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Machine Learning is Revolutionizing Structural 
Bioinformatics



7:12 AM 2

Biomolecules

Chemical compoundsLipids Nucleic acids Proteins
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Quantum Computation

Schrödinger Equation

Quantum computation supports calculating the dynamics of a small molecule
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Molecular Dynamics Simulation

By using force field, molecular dynamics simulation supports the simulation of the dynamics of a protein

Force Field

𝐹 = 𝑚 ⋅ 𝑎Newton’s second law:
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Molecular Dynamics Simulation

Moore's law

Small molecules ProteinsAtoms Organelles Cells

HPC Quantum ComputerModern ComputerAnalytical Engine ENIAC
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Graph

Network

Graph

G(N, E)

N: nodes

E: edges
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Chemical Compound
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Protein Structure
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Non-coding RNA 3D structure prediction 

The first manually predicted tertiary structure of tRNA was 
regarded as a milestone in the emergence of bioinformatics

1969

The core of group I intron was solved based on extensive sequence 
comparisons, secondary structures, and published mutagenesis data.

1989

Only 4924 RNA 3D structures in PDB (>165,266 proteins in PDB)
22,776,905 non-coding RNA sequences in RNAcentral

Now

1995
31 RNA 3D structures in PDB

2005
462 RNA 3D structures in PDB

Gene

<3%Protein 
encoding

Non-coding
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Difficulties in RNA 3D structure prediction 

Sequence

Final Prediction

Scoring

Sampling

AUGCGUCA⋯

Multiple Conformations ⋯
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Distance distribution

Wang, Jian, et al. Nucleic acids research 43.10 (2015): e63-e63.

Base pairing and base stacking information is implied in distance distribution
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Backbone torsion angle distribution

Wang, Jian, et al. Nucleic acids research 43.10 (2015): e63-e63.

Backbone conformation is implied in torsion angle distribution
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Results in Test I, II, and III

Wang, Jian, et al. Nucleic acids research 43.10 (2015): e63-e63.

𝐸𝑡𝑜𝑡𝑎𝑙 = 𝐸𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 +𝜔𝐸𝑑𝑖ℎ𝑒𝑑𝑟𝑎𝑙

𝐸𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 = −𝑘𝐵𝑇෍
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𝑅𝐸𝐹 𝑑𝑎𝑏
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𝐸𝑑𝑖ℎ𝑒𝑑𝑟𝑎𝑙 = −𝑘𝐵𝑇෍
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Difficulties in RNA 3D structure prediction 

Sequence

Final Prediction

Scoring

Sampling (3dRNA, iFoldRNA)

AUGCGUCA⋯

Multiple Conformations ⋯
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Secondary Structure Tree

Wang, Jun, Wang, Jian, et al. IJMS. 20.17 (2019): 4116.

L1

L2

L3

L4

L5

L6

L7

L8

L9

Secondary Structure Element

Hairpin Loop

Internal Loop

Junction
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Fragment-assembly

Wang, Jun, Wang, Jian, et al. IJMS. 20.17 (2019): 4116.
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Fragment-assembly

Wang, Jun, Wang, Jian, et al. IJMS. 20.17 (2019): 4116.

Fragment assembly is like building blocks.
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Integrating Restraints

Wang, Jun, Wang, Jian, et al. IJMS. 20.17 (2019): 4116.

Manual

Restraints such as hydroxyl radical probing (HRP), cross-linking, and direct coupling 
analysis (DCA) can be used as restraints to improve RNA modeling
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RNA 3D Structure Optimization

Wang, Jian, et al. Nucleic acids research 45.11 (2017): 6299-6309.

Coarse-grained 
model

Sampling

𝐺 = 𝐺𝑣𝑏−𝑙𝑒𝑛+ 𝐺𝑣𝑏−𝑎𝑛𝑔+ 𝐺𝑣𝑏−𝑡𝑜𝑡 +𝐺𝑠𝑡𝑎𝑐𝑘𝑖𝑛𝑔 +𝐺𝑝𝑎𝑖𝑟𝑖𝑛𝑔+𝐺𝑟𝑒𝑠𝑡𝑟

vb-len

vb-ang

vb-tot Base

Base

Base

P

P

P

C4’

C4’

C4’

Energy Function
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Test Results

Wang, Jian, et al. Nucleic acids research 45.11 (2017): 6299-6309.

Native，Optimize w/o restraints，Optimize w/ restraints
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How many restraints should we impose?

Wang, J, et al. Nucleic acids research. 47.11 (2019): 5563-5572.

Constraints

R
M

S
D

Expected

When using more than 60% of the contacts as constraints, the RMSD of the predicted model gets higher.
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Difficulties in RNA 3D structure prediction 

Wang, J, et al. Nucleic acids research. 47.11 (2019): 5563-5572.

No restraints 40% restraints 80% restraints

NN: local minimum state near the native state
DN: local minimum state distant from the native state

By using more restraints, there may be more energy barriers in the free energy landscape.
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Restraints Derivation

Wang, J, et al. Nucleic acids research. 47.11 (2019): 5563-5572.

The larger the distance variation, the higher the importance of the corresponding restraint.

Distance Variation (DV): the difference between the minimum distance 
and the maximum distance between two residues
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Difficulties in RNA 3D structure prediction 

Wang, J, et al. Nucleic acids research. 47.11 (2019): 5563-5572.

By sorting the constraints by the importance, we can use only the constraints that let us 
achieve the highest performance.
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iFoldRNA

http://ifoldrna.dokhlab.org
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Virtual Screening

Wang, Jian, and Nikolay V. Dokholyan. JCIM 59.6 (2019): 2509-2515.
https://summerofhpc.prace-ri.eu/re-ranking-virtual-screening-results-in-computer-aided-drug-design

https://www.cresset-group.com/software/forge-qsar-models/

Molecular Docking

QSAR (Quantitative structure-activity relationship)

Risk of highly inaccurate 
predictions of pharmacological or 
biological activity

Time-consuming
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MedusaDock

Wang, Jian, et al. JCIM. 59.6 (2019): 2509-2515.
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MedusaDock

Wang, Jian, et al. JCIM. 59.6 (2019): 2509-2515.
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MedusaDock website

https://dokhlab.med.psu.edu/medusadock
Wang, Jian, et al. JCIM. 59.6 (2019): 2509-2515.
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MedusaNet: Guiding Conventional Protein–Ligand Docking Software

Jiang, Huaipan, et al. JCIM 60.10 (2020): 4594-4602.

Dr. Mahmut Kandemir

Huaipan Jiang
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MedusaNet: Guiding Conventional Protein–Ligand Docking Software

MedusaNet improves both the efficiency and accuracy of MedusaDock

Jiang, Huaipan, et al. JCIM 60.10 (2020): 4594-4602.
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NeuralDock: Rapid and conformation-agnostic docking of small molecules

Congzhou, M. Sha, Jian Wang, and Nikolay V. Dokholyan.  bioRxiv (2021).

Congzhou Sha

Dr. Nikolay Dokholyan
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Comparison to traditional docking software

NeuralDock is comparable to traditional docking software
Congzhou, M. Sha, Jian Wang, and Nikolay V. Dokholyan.  bioRxiv (2021).

   

      

   

   

Tesla T4 GPU, training in a week
96000 protein-small molecule pairs

937 million ZINC compounds took 21 hours on 25 GPUs
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Target identification

Virtual Screening Target Identification
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Current compound-protein interaction prediction models

DeepConv-DTIDeepDTA
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Compound-Protein Interaction Predictor (Yuel)

Wang, J., Dokholyan N.V. Biorxiv

The protein features and the compound features are multiplied to 
evaluate the pairwise residue-atom interaction.
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Evaluation of the predictability of Yuel

Davis/Davis:             Models are trained on Davis and tested on Davis
PDBbind/PDBbind: Models are trained on PDBbind and tested on PDBbind
Davis/PDBbind:       Models are trained on Davis and tested on PDBbind

Compound Similarity

Protein Similarity

Davis and PDBbind are dissimilar
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Testing CPIP in the datasets with the protein sequence shuffled

Wang, J., Dokholyan N.V. Biorxiv

PDBbind Davis

Shuffle the protein sequence in the test sets 

…

When shuffling the protein sequences, DeepDTA and 
Deep-Conv-DTI still predict high affinity between the 
shuffled protein and the compounds.

Yuel

DeepDTA

DeepConv-DTI
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Yuel can predict hotspot atoms and residues

Wang, J., Dokholyan N.V. Biorxiv

PDBID: 2IHQ

Yuel can predict compound atoms that interact with the protein (hotspot atoms) as well as 
protein residues that interact with the compound (hotspot residues).
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Allostery in various heterogeneous materials

Allostery in GPCR

Wootten, D., et al. Nat. 
Rev. Drug Discov 2013; 12: 
630.

Allostery in RNA

Translation off

Translation on

Ligand

Allostery in mechanical networks

Rocks, J. W., et al. PNAS 2017; 114: 2520-2525.Ren, A., et al. Nature 2012; 486: 85.

Allostery
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Allosteric Pathways and Critical Nodes

Lisi G. P., et al. Curr Opin Struct Biol 2017; 47:123-130 

Allosteric Pathways

Critical nodes

Allosteric Site?

Active Site

?
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Residue Interaction Network

Wang, J., et al.  Nature communications 11.1 (2020): 1-13.

1

1

1

Social Network Residue Interaction Network
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Perturbation Propagation Algorithm

Wang, J., et al.  Nature communications 11.1 (2020): 1-13.

𝑃𝑖𝑗 = 1− 𝑒−𝛼⋅𝑁𝑖𝑗

0.00 0.50 0.10 0.62 1.00

0.50 0.00 0.40 0.87 0.20

0.10 0.40 0.00 0.98 0.22

0.62 0.87 0.98 0.00 0.75

1.00 0.20 0.22 0.75 0.00

Contact Matrix (C) Matrix of number of contacts per atom (N)

1.67 0.83 0.17 1.03 1.67

0.83 1.57 0.67 1.45 0.33

0.17 0.67 1.70 1.64 0.36

1.03 1.45 1.64 2.00 1.25

1.67 0.33 0.36 1.25 1.97

Perturbation Transfer 
Probability Matrix (P)

𝑁𝑖𝑗 =
𝐶𝑖𝑗
𝐶𝑖
, 𝑁𝑖𝑗 =

𝐶𝑖𝑗
𝐶𝑖

𝐶𝑖𝑗 =෍

𝑎,𝑏

𝐻 𝑟0 − 𝑟𝑎
𝑖 − 𝑟

𝑏
𝑗

Res 1

Res 2

Res 3
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Perturbation Propagation Algorithm

Wang, J., et al.  Nature communications 11.1 (2020): 1-13.

1

0.00 0.50 0.10 0.62 1.00

0.50 0.00 0.40 0.87 0.20

0.10 0.40 0.00 0.98 0.22

0.62 0.87 0.98 0.00 0.75

1.00 0.20 0.22 0.75 0.00

Perturbation Transfer 
Probability Matrix (P)
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Perturbation Propagation Algorithm

Wang, J., et al.  Nature communications 11.1 (2020): 1-13.
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Perturbation Propagation Algorithm

Wang, J., et al.  Nature communications 11.1 (2020): 1-13.
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Perturbation Propagation Algorithm

Wang, J., et al.  Nature communications 11.1 (2020): 1-13.
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Perturbation Propagation Algorithm

Wang, J., et al.  Nature communications 11.1 (2020): 1-13.
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Repeat 10000 times

Allosteric Correlation Intensity
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Chemotaxis protein Y (CheY)

Lee S‐Y, et al. Nat Struct Biol 2001; 1: 52–56.
Formaneck, et al. Proteins 2006; 63: 846-867.

“Y–T” coupling 

scheme

The phosphorylation of D57 residue of CheY can activate the binding of FliM and other flagellar motors at the distal binding surface.
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Identification of the allosteric site in CheY

Wang, J., et al.  Nature communications 11.1 (2020): 1-13.
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Critical residues in allosteric pathways of CheY

Wang, J., et al.  Nature communications 11.1 (2020): 1-13.

D57

Y87 T106
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Allosteric correlation intensities in mutations of CheY

Wang, J., et al.  Nature communications 11.1 (2020): 1-13.
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Prediction of All Residue-wise Allosteric Correlations

Wang, J., et al.  Nature communications 11.1 (2020): 1-13.

NMR Chemical Shift Covariance Analysis (CHESCA) OHM
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Ohm website

http://Ohm.Dokhlab.org
Wang, J., et al.  Nature communications 11.1 (2020): 1-13.



7:12 AM 59

Applications of Structural Bioinformatics

RNA Modeling

Protein Allostery

Compound-protein interaction

Antisense drugs

Identifying new druggable site

Drug delivery

Drug screening, Target identification
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RNA Modeling in Nucleic Acid Nanoparticle Design

Dr. Kirill Afonin
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RNA Modeling in Nucleic Acid Nanoparticle Design
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Virtual Screening

https://summerofhpc.prace-ri.eu/re-ranking-virtual-screening-results-in-computer-aided-drug-design/
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Targeting 6- and 7-transmembrane μ-opioid receptor isoforms

Dr. Luda Diatchenko

UNC
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Understanding Prediction Design

Conclusion

RNA Scoring

CPI Evaluation

Protein Allostery Mapping

RNA Modeling
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Designing new biomolecules

RNA DesignProtein Design

Drug Design

Graph Design
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Graph Design

C C

C

C C C C

C

C C

C C

C

C C

S

C

Policy Network Value Network

Accept

Reject

Policy network makes decisions and Value network evaluates the situation
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