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The inevitable doubts deep-learning methods encounter

• Strong MSA-derived bias?

• Over-engineered models?

• No new biological insights?

Thornton, J. M. Nature Medicine (2021)
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Benchmarking AlphaFold2 and RosettaFold requires care 
and attention

Subramaniam, S. Nature Methods (2022)

• What are the strengths and drawbacks?

• Are they immediately applicable for structural biologist?

• Are low-confidence structures completely useless?

Benchmark = validate a method using various datasets



A structural biology community assessment of AlphaFold2

Akdel, M. BioRxiv (2021)

Pedro Beltrão
2022- ETH Zürich

2013-2021 EMBL-EBI



AlphaFold2 / RoseTTAFold

Database Applications

Coverage

Confidence level

Structural element

Mutation variant

Binding site, 
Protein multimer,

Experimental data,
…



Existing databases have already generated hundreds of 
thousands of protein models

Kiefer, F. Nucleic Acids Research (2009)

SWISS-MODEL Repository
(homology modeling)

Pfam database 
(trRosetta) 

Yang, J. PNAS (2020)

AlphaFold2 database
(AlphaFold2)

Jumper, J. Nature (2021)

+



AlphaFold2 offered additional structures with an applicable 
confidence metric

Akdel, M. BioRxiv (2021)

• AF2 added 25% residues with novel and confident predictions compared to SMR.

• AF2 confidence score pLDDT correlated with RMSD value from trRosetta model.

Remarks: novel = not in SMR; confident = pLDDT > 70



pLDDT stood as a predictor for novel protein fragments

Remarks: SASA = solvent accessible surface area; IUPred2 = a disorder prediction method

• Across 11 species, 18429 contiguous regions are “domain-like” with pLDDT > 70.

• Low confidence predictions are significantly enriched for IDRs.

Wheelan, S. J. Bioinformatics (2000) Mészáros, B. NAS (2018)

Akdel, M. BioRxiv (2021)



Protein space could be visualized and clustered into 
characteristic structural elements

Akdel, M. BioRxiv (2021)
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Protein space could be visualized and clustered into 
characteristic structural elements
• Clusters exclusively composed of AF2-derived structures

• Clusters exclusively composed of PDB proteins

• Limited number of species and proteins covered by AF2 database.

• Structure under intense studies by the academia/industries (i.e, antibodies)

AF2 database indicates rarely studied fields as well as topics of high interest.
Akdel, M. BioRxiv (2021)
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Deep mutational scanning revealed phenotypic 
consequences of genetic variation but lacked structural clues

Fowler, D. M. Nature Methods (2014)

Enrichment 
ratio (ER)



Akdel, M. BioRxiv (2021)

AF2-derived structures could be applied in structural 
hypotheses about the impact of mutations

experimental modelsAF2-derived models

Remarks: DMS = deep mutational scanning

RoseTTA FoldX DynaMut

∆∆𝐺𝐺
DMS results Correlation 𝜌𝜌



Akdel, M. BioRxiv (2021)

High-confidence and low-confidence structures indicate 
different tolerance to mutations

Remarks: DMS = deep mutational scanning



Other aspects worthy of paying attention…

Pocket detection and function prediction Modelling into cryo-EM/crystallographic data

Akdel, M. BioRxiv (2021)
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Emerging Researches 
Involving AlphaFold2 and RoseTTAFold

Discussion



Experimental methods inspecting protein-protein interaction 
(PPI) lose high-resolution structure information

Affinity purification mass spectrometry Yeast two-hybrid

https://ib.bioninja.com.au/ Dr. Wei Wang’s powerpoint



Building accurate models of core eukaryotic protein 
complexes with combination of RoseTTAFold and AlphaFold2

Qian Cong
2020- UT Southwestern
2017-2020 UWashington

Key idea: residues in interprotein contacts coevolve!



Humphreys, I. R. Science (2021)

PPI screen using RoseTTAFold + AlphaFold2 with paired 
multiple sequence alignments (pMSAs)

Selected 4090 yeast proteins and their orthologs

Built 4286433 paired alignments

Got 5495 PPIs with RoseTTA or skip

Got 715 PPIs with modified AlphaFold
Data
size



Remarks: DCA = direct coupling analysis
Humphreys, I. R. Science (2021)

https://en.wikipedia.org/wiki/Precision_and_recall

715 candidate PPIs were selected by de novo RF → AF 
pipeline 



De novo PPI screen procedure identified much fewer PPIs 
than experimental methods

Humphreys, I. R. Science (2021)

• Higher ratio = more true positive

• Lower ratio = more false positive

AF helps filtering out false positives

Gold = gold standard (ground truth)

Curated = literature dataset

BIOGRID = curated PPI database

Exp. Studies + AFRF+AF RF+AF



AF predicted interprotein contacts with high accuracy

With structure and data

With data

Not reported

699
700

106

Humphreys, I. R. Science (2021)

(RF+AF) ⋃ (Exp.+AF)



Humphreys, I. R. Science (2021)

The protein-protein interaction gallery



Limitation of the de novo RF → AF pipeline 

• Available pMSAs are limited for specific organism.

• PPIs with stronger coevolutionary signals are easier to be identified.

• PPIs with stronger interactions between ordered elements are easier to be found.

General limitations

• Single hydrophobic/amphipathic helices interactions may be overpredicted.

• High-order obligate protein complexes may be quite inaccurate.

Specific limitations



New researches on the way…

Evans, R. BioRxiv (2022)
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Remaining Opportunities and 
Challenges for Structural Biology

Discussion



Deep-learning-based methods facilitate biomedical researches

Deep-
learning

Protein 
structure 
prediction

Structural 
biology

Increase data coverage 
and accuracy

Facilitate protein design, 
variants study, and 

experimental methods



Deep-
learning

Protein 
structure 
prediction

Structural 
biology

Support with physical models 
(i.e., molecular docking, 

dynamics simulation)

Combination with 
high-resolution experimental 
data, new biophysical models

Deep-learning also gains support from existing methods

Lack of training sets
(i.e., ligands)

Lack of dynamics clues
(i.e., protein folding)

Mysterious and enormous 
protein complexes
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Summary
• AlphaFold2 and RoseTTAFold are deep-learning-based methods that apply 

attention algorithms on MSA and paired distance matrices to iterate accurate 

protein structures.

• Both high- and low-confidence predicted structures have biological implications.

• Predicted models have potentials in studying mutational variants, enzymatic 

domains, ligand-biding sites, protein design, etc.

It is the prelude to solving protein mechanism and function.
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Thank you for your attention
Questions are welcomed
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