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  Abstract: Background: Despite all the medical advances introduced for personalized patient treatment 
and the research supported in search of genetic patterns inherent to the occurrence of its different mani-
festations on the human being, the unequivocal and effective treatment of cancer, unfortunately, remains 
as an unresolved challenge within the scientific panorama. Until a universal solution for its control is 
achieved, early detection mechanisms for preventative diagnosis increasingly avoid treatments, resulting 
in unreliable effectiveness. The discovery of unequivocal gene patterns allowing us to discern between 
multiple pathological states could help shed light on patients suspected of an oncological disease but 
with uncertainty in the histological and immunohistochemical results. 

Methods: This study presents an approach for pan-cancer diagnosis based on gene expression analysis 
that determines a reduced set of 12 genes, making it possible to distinguish between the main 14 cancer 
diseases. 

Results: Our cascade machine learning process has been robustly designed, obtaining a mean F1 score 
of 92% and a mean AUC of 99.37% in the test set. Our study showed heterogeneous over-or underex-
pression of the analyzed genes, which can act as oncogenes or tumor suppressor genes. Upregulation of 
LPAR5 and PAX8 was demonstrated in thyroid cancer samples. KLF5 was highly expressed in the ma-
jority of cancer types. 

Conclusion: Our model constituted a useful tool for pan-cancer gene expression evaluation. In addition 
to providing biological clues about a hypothetical common origin of cancer, the scalability of this study 
promises to be very useful for future studies to reinforce, confirm, and extend the biological observa-
tions presented here. Code availability and datasets are stored in the following GitHub repository to 
aim for the research reproducibility: https://github.com/CasedUgr/PanCancerClassification. 
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1. INTRODUCTION 

Cancer is a heterogeneous pathology that constitutes 
more than one hundred types of cancerous diseases, making 
it the second cause of death worldwide, just behind cardio-
vascular diseases. Although the advances in medical and 
diagnostic methods have allowed for improving both the 
early detection as well as the survival rate, the number of 
cancer cases increase every year. This annual increment is 
due to multiple factors such as pollution, diet, or even in-
creased life expectancy. Nowadays, cancer has an immense  
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socioeconomic impact on our society, encouraging scientists 
to research and discover new ways to fight against this dead-
ly disease. 

Despite its wide and heterogeneous occurrence, almost 
90% of worldwide deaths and new cases of cancer in 2017 
can be clustered into only 14 different cancer types, (Fig. 1), 
which means that there is a minimal number of cancer types 
that represent an enormous incidence of cases among the 
global population [1]. Determining differential biological 
patterns from the simultaneous integrated analysis of those 
14 cancer types could help massively reduce their impact in 
the future. With the increasing role of multi-omic analysis, 
the common mechanisms of emergence and development of 
multiple tumoral pathologies could be accurately revealed. 
Nowadays, a paradigm shift in treatment towards precision 
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medicine has taken place. One of the main purposes of this 
paradigm relies on the creation and design of Clinical-
Decision Support Systems (CDSS), which could help to treat 
each patient in a personalized way, taking into account bio-
logical information from different omics, e.g., genomics, 
transcriptomics, proteomics or radiomics [2, 3]. 

The quantity of available RNA-seq data, the most re-
nowned gene expression technology at this moment, has 
increased in recent years. That increase allows in-depth re-
search studies by combining sequencing data from different 
cancer types. Predictive models enable the statistical valida-
tion of candidate biomarkers, especially in cases where la-
boratory assessment is not possible [4]. Therefore, using 
Machine Learning (ML) algorithms with Feature Selection 
(FS) techniques could improve the final detection while ob-
taining a subset of candidate biomarkers related to the ad-
dressed disease or diseases [5]. There are many approaches 
in the literature to design CDSS for specific cancer types and 
their subsets. Besides, interesting algorithms to deal with the 
heterogeneity of multiclass problems in cancer have ap-
peared in the last few years [6, 7]. Amrane et al. presented a 
machine learning approach for classifying malignant breast 
cancer and benign tumors from the Breast Cancer Wisconsin 
Dataset, using k-Nearest Neighbour  (k-NN) and Naive 
Bayes as classifiers and obtaining 97.51% of recognition 
with k-NN [8]. Alyafeai et al. presented a deep learning ap-
proach to detect cervical cancer using cervigrams as input 
[9]. The authors obtained an Area Under the Curve (AUC) of 
0.82, classifying each cervix region 20 times faster than oth-
er presented models in the literature. Lu et al. presented a 
survey of the state of cancer classification using computa-
tional intelligence methods and feature selection algorithms 
when using gene expression data [10]. By employing unsu-
pervised learning, Sadanandam et al. analyzed the gene ex-

pression of 1,290 CRC tumors, discovering associations be-
tween the clusters and the therapeutic response, the disease-
free survival after surgical resection and the ability to distin-
guish between cell types [11]. Li et al. used RNA-Seq to 
distinguish 31 tumor types using a single data split for pan-
cancer classification, correctly classifying more than 90% of 
test set samples using k-NN [12]. Similarly, Ma et al. ana-
lyzed somatic alterations in 1,699 paediatric leukemias and 
solid tumors across six histotypes, ultimately reporting 142 
driver genes in pediatric cancers [13]. Also, using RNA-Seq 
data, Peng et al. analyzed 12 cancer types and found a 14-
gene signature able to differentiate between cancerous and 
normal samples. By using the leave-one-out cross-validation 
methodology, the predictive accuracies were 92.04%, 
96.23%, 91.76%, 90.05%, 88.17%, 94.29% and 99.10% for 
BLCA, BRCA, COAD, HNSC, LIHC, LUAD and LUSC, 
respectively [14]. Likewise, using miRNA-Seq data, Cheerla 
et al. presented a pan-cancer classification model and a 
prognosis prediction model for 21 cancer types. An accuracy 
of 97.2% was obtained for the pan-cancer classification task, 
whereas an 85% accuracy was reached for the prognosis 
prediction task [15]. Furthermore, previous studies in our 
research group have widely shown the potential of Machine 
Learning in different gene expression cancer problems [16-
18]. 

Considering the previous considerations, we present a 
new approach to extract and validate biomarkers for a pan-
cancer study formed by 6,739 samples from 14 types of dif-
ferent cancers and their respective control samples. This im-
plementation receives as input data all the count files gath-
ered from the controlled database, The Cancer Genome Atlas 
(TCGA) [19]. Two datasets were randomly created just at 
the beginning: one for training with 80% of the total samples 
(5,307) and another for testing with the resultant 20% (1,318) 

 
Fig. (1). Impact and incidence of the different cancer types by means of the percentage of deaths and new cases obtained in 2017. Source: 
Our World in Data. (A higher resolution / colour version of this figure is available in the electronic copy of the article). 
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to ensure the strictness of the process. In addition, as for the 
biomarker extraction and their assessment, a cross-validation 
strategy has been followed to avoid the emergence of depend-
ent biomarkers only appearing within concrete partitions. 

Our method takes advantage of combining a custom mul-
ticlass DEGs extraction parameter named Coverage (Cov) 
and the FS techniques for improving multiclass pan-cancer 
recognition. The multiclass gene extraction allows for re-
trieving DEGs that discern between different pairs of classes 
or cancers, giving the classifier information about all the 
addressed cancers due to the sum of the information provid-
ed by each DEG. In addition, FS techniques could extract a 
very reduced subset of Differential Expressed Genes (DEGs) 
with the potential to discern among the 14 different ad-
dressed cancers. This ensures a comprehensible predictive 
model instead of a complex model similar to a black box de-
sign. Moreover, our research includes an in-depth literature 
study to create a biological profile for each final DEG candi-
date. The whole research has been carried out by combining 
custom implementations with our R/Bioc framework 
KnowSeq, a flexible and modular tool encapsulating all nec-
essary steps to perform those analyses [20]. Finally, it is im-
portant to highlight that this research includes statistical 
analysis to corroborate the robustness of the followed proce-
dure and the influence of different factors on the final re-
sults. Moreover, our proposed pan-cancer tool could improve 
the diagnostic and therapeutic management of patients sus-
pected of oncological disease but with indeterminate or un-
certain histological and immunohistochemical results. In this 
sense, this tool would enable a new approach and perspective 
to better characterize and classify the main types of cancer 
worldwide from the genetic point of view. 

All count files, source code and the ANOVA results are 
stored at the following GitHub repository: https: //github. 
com/CasedUgr/PanCancerClassification to support the re-
producibility of this research. 

2. MATERIALS AND METHODS 

In this section, the implemented methodology to perform 
this research is explained. As depicted in Fig. (2), different 
steps can be distinguished. In order to explain the whole 
pipeline, the methods section is divided into three subsec-
tions: 1) Transcriptomic Pipeline; 2) DEG extraction; 3) 
Cascade Prediction. Furthermore, one last subsection to ex-
plain the statistical analysis designed to measure the impact 
of different factors on the final results is also included. 

2.1. Transcriptomic Pipeline 

One of the fundamental steps in transcriptomic studies 
relies on the correct pre-and post-processing of RAW da-
tasets. In this sense, count files coming from the GDC portal 
have been previously harmonized, ensuring a significant 
quality for the accessible files and preventing possible BIAS 
from being introduced during the STAR2 alignment [21] and 
HTSeq read count processes [22]. Then, to calculate the gene 
expression given a set of count files as cancer types, Condi-

tional Quantile Normalization (CQN) was used [23]. This 
normalization considers the read count of the genes and their 
respective gene length along with the guanine-cytosine (GC) 
content to carry out that normalization, returning the equiva-
lent gene expression values for RNA-Seq samples. After this 
procedure, 14 gene expression sets are achieved, each set 
having both primary tumor and solid tissue normal samples 
from the corresponding cancer. 

As aforementioned, GDC count files were previously 
harmonized by the GDC Platform. However, this harmoniza-
tion process does not consider possible remaining samples 
distanced from the distribution (outliers). Therefore, three 
different outlier detection methods were executed for each of 
the 14 cancer sets to reduce the possible inherent noise. It is 
important to highlight that the quality analysis process is 
based on a majority voting system, marking as outliers all 
those samples that have been voted at least by two of the 
three algorithms. The first method considers the interquartile 
range (IQR), one of the most famous methods to detect out-
liers in Machine Learning. It is based on the interquartile 
range, defined as the difference between the third and the 
first quartiles given in a distribution; any data separate from 
the mean more than any amount of a multiple, usually 1.5, of 
IQR is labeled as an outlier. For the second method, an MA 
plot is performed, and Hoeffding's statistic, Da, is calculated 
on the joint distribution of A and M for each sample. M rep-
resents the log ratio, while A represents the mean average. 
Finally, the Kolmogorov-Smirnov (K-S) test is also ad-
dressed, which is a nonparametric test that can be used to 
compare samples with a reference distribution, with the K-S 
statistic being the maximum vertical distance between the 
two distributions 

In this way, our Transcriptomic Pipeline complements 
the GDC harmonized preprocessing, ensuring data quality 
for the next experimental steps performed in the study. Final-
ly, three different datasets are created to avoid information 
leaks between the samples used to extract DEGs (Biclass Trn 
& Pancancer Trn) and samples kept for their posterior as-
sessment (Biclass Test). The fourth dataset would be the 
Pan-cancer Test; however, this dataset will be formed after 
the first stage of the Cascade Prediction step from the well-
recognized tumors. 

2.2. Statistical Analysis: ANOVA 

Different scenarios have been considered in developing 
the Analysis of Variance (ANOVA) test to better understand 
the configuration's influence on the classification perfor-
mance (F1-Score). An ANOVA study was performed to ana-
lyze the five main factors (classifier type, feature selection 
method, different values of Log-fold change, COV parame-
ter values and number of genes) (Supplementary File, Tables 
from S1 to S9 and Figures from S1 to S11). 

The ANOVA table in the results section shows each of 
the factors, the sum of squares (a measure that represents the 
variation or deviation with respect to the mean and calculat-
ed as a sum of the squares of the differences with respect to 
the mean), degrees of freedom (difference between the num-
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ber of observations and parameters to be estimated), mean 
square (that represents an estimate of the variance of the 
population) and the F-Ratio (significance of the factor under 
study) and p-value (which corresponds to the lowest possible 
level of significance that can be chosen, for which the alter-
native hypothesis would still be accepted with the current 
observations). The F-Ratio statistic and the associated p-
value are the most relevant ones. 

2.3. DEG Extraction 

Extracting potential biomarkers or features from high-
resolution data is the main pillar of transcriptomics. For that 
reason, the epicenter of this study is the extraction of DEGs, 
as they could help to create a CDSS to differentiate 14 dif-
ferent types of cancer through Gene Expression values. Dur-
ing this research, two different DEG extractions were carried 

 
Fig (2). Flowchart of the pan-cancer pipeline implemented for our approach. Different methodological steps are specified: from raw file ac-
quisition followed by transcriptomic analysis to Pan-cancer DEG extraction completed by whole DEG validation and assessment. (A higher 
resolution / colour version of this figure is available in the electronic copy of the article). 
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out: on the one hand, a biclass biomarker extraction to obtain 
DEGs to differentiate between tumor or normal tissues, and 
on the other hand, a multiclass DEG extraction to distinguish 
among the 14 different types of cancer. Before starting the 
multiclass DEG extraction, it has to be taken into account that 
a multiclass approach is intended to be addressed, and the 
classical DEG extraction methods cannot natively deal with 
this particularity. However, a multiclass extraction can be 
done by customizing the classical pipeline offered by limma 
[24] and DESeq2 [25]. With that consideration in mind, a 
multiclass parameter was proposed by Castillo et al. [17] 
named Cov to tackle multiclass problems in conjunction with 
limma. Cov parameter allows detecting DEGs that are dif-
ferentially expressed in different classes by counting the 
number of biclass comparisons where this differential ex-
pression occurs, thus controlling and improving the mul-
ticlass DEG detection. It is important to note that the Cov 
parameter takes values between 1 (Biclass) and COVmax, 
where COVmax is defined in Eq. (1), with N being the num-
ber of classes in the study. Furthermore, classical threshold 
parameters are used, such as LFC or P-value. � ��������2 − � 
������ =        2     where N is the number of classes       (1) 

Although this pipeline has been designed in detail, the 
limitation of extracting some dependent DEGs with respect 
to both the biclass and pan-cancer Trn datasets can reduce 
the robustness. A CV DEG Selection strategy has been im-
plemented to deal with that eventual issue. The CV tech-
nique is widely used in ML to avoid overfitting the training 
model step. However, this technique can be extrapolated to 
DEG selection by dividing both Trn Datasets into K subsets 
before applying the biclass and multiclass extraction. After-
ward, a total of K possible gene signatures is extracted and 
intersected to achieve a final candidate gene signature. By 
applying this methodology, the final chosen DEGs do not 
depend only on the Trn datasets since the final DEGs are 
based on all evaluated partitions. Finally, two new datasets 
called Biclass and Pancancer Validation were created by fil-
tering the Trn datasets with the RAW signatures calculated 
during this process. 

2.4. Cascade Prediction 

Our proposed approach has the advantage of discerning 
not only if a patient has cancer or not but also the concrete 
type of cancer among 14 possible ones. To achieve this, de-
ployment is necessary to create two different classification 
stages: a first stage to identify tumors and normal tissue 
samples and a second stage to distinguish the concrete type 
of cancer for each well-classified tumor at the first stage. 

2.4.1. Algorithms Overview 

Since evaluating the enormous quantity of available DEG 
candidates at the biological level one by one can become 
impracticable, ML plays an important role in the statistically 
intelligent DEG assessment. Hence, ML helps reduce the 
search space to achieve a small subset of DEGs that could be 
evaluated in the laboratory after their intelligent assessment. 

Techniques such as FS or supervised classification are used 
to fit CDSS more than ever before. Concretely, FS has sev-
eral well-known advantages when it is implemented in re-
search of this scope: 

• Models with a reduced set of features are easier to in-
terpret and understand. 

• A reduced subset of features also may dramatically 
shorten the training computation of the predictive mod-
els. 

• Avoid the curse of dimensionality, which is a wide-
spread problem when datasets with more features than 
samples are handled. 

• FS is usually useful to enhance generalization and min-
imize overfitting since predictive models with more ir-
relevant or redundant features can generate models 
more prone to errors and value deviations. 

Specifically, the mRMR algorithm has been used in this 
study to perform the FS, still considered one of the most 
powerful FS methods, originally developed for DNA Micro-
array by Peng et al. [26]. mRMR creates a ranking of fea-
tures based on their relevance to the classification, penalizing 
the redundancy among the features. The algorithm aims to 
achieve the maximum relevance between a set of features X 
and class C but minimizes redundancy.  

Our study uses supervised classification as labels are 
known, and we want to know, given a set of DEGs, the dif-
ferences in gene expression levels existing among the differ-
ent addressed states. In particular, k-NN and SVM have been 
used in this research. 

K-NN is one of the most widespread and oldest super-
vised classifiers due to its simplicity, powerful recognition 
capacities, and low computational cost compared to other 
more complex methods [27]. Several K values are evaluated 
to optimize its hyperparameter, keeping the K associated 
with the best evaluation result as the best K to test the final 
models. 

SVM is a complex classification and regression method-
ology for supervised ML published for the first time in 1995 
by Cortes et al. [28]. It is important to highlight the rele-
vance of the hyperparameter optimization to correctly fit the 
models. In SVMs, the C hyperparameter establishes a 
tradeoff between the correct classification of training exam-
ples and the maximization of the decision margin. 

Furthermore, the Gaussian kernel is the one used in this 
research. In this kernel, the σ hyperparameter manages the 
kernel width. 

Finally, a k-fold CV strategy was implemented to im-
prove the quality and robustness of the process. Both training 
and test processes are assessed in terms of accuracy, speci-
ficity, sensitivity, F1-score, receiver operating characteristic 
(ROC) and AUC. Accuracy represents the percentage of 
successes with regard to the total of samples to classify. 
However, this metric is unsuitable for unbalanced data or 
multiclass classification. Then, sensitivity or true positive 
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rate represents the ratio of positives that are correctly  
identified. Additionally, specificity or true negative rate rep-
resents the proportion of correctly identified negatives. One 
of the best metrics for multiclass problems is the F1 score, 
which also considers the classification grade for each class 
and not only the number of well-classified samples across all 
classes. 

Finally, the ROC curve and AUC were also calculated to 
evaluate certain levels of the models. ROC curve shows the 
graphical relation between the sensitivity and, typically, 1- 
specificity. Moreover, the AUC was also calculated, consid-
ering the ROC curve. The AUC represents the model proba-
bility of classifying a random positive sample better than a 
random negative sample. As both metrics were designed for 
biclass problems, the ROC and AUC results within this 
manuscript were calculated by implementing a one-vs.-all 
paradigm for each class. 

2.4.2. Tumor/Normal Stage 

The first classification stage consists of a biclass super-
vised learning assessment, which uses the biclass gene sig-
nature to test the ability of those DEGs to discern between 
tumor and normal samples. In this sense, the available tu-
mor and normal samples from the 14 types of cancer are 
grouped into the primary tumor superclass and the solid 
tissue normal superclass, respectively. Starting from the 
biclass DEGs, an FS step is performed to calculate which 
genes contributed with more relevant information to the 
classification process. As it was mentioned above, mRMR 
was used for this purpose. A CV step is executed after the 
FS to optimize the hyperparameters for each classification 
algorithm and select a reduced subset of DEGs with dis-
cernment capability. 

Then, a biclass test classification stage is carried out with 
unseen samples to assess that concrete subset of DEGs. The 
tumor samples which have been correctly recognized will 
conform to the new pan-cancer dataset for the next stage of 
the cascade prediction methodology. 

2.4.3. Pan-cancer Stage 

The second classification stage uses the recognized tu-
mors from the first stage to discern the concrete cancer type 
for each tumor. A random 80%-20% training/test partition-
ing was done. DEG extraction thresholds were imposed fol-
lowing the best combination of COV and LFC from the 
ANOVA result. Then a 5-fold DEG extraction CV was car-
ried out using the training dataset. Finally, the common 
DEGs from the 5 partitions were chosen as potential pan-
cancer biomarkers for assessment in the posterior ML pro-
cess. An FS step was implemented to reduce the subset of 
DEGs from the potential biomarkers. Then, the classification 
algorithms were trained, and their hyperparameters were 
optimized. Finally, the subset of DEGs was evaluated 
through a test process with samples never seen before along 
the stage. Those final DEGs were evaluated by searching 
their relation in the literature with the addressed diseases or 
cancer in general. 

3. RESULTS 

3.1. Data Description 

All data used in this research come from TCGA and have 
been acquired through the Genomic Data Commons (GDC) 
Portal platform. For this pan-cancer study, a total of 6,115 
primary tumor samples have been gathered, belonging to 14 
different types of cancers. Additionally, a total of 624 solid 
tissue normal samples from the different addressed cancers 
were also collected. Given the ratio of normal and tumor 
samples, it might seem that an imbalanced problem is being 
faced. However, primary tumor samples are divided into the 
14 considered cancer types, balancing the total number of 
samples per class. Primary tumor samples are tumors that 
remain inside the affected tissue or the lymph nodes 
(glands), while the solid tissue normal samples are collected 
from the adjacent healthy tissue to the primary tumor. Table 
1 contains the number of samples for each type of cancer and 
each tissue, together with the information about the specific 
number of assessed samples for training and test, shown be-
tween parentheses. Two different datasets will be taken into 
account to obtain robust results. The first dataset is formed 
by 5,328 samples (Tumor Trn + Normal Trn) and will be 
used to extract DEGs and train the models. The second da-
taset contains the 1,411 remaining samples (Tumor Test + 
Normal Test) and will be only used for testing the prediction 
capabilities of the selected DEGs. Two different datasets 
were formed, with an 80% proportion for training and 20% 
for the test. 

Thanks to this division, the extracted DEGs will be inde-
pendent of the samples used to assess them. 

3.2. Cascade Prediction Results 

Cascade prediction pipeline allows for predicting a posi-
tive case of cancer and the specific type of cancer. Our cas-
cade implementation determines two different DEG signa-
tures to optimize the selection of the most informative DEGs 
for a successful diagnosis: 1) Those DEGs indicate if the 
patient suffers from cancer (in general terms) or not and, if 
so, 2) those DEGs discerning what specific type of cancer it 
is. Firstly, for the biclass signature extraction, a Log_2 Fold 
Change (LFC) greater or equal to 1 and a p-value lower or 
equal to 0.001 were imposed. Then, only the first five DEGs 
ranked by the minimum Redundancy Maximum Relevance 
(mRMR) algorithm was selected for the biclass assessment 
as they are enough to achieve an almost total recognition of 
the unseen tumor samples (1,179 of 1,202 correctly classi-
fied). 

The multiclass classification process presents more chal-
lenges than the biclass extraction. Moreover, multiclass ex-
traction requires an extra parameter (COV) to retrieve truly 
multiclass biomarkers, making the fine-tuning process more 
difficult for the threshold values. An ANOVA study was 
conducted to assess the fine-tune parameters, as a wide range 
of values and combinations could be considered. Under that 
consideration, an LFC greater or equal to 1.5, a Coverage 
(COV) greater or equal to 60, and a p-value less than or 
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equal to 0.001 were chosen to extract the concrete gene sig-
nature for the experiment. Furthermore, the DEG cross-
validation (CV) extraction strategy was followed to enhance 
the process's quality by splitting the training dataset into 5 
folds, ultimately achieving five different gene signatures. 
Finally, the intersection of the five signatures reveals 457 
DEGs independents of the 5 different folds. 

After the multi-class DEG extraction process, mRMR 
was applied to select the most relevant genes for classifica-
tion among the 457 multi-class DEGs. A CV process is im-
plemented to profile the behavior of DEGs to design the 
final model and validate and tune the hyperparameters. Con-
cretely, in our case, k-NN was chosen as there are no signifi-
cant differences in the ANOVA between the two classifiers 
in this case and given that k-NN is simpler, more interpreta-
ble and more efficient than Support Vector Machines 
(SVM). For these reasons, the only hyperparameter to tune is 
the number of neighbors (K). A reduced number of DEGs 
was selected using the validation results shown in Fig. (3). In 
that figure, four different metrics (accuracy, sensitivity, spec-
ificity, and F1- Score) are shown on the X-Axis, along with 
the number of DEGs used to classify in the Y-axis. Moreo-
ver, the 5-fold mean and standard deviation results for each 
cell are drawn for each metric. Although with 3 DEGs, the 
accuracy reaches 82.10%, the F1-Score only reaches 15%, 
with a very high standard deviation. This means that there 
are a lot of well-classified samples; however, in multiclass 
terms, the recognition of the different classes is very poor. 
On the contrary, taking 15 DEGs ensures excellent results 
for the 4 metrics according to the validation model. Finally, 
to reduce the system complexity, the first 12 DEGs have 
been selected for the final model assessment as the results 
are very close to 15 DEG results. Having fewer DEGs than 

the number of classes means that each DEG allows for dis-
cerning more than two different types of cancer. 

The validation step allows for profiling the model, pick-
ing up a concrete number of DEGs for the test process. After 
selecting the first 12 DEGs and the optimal hyperparameter 
value, the multiclass candidate signature was obtained. Once 
both the biclass and possible multiclass signatures were 
available, the cascade prediction process was implemented. 
Firstly, the test biclass dataset was assessed using the 5 bi-
class DEGs to differentiate between Primary Tumor and Sol-
id Tissue Normal. Then, the correctly classified tumors were 
chosen as the test dataset for the multiclass step to deduce the 
specific type of cancer for each tumor. Fig. (4) contains a 
cascade confusion matrix that shows the test results for both 
the biclass assessment with 5 DEGs and the posterior mul-
ticlass assessment with 12 DEGs. Concerning the biclass 
results, the upper confusion matrix concludes that 1,179 tu-
mors of a total of 1,202 were correctly identified using our 5 
proposed biclass DEGs. 

Those results imply a mean accuracy equal to 96.88% 
and a mean F1 score equal to 98.29%, which means that a 
tumor is correctly recognized almost 100% of the time. 

Then, the 1,179 tumor samples move through our hierar-
chy as the multiclass test dataset for the pan-cancer assess-
ment. The multiclass results reveal a mean accuracy of 
96.01% and a mean F1 score of 92.02%. This indicates that a 
percentage close to 100% of the tumors correctly classified 
at the biclass level were also correctly classified at the mul-
ticlass level among the 14 different types of cancer. It is im-
portant to note that larynx samples are strongly confounded 
with headneck samples, possibly due to the similarities be-
tween the primary tumors from these two types of cancer. In 

Table 1.  Collected TCGA data from the 14 different considered types of cancers for this study. The samples from both primary 
tumor and solid tissue normal for each cancer are shown. 

Tissue/Cancer Tumor (Trn/Test) Normal (Trn/Test) Total 

Bladder 414 (332/82) 19 (15/4) 433 

Brain 156 (125/31) 5 (4/1) 161 

Breast 1059 (840/219) 122 (84/38) 1171 

Colon 396 (310/86) 39 (31/8) 435 

Corpus Uteri 555 (435/119) 23 (15/8) 578 

Esophagus 159 (128/31) 11 (8/3) 170 

Head and Neck 127 (100/27) 13 (10/3) 140 

Kidney 891 (703/188) 128 (101/27) 1019 

Larynx 111 (88/23) 12 (10/2) 123 

Liver 408 (325/83) 58 (47/11) 466 

Lung 495 (388/107) 54 (44/10) 549 

Prostate 498 (398/100) 52 (42/10) 550 

Stomach 344 (274/70) 30 (22/8) 374 

Thyroid 502 (401/101) 58 (47/11) 560 

Total 6115 (4848/1267) 624 (480/144) 6739 
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fact, an extra assessment was done by combining these two 
tissues, and the results increased to 96.50% in the mean F1 
score. Given the results, both the biclass and multiclass can-
didates’ signatures allow for correctly predicting the state of 

a patient (Cancer - Normal) and specific cancer among the 
14 different types of cancer addressed. 

Different simulations were done to calculate the value for 
these metrics for each type of cancer to find both the ROC 

 
Fig (3). Multiclass CV outcome which contains the mean results and the standard deviation for the evaluated metrics (accuracy, sensitivity, 
specificity, and F1-score) from 1 up to 12 DEGs. (A higher resolution / colour version of this figure is available in the electronic copy of the 
article). 

 
Fig (4). Combined confusion matrix which shows the biclass classification results at the background and the multi-class classification results 
along with the metrics at the foreground. (A higher resolution / colour version of this figure is available in the electronic copy of the article). 
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curves and AUC per class for the final results. Fig. (5) dis-
plays the ROC curves per class and the AUC with the legend 
labels for each type of cancer. In this sense, all ROC curves 
indicate that for each type of cancer, the relationship be-
tween sensitivity and 1 - specificity ensures high perfor-
mance in terms of recognition for our cascade prediction 
system. Furthermore, focusing on the legend of the figure, 
all classes reach an AUC between 98% and 100% except for 
the esophagus class, which reaches 96.49%. These results 
can be corroborated by looking at the multiclass confusion 
matrix in Fig. (4). All classes have a low number  of false 
positives and false negatives concerning the total number of 
well-classified samples, except for the esophagus class. Alt-
hough the larynx has more errors than the esophagus, all of 
them are false negatives, and there are no false positives, 
resulting in high AUC. 

3.3. ANOVA Significance 

An ANOVA has been implemented, and the impact of 
different factors on the final F1 score is achieved. There are 
five factors to assess: Classification Algorithm, Feature 

Selector, LFC, Cov and Number of Genes. Several simula-
tions were done to ensure robust results by combining 
many values for the different factors. Although the most 
important considerations are shown herein, the whole 
ANOVA study has been included in the Pan-cancer GitHub 
Repository indicated at the end of the Introduction Section. 

F1-score results from ANOVA without interactions re-
veal strong statistical differences when different configura-
tions of the evaluated factors are implemented. Concretely, 
as Table 2 shows, the Classification Algorithm (k-NN or 
SVM) is the only factor that does not have a strong influ-
ence on the F1-score. Conversely, the other four assessed 
factors influence the F1-score achieved by the final models 
in a significant manner as they have a p-value lower than 
0.05. 

4. DISCUSSION 

A cascade strategy was carefully designed to predict 
when a patient has cancer and specific cancer among 14 dif-
ferent types. Classification outcomes at the tumor vs. the 

 
Fig (5). ROC Curve and AUC Per Classes for each of the evaluated 14 classes taking into account the classification results of each of them in 
comparison to the rest. (A higher resolution / colour version of this figure is available in the electronic copy of the article). 
 
Table 2. Analysis of variance without interactions for F1-Score - Type III Sums of Squares. All F-ratios are based on the residual 

mean square error. 

Main Effects Sum of Squares DF Mean Square F-Ratio P-Value 

A:Class 0,00017 1 0,00017 0,04 0,8387 

B:FS 1,3956 1 1,3956 325,39 0,0000 

C:LFC 0,1289 2 0,0644 15,03 0,0000 

D:COV 0,1416 6 0,0236 5,50 0,0000 

E:nGenes 7,3995 6 1,2332 287,53 0,0000 

Residual 2,4490 571 0,0042 - - 

Total (Corrected) 11,515 587 - - - 
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normal stage could discern almost all tumor samples, employ-
ing a reduced set of 5 DEGs. Considering the low number of 
DEGs needed, these 5 DEGs seem to have a strong discern-
ment capability between tumor and normal. Furthermore, 
Fig. (6) shows the gene expression level for each of the 5 
DEGs between the addressed states, revealing notable differ-
ences. Focusing on the ANOVA test without interaction re-
veals statistical significance between most of the evaluated 
factors and the achieved F1 score. The only non-significant 
factor was the ML algorithm employed to classify the sam-
ples. The ANOVA test verifies that, in this case, both eval-
uated algorithms (k-NN and SVM) do not have statistical 
differences between them, supporting that interpretation as 
an indicator of the robustness of our proposed DEG extrac-
tion methodology. Finally, an in-depth study of the literature 
for the 5 DEGs was carried out to profile each of them 
properly. 

MELK (Maternal Embryonic Leucine Zipper Kinase) en-
codes a serine/threonine protein kinase that regulates the 
mitotic cycle, apoptosis, and splicing. Several studies corre-
late MELK overexpression in multiple cancer types [29]. It 
has been associated with BCL2L14 phosphorylation, thus 
playing a significant role in breast cancer [30], especially in 
the triple-negative variant [31]. The implication in endome-
tria [32] and natural killer/T-cell lymphoma [33] has also 
been reported. 

Dermatopontin (DPT) codifies an extracellular matrix 
(ECM) protein expressed throughout the organism, regulating 
cellular interaction and attachment. Furthermore, it has been 
postulated that it activates Transforming Growth Factor Beta 
(TFG-β), thus inhibiting cell proliferation. Hepatocellular 
carcinoma [34], oral cancer [35], as well as papillary thyroid 
cancer [36] are examples of tumors whose proliferation is 
regulated by DPT. 

The SOSTDC1 gene is a member of sclerostin. The pro-
tein it encodes acts as a bone morphogenetic protein antago-

nist, regulating cellular proliferation, differentiation, and 
apoptosis. SOSTDC1 expression has recently been demon-
strated to inhibit bone metastasis in non-small cell lung can-
cer [37], follicular thyroid cancer [38], and gastric cancer 
progression [39]. On the other hand, its downregulation re-
duces metastatic liver invasion in colorectal cancer [40]. 

Homo sapiens dishevelled binding antagonist of beta-
catenin 2 (DACT2), as a member of the catenin family, is 
involved in cell adhesion and regulation of intracellular sig-
naling pathways. Several cancer types have been associated 
with DACT2 downregulation, including lung adenocarcino-
ma [41], colorectal cancer [42], and breast cancer [43, 44], 
all of them through Wnt-β-catenin signaling pathway regula-
tion. 

LYVE1 or lymphatic vessel endothelial hyaluronan re-
ceptor 1 codifies a type I integral membrane glycoprotein, 
which may mediate lymphatic hyaluronan transport and tu-
mor metastasis. LYVE1 overexpression has been demon-
strated in lung cancer [45] and breast cancer [46, 47] by an-
giogenesis and lymphangiogenesis mechanisms. 

After the first stage, the multiclass stage begins taking in-
to account the previously classified tumors, which are now used 
to discern the specific type for each. Concretely, a subset of 12 
DEGs (less than 1 DEG per assessed class) was extracted 
and evaluated with the ML step. Fig. (4) reveals the precision 
of our methodology, reaching a total of 92% F1- Score in the 
14-class problem. Concretely, the only 2 cancers confounded 
were the larynx and head-neck. 

Although the results in the manuscript split these 2 clas-
ses, the F1 score increased to 96% when they were treated as 
one. It could be interesting to evaluate in-depth similarities in 
the gene expression level of these 2 types of cancer to bring 
light to this problem. Focusing on Fig. (7), which shows the 
multiclass boxplots for each DEG, it can be seen how each 
DEG allows for discerning between two or more cancers. 

 
Fig (6). Boxplots of the final 5 DEGs selected at the biclass stage. Each boxplot shows the gene expression level differences between the 
tumor and normal samples. (A higher resolution / colour version of this figure is available in the electronic copy of the article). 
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That extraction was thanks to our COV parameter, which 
extracts robust multiclass DEGs. Moreover, as for the biclass 
stage DEGs, an exhaustive study was done for each gene to 
determine the relation of this subset with the different ad-
dressed cancers. 

In order to visualize if the found DEGs were grouping 
together samples from the same class, the T-Distributed Sto-
chastic Neighbor embedding (T-SNE) was used. T-SNE is a 
commonly used visualization technique that maps points in 
high-dimensional vector spaces into lower dimensions. It 
converts vector similarities into joint probabilities, differen-
tiating it from other dimensionality reduction techniques 
[48]. By doing so, it allows for generating visually distinct 
clusters that represent patterns in the data. The representation 
for the 14 specific cancer types using the final 12 DEGs cho-
sen and all the available samples (training + test) can be ob-
served in Fig. (8). The clusters reveal how almost all cancer 
types were clearly separated, with strong overlap between 
the larynx and the headneck samples. 

TMEM30B encodes a transmembrane protein expressed 
as a component of cellular and mitochondrial membranes. It 
belongs to the CDC50/LEM3 family, involved in protein 
binding and aminophospholipid transport processes. Its 
downregulation of methylation mechanisms has been associ-
ated with poor prognosis in malignant mesothelioma [49]. 
Underexpression may have a similar impact on clear cell renal 
carcinoma [50] and be related to the progression and/or re-
currence of meningiomas [51]. 

EMX2 opposite strand/antisense RNA (EMX2OS) has 
been reported as a potential oncogene for human cancer. It is 
highly overexpressed in ovarian cancer cells [52], and its 
downregulation has recently been associated with worse out-
comes in clear cell renal carcinoma [53]. 

LPAR5 codifies a G protein-coupled transmembrane re-
ceptor similar to rhodopsin (a lysophosphatidic acid recep-
tor). It is overexpressed in thyroid tumor cells, constituting a 
promising therapeutic target related to the mTOR pathway 
[54]. 

Prostate-derived ETS factor SPDEF has been proposed to 
function as an androgen-independent transactivator of the 
prostate-specific antigen (PSA) promoter. Meiners et al. [55] 
proved in a retrospective study including over 12,000 micro-
array samples that SPDEF upregulation indicated poor prog-
nosis in prostate cancer (higher Gleason score and risk of bio-
chemical PSA recurrence). On the other hand, Ye et al. [56] 
suggested that it may play a dual role in breast cancer, help-
ing tumor development but inhibiting tumor progression by 
modulating its microenvironment at the same time. 

ARHGAP6 (Rho GTPase-activating protein 6) acts as a 
regulator of actin polymerisation, involving multiple cellular 
processes related to cytoskeletal actin remodeling. CLDN18- 
ARHGAP fusion has been reported to significantly decrease 
survival rates in gastric cancer [57]. Moreover, ARHGAP6 
expression inhibited proliferation and invasion in cervical 
[58], breast [59], as well as lung cancer cells [60], becoming 
a potential therapeutic target as a tumor suppressor gene. 

Spalt-like transcription factor 1 (SALL1) is a member of 
the Krüppel-associated box (KRAB) family, which contains 
zinc finger proteins and can modulate organogenesis. Chi et 
al. [61] demonstrated that its overexpression reduces glioma 
cell proliferation and migration through the Wnt/ß-catenin  
pathway. Furthermore, Ma et al. [62] proved that it also 
plays a significant role as a senescence inducer in breast tu-
mor tissues, being downregulated in these malignant cells. Li 
et al. [63] concluded that miR-4286 knockdown inhibits 
prostate cancer proliferation through SALL1 signaling. 

 
Fig (7). Boxplots of the final 5 DEGs selected at the biclass stage. Each boxplot shows the differences in gene expression level between both 
the tumor and normal samples. (A higher resolution / colour version of this figure is available in the electronic copy of the article). 
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KLF5 or Krüppel-like factor 5 is another zinc-finger tran-
scription factor family member, implicated in multiple sig-
naling pathways such as Wnt, Ras, Hippo, or Notch, and is an 
excellent candidate as a therapeutic oncologic target [64]. 
Recently Chen et al. [65] determined that KLF5 was highly 
overexpressed in gastric cancer cells by regulating p21 and 
CDK4. Additionally, ubiquitin-specific protease 3 (USP3) has 
been demonstrated to induce upregulation of KLF5, thus 
promoting tumorigenesis in breast cancer [66]. 

Homo sapiens long intergenic non-protein coding RNA 
261 (LINC00261) is a long noncoding RNA that acts as a 
negative cell growth regulator. Its overexpression suppresses 
lung cancer metastasis proliferation via FOXO1 [67] as well 
as colorectal cancer progression through the Wnt/β-catenin 
pathway [68] and pancreatic cancer invasion via c-Myc 
methylation [69]. 

PAX8 codifies a paired box family member involved in 
thyroid follicular cell growth, being widely studied because of 
its direct implications in thyroid carcinoma due to 
PAX8/PPARY chromosomal rearrangement [70]. Non-
coding somatic mutations may represent a relevant phenom-
enon in ovarian cancer physiopathology [71], and it has been 
determined that PAX8 overexpression was associated with 
poorer prognosis in gastric cancer in combination with 
SOX18 [72]. 

Synaptotagmin-like protein 1 (SYTL1) encodes a vesicle 
trafficking protein which may be closely related to cytotoxic 
granule exocytosis in lymphocytes mediated by Ras-related 
protein Rab-27A RAB27A. SYTL1 activation by MEIS1 
induces leukemogenesis and interaction between leukemic 
cells/bone marrow [73]. Ho et al. [74] stated that SYTL1 
was significantly downregulated in FGFR3-non-mutated 
bladder tumor samples at higher tumor invasion grades 
(muscular- invasion stage). 

HPN codifies the serine protease hepsin, a type II trans-
membrane serine protease related to coagulation mechanism 
and cellular morphology. Overexpression of HPN predicts 
poorer outcomes in gastric cancer [75], but most importantly, 
several studies demonstrated the correlation between altera-
tions in HPN gen and a higher risk and viability of prostate 
cancer [76, 77], even though this serine protease is also his-
tochemically expressed in normal prostatic tissues [78]. 

Finally, KCNJ15 encodes ATP-sensitive inward-rectifier 
potassium channel 15, a membrane protein that facilitates the 
incorporation of potassium ions into the cytoplasm. Tissue 
overexpression has recently been associated with poor prog-
nosis in esophageal squamous cell carcinoma [79] and renal 
carcinoma [80]. 

CONCLUSION 

Along this research, a 14-cancer type differentiation at 
the gene expression level has been addressed by implement-
ing a cascade machine learning strategy. The designed pipe-
line's main goal is to make understanding the underlying 
differential expressed gene information more comprehen-
sive. With this goal in mind, the proposed cascade method-
ology allows for extracting and assessing a reduced set of 
differential expressed genes with the potential to discern not 
only those patients who have cancer but also the specific type 
of cancer among the 14 considered (which represent 90% of 
the total diagnosed cancer worldwide). Concretely, both the 
biclass and multiclass stages achieve an F1 score of 98% and 
92%, respectively, achieving almost total recognition for the 
handled cancer types. Furthermore, the evaluation of the 
AUCROC metric for each type of cancer supports the robust-
ness of our methodology. 

Moreover, the posterior analysis of the biclass and mul-
ticlass identified genes showed a certain level of heteroge-
neity in terms of over- and underexpression, acting either 

 
Fig (8). T-SNE-mapped representations of the final pancancer gene signature (12 genes) for all samples in the dataset. Well defined clusters 
can be observed for each class, with some overlapping in those that are more difficult to distinguish by the classifier. (A higher resolution / 
colour version of this figure is available in the electronic copy of the article). 
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as oncogenes or tumor suppressor genes. This was support-
ed by the literature revision and verified in the boxplot 
gene expression levels and the T-SNE clusters. In addition, 
these genes are involved in multiple oncogenic metabolic 
pathways, resulting in a high expression pattern in almost 
all tumor classes. Considering the previous considerations, 
the cross-validation of the differential expressed genes ex-
traction, along with the coverage multiclass parameter, al-
lows for retrieving genes involved in several cancerous 
processes. 

In summary, our machine learning model represents a 
solid approach for a comprehensible pan-cancer cross-
evaluation system implying robust gene expression extrac-
tion through RNA-Seq and its significance in oncology. 
However, further prospective studies are required to better 
understand tumour proliferation, invasion, and dissemination 
risk at a genetic level. 
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