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Abstract: Aim: This study aims to develop and validate a machine learning-based model for the ac-
curate prediction of Androgen Receptor (AR) agonistic toxicity, addressing the challenges posed by
data imbalance in existing predictive models.

Background: Anomalous agonistic activity of the androgen receptor is a known major indicator of
reproductive toxicity, which can lead to prostate cancer. Machine learning-based models have been
developed for the rapid prediction of such agonists. However, the existing models have exhibited bi-
ased learning outcomes and low sensitivity due to the imbalance in the available training data. In the
early screening process of drug discovery, low sensitivity caused by data imbalance can hinder the
detection of potentially toxic compounds.

Objective: The objective of this study is to develop a machine learning prediction model that classi-
fies whether a drug candidate is an androgen receptor agonist or not with highly balanced perfor-
mance compared to existing models.

Methods: PredART is a bootstrap aggregated k-nearest neighbor model for the balanced prediction
of androgen receptor agonistic toxicity using 381 active and 8,089 inactive datasets with structural
features of them.

Result: In this work, we propose an advanced model that combines the bootstrap aggregating algo-
rithm with machine learning binary classifiers to identify androgen receptor-based reproductive tox-
icity while avoiding biased prediction results. The optimal model using k-nearest neighbor classifiers
achieved an accuracy of 0.831, Positive Predictive Value (PPV) of 0.882, sensitivity of 0.625, speci-
ficity of 0.951, Mathews Correlation Coefficient (MCC) of 0.633 on external test data, demonstrat-
ing a significant improvement in sensitivity compared to the previous study and achieving balanced
learning. Furthermore, by calculating the standard deviation among outputs of the classifiers and
employing this prediction uncertainty as a screening metric to select reliable predictions, the model's
performance could be further enhanced.

Conclusion: Based on the bootstrap aggregating algorithm, our prediction model effectively ad-
dressed data imbalance while evaluating the performance of various machine learning and deep
learning classifiers for a benchmark. Additionally, by quantifying uncertainty, our model provided
an intuitive assessment of prediction reliability during large-scale screening processes.
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1. INTRODUCTION

The Androgen Receptor (AR) is a nuclear receptor belong-
ing to the steroid hormone group. It functions as a ligand-
dependent transcription factor that regulates specific gene
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expressions. Upon binding to its endogenous ligands, testos-
terone, and Sa-dihydrotestosterone (DHT), the AR initiates
male sexual differentiation. Without these androgens or a
functional AR, male sexual development is impaired, leading
to conditions like androgen insensitivity syndrome [1, 2].

Prostate cancer is projected to be the leading cause of
cancer-related deaths among American men within the next
decade [3], placing a significant focus on the AR. Given that
androgenic stimulation is essential for prostate cancer devel-
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opment, numerous studies have highlighted the AR’s critical
role in this progression [4, 5]. Consequently, the AR is a key
target for assessing reproductive toxicity in drug develop-
ment. Predicting AR-induced toxicity for new drug candi-
dates in advance is crucial. However, high-throughput exper-
imental AR affinity assays for every compound are labor-
intensive and costly, posing challenges in the growing field
of drug discovery [6].

Recent advancements in computational power and algo-
rithms have made it possible to predict AR binding reducing
cost for experimental assay [7-9]. The Collaborative Model-
ling Project for Androgen Receptor Activity (CoOMPARA),
led by Mansouri ef al. (2020), aimed to screen a large chemi-
cal library to identify agonists and antagonists for AR activi-
ty. This was achieved through a consensus modeling frame-
work, integrating predictions from in silico models devel-
oped by 25 research groups [10]. Among these computation-
al methods, Artificial Intelligence (Al) has significantly en-
hanced the role of in silico predictive models in challenging
tasks such as drug discovery [11, 12]. Data-driven prediction
models have been widely applied in bioinformatics fields
because these can assess nonlinear relationships between
target properties and relevant features of existing data, ena-
bling the prediction of new data [13-15].

Al models, particularly that adept at processing large da-
tasets and recognizing patterns, can predict various Absorp-
tion, Distribution, Metabolism, Excretion, And Toxicity
(ADMET) properties, facilitating the discovery of new drug
candidates [16, 17]. The predictions from AI models are not
only significantly faster than experimental assays but also
outperform molecular docking simulations in speed, while
efficiently handling large datasets, thereby accelerating the
drug development pipeline. We present the application of
various machine learning (ML) algorithms and deep neural
networks to predict AR agonists and evaluate their perfor-
mance.

Al-based AR agonist classification models can serve as
valuable tools in rapidly predicting reproductive toxicity, as
evidenced by previous studies [8, 18]. However, publicly
available AR data samples are highly imbalanced [19] (see
Methods for the details), presenting significant challenges
for machine learning model training. When there is a sub-
stantial disparity between the number of positive and nega-
tive samples, the model tends to exhibit bias towards the
more frequent class. This can lead to poor sensitivity (or
Recall), compromising the model's reliability in practical
applications. A low-sensitivity model is particularly prob-
lematic in drug screening, as it increases the risk of misclas-
sifying toxic drugs as non-toxic. A recent study has demon-
strated a similar bias in AR agonist prediction using
ChatGPT prompts [20]. To address this challenge, Snow et
al. [21] applied the Synthetic Minority Over-sampling Tech-
nique (SMOTE) for multiclass classification, including an-
tagonists with experimental validation. However, the dataset
used for training was limited in size, and the classification
performances for AR agonists were notably lower compared
to other categories. Idakwo et al. [19] integrated a SMOTE
technique with the edited nearest neighbor algorithm for var-
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ious endpoints of the Tox21 dataset [22], however, sensitivi-
ty for AR agonist prediction remained low. Piir et al. [23]
developed a multi-class classification for AR binders using
undersampled training data and a random forest algorithm,
showing enhanced sensitivity. However, there is a possibility
of overfitting to a single undersampled subset of the data.
Furthermore, by using a balanced test dataset and consider-
ing various classification metrics including PPV (or preci-
sion) which is a trade-off with sensitivity, a more robust
classification model can be developed.

To address this issue, this study combines machine learn-
ing classification models with bootstrap aggregating (Bag-
ging) algorithms [24]. Bagging mitigates data imbalance by
sampling the data to create multiple balanced training da-
tasets while covering all available data for learning. Individ-
ual models are trained on these datasets, and their predictions
are averaged (ensembled) to reduce model bias and produce
more balanced prediction results. This work details the ap-
plication of the bagging algorithm to overcome challenges
arising from imbalanced data and demonstrates improved
model performance compared to our previous work [18].
Furthermore, to enhance the reliability of prediction results,
we introduce uncertainty quantification [25], providing addi-
tional screening guidance to assess the confidence in the
model’s predictions.

2. MATERIALS AND METHODS

2.1. Data Preparation

Data were obtained from the Tox21 Dataset which gen-
erated efficient toxicological screening tests [22, 26] which
includes toxicity assay results for various nuclear receptor
targets. Specifically, the Androgen Receptor (AR) data from
Tox21 can be retrieved by PubChem ID 743040 with their
label of activity and further supplemented with newly ac-
quired AR-induced active compounds identified through
searches in Cortellis Drug Discovery Intelligence [27]. We
extracted data with ECsy values below 10 uM with data fil-
tering applied to include only androgen receptor agonists
with human cell-specific data. This conservative threshold is
half of the maximum for the 'weak' potency category, as pro-
posed in related previous works [10, 28]. Then, any dupli-
cates are removed, and refined the dataset to exclude entries
that encountered errors during structural encoding to Morgan
fingerprint [29] as input of our model using RDKit python
package [30]. The final dataset comprised 381 active com-
pounds and 8,089 inactive compounds. These compounds
were used for the training process. To validate model per-
formance, 20% of the active compounds were set as holdout
test data, along with an equal number of inactive compounds
(76 active + 76 inactive compounds) for a balanced test set.

2.2. Model Constructions

To address the data imbalance in the training data for
classification, we applied the Bagging algorithm to machine
learning binary classifiers (Fig. 1). For training these classi-
fiers, we fixed the number of active compounds and under-
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Fig. (1). Schematic diagram of bagging algorithm for unbalanced dataset. (4 higher resolution / colour version of this figure is available in

the electronic copy of the article).

sampled the inactive data to achieve a balanced training da-
taset. We employed a sliding-window sampling method to
ensure that each inactive compound had an equal chance of
being selected for training [31]. Randomly arranged inactive
data was sampled along a shifting window at fixed intervals
to sample data uniformly. In this case, the size of the win-
dow and shifting interval is 305. The number of sampling
iterations for Bagging was conducted sufficiently to cover
the entire inactive dataset multiple times. Consequently, we
created 100 different combinations of the balanced dataset
for training 100 classifiers. After 100 training iterations,
Bagging was used to average the classification prediction
scores consisting of 0 (inactive) and 1 (active) as the final
prediction result. If the average score is below 0.5, the com-
pound is finally classified as inactive; if it is 0.5 or above, it
is classified as an active compound (toxic). The overall algo-
rithm scheme is depicted in Fig. (2). For comparison purpos-
es, we evaluated a total of nine classifier models, including
eight conventional machine learning models and one deep
neural network. The models employed were SVM [32], Ran-
dom Forest [33], LightGBM [34], XGBoost [35], CatBoost
[36], k-NN [37], Logistic Regression [38], Gaussian Process
Classification [39], and an MPNN [40, 41]. Among these, k-
NN demonstrated the best predictive performance and was
chosen as the final classification model. Drug molecules
were represented using Morgan fingerprints [29] with a radi-
us of 2 and a bit vector size of 2048 from their 2D structure
generated by A Simplified Molecular-Input Line-Entry Sys-
tem (SMILES). This fingerprint encodes the presence or
absence of circular sub-structure from each atomic center
with radius 2 as a binary bit across 2048 positions. Hyperpa-

rameter optimization for each model was performed using a
grid search algorithm [42] with 5-fold cross-validations. The
names of the models along with their optimized hyperparam-
eter values are detailed in Table S1.

2.3. Validation with a Balanced Holdout-test Dataset

TP+TN

Accuracy = o N ()
P TP

PPV (Precision) = prepes 2)
cpros TP

Sensitivity (Recall) = e 3)
i TN

Specificity = e 4

MCC = (TPXTN)—(FPXFN) 5)

(TP+FP)(TP+FN)(TN+FP)(TN+FN)
F1 score = 2X PPV xSensitivity (6)

PPV +Sensitivity

(TP; True positive, TN; True negative, FP; False Posi-
tive, FN; False Negative)

To evaluate model performance, 20% of both active data
(76 compounds) and inactive data (76 compounds) were ran-
domly selected to form a holdout test set and excluded dur-
ing model training. The balanced test dataset, with an equal
number of active and inactive data, is appropriate for a more
robust evaluation of the model's performance. For instance,
if the test data is excessively skewed towards inactive cases,
a model predicting the majority as inactive may show a high
overall accuracy but suffer from low sensitivity [43]. After
training, their performance was assessed by predicting the
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Fig. (2). Undersampling method of negative dataset and the number of each data group. (4 higher resolution / colour version of this figure is

available in the electronic copy of the article).

compounds in the holdout test set. The performance metrics
included accuracy, positive predictive value (PPV) (or preci-
sion), sensitivity (or recall), specificity, Mathews Correlation
Coefficient (MCC) [44], Fl-score, and Area Under the re-
ceiver operating Characteristic curve (AUC) (see Equation 1-
6 using confusion matrix). These results are summarized in
Table 1

3. RESULTS AND DISCUSSION

3.1. Model Benchmarking and Training Performance
Metrics

Fig. (1) illustrates the scheme of applying the Bagging
algorithm for training on imbalanced data. The training pro-
cess proceeds as follows: (1) Undersample the negative data
to match the number of positive data in the training set. (2)
Train the model using the positive training data and the un-
dersampled negative data. (3) After multiple iterations, aver-
age the prediction results from the trained models to deter-
mine the final prediction outcome. In order to guarantee that
all negative data points have an equal chance of being select-
ed, a sliding window method is employed during the under-
sampling process (Fig. 2). This method ensures that all nega-
tive examples contribute uniformly to the final prediction by
providing them with a balanced selection probability.

Fig. (3) shows the results of predicting the holdout test
data using models trained with various machine learning
algorithms. A total of nine machine learning models were
employed, including support vector machine (SVM) [32],
Random Forest [33], LightGBM [34], XGBoost [35], Cat-
Boost [36], k-Nearest Neighbor (k-NN) [37], Logistic Re-
gression [38], Gaussian Process Classification [39], and
Message Passing Neural Network (MPNN) [40, 41]. Their
performance metrics are all summarized in Table S2. Of the
models evaluated, the k-NN exhibited the highest MCC per-

formance metric (0.612). In contrast, the MPNN did not
achieve effective performance across all metrics due to the
small size of the undersampled training data compared with
the complexity of deep model parameters. Notably, the sen-
sitivity of the data has improved compared to previous re-
sults obtained from training on unbalanced data [18]. Addi-
tionally, the performance metrics of the optimized k-NN
model conducted under varying numbers of undersampled
inactive data, revealed that the MCC peaked at a fully bal-
anced training (Fig. S1). As the number of inactive samples
increased, sensitivity also decreased due to biased training,
while undersampling fewer inactive data showed a reversed
tendency of imbalanced learning with a slight decrease of
MCC.

3.2. Validation for External Test Data

Fig. (4) presents the evaluation results of the model on
test data obtained from Yan ef al. [8]. These external data
were derived from the previous studies and the EDKB data-
base [45, 46]. After removing duplicates from previously
used datasets, it consists of a total of 48 active compounds
and 82 inactive compounds. This allowed us to assess the
model's performance on completely new data and compare it
with our previous study using the same dataset. Our previous
work [18], trained on imbalanced data, showed poor sensitiv-
ity, with many false negative (inactive) predictions (Table 1).
Despite high PPV and specificity, the low MCC, Fl-score,
and AUC indicated biased learning. In contrast, our current
study employed models trained on balanced data using an
ensemble method, resulting in improved performance met-
rics (Table S3). Among these models, the k-NN model
shows the best performance for most metrics: accuracy of
0.831, PPV of 0.882, sensitivity of 0.625, specificity of
0.951, MCC of 0.633, Fl-score of 0.732, and AUC of 0.788.
This demonstrates a  significant enhancement in
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Fig. (3). Performance metrics of various machine learning algorithms for test data split. (4 higher resolution / colour version of this figure is
available in the electronic copy of the article).
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Fig. (4). Performance metrics of various machine learning algorithms for Yan et al. [8] test data. (4 higher resolution / colour version of this
figure is available in the electronic copy of the article).

Table 1. Performance metrics for Yan et al. test data compared to our previous work. The numbers highlighted in bold indicate the
better model for each metric.

Accuracy PPV Sensitivity Specificity MCC F1-score AUC
Ref. [18] 0.800 0.882 0.211 0.991 0.370 0.341 0.783
PredART 0.831 0.882 0.625 0.951 0.633 0.732 0.788

Note: [8].
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Fig. (5). A) Standard deviation for prediction using bagging algorithms for 152 holdout test data. B) Model performance removing uncertain
data by threshold of standard deviation. (4 higher resolution / colour version of this figure is available in the electronic copy of the article).

sensitivity while maintaining PPV and specificity, with near-
ly doubled MCC and F1 scores, indicating balanced and reli-
able predictions. Finally, we choose the k-NN as the optimal
model for AR-agonist toxicity prediction.

3.3. Uncertainty Quantification

Quantifying uncertainty for ML-assisted decision-making
is important to its reliability, especially in medical situations
related to patient safety [25]. The Bagging algorithm inher-
ently quantifies prediction uncertainty through the standard
deviation of prediction values from multiple trained models
as follows:

1 “3 1 “3 2
o= T t=1(5)? — (;ZZ:I S¢) (7)

where T is the number of models for Bagging (T=100) and
sA;‘ means prediction values from these classifiers [47].

This standard deviation reflects the epistemic uncertainty,
and variation in predictions during model ensemble which
arises from a lack of knowledge about which model may be
optimal (see Equation 7) [48]. As shown in Fig. (SA), high
uncertainty indicates significant variation, leading to values
near 0.5 which are considered unreliable prediction results.
Conversely, low uncertainty, with predictions close to 0 or 1,
indicates consistent predictions across the model ensemble.
Regardless of the training data being undersampled for nega-
tive data, the prediction results remain stable. Thus, screen-
ing out test set data with low standard deviation can enhance
the performance metrics for the remaining data (Fig. 5B).
About 70% of the data showed consistent prediction results
across all models in the bagging ensemble process, without
variance. When uncertain results were screened out based on
standard deviation, the preserving rate increased with higher
threshold levels (see black line in Fig. 5B). For instance, by
screening data with a standard deviation of less than 0.15
and calculating the model's performance, 81.6% of the target
test data can be preserved while achieving accuracy of 0.855,
PPV of 0.977, sensitivity of 0.712, specificity of 0.985,

MCC of 0.731, F1-score of 0.824, and AUC of 0.848. Utiliz-
ing the standard deviation of predicted values as an addition-
al criterion for large-scale screening could facilitate the se-
lection of candidate compounds based on more accurate
model predictions.

3.4. Importance of Balanced Training and Model
Ensemble

Table S4 compared the performance metrics of the opti-
mal k-NN model trained on imbalanced data and with the
Bagging algorithm. When trained on the imbalanced data,
the k-NN model exhibited extreme values for PPV and spec-
ificity. However, accuracy, sensitivity, MCC, F1-score, and
AUC were significantly lower. This bias towards the majori-
ty class (negative data) resulted in sensitivity close to ran-
dom guessing, a crucial metric in drug screening as it reflects
the model's ability to identify toxic compounds. On the other
hand, the k-NN model trained with the Bagging algorithm
addressed the imbalance by creating a balanced dataset. This
resulted in enhanced sensitivity while maintaining good per-
formance across other metrics like accuracy, MCC, F1-score,
and AUC. Table S4 also includes the performance of a single
undersampled model without an ensemble. While sensitivity
improved compared to the imbalanced k-NN model, the
overall performance was slightly lower than the Bagging due
to the limited dataset. The metrics after uncertainty-
quantified screening showed highly robust performances
with a reasonable preserving rate of data.

CONCLUSION

We developed a binary classification model to predict
agonists of AR and employed the bagging algorithm to ad-
dress the challenge of an imbalanced training dataset. Uni-
form undersampling with sliding window generated balanced
training subsets for the model ensemble. By encoding the
compounds using substructure-based fingerprints consisting
of 2048-size binary bits that capture their structural infor-
mation, we tested a total of 9 machine learning and deep
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learning algorithms. Our results showed that the k-NN clas-
sification model combined with the bagging algorithm yield-
ed the best predictive performance as MCC. Furthermore,
this model demonstrated excellent performances on an exter-
nal test set from another data source, significantly improving
the previously low sensitivity observed in other studies, with
nearly a three-fold increase.

Additionally, we proposed another screening metric
through the quantification of prediction uncertainty, suggest-
ing a diversified model that enhances performance with more
reliable predictions using their epistemic uncertainty. After
screening out highly uncertain data whose standard deviation
is higher than 0.15, our model can achieve an accuracy of
0.855, PPV of 0.977, sensitivity of 0.712, specificity of
0.985, MCC of 0.731, Fl-score of 0.824, and AUC of 0.848
with preserving 81.6% of the test data.

Although we applied an algorithmic approach to mitigate
the effects of data imbalance, the small and limited dataset
fundamentally restricts the model's predictive capacity. Fu-
ture work should focus on advanced ML techniques to over-
come limitations posed by small datasets. Transfer learning
[49] using foundation models pre-trained on large-scale da-
tasets could be applied, and multimodal learning from alter-
native modalities of AR data with feature optimization may
potentially address the limitation of small data availability
[50]. In addition, while our model focuses on quantifying
uncertainties arising from the ML model only, future studies
could consider a mathematical approach using some external
factors [51] relevant to AR agonistic mechanisms, potential-
ly providing richer predictive insights for AR agonism.

LIST OF ABBREVIATIONS

TP = True Positive

TN = True Negative

FP =  False Positive

FN =  False Negative

PPV = Positive Predictive Value

MCC = Mathews Correlation Coefficient

AUC = Area Under receiver operating Characteris-
tic curve

AR = Androgen Receptor

DHT = So-dihydrotestosterone

Al = Artificial Intelligence

ADMET = Absorption, Distribution, Metabolism, Ex-
cretion, and Toxicity

ML = Machine Learning

Bagging =  Bootstrap aggregating

SVM = Support Vector Machine

k-NN = k-Nearest Neighbor

MPNN =  Message Passing Neural Network
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EC50 =
SMILES

Half maximal Effective Concentration

Simplified Molecular-Input
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