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Program PI Project 

CPC Arora
JMJD1C, RNF8, RNF168, and 
MDC1 complexes

CSM Astsaturov
Ano6 interactions with 
substrates and inhibitors

CSM Balachandran
RIPK3 orthologs; RSV-
NS2/RNA and N4BP1/RNA 
binding

CSM Connolly
CDON interactions with mAb 
against, cadherins, and 
hedgehog proteins

CSM Cukierman
PallD, ACTN1,4, Syndecan 
complexes

CSM Duncan MRCK & GEF-H1

CSM Kruger
Filaments of cystathionine beta 
synthase

CSM Makhov

FGFR-FGF and IL-21/IL21R 
complexes and protein design 
for kidney cancer pre-clinical 
therapeutics

Program PI Project 

NDC Liu
SMC1a, SMC3, RAD21, STAG2, 

MIS4, CTCF

NDC Skorski
DNA polymerase theta interactions 

with PARG and PARP1

NDC Whetstine KDM3B, TOPOII, CTCF complexes

NDC Whitaker

Heterodimer complexes of APE1 

with transcription factors STAT3, 

HIF1a, JUN, p53, NFkB1 and  

interactions with DNA

NDC Wiest gd TCR complexes with Butyrophilins

NDC Yang
T3 effects on Thyroid hormone 

receptor TRa1 interactions with EZH2

TUHS Elrod

Predicting complexes of Glyoxalase-

Domain Containing Protein 4 

(GLOD4) with NCLX 

TUHS Thomas DLK kinase inhibitors

Program PI Project 

CSM
Torres-
Ayuso

FAT1 interaction with TNIK

CSM Wang, L
BTK kinase mutations and protein 
interactions in lymphoma

CSM Wang, R PTPsigma and LAR dimerization

NDC Bellacosa
TDG:p300 and TDG-CBP 
complexes

NDC Chen
Coilin, TCAB1, SMN1, DKC1, 
GAR1, telRNA

CSM Duncan MRCK & GEF-H1

CSM Kruger
Filaments of cystathionine beta 
synthase

NDC Estaras
TEAD4-YAP1-NR2F2 complexes 

with DNA

NDC Kappes
Mutations and protein interactions 

of THPOK 

Fox Chase Cancer Center
Molecular Modeling Facility (2003-present)

~100 publications, >8000 citations

AlphaFold and related programs: 10 projects a year Ą 40 projects a year



Molecular Structure Prediction

Single protein chains Protein-protein/peptide 
complexes

Protein-ligand complexes  
(including ions)

Protein PTMs Protein/DNA complexes

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



Protein Structure Prediction Timeline

Comparative modeling   1969 Browne et al, 1980 Greer, 1993 Modeller
Å Find template related to query
Å Align template to query
Å Copy backbone and same sidechains
ÅModel loops and different sidechains (SCWRL4, Rosetta)
Å Refinement (MD, Rosetta)

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

Fragment assembly   1997 Rosetta, 2007 iTASSER
Å Find similar-sequence fragments to query with predicted ss
Å Assemble with Monte Carlo algorithm
Å Refine



Prediction of Protein Complex Structures Timeline

Protein-protein docking   1978 Wodak and Janin, 1990s GRAMM, 2003 RosettaDock
     2003 ZDOCK HADDOCK, 2000s PIPER/ClusPro
Å Search over whole surface with FFTs
Å Rigid-body sampling, flexible sampling (backbone, sidechains)

Protein-ligand docking   1982 DOCK, 1996 AutoDock, 1997 GOLD, 2004 Glide
Å Overlapping spheres placed in binding site,
Å Incremental construction
Å Scoring functions, flexibilityof active site

Protein-DNA docking   1990s ZDOCK, GRAMM, 2003 HADDOCK, 2013 RNPDock, 2020 P3DOCK
Å PPI FFT methods
Å Nucleic-acid specific scoring functions
Å Flexibility of DNA



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

Organizers gather 
targets from 
experimental 

groups

Targets 
released to 

computational 
groups

Predictions 
submitted by 

deadlines

Independent 
assessors 
choose 

criteria and 
rank groups

Assessors 
and top 
groups 

present at 
meeting and 
publication

January March-June March-June July-September

Dunbrack group:
CASP6, CASP11

December



AlphaFold2 in the CASP Blind Structure Prediction Contest (Dec. 2020)
Code available July 2021 ς single proteins



Example Prediction: A free model target at CASP14



How: Deep learning from multiple sequence 
alignments of 70,000 different proteins and the 

entire Protein Data Bank (PDB)
 

Fundamentally a knowledge-based inference 
system

Query sequence + MSA + Templates (optional) 
Ą Structure



What does a neural network do?

Inputs
x1

x2

x3

Function=
f(x1,...; w1,...)

Output
y

Output can be a class (or classes): cat, dog, tree = Classifier
Output can be a number (or numbers) = Regression

Function has trainable parameters, {wj}
Trained on real data: pairs of {x1,x2,x3}, {y}

y can also be a vector of numbers



¢ƘǊŜŜ άǘǊƛŎƪǎέ ƛƴ ƴŜǳǊŀƭ ƴŜǘǿƻǊƪǎ
¢ǊƛŎƪ ІмΦ [ƛƴŜŀǊ ŎƻƳōƛƴŀǘƛƻƴ ƻŦ ƛƴǇǳǘ Řŀǘŀ ǿƛǘƘ άǿŜƛƎƘǘǎέ 

to be learned

Z1 = w11
x x1  +  w12

x x2  +  w13
x x3

Z2 = w21
x x1  +  w22

x x2  +  w23
x x3

Matrix multiplication of vector x and matrix w
Z=wx

Inputs
x1

x2

x3



¢ǊƛŎƪ ІнΦ !ǇǇƭȅ ŀƴ ά!ŎǘƛǾŀǘƛƻƴ CǳƴŎǘƛƻƴέ (s)

numbers between 0 and 1
or between -1 and 1

s
Inputs

x1

x2

x3

Z1

Z2

H1

H2

w

Activation Functions (s)

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



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

Inputs
x1

x2

x3

Output
y

Learn the weights wA, wB, wC, wD, woutput

(1) Random start 
(2) Calculate y for training x; 
(3) Calculate derivatives of loss as f(w); 
(4) Adjust w

wA wB wC wD
woutput

s s s s

w

Recycling



Trick #4. Diffusion neural networks
DŜƴŜǊŀǘŜ ŦƻǊǿŀǊŘ άŘŀǘŀέ ŦƻǊ ǘǊŀƛƴƛƴƎΥ ǇǊƻƎǊŜǎǎƛǾŜƭȅ ŀŘŘ ƴƻƛǎŜ ǘƻ ǊŜŀƭ ƻōƧŜŎǘǎ όƛƳŀƎŜǎΣ ǇǊƻǘŜƛƴ ǎǘǊǳŎǘǳǊŜǎύ ǿƛǘƘ ƪƴƻǿƴ 
ƛƴŦƻǊƳŀǘƛƻƴ όƛƳŀƎŜ ƻŦ ŀ έŘƻƎέΣ sequence+molecule types+MSA)

¦ǎŜ ǊŜǾŜǊǎŜ άŘŀǘŀέ ǘƻ ǘǊŀƛƴ ƴŜǘǿƻǊƪǎ ǘƻ ŘŜƴƻƛǎŜ ƴƻƛǎȅ Řŀǘŀ ǳƴŘŜǊ ŎƻƴǎǘǊŀƛƴǘǎ όǇǊƻǘŜƛƴ ǎŜǉǳŜƴŎŜΣ ƳƻƭŜŎǳƭŀǊ ǘȅǇŜǎΣ a{!Σ ŜǘŎΦύ

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



AlphaFold2 random seeds and recycles

Each box is a vector of length 128 or 384

Random seed enables random 
chunks of MSA to be sampled



Recycles



Dropout in Neural Network



AlphaFold-Multimer

Trained on protein 
complexes from PDB

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

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

v2.3 in Dec 2022
Training data: 2021-09-30. 

PP2A+scaffold+B55a+FAM122A 
(Xavier Graña, Temple U)



AlphaFold2/AFM are really five models

ColabFold AF2 Model#   1         2        3         4         5

4 0 0

Using templates:

ColabFold AFM2.3 Model#   1         2        3         4         5



AlphaFold3 ï Diffusion based structure prediction
(Server: May 8, 2024; Code Nov 4, 2024)

Training data: 2021-09-30. 

Random noise

Denoising under 
informational 
constraints



Boltz2: p53 tetramer bound to DNA and PC-9859
PDB:9BR4 (pink) vs Boltz2 (magenta)
Not in the training data for Boltz2

AlphaFold3-like programs: AF3 (2024), Boltz2 (2025)
PTMs, DNA/RNA-protein complexes, cofactor-protein complexes, 

ligand-protein complexes



Hallucinating Alpha Helical Bundles
in Disordered Regions

AlphaFold3
(human TCAB1 and coilin + RNA)



Tokens in AF3



Protein Structure Prediction Timeline, contôd
Deep learning

  

Program   When   What    Code Webserver
AlphaFold2  July 2021 (paper)  Monomers   Yes Yes (Colab)
ColabFold (AF2)  August 2021  Monomers   Yes Yes (Colab)
ColabFold-advanced August 2021  Multimers   Yes Yes (Colab)

AlphaFold-Multimer v2.1 Nov 2021   Multimers   Yes Yes (ColabFold)
AlphaFold-Multimer v2.2 Mar 2022   Multimers   Yes Yes (ColabFold)
AlphaFold-Multimer v2.3 Dec 2022   Multimers   Yes Yes (ColabFold)

OpenFold  (AF2)  May 2024  Multimers   Yes Yes (Colab)

AlphaFold3  May 2024  Multimers+PTMs+ligands+DNA/RNA Yes** Yes
HelixFold3 (AF3)  Sept 2024  Multimers+ligands+DNA/RNA Yes Yes
Chai   Sept 2024  Multimers+PTMs+ligands+DNA/RNA Yes Yes
Boltz-2   June 2025  Multimers+PTMs+ligands+DNA/RNA Yes Several
OpenFold3  Oct 2025   Multimers+PTMs+ligands+DNA/RNA Yes Several
Protenix   Feb 2026   Multimers+PTMs+ligands+DNA/RNA Yes Yes
ESMfold2   May 2026  Multimers+PTMs+ligands+DNA/RNA Yes Several 

Several = NVIDIA, TamarindBio, NeuroSnap, BioHub



Measures used in 
CASP experiments used in 

deep learning predicted accuracy

Alignment-based: RMSD, GDT-TS, TM score
Non-alignment based: LDDT, side-chain dihedrals



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

dj

j=1, N (length of protein)



GDT-TS ςGlobal Distance Test

Align predicted structure to experimental structure, 4 
times, with LGA program (Local-Global-Alignment):

 Maximizing # Ca < 1 Å Ą N1

 Maximizing # Ca < 2 Å Ą N2

 Maximizing # Ca < 4 Å Ą N4

 Maximizing # Ca < 8 Å Ą N8

Calculate average of percentages of scored residues

'$4 43ρππ
ϳὔ ὒ ϳὔ ὒ ϳ ὔ ὒ ϳ ὔ ὒ

τ



LDDT ς Local Distance Difference Test

AF2 modelPDB: 1ol5

Find Ca atoms within some distance of query Ca atom of experimental structure
Calculate distances in experimental structure and model
LDDT = for each residue: average percent of distances with |difference|  Җ лΦрΣ мΦлΣ нΦлΣ пΦл Å

Differences = 0.9, 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

dj

d0 scales the dj based on size of protein 
so unrelated proteins score the same 
regardless of size



Original TM-score

d0

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

Ltarget = 500 residues

Ltarget



iTM:    Align on one chain (ERK2) & calculate TM score over the other (RSK1)

PDB: 4NIF All dj = 1 Å
iTM = 0.95

All dj = 3 Å
iTM = 0.7

Poor model of RSK1
iTM = 0.5



DockQ for protein interfaces
5ƻŎƪvҗлΦнр ŎƻƴǎƛŘŜǊŜŘ ŀƴ ŀŎŎŜǇǘŀōƭŜ ƳƻŘŜƭ

PDB 1OL5
AURKA+TPX2

AlphaFold-Multimer
AURKA+TPX2

Calculate:

1. Fnat = fraction of native contacts in model
2. iRMS = RMSD of interface residues (after 

superposing on just those pairs)
3. LRMS = RMSD of ligand chain after 

superposing on receptor



Benchmarking of Deep-Learning Structure Prediction

% pocket-aligned
wa{5ҖнΦл Å

interfaceLDDT
% pocket-aligned
wa{5ҖнΦл Å

% DockQ>0.23

From AF3 paper,
Nature 2024



Independent Benchmarking
Ġkrinjar et al, 2026

Success: Percent of test ligands with:
 wa{5Җн Å 
 LDDT-PLI<0.8 (PLI = protein/ligand interface

PB-valid: 
Few steric conflicts, correct 
geometries, flat rings, etc.



Benchmarking Protein-Protein Interactions

Cutoffs: 
5ƻŎƪvҗлΦно Ґ ŀŎŎŜǇǘŀōƭŜ
5ƻŎƪvҗлΦпф Ґ ƳŜŘƛǳƳ ǉǳŀƭƛǘȅ
5ƻŎƪvҗлΦул Ґ ƘƛƎƘ ǉǳŀƭƛǘȅ

Genz et al
Protein Sci
2025
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AF2 and AF3  output scores: pLDDT, PAE, pTM, ipTM

Query 
sequence(s)

MSA

Template 
coordinates 
(optional)

Search 
PDB

or desired 
subset of PDB

Search 
UniProt or other 

sequence DB

AlphaFold2
s(wA*X), 
s(wB*X),...

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

(actually 5 models ς 
different sets of weights)

Run multiple times with 
ŘƛŦŦŜǊŜƴǘ ǊŀƴŘƻƳ άǎŜŜŘǎέ 



37

pLDDT ς predicted Local Distance Difference Test

Colored by 
domains
pLDDT<50 in gray
PyMOL:
color gray,b<50

Colored by pLDDT
(folded domains 
with high pLDDT 
in blue)
PyMOL: color by 
b-factor in color 
menu

AF2 modelPDB: 1ol5

pLDDT = for each residue: average percent of distances with |difference|  Җ лΦрΣ мΦлΣ нΦлΣ пΦл Å

Diff = 0.9, 1.0, 1.2, 2.5, 2.6, 2.1, 0.4
LDDT =(1/7+3/7 +4/7 + 7/7)/4
         =54%



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

KRAS 4B

SW1

SW2

SW1
SW2



Predicted Aligned Error (PAE)

PH-TH

SH3
Aligned residue (N,Ca,C) in
model and PDB

Scored residue PAE 
distance

model 

PDB

SH2

Kinase

BTK kinase protein



pTM (predicted TM) for single chain or whole complex
dj ƛǎ Ƨǳǎǘ !ƭǇƘŀCƻƭŘΩǎ PAEij

pTM from PAEij
(AF uses probability distribution over PAE)
Think of i as a set of alignments, one for each residue

ὴὝὓ ÍÁØ
ρ

ὒ

ρ

ρ
ὖὃὉ
Ὠ

TM score

dj

Aligned residue

Scored residue 
PAEij distance


