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Abstract

Background The human gut microbiome has emerged as a potential modulator of treatment efficacy for different
cancers, including non-small cell lung cancer (NSCLC) patients undergoing immune checkpoint inhibitor (ICl) therapy.
In this study, we investigated the association of gut microbial variations with response against ICls by analyzing

the gut metagenomes of NSCLC patients.

Methods Strain identification from the publicly available metagenomes of 87 NSCLC patients, treated

with nivolumab and collected at three different timepoints (TO, T1, and T2), was performed using StrainPhlAn3. Variant
calling and annotations were performed using Snippy and associations between microbial genes and genomic vari-
ations with treatment responses were evaluated using MaAsLin2. Supervised machine learning models were devel-
oped to prioritize single nucleotide polymorphisms (SNPs) predictive of treatment response. Structural bioinformatics
approaches were employed using MUpro, I-Mutant 2.0, CASTp and PyMOL to access the functional impact of prior-
itized SNPs on protein stability and active site interactions.

Results Our findings revealed the presence of strains for several microbial species (e.g., Lachnospira eligens) exclu-
sively in Responders (R) or Non-responders (NR) (e.g., Parabacteroides distasonis). Variant calling and annotations

for the identified strains from R and NR patients highlighted variations in genes (e.g., ftsA, IpdA, and nadB) that were
significantly associated with the NR status of patients. Among the developed models, Logistic Regression performed
best (accuracy >90% and AUC ROC >95%) in prioritizing SNPs in genes that could distinguish R and NR at TO. These
SNPs included Ala168Val (IpdA) in Phocaeicola dorei and Tyr233His (IpdA), Leu330Ser (IpdA), and His233Arg (obgE)

in Parabacteroides distasonis. Lastly, structural analyses of these prioritized variants in objE and IpdA revealed their
involvement in the substrate binding site and an overall reduction in protein stability. This suggests that these varia-
tions might likely disrupt substrate interactions and compromise protein stability, thereby impairing normal protein
functionality.

Conclusion The integration of metagenomics, machine learning, and structural bioinformatics provides a robust
framework for understanding the association between gut microbial variations and treatment response, pav-
ing the way for personalized therapies for NSCLC in the future. These findings emphasize the potential clinical
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implications of microbiome-based biomarkers in guiding patient-specific treatment strategies and improving immu-

notherapy outcomes.

Keywords NSCLC, Gut microbiome, Immunotherapy, Immune checkpoint inhibitors (ICls), Anti-PD-1, Microbial

strains, Genomic variants

Introduction

Lung cancer is the most prevalent type of cancer (11.6%
of the total cancer cases) as well as the leading cause of
mortalities globally, accounting for ~18.4% of total can-
cer-related fatalities [1]. This form of cancer can primar-
ily be divided into two types based on the histology of the
cancer cells, i.e., small cell lung cancer (SCLC) and non-
small cell lung cancer (NSCLC), which is the most com-
mon and accounts for 85-90% of all lung cancer cases [2].
The lack of a reliable platform for early-stage diagnosis,
combined with the delayed onset of symptoms during
disease progression, severely limits treatment options
and significantly reduces the survival rates of patients [3].
Moreover, current treatment methods often yield poor
outcomes in NSCLC patients [4]. This underscores the
urgent need for novel strategies to facilitate early diag-
nosis and improve the efficacy of existing therapeutic
approaches.

Immunotherapy has recently emerged as a therapeu-
tic option for treating advanced-stage NSCLC patients.
Immune checkpoint inhibitors (ICIs), such as anti-PD-1
antibodies like nivolumab, block inhibitory signals can-
cer cells use to evade immune recognition [5]. However,
response rates to ICIs can vary greatly among patients,
and a better understanding of the underlying factors that
modulate the response is needed [6]. Human gut micro-
biome has emerged as a key player in influencing the effi-
cacy of immunotherapy, including ICIs. Gut commensals
have been shown to influence the maturation and activa-
tion of immune cells, including T-cells [7].

The PD-L1 ligand on tumor cells binds to the PD-1
receptor on T-cells, inhibiting their ability to attack
tumors. ICI therapy disrupts this interaction by using
anti-PD-1 antibodies to activate T-cells and restore their
tumor-fighting function [5]. Specific bacterial species,
such as Akkermansia muciniphila and Faecalibacterium
prausnitzii, have been linked to improved immunother-
apy responses [8]. Though the mechanisms are still under
investigation, these bacteria enhance immune recogni-
tion of cancer cells by boosting dendritic and T-cell activ-
ity, with Akkermansia muciniphila promoting T-helper
17 cell differentiation [9-11]. Additionally, they stimulate
anti-inflammatory cytokine production, downregulate
PD-L1 expression on tumor cells to enhance T-cell acti-
vation, and produce short-chain fatty acids (SCFAs) like
butyrate, which support gut barrier integrity and regulate

immune-related gene expression [5]. By maintaining gut
health and preventing systemic inflammation, Akker-
mansia muciniphila helps sustain immune function,
underscoring the importance of microbiome-based strat-
egies for optimizing immunotherapy [10].

In addition to Akkermansia muciniphila and Faecali-
bacterium prausnitzii, several other microbial species
and their metabolic products may also significantly influ-
ence immunotherapy outcomes. For example, Bacte-
roides uniformis has been linked to the enhancement of
immune surveillance and the destruction of cancer cells,
potentially due to its role in regulating immune pathways
[12]. Similarly, Lachnospira eligens, part of the Lachno-
spiraceae family, is known for its ability to promote the
differentiation of T-helper 17 cells, which are crucial for
the body’s anti-tumor immune response [10]. Microbial
metabolites such as SCFAs, like butyrate and propion-
ate, play a key role in modulating immune functions,
including T-cell activation and anti-inflammatory effects,
which could improve immunotherapy responses [13].
SCFAs produced by bacteria like Phocaeicola vulgatus
and Bacteroides uniformis may help create a more favora-
ble tumor microenvironment, enhancing treatment out-
comes [14]. Furthermore, metabolites derived from the
tryptophan metabolic pathway, which are influenced by
gut bacteria, can modulate immune activity, with cer-
tain indole derivatives showing potential to enhance the
efficacy of immune checkpoint inhibitors [15]. On the
other hand, species like Parabacteroides distasonis and
Bacteroides fragilis, found in higher abundance in non-
responders (NR) than responders (R), may contribute to
immune suppression via their lipopolysaccharide (LPS)
production, which can induce chronic inflammation and
undermine effective immune responses [16]) (Supple-
mentary Table 1).

Despite growing evidence linking the gut microbi-
ome to immunotherapy outcomes in NSCLC, several
limitations remain. Most studies focus on taxonomic
composition without prioritizing specific microbial
strains or patient subgroups that may exhibit distinct
therapy responses. Additionally, strain-level profiling
is often lacking, limiting the identification of func-
tionally relevant microbial variations, such as single
nucleotide polymorphisms (SNPs), that may influ-
ence immunotherapy efficacy. Addressing these gaps
is essential for refining patient stratification and
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optimizing microbiome-based therapeutic strategies
to improve immunotherapy success rates in NSCLC.

While specific gut microbes, such as Akkermansia
muciniphila and Faecalibacterium prausnitzii, have
been linked to improved responses, microbiome-
targeted interventions remain largely unexplored.
Future research should focus on evaluating clinical
efficacy, optimal formulations, and mechanisms of
action of microbiome-based strategies, including pro-
biotics, prebiotics, and microbiome transplantation, to
enhance immunotherapy outcomes.

In this study, we sought to identify gut microbial
variations present in NSCLC patients to establish their
connection with the variable treatment responses. We
integrated metagenomic analysis, statistical meth-
ods, and machine learning (ML) models to prioritize
variants that classify R and NR in ICI therapy. We also
performed structural bioinformatics on reference and
variant proteins to analyze the potential effects of the
prioritized SNPs on the structure as well as their func-
tion. The overall workflow of our study is shown in
Fig. 1. We hope our findings will contribute to expand-
ing the current knowledge of the link between gut
microbiome, underlying genomic variations, and their
impact on the efficacy of immunotherapy in NSCLC
patients.
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Materials and methods

Metagenomic data acquisition and preprocessing

The metagenomic shotgun sequencing data used for
this study was obtained from the European Nucleotide
Archive (ENA) using accession number PRJEB22863
[17] via the SRA Toolkit (v3.0.0) (https://github.com/
ncbi/sra-tools). This dataset includes 87 NSCLC patients
who were treated with nivolumab. Metagenomic samples
were collected at three timepoints: TO (baseline, before
treatment initiation), T1 (after one month of treatment),
and T2 (after two months of treatment). The dataset con-
sisted of 65, 38, and 15 samples corresponding to TO, T1,
and T2, respectively. Importantly, each sample corre-
sponds to a single patient at a given time point. The male
to female patient ratio is 2.11:1 (59:28) which concludes
that male patients are more than twice as prevalent as
female patients in this dataset.

Based on treatment response, a total of 118 samples
were classified into R (59) and NR (59). Few patients had
samples at multiple time points (T0, T1, and/or T2), but
their response category (R or NR) was determined based
on their final treatment outcome. Some patients who ini-
tially responded at TO exhibited progression or resistance
at later time points (T1 and/or T2), while others main-
tained their initial response throughout treatment. In
these metagenomic samples, the average number of raw
reads per sample was around 20+ 3.46 Mbp (Supplemen-
tary Table 2).
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D —
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Fig. 1 Overview of the study workflow for prioritizing gut microbial SNPs linked to immunotherapy outcomes in NSCLC patients by integrative

bioinformatics analysis
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FastQC (v0.12.1) (https://www.bioinformatics.babra
ham.ac.uk/projects/fastqc/) was used for checking the
quality of the raw reads. After which, adapter trimming
and removal of low-quality reads were conducted using
the fastp (v0.23.4) [18]) with the following parameters:
-trim_frontl 5 (for trimming first 5 bases of each read),
-length_limit 265 (for setting the maximum allowed read
length to 265), and -length_required 100 (to discard reads
shorter than 100), respectively. Bases above position 265
had extremely poor-quality scores. Therefore, we kept
the maximum read length to 265 in this study. Finally,
BBduk (BBMap—Bushnell B.—sourceforge.net/projects/
bbmap/) was used to remove host-derived sequences
by mapping metagenomic reads to the human reference
genome (GRch38) and discarding mapped reads. The
average number of reads per sample in the post-pro-
cessed data was ~ 18.5+2.69 Mbp.

Strain diversity profiling, variant calling, and annotation
MetaPhlAn3 ([19], p. 3) was used to profile the micro-
bial species present in gut metagenome samples. Next,
StrainPhlAn3 [20] was used for identifying strains for
the highly abundant species with the following param-
eters: —phylophlan_mode fast (fast phylogenetic analy-
sis), -mutation_rates (mutation rates table for each of the
aligned markers), -marker_in_n_samples 20 (threshold
defining the minimum absolute number of samples for
a marker to be primary), and -sample_with_n_markers
20 (threshold defining the minimum absolute number
of markers for a sample to be primary). In StrainPhlAn,
identified marker sequences for each of the 25 species
underwent alignment using MUSCLE [21].

For each of the species for which StrainPhlAn3
reported the presence of strains, reference genomes were
retrieved from NCBI RefSeq. Genomic variants, includ-
ing single nucleotide polymorphisms (SNPs), multiple
nucleotide polymorphisms (MNPs), complex mutations,
deletions, and insertions, were profiled using Snippy
(https://github.com/tseemann/snippy) by aligning high-
quality reads against the respective reference genomes.

Statistical analysis and machine learning model
development
A-diversity was estimated using indices including the
Shannon index, richness, and evenness, with the R
library “vegan”. The Wilcoxon test was used to compare
the differences in a-diversity between the two treatment
response groups. Additionally, MaAsLin2 [22] was used
for the identification of associations between genes har-
boring variations and treatment response.

Next, we developed supervised machine learning mod-
els for prioritizing genomic variations at TO which are
predictive of NR status in patients treated with ICIs. The
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classifiers used included logistic regression (LR), support
vector machine (SVM), decision tree (DT), extreme gra-
dient boosting (XGBoost), gradient boosting machine
(GBM), and random forest (RF). Data was split into 80/20
train and test datasets, followed by the encoding of cat-
egorical data. To enhance model performance, hyperpa-
rameter tuning was conducted using GridSearchCV with
three-fold cross-validation. For the SVM classifier, regu-
larization strength (C) was tested at multiple values (0.1,
1, 10, 100), with a linear kernel selected for simplicity and
efficiency. For XGBoost, the number of boosting rounds
(n_estimators) was optimized at 50, 100, and 200, while
tree depth (max_depth) was tested at values of 3, 5, and 7.
Additionally, the learning rate was fine-tuned at 0.01, 0.1,
and 0.2, along with subsample ratios of 0.7, 0.8, and 0.9
to control for overfitting. Similarly, for the decision tree
model, tuning focused on maximum tree depth (None,
10, 20, 30), the minimum number of samples required
for a split (2, 5, 10), and the minimum samples per leaf
node (1, 2, 4). The best-performing model was selected
based on the highest accuracy, and its feature importance
scores were analyzed. The SNPs were filtered from the
genomic variations that occurred in the NR-associated
microbial genes belonging to the TO. The SNPs data was
given as input to the various above-mentioned ML classi-
fiers to prioritize them based on their importance values.

Protein sequence retrieval and comparative structural
analysis

For the genes predictive of NR status at TO, identified by
machine learning models, reference protein sequences
were retrieved from UniProt using accession numbers
AO0A3L7ZQF3 and A0A412ZJ10. The reference structures
of the retrieved proteins were manually mutated with the
SNPs prioritized by ML and evaluated for changes in res-
idue interactions using the PyMOL [23]. Additionally, the
active sites of the proteins were predicted using CASTp
to assess the involvement of reference and mutated resi-
dues in active site formation [24]. These analyses were
conducted to compare reference and mutated structures
and to examine any changes in residue interactions, par-
ticularly those involved in active site formation.

Next, we analyzed and compared the stability of the
reference and mutant forms using the MUpro (https://
mupro.proteomics.ics.uci.edu) and I-Mutant 2.0 (https://
folding.biofold.org/i-mutant), respectively [25, 26].
MUpro uses an SVM model to classify and predict the
stability of query proteins. The tool was trained on 615
single-site variations obtained from 42 different proteins.
Similarly, I-Mutant 2.0 is trained on 14,468 protein struc-
tures and employs an SVM-based classification to predict
protein stability when variations are introduced.
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Results

Dynamics of strain-level diversity in NSCLC patients
MetaPhlAn3 was used for profiling the taxonomic com-
position in NSCLC patients, which identified 1,655
microbial species in NSCLC patient samples (Supple-
mentary Table 3). Among these, 410 species were iden-
tified in TO, 374 in T1, and 252 in T2, with Phocaeicola
vulgatus, Bacteroides uniformis, Faecalibacterium praus-
nitzii, Phocaeicola dorei, and Parabacteroides distasonis
among the most abundant species. Stratifying the data
by treatment response, 1377 species were identified
in R whereas 1371 species were identified in NR. In R,
the most abundant species were Phocaeicola vulgatus,
Bacteroides uniformis, Faecalibacterium prausnitzii,
Phocaeicola dorei, and Akkermansia muciniphila, sug-
gesting their potential in positively influencing treatment
response. Conversely, in NR, Bacteroides uniformis, Pho-
caeicola vulgatus, Faecalibacterium prausnitzii, Para-
bacteroides distasonis, and Phocaeicola dorei were most
abundant. Next, we sought to determine the associations
between species with treatment response using MaAs-
Lin2. The results revealed significant positive associa-
tions of Phocaeicola vulgatus and Bacteroides caccae with
the R group of patients, with coefficients of 3.49 and 2.91,
respectively, and an FDR of 0.14 for both (Supplementary
Fig. 1).

We selected the 25 most abundant microbial species,
based on their relative abundance, to perform strain
diversity profiling using StrainPhlAn3. The results indi-
cated the presence of strains for 21 species out of 25
(top 10 abundant species with strains shown in Fig. 2a).
Strains for Akkermansia muciniphila, Phocaeicola copri,
Bacteroides stercoris,, Phocaeicola dorei, Faecalibacte-
rium prausnitzii, Bacteroides uniformis, and Phocaeicola
vulgatus were present across most of the timepoints,
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while strains for Roseburia faecis and Eubacterium rec-
tale were found only at TO, whereas Bacteroides fragilis
and Alistipes finegoldii were specific to T2 in NR. Strati-
fying by treatment response, strains in R were identified
at all three timepoints for Phocaeicola vulgatus, Bacte-
roides uniformis, while NR showed the strains for Bac-
teroides stercoris, Phocaeicola dorei, Faecalibacterium
prausnitzii and Bacteroides uniformis. Strains unique
in R belonged to Parabacteroides merdae, Lachnospira
eligens, and Escherichia coli whereas for NR the unique
strains belonged to Bacteroides fragilis, Alistipes finegol-
dii and Parabacteroides distasonis (Fig. 2b) (Supplemen-
tary Table 4).

Profiling gut microbial genomic variants in NSCLC patients
and their association with treatment response

Next, we selected the seven microbial species that
showed the presence of strains across most of the time-
points in R and NR, for the identification of genomic
variants that could potentially be linked with alter-
nate treatment responses. These included Akkermansia
muciniphila, Phocaeicola dorei, Bacteroides stercoris,
Bacteroides uniformis, Facalibacterium prausnitzii, and
Phocaeicola vulgatus. The only exception was Parabacte-
roides distasonis, which was chosen due to its presence
across all timepoints in NR (Fig. 2b).

A total of 83,583 variations were identified in R and NR
samples collectively as shown in Supplementary Fig. 2,
including 63,737 SNPs, 17,553 complex mutations, 1803
MNPs, 278 deletions, and 216 insertions. Among these,
35,615 and 47,969 variations were identified from R and
NR, respectively (Fig. 3a). Among these, Akkermansia
muciniphila showed 4197 vs. 5939 variations (2903 vs.
4245 SNPs), Phocaeicola dorei had 1971 vs. 2,719 varia-
tions (1633 vs. 2357 SNPs), Bacteroides stercoris showed
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Fig. 2 Distribution of species with identified strains in R and NR. a The box plot shows the top 10 most abundant species based on their relative
abundances. b The presence/absence plot illustrating the presence and absence of species with identified strains across different timepoints in R

and NR
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1801 vs. 3177 variations (1531 vs. 2653 SNPs), Bacte-
roides uniformis exhibited 21,964 vs. 26,810 variations
(16,636 vs. 19,876 SNPs), Faecalibacterium prausnitzii
contributed 1113 vs. 1532 variations (679 vs. 907 SNPs),
and Phocaeicola vulgatus displayed 4574 vs. 3291 varia-
tions (4027 vs. 2,938 SNPs), in R and NR, respectively but
Parabacteroides distasonis had all the 4507 variations in
NR (3351 SNPs) (Fig. 3b).

We compared the a-diversity among different time
points for R and NR groups based on genes and genomic
variations. For genes, no statistically significant differ-
ences in a-diversity were observed between the R and NR
groups at TO, T1 and T2 with their respective p-values
as 0.1487, 0.2382, and 0.7619. However, within the NR
group, a-diversity showed a continuous decrease from TO
to T2 (Fig. 3c). For genomic variants, a similar trend was
observed, with no significant differences in a-diversity
between R and NR groups with the p-values of 0.1487,
0.4664, and 0.6095 at TO, T1 and T2, respectively. In the
NR group, a-diversity continuously decreased from TO

to T2, whereas in the R group, a-diversity dropped at T1
and showed a slight increase at T2 (Fig. 3d).

Next, we performed association testing using MaAs-
Lin2 to identify the genes associated with R and NR sta-
tuses (Supplementary Table 5). The IpdA (dihydrolipoyl
dehydrogenase) gene was negatively associated with R,
showing a coefficient of — 0.967 and an FDR of 0.2335.
Similarly, nadB (L-aspartate oxidase) exhibited a negative
association with R, having a coefficient of — 0.591 and
an FDR of 0.2335. The genes sufD (Fe-S cluster assem-
bly protein SufD) and uxaC (glucuronate isomerase) also
showed a negative association with R, resulting in coef-
ficients of — 1.14 and — 0.952, respectively, both having
an FDR of 0.2335. Additionally, ftsA (cell division protein
FtsA), obgE (GTPase ObgE), rhaT (L-rhamnose-proton
symporter), and xylE (D-xylose transporter XylE) were
found to be significantly positively associated with NR,
showing coefficients of — 0.586, — 0.363, — 0.521, and
— 0.654, respectively, and FDR values around ~0.2354.
Hence, R exhibited lower association levels of these
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genes compared to NR (Fig. 4). The variant calling identi-
fied higher genomic variations in these associated genes
linked with NR, such as ftsA showing 35 variations in NR
compared to 7 in R, and sufD displaying 119 variations in
NR compared to 41 in R.

Machine learning models differentiate R and NR based

on prioritized SNPs

The machine learning models developed in this study
showed high performance in distinguishing R and NR
based on gut microbial SNPs at baseline. We hypoth-
esized that the genes found to be strongly associated
with NR, might harbor variations that may play a role
in patients being NR to ICI therapy. The performances
of ML models were evaluated in terms of accuracy,
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precision, recall, Fl1-score, and ROC AUC (Table 1).
The LR and XGB models performed similarly with an
accuracy of 91%, precision of 94%, recall of 89%, and an
F1-score of 91%, but LR showed the highest ROC AUC of
0.96 followed by XGB with 0.95 (Fig. 5 and Supplemen-
tary Figure 3). Using the LR model, we investigated the
SNPs that had the most significant effect on determin-
ing the response to immunotherapy. All prioritized SNPs
are listed in Table 2 belonging to Phocaeicola dorei and
Parabacteriodes distasonis with the highest importance
values.

The other models like RF, GBM, and DT also showed
good results with ROC AUC of 0.96, 0.94, and 0.92,
respectively (Supplementary Fig. 3). The models high-
lighted the microbial genes, including IpdA, sufD,
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Fig. 4 Genes identified by MaAsLin2 associated with treatment response. a-c The genes xylE, rhaT, and obgE show a negative association with R
and are found in NR. d-f The genes ftsA, sufD, and uxaC are inversely associated with R and are significantly present in NR. g, h The genes IpdA
and nadB are found to be negatively associated with R and are observed in NR

Table 1 Performance matrix of various ML models

Model Responders Non-responders

Precision Recall F1-score Precision Recall F1-score Accuracy AUC
Logistic regression 0.94 0.89 091 0.88 0.93 0.90 091 0.96
Random forest 0.89 0.87 0.88 0.89 091 0.90 0.89 0.96
Extreme gradient boosting 0.94 0.89 0.91 0.88 093 0.90 0.91 0.95
Gradient boosting machine 091 0.91 0.91 0.89 0.89 0.89 0.90 0.94
Decision tree 0.92 0.85 0.88 0.84 091 0.87 0.88 0.92

The performance matrix of different machine learning classifiers was integrated into the study to prioritize SNPs identified in TO samples associated with treatment

efficacy in NSCLC patients
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Fig. 5 The evaluation of best performing ML models. a The LR model’s ROC curve shows optimal performance in prioritizing baseline SNPs linked
to treatment response. b The confusion matrix of LR model records 42 true negatives, 06 false negatives, 03 false positives, and 47 true positives

in prioritizing baseline SNPs

Table 2 Prioritized SNPs via ML in NR to ICls at baseline (T0)

Species with identified strains Missense variation Genes Category
Bacteroides dorei c503C>T p.Alat6gval IpdA Non-responder
Parabacteroides distasonis c.697T>C p.Tyr233His

€.989T > C p.Leu330Ser

c8G>A p.Ser3Asn uxaC

C698A > G p.His233Arg obgE

The genomic missense variants in two species with identified strains at baseline in the genes associated with treatment response were predicted by different machine

learning models in R and NR to ICls

Table 3 Microbial genes with overlapping variations prioritized
by different machine learning models

Model Genes

LR sufD, IpdA, uxaC, and obgE
RF IpdA, sufD, uxaC, and nadB
XGBoost sufD, IpdA, obgE, and rhal
GBM sufD, obgE, rhaT, and xylE
DT sufD, IpdA, rhaT, and xylE

The overlapping genes listed in which SNPs were prioritized by the respective
machine learning models

uxaC, nadB, obgE, xylE, and rhaT, in which SNPs have
been observed to be important (Table 3). It can be seen
from the table that there is significant overlap in the
genes containing prioritized SNPs to determine the
model’s prediction with mostly sufD being the most
common one followed by lpdA, obgE, and rhaT.

Structural comparison of prioritized SNPs linked with NR
The impact of SNPs in the genes, prioritized through
ML models at TO, was further investigated using struc-
tural bioinformatics approaches. For this, the reference
structures for the respective proteins were retrieved
and mutated with the prioritized SNPs and evaluated
for changes in residue interactions, as described in
Materials and Methods. Histidine-233 was identified as
a critical residue contributing to the active site forma-
tion of the reference obgE protein. To assess the impact
of an SNP, Histidine-233 was substituted with Argi-
nine-233, and subsequent analysis revealed that the
replaced residue retained its role in active site forma-
tion. Similarly, in the [pdA protein, Tyrosine-233 when
mutated with Histidine-233, also contributed signifi-
cantly to the formation of the active site. The involve-
ment of mutated residues in active site formation
indicates that the SNPs in these genes may have pro-
found effect on the function by rendering these genes
respond differently to their target substrates.
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Furthermore, the effect of SNPs on protein stability
revealed that the stability of variant proteins got compro-
mised (Table 4), which can plausibly negatively impact
their normal function. The thorough examination of ref-
erence and mutant proteins further provides evidence of
the compromised stability in the SNP IpdA and obgE. In
the normal obgE, the Histidine-233 residue forms three
polar contacts with Glycine-231, Arginine-236, and His-
tidine-237. In contrast, the mutated Arginine-233 forms
only two polar contacts with Arginine-236 and Histi-
dine-237, which may account for its decreased stability
(Fig. 6). Similarly, observing the reference and mutated
structures of [pdA, three amino acids Alanine-168, Tyros-
ine-233, and Leucine-330 were mutated to Valine-168,
Histidine-233, and Serine-330, respectively (Fig. 7). Com-
parative analysis of the reference and mutant structures
of IpdA revealed that in the reference structure, Tyros-
ine-233 forms a polar contact with Glutamate-233 at a
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bond length of 3.0 A. However, in the mutant structure,
where Tyrosine-233 is replaced by Histidine-233, the
bond length is slightly reduced to 2.9 A. This reduction
increases the likelihood of molecular clashes between
the interacting amino acid residues, potentially com-
promising the overall stability of the mutant structure.
Therefore, the occurrence of SNPs in 0bgE and IpdA, may
have a great effect in its overall stability and functioning
respectively.

Discussion

NSCLC is an aggressive type of lung cancer with a high
mortality rate and the ability to evade the immune system
leading to immune suppression. While immunotherapy
has shown promising results in treating advanced stages
of NSCLC, its effectiveness is limited to certain tumor
types, and the high incidence of immune-related side
effects varies between individuals [27]. The challenges

Table 4 Genomic variants'structure stability predicted by SVM-based classification models

Webserver obgE (H233R) IpdA (A168V) IpdA (Y233H) IpdA (L330S)
MUpro (Stability) Decrease Increase Decrease Decrease
I-Mutant (Stability) Decrease Increase Decrease Decrease

The predicted stability of obgE significantly decreases when Histidine is mutated by Arginine. Similarly, the overall stability of I[pdA decreases when the wild type

residues are mutated respectively

AL

ER®330

Fig. 6 obgE reference and mutated structures. a It showed the position and overall interactions of Histidine residue with its neighbouring
residues. b It showed the position and interaction of the mutant protein. Three polar contacts are formed by Histidine-233 with Histidine-237
and Glysine-231 where nitrogen (purple) and oxygen (red) are actively involved. Similarly, two polar contacts are formed by the mutant residue

respectively
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Fig. 7 IpdA reference structure and mutant structure. a The figure demonstrates residues of wild type and its interactions with neighbouring
residues (if present). Tyrosine-233 makes a polar contact with Glutamate-201 making a bond length of 3.0 A. Amino group of Tyrosine-233

and oxygen of Glutamate-201 is involved in polar contact. b The figure demonstrates residues of mutant type and its interactions

with neighbouring residues (if present). Histadine-233 makes a polar contact with Glutamate-201 making a bond length of 2.9 A. Amino group
of Histadine-233 and oxygen of Glutamate-201 is involved in polar contact

of immunotherapy for NSCLC are numerous and com-
plex. One of the primary challenges is the heterogene-
ity of NSCLC, which means that different patients may
respond differently to immunotherapy. This heteroge-
neity can be attributed to several factors, such as tumor
genotype, immune status, and tumor microenvironment
[28]. Recent advancements in sequencing technolo-
gies have highlighted the influence of gut microbiome,
including specific strains and genomic variations on
immunotherapy outcomes [29]. However, further studies
are needed to improve our understanding.

Specific microbial species identified in this study can
potentially be associated with variable treatment effi-
cacy between R and NR. In R, predominant microbial
species included Phocaeicola vulgatus, Bateroides uni-
formis, Faecalibacterium prausnitzii, Phocaeicola dorei,
and Akkermansia muciniphila, known for their positive
effects on gut health and immune function, thus support-
ing favorable treatment outcomes [13]. Conversely, NR
exhibited a higher abundance of Parabacteroides dista-
sonis and Phocaeicola dorei, which are associated with
less effective treatment responses and are more prevalent
in this group [16]. Advanced strain-resolved metagen-
omic technique was employed to identify specific micro-
bial strains within these top abundant species [15]. Strain

diversity analysis showed that strains for certain species,
including Phocaeicola dorei, Bacteroides uniformis, and
Faecalibacterium prausnitzii, were consistently present
at all sampled timepoints in both R and NR, highlight-
ing their stable influence within the microbiome. Nota-
bly, the abundance of Phocaeicola dorei has been linked
to longer progression-free survival (PFS) in patients [14].
Bacteroides uniformis is considered to enhance immune
recognition and destruction of tumor cells; its pres-
ence is associated with higher microbial diversity and
may enhance the effectiveness of ICls. Faecalibacterium
prausnitzii, known for its anti-inflammatory properties,
is associated with higher production of SCFAs which can
modulate immune responses and enhance treatment effi-
cacy [12]. Unique strains found exclusively in R included
strains of Lachnospira eligens, Escherichia coli, and Para-
bacteroides merdae. The Lachnospiraceae family, to
which Lachnospira eligens belongs, is known for boost-
ing immune responses and enhancing immunotherapy
effectiveness by promoting the differentiation of T-helper
17 cells, hence, essential for anti-tumor immunity [10].
Although typically considered pathogenic, certain
Escherichia coli strains can beneficially affect the immune
system, enhancing immunotherapy responses by influ-
encing immune cell activity and promoting a conducive
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tumor microenvironment [30]. Parabacteroides merdae
has been explored for its role in impacting the gut micro-
biome’s effect on immune responses [31]. On the other
hand, Parabacteroides distasonis and Bacteroides fragi-
lis were found specifically in NR. Studies suggested that
NSCLC patients with lower levels of these bacteria had
better responses to PD-1 immunotherapy, indicating that
these bacteria might be linked to worse immunotherapy
outcomes [32].

NSCLC is often influenced by specific genomic vari-
ations that affect treatment effectiveness. The genomic
landscape of NSCLC includes various mutations that
enable the development of targeted treatments. However,
the response to immunotherapy, particularly with IClIs,
can vary significantly among patients due to tumor het-
erogeneity and distinct genomic variations [33]. In this
study, NR showed a higher number of genomic varia-
tions compared to R, suggesting a relationship between
genomic diversity and treatment response. Several genes,
including IpdA, nadB, sufD, uxaC, ftsA, obgE, rhaT, and
xylE have been found to be significantly associated with
treatment outcomes in NSCLC. These genes are involved
in crucial biological processes and metabolic pathways
that could help explain differences in treatment results.
For instance, the gene lpdA, which is vital for the oxida-
tive decarboxylation of pyruvate and other a-keto acids,
supports tumor growth and survival in NSCLC by affect-
ing cellular redox balance and energy metabolism [34].
The nadB gene, essential for NAD (nicotinamide ade-
nine dinucleotide) biosynthesis, plays a key role in redox
reactions necessary for cellular metabolism and energy
generation. NAD metabolism disruptions, often seen in
NSCLC, can alter cellular energy balance and encourage
cancer cell proliferation [35]. The sufD gene, involved in
forming iron-sulfur clusters which are key components
for many enzymes, can influence mitochondrial func-
tion and genomic stability, potentially promoting cancer
development [36]. The uxaC gene, which helps break
down uronic acids, reflects the complex carbohydrate
metabolism within tumor environments [37].

The ftsA gene is crucial for bacterial cell division,
playing a role in cytokinesis [38]. The obgE gene, which
codes for a GTP-binding protein, is linked to ribosome
assembly, stress response, and cell cycle regulation. These
functions are often modified in cancer to support tumor
growth and resistance to therapy [39]. The genes rhaTl
and xylE, involved in sugar metabolism and transport,
such as rhamnose and xylose, indicate shifts in sugar
metabolism pathways that may affect the tumor environ-
ment and cellular metabolism [40]. The genomic varia-
tions occurring in the above-mentioned genes may affect
their normal functions and hence may disrupt their asso-
ciated pathways impacting the tumor microenvironment,
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metabolic adaptability, and immune evasion mecha-
nisms, ultimately influencing the efficacy of ICIs in
NSCLC patients. These metabolic pathway disruptions
associated with these genes could be key in determining
NSCLC treatment effectiveness.

Regarding the a-diversity of microbial genes harboring
variations, a contrasting pattern was observed. The fluc-
tuations in R could be indicative of an initial perturbation
followed by adaptation phase. Conversely, NR exhibited
a steady decline in a-diversity across timepoints, sug-
gesting a continuous reduction in gene diversity which
might be linked to a lack of response to immunother-
apy. However, the observed differences between the two
groups at the three timepoints were statistically not sig-
nificant. The decrease in a-diversity observed in NR may
be partly due to the limited number of samples available
at the T2 timepoint, which could have influenced the
results. In R, the a-diversity of genomic variants exhib-
ited an initial decline from TO to T1, followed by a recov-
ery and increase at T2, suggesting an adaptive genomic
response to the immunotherapy over time. This increase
could reflect the tumor’s or microbiome’s ability to adjust
to treatment pressures. Conversely, NR demonstrated
a steady decline in a-diversity from TO to T2, indicating
a lack of such adaptive changes. Despite this trend, NR
maintained a consistently higher mean a-diversity com-
pared to R, which could indicate a genetically diverse
microbial community that, however, might be less
responsive or adaptable to immunotherapy. These find-
ings highlight the complex interplay between microbial
diversity and treatment outcomes, suggesting that while
microbial diversity may be higher in NR, it may not nec-
essarily correlate with a better therapeutic response.

Machine learning models, particularly LR classi-
fier, effectively prioritized key SNPs that were linked
with treatment response at baseline in NR, providing
robust predictive power with high accuracy, precision,
and recall. Important genes such as sufD, lpdA, rhaT,
and xylE, along with significant missense variants like
p.-Alal68Val, p.His233Arg, p.Met418Leu, p.Tyr233His,
and p.Ala311Thr, were consistently highlighted, under-
scoring their relevance in classifying R and NR. These
prioritized SNPs may determine the suitability of the
patients for ICI therapy by profiling them based on their
baseline characteristics.

The structural and stability effects of SNPs prioritized
through ML in the normal obgE and IpdA proteins, may
play important roles in the normal functioning of the dif-
ferent bacteria by enabling energy production, metabo-
lism and helping it cope with oxidative stress [41-43].
The presence of SNPs at key residues, such as Histi-
dine-233 in obgE and Tyrosine-233 in [pdA, highlights
important considerations regarding protein function
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and stability. While these SNPs may not completely dis-
rupt the involvement of the active sites in the respective
protein functions, they can significantly impact the over-
all stability of the proteins. Specifically, the substitution
of Histidine-233 with Arginine-233 in obgE results in a
reduction of polar contacts, leading to decreased protein
stability, which could compromise its functional integrity.
Similarly, the change of Tyrosine-233 to Histidine-233 in
IpdA, along with alterations to residues like Leucine-330,
further destabilizes the protein structure, potentially
influencing its enzymatic activity. Although the active
sites may still remain engaged after the variation, the
reduced stability of the variant proteins is a crucial factor
that may inhibit their normal functionality. This desta-
bilization could ultimately have an impact on treatment
response, as the altered proteins may not perform opti-
mally, potentially affecting treatment outcomes in clinical
settings. These findings suggest that even small genetic
variations can significantly impact protein stability and,
as a result, therapeutic efficacy. This underscores the
importance of further research to understand how these
variations affect treatment responses in NSCLC patients.

The SNPs identified in this study hold significant clini-
cal potential as biomarkers for patient stratification
and treatment decision-making in NSCLC. Machine
learning models prioritized key SNPs, including
p-Alal68Val, p.His233Arg, p.Met418Leu, p.Tyr233His,
and p.Ala311Thr, that were predictive of NR status at
baseline. These prioritized variants may serve as early
indicators of a patient’s likelihood to respond to ICI
therapy, enabling a more personalized approach to treat-
ment selection. By integrating SNP profiling into clinical
workflows, clinicians may be able to identify high-risk
patients who may not benefit from standard ICI therapy
and explore alternative or combination treatments.

This study has several limitations. First, the small sam-
ple size may limit the generalizability of the reported
findings. Second, it focuses on a single cohort, which may
not fully capture the variability and diversity across dif-
ferent populations. Additionally, while the study employs
a longitudinal design, the limited number of timepoints
prevents the establishment of reliable links between
microbiome patterns and treatment outcomes. Further-
more, it is important to note that this work is based solely
on in silico analyses, and the results need to be experi-
mentally validated to confirm their biological relevance.

Future research should focus on experimental valida-
tion of these findings through in vitro and in vivo studies
to confirm the biological impact of the identified SNPs
and microbial strains on immune responses and treat-
ment efficacy. Additionally, larger multi-cohort studies
with extended follow-up periods are needed to estab-
lish reliable associations between microbiome shifts
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and treatment outcomes. Furthermore, the potential
of microbiome-targeted interventions, such as probi-
otics, prebiotics, and fecal microbiota transplantation
(FMT), in modulating immune responses remains under-
explored. Evaluating whether these interventions can
enhance immunotherapy efficacy and be integrated into
NSCLC treatment protocols will be crucial in translating
microbiome and SNP-based findings into clinical appli-
cations for improved patient outcomes.

Conclusion

This study underscores the association between gut
microbial strains and genomic variants with the efficacy
of immunotherapy in NSCLC patients. By integrating
metagenomics, machine learning, and structural bioin-
formatics, we successfully prioritized microbial genes
and variants that hold potential as biomarkers for deter-
mining NSCLC patient’s suitability for ICI-based treat-
ments. Nevertheless, these findings warrant validation
through carefully designed experimental studies in the
future.
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