
Dora et al. Journal of Translational Medicine         (2024) 22:1044  
https://doi.org/10.1186/s12967-024-05835-y

RESEARCH Open Access

© The Author(s) 2024. Open Access  This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if 
you modified the licensed material. You do not have permission under this licence to share adapted material derived from this article or 
parts of it. The images or other third party material in this article are included in the article’s Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To 
view a copy of this licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by-​nc-​nd/4.​0/.

Journal of 
Translational Medicine

Gut metatranscriptomics based de 
novo assembly reveals microbial signatures 
predicting immunotherapy outcomes 
in non‑small cell lung cancer
David Dora1, Peter Kiraly2, Csenge Somodi3, Balazs Ligeti4, Edit Dulka2, Gabriella Galffy2 and Zoltan Lohinai3* 

Abstract 

Background  Advanced-stage non-small cell lung cancer (NSCLC) poses treatment challenges, with immune check-
point inhibitors (ICIs) as the main therapy. Emerging evidence suggests the gut microbiome significantly influences 
ICI efficacy. This study explores the link between the gut microbiome and ICI outcomes in NSCLC patients, using 
metatranscriptomic (MTR) signatures.

Methods  We utilized a de novo assembly-based MTR analysis on fecal samples from 29 NSCLC patients undergoing 
ICI therapy, segmented according to progression-free survival (PFS) into long (> 6 months) and short (≤ 6 months) PFS 
groups. Through RNA sequencing, we employed the Trinity pipeline for assembly, MMSeqs2 for taxonomic classifica-
tion, DESeq2 for differential expression (DE) analysis. We constructed Random Forest (RF), Support Vector Machine 
(SVM), and Extreme Gradient Boosting (XGBoost) machine learning (ML) algorithms and comprehensive microbial 
profiles.

Results  We detected no significant differences concerning alpha-diversity, but we revealed a biologically relevant 
separation between the two patient groups in beta-diversity. Actinomycetota was significantly overrepresented 
in patients with short PFS (vs long PFS, 36.7% vs. 5.4%, p < 0.001), as was Euryarchaeota (1.3% vs. 0.002%, p = 0.009), 
while Bacillota showed higher prevalence in the long PFS group (66.2% vs. 42.3%, p = 0.007), when comparing 
the abundance of corresponding RNA reads. Among the 120 significant DEGs identified, cluster analysis clearly sepa-
rated a large set of genes more active in patients with short PFS and a smaller set of genes more active in long PFS 
patients. Protein Domain Families (PFAMs) were analyzed to identify pathways enriched in patient groups. Pathways 
related to DNA synthesis and Translesion were more enriched in short PFS patients, while metabolism-related path-
ways were more enriched in long PFS patients. E. coli-derived PFAMs dominated in patients with long PFS. RF, SVM 
and XGBoost ML models all confirmed the predictive power of our selected RNA-based microbial signature, with ROC 
AUCs all greater than 0.84. Multivariate Cox regression tested with clinical confounders PD-L1 expression and chemo-
therapy history underscored the influence of n = 6 key RNA biomarkers on PFS.

Conclusion  According to ML models specific gut microbiome MTR signatures’ associate with ICI treated NSCLC out-
comes. Specific gene clusters and taxa MTR gene expression might differentiate long vs short PFS.
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Background
Lung cancer is the leading cause of cancer-related 
deaths worldwide (11.6% of the total cases [1]. The 
frontline treatment regimens frequently administered 
in advanced-stage non-small cell lung cancer (NSCLC) 
patients are immune checkpoint inhibitor monother-
apy (ICI) or ICI combinations [2]. The 5-year survival 
for NSCLC immunotherapy-treated patients as a sin-
gle agent is 30% in a biomarker-selected (high PD-L1 
expression), and 10–20% in biomarker- unselected 
cohorts [3].

The intestinal microbiome’s role as an anti-tumor 
response mediator has been under intense scrutiny 
lately, with a special focus on ICI and chemotherapy 
(CHT) treatments [4–7]. Several distinct associations 
have been discovered between the presence of cer-
tain bacterial species/genus and favorable ICI treat-
ment outcomes, such as Akkermansia [5], Alistipes 
putredinis, Bifidobacterium longum and Prevotella 
copri [8], Alistipes and Barnesiella [4], Bacteroides 
dorei and Parabacteroides distasonis [9] in NSCLC, 
Akkermansia in renal cell carcinoma (RCC) [5] and in 
hepatocellular carcinoma (HCC) [10], Clostridiales, 
Ruminococcaceae, Faecalibacterium [11], Bifidobacte-
rium, Collinsella, and Enterococcus in melanoma [12].

The widespread joint -use of the -omics technologies 
allows us to observe an extensive molecular landscape 
and behavior of a particular microbe, or the commu-
nity level. The characterization of the bacterial taxa 
can be performed with DNA-based shotgun metagen-
omics (MG), RNA-based metatranscriptomics (MTR), 
and protein-based metaproteomics methods [13]. Most 
studies used so far MG approaches that provide infor-
mation on the relative abundance and metabolic poten-
tial of certain taxonomic units, meanwhile the MTR 
that brings us data referring to the gene expression 
profile of the microbial community with a focus on cur-
rently active genes [14].

Microbes can contribute to the development of cer-
tain diseases like obesity, inflammatory bowel disease 
(IBD), and cancer; however, in healthy individuals, 
only 28% of the metagenomically identified pathways 
are widely transcribed [15]. To date, MTR approaches 
have highlighted the importance of the metabolic 
dominance of Faecalibacterium prausnitziii, Bacte-
roides vulgatus, and Alistipes putredinis in IBD [16]. 
In a transcriptomic analysis of colorectal patients, a 
greater expression of antibiotic resistance genes was 

observed than in healthy individuals [17]. In melanoma, 
transcriptomics revealed a correlation between short 
progression-free survival (PFS) and the activity of spe-
cific biosynthetic pathways (l-rhamnose degradation, 
guanosine nucleotide biosynthesis, and B vitamin bio-
synthesis) [18]. In addition, it was reported in patients 
with oral squamous cell carcinoma (OSCC) evaluated 
by MTR analysis, that an increase in peptidase activity, 
oxidative stress, and iron acquisition is overrepresented 
in tumor samples compared to healthy tissues [19]. 
The pathway analysis shed light on the upregulation of 
anaerobic respiration, ribosome biogenesis, and glycer-
ophospholipid metabolism, and the downregulation of 
inositol phosphate and flavonoid metabolism in breast 
cancer [13]. A study by Wong-Rolle et al. [20] examined 
the mutational burden of the tumor and the adjacent 
tissue. In contrast, another paper by Chang et  al. [21] 
studied the association between immune functions and 
survival by analyzing intratumoral bacteria. Neverthe-
less, several studies examined the role of MTR in can-
cer; immunotherapeutic aspects are not well described. 
Currently, there is no extensive study on gut MTR in 
NSCLC treated with ICI.

To our knowledge this is the first study on metatran-
scriptomics of the gut microbiome and immunotherapy 
treatment outcomes. Our study might help to understand 
treatment resistance mechanisms and reveal new poten-
tial targets. In the present study, a de novo assembly-
based MTR analysis of advanced-stage NSCLC patients 
treated with ICI was performed to shed light on distinct 
microbial RNA signatures in patients with different 
ICI-outcomes.

Materials and methods
Study population
Our study enrolled n = 29 consecutive patients with a 
histological diagnosis of adenocarcinoma (ADC), squa-
mous cell carcinoma, or NSCLC not otherwise speci-
fied (NSCLC-NOS), all at an advanced stage of NSCLC 
(stage IIIB/IV), treated with immune checkpoint inhib-
itors (ICI) between 2019 and 2021 at the Pulmonology 
Hospital of Pulmonology, Torokbalint, Hungary. The 
clinical TNM (Tumor, Node, Metastasis) staging fol-
lowed the 8th edition of the Union for International 
Cancer Control criteria at diagnosis. Age, gender, his-
tology, stage, smoking pack year (PY), line of immuno-
therapy ((first-line, or CHT-naïve) vs. subsequent line 
or CHT-treated)), Chronic Obstructive Pulmonary 
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Disease (COPD) comorbidity (present vs not present), 
tumor PD-L1 expression (IHC, < 50% vs. ≥ 50%), ICI 
Response (R) at 3  months, progression-free survival 
(PFS) in months, PFS group (Long PFS vs Short PFS) 
and BMI (≤ 30 or > 30  kg/m2) comprised the clinico-
pathological data (Table 1). ICI-treated patients show-
ing complete response (CR), partial response (PR), 
or stable disease (SD) for a minimum of six months 
were categorized as having long PFS (> 6  months). 
Conversely, those with progressive disease within six 
months after starting treatment were categorized as 
short PFS (≤ 6  months). PFS was calculated from the 
start of ICI therapy to the point of disease progression, 
as defined by RECIST 1.1 criteria. The cutoff date for 
the last follow-up included in this study was March 
1st, 2022. Treatment protocols adhered to the current 
National Comprehensive Cancer Network guidelines. 
Patients with an ECOG performance status of 0–2 

were included in our study. Inclusion criteria required 
patients to provide informed consent and baseline stool 
samples within a seven-day window before or after the 
first intravenous ICI dose. On the day of collection, 
samples were stored at − 80 °C for subsequent microbi-
ome isolation and sequencing.

In our cohort, n = 5 patients received a combination 
of chemotherapy- immunotherapy (pembrolizumab, 
pemetrexed and Carboplatin combination). Other 
patients received standard-of-care pembrolizumab 
treatment (n = 11) in first-line and nivolumab treatment 
(n = 8) in subsequent lines according to the contempo-
rary reimbursements of standard of care treatments. 
Participants in this cohort included patients treated 
with PD-1 inhibitors durvalumab (n = 2) and atezoli-
zumab (n = 3), who were part of phase III clinical tri-
als. The collection of samples in this context was not 
classified as a therapeutic intervention and thus did not 
require registration on clinicaltrials.gov.

Table 1  Clinical characteristics of patients

*Chi squared test

Long PFS (n = 16) Short PFS (n = 13) p-value*

Age [years (mean)] 57.5 ± 7.9 60 ± 6.4 0.091

Gender

   Male [52% (n = 15)] Male [44% (n = 7)] Male [62% (n = 8)] 0.34

   Female [48% (n = 14)] Female [56% (n = 9)] Female [38% (n = 5)]

Histology

  ADC [65% (n = 19)] ADC [63% (n = 10)] ADC [70% (n = 9) 0.895

  SCC [25% (n = 7)] SCC [25% (n = 4)] SCC [23% (n = 3)]

  NSCLC-NOS [10% (n = 3)] NSCLC-NOS [12%(n = 2)] NSCLC-NOS [7% (n = 1)]

Stage

  IIIb [24% (n = 7)] IIIb [19% (n = 3)] IIIb [31% (n = 4)] 0.451

  IV [76% (n = 22)] IV [81% (n = 13)] IV [69% (n = 9)]

  PFS [months, (median)] 15.8 ± 9.4 months 3.2 ± 1.7 months < 0.001

Chemotherapy

  Treated [31% (n = 9)] Treated [13% (n = 2)] Treated [54% (n = 7)] 0.039*
  Naive [69% (n = 17)] Naive [87% (n = 11)] Naive [46% (n = 6)]

PD-L1 TPS

  > 50% [55% (n = 16)] > 50% [75% (n = 12)] > 50% [31% (n = 4)] 0.023*

  ≤ 50% [34% (n = 10)] ≤ 50% [19% (n = 3)] ≤ 50% [54% (n = 7)]

  N/A [11% (n = 3)] N/A [6% (n = 1)] N/A [15% (n = 2)]

  Smoking [pack-years (mean)] 40.1 ± 8.5 37.3 ± 10.6 0.26

COPD comorbidity

  Yes [31% (n = 9)] Yes [38% (n = 6)] Yes [23% (n = 3)] 0.483

  No [66% (n = 19)] No [62% (n = 10)] No [70% (n = 9)]

  N/A [3% (n = 1)] N/A [0% (n = 0)] N/A [7% (n = 1)]

BMI

  > 30 kg/m2 [21% (n = 6)] > 30 kg/m2 [12% (n = 2)] > 30 kg/m2 [31% (n = 4)] 0.151

  ≤ 30 kg/m2 [62% (n = 18)] ≤ 30 kg/m2 [75% (n = 12)] ≤ 30 kg/m2 [46% (n = 6)]

  N/A [17% (n = 5)] N/A [13% (n = 2)] N/A [23% (n = 3)]
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Sample processing
The method of sample preparation was previously 
described in Dora et al., [4], briefly: 300 mL of 80% aque-
ous methanol was added to each 100 mg of fecal mate-
rial in homogenizer tubes, processed on dry ice. Samples 
were homogenized using the Bead Ruptor 24 Elite (Heart 
program: 6 m/s, 30 s), vortexed for 10 s, then centrifuged 
at 13,000 rpm and 4 °C for 10 min. The supernatant was 
collected, placed in a 96-well filter plate, and centrifuged 
for an additional 5 min at 700 g, and 4 °C. Patients were 
recruited into the study upon consenting and providing 
stool samples within a week of diagnosis, immediately 
stored at − 80 °C for sequencing.

Shotgun metatranscriptomic pipeline
The RNA was extracted using the Quick RNA Fecal/
Soil Microbe Microprep kit from Zymo Research. This 
involved a 40-min bead beating process of a 100 mg stool 
sample in 1 mL of S/F RNA Lysis Buffer. The mixture was 
then centrifuged for 1  min, and 400  μl of the resulting 
supernatant was passed through a Zymo-Spin™ IIICG 
Column2 at 3000×g for 30 s. This was followed by adding 
an equal amount of 95% ethanol to the filtered superna-
tant, and transferring it to a new Zymo-Spin™ IIICG Col-
umn2 for RNA to adhere. The column was subsequently 
cleansed with 400  μl RNA Prep Buffer. The RNA was 
then collected in 100 μl Nuclease-free water and moved 
to a Zymo-Spin™ III-HRC Filter, where it was centrifuged 
at 8000×g for 3  min. The RNA obtained was combined 
with a 200  μl RNA binding buffer and an equal volume 
of 95% ethanol, then placed onto a Zymo-Spin™ IC Col-
umn2. Following the removal of the supernatant, the 
RNA underwent DNAse I treatment, which consisted 
of washing it with RNA wash buffer and incubating with 
5 μl DNAse I and 35 μl DNA digestion buffer for 15 min. 
Afterward, it was washed once with 400  μl prep buffer 
and twice with RNA wash buffer, then gathered in 15 μl 
RNAse/DNAse free water. The quality and quantity of the 
isolated RNA were determined using a Qubit fluorom-
eter with a Qubit HS RNA kit from Thermofisher and a 
Labchip GX Touch with RNA Pico Sensitivity Assay from 
Perkin Elmer. For depleting ribosomal RNA, 250  ng of 
RNA was treated with NEBNext rRNA depletion kit v2 
(for human/mouse/rat) and NEBNext rRNA depletion 
kit (for bacteria), using a 1:1 mix of hybridization probes. 
This was in accordance with the manufacturer’s guide-
lines, followed by library preparation with the Nextflex 
Rapid Directional RNA-Seq kit, including 12 min of frag-
mentation to achieve a library size of 320–430 bp.

In the library preparation process, KAPA Single indexes 
compatible with Illumina systems were employed for 
indexing, involving 10 cycles of PCR. The concentration 
and size of the final library were assessed using a Qubit 

fluorometer and a Labchip GX Touch, specifically with 
the DNA NGS 3 k assay. Sequencing of the samples was 
conducted using the NextSeq system, generating paired 
reads with a length of 81 base pairs each, approximately 
totaling 20 million read pairs.

De novo transcriptome assembly
The primary goal of de novo assembly was to reconsti-
tute a comprehensive and accurate representation of 
the transcriptome from fragmented RNA-seq reads. 
The complex mixture of these reads from various parts 
of different transcripts also includes elements like tran-
scriptional noise, sequencing artifacts, and transcript 
isoforms due to alternative splicing events. A funda-
mental building block of this process involves the use of 
k-mers. The initial step in the assembly involves creat-
ing a comprehensive catalog of all possible k-mers for a 
given ‘k’ value and identifying the reads from which these 
k-mers originate. A De Bruijn graph assembler pipeline, 
Trinity https://​github.​com/​trini​tyrna​seq/​trini​tyrna​seq/​
wiki [22] was utilized that uses a graph-based approach 
to represent these k-mers. In this graph, each k-mer is 
represented as a node (or vertex), and a directed edge is 
established between two nodes if their respective k-mers 
overlap by k-1 nucleotides. This graphical representation 
allows the assembly process to be visualized as finding 
paths through the graph, where each path corresponds 
to a possible sequence from which the k-mers could have 
originated. The assembly proceeds by extending these 
paths until no further extensions are possible, and each 
distinct path is then retrieved as a separate contig, repre-
senting a potential transcript [23].

De novo assembly, particularly in the context of tran-
scriptomes, produces many disconnected De Bruijn sub-
graphs, each representing groups of related sequences, 
like transcript isoforms or closely related paralogs. The 
contigs generated are then subjected to further post-pro-
cessing to filter and group them, yielding a representative 
set of assembled sequences. In our analysis, k-mer length 
was set to the default option recommended by the Trinity 
assembler. Trinity stands out among the De Bruijn graph-
based assemblers for its robustness and wide usage. It 
identifies contigs potentially related biologically (like 
splice variants) and groups them as gene isoforms, aiding 
subsequent analyses like differential gene expression [22].

Post‑assembly quality control
In the post-assembly quality control phase, the assem-
bly is evaluated to ensure accuracy and completeness. 
Sequence length, fragmentation, and read support 
were assessed using SeqKit [24] to compute N50 val-
ues. Because of the limited suitability of the N50 met-
ric for transcriptome assemblies, the ExN50 metric was 

https://github.com/trinityrnaseq/trinityrnaseq/wiki
https://github.com/trinityrnaseq/trinityrnaseq/wiki
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used for evaluating transcriptome assemblies in Trinity. 
The ExN50 metric provides a nuanced representation 
of assembly quality by focusing on the top expressed 
transcripts, thereby countering the biases introduced 
by short, lowly expressed transcripts and long isoforms 
from highly expressed transcripts [25]. The assembly’s 
composition was then examined using Benchmark-
ing Universal Single-Copy Orthologs (BUSCO), which 
assesses the presence of essential universal single-copy 
orthologs, providing a measure of the assembly’s com-
pleteness. Next, the DETONATE tool [26] was used 
with the Bellerophon pipeline [27]. These tools provide 
a holistic assessment by integrating read mapping met-
rics, evaluating the presence of chimeric sequences, 
and comparing the assembly against known sequences 
and databases.

Alignment, abundance estimation, and redundancy 
reduction of transcripts
Next, the quality of a de novo assembled transcriptome 
was gauged by the proportion of input reads. Alignment 
and abundance estimation was performed using an effi-
cient single-step approach called pseudoalignment, by 
Kallisto [28] (https://​github.​com/​pacht​erlab/​kalli​sto), 
which leverage k-mer similarities to associate reads with 
contigs. During abundance estimation, TPMCalcula-
tor [29] was used to calculate normalized metric tran-
scripts per million (TPM). Assemblers often produce 
more sequences than the genome’s gene count due to 
transcriptional noise and alternative splicing, leading to 
a surplus of contigs, including transcriptional artifacts, 
pre-mRNA, and ncRNA. Clustering tool MMSeqs2 [30, 
31] was used for Assembly thinning, which grouped 
sequences by sequence identity and coverage thresholds 
to reduce redundancy (https://​github.​com/​soedi​nglab/​
MMseq​s2).

Differential expression analysis and RNA classification
The Differential expression (DE) analysis was performed 
with the Deseq2 package [32] (https://​bioco​nduct​or.​
org/​packa​ges/​relea​se/​bioc/​html/​DESeq2.​html) of the 
R software package involving the creation of a matrix 
where each row is a unique sequence and each column 
a sample-replicate, indicating the number of reads per 
sequence per sample-replicate. Multiple t-tests were 
used to compare the mean read counts for each sequence 
across replicates between conditions. Tximport was used 
for data preparation [33]. Corrected P-values indicate the 
statistical significance of expression differences between 
conditions, while log2FoldChange (FC) values represent 
the magnitude of expression changes.

RNA classification and taxonomic alignment
Ad hoc classification primarily involved assessing the 
coding potentials of assembled contigs using the CPAT 
tool [34]. Only contigs exceeding a default threshold for 
coding potential or those generating a peptide sequence 
via translation were retained. More detailed classifica-
tion was performed using INFERNAL [35] (INFERence 
of RNA ALignment, Nawrocki and Eddy 2013), which 
employs covariance models and the Rfam database to 
classify input sequences into rRNAs, tRNAs, and lncR-
NAs. Infernal can also indirectly identify mRNAs by 
process of elimination. rRNA identification was cross-
validated using RNAmmer [36] as an alternative. For 
DEG analysis and functional annotation, only mRNA 
transcripts with coding potential were included in the 
analyses, leaving a total of n = 7489 potential protein-
coding gene transcripts. Finally, MMSeqs2 (https://​
bio.​tools/​MMseq​s2) was employed for the taxonomic 
annotation of identified transcripts through its inte-
grated modules.

Diversity analyses
The microbial abundance data derived from RNA reads 
after taxonomic matching with MMSeqs2 were log-
transformed, then, Shannon- and Simpson index, and 
Bray–Curtis dissimilarity were calculated to assess alpha-
diversity and quantify compositional differences between 
samples. For beta-diversity analysis, non-metric multidi-
mensional scaling (NMDS) was applied to visualize the 
dissimilarity between patients with ellipsoids and cen-
troids added to indicate group-level variation for patients 
with long- and short PFS. Permutational analysis of vari-
ance (permanova) was used to test if compositional dif-
ferences were statistically significant.

Cluster analyses
Data including the TOP 120 Trinity IDs derived from 
DEG analysis was normalized and scaled using Z-scores. 
Heatmaps were constructed with Seaborn’s clustermap 
function. Hierarchical clustering was performed using 
Scikit-learn’s AgglomerativeClustering class with Ward’s 
method and Euclidean distance. The optimal cluster 
number was determined using the silhouette coefficient 
implemented in silhouette_score. Cluster dendrograms 
were visualized using a dendrogram from SciPy. Prin-
cipal Component analysis (PCA) was performed with 
Scikit-learn’s PCA class. An elbow plot was constructed 
to determine the optimal number of clusters based on the 
explained variance ratio per component. Ultimately, the 
first 3 PCs were retained for further analysis, capturing 
a cumulative 73.3% of variance. These components were 

https://github.com/pachterlab/kallisto
https://github.com/soedinglab/MMseqs2
https://github.com/soedinglab/MMseqs2
https://bioconductor.org/packages/release/bioc/html/DESeq2.html
https://bioconductor.org/packages/release/bioc/html/DESeq2.html
https://bio.tools/MMseqs2
https://bio.tools/MMseqs2
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visualized using a 3D PCA scatter plot, including the first 
3 PCs.

PFAMs and pathway analyses
After de novo assembly, we conducted gene prediction 
on the contigs using Prodigal (https://​www.​bioco​de.​ltd/​
catal​og-​toold​ata/​prodi​gal), and then translated the pre-
dicted gene sequences into protein sequences for further 
analysis. We identified protein domain families using 
the PFAM database, accessed at http://​pfam.​xfam.​org/. 
This process involved scanning the translated protein 
sequences against the Pfam-A database with HMMER, 
available at http://​hmmer.​org/. The PFAM-A database 
contains a comprehensive collection of protein domain 
families represented as profile hidden Markov models 
(HMMs). We adjusted HMMER settings to balance sen-
sitivity and specificity, employing the default settings for 
initial scans. For overrepresentation analysis we used the 
Reactome database and its pathway tool. Overrepresenta-
tion analysis is a statistical (hypergeometric distribution) 
test that determines whether certain Reactome pathways 
are over-represented (enriched) in the submitted data, 
corrected for false discovery rate (FDR) using the Ben-
jamani-Hochberg method. DEG analysis for PFAMs was 
performed using DeSeq2 as described before.

Machine learning models
Patients were classified into Long Progression-Free Sur-
vival (PFS) and Short PFS groups. After aligning patient 
IDs, we encoded the PFS group into a binary format and 
split the data into training and testing sets. Concerning 
the number of samples, we decided not to use an inde-
pendent test but to assess the model performance only by 
internal validation. Features were normalized to ensure 
uniformity in scale using the CLR method.

Random forest (RF) model
The best model is determined by the hyperparameters 
of the RF algorithm. We examined the hyperparameters 
on carefully chosen intervals, more precisely in grid-
points of hyperparameter combinations. In a gridpoint, 
we determined the median of the cross-validation mean 
AUC scores and chose our final model from the mod-
els with the highest median value. Key hyperparameters 
subjected to optimization included the number of trees 
in the forest, the maximum depth of the trees, and the 
minimum number of samples required to split an inter-
nal node. Our final hyperparameter combination was: 
bootstrap = True, max_depth = None, max_features = 2, 
max_samples = None, min_samples_leaf = 1, mean_sam-
ples_split = 8, n_estimators = 200, leaving all other hyper-
parameters at default values. The RF model’s performance 
was assessed through a stratified fivefold cross-validation 

approach, repeated 50 times for high-reliability evalu-
ation. By employing different random seeds for each 
repetition, variability in assessing the model’s effective-
ness was reduced. The AUC score and ROC curve corre-
sponding to the best hyperparameter set was determined 
after the 5-Fold Stratified CV is repeated 50 times, and 
in every iteration the ROC curve is plotted and the AUC 
stored.

Support vector machine (SVM) model
An SVM model was constructed using the Radial Basis 
Function (RBF) kernel. Feature selection was performed 
using a recursive feature elimination (RFE) process to 
identify the subset of features that contributed most sig-
nificantly to predictive accuracy. The RFE process was 
iterated with cross-validation to ensure the robustness 
of selected features. Next, hyperparameter optimiza-
tion for the SVM model was conducted through a grid 
search approach, focusing on two main parameters: the 
penalty parameter (C) and the gamma parameter of the 
RBF kernel. A range of values for C (1, 10, 100, 1000) 
and gamma (0.001, 0.0001) were evaluated. The optimal 
combination was determined based on the highest mean 
accuracy obtained from a stratified fivefold cross-valida-
tion scheme, avoiding both underfitting and overfitting. 
The model’s performance was evaluated using a stratified 
fivefold cross-validation method, repeated 10 times with 
different random seeds to mitigate variance in model 
evaluation.

Extreme gradient boosting (XGBoost)
The best model was obtained by tuning of hyperparam-
eters of the XGBoost classifier by Bayesian 13-fold cross 
validation (sample size of the smallest class) on a grid 
with 1000 iterations (max_depth: [3, 15], learning_rate: 
[0.01, 0.3], subsample: [0.1, 1.0], colsample_bytree: [0.1, 
1.0], min_child_weight: [0.1, 10], n_estimators: (50, 400)). 
The model with the best hyperparameter set was inter-
nally validated by 50 times repeated 13-fold CV. The 
performance metrics of the model accuracy, precision, 
recall, F1 were averaged over the repeats. Confusion 
matrices were summed. The ROC curves were calculated 
based on the predicted probabilities and true labels of 
test segments and visualized. The pooled ROC curve was 
obtained by pooling all predicted probabilities and true 
labels from each test segment of the 50 repetitions.

Risk score generation
To summarize the clinical impact of each RNA tran-
scripts that showed strong predictive role with multivari-
ate Cox regression, we calculated a comprehensive Risk 
score for each potential biomarker using the following 
formula:

https://www.biocode.ltd/catalog-tooldata/prodigal
https://www.biocode.ltd/catalog-tooldata/prodigal
http://pfam.xfam.org/
http://hmmer.org/
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where “log(HR)” means the log hazard ratio of the bio-
marker, “1/CI width” means an inverse weight based on 
the width of the confidence interval (Narrow CIs lead to 
higher scores), “∣Wald Coefficient∣” means the absolute 
value of the Wald coefficient, which adds weight based on 
statistical significance, and “1 − p-value” meaning smaller 
p-values (higher significance) increase the score, capped 
at a maximum value of 1.

To generate a combined risk score for every patient, the 
values of the risk-increasing biomarkers were summed 
directly, while the protective biomarkers were subtracted 
from the total score. Patients were then stratified into 
high- and low-risk groups based on the median com-
bined score. Patients with scores greater than or equal to 
the median were classified as high-risk, while those with 
lower scores were categorized as low-risk.

Statistical analyses
We used the Kolmogorov- Smirnov test to test if data 
was normally distributed. Differential abundance testing 
of identified Trinity IDs and taxonomical comparisons 
were done using the Wilcoxon rank-sum test. P-values 
less than 0.05 indicate the significance, and all p-values 
were two-sided. To identify relevant predictor factors, 
a two-sided Cox proportional hazards regression was 
performed, using a significance threshold of 0.05. In the 
multivariate Cox regression, parameters with p < 0.1 were 
included through the backwards elimination method. 
The fit quality of our multivariate model was assessed 
using Harrel’s C-index, which consistently performed 
above 0.7 (considered fair) in all analyses. Survival anal-
ysis was conducted using Kaplan–Meier (KM) curves, 
with comparisons between survival curves made using 
the log-rank test. Cut-off points for the KM curves, as 
well as specificity and sensitivity values for taxa, were 
determined through Receiver Operating Characteris-
tic (ROC) curve analysis based on the binary outcomes 
of short versus long PFS. Bar charts were generated, and 
statistical tests were conducted with GraphPad’s Prism.

Results
In our study, a total of n = 29 advanced-stage (IIIB-IV) 
NSCLC patients were included, all treated with anti-
PD1/PD-L1 immune checkpoint inhibitors (ICI). Patients 
were classified as “Long PFS” vs Short PFS, based on 
their progression-free survival, with a default cutoff of 
6  months. This classification not only adheres better 
with long-term results but also enhances the accuracy of 

Enhance Risk Score = log (HR)×

(

1

CIwidth

)

×

∣

∣Wald coefficient
∣

∣

× (1− p - value)

evaluating disease progression, particularly in patients 
who are undergoing pseudo-progression. While n = 9 
(31%) of patients were treated with one- or more cycles 
of chemotherapy (CHT-treated) before ICI initiation and 
fecal sampling, n = 17 (69%) of patients received ICI first 
line. According to PD-L1 Immunohistochemistry (IHC), 
tumor proportion score (TPS) was high (> 50%) in n = 16 
(55%) patients, and low (≤ 50%) in n = 10 (34%) patients. 
Further parameters such as, Age, Gender, Histology, 
Stage, Smoking pack year (PY), COPD comorbidity and 
BMI were included as clinical confounders (Table  1). 
Due to their significant effect on PFS in months and PFS 
group (Long vs Short), Chemotherapy and PD-L1 TPS 
were included in multivariate analyses to assess microbial 
RNA biomarkers in ICI-response (Table 1, Fig. 5).

For the de novo assembly of RNA reads, the Trin-
ity pipeline was used [22], where we identified a total of 
n = 7489 valid RNA sequences annotated with Trinity IDs 
(Supplemental Dataset 1) after quality check and removal 
of potentially non-protein-coding entities (see described 
in Materials and Methods). After filtering out all Trinity 
IDs not reaching a minimal contribution of 0.001% to the 
total RNA abundance and a larger-than-zero abundance 
in at least 20% of patients, a total of n = 2040 curated 
gene transcripts remained. Next, we matched all these 
IDs to the lowest known taxonomic level (LKTL) using 
MMSeqs2, and where possible, identified corresponding 
genera, phyla, and domains using NCBI’s open-access 
Taxonomy browser and the Genome Taxonomy Database 
(r214.1, The University of Queensland). Supplemental 
Table 1 shows the number of identified taxa in all catego-
ries and the number of identified unique entries (Trinity 
IDs) at each taxonomic level.

Diversity analyses of RNA reads
To assess the gut microbiome’s alpha diversity in patients 
with long- and short PFS, we used abundance values of 
identified species- and genera-matched RNA reads. 
We found no significant difference neither among spe-
cies (p = 0.803, Fig.  1A), nor among genera (p = 0.949, 
Fig. 1C) after the calculation of the Shannon index. Simi-
lar results were obtained using the Simpson index, where 
alpha-diversity was not significantly different in the two 
PFS groups, taking species (p = 0.897, Fig. 1B), or genera 
(p = 0.819, Fig. 1D).

For beta-diversity, Bray–Curtis dissimilarities were 
calculated in all patients and ordinated using the NMDS 
method on a 2-dimensional coordinate system. Ellipsoids 
reflecting dissimilarity variance among samples showed 
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distinct compositions of the gut microbiome between 
patients with long vs. short PFS both when accounting 
for species (Fig.  1E) or genera (Fig.  1F). However, per-
manova testing showed no statistical significance due to 
high standard deviation and partly redundant composi-
tions (species: p = 0.1539, genera: p = 0.2465).

Taxonomic identification of RNA reads
When comparing patients with Long vs Short PFS at 
the domain level, there were no significant differences 
regarding the abundance of Bacteria (90.3% vs 89.8%) and 
Eukaryota (9.6% vs 8.8%). However, the Archaea tran-
scriptome is overrepresented in patients with Short PFS 
(compared to long PFS) by orders of magnitude (0.003% 
vs 1.6%, p < 0.001) (Fig. 2A). Figure 2B shows the phyletic 
comparison of Trinity IDs across patients with Long vs 
Short PFS. According to representation ratios, Actinomy-
cetota (formerly Actinobacteria, 5.4% vs 36.7%, p < 0.001) 

and Euryarchaeota (0.002% vs 1.3%, p = 0.009) were 
relatively overrepresented in Short PFS, whereas Bacil-
lota (formerly Firmicutes, 66.2% vs 42.3%, p = 0.007) was 
relatively overrepresented in Long PFS (Fig.  2B). Bac-
teroidota (formerly Bacteroidetes, 14.9% vs 9.4%) and 
Pseudomonadota (formerly Proteobacteria, 5.2% vs 2.5%) 
RNA were relatively overrepresented in patients with 
Long PFS as well, but the difference is not significant sta-
tistically, due to high standard deviations (Fig. 2B).

Genera and species showing the most significant differ-
ences in abundance according to the PFS group are shown 
in Fig.  2C and D. Genera Bifidobacterium (p < 0.001), 
Collinsella (p < 0.001), Limosilactobacillus (p = 0.043), 
and Eubacterium (p = 0.048) were significantly over-
represented in Short PFS (Fig.  2C). In the case of spe-
cies, Bifidobacterium adolescentis L2-32 (p = 0.0054), 
Collinsella aerofaciens ATC 25986 (p = 0.028), Bacte-
roides fragilis (p = 0.035), Limosilactobacillus reuteri 

Fig. 1  Alpha and Beta diversity measurements using taxa-aligned RNA reads for species and genera. Alpha diversity analysis of the gut microbiome 
revealed no significant differences between Long- and Short-PFS groups for both species (p = 0.803, A) and genera (p = 0.949, C) using the Shannon 
index, nor with the Simpson index (species: p = 0.897, B genera: p = 0.819, D). Beta diversity, assessed using Bray–Curtis dissimilarities and NMDS 
ordination, indicated distinct gut microbiome compositions between the groups (E, species; F, genera), though PERMANOVA tests showed 
no statistical significance (species: p = 0.1539, genera: p = 0.2465). Red full circles represent samples from patients with Short PFS and blue full circles 
samples from patients with Long PFS according to their NMDS-ordinated species- and genus compositions. Statistical comparison of the Shannon 
and Simpson indices was performed using Welch’s test. Statistical significance *p < 0.05; **p < 0.01, ***p < .001, all p-values were two-sided
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(p = 0.048), Collinsella stercoris DSM 13279 (p = 0.048), 
Collinsella aerofaciens (p = 0.049) were significantly 
overrepresented in Short PFS. Furthermore, there was a 
non-significant trend in the case of Parabacteroides gold-
steinii (p = 0.082) toward higher abundance in patients 
with Long PFS (Fig. 2D). Supplemental Dataset 2 shows 
the taxonomic breakdown according to MMSeqs2 of all 
n = 2040 curated gene transcripts.

Differential expression (DE) analysis and functional 
annotation of RNA reads
Next, we performed DE analysis on the n = 2040 curated 
gene transcripts using DESeq2 to identify DEGs in 
the Long- and Short-PFS patient group and visualize 
our result on a Volcano plot (Fig.  3). A total of n = 689 
genes showed significant difference (−  Log10FDR > 1.3, 
Log2FC > 2) between the two groups, and a total of 

Fig. 2  Comparative microbial abundance in patients with Long vs Short Progression-Free Survival (PFS). A Domain-level comparison shows 
no significant difference in Bacteria (90.3% vs 89.8%, p = 0.563) and Eukaryota (9.6% vs 8.8%, p = 0.092) abundance between Long and Short PFS 
patients. However, Archaea are significantly more abundant in Short PFS (1.6% vs 0.003%, p < 0.001). B Phyletic differences reveal Actinomycetota 
(36.7% vs 5.4%, p < 0.001, n = 139) and Euryarchaeota (1.3% vs 0.002%, p = 0.009, n = 5) overrepresented in Short PFS, while Bacillota (66.2% vs 
42.3%, p = 0.007, n = 1041) is more abundant in Long PFS. Non-significantly overrepresented phyla in Long PFS include Bacteroidota (14.9% vs 
9.4%, p = 0.124, n = 124) and Pseudomonadota (5.2% vs 2.5%, p = 0.464, n = 95), with variability due to high standard deviations. Y axis for 100% 
stacked bar charts shows the proportion of the total identified abundance of taxa. C Genus-level analysis shows Bifidobacterium (p < 0.001, n = 30), 
Collinsella (p < 0.001, n = 59), Limosilactobacillus (p = 0.0.43, n = 4), and Eubacterium (p = 0.048, n = 29) significantly overrepresented in Short PFS. D 
At the species level, Bifidobacterium adolescentis L2-32 (p = 0.0054, n = 9), Collinsella aerofaciens ATC 25986 (p = 0.028, n = 17), Bacteroides fragilis 
(p = 0.035, n = 12), Limosilactobacillus reuteri (p = 0.048, n = 3), Collinsella stercoris DSM 13279 (p = 0.048, n = 3), and Collinsella aerofaciens (p = 0.049, 
n = 31) were significantly more abundant in Short PFS, with a noted non-significant trend for Parabacteroides goldsteinii towards higher abundance 
in Long PFS (p = 0.082, n = 6). Data was derived from MMSeqs2 analysis of 2040 curated gene transcripts (Supplemental Dataset 2), showing the top 
20 genera and 30 species according to their difference based on Wilcoxon rank-sum test. X axis indicates mean abundance values calculated 
from the populational abundance (Long vs Short PFS patients) of all unique taxon-matched Trinity IDs (protein-coding gene transcripts). “N” refers 
to the number of unique Trinity IDs matched with each MMseqs2 taxa. Differential abundance testing was done using the WRS test. A comparison 
of the percentual contributions of domains and phyla was performed using Welch’s test. Statistical significance *p < 0.05; **p < 0.01, ***p < .001, all 
p-values were two-sided
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n = 120 genes showed differential expression with − Log-
10FDR > 3 significance level and the same threshold for 
Log2FC (Fig.  2). These 120 protein-coding transcripts 
were searched against the UniProtKB and the UniRef90 
databases with Blastx using default parameter settings. 

90/120 (UniProtKB) and 115/120 (UniRef90) matches 
were recorded for differentially expressed genes. Trin-
ity IDs with multiple hits for the same protein accession 
(UniProtKB/UniRef90) were filtered by keeping only 
the one with the highest bit score so as not to bias the 

Fig. 3  Differential gene expression (DEG) analysis between Long and Short PFS patients using DESeq2. Analysis of 2040 curated gene transcripts 
revealed 689 genes with significant differential expression (− Log10FDR > 1.3, Log2FC > [2]). Among these, 120 genes met higher significance criteria 
(− Log10FDR > 3, Log2FC > [2]). Results are visualized on a Volcano plot, where data points with a greater − log10 FDR value than 1.3 (adjusted 
p-value = 0.05) are colored red (short PFS) and blue (long PFS). All data points below this significance level occur in grey. DEGs meeting the higher 
significance criteria are highlighted in bright red (short PFS) and blue (long PFS). Presumptive protein names displaying their UniRef90 cluster are 
shown for all Trinity IDs with − Log10FDR > 3 and Log2FC > [2] values in the case of Long-PFS-related genes, and top 30 meeting the same criteria 
in the case of Short-PFS-related genes. X-axis indicates the Log2 value of fold change (FC), and Y-axis indicates – log10 value of false discovery rate 
(FDR)

Fig. 4  Clusters of top 120 Trinity IDs. A Hierarchical cluster analysis and heatmap generation on the 120 curated gene transcripts revealed two 
primary patient groups based on progression-free survival (PFS): a heterogeneous Cluster A (subgroups A1, A2, A3) with varied gene expression, 
notably increased in gene clusters I, II/B, and II/C, and a homogeneous Cluster B with overexpression of gene cluster II/A (A). Short PFS patients 
predominated in Cluster A, while long PFS patients were more common in Cluster B (p = 0.0095). Cluster A2 and A3 exhibited an abundance 
of Actinomycetota species (38%). Cluster II/A was uniquely overexpressed in Cluster B, with Cluster II/B showing a mix of Bacillota- (56%) 
and Actinomycetota-origin genes (20%), and Cluster II/C genes were specifically overexpressed in patients of Cluster I/A, primarily from Bacillota 
(59%). Axis X shows patients (IDs) in the, whereas indicator bars on top reflect their PFS group (red/blue, short vs long). Each row represents a Trinity 
ID-coded gene transcript. Axis Y includes 3 columns indicating the phylum of origin color, which is color-coded, LKTU, and UniRef90 cluster. B 
Principal Component Analysis (PCA) on the same 120 gene transcripts identified three to four optimal clusters using the elbow method, aligning 
with hierarchical clustering results. C Three clusters were chosen for clarity, with the first 3 PCs explaining 73.3% of total variance, illustrating patient 
clustering via PC composition and 95% confidence interval ellipsoids (short PFS in red, long PFS in blue). PCA highlighted a more distinct separation 
between long and short PFS patients (p < 0.001), with Long PFS patients clustering more closely (Cluster A), and short PFS patients more dispersed 
across overlapping Clusters B and C (C). Compositional differences between clusters according to the PFS group were evaluated using Fisher’s exact 
test. All p-values were two-sided, and significance was considered at p < 0.05

(See figure on next page.)
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Fig. 4  (See legend on previous page.)
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following frequency calculations. In the case of DEGs, 
we used all isoforms (transcript identifiers that have the 
same prefix as the gene) of a gene. Only those Blastx 
matches entered the filtering with a prior condition of 
bitscore ≥ 50. Due to the higher percentage of genes with 
relevant and high-quality matches, only annotations 
of UniRef90 clusters are visualized in Figs.  3 and 4. All 
curated matches, including UniRef90 clusters and Uni-
ProtKB entries, are shown in Supplemental Dataset 3.

Cluster analysis of TOP 120 protein‑coding transcripts
We generated a heatmap and performed hierarchical 
cluster analysis to identify relevant clusters in the func-
tionally annotated 120 curated gene transcripts (Fig. 4A). 
Dendrogram labels clusters regarding patients (X axis, 
Long PFS vs Short PFS) and genes (Y axis, phylum, 
LKTL, and UniRef90 protein cluster). Patients clustered 
in two major groups: a more heterogeneous cluster A, 
with subgroups cluster A1, A2, and A3 with slightly dif-
ferent gene expression profiles, where gene cluster I, II/B 
and/or II/C showed increased expression; and a more 
homogenous cluster B, where gene cluster II/A was over-
expressed (Fig.  4A). We found that patients with short 
PFS were significantly overrepresented in cluster A, in 
contrast, there were significantly more patients with long 
PFS in cluster B (p = 0.0095). Genes of Y-axis cluster I 
were more abundant in patient clusters A2 and A3, with 
an increased abundance of transcripts from Actinomy-
cetota species (38%). Cluster II/A represented the only 
group of protein-coding transcripts that showed over-
expression in patient cluster B, whereas cluster II/B can 
be described as a more heterogeneous group of genes 
with dominance from Bacillota- (56%) and secondly, 
Actinomycetota phyla (20%). Cluster II/C genes were 
overexpressed in cluster I/A patients with notably high 
specificity, originating mainly from the phylum Bacillota 
(59%). When we assessed the total abundance of the top 
120 gene transcripts, we found that gene transcripts from 
Actinomycetota (p = 0.043), Bacillota (p < 0.001) phyla, 
and the Eukaryota (p = 0.002) domain were significantly 
more abundant in a patient with Short PFS compared to 
patients with Long PFS (Supplemental Fig. 1A–C).

To confirm the findings of our hierarchical cluster 
analysis, we parallelly applied an alternative approach to 
establish clusters. We performed principal component 
analysis (PCA) for the same 120 protein-coding tran-
scripts and determined the optimal number of clusters 
between 3 or 4 with the elbow method (Fig. 4B), which 
is roughly in line with the results of the hierarchical clus-
ter analysis. We finally decided to analyze 3 clusters for 
the ease of interpretation (Fig. 4C). Using the first 3 PCs, 
which explained 73.3% of the total variance, we plotted 
patients according to their PC composition in a Carte-
sian coordinate system. Ellipsoids interpret clusters with 
their 95% CI. PCA showed that Long PFS patients clus-
ter close to each other with reduced distances suggest-
ing a more homogenous gene transcript profile (cluster 
A, Fig. 4C). In contrast, patients with short PFS are more 
scattered with somewhat greater distances between each 
other in two highly overlapping clusters (clusters B and 
C, Fig.  4C). When fusing overlapping clusters B and C, 
we found that patients with short PFS were significantly 
overrepresented in this cluster, compared to cluster A, 
where instead, patients with long PFS were more abun-
dant (p < 0.001, Fig.  4C). According to our results, PCA 
showed an even more pronounced separation of long- 
and short-term PFS patients in gene expression profiles 
compared to hierarchical cluster analysis. Interestingly, 
we observed clustering discrepancy only in the case of 2 
patients with long PFS, who were clustered in the short 
PFS-dominated group according to hierarchical cluster 
analysis, but in the long PFS-dominated cluster according 
to PCA.

Pathway analyses with protein domain families (PFAMs)
To assess the biological pathways potentially overrepre-
sented in long- or short PFS patients, we used the Pro-
tein Domain Families (PFAM) database. After removing 
PFAMs not reaching a minimal contribution of 0.01% to 
their abundance and a larger-than-zero abundance in at 
least 20% of patients, a total of n = 1209 PFAMs remained. 
After performing DEG analysis, n = 24 PFAMs showed 
significant overabundance in patients with short PFS, and 
n = 21 in patients with long PFS. According to Reactome 
overrepresentation analysis, PFAMs dominant in the 

(See figure on next page.)
Fig. 5  Pathway analyses using differentially abundant PFAMs for patients with Long- and Short PFS. Reactome analysis showed Short PFS 
PFAMs overrepresented in pathways related to hypoxia-response, DNA-synthesis, Translesion-synthesis, Polymerase-switching among others (A), 
while Long PFS PFAMs were associated with various metabolic pathways (B). Pathways with [FDR < 0.1] are shown on bar charts, where lower X 
axis displays (-log10) FDR values and upper X axis displays ratios of entities (green circle) and reactions (red asterisk). Ratios reflect the proportion 
of pathway-matched UniProt IDs found in our dataset vs all UniProt IDs in that pathway. Taxonomic analysis showed Short PFS PFAMs represented 
by diverse taxa, including Enterococci and Methanosphaera (C, D), whereas Long PFS PFAMs were dominated by Escherichia, particularly E. coli (E, 
F). Only species with a minimum contribution of 1% are present on bars (C, E). D and F show the total contribution from the top 5 bacterial species 
accounting for all represented PFAMs in the corresponding patient group
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Fig. 5  (See legend on previous page.)
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short PFS group were enriched in pathways connected 
to Hypoxia-response, DNA-synthesis and Translesion-
synthesis, a direct mechanism of bypassing unrepaired 
DNA lesions (Fig.  5A), whereas PFAMs dominant in 
patients with long PFS were enriched in pathways con-
nected to mainly metabolism, such as Amino acid con-
jugation, Conjugation of carboxylic acids and Biological 
oxidation (Fig. 5B). When assessing the taxonomic com-
position of differentially abundant PFAMs, it was shown 
that short PFS—associated PFAMs were represented by a 
diverse range of taxa (Fig. 5C), of whom the most domi-
nant were Enterococci and Methanosphaera with notice-
able contributions from Parabacteroides, Bacteroides and 
Prevotellas (Fig. 5D). Long PFS—associated PFAMs were 
absolutely dominated by Escherichia, specifically E. coli, 
with a smaller contribution of Methanobrevibacter and 
Klebsiella (Fig. 5E, F).

Internal validation with machine learning methods: 
candidates for biomarkers
After extracting biological insight from overrepresented 
protein families, we used three distinct machine learning 
models to internally validate the performance of our pre-
viously established 120-gene MTR signature. The hierar-
chically clustered heatmap of the differentially expressed 
genes showed significant separation between the long and 
short PFS patient groups. To infer the result, we trained a 
binary classification model using the Random Forest (RF) 
classifier implemented in the Sklearn package, validating 
our results with stratified 50 × fivefold cross-validation. 
The RF machine learning (ML) algorithm showed good 
performance, when classifying patients according to 
Long- vs Short PFS, with an AUC of 0.878 and an Accu-
racy of 78.1% (Fig. 6A). Parallelly, we established a Sup-
port Vector Machine (SVM) ML model as well with the 
same input using radial basis function (rbf ) kernels and 
stratified 10 × fivefold cross-validation. Results from the 
SVM model were on par with the RF model concerning 
prediction performance, with an average AUC of 0.85 
and accuracy of 75.6% (Fig.  6B), implicating an overall 
robust association of our MTR signature with long- and 
short PFS. Moreover, Ensemble method XGBoost, a scal-
able, gradient-boosted decision tree (GBDT) ML method 
was also employed to validate our findings and showed 
an overall strong correlation with the previous classifiers, 
with an AUC of 0.84 and an Accuracy of 75% (Fig. 6C). 
ROC curve per every iteration is shown for the RF and 
XGB models throughout the stratified cross-validation 
process (SFig 2A,B). Line chart shows the metric values 
of SVM model performance, including precision and 
recall for the test and the train sets after every fold of 
cross-validation (SFig 2C).

Next, to identify potential biomarkers to classify 
patients as long vs short progression-free survivals, we 
performed Receiver Operating Characteristic (ROC) 
curve analyses for all the 120 microbial genes with func-
tional proteomic and taxonomic annotations described 
previously. Pairwise comparison of patients with long 
PFS vs short PFS for all Trinity IDs with an AUC > 0.8 
and their presumptive proteins and taxa, are displayed 
in Fig.  6D–I, and their corresponding ROC curves in 
Fig.  6J–O. Biomarkers with an increased abundance 
in Short PFS patients included a retrotransposon pro-
tein (p < 0.001, AUC = 0.841), a leucine-rich transposase 
(p < 0.001, AUC = 0.81) and an unspecified secreted 
protein (p < 0.001, AUC = 0.865) from various Actino-
mycetota species, a conserved protein from the genus 
Lacticaseibacillus (p = 0.001, AUC = 0.822), and a ribo-
somal protein S12 from the plant species Lupinus albus 
(p = 0.0037, AUC = 0.826). An unknown protein from the 
Lachnospiraceae genus was significantly more abundant 
in patients with long PFS (p = 0.0014, AUC = 0.831). Sup-
plemental Table  3 lists all Trinity IDs with a minimum 
AUC of 0.7.

Multivariate analysis with clinical confounders
Next, we aimed to identify those microbial gene tran-
scripts that show a strong association with PFS in a clini-
cal setting, adding clinical covariates, such as previous 
chemotherapy treatment (CHT), PD-L1 TPS, BMI, Gen-
der, and COPD comorbidity. For this, first, we performed 
logistic regression analysis to assess the overall effect of 
our clinical confounders on PFS (SFig 3A,B), followed 
by Kaplan–Meier (KM) analysis for all covariates, where 
PD-L1-high and CHT-naive patients showed significantly 
increased PFS compared to PD-L1-low and CHT-treated 
patients (p = 0.0059 and p = 0.0012, respectively, SFig 
3C,D). In contrast, there were no significant differences 
in PFS according to gender, BMI, or COPD comorbidity 
(SFig 7E-G), despite the latter showing strong effect on 
PFS in the logistic regression model.

Consequently, univariate Cox proportional regression 
was performed for all 120 genes of our predictive MTR 
signature and for all included clinical covariates. A total 
of n = 18 gene transcripts showed a significant associa-
tion with PFS, as shown in Supplemental Table  4. Cox 
regression confirmed that only PD-L1 TPS [p = 0.012, 
HR: 0.20 (95% CI, 0.056–0.695)] and chemotherapy 
[p = 0.004, HR: 5.36 (95% CI, 1.738 to 16.544)] had signifi-
cant effect on PFS from clinical confounders (Fig. 7A). To 
adjust for potential multicollinearity, these two parame-
ters were included as confounders to assess the predictive 
role of each gene transcript that passed univariate test-
ing. We confirmed the predictive role of n = 6 Trinity IDs 
with multivariate analysis shown in Fig. 7A. To estimate 



Page 15 of 22Dora et al. Journal of Translational Medicine         (2024) 22:1044 	

the overall clinical relevance of these selected transcripts, 
we implemented a Risk score derived from the multivari-
ate Cox regression’s Wald-coefficient, p-value, HR and its 
95% CI values (Fig. 7B, formula described in Methods).

Bacterial surface antigen (D15) domain-containing 
protein from a Fusobacterium species (Trinity_DN185_
c0_g2, p = 0.026) and an unknown protein from Lachno-
spiraceae (Trinity_DN2024_c2_g1, p = 0.029) showed a 

Fig. 6  Internal validation with machine learning. A The Random Forest (RF) model achieved an AUC of 0.878 ± 0.019 and 78.1% ± 0.036 accuracy 
in distinguishing Long vs Short PFS. Confusion matrix shows the number of true- and false positives and negatives for the RF classifier in a heatmap 
after 50 × fivefold cross-validation and ROC curve indicates RF model performance averaged after cross-validation. B The Support Vector Machine 
(SVM) model, using radial basis function kernels, showed comparable results with an AUC of 0.85 ± 0.046 and 75.6% ± 0.066 accuracy. Confusion 
matrix shows the number of true- and false positives and negatives for the SVM model in a heatmap after 10 × fivefold cross-validation. ROC 
curve indicates SVM model performance averaged after cross-validation. C The Extreme Gradient Boosting (XGBoost) model achieved an AUC 
of 0.84 ± 0.03 and 75% ± 0.05 accuracy in distinguishing Long vs Short PFS. Confusion matrix shows the number of true- and false positives 
and negatives for the RF classifier in a heatmap after 50 × 13-fold cross-validation and ROC curve indicates RF model performance averaged 
after cross-validation. Biomarker identification through ROC curve analyses for 120 microbial genes revealed potential biomarkers with AUC > 0.8, 
D–I Abundance comparisons between patients with short- and long PFS are shown in box plots. J–O ROC curves show the performance 
of biomarker candidates to classify patients into long vs short PFS groups. All ROC curves passed the significance threshold (p < 0.05). Sensitivity 
and Specificity for every gene transcript are shown in the bottom left corner of the ROC curve panels. Metric data are shown as medians and 95% 
CI. Statistical significance *p < 0.05; **p < 0.01, ***p < .001. All p-values were two-sided
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Fig. 7  Assessment of PFS associations with microbial gene transcripts and clinical covariates. A Univariate Cox regression on 120 gene transcripts 
and clinical covariates identified 18 genes significantly associated with PFS. Further multivariate analysis, adjusting for CHT and PD-L1 TPS 
as confounders, highlighted six genes with significant predictive value for PFS. Notably, a Fusobacterium species protein (HR: 0.69, p = 0.026) 
and a Lachnospiraceae protein (HR: 0.68, p = 0.029) were positively associated with PFS. In contrast, four others, including ribosomal protein 
S12 (HR: 1.64, p = 0.03) and uncharacterized protein ycf68 (HR: 1.67, p = 0.006) from unknown Eukaryota species, a bacterial surface antigen 
(D15) domain-containing protein (HR: 1.81, p = 0.017), and an unknown protein (HR: 1.78, p = 0.009) from unknown organisms were negatively 
associated with PFS. B Risk scores calculated for all covariates and biomarkers are shown on bar charts, where positive values indicate higher risk-, 
negative values indicate lower risk of progression. C–H KM curves for RNA transcripts with top 6 risk scores and significant p-values for multivariate 
Cox regression compare biomarker-high vs low populations (cut-off: median abundance value). p-values for the Log-rank test are indicated 
along with censored data on charts (0 = biomarker-low group, 1 = biomarker-high group). I ROC curve analysis shows the predictive power 
of combined risk score (AUC = 0.89). J KM analysis shows that patients in the low-risk group exhibit significantly increased survival compared 
to high-risk patients (p = 0.0003). HR: Hazard ratio 
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significant positive effect on PFS, whereas four proteins, 
including Ribosomal protein S12 (Trinity_DN3133_c1_
g1, p = 0.03) and uncharacterized protein ycf68 (Trinity_
DN229_c3_g1, p = 0.006) from unknown Eukaryota taxa, 
Bacterial surface antigen (D15) domain-containing pro-
tein (Trinity_DN76_c11_g1, p = 0.017) from an unknown 
organism and an unknown protein (Trinity_DN256_c7_
g1, p = 0.009) from an unknown organism showed a sig-
nificant adverse effect on PFS, when tested with relevant 
covariates (Fig.  7A). KM analysis showed that patients 
with increased expression of both Trinity_DN2024 and 
Trinity_DN185 RNA transcripts exhibited significantly 
longer PFS compared to low-expressors (Fig.  7C, D). In 
contrast, patients with increased expression of RNA 
transcripts Trinity_DN229, Trinity_DN256 and Trin-
ity_DN3133 showed significantly shorter PFS compared 
to low-expressors (Fig. 7E, F, H). No significant difference 
in PFS was detected in high vs low expressors for RNA 
transcript Trinity_DN76 (Fig. 7G).

To assess the predictive value of these 6 key RNA bio-
markers as a combined signature, we generated a com-
bined risk score for every patient, then we classified 
patients to high- vs low risk groups based on this score. 
This classification was used to assess the prognostic value 
of the biomarker signature in relation to PFS. This way 3 
patients with long PFS and 12 with short PFS were classi-
fied to the high-risk group and 13 patients with long PFS 
and 1 with short PFS were classified to the low-risk group. 
The Chi-square test results show a p-value of 0.00036, 
indicating a statistically significant association between 
PFS- and risk groups. Furthermore, ROC curve analysis 
showed that combined risk score from the 6 biomarkers 
predict the PFS group with an AUC of 0.89 (Fig. 7I) and 
low-risk patients exhibit significantly increased survival 
compared to high-risk individuals (p = 0.0003, Fig. 7J).

Discussion
16S rRNA-seq is widely used to detect gut microbi-
ome taxonomy, and represents a relatively cost-effective 
approach along with MG that is able to capture biodiver-
sity and the metabolic potential. In contrast, MTR sheds 
light on the active transcription programs of microorgan-
isms [13, 37]. Strong evidence suggests the direct impact 
of gut commensals on gastrointestinal (GI) cancer devel-
opment by dysbiosis [38, 39], but studies reported such 
associations in the case of non-GI cancers as well [40, 41]. 
Influence on tumor development can happen via secreted 
metabolites [42–44], or by promoting the beneficial 
immune responses, including immunotherapy in mela-
noma [11, 12, 45], renal cell carcinoma [46], GI cancers 
[47–49] and NSCLC [4, 8, 9, 50, 51]. All of these stud-
ies are based on 16S rRNA or Metagenomic sequencing, 
not accounting for the transcriptomic landscape of the 

gut microbiome and its effect on anticancer ICI-efficacy. 
In the present study, we performed a de novo assembly-
based sequencing analysis in immunotherapy-treated 
lung cancer patients to reveal associations between their 
PFS and gut MTR signatures.

Our study analyzed 29 advanced-stage NSCLC patients 
undergoing treatment with ICIs to explore the impact 
of microbial RNA biomarkers on PFS. We identified 
7849 protein-coding gene transcripts, from whom 2040 
remained for further analyses after filtering for relevant 
abundance levels (0.001%) and a notable cohort-wide 
occurrence (min. 20% of patients). Our key findings 
include the significant overrepresentation of the Archaea 
domain and phylum Actinomycetota and Euryarchaeota 
in short PFS patients, whereas Bacillota was more com-
mon in long PFS patients. Although Bacteroidota and 
Pseudomonadota showed higher relative abundance in 
patients with long PFS, these differences were not statis-
tically significant. Bifidobacterium, Collinsella, Limosi-
lactobacillus, and Eubacterium genera, plus multiple 
species from these taxonomic units, including Bifido-
bacterium adolescentis and Collinsella aerofaciens were 
more abundant in short PFS patients, whereas Para-
bacteroides goldsteinii exhibited a trend towards being 
more abundant in the long PFS group. Alpha-diversity 
did not show significant difference in any comparison 
when accounting for genera or species that is in line with 
metagenomic data reported in our previous analysis [4]. 
However, there was a notable trend towards altered beta-
diversity between the two patient groups, though not 
statistically significant. This might be due to the lower 
number of metatranscriptionally active taxa and greater 
standard deviation compared to that experienced during 
metagenomic analyses. While overall diversity metrics, 
which account for hundreds of taxa, showed no signifi-
cant differences between the groups, this can mask key 
functional distinctions. Even when the broader microbial 
community appears similar, specific taxa may exhibit dif-
ferential abundance or heightened transcriptional activity 
significantly altering the ecological niche.

Findings from taxonomic comparisons are in line with 
our previous metagenomic study [4]: at the transcrip-
tomic level, phyla Actinomycetota are overrepresented 
in patients with short PFS, whereas Bacteroidota and 
Pseudomonadota are rather overrepresented in patients 
with long PFS. Interestingly, Archaea’s and their main 
phylum Euryarchaeota’s increased abundance and rela-
tive representation in patients with impaired ICI efficacy 
is a novel finding that was not yet described with shot-
gun metagenomics or 16S rRNA sequencing. Instead, 
Euryarchaeota showed a strong association with low 
PD-L1 expression after multivariate analysis [4], which 
might explain its adherence to impaired ICI-efficacy at a 
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metatranscriptomic level too, PD-L1 expression and PFS 
exhibiting a strong correlation in our study cohort. Addi-
tionally, Bacillota RNA reads were more abundant in long 
PFS patients, contrasting with our previous metagen-
omic findings. This may reflect a difference between the 
phylum’s physical presence and its transcriptomic activ-
ity in the gut. Bacillota is highly diverse, with hundreds 
of intestinal species, and its association with long PFS is 
notable due to the marked deviation in Actinomycetota 
between patient groups. The association of Actinomyce-
tota with impaired ICI-efficacy at the metagenomic level 
was reported multiple times [4, 5, 52]. Euryarchaeota, 
particularly methanogenic species, may also influence 
immune function via metabolic byproducts like meth-
ane, which can reduce gut motility and contribute to a 
hypoxic environment. Hypoxia can limit the effective-
ness of immune cells, thereby weakening the immune 
response to cancer cells during immunotherapy. Further-
more, the presence of archaea, particularly methanogens, 
has been associated with dysbiosis and impaired anti-
tumor immunity [53].

Bifidobacterium, Collinsella genera, and individual 
species showed strong- to moderate metagenomic asso-
ciation with short PFS in earlier NSCLC studies [4, 5]. 
In contrast, the increased abundance of Alistipes and 
Barnesiella [4, 5] in long-term responders was not pre-
sent at the RNA level, possibly due to their transcriptom-
ically silent nature in the gut microbiome. Discrepancies 
between the MG and MTR signatures of microbial com-
munities have been described earlier by multiple stud-
ies [17, 54, 55]. Both Collinsella and Bifidobacterium are 
involved in carbohydrate metabolism, producing metab-
olites such as short-chain fatty acids (SCFAs), which 
usually maintain gut integrity [56]. However, excessive 
transcriptional activity from these genera could lead to an 
imbalance in gut metabolites, particularly increased pro-
duction of gases or bile acid derivatives [57]. For example 
Bifidobacterium, often linked with immune-modulation, 
with its overactive strains may paradoxically contribute 
to immune exhaustion. Specifically, they might over-
stimulate TLR pathways, triggering chronic, low-grade 
inflammation. This sustained immune activation could 
impair the proper functioning of cytotoxic T-cells neces-
sary for ICI response (Vilena et al., 2014).

Another indirect, but hypothesis-generating finding of 
our analysis is the overall increase of MTR reads detected 
in the short PFS patient group compared to patients with 
long PFS, which might suggest a detrimental effect of the 
increased transcriptomic activity of the gut microbiome 
driven by a handful of highly active species, including 
multiple Bifidobacteria, Collinsella or the Eubacterium 
and the Limosilactobacillus genus of the Lactobacillaceae 
family. Bifidobacteria responsible for the degradation of 

complex carbohydrates, the methane-producer Metha-
nobrevibacter smithii, and the immune-modulator Bac-
teriodes fragilis [58, 59] are all considered keystone taxa, 
just like Eubacterium and Lactobacillus species or the 
whole Actinomycetota phylum [60, 61]. Keystone taxa in 
the gut microbiome refer to species or groups of micro-
organisms that play a critical role in maintaining the 
structure, function, and health of the microbial commu-
nity within the gut ecosystem. These organisms can have 
a distinguishable effect on their environments relative to 
their abundance [62]. Interestingly, our analysis showed a 
disproportionately high section between our short PFS-
associated taxa and recognized keystone organisms in 
the gut microbiome that might implicate a decisive influ-
ence of transcriptomically active taxa on the intestinal 
niche-associated anti-cancer immunity. In contrast, the 
MTR signature predicting potent anti-tumor immune 
responses are rather ill-defined, with no prominent taxa 
showing a statistically significant association with Long 
PFS. Instead, differences are realized only at the phylum 
and domain level, characterized by a microflora richer in 
Bacteroidota and Pseudomonadota and harboring a low 
abundance of Archaea and Actinomycetota.

Next, using DESeq2 for DE analysis, 689 genes were 
found to have significant differences, with 120 showing 
high significance. These genes were then analyzed against 
the UniProtKB and UniRef90 databases to identify their 
functional annotations and potential protein matches. A 
cluster analysis of the top 120 protein-coding transcripts 
revealed two main groups based on gene expression pat-
terns, with one group showing a homogeneous profile 
associated with longer PFS and another, more heteroge-
neous group associated with shorter PFS. PCA further 
confirmed this division by identifying a pronounced 
separation between the long and short PFS patients 
based on gene expression profiles. We underpinned the 
relevance of our predictive 120-gene microbial signature 
using internal validation via ML algorithms RF, SVM and 
XGBoost with corresponding AUCs of 0.88, 0.85 and 
0.84 respectively. The RF ML model has been used exten-
sively for similar goals in biomarker research and has 
been proved to work optimally on datasets with smaller 
sample sizes [63–65] in a similar way as the SVM model, 
whose power to find complex, non-linear solutions for 
separating groups of interest has been acknowledged in 
the past [66, 67].

Due to the challenging nature of matching de novo 
assembly derived RNA reads with concrete proteins 
using currently available databases, the predictive 120 
gene signature was not suitable to perform pathway 
analyses to extract biologically meaningful informa-
tion from long- or short PFS associated microbial sig-
natures. Therefore, we matched differentially abundant 
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Trinity IDs with PFAM annotations to identify key pro-
tein domain families. It was shown that MTR signatures 
from patients with short PFS were enriched mainly from 
pathways of DNA synthesis, Response to hypoxia, and 
Translesion-synthesis. Translesion synthesis (TLS) in 
prokaryotes is a DNA damage tolerance mechanism 
where specialized DNA polymerases replicate across 
lesions, allowing cell survival but often introducing muta-
tions. TLS can impact bacterial pathogenicity and antibi-
otic resistance by fostering genetic variability. In the gut 
microbiome, TLS may contribute to bacterial adaptation 
under stress (e.g., antibiotics, inflammation), influenc-
ing microbial diversity and resilience, which could affect 
gut-related diseases [68, 69]. In contrast, patients with 
long PFS exhibited enrichment in metabolism-related 
pathways, especially in Amino acid- and Carboxylic acid 
conjugation pathways. These pathways are involved in 
detoxifying substances like bile acids and xenobiotics and 
producing SCFAs, which have anti-inflammatory effects 
and support gut barrier integrity [70].

Among biomarker candidates, whose abundance 
showed the best performance classifying patients with 
long vs short PFS, only one showed performance above 
an AUC of 0.8 and was significantly more abundant in 
patients with long PFS. Lachnospiraceae-derived protein 
so far classified as “unknown” (Trinity_DN2024_c2_g1) 
was also associated with increased PFS according to mul-
tivariate Cox-regression (HR: 0.68). Gut Lachnospiraceae 
were described as promoters of tumor immune surveil-
lance, and to be related to high immunoscores in colo-
rectal cancers [71, 72]. They were also more abundant 
in the clinical benefit response group of patients with 
hepatobiliary cancers reported by Mao and colleagues 
[48]. However, more identified RNA transcripts exhib-
ited a stronger association with the short PFS patient 
group, namely, 92% (35 out of 38) with a minimum AUC 
of 7.0. Among them, alkaline, reducing fluid-resident 
Hakubanella thermoalkaliphilus from the Actinomyce-
tota phylum [73] was not yet described in connection 
with the human microbiome, whereas the genus Lac-
ticaseibacillus, along with other Lactobacillus species 
described as lactic acid producer probiotics were already 
heavily implicated in gut health and immunity, includ-
ing alleviating GI symptoms in Parkinson’s disease [74], 
contribution to cell-wall remodeling and gut microbiome 
homeostasis [75]. In cancer, the genus has been assigned 
an anti-proliferative role boosting anti-tumor immunity, 
but only in colorectal cancer and mouse models [76, 77].

Conventional RNA-seq, reliant on the alignment of 
sequencing reads to a reference genome, excels in well-
characterized organisms, enabling precise gene expres-
sion quantification and variant detection due to its data 
processing and analysis efficiency. However, its efficacy 

is constrained by the availability and quality of reference 
genomes, introducing potential biases against detecting 
novel or highly divergent transcripts [78]. On the other 
hand, de novo transcriptome assembly, which does not 
require a reference genome, is invaluable for studying 
non-model organisms and discovering novel transcripts 
[23]. In the context of MTR analyses, conventional, data-
base-driven methods’ (such as the MetaPhlan/Humann 
pipeline) dependence on comprehensive databases for 
read mapping can limit its utility in MTR, where the 
microbial diversity often exceeds the scope of exist-
ing references [79]. Conversely, de novo assembly offers 
a pathway to explore the transcriptomes of complex 
microbial ecosystems without the constraints of refer-
ence genomes. However, distinguishing between closely 
related species or strains poses significant challenges 
[80]. Also, directly identifying prominent metabolic path-
ways is impossible with de novo assembly, which requires 
extensive database-alignment algorithms.

This study includes limitations. First, the relatively 
modest size of the patient cohort and the lack of causal 
linkage between altered immune response and gut MTR 
signatures require a cautious interpretation of our find-
ings: further in  vitro and in  vivo studies along with an 
independent prospective cohort are needed to validate 
the effect of these microbial signatures on anti-tumor 
immunity. Furthermore, RNA-based techniques all have 
the downside of increased degradability compared to 
DNA, which is efficiently managed by thorough quality 
control. We identified multiple transcripts, where biolog-
ically meaningful functional and proteomic annotation 
was not possible, due to the current state of knowledge 
in the field of microbial transcriptomics and proteom-
ics. However, these “uncharacterized proteins” are not 
necessarily irrelevant and might participate in complex 
yet unmapped biological pathways. Due to the current 
pace of development in functional genomics, it cannot 
be ruled out that a significant fraction of the functionally 
uncharacterized transcripts will be annotated in data-
bases in the coming years, and our study could serve as 
a valuable source of information for microbial genomics. 
We identified multiple eukaryotic taxa showing a strong 
association with short PFS. Unfortunately, many of these 
taxa are poorly characterized both taxonomically and 
functionally and might be part of the commensal myco-
biome or the alimentary flora as part of the patients’ diet.

Conclusion
In conclusion, our study demonstrates the associa-
tions of the gut microbiome’s MTR signatures with 
PFS in advanced-stage ICI-treated NSCLC patients. 
We performed de novo assembly-based sequencing 
that revealed significant associations between PFS and 
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the abundance of specific microbial RNA biomark-
ers, including an overrepresentation of the Archaea 
domain, Actinomycetota phyla, and Bifidobacterium, 
Collinsella, Eubacterium, and Limosilactibacillus gen-
era in patients with shorter PFS. A clear separation 
between the long- and short PFS associated transcrip-
tomic signatures verified using cluster analyses and 
non-linear ML methods, including RF and SVM and 
XGBoost. While these findings contribute to the grow-
ing body of literature on the microbiome’s role in can-
cer therapy, they warrant further research to validate 
these associations and explore their implications for 
therapeutic interventions.
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