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Fox Chase Cancer Center

Molecular Modeling Facility (2003-present)
~100 publications, >8000 citations

Program Pl Project Program Pl Project Program Pl Project
JMJD1C, RNF8, RNF168, and Torres- - . . . SMC1la, SMC3, RAD21, STAG2,
CPC Arora MDC1 complexes CSM Ayuso FAT1 interaction with TNIK NDC Liu MIS4. CTCF
Ano6 interactions with BTK kinase mutations and protein

CSM Astsaturov DNA polymerase theta interactions

CSM Wang, L

substrates and inhibitors interactions in lymphoma NDC Skorski with PARG and PARP1
RIPK3 orthologs; RSV- i i izati .
CSM  Balachandran NS2/RNA N A NARPL/RNA CSM  Wang,R  PTPsigma and LAR dimerization NDC  Whetstine KDM3B, TOPOIl, CTCF complexes
binding NDC Bellacosa -(I:-oDr%Pe?;(oe% and TDG-CBP Heterodimer complexes of APE1
CDON interactions with mAb NDC Whitaker with transcription factors STAT 3,
CSM Connolly against, cadherins, and NDC ch Coilin, TCAB1, SMN1, DKC1, HIF1a, JUN, p53, NFkB1 and
hedgehog proteins en GAR1, telRNA interactions with DNA
CSM Cukierman Egrl#?:)l’&(e:sTNlA Syndecan CSM Duncan MRCK & GEF-H1 NDC Wiest od TCR complexes with Butyrophilins

Filaments of cystathionine beta :
CSM Duncan MRCK & GEF-H1 CSM Kruger synthase NDC vang T3 effects on T_hyrmd h_ormoqe
. . receptor TRal interactions with EZH2
Filaments of cystathionine beta

CSM Kruger synthase NDC Estaras \I/ihAB?\IXAP 1-NR2F2 complexes Predicting complexes of Glyoxalase-
FGFR-FGF and IL-2V/IL21R TUHS  Elrod (DGo[r(l)alljrll)CV(\)lirILangXProteln 4

CSM Makhov fcorrllplexes and protein I(_:Ie_5|g1n NDC Kappes Mutations and protein interactions
or kidney cancer pre-clinica PP of THPOK TUHS Thomas DLK kinase inhibitors

therapeutics

AlphaFold and related programs: 10 projects a yga40 projects a year



Molecular Structure Prediction

Single protein chains  Proteinprotein/peptide Proteinligand complexes Protein PTMs Protein/DNA complexes
complexes (including ions)

Also: RNA folding, prediction of conformational states and ensembles, affinities, kinetics, etc.



Protein Structure Prediction Timeline

Comparative modeling 1969 Browne et al, 1980 Greer, 198®deller
A Find template related to query

A Align template to query

A Copy backbone and same sidechains

A Model loops and different sidechains (SCWRL4, Rosetta)

A Refinement (MD, Rosetta)

Fold recognition/threading 1992 Thornton, Blundell 1993, Sippl 1995
A Align sequence to (unrelated) templates max of contact/ss/solvation potentials
A Loop modeling and sidechain placement

Fragment assembly 1997 Rosetta, 200iTASSER
A Find similarsequence fragments to query with predicted ss

A Assemble with Monte Carlo algorithm

A Refine



Prediction of Protein Complex Structures Timeline

Protein-protein docking 1978Wodakand Janin, 1990s GRAMM, 20B®settaDock
2003 ZDOCK HADDOCK, 2000s PIEES?r0

A Search over whole surface with FFTs
A Rigidbody sampling, flexible sampling (backbone, sidechains)

Protein-ligand docking 1982 DOCK, 199%utoDock 1997 GOLD, 2004 Glide

A Overlapping spheres placed in binding site,
A Incremental construction
A Scoring functiondlexibilityof active site

Protein-DNA docking 1990s ZDOCK, GRAMM, 2003 HADDOCK, RREDock2020 P3DOCK

A PPI FFT methods
A Nucleicacid specific scoring functions
A Flexibility of DNA



CASP Experiments

Critical Assessment of Structure Prediction (1994-present, biannually)

Independent Assessors
Organizers gather Targets assessors and top

Predictions
targets from i SHI00Se Sy
g released to submitted by criteria and prgeserl?t at

deadlines rank groups meeting and
publication

experimental computational
groups groups

January March-June March-June JulySeptember December

Dunbrack group:
CASP6, CASP11



AlphaFold2 in the CASP Blind Structure Prediction Contest (Dec. 202C
Code available July 202Xingle proteins
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Example Prediction: A free model target at CASP14

T1037 / 6vrd T1049 / 6y4f
90.7 GDT 93.3 GDT
(RNA polymerase domain) (adhesin tip)

@ Experimental result

@ Computational prediction



How: Deep learning from multiple sequence
alignments of 70,000 different proteins and the
entire Protein Data Bank (PDB)

Fundamentally &nowledgebasedinference
system

Query sequence + MSA + Templates (optional)
A Structure



What does a neural network do?

Inputs

-

Function=
f(Xq,..; W,...)

—)

Output
y

Output can be a class (or classesit, dog, tree= Classifier

Output can be amumber(or numbers) -Regression

Function hadrainable parameters{w}
Trained orreal data pairs of {X,X,,%s}, {y}
y can also be wectorof numbers




¢ KNBES GUNROl&E AYy Y
CNAO]l I M® [ AYSEFNI O2YO0AVI
to be learned

Inputs
X1 - 4= WipXy + WigXo + WigXs
X, _
X, Ly = WorXy + WoyXo + WozXs

Matrix multiplication of vectox and matrixw
ZANX



CNAO]l | HD ! LILI & sy a&!

Activation Functionss()

X W S Sigmoid 1 Leak% I1=zeLU "’
1 Z, H, o(z) = i ‘ max(0.1z, )
X2 _> -10 o 10 2 -1 10

tanl}'nl | Maxogt .
numbers between Oand 1 21 (z) o) ’ max(wi & + by, wy x + ba)
or between-1 and 1 s

RelLU / ELU J
T x>0
maX(()) :L') ~ ) {a(em B 1) <0 - > "

Take any number at turn it in a number
between 0 and 1, or betweei and 1




Trick #3. Multiple layers, possibly scaling the number of
dimensions up or down + recycling

Inputs W p
x || S
X2
X3

|

-

Wg
S

Recycling

»

We
S

»

Wp
S

(1) Random start

(4) Adjust w

(2) Calculate y for training Xx;
(3) Calculate derivatives of loss as f(w);

Learn the weightsw,, Wg, W, Wp, Woytput

loss

Woutput

)

Output
y

Gradient descent algorithm

. Slos:
! _— Gradient 2%
! = Jw

Initial

weight \

Oloss

ow

wW=w-—o

Global loss minimum

-




Trick #4. Diffusion neural networks

DSYSN}Y UGS F2NBINR GRIFGFE F2NJ OGN AYAYy3IY LINRPINBaargsSte |
AYVFIF2NXYIEGA2Y Oskgdenc8mnolectilypes+B&2 3 € =

''34S NBOYSNBES GRIGIFE (G2 GNYAY ySU¢g2N)la (02 RSy2AasS y2aa

In daily use: start with random points for atoms, denoise under constraints

Forward (Noising) Process

N (O, 1) ¥ \

single
step : _
Gaussian - N Protein
Noise / o \\\is Structure
e W
ﬁ

Reverse (Generative) Process



Grerecs

AlphaFold2 random seeds and recycles

Randomseedenables random
chunks of MSA to be sampled

Input sequence

Genetic
database
search

Structure
database
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Each box is a vector of length 128 or 384



Recycles

colored by N->C 968 recycle=0 pLDDT=30.701
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Dropout in Neural Network
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(b) After applying dropout.

Standard Neural Net
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AlphaFold-Multimer

Trained on protein PP2Ascaffold-B5m+FAM122A
complexes from PDB (Xavier Grana, Temple U)

v2.1in Nov 2021
Training data: 2018-4-30

v2.2 In March 2022
Training data: 2018-4-30

- ) . . .;,‘
: ‘! 5
¥, \ (
. Feb. 2023: AlphaFold-Multimer model of complex Oct. 2023: Cryo-EM structure (PDB 8S00)
v2.31n Dec 2022 of PP2A(A), B55a, PP2A(C), and FAM122A of PP2A(A), B55a., PP2A(C), and FAM122A

Training data: 2021-09-30.



AlphaFold2/AFM are really five models

Table 5 | Training protocol for CASP14 models. The models in bold (i.e. 1.1.1 — 1.2.3) were used in the
assessment. We report the number of training samples and the training time (in days and hours) until the
best validation score. Three dots (- - - ) indicate the same value as in the former column.

initial training  first fine-tuning second fine-tuning
Model 1 1.1 1.2 1.1.1 1.1.2 1.2.1 1.2.2 123
Parameters initialized from Random Model 1  --- Model 1.1 _— Model 1.2 fe
Number of templates Niempl 4 4 0 4 4 0 -6 33
Sequence crop size Nreg 256 cee cee 384
Number of sequences Ngeq 128 512 e e e e e e
Number of extra sequences Nexira_seq 1024 cee e 0120 1024 5120 e 1024
Initial learning rate 1073 5-1074 "o e XX . “ee
Learning rate linear warm-up samples 128000 0
Structural violation loss weight 0.0 1.0
“Experimentally resolved” loss weight 0.0 0.01 b e e e e
Training samples (-10%) 9.2 1.1 1.7 0.3 0.6 1.4 1.1 2.4
Training time 6d 6h 1d 10h  2d 3h 20h 1d 13h 4d 1h 3d 5d 12h

ColabFold AF2Modelt 1 |2 3 4

Using templates:

ColabFold AFM2.3 Model 1 2 3 4




AlphaFold3 T Diffusion based structure prediction

(Server: May 8, 2024; Code Nov 4, 2024)
Training data: 20209-30.

Random noise

Denoising under
iInformational
constraints




AlphaFolddike programs: AF3 (2024), Boltz2 (2025)

PTMs, DNA/RNArotein complexes, cofactgerotein complexes,
ligandprotein complexes

PDB:9BR4 (pink) vs Boltz2 (magénta
Boltz2: p53 tetramer bound to DNA and-B89  Not in the training data for Boltz2



Hallucinating Alpha Helical Bundles
In Disordered Regions

AlphaFold3
(human TCABL1 and coilin + RNA)




Standard Amino Acid
(serine)

0o

HO/\[)‘\ OH

NH

2

7 atoms*
1tokens

Tokens in AF3

Standard Nucleotide Modified Amino Acid
(adenosine) (phosphoserine)
NH.
..... 0 N ~N
\\P/ou </ | /) \\P/ OH 0
Z\ N N\
HO 0 . Ho O/ﬁ)J\OH
; NH
0 OH 2
23 atoms* 11 atoms*
1token 11 tokens

Modified Nucleotide Ligand

(methyladenosine) (ibuprofen)
H ~ " /CH,
- N =N
OH 74
N~ ¢ " L OH
Ho”~ \o "
: 0 (0]
9 OH
24 atoms* 15 atoms*
24 tokens 15 tokens

*atoms=heavy atoms



Proteiln

Program
AlphaFold2
ColabFold (AF2)
ColabFoleadvanced

AlphaFoldMultimer v2.1
AlphaFoleMultimer v2.2
AlphaFoldMultimer v2.3

OpenFold AF2)

AlphaFold3
HelixFold3 (AF3)
Chai

Boltz2
OpenFold3
Protenix
ESMfold2

When

July 202X paper)
August 2021
August 2021

Nov 2021
Mar 2022
Dec 2022

May 2024

May 2024
Sept 2024
Sept 2024
June 2025
Oct 2025

Feb 2026

May 2026

Structure
Deep learning

What
Monomers
Monomers
Multimers

Multimers
Multimers
Multimers

Multimers

Multimers+PTMs+ligands+DN#NA
Multimers+ligands+DNRNA

Multimers+PTMs+ligands+DN#NA
Multimers+PTMs+ligands+DHN#NA
Multimers+PTMs+ligands+DN#NA
Multimers+PTMs+ligands+DN#NA
Multimers+PTMs+ligands+DN#NA

Several = NVIDIAamarindBipNeuroSnapBioHub

Pr ed]

Code
Yes
Yes
Yes

Yes
Yes
Yes

Yes

Yes**
Yes
Yes
Yes
Yes
Yes
Yes

C

Webserver
Yes Colah
Yes Colah
Yes Colah

Yes ColabFoljl
Yes ColabFoldl
Yes ColabFoljl

Yes Colah

Yes
Yes
Yes
Several
Several
Yes
Several



Measures used In
CASP experiments used In
deep learning predicted accuracy

Alignmentbased: RMSD, GHT5, TM score
Nonalignment based: LDDT, stdkrain dihedrals



RMSD: Root-mean-square-deviation
Depends on alignment and atom choice

N
— 1 2
RMSD = Nj_zldj

j=1,N (length of protein)




GDTFTScGlobal Distance Test

Align predicted structure to experimental structure, 4
times, with LGA program (LoegalobatAlignment):

Maximizing # € < 1AA N;
Maximizing # € < 2AA N,

Maximizing # € < 4AA N, J -
Maximizing # € < 8AA N N
Calculate average of percentages of scored residues [\‘\\,\\3 &PL\\ \ ={
A b y 4 ,

' $4 4p3nw ~

(O jU UJUTUJU U | L) Nﬁ%



LDDT¢ Local Distance Difference Test

Find @ atoms within some distance of quera @tom of experimental structure
Calculate distances in experimental structure and model
LDDT = for each residue: average percent of distanceddifittrence| )X n ®p X MPna X H

PDB: 10l5

h / AF2 model

/
\/ ™~

Differences 9.9, 1.0, 1.2, 2.5,2.6,2.1,0.4
LDDT =(1/7+3/7 +4/7 + 7/7)/4 = 54%



Template Modeling (TM) Score

Zhang and Skolnick, 2004

Ltarget
1 1
TM = max > ‘
alignments | Ligrger 4 d.
_ do
171 T
] . - o rTM-score
dy scales thald, based on size of protein | s Thhscore
. S f(L)=3.0L "
so unrelated proteins score the same, | * =07
regardless of size s |
2
2
3

100 1000
Length of Proteins (L)



Original TMscore

TM-score between a predicted and experimental structure of the same protein sequence is defined by:

TM = max

alignments

Ltarget

)

1
—|
]
”(d—o)-

dy = 1.243\/Lm,.get ~15-1.8

" Liarget

Liarget = 900 residues

1(1+(d/d0)**2)

(]
................




ITM: Align on one chain=(RKY & calculate TM score over the othét$K]L

PDB: 4NIF Alld; = 1A Alld, = 3A Poor model of RSK1
iTM=0.95 iTM= 0.7 iTM=0.5



PDB 10L5
AURKA+TPX2

Dock(¥or protein interfaces

- 0O0S L

5201l vxndup O2YaARSNBR | VY
Calculate:
1. Fnat= fraction of native contacts in model

AlphaFoldMultimer
AURKA+TPX2

1
i e 3 _Fnat + 1+(iRMS)2 s 1+(

superposing on just those pairs)

. LRMS= RMSD of ligand chain after

superposing on receptor

1

. IRMS= RMSD of interface residues (after

1.5

LRMS ) 2
85 ) -




Benchmarking of Deep-Learning Structure Prediction

a ) N A b
X L A i y
QS \ \., /
) .

From AF3 paper,

Nature2024

c Ligands PoseBusters set Nucleic acids Covalent modifications Proteins

100 ] 7] AF3 7 7 AF3 *kk

s RoseTTAFold2NA M AF-M 2.3
Alchemy_RNA2 (has human input) Kok Kkk !
80 T ] *% *kk ] \ = I
*%
£ 60 - i - =
g | |
2 | <
2 401 | - * . -
| A
20 - | . - -
0 T T T T T T T T T T T T T T
AF3 AutoDock  RoseTTAFold PDB PDB CASP15 Bonded Glycosylation  Modified residues All Protein- Protein
2019 cut-off Vina All-Atom protein-RNA protein—-dsDNA RNA ligands n=28 Protein DNA RNA protein—protein  antibody monomers
n =428 n =428 n =427 n=25 n=238 n=8 n =66 N=40 n=91 n=23 n=1,064 n=65 n =338
i %Dock®0.23
i % pocketaligned oDOCKLFY.
0 . 0 POC igne
¥ pocketaligned interfaceLDDT P 9

wa{ 5 M4 on wa{ 5Xu on



Success rate (%)

100 —

80 —

Independent Benchmarking
Gkrinjar et al

-@®- AlphaFold3
—- Protenix
¥ Chai-1 —
-#%- Boltz-1
Best 50 _
S
L 60 o
o B r.m.s.d. <2 A and LDDT-PLI >0.8 and PB-valid
§ r.m.s.d. <2 A and LDDT-PLI 0.8 only 22%
8 40
@
20
0 =
0-20 20-30 30-40 40-50 50-60 60-70 70-80 80-100
(n=64) (n=91) (n=149) (n =258) (n=312) (n=376) (n =368) (n=673)
| : : : | | : : Similarity to the training set
0 o o 0 ) Qo 0 o
N e @ RO & e
Similarity to the training set .
PBvalid:
Success: Percent of test ligands with: Few steric conflicts, correct
wa { 5AKH geometries, flat rings, etc.

LDDTPLI<0.8 (PLI = protein/ligand interface



Benchmarking Protein-Protein Interactions

90

80 Cutoffs:

5201 vxn®dHo T |
520l vxndndg Y
5201vxndyn I K

Genz et al
Protein Sci
I 2025

Incorrect Acceptable Medium High

70

60

50

4

o

3

o

2

(@)

1

o

(@)

m AR2-template ® AF2-notemplate m AF3



AF2 and AF3 output scores: pLDDT, PAH, IpTM

Search
UniProt orother
sequence DB

Query
sequence(s)

Search
PDB
or desired
subset of PDB

MSA

Template
coordinates
(optional)

AlphaFold2
S (Wa*X),
s (wg*X),...

(actually 5 modelsg
different sets of weights)

Run multiple times with

RAFFSNBYU

NJ

pLDDT (residues)
PAE (residue pairs)
pTM (whole struct)
IPTM (interactions)




PLDDTC predictedLocal Distance Difference Test
pLDDE for each residue: average percent of distances diference| XX n ®p = mMdn =

.. Diff=0.9,1.0,1.2,25,26,2.1,(
AF2 model LDDT =(1/7+3/7 +4I7 + 7/7)/4
T T =54%

PDB: 10l5

Colored by pLDDT

Colorgd by (folded domains

domains with high pLDDT
In blue)

PyMOL PyMOL color by

b-factor in color
menu 37



Predicted IDDT

PLDDTC (predicted) accuracy of atom
placement in neighborhood around amino acid

Predicted IDDT per position

100 ARy
. ' ! \
80
60
40 - T
SW2

— rank 1 S\\/1
204 ank 2

— rank 3

—— rank 4

— rank 5

0 T T T T T T T T
0 25 50 75 100 125 150 175

KRAS 4B



Predicted Aligned Error (PAE)

200 -

Aligned residue lJ,@&,Q in
model and PDB

300 -

»

~

400 -

Aligned residue

5001

6004

659

Scored residue

Scored residue PAE B |
. 0 5 10 15 20 25 30
distance -




pTM (predicted TM) for single chain or whole complex
dAad 2dzalu PAE LIKI C2f joé

TM score /
_ Ltarget
TM = max L Z L 5 ‘
alignments Ltarget =L (&)
do

pTMirom PAE | |
(AF uses probability distribution over PAE) Aligned residue
Think ofi as a set of alignments, one for each residue

N YO AR .,,p“, I
U UO
P (QC)

Scored residue
PAE distance



