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Motivation

« Consensus EMA methods can show good performance when the quality
of the model pool is good. Single-model EMA methods can show better
performance than the consensus method when the quality of the model
pool is poor.

* How to leverage the advantages of single-model methods and consensus
methods to improve the performance of protein model quality assessment?



DeepUMQA-X server Pipeline

Global perspective

: Models Top 1/4 (GuijunLab-QA EMA)
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Single-model EMA Methods




Single-Model Method 1 for IDDT (GraphCPLMQA2)
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Local assessment of complex model quality using enhanced network and Evoformer
representation based on GraphCPLMQA (GuijunLab-Pathreader EMA)
GraphCPLMQA Liuetal., BIB 2024



Single-Model Method 2 for TM-score
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Single-Model Methods of Dataset

Monomer

Dimer

The construction process of monomer database and complex database

criteria

Minimum resolution <= 2.5 A
Protein length 50~400 residues
Sequence similarity <= 35%
Before 2021.11

15.054 Proteins

Minimum resolution <= 2.5
Protein length 50~1000 residues
Sequence similarity <= 40%
Before 2022.1

_—>
11.838 Proteins

Decoys generation method

Structural dihedral adjustment
Template modeling
Deep learning-guided changes

Docking
Deep learning modeling
Noise chain orientation

Monomer Dataset

1,378,676 models

Complex Dataset
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1.443.856 models




Protein Features of Single-Model Methods

Geometry features Sequence features

Triangle Position (USR improved version)
Voxelization

Distance and orientation

Backbone angle and length

Second structure

[ ]

Amino Acid Properties
Relative position encoding

Evolution features Statistical features

Rosetta energy

e Embedding of protein language models
Blosum62 score matrix

e MSA Embedding of AlphaFold



Consensus EMA methods




Structural Alignment of Consensus Methods

A naive way to obtain consensus information between multiple models:
Structural alignment




Lightweight Structure Align

How to quickly align large assemblies or massive complex model structures?

* Interface Sequence Align (At least 10 times faster)

-AJGL-AJ-PI-FJHGL...
-AJ-L-AJ-PIG--HGL...

D-SILKFG--KL-SGA...
J-L-AJ-PIH--HGL...

. mmm) -AJGL-AJ-PI-FIHGL.. >

H1227 model-5689 AA H1227 interface model-1560 AA Interface sequence Interface Residues Align



QMODE3: Model Selection Pipeline
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Results




Case Study: T12010 - Homomer

Summary of submitted prediction models
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Case Study: T12010 - Homomer
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Case Study: H1213 - Heteromer

Pearson
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Case Study: H1213 - Heteromer

Summary of MassiveFold (MF) sample models
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Case Study: H1233 - Antibody antigen

Summary of submitted prediction models
Type AUC ToplLoss

SCORE 0.919 0.01
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Case Study: H1233 - Antibody antigen
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Case Study: H1227 - Large assembly

Summary of submitted prediction models
Type Pearson AUC ToplLoss
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Case Study: H1227 - Large assembly
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Case Study: H1204 - Nanobody Complex
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Conclusions

Work
 DeepUMQA-X Server
 GraphCPLMQAZ2 (Improved version)
» Global scoring Method
* Interface Sequence Align (Lightweight Structure Align )

Assessment Challenges
« Large Assemblies
« Antibody-antigen complex
« Ensemble structures
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