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RESULTS DISCUSSION

Performance Analysis - K-Fold Cross-Validation (5 folds)

INTRODUCTION

The global burden of obesity and type 2 diabetes mellitus (T2DM) is a major
public health challenge. Over 650 million adults worldwide are obese, and
537 million individuals live with diabetes. In the U.S., ~40% of adults have
metabolic syndrome, which doubles cardiovascular risk and increases
annual healthcare costs to $5,732 per patient compared to $3,581 for those
without the condition [1].

Results highlight receptor-dependent modeling challenges:
* GCGR =Improved compared to models in literature

e GLP1R =Comparable to modelin literature

 GIPR =data-limited but mitigated with transfer learning
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Motif analysis:
The preservation of the EGTF generated sequences aligns with
Its known importance for incretin receptor recognition
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Clinical breakthroughs:

* New Incretin Therapeutics Targeting Glucagon Receptor (GCGR), Gastric .
Inhiblto ry Pe ptide Receptor (GIPR)’ and GLP1 Rece ptor (G LP1 R). | AUC-OC Distribution Across Folds (Final Stage) Performance Progression Across Stages leltatlons:

e Tirzepatide (dual GIPR/GLP1R agonist): HbA1c reduction up to 2.58% in Dataset may have systematic bias due to multi-laboratory
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SURPASS trials [2]. origins
* Retatrutide (triple GCGR/GLP1R/GIPR agonist): 24.2% weight loss at 48 Experimental validation remains essential before therapeutic
weeks (Phase 2) [3]. application.
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Multi-task convolution neural networks (CNN) [4]:
* Constrained to dual GCGR/GLP1R agonist design

However, The GAT-based predictor offers practical applications
for peptide drug discovery.

. ' GCGR GLP1R GIPR " Initial Transfer Unified
(n=5 folds) (n=5 folds) (n=5 folds) raining Stage
* Fixed Sequence Length of 30 AAs oS fles s ol oS ol Treining Stag
° L| m |te d tO Sta N d q I’d AAS Figure 2: Performance Analysis of Graph Attention Network Using 5-Fold Cross-Validation. Transfer learning evaluation across three training stages: Stage 1 (initial GCGR+GLP1R training), Stage 2 (GIPR transfer learning), and Stage 3 (unified fine-tuning). (A)
AUC-ROC scores demonstrating consistent high performance across all receptors and stages (>0.84 for all conditions). (B) F1-scores showing robust classification performance with values exceeding 0.81 across all receptor-stage combinations. (C) Box plots

illustrating AUC-ROC score distributions across 5 folds for the final unified stage, with median values above 0.9 for GCGR and GIPR, and 0.85 for GLP1R. (D) Performance progression trajectories showing stable or improved AUC-ROC scores from initial to unified
training stages for all three receptors. Error bars represent standard deviation across folds. Dashed horizontal line indicates random classifier performance (AUC-ROC = 0.5).

Graph Attention Networks [5]

e Accommodates variable length peptide sequences
g p p q Performance Comparison: Novel Sequences vs Complete Validation Set
¢ P re S e rve S m O l-e C u la r to p O l-ogy Significance: *** p<0.001, ** p<0.01, * p<0.05, n.s. = not significant F1-Score Comparison AUC-PR Comparison

We developed a GAT-based framework to predict multi-receptor peptide

bmc.jm.g a',qd combined it with &,] gepetlc algprlthm for gequence The Graph Attention Network approach successfully generated
optimization. Independent validation confirmed predictive

. : . . r | | optimized peptide candidates with balanced multi-receptor
performance, while GA-driven optimization produced novel peptide " ” "~ o L o L p . p. p ., L ] p
candidates for experimental prioritization binding activity, providing a systematic pipeline to prioritize

N Novel (=80%) I Novel (=80%)

a) Root Mean Square Error Comparison Coefficient of Determination (R?) Comparison Pearson Correlation Comparison W= Complete Set : : i A ) W= Complete Set

mm GAT
p=0.13¢ ™ CNN
n.s.

This work presents the first comprehensive Al framework for
rational triple agonist peptide design, demonstrating significant
receptor-specific computational advantages over established
methods.
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Figure 3: Comparative Performanpe AnalyS|§ of Graph Attention Networks versus Ensemble Multi-task Con_vqlutlonal Figure 4: GAT Model Performance Comparison Between Novel Sequences and Complete Validation exp erime nta l Va l.l d at lon effO I’tS )
Neural Networks. Performance metrics comparlng GAT (b_lue.) _and CNN ensemb.le .(red) models across EC50 prediction targets. Set. Performance evaluation comparing novel sequences with <80% similarity to training data (red) versus
Datasat V\(l,iA;)l']RCooontqmean square error (RMSE) comparison sh:wmg significantly low_er' prediction err.or fgr GA1;on ECSO_.LOG_T1 (p=0.00'1) the complete validation dataset (blue). (A) F1-score comparison demonstrating comparable performance Th | S CO m p utat | O N a l fra m eWO I‘k Offe I‘S a N a ccele rated pat hway
. parable performance on EC50_LOG_T2 (p=0.136, n.s.). (B) Coefficient of determination (R") comparison demonstrating _ . .
[ ] 234 pEPtIdEE (GCGR GLP1R . . : : ) _ for GCGR and GLP1R, with novel sequences showing superior performance for GIPR (0.900 vs 0.870). (B)
' r superior explained variance for GAT on EC50_LOG_T1 (p<0.001) with equivalent performance on EC50_LOG_T2 (p=0.136, n.s.). o ' . f d l. . t t d . b t d b t

GIPR) (C) Pearson correlation coefficients indicating stronger linear relationships for GAT predictions on EC50_LOG_T1 (p<0.001) and Area under the precision-recall curve (AUC-PR) comparison revealing excellent performance across all Oor aevelo pl ng nex -ge Neration aijapetes ana opesi y
™ 24 Validation 5E£||.IEI1I‘.:E5 comparable correlations on EC50_LOG_T2 (p=0.136, n.s.). Statistical significance determined by paired t-tests: ***p<0.001, receptors, with novel sequences achieving perfect discrimination for GCGR (AUC-PR = 1.000) and . . . . .
e High Affinity EC50: 1000 pM **p<0.01, *p<0.05, n.s. = not significant. maintaining high performance for GLP1R (0.985) and GIPR (0.805). therapeutics while establishing a broadly applicable
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Alignment of Top 20 Peptides to Native Sequences Conservation Pattern methodology for multi-target drug discovery across other

GLP-1 & GIP therapeutic areas.
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Validation
5-fold cross validation
Independent Validation
Compare with literature
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Conservation Score per Position
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Figure 5: Sequence Alignment of Top 20 GA-Optimized Peptides Compared to Native Hormone Sequences Multiple sequence alignment of the highest-ranking genetic algorithm-generated peptides (Rank 1-20) against native hormone sequences (glucagon, GLP-1, GIP). A) Amino acid

F. 1 . D t P. l. positions are colored according to sequence similarity patterns: red indicates conservation across all three native sequences, pink shows GLP-1/GIP conservation, cyan represents GlIP/glucagon similarity, blue indicates GLP-1-specific residues, purple shows glucagon-specific residues, green
Igu re 1. ata Ipe Ine. denotes GLP-1-only conservation, and gray represents unique variations. B) Conservation Score of the top 20 rank peptides by sequence position.
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Peptide Generation

¢ Using GAT to guide peptide

e Optimize binding, motifs,
plausibility

* Generation of novel candidates
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