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Proteolysis-targeting chimeras (PROTACs) represent an emerging modality for targeted protein degradation with
broad therapeutic potential. However, the risk of off-target protein degradation remains a major concern in the
development of PROTAC-based therapeutics. Here, we present SENTINEL, a graph-based deep learning frame-
work that predicts the off-target propensity of PROTAC warheads based on their involvement levels in
drug-target interactions as determined from established databases and the literature. By encoding warheads as
molecular graphs using path-augmented graph transformer networks (PAGTNs), we show that graph attention-
based neural networks (GATs) achieve accurate modelling of binding count-based off-target effects with an area
under the ROC curve (AUC) of 0.9600 and an F1-score of 0.6983, outperforming classical machine learning
algorithms such as random forests (AUC=0.840, F1-score=0.2778). SENTINEL provides a scalable strategy to
prioritise lower-risk warheads in a low-data setting, supporting early-stage evaluation of PROTAC off-target risk.

Results should be interpreted with the dataset size in mind and will benefit from larger external validation.

1. Introduction

Proteolysis-targeting chimeras (PROTACs) enabled targeted protein
degradation by recruiting E3 ubiquitin ligases (E3s) to induce protea-
somal clearance [1]. Unlike traditional inhibitors that block protein
functions through sustained occupancy [2], PROTAC-catalysed protea-
somal degradation can lead to the complete removal of both enzymatic
and scaffolding proteins [3,4]. This event-driven mechanism can expand
therapeutic options to the previously "undruggable" proteins of interest
(POIs) and may allow durable pharmacological effects at lower doses
[5-7]. These features of PROTACs have motivated widespread efforts to
optimise therapeutic agents across diverse diseases [8,9], making the
systematic assessment of binding specificity and off-target risks an
important step in drug development [10,11].

PROTAC off-target effects can arise via multiple mechanisms,
including non-specific E3 ligase recruitment and POI warhead-mediated
binding with unintended proteins [12]. The E3 ligase-recruiting moiety
may inadvertently localise ubiquitination machinery to proteins prox-
imal to the intended target, leading to unintended ubiquitination and

degradation. For example, pomalidomide, one of immunomodulatory
imide drugs (IMiDs) [13] and also a commonly used E3-recruiting ligand
in PROTACs [14,15], can induce degradation of multiple zinc-finger
(ZF) proteins involved in diverse cellular processes [16], e.g., the
ZFP91 protein for transcriptional activation [17]. In addition, the POI
warhead of a PROTAC may interact with off-target proteins exhibiting
structural or physicochemical similarity to the intended target, leading
to their unintended degradation. For example, studies suggest that cer-
eblon (CRBN)-based PROTACs can degrade multiple bromodomain
(BRD) proteins with which the POI warhead moiety binds [18-20].
Moreover, POI warheads may also engage off-target proteins that lack
obvious structural or sequence similarity to the intended POI. For
example, one study reported down-regulation of the breakpoint cluster
region (BCR) protein, likely due to its unintended binding of the
estrogen-related receptor-a (ERRa) ligand in a PROTAC that was
commonly used to degrade ERRa the proteins [21]. Despite growing
recognition of PROTAC off-target effects and advances in
proteomics-based profilling, as noted in [22], scalable computational
tools to proactively assessing the off-target potential of PROTACs remain
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limited. Here, we focus specifically on POI-warhead-mediated off-target
effect prediction, leveraging the availability of numerous warheads
catalogued in established drug-target interaction (DTI) databases.

Advances in PROTAC databases have enabled computational stra-
tegies for structural modelling, feature extraction, and intrinsic property
prediction [23,24]. Most existing computational approaches emphasise
PROTAC design [25-27], whereas comparatively fewer address degra-
dation potential [28,29] or activity prediction [30]. These models target
the question of how effectively a PROTAC degrades its intended target.
The emergence of large language models (LLMs) has further accelerated
research generative design of PROTAC molecules [31]. However, yet
another challenge is to predict the potential of a PROTAC for off-target
effects. This requires assessing the warhead interaction profile across the
entire proteome. To date, computational approaches for predicting the
off-target effects associated with PROTACs remain limited.

Here, we propose SENTINEL, a computational approach for
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predicting PROTAC off-target effects arising from POI-warhead-
mediated interactions with unintended proteins. To this end, we sys-
tematically retrieved, from curated DTI databases, small molecules an-
notated as POI-warhead moieties in known PROTACs and compiled, for
each warhead, its curated set of protein interaction partners. We utilised
the number of unique target proteins associated with a given POI
warhead as a proxy for its off-target propensity. For every warhead
identified by the PubChem compound identifier (CID), we deduplicate
DTI records at the CID-by-target level and count unique targets. This
count is then classified into three classes as an interpretable surrogate
for off-target propensity. For predictive modelling, we encode POI-
warhead molecular graphs with a path-augmented graph transformer
network (PAGTN) [32], and train a graph attention-based network
(GAT) [33] on these representations to improve performance of
off-target effect prediction. By classifying POI warheads into risk levels
based on the number of associated gene targets, this approach aims to
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Fig. 1. Workflow of linking PROTAC warheads to experimentally verified drug-target interactions (DTIs). (a). Schematic of the identifier matching process between
PROTAC warheads and DTI entries. Warheads were matched to known DTIs through PubChem CIDs to identify overlapping compounds with available target an-
notations. (b). Overview of PROTAC and DTI sources. Warheads were retrieved from PROTAC-DB and linked to DTIs aggregated from multiple public databases via
DGIdb. Identifier mapping was used to ensure consistent compound representation. (c). Summary of DTI coverage across data sources. The number of total and
successfully mapped DTIs varies across databases depending on annotation availability. (d). Specific mapping workflow on individual databases. PubChem anno-
tations, external mapping files, and manual curation steps were combined to reconcile drug identifiers to PubChem CIDs. Only DTI entries with successfully matched

warheads were retained for downstream analysis.
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provide an interpretable metric for early-stage evaluation of off-target
risks and potential cytotoxicity of PROTAGCs, thereby contributing to
their safer development.

2. Results
2.1. Off-target effect prediction using DTI counts

To model POI warhead-induced off-target effects of PROTACs, we
established a data integration pipeline that reconciles warhead anno-
tations from PROTAC-DB (Database) with known drug-target in-
teractions (DTIs) from eight publicly available databases, such as
DrugBank and ChEBI (Fig. 1a). We began by extracting and filtering
PROTACsS, retaining 479 warheads with valid PubChem compound
identifiers (CIDs). Simultaneously, we curated 98,923 DTIs from eight
major source databases (e.g., ChEMBL, DrugBank, IUPHAR, NCIt), each
of which provides drug identifiers in source-specific formats (Fig. 1b).
By combining automated matching of warhead identifiers with Pub-
Chem CIDs (e.g., using the PubChem Identifier Exchange Service) and
manual curation for sources with limited coverage, we obtained more
than 40,000 DTI candidates with explicitly tractable identifiers (Figs. 1¢
and 1d). Then, we intersected the curated DTI dataset with PROTAC-DB
warheads based on PubChem CIDs. This step yielded 172 warheads that
were both structurally annotated in the PROTAC database and func-
tionally linked to known protein targets through validated DTIs. This set
of warheads was used for target quantification, off-target labeling, and
machine learning classification. Detailed introduction to identifier
mapping and data pre-processing can be found in section Methods.
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2.2. GAT for off-target effect prediction

We constructed a graph attention network (GAT)-based architecture
to model the off-target effect potential of PROTAC warheads (Fig. 2).
The final model (SENTINEL) uses graph-structured inputs only. Each
molecule is first represented as a graph, where atoms and bonds are
encoded as 94-dimensional node features and 42-dimensional edge
features, respectively. The molecular graph is processed through two
successive GAT convolutional layers, followed by rectified linear unit
(ReLU) activation and a global mean pooling operation to generate a
fixed-size, graph-level embedding (Fig. 2a). The core mechanism of the
GAT layers relies on learnable attention coefficients to adaptively weigh
neighboring nodes and edges during feature aggregation. As illustrated
in Fig. 2b, attention weights are computed separately with trainable
parameters, followed by a leaky rectified linear unit (LeakyReLU) acti-
vation to generate attention coefficients for warheads. These attention
coefficients enable the model to focus selectively on the informative
parts of warheads molecular graphs. The GAT functions as a classifier
and outputs three risk tiers defined by the target-count threshold (see
Section 2.3 for details).

For ablation study only, we added a parallel branch that incorpo-
rated nine handcrafted physicochemical descriptors, such as molecular
weight, hydrogen bond donor/acceptor counts and rotatable bonds, into
a two-layer fully-connected neural network (Fig. 2¢). These features
were first transformed by a hidden layer with 64 neurons, followed by an
identical layer with 64 neurons, with ReLU activations applied at each
stage. This produces a complementary embedding that encodes chemi-
cally interpretable information beyond what is captured by graph
structure alone. We concatenated the graph-based and descriptor-based
embeddings and passed the joint representation through a dropout layer
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Fig. 2. Overview of the SENTINEL architecture. (a). Architecture of the graph attention network (GAT). The model takes molecular graph representations as input,
with node features (94-dimentional, 94D) and edge features (42-dimentional, 42D) representing atoms and bonds, respectively. These are processed by two stacked
GAT convolutional layers, each followed by a ReLU activation. Global mean pooling is applied to obtain molecular embeddings of contracted size, which are
subsequently passed through a dropout layer and fully connected layers to produce 3-class softmax outputs. (b). Attention mechanism introduced to the GCN.
Separate attention coefficients are learned for node and edge features using trainable weight matrices and LeakyReLU activation. This allows adaptive aggregation of
local graph information by weighting neighboring nodes and edges. (c). Handcrafted feature embedding module used exclusively in the ablation study. A total of nine
physicochemical descriptors (e.g., hydrogen bond counts, exact mass, XLogP3, fingerprints) are embedded using a two-layer fully connected neural network with
ReLU activation. The resulting embeddings are concatenated with graph-based embeddings and fed into a single-layer fully-connected neural network to inform
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and a final softmax classifier to predict the off-target potential label of an
input warhead. This design allowed for evaluating the relative contri-
bution of graph-derived versus feature-derived signals under different
experimental settings (see section Methods for details).
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2.3. Optimising labeling strategies to inform warhead-induced off-target

effects

We performed a comparative evaluation to determine a threshold-
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Fig. 3. Analysis of threshold-based labeling strategies for gauging warhead off-target effects. (a). Schematic showing the definition of label categories using different
numbers of thresholds. Increasing or decreasing the number of thresholds allows the potential for finer-grained classification of off-target potential levels. (b).
Strategy for selecting cutoff values in a 3-label classification scheme based on 2 thresholds. The upper threshold t, was fixed at 60 to capture highly promiscuous
warheads, while the lower threshold t; was optimised based on model performance. (c). Distribution of warheads by their target counts. There is a skewed profile
where most warheads interact with a small number of targets. (d). Performance of random forest and GAT models across various t; values. (e). Comparison of test and
cross-validation accuracy across different labeling strategies using various machine learning models.
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based labeling strategy to characterise the propensity of warheads to
induce off-target effects. An effective labeling strategy depends on two
key factors: i) the number of thresholds selected to define discrete cat-
egories, and ii) how appropriately these thresholds partition the war-
heads according to the number of associated DTIs. We evaluate both the
number and placement of thresholds based on their influence on the
classification performance of machine learning models. Lastly, to
maximise the generalisation ability of the models, we ensure that the
similarity between training and testing small molecules remains within a
threshold reported in the literature (See Methods) [34].

2.3.1. Evaluation of multi-label strategies for warhead stratification

We began by investigating how the number of classification labels
affects model performance. These labels were derived by applying the
following 4 thresholding schemes to the number of targets, POIs that
each PROTAC warhead is designed to bind or potentially degrade,
associated with each warhead.

2labels, &t; = 20

3labels, &t =20 , t, =60
4labels, &t, =10 , t, =20 ,t;— 45
SZObelS, &t =2 , b= 10 ,l3 = 207 ty =45

In the 2-label setup, warheads are stratified into low and high off-
target potential. The 3-label setup stratifies warheads into low, me-
dium, and high off-target potential. The 4-label setup stratifies warheads
into low, medium-below, medium, and high off-target potential. The 5-
label setup stratifies warheads into low, medium-below, medium,
medium-above, and high off-target potential. We found that graph
neural network models generally outperformed other machine learning
methods across different label configurations. Particularly, the GAT
model achieved higher accuracy (Fig. 3a), precision (Fig. 3b), and recall
(Fig. 3c¢) likely due to its ability to capture complex graph-structured
relationships via attention mechanisms. Although the 2-label configu-
ration yielded the highest classification performance in terms of stan-
dard machine learning metrics, we observed that a single threshold fails
to capture the full variability in the distribution of DTI counts across
warheads (Fig. 3d). The data is skewed, with a large number of war-
heads having few DTIs. This non-uniform distribution suggests that a
binary classification may oversimplify the underlying biological het-
erogeneity. Therefore, we adopted a 3-label strategy, which strikes a
pragmatic balance between model performance and data distribution,
providing a m representation of warhead off-target potential.

2.3.2. Selection of cutoff values for warhead stratification

To refine the threshold selection for 3-label classification, we aimed
to identify optimal cutoff points for t; and t, that not only align with the
underlying distribution of DTI counts but also support relatively high
predictive performance. Given that the distribution of DTI counts spans
a wide range between 1 and 110, we empirically fixed the upper
threshold t; at 60 to account for the small proportion of warheads yet
with high off-target potential, and focused on determining a suitable
lower threshold t; to separate the low and medium classes (Fig. 3e).

To this end, we trained the machine learning models and evaluated
the performance ateach t; € {1,2,...,59}. For each candidate threshold,
warheads were binned into two initial classes O for [0,t;] and 1 for (t;,
59]. Warheads with a DTI count no smaller than 60 were treated as class
2 in the final multi-class setting. A Random Forest model was trained
and evaluated on a validation subset (20 %) of the 138 warheads in the
training set. Mean cross-validation accuracy was plotted as a function of
t; (Fig. 3f). The results revealed a sharp increase in the light of accuracy
from about 0.6 at t; = 10 to about 0.7 at t; = 20, followed by a plateau
near 0.9 at t; > 30. Given these significant performance gains observed
within the threshold range between 10 and 30, and a relatively notice-
able fluctuation in the distribution of DTI counts in this interval, we
selected t; = 20 for low and medium off-target potential as a compro-
mise that mitigates class imbalance while preserving classification
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accuracy. In addition, we observed a similar changing trend in terms of
the evaluation metrics using the GAT model, schematically supporting
this choice (Fig. 3g). Finally, we retrained the GAT model on the com-
plete set of warheads stratified with t; = 20 and t; = 60.

2.4. Performance comparison between models

We evaluated model performance in predicting warhead-induced
off-target effects using a comprehensive suite of evaluation metrics
(Fig. 4 and Supplementary Tables 1-11). By comparing the GAT model
with the graph convolutional network (GCN model), we found that the
attention mechanism appears to reinforce the ability of graph neural
networks to predict off-target effects, as evidenced by most of the
evaluation metrics. Particularly, on the test dataset, by plotting the
receiver operating characteristic (ROC) curve, we found that the GAT
model (seed 2) achieved an area under the curve (AUC) of 0.960
(Supplementary Figure 1), along with an accuracy of 0.8857, a precision
value of 0.8821, an F1-score of 0.6983, and a specificity value of 0.8345.
To ensure result stability and account for stochastic variation during
training, we trained the GAT model with two random seeds. The GAT
(seed 1) model also performed comparably well, with slightly lower but
still top-ranking scores at each metric. GCN followed with a test accu-
racy of 0.7714, Fl-score of 0.4355, and specificity of 0.7500, which
placed it ahead of all other machine learning methods.

In contrast, during cross-validation, traditional machine learning
models showed better performance than graph neural networks in
several metrics using the Random split (see Methods). We found that the
support vector machine (SVM) achieved the highest cross-validation
accuracy (0.7965), Jaccard index (0.2964), and ranked the second
best in F1-score (0.3269) and specificity (0.6667), outperforming both
GCN (0.7783 in accuracy and 0.2594 in Jaccard index) and GAT models
(0.7034/0.6965 in accuracy and 0.2655 in Jaccard index). Besides, the
random forest model performed the best in F1-score (0.3249) and recall
(0.3627) among all methods except GAT (seed 1), and achieved a strong
accuracy of 0.7892, only slightly behind SVM. Moreover, logistic
regression and gradient boosting also remained competitive, with the
former achieving an accuracy value of 0.782 and an F1-score of 0.3238
and the latter achieving the highest precision (0.3158) among all
models. This performance gap is particularly pronounced for the GAT
models, whose cross-validation accuracies drop to 0.7034 (seed 1) and
0.6965 (seed 2), significantly lower than those of SVM (0.7965) and the
random forest model (0.7892). We speculate that this discrepancy likely
reflects limited size of the training dataset, which makes deep archi-
tectures unable to extract transferable patterns across folds, leading to
the degraded performance. To address potential overfitting and split-
dependent variance, we additionally report cluster-aware group cross-
validation (Butina) alongside Random splits to reduce chemotype
leakage (Supplementary Tables 12-20).

Furthermore, attention-based interpretability analysis confirmed
that SENTINEL learns chemically meaningful substructures, assigning
higher relative attention to functional motifs (e.g., amides and haloge-
nated aromatics) (Supplementary Table 21 and Supplementary Figs. 5
and 6). This property provides intrinsic interpretability without reliance
on external descriptors or post-hoc surrogate models.

2.4.1. Family-level off-target effect evaluation

We next evaluated off-target effect prediction on held-out molecules
specific to target families. For each family, we compared the distribution
of predicted vs. true risk classes (within-family vs. out-of-family bins) on
testing data (unseen). As shown in Supplementary Fig. 7, we found that
although several protein families are targeted by only 1-2 warheads,
those targeted by >3 compounds showed strong agreement between
predictions and ground-truth values, indicating the positive transfer of
learned chemistry at the family level. Full counts and accuracies are
provided in Supplementary Table S22.
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Fig. 4. Performance comparison of machine learning models in predicting PROTAC warhead off-target potential in terms of accuracy, precision, recall, F1-score,
specificity, and Jaccard index. For each model, both test set performance colored in purple and cross-validation performance colored in blue are shown.

2.5. Feature importance analysis

Feature ablation analysis is an effective approach to assess the
contribution of individual features or feature groups to the optimisation
of model interpretation [35]. Both graph-based and non-graph-based
features were used. Among the non-graph-based inputs, molecular fin-
gerprints present a challenge due to their high dimensionality, with
different dimensional settings potentially influencing ablation out-
comes. To address this, we evaluated which fingerprint dimensionality
was best suited for machine learning models. Based on this assessment, a
standardised feature set was selected and used consistently throughout
the ablation experiment.

2.5.1. Tree-based importance using mean decrease of impurity (MDI)

We first used the mean decrease of impurity (MDI) to evaluate the
importance of the molecular fingerprint feature, which quantifies the
contribution of each feature to the reduction of impurity across all trees
in the forest [36,37]. We aggregated the importance scores of each
dimensionality setting from 22 to 2!° using both mean and sum strate-
gies (Fig. 5a). It can be observed that lower dimensions (e.g., 32-128) of
fingerprints contributed more to the predictive performance per
dimension on average, while higher dimensions showed reduced con-
tributions. This may be due to feature redundancy or sparsity in
higher-dimensional representations, which dilutes the discriminative
signal and thus makes it difficult to extract biologically relevant patterns
from each warhead. The mean importance score reaches its peak at
dimension 128, which was therefore selected as the fingerprint dimen-
sionality for subsequent ablation analysis and final model training.

2.5.2. Tree-based importance using mean decrease of impurity (MDI)
To better understand the contribution of features to model
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performance, we conducted a feature ablation study, a common strategy
in machine learning to assess feature importance [38,39]. As illustrated
in Fig. 5b, we defined a sequential ablation order that includes both
graph-based and conventional molecular descriptors, such as molecular
fingerprints, physicochemical properties (e.g., exact mass, XLogP3), and
structural features (e.g., ring count, rotatable bonds, hydrogen bond
donor/acceptor counts). We first trained a baseline model using the
complete set of features and then retrained models after removing each
feature individually for each of the machine learning methods. The
resulting performance changes reveal how each model depends on
different feature types or groups (Fig. 5¢). Removing molecular finger-
prints produced divergent effects: GAT does not show too much varia-
tion when ablating this feature, so including fingerprint seems to be
unnecessary for GAT. Gradient Boosting showed a small improvement,
whereas logistic regression experienced a clear drop, with multilayer
perceptron (MLP) and random forest also trending downward. This
pattern suggests that Gradient Boosting can overfit to fingerprint fea-
tures, while simpler linear models depend on them for separability. In
contrast, ablating graph-specific descriptors, especially the PAGTN edge
and node features, caused the largest degradations for GAT in compar-
ison with baseline model. Notably, the removal of edge features resulted
in slight performance improvements for the MLP and logistic regression
models, whereas the exclusion of node features induced a performance
decline in these models. This indicates that GAT relies on
graph-structured representations to learn off-target patterns, whereas
traditional models do not exploit these relational signals effectively.
Moreover, removing hydrogen bond donor and acceptor counts led
to decreased performance for GAT model. Both features are known to
associate with molecular recognition and interaction specificity [40].
Previous studies have emphasised the role of hydrogen bonding in
determining ligand binding affinity and pharmacological activity [41],
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Fig. 5. Feature importance analysis for evaluating model dependence on molecular descriptors and graph-based features. (a). Mean and sum feature importance
scores for molecular fingerprints of varying dimensionalities, calculated using the mean decrease in impurity (MDI) method. (b). Schematic of the predefined ablation
order used in our feature removal experiments. (c). Performance impact of removing features accumulatively across various machine learning models. Bars indicate

model accuracy relative to the baseline (all-feature) setup.

which may account for the assumption that models capable of capturing
such interactions exhibited sensitivity to their removal. Interestingly,
SVM exhibited minimal performance fluctuations across ablations,
suggesting a degree of robustness or insensitivity to individual feature
perturbations, reflecting the robustness and insensitivity of kernel-based
learning mechanism in handling high-dimensional feature space [42,
43]. In summary, this ablation study demonstrates that graph-based
features are crucial for GAT, which we retained for training GAT
models, while traditional models benefit more from the use of physi-
cochemical and fingerprint-based features.

3. Methods and materials
3.1. Definition of off-target effects of PROTACs

We stratified the warhead moieties of a PROTAC molecule based on
its activity levels in drug-target interactions (DTIs), which we quantified
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by counting the total number of unique DTIs in which the warhead
appears. The underlying rationale is that warheads involved in more
DTIs are likely to influence a broader range of cellular processes and
disease pathways [11,44], thereby increasing the risk of off-target ef-
fects [12,45]. In this work, we defined the off-target effect of a warhead
as its propensity to interact with unintended protein targets (i.e., num-
ber of its unique DTIs). Suppose a warhead is involved in Ny DTIs; it is

then assigned a label y based on a group of predefined thresholds ¢’
{ti,t2, ..t}

0,&N; <ty
1,&t; <Nr <t
L&

k, &ty < Np

y:

Therefore, we transformed this task into a multi-class classification
problem to predict the off-target potential of a warhead based on its
molecular structure and associated gene interactions, leveraging ma-
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chine learning to capture both local chemical features and global
interaction patterns. k was determined based on our comparative
analysis.

3.2. Warhead-DTI mapping overview

To estimate warhead-induced off-target effects of PROTACs, we
systematically mapped each warhead molecule from our curated
warhead database to known DTIs sourced from multiple molecular
interaction databases (Fig. 1a). This mapping was based on matching
PubChem CIDs between the warhead dataset and the DTI entries
(Fig. 1b). After establishing these links, we created an integrated dataset
that associates each warhead with its corresponding interacting targets
and drug source annotations. Warheads with higher DTI counts were
presumed to have broader bioactivity profiles, potentially affecting
more biological pathways. This provided a quantitative basis to stratify
warheads into low, moderate, or high off-target potential categories to
generate labels for machine learning.

3.3. PROTAC database curation

We pulled PROTAC molecules from PROTAC-DB (version 2.0:
available at http://cadd.zju.edu.cn/protacdb) [24], each with its
warhead and E3 ligand moieties annotated. We processed the
PROTAC-DB database and deduplicated them according to the Simpli-
fied Molecular Input Line Entry System (SMILES) strings of warheads,
leaving 569 unique warheads. We filtered the warheads based on the
availability of valid PubChem CIDs, retaining a total of 479 compounds
with identifiable chemical structures for downstream analysis.

3.4. Data reconciliation of DTIs for warhead-specific target mapping

To construct a dataset for classifying warheads based on their off-
target potential, we collected DTIs from the DGIdb Database (version:
December 2024, available at https://dgidb.org) [46]. We retrieved 98,
923 DTIs, each containing a gene name and a composite drug identifier
in the format of “source:identifier” (e.g., “ChEMBL:CHEMBL123"). The
source indicates the originating database (e.g., ChEMBL [47]) and the
identifier is unique within that source. This dataset serves as the foun-
dation for linking warheads to their molecular representations. Each
warhead identifier was split into a source name and a source-specific
identifier. To standardise the warhead identifiers from heterogeneous
sources of DGIdb and allow precise cross-referencing with warheads
from PROTAC-DB, we mapped these source-specific identifiers to Pub-
Chem CIDs. This process leverages resources like PubChem annotations,
external mappings, and identifier exchange services. DTIs from these
data sources were retained only if PubChem CIDs were directly available
in DGIdb or manually identifiable (Fig. 1b-c); otherwise, they were
excluded from further processing, as described below.

e To map identifiers from the RxCUI database [48], we manually
collected 6860 RxCUI-specific annotations from the PubChem web-
site  (https://pubchem.ncbi.nlm.nih.gov/source/25200#data=Ann
otations), which were originally compiled in the JSON format. Out
of the 39,786 DTIs in RxCUI, we successfully discovered 12,045 DTIs
with their warheads having valid PubChem CIDs.

To map identifiers from the NCIt database [49], we first pulled 42,
520 annotations from PubChem (https://pubchem.ncbi.nlm.nih.
gov/source/11940#data=Annotations). = To  maximise data
coverage, we also handled indirect mapping from NCIt to PubChem
identifiers by first linking NCIt identifiers to ChEBI entries, and
subsequently mapping the targeted entries to PubChem CIDs. We
downloaded an NCIt-to-ChEBI mapping list from https://evs.nci.nih.
gov/ftpl/NCI_Thesaurus/Mappings/NCIt-ChEBI_Mapping.txt, fol-
lowed by a ChEBI-to-PubChem conversion using the Drug Identifiers
Data Package available at http://go.drugbank.com/data_packages/d
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rug identifiers. The two-step mapping resulted in 1241 DTIs with
valid PubChem CIDs.

To map identifiers from the IUPHAR.ligand database [50], we
sourced a complete ligand list from the IUPHAR/BPS Guide to
PHARMACOLOGY (https://www.guidetopharmacology.org/downlo
ad.jsp#data). Out of 15,085 DTIs, 12,853 warheads with explicit
PubChem CID annotations in the Guide were directly adopted. For
unmapped identifiers, no further mapping was pursued due to a
rather limited number of annotation resources.

To map identifiers from the ChEMBL database [47], we employed the
PubChem Identifier Exchange Service (https://pubchem.ncbi.nlm.
nih.gov/idexchange/idexchange.cgi) to query PubChem CIDs of a
submitted list of ChEMBL IDs. Out of 13,218 DTIs, we obtained 11,
847 DTIs with valid PubChem CIDs of their warheads.

To map identifiers from the DrugBank database [51], we extracted
16,582 precomputed mappings between DrugBank identifiers and
PubChem CIDs from the Drug Identifiers Data Package (http://go.
drugbank.com/data_packages/drug_identifiers). Out of 3866 DTIs,
2614 were left after successful matches.

To map identifiers from the Wikidata database [52], we utilised the
PubChem Identifier Exchange Service (https://pubchem.ncbi.nlm.
nih.gov/idexchange/idexchange.cgi) to retrieve the corresponding
PubChem CIDs. Out of the 117 DTIs queried, 106 were successfully
matched to valid PubChem CIDs.

For 47 DTIs from other sources (e.g., HemOnc, Drugs@FDA.NDA),
no systematic mapping was feasible due to limited annotation
coverage or mapping exchange services. However, we manually
mapped two out of three DTIs from the ChemIDplus source, with the
warheads matching known PubChem identifiers.

3.5. Intersection of PROTAC warheads with DTI data

To establish a functional link between PROTAC-derived warheads
and those involved in known DTIs, we performed an exact matching of
PubChem CIDs across the two sets. Specifically, we intersected the
warheads curated from PROTAC-DB with those found in the DTI data-
bases by matching their PubChem compound identifiers. Only DTIs with
warheads present in both sources were retained. This filtering step
yielded a final set of 172 warheads with both confirmed PROTAC rele-
vance and associated DTI annotations, enabling further analysis of their
target interaction profiles.

3.6. Quantification of warhead-induced off-target potential based on DTI
diversity

For each of the 172 PROTAC warheads, we computed the number of
associated targets based on their involvement in the retained DTIs
above. To ensure biological interpretability, we rigorously deduplicated
target entries within the interaction list of each warhead, counting only
unique targets. This target count serves as a proxy for the warhead-
induced off-target potential of PROTACs, with higher values indicating
broader and less specific binding behavior. The resulting distribution of
target counts per warhead ranged from 1 to 115.

3.7. Classification of off-target potential

We conducted a benchmarking analysis to determine the optimal
thresholding strategy for assigning discrete labels that reflect the pro-
pensity of warheads to induce off-target effects. By evaluating various
threshold schemes for converting continuous target counts into cate-
gorical labels, we assessed their impact on the performance of down-
stream multi-class classification models. Details are shown in section
Results.
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3.8. Dataset generation

Among the 172 warheads, we first randomly selected 35 (approxi-
mately 20 %) as a held-out test set according to a 1:4 ratio. The
remaining 137 warheads were used for training and cross-validation.
During five-fold cross-validation, these 137 samples were split into
109 for training and 28 for validation in each fold.

To systematically evaluate the generalizability of machine learning
models in small molecule prediction, we employed four different
clustering-based dataset splitting strategies (Random, Butina [53],
UMAP [54], and Scaffold), followed by group 5-fold cross-validation
(80 % training, 20 % testing in each fold). This approach aims to
avoid overfitting and overly optimistic evaluations caused by high
similarity between training and test molecules, a common concern in
drug discovery model benchmarking.

First, it is observed that UMAP clustering results in considerable
variation in the number of test molecules across different k-fold splits in
its effort to maximise dissimilarity between training and test molecules
(Supplementary Figure 2). The Butina and Scaffold clustering methods
cause fluctuations in the number of test molecules across different folds.
Further t-SNE analysis confirmed that UMAP clustering introduced a
more fragmented distribution of test small molecules compared to the
other strategies, which providled more uniform sampling
(Supplementary Figure 3). These findings suggest that although UMAP
splitting maximises dissimilarity, it may compromise training suffi-
ciency and is therefore less suitable for robust model evaluation.

We then calculated the Tanimoto similarity [55] between small
molecules in the training and test datasets under each splitting strategy
(Supplementary Figure 4). While UMAP-based clustering achieved the
lowest average similarity, it did so by disproportionately sampling test
molecules from sparse regions of chemical space. This may lead to low
coverage of specific chemical subspaces during training. In contrast, the
random, Butina, and Scaffold clustering methods achieve a more
balanced trade-off between dataset sampling diversity and molecular
similarity. Among the three methods, Butina clustering performed best
at reducing similarity between training and test molecules, because it
groups molecules by Tanimoto similarity per se and keeps those below a
set threshold (0.65) in separate clusters. But this method can also
intensively sample data from a certain chemical space (Supplementary
Figure 2). The random and Scaffold clustering methods maintain a
Tanimoto similarity of below 0.6 between almost all test molecules and
those required for training, with the majority sharing ~0.3 similarity.
Established studies suggest that a pair of molecules is declared dissimilar
if they share a Tanimoto score below 0.6 [34,56-59]. Given the limi-
tation in our data size and the relatively low similarity between mole-
cules in our dataset, we finally leverage the Random clustering-based
dataset splits to determine model parameters. This ensured that the
evaluation avoided information leakage from highly similar compounds,
while still allowing the model to be fairly trained across representative
chemical regions.

3.9. Graph representation of warheads

We represent each warhead as a graph G = (V,E), where V denotes
the set of n nodes (atoms) and E denotes the set of edges (bonds). Each
node v € V is characterised by a feature vector x € R%* that encodes
atom-level properties, such as its atomic number, formal charge, and
chirality. Each edge (v,u) € E is represented by a feature vector e,, €
R% that encodes bond-level properties, such as its bond type, conjuga-
tion, and stereochemical information. The neighborhood of node v is
denoted as N(v) = {u|(v,u) € E}. To generate these graph representa-
tions for each molecular structure, we employed path-augmented graph
transformer networks (PAGTNs) [32], which transforms SMILES strings
into directed graphs, including a feature matrix X € R*% across all

nodes and a feature matrix E € RF*% across all edges. This
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representation retains both the local atomic environments and the
global molecular topology, offering a chemically meaningful foundation
for downstream processing by graph neural networks. The incorporation
of edge features is especially important, as it captures not only direct
bonding relationships but also long-range atomic interactions through
path-based augmentation.

In addition, we generated a handful of non-graph-based features
using RDKit (version: 2024.9.6) and encoded them into a feature vector
fi € R, This setting can also help to determine how much graph-based
and non-graph-based features contribute to the final predictive perfor-
mance, respectively.

3.10. The architecture of graph neural networks

We employed a graph attention network (GAT) [60] to learn
off-target effects of PROTACs from the above features. As can be seen in
Fig. 2a, at the core of this GAT are sequentially connected two GAT
convolutional layers, each followed by the ReLU activation function for
fast training by introducing non-linearity while avoiding vanishing
gradients [61].

Let h® = {ig(,m leN2seNSve N"} be a set of transformed node

features for warhead s at layer L h{" ¢ R% where d, represents the
dimension of the feature vector for node v. When [ = 0, A% = x5, For
any two nodes v and u, we denote an overall weight matrix W=
(W9||Wl9)] at a GAT convolutional layer according to [62], where
wis) ¢ R4, and wis) ¢ Rebxdy’ d,(ll) is the number of neurons at layer
L. Since edge e,, between nodes v and u is characterised by a feature
vector, we estimated an additional weight matrix W9 € R%*4’ for
these edge features. Then, the overall weight matrix W is rewritten as
the concatenation of the three submatrices, [Wf,l’s)HWﬁ'S)HWELS)}. The

attention coefficient cs,lj,i) atlayer [ between nodes v and u is computed by
exp(e <h(vz.s) 7 hi‘l.s) > )
) e(hf,l‘x), hﬁl‘x) )

reN(v)

() _

vu

where e represents a function that aggregates the features of node v and
those of any neighboring node u, which are parameterised by two weight
matrices W{*) and W), respectively. For node v, the attention mech-
anism is made at layer [ by setting a group of neurons a e Ré to
parameterise the transformed input (Fig. 2b). e is defined in the
following form

+ agl.s) T W(el.s) el(ll,x) )

u

e(hil'”, hg.;)) _— (IE,I'S)TW](,Z':) hg.s) + aﬁ,xwwg.s) A®s)

where y is the Leaky ReLU activation function to prevent neuron inac-
tivity by setting negative input to non-zero slope [63].

The h{*¥ at layer [ is updated to h"*'* at layer I+1 using the
following equation.

h‘(/l+1.s) _ Z C‘(}i) W(ul,x)h!(lLs)

ueN(v)

We then performed a global mean pooling operation on the output

feature vectors A" to potentially help capture the most significant
signals across the graph.

z = GlobalMeanPool(h®**)

Then, z is further parameterised using a fully-connected neural
network (FNN) composed of a single layer with 64 neurons, denoted as
ENN;.

# = FNN;(z) € R®
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To obtain embeddings of non-graph-based features f,, we used a
separate FNN (denoted as FNN,) that consists of two hidden layers each
configured with 64 neurons (Fig. 2¢).

fi = ENN,(f,) € R%*

The rear portion of our GAT-based deep learning architecture is an
FNN composed of a single layer with 64 neurons, followed by a multi-
class softmax function for converting logits into a vector of probabili-
ties p, such that

P = softmax(FNN(Z|f,))

For comparison, we also implemented a graph convolutional
network (GCN) as a baseline model, using the same two-layer archi-
tecture as GAT but without the attention mechanism.

3.11. Model comparison

To evaluate the impact of the attention mechanism on prediction
performance, we compared graph convolutional neural network models
with and without attention against a set of commonly used machine
learning algorithms reported in the literature, including random forest
[36], gradient boosting [64], support vector machine (SVM) [65], lo-
gistic regression [66], and multilayer perceptron (MLP) [67]. These
baseline models were implemented using the Scikit-learn library [68].
These classical baselines (random forest (RF), gradient boosting (GB),
SVM, logistic regression (LR), MLP) use the same underlying graph
representation as the GNNs. For each warhead, PAGTN produces
94-dimensional node features and 42-dimensional edge features. We
summarise these matrices by computing per-dimension mean, standard
deviation, skewness, and kurtosis over nodes and over edges. Then we
concatenate the results to form a 544-dimensional moment-pooled
graph vector (4 x94 + 4 x42). This fixed-length vector is stand-
ardised within each training fold and fed to the classical models. Unless
explicitly stated as an ablation, handcrafted physicochemical descriptors
are not used. In ablation experiments only, we concatenate nine de-
scriptors (listed in Supplementary Table S5-S11) to the moment-pooled
vector to quantify their incremental contribution. All baselines share the
same train/validation/test splits and preprocessing as GAT/GCN. Re-
sults for baselines are reported in Supplementary Tables S5-S11.

3.12. Model setup

The GAT models were trained using the negative log-likelihood loss
with the Adam optimiser for 100 epochs. The learning rate was set to
0.001 and the dropout rate was set to 0.5. Warheads were fed into the
models with a batch size of 32. Model training experiments were con-
ducted using PyTorch [69]. Other machine learning models were trained
using Scikit-learn with parameters by default [68]. The random forest
model was trained and its hyperparameters were fine-tuned via grid
search. After fine-tuning, the number of trees is set to 100 and the
maximum depth is set to 10. All models were tested to determine the
number of labels (i.e., ?) for multi-class classification. Five-fold
cross-validation (cvl-cv5) was performed on the training set, with re-
sults averaged to compute mean and standard deviation where appli-
cable. The test set (35 warheads) was held out for final evaluation.

3.13. Evaluation metrics

Model performance was assessed using threshold-based metrics,
including accuracy, precision, and recall, Fl-score, specificity, and
Jaccard index, which were computed as weighted averages across multi-
classes to account for potential class imbalance. In addition, we adopted
two threshold-free metrics, AUCPR, which measures the area under the
precision-recall curve and averages precision across recall levels, and
AUC, which measures the area under the receiver operating
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characteristic (ROC) curve. For cross-validation, we report mean per-
formance across folds.

3.14. SENTINEL

According to our evaluation based on feature ablation experiments,
we finally only retained graph-based features as input to the GAT ar-
chitecture to train models. The model, with parameters determined
strictly via cross-validation, was termed SENTINEL and retained for
public use.

4. Discussion

In this study, we introduced SENTINEL, a deep learning framework
to assess warhead-induced off-target potential of PROTACs based on
their involvement levels in known drug-target interactions. Our study
aims to reinforce the value of early predictive assessment of off-target
effects as a critical component of rational PROTAC design. As the
PROTAC modality continues to expand into new therapeutic areas,
minimising unintended protein degradation is paramount to ensuring
safety and specificity. By using the number of unique protein targets
associated with each warhead as a surrogate marker for off-target po-
tential, we provide an interpretable method for early-stage risk assess-
ment of PROTAC components. The adoption of PAGTN-encoded graph
representations of small molecules, coupled with GATs for predictive
learning, allowed the model to effectively capture both local and global
structural features relevant to warhead behaviour. Notably, while GAT
and GCN models achieved competitive performance on the held-out test
set, their performance during cross-validation was relatively low. This
discrepancy likely stems from the limited size of the available training
data. Future directions include increasing data size, expanding the
dataset with experimental degradation profiles, refining risk metrics
with functional annotations, and applying the framework to broader
classes of heterobifunctional degraders beyond PROTACs.
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