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Abstract

:

A critical unmet medical need in prostate cancer (PCa) clinical management centers around distinguishing indolent from aggressive tumors. Traditionally, Gleason grading has been utilized for this purpose. However, tumor classification using Gleason Grade 7 is often ambiguous, as the clinical behavior of these tumors follows a variable clinical course. This study aimed to investigate the application of machine learning techniques (ML) to classify patients into indolent and aggressive PCas. We used gene expression data from The Cancer Genome Atlas and compared gene expression levels between indolent and aggressive tumors to identify features for developing and validating a range of ML and stacking algorithms. ML algorithms accurately distinguished indolent from aggressive PCas. With the accuracy of 96%, the stacking model was superior to individual ML algorithms when all samples with primary Gleason Grades 6 to 10 were used. Excluding samples with Gleason Grade 7 improved accuracy to 97%. This study shows that ML algorithms and stacking models are powerful approaches for the accurate classification of indolent versus aggressive PCas. Future implementation of this methodology may significantly impact clinical decision making and patient outcomes in the clinical management of prostate cancer.
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1. Introduction


Prostate cancer (PCa) is the most common solid tumor and the second most common cause of cancer death in men in the United States [1]. Treatment decisions for PCa patients are guided by various risk stratification algorithms [2]. These stratification algorithms identify and predict patients at high risk of developing aggressive diseases [2]. Among the parameters used, the most potent predictor of PCa mortality is Gleason Grade (GG) scoring, which ranges from 6 to 10 [3,4]. The majority of PCas are indolent, presenting GG 6 [3,4]. These cancers are associated with very low cancer-specific mortality rates, even without therapy [3]. Localized high-grade PCas with lethal potential present GGs 8 to 10 [3,4]. These tumors are aggressive, progress rapidly to metastatic disease, and are often lethal [3,4]. Intermediate-grade PCas present GG 7. These cancers present a much more variable clinical course, with some behaving like GG 6 and others behaving like GGs 8–10 [3,4]. Although current stratification protocols such as GG scoring are moderately effective, significant challenges remain in classifying PCas into indolent versus aggressive tumors. Thus, a critical unmet medical need in the clinical management of PCa is the lack of algorithms to accurately distinguish indolent from aggressive tumors. There is an urgent need to develop algorithms that can accurately distinguish indolent tumors from aggressive tumors, which could be prioritized for treatment.



PCa screening using prostate-specific antigen (PSA) has led to earlier detection of PCa, with fewer men today being diagnosed with metastatic disease [5]. However, although PSA has reduced the mortality rate, it has also resulted in unintended consequences. The unintended consequences include over-diagnosis, which leads to the over-treatment of patients with indolent PCa, and the under-treatment of patients with aggressive disease with lethal potential. Concerns about PSA-based screening led to the US Preventive Services Task Force issuing a D-grade recommendation for its use in 2012 [6]. Importantly, a US Preventive Services Task Force review concluded that PSA-based screening results in either a small or no reduction in prostate cancer-specific mortality [7]. PSA screening is also associated with harms related to subsequent treatments and evaluation—some of which may be unnecessary. These concerns have heightened the need to develop novel risk stratification algorithms to identify patients at high risk of developing aggressive tumors, who could be prioritized for treatment, and the discovery of molecular markers separating indolent tumors from tumors with lethal potential.



Recently, there has been growing interest in the use of machine learning algorithms for risk stratification in PCa and other cancer patients [8,9,10]. Lei Yang et al. [8] used random walk with restart algorithm (RWRA) and graph-regularized non-negative matrix factorization (GNMF) methods for the molecular classification of PCa. They integrated somatic mutation profiles and molecular networks using data from The Cancer Genome Atlas (TCGA), achieving the accuracy of 82.54% [8]. Using RNA-Seq data from TCGA on breast cancer, Danaee et al. [9] applied deep learning stacking algorithms for the discovery of potential clinically actionable biomarkers in breast cancer. These investigators also explored the potential use of different ML methods, including artificial neural network (ANN), Support Vector Machine (SVM), SVM with linear kernel (SVM-LK), and SVM with radial basis function kernel (SVM-RBF) [9]. Takeuchi et al. [10] implemented deep learning with a multilayer artificial neural network (ANN) to predict PCa. They found that improvements needed to be made before the algorithms could be considered suitable for clinical applications [10]. Wulczyn et al. [11] designed an AI-based system to forecast mortality specific to prostate cancer using Gleason grading. They later assessed this system’s efficacy in categorizing risk using a separate retrospective study of 2807 prostatectomy cases. However, algorithms for the accurate classification of PCa patients with indolent versus aggressive PCas to guide clinical decision making are lacking. The development and application of accurate risk classification of PCa patients into those with truly indolent tumors and those with truly aggressive tumors have the promise of improving the clinical management of PCa by eliminating the dilemma faced by clinical oncologists of over-treating individuals with indolent tumors and undertreating individuals diagnosed with aggressive tumors.



To address this critical unmet medical need, we propose using machine learning (ML) models to classify PCa patients into two groups: those with genuinely indolent tumors, which could be safely monitored, versus those with aggressive tumors, which could be prioritized for treatment. The rationale and scientific premise are that implementing ML promises to stratify patients more accurately and thus could guide therapeutic decision making and eliminate the unintended consequences resulting from current protocols. Our working hypothesis posits that genomic alterations in patients diagnosed with indolent and aggressive tumors may result in measurable changes capable of accurately distinguishing indolent tumors from aggressive ones. We addressed this hypothesis using gene expression data linked with clinical information on patients diagnosed with indolent and aggressive PCas from The Cancer Genome Atlas (TCGA). Differential Expression Analysis and Genetic Algorithm techniques were used to identify the number of features/genes associated with the two diseases and to distinguish the two types of PCa used in model development and validation. We then utilized various ML classifiers and 10-fold cross-validation to minimize misclassification rates and enhance accuracy compared with previous research efforts. Additionally, the use of a stacking-based ML approach was investigated, combining different ML classifiers with 10-fold cross-validation to improve model performance. For this study’s purposes, the terms features and genes are used interchangeably throughout the investigation.




2. Experimental Materials and Methods


2.1. Source of Transcriptome and Clinical Datasets


We used publicly available gene expression data linked with clinical information on indolent and aggressive PCas from TCGA generated using RNA sequencing [12]. The dataset was downloaded from the Genomics Data Commons portal using the data transfer tool [13]. Because the same TCGA barcode structure was used for both clinical data and transcriptome data, we used the barcode structure to integrate patient-based clinical data with sample-based genomic data [13]. The original gene expression dataset included N = 547 samples distributed as follows: N = 45 samples as indolent (GG = 6), 246 samples as intermediate (GG = 7), 204 as aggressive with lethal potential (GGs 8–10), and 52 control samples. After annotating gene expression data with clinical information, the American Urological Association classification protocol [14] was used to verify and validate tumor classification according to GG. We used the protocol to assign the tumors to either the indolent or aggressive category, consistently with the guidelines [14]. Because GG7 follows a variable clinical course, the tumor samples from GG7 were either classified as 3 + 4 (primary + secondary) and assigned to GG = 6 as indolent, or as 4 + 3 (primary + secondary) and assigned to GGs = 8–10 as aggressive, consistently with current classification guidelines [14]. The overall project design and execution workflow are shown in Figure 1. This visual representation provides an overview of the key steps and processes involved in the project’s methodology and execution.




2.2. Data Processing and Analysis for Gene Selection


We performed data quality control and processing steps for gene expression data containing 60,483 probes across 547 samples. The counts per million (CPM) filter (>0) was implemented in R (version 3.5.1) using the edgeR library to remove the rows with missing data (i.e., zero or very low gene expression values), such that each row had at least ≥30% of data [15,16]. After applying the filter, the resulting dataset had 34,956 probes across 547 samples. As shown in Supplementary Figure S1, all the library sizes of samples in TCGA data were expressed using a bar plot to determine if there were any major discrepancies among samples. This analysis aimed to identify any significant disparities among the samples. Subsequently, it became evident that the data quality was suboptimal and deviated from a normal distribution. To mitigate this issue, we performed an initial normalization step by applying a logarithmic scale transformation to the count matrix. This scaling technique is commonly used to address gene expression data’s inherent variability and dynamic range in RNA-Seq experiments [15,16]. By applying the log transformation, we aimed to achieve a more balanced and comparable distribution of gene expression values across samples. Box plots were used to check the read count distribution on the log2 scale. To address variations in library sizes among the samples containing gene expression data, we employed the CPM function to correct the data. This function calculates the log2 counts per million (log2 CPM) values, considering each sample’s total library size [15,16]. Additionally, a small offset was added to the log2 CPM values to mitigate the issue of excessive zeros in the dataset [15,16]. Supplementary Figure S2 represents the boxplots of logCPM (log counts per million) before normalization.



Composition biases were eliminated among libraries and generated a set of normalization factors (the product of the library sizes and factors defining the effective library size) using the Trimmed Mean of M-values (TMM) [15,16]. We then performed a Voom transformation and generated a mean–variance trend plot, as shown in Supplementary Figure S3, using R. For data analysis, we used the Limma package implemented in R, which offers the Voom function that transforms the read counts into logCPM and has been successfully used by our group and others [17,18]. Then, the multi-level data analysis was performed as described below.



2.2.1. Level 1 Analysis


Using normalized data, we performed level 1 analysis comparing gene expression levels between tumor samples and controls for indolent and aggressive PCas separately using the Limma package in R [17,18]. This baseline was used for analysis to discover the signature of genes/features significantly (p < 0.05) associated with each type of disease. A volcano plot was used to visualize the results. We used the false discovery rate (FDR) procedure to correct for multiple-hypothesis testing [16]. The probes were ranked on p-values and −log fold change (−log FC). Significantly differentially expressed genes/features between tumors and controls were associated with each type of PCa.




2.2.2. Level 2 Analysis


Following the discovery of genes associated with each subtype of PCa from level 1 analysis, we created a new gene expression dataset containing genes significantly associated with indolent and aggressive PCas. Then, several analysis strategies were performed on the combined dataset to identify significantly differentially expressed genes to distinguish indolent from aggressive PCas. First, we compared gene expression levels between patients with GG 6 and GGs 8–10. Second, because GG 7 follows a variable clinical course, we compared gene expression levels between patients with GGs 6 and 7 (3 + 4), and patients with GGs 8–10 and 7 (4 + 3). (Note that individuals with GG 7 assigned a pathological score of 3 + 4 were considered GG6; similarly, individuals with GG 7 assigned a pathological score of 4 + 3 were considered GGs 8–10 [14]). Thirdly, we compared gene expression levels between patients presenting with GG 7 assigned a pathological score of 3 + 4 and patients with GG 7 assigned a pathological score of 4 + 3. We computed the p-values and the –log fold change (−logFC) for each analysis. The FDR procedure was used to correct multiple-hypothesis testing [16]. The genes/features were ranked on p-values and –logFC. Sets of significantly differentially expressed genes between indolent and aggressive PCas from each analysis were used as the features in the development and implementation of classification algorithms.




2.2.3. Feature Selection and Implementation of ML and Genetic Algorithms


Developing, applying, and evaluating ML classifiers involved selecting genes or features from gene expression data analysis using different cutoffs. The cutoffs were determined according to the p-values and logFC values of significant genes identified in the analyses. We selected features at different threshold levels based on −logFC > 0.5, 0.7, 1, 1.5, and 2 to test and validate the classification algorithms. Because ML algorithms can perform differently, we selected five different classifiers implemented with different fundamental approaches: Logistic Model Tree (LMT), MultiClassClassifier, Stochastic Gradient Decent (SGD), Sequential Minimal Optimization (SMO), SimpleLogistic [19]. We used Weka 3.8.2 software to implement the algorithms [19]. A 10-fold cross-validation technique was used on all mentioned subsets to prevent overfitting, with metrics averaging over all 10 folds and being tested on each classifier. Apart from traditional feature selection using logFC and p-value, we also implemented a Genetic Algorithm (see Supplementary Figure S4) to extract important features from a subset (abs(logFC) > 0.5). Using the set of identified features, we tested the seven classifiers listed and described below [19,20]:




	(1)

	
Support Vector Machine (SVM).




	(2)

	
Logistic Regression (LR).




	(3)

	
Random Decision Forest (RF).




	(4)

	
Extra Tree Classifier (ETC).




	(5)

	
Gradient Boosting Classifier (GBC).




	(6)

	
K-Nearest Neighbors (KNNs).




	(7)

	
eXtreme Gradient Boosting (XGB).









(i) Support Vector Machine (SVM): SVM [21] is a machine learning classifier, which is defined by a separating hyperplane in an N-dimensional space that classifies each data point (where N is the number of features). Hyperplanes help in classifying data points and depend upon the number of features. If the number of features in a dataset is 2, then the hyperplane is just a line. If the number of features in a dataset is 3, then the hyperplane is a plane. If the number of features is greater than 3, then it would be difficult to imagine a hyperplane.



(ii) Logistic Regression (LR): Logistic Regression [22] is a technique for analyzing data that determines the dependent output (outcome) when there are one or more independent variables. In several cases, the outcome variable (dependent) is a dichotomous variable in which there are only two possible outcomes. The goal is to find the best-fitting model to describe the relationship between the dependent variable and the set of independent variables. The logistic sigmoid function is used to return a probability value by transforming the output, which can be mapped to discrete classes. Regularization techniques are used to avoid overfitting (any modification made to a learning algorithm is intended to reduce the generalization error).



(iii) Random Decision Forest (RF): Random Decision Forest [23] is a supervised machine learning algorithm that randomly creates and merges more than one decision tree into a forest. During training time, the RF algorithm operates by constructing a multitude of decision trees and outputting the class that is a classification or mean prediction (regression) of individual trees. It adds additional randomness to the model by growing trees. The best feature is searched among a random subset of features instead of searching for the most crucial feature while splitting a node. Random Decision Forest is an effective approach for mitigating the issue of overfitting the training dataset. This technique addresses overfitting by constructing multiple decision trees on different subsets of the dataset. The collective predictions of these trees are then combined to form a mean prediction, which improves the overall accuracy of the forest and helps prevent overfitting.



(iv) Extra Tree Classifier (ETC): The Extra Tree [24] method is also known as extremely randomized trees. An Extra Tree Classifier’s main objective is to randomize the input features of a tree, where the large proportion of the variance of the induced tree depends on the choice of the optimal cut-point. It constructs randomized decision trees from the original learning samples and uses the above-average decision to improve accuracy and avoid overfitting. The method selects a cut-point at random and drops the idea of using bootstrap copies of the training sample. Cut-point randomization often reduces the variance when the bootstrapping idea is dropped and can also lead to an advantage in terms of bias. This method has yielded state-of-the-art results in high-dimensional complex problems.



(v) Gradient Boosting Classifier (GBC): GBC [25] is a machine learning technique used for classification and regression problems. It builds a model in a forward-stage-wise fashion like other boosting methods. It allows for the optimization of arbitrary differentiable loss functions. It involves three elements: (a) a loss function to be optimized, (b) a weak learner to make predictions, and (c) an additive model to add weak learners to minimize the loss function. Gradient Boosting Classifier’s main objective is to minimize the model’s loss by adding weak learners in a stage-wise fashion using a procedure similar to that of gradient descent. While adding a new weak learner, the existing weak learners in the model remain unchanged. To correct or improve the final output, the output of a new learner is added to the existing sequence of learners.



(vi) K-Nearest Neighbors (KNNs): K-Nearest Neighbors [26] is an algorithm that classifies new cases based on a similarity measure of all stored available instances. It has been used as a non-parametric statistical estimation and pattern recognition technique. A case is assigned to the common class among the K-Nearest Neighbors, measured by a distance function, and classified by a majority vote of its neighbors. If k = 3, then the class is assigned to a class of its three nearest neighbors.



(vii) eXtreme Gradient Boosting (XGB): The implementation of eXtreme Gradient Boosting [27] offers several advanced features for model tuning, algorithm enhancement, and computing environments. It can perform in three different forms of gradient boosting (Gradient Boosting (GB), Stochastic Gradient Boosting (GB), and Regularized Gradient Boosting (GB)). It is strong enough to support fine tuning and the addition of regularization parameters. It uses regularized model formalization to avoid overfitting and results in better performance. Moreover, XGB trains faster compared with other methods.



The following table (Table 1) shows the important parameters that are used to train the models using the seven classification algorithms.




2.2.4. Stacking


In addition to the above-described ML algorithms, we employed the stacking model explained below [28,29,30,31,32] to address the limitations of individual classification algorithms. The approach reduces the generalized error rate and increases accuracy by combining the prediction probabilities of the individual classification models [30,31,32]. Figure 2 shows the workflow for implementing the stacking approach. Two stages of learners were used to implement the stacking model. In the first stage of classifiers, base classifiers were used. In the second stage, meta-classifiers were used. To find the base and meta-classifiers for the first and second stages of the stacking framework, we examined the seven different machine learning algorithms described above, whose characteristics are defined below, and performed the five different stacking models listed below. The models were built and optimized using Scikit-learn [33]. We used three different models, as explained earlier in this section. The below-mentioned stacking models (SM-1, SM-2, SM-3, SM-4, and SM-5) were performed using two different datasets:




	(1)

	
SM-1: LR, KNNs, SVM as base classifiers; SVM as meta-classifier.




	(2)

	
SM-2: LR, SVM, KNNs, XGB as base classifiers; XGB as meta-classifier.




	(3)

	
SM-3: LR, KNNs, SVM as base classifiers; XGB as meta-classifier.




	(4)

	
SM-4: RDF, LR, KNNs as base classifiers; GBC as meta-classifier.




	(5)

	
SM-5: RDF, LR, GBC as base classifiers; KNNs as meta-classifier.











2.3. Model Selection and Validation by Correlating ML Algorithm with GGs


To address our working hypothesis that genomic alterations in patients diagnosed with indolent and aggressive tumors could lead to measurable changes distinguishing the two patient groups, including GG 7, we implemented 3 models to find the best classifier. In Model 1, we selected all the samples with Gleason Grades 6 and 3 + 4 indolent versus Gleason Grades 8–10 and 4 + 3 aggressive at different threshold levels for all the log-fold change values of 0.5, 0.7, 1, 1.5, and 2. This model was based on the current classification protocol where samples with Gleason Grade 7 assigned with a pathological score of 3 + 4 are classified as indolent, whereas samples with Gleason Grade 7 assigned with a pathological score of 4 + 3 are classified as aggressive PCas, consistently with the American Urological Association guidelines [14]. Using features selected based on this model, we applied the seven ML methods described above to evaluate the classification of GGs. In Model 2, we used the samples with Gleason Grades 6 and 8–10 for all log-fold change values (0.5, 0.7, 1, 1.5, 2). Here, the samples with GG = 7 were removed, and the model was trained on Gleason Grade 6 (indolent) versus Gleason Grades 8, 9, and 10 (aggressive) tumors using the seven ML classifiers. In Model 3, we used samples with Gleason Grade 7 for all log-fold change values (0.5, 0.7, 1, 1.5, 2). The model was trained on Gleason Grade 7 (3 + 4) indolent versus Gleason Grade 7 (4 + 3) aggressive tumors using the seven ML classifiers. Because GG 7 follows a variable clinical course, we used Model 2 for training and correctly classified samples with GG 7 as a test set.




2.4. Performance Evaluation


We evaluated the performance of ML classifiers based on the results using two approaches. In the first approach, we created a set of classifier performance evaluation metrics, with their names and definitions being mentioned in Table 2 below. In the second approach, principal component analysis (PCA) plots were used to check if the samples were correctly classified as indolent and aggressive. We should see a clear separation of samples in the plot if the classifiers predicted them correctly. The evaluation metrics used are presented in Table 2.





3. Results


3.1. Discovery Genes Associated with Indolent and Aggressive PCas


To address the hypothesis that genomic alterations could lead to measurable changes associating gene expression to indolent and aggressive PCas, we separately compared gene expression levels between indolent tumors and controls, and between aggressive tumors and controls, as described in the Methods section under Level 1 Analysis. Comparing gene expression levels between indolent tumors and controls produced a signature of 18,215 (p < 0.05) differentially expressed genes. Repeating the same analysis comparing gene expression levels between aggressive tumors and controls produced a signature of 21,042 significantly (p < 0.05) differentially expressed genes.




3.2. Discovery of Genes or Features Associated with the Two Types of PCa Used in ML Algorithms


To discover genes/features used in developing and validating classification algorithms, we performed a subgroup analysis based on three models as explained in the Methods section under Level 2 Analysis. In Model 1, we compared gene expression levels between patients with GG 6 and GGs 8–10 using the genes associated with the two diseases. The analysis conducted in Model 2 yielded 15,105 significantly (p < 0.05) and 20,712 significantly (p < 0.05) differentially expressed probes associated with indolent and aggressive PCas, respectively. We used volcano plots (Supplementary Figures S5–S7) to discover a signature of genes significantly (p < 0.05) associated with each disease state. In Model 2, because GG 7 follows a variable clinical course, we compared gene expression levels between patients with GGs 6, 7 (3 + 4) and patients with GGs 8–10, 7 (4 + 3). As described earlier in the Data Analysis section, individuals with GG 7 assigned a pathological score of 3 + 4 were considered GG6, and individuals with GG 7 assigned a pathological score of 4 + 3 were considered GGs 8–10 [14]. This model produced xx genes. In Model 3, we compared gene expression levels between patients presenting with GG 7 assigned a pathological score of 3 + 4, and patients with GG 7 assigned a pathological score of 4 + 3. This yielded 5220 significantly (p < 0.05) and 3352 significantly (p < 0.05) differentially expressed probes associated with indolent and aggressive tumors, respectively. We then compared indolent and aggressive PCas using the differentially expressed probes from the earlier analysis and used volcano plots to discover a signature of genes significantly (p < 0.05) associated with each disease state. A summary of genes or features discovered with Model 1–3 Differential Expression Analysis on indolent and aggressive diseases used in algorithm development and validation at different threshold levels as determined according to logFC is presented in Table 3.




3.3. Results of Classification Based on Different Models


The object of this study was to evaluate the efficacy of ML algorithms for the classification of PCa patients into indolent versus aggressive PCas using gene expression data from TCGA. To address this objective, we evaluated different ML classification algorithms under different models (Models 1–3) using different sets of features selected using different threshold levels as determined with −logFC. ML classifiers included SVM, LR, RF, ETC, GBC, KNNs, and XGB. The results are summarized below.



In model 1 (full model), we considered all the samples with Gleason Grades 6–10 and applied ML classifiers at different threshold levels, abs(logFC) > 0.5, 0.7, 1, 1.5, and 2. The results of this investigation are presented in Figure 3 for the classification algorithms and in Figure 4 for principal component analysis, showing the separation between indolent and aggressive tumors. As shown in Figure 3, the SGD classifier achieved the highest accuracy at LogFC 2, 78.18%. MultiClassClassifier achieved the lowest accuracy at LogFC 0.7, 62.63%. Using a PCA plot to check if the samples were correctly represented as indolent and aggressive revealed a mixture and misclassification of samples (Figure 3). Most of the misclassification was attributed to GG 7.



In model 2, we removed the samples with GG 7 and applied machine learning classifiers to the remaining samples (GG 6 versus GGs 8–10) with different LogFC cutoffs. Here, we sought to address misclassification resulting from the inclusion of data from individuals diagnosed with GG 7. The results of this investigation are presented in Figure 5. The classification accuracy improved significantly, and the misclassification error was reduced. The SGD classifier obtained the highest accuracy at LogFC 1, 91.97%, and MultiClassClassifier obtained the lowest accuracy at LogFC 2, 87.15%. PCA analysis (Figure 6) revealed that most of the samples with GGs 6, 8–10 were correctly classified. Model 2 achieved significantly higher accuracy and lower misclassification rates than Model 1.



Because GG 7 follows a variable clinical course, in model 3, we examined an additional classification approach to further address the misclassification problem for samples with GG 7. Under this approach, we applied ML classifiers to 3 + 4 versus 4 + 3 samples using the same cutoffs as those used in Model 1 and Model 2. The results of this investigation are presented in Figure 7. The accuracy was significantly lower, and the misclassification rate increased significantly. PCA analysis (Figure 8) revealed that most of the samples with GG 7 were misclassified. Overall, the results of Model 3 achieved significantly lower accuracy and higher misclassification rates compared with Models 1 and 2, further confirming the part of our hypothesis that high misclassification was attributable to GG 7.



Having discovered that including GG 7 causes high misclassification rates, we applied 10-fold cross-validation to all the ML classifiers for samples with GG 7 at different threshold levels, abs(logFC) > 0.5, 0.7, 1, 1.5, and 2. The highest and lowest accuracy values were obtained with the SGD classifier at LogFC 0.7, 54%, and MultiClassClassifier at LogFC 0.5, 11%, respectively. Figure 9 shows that Model 3 was misclassified compared with Model 1 and Model 2.



We implemented a supervised machine learning method to classify Model 3 by treating it as the test set and Model 2 as the training set. The accuracy significantly improved at all LogFC values for all the five different classifiers. According to Figure 10, the highest and lowest accuracy values were obtained with MultiClassClassifier at LogFC 1.5, 87.55%, and the SimpleLogistic classifier at LogFC 2, 73.74%, respectively. According to Table 4, we can discern that the highest accuracy obtained by an individual classifier (SVM) using Scikit-learn was 86%.




3.4. Stacking Results


We increased the accuracy to 86% by correctly classifying samples with GG 7. A Genetic Algorithm (GA) was implemented to reduce the number of features to identify the genes/features that contribute to the disease. GAs are metaheuristics that gradually refine solutions using natural selection, where the best individuals are selected to produce offspring for the next generation. GAs are used to generate high-quality solutions to optimization by relying on operators such as selection, crossover, and mutation. In the optimization using the GA, the parameters were set as (i) population size of 50, (ii) elite rate of 5%, (iii) crossover rate of 90%, and (iv) mutation rate of 50%. Figure 2 represents the stacking method. After applying the Genetic Algorithm, the resulting models contained 1020 (Model 1) and 1681 (Model 2) genes. Later, we assumed that classifying with all the samples could increase our accuracy using both models.



Using stacking in Model 1, we evaluated different combinations of base classifiers and meta-classifiers using our stacking technique. Table 5 represents the performance metric of Model 1, and the highest accuracy was obtained with Stacking Model 1 (SM-1), 96%. Then, we used a principal component analysis (PCA) plot to check if the samples were correctly represented as indolent versus aggressive PCas. In Figure 11, we observe that most of the samples were correctly classified.



For the stacking method under Model 2, we removed the samples with GG 7 and applied the stacking technique with different combinations for the rest of the samples. The results are presented in Table 6. Model 2 is now more comparable to Model 1, and the highest accuracy was obtained with Stacking Model 1 (SM-1), 97%. Almost all the samples were classified correctly (Figure 12). Due to our model’s inability to achieve 100% accuracy, a few misclassified samples persisted within our models. Figure 9 shows the number of misclassified samples in GG7 and Model 1 at different threshold levels, abs(logFC) > 0.5, 0.7, 1, 1.5, and 2.





4. Discussion


The accurate classification of individuals diagnosed with PCa into those with indolent tumors that could be put under surveillance and those with aggressive diseases requiring immediate medical attention remains an unresolved challenge. Clinical oncologists face the dilemma of over-treating individuals with indolent tumors and under-treating individuals with aggressive tumors, with the potential consequence of bad clinical outcomes in either case. This study was undertaken to investigate the potential utility of ML algorithms for classifying PCa patients into patients with indolent tumors that could be safely monitored and patients with aggressive tumors with lethal potential that require immediate therapeutic intervention. Our investigation shows that using the current protocol based on GG scoring alone could lead to high misclassification errors. The practical consequence is that this could lead to unnecessary treatment of men with indolent tumors, a practice that could impair their quality of life and potentially their economic well-being. Likewise, under-treatment due to misclassification could lead to loss of life in those who could otherwise be saved. Our investigation shows that implementing ML algorithms could accurately classify cancer patients into patients with indolent and aggressive PCas. Our investigation also shows that while ML algorithms vary in their accuracy, using stacking methods that combine different ML algorithms could significantly increase the accuracy and reduce misclassification errors and could be used to complement current protocols based on GGs.



In our study, we used Differential Expression Analysis and a Genetic Algorithm to reduce the number of features to identify the probes contributing to the disease. We also performed different ML classifiers using 10-fold cross-validation to minimize the misclassification rate and improve accuracy compared with previous studies. Later, we used a stacking-based ML technique using a different combination of ML classifiers with 10-fold cross-validation and yielded better results (Model 1: 96% with SM-1; Model 2: 97% with SM-1). To validate and compare the performance of our stacking models, we compared their performance with that of existing methods. The following table (Table 7) compares the proposed method with the existing methods. As shown in Table 7, our proposed Model 1 at 96% and Model 2 at 97% were significantly superior to the existing ones.



Some limitations of the study: Transcriptomics, the study of gene expression, in prostate cancer (Gleason Grades) provides valuable insights into gene activity [5]. However, it is crucial to acknowledge that transcriptomics alone may not fully capture the complexities of prostate cancer and effectively characterize patients. Prostate cancer is a heterogeneous disease with diverse underlying molecular mechanisms [1]. While transcriptomics reveals gene expression patterns, other data types, such as mutations and epigenetics, are equally vital to shaping cancer development and progression [2]. Mutations in the DNA sequence can lead to abnormal protein functions, contributing to tumor formation. Identifying specific mutations associated with different Gleason Grades can offer valuable diagnostic and prognostic information. Epigenetic alterations, modifications in DNA without sequence changes, profoundly influence gene expression and impact prostate cancer cell behavior and treatment response. Understanding epigenetic patterns in various Gleason Grades can provide insights into the disease’s biology and potentially lead to targeted therapies [13]. An integrated approach is necessary to comprehensively understand prostate cancer, combining data from multiple sources, including transcriptomics, mutations, and epigenetics. This approach allows researchers to gain a more nuanced understanding of the disease, enabling improved patient characterization based on the underlying molecular features of their tumors. However, in this study, we did not consider these features. Moreover, working with TCGA data presents challenges due to its unbalanced-design nature, causing technical difficulties in managing data dimensionality and fitting models to a large number of variables. Many studies have encountered similar issues when working with TCGA datasets. Addressing these challenges is essential to ensure robust and reliable analyses and advance our prostate cancer knowledge. These areas will be the focus of future investigations.




5. Conclusions


Our research highlights the significance of genomic alterations in distinguishing patients with indolent and aggressive tumors. Machine learning (ML) has emerged as a powerful toolset, providing precision, specificity, and sensitivity in accurately identifying truly indolent tumors that can be safely monitored and aggressive tumors requiring immediate treatment. With a unique combination of ML classifiers, the stacking-based ML technique demonstrated remarkable accuracy, surpassing 96% in 10-fold cross-validation. While the classification accuracy is commendable, there is potential for further improvement by incorporating additional features derived from mutation and epigenetic data, which would enhance patient characterization. While transcriptomics provides valuable insights into gene activity in prostate cancer, it is equally important to consider other genetic factors, such as mutations and epigenetics. By integrating these additional data points, we can gain a more comprehensive understanding of the disease, ultimately enhancing our ability to characterize patients and guide personalized treatment strategies. In addition, we plan to assess the effectiveness of neural network models in our future research. These models could prove valuable in integrating genomic data with somatic mutation information to classify indolent and aggressive prostate cancers and identify the driving factors behind disease aggression using machine learning. We believe that the tool we have developed will be useful in advancing our understanding of prostate cancer.




6. Patents
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Figure 1. Flowchart depicting study design and execution workflow. Only the genes significantly differentially expressed between tumors and controls discovered in the level 1 analysis were considered in the level 2 analysis. 
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Figure 2. The flowchart represents the implementation of the stacking approach incorporating different combinations of ML algorithms. 
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Figure 3. The figure represents the accuracy percentage of Model 1 before classification. 
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Figure 4. Three-dimensional principal component analysis (PCA) plot of Model 1. (Here, blue represents indolent samples, and red represents aggressive samples). 
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Figure 5. The figure represents the accuracy percentage of Model 2 before classification. 
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Figure 6. Three-dimensional principal component analysis (PCA) plot of Model 2. (Here, blue represents indolent samples, and red represents aggressive samples). 
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Figure 7. The figure represents the accuracy percentage samples with GG 7 before classification. Here, the x-axis represents log fold change values, and the y-axis represents accuracy. 
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Figure 8. Principal component analysis (PCA) plot of Model 3. (Here, blue represents indolent samples, and red represents aggressive samples). 
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Figure 9. Figure representing the misclassified instances in samples from both datasets (samples with GG 7 and samples with GGs 6–10). 
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Figure 10. After classifying only samples with GG 7 with 5 different classifiers at different log-fold change values, the figure represents all the samples’ accuracy. 
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Figure 11. The figure represents the principal component analysis of Model 1. 
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Figure 12. The figure represents the principal component analysis of Model 2. 
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Table 1. Selected hyperparameters of machine learning methods.
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	SVM
	LR
	RF
	ETC
	GBC
	KNNs
	XGB





	C = 1.0
	penalty = “l2”
	n_estimators = 100
	n_estimators = 100
	n_estimators = 100
	n_neighbors = 5
	n_estimatorst = 100



	kernel = “rbf”
	tol = 1 × 10−4
	criterion = “gini”
	criterion = “gini”
	loss = “log_loss”
	weights = “uniform”
	learning_rate = 0.3



	gamma = “scale”
	C = 1.0
	max_depth = None
	max_depth = None
	learning_rate = 0.1
	algorithm = “ball_tree”
	max_deptht = 10










 





Table 2. Names and definitions of the evaluation metrics.
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	Name of Metric
	Definition





	True positive (TP)
	Correctly predicted positive samples



	True negative (TN)
	Correctly predicted negative samples



	False positive (FP)
	Incorrectly predicted positive samples



	False negative (FN)
	Incorrectly predicted negative samples



	Recall/sensitivity/true positive rate (TPR)
	     T P   T P + F N     



	Specificity/true negative rate (TNR)
	     T N   T N + F P     



	Fall-out rate/false positive rate (FPR)
	     F P   F P + T N     



	Miss rate/false negative rate (FNR)
	     F N   F N + T P     



	Accuracy (ACC)
	     T P + T N   F P + F P + T N + F N     



	Balanced accuracy (Bal_ACC)
	    1 2   (    T P   T P + F N   +   T N   T N + F P    )    



	Precision
	     T P   T P + F P     



	F1 score (harmonic mean of precision and recall)
	     2 T P   2 T P + F P + F N     



	Mathews correlation coefficient (MCC)
	      (  T P × T N  )  −  (  F P × F N  )       (  T P + F N  )  ×  (  T P + F P  )  ×  (  T N + F P  )  ×  (  T N + F N  )        










 





Table 3. Distribution of the number of genes according to −logFC values for Models 1–3.
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LogFC Cutoff

	
No. of Genes




	
Model 1

	
Model 2

	
Model 3






	
0.5

	
2074

	
3513

	
513




	
0.7

	
821

	
2028

	
381




	
1

	
213

	
836

	
174




	
1.5

	
24

	
186

	
25




	
2

	
3

	
52

	
5











 





Table 4. Performance of various classifiers in Model 1 after classifying samples with GG 7. The best score values are bold-faced.
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	Metric/

Method
	LR
	ETC
	KNNs
	SVM
	GBC
	RF
	XGB





	Sensitivity
	0.85
	0.93
	0.86
	0.91
	0.91
	0.92
	0.90



	Specificity
	0.67
	0.49
	0.59
	0.69
	0.54
	0.51
	0.67



	Bal. acc.
	0.76
	0.72
	0.72
	0.90
	0.72
	0.71
	0.80



	Accuracy
	0.80
	0.82
	0.79
	0.86
	0.82
	0.82
	0.85



	Precision
	0.88
	0.84
	0.86
	0.90
	0.86
	0.85
	0.89



	F1 score
	0.87
	0.88
	0.86
	0.90
	0.88
	0.88
	0.89



	MCC
	0.50
	0.84
	0.45
	0.61
	0.49
	0.49
	0.61










 





Table 5. Performance of various stacking methods for Model 1. The best score values are bold-faced.
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	Method/

Metric
	Sensitivity
	Specificity
	Accuracy
	Precision
	F1 Score
	MCC
	Balanced

Accuracy





	SM-1
	0.99
	0.85
	0.96
	0.95
	0.97
	0.88
	0.92



	SM-2
	0.96
	0.83
	0.93
	0.95
	0.95
	0.81
	0.87



	SM-3
	0.97
	0.84
	0.93
	0.95
	0.96
	0.84
	0.91



	SM-4
	0.98
	0.68
	0.91
	0.90
	0.94
	0.74
	0.83



	SM-5
	0.94
	0.81
	0.91
	0.94
	0.94
	0.74
	0.87










 





Table 6. Performance of various stacking methods for Model 2. The best score values are bold-faced.
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	Method/

Metric
	Sensitivity
	Specificity
	Accuracy
	Precision
	F1 Score
	MCC
	Balanced

Accuracy





	SM-1
	0.98
	0.90
	0.97
	0.99
	0.98
	0.87
	0.94



	SM-2
	0.95
	0.79
	0.94
	0.97
	0.96
	0.72
	0.91



	SM-3
	0.96
	0.79
	0.95
	0.97
	0.97
	0.72
	0.92



	SM-4
	0.98
	0.62
	0.94
	0.95
	0.96
	0.66
	0.80



	SM-5
	0.98
	0.59
	0.93
	0.95
	0.96
	0.64
	0.78










 





Table 7. Performance comparison with existing methods.






Table 7. Performance comparison with existing methods.





	Method
	Accuracy





	Yang et al. [8]
	82.54%



	Danaee et al. [9]
	89.13%



	Casey et al. [34]
	85.00%



	Proposed Method (SM1)
	96.00%



	Proposed Method (SM2)
	97.00%
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