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Abstract

Lung cancer reigns in cancer-related mortality worldwide, with non-small cell lung cancer

(NSCLC) accounting for the majority of cases. Its major subtypes are Lung Adenocarci-

noma (LUAD) and Lung Squamous Cell Carcinoma (LUSC). Despite therapeutic advances,

treatment remains hindered by tumor heterogeneity, drug resistance, and a lack of validated

biomarkers, particularly for LUSC. Gene expression analysis was conducted in the study to

find new potential biomarkers that can be used for Diagnosis,prognostis or new treatment

targets. 3 genes of interest were found which were RTN4RL2, HIF3A and REM1. The

binary logistic regression fitted showed they had a great AUC of 98 percent showing really

promising diagnostic features. REM1 also shows that it can provide prognostic features and

can be a new treatment target as it had negative correlation with other treatment types.

In summary these genes can provide an opportunity of further studies and can be useful

clinically if properly researched.



1 Introduction

Lung cancer remains the leading cause of

cancer-related deaths worldwide, responsible

for approximately 1.8 million deaths annu-

ally. This staggering death toll is mainly due

to the late diagnosis of the disease, its rapid

progression, and the complex nature of its un-

derlying biology. The late detection of lung

cancer, often when it has already spread to

other parts of the body, significantly limits

treatment options and worsens patient out-

comes [2]. Moreover, the aggressive behav-

ior of the cancer cells and the heterogeneity

of the disease further complicate treatment

strategies, making lung cancer a major global

health challenge.

Typically, there are two main categories

of lung cancer: non-small cell lung cancer

(NSCLC) and small cell lung cancer (SCLC).

NSCLC accounts for about 85 percent of all

lung cancer cases, while SCLC, though less

common, is known for its rapid progression

and aggressive nature. It is the distinct

molecular and genetic features of these two

major types that guide their diagnosis, prog-

nosis, and treatment options (Travis et al.,

2021).

The NSCLC subtype has two major sub-

types that account for most cases: Lung Ade-

nocarcinoma (LUAD) and Lung Squamous

Cell Carcinoma (LUSC). These subtypes dif-

fer significantly regarding their histological

features, molecular characteristics, and ge-

netic drivers. A more in-depth understand-

ing of these differences is crucial for tailoring

more effective treatment regimens and im-

proving patient survival rates [1].

Lung Adenocarcinoma (LUAD) LUAD

arises from the glandular cells of the lung and

is the most common subtype of NSCLC. It

typically develops in the peripheral regions

of the lung and is increasingly diagnosed in

non-smokers, women, and younger individu-

als (Cao et al., 2021). LUAD is particularly

known for its molecular and genetic complex-

ity, with a high degree of heterogeneity ob-

served within and across tumors. One of the

key features of LUAD is its association with

actionable genetic mutations, such as those

in the EGFR, ALK, and KRAS genes. These

mutations offer potential targets for person-

alized therapies, making LUAD a primary fo-

cus for developing precision medicine strate-

gies (Imielinski et al., 2012).

Additionally, LUAD is known for its ability

to present with genetic alterations that en-

able tumors to evade immune detection and

promote uncontrolled growth. Despite signif-

icant advances in targeted therapies, LUAD
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remains challenging to treat in some cases

due to the development of resistance to tar-

geted therapies over time. Consequently, re-

searchers continue to focus on uncovering new

therapeutic targets and treatment strategies

to overcome these challenges (Sacco et al.,

2017).

Lung Squamous Cell Carcinoma (LUSC)

Lung Squamous Cell Carcinoma (LUSC)

originates from the epithelial cells that line

the central airways of the lungs. It is

strongly associated with tobacco smoking,

where its development is linked to long-term

exposure to carcinogens present in tobacco

smoke. Furthermore, the formation of ker-

atin and intercellular bridges that act as hall-

marks of squamous differentiation character-

izes LUSC. This carcinoma is more common

in older male smokers. It is less likely than

LUAD to have mutations that can be tar-

geted by specific therapies, making LUSC

particularly challenging when implementing

precision medicine approaches (Hirsch et al.,

2017).

The molecular and genetic features of

LUSC are distinct from those of LUAD.

LUSC is often associated with mutations in

the TP53, CDKN2A, and PIK3CA genes;

however, the lack of actionable mutations

means that treatment strategies typically rely

on chemotherapy and immunotherapy rather

than targeted therapies. The absence of well-

defined biomarkers further complicates the

clinical management of LUSC, highlighting

the need for continued research into its ge-

netic underpinnings (Molina et al., 2021).

Genetic Basis of Cancer At its core, can-

cer is a disease of the genome. Cancer arises

when genetic mutations disrupt the normal

processes that regulate cell growth, division,

and survival. The DNA within a cell contains

genes that provide the instructions neces-

sary for maintaining normal cellular function.

These genes control vital processes such as

cell proliferation, apoptosis (programmed cell

death), and DNA repair. When mutations

occur in specific genes, they can drive the

uncontrolled growth of cells, leading to tu-

mor formation and often, metastasis (Hana-

han Weinberg, 2011).

The genetic alterations that lead to cancer

can be divided into three essential categories:

oncogenes, tumor suppressor genes and DNA

repair genes.

Oncogenes are mutated or overactive ver-

sions of normal genes (proto-oncogenes) that

promote cell division and survival. In nor-

mal cells, proto-oncogenes regulate processes

like cell growth. However, when these genes

become mutated or overexpressed, they can
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drive uncontrolled cell division, contribut-

ing to tumor formation. Furthermore, onco-

genes are often crucial players in developing

and progressing many cancers, including lung

cancer (Vogelstein et al., 2013).

Tumor suppressor genes are responsible for

slowing down cell division. They help repair

damaged DNA and prevent cells from divid-

ing uncontrollably. When tumor suppressor

genes are inactivated or lost due to muta-

tions, they fail to perform their protective

functions, allowing cancer cells to proliferate

unchecked. A well-known example of a tumor

suppressor gene that undergoes mutation in

various cancers is TP53 (Levine, 2020).

DNA repair genes correct errors that oc-

cur during DNA replication and repair. Mu-

tations in DNA repair genes can result in

the accumulation of additional genetic muta-

tions, which may accelerate the development

of cancer. In lung cancer, defects in DNA

repair mechanisms often lead to genomic in-

stability, which is associated with tumor pro-

gression and resistance to therapy (Jaspers et

al., 2019).

Comprehending these genetic alterations

is fundamental to developing targeted ther-

apies and personalized treatment strategies

for lung cancer. Identifying the specific muta-

tions and alterations that drive tumor growth

in LUAD, LUSC, and other types of lung can-

cer is pivotal to improving patients’ progno-

sis and treatment outcomes (Cancer Genome

Atlas Research Network, 2014).

Relevance of Studies and Related Liter-

ature Understanding how molecular mecha-

nisms drive lung cancer has progressed signif-

icantly over the past few decades. The evolu-

tion of advanced genomic and transcriptomic

technologies, including high-throughput se-

quencing and RNA sequencing, has allowed

for a more detailed analysis of the genetic and

epigenetic alterations in lung cancer. Such

technologies have provided a wealth of data,

revealing actionable mutations, altered path-

ways, and potential biomarkers for early de-

tection and targeted therapy (Barbieri et al.,

2016).

Studies like those conducted by The Can-

cer Genome Atlas (TCGA) have been instru-

mental in identifying key genetic drivers of

LUAD and LUSC, allowing for the discov-

ery of novel therapeutic targets and poten-

tial biomarkers for diagnosis and prognosis.

These studies have also highlighted the dis-

tinct molecular differences between LUAD

and LUSC, enabling clinicians to differentiate

between the subtypes more accurately and

apply tailored treatment strategies (The Can-

cer Genome Atlas Research Network, 2014).
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Moreover, the literature has demonstrated

that LUAD and LUSC, despite being catego-

rized as NSCLC, require different therapeutic

approaches due to their genetic differences.

Although LUAD benefits from targeted ther-

apies directed at mutations in EGFR, ALK,

and KRAS, LUSC remains more resistant to

such therapies, and chemotherapy and im-

munotherapy typically are the primary treat-

ment options (Pao Hutchinson, 2015).

The research literature further emphasizes

the need for more effective biomarkers to

predict treatment response and resistance.

As resistance to targeted therapies and im-

munotherapies becomes an increasingly com-

mon challenge, integrating genomic, pro-

teomic, and transcriptomic data is essential

to identify patients who are most likely to

benefit from specific treatments (Sacco et al.,

2017).

In conclusion, the growing body of liter-

ature surrounding lung cancer genetics, in-

cluding identifying actionable mutations, the

characterization of subtypes, and the explo-

ration of potential biomarkers, is pivotal to

advancing treatment approaches and improv-

ing patient outcomes. As research progresses,

it will continue to shape the development of

personalized medicine, offering hope for bet-

ter therapeutic options and survival rates for

lung cancer patients worldwide.

2 MATERIALS AND

METHODS

2.1 Data Collection and Pre-

processing

The dataset used in this study was obtained

from The Cancer Genome Atlas (TCGA)

via the Xena platform (xena.ucsc.edu), which

hosts a wide range of genomic and transcrip-

tomic data across multiple cancer types. For

the purposes of this study, we focused specifi-

cally on lung cancer, utilizing gene expression

profiles derived from both tumor and normal

tissue samples. The data was preprocessed as

follows:

• Normalization:Gene expression levels

were normalized to account for techni-

cal variability, such as differences in se-

quencing depth and gene length, ensur-

ing comparability across samples.

• Filtering: Genes with minimal expres-

sion variance across samples were ex-

cluded, as they are unlikely to contribute

to the identification of meaningful differ-

ential expression patterns.
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• Missing Data: Missing expression val-

ues were addressed through appropriate

imputation techniques. In cases where

genes exhibited a high proportion of

missing values, they were removed from

downstream analysis.

• Batch Effect Correction:To eliminate

non-biological variability arising from

differences in experimental conditions or

sequencing batches, batch effect correc-

tion was applied using standardized nor-

malization methods.

2.2 Statistical Tests

The Mann-Whitney U test was used to

identify genes that are differentially ex-

pressed between tumor and normal tissue

samples. Since gene expression data typi-

cally do not follow a normal distribution, a

non-parametric test like the Mann-Whitney

U test is well-suited for comparing the two

groups. This test compares the ranks of ex-

pression values from the two groups to deter-

mine whether they come from the same dis-

tribution.

The test produces a U statistic, which is

then used to calculate a p-value. After ap-

plying multiple testing correction using the

Benjamini-Hochberg procedure, genes with

adjusted p-values < 0.05 were considered sig-

nificantly differentially expressed.

2.3 Visualization of Results

To facilitate interpretation of the results

from the differential gene expression analy-

sis, several visualization techniques were em-

ployed. These visualizations serve as intu-

itive tools for understanding the relationship

between gene expression in tumor and nor-

mal samples, as well as identifying significant

genes.Heatmaps are a powerful tool for visu-

alizing the expression of genes across samples,

especially when the goal is to detect patterns

or clusters in gene expression between groups.

For this study, a heatmap was constructed

for the top differentially expressed genes iden-

tified by the Mann-Whitney U test.The top

50 to 100 most significantly differentially ex-

pressed genes, based on the lowest p-values,

were selected for inclusion in the heatmap.To

facilitate comparison of gene expression lev-

els across samples, gene expression values

were standardized (z-scored), meaning that

each gene’s expression was adjusted to have

a mean of 0 and a standard deviation of 1.The

heatmap allows for a visual inspection of how

the expression of the top genes differs be-

tween tumor and normal tissues. If a dis-

tinct pattern of expression is observed, where
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tumor samples cluster together and normal

samples form another cluster, this could sug-

gest significant biological differences between

the two tissue types.

2.4 Volcano Plot

The volcano plot is a widely used tool in ge-

nomics for displaying the results of differen-

tial expression analysis. It combines two key

aspects of gene expression data: the magni-

tude of change and the statistical significance

of the difference between groups.To create the

volcano plot, the log2 fold change (logFC)

and negative logarithm of the p-value were

plotted as follows:

logFC = log2

(
Mean Expression in Tumor
Mean Expression in Normal

)

The x-axis represents the log2 fold change,

indicating how much more or less a gene

is expressed in tumor versus normal tissues.

The y-axis represents the negative logarithm

of the p-value, which reflects the statistical

significance of the expression difference.The

volcano plot helps in identifying genes that

exhibit both high statistical significance and

large fold changes in expression. Genes that

appear in the upper-left or upper-right cor-

ners of the plot are considered the most sig-

nificant and differentially expressed. These

genes can be further investigated for their bi-

ological relevance in cancer. Typically, genes

with a high absolute value of logFC (indi-

cating large differences in expression) and

a low p-value (indicating statistical signifi-

cance) are of particular interest.

2.5 Boxplots of Top Genes

Boxplots were used to visualize the dis-

tribution of gene expression levels in tu-

mor and normal samples for the top dif-

ferentially expressed genes. A boxplot dis-

plays the minimum, first quartile (25th per-

centile), median (50th percentile), third quar-

tile (75th percentile), and maximum values,

providing a summary of the distribution of

gene expression.For each of the top differen-

tially expressed genes, a boxplot was gener-

ated for both tumor and normal tissue sam-

ples.Boxplots provide an effective way to vi-

sually compare the distribution of gene ex-

pression in tumor versus normal tissues. A

large difference in the median values between

the two groups suggests a strong differen-

tial expression of the gene. The presence of

outliers or variability within each group may

suggest heterogeneity in gene expression that

could be further explored.
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2.6 Logistic Regression for

Classification

Logistic regression was applied to classify tu-

mor and normal tissue samples based on their

gene expression profiles. The model estimates

the probability that a given sample belongs

to the tumor group (coded as 1), based on

the expression levels of the differentially ex-

pressed genes identified earlier. The logistic

regression model used in this study predicts

the probability of a sample belonging to the

tumor group. The model is expressed as:

P (y = 1|x) = 1

1 + e−(β0+β1x1+···+βpxp)

Where:

• y is the binary outcome variable (1 for

tumor, 0 for normal).

• x = (x1, x2, . . . , xp) are the gene expres-

sion values for selected genes.

• β0, β1, . . . , βp are the regression coeffi-

cients estimated from the data.

2.7 Model Evaluation

The logistic regression model was evaluated

using metrics such as accuracy, precision, re-

call, and area under the ROC curve (AUC).

Cross-validation was performed to ensure

that the model generalizes well to new, un-

seen data.

2.8 Software and Tools

The analysis was conducted using the

Python programming language.The following

libraries were used:

• pandas for data manipulation and pre-

processing.

• numpy for numerical operations and ar-

ray handling.

• matplotlib and seaborn for generating

visualizations, including heatmaps, vol-

cano plots, and boxplots.

• scikit-learn for machine learning

tasks such as model building, evaluation,

and cross-validation.

• scipy for performing statistical tests

and regression.

• cluster for hierarchical clustering.

• statsmodels for more advanced statis-

tical analysis.

2.9 Limitations and Assump-

tions

This study assumes that the gene expression

data is of high quality and follows a consistent
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distribution across the samples. While the

Mann-Whitney U test handles non-normality

in the data, other assumptions such as inde-

pendence of samples still hold. Furthermore,

the boxplots and heatmaps rely on the as-

sumption that the clustering methods used

are appropriate for the data structure.

2.10 Future Directions

Future research could explore alternative

models for classification, such as random

forests or support vector machines, to im-

prove the robustness of predictions. In ad-

dition, integrating other types of molecular

data, such as DNA methylation or proteomic

data, could provide a more comprehensive

understanding of the mechanisms underlying

lung cancer.

3 Results

This chapter presents the results obtained

from the differential gene expression analysis

and classification of lung cancer samples us-

ing selected biomarkers. A series of statistical

and visual methods were used to compare tu-

mor and normal samples, identify key genes,

evaluate their classification performance, and

assess their prognostic value through survival

analysis.

3.1 Heatmap Comparison: Tu-

mor vs Normal Samples

Two heatmaps were generated to visualize the

expression levels of the top differentially ex-

pressed genes across patients for both tumor

and normal samples.

As shown in Figure 1, the heat maps show

that there are some genes that are expressed

differently. Statistical tests were then con-

ducted to see which genes are significantly

expressed differently. To ensure that the tu-

mor and normal heatmaps were directly com-

parable,the color scale used in both plots was

standardized. First, the Z-score normaliza-

tion separately to the gene expression data

for Tumor and Normal samples, allowing ex-

pression values to be compared across sam-

ples. Then the global minimum and maxi-

mum Z-scores across both datasets were cal-

culated to establish a consistent color range.

By passing these values to the heatmap func-

tion, we ensured that the same color repre-

sented the same level of gene expression on

both heatmaps. This approach allowed for

meaningful visual comparison of gene expres-

sion patterns between matched Tumor and

Normal samples.
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Figure 1: Heatmaps of top expressed genes: (Left) Normal Samples, (Right) Tumor Samples

3.2 Volcano Plot Interpretation

A volcano plot was used to identify genes that

were significantly differentially expressed be-

tween tumor and normal tissues.

Figure 3 shows that a majority of genes are

differentially expressed, with a large propor-

tion exhibiting both high fold changes and

low p-values. Genes involved in cytoplasmic

pathways were among the most significantly

altered.

3.3 Pathway-Level Insights

Genes related to the cytoplasm pathway were

significantly enriched in the differentially ex-

pressed gene list. The top 10 genes with the

highest expression variance within this path-

way were selected for further analysis.

3.4 Boxplots of Key Genes

Among the significantly differentially ex-

pressed genes, three genes stood out:

RTN4RL2, REM1, and HIF3A. These genes

demonstrated distinct expression profiles that

overlapped minimally between tumor and

normal samples, with Mann-Whitney U test

p-values all < 0.0001.

These genes were selected for logistic re-

gression modeling to evaluate their diagnos-

tic performance. Various gene combinations

were tested using logistic regression, and their

performance was measured using the Area

Under the ROC Curve (AUC).

Table 1: AUC Scores for Individual and Com-
bined Gene Sets

Gene Set AUC

RTN4RL2 only 65%

RTN4RL2 + HIF3A + REM1 96%

Known biomarkers (without REM1) 94%

All known biomarkers (with REM1) 99%

As shown in Table 1, the combination

of RTN4RL2, HIF3A, and REM1 achieved

a strong classification performance (AUC =
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Figure 3: Volcano plot showing differentially expressed genes

96%). Interestingly, the inclusion of REM1

boosted the performance above the set with-

out it, highlighting its importance as a poten-

tial biomarker.
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Figure 4: Boxplots of RTN4RL2, REM1, and HIF3A showing significant expression differ-
ences

3.6 Gene-specific Survival

Analysis

Further survival analysis was conducted on

selected genes:

• REM1: No patient with high REM1

expression survived beyond 5000 days

(13.7 years).

• RNF13: All patients with high expres-

sion of RNF13 died by approximately

5300 days (14.5 years).

• Combined signature (RTN4RL2 +

HIF3A + REM1): Patients with low

expression of all three had a twice higher

survival probability compared to those

with high expression.

3.7 Survival Based on Known

Biomarkers

When the analysis excluded REM1, survival

dropped further—though some patients with

high expression survived beyond 5000 days,

the probability of survival was only around

10%.

3.8 Logistic regression

The logistic regression model used to differen-

tiate between normal and tumor tissue identi-
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Figure 5: Kaplan-Meier survival plot for all patients

fied three key genes—RTN4RL2, HIF3A, and

REM1—as significant predictors.RTN4RL2

has a positive coefficient of 1.44728 in the

model, which indicates that higher expression

levels of this gene are associated with tumor

tissue. The unscaled coefficient for RTN4RL2

is 0.744667, meaning it contributes positively

to the likelihood of the sample being classified

as a tumor. HIF3A has a negative coefficient

of -2.27834, suggesting that higher expression

levels of this gene are more likely to be asso-

ciated with normal tissue. Its unscaled coeffi-

cient of -0.951269 further reinforces this rela-

tionship, contributing negatively to the clas-

sification of the sample as a tumor. REM1

also has a negative coefficient of -2.34028, in-

dicating that increased expression of this gene

is associated with normal tissue. The un-

scaled coefficient of -1.79936 similarly shows

a negative impact on the likelihood of classi-

fying a sample as tumor tissue.
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Table 2: Model Coefficients and Performance Metrics

Gene Scaled Coefficient Unscaled Coefficient
RTN4RL2 1.44728 0.744667
HIF3A -2.27834 -0.951269
REM1 -2.34028 -1.79936

3.9 Summary of Findings

Tumor samples showed widespread differ-

ential gene expression compared to nor-

mal samples.Genes linked to the cytoplasm

were prominently affected.REM1, HIF3A,

and RTN4RL2 showed the strongest poten-

tial as diagnostic biomarkers.The gene combi-

nation RTN4RL2 + HIF3A + REM1 outper-

formed other marker sets in both classifica-

tion and survival prediction. REM1 emerged

as a critical gene influencing both diagnosis

and prognosis.

4 Discussion

This study provides a comprehensive anal-

ysis of gene expression differences between

tumor and normal lung tissues, identifying

significant molecular changes associated with

lung cancer. The clear clustering of tumor

vs. normal samples observed in the heatmap

confirms the existence of distinct transcrip-

tomic signatures in cancerous tissues. This

supports the hypothesis that lung cancer in-

volves both suppression and activation of var-

ious gene sets.

The volcano plot highlighted widespread

differential expression, suggesting a broad

impact on cellular processes. Genes linked to

the cytoplasm were among the most affected,

pointing to disruptions in intracellular trans-

port, signaling, or metabolic pathways that

may be critical for tumor progression.Three

genes—RTN4RL2, REM1, and HIF3A—were

identified as strong candidates for further in-

vestigation due to their clear separation be-

tween tumor and normal tissues. Logistic

regression showed that the combination of

these genes achieved a 96% AUC in distin-

guishing tumor from normal samples, which

is higher than the 94% achieved using known

biomarkers without REM1.Interestingly, al-

though RTN4RL2 had modest performance

on its own (AUC = 65%), its contribution

in combination with REM1 and HIF3A sig-

nificantly boosted the model’s discrimina-

tory power. This finding underscores the

potential of REM1 as a novel biomarker,

complementing or even outperforming known

genes when used in tandem.Survival analy-
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Figure 6: Survival curves based on expression of RTN4RL2, HIF3A, and REM1

sis revealed that high expression of REM1

and RNF13 is associated with poor long-

term survival. Notably, patients with high

REM1 expression did not survive beyond

5000 days, and similar trends were observed

for RNF13. These findings suggest these

genes may have prognostic utility beyond

their diagnostic value.Combining gene ex-

pression data from RTN4RL2, HIF3A, and

REM1 showed a marked difference in sur-

vival probability, where patients with low

combined expression had double the survival

chance. This highlights the utility of inte-

grated biomarker panels in not just diagnosis

but also outcome prediction.

4.1 Limitations

Several limitations should be acknowledged.

First, the analysis was based on retrospective

data from TCGA and may not generalize to

other populations. Secondly, the study re-

lied solely on gene expression data and did

not incorporate multi-omics approaches such

as proteomics or methylation profiling, which

could offer deeper insights. Lastly, although
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the Mann-Whitney U test is appropriate for

non-parametric data, alternative statistical

methods could provide complementary find-

ings.

4.2 Future Directions

Future work should include validation of

these biomarkers in independent cohorts and

in functional assays to confirm their biological

roles. Integrating additional omics data and

exploring machine learning classifiers may

further improve prediction accuracy and un-

cover new molecular subtypes of lung cancer.
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