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ABSTRACT

Quantitative measurement of RNA expression levels through RNA-

Seq is an ideal replacement for conventional cancer diagnosis via

microscope examination. Currently, cancer-related RNA-Seq stud-

ies focus on two aspects: classifying the status and tissue of origin

of a sample and discovering marker genes. Existing studies typi-

cally identify marker genes by statistically comparing healthy and

cancer samples. However, this approach overlooks marker genes

with low expression level differences and may be influenced by

experimental results. In this paper, we introduce "GENESO," a novel

framework for pan-cancer classification and marker gene discovery

using the symmetrical occlusion method in conjunction with deep

learning. we first trained a baseline deep LSTM neural network ca-

pable of distinguishing the origins and statuses of samples utilizing

RNA-Seq data. Then, we propose a novel marker gene discovery

method called "Symmetrical Occlusion". It collaborates with the

baseline LSTM network, mimicking the "gain of function" and "loss

of function" of genes to quantitatively evaluate their importance

in pan-cancer classification. By identifying the genes of utmost

importance, we then isolate them to train new neural networks,

resulting in higher performance LSTM models that utilize only a

reduced set of highly relevant genes. The baseline neural network

achieves an impressive validation accuracy of 96.59% in pan-cancer

classification. Through the integration of SO and selecting the top

33% of genes ranked by importance, the accuracy of the second net-

work reaches an accuracy of 98.30%, while using 67% fewer genes.

Notably, our method excels in identifying marker genes that are

not differentially expressed. Moreover, we assessed the feasibility

of our method using single-cell RNASeq data, employing known

marker genes as a validation test.

CCS CONCEPTS

• Applied computing → Bioinformatics; Computational ge-

nomics; • Computing methodologies → Neural networks.
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1 INTRODUCTION

Cancer, being a leading global cause of mortality, has spurred signifi-

cant research efforts to advance diagnosis and treatment techniques

[1]. Cancer prediction primarily revolves around identifying factors

like susceptibility, recurrence, and prognosis. Meanwhile, cancer de-

tection aims to accurately classify tumor types and discern markers

for each cancer, especially in its early stages. However, the con-

ventional clinical method for cancer detection, relying on manual

searches for morphological tumor characteristics through micro-

scope, demands extensive training to distinguish nuances and is

susceptible to human error. Moreover, cancers often exhibit het-

erogeneity, leading to undetected structures when examined using

conventional microscopes [2]. Another challenge arises from the

fact that conventional classification methods, based on the analy-

sis of “Differentially Expressed Genesž (DEG) and other statistical

algorithms, might overlook interactions between genes with low

expression level variations [3]. Consequently, the development of

a method for quantitatively evaluating the significance of genes

across all cancer types for pan-cancer classification remains an

unsolved problem.

To address these challenges, we present "GENESO," a novel frame-

work for pan-cancer classification and marker gene discovery, em-

ploying the symmetrical occlusion method through deep learning.

In summary, our framework utilizes a deep learning model on NGS

RNASeq data from clinical samples to perform pan-cancer classifi-

cation, predicting the samples’ status and tissue-of-origin, while

simultaneously evaluating the importance of each gene through

the symmetrical occlusion method.

https://doi.org/10.1145/nnnnnnn.nnnnnnn
https://doi.org/10.1145/nnnnnnn.nnnnnnn
https://doi.org/10.1145/nnnnnnn.nnnnnnn
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2 METHOD

2.1 Dataset Preprocessing

As tumors exhibit considerable heterogeneity, sub-populations of

tumor cells may display distinct genotypes and phenotypes within a

primary tumor or even among tumors of the same histopathological

subtype [4, 5]. To ensure the comprehensiveness of our dataset, we

acquired RNA-Seq data from various public sources, detailing the

tissue of origin and status of the samples, as shown in Additional

File.1. The dataset includes paired tumor and normal samples,

along with some rare tumors. The dataset contains paired tumor

and normal samples as well as some rare tumors. For instance,

Petrini et al.’s dataset comprises 286 thymus tumor samples from

patients of diverse sex, age, tumor types, and stages [6]. We also

collected RNA-Seq data on rare tumors such as paraganglioma and

sarcoma from Snezhkina et al. and Lesluyes et al., respectively [7, 8].

To organize the dataset, we first categorized the RNA-Seq data based

on the tissue of origin, further dividing it according to the status of

each sample (e.g., cancer, normal), resulting in 28 classes. We opted

not to divide the dataset into finer classes to maintain an adequate

number of samples in each class. All RNA-Seq data was aligned

against the human reference genome GRCh.38 using "Bowtie2,"

while "featurecounts" was employed to quantify the number of

mapped reads for each corresponding gene, excluding genes on sex

chromosomes without coverage across all classes [9, 10]. No batch

effect correction is made to the read count to avoid introducing

systematic bias.

2.2 Expression Level Normalization

Various methods have been employed for the normalization of read

count data in previous studies, with the most common approaches

being "Transcripts Per Kilobase Million" (TPM) and "Reads Per

Kilobase Million" (RPKM). These methods are designed to mitigate

the bias introduced by gene length by taking transcript length into

account and performing a multiplication of a constant on the result

as shown in Eq.1.

𝑅𝑃𝐾𝑀 = 10
9 ×

𝑅𝑒𝑎𝑑𝑠 𝑚𝑎𝑝𝑝𝑒𝑑 𝑡𝑜 𝑔𝑒𝑛𝑒

𝑇𝑜𝑡𝑎𝑙 𝑟𝑒𝑎𝑑𝑠 × 𝐺𝑒𝑛𝑒 𝑙𝑒𝑛𝑔𝑡ℎ

𝑇𝑃𝑀 = 10
6 ×

𝑅𝑒𝑎𝑑𝑠 𝑚𝑎𝑝𝑝𝑒𝑑
𝐺𝑒𝑛𝑒 𝑙𝑒𝑛𝑔𝑡ℎ

∑ 𝑅𝑒𝑎𝑑𝑠𝑚𝑎𝑝𝑝𝑒𝑑
𝐺𝑒𝑛𝑒𝑙𝑒𝑛𝑔𝑡ℎ

𝑁𝑅𝐶 =

𝑅𝑒𝑎𝑑𝑠 𝑚𝑎𝑝𝑝𝑒𝑑

𝑇𝑜𝑡𝑎𝑙 𝑚𝑎𝑝𝑝𝑒𝑑 𝑟𝑒𝑎𝑑𝑠

(1)

However, when it comes to pan-cancer classification using neural

networks, neither TPM nor RPKM prove to be suitable. Instead, we

employ "Normalized Counts" (NRC), which eliminates the constant

number and gene length from the normalization process. There

are three reasons why NRC is more suitable for neural network

processing: (1) Redundant constant number: The Z-score normal-

ization process within the neural network renders constants in

the equations of TPM and RPKM unnecessary. (2) Suitability for

cross-sample comparisons: Extensive research has demonstrated

that TPM and RPKM are more appropriate for comparing transcript

expression within a single sample rather than facilitating cross-

sample comparisons [11–14]. (3) Gene length influence in neural

Figure 1: Neural network architecture

network: During neural network prediction, genes are compared

across multiple samples. Consequently, the influence of gene length

remains consistent throughout all samples, enabling us to remove

it without compromising the classification performance.

2.3 Neural network architecture
𝑖𝑡 = 𝜎 (𝑊𝑥 𝑖𝑥𝑡 +𝑊ℎ𝑖ℎ (𝑡 − 1) +𝑊𝑐𝑖𝑐 (𝑡 − 1) + 𝑏𝑖 )

𝑓𝑡 = 𝜎 (𝑊𝑥 𝑓 𝑥𝑡 +𝑊ℎ 𝑓 ℎ (𝑡 − 1) +𝑊𝑐 𝑓 𝑐 (𝑡 − 1) + 𝑏 𝑓 )

𝑐𝑡 = 𝑓𝑡𝑐 (𝑡 − 1) + 𝑖𝑡 𝑡𝑎𝑛ℎ(𝑊𝑥𝑐𝑥𝑡 +𝑊ℎ𝑐ℎ (𝑡 − 1) + 𝑏𝑐 )

𝑜𝑡 = 𝜎 (𝑊𝑥𝑜𝑥𝑡 +𝑊ℎ𝑜ℎ (𝑡 − 1) +𝑊𝑐𝑜𝑐𝑡 + 𝑏0)

ℎ𝑡 = 𝑜𝑡 𝑡𝑎𝑛ℎ(𝑐𝑡 )

(2)

As stipulated in Eq.2, the building block of LSTM layer, a LSTM

cell has three inputs and two outputs: sequence input 𝑥𝑡 , cell state

input from previous LSTM cell 𝑐 (𝑡 − 1), hidden state input from

previous LSTM cell ℎ (𝑡 − 1), hidden state output ℎ𝑡 , and cell state

output 𝑐𝑡 . In another word, hidden state ℎ𝑡 contains the “short-

term memoryž while cell state 𝑐𝑡 stores the “long-term memoryž

or “global memoryž.

As shown in Fig.1, the first layer of the neural network functions

as the input layer by normalizing the input data using "Z-score"

normalization. This step is crucial to ensure optimal network per-

formance as it allows the network to compare gene expression

levels across samples without being affected by differences in scale.

Following the input layer, the neural network consists of two LSTM

layers: the first with 120 cells and the second with 80 cells. This

design enables the first layer to abstract normalized inputs, extract

high-level information, and outperform convolutional neural net-

works that leverage multiple convolutional layers [15]. To prevent

over-fitting and promote the identification of general patterns in

the dataset, a dropout layer with a dropout probability of 30% is
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applied after each LSTM layer [16]. At the end of the neural net-

work, a “fully connectedž (FC) layer is utilized to link the LSTM

layer and the output layer, which generates the predicted label

for the network. The softmax and classification layer outputs the

prediction labels based on the FC layer output, identifying the label

with the highest prediction score.

2.4 Marker Gene Identification

In order to identify marker genes and quantitatively evaluate their

for pan-cancer classification, a novel identification algorithm named

“Symmetrical Occlusionž (SO) is introduced in this study. This

method draws inspiration from “CNN occlusionž (CO), a feature

identification method used in neural network-based image classi-

fication, but it overcomes the limitations of CO in signature gene

identification.

2.4.1 CNN occlusion method and its drawbacks. CO method pro-

vides an intuitive and interpretable approach for identifying regions

of importance within an image, and it has been widely utilized in

image classification [17, 18]. The theory of CO hypothesis that

blocking or occluding a region that is crucial for image classifica-

tion typically results in a sharp decrease in the prediction score,

which indicates the probability of the input image belonging to

the corresponding class. This change can rapidly and accurately

identify the important regions for the neural network. However,

applying CO directly to marker gene identification poses challenges

due to differences in data structure between images and NRC.While

an image is a 2D matrix of pixels, gene expression levels are stored

in a vector based on gene position. Additionally, adjacent pixels

in an image often exhibit relationships, whereas neighboring el-

ements in gene expression levels are independent. Furthermore,

pixel values in an image are fixed between 0 and 255, while gene

expression ranges differ between samples.

2.4.2 Marker gene identification. SO is a method for determining

the importance of individual genes in pan-cancer classification us-

ing a neural network. This is achieved by mimicking the "gain of

function" and "loss of function" of genes, which involves increasing

or decreasing the expression level compared to the original expres-

sion level, respectively. While the gene expression level may exceed

their biological limitations, which is biologically impossible, it helps

in quantifying their importance in the classification process.

The SO method utilizes a multi-step process to quantify the

importance of a specific gene in pan-cancer classification. First, a

baseline LSTM neural network using the full list of genes as input

(Fig.2A). Next, the importance of a specific gene is quantified using

occlusion by simulating its “loss of functionž and “gain of functionž

effects. For the “loss of functionž simulation, the expression level

of the gene in a reference sample from the validation dataset is

reduced in a step-wise manner. This generates a set of pseudo

samples which have lower expression levels the gene of interest.

These pseudo samples are then input into the baseline LSTM neural

network, which outputs prediction scores for each pseudo sample

which will be used to quantify the importance of the gene in pan-

cancer classification (Fig.2B). Finally, this process is then repeated

for “gain of functionž simulations, where the expression level of

the gene is increased.

Figure 2: (A) A baseline LSTMmodel is trained first for the

occlusion. (B) Man-made samples which generated by occlud-

ing the genes of samples in validation dataset is forwarded

to baseline model which outputs prediction scores for each

man-made sample. (C) For each gene, plots between the occlu-

sion value and its corresponding in all 28 classes are drawn

and the absolute difference between maximum and mini-

mum is calculated. The occlusion score of specific class is

the average of absolute differences of multiple samples to

ensure robustness. The mean occlusion score of a gene is the

average of its occlusion score which is used for compiling

a summary table. (D) New neural networks will be trained

using different percent genes to find the gene combination

to achieve optimal performances.

2.4.3 Neural Network Optimization. After all pseudo samples have

been processed by the baseline LSTM neural network, their pre-

diction scores are combined and the absolute value between the

maximum and minimum prediction score is calculated for each

pseudo sample. A higher absolute value indicates a stronger influ-

ence of the gene on the neural network’s classification of the pseudo

sample into its corresponding class. For example, the gene BRCA1

may have a higher influence on the neural network’s classification

of a sample into the "breast cancer" class than the "lung cancer"

class, resulting in a higher absolute value (Fig.2C). To summarize

the results and quantitatively measure the importance of a gene in

a specific class, the “occlusion scorež is introduced and obtained

by calculating the average of the absolute values. Next, to measure

its importance in pan-cancer classification, the mean value of the

occlusion scores of this gene in across classes (e.g. breast cancer,

breast normal, lung cancer) is calculated and stored for further use.

In order to improve the pan-cancer classification accuracy of the
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LSTM neural network using fewer genes, the genes in the sum-

mary table are ranked by their mean occlusion score. New training

datasets are generated by selecting different portions of the top-

ranking genes, and new LSTM neural networks are trained using

five-fold cross-validation (Fig.2D). The network with the highest

validation accuracy is then selected as the final output. This ap-

proach allows for the identification of a smaller subset of genes

that can still achieve high classification accuracy, making it more

efficient and cost-effective for future studies.

3 RESULT

3.1 Overview

In this study, an LSTM neural network is developed for pan-cancer

classification and "symmetrical occlusion" algorithm is proposed to

identify the most important genes in classification while improving

network performance with fewer genes. Our dataset consisted of

3524 samples, classified into 28 classes, with 22 classes consisting

of paired tumor and normal samples from the same tissue of origin.

After five-fold cross-validation, the network achieved an accuracy

of 96.59% using NRC as a normalization method with the complete

set of genes. In comparison, the accuracy of the network trained

with the complete gene set of TPM and RPKM was 91.84% and

89.53%, respectively. This demonstrates that NRC is more suitable

for gene expression quantification in pan-cancer classification.

As shown in Fig.3, by sorting genes according to their mean oc-

clusion scores, we were able to increase the validation accuracy to

98.30% using only the top-ranking 33% genes (Fig.3A). Two example

confusion matrices are provided in Additional Figure.2. In an-

other attempt, we constructed training dataset unique top-ranking

genes sorted by their occlusion scores in each individual class, re-

sulting in a validation accuracy between 94% and 96% (Fig.3B). It

demonstrates that our proposed framework can improve pan-cancer

classification accuracy and reduce the number of genes required

for accurate classification.

3.2 Performance comparison in pan-cancer
classification

In this paper, LSTM achieved the best performance in validation

accuracy and prediction classes compared to previously reported

works on pan-cancer classification. As shown in Table.1, Mostavi

et al. achieved accuracy of 92.5% by implementing various CNN

networks featuring a vector of 7100 selected genes and a reshaped

100x71 matrix as input [19]. Similarly, Zhao et al. constructed a

network featuring 1D inception architecture and achieved accuracy

of 92.89%, while de Guia et al. and Khalifa et al. converted the gene

expression vector into a matrix for CNN training and obtained

accuracy of 95.65% and [20–22]. In addition, compared to these

CNN-based methods, our LSTM neural network can distinguish 28

classes of various tissue of origin and status, which is significantly

higher than others. For example, Sun et al. implemented a model

to distinguish normal samples and tumor samples without tissue

of origin (binary classification) and achieved an accuracy of 96.0%,

their second model for classifying 11 tumor classes with tissue

of origin achieved an accuracy of 98.6% [23]. Similarly, Khalifa et

al. achieved an accuracy of 96.9% with five tumor classes and no

normal class [21].

Figure 3: Comparison of validation accuracy of neural net-

work using different gene selection criteria. (A) Box plot of

validation accuracy of neural networks trained using top-

ranking genes ranked by the mean occlusion score in all

classes. (B) Box plot of validation accuracy of neural net-

works trained using top-ranking genes of each subclass with

duplicates removed.

3.3 Performance comparison in metastasized
cancer

To compare the classification performance against Sun et.al., metas-

tasized colorectal cancer samples from Kim et.al. were utilized as

test dataset for direct comparison [24, 25]. Notably, our accuracy

is much higher than the reported work by with the same dataset.

Our study achieved an 88.89% prediction accuracy, with 16 out of

18 metastasized colorectal cancer samples correctly classified as

“colorectal cancerž. The remaining two samples were classified as

"colorectal normal" and "liver normal", respectively.

3.4 Performance comparison in identification
marker gene

Selecting appropriate marker genes is crucial in improving pan-

cancer classification performance. We compared the performance

of several published marker gene selection methods on the same

LSTM network, using marker genes selected according to their

original method. Additionally, we compared the occlusion score and

tissue specificity entropy score and found that occlusion method

is superior to entropy method in identifying pan-cancer marker

genes.
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Table 1: Performance comparison with existing methods

Method Number of classes Accuracy Precision Recall F1-score Comment

LSTM (full gene list) 22+6 94.03 85.67 83.02 84.32 22 paired classes + 6 unpaired

LSTM (Top 33% gene) 22+6 97.59 97.55 94.63 96.07 22 paired classes + 6 unpaired

Zhao et.al. 32 92.89 95.55 95.25 95.40 32 tumor types

Mostavi et.al. 33+1 95.70 93.60 91.90 92.74 33 tumor types + 1 normal

de Guia et.al. 33 95.65 95.55 95.69 95.62 34 tumor types

Sun et.al. 10 96.70 99.30 96.90 98.09 11 tumor types

Khalifa et.al. 5 96.90 94.96 95.09 95.02 5 tumor types

Figure 4: Box plot of neural network validation accuracy us-

ing different marker gene selection method. (A) validation

accuracy of networks trained using gene list. (B) Stacked

histogram of mean occlusion score of genes selected by cor-

responding method. The number in the parenthesis is the

number of the genes.

In the study conducted by Mostavi et al., a fixed threshold was

used to select with an FPKM mean or standard deviation above

the threshold [19]. However, as this method has two criteria, it is

difficult to control the number of selected gene and thus remained

unchanged. Consequently, a gene list containing 29777 genes was

used for preparing LSTM neural network dataset. In the work done

by Zhao et.al’s study, the top 40 genes with the highest difference

between the median expression of each gene in the in-class sample

relative to the out-of-class samples were selected [22]. A total of

1120 genes were selected using this method. To make it comparable

to the occlusion method, the scope was widened to increase the

number of marker genes selected.

As shown in Fig.4A, LSTM network trained with dataset con-

taining genes selected by occlusion method obtained the highest

median validation accuracy of 97.51% with fewest number of genes.

The LSTM network trained using modified criteria by selecting the

top 33% unique genes from individual 28 classes (occlusion unique)

obtained a median validation accuracy of 95.10%. In comparison,

LSTM network trained with dataset containing genes selected by

Mostavi’s method obtained median validation accuracy of 96.09%;

Original method from Zhao et.al. has the lowest median validation

accuracy of 94.74% and increased to 96.73% after widening the crite-

ria. Further analysis suggests that the mean occlusion score of the

genes is an important factor in determining the validation accuracy

of the LSTM network.

As shown inFig.4B, the stacked histogram demonstrates that the

occlusion method selects genes with the highest mean occlusion

score and the lowest standard deviation, leading to the highest

validation accuracy. The modified occlusion method selects unique

genes with high occlusion scores from individual classes and selects

the greatest number of genes but with low mean occlusion score,

resulting in lower median validation accuracy. Mostavi’s method

and modified method from Zhao et.al. selected similar number of

genes, with Mostavi’s method is slightly outperformed due to its

fewer genes with high mean occlusion score. In summary, the mean

occlusion score of the selected genes has a significant impact on the

LSTM neural network’s accuracy, genes with high mean occlusion

score improves the accuracy of the network while genes with low

mean occlusion score have detrimental effect.

Genes expressed only in specific cancer type or tissue, and not

in others have very high tissue specificity and may be a marker

gene of cancer. In order to quantify this specificity, Schug et.al

introduced a tissue specificity score based on Shannon entropy

which is commonly seen in information theories [26]. Later on, a

superior method known as “ROKU entropyž was published which

improved in sequencing genes according to tissue specificity across

tissues [27]. To check if the occlusion score in this study is correlated

with the entropies. Tissue specificity scores of Shannon entropy

and ROKU entropy are obtained using software “TSPEXž [28]. The

maximum entropy value of Shannon entropy and ROKU entropy

output by TSPEX is 𝑙𝑜𝑔2𝑁 ≈ 8.43 (N=28), indicating complete

tissue specific. The gene expression matrix for all 28 classes is

constructed using the median of FPKM for all samples, as required

by the software.

As shown in Fig.5, there is only a weak positive correlation

between Shannon entropy and occlusion score and a weak positive
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Figure 5: Scatter plots of Shannon tissue specificity entropy,

ROKU entropy and occlusion score. (A) Scatter plot between

Shannon entropy and occlusion score, the correlation coeffi-

cient is 0.1893. (B) Scatter plot between ROKU entropy and

Occlusion score, the correlation coefficient is 0.1630. (C) Scat-

ter plot between ROKU entropy and Shannon entropy, the

correlation coefficient is 0.9859.

correlation between ROKU entropy and occlusion score. Meanwhile,

there is a strong positive correlation between Shannon entropy and

ROKU entropy. This demonstrates that despite lower tissue speci-

ficity some genes are still considered important by the occlusion

method. Most of all, this proves that occlusion method is look-

ing beyond the tissue specificity of each gene when evaluating its

importance in pan-cancer classification.

To further investigate the difference between tissue specificity

score and mean occlusion score, understanding why some genes are

not ideal markers for pan-cancer classification despite their high

tissue specificity. Investigations were first conducted on genes with

a high tissue specificity score but low mean occlusion score. As

shown in Table.2, gene GFAP is a classical marker of astrocytoma

which expressed only in brain tissue [29, 30]. Thus, GFAP has one

of the highest tissue specificity scores. However, this extremely

high tissue specificity also prevents GFAP from being an ideal

pan-cancer classification marker which leads to very low mean

occlusion scores. The same phenomenon was also observed on

genes such as KRT4, LIPF, TG, PGC which also almost exclusively

expressed in specific tissue, making them less suitable for pan-

cancer classification [29, 31–33].

Meanwhile, investigations were also conducted on genes with

high tissue specificity and high mean occlusion score. As shown

in Table.3, microRNA MIR663B has both a high mean occlusion

score as well as high tissue specificity score. Closer examination

demonstrates that despite MIR663B is expressed in several tissues

but its expression level in specific tissue such as brain is significantly

higher than the rest [34–36].

In comparison, Table.4 demonstrates genes which have a high

mean occlusion score but low tissue specificity score. This was

due to their broad expression in many tissues but lower standard

deviation of expression level. Despite their low tissue specificity,

some research have reported their correlation with cancer. For

example, lncRNAADPGK-AS1 is related to osteosarcoma, colorectal

cancer, pancreatic cancer and breast cancer via different pathway

[37–40]. LncRNA DNM1P35 is reported to be a novel prognostic

factor for kidney cancer [41]. STK24-AS1 could be used to predict

patient survival rates of colon cancer patients [42].

This result demonstrates that occlusion method is superior to

tissue specificity method in identifying ideal pan-cancer marker

genes. The tissue specificity method, like other statistical methods,

may overlook genes with low expression level differences. Please

refer to Additional File 3 for the complete table.

3.5 Classification performance in Single Cell
RNA-Seq

The performance of the proposed deep-learning method applying

on single cell type classification using “single cell RNA Sequenc-

ingž (scRNA-Seq) data was evaluated from two perspectives. First,

we aimed to verify whether the LSTM network could accurately

classify cell types. Second, we seek to further validate the proposed

occlusion method on maker gene identification, which has been

widely used for cell annotation.

For the first perspective, a separate LSTM neural network was

trained on human muscle acquired from public sources using the

same workflow. The network obtained validation accuracy of 96.0%,

it indicates that the network can accurately identify cell type using

scRNA-Seq data. For the second perspective, 100 randomly selected

"Muscle Stem Cells" (MuSC) cells were extracted from validation

dataset. Then, the expression level of gene PAX7 which is one of

the marker genes of MuSC cells and only expressed in muSC was

reduced.

As shown in Fig.6A, when the expression level of PAX7 remains

unchanged, majority of the MuSC cells are correctly classified. As

the expression level of PAX7 decreases during the occlusion, from

top to the bottom, many of these cells are begin to be mis-classified

as non-muSC, indicating that PAX7 is essential for the identification

of muSC. Meanwhile, as shown inFig.6B, reducing the expression

level of gene Dido1 which is randomly selected, made no impact on

the prediction result of another 100 randomly selected muSC cells.

To further illustrate that PAX7 is a marker gene for MuSC cells.

The expression level of PAX7 was increased on 100 randomly se-

lected non-muSC cells. As shown in Fig.7A, from bottom to the top,

most of these non-MuSC cells would be classified as “muSCž as the

expression level of PAX7 is increased. In comparison, increasing

the expression level of another random selected gene Cryz, had

no effect on the classification result, indicating that this gene has

much less influence on the prediction result.

This result highlights the potential of the LSTM neural network

for cell type classification using scRNA-Seq data. Moreover, by con-

ducting occlusion on both marker genes of muSC and non-muSC

cells, we had demonstrated the effectiveness of occlusion method in
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Table 2: Example genes with high tissue specificity score but low mean occlusion score

Gene ID Gene Name Mean Occlusion Score Shannon Entropy Roku Entropy Tissue Specificity

ENSG00000170477.13 KRT4 0.0016 4.65 4.65 enriched in stomach

ENSG00000096088.16 PGC 0.0011 3.51 3.51 enriched in stomach

ENSG00000131095.13 GFAP 0.0010 4.78 4.79 enriched in brain

Table 3: Example genes with high tissue specificity score and high mean occlusion score

Gene ID Gene Name Mean Occlusion Score Shannon Entropy Roku Entropy

ENSG00000221288.1 MIR663B 0.868 4.807 4.807

ENSG00000199204.1 Y_RNA 0.867 4.807 4.807

ENSG00000230142.2 LINC01075 0.860 4.807 4.807

Table 4: Example genes with high mean occlusion score but low tissue specificity score

Gene ID Gene Name Mean Occlusion Score Shannon Entropy Roku Entropy

ENSG00000224418.1 STK24-AS1 0.8595 0.2365 0.4062

ENSG00000246877.1 DNM1P35 0.8560 0.3091 0.5346

ENSG00000260898.6 ADPGK-AS1 0.8535 0.2941 0.4468

capturing and identifying marker genes. Overall, these findings con-

tribute to the development of more accurate and efficient methods

for single cell classification and annotation.

3.6 GO term analysis on identified marker genes

The top 33% of genes, ranked by occlusion score, were subjected

to “Gene Ontologyž (GO) term analysis using DAVID to confirm

their relevance to cancer [43]. As shown in Fig.8, the most signifi-

cant molecular function identified was “olfactory receptor activityž,

which has been linked to perception of smell and cancer by prior

publications. For instance, Shibel et.al. reported that olfactory re-

ceptor OR5H2 regulates the proliferation of endometrial cancer

cells through the IGF1 signaling pathway [44]. Furthermore, PSGR,

a prostate-specific G protein-coupled receptor, has been found to

be upregulated in prostate cancer. Another study by Webber et.al.

reported that olfactory receptor OR10H1 is primarily expressed

in the human bladder cancer [45]. Pathway analysis also revealed

olfactory transduction to be the most significant pathway, followed

by “micro RNAs in cancerž and JAK-STAT signaling. The JAK-STAT

pathway is known to promote tumour genesis, and its inhibition

can impede cancer cell growth [46]. Overall, these findings sug-

gest that the selected genes may be implicated in cancer-related

processes. The complete result can be found in Additional File 4.

3.7 Analysis of pseudogenes among the
top-ranking genes

Pseudogenes were previously believed to be non-functional copies

of their parental genes as the result of retrotransposition of mRNA

or genomic duplication and carry no biological functions. But re-

cent studies have revealed that they play various roles in diverse

physiological and pathological processes, especially in cancer [47].

It has been found that pseudogenes are differentially expressed

among established tumor subtypes [48, 49]. Han et.al. had reported

that pseudogenes are significantly related to patient survival in

kidney cancer [50].

Among the top 33% genes ranked by mean occlusion score, 6108

genes are pseudogenes, to examine if there’s any correlation be-

tween our result and theirs, 2616 pseudogenes been reported by

Han et.al. to be differentially expressed in 4 types of tumors have

been selected to check their corresponding ranking in our result.

Firstly, corresponding ensemble gene IDs of the 2616 pseudogenes

were extracted through the REST API from ensemble.org. Secondly,

the gene ID were double checked to ensure its consistency in the

genomic location given by Han et.al.. In total, 974 out of 2616

pseudogenes have valid gene ID, moreover, 34.85% of identified

pseudogenes from “Glioblastomaž (GBM), 27.76% of identified pseu-

dogenes from “Breast Cancerž (BRCA), 27.67% of identified pseudo-

genes from “Lung Squamous Cell Carcinomaž (LUSC) and 10.47%

of identified pseudogenes from “Uterine Corpus Endometrial Carci-

nomaž (UCEC) are among the top 33% gene selected by occlusion

method. Therefore, we hypothesis that pseudogenes may be a major

contributor in pan-cancer classification.

To further investigate the contribution of pseudogenes in pan-

cancer classification, a depletion study was conducted. New LSTM

neural networks were trained using updated training datasets with

all pseudogenes removed from the top 33% gene. However, the net-

works trained using datasets without pseudogenes had an average

accuracy 0.5% lower than the networks trained using datasets with

the same number of genes that contain 17% of the top-ranking genes.

This suggests that pseudogenes may have a limited impact on the

accuracy of pan-cancer classification but should still be included to

achieve maximum performance.
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Figure 6: Prediction result comparison after simulating "loss

of function" of marker gene and randomly selected gene. (A)

Prediction result of 100 randomly selected MuSC cells, after

reducing expression level of MuSC marker gene PAX7 below

the baseline, many MuSC cells are classified as other cell

types. (B) Prediction result of another 100 randomly selected

MuSC cells, the expression level of a randomly selected gene

Dido1 is reduced; No MuSC cell is misclassified.

4 DISCUSSION

This paper demonstrates the effectiveness of the NRC normaliza-

tion method and the LSTM neural network in pan-cancer clas-

sification and marker gene prediction using both RNASeq and

scRNA-Seq data. Additionally, the proposed occlusion algorithm

has been shown to effectively identify marker genes and improve

classification accuracy of the neural network with fewer genes.

Furthermore, the occlusion algorithm has the potential to un-

cover gene-gene interactions by testing combinations of candidate

genes, although this approach may be computationally demanding

due to the large number of possible combinations. Overall, these

findings demonstrate the versatility and potential of the occlusion

algorithm for various applications in genomics research.

In addition to cell type classification using scRNA-Seq data, the

LSTM neural network has the potential to detect novel cell types

that are not included in the training dataset. This is supported by

the fact that the network would misclassify novel cell types but with

a low prediction score. For example, a trained LSTM neural network

would misclassify all MuSC cells as other cell types when the MuSC

cells are excluded from training dataset but fed into network for

prediction. There is a significant difference between the prediction

Figure 7: Prediction result comparison after simulating "gain

of function" of marker gene and randomly selected gene.

(A) Prediction label of 100 randomly selected non-MuSC

cells, increasing the expression level of PAX7 above the base-

line, many non-MuSC cells being classified as MuSC cells.

(B) Prediction label of 100 randomly selected non-MuSC

cells,increasing the expression level of gene Cryz above the

baseline, little non-MuSC cells being classified as MuSC cells.

Figure 8: GO term analysis result of top 33 percent genes

with highest mean occlusion score carried out by DAVID. (A)

Biological Process (BP). (B) Cellular Component (CC). (C)

Molecular Function (MF). (D) Pathway
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results of misclassification and the true positive results, which are

0.4∼0.6 and around 1, respectively. This difference is leveraged

to detect novel cell types and the detection accuracy can reach

85∼88% when applying machine learning classifiers such as linear

discriminator and SVM.
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