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Abstract

Background/Objectives: Lung cancer remains the leading cause of cancer-related mortality globally.
Approximately 45% of these tumors harbor oncogenic mutations that drive carcinogenesis and are
amenable to targeted therapies. Other predictive biomarkers— e.g., PD-L1, TMB, and MSI—play a
crucial role in patients’ management. This study aims to investigate the existence of mutation clusters
(co-mutations) and evaluate the correlation of these clusters with various clinical and laboratory
parameters. Methods: A retrospective study was conducted utilizing pathological samples from lung
cancer patients harboring mutations in EGFR, KRAS, ALK, BRAF, MET, HER2, ROS1, NTRK, and
NRGI. Data were collected from the Institute of Pathology at Carmel Medical Center between the
years 2022 and 2024. Patients were stratified using a Two-Step Cluster Analysis algorithm based on
actionable mutations and co-mutations. Heatmaps and dendrograms were generated to assess the
correlation between these genomic clusters, clinical metrics, and predictive biomarkers. Results: The
study cohort included 129 patients with actionable mutations. Five distinct clusters were identified:
Clusters 1,2, and 3 exhibited a high expression of STK11 and TP53 co-mutations alongside KRAS
drivers (n=38, n=12 and n=23 respectively). Clusters 4 and 5 demonstrated high expression of ALK
alterations and tumor suppressor gene mutations (#=31, n=25 respectively). Multivariate analysis
demonstrated statistically significant differences between clusters regarding age, gender, PD-L1
expression, and Tumor Mutational Burden. No significant associations were found regarding
ethnicity or Microsatellite Instability status. Conclusions: By constructing clusters based on the
aggregate of genomic alterations in patients with actionable mutations, it is possible to predict
associations with distinct demographic and clinical characteristics. Future research should apply this
analytical approach to larger cohorts to further characterize these subgroups and investigate
potential correlations with therapeutic efficacy.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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1. Introduction

Lung cancer is a primary cause of cancer mortality worldwide, resulting in high death rates
among both men and women [1-3]. Despite increasing awareness regarding early diagnosis, lung
cancer is frequently detected at advanced stages where therapeutic options are limited, resulting in a
poor prognosis [1]. Consequently, frequent screening of high-risk individuals is essential to facilitate
early detection and significantly improve survival rates. Accurate and early diagnosis of pulmonary
lesions is critical to tailoring the most appropriate therapeutic regimen and improving patient
outcomes [1].

Lung cancer is defined as the uncontrolled growth of abnormal cells originating in the lungs,
leading to tumor formation and compromised pulmonary function. It originates in the epithelium of
the large and small bronchi and may metastasize via the lymphatic system or hematogenous spread,
with common metastatic sites including the liver, adrenal glands, bone, and the central nervous
system [1,4,5].

The incidence of lung cancer is steadily rising. In 2020, it was the second most diagnosed cancer
(following breast cancer), accounting for 11.4% of 19.3 million cases. By 2022, it became the most
diagnosed malignancy, with nearly 2.5 million new cases, representing 12.4% of all global cancer
cases (one in eight new cancers). Regarding mortality, lung cancer is the leading cause of cancer
death, rising from 18% in 2020 to 18.7% in 2022 [2,3]. The primary risk factor is tobacco smoking,
though non-smokers exposed to second-hand smoke are also at risk. Additional risk factors include
occupational exposure to carcinogens (e.g., asbestos, radon), air pollution, chronic lung diseases (e.g.,
COPD), and hereditary cancer syndromes [1].

Lung malignancies are classified into two main histological groups: Non-Small Cell Lung
Carcinoma (NSCLC) and Small Cell Lung Carcinoma (SCLC). NSCLC accounts for 80% of cases,
while SCLC comprises nearly 20%. This study focuses on NSCLC, which is further subdivided into
histological subtypes, primarily Squamous Cell Carcinoma (SCC) and Adenocarcinoma (ADC), each
accounting for 30-40% of cases. Large Cell Carcinoma (LCC) is a less common subtype, representing
just under 10% of cases [5].

Current diagnostic and therapeutic strategies for lung cancer rely on histological diagnosis and
molecular profiling [6]. Advanced Next-Generation Sequencing (NGS) allows for high-quality
detection of a broad spectrum of mutations [7]. A significant proportion of NSCLC tumors harbor
actionable mutations—genetic alterations treatable with targeted biological therapies rather than
cytotoxic chemotherapy. The most prevalent actionable mutations discussed herein include
Epidermal growth factor receptor (EGFR), Kirstem rat sarcoma virus (KRAS) G12C, and ALK [8-11].

The KRAS G12C mutation is the most common alteration in the KRAS gene, which encodes a
key protein in cell proliferation pathways. KRAS mutations are present in 15-20% of NSCLC cases.
This specific mutation is targetable by two biological agents, sotorasib and adagrasib, which
selectively bind covalently to the KRAS protein, inhibiting its activity [12-14].

EGFR (Epidermal Growth Factor Receptor) mutations occur in approximately 15% of NSCLC
cases in Western Europe and the USA and are frequently associated with non-smokers. EGFR encodes
a transmembrane tyrosine kinase receptor involved in cell proliferation cascades. These mutations
are treated with Tyrosine Kinase Inhibitors (TKIs) such as Osimertinib [ 8,10,11,14,15].

ALK (Anaplastic Lymphoma Kinase) gene rearrangements result from translocation, typically
with EML4. Found in 3-7% of NSCLC cases, this translocation leads to overexpression of the ALK
tyrosine kinase receptor, driving cell growth. This alteration is managed with TKIs such as crizotinib,
ceritinib, lorlatinib, and alectinib [16]. Additional less common actionable mutations include BRAF,
MET, HER2, RET, ROS1, NTRK, and NRG1 [11,17].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Beyond molecular profiling, immunotherapeutic biomarkers such as PD-L1 expression, Tumor
Mutational Burden (TMB), and Microsatellite Instability (MSI) aid in treatment selection for NSCLC
[18-20]. PD-L1 (Programmed Death-Ligand 1) expression on tumor cells suppresses the immune
response by interacting with PD-1 on T-cells, inhibiting effector T-cells and promoting regulatory T-
cells. Immune Checkpoint Inhibitors (ICIs) block this pathway to restore anti-tumor immunity [18].
TMB quantifies mutations within tumor DNA; high TMB correlates with better response to
immunotherapy [19]. MSI refers to hypermutable DNA microsatellites due to defective mismatch
repair (MMR) mechanisms and serves as a predictive marker for immunotherapy response [20].

This study utilized statistical analysis to determine whether specific clusters of co-mutations
accompany actionable driver mutations. We specifically examined significant co-mutations including
TP53, KRAS, STK11, KEAP1, and CDKN2A, alongside others of unclear significance. The existence of
such clusters may influence prognosis and the efficacy of targeted therapies. We hypothesized that
such clusters exist and aimed to identify them to optimize future therapeutic strategies. Additionally,
we assessed the correlation of these clusters with biomarkers (PD-L1, TMB, MSI) and demographic
parameters (age, gender, ethnicity) to identify patterns that may inform future studies on clinical
efficacy and toxicity

2. Materials and Methods
2.1. Study Design and Population

This retrospective, non-interventional study included 129 patient samples archived at the
Institute of Pathology database at Carmel Medical Center, Haifa. The cohort consisted of patients
diagnosed with NSCLC who possessed a complete molecular profile containing at least one of the
following actionable mutations: EGFR, KRAS, ALK, BRAF, MET, HER2, ROS1, NTRK, or NRGI1.
Lung tumor biopsy samples collected between 2022 and 2024 were included. Patients were screened
based on the presence of specific actionable mutations defined in the inclusion criteria.

2.2. Data Collection

Following the initial screening of 129 patients, relevant data were extracted using LabOS
software, which provided access to detailed pathological reports. Subsequently, statistical analysis
and results interpretation were performed. All samples were sourced from the existing repository at
the Institute of Pathology, Carmel Medical Center. Following data collection and screening, statistical
analysis was performed on an anonymized dataset (identified only by serial numbers).

2.3. Ethics
The study was approved by the Helsinki Committee of Carmel Medical Center protocol CMC-
0073-24 on September 23, 2024.

2.4. Statistical Analysis

Cluster analysis was performed based on actionable mutations, co-mutations, and Copy
Number Variations (CNVs) using a Two-Step Cluster Analysis algorithm. This hybrid method is
designed for categorical and/or continuous data and operates in two phases:

2.4.1. Pre-Clustering

The algorithm scans data to create small sub-clusters using a log-likelihood distance measure
suitable for categorical (binary) variables. Since our variables are binary (presence or absence of a
mutation), a log-likelihood distance metric estimates similarity based on the likelihood that data
points will appear in the same cluster.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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2.4.2. Hierarchical Clustering

Sub-clusters are merged into final clusters based on model fit criteria (BIC or AIC). The algorithm
determines the optimal number of clusters automatically, though manual specification is possible.

Five clusters were generated for all patients. Heatmaps were created for visualization using
ArrayGen (Undri, Pune, Maharashtra, India). Heatmaps visually represent the relationships between
mutation types across patients. The color gradient ranges from light yellow (0; absence/low presence
of a mutation) to dark brown (+2; high intensity/prevalence of the mutation). It is important to note
that in binary data clustering, color intensity reflects the prevalence or significance of a mutation
within the context of the cluster.

2.4.3. Dendrograms

A dendrogram was constructed for each heatmap to visualize the hierarchical structure. It
illustrates the similarity between patient mutation profiles or the co-occurrence of specific mutations.
Branch height indicates the degree of dissimilarity; shorter distances imply high similarity.

2.4.4. Comparative Statistics

Clusters were compared based on demographics (age, gender, ethnicity) and biomarkers (PD-
L1 through immunohistochemistry, TMB, and MSI/MSS via NGS). Continuous variables were tested
for normality using the Kolmogorov-Smirnov test and analyzed using Student’s t-test or Mann-
Whitney U test as appropriate. Bonferroni correction was applied to address multiple hypothesis
testing. Categorical variables were analyzed using Chi-square or Fisher’s exact tests. A two-tailed p-
value of <0.05 was considered statistically significant. Analysis was performed using IBM SPSS
version 26 (IBM, Armonk, NY, U.S.A).

3. Results

To analyze binary categorical data (presence/absence of mutations), a Two-Step Cluster Analysis
was performed on 129 patients’ samples. This unsupervised algorithm grouped patients based on
mathematical proximity. Five clusters were generated (Cluster 1, n=38; Cluster 2, n=12; cluster 3, n=23;
Cluster 4, n=31 and cluster 5 n=25).

Each cluster was visualized using a dendrogram and a heatmap. In the heatmaps, mutations (x-
axis) were color-coded to distinguish between primary mutations, co-mutations, and CNVs. Patients
(y-axis) were listed by serial number. Al tools (Cloud, ChatGPT deep research) were utilized to assist
in identifying mutation patterns within the algorithmic clusters.

3.1. Clustering of Actionable Mutations and Co-Mutations Cluster Patterns

3.1.1. Cluster 1 (n=38)

Characterized by KRAS mutations (various subtypes) alongside STK11 co-mutations, a high
frequency of TP53 mutations, and a high concentration of MET alterations (exon 14 skipping +
amplification) (Figure 1).

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. Heatmap and cluster 1 pattern. Key alterations: KRAS mutations (multiple, including G12A, G12A,
G12D, G12V); STK11 mutations; TP53 mutations (several loss-of-function); MET exon 14 skipping + MET
amplification; MDM2 amplification; NF1 and PIK3CA mutations. Pattern: high frequency of TP53 mutations;
Frequent KRAS/STK11 co-mutations; MET alterations (exon 14 skipping + amplification).

3.1.2. Cluster 2 (n=12)

Similar KRAS/STK11/TP53 triad to Cluster 1, but distinguished by a higher frequency of EGFR
CNV amplifications and mutations in chromatin remodeling genes (KDM6A, ATRX, SMARCAA4)
(Figure 2).
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Figure 2. Heatmap and cluster 2 pattern. Key alterations: KRAS mutations (G12V, G12N); STK11 mutations;
EGEFR amplification (CNV), STK11, TP53 mutations, multiple chromatin modifiers: KDM6A, ATRX, SMARCA4;
HLA-B deletion. Pattern: KRAS/STK11/TP53 triad similar to Cluster 1, but with more CNVs; EGFR CNV

amplifications; Chromatin remodeling gene alterations.

3.1.3. Cluster 3 (n=23)

High presence of KRAS and STK11 co-mutations, but notably lower TP53 frequency compared
to Clusters 1 and 2. Contains mutations in DNA repair pathways (Figure 3).
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Figure 3. Heatmap and cluster 3 pattern. Key alterations: KRAS mutations (G12D, G12V, ¢.34G>A); Co-occurring
STK11 mutations; TP53, CDKN2A, ATM, TERT, SETD2, and APC. Pattern: Strong presence of KRAS + STK11
mutations, but less TP53 activity than Cluster 1; Presence of DNA repair pathway genes: ATM, CHEK?2,
DNMT3A, IDH1.

3.1.4. Cluster 4 (n=31)

Defined by EGFR activating mutations co-occurring with ALK fusions. This represents an
oncogene-driven profile with less genomic instability (Figure 4).

— Cluster No. 4
2.0
SE e I-Mutation Bl-Co-Mutation I-CNV
o -8 Code Genetic Alteration
oo = 4 1 ALL-EGFR_EX19DEL
gt 2 EGFR EXON 21
-3s Patients 3 ALK IMBALANCE
36 4 TET2 p.Tyr1598PhefsTer17
- 37 H ALK FUSION
H g 6 P53 p.lys132A
.33 p.lys132Asn
- 5o ¥ RB1 ¢.1216-2A>G
-85 8 PIK3CA p.His1047GIn
N 9 NF1 p.GIn1360Ter
i34 10 NF1 p.Arg1830Cys
- 80 11 NF1 p.Serl443Leu
-es 12 CYP2D6 c.506-1G>A
g 13 MET
- 14 EGFR EXON 21 p.LeuBS8Arg
- 93 15 P53 p.Arg110Cys
- o7 16 EP300 p.GIn2355Ter
N+ 17 CTNNB1 p.Ser33Cys
10 18 RDH12 p.Phe152SerfsTerll
10 19 ARID1A p.Tyr823ArgfsTerd5
e 20 TP53 p.Tyr234Cys

-

-2

-1
1z

12 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

Figure 4. Heatmap and cluster 4 pattern. Key alterations: EGFR activating mutations (EX19DEL, EX21 L858R);
ALK fusions; TP53, ARID1A, PIK3CA. Pattern: EGFR/ALK oncogene-driven tumors; Less genomic instability,

more oncogene-addicted.

3.1.5. Cluster 5 (n=25)

Characterized by EGFR exon 20 mutations/insertions. Unlike Cluster 4, these tend to co-occur
with Tumor Suppressor Loss (e.g., NF1, TP53, PTEN) (Figure 5).
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Figure 5. Heatmap and cluster 5 pattern. Key alterations: EGFR exon 20 mutations/insertions; NF1, NF2, TP53,
PTEN, SETD2; PIK3CA, BRAF, KRAS (Q61R); similar to cluster 4, but with more diverse tumor suppressor loss.

Pattern: EGFR exon 20 mutations; Tumor suppressor mutations.
3.2. Immunotherapeutic Biomarker Analysis

3.2.1. PD-L1 Expression

Comparison among clusters according to the ordinal categorical variable showed that the mean
PD-L1 expression was lowest in cluster 4 samples (Figure 6). Cluster 4 had significantly lower PD-L1
expression compared to Cluster 1 (p=0.001) and Cluster 3 (p=0.032). Between cluster 1 and 5 there is a
difference with a significance level of 0.011. Between cluster 3 and 4 there is a difference with a
significance level of 0.032 (Figure 6).
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Figure 6. Boxplot graph of PD-L1 expression across the different clusters. The analysis to create this graph was
performed on a continuous variable with values ranging from 0 to 100. Between cluster 1 and 4 there is a
difference with a significance level of p=0.001. Between cluster 1 and 5 there is a difference with a significance
level p=0.011. Between cluster 3 and 4 there is a difference with a significance level p=0.032. Between cluster 2
and 4 there is a non-significant difference, p=0.061.
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3.2.2. Tumor Mutational Burden (TMB)

TMB Statistical Significance: Cluster 4 had significantly lower TMB than Clusters 1 (p=0.012), 2
(p=0.001), and 3 (p=0.009). Cluster 2 had significantly higher TMB than Clusters 1(p=0.013), 4(p=0.001),
and 5 (p=0.007) (Figure 7).
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Figure 7. Boxplot graph of Tumor mutational burden (TMB) expression across the different clusters. The analysis
for creating this graph was conducted on a continuous variable.

3.2.3. MSI/MSS

No statistically significant differences were found between clusters in their Microsatellite
instability; all evaluable patients were Microsatellite Stable (MSS).

3.3. Demographic Analysis

3.3.1. Age

Age of patients analysis (Figure 8) yielded significant differences were between Cluster 1 vs. 2
(p=0.026), Cluster 1 vs. 5 (p=0.031), Cluster 2 vs. 4 (p=0.039), and Cluster 4 vs. 5 (p=0.044). Clusters 1
and 4 represented a younger demographic population.
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Figure 8. Boxplot graph of Age (years) variable across the different clusters.
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3.3.2. Gender

Figure 9 presents the comparison between genders among the clusters. Cluster 4 comprised of
significantly more women than men, while clusters 1,2,3,5 had less women than men. The
distribution of men and women is without statistically significant difference between cluster 1 and
cluster 4. Findings of the analysis showed that between Cluster 2 and cluster 4 there is statistically
significant difference (p=0.01), as well as between cluster 3 and cluster 4 (p=0.036) and between cluster
4 and cluster 5 (p=0.036).

g 40 P=0.08 E
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Figure 9. Comparison between genders among the clusters.
3.3.3. Ethnic

No significant differences were observed between Jewish and Arab patients’ ethnicity across
clusters

4. Discussion

This study sought to identify prevalent associations between co-mutations and actionable driver
mutations in lung cancer patients, and to examine their correlations with immunotherapeutic
biomarkers and demographics. Our goal was to establish a foundation for future research
investigating the clinical implications of these genomic subgroups to enhance precision medicine in
lung cancer and to contribute to improve the prognosis of lung cancer patients.

The cluster analysis revealed distinct genomic patterns. KRAS-driven tumors (Clusters 1 and 3)
frequently co-occurred with STK11. This finding aligns with recently publications on the biomarkers
STK11 co-mutation with KRAS and the implication as per therapeutic outcome with neoadjuvant
treatment using ICI (immune checkpoint inhibitors) for NSCLC patients [21-23]. Furthermore,
Clusters 1 and 3 exhibited varying degrees of TP53 involvement which is in line with Schabath 2015
study [24]. Skoulidis et al. [25] observed that in lung adenocarcinoma PD-L1 expression plays a role
in response of STK11 and TP53 co-mutations with KRAS. In the current study Cluster 1 displayed
high PD-L1 expression, suggesting potential immunogenicity. Suzawa et al., [26] findings indicated
that KRAS mutation is common in NSCLC tumors harboring MET alteration. Similarly in the present
study, Cluster 1 was associated with high levels of MET alterations. These co-existing genomic
changes could each be targeted by specific agents, however due to reported therapeutic resistance
[26], it is important to know the molecular profiling of each tumor while proposing a treatment plan.

In contrast, EGFR-driven tumors (Clusters 4 and 5) exhibited distinct co-mutation profiles.
NSCLC patients having both mutated EGFR and ALK fusions have been described in a review by
Kemper [27]. In the current study Cluster 4, was characterized by EGFR and ALK fusions, and
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demonstrated significantly lower PD-L1 which is in line with previous publication by Gainor et al.
[28]. As well, Cluster 4 had the lowest TMB levels, compared to other clusters. Taken together Cluster
4 composition is indicative of an “oncogene-addicted” phenotype driven by signaling pathways (i.e.,
EGFR) rather than genomic instability. Cluster 5, involving EGFR exon 20 insertions, which are
relatively rare [29,30], was associated with tumor suppressor loss [31,32] Cluster 5 patients bearing
low TMB are predicted to have shorter survival than those with high TMB (i.e., cluster 2) [33].

Statistically, Cluster 4 (EGFR/ALK) presented with significantly lower biomarkers (PD-L1, TMB)
compared to the KRAS-dominant clusters (clusters 1,2,3). Clusters 1,2,3 which include mutations
KRAS, STK11, and TP53 may affect the immunogenicity of the patient by increasing PD-L1 expression
[34]. KRAS, STK11 and TP53 mutations may also affect the presence of accompanying mutations
related to genes involved in stabilizing the chromatin (cluster 2) and DNA repairs pathways (cluster
3) as similarly found in pancreatic cancer genomic mutations [35]. This aligns with the hypothesis
that KRAS, STK11, and TP53 mutations may drive immunogenicity and genomic instability (higher
TMB), whereas EGFR/ALK alterations (clusters 4,5) rely on oncogenic signaling, resulting in “colder”
tumors immunologically (with decreased PD-L1 and TMB expressions). This means that lung cancer
tumors harboring EGFR/ALK mutations rely less on genomic instability.

Hence, proposed future research would deepen the investigation on this topic. i.e.,; as PD-L1
and TMB have clinical significance; and explore the creation of clusters that are in correlation with
PD-L1 and TMB. Further studies should assess the effect of immune-therapy related biomarkers on
the clustering in these patients and check the clinical significance by outcomes of the treatments such
as efficiency and toxicity.

Frille et al. 2024 [36] presented interactions between four co-mutations in NSCLC: KRAS, STK11,
TP53 and KEAP1. They reported that combined KRAS G12C and TP53 co-occurrence may be targeted
by immunotherapy administered to patients diagnosed with advanced tumor stage in stage IV.

Demographically, Cluster 4 contained a significantly higher proportion of women and younger
patients compared to other clusters, aligning with known epidemiological data regarding EGFR
mutations [37]. Although cluster 4 consisted of higher rate of women in than in other clusters, it is
difficult to draw a clear clinically significant conclusion it is plausible that the differences were
arbitrary or as a result of other variables that were not assessed during the present study.

Further research should be conducted with a bigger sample and analysis of clinical results could
assess if there is an effect of these characteristics on the mutations profile in the different clusters.

The study has several limitations, its retrospective design and a modest sample size of 129
patients, as well as heterogeneity in cluster sizes (e.g., =12 in cluster 2 vs. #=38 in cluster 1), which
may affect statistical power. Moreover, the tumor stage was not part of the present study although
different stages (early vs. late stage) may be related to multiple coexisting mutations. Additionally,
the lack of behavioral data (smoking status or drinking alcohol) in the database, limits the ability to
control for environmental confounders while creating a more clinically accurate cluster. The use of
an unsupervised algorithm, while mathematically robust, groups purely by proximity without
inherent clinical weighting.

Future prospective studies are recommended with larger cohorts to validate these clusters and
assess their clinical utility regarding treatment efficacy and toxicity. Specifically, investigating the
impact of these co-mutation clusters on survival outcomes and resistance mechanisms is warranted.

5. Conclusions

The current study findings indicate that actionable mutations consistently appear with specific
co-mutations (e.g., KRAS with STK11/TP53; EGFR with ALK or Tumor Suppressor Loss). These
associations likely influence tumor biology and response to therapy. The correlation between specific
mutation clusters and immunotherapeutic biomarkers (PD-L1/TMB) suggests that genomic
clustering could serve as a predictive tool for immunotherapy response.
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Abbreviations

The following abbreviations are used in this manuscript:

MSI Microsatellite Instability
PD-L1 Programmed Death-Ligand 1
TMB Tumor Mutational Burden

COPD Chronic obstruction pulmonary disease
NSCLC  Non-Small Cell Lung Carcinoma
SCLC Small Cell Ling Carcinoma

ADC Adenocarcinoma

SCC Squamous Cell Carcinoma

NGS Next-Generation Sequencing

LCC Large Cell Carcinoma

EGFR Epidermal Growth Factor Receptor

TKI Tyrosine Kinase Inhibitors

ALK Anaplastic Lymphoma Kinase

ICI Immune Checkpoint Inhibitors

CNV Copy number variation

KRAS Kirsten rat sarcoma virus

STK11 Serine threonine kinase 11

TP53 Tumor protein 53
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