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Abstract. Kidney Renal Clear Cell Carcinoma (KIRC) is one of the 
most common cancers in the world. With limited ideal testing and screen-
ing methods, this disease has been prone to misclassification a nd poor 
prognosis leading to late-stage detection and metastasis. One of the few 
methods that have been developed to address this is the use of biomark-
ers through gene expression. This study used KIRC TCGA RNA-seq 
gene expression data to classify early-stage or late-stage KIRC. The ex-
pressed genes are the features filtered through Information Gain Feature 
selection. The identified features were then used to train six (6) Machine 
Learning (ML) classification m odels a nd were e valuated by fi ve (5 ) per-
formance measures. These models were the Naive Bayes (NB), Sequen-
tial Minimal Optimization (SMO), Stochastic Gradient Descent (SGD), 
Logistic Regression (LR), J48 Classification ( J48), a nd R andom Forest 
(RF) classifiers. The performance measures used were accuracy, sensitiv-
ity, specificity, F -value, a nd t he a uROC. T he f eatures u sed i n training 
the ML classification m odels w ere a lso s ubject t o b iological functional 
analysis through Gene Ontology (GO) Cellular Component enrichment 
analysis, GO molecular function enrichment analysis, and the KEGG 
Pathway Enrichment Analysis. The Machine learning classifier perfor-
mance evaluation revealed that RF was the best-performing model in 
early stage KIRC, with a good performance in accuracy and specificity, 
followed by SGD. In contrast, all models had poor performances with the 
Late stage KIRC, equating to an overall average performance. The GO 
biological functional analyses and KEGG pathway analysis also showed 
the dominance of cell cycle-associated genes. Possibilities of improving 
future ML Classification m odel d evelopment t hrough m odifications in 
feature selection were idealized from the KEGG results. Its results were 
able to identify the likelihood of having feature-associated noise due 
highly expressed metabolic genes by diverse cell types, leading to the 
poor late-stage KIRC performances of the tested models. 
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1 Introduction 

Renal cancer (RCC) is the sixth most common cancer in men and tenth most 
common cancer in women [1]. Among the different types of Renal Cancers, the 
Kidney Renal Clear Cell Carcinoma (KIRC) is the most common pathological 
type accounting for 75% [2]. KIRC is also known to have poor prognosis and 
high morbidity, which stems from failed early diagnoses [3][4]. Although screen-
ing and testing methods for RCC are still yet to be established, abdominal 
contrast enhanced computed tomography (CT) and ultrasound scanning (USS) 
are the current gold standards for tumor identification. Ideally, RCC and KIRC 
diagnosis and development tracking in a patient could also use urinalysis, with 
serum and urine biomarkers as well [5]. Due to these limitations, majority of the 
identified cases of KIRC cases have already metastasized or are in late stages 
with some even being misclassified [6][7]. One of the leading ways in identify-
ing candidate biomarkers for any disease is through gene expression analysis. 
Gene expression can be analyzed using RNA-seq data, which also provides a 
preview of possible molecular and biological mechanisms through mRNA levels 
[8]. The Kidney injury molecule-1 (KIM-1 ) is currently one of the most utilized 
biomarker in serum and urine samples, which is an indicator of renal tubular in-
jury apparent in RCC [9]. Other promising biomarkers include the Gonadotropin 
releasing hormone 1 (GNRH1 ) and Leukotriene B4 Receptor (LTB4R), which 
are both immune-related prognostic biomarkers [10]. Although several studies 
have been done using gene expression data to identify the presence of KIRC in 
RCC patients. There are only a few transcriptomic studies, let alone machine 
learning studies, done in identifying and classifying patients between the early-
and late-stage KIRC progression which highlights the importance of doing a 
KIRC stage classification study based on gene expression or mRNA data. Simi-
lar studies have already been done in other cancers such as breast, colon, lung, 
and prostate cancer which shows its importance in the cancer diagnostics and 
progression research paradigm [11][12][13][14]. 

2 Cancer Classification Studies with RNA-seq Data 

Pre-treatment processes such as initial cancer diagnosis, screening, and classifica-
tion are important steps in treating cancer patients. This allows earlier detection 
and a more targeted and specific therapy and course of treatment, leading to 
better survival chances, low chances of relapse, and a better overall quality of 
life post-treatment [15]. The use of biomarkers has been an impactful factor in 
improving the pre-treatment processes allowing a better and more precise under-
standing of cancer progression [16]. With the rise of high throughput sequencing 
of RNA-Seq, researchers were able to screen high amounts of genetic and tran-
scriptomic data, allowing for a wider view in biomarker selection and disease 
correlation [17][18].
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2.1 Cancer Classification studies using Machine Learning (ML) 

Machine learning models have been utilized for cancer classification in several 
ways. It has been used for tumor localization, differentiation from other cancer 
subtypes, and disease progression or staging. A study done for tumor location 
prediction in prostate cancer was done by Hamzeh et. al. (2020), where they 
used gene expression data to identify the laterality of the tumor within the 
prostate [19]. They evaluated three different Machine Learning (ML) classifiers 
used, which were Naive Bayes, Random Forest, and SVM RBF which was also the 
best performer among the three. Bissanum et.al. (2021) also used a similar ap-
proach but applied it to triple negative breast cancer subtype classification. Their 
study used Support Vector Machines (SVM), K-nearest neighbor (KNN), Näıve 
Bayes (NB), Decision Tree (DT), Ensemble, Linear Discriminant, and Logistic 
Regression, and determined that the SVM algorithm produced the most accu-
rate differentiation between the basal-like immune-activated (BLIA), basal-like 
immune-suppressed (BLIS), mesenchymal (MES), and luminal androgen recep-
tor (LAR) subtypes [20]. Studies in evaluating classification models for cancer 
staging have also been performed, such as the study of Ubaldi et.al. (2021), 
where they developed machine learning models for lung cancer stage along with 
histology prediction using radiomics [21]. With the importance of evaluating 
and knowing the performance of ML classification models, this study explored 
six (6) classification models which are Naive Bayes (NB), Sequential Minimal 
Optimization (SMO), Stochastic Gradient Descent (SGD), Logistic Regression 
(LR), J48 Classification (J48), and Random Forest (RF). 

2.2 Use of Gene expression as features from RNA-Seq Data 

RNA-seq data or transcriptome data represent gene expression or mRNA levels. 
These data are analyzed to understand different molecular and biological pro-
cesses occurring in a sample of interest. Widely used in cancer biomarker discov-
ery studies, this data has been used in differentiating cancer types and stages as 
these have varying molecular mechanisms that are dictated by gene regulation 
[22]. With aims to standardize highly dimensional transcriptomic data, diverse 
pre-processing and normalization techniques have been used. One of the used 
normalization techniques by different studies and The Cancer Genome Atlas 
(TCGA) is log-transformation of mRNA expression z-scores [23][24]. This al-
lows for a normalization based on a selected group of samples allowing a better 
understanding of gene upregulation and downregulation [25]. Despite this, some 
studies still use raw gene counts instead of log-transformed data, which may 
provide some differential gene expression bias [26]. 

3 Methodology Overview 

This study explored different supervised machine learning classification models 
in classifying early- and late-stage KIRC. Publicly available RNA-Seq and clin-
ical datasets from TCGA were initially collected and used in this study. These
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datasets were then merged along with the inclusion of an additional data class— 
either early-stage or late-stage— for the analysis matrix. The data matrix cre-
ated was then subjected to feature selection through Information Gain Attribute 
Evaluation. The selected features by the Information Gain Attribute Evaluation 
were then used to test six (6) classification models which are Naive Bayes (NB), 
Sequential Minimal Optimization (SMO), Stochastic Gradient Descent (SGD), 
Logistic Regression (LR), J48 Classification (J48), and Random Forest (RF). 
The identified features also underwent biological functional analysis through 
Gene Ontology (GO) Cellular Component enrichment analysis, GO molecular 
function enrichment analysis, and Kyoto Encyclopedia of Genes and Genomes 
(KEGG) Pathway Enrichment Analysis. The workflow of the methods is shown 
in Fig 1. 

Fig. 1. Schematic diagram showing the overview of the methodology workflow 

4 Datasets 

TCGA Kidney Renal Clear Cell Carcinoma clinical and RNA-seq datasets (kirc tcga) 

were accessed from the cBioPortal database and cohort builder (https://www. 
cbioportal.org/), which was developed by Memorial Sloan Kettering Cancer Cen-
ter (MSK) [27]. These data are also notably linked to The Cancer Genome At-
las (TCGA) Provisional or Genome Data Analysis Center (GDAC) Firehose of 
Broad Institute (https://gdac.broadinstitute.org/), which is the source database 
of the “kirc tcga” cohort [28]. A total of three datasets were initially retrieved 
from the database. These datasets were two (2) clinical datasets and an (1) 
RNA-seq data set. The two clinical datasets were the clinical-patient dataset 
and clinical-sample dataset. The clinical-patient dataset contained the cancer 
stages based on the American Joint Committee on Cancer (AJCC) Pathologic



268 L. S. Macalalad et al.

Tumor Staging, while the RNA-seq data contained the gene expression values. To 
ensure a normalized and standard representation of mRNA expression levels, the 
gene expression data selected were log-transformed mRNA expression z-scores. 
These scores are calculated relative to all samples which is based on log RNA 
Seq V2 RSEM values. The two datasets were merged using the clinical-sample 
dataset as reference to have both cancer staging and gene expression data in one 
matrix since it contained both patient and sample IDs, which were separately 
used by the clinical-patient and RNA-seq data matrices. A class label of either 
early stage or late stage was also added in the matrix depending on the cancer 
stage as shown in table 1. The early stage class (N = 391) includes the samples 
classified as Stage I (N = 268) and Stage II (N=123), while the late stage class 
(N = 140) includes the Stage III (N = 57) and Stage IV (N = 83) samples. 
Samples with “NA” or blank values were also removed. In total, the created 
matrix had 20,354 features, which includes the sample ID, tumor staging, class, 
and gene expression values from 531 instances or samples, which was exported 
in a single CSV file. All merging and pre-processing of the data matrices were 
done in R version 4.3.1 through R Studio version 2024.04.1 Build 748. 

Table 1. Summary of number of instances in training data 

Class Label Clinical Tumor Stage Total number of instances 

Early Stage 
Stage I 
Stage II 

268 
123 

Late Stage 
Stage III 
Stage IV 

57 
83 

5 Feature Selection 

Feature Selection was performed in WEKA version 3.8.6. WEKA or Waikato 
Environment for Knowledge Analysis is a Java-based open-source tool developed 
by the University of Waikato for performing machine learning techniques [29]. 
The feature selection method used to decrease dimensionality was Information 
Gain Attribute Evaluator with Ranker as the search method having a threshold 
of 0.05 [30][31]. This decreased the number of attributes from 20,351 to 766 
genes. Some of the top selected genes are shown in table 2. Interestingly, most of 
the top-ranked genes are involved in post-translational modifications and ligand 
interactions, which are molecular phenomena of high occurrence in cancers [32]. 
It is worth noting that interacting or related genes that might be of importance 
in classification might be overlooked despite the efficient selection of information 
gain, due to its limitations on redundant features along with complex biological 
interactions that might not be fully captured by the selection method through 
gene expressions alone.
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Table 2. Top 25 of the selected 766 most informative features after feature selection 
by the Information Gain attribute evaluator and Ranker search method. 

Rank Feature/Gene Gene Name 

1 FAM160A1 FHF complex subunit HOOK interacting protein 1A 

2 PLEKHA8P1 Pleckstrin homology domain containing A8 pseudogene 1 

3 UBE2C Ubiquitin conjugating enzyme E2 C (UBE2C) 

4 SKA1 Spindle and kinetochore associated complex subunit 1 

5 NR3C2 Nuclear receptor subfamily 3 group C member 2 

6 PMM2 Phosphomannomutase 2 

7 TNFSF4 TNF superfamily member 4 

8 CDC20 Cell division cycle 20 

9 C1QL1 Complement C1q like 1 

10 PAIP2B Poly(A) binding protein interacting protein 2B 

11 KIF18B Kinesin family member 18B 

12 IL20RB Interleukin 20 receptor subunit beta 

13 CDCA3 Cell division cycle associated 3 

14 UFSP2 UFM1 specific peptidase 2 

15 IBA57 Iron-sulfur cluster assembly factor IBA57 

16 DNTTIP1 Deoxynucleotidyltransferase terminal interacting protein 1 

17 KIF20A Kinesin family member 20A 

18 CENPA Centromere protein A 

19 PAEP Progestagen associated endometrial protein 

20 GSDMB Gasdermin B 

21 BIRC5 Baculoviral IAP repeat containing 5 

22 LIMCH1 LIM and calponin homology domains 1 

23 CHRM3 Cholinergic receptor muscarinic 3 

24 CEP55 Centrosomal protein 55 

25 NUMBL NUMB like endocytic adaptor protein 

6 Classification Model Training and Performance 
Evaluation 

The training set containing the selected features and class was then used to 
classify early stage and late stage KIRC using six supervised learning classifi-
cation models. The six classification models are Naive Bayes (NB), Sequential 
Minimal Optimization (SMO), Stochastic Gradient Descent (SGD), Logistic Re-
gression (LR), J48 Classification (J48), and Random Forest (RF). All of which 
were performed in WEKA as well. 

6.1 Naive Bayes (NB) 

Naive Bayes is a widely used probabilistic classification algorithm. It is based 
on the well-known Bayes theorem. It also considered as an effective and robust 
theorem in different applications [33]. It has been used in different studies that
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are using gene expression data for different diseases. One of these is the study 
done by Yang et.al. (2020), where they used it in evaluating a prediction model 
for the response in neoadjuvant chemotherapy of breast cancers [34]. 

6.2 Sequential Minimal Optimization (SMO) 

The Sequential Minimal Optimization (SMO) algorithm was developed from a 
decomposition algorithm. It also solves the uncertainty problem in multi-sample 
classification, along with its relatively faster operation time which could be of 
good use in multi-sample and high-dimensional clinical and gene expression data 
[35]. Despite not being as widely used in gene expression data, advanced varia-
tions have been evaluated in other previous studies. The study of Rani Jawhar 
(2020) is one of the studies that utilized advanced SMO techniques by applying 
it for lung tumor classification [36]. 

6.3 Stochastic Gradient Descent (SGD) 

Stochastic Gradient Descent (SGD) is an algorithm used to solve extensive ma-
chine learning problems and uses as many training samples as possible while 
performing only a small number of calculations per sample. This algorithm has 
been utilized in various tasks including natural language processing (NLP), vi-
sual data processing, and other deep learning applications [37]. It has also been 
utilized in studying single-cell RNA sequences, such as the study by Rajesh et.al. 
(2023) for colorectal cancer tumor identification [38]. 

6.4 Logistic Regression (LR) 

Logistic regression (LR) is an algorithm used in estimating the association of pre-
dictive features with a binary classification. Being an extension of linear regres-
sion, this algorithm has been widely used in different types of biological studies 
[39]. It has been used in different disease classifications through gene expressions 
including Hepatocellular carcinoma survival predictions, Kidney transplantation 
rejection, and Alzheimer’s disease prediction [40][41][42]. 

6.5 J48 Classification (J48) 

J48 Classification (J48) is a decision tree classification method that uses the C4.5 
algorithm, which is a widely used technique in classifying numeric and categori-
cal data. J48 uses attribute values to divide data into ranges and ignores missing 
values [43]. It has been used in different gene expression patterns and classifica-
tion studies such as cancer stage discrimination, diabetes high-risk population 
estimation, and biomarkers for early disease diagnosis [44][45][46][47].
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6.6 Random Forest (RF) 

Random Forest classification utilizes an ensemble learning approach for classifi-
cation and regression problems. Its multiple-model and classifier integration is 
known to greatly improve ML accuracy [48]. This approach has been applied in 
a wide variety of omics studies, including transcriptomics. It has been used in 
mixed-type data of different cancers, risk predictions, and other types of predic-
tive and profiling studies [49][50][51]. 

6.7 Performance Evaluation 

The classification models were all tested through 10-fold cross validation. The 
performance metrics used in determining their performance were accuracy (true 
positive rate), sensitivity (precision), specificity (recall), F-value, and the area 
under the receiver operating characteristic curve (auROC) [52]. The performance 
of the six classification models with respect to class and its average can be seen 
in Table 3 . In early stage classification, SGD was the most sensitive (77.90%) 
and had the best group variation (F-value = 0.805) which are average and good 
performances respectively. Despite this good performance (score > 80.00%), 
Random Forest was considered as the best performing model for the early stage 
class. Its good performance in accuracy (87.40%) and specificity (87.40%), were 
reflected by having the best auROC (0.798). The good performance in the early 
stage class provides a positive note especially with regards to clinical decision 
making. The good specificity and accuracy performances of the models in early 
stage KIRC provides confidence identifying true non-early stage KIRC, which 
would reduce the risk of having the cancer develop into an advanced stage of 
KIRC due to inappropriate treatment. In late stage, all models performed poorly 
and average at best. SGD was the best late stage classification model in three 
metrics: Accuracy (62.60%), Specificity (62.60%), and F-value (0.663) despite 
these still being considered poor performances (score < 70.00%). For sensitivity, 
Random forest was the best late stage classifier (72.50%), along with the best 
auROC. Averaging the early and late stage classifications, SGD was considered 
the best model in almost all metrics except for the auROC: Accuracy (75.30%), 
Sensitivity (75.00%), Specificity (75.30%), and F-value (0.75) which in totality 
is still an average or moderate performance (70.00% < score > 80.00%). The 
leading performance of RF and SGD can also be observed in the ROC curves 
in Fig 2. The ROC curves also reflected the overall better performance of all 
models in the steeper ROC curve in early stage (Fig 2.A.) compared to the ROC 
curve of the late stage (Fig 2.B.). 

7 Biological Functional Analysis of Selected RNA-seq 
Features 

The feature selection done by Information gain, is based on a computational ap-
proach of parent and child node entropy. To see the value of the identified features
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Table 3. Machine Learning (ML) Classification Model Performance in Early- and 
Late-Stage KIRC 

Class ML Model Accuracy Sensitivity Specificity F-value auROC 

Early Stage 
Naive Bayes 
SMO 
SGD 
Logistic 
J48 
RF 

78.20% 
81.50% 
83.40% 
69.20% 
75.10% 
87.40% 

76.50% 
75.90% 
77.90% 
69.00% 
72.40% 
74.30% 

78.20% 
81.50% 
83.40% 
69.20% 
75.10% 
87.40% 

0.773 
0.786 
0.805 
0.691 
0.737 
0.803 

0.719 
0.704 
0.730 
0.634 
0.652 
0.798 

Late Stage 
Naive Bayes 
SMO 
SGD 
Logistic 
J49 
RF 

62.10% 
59.20% 
62.60% 
51.00% 
54.90% 
52.40% 

64.30% 
67.00% 
70.50% 
51.20% 
58.20% 
72.50% 

62.10% 
59.20% 
62.60% 
51.00% 
54.90% 
52.40% 

0.632 
0.629 
0.663 
0.511 
0.565 
0.608 

0.739 
0.704 
0.730 
0.627 
0.652 
0.798 

Average 
Naive Bayes 
SMO 
SGD 
Logistic 
J50 
RF 

71.90% 
72.90% 
75.30% 
62.10% 
67.20% 
73.80% 

71.80% 
72.50% 
75.00% 
62.10% 
66.90% 
73.60% 

71.90% 
72.90% 
75.30% 
62.10% 
67.20% 
73.80% 

0.718 
0.725 
0.750 
0.621 
0.670 
0.728 

0.727 
0.704 
0.730 
0.631 
0.652 
0.798 

or genes, Cellular Component and Molecular Functional Enrichment Analysis 
along with Pathway Enrichment analysis were performed to have an idea on its 
biological roles and involvements. Both analyses were performed in ShinyGO 0.80 
(http://bioinformatics.sdstate.edu/go/). ShinyGO is a web-based analysis tool 
developed by South Dakota State University that is based on R/Bioconductor 
packages for gene functional annotation and enrichment which is linked to various 
databases including the Gene Ontology (GO) Database and Kyoto Encyclopedia 
of Genes and Genomes (KEGG) [53]. 

7.1 Cellular Component and Molecular Functional Enrichment 
Analysis 

The results of the GO Cellular Component Enrichment Analysis showed that the 
selected genes mostly belonged to the nuclear lumen and nucleoplasm as shown 
in Fig 3A. These nuclear components are involved in nuclear biogenesis, which 
is a process that occurs in cell division, a repeated phenomena in cancer tumor 
formation [54][55]. This is also the same process where chromosomes are involved, 
specifically in the mitotic cycle. Overall, the cellular components selected by the 
feature selection are mostly cell cycle-involved components, which may be due 
to the rapid cell proliferation that occurs in KIRC and cancer in general. A 
similar occurrence was observed with the findings from the molecular functional 
enrichment in Fig 3B. Most molecular functions were identified to be binding in 
nucleic acids, with varying specificity. Nucleic acid bindings, which are mostly
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Fig. 2. ROC curve of tested ML classification models in (A) Early-stage and (B) Late-
stage KIRC 

explored in RNAs, can affect and change the development of a cell [56]. In 
a downstream view, these mechanisms cause signal transduction dysregulations 
and post-translational modifications that lead to pathway aberrations and errors 
in the cell cycle possibly leading to mutations and cancer development [57]. 

8 Biological Functional Analysis of Selected RNA-seq 
Features 

8.1 Pathway Enrichment Analysis 

Pathways are biomolecular processes which dictate the development of biolog-
ical phenomena and diseases. The KEGG Pathway Enrichment analysis reflect 
the pathway involvements of genes, which are also the selected features in this 
case. The analysis showed a diverse array of pathways, which could be identified 
as immune-associated pathways, metabolic pathways, and the cell cycle. Inter-
estingly, majority of the pathways of high confidence are involved in the cell 
cycle, which ranges from cell division to cell death — of either senescence or 
apoptosis— could be seen as the red to purple colored lines in Fig 4. It is also 
worth noting that despite, the high number of genes in Metabolic pathways, the 
confidence is still considered of poor status. This as a factor in the features used 
may have affected the overall poor to average performance of the ML classifica-
tion models especially in the late stages of KIRC. This is because metabolism 
is a process that exists in all cells (but could be in different types), leading to 
an abundance of expressed genes and may have provided unwanted noise and 
dimensionality in the dataset. Although the presence of metabolic genes could
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Fig. 3. Gene Ontology (GO) Functional Annotation by (A) Cellular component and 
(B) Molecular function of expressed genes selected by the Information Gain feature se-
lection. Circle sizes indicate the number of genes (larger: more genes, smaller: less 
genes), while -log10(FDR) colors indicate the normalized false discover rate (Red: 
Higher confidence, Blue: Lower confidence). Only the GO terms satisfying the 0.05 
FDR cut-off were included in this figure.
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not be eliminated from the dataset, possible further dimension reduction meth-
ods, such as through use of Principal Components, could improve the the data 
dimensionality as well the selection of features. 

Fig. 4. KEGG Pathway Enrichment Analysis of expressed genes selected by the Infor-
mation Gain feature selection. All pathways identified within the analysis are included 
in this figure. Circle sizes indicate the number of genes (larger: more genes, smaller: 
less genes), while Fold Enrichment colors indicate the confidence based on overrepre-
sentations in specific pathways (Red: Higher confidence, Blue: Lower confidence). 

9 Conclusion and Future Works 

KIRC is a poorly identified and diagnosed disease which leads to a high mor-
tality rate. This study explored and evaluated the performance of six machine 
learning classification models using RNA-seq expression data from the TCGA in 
classifying Early- and Late-Stage KIRC. It was found that in early stage KIRC, 
the RF was considered as the best performing model with a good performance 
in accuracy and specificity, while SGD was the most sensitive. Despite this good 
performance in early stage KIRC, all models had poor performances with the 
Late stage KIRC, which led to an overall average performance. Biological func-
tional annotations through GO Cellular Component and Molecular Functional 
Enrichment Analysis also showed the heavy influence of cell cycle processes in 
the selected features of the Information Gain Attribute Evaluation. Interestingly, 
the abundance of genes from metabolic processes in the KEGG Pathway Enrich-
ment analysis showed a possibility of having feature or dimensionality noise due
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to highly expressed metabolic genes that are “by-products” of every cellular 
process. 

With these findings, the it is recommended to explore the possibility of inte-
grating pathway analysis data in the feature selection process which could also 
improve the overall performance of different ML classification models. Another 
possibility is to integrate multiple classification schemes along with different 
dimension reduction methods in classifying KIRC and other cancers with nor-
malized gene expression data. 
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