase can be activated via different
mechanisms, e.g., by direct interaction with deacylated tRNA that
accumulates upon amino acid starvation (Dong et al, 2000; Wek
et al, 1995) or by ribosomes carrying uncharged tRNAs in the A site
(Sattlegger and Hinnebusch, 2000). Alternatively, Gen2 can be
activated as a result of ribosome stalling independent of the
presence of deacylated tRNA (Gupta and Hinnebusch, 2023; Wu
et al, 2020). It was suggested, that in yeast cells, Gen2 is associated
with 60S subunits and polysomes (Dong et al, 2000; Ramirez et al,
1991; Zhu and Wek, 1998) and may accumulate on the 60S
subunits in stress conditions (Ramirez et al, 1991). To test whether
P-stalk phosphorylation modulates this response, we tested the
Gcen2 binding to the ribosomes upon the Tun treatment. A 2-h time
point was taken for the analysis, where we detected the highest
elF2a phosphorylation in the WT strain. The fractions from
untreated (—Tun) and treated (+Tun) samples were loaded side by
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(A) Kinetics of [**SImethionine incorporation into newly synthesized polypeptides for wild type (#) and SDPM (O) cells. Error bars represent +SD, n = 3, technical
replicates. (B) Ribosome half-transit times, ti,. The incorporation of [**SImethionine into total proteins (nascent and completed) (filled symbols) and completed proteins
(open symbols) is shown for each strain. The half-transit time was measured as the displacement between two lines by linear regression analysis and is shown in each
panel as an inset. The t., values are means * SD, n = 3, technical replicates. (C) Polysome profiles of WT and SDPM strains after CHX treatment. The polysome-to-
monosome (P/M) ratio was calculated by dividing the area of the first four polysomal peaks by the area of the peak for the 80S monosome; P/M value is presented as
means + SD, n = 3, technical replicates. The positions of individual ribosomal subunits are indicated. Source data are available online for this figure.

side for better comparison. Gen2 was probed with anti-Gen2
antibodies (Fig. 9B). The analysis showed that upon the Tun
treatment, Gen2 accumulated on the 60S fraction in the WT strain,
whereas this effect was not prominently observed in the SDPM
strain (Fig. 9B).

These experiments show that the phosphorylation of P-stalk
proteins may play an important role in the timely activation of
Gcen2 kinase. The timing of Gen2 activation is modulated by the
possible accumulation of Gen2 on the 60S subunit, depending on
the phosphorylation of the P-stalk, with more rapid activation and
adaptation of cells correlating with the phosphorylated P-stalk.

Structural dynamics of P-stalk protein C-termini is
affected by phosphorylation

The CTDs of P-stalk proteins, i.e., the parts proposed to interact
with trGTPases, were shown to have unstructured properties in the
solution (Lee et al, 2012; Mishra and Hosur, 2015); however, the
homologous CTD of the archaeal P1-protein is able to form an a-
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helix upon trGTPase binding (Murakami et al, 2018; Nomura et al,
2012; Tanzawa et al, 2018). To understand the effect of
phosphorylation on the CTD structure, we performed molecular
dynamics simulations (MD) using CTD sequences comprising the
C-terminal 22 amino acid residues (Appendix Fig. S3), starting the
simulations with a linear chain or an a-helix. We used sequences
from human P-stalk proteins, which are doubly phosphorylated,
yeast Saccharomyces cerevisiae, which have only one phosphoryla-
tion site, and an Archaeon Haloarcula morismortui, where glutamic
acid replaces the invariant serine residues present in eukaryotic
sequences (Appendix Fig. S3).

In the CTD peptides, phosphoserine residues are located at
positions 9 (human specific) and 12 (conserved in all eukaryotes),
framed by lysine and glutamic acid residues (Appendix Fig. S3).
The MD analysis revealed that phosphorylation of the serine
residues in human P1/P2 and yeast P1 proteins induces a
conformational constraint leading to a bent conformation at the
N-terminal part of the peptide (Fig. 10A,B, left panel) and
(Appendix Figs. S4 and S7), while P1 from Archaeon protein

© The Author(s)
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figure.

showed relaxed, extended conformation (Fig. 10C). This bent
conformation arises from the network of electrostatic interactions.
Specifically, phospho-serine #9 and #12 form salt bridges with
positively charged lysine residues, Lys5 and Lysl, respectively,
which stabilizes the U-bent shape (Appendix Fig. S4, inset). The
conformation is further stabilized by additional salt bridges, e.g.,
between Lys5 and Glu3 and between Lysl and Aspl4. The
formation of stable salt bridges between phosphorylated serine
and neighboring positively charged residues restricts the conforma-
tional freedom and decreased structural heterogeneity at the
N-terminal part of the analyzed eukaryotic peptides. Consequently,
the applied structural constraints lead to a structural transition

© The Author(s)

from the collapsed/globule-to-coil extended structure (Fig. 10A,B,
left panels). Analyzing secondary structure transitions over time
during the MD simulations, as shown in the bottom panel of
Fig. 10A,B, especially for human proteins, shows that the U-bent
conformation is evident, as bends (marked in green) and turns
(marked in yellow) at the N-terminal part of the peptide, which
persist almost throughout the entire simulation. This persistence
indicates that the U-bent conformation is highly stable and suggests
that the phosphorylated peptide adopts a consistent and repro-
ducible structural motif. This stability and the presence of these
bends imply that phosphorylation induces a robust conformational
constraint, promoting a uniform structural state that minimizes
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conformational variability. This structure corresponds to a new
global minimum, leading to a significantly less rugged conforma-
tional landscape and a narrower and simpler peptide free energy
landscape (FEL) (Fig. 10A,B, right panel). This stabilizing effect and
structural transition is also observed in the peptides of human P2
and uL10 (Appendix Figs. S4 and 5), having similar changes in FEL
minima (Appendix Fig. S6).

Despite very conserved features, the sequences of the P-stalk
proteins display some differences in human and yeast (Fig. 1;
Appendix Fig. $3). In yeast, the P1/P2 proteins diverge into four
distinct elements, forming two hetero-dimers, P1A-P2B and P1B-
P2A (Tchorzewski et al, 2000a; Tchorzewski et al, 2003). Contrary
to the human counterparts, each of the P-stalk proteins contains
only one phosphorylated serine residue and only one closely placed
Lys residue in the P1A-P2B dimer, while P1B-P2A has only a distal
Lys and uL10 has none at all (Appendix Fig. S3). As a result, the
U-bent occurs only sporadically and is not as stable as the human
CTD. Notably, the presence of a Lys residue in the vicinity of the
phosphorylated serine makes the U-bent conformation more stable
during simulations conducted for P1A and P2B than for other

5488 EMBO reports Volume 25 | December 2024 | 5478 - 5506

peptides (Fig. 10B; Appendix Figs. S7 and 8). The peptides from the
P1B and P2A proteins do not display the fixed U-shape bent but
can adopt a variety of conformations (Appendix Fig. S7), resulting
in a more even FEL distribution (Appendix Fig. S9). In Archaea,
there are only two different P-stalk proteins, uL10 and P1, which
form a homodimer attached to the uL10. P1 and uLl0 share
similarity with the CTDs of eukaryotic P-stalk proteins but are not
phosphorylated (Fig. 1; Appendix Fig. S3). The MD simulations
revealed that, due to the absence of phosphorylated serine residues,
there was no discernible tendency towards forming a U-bent
conformation (Fig. 10C; Appendix Figs. S10 and 11) with an even
FEL distribution (Appendix Fig. S12).

The MD simulations were also conducted on all types of CTDs
with peptides initially formed as a-helices. Although all the
peptides ultimately transitioned to an unstructured state, those
from Archaea retained their helical conformation significantly
longer than the CTDs from the other species (Appendix Figs. S13,
14 and 15). This enhanced stability of the archaeal a-helices is
consistent with a reported structural analysis, which indicates that
archaeal peptides can form an o-helix when interacting with

© The Author(s)
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Figure 10. MD simulation of structures of the unphosphorylated and phosphorylated forms of P-stalk C-terminal peptides.

(A-C) Representative structures of the most populated clusters from the MD simulation of the human, yeast and archaeal P1 proteins, respectively. Insets in (A) and (B)
display the representative structures of the most populated clusters from the MD simulation of the unphosphorylated P1-proteins, respectively. The right panels in (A), (B),
and (C) present free energy landscape plots of C-termini peptides folding in unphosphorylated and phosphorylated state. The bottom panels in (A), (B), and (C) depict
C-termini peptide secondary structure transitions over time during the MD simulations.

trGTPases (Murakami et al, 2018; Nomura et al, 2012; Tanzawa
et al, 2018). It seems that archaeal CTDs tend to maintain a-helices,
while the phosphorylation of eukaryotic CTDs destabilizes a-helix
formation, resulting in a U-bent conformation with the very
C-termini of the CTD adopting a coil-like conformation. To
address the role of lysine residues, the MD simulations were
performed with lysine-to-alanine mutant forms of the C-terminal
P-stalk peptides (Appendix Fig. S16). The analysis showed, that the
absence of lysine made the peptides even less likely to form the
bends and turns responsible for the U-bend structure in the
N-terminal part of the peptide, suggesting that lysine residues play
a crucial role in stabilizing the U-bend conformation.

In conclusion, the MD simulations demonstrate that the
presence of phospho-serine sidechains and Lys residues in their
vicinity stabilizes the U-bent structure in the CTD and stimulates
the collapsed/globule-to-coil transition, an effect particularly
evident in the case of human P-stalk proteins. The simulations
demonstrate the remarkable evolutionary transition of CTDs. In
Archaea, which lack CTD phosphorylation, the coil-like structure is
readily maintained and may also form a stable a-helix. In yeast, the
CTDs exhibit transitional properties; the CTDs from the dimer
(P1B-P2A) are similar to the archaeal type, while the others (P1A-
P2B) resemble properties of human CTDs. In human, the double
phosphorylation of the CTDs is crucial for stabilizing the U-bent
structure, resulting in an extended coil conformation.

Discussion

The ribosomal P-stalk located on the 60S subunit is primarily
responsible for interactions with trGTPases and facilitate GTP
hydrolysis. However, the eukaryotic ribosomal P-stalk has addi-
tional functions beyond its canonical role in translation. It also
provides an interacting platform for several additional auxiliary
factors, such as Ribosome Inactivating Proteins, RIPs (Grela et al,
2017; Grela et al, 2019) and also interacts with the Gcn2 kinase,
which plays an important role in cellular response to adverse
growth conditions (Masson, 2019) and can be perceived as a key
link between the Integrated Stress Response signal transduction
pathways and the ribosome (Wu et al, 2020). Consequently, the
molecular characteristics of the P-stalk may be tailored to interact
with a wide range of diverse partners.

Thus, the question arises: how did the eukaryotic P-stalk achieve
such unique, pleiotropic, and adaptive characteristics to interact
with a variety of protein partners? Considering the high degree of
flexibility of CTDs from the P-stalk proteins, which have IDP
properties, these unique CTD architecture may allow promiscuous
interactions with different partners on various occasions, following
the so-called “fly-casting” mechanism (Shoemaker et al, 2000). This
phenomenon was already proposed for the bacterial L7/12 stalk,
which is able to sample a large volume around the ribosome, being
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critical for functional interactions with trGTPases (Bernado et al,
2010; Diaconu et al, 2005). The key aspect of the IDP is its ability to
interact with a broad range of partners with high specificity and
modest affinity (van der Lee et al, 2014), and these interactions are
often achieved or regulated by phosphorylation. P-stalk proteins
belong to the group of ribosomal proteins that undergo phosphor-
ylation (Hasler et al, 1991; Zambrano et al, 1997; Zinker and
Warner, 1976), but the phosphorylation state and the role of this
post-translational modification has not been revealed.

Here, we demonstrate that, in optimal growth conditions,
P-stalk proteins are found exclusively in a phosphorylated state,
and this feature is conserved in Eukaryotes (Fig. 1). Considering the
functional implications of phosphorylation, such modifications are
typically transient (Nussinov et al, 2012), and several studies have
indicated that the phosphorylation levels of P-stalk proteins may
vary (Maniratanachote et al, 2006; Pan et al, 2014; Pan et al, 2013;
Zampieri et al, 2001). However, despite examining a wide range of
stress conditions, we found that these proteins remained phos-
phorylated, regardless of the stress conditions tested. This
observation is supported also by recent studies examining the
effect of UV on cellular metabolism (Sinha et al, 2024), where
P-stalk proteins were found phosphorylated.

Our earlier study suggested that phosphorylation decreases the
affinity of the P-stalk proteins toward RIPs (Horbowicz-Drozdzal
et al, 2021). Importantly, here we show that the phosphorylation of
the P-stalk also decreases its affinity toward the trGTPase, eIF5B.
However, this information is in contrast to the previous report,
which showed that phosphorylation of the P2 protein can promote
interaction with eEF2 (Vard et al, 1997). In this case, the
recombinant P2 protein was used as the analyte, which may have
biased the results, as P2 protein is known to tend to form high-
molecular mass oligomers without its natural P1 partner (Grela
et al, 2008b; Tchorzewski et al, 2000a; Tchorzewski et al, 2000b).
The observed lower affinity has a biological impact. We observed
that it reduces the stimulatory effect on GTP hydrolysis by
trGTPases. Considering the ribosome performance, the speed and
accuracy of decoding are fundamental elements ensuring correct
metabolic fitness of living cells. The GTP hydrolysis rate is crucial
for optimizing both the speed and accuracy of ribosome action and
represents a balance between these two fundamental parameters
(Wohlgemuth et al, 2010). However, the measured rate of
translation in a codon-resolved manner, showed that the overall
speed of translation is not regulated by the CTD phosphorylation.
However, as we have already reported, the P-stalk also contributes
to the accuracy of decoding (Wawiorka et al, 2017), and our finding
that the SDPM mutant has a higher error rate due to the higher
GTP hydrolysis rate further supports this idea. This finding is
supported by reports showing that, in contrast to the bacterial
translation, which seems to be optimized towards a high speed of
translation at the cost of fidelity (Wohlgemuth et al, 2010), the
ribosomes in Eukaryotes, are slower than in bacteria. The timing of
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the reactions occurring during the decoding has a significant role in
adjusting the decoding accuracy, which provides superior decoding
fidelity in eukaryotes (Holm et al, 2023). Thus, it can be concluded
that the phosphorylation of P-stalk proteins optimizes the
decoding, probably by controlling the timing of interactions with
the ternary complex.

At this point, another question arises: what is the biological
outcome of the P-stalk protein phosphorylation beyond transla-
tion? We have shown that P-stalk proteins are phosphorylated
regardless of the metabolic conditions. While the overall translation
rate is not changed, considering phospho- or dephospho-states, the
functional effect of the P-stalk phosphorylation is more pro-
nounced upon ER-stress, as shown by the genome-wide analysis.
Upon stress, we have shown that ribosomes start to pause
specifically at CGA arginine codons, which is in line with a
previous report showing that the decoding of the CGA codons may
be challenging due to the low abundance of tRNA*"® and its inosine
wobble pairing interaction (Letzring et al, 2013). Also, as it was
also already reported, successive CGA codons in yeast trigger
ribosome stalling, likely through steric effects at both decoding
and peptidyl transferase centers (Matsuo et al, 2020), which may
lead to the ribosome stalling-dependent activation of Gecn2
kinase (Kim and Zaher, 2022). Indeed, the presented ribosome
profiling data were supported by the evaluation of elF2a
phosphorylation upon the Tun treatment. In the WT cells, the
elF2a phosphorylation increased at the onset of stress but
decreased over time due to adaptation. In contrast, the SDPM
mutant exhibited a delayed response and a constant increase in the
elF2a phosphorylation, indicating the lack of proper adaptation.
Interestingly, the effect on eIF2a phosphorylation shows a
significant delay in relation to the onset of stress. Although the
stress response begins within 15min, the effect on elF2a
phosphorylation is not observed until after one hour. This suggests
that signaling from ribosomes to downstream effectors is buffered,
possibly acting like a rheostat, as suggested by recent studies (Sinha
et al, 2024). In addition, it has been reported that Gen2 in yeast
may associated with the 60S subunit, especially when cells are
exposed to stress conditions (Dong et al, 2000; Ramirez et al, 1991;
Zhu and Wek, 1998). Our findings indicate that Gcn2 has a
potential ability to bind to the ribosomal 60S subunit, which is
enhanced by the Tun-induced stress, and that phosphorylation of
the P-protein further strengthens this binding, suggesting that
P-stalk phosphorylation may have a beneficial impact on the
interaction with Gen2 and consequently, on the proper develop-
ment of the stress response.

Another intriguing functional aspect of P-stalk proteins is their
ability to interact with a variety of partners. Structural work
suggests that the CTD of P-stalk proteins can adopt different
structural configurations upon interaction with different protein
partners, such as the trGTPases elF5B (Murakami et al, 2018),
eEF1A (Nomura et al, 2012), eEF2 (Tanzawa et al, 2018), and
ABCE1 (Imai et al, 2018) and RIPs, such as ricin(Fan et al, 2016),
trichosanthin (Too et al, 2009), and Shiga toxin (Kulczyk et al,
2023). Therefore, how does the CTD achieve such adaptability to
different partners? An NMR study of human P-stalk proteins has
demonstrated that the CTD is unstructured (Lee et al, 2012) and
behaves as the IDR in the solution (Mishra and Hosur, 2015). On
the other hand, the crystallographic structural studies have shown
that the CTD can adopt an a-helical structure when binding to
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trGTPases or adopt various extended conformations when binding
to RIPs. Our MD simulations suggest that such structural
adaptability can be achieved through phosphorylation of the
CTD. As it has already been shown, several functional modules
within the IDR can be defined as a short linear motif (SLiM); the
first one is usually involved in direct interactions with partners, and
the other is engaged in the regulation of the interplay with partner
protein (Davey et al, 2012). The C-terminal element of human
P-stalk proteins (... KVEAKKEESEESDDDMGFGLFD) entails two
characteristic elements: a highly charged cluster of amino acid
residues including phosphorylated serine residues (marked in red)
and a hydrophobic part (marked in blue), which represents the
main interaction element for various protein partners. The latter
sequence, MGFGLFD, can be considered a SLiM #1 involved in the
binding of protein partners and adopting various structural
organizations upon binding, ranging from linear extended struc-
tures (Fan et al, 2016; Too et al, 2009) (as reported in the case of
RIPs) to an a-helical fold (Kulczyk et al, 2023; Tanzawa et al, 2018)
(characteristic for trGTPases or RIPs). The SLiM #2 (in red) within
the CTD is highly charged and contains phosphorylated serine
residues. The structure of this peptide has not been solved
experimentally, probably due to the high intrinsic flexibility of this
region. Based on the MD simulation, we showed that phosphoryla-
tion changes the structure of SLiM #2 by stabilizing the U-bent
conformation, which provides structural freedom for SLiM #1. The
unphosphorylated CTD displays a continuum of conformational
ensembles transiently sampling coil-like states and more compact
collapsed globules, with a broad range of secondary structures.
Thus, the presence of phosphate group, especially in higher
Eukaryotes, induces the U-bent shape within the SLiM #2, which
provides conformational freedom to the very C-terminal patch of
amino acid residues within the SLiM #1. We postulated, that this
transition may increase the propensity to interact with a broad
repertoire of partners and, on the other hand, destabilize the
interactions, providing short-lived transient binding. As demon-
strated for other IDPs, particularly those possessing polyelectrolyte
properties with numerous Glu and Asp residues, the transition
from collapsed/globule to expanded unstructured coils is sharp,
indicating that minor changes in the net charge, such as those
resulting from phosphorylation, can trigger globule-to-coil transi-
tions (van der Lee et al, 2014). Therefore, it can be postulated that
the phosphorylated CTD of P-stalk proteins, with the coil-like
conformation, gains conformational freedom, which in turn may
allow robust and promiscuous but transient binding to the various
protein partners. The proposed CTD structural behavior may be
supported by the fact that binding of P-stalk protein CTDs to
trGTPases and RIPs is taking place on the various structurally
distinct concave extended grooves on the surface of partner
proteins (Fan et al, 2016; Imai et al, 2018; Kulczyk et al, 2023;
Murakami et al, 2018; Nomura et al, 2012; Tanzawa et al, 2018; Too
et al, 2009), acting as an ‘entropic trap’, reducing the overall free
energy of binding.

Taken together, our findings reveal that P-stalk proteins exist
exclusively in a phosphorylated state on the ribosomal particles,
and the presence of phosphate groups leads to collapsed/globule-to-
coil conformational transitions within the intrinsically disordered
region of the CTD. This structural shift yields functional outcomes
by optimization of ribosome interactions with auxiliary factors,
such as trGTPases; however, this post-translational modification
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does not affect the overall rate of translation, apart from decoding Identifier or
. . . . ] Catalog

fidelity. On the othe.r hand, r1}'aosomal Partlcles with phosphory Reagent/Resource e o G e

lated P-stalk proteins effectively activate the Gcen2 kinase,

contributing to the correct timing of kinase activation. Therefore, Rabbit anti-EIF251 (phospho S51) Abcam Ab32157

we propose that the CTD phosphorylation not only optimizes the

. . . . Goat anti-Rabbit IgG (H + L)-HRP Bio-Rad 1706515
ribosome performance in translation per se but has also triggered Cg:juaggtle abbit 1gG (H+-1) oha
the expansion of the ribosomal interactome beyond the trGTPases,
Goat anti-Mouse 1gG (H + L)- Bio-Rad 1706516

allowing timely interaction with the Gen2 kinase. Thus, P-stalk

) . A S HRP Conjugate
proteins with the IDP region enable eukaryotic ribosomes to serve

.. . . Rabbit anti-Gcn2 Provided by Alan Not
as an adaptable regulatory hub linking translation with regulatory Hinnebusch lab applicable
pathways.
Chemicals, Enzymes and other reagents
YPD medium MP Biomedicals 114001032
MethOdS Dulbecco’s Modified Eagle Merck D6429

Medium- high glucose

Reagents and tools table

Fetal bovine serum Merck FO804

LSy o Penicillin/Streptomycin Merck P4333

Catalog
Reagent/Resource Reference or Source Number Minimal Eagle's Medium Merck M2279

GlutaMAX Gibco 35050-061
Experimental Models
. Complete Mini EDTA-free Roche 04693159001
Yeast strain - BY4741/2 (MATa/ EUROSCARF Y00000/ Protease Inhibitor Cocktail
alpha his3A1 leu2A0 met15A0 Y10000
ura3A0) Complete Mini EDTA-free Roche 5056489001
. Protease Inhibitor Cocktail

Yeast strain - uL10TH199 (MATa; Grela et al, 2010 Not
RPPO-TH199; his3A1; leu2A0; applicable Bio-Rad Protein Assay Dye Bio-Rad 5000006
lys2A0; and ura3A0) Reagent Concentrate
Yeast strain - SDPM (BY4741 This study Not Bovine Serum Albumin Merck A4503
with mutations S-to-A within all applicable L B
P-stalk proteins at the C-termini, DNase | Jena Bioscience ENSW8S
uL10, P1A, P1B, P2A and P2B) Puromycin Serva 33835
Cell line - MEF (DR-Wildtype) ATCC CRL-2977 Cycloheximide Merck C7698
Cell line - NIH 3T3 ECACC 93061524 RNase inhibitor Merck R7397
Male albino Swiss mice Laboratory Animals Not Dulbecco’s Buffered Saline Gibco 14040133

Breeding, llkowice, Poland applicable

FastAP Thermosensitive Alkaline Thermo Fisher Scientific EF0652

Recombinant DNA Phosphatase
pDB688 Provided by Bedwell Not Phos-tag Wako Chemicals AAL-107
laboratory applicable
Clarity™ Western ECL Bio-Rad 170-5061
pDB868 CGCj45 Provided by Bedwell Not ]
laboratory applicable Thrombin Merck T4648-1KU
pJD375 Provided by Dinman Not Software
laboratory applicable Microcal Origin 6.0 OriginLab Corporation Not
pJD643 AGCoig Provided by Dinman Not (https:/_/- applicable
laboratory applicable www.originlab.com)
Antibodies Imagelab Bio-Rad Not
applicable
Mouse anti-tubulin (DM1A) Abcam Ab7291
RStudio environment version 4.2.1 Posit (https://posit.co)  Not
Rabbit anti-RPLPO Abcam Ab192866 applicable
Mouse anti-elF2a (D-3) Santa Cruz Biotechnology Sc-133132 NanoTemper NT version 2.2.4 NanoTemper Not
Rabbit anti-RPS5 Santa Cruz Biotechnology Sc-100832 Technologies applicable
Rabbit anti-RPL3 Proteintech 11005-1-AP UCSF ChimeraX tool University of California Not .
(https://www.cgl.ucsf.edu/ applicable
Rabbit anti-RPLP1 Atlas Antibody HPA003368 chimerax/)
Rabbit anti-P1A/P2B In house, Boguszewska Not Other
el e Bpplicalls Glass beads Merck G8772
Rabbit anti-RPL25/ulL23 Provided by Ed Hurt Notv Corundum Merck 8334
Laboratory applicable
Rabbit anti-GAPDH Proteintech 60004-1-Ig Centrifuge MPW-150R MPW Med Instruments Not‘
applicable
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Identifier or
Catalog
Reagent/Resource Reference or Source Number
Optima™ MAX-TL Beckman-Coulter Not
applicable
Rotor MLA-80 Beckman-Coulter Not
applicable
Optima™ L-100XP Beckman-Coulter Not
applicable
Rotor SW32 Ti Beckman-Coulter Not
applicable
Gradient master 108 Biocomp Not
applicable
Gradient fractionator ISCO Brendel Not
applicable
PVDF membrane Millipore IPVH00010
Mini Trans-Blot Cell Module Bio-Rad 1703930
ChemiDoc™ MP analyzer Bio-Rad Not
applicable
Monolith NT.115 NanoTemper Not
applicable
Nikon Eclipse E200 Nikon Not
applicable
Monolith His-Tag Labeling Kit NanoTemper Not
RED-tris-NTA 2" Generation Kit Technologies applicable

Yeast strains

Yeast haploid strains BY4741/2 (MATa/alpha his3A1 leu2A0
met15A0 ura3A0) purchased from EUROSCARF (Scientific
Research and Development, Germany) were used as wild-type
strains. The SDPM mutant strain with serine to alanine substitu-
tions within the C-termini of all stalk proteins: uL10, P1A, P1B,
P2A, and P2B was derived from the BY4741/2 strains. This mutant
was constructed in a stepwise fashion with the use of a pop-in/pop-
out strategy (Boeke et al, 1987) using the BY4741 and BY4742
parent strains and URA3-based plasmids containing the mutation
within synthetic DNA (Genscript Inc). After confirmation of three
different substitutions in each strain, two strains were mated,
sporulated, and subjected to tetrad analysis. The resulting spores
were genotyped by PCR-seq to identify the quintuple SDPM
mutant. The yeast uL10 mutant strain uL10TH199 (MATa; RPPO-
TH199; his3A1; leu2A0; lys2A0; and ura3A0) used for purification
of P-stalk complexes was described previously (Grela et al, 2010).
The yeast cells were cultivated in YPD medium (1% yeast extract,
2% peptone, 2% dextrose) at 30 °C.

Cell lines

MEF cells were purchased from ATCC and were grown in
Dulbecco’s modified Eagle medium - high glucose (DMEM-Hi)
(Merck, cat#D6429) supplemented with 10% FBS (Merck,
cat#F0804) and with antibiotics penicillin/streptomycin (Merck,
cat#P4333). The NIH3T3 cell line was purchased from ECACC and
was grown in Minimal Eagle’s Medium (Merck, cat#M2279)
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supplemented with 10% FBS, penicillin/streptomycin, and 1X
GlutaMAX solution (Gibco, cat#35050-061).

Yeast extracts and ribosome purification

To obtain cell extracts, the yeast cells were grown to ODgoy of
0.4-0.6 and harvested by centrifugation at 1000 x ¢ for 3 min at
room temperature (RT). Pelleted cells were suspended in RIPA lysis
buffer (50 mM Tris-HCl pH 7.5, 150 mM NaCl, 0.1% SDS, 1% NP-
40) supplemented with 1x complete Mini EDTA-free Protease
Inhibitor Cocktail (Merck, Roche cat#04693159001) and disrupted
by vigorous shaking with glass beads (Merck, Sigma-Aldrich
#catG8772) followed by centrifugation at 15,000 x g for 20 min at
RT. The protein concentration in the supernatant was determined
by the Bradford procedure using Bio-Rad Protein Assay Dye
Reagent Concentrate (Bio-Rad, cat#5000006) and bovine serum
albumin (BSA, Merck, Sigma-Aldrich cat#A4503) used for
preparation of the standard curve.

For purification of ribosomes, the yeast cells were harvested by
centrifugation in the logarithmic phase of growth when ODgg
reached 0.5. Then, the cells were washed with ice-cold buffer A
(50 mM Tris-HCI pH 7.5, 80 mM KCl, 12.5 mM MgCl,, 1 mg/ml
heparin, 2mM DTT, 1 mM PMSF, 0.5 uM puromycin, 1x complete
Mini EDTA-free Protease Inhibitor Cocktail), frozen in liquid
nitrogen, and preserved at —70 °C. The following day, the frozen
cells were ground with corundum (Merck, Sigma-Aldrich cat#8334)
in buffer A supplemented with DNase I (Jena Bioscience, cat#EN-
173S). The obtained cell lysate was centrifuged at 105,000 x g
(MPW-150R, MPW Med Instruments) for 30 min at 4°C. For
ribosome purification, the clarified lysate was loaded on a 30%
sucrose cushion in buffer containing 50 mM Tris-HCI pH 7.5,
500 mM KCl, 12.5 mM MgCl,, 1 mg/ml heparin, 2mM DTT, and
1 mM PMSF and centrifuged at 200,000 x g for 5h at 4 °C (MLA80
rotor, Beckman-Coulter). The pellet of purified ribosomes was
resuspended in storage buffer containing 50% glycerol, 50 mM
Tris-HCl pH 7.5, 80 mM KCl, 10 mM MgCl,, 0.5 mM EDTA, and
5mM DTT.

Mammalian cell extracts and ribosome purification

The whole cell extracts were prepared as follows: the cells were
washed three times with ice-cold TBS buffer (50 mM Tris-HCl pH
7.4, 150 mM NaCl) and lysed with RIPA buffer (50 mM Tris-HCI
pH 7.4, 150 mM NaCl, 1% NP-40, 0.1% SDS) directly on plates.
Then, the cell lysates were transferred to 1.5 ml tubes, clarified by
centrifugation at 12,000 xg for 15min at 4°C, sonicated (two
rounds of 10 sec-pulse with 30% amplitude), and centrifuged again
with the same parameters as above. After clarification of the lysates,
the protein concentration was measured using Bio-Rad Protein
Assay Dye Reagent Concentrate (Bio-Rad, cat#5000006) and BSA
(Merck, Sigma-Aldrich cat.#A4503) used for preparation of the
standard curve.

Ribosomes from the MEF cell line were purified according to the
procedure described in (Belin et al, 2010) with modifications.
Briefly, the MEF cells were grown to about 75% confluency, washed
three times with ice-cold TBS, harvested with a cell scraper,
and spun down by centrifugation: 500 x g, 5min at 4°C. In the
next step, the cells were resuspended in hypotonic buffer (50 mM
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Tris-HCl pH 7.4, 250 mM sucrose, 250 mM KCI, 5mM MgCl,)
containing 0.5 uM puromycin (Serva, cat#33835) and 1x complete
Mini EDTA-free Protease Inhibitor Cocktail (Merck, Roche
cat#5056489001) and incubated for 15 min on ice. Then, the cell
homogenate was cleared in two steps. First, the nuclei were pelleted
at 800 x g for 10 min at 4 °C and, secondly, the mitochondria and
other membrane fractions were sedimented using 16,000 x g for
15min at 4°C. The obtained post-mitochondrial fraction was
supplemented with KClI to the final concentration of 0.5 M, layered
onto a sucrose cushion containing 0.5M KCI, and centrifuged at
250,000 x g for 3.5h at 4°C (MLA-80 rotor; Beckman-Coulter) to
sediment the ribosomal fraction. The ribosomal pellet was washed
with ice-cold MilliQ water and resuspended in storage buffer
containing 50% glycerol, 50 mM Tris-HCI pH 7.5, 80 mM KCl,
10 mM MgCl,, 0.5 mM EDTA, and 5mM DTT.

Polysome profiles of yeast cells

To obtain cell extracts for polysome profile analysis, the yeast cells
were grown to ODgg = 0.4-0.6 with subsequent 20-min treatment
with 100 pg/ml of cycloheximide (CHX, Merck, Sigma cat#C7698)
and harvested by centrifugation. The cell pellet was resuspended in
lysis buffer (10 mM Tris-HCl pH 7.5, 100 mM NaCl, 30 mM MgCl,,
100 ug/ml CHX, 1mM PMSF, 6 mM 2-mercaptoethanol, 1 nM
pepstatin A, 10nM leupeptin, 10ng/ml aprotinin, 200 ng/ml
heparin, and 1xRNase inhibitor (Merck, Sigma cat#R7397)) and
the cells were disrupted by vigorous shaking with glass beads at
4°C. The obtained cell lysate was cleared by centrifugation at
12,000 x g for 10 min at 4°C. The RNA content was measured at
260nm and 15 U of RNA were run through a 10-50% sucrose
gradient using a Beckman Coulter SW32 Ti rotor for 4.5 h at 26,500
RPM at 4 °C. The gradients were analyzed using an ISCO Brendel
density gradient fractionator. The analyses of polysome profiles
were conducted using MicrocalOrigin 6.0 software. The area of
polysome fractions was calculated with the integration method to
assess the total surface area and to determine the polysome-to-
monosome (P/M) and 40S/60S ratios. For immunodetection of the
fractions, proteins from each fraction were precipitated with TCA,
centrifuged at 12,000 x g for 30 min at 4 °C, washed twice with
acetone, and analyzed by Western Blotting.

Polysome profiles of mammalian cells and tissue

To prepare cell extracts for the polysome profile analysis, the cell
lines were grown to about 75% confluency and the medium was
refreshed 3 h before harvesting. Before harvesting, the cells were
treated with cycloheximide (CHX, 100 pg/ml) (Merck, cat#C7698)
for 3min to stall the polysomal fraction. Next, the cells were
washed twice with ice-cold DPBS (Gibco, cat#14040133) supple-
mented with 100 pg/ml of CHX and harvested by centrifugation at
500 x g for 5min at 4°C. The pelleted cells were suspended in
polysome lysis buffer (20 mM HEPES-KOH pH 7.4, 200 mM KCl,
5mM MgCl,, 0.5% NP-40, CHX 100 pg/ml) supplemented with
EDTA-free Protease Inhibitor Cocktail (Roche, cat#5056489001)
and RNase Inhibitor (Merck, cat#R7397) and incubated on ice for
30 min, with 15s vortexing every 5 min. Then, the cell lysate was
passed 20 times through a 23 G needle and incubated on ice for
5 min with 3 rounds of 1 min vortexing; the lysate was centrifuged
at 10,000 x g for 15min at 4°C. The RNA concentration was
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measured at 260 nm, and six OD,e, units of cell extracts were
loaded onto a 15-50% sucrose gradient (20 mM HEPES-KOH pH
7.4, 200mM KCl, 5mM MgCl,) prepared on a gradient mixer
(BioComp). The samples were centrifuged at 26,500 rpm using a
Beckman Coulter SW32 Ti rotor for 4.5h at 4°C. The gradients
were fractionated using an ISCO Brendel Density Gradient
Fractionator, and the absorbance at 254 nm was recorded. Proteins
in the collected fractions were precipitated overnight using TCA at
4°C. The following day, the TCA-treated-fractions were centri-
fuged at 12,000 x g for 20 min at 4 °C and then precipitated proteins
were washed twice with ice-cold acetone and spun down at
12,000 xg for 10min at 4°C. Dried protein pellets were
resuspended in SDS-PAGE loading buffer, heated at 95°C for
5 min, and analyzed by SDS-PAGE/Western Blotting.

The phosphatase-treated samples were prepared as follows: the
cell lysate containing six OD,¢, units of RNA was incubated with
70 U of FastAP Thermosensitive Alkaline Phosphatase (Thermo
Fisher Scientific, cat#EF0652) for 1 h at 37 °C; lysate supplemented
with FastAP buffer was used as a control. Both samples were
processed following the protocol described above for the standard
cell extracts used for the polysome profile analysis.

Male albino Swiss mice (weighing 20-30g) obtained from a
licensed breeder (Laboratory Animals Breeding, Ilkowice, Poland)
were used for preparation of the polysomal fraction from mouse
liver. The mice were adapted to the laboratory conditions for at
least 1 week before the experiments. The animals were housed in
groups of 8 per cage in controlled environmental conditions
(temperature: 21-24°C, relative humidity: 45-65%) with an
artificial 12/12 h light/dark cycle (light on at 6:00 a.m.) and free
access to food pellets and water. The housing and experimental
procedures were conducted under the guidelines provided by the
European Union Directive of 22 September 2010 (2010/63/EU) and
Polish legislation concerning animal experimentation. All experi-
mental procedures were approved by the Local Ethics Committee in
Lublin, Poland (license no 107/2019). The freshly prepared liver
was washed with 0.9% of ice-cold NaCl, cut into small pieces,
weighted, and frozen in liquid nitrogen. Next, the liver was
homogenized on ice in homogenization buffer (50 mM HEPES-
KOH pH 7.4, 250 mM KCI, 5 mM MgCl,, 250 mM sucrose, 100 ug/
ml of CHX, 1 x RNase Inhibitor) using a glass-teflon Dounce
homogenizer with 50 strokes. For 1g of mouse liver, 3ml of
homogenization buffer was used. The tissue lysate was clarified by
centrifugation at 3000 x g for 15min at 4°C, supplemented with
both 10% Triton X-100 and 13% sodium deoxycholate at a
concentration of 100 ug/ml, and mixed gently. The RNA concen-
tration was measured at 260 nm and ten OD,4, units were loaded
onto a 15-50% sucrose gradient and separated using a Beckman
Coulter SW32 Ti rotor at 26,500 rpm for 4.5 h at 4 °C. The gradient
fractionation and analysis of polysomal fractions were performed as
described above.

Phos-tag analysis

Samples analyzed with the Phos-tag/Western Blotting method
including purified ribosomes, total cell extracts, and cell extract
used for polysome fractionation were prepared in buffers without
EDTA. Phos-tag gels: 10% polyacrylamide supplemented with
50 uM Phos-tag (Wako Chemicals, cat#AAL-107) and 100 uM
ZnCl, (Acros Organics) were run with the constant current of
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25mV for 3h at 4°C. Dephosphorylated and phosphorylated
samples were used as controls. For dephosphorylation, 20 pg of
ribosomes and 10 pg of total cell extracts were incubated for 1h at
37 °C with 10 U of FastAP Thermosensitive Alkaline Phosphatase
(ThermoFisher Scientific, cat#EF0652), whereas cell extracts (six
ODy¢0 units of RNA) used for polysome fractionation were treated
with 70 U of FastAP and processed analogously as the untreated
samples until proteins from the polysome profile fractions were
precipitated. Finally, all samples were diluted in SDS-PAGE loading
buffer and heated for 5 min at 95 °C. Phosphorylated samples were
prepared with CK2 kinase; to this end, 20 ug of purified ribosomes
were incubated with 10 U of CK2 alpha subunit (kindly provided
by Dr. K. Kubinski, KUL, Lublin, Poland) for 1 h at 37 °C, diluted in
SDS-PAGE loading buffer, and boiled for 5min at 95°C. After
electrophoresis, the gels were washed twice for 10 min with transfer
buffer (25 mM Tris, 236 mM glycine, 20% methanol) supplemented
with 10 mM EDTA pH 8.0, followed by washing in plain transfer
buffer to remove EDTA. The transfer of proteins to PVDF
membranes was carried out with a constant current of 300 mA
for 3 h using wet-transfer, followed by immunodetection.

Immunodetection

Protein samples (10 pg of cell extracts and 20 pg ribosomes) were
resolved by SDS-PAGE electrophoresis in polyacrylamide gels (10%
for the Phos-tag analysis and GCN2 detection and 12% for the
other analyses) and transferred to PVDF membranes (Millipore,
cat#IPVHO00010) using a Mini Trans-Blot Cell Module (Bio-Rad).
The membranes were blocked with 5% of non-fat dry milk in TBST
buffer (50 mM Tris-HCI pH 7.4, 150 mM NaCl, 0.1% Tween-20)
for 1h with gentle orbital shaking at RT and, after washing with
TBST, incubated with indicated primary antibodies diluted in TBST
supplemented with 3% BSA for 2h at RT. Then, the membranes
were washed three times in TBST for 15min followed by
incubation with secondary antibodies diluted in TBST supplemen-
ted with 5% of non-fat milk for 1h at RT. After three washes in
TBST (15min each), chemiluminescent signals were developed
using ClarityTM Western ECL Substrate (Bio-Rad, cat#170-5061)
and visualized with the aid of the Bio-Rad ChemiDocTM MP
analyzer and Image Lab software (Bio-Rad). For quantitative
analysis, chemiluminescent blot signals developed with horseradish
peroxidase-conjugated secondary antibodies were acquired and
analyzed with the system and software mentioned above and
plotted using Microsoft Excel. For statistical analysis, one-sided
Welch’s two-sample t-tests were carried out at a fixed significance
level of a=0.05. The tests were performed in the RStudio
environment (R version 4.2.1) (http://www.rstudio.com).

Antibodies

Antibodies directed toward tubulin (DM1A, #ab7291) and uL10
(#ab192866) were purchased from Abcam. Antibodies for elF2a
(D-3, #sc-133132) and uS7 (#sc-100832) detection were supplied by
Santa Cruz Biotechnology. Antibodies for uL3 (#11005-1-AP) were
purchased from Proteintech. Antibodies recognizing Pl
(#HPAO003368) were acquired from Atlas Antibody, and were used
as a readout for the P1-P2 dimer. Antibodies for yeast uL10 and
P1A/P2B were prepared in the Department of Molecular Biology,
Lublin, Poland, based on purified recombinant proteins
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(Tchorzewski et al, 1999) and were used as described previously
(Boguszewska et al, 2002). Goat anti-rabbit IgG (H+ L)-HRP
Conjugate (#1706515) and goat anti-mouse IgG (H + L)-HRP
Conjugate (#1706516) were purchased from Bio-Rad. Antibodies
recognizing Gen2 kinase were kindly provided by Alan Hinnebusch
(National Institutes of Health, Bethesda, MD, USA). Antibodies
against uL23 were kindly provided by Ed Hurt (University of
Heidelberg, Germany).

Meta-analysis of proteomic data for P-stalk protein
phosphorylation

The PeptideAtlas platform was used to map the ribosomal P-stalk
protein phosphorylation (Desiere et al, 2006). The Human 2022-
01-build was used to search for experimentally observed peptides
with the C-terminal group and two C-terminal serine residues. The
following dataset was used: build name—human 2024-01, refer-
ence_database—THISP_2024-01-01 + gEVE1.1 + TEs, with dis-
tinct_peptides 3,945,444, #Experiments 3160, canonical_proteins
17,416. Once the list was derived, the peptides with the highest
number of observations (spectra) were selected for each protein.
The VEAKEESEESDEDMGFGLFD peptide was used for the
human protein uL10, whereas the single common peptide with
the sequence KEESEESDDDMGFGLEFD was used for the human P1
and P2 proteins. The phosphorylation observed within the peptide
was classified into four groups: first serine residue modified
calculated from NTD (S304, S101, and S102, for uL10, P1, and
P2, respectively), second serine residue modified (S307, S104, and
S105 for uLl0, P1, and P2, respectively), both serine residues
modified, or no serine residue modified. The peptides were
searched in the Human Phosphoproteomics 2022-04 build. In the
2022-04 build, the phosphorylation observed in the peptides was
divided into three groups; first, second, and both serine residues
modified.

Isolation and in vitro dephosphorylation of the
ribosomal P-stalk

The purification of the P-stalk complex was performed using S.
cerevisiae uL10 mutant uL10TH199 and the procedure described
previously (Grela et al, 2010). In brief, the mutant strain was used
where uL10 has a short amino acid sequence recognized by
thrombin placed at position 199 with 6xTag, and upon thrombin
treatment the truncated uL10 protein (amino acids 199-312) can be
released with P1A-P2B and P1B-P2A dimers (AuL10;99.312-
(P1A-P2B)-(P1B-P2A)). Thus, to release the pentameric P-stalk
complex, 80S ribosomal particles were isolated from POTH199 yeast
cells and treated with activated thrombin from bovine plasma
(Sigma, # T4648-1KU) (1 U of thrombin/10 mg of 80S) for 12h at
4 °C. In vitro P-stalk dephosphorylation was performed during the
ribosome isolation procedure. Briefly, the ribosomes purified with
the sucrose cushion were treated with AP according to the protocol
applied for the preparation of Phos-tag samples described above.
The wild-type and AP-dephosphorylated ribosomes were ultra-
centrifuged (100,000 x g) and resuspended in buffer (10 mM Tris
pH 7.4, 150 mM NaCl, 10 mM MgCl,), and the thrombin-cleaved
P-stalk complexes were purified to homogeneity using affinity (Ni-
NTA agarose from QIAGEN) and size-exclusion chromatography
(Superose 12, 12/300HR column; GE Healthcare). The purity of the
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ribosomal stalk complexes was verified by 12% SDS-PAGE, 10%
native PAGE, and native mass spectrometry.

Native mass spectrometry of P-stalk complexes

All complexes were analyzed using a SYNAPT G2-Si High-
Definition Mass Spectrometer (Waters, Manchester, UK). For the
analysis, all protein solutions were buffer-exchanged into 200 mM
ammonium acetate (pH 7.5) using Micro Bio-Spin chromatography
columns (Bio-Rad). Aliquots of 2pul were introduced into the
mass spectrometer via nanoflow capillaries, and the following
conditions were applied: capillary voltage 1.2kV, sampling
cone 120V, and source offset 20V. The source temperature
was set at 25 °C. The collision voltage was adjusted for an optimal
signal level. Maximum entropy (MaxEnt, Waters) deconvolution
was applied to the electrospray data to recalculate the gas phase-
existing masses according to previously published
(Grela et al, 2010).

results

Microscale thermophoresis (MST)

Purified P-stalk complexes were fluorescently labeled according to
the manufacturer’s instructions with a Monolith His-Tag Labeling
Kit RED-tris-NTA 2nd Generation kit (NanoTemper Technologies,
GmbH, Germany). The concentration of the labeled P-stalk protein
complexes was adjusted to 5nM. A dilution series of unlabeled
elF5B protein was prepared in a final volume of 20 pl for the
MST measurements, starting from the highest 1.48 uM concentra-
tion in PBS buffer with 0.05% Tween-20 and 1 mg/ml of bovine
serum albumin. Thermophoresis was performed using a Monolith
NT.115 Pico instrument (NanoTemper Technologies) at an
ambient temperature of 25°C and 1/14/1s laser off/on/off
cycles, respectively. The instrument parameters were adjusted
to 100% excitation power and a medium MST detection range.
The data were analyzed using NanoTemper NT analysis
software (version 2.2.4) at the standard MST time of 30s
(thermophoresis plus T-jump). The Ky of the interaction was
determined by fitting the data using fit algorithms implemented
into the MST analytical software. To calculate the fraction
bound, the AFnorm value of each point was divided by the
amplitude of the fitted curve, resulting in values from 0 to 1
(0 = unbound, 1 = bound).

Assays of dipeptides and tripeptides and GTP hydrolysis

The rate of the first and second peptide bond formation was
determined from time courses using the 80S initiation complex
(ICs) prepared with the wild-type WT (phosphorylated) or
dephospho-mimicking ribosomes (SDPM) as described previously
(Ranjan et al, 2021). The integrity of ribosomal subunits was
verified by mass-spectrometry analysis of ribosomal proteins (r-
proteins), subjected to trypsin digestion (Appendix Table S1). To
form the ternary complex, 8 uM of eIF2 was incubated with 1 mM
GTP and 4 uM [*H]Met-tRNAM in YT buffer (30 mM HEPES-
KOH pH 7.5, 100 mM KOAc, 3 mM MgCl,) at 26 °C for 15 min. To
form 80S IC, 2 uM 40S, 10 uM mRNA, 10 uM eIF-mix (mixture of
initiation factors eIF1, eIF1A, elIF3, elF5), 2mM DTT, 0.25 mM
spermidine, and 1 mM GTP were incubated for 5min at 26 °C
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before adding 3 uM 60S subunits and 6 uM eIF5B, followed by
addition of the ternary complex with simultaneous adjustment of
the MgCl, concentration to 9mM (YT9 buffer). 80S ICs were
purified by ultracentrifugation through a 1.1 M sucrose cushion,
and the pellets were dissolved in YT9 buffer. 80S ICs were diluted
to 3mM MgCl, prior to the experiments. Ternary complexes
eEF1A-GTP-[“C]Phe-tRNA™* and eEF1A-GTP-["C]Val-tRNA"
were prepared by incubating 1 uM eEF1A, 1uM eEF1Ba, 3 mM
PEP, 1% PK, 1 mM DTT, and 2 mM GTP in YT buffer for 15 min at
26 °C. 0.2 uM ["C]Phe-tRNA™* or [*C]Val-tRNAY* (5 eEF1A:1 aa-
tRNA) was then added and incubated for additional 5 min at 26 °C,
followed by addition of 2 uM modified eIF5A. For each time point,
0.7 uM of the pre-formed 80S IC with [*H]Met-tRNA* in the P
site was rapidly mixed with 0.2 pM eEF1A-GTP-["C]Phe-tRNA™*
in the quench-flow apparatus. After the desired incubation time,
the reaction was quenched with 0.5M KOH and the dipeptides
were analyzed by Reverse-Phase High Performance Liquid
Chromatography (HPLC) following [*H] and [**C] counts (Wohl-
gemuth et al, 2008). For the analysis of tripeptide formation, 0.7 uM
of the initiation complexes ([*H]Met-tRNAM*) was mixed with
1 uM eEF1A-GTP-Phe-tRNA™ and incubated for 15 min at 26 °C
to form dipeptides. The dipeptides were then mixed with 0.7 uM
eEF1A-GTP-[“C]Val-tRNAY, 2 uM eEF2, 4 uM €eEF3 and with
40 uM ATP, in the quench-flow apparatus and the reaction was
quenched with KOH after the desired time point. The samples were
further processed as for the dipeptide analysis. The mRNA used for
all analyses was purchased from IBA Lifesciences GmbH, with
sequence as follows: 5'-GGUCUCUCUCUCUCUCUCUAUGUUU
GUUUCUCUCUCUCUC-3".

TrGTPases elF5B, eEF1A, and eEF2 as well as ribosomes were
purified as previously described (Blanchet and Ranjan, 2022). GTP
hydrolysis reactions were performed by mixing 0.05 uM GTPases
with 10 uM [y*?P]GTP with 0.2 uM wild-type ribosomes or
ribosomes from the SDPM mutant strain mimicking the non-
phosphorylated states of the ribosomes. The reactions were
quenched with 50% formic acid (25% final). The amount of
hydrolyzed [y**P] GTP was analyzed by thin-layer chromatography
using Polygram CEL300 TLC plates (Gromadski and Rodnina,
2004). The [Pi/(Pi + GTP)] ratio was used to estimate the time
dependence of the GTP hydrolysis.

Quantification of misincorporation errors using the dual-
luciferase assay

The efficiency of misincorporation was measured using the dual-
luciferase assay according to an established procedure (Harger and
Dinman, 2003) with modifications described earlier (Wawiorka
et al, 2017). Briefly, each yeast strain was transformed with a
control plasmid or with appropriate vectors: for misincorporation,
the pDB688 vector was used as a control; pDB868, with a near-
cognate CGC,45 codon, having replaced a cognate CAC codon
encoding the His amino acid at position 245 of the firefly luciferase
with a CGC codon for Arg; all the genetic constructs were kindly
provided by Dr David Bedwell (Salas-Marco and Bedwell, 2005).
The pJD375 vector was also used as a control plasmid with cognate
AGA at position 218 (coding Arg) of the firefly luciferase, and
pJD643 with near-cognate AGC,;5 coding Ser, provided as a kind
gift by Dr Jonathan Dinman (Plant et al, 2007).
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Determination of the yeast lifespan

The total yeast cell lifespan is calculated as the sum of the
reproductive (i.e., time between the first and last budding) and
post-reproductive (time after the last budding until death) lifespan.
The total lifespan of the S. cerevisiae yeast was determined as
previously described (Minois et al, 2005) with further modification
(Molon and Zebrowski, 2017). A fresh logarithmic yeast culture
(ODgop = 0.6-0.8) was collected and transferred to YPD plates with
solid medium containing Phloxine B (10 pg/ml). During manipula-
tion, the plates were kept at 28 °C for 15h and at 4 °C during the
night. The results represent measurements for at least 100 cells
analyzed in at least three independent experiments. The analysis
was performed by micromanipulation using the Nikon Eclipse
E200 optical microscope with an attached micromanipulator. The
budding lifespan of the yeast cells was assessed as follows: yeast
cells were cultured on YPD medium plates after an overnight
growth period using a micromanipulator. The budding lifespan was
determined by microscopic examination, following a known
procedure (Molon and Zebrowski, 2017). The number of buds
produced by each mother cell served as an indicator of the budding
lifespan. A minimum of 90 cells were meticulously examined in two
independent experiments. The analysis was performed using a
Nikon Eclipse E200 optical microscope (Nikon, Amsterdam,
Netherlands) equipped with an attached micromanipulator.
Statistical significances were assessed using ANOVA and Dunnett’s
post hoc test (*p <0.05). Translational efficiency was measured as
incorporation of **S-methionine, and the half-transit time was
calculated according to previously described protocols (Wawiorka
et al, 2017).

Ribo-seq

For ribosome profiling, yeast cells (BY4741 and SDPM strains)
were grown in synthetic complete medium supplemented with
glucose (2%) and inositol (200mM). 11 of the medium was
inoculated to ODgg of 0.06-0.08 from a saturated starting culture.
The cells were grown to ODggy of 0.4-0.5 and treated with
tunicamycin at a concentration of 2.5ug/ml. The cells were
harvested by fast filtration and frozen in liquid nitrogen. Isolation
of ribosome-protected footprints and generation of libraries for
Mlumina sequencing are described in detail elsewhere (Shafieinouri
et al, 2022). Analysis of RNA-seq and Ribo-seq Data was performed
as follows: FastQC reports were employed to assess the quality of
the raw data. Following this initial step, TrimGalore software was
used to remove adapters and low-quality sequences. The Bowtie
tool was applied to eliminate sequences corresponding to tRNA and
rRNA based on genome reference data (RefSeq: GCF000146045.2).
After the preprocessing steps, the FastQC tool was reapplied for
quality
fastqc/). Read length distribution plots were generated to analyze
the distribution of read lengths in the Ribo-seq data. The trimmed
data were then mapped to the genome using STAR, allowing for a
tolerance of up to 4% mismatch in the read length. Feature Counts
was employed to count uniquely mapped reads, utilizing gene
annotations from the RefSeq database. Subsequently, read count
normalization was carried out using the transcripts per million
(TPM) method specifically for coding sequences (CDS). For the
Ribo-seq data, codon analysis based on 21 nt and 28 nt ribosome

control  (www.bioinformatics.babraham.ac.uk/projects/
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protected fragments (RPFs) and ribosome occupancy on CDS were
assessed using RiboToolkit (Liu et al, 2020).

Molecular dynamics simulations

For MD simulation, initial structures were built using the UCSF
ChimeraX tool (Goddard et al, 2018) as a linear chain or an a-helix.
The MD simulations were performed using the GROMACS
(Abraham et al, 2015) package with the CHARMMS36 (Best et al,
2012) all-atom force field and the TIP3P (Jorgensen et al, 1983)
water model. Each peptide was solvated in a periodic box with a
0.9nm distance between the peptide and the box walls and
neutralized using sodium ions. All the simulations were performed
in the following steps: energy minimization was performed using
the steepest descent algorithm until forces have converged to within
the available machine precision; system heating was carried out for
500 ps, from 0 to 298 K, in NVT conditions (canonical ensemble);
system equilibration was performed for 1000 ps, at 300K and
1.0 bar, in NPT conditions; production was performed for at least
2 us, with the time step set to 2 fs at constant pressure 1bar and
constant temperature 298 K. All the simulation analyses presented
in this paper were performed using GROMACS package tools, the
DSSP program, and the Python programming language. Structural
visualization and graphical representation of data were rendered
using the UCSF ChimeraX tool and Origin program [Origin,
Version 2022b. OriginLab Corporation, Northampton, MA, USA].
Clustering was carried out using the Gromos clustering algorithm
(Daura et al, 1999) with a 0.3nm clustering cut-off. Three-
dimensional Free Energy Landscapes (FELs) were generated by
trajectory projection on eigenvector 1 and eigenvector 2 (PC1 and
PC2) (Campos and Baptista, 2009).

Data availability

The RNA-seq and Ribo-seq data have been deposited in NCBI’s SRA
database (Sayers et al, 2022) and are accessible through BioProject
accession number: PRJNA1071838 (https://www.ncbi.nlm.nih.gov/
bioproject/PRINA1071838).

The source data of this paper are collected in the following
database record: biostudies:S-SCDT-10_1038-S44319-024-00297-1.

Expanded view data, supplementary information, appendices are
available for this paper at https://doi.org/10.1038/s44319-024-00297-1.
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Expanded View Figures
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Figure EV1. Meta-analysis of CTD P-stalk protein phosphorylation in mammalian cells using mass spectrometry data implemented in the PeptideAtlas database.

The nested pie charts show the identified peptides of the P1/P2 (left chart) and uL10 (right chart) proteins. The upper, blue part of the plots represents the observation
from the entire Human Proteome 2022-01 assembly. The lower, green part of the plots shows the results from the Human Phosphoproteome 2022-04 build. The Human
Phosphoproteome 2022-04 contains only phosphorylated P1/P2 and uL10 proteins. The complete Human Proteome 2022-01 includes the observation for non-
phosphorylated P-stalk proteins. The total number of peptide observations is shown in the outer ring of the plots. The inner ring shows the number of results with different
patterns of serine residue phosphorylation. The higher the number of observations, the darker the color (blue or green). The lower panel shows the identified peptides
within the two datasets, 2022-01 and 2022-04 builds, in the corresponding colors; phosphorylation site is marked with [p].
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Figure EV2. Purification of phosphorylated (native) and unphosphorylated (AP-treated) P-stalk complexes and 80S ribosomal particles from WT and SDPM mutant
strains.

(A) Schematic representation of the genetically engineered ribosomal particles with the P-stalk scheme. Specific thrombin cleavage site and 6xHis-tag used for P-stalk
release and subsequent purification are indicated with arrows. (B) SDS-PAGE analysis of purified native (-AP) and dephosphorylated (+AP) stalk complexes. The positions
of AuL10 and P1A/P2B/P1B/P2A are pointed with arrows. (C) Phos-tag analysis of purified 80S ribosomal particles; 80S WT - ribosomes from WT strain, 80S SDPM -
ribsomes from SDPM mutant strain harboring S to A mutations within all P-protein; anti-uL10 and anti-P1A/P2B antibodies were used. (D) Native mass spectroscopy

analysis (native-MS) of purified intact P-stalk complexes; left and right panels, MS spectra of the complexes of WT and +AP, respectively; numbers next to the peaks
indicate the charge states of the complexes; molecular masses of the P-stalk complexes were calculated by MaxEnt deconvolution software (Waters), and are 56646 and
56425 Da for WT and +AP complexes, respectively; insert - phos-tag analysis of purified stalk complexes, WT and +AP. The complexes were analyzed by SDS-PAGE/
phos-tag/WB and subsequently proteins were detected with specific antibodies against uL10 and P1/P2 proteins. The positions of phospho- and dephospho-forms are
indicated with arrows.
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Misincorporation analysis

CGCyys AGCyg

g 0,20 * 0,20
£ 5 ' '
25 015 } 0,15 g
‘g% —
o) § 0,10 0,10
g2
wn <
Sz 0,05 0,05

s

< 0,00 0,00

WT SDPM WT SDPM

Figure EV3. Misincorporation analysis using a dual-luciferase
reporter assay.

CGCyys and AGCy g describe near-cognate codons at positions 245 and 218 of
the firefly reporter enzyme. All data are presented as the percentage of
translational aberration; error bars, standard deviations (n = 3, technical
replicates); *p < 0.05 by Student's t-test is indicated by asterisks.
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Figure EV4. Cellular fitness of the WT and SDPM yeast strains.
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(A) Growth curves for WT and SDPM strains. The exponential fragment of growth curves used for doubling time calculation and average doubling time for WT and SDPM
are shown in insets. The statistical analysis was done using one-tailed t-Welch test (*p < 0.05), data are presented as mean = SEM of n = 3, technical replicates. (B) Yeast
lifespan analysis of WT and SDPM strains on the single cell level; the values were normalized to the WT referred as 100%, using data presented in (D-F). To assess
differences between the WT and SDPM strains, one-way ANOVA and Dunnett's post hoc tests were used (*p < 0.05), ns not significant. Comparison of the reproductive
potential (A), reproductive lifespan (B), post-reproductive lifespan (C), and total lifespan (D) of the haploid reference yeast strain BY4741 (wild-type—WT) and the
mutant SDPM strain. Statistical significances were assessed using ANOVA and Dunnett's post hoc test (*p < 0.05). The mean value for a total of 90 cells from two

independent experiments is shown in parentheses.
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Figure EV5. The ribosomal footprints distribution obtained based on a genome-wide scale analysis of WT and SDPM yeast strains.

(A, B) Cross-correlation of gene expression analyses at the level of transcription (RNA-seq - A) and translation (RIBO-seq - B) for WT vs SDPM mutant strains; (C)
average ribosome occupancy from all genes aligned from start to stop codons within the coding sequence (CDS) for WT (red line) and SDPM mutant strain (blue line);
ribosome occupancy was normalized to show a mean value of 1 for each codon; the footprint occupancy was shown for the whole CDS. (D) The correlation of specific
codon occupancies within 28 nt RPF. Specific overrepresented codons, CGG for arginine and CCG, CCC for proline are indicated.

5506 EMBO reports Volume 25 | December 2024 | 5478 - 5506 © The Author(s)

- 180 -



CZESC III: PODSUMOWANIE I WNIOSKI

7. Podsumowanie wynikow i wnioski koncowe

Na koniec chciatbym podsumowac catg prace - podkresli¢ najwazniejsze osiggniecia, wskazaé
mozliwe kierunki dalszych badan oraz dodac¢ kilka stow od siebie.

Podczas doktoratu pracowalem nad wieloma zagadnieniami - zar6wno nad tworzeniem i
publicznym udostepnianiem narzedzi wspierajacych projektowanie nowych lekow, jak 1 nad
komputerowym wsparciem badan in vitro z wykorzystaniem istniejacych metod. Niezaleznie
od tematu przy$wiecal mi ten sam cel: tworzy¢ narzedzia, ktore nie tylko opisujg rzeczywistos¢
molekularng, ale pozwalaja ja aktywnie modelowaé, projektowaé i interpretowac - z mysla o
zastosowaniach w biologii strukturalnej, inzynierii biatek 1 projektowaniu lekow nowe;j
generacji.

Wspdlnym mianownikiem wszystkich prac sg biatka oraz ich oddziatywania. Wybor tego
kierunku badan doktorskich byt motywowany przekonaniem, ze leki biatkowe stanowig wazng
czes$¢ przysztosci medycyny - pomimo $wiadomosci ich ograniczen i ztozono$ci modelowania
interakcji. To przekonanie motywowato rozwdj metod prezentowanych w rozprawie. Moim
gléwnym celem bylo adresowanie konkretnych problemdéw i ograniczen utrudniajacych
projektowanie lekéw biatkowych.

Artykuly [A1-A4] dotycza dokowania biatko-biatko 1 biatko-peptyd. W artykule [A1]
przedstawiona zostata strategia dokowania biatko-biatko z wykorzystaniem narzgdzia CABS-
dock (pierwotnie przeznaczonego do dokowania biatko-peptyd), pozwalajaca na pelna
swobode konformacyjna jednego z partneréw biatkowych oraz ograniczong elastycznos$é
drugiego. W artykule [A2] zaprezentowany zostal protokét dokowania cyklicznych peptydoéw
do biatek, umozliwiajacy szerokie probkowanie ich konformacji przy jednoczesnym
zachowaniu cyklicznej struktury. Temat ten jest szczegélnie interesujacy ze wzgledu na
rosngce znaczenie peptydoéw cyklicznych, ktore stanowig odpowiedz na gtowne ograniczenia
peptydow liniowych - zwykle dyskwalifikujacych je jako kandydatow na leki®®!33134, Peptydy
o zamknigte] topologii taczg w sobie wysoka stabilnos¢ strukturalng, ograniczong ruchliwos¢
konformacyjng oraz zwiekszona odporno$¢ na degradacj¢ proteolityczng, co czyni je
obiecujaca klasg czasteczek terapeutycznych. W artykule [A3] zaproponowano alternatywne
wykorzystanie dynamiki molekularnej do oceny interakcji biatko-peptyd, ktére przetestowano
jako metod¢ walidacji wynikow CABS-dock. Zagadnienie to ma szczegdlne znaczenie,
poniewaz etap oceny modeli jest zazwyczaj najstabszym ogniwem programow do dokowania
peptydow: cho¢ podczas probkowania powstajg poprawne konformacje, czgsto zostajg one
odrzucone w trakcie filtrowania 1 wyboru najlepszego rozwigzania.

Artykuly [A1-A3] dotyczyly rozwoju klasycznych metod dokowania. W trakcie trwania
mojego doktoratu cala dziedzina dos§wiadczyta rewolucji zwigzanej z pojawieniem si¢ metod
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predykcji struktur opartych na sztucznej inteligencji. Poczatkowo dotyczyty one pojedynczych
tancuchow, a z czasem roéwniez catych kompleksow, w tym kompleksoéw biatko-peptyd. Moim
wktadem w ten nurt byt artykul [A4], w ktorym zaproponowany zostal protokét wykorzystania
ESMFold do dokowania peptydéw do bialek. Otrzymane wyniki nie wskazuja, aby narzedzie
to moglo zastapi¢ najbardziej zaawansowane rozwigzania z rodziny AlphaFold, jednak jego
zdolno$¢ do szybkiego generowania sensownych modeli otwiera zupelnie nowy sposob pracy
- umozliwia szybki przeglad duzych zbiorow sekwencji, formulowanie wstgpnych hipotez
strukturalnych oraz poszukiwanie nietypowych trybow wigzania, ktore mogg pozostaé
niewykryte w analizach z uzyciem bardziej ztozonych i kosztownych obliczeniowo metod. W
szczegbdlnosci pokazuje to, ze modele jezykowe oparte wylacznie na sekwencji moga
dostarcza¢ uzytecznych wskazowek strukturalnych takze w kontek$cie interakcji biatko-
peptyd, co czyni je wartoSciowym elementem przysztych podej$¢ konsensusowych i
hybrydowych taczacych szybkos§¢ Al z precyzja metod klasycznych.

W tym miejscu czuje si¢ w obowigzku skomentowaé warto§¢ wynikow przedstawionych w
[A1-A3] w odniesieniu do metod opartych na sztucznej inteligencji. Czy te badania sa
nieaktualne? Zdecydowanie nie. Cho¢ metody Al osiagnety w ostatnich latach spektakularne
sukcesy - réwniez w generowaniu alternatywnych konformacji i pierwszych prébach
wykorzystania ich do analizy dynamiki**!'*® - wcigZ maja one istotne ograniczenia. Modele te
najczesciej koncentrujg si¢ na pojedynczych, ,,najbardziej prawdopodobnych” predykcjach,
podczas gdy problem tworzenia bogatych i réznorodnych zbioréw struktur pozostaje domeng
klasycznych metod prébkowania przestrzeni konformacyjnej, takich jak te opisane w [A1-A3].
Dlatego wsrod przysztych kierunkéw badan widze nie tylko dalszy rozwoj narzedzi Al (np.
dostosowanie ESMFold do kompleksow z udziatem peptydow cyklicznych), ale rowniez
kontynuacj¢ prac nad metodami klasycznymi. Co wigcej, szczegodlnie obiecujace wydaje si¢
sprzezenie obu podejs¢ - poprzez strategie konsensusowe lub integracj¢ informacji a priori
pochodzacych z modeli jezykowych (np. ESMFold) z tradycyjnymi symulacjami probkowania
1 dynamiki.

Artykut [AS] stanowi przeglad poswigcony metodzie CABS-flex oraz jej zastosowaniom w
modelowaniu elastycznosci biatek w kontekscie ich funkcji biologicznych. Publikacja ta byta
punktem wyjscia do opracowania nowej wersji - CABS-flex 3.0 - zaprezentowanej w artykule
[A6]. Metoda CABS-flex w ostatnich latach zyskala szerokie uznanie w $rodowisku
naukowym, co wynikato m.in. z dynamicznego rozwoju metod sztucznej inteligencji oraz
rosngcej liczby wysokiej jako$ci modeli biatek generowanych przez algorytmy takie jak
AlphaFold czy ESMFold. Wersja 2.0 byta powszechnie wykorzystywana i czgsto cytowana,
co jednoznacznie potwierdza jej znaczenie w badaniach nad elastycznos$cig struktur
biatkowych. CABS-flex 3.0 stanowi wyrazny krok naprzod - to narzedzie taczace wysoka
efektywnos¢ obliczeniowg z bogata funkcjonalnoscia, ktére realnie wspiera proces badawczy:
od formutowania pierwszych hipotez po szczegdtowe analizy strukturalne. W nowej wersji
wprowadzono szereg usprawnien, obejmujacych m.in. zwigkszong jako§¢ odwzorowania
lokalnych struktur, nowy interfejs uzytkownika umozliwiajacy tatwa analiz¢ r6znych aspektow
dynamiki oraz bezposrednie wykorzystanie danych eksperymentalnych (np. restrykcji
odlegtosciowych lub profili fluktuacji). Dzigki tym modyfikacjom uzytkownik moze w
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wickszym stopniu kontrolowa¢ przebieg symulacji 1 interpretacje wynikéw, co czyni metode
bardziej elastyczng i interaktywna. W rezultacie mozna oczekiwac, ze wersja 3.0 zyska jeszcze
wiekszg popularnos¢ i znajdzie zastosowanie w coraz szerszym zakresie badan biologicznych.

W artykule [A7] przedstawiona zostala nowa wersja narzgdzia Aggrescan3D (A3D) -
AggrescandD (A4D). Narzedzie A3D umozliwia przewidywanie sklonnosci biatek do
agregacji w oparciu o ich strukture trojwymiarowa oraz gigtkos$¢, natomiast A4D rozszerza te
koncepcje o mozliwos¢ analizy wplywu pH. Artykul [A8] stanowi publikacje o szerszym
zakresie, podsumowujaca i integrujgcg rozwigzania opracowane w ramach narzedzi A3D i
A4D. Uwazam, ze narzedzie A4D stanowi wazny krok naprzod w analizie zjawiska agregacji
biatek. Integracja informacji strukturalnych, dynamicznych i §rodowiskowych w jednym
protokole otwiera nowe mozliwosci - pozwala nie tylko doktadniej przewidywa¢ sktonno$é do
agregacji, ale takze lepiej zrozumie¢ mechanizmy lezace u jej podstaw. Moim zdaniem A4D
ma potencjal, by sta¢ si¢ narzedziem pierwszego wyboru zarowno w badaniach podstawowych,
jak 1 aplikacyjnych - od projektowania stabilniejszych biatek terapeutycznych po analizy
biofizyczne duzych zbiorow danych strukturalnych. Warto podkresli¢, ze dzigki swojej
dostepnosci 1 tatwosci uzycia serwer juz teraz cieszy si¢ duzym zainteresowaniem 1 jest
aktywnie wykorzystywany w $rodowisku naukowym. Od momentu jego uruchomienia, w
ciggu pierwszego roku dzialania, wykonano ponad 12 tysigcy predykcji, co potwierdza rosngce
zapotrzebowanie na narzedzia umozliwiajace analize agregacji biatek w sposob zalezny od
warunkow srodowiskowych.

Artykut [A9] dotyczy roli fosforylacji bialek szypuly rybosomalnej. Kluczowym wynikiem,
uzyskanym dzigki dtugim symulacjom dynamiki molekularnej, byto pokazanie, ze fosforylacja
przeprogramowuje elastyczne fragmenty domeny C-konicowej, stabilizujac charakterystyczna
konformacj¢ w ksztalcie litery U. Stabilizacja ta wynika z powstawania sieci oddzialywan
elektrostatycznych pomigdzy resztami fosfoseryny a lizynami. Mechanizm ten nie byt
uchwytny w danych eksperymentalnych, a symulacje pozwolity po raz pierwszy zrozumie¢, w
jaki sposéb modyfikacje potranslacyjne wpltywaja na zdolno$¢ tych fragmentéw do
oddzialywania z innymi elementami rybosomu 1 czynnikami regulacyjnymi. Badania okazaty
si¢ na tyle obiecujace, ze obecnie sg kontynuowane - we wspolpracy z grupg prof. Marka
Tchorzewskiego z Uniwersytetu Marii Curie-Skltodowskiej w Lublinie rozszerzamy je z
poziomu pojedynczych fragmentéw na caty kompleks biatkowy, aby powigza¢ lokalne efekty
fosforylacji ze zmianami w architekturze zespotu i1 dostepno$cia miejsc wigzania dla
czynnikow translacyjnych. Wstepne wyniki sa bardzo obiecujace i pokazuja, ze potaczenie
klasycznych metod symulacyjnych z analiza strukturalng otwiera nowe mozliwosci
interpretacji danych oraz dostarcza wgladu niedostgpnego dla tradycyjnych technik
eksperymentalnych. Wspotpraca ta pokazata rowniez, jak wiele aspektow funkcjonowania
szyputy rybosomalnej pozostaje jeszcze do odkrycia i jak duzy potencjal tkwi w integracji
metod obliczeniowych i eksperymentalnych.

Naturalnym pytaniem, ktore pojawia si¢ po zakonczeniu tego etapu badan, jest to, w jakim

kierunku bedzie rozwija¢ si¢ dziedzina modelowania struktur i oddzialywan biatkowych w
najblizszych latach. OdpowiedzZ na to pytanie nie jest prosta, poniewaz obszar ten znajduje si¢
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w fazie wyjatkowo dynamicznych przemian. Pojawienie si¢ narzedzi opartych na sztucznej
inteligencji, przede wszystkim modeli z rodziny AlphaFold*!%32, catkowicie zmienito sposob,
w jaki podchodzi si¢ do przewidywania struktur i analizy interakcji migdzyczasteczkowych.
W trakcie trwania moich badan doktoranckich obserwowalem, jak metody, ktére jeszcze
niedawno uchodzity za nowoczesne, zostalty w duzej mierze zastgpione przez rozwigzania Al.
Wymagato to ciaglej adaptacji i elastycznos$ci, co dobrze oddaje charakter tej dziedziny.
Poczatkowo modele uczenia maszynowego pozwalaly przewidywaé jedynie statyczne
struktury pojedynczych biatek, dzi§ potrafig juz opisywac ztozone kompleksy, wigzania
ligandow, a nawet przewidywaé wplyw mutacji czy modyfikacji potranslacyjnych!3¢-138,
Postep jest bardzo szybki, a kierunek dalszego rozwoju trudny do jednoznacznego
przewidzenia. W mojej ocenie do najwazniejszych obecnie kierunkow badan naleza:

e Wiarygodne modelowanie wielu stanéw konformacyjnych i pelnej dynamiki
ukladéw bialtkowych.
Obecne modele Al, mimo bardzo wysokiej doktadno$ci przewidywania struktur, nadal
opisuja gtéwnie pojedyncze, statyczne konformacje. Tymczasem biatka funkcjonuja
jako dynamiczne uktady, ktorych aktywnos$¢ czgsto zalezy od przejs¢ pomigdzy
wieloma stanami energetycznymi. Kluczowym kierunkiem rozwoju jest wigc nie tylko
taczenie metod opartych na sztucznej inteligencji z klasycznymi i1 uproszczonymi
modelami  symulacyjnymi, ale réwniez rozwdj nowych architektur Al
ukierunkowanych na modelowanie dynamiki - takich jak AlphaFlow'*'%" czy inne
podejscia integrujace informacje o czasie, ruchliwosci i krajobrazie energetycznym
biatek*!1%!*1 " Celem tych prac jest wiarygodne odtwarzanie drog przejéé
konformacyjnych, mechanizméw allosterycznych oraz pelnych krajobrazéw
energetycznych czasteczek. Takie podejscie pozwoli lepiej zrozumie¢ zalezno$¢
migdzy strukturg, fluktuacjami i funkcja biatek, a w konsekwencji przyczyni si¢ do
tworzenia bardziej realistycznych modeli proceséw biologicznych.

e Uwzglednianie warunkow fizjologicznych, takich jak pH, sila jonowa, blony czy
obecnos¢ kofaktorow.
Wigkszos¢ obecnych predykcji wykonywana jest w warunkach uproszczonych,
nieodzwierciedlajacych rzeczywistego sSrodowiska komorkowego. Wilaczenie do
modeli czynnikéw fizykochemicznych - takich jak zmienne pH, obecnos¢ jonow, bton
lipidowych, redoksu czy efektu ttoku molekularnego - stanowi klucz do zblizenia
predykcji do realiow in vivo. Szczegdlnie wazne jest tez uwzglednienie wptywu
modyfikacji potranslacyjnych i kofaktorow metalicznych, ktore moga istotnie zmienia¢
stabilnos¢ 1 funkcje bialek.

e Dokladne przewidywanie powinowactwa i energii wigzania w interakcjach bialko-
bialko i bialko-peptyd.
Cho¢ najnowsze modele Al potrafia z duza precyzja przewidzie¢ geometri¢
kompleksow, wciaz nie dostarczajag wiarygodnych ocen energii wigzania ani nie
pozwalajg skutecznie rozrézniaé alternatywnych poz dokowania.!*>!* Rozwéj nowych
funkcji scoringowych, taczacych elementy fizykochemiczne z reprezentacjami uczenia
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glebokiego, jest niezbedny, by moc wiarygodnie ocenia¢ stabilno$¢ i specyficznos¢
interakcji. Postep w tym zakresie begdzie kluczowy zaréwno dla zrozumienia regulacji
oddziatywan miedzybiatkowych, jak i dla projektowania skutecznych inhibitoréw
peptydowych oraz lekow biatkowych.

e Integracja danych eksperymentalnych z modelami Al.

Coraz wyrazniej rysuje si¢ potrzeba laczenia przewidywan obliczeniowych z danymi
pochodzacymi z metod eksperymentalnych, takich jak krioelektronowa mikroskopia
(cryo-EM), spektrometria masowa z cross-linkingiem (XL-MS), wymiana deuterowa
(HDX-MS) czy rozpraszanie promieni rentgenowskich w matym kacie (SAXS).!*
Integracja tych zrodet informacji pozwoli tworzy¢ spdjne, multimodalne modele
strukturalne, ktére beda nie tylko zgodne z obserwacjami, ale réwniez umozliwig ich
interpretacje na poziomie molekularnym. W przysztosci dane eksperymentalne moga
tez stanowi¢ bezposrednie ograniczenia wykorzystywane podczas uczenia modeli Al.

e Projektowanie funkcji bialek, a nie jedynie ich struktur.

Kolejnym krokiem po opanowaniu przewidywania struktur jest mozliwo$¢ aktywnego
projektowania biatek o okre§lonych witasciwosciach funkcjonalnych. Nowe modele
generatywne juz teraz pozwalajg tworzy¢ stabilne struktury de novo'®, jednak petne
projektowanie funkcji - takich jak kataliza, specyficzno$¢ wigzania czy aktywno$¢
regulatorowa - wymaga polaczenia predykcji struktury, dynamiki i energetyki z wiedza
biologiczng. W perspektywie najblizszej dekady mozna spodziewaé si¢ rozwoju
platform umozliwiajacych automatyczne projektowanie kompleksoéw biatkowych o z
gory zaplanowanej funkcji biologiczne;j.

Dziedzina bioinformatyki strukturalnej rozwija si¢ w zawrotnym tempie, a utrzymanie
konkurencyjnosci wymaga nieustannego $ledzenia nowych osiggni¢¢ i gotowosci do ich
wdrazania w praktyce. Dlatego najwazniejsze jest pozostawanie na biezaco, otwartos¢ na
zmiany 1 umiejetnos¢ taczenia tradycyjnych metod z najnowszymi rozwigzaniami sztucznej
inteligencji.

Wierze, ze przedstawione w tej rozprawie rozwigzania stanowig solidny fundament dla
dalszego rozwoju, a ich otwarto$¢ oraz praktyczna uzyteczno$¢ przetoza si¢ na realne wsparcie
dla biologii strukturalnej 1 projektowania lekéw bialtkowych. Najcenniejsza lekcja, jaka
wynoszeg z tej pracy, to przekonanie, ze prawdziwy postep rodzi si¢ z integracji metod, wiedzy
1 wspotpracy - 1 wlasnie tam chcg rozwija¢ swoje dalsze badania.
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