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Table S1. CellAutoFM adaptation strategy benchmarks. Five-fold cross-validation results for zero-shot inference, linear probing, and LoRA fine-tuning across two classification tasks: Five-Timepoint (temporal autophagy progression) and Nutritional State (Fed vs. Starved). Metrics include Accuracy, Within-1 Accuracy, Distribution-Weighted Accuracy (DWA), and Quadratic Weighted Kappa (QWK) for the Five-Timepoint task, and Accuracy, F1, Precision, and Recall for the Nutritional State task. Values represent mean performance across five folds.
	Five-Timepoint Classification (Five-Fold Mean)
	Nutritional State Classification (Five-Fold Mean)

	Adaptation Methods
	Accuracy
	Within-1 Accuracy
	Distribution-Weighted Accuracy (DWA)
	Quadratic Weighted Kappa (QWK)
	Accuracy
	F1
	Precision
	Recall

	Linear Probing
	0.266
	0.585
	0.640
	0.218
	0.773
	0.819
	0.775
	0.889

	Zero-Shot
	0.201
	0.510
	0.592
	0
	0.506
	0.522
	0.547
	0.605

	LoRA
	0.365
	0.689
	0.711
	0.396
	0.844
	0.883
	0.799
	0.986



Table S2. Ablation study of training set size on CellAutoFM performance. Classification performance across varying training data proportions (1%, 10%, 25%, 50%, and 100%) evaluated on a fixed 20% held-out test set. Metrics include Accuracy, Within-1 Accuracy, Distribution-Weighted Accuracy (DWA), and Quadratic Weighted Kappa (QWK) for the Five-Timepoint task, and Accuracy, F1, Precision, and Recall for the Nutritional State task. Values represent mean performance across five folds.
	[bookmark: OLE_LINK3]Five-Timepoint Classification
	Nutritional State Classification

	Models
	Accuracy
	Within-1 Accuracy
	Distribution-Weighted Accuracy (DWA)
	Quadratic Weighted Kappa (QWK)
	Accuracy
	F1
	Precision
	Recall

	Training Subset (1%)
	0.199
	0.592
	0.670
	0.016
	0.576
	0.647
	0.643
	0.651

	Training Subset (10%)
	0.292
	0.589
	0.642
	0.232
	0.817
	0.864
	0.779
	0.968

	Training Subset (25%)
	0.326
	0.633
	0.670
	0.304
	0.836
	0.877
	0.792
	0.983

	Training Subset (50%)
	0.333
	0.635
	0.673
	0.306
	0.838
	0.878
	0.794
	0.982

	Training Subset (100%)
	0.372
	0.679
	0.700
	0.380
	0.855
	0.891
	0.811
	0.988



Table S3. Benchmark performance comparison of ADMET Ranker™ against public ADMET prediction platforms. Classification metrics (AUC, ACC, F1, precision, recall) and regression metrics (R, R², RMSE, MAE) were calculated using curated external test sets. High Confidence mode indicates predictions filtered by applicability domain. Best values per endpoint are shown in bold.
	Platform
	ADMET Property
	Data Type
	AUC
	ACC
	F1
	Precision
	Recall
	R
	R2
	RMSE
	MAE

	ADMET Ranker
	Hepatotoxicity
	Classification
	0.77
	0.77
	0.7
	0.69
	0.77
	
	
	
	

	ADMET Ranker High Confidence
	Hepatotoxicity
	Classification
	0.79
	0.79
	0.72
	0.71
	0.79
	
	
	
	

	ADMETlab 3.0
	Hepatotoxicity
	Classification
	0.67
	0.77
	0.65
	0.64
	0.67
	
	
	
	

	pkCSM (Deep-PK)
	Hepatotoxicity
	Classification
	0.57
	0.44
	0.43
	0.55
	0.57
	
	
	
	

	ADMET Ranker
	hERG
	Classification & Regression
	0.85
	0.86
	0.85
	0.85
	0.85
	0.75
	0.54
	0.516
	0.359

	ADMET Ranker High Confidence
	hERG
	Classification
	0.87
	0.88
	0.87
	0.87
	0.87
	
	
	
	

	ADMETlab 3.0
	hERG
	Classification
	0.66
	0.71
	0.67
	0.72
	0.66
	
	
	
	

	admetSAR 3.0
	hERG
	Classification
	0.65
	0.68
	0.65
	0.67
	0.65
	
	
	
	

	pkCSM (Deep-PK)
	hERG
	Classification
	0.63
	0.69
	0.63
	0.69
	0.63
	
	
	
	

	ADMET-AI
	hERG
	Classification
	0.58
	0.66
	0.54
	0.73
	0.58
	
	
	
	

	ADMET Ranker
	Phototoxicity
	Classification
	0.65
	0.64
	0.64
	0.65
	0.65
	
	
	
	

	ADMET Ranker High Confidence
	Phototoxicity
	Classification
	0.93
	0.94
	0.93
	0.93
	0.93
	
	
	
	

	admetSAR 3.0
	Phototoxicity
	Classification
	0.51
	0.55
	0.43
	0.55
	0.51
	
	
	
	

	ADMET Ranker
	BBB
	Classification
	0.82
	0.93
	0.87
	0.94
	0.82
	
	
	
	

	ADMET Ranker High Confidence
	BBB
	Classification
	0.86
	0.95
	0.9
	0.95
	0.86
	
	
	
	

	ADMETlab 3.0
	BBB
	Classification
	0.66
	0.55
	0.52
	0.6
	0.66
	
	
	
	

	admetSAR 3.0
	BBB
	Classification
	0.61
	0.84
	0.63
	0.86
	0.61
	
	
	
	

	pkCSM (Deep-PK)
	BBB
	Classification
	0.61
	0.83
	0.63
	0.73
	0.61
	
	
	
	

	SwissADME
	BBB
	Classification
	0.56
	0.6
	0.52
	0.54
	0.56
	
	
	
	

	ADMET-AI
	BBB
	Classification
	0.63
	0.84
	0.65
	0.77
	0.63
	
	
	
	

	ADMET Ranker
	MDCK_ER
	Classification
	0.73
	0.78
	0.74
	0.79
	0.73
	
	
	
	

	ADMET Ranker High Confidence
	MDCK_ER
	Classification
	0.74
	0.81
	0.76
	0.82
	0.74
	
	
	
	

	admetSAR 3.0
	MDCK_ER
	Classification
	0.62
	0.68
	0.63
	0.66
	0.62
	
	
	
	

	ADMET Ranker
	Caco-2 PappA2B
	Regression
	
	
	
	
	
	0.605
	0.357
	0.665
	0.437

	ADMETlab 3.0
	Caco-2 PappA2B
	Regression
	
	
	
	
	
	0.389
	0.123
	0.777
	0.548

	admetSAR 3.0
	Caco-2 PappA2B
	Regression
	
	
	
	
	
	0.395
	0.096
	0.789
	0.578

	pkCSM (Deep-PK)
	Caco-2 PappA2B
	Regression
	
	
	
	
	
	0.195
	-0.202
	0.909
	0691

	ADMET-AI
	Caco-2 PappA2B
	Regression
	
	
	
	
	
	0.399
	0.094
	0.789
	0.586

	ADMET Ranker
	Ames
	Classification
	0.63
	0.63
	0.63
	0.64
	0.63
	
	
	
	

	ADMET Ranker High Confidence
	Ames
	Classification
	0.65
	0.64
	0.64
	0.65
	0.65
	
	
	
	

	ADMETlab 3.0
	Ames
	Classification
	0.54
	0.54
	0.49
	0.56
	0.54
	
	
	
	

	admetSAR 3.0
	Ames
	Classification
	0.51
	0.51
	0.44
	0.53
	0.51
	
	
	
	

	pkCSM (Deep-PK)
	Ames
	Classification
	0.59
	0.59
	0.59
	0.59
	0.59
	
	
	
	

	ADMET-AI
	Ames
	Classification
	0.61
	0.61
	0.6
	0.62
	0.61
	
	
	
	








Table S4. PROCAT Model Training Configuration. Summary of hyperparameters, optimization settings, and data preprocessing procedures employed for training the PROCAT model. The table details the optimizer configuration, loss function components, negative sampling strategy for balanced training, and standardization procedures for protein sequence and drug molecule inputs.
	Parameter Category
	Parameter
	Value / Description

	Optimization

	Optimizer
	Adam

	
	Learning Rate
	5e-5

	
	Batch Size
	64

	Loss Function
	Primary Loss
	Binary Cross-Entropy (BCE)

	
	Regularization
	L2 Weight Regularization

	Data Handling
	Negative Sampling Strategy
	Balanced positive and negative samples (1:1 ratio) were used. Negative pairs were randomly sampled from drug-target combinations not present in the positive dataset.

	Input Preprocessing
	Protein Sequence Handling
	Sequences were truncated or zero-padded to a fixed maximum length of 1,200 residues.

	
	Drug Molecule Handling
	Molecules were represented as graphs. Graphs were padded with virtual nodes to a fixed maximum of 290 atoms.



Table S5. Benchmark Performance Comparison on BindingDB. Comparative evaluation of PROCAT against state-of-the-art drug–target interaction prediction models on the BindingDB dataset using random split validation. Performance metrics include Area Under the ROC Curve (AUC), F1-score, Accuracy (ACC), Precision, Sensitivity, and Specificity. All values represent performance on the held-out test set.
	Models
	Split
	AUC
	F1
	ACC
	Precision
	Sensitivity
	Specificity

	TransformerCPI
	random
	0.947
	0.860
	0.885
	0.866
	0.854
	0.907

	MolTrans (Harvard)
	random
	0.943
	0.851
	0.877
	0.853
	0.849
	0.897

	GraphDTA_GAT_GCN
	random
	0.935
	0.850
	0.877
	0.864
	0.836
	0.907

	GraphDTA_GAT
	random
	0.935
	0.843
	0.875
	0.879
	0.810
	0.921

	GraphDTA_GCN
	random
	0.923
	0.823
	0.861
	0.867
	0.784
	0.915

	GraphDTA_GIN
	random
	0.956
	0.879
	0.901
	0.886
	0.872
	0.921

	PROCAT
	random
	0.9634
	0.9105
	0.9044
	0.9491
	0.8850
	0.9318




Extended Method
Validation of CellAutoFM as a Phenotypic Encoder 
To validate CellAutoFM as the core phenotypic encoder in our workflow, we conducted a systematic evaluation comprising two complementary analyses: (1) a comparison of three adaptation strategies—zero-shot inference, linear probing, and LoRA fine-tuning—across two biologically distinct classification tasks, and (2) an ablation study assessing model performance under varying training data availability1. Together, these experiments quantify how reliably CellAutoFM generalizes to unseen data, whether its pretrained representations support accurate discrimination of subtle autophagy-related phenotypes, and how robust the model remains under limited supervision.
Performance was assessed using metrics selected for their relevance to cellular phenotyping. Accuracy provides a straightforward measure of correct classification, while Within-1 Accuracy captures the model's ability to respect the ordinal structure of the Five-Timepoint task, where adjacent timepoints share morphological similarity. Distribution-Weighted Accuracy (DWA) evaluates performance under class imbalance, a frequent challenge in biological imaging datasets. Quadratic Weighted Kappa (QWK) quantifies ordinal agreement by penalizing predictions proportionally to their squared distance from the true class, with higher values indicating stronger concordance. For the Nutritional State classification, we additionally report precision (the proportion of positive predictions that are correct), recall (the proportion of true positives correctly identified), and F1 score (the harmonic mean of precision and recall) to characterize model sensitivity in distinguishing subtle nutrient-dependent phenotypic shifts 2.
Comparison of Adaptation Strategies. As shown in Table S1, LoRA achieved the strongest performance across nearly all metrics under five-fold cross-validation, demonstrating that CellAutoFM provides a highly adaptable representation space when combined with parameter-efficient fine-tuning. In the Five-Timepoint task, LoRA reached the highest overall accuracy (0.365), outperforming linear probing (0.266) and zero-shot inference (0.201). It also achieved superior Within-1 Accuracy (0.689 vs. 0.585 for linear probing and 0.510 for zero-shot), indicating more reliable recognition of adjacent temporal states. Although linear probing yielded a higher Quadratic Weighted Kappa (0.640 vs. 0.396 for LoRA), this likely reflects conservative predictions clustered around central timepoints rather than true discriminatory performance, as LoRA achieved substantially higher Distribution-Weighted Accuracy (0.711 vs. 0.640). LoRA's advantage was even more pronounced in the Nutritional State task, where it achieved the highest accuracy (0.844), F1 score (0.883), precision (0.799), and recall (0.986). Linear probing achieved moderate performance (accuracy = 0.773, F1 = 0.819), while zero-shot inference performed substantially worse (accuracy = 0.506, F1 = 0.522).
Data Efficiency Analysis. To further assess model robustness, we trained LoRA-adapted models using varying proportions of the available training data—1%, 10%, 25%, 50%, and 100%—and evaluated performance on a fixed 20% held-out test split (Table S2). This experiment is critical because phenotypic imaging datasets are often constrained by annotation cost, experimental throughput, and biological variability. With only 1% of the training data, the model achieved moderate performance on the Nutritional State task (F1 = 0.647), surpassing the zero-shot baseline (F1 = 0.522) and demonstrating that coarse phenotypic distinctions can be learned with extremely limited supervision. Performance increased sharply at 10%, exceeding both zero-shot and linear probing baselines across tasks (Nutritional State F1 = 0.864; Five-Timepoint accuracy = 0.292). As the training fraction increased to 25% and 50%, improvements became more incremental, suggesting that CellAutoFM reaches a high-information regime relatively early and does not rely on large-scale annotated datasets to extract meaningful biological features. In the Five-Timepoint task, accuracy increased gradually from 0.199 to 0.372 across the full data range, while Within-1 Accuracy remained relatively stable (0.589–0.679), indicating that the model preserved ordinal biological structure even under sparse supervision.
Together, these results establish CellAutoFM as a robust and data-efficient phenotypic feature extractor. Its pretrained representations capture biologically meaningful structure, generalize effectively to unseen data, and support accurate classification across diverse biological tasks—even when training data is severely limited. This reliability is essential for real-world biological imaging scenarios where annotated datasets may be limited or heterogeneous. CellAutoFM therefore provides a dependable backbone for downstream phenotypic screening and mechanistic inference within our AI-driven discovery pipeline.
ADMET Ranker’s Methdology and Validation
Model Architecture and Training Methodology. ADMET Ranker™ is a computational platform designed for predicting molecular absorption, distribution, metabolism, excretion, and toxicity properties. The platform utilizes a hierarchical graph-based transformer architecture optimized to learn meaningful representations of chemical structures, wherein molecules are processed as graph objects with atoms represented as nodes and chemical bonds as edges. ADMET Ranker™ is publicly accessible at https://admet.mindrank.ai/.
The core design principle underlying ADMET Ranker™ is a two-phase training strategy that addresses a fundamental challenge in ADMET modeling: the scarcity of high-quality experimental data for pharmacokinetically relevant endpoints. In the initial pre-training phase, the transformer is exposed to an extensive corpus of unlabeled chemical structures to establish foundational molecular knowledge. This process is guided by two complementary self-supervised objectives. The first trains the model to identify and encode recurring structural motifs—including common ring systems, functional groups, and pharmacophoric elements—thereby constructing an internal vocabulary of chemically meaningful substructures. The second employs a reconstruction task wherein portions of the molecular graph are systematically masked, requiring the model to infer the identity of hidden atoms and their connectivity from the surrounding chemical context. Together, these tasks enable the transformer to develop robust internal representations encoding fundamental principles of chemical structure without reliance on labeled property data.
In the subsequent fine-tuning phase, these learned representations are refined for individual ADMET prediction tasks using curated experimental datasets. A graduated learning rate schedule preserves generalizable knowledge while enabling task-specific adaptation: parameters in deeper network layers encoding fundamental chemical features are updated conservatively, whereas output layers responsible for endpoint-specific predictions are trained more aggressively and initialized fresh for each task to prevent interference between property predictions. The attention mechanism within each transformer layer computes weighted relationships between all atom pairs through query-key-value operations, followed by normalization and nonlinear activation, enabling the model to capture long-range intramolecular dependencies critical for accurate property prediction.
Prediction Endpoints and Training Data. ADMET Ranker™ was employed to predict seven pharmacokinetically and toxicologically relevant properties for compounds identified in this study. The predictive models for each endpoint were trained on datasets compiled by integrating publicly available experimental data from peer-reviewed literature and established databases with proprietary measurements generated through standardized assays, following a data curation protocol analogous to that described in PharmaBench 3. The predicted endpoints encompass critical aspects of drug safety and pharmacokinetics: hepatotoxicity, assessing the potential for drug-induced liver injury; hERG inhibition, a key indicator of cardiac liability through blockade of the human ether-à-go-go-related potassium channel; phototoxicity, evaluating the risk of light-induced adverse reactions; blood-brain barrier (BBB) permeability, determining the capacity of compounds to penetrate the central nervous system; MDCK efflux ratio (MDCK_ER), measuring the extent of active efflux transport in Madin-Darby canine kidney cells; Caco-2 permeability (Papp A→B), a standard surrogate for intestinal absorption using human colorectal adenocarcinoma cell monolayers; and Ames mutagenicity, a bacterial reverse mutation assay for assessing genotoxic potential3,4. This combination of diverse training data sources ensures robust chemical space coverage and enhances the generalizability of predictions across structurally diverse compound series.
Benchmark Evaluation and Performance Comparison. To assess the predictive reliability of ADMET Ranker™, we conducted a comprehensive benchmark evaluation using curated external test sets for each of the seven ADMET endpoints. These test sets were assembled following rigorous data curation procedures to ensure structural independence from the training data, thereby providing an unbiased assessment of model generalizability. Performance was evaluated using standard metrics appropriate for each prediction task: classification models were assessed using area under the receiver operating characteristic curve (AUC), accuracy (ACC), F1 score, precision, and recall, while regression models were evaluated using Pearson correlation coefficient (R), coefficient of determination (R²), root mean square error (RMSE), and mean absolute error (MAE).
The predictive performance of ADMET Ranker™ was compared against several widely recognized public ADMET prediction platforms, including ADMETlab 3.0, admetSAR 3.0, pkCSM (Deep-PK), SwissADME, and ADMET-AI 5 6 7 8 9. All platforms were evaluated on identical external test sets to ensure fair comparison. Additionally, ADMET Ranker™ provides a high-confidence prediction mode that filters results based on applicability domain assessment, enabling users to obtain more reliable predictions for compounds within well-represented chemical space.
The benchmark results demonstrated that ADMET Ranker™ consistently achieved superior or highly competitive performance across all evaluated endpoints (Table S3). For hepatotoxicity prediction, ADMET Ranker™ attained an AUC of 0.77, outperforming ADMETlab 3.0 (AUC = 0.67) and pkCSM (AUC = 0.57). Particularly notable was the performance on hERG inhibition prediction, where ADMET Ranker™ achieved an AUC of 0.85, substantially exceeding all compared platforms (AUC range: 0.58–0.66). For BBB permeability, ADMET Ranker™ demonstrated robust predictive capability with an AUC of 0.82 and accuracy of 0.93, markedly surpassing other platforms whose AUC values ranged from 0.56 to 0.66. The Caco-2 permeability regression model exhibited the highest correlation coefficient (R = 0.605) and lowest prediction errors (RMSE = 0.665, MAE = 0.437) among all evaluated tools. Similarly, for MDCK efflux ratio, Ames mutagenicity, and phototoxicity endpoints, ADMET Ranker™ demonstrated consistently superior performance. The high-confidence prediction mode further enhanced predictive accuracy across most endpoints, with particularly striking improvements observed for phototoxicity prediction (AUC increased from 0.65 to 0.93). These results collectively validate the reliability of ADMET Ranker™ for prioritizing compounds in drug discovery workflows.
PROCAT Training Methdology and Benchmark Validation
Optimization Strategy. The PROCAT model was trained using the Adam (Adaptive Moment Estimation) optimizer, a gradient-based optimization algorithm that computes adaptive learning rates for each parameter by maintaining exponentially decaying averages of past gradients (first moment) and squared gradients (second moment) 10. The learning rate was set to 5×10⁻⁵, chosen to ensure stable convergence and prevent overshooting of optimal weight configurations during training. A batch size of 64 was employed, representing a balance between computational efficiency and gradient estimation accuracy. As shown in Table S4.
Loss Function. The model was optimized using a binary cross-entropy (BCE) loss function, which is the standard objective for binary classification tasks. BCE quantifies the divergence between predicted interaction probabilities and ground-truth binary labels (interacting = 1, non-interacting = 0). Mathematically, the BCE loss is defined as:

where N represents the total number of samples, yᵢ denotes the ground-truth label for the i-th sample, and ŷᵢ represents the model's predicted probability of interaction. This formulation penalizes confident incorrect predictions more heavily than uncertain ones, thereby encouraging the model to produce well-calibrated probability estimates.
To mitigate overfitting—a phenomenon where the model memorizes training data patterns rather than learning generalizable features—an L2 weight regularization term (also known as ridge regularization or weight decay) was incorporated into the total loss function. L2 regularization constrains the magnitude of model weights by adding a penalty proportional to the sum of squared weights:

where λ is the regularization coefficient controlling the strength of the penalty, and wⱼ represents individual model weights. This regularization term discourages the model from assigning excessively large weights to any single feature, thereby promoting smoother decision boundaries and improved generalization to unseen drug–target pairs.
Data Sampling Strategy. Drug–target interaction datasets are inherently imbalanced, as the number of experimentally validated interactions (positive samples) is typically far smaller than the vast combinatorial space of possible non-interacting pairs (negative samples). Training on such imbalanced data can bias the model toward predicting the majority class, resulting in poor sensitivity for detecting true interactions. To address this challenge, we employed a balanced sampling strategy with a 1:1 ratio of positive to negative samples 11 12. Positive samples comprised experimentally validated drug–target binding pairs curated from the source databases. Negative samples were constructed by randomly pairing drugs and targets from combinations absent in the positive dataset, operating under the closed-world assumption that unobserved pairs represent non-interactions. This balanced approach ensures that the model receives equal exposure to both classes during training, preventing systematic bias and enabling robust discrimination between interacting and non-interacting pairs 12.
Input Preprocessing Protein sequences exhibit substantial length variability while deep learning architectures require fixed-dimension inputs for efficient batch processing. To standardize input dimensions, protein sequences were constrained to a maximum length of 1,200 amino acid residues. Sequences shorter than 1,200 residues were zero-padded, wherein placeholder tokens with null feature vectors were appended to achieve the required length. Drug compounds were represented as molecular graphs, a structure-preserving representation where atoms correspond to nodes and covalent bonds correspond to edges. Each node is associated with a feature vector encoding atomic properties including element type, formal charge, hybridization state, aromaticity, and the number of attached hydrogen atoms. Edge features encode bond characteristics such as bond order (single, double, triple, or aromatic) and stereochemistry. To ensure uniform graph dimensions across the dataset, molecular graphs were padded with virtual nodes—placeholder nodes with null feature vectors and no edge connections—to a fixed maximum of 290 atoms. 
Performance Evaluation. To rigorously evaluate the predictive performance of PROCAT for target deconvolution applications, we conducted a comprehensive benchmark study on the BindingDB dataset, a large-scale public repository of experimentally measured binding affinities. We compared PROCAT against several well-established state-of-the-art models for drug–target interaction prediction, including TransformerCPI, MolTrans, Graph Convolutional Networks, Graph Attention Networks, Graph Isomorphism Networks, and hybrid GAT-GCN architectures 13 14 15. All models were evaluated using a random split strategy, wherein drug–target pairs were randomly partitioned into training, validation, and test sets. Performance was assessed across six complementary metrics: Area Under the Receiver Operating Characteristic Curve (AUC), F1-score, Accuracy (ACC), Precision, Sensitivity (also termed Recall), and Specificity (Table S5).
PROCAT demonstrated superior performance across the majority of evaluated metrics, achieving a state-of-the-art AUC of 0.963 and an F1-score of 0.910 on the BindingDB random split benchmark (Table S5). The AUC metric quantifies the model's capacity to discriminate between interacting and non-interacting drug–target pairs across all classification thresholds, with values approaching 1.0 indicating near-perfect discrimination. PROCAT's AUC of 0.963 represents a meaningful improvement over the next best-performing model, GraphDTA_GIN (AUC = 0.956), and substantially outperforms transformer-based approaches including TransformerCPI (AUC = 0.947) and MolTrans (AUC = 0.943). This improvement, while numerically modest in absolute terms, is particularly significant given that performance gains become increasingly difficult to achieve as models approach theoretical performance ceilings.
The F1-score, which represents the harmonic mean of precision and sensitivity, provides a balanced measure of classification performance that accounts for both false positives and false negatives. PROCAT achieved an F1-score of 0.910, representing a substantial 3.1 percentage point improvement over GraphDTA_GIN (F1 = 0.879) and a 5.0 percentage point improvement over TransformerCPI (F1 = 0.860). This marked enhancement in F1-score indicates that PROCAT maintains robust performance across both positive and negative prediction classes.
Notably, PROCAT achieved the highest precision among all evaluated models (0.949), substantially exceeding the second-best precision of 0.886 observed for GraphDTA_GIN. Precision measures the proportion of predicted protein targets that represent genuine binding partners, and PROCAT's exceptional precision indicates that its target predictions are highly reliable. High precision minimizes the allocation of experimental resources toward false positive candidates, thereby accelerating the identification of actionable targets. PROCAT also demonstrated competitive sensitivity (0.885) and specificity (0.932), indicating balanced performance in capturing true protein targets while correctly rejecting non-binding proteins from the candidate pool.
These benchmark results validate PROCAT as a robust and accurate computational tool for proteome-wide target identification of bioactive small molecules. The combination of high precision and competitive sensitivity positions PROCAT as particularly suitable for target deconvolution campaigns following phenotypic screens, where hit compounds with desirable cellular activity must be matched to their cognate protein targets to enable mechanism-of-action studies and rational lead optimization. In such workflows, PROCAT can rapidly prioritize a tractable panel of high-confidence candidate targets from the entire druggable proteome, dramatically reducing the experimental search space for subsequent biochemical and biophysical validation.
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