[image: image1]Machine learning-driven exploration of drug therapies for triple-negative breast cancer treatment

		ORIGINAL RESEARCH
published: 04 August 2023
doi: 10.3389/fmolb.2023.1215204


[image: image2]
Machine learning-driven exploration of drug therapies for triple-negative breast cancer treatment
Aman Chandra Kaushik1 and Zhongming Zhao1,2,3*
1Center for Precision Health, School of Biomedical Informatics, The University of Texas Health Science Center at Houston, Houston, TX, United States
2Human Genetics Center, School of Public Health, The University of Texas Health Science Center at Houston, Houston, TX, United States
3MD Anderson Cancer Center, UTHealth Graduate School of Biomedical Sciences, Houston, TX, United States
Edited by:
Dongqing Wei, Shanghai Jiao Tong University, China
Reviewed by:
Lei Li, Qingdao University, China
De-Xin Kong, Huazhong Agricultural University, China
* Correspondence: Zhongming Zhao, zhongming.zhao@uth.tmc.edu
Received: 01 May 2023
Accepted: 21 July 2023
Published: 04 August 2023
Citation: Kaushik AC and Zhao Z (2023) Machine learning-driven exploration of drug therapies for triple-negative breast cancer treatment. Front. Mol. Biosci. 10:1215204. doi: 10.3389/fmolb.2023.1215204

Breast cancer is the second leading cause of cancer death in women among all cancer types. It is highly heterogeneous in nature, which means that the tumors have different morphologies and there is heterogeneity even among people who have the same type of tumor. Several staging and classifying systems have been developed due to the variability of different types of breast cancer. Due to high heterogeneity, personalized treatment has become a new strategy. Out of all breast cancer subtypes, triple-negative breast cancer (TNBC) comprises ∼10%–15%. TNBC refers to the subtype of breast cancer where cells do not express estrogen receptors, progesterone receptors, or human epidermal growth factor receptors (ERs, PRs, and HERs). Tumors in TNBC have a diverse set of genetic markers and prognostic indicators. We scanned the Cancer Cell Line Encyclopedia (CCLE) and Genomics of Drug Sensitivity in Cancer (GDSC) databases for potential drugs using human breast cancer cell lines and drug sensitivity data. Three different machine-learning approaches were used to evaluate the prediction of six effective drugs against the TNBC cell lines. The top biomarkers were then shortlisted on the basis of their involvement in breast cancer and further subjected to testing for radion resistance using data from the Cleveland database. It was observed that Panobinostat, PLX4720, Lapatinib, Nilotinib, Selumetinib, and Tanespimycin were six effective drugs against the TNBC cell lines. We could identify potential derivates that may be used against approved drugs. Only one biomarker (SETD7) was sensitive to all six drugs on the shortlist, while two others (SRARP and YIPF5) were sensitive to both radiation and drugs. Furthermore, we did not find any radioresistance markers for the TNBC. The proposed biomarkers and drug sensitivity analysis will provide potential candidates for future clinical investigation.
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INTRODUCTION
Triple-negative breast cancer (TNBC) is an aggressive tumor that accounts for ∼10%–15% of all breast cancer (BC) subtypes and has a bad prognosis (Haffty et al., 2006; Dent et al., 2007; Mittendorf et al., 2014; Sabatier et al., 2015; Luen et al., 2016; Denkert et al., 2018). Pharmacogenomics predictions deal with genomic changes in our body due to response to medications. It is a growing field of study that includes the development of drugs, repurposing, selection of patients for clinical studies, and recommendations for individualized therapy. It demonstrates how the body processes and metabolizes various medications (Barretina et al., 2012; Seashore-Ludlow et al., 2015; Haverty et al., 2016; Iorio et al., 2016). To build predictive models, we can use pharmacological response data and molecular data from a variety of cell lines from these databases. However, there are restrictions in determining medication response (Papillon-Cavanagh et al., 2013; Jang et al., 2014). Noise in the data along with the presence of more characteristics than sample size (i.e., predictors/variables), insufficient characterization of the omics data, and the lack of dynamic nature of molecular data are the overall factors that render drug response prediction more difficult (Kalamara et al., 2018). Another significant issue is that we can not rely on the pharmacogenomic correlations generated from drug response. Several studies have found that inconsistencies in utilized experimental techniques and processing of data resulted in reported inconsistency (Haibe-Kains et al., 2013; Consortium CCLEConsortium GoDSiC, 2015; Bouhaddou et al., 2016; Geeleher et al., 2016; Safikhani et al., 2016; Mehmood et al., 2023).
In simpler terms, drug sensitivity can be defined as the amount of activity achieved on a target (in this case, cell lines). It is measured using various methods including area above the curve (AAC) and IC50 values, whereas drug resistance refers to the resistance of a target to a drug or specific compounds, which may be triggered by mutations or overdosing. This is correlated to biomarkers, which are entities that play a critical role in tumor survival. Radiotherapy is the most effective cancer treatment (Baumann et al., 2016). For quick and efficient results, along with chemotherapy, radiation is also considered. Radiation’s physical accuracy has been improved by recent technological advances, yielding higher cure rates and lowering toxicity (Baumann et al., 2016).
Numerous methods and approaches have been developed to solve the drug response prediction problem, including normalized regression techniques (i.e., least absolute shrinkage and selection operator (LASSO), elastic net, and ridge regression) (Geeleher et al., 2014; Falgreen et al., 2015; Fang et al., 2015; Aben et al., 2016), support vector machines (SVM) (Dong et al., 2015), random forest, neural networks, deep learning (Menden et al., 2013; Ding et al., 2018), and logical models (Ammad-Ud-Din et al., 2014; Ammad-Ud-Din et al., 2016). [Ali and Aittokallio (2019)] provide a review with wider detail. There has yet to be reported a comprehensive study of procedures of model training which is based on data from large cell line screenings as well as radiation data. In this study, we aimed to fill these gaps, in turn improving the accuracy of drug response prediction and discovering new biomarkers for sensitivity pertaining to drugs as well as radiation. Predictive performance was assessed by tenfold cross-validation and sampling of five models trained by various machine learning methods, i.e., elastic net (Heiss et al., 2021), LASSO (Huang et al., 2020), ridge (Arashi et al., 2021), random forest (Schonlau and Zou, 2020), and support vector machine (Pisner and Schnyer, 2020).
First, the sensitivity data for the drugs and cell lines data were retrieved from the two datasets [Cancer Cell Line Encyclopedia (CCLE) and Genomics of Drug Sensitivity in Cancer (GDSC)] and drug activity was examined using the IC50 and the area above the curve (AAC) graphs by us. This was done for the 16 shortlisted drugs considered in this study. Then we used the multivariate machine learning models to predict the accuracy of drug sensitivity on the cancer cell lines and shortlisted the best-performing drugs. We manually searched for potential biomarkers after shortlisting biomarkers from molecular data. Furthermore, for the radiation sensitivity data, the Cleveland database was used because we wanted to find biomarker signatures that were sensitive to both chemotherapy and radiation. Identifying signatures associated with radiosensitivity or radioresistance was possible with the RadioGx package.
MATERIALS AND METHODS
We curated a collection of cancer cell line screens from two different data sources for this study: Genomics of Drug Sensitivity in Cancer (GDSC) and Cancer Cell Line Encyclopedia (CCLE) (Yang et al., 2012; Wang et al., 2022). Each dataset contains a panel of cancer cell lines that have been drug-tested, and CCLE includes detailed genetic characterization of a large panel of human cancer cell lines. GDSC also contains information on the drug sensitivity of cancer cells and the molecular markers of drug response. Both datasets have some overlap in both cells and drugs. Our literature survey (Chavez et al., 2010; Gupta et al., 2016) defined 16 drugs and 10 cell lines on the basis of FDA approval to use for this study. To incorporate information on radiation sensitivity in this study, we also used the Cleveland1.0 (Boeckman et al., 2005) database. The overall workflow is given in Figure 1.
[image: Figure 1]FIGURE 1 | The methodological pipeline of the current study.
Examining and extracting data of interest
We used two packages, PharmacoGx (Mahmoud and Haibe-Kains, 2020) and RadioGx (Trendowski et al., 2021), to analyze the datasets and extract the drug sensitivity data for each cell line. PharmacoGx package has been used for drug sensitivity while RadioGX has been used for radiosensitivity and radioresistance. All of the information in PharmacoGx is provided as R objects, containing both pharmacological and molecular information from each study for analysis. The RadioGx program provides a standardized data format for storing the results of radiogenomic experiments. The relationship between various cancer cell lines is investigated, as well as their response to various dosages and types of ionizing radiation. The object structure of both packages is strikingly similar. So, a joint interface is available for accessing the considerable data contained in these objects. The PSet and RSet store three types of data in general: metadata/annotations, molecular data, and treatment response data.
Modeling the sensitivity data
The drug dose-response curve function can be used to plot drug dose-response data from PharmacoSet objects (Ma et al., 2020). In each dataset, it helps in plotting the drug dose-response curves for the combination of drugs against specific cell lines which further allows direct comparisons of data between the two datasets when a list of PharmacoSets, a name for drug against cell line is given.
Drug sensitivity prediction
In pharmacogenomic studies, cancer cell lines were also tested for their dose-dependent response by increasing concentrations of various compounds from which IC50 values (Thorarensen et al., 2021), the area above the curve (AAC) (Govindaraj et al., 2020), and viability at 1 µM were computed. The IC50 of an inhibitor is the specific concentration for which the response is one-half the original response. The AAC is a more robust metric that is normalized against dose range and is defined as the area above the dose-response curve for the tested drug concentrations.
Consistency of CCLE and GDSC datasets
We examined the consistency of the GDSC and CCLE databases and discovered that the names of the cells and drugs utilized in the datasets were not identical. However, we used PharmacoGx to overcome these disparities and conducted a comparison analysis between the two datasets. The hgu133a platform was used to profile GDSC, whereas the more comprehensive hgu133plus2 platform was used to profile CCLE. While the hgu133a platform is essentially a subset of the hgu133plus2 platform in this case, Ensemble Gene IDs summarise the expression information in PharmacoSet objects, making it possible to compare datasets from different platforms.
The downloadPSet utility was used to import the datasets from storage for testing consistency between them. To obtain the common intersect among the datasets, the intersectPSet was used. We created a breakdown of the gene expression and drug sensitivity metrics for both datasets, leaving one gene expression pattern and one sensitivity profile per cell line within each dataset. The Pearson correlation coefficient was then used to compare the gene expression and susceptibility metric between the datasets.
Reliability assessment via robust concordance index (rCI)
We used the robust Concordance Index (rCI) to examine the concordance of multiple pharmacogenomic data sets (rCI) (Salisu et al., 2020; Smirnov et al., 2021). The robust concordance index (rCI) is used in cell line-based drug screening to estimate the probability that two randomly-chosen cell lines are ranked identically and that there is no repetition across biological replicates based on their response to drugs. We observed that noise in drug screening can be taken into account, and that responsive ranking of cell lines with similar AAC values may contain errors; however, the rCI only calculates cell line pairings with a drug sensitivity discrepancy greater than the threshold value.
Machine learning-based validation
Ridge, elastic net, RF, LASSO, and SVM are some of the commonly used multivariate machine learning algorithms employed in our study. Multiple metrics have been used to evaluate the performance, including the Pearson correlation coefficient, concordance index, and robust concordance index.
Ridge method
L2 regularization is used in ridge regression, which introduces the given penalty element to the OLS equation.
[image: image]
The L2 term is directly proportional to the square of the coefficients’ magnitude. If lambda (λ) is 0, the formula is the basic OLS, but if it is bigger than zero, a restriction is added to the coefficients. This restriction leads to reduced coefficients (also known as shrinkage), which tend to zero as lambda increases. Reduced coefficients result in a reduced variance and, as a result, a smaller error value. As a result, while ridge regression reduces the intricacy of a model, it does not lower the number of variables; rather, it reduces the influence of those variables.
LASSO method
The L1 penalty term is used in lasso regression, which refers to the least absolute shrinkage and selection operator. The penalty for L2 is equivalent to the absolute amount of the coefficients’ magnitude:
[image: image]
A lambda value of zero, like ridge regression, spits out the fundamental OLS equation; however, with the right lambda value, lasso regression can push several coefficients to zero. The greater lambda is, the more characteristics are reduced to zero. This can completely exclude some characteristics and leave us with a selection of predictors that can assist reduce the multi-collinearity and complexity of the model. Predictors that haven't shrunk to zero are crucial, therefore L1 regularization permits for selecting features (sparse selection).
Elastic net method
The elastic net is a third regularly used regression model that contains penalties both from L1 and L2 regularization:
[image: image]
Elastic net allows us to tweak the alpha parameter in addition to specifying and picking a lambda value, where 𝞪 = 0 refers to the ridge and 𝞪 = 1 to lasso. Simply expressed, if alpha is set to 0, the penalty function reduces to an L1 (ridge) term, and if alpha is set to 1, the penalty function lowers to the L2 (lasso) term. As a result, we may improve the elastic net by selecting an alpha value between zero and 1. For sparse selection, this effectively shrinks certain coefficients and sets others to 0. Finally, in each category, SVM and random forests are effective strategies (Sirsat et al., 2020).
Random forest algorithm
The RF method is an ensemble approach that employs a large number of classification and regression trees (CART) (Breiman et al., 2017). The bootstrapped samples and aggregated model outputs are used to train these trees. Bagging avoids the models from overfitting and ensures that it generalizes effectively. Each tree adjusts the judgment of its child nodes to maximize the quantity of freshly obtained information as it grows. The Gini impurity, which is the same as the Gini index, may be used to express it and is computed as follows:
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where pj is the probability of an element being categorized into a specific class (Sarica et al., 2017). Each tree develops in such a way that the Gini impurity is minimized. Each tree is given a dataset that is jumbled at random and grows uniquely. These trees yield real-world effects, and the voted-for class is mostly chosen.
Support vector machine
The support vector machine technique can be used for both linear and non-linear data for classification as well as regression problems. Each data point is first projected onto an n-dimensional subspace, with n being the variety of attributes. The hyperplane that divides the data into two groups is then found, with the minimal proximity for both categories maximized and categorization mistakes reduced (Joachims, 1999).
We considered the GDSC data as input which contains RNA data. There was no need to split the data into training and testing because we wanted to use different databases for training and testing. The intersect function was used to interest the GDSC and CCLE data. To efficiently select potential features, we used the RStudio package maximum relevance minimum redundancy (mRMR) (Radovic et al., 2017). Keeping the 5-fold cross-validation, sampling (10), and features at 100 as the threshold, we ran the models using the dplyr (Silge and Robinson, 2016), caret (Kuhn, 2015), and randomForest (RColorBrewer and Liaw, 2018) packages in RStudio (Allaire, 2012). The performance was assessed using the Pearson correlation coefficient and concordance index.
Similarity search using machine learning
Data retrieval for shortlisted targets, pre-processing of the bioactivity compounds, labeling of active compounds with the rule of five (Lipinski), descriptors calculation, and clustering of the molecules based on their fingerprint similarity were done for the three shortlisted compounds (detailed data presented in Supplementary Information).
1. Similarities search for Tanespimycin: First, we did data preparation or data labeling where we added a column for activity with a pIC50 of >= 6.0, and we found the number of active compounds was 210 while the number of inactive compounds was 198. Molecule encoding was done using the MACCS Method and we applied three classical machine learning approaches to classify our molecules namely, SVM, RF, and ANN, and the performance of the models where we fitted classical machine learning models on a train-test split of the data was observed. Splitting the data was reused for the two other classical models. We used test (x) and train (x) for the respective fingerprint splitting and test (y) and train (y) for the respective label splits, where the training data size was 326 and the test data size was 82.
2. Similarities search for Selumetinib: First, we did data preparation or data labeling where we added a column for activity with a pIC50 of >= 6.0, and we found the number of active compounds was 93 while the number of inactive compounds was 51. Molecule encoding was done using the MACCS Method and we applied three classical machine learning approaches to classify our molecules namely, SVM, RF, and ANN, and the performance of the models where we fit classical machine learning models on a train-test split of the data was observed. Splitting the data was reused for the two other classical models. We used test (x) and train (x) for the respective fingerprint splitting and test (y) and train (y) for the respective label splits, where the training data size was 115 and the test data size was 29.
3. Similarities search for Lapatinib: First, we did data preparation or data labeling where we added a column for activity with a pIC50 of >= 6.0, and we found the number of active compounds was 735 while the number of inactive compounds was 542. Molecule encoding was done using the MACCS Method and we applied three classical machine learning approaches to classify our molecules namely, SVM, RF, and ANN, and the performance of models where we fit classical machine learning models on a train-test split of the data was observed. Splitting the data was reused for the two other classical models. We used test (x) and train (x) for the respective fingerprint splitting and test (y) and train (y) for the respective label splits, where the training data size was 1,021 and the test data size was 256.
Biomarker discovery
Drug sensitivity signatures
To search for drug sensitivity biomarkers, we obtained RNA molecular profiling data from the GDSC and CCLE databases. The PharmacoGx package’s functions were used for the generation of signatures of molecular features which correlate with individual reactions to particular compounds.
Radiation sensitivity signatures
The ability to determine gene signatures for a cell line from a radiosensitivity experiment is what makes the RadioGx package truly useful (Cleveland database). Cell lines of interest can be chosen by any researcher, and a molecular signature that correlates to specific molecular features along with a given sensitivity profile can be computed. The identification of signatures associated with radiosensitivity or radioresistance can be performed thereafter.
Associating sensitivity signatures between radiation and drug response
For in vitro model systems, RadioGx allows one to compute the correlation signatures of molecular features with the response to treatment A natural question is how the signature for gamma radiation will compare to the signatures for the six shortlisted drugs on three biomarkers. This can be used to generate hypotheses for combination therapies or to learn more about the mechanism of drugs in the body.
Drug-biomarker association
The association between molecular features and response to a given drug is modeled using a linear regression model adjusted for tissue source:
[image: image]
Where [image: image] stands for the drug sensitivity variable; [image: image], [image: image], and [image: image] denote the expression of the gene, tissue source, and the experimental batch respectively and the regression coefficients are shown by and [image: image]. Aside from the fact that there is a link between drug sensitivity and tissue source, we measure the intensity of the gene-drug interaction by [image: image]. The variables [image: image] and [image: image] are adjusted to compute the standardized coefficient (standard deviation = 1). To compute the validity and evaluate the significance of the gene-drug interaction, [image: image] (two-sided t-test) is used. The false discovery rate (FDR) technique is then used to fix p-values for multiple testing. With biomarker discoveries across pharmacogenomic research from CCLE and GDSC data, we can predict the significance of the link between medications and associated reported biomarkers.
RESULTS
Cell lines datasets
We have considered two types of cell lines data which include the drug sensitivity and the radiation sensitivity from the respective databases. RNA, RNA-Seq, copy number variation (CNV), mutational, and drug response data are examples of this data type. The details of the datasets are given in Table 1, while the triple-negative breast cancer cell lines taken from the literature survey (Chavez et al., 2010; Gupta et al., 2016) are given in Table 2.
TABLE 1 | Data collected from multiple platforms. In case of radiation data, only gamma radiation is used.
[image: Table 1]TABLE 2 | Human triple negative breast cancer cell lines features and drugs detail.
[image: Table 2]Pharmacological profiles and drug-dose response
In pharmacogenomic studies, cells were also evaluated for their reaction to increasing doses of various substances in pharmacogenomic research, and the minimum inhibitory concentration and AAC were calculated as a result (Figure 2). These pharmacological assessments are accessible using the PharmacoGx for all PSets.
[image: Figure 2]FIGURE 2 | (A) Pharmacological profiles using the SummarizeSensitivityProfiles function to investigate the distributions of AAC values within CCLE dataset and (B) Pharmacological profiles using the SummarizeSensitivityProfiles function to investigate the distributions of AAC values within GDSC dataset.
To plot the drug-dose analysis results included in PharmacoSet objects, the drug dose response curve function was used. The AAC curves for all of the shortlisted drugs on 10 cell lines are included in the supporting documentation (Supplementary Figure S1).
The AAC calculation of the chosen drugs is summarized in Supplementary Figure S2 where all the cell lines show significant sensitivity towards the drugs. There is a clear difference between the CCLE and GDSC drug concentrations as CCLE has a maximum concentration of 10 uM while GDSC is restricted to 1 uM in 98% of the cases. The CCLE and GDSC curves show approximately 100% viability on a drug concentration of only 0.01 uM which proves its sensitivity towards the drugs. Among the shortlisted drugs, we observed that Panobinostat showed significant AAC values ranging from 0.37 to 0.64. Tanespimycin also had significant performance, ranging from 0.19 to 0.51, except for one cell line which shows a lower value of 0.6. The rest of the drugs had standard sensitivity for all the cell lines except Nilotinib which has the least performance ranging from 0.1 to 0.09.
Next, we calculated the IC50 of the above drugs based on the available data to examine how well drugs can inhibit the cancer cell lines (Supplementary Figure S3). For an IC50 summary of the drugs and cancer cell lines, refer to Supplementary Figure S3. We could not plot the IC50 for all six drugs because some of these drugs have not been tested experimentally and thus no data is available for them.
Here we only calculated the IC50 for Nilotinib, PLX4720, Sulemetinib, and Tanespimycin. These drugs demonstrated promising inhibitory activity against cancer cell lines with values ranging from 27 to 477 nM. Among them, Tanespimycin showed the best IC50 values which is consistent with the AAC performance. In the AAC evaluation, we marked Panobinostat and Tanespimycin and here we again chose Tanespimycin due to good inhibitory performance while no data is available for Panobinostat to compare the performance of both the drugs in terms of IC50 values.
Since the data were taken from two databases, we calculated the concordance index to examine the predictions made by the algorithm. The six drugs shortlisted by us were consistent among both databases (Figure 3). Within them, Tanespimycin showed a high concordance index among the top six drugs.
[image: Figure 3]FIGURE 3 | Consistency assessment between the two databases was improved by the concordance index.
Machine learning-based validation
A huge amount of drug sensitivity and drug compound data are available for cancer cell lines as a result of screening technologies. Computational techniques to analyze such data benefit anticancer therapeutics through the identification of molecular genomics determinants of drug sensitivity and the development of novel drugs for oncological targets. For drug sensitivity prediction, we used five machine-learning approaches: ridge, LASSO, elastic net, RF, and SVM. The GDSC database was used for training, while the CCLE database was used for testing.
In the case of Lapatinib (Figure 4), we observed that the elastic net, SVM, and ridge methods had an accuracy of 82%, which is better than LASSO (81%) but lower than RF which had the highest accuracy of 84%. In the case of Nilotinib (Figure 5), the least accuracy was observed for elastic net (80%) while the LASSO gains the highest accuracy of 87%. The RF was 82% accurate while the SVM and Ridge both have an accuracy of 86%. For the drug Panobinostat, (Supplementary Figure S4), the three models (ridge, LASSO, and SVM) showed a higher accuracy of 78% while RF and ElasticNet had an accuracy of 76% and 77% respectively. The highest accuracy in the case of PLX-4720 (Supplementary Figure S5) was observed using the RF which equaled 87%. Ridge was 86% accurate while LASSO, Elastic Net, and SVM had an accuracy of 86%, 83%, and 86% respectively. Similarly, Selumetinib also gained a higher accuracy from three methods (ridge, LASSO, and SVM) while elastic net and RF had an accuracy of 83% (Figure 6). One of the top drugs Tanespimycin (Figure 7) had the highest accuracy on two different methods (LASSO and elastic net) which equaled 83%. The lowest accuracy was observed in the case of RF (81%) while ridge and SVM had accuracies of 82%. As the validation was performed on CCLE data, a clear difference in validation accuracies was observed.
[image: Figure 4]FIGURE 4 | Predictions and validations using the five machine learning methods for Lapatinib. The blue dots represent predictions while red refers to the validations.
[image: Figure 5]FIGURE 5 | Predictions and validations using the five machine learning methods for Nilotinib. The blue dots represent predictions while red refers to the validations.
[image: Figure 6]FIGURE 6 | Predictions and validations using the five machine learning methods for Selumetinib. The blue dots represent predictions while red refers to the validations.
[image: Figure 7]FIGURE 7 | Predictions and validations using the five machine learning methods for Tanespimycin. The blue dots represent predictions while red refers to the validations.
In contrast to the remaining compounds, Lapatinib had a validation accuracy of 67% across all five methods. Just like Lapatinib, 67% accuracy was observed for Panobinostat on all five models. The accuracy in the case of elastic net and LASSO was 57%, ridge performed the least with an accuracy of 56%, RF gained an accuracy of 85% while SVM had a higher accuracy of 86% for Nilotinib. All the models gave the same accuracy of 57% and 64% for PLX47-20 and Sulumetinib. Tanespimycin had an accuracy of 65%.
To summarize, only Nilotinib had different validation accuracies on different models while all the other drugs had the same validation accuracy on all five models. But Nilotinib was also observed to have a higher accuracy of 86%.
Similarity search using machine learning
Data retrieval for shortlisted targets, pre-processing and labeling of the bioactivity compounds, fingerprint descriptors calculation, and clustering of the molecules based on their fingerprint similarity were done for all three shortlisted molecules (detailed data presented in Figure 8 and Supplementary Information).
1. Similarities search for Tanespimycin: The random forest classifier was applied where the set model parameter for random forest estimators was 100, and the number of trees to grow criterion (entropy) and number cost function were optimized for a split. We observed that the sensitivity for RF was 0.79, the specificity for RF was 0.82, and the AUC for RF was 0.89. The support vector classifier was applied where the set model parameters for the SVM kernel were rbf, C value of 1, gamma value of 0.1, and the probability was True. We observed that the sensitivity for SVM was 0.79, the specificity was 0.90, and the AUC for SVM was 0.88. A neural network classifier was applied where the set model parameters for ANN hidden layer sizes were 5 and 3, and the random state was seed We observed that the sensitivity for ANN was 0.74, the specificity was 0.82, and the AUC for ANN was 0.89, as shown in Figure 9A; Table 3. We performed cross-validation experiments with the three different models (RF, SVM, and ANN). We examined the cross-validation performance of the compounds encoded using the Morgan fingerprint and not the MACCS keys so we used the Morgan fingerprint with a radius of 3 and found similar results where, for RF, the mean was 0.83, the mean sensitivity was 0.84, the mean specificity was 0.81, and the mean AUC was 0.90. Furthermore, for SVM, the mean accuracy was 0.86, the mean sensitivity was 0.83, the mean specificity was 0.88, and the mean AUC was 0.90. Finally, for ANN, the mean accuracy was 0.86, the mean sensitivity was 0.85, the mean specificity was 0.87, and the mean AUC was 0.91.
2. Similarities search for Selumetinib: The random forest classifier was applied where the set model parameter for random forest estimators was 100, and the number of trees to grow criterion (entropy) and number cost function were optimized for a split. We observed that the sensitivity for RF was 0.88, the specificity for RF was 0.54, and the AUC for RF was 0.74. The support vector classifier was applied where the set model parameters for the SVM kernel were rbf, C value of 1, gamma value of 0.1, and the probability was True. We observed that the sensitivity for SVM was 0.94, the specificity was 0.46, and the AUC was 0.75. The neural network classifier was applied where the set model parameters for ANN hidden layer sizes were 5 and 3, and the random state was SEED. We observed that the sensitivity for ANN was 0.88, the specificity was 0.54 and the AUC was 0.75, as shown in Figure 9B; Table 3. We performed cross-validation experiments with the three different models (RF, SVM, and ANN). We examined the cross-validation performance of the compounds encoded using the Morgan fingerprint and not the MACCS keys so we used the Morgan fingerprint with a radius of 3 and found similar results where, for RF, the mean accuracy was 0.76, the mean sensitivity was 0.83, the mean specificity was 0.68 and the mean AUC was 0.83. Furthermore, for SVM, the mean accuracy was 0.78, the mean sensitivity was 0.88, the mean specificity was 0.64, and the mean AUC was 0.83. Finally, for ANN, the mean accuracy was 0.78, the mean sensitivity was 0.86, the mean specificity was 0.67, and the mean AUC was 0.83.
3. Similarities search for Lapatinib: The random forest classifier was applied where the set model parameter for random forest estimators was 100, and the number of trees to grow criterion (entropy) and number cost function were optimized for a split. We observed that the sensitivity for RF was 0.93, the specificity was 0.81, and the AUC was 0.92. The support vector classifier was applied where the set model parameters for the SVM kernel were rbf, C value of 1, gamma value of 0.1, and the probability was True. We observed that the sensitivity for SVM was 0.93, the specificity was 0.73, and the AUC was 0.90. The neural network classifier was applied where the set model parameters for the ANN hidden layer sizes were 5 and 3, and the random state was SEED. We observed that the sensitivity for ANN was 0.91, the specificity was 0.73, and the AUC was 0.89, as shown in Figure 9C; Table 3. We performed cross-validation experiments with all three different models (RF, SVM, and ANN). We examined the cross-validation performance of the compounds encoded using the Morgan fingerprint and not the MACCS keys so we used the Morgan fingerprint with a radius of 3 and found similar results where, for RF, the mean accuracy was 0.85, the mean sensitivity was 0.92, the mean specificity was 0.76, and the mean AUC was 0.92,. Furthermore, for SVM, the mean accuracy was 0.86, the mean sensitivity was 0.93, the mean specificity was 0.75, and the mean AUC was 0.91. Finally, for ANN, the mean accuracy was 0.82, the mean sensitivity was 0.89, the mean specificity was 0.73, and the mean AUC was 0.89.
[image: Figure 8]FIGURE 8 | (A) Enrichment plots where the pIC50 (log p-value) cutoff was used to discriminate between active and inactive molecules (cutoff was 6.3) and find the enrichment for MACCS and Morgan fingerprints for Tanespimycin. (B) Enrichment plots to discriminate between active and inactive molecules for Selumetinib. (C) Enrichment plots to discriminate between active and inactive molecules for Lapatinib.
[image: Figure 9]FIGURE 9 | (A) The performance of three different models (RF, SVM, and ANN) for Tanespimycin. (B) The performance of three different models (RF, SVM, and ANN) for Selumetinib. (C) The performance of three different models (RF, SVM, and ANN) for Lapatinib.
TABLE 3 | Performance of all three models (RF, SVM, and ANN).
[image: Table 3]Drugs-sensitive biomarkers identification
A biomarker is a naturally occurring entity with a specific pathological or physiological process that can be identified for therapeutic purposes. Here we inspected the association between the drugs and the screened biomarkers within two databases: CCLE and GDSC. We discovered that SETD7, a methyltransferase that catalyzes the monomethylation of lysine 4 on histone H3 is susceptible to all six medicines described in this study (Supplementary Figure S28) and a complete list of the drug-sensitive biomarkers is shown in Table 4. Several studies have revealed the role of SETD7 in post-translational modifications of non-histone proteins. However, the predictive relevance of SETD7 (Huang et al., 2017; Duan et al., 2018) in breast cancer and its ability to modulate intrinsic redox homeostasis has never been studied. SETD7 aided tumor cell growth and inhibited apoptosis, as well as sensitively maintaining redox equilibrium by controlling GSH/GSSG and ROS levels.
TABLE 4 | Extracting the drug sensitivity signatures from “rna” summarized experiment data.
[image: Table 4]SETD7 was found to be a positive activator of the KEAP1-NRF2 pathway in further research. SETD7 is an antioxidant enzyme transcriptional activator. In MCF7 and MDA-MB cells, the downregulation of SETD7 downregulates antioxidant enzymes and caused a redox imbalance. SETD7 is a breast cancer prognostic marker and a new antioxidant promoter in the face of oxidative stress. Knockdown of SETD7 inhibited cancer cell proliferation, induced G1/S cell cycle arrest, and increased apoptosis. Along with SETD7, we chose two other biomarkers known as SRARP and YIPF5 (Suárez-Arroyo et al., 2016; Naderi, 2020) (Supplementary Figures S29, S30; Table 4). SRARP, which is found on chromosome 1p36, has recently been discovered as a new corepressor of the androgen receptor (AR). In breast cancer cell lines, primary breast tumors, and metastatic breast cancer, SRARP has been shown to be highly co-expressed with AR (Naderi, 2020). SRARP also has a fairly advanced countenance in breast tumors that are estrogen receptor-positive (ER+), lower grade, and lobular histology (Su et al., 2012; Naderi, 2018). Furthermore, functional investigations in breast cancer cells revealed an interaction between AR and SRARP (Naderi, 2018). Meanwhile, AR activation reduces SRARP transcription directly, and SRARP, in turn, engages with AR as a corepressor and inhibits AR-mediated production of prolactin-induced protein (PIP) and androgen response element reporter activity (Naderi, 2018). Furthermore, SRARP’s corepressor activity causes a decrease in AR binding to the PIP promoter (Naderi, 2018).
Drugs and radiation-sensitive biomarkers identification
Radiogenomics is designed similarly to pharmacogenomics. The only difference is in the method of cell treatment. The only available clinical database which holds in vitro radiogenomics data is the Cleveland database. This dataset contains only gamma radiations. We used the SummarizeSensitivityProfiles function to retrieve radiation for a cell line summary of a sensitivity experiment. This yields a framework (matrix) with rows addressing the radiation type and columns addressing cell lines, representing values that sum up the viability measurements. Sensitivity measures can be specified using the sensitivity measure function.
The YIPF5 (which stands for Yip1 domain family member 5) plays a role in transport between the endoplasmic reticulum and Golgi. YIPF5 is a prognostic marker in head, neck, liver, and breast cancers.
SETD7 was not observed to be sensitive to gamma radiation while the other two biomarkers (SRARP and YIPF5) were highly sensitive to the radiation (Table 5). The radiosensitive signatures SRARP and YIPF5 are taken from the Cleveland database.
TABLE 5 | Extracting the radiation sensitivity signatures (SRARP & YIPF5) from the Cleveland database.
[image: Table 5]In addition, we plotted the correlation coefficient of the shortlisted biomarkers with all of the proposed drugs, with the Pearson correlation coefficient threshold set at | 0.7|. Drug correlation coefficients greater than the threshold were considered to have a strong correlation with biomarkers. The correlation coefficients for SETD7, SRARP, and YIPF5 are given in Supplementary Figures S6–S8 respectively. A positive correlation suggested that cells responding to Lapatinib, Selumetinib, and Tanespimycin treatment differ from those responding to radiation. The negative correlation between the radiation response signature and drug response (Nilotinib, Panobinostat, and PLX4720) suggests that these drugs could be used as a radiosensitizing agent in conjunction with ionizing radiation to improve treatment efficacy. The signatures’ negative correlation can be interpreted to predict that radiation and drugs (Nilotinib, Panobinostat, and PLX4720) would target different cell populations in a tumor. The radiation score and p-values of all the shortlisted drugs are given in Table 6.
TABLE 6 | Comparing sensitivity signatures between radiation and drug response.
[image: Table 6]Drugs and radiation-resistance biomarkers identification
Radioresistance always has been a key roadblock in the advancement of radiation treatment. The contents of liberated extracellular vesicles vary as a result of radiotherapy. Exosomes generated from irradiation cells have been demonstrated to impact host cell proliferation, motility, cell cycle arrest, and death, according to studies. Exosomes appear to have a key role in radioresistance, according to the data. The radioresistant signatures from the Cleveland database were also extracted but no radioresistant signatures were found for breast cancer (Table 7).
TABLE 7 | Listing the radio-resistant signatures data from Cleveland database. There is no radio-resistant biomarker being observed for breast cancer.
[image: Table 7]CONCLUSION
Chemotherapy is the most frequent systemic treatment for triple-negative breast cancer (TNBC) patients in the early stages as well in the late stages of the progression of the disease. TNBC patients have a poor prognosis, as a result, a considerable effort has been made so that we can find responsive molecular targets to treat these malignancies. Although the accessibility of data has been increased due to the high throughput sensitivity of drug testing, effective drug response still remains a challenge. Understanding the interaction between a cell line and a specific drug will eventually allow for tailored treatment for specific cancer patients (Zhao et al., 2015). These results demonstrate the transcriptional effects of derivatives (screened against approved drugs) across a pool of cell lines and highlight the utility of such information for identifying a drug’s cellular effects and mechanism of action.
In this study, we predicted drug sensitivity on breast cancer cell lines, out of which three main biomarkers were shortlisted by evaluating their response to the drugs and exposure to radiation. In our case of predicting drug sensitivity, the highest accuracy was found for PLX-4720 drugs using a random forest approach. Three main biomarkers, SETD7, SRARP, and YIPF5, were identified. SETD7 was not radiosensitive, while SRARP and YIPF5 showed sensitivity to all the drugs and gamma radiations from the Cleveland database. Additionally, no radioresistant biomarkers were found for TNBC. The main limitation was the accuracy limit, which is insignificant because of the low availability of data. Accuracy can be further improved when more data become available. Here we are specifically focusing on the TNBC data only. In future studies, we can improve model performance by considering more data and including single-cell data for drug and biomarker screening.
In our study, we attempted to provide a solid groundwork for machine learning-driven prediction of drug sensitivity for TNBC, which has not been reported previously at this level, and the shortlisted markers could be potential therapeutic targets. Future research will likely focus on computational and experimental molecular modeling of shortlisted drugs and biomarkers. This understanding will bring the era of personalized cancer medicine closer to reality.
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