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Abstract

Humans are continuously exposed to a variety of toxicants and chemicals which is exacerbated 

during and after environmental catastrophes such as floods, earthquakes, and hurricanes. The 

hazardous chemical mixtures generated during these events threaten the health and safety of 

humans and other living organisms. This necessitates the development of rapid decision-making 

tools to facilitate mitigating the adverse effects of exposure on the key modulators of the 
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endocrine system, such as the estrogen receptor alpha (ERα), for example. The mechanistic 

stages of the estrogenic transcriptional activity can be measured with high content/high throughput 

microscopy-based biosensor assays at the single-cell level, which generates millions of object-

based minable data points. By combining computational modeling and experimental analysis, we 

built a highly accurate data-driven classification framework to assess the endocrine disrupting 

potential of environmental compounds. The effects of these compounds on the ERα pathway are 

predicted as being receptor agonists or antagonists using the principal component analysis (PCA) 

projections of high throughput, high content image analysis descriptors. The framework also 

combines rigorous preprocessing steps and nonlinear machine learning algorithms, such as the 

Support Vector Machines and Random Forest classifiers, to develop highly accurate mathematical 

representations of the separation between ERα agonists and antagonists. The results show that 

Support Vector Machines classify the unseen chemicals correctly with more than 96% accuracy 

using the proposed framework, where the preprocessing and the PCA steps play a key role in 

suppressing experimental noise and unraveling hidden patterns in the dataset.

Keywords

Machine learning; Endocrine disrupting chemicals; Estrogen receptor activity; Predictive 
modeling; Classification analysis; High throughput microscopy

1. Introduction

The impact of both natural and human-made chemical compounds on human health and the 

environment has been analyzed during the past several decades [1]. As a result of endocrine 

disrupting chemicals’ (EDCs’) interference with many hormone pathways, they have been 

associated with numerous detrimental human health outcomes, including altered nervous, 

immune, respiratory, and cardiovascular system function resulting in increased rates of 

metabolic disorders (diabetes, obesity, abnormal growth), neurologic disorders (cognitive 

impairment, learning disabilities), cardiovascular disorders, cancer, and many other patho-

physiological effects [2,3]. Likewise, these chemicals impact wildlife because of their high 

potential to distort endocrine system function, particularly during embryonic stages [4]. 

EDCs have received both scholarly and societal attention, and they've been regarded as 

substances of very high concern [5].

One of the key targets of EDCs is the estrogen receptor (ER), a ligand-inducible 

transcription factor, which belongs to the steroid hormone superfamily of nuclear receptors 

that mediates the growth, development, and physiology of the reproductive system [6,7]. 

While compounds with agonistic behavior have the potential of binding to ER and inducing 

an active confirmation of the receptor (i.e., 17β-estradiol), antagonist compounds can induce 

an inactive conformation and block other molecules (including endogenous hormones) from 

binding to the receptor (i.e., tamoxifen). Both antagonists and agonists bind to the same 

site in the ER ligand-binding domain exerting opposite outcomes which can be clearly 

distinguished at the molecular and structural level [8]. Due to the potential of toxicants and 

their unknown complex mixtures binding to the ER, identifying chemicals that will behave 
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as an agonist or an antagonist plays a crucial role in evaluating the hazardous health effects 

to their exposure.

Yet, it is a very costly and nearly impossible task to exhaustively evaluate every single 

chemical and its mixtures for agonistic and/or antagonistic estrogenic behavior through pure 

experimental strategies [9]. With increased computational power over the last couple of 

decades, data-driven modeling is shown to be an effective methodology for addressing such 

challenging problems across many disciplines, including process monitoring, optimization, 

and control in chemical engineering [10-25], as well as toxicity evaluation and mitigation in 

environmental sciences [26-31]. Likewise, data-driven analysis poses an untapped potential 

to aid in modeling biological responses of receptors for facilitated screening of known and 

unknown environmental toxicants.

To this end, in vitro screening and computational techniques are used together to facilitate 

the identification of the endocrine disrupting potential of chemicals, and to distinguish 

androgen receptor (AR) [32, 33] and ER binders as agonists and antagonists. Zang et 

al. [34] developed in silico quantitative structure activity relationship (QSAR) model by 

using ToxCast and Tox21 dataset and machine learning (ML) methods. They handled the 

imbalanced data distribution by a cluster selection strategy and linearly classified active 

and inactive compounds with 81.6% total testing accuracy. Furthermore, Chen et al. [35] 

developed computational models by representing each molecule with seven fingerprints 

to predict AR and ER binders via k-nearest neighbor (kNN), C4.5 decision tree (C4.5 

DT), naïve Bayes (NB), and support vector machine (SVM) algorithms. Their Extended 

Fingerprint-SVM model resulted being the best model for predicting ER binders with 79% 

accuracy. Moreover, deep neural networks (DNN) also received significant attention in 

cheminformatics where Mayr et al. [36] introduced their DeepTox pipeline for predicting 

toxicity based on Deep Learning (DL). In this study, authors compared DNNs, SVM 

(Tanimoto kernel), Random Forest (RF), and elastic net methods based on the area under the 

receiver operating characteristic curve (AUC) performance criterion. Their results showed 

that the DL outperformed other classification algorithms with a 0.837 average AUC score. 

Similarly, Chierici et al. [37] offered a framework by building DL and SVM models to 

predict the endocrine disrupting potential and binding activity of chemical toxicants. In 

another study by Ciallella et al. [38], classic ML and DL techniques were implemented to 

model 18 Toxicity Forecaster assays that address ER pathway perturbations. According 

to the results of this work, consensus forecasts continue to be the best strategy for 

computational toxicity assessment due to the absence of universal standards for the selection 

of chemical descriptors and algorithms. Idakwo et al. [39] and Wank et al. [40] notable 

review articles and Russo et al. [41] comparative study provide a comprehensive summary of 

the application of ML algorithms for in silico toxicity predictions.

Using data collected from a single Toxicity Forcaster assay (Assay ID: A10, 

OT_ERa_EREGFP_0120), we previously demonstrated that the population-averaged high 

content imaging data can be used to accurately classify the agonist and antagonist 

benchmark substances. This in vitro assay uses GFP-tagged ER (GFP-ER) and the PRL-

HeLa cell line to allow the direct visualization of ER binding to promoter DNA at the 

level of the single cell and quantifies multiple aspects of the ER signaling pathway [42,43]. 
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Through consideration of the full set of quantified features and the use of linear and 

nonlinear models, agonist and antagonist chemicals were classified with more than 90% 

accuracy [44,45]. We further extended this study to assess the predictive capabilities of 

RF and SVM algorithms when a non-central gamma probability distribution function is 

used instead of population averaging the high content imaging data [46]. Yet, there are 

still unanswered research questions to be addressed when coupling ML algorithms with 

ER activity data: (1) How to improve the accuracy of predictions and achieve more than 

90% accuracy?; (2) What are the effects of data preparation on ER activity predictions?; 

and (3) How to benefit from single-cell level information to develop accurate mathematical 

representations of the endocrine disruption potential of chemical compounds?

Unlike our previous investigations, here, we address these open research questions by 

proposing an integrated, data-driven approach for the classification of endocrine disrupting 

potential of substances using the high-dimensional single-cell level information, principal 

component analysis (PCA), and nonlinear ML algorithms. Due to the nonlinear and 

discontinuous nature of the dataset at the single-cell level, 2-class SVM with radial basis 

kernel and RF classifiers are utilized in this study, while PCA allowed us to identify the 

components with the highest variability to be used as the predictors in the trained classifiers. 

We follow rigorous preprocessing and modeling strategies where the unbiased predictive 

performance of the SVM and RF is shown to achieve more than 96% and 94% correct 

classification accuracy on benchmark chemicals, respectively, achieving significantly better 

results compared to the aforementioned studies.

The rest of the manuscript is organized as follows. The experimental and computational 

methodologies of this study are presented in Section 2. Also, this section provides 

an extensive discussion of the model, model validation methods, and the performance 

assessment criteria that were used in this study. Then in Section 3, a comparative 

analysis of employed classification algorithms and the effect of data preparation on the 

final classification performance are discussed comprehensively. The final remarks on the 

manuscript are drawn in Section 4.

2. Materials and Methods

2.1. Reference Chemicals

A set of 45 estrogenic EDC reference chemicals with well-documented in vivo activities 

were provided in DMSO via an agreement with Dr. Keith Houck (US EPA, Research 

Triangle Park, NC). This library consists of ERα agonists with strong, moderate, weak, or 

very weak activity, inhibitors of ERα (antagonists/anti-estrogens), and inactive chemicals. 

To improve the agonist/antagonist balance of the reference chemicals, the library is 

supplemented with 7 additional chemicals with well-established antagonist/anti-estrogenic 

activity. For control treatments, samples were treated with alternatively sourced 17β-

estradiol (E2, E2-1, E2-2), 4-hydroxytamoxifen (4HT, 4HT-1, 4HT-2), and raloxifene. 

Finally, all cell treatments included a media control that contains 0.1% DMSO (Media) 

for a total of 60 unique chemical samples in the experimental data set (Table S30).
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2.2. Sample Treatment

To generate the experimental data, GFP-ER:PRL-HeLa cells [42,43] were exposed to each 

chemical with concentrations ranging between 10 nM and 100 μM (Table S30) for a 

time of 2 hours. Right before the compound treatment, the stock compound solutions 

were transferred to 96-well working dilution plates in phenol red-free DMEM with 5% SD-

FBS. Working dilutions of compounds were then added in quadruplicate (i.e., 4 technical 

replicates of each sample) to assay plates containing cells. For all experiments, negative 

control wells containing 0.1% DMSO and positive control wells containing E2 ranging from 

10 nM to 1000 nM were included in the plate layout. All dilutions and cell treatments using 

reference chemicals were performed using the Beckman Biomek NX liquid-handling robotic 

platform.

2.3. Sample Processing

After the incubation period was completed, cells were fixed using 4% EM-grade 

formaldehyde in PEM buffer (80 mM potassium PIPES [pH 6.8], 5 mM EGTA, and 2 

mM MgCl2) and quenched with 0.1 M ammonium chloride for 10 min. Cell membranes 

were disrupted by incubating samples with a 0.5% Triton X-100 solution for 10 minutes. 

Nuclei were stained using DAPI (1 μg/ml) for 10 minutes. All samples were stored in PBS 

buffer containing calcium, magnesium, and sodium azide at 4°C prior to imaging.

2.4. Sample Imaging and Quantification

Automated imaging was carried out using a Vala Sciences IC-200 (San Diego, CA) image 

cytometer. Image acquisition was performed with a 20x objective. To ensure capturing 

visible arrays, Z-stacks of the GFP channel were captured at 1 μm intervals (for a total of 

5 μm). Nuclear array segmentation and automated image analyses were performed using 

custom measurement and reporting routines incorporated into myImageAnalysis/Pipeline 

Pilot software [47]. Cell, nucleus, and array (if present) were identified and metrics 

describing shape and intensity features quantified. Aggregated cells, mitotic cells, and 

apoptotic cells were removed using filters based on nuclear size, nuclear shape, nuclear 

intensity, and nucleus-to-nucleus distance. In addition to primary shape and intensity-based 

extracted features, three secondary features were calculated: (1) the ratio of the array GFP 

intensity to the nucleoplasm GFP intensity; (2) the fraction of the total GFP intensity in the 

cell that is localized in the nucleus; and (3) the ratio of the nuclear GFP intensity to the 

cytoplasmic GFP intensity. This created a dataset size of 162,525 observations × 79 features 

that is passed to the computational analysis phase.

2.5. Computational Methodology

Our computational analysis pipeline is summarized in Fig 1. First, the multidimensional 

imaging data from the high throughput microscopy and high content analysis undergo a 

preprocessing phase to be converted into a more efficient form. The cleaned dataset is 

then passed to the PCA step, where the experimental noise is suppressed by performing 

eigendecomposition on the covariance matrix. We then apply and validate two nonlinear 

classification algorithms (SVM and RF) to model the separation between ER agonists 

and antagonists using the training compounds. Finally, the predictive performance of these 
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binary classifiers is quantified and compared using several metrics. Details of each analysis 

step are provided in Fig 1.

2.5.1. Data Preprocessing—An analysis pipeline was created using Pipeline Pilot 

software (Biovia) to perform all data normalization, percentile identification, and engineered 

data set creation. All chemical screening data were normalized to E2-treated control samples 

using the robust z-score calculation based on single cell data. In experiments that spanned 

multiple sample plates, the median and MAD values were calculated for each plate, the 

median MAD value across all plates was determined, and the robust z-score was calculated 

using the per-plate median value and the overall median MAD value.

We also perform feature engineering to expand the dataset using percentiles. Percentiles 

were determined by identifying the single cell features falling into the 0 – 10th percentile 

range (L10), 45th – 55th percentile range (M10), the 90th – 100th percentile range (H10), 

and the 25th – 75th percentile range (M50) from each sample. Experimental data sets 

containing all single cell data and engineered data sets containing only the L10 + M10 + 

H10 or only the M50 single cell features were also divided into 2 subsets depending on 

the detection of visible GFP-ER nuclear spots (all cells and array positive cells) used for 

subsequent model development.

Next, each individual dataset was scanned for missing entries and cleaned prior to 

classification modeling. Missing data are a prevalent interdisciplinary issue, and the way we 

handle this problem can have a significant influence on the reliability of statistical inferences 

and the important conclusions drawn from a data analysis. Understanding the pattern of this 

problem and then taking mitigative actions such as listwise deletion, data amputation, and 

data recovery are some of the main procedures that should be followed in these cases [48].

Following the missing data check, data cleaning was performed where the redundant 

features and the inactive compounds were removed prior to the classification analysis (Table 

3). In addition, only 17β-Estradiol, 4-hydroxytamoxifen, and raloxifene treatments were 

retained in the analysis dataset as representatives of control treatments whereas E2, E2-1, 

E2-2, 4HT, 4HT-1, and 4HT-2 are removed. This results in having 41 active chemical 

compounds in each dataset, Table 1 shows the data size for all cases while Table 2 shows the 

list of active chemicals used in this study.

2.5.2. Principal Component Analysis—Once the data preprocessing was completed, 

each dataset was centered and scaled to perform PCA. The central concept of PCA is 

to derive a low-dimensional set (i.e., reducing the number of features) of the data while 

preserving its variability [49]. A set of new orthogonal variables called principal components 

(PCs) is created by projecting the data onto a new coordinate system and these are expressed 

as the linear combinations of the original imaging features. The mathematical theory behind 

this analysis root in the eigendecomposition of the positive semi-definite matrices [50].

The PCs obtained from this analysis are ranked based on the variability represented by each 

one of them. For example, the greatest variance in the dataset will lie in the first component 

while the least great variance in the dataset will lie in the last component. To identify a 
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lower-dimensional set, we observe the proportion of variance explained by each PC. The 

explained variance values for the top 10 PCs are shown in Fig 2 on a scree plot for each 

dataset that describes only array positive cells. The scree plot of other datasets may be found 

in Fig S1.

Fig 2 shows that the individual explained variance of PCs for all datasets drop significantly 

after the first PC. In Fig 2a, the first PC explains 78.87% of the variance whereas the second 

PC explains only 9.45% of the variance in the dataset derived from the original features. 

Similarly, for the L10-M10-H10 case, we observe that the first PC explains 62.57% and the 

second PC explains 10.98% of the variance in the dataset. For the M50 case, we observe 

a 56.854% drop in explained variance as we go from the first PC to the second one. To 

determine the optimal number of PCs to retain in the analysis, we observe the inflection 

point or the “elbow” of scree plots. Based on Fig 2, the elbows are located at the third 

PC, where the cumulative proportion of explained variance of the first three PCs is 92.77%, 

79.54%, and 91.07%, for the original, L10-M10-H10, and the M50 cases, respectively. Thus, 

we reduce the dimensionality of the dataset to 3 projected features from the PCA, where the 

sizes of each data matrix are provided in Table 4.

2.5.3. Classification Model Development—The PCA-transformed dataset then 

undergoes the compound-wise train-test split procedure prior to the modeling. The number 

of agonist and antagonist chemicals and their ER potency, as shown in Table 1, were taken 

into high consideration to have a balanced split across both ER activity classes. Accordingly, 

two-thirds of the total 12 antagonist chemicals were split randomly and allocated in the 

training set whereas the remaining one-third of antagonistic compounds are reserved for 

the testing set. Of the 29 compounds with agonistic behaviors, 18 were allocated in the 

training set, while the rest were used in the testing set. The train-test split of active chemicals 

according to their endocrine disrupting potential is summarized in Fig 3 and details on the 

dimensionality of each set are provided in Table 5. It is important to note that the same set of 

training and testing chemicals are used for analyzing each dataset to have a fair comparison 

and the test set is exclusively reserved to quantify the predictive capabilities of the trained 

classifiers on unseen data.

In this study, we use the two-class c-parametrized SVM with a Gaussian radial basis kernel 

and RF algorithms to distinguish between the endocrine disrupting potentials of the studied 

benchmark chemicals. These models are chosen due to the nonlinear and discontinuous 

nature of the datasets and their easy-to-implement training routines.

An SVM is a machine learning model that allows distinguishing observations between two 

classes by finding the separating hyperplane between the two classes of information. The 

linear c-SVM learning problem with soft margins is formulated as a convex optimization 

problem [51,52] where the objective is to find the maximum margin hyperplane while 

minimizing the number of misclassified points by the SVM (Eq. 1),
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min
w, b, ξ

1
2‖w‖2 + C ∑

i = 1

N
ξi

s . t . yi wTxi + b ≥ 1 − ξi ∀i = 1, …, N
ξi ≥ 0 ∀i = 1, …, N

(1)

where xi are the inputs of each sample i, yi are the outputs of each sample i, w are the 

weights of the features, b is the bias of the hyperplane, ξi are the slack variables for samples 

i that are misclassified, N is the total number of samples in the training set, and C is the cost 

hyperparameter that controls the trade-off between the maximum margin

max
α

∑
i = 1

N
αi − 1

2 ∑
i = 1

N
∑
j = 1

N
αiαjyiyjK(xi, xj)

s . t . ∑
i = 1

N
αiyi = 0

0 ≤ αi ≤ C ∀i = 1, …, N

(2)

and the hinge loss. If the value of C is small the trained SVM model will have a wider 

margin and more tolerance for misclassifications whereas if the C is large, then the SVM 

will have a smaller margin to keep the misclassification value small. For deriving the 

nonlinear separating boundary between the two classes of information, the Lagrange dual 

problem of Eq. 1 with kernel trick is used (Eq. 2) and the decision variables for the SVM 

training become the dual variables (αi).

In our work, we use the Gaussian radial basis kernel which also comes with an additional 

hyperparameter γ. These two hyperparameters that affect the learning process of the SVM 

model require tuning to achieve maximum predictive capability. This is done using a 6-fold 

cross-validated grid search where a total of 100 C and γ combinations are explored within 

the 10 evenly spaced values in the interval of [128, 1280] and [1/1280, 1/128], respectively. 

In cross validation step, instead of simply randomly splitting and shuffling the cell-level 

data, cross validation is performed per compound basis. As a result, there are 4 compounds 

in first 5 folds and 6 compounds in 6th fold (each compound containing their respective 

cell-level measurements). The median accuracy of the folds is selected to be the accuracy 

of the corresponding hyperparameter combination. The hyperparameter combination with 

the highest median accuracy score is deemed optimal and used to construct the final 

classification model.

As an alternative approach for binary nonlinear classification, we also use the RF model 

which is an ensemble of unpruned decision trees that are based on a bootstrap sampling 

of the training set and a randomly chosen subset of variables [53]. This machine learning 

approach also has two hyperparameters: (1) ntree – the number of trees to grow; and (2) 

mtry – the number of features to randomly sample at each split. Similar to the SVM tuning 

process, we perform 6-fold cross-validated grid search to find the optimum hyperparameter 

combinations that give the best predictive performance, where a total of 30 hyperparameter 

combinations are explored within 10 evenly spaced ntree and 3 mtry values in the ranges 

of [25,250] and [1,3], respectively. The SVM and RF algorithms are implemented in the 
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R (version 4.1.2) programming language using the svm function in the e1071 library, and 

the randomForest function in the randomForest library, respectively. The RMarkdown 

documentation of the entire computational analysis is also provided in the Supplementary 

Material.

2.5.4. Model Performance Metrics—To assess the unbiased predictive performance 

of the trained models, we follow the testing approach that the performance metrics of 

unseen chemicals are measured on which the model has not been trained. We use a 

range of performance metrics including, accuracy, sensitivity, specificity, F1 score, and 

balanced accuracy as shown in Eqs. 3-7. Here, an agonist compound that is misclassified 

as an antagonist is defined as a “false positive” or FP, while a misclassified antagonist 

compound is defined as a “false negative” or FN. Accordingly, the correctly classified 

agonist and antagonist compounds are defined as “true positive” (TP) and “true negative” 

(TN) respectively.

Accuracy = TP + TN
TP + FP + TN + FN (3)

Sensitivity = TP
TP + FN (4)

Specificity = TN
TN + FP (5)

F1 Score = 2TP
2TP + FP + FN (6)

Balanced Accuracy = 1
2( TP

TP + FN + TN
TN + FP ) . (7)

3. Results and Discussion

3.1. High-Dimensional Data Visualization

Before applying the classifiers, we visualized our preprocessed dataset to gain insights 

on the grouping of the studied chemical compounds using hierarchical clustering (Fig 

4). The clustering is performed by calculating the pairwise-Euclidean distances and using 

the complete linkage methodology on per compound-averaged data. Fig 4 illustrates the 

clustering between agonist and antagonist chemicals in all three cases for the array positive 

cells. The clustering results of all cells is provided in Fig S2. Fig 4a and 4b indicates that 

when these dendrogram trees are cut at heights that form two clusters, compounds are not 

exclusively grouped with respect to their agonistic and antagonistic behavior. However, the 

distinct grouping of the studied compounds according to their ER potential is observed in 
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the engineered M50 dataset as shown in Fig 4c, except for the AZD9496, ZK164015, ICI 

182780 (Fulvestrant) compounds that grouped with the agonists.

We also observe this controversy in the three-dimensional PCA score plot of the 

M50 dataset, where there is a discontinuous separation between agonist and antagonist 

compounds (Fig 5a). We observe that the discontinuity in the antagonist clusters arises from 

the same three compounds (AZD9496, ZK164015, ICI 182780 (Fulvestrant)) that clustered 

with the agonist compounds in hierarchical clustering. This is an expected observation 

because these chemicals are known to destabilize ERα expression through the same pathway 

activated by ERα agonists [44].

As a result, we use two nonlinear classifiers, namely the two-class c-parametrized SVM with 

a Gaussian radial basis kernel and RF algorithms, to achieve the discontinuous classification 

of agonist and antagonist compounds. These data visualization tools verify that linear 

classifiers would lack the ability to achieve desired outcomes. The hyperparameter tuning 

process to model the discontinuous separation of agonist and antagonist compounds, along 

with the nonlinear classification results will be extensively presented and discussed in the 

following section.

3.2. Hyperparameter Tuning and Classification Results

To determine the optimum learning parameters of the SVM and RF algorithms, we use 6-

fold cross-validated grid search where an extensive number of hyperparameter combinations 

are exhaustively explored and the one with the highest accuracy is selected for the final 

model. Fig 6 summarizes the grid search results for the array positive cells of M50 dataset 

where the best hyperparameter combinations have been specified with red squares.

Subsequently, the final SVM and RF models are trained using all the training compounds 

and their selected respective hyperparameter combinations. The predictive performances of 

the final models are then quantified using the testing compounds (Table 2). Table 6 reports 

the performance metrics – accuracy, sensitivity, specificity, F1 score, and balanced accuracy 

– for both classifiers.

The nonlinear classification results of array positive M50 scenario show that 2-class 

nonlinear SVM performs slightly better than the RF classifier with a correct classification 

accuracy of 96.36% on the unseen data, whereas the accuracy of the RF model is 94.36%. 

However, in the training phase, we observe that the RF model learns the patterns in the data 

perfectly with 100% accuracy, sensitivity, specificity, F1 score, and balanced accuracy. Yet, 

we know that the training performances are not representative of the predictive performance 

of the machine learning models, which is evident in the testing performance of the RF 

model. We also observe that the sensitivity of the SVM model is higher for the testing 

compounds which implies that this model classifies more agonist compounds correctly as 

agonists. This is also presented in the confusion matrices shown in Fig 7. Furthermore, the 

testing specificity of the final SVM model is 100% which indicates that all antagonists in the 

testing set, including ZK164015, ICI 182780 (Fulvestrant), are correctly classified. Hence, 

the SVM model can learn the discontinuous regions of antagonist compounds in the dataset 

and performs better on predicting the ER potential of unseen compounds. The RF model 
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also has favorable testing performance for the M50 dataset where all testing performance 

metrics scored above 90%.

A deeper insight to the model performances can also be obtained from analyzing the per 

cell classification of the SVM and RF models (Tables S26-S29). The results show that 

SVM misclassifies 0.64% of cells (1 out of 156 cells) treated with 17β-Estradiol, 50.77% 

of cells (33 out of 65 cells) treated with Dicofol, 1.66% of cells (4 out of 241 cells) 

treated with 4-Cumylphenol, and 23.9% of cells (65 out of 272 cells) treated with AZD9496 

in the training phase. However, in the testing phase we observe that SVM can perfectly 

classify the antagonist compounds with 100% accuracy whereas several cells treated with 

very weak, weak, and strong agonist compounds are misclassified. This can be attributed 

to the similarity of chemicals based on their Euclidean distances in space. If we take a 

closer look at hierarchical clustering, the two correctly classified antagonists – ZK164015, 

ICI 182780 (Fulvestrant) – are grouped together, while AZD9496 is clustered among the 

agonist chemicals (Fig 4c). As a result, it is more challenging to classify all the cells treated 

with AZD9496 with 100% accuracy. Similar observation is also made for Dicofol and 

Kaempferol where SVM poorly predicts their estrogenic potential with 49.23% and 65.15% 

accuracy, respectively. These two compounds are grouped together at the final branch of the 

dendrogram as shown in Fig 4c.

With regards to the RF, this nonlinear classifier mapped the discontinuous separation defined 

by the antagonist chemicals in the agonist region with over 90% accuracy. We observe 

that 5.69% of cells (12 out of 211 cells) treated with ZK164015 are misclassified in the 

testing set whereas the misclassification rate for ICI 182 780 (Fulvestrant) treated cells 

is higher with 7.88% of cells (29 out of 368 cells) being misclassified as agonists. This 

decision tree-based classifier also had difficulties with correctly classifying the ER activity 

of Kaempferol like the SVM, where only 77.27% of the cells are classified as agonists and 

other agonists that lowered the overall predictive performance of the RF model.

3.3. The Effect of Data Preparation to the Model Performance

Although in the previous section, we extensively analyzed the results of the M50 array 

positive dataset, the same modeling procedure is also applied to the other aforementioned 

datasets (Table 1) to compare the effects of different preprocessing and feature engineering 

strategies on the classification of agonist and antagonist compounds. In Fig 8, the testing 

accuracies of nonlinear classifiers are reported for 6 differently constructed datasets.

According to the classification results, the datasets with engineered features have higher 

accuracies than the original experimental data. Also, it is noteworthy to state that the 2-class 

nonlinear SVM model outperforms the RF model in 5 cases, except for the LMH10 data 

for array positive cells, where the RF classifier maps the separation with 84.21% compared 

to the SVM accuracy of 77.95%. In addition, our classification framework can achieve 

slightly higher accuracy compared to M50 data set with array positive cells when LHM10 

dataset with all cells used in the SVM model. Nonetheless, the results indicate that feature 

engineering can reveal patterns that can be hidden in the original experimental data and 

allow for more than 96% classification accuracy of agonist and antagonist compounds with 

the SVM model.
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4. Conclusions

In this study, we introduced a framework for modeling the endocrine disrupting potential of 

benchmark chemicals using single-cell level information and machine learning algorithms. 

After getting multidimensional high throughput microscopy and high content analysis-based 

data, we performed series of preprocessing steps to reveal the underlying patterns in 

datasets and constructed accurate classification models. Later, we used Principal Component 

Analysis (PCA) to reduce the dimensionality of our datasets and selected optimal number 

of PCs as the descriptive features for the nonlinear classifiers. We used two-class nonlinear 

Support Vector Machine model and Random Forest algorithm to map the separation between 

the endocrine disrupting potential of chemical compounds. Our results showed that both 

classification models were capable of predicting the endocrine disruption potential of 

compounds with high accuracy, where the SVM model achieved more than 96% and the RF 

model achieved more than 94% classification accuracy on unseen compounds. Additionally, 

our analysis indicated that feature engineering improved the classification accuracy by 20 

points. We believe that our framework will be beneficial for facilitating the decision-making 

process during and after environmental emergencies for determining the possible biological 

hazards of unknown chemicals.
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Refer to Web version on PubMed Central for supplementary material.
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Fig 1. 
The estrogenic activity classification flowchart with single-cell level high throughput 

imaging data.
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Fig 2. 
Scree plot of explained variance and principal components for datasets with visible nuclear 

spots. The purple bar indicates the “elbow” of the scree plot which is the optimal number of 

PCs to retain in the analysis.
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Fig 3. 
The Train-test split of the active benchmark chemicals.
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Fig 4. 
Euclidean distance complete linkage hierarchical clustering for datasets with visible nuclear 

spots.
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Fig 5. 
3D PCA plot for the array positive M50 scenario. Green points specify the overlap in the 

agonist region by AZD, ZK, ICI compounds.
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Fig 6. 
Heatmaps of grid search results for the nonlinear classifiers of array positive M50 scenario: 

a) SVM, b) RF. The hyperparameter combination with the highest accuracy (indicated with 

red) is selected to train the final model.
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Fig 7. 
Confusion matrices for nonlinear classifiers for the testing set of array positive M50 

scenario: a) SVM, b) RF.
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Fig 8. 
Testing accuracies with 15 unseen chemicals over 6 different data preparation techniques for 

the 2-class SVM and RF classifiers.
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Table 1.

Dimensionality of the original and preprocessed data for all cases.

Dataset Original data size Preprocessed data size

All cells 162525 × 79 48943 × 37

All cells (array positive) 58491 × 79 20748 × 37

L10+M10+H10 cells 15157 × 218 4451 × 108

L10+M10+H10 cells (array positive) 4990 × 218 1914 × 108

M50 cells 73073 × 78 22116 × 36

M50 cells (array positive) 22286 × 78 9420 × 36

Chem Eng Sci. Author manuscript; available in PMC 2024 November 05.



A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

Aghayev et al. Page 25

Table 2.

The active chemical compounds used in training and testing of the classification algorithms.

Compound Name ER Activity Potency

Training Set

17-Methyltestosterone Agonist Very Weak

4-(1,1,3,3-Tetramethylbutyl)phenol Agonist Very Weak

4-Nonylphenol Agonist Very Weak

Apigenin Agonist Very Weak

Dibutyl phthalate Agonist Very Weak

Dicofol Agonist Very Weak

Fenarimol Agonist Very Weak

Methoxychlor Agonist Very Weak

4-Cumylphenol Agonist Weak

5alpha-Dihydrotestosterone Agonist Weak

Bisphenol A Agonist Weak

Bisphenol B Agonist Weak

Genistein Agonist Weak

Kepone Agonist Weak

o,p'-DDT Agonist Weak

Estrone Agonist Moderate

17β-Estradiol Agonist Strong

Diethylstilbestrol Agonist Strong

4-Hydroxytamoxifen Antagonist -

AZD9496 Antagonist -

H3B-5942 Antagonist -

Raloxifene Antagonist -

Raloxifene hydrochloride Antagonist -

Tamoxifen Antagonist -

Tamoxifen citrate Antagonist -

Toremifene Citrate Antagonist -

Testing Set

Benzyl butyl phthalate Agonist Very Weak

Di(2-ethylhexyl) phthalate Agonist Very Weak

p,p'-DDE Agonist Very Weak

Chrysin Agonist Very Weak

Ethylparaben Agonist Very Weak

Procymidone Agonist Very Weak

Kaempferol Agonist Very Weak

7,4'-Dihydroxyisoflavone Agonist Weak

meso-Hexestrol Agonist Strong

17α-Ethinylestradiol Agonist Strong

17α-Estradiol Agonist Strong
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Compound Name ER Activity Potency

ICI 182 780 (Fulvestrant) Antagonist -

ZK164015 Antagonist -

Bazedoxifene Antagonist -

Clomifene Citrate Antagonist -
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Table 3.

The chemical compounds that were removed after the preprocessing step.

Compound Name ER Activity Potency

Inactive Compounds

Media Inactive -

Progesterone Inactive -

Reserpine Inactive -

Cycloheximide Inactive -

Haloperidol Inactive -

Corticosterone Inactive -

Linuron Inactive -

Flutamide Inactive -

Ketoconazole Inactive -

Hydroxyflutamide Inactive -

Spironolactone Inactive -

Atrazine Inactive -

Phenobarbital sodium Inactive -

Control Chemicals

E2 Agonist Strong

E2-1 Agonist Strong

E2-2 Agonist Strong

4HT Antagonist -

4HT-1 Antagonist -

4HT-2 Antagonist -
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Table 4.

Proportion of variance of first three PCs and the cumulative variance for all 6 scenarios.

Dataset PC1 PC2 PC3 Cumulative variance

All cells 0.4603 0.1874 0.1114 0.7590

All cells (array positive) 0.7887 0.0945 0.0446 0.9277

L10+M10+H10 cells 0.5315 0.1397 0.0956 0.7668

L10+M10+H10 cells (array positive) 0.6257 0.1098 0.0600 0.7954

M50 cells 0.6499 0.1516 0.1068 0.9083

M50 cells (array positive) 0.7123 0.1438 0.0546 0.9107
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Table 5.

Data size of training and testing sets for all cases.

Dataset Training set Testing set

All cells 31841 × 3 17102 × 3

All cells (array positive) 13272 × 3 7476 × 3

L10+M10+H10 cells 2897 × 3 1557 × 3

L10+M10+H10 cells (array positive) 1211 × 3 703 × 3

M50 cells 14387 × 3 7729 × 3

M50 cells (array positive) 5962 × 3 3458 × 3
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Table 6.

Performance metrics for 2-class SVM and RF metrics of array positive M50 scenario.

Classifier Set Accuracy Sensitivity Specificity F1 Score Balanced
Accuracy

Support Vector Machines
Testing 96.36% 92.44% 100.00% 96.07% 96.22%

Training 98.27% 98.66% 97.92% 98.19% 98.29%

Random Forest
Testing 94.36% 90.76% 97.71% 93.95% 94.24%

Training 100.00% 100.00% 100.00% 100.00% 100.00%
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