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Abstract

Background: Precision medicine has introduced immune checkpoint inhibitors (ICIs) and
tyrosine kinase inhibitors (TKIs) as key therapies for lung cancer. However, the interac-
tion between PD-L1 expression and NTRK rearrangements in non-small cell lung cancer
(NSCLC) remains unclear. Methods: A cohort of 482 resected NSCLC cases was analyzed
using tissue microarrays. Immunohistochemistry (IHC) assessed PD-L1 expression with
four antibody clones and pan-TRK with one clone. Whole-exome sequencing (WES) iden-
tified NTRK mutations, copy number variations, and gene fusions. Associations with
clinicopathological features and prognosis were evaluated using Cox regression and sur-
vival analyses. Potential molecular connections between NTRK and PD-L1 were explored
through a multi-database interactome analysis using Cytoscape. Results: PD-L1 posi-
tivity (TPS ≥ 1%) varied by clone: 28-8 (41.5%), 22C3 (34.2%), SP263 (42.7%), and SP142
(10.4%). High PD-L1 expression (TPS ≥ 50%) correlated with poorer overall survival in
SP142-assessed cases (p = 0.045). TRK expression was observed in 4.6% (22/482) of cases,
predominantly in squamous cell carcinoma (72.7%). Co-expression of pan-TRK and PD-L1
was significant (p < 0.001), with 4.6% of tumors showing dual positivity. WES detected
three NTRK rearrangements, with no direct association with survival. Conclusions: The co-
expression of PD-L1 and pan-TRK observed in this cohort suggests a biologically relevant
interaction that warrants further investigation into its potential role in treatment response
and resistance mechanisms to ICIs and TKIs.

Keywords: predictive biomarkers in NSCLC; NTRK/PD-L1 status; whole exome sequencing
NGS (WES)

1. Introduction
Lung cancer remains the leading cause of cancer-related mortality worldwide, ac-

counting for approximately 27% of cancer deaths, with non-small cell lung cancer (NSCLC)

J. Respir. 2026, 6, 15 https://doi.org/10.3390/jor6030015

https://crossmark.crossref.org/dialog?doi=10.3390/jor6030015&domain=pdf&date_stamp=2026-07-16
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/jor
https://www.mdpi.com
https://orcid.org/0000-0002-6575-5581
https://orcid.org/0000-0002-2381-6833
https://orcid.org/0000-0002-6372-4239
https://orcid.org/0009-0005-6812-8451
https://orcid.org/0000-0002-8343-6226
https://orcid.org/0000-0002-6159-3781
https://doi.org/10.3390/jor6030015


J. Respir. 2026, 6, 15 2 of 21

representing 83% of cases. Among its histological subtypes, adenocarcinoma predominates
(38.5%) [1]. Despite advancements in early detection, prognosis remains poor, with a life
expectancy rarely exceeding 24 months [2,3].

Conventional strategies, including surgery for early and locally advanced stages and
platinum-based chemotherapy for advanced disease, have been the mainstay of therapy.
However, precision medicine has introduced molecularly targeted therapies, significantly
improving survival outcomes [4]. Among these, immune checkpoint inhibitors (ICIs)
targeting programmed cell death protein 1 (PD-1) and programmed cell death ligand
1 (PD-L1) have shown substantial benefits, achieving survival rates of approximately 30%
in NSCLC. PD-1 is an immune checkpoint receptor found on activated T cells, while PD-
L1 is expressed on tumor and immune cells. Their interaction suppresses T cell activity,
enabling tumors to evade immune detection. ICIs disrupt this interaction, restoring the
immune response against cancer cells [5]. However, their effectiveness is reduced in tumors
with EGFR, ALK, or ROS1 mutations due to low PD-L1 expression and reduced CD8+
T-cell infiltration, or that harbor dysfunctional CD8+ populations. In contrast, patients
with KRAS, BRAF, or MET mutations show a more favorable response because they are
typically associated with a high tumor mutational burden (TMB)—except in cases where co-
mutations with STK11 are present [4]. The combined therapeutic potential in NTRK-altered
NSCLC remains uncertain due to its rarity and limited clinical data.

Several monoclonal antibody-based ICIs, such as pembrolizumab, have demonstrated
superior efficacy and lower toxicity compared to chemotherapy, particularly as first-line
treatments. Phase III trials such as KEYNOTE-010 and CheckMate-057 have confirmed the
benefits of anti-PD-1 and anti-PD-L1 agents (e.g., atezolizumab) over docetaxel in second-
line settings [6,7]. However, PD-L1 immunohistochemistry (IHC) remains challenging
due to variability among monoclonal antibody clones, resulting in inconsistent staining.
Blueprint studies aimed at standardizing pathology reporting introduced the 73-10 clone
for avelumab, demonstrating high sensitivity in detecting PD-L1 expression [8,9]. Beyond
ICIs, novel molecular targets include tyrosine kinase inhibitors (TKIs), such as larotrectinib
and entrectinib, which are approved for tumors harboring NTRK gene fusions [10–13].

Pan-TRK overexpression results in the constitutive activation of TRKA, TRKB, or
TRKC receptors, which bind neurotrophins including NGF, BDNF, NT-3, and NT-4, and
trigger oncogenic signaling pathways (RAS/ERK, AKT/mTOR, PKC/PLCγ) involved in
cell growth, metabolism, proliferation, and survival [14–18]. NTRK has been involved in
the genesis and development of more than 14 groups of tumors, including lung cancer [19],
although its rearrangement frequency in NSCLC remains low (<0.5%) [20–22]. Accurate
detection requires at least two complementary assays, IHC for protein overexpression and
a molecular test, such as next-generation sequencing [23] for molecular confirmation of
rearrangements [24–30].

The integration of ICIs and TKIs in NSCLC treatment has revolutionized therapeutic
strategies. However, few studies have examined the relationship between PD-L1 expres-
sion and pan-TRK-overexpressing tumors. Preclinical studies combining ICIs with novel
immunomodulatory agents—including Indoleamine 2,3-dioxygenase (IDO) inhibitors and
anti-CTLA-4 blockers—have demonstrated efficacy by enhancing the cytotoxic activity of
T lymphocytes against tumor cells [31]. This has also led to considering targeting MAPK,
BRAF mutations, or combining anti-PD1 with other inhibitors to optimize therapeutic
outcomes [32]. Given the potential therapeutic implications, the question arises whether
each of these mutations should be included in biomarker diagnostic reports, along with
information on their functional ramifications. This could be particularly important for
identifying potential treatments or clinical trials that may benefit the patient, based on
published evidence of therapeutic responses. Providing this information may contribute to
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enhancing personalized treatment strategies and patient outcomes, particularly given the
resistance observed to both types of drugs [12,31].

Likewise, thanks to high-throughput sequencing technologies, recent research has
identified oncogenic and/or druggable gene fusions in approximately 3% to 6% of solid
tumor cases [33]. Therefore, research should prioritize a better understanding of driver
interactions, their metabolic pathways, and responses to immunotherapy—using in vitro,
in vivo, and, increasingly, in silico models, which have recently become more significant.
In silico protein expression analyses employ computational tools to predict, quantify, and
analyze protein expression under various biological conditions. These analyses utilize
databases, simulations, structural modeling, data mining, and artificial intelligence algo-
rithms to study protein interactions, functions, and potential biomarkers [34].

This study aims to conduct an in silico analysis of prior research on NTRK and PD-L1
expression, combined with our NSCLC case cohort, to investigate potential correlations
with signaling pathways and optimize treatment strategies. Given that response rates
to PD-1/PD-L1 inhibitors range from 20% to 90% across various cancers [35], a deeper
understanding of how these immune markers interact with molecular drivers is essential
for refining precision oncology strategies.

2. Materials and Methods
2.1. Study Cohort and Controls

A total of 482 patients who underwent curative lung tumor surgery between 1987
and 2005 at Karolinska University Hospital were selected for a clinicopathological analysis.
Archival formalin-fixed paraffin-embedded (FFPE) specimens from lobectomies were used
and processed according to standard procedures. Clinicopathological data were gathered
from medical records and pathology reports. Tumors were restaged based on the 8th
edition of the UICC/AJCC staging system. Ethical approval was obtained from Karolinska
University Hospital: No. 2005/588-31/4 + Amendment 2008/136-32, ensuring compliance
with the Declaration of Helsinki.

2.2. TMA Construction and Immunohistochemistry

Archival formalin-fixed paraffin-embedded (FFPE) surgical tumor specimens were
collected and arranged into tissue microarrays (TMAs), each comprising duplicate 1 mm
cores from both central and peripheral tumor regions. Immunohistochemical staining was
performed using anti-PD-L1 clones, 22C3 (Dako, Carpinteria, CA, USA), 28-8 (Abcam,
Cambridge, UK), SP142 (Ventana, Roche Diagnostics, Basel, Switzerland), and SP263
(Ventana) following established protocols, using the Dako Link 48 platform (Dako). For
pan-TRK detection, 4 µm tissue sections were stained with clone EPR17341 (Abcam) on the
Ventana Benchmark Ultra platform (Ventana Medical Systems, Tucson, AZ, USA). Standard
immunostaining protocols were followed, including proteolytic pretreatment and antibody
incubation, with optimized staining conditions of 56 min at 36 ◦C. The OptiView DAB kit
(Ventana Medical System, Tucson, AZ, USA) was used for signal amplification following
cell conditioning at 100 ◦C for 72 min (CC1, pH 8) per manufacturer guidelines, with an
antibody concentration of 30 µg/mL (1:50 dilution). Positive controls included muscle and
nerve tissue, while negative controls consisted of kidney, liver, pancreas, and colon tissue
within each block.

2.3. Evaluation of PD-L1 Expression

Tumor proportion score (TPS) was determined by evaluating PD-L1 membrane ex-
pression in the tumor cells within FFPE-stained samples containing at least 100 tumor
cells in the assessment. TPS was classified into three categories: <1% (score 0), ≥1%–<50%
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(score 1), and ≥50% (score 2). A score of 0 was considered negative, while scores of ≥1%
were categorized as positive. “High expression” was defined as TPS ≥ 50% (Figure 1).

Figure 1. Immunohistochemical detection of Programmed Death-Ligand 1 (PD-L1) expression in
NSCLC tissue microarray (TMA) cores using the clone SP263, and NTRK (pan-TRK, EPR17341 clone
Abcam). Composition performed with a Hamamatsu scanner. (A) corresponds to an AdCa score 0
(7.93×), (B) is a SqCC with score +1 (8.12×), (C) is a SqCC with score +2 (7.69×) for NTRK, and (D) is
a SqCC with score +3 (7.91×). (E–G) correspond to TPS <1%, 1 to <50% and TPS 50% PD-L1 clones,
respectively (10×).

PD-L1 expression in tumor cells was analyzed using the viewer PathoZoom®

DigitalLab—Core 7.6.4 (Smart in Media AG, Cologne, Germany) software following slide
scanning with a Hamamatsu S360 scanner. Pathologists independently assessed the slides
without automated assistance. For each case, two TMA cores were examined, and TPS was
assigned accordingly. If one core was missing, the remaining core was used for scoring.
The final TPS was calculated as the average of the individual scores.

2.4. Evaluation of NTRK Expression by IHC

Two pathologists independently performed blinded assessments of pan-TRK expres-
sion in TMA samples, evaluating staining patterns in the membrane, cytoplasm, and
nucleus. A minimum of 100 tumor cells was required for analysis, and the proportion
of stained tumor cells was quantified using the TPS. Staining intensity was categorized
as follows: Score 0 for no staining, score 1 for low-intensity staining in >1–10% of tumor
cells, score 2 for moderate staining in 10–50% of tumor cells, and score 3 for high-intensity
staining in >50% of tumor cells (Figure 1).

In cases of discordant results, a harmonization score was applied. Digital images
of TMAs were analyzed using the viewer PathoZoom® DigitalLab—Core 7.6.4 (Smart in
Media AG) software following slide scanning with a Hamamatsu S360 scanner. The core
with the highest score was considered the most representative; if one core was missing, the
remaining cores were used for scoring. The final score was calculated by averaging the
pathologists’ evaluations.

2.5. Sample Preparation for Whole Exome Sequencing and Bioinformatics Analysis

High molecular weight DNA was isolated from formalin-fixed, paraffin-embedded
(FFPE) tumor tissues obtained from 22 NSCLC patients who were positive in IHC for pan-
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TRK using the AllPrep DNA/RNA FFPE kit from Qiagen (Hilden, Germany) following
the manufacturer’s protocol [36]. The genomic DNA was randomly fragmented into short
segments sized between 180–280 bp, then underwent end repair, A-tailing, and ligation
with Illumina adapters. The adapter-bound fragments were PCR amplified, size-selected,
and purified. Subsequently, the captured libraries underwent PCR enrichment, and the
quantified libraries were pooled and sequenced on an Illumina Novaseq 6000 using a PE150
strategy. Throughout the process, Qubit and real-time PCR were utilized for quantity and
quality control, while the bioanalyzer was employed for size distribution analysis.

The analysis pipeline adhered to Genome Analysis Toolkit (GATK, Cambridge, MA,
USA) best-practice guidelines. Fastq files were assessed using FastQC (v 0.11.9), and
adapter removal and quality-based trimming were performed using Trim-galore (v 0.6.6).
Clean paired-end reads were aligned to the GRCh38.p13 human genome reference using the
Burrows–Wheeler Aligner (BWA) [37]. SAMtools (v. 1.9) was utilized for binary alignment
map (BAM) file filtering, and Picard was employed for duplicate read marking [38]. Variant
calling was conducted using Deepvariant in whole-exome sequencing mode [39], and
Vcftools (v 0.1.16) was used for variant retention, with intersectBed (v 2.30.0) keeping only
exon variants. SnpEff (v 4.3) facilitated variant annotation [40]. The maftools R package v
2.22.0 was employed for mutation summary, analysis, and visualization using mutation
annotation format (maf) files [41]. Gene fusions were inspected, visualized, and identified
using the Integrative Genomics Viewer (IGV) web app (Cambridge, MA, USA) [42].

2.6. In Silico and Literature Analysis for Non-Canonical Variants

Canonical and non-canonical variants of PD-L1, NTRK and other related molecules
were analyzed in silico with the following tools, which provide literature and predictions
on protein function, protein interactions, pathways, protein structure and protein expres-
sion: STRING databases [43], BioGRID database [44], IntAct [45], KEGG Pathway [46],
Reactome [47], WikiPathways [48,49], Database Commons [50], InterPro [23,51], Phospho-
SitePlus [52], RCSB Protein Data Bank [53], Panther database [54], The Human Protein
Atlas [55,56], Drugbank [57], Drug-Gene Interaction Database (DGIdb) v 5.0.8 [58] and
Network figures were drawn with Cytoscape program v 3.10.3 [59–61].

2.7. Statistical Analysis

Statistica, TIBCO Software Inc. (2020) (Palo Alto, CA, USA). Data Science Workbench,
version 14 (http://tibco.com), and IBM SPSS Statistics 29 software were utilized for sta-
tistical analyses. Overall survival (OS) served as the primary outcome measure. Survival
analysis included Kaplan–Meier curves (log-rank test), Cox regression, and crosstabulation
for subgroups based on antibody positivity. Age and sex were adjusted in multivariate Cox
regression. Associations between variables were assessed using the χ2 statistic. A p-value of
<0.05 was considered to be significant. Variables from univariate and multivariate analyses
were explored as prognostic factors.

3. Results
3.1. Patient and Tumor Characteristics

In total, 482 patients were studied. The median age was 68 years (39–86), and smoking
status was documented for 90% of the patients, with 53.4% identified as current smokers.
The sex ratio was male:female of 1.2:1. The histological subtypes included adenocarcinoma
(AdCa) (60.6%), squamous-cell carcinoma (SqCC) (33%), and large cell carcinoma (LCC)
(6.4%). The pT (extent of the tumor) category was as follows: T1 (36%), T2–T4 (64%). The
p-stage was as follows: IA (37.2%), IB (39.6%), IIA (10.2%), IIB (11.4%), IIIA (1.2%), IIIB–IV
(0.4%), with Grade 3 being the most predominant (43.2%) [62].
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3.2. PD-L1 Immunohistochemical Staining

Previous investigations from our group have established the relevance of PD-L1 in
NSCLC [63], with positivity (TPS ≥ 1%) observed in 41.5% for clone 28-8, 34.2% for 22C3,
42.7% for SP263, and 10.4% for SP142 (p < 0.0001). Similarly, high PD-L1 expression
(TPS ≥ 50%) was detected at 14.1% for 28-8, 13.1% for 22C3, 16.2% for SP263, and 3.9% for
SP142 (p < 0.0001). Likewise, the expression was significantly higher at advanced pT stage
and histological grade (p < 0.05 and p < 0.012), being slightly different for the histological
type, with SqCC being more frequent when TPS ≥ 50% (p = 0.0001).

3.3. TRK Immunohistochemical Staining

In previous observations, most tumor samples exhibited negative pan-TRK expression.
Positive staining was observed in 22 out of 482 cases (4.56%). The non-tumoral lung
tissue did not display TRK expression. There were occasionally some lymphocytes and
macrophages with weak staining. TRK expression was more frequently detected in SqCC in
16/22 (72.72%) than in AdCa 3/22 (13.6%). Additionally, we discovered expression in 3/22
LCC (13.6%), corresponding to 3.3%, 0.6%, and 0.6% of all lung cancer cases, respectively.
The majority of the staining was cytoplasmic and membrane-based. There was no nuclear
or perinuclear staining in any of the instances [62,64].

3.4. Correlation Between TRK and PD-L1 Immunohistochemical Expression in Tumor Cells and
Clinicopathological Findings and Patient Prognosis

A statistically significant association was observed between PD-L1 expression using
clone SP142 (TPS ≥ 50%) and overall survival (OS) in NSCLC and Non-adenocarcinoma
(non-AdCa) based on Kaplan–Meier analysis (log-rank p = 0.045 and p = 0.05, respectively).
Additionally, OS was associated with PD-L1 expression in patients with LCC, as assessed
by clones 22C3 and SP263. Patients with a TPS < 50% had better OS compared to those
with a TPS ≥ 50% (log-rank p = 0.009 and p = 0.05, respectively) in all clones. No significant
association between PD-L1 expression and OS was found in NSCLC using clones 28-8,
22C3, and SP263.

Multivariate analysis using Cox regression revealed that in NSCLC and Non-AdCa,
PD-L1 tumor positivity (TPS ≥ 50%) with clone SP142 could serve as an independent
prognostic factor among various variables (p = 0.043 and p = 0.042, respectively). Fur-
thermore, in Non-AdCa, PD-L1 expression ≥ 50% with clone 22C3 also appeared to be
an independent prognostic factor (p = 0.006). Similarly, in LCC, multivariate analysis
indicated that PD-L1 expression ≥50% in tumor cells was an independent prognostic factor
when assessed with clones 22C3, 28-8, SP263, and SP142 (p = 0.010, p = 0.029, p = 0.008,
and p = 0.017, respectively). No significant associations were observed in AdCa or SqCC.
Additionally, the analysis was applicable to all LCC clones with TPS ≥ 50%, age (except the
SP263 clone), and TNM stage. TNM stage is directly linked to survival (p < 0.001), and not
to grade or histological type. Despite this, grade 1 tumors appeared to have better survival
rates. In an analogous but disparate way, positive TRK expression in NSCLC correlated
significantly with histological subtypes (p < 0.001), particularly SqCC (p = 0.038), and grade
of differentiation (p = 0.036). However, staining intensity did not reach significance. No
correlations were found with age, tumor size, or overall survival. Additionally, there was
no statistically significant association between pan-TRK staining and overall survival (OS)
using Kaplan–Meier analysis (log-rank p = 0.821) [62,63]. It is worth noting that when
TNM stage was incorporated into the multivariable Cox model alongside age and sex,
neither PD-L1 clone nor NTRK expression reached independent prognostic significance,
reflecting the near-uniform early-stage distribution in this surgical cohort (98.4% Stage I–II).
Additionally, findings in the LCC subgroup (n ≈ 31) should be interpreted with caution
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due to limited statistical power. These survival analyses should therefore be interpreted as
exploratory, and the previously reported borderline findings require validation in larger,
stage-diverse cohorts.

PD-L1 expression showed a statistically significant correlation with pan-TRK, grade
and histology for all clones (p < 0.001), where all cases co-expressed both biomarkers except
case 1 which was negative for SP142, all LCCs expressed both biomarkers and SP263 was
the clone with the highest PD-L1 expression with similar behavior and predominant expres-
sion in SqCC and high-grade tumors (G3 63.6% and G2 36.4%) (Figure 2). Pan-TRK staining
was present, especially in SqCC, in 3.3% of all samples (p < 0.001). In addition, there was
a strong correlation between TRK expression and PD-L1 positivity; all 22 TRK-positive
samples expressed PD-L1 between 95–100% of the PD-L1 when TPS was >1%, and between
54–95% when TPS was >50% (p < 0.001) (Figure 3). Complementary analyses—including
multivariable logistic regression adjusted for age, sex, histology, grade, and stage (adjusted
OR ranging from 28 to 102 across clones), ordinal logistic modeling, and multiple correspon-
dence analysis (MCA)—consistently confirmed that pan-TRK and PD-L1 co-expression
constitutes a structurally independent molecular pattern. Dimension 1 of the MCA (explain-
ing 10.1% of the 19.6% total inertia) was primarily defined by TRK-positive/PD-L1-high
co-occurrence, with minimal contribution from the other clinical variables.

Figure 2. Co-expression heatmap of pan-TRK and PD-L1 in the 22 IHC-positive NSCLC cases. Each
row represents an individual case; columns display PD-L1 positivity (TPS > 1% and TPS > 50%) for
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four antibody clones (28-8, 22C3, SP263, SP142). Histological subtypes are color-coded: green (SqCC),
blue (AdCa), red (LCC). Pan-TRK staining intensity is represented by color shading: dark (+3, strong),
medium (+2, moderate), light (+1, weak); white boxes indicate PD-L1 negativity. The predominance
of colored cells across all clones and thresholds illustrates the strong and consistent co-expression of
pan-TRK and PD-L1, irrespective of histological subtype, with SP263 demonstrating the broadest
positivity and SP142 the highest specificity for high-expression cases.

Figure 3. Cross-tabulation between every PD-L1 clone and NTRK. In the figure, there is a statistically
significant correlation across all clones, indicating that all positive cases with pan-TRK have PD-L1
expression in most cases. (A) PD-L expression > 1%; (B) High PD-L1 expression ≥ 50%.

3.5. NTRK Somatic Mutations, CNV and Fusions Detected by NGS Analysis

After extracting DNA from FFPE samples, 15 of the 22 pan-TRK positive cases fulfilled
quality standards and underwent whole exome sequencing (WES) to identify cancer-
related somatic DNA mutations, copy number variations (CNVs), and NTRK fusion genes.
Seven samples with positive TRK-IHC were excluded from WES due to inadequate DNA
extraction and high fragmentation levels, likely due to improper formalin fixation. Somatic
variants were identified using strict filters: variant allele frequency (VAF) > 5%, site depth
≥ 20, ≥5 alternate reads, and exclusion of variants listed in ExAC or gnomAD. Variant
call format (VCF) files with annotated somatic mutations were converted to mutation
annotation format (MAF) and analyzed with the maftools R package.

Several somatic mutations were identified across 15 pan-TRK–positive samples, most
of which correspond to missense mutations, with one stop-gained mutation in JAK2, as
visualized in the Oncoplot (Figure 4). Notably, NGFR deletions and multiple mutations in
MTOR, STAT1, EGFR, SORCS2 (Vps10 receptor linked to Sortilin 1), NFKBIL1 (NF-κB), and
PDCD1LG2 (PD-L2) were identified in the samples [65–67]. Conversely, NTRK1 mutations
were detected in only one case, along with other somatic mutations in key cancer-associated
genes such as PIK3CA, RET, KRAS, BRAF, APC, and PTEN (Table 1). CNV analysis using
GISTIC (v 2.0.23) identified amplifications in NTRK1 and ERBB2, with deletions of TP53 and
NGFR (Supplementary S1 and S2). Gene rearrangements were detected in 11 samples using
the FuSeq WES v 1.0.0 and validated with IGV, with three unique NTRK rearrangements
detected involving AFAP1, TPM3, and RASEF. NTRK1 fusions were found in one case,
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while NTRK2 fusions appeared in two cases. No NTRK3 rearrangements were identified.
Additional fusions involving other lung cancer driver genes were detected, including
ALK (6/15), ROS1 (2/15), MET (2/15), RET (1/15), and NRG1 (1/15). Notably, five cases
exhibited dual fusions within the same sample, one of which involved TPM3—NTRK1 and
ALK—VCL (Table 1, Supplementary S3). The three NTRK rearrangements were identified
in two SqCC cases and one AdCa case. All are G2 and G3 and stage I and II, as previously
published [64]. In the comparative analysis of PD-L1 expression with the rearrangements,
Sample 1 (AdCa) showed an NTRK2 fusion, TP53 and PIK3CA mutations, +1 pan-TRK
staining, and mild PD-L1 expression (10–80% of tumor cells) for all clones except SP142
(negative). Sample 7 (SqCC) presented NTRK1 and ALK fusions, no classic NSCLC driver
mutations—but a stop-gained JAK2 mutation—, +2 pan-TRK staining, and moderate PD-L1
positivity (55–70% of tumor cells) for all clones. Sample 10 (SqCC) had NTRK2 and MET
rearrangements, no common NSCLC driver mutations—but multiple somatic mutations
in Sortilin 1 and PD-L2—, +3 pan-TRK staining, and strong PD-L1 expression (80–90% of
tumor cells) across all clones. Adjusted prevalence with WES NGS was 0.91%.

Figure 4. The Oncoplot provides a comprehensive overview of somatic mutations identified across
specific genes (rows) in 15 individual patient samples (columns). Mutations are color-coded according
to their type. The top bar indicates the total number of mutations detected in each patient, while the
side bar denotes the number of patients harboring a given mutation. The bottom panel displays the
spectrum of single-nucleotide polymorphism (SNP) transitions and transversions, with bar colors
illustrating the distribution of the six possible nucleotide conversions within each sample. Notably,
recurrent alterations were observed in NFKBIL1 (NF-κB), PDCD1LG2 (PD-L2), SORCS2 (sortilin 1),
EGFR, and MTOR, accompanied by deletions in NGFR (p75NTR) and a stop-gained variant in JAK2.

The table summarizes each NTRK fusion present in the samples and its grade of
immunohistochemical staining, implicated chromosome partners, histological type, and
other somatic mutations and PD-L1 staining grade.
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Table 1. NTRK rearrangements and driver fusion partners, somatic mutations, pan-TRK and PD-L1 expressions. Molecular and immunohistochemical charac-
terization of the 15 pan-TRK-positive NSCLC cases analyzed by whole-exome sequencing (WES). Gene fusions are shown with their respective chromosomal
partners, histological subtype, and pan-TRK staining intensity (score 1–3). PD-L1 expression is reported for four antibody clones (28-8, 22C3, SP263, SP142) using a
semiquantitative score: 0 (TPS < 1%), 1 (TPS ≥ 1–<50%), 2–3 (TPS ≥ 50%). Additional somatic mutations in cancer-relevant genes are indicated; asterisks (*) denote
co-occurring tumor suppressor alterations. Cases with confirmed NTRK1 or NTRK2 fusions consistently demonstrate concurrent PD-L1 positivity across all clones,
supporting their biological co-expression.

Cases Sample 1
Case 1

Sample 2
Case 3

Sample 3
Case 6

Sample 4
Case 7

Sample 5
Case 10 Sample 6 Case 11 Sample 7 Case 12 Sample 8 Case 14 Sample 9

Case 15 Sample 10 Case 17 Sample 11
Case 18

Sample 12
Case 19 Sample 13 Case 20 Sample 14

Case 21
Sample 15

Case 22

AFAP1— ALK— ALK— ALK— ALK— ALK— TPM3— ALK— ALK— ROS1— PCM1— RASEF— MET— RET— ROS1— MET—
Fusion Partner

NTRK2 KCNQ5 CTLC HIP1 HIP1 KCNQ5 NTRK1 VCL HIP1 CEP85L NRG1 NTRK2 KIF5B SPECC1L GOPC CAPZA2

Partner 1 Chr4 Chr2 Chr2 Chr2 Chr2 Chr2 Chr1 Chr2 Chr2 Chr6 Chr8 Chr9 Chr7 Chr10 Chr6 Chr7

Partner 2 Chr9 Chr6 Chr17 Chr7 Chr7 Chr6 Chr1 Chr10 Chr7 Chr6 Chr8 Chr9 Chr10 Chr22 Chr6 Chr7

Histology Adca SqCC SqCC Adca SqCC SqCC SqCC SqCC Adca SqCC LCC SqCC LCC LCC SqCC

NTRK-IHC 1 3 3 1 2 2 2 2 2 3 1 3 2 3 3

PD-L1 28-8 1 2 2 2 2 1 2 2 2 2 2 2 2 2 2

PD-L1 22C3 1 2 2 2 2 1 1 2 2 2 2 2 2 2 2

PD-L1 SP263 1 2 2 2 2 1 2 2 2 2 2 3 2 2 2

PD-L1 SP142 0 3 3 2 2 2 2 3 3 2 3 3 3 3 3

Other Somatic
Mutations

* TP53,
PIK3CA APC PTEN APC * TP53 NTRK1,

RET BRAF KRAS
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3.6. In Silico and Literature Analysis for Non-Canonical Variants

Several databases accessed via Database Commons were utilized to explore molecular
interactions and signaling pathways involving PD-L1 and TRK receptors in NSCLC. Among
these, STRING was instrumental in identifying protein-protein interactions based on experi-
mental data and computational predictions. InterPro and Panther enabled the classification
of protein domains, while IntAct and the RCSB Protein Data Bank provided structural
and molecular interaction data, including post-translational modifications. Canonical and
non-canonical signaling pathways were investigated using KEGG Pathway, Reactome, and
WikiPathways, whereas PhosphoSitePlus offered detailed information on phosphorylation
events and other post-translational modifications. The Human Protein Atlas was employed
to analyze protein expression profiles. DrugBank and DGIdb supplied information on phar-
macological agents, including those targeting non-canonical molecules (Supplementary
S4). Finally, Cytoscape was used to construct the network. Subsequently, analysis using
STRING revealed that the input proteins exhibited significantly more interactions than
would be expected by chance for a random set of proteins with similar size and degree
distribution in the genome. This enrichment suggests that the proteins are biologically
interconnected to some extent. Although minimal enrichment was anticipated due to the
small initial input (two or more proteins), STRING, by default, expanded the network to
include 30 additional nodes. This inherent extension requires caution when interpreting
connectivity, as at least 30 associated interactions are assumed a priori. To improve sta-
tistical validity, we reanalyzed the dataset in STRING using the full list of proteins from
the beginning and adjusted the network settings by disabling the “first shell” and “second
shell” options, producing a preliminary report (Figure 5).

Figure 5. Network created by string-db.org. ARTN (Artemin)—Promotes survival and growth of
sympathetic neurons. Activates RET pathway; BDNF (Brain-Derived Neurotrophic Factor)—Supports
neuronal survival and growth. Binds to NTRK2; CD274 (Programmed Death-Ligand 1, PD-L1)—Inhibits
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immune response through T-cell suppression; CNTF (Ciliary Neurotrophic Factor)—Promotes neu-
ronal survival; involved in neuroinflammation. Binds CNTFR; CNTFR (Ciliary Neurotrophic Fac-
tor Receptor)—Receptor for CNTF; mediates neuroprotective effects. Forms a complex with IL-6
and proNGF; FGFR1 (Fibroblast Growth Factor Receptor 1)—Regulates development, cell growth,
and angiogenesis. Activates RAS/MAPK, PI3K/AKT, STAT, and PLCγ pathways; FGFR2 (Fibrob-
last Growth Factor Receptor 2)—Involved in cell differentiation and embryogenesis. Activates
RAS/MAPK, PI3K/AKT, STAT, and PLCγ pathways; FGFR3 (Fibroblast Growth Factor Receptor
3)—Regulates bone growth and brain development. Activates RAS/MAPK, PI3K/AKT, STAT, and
PLCγ pathways; FRS2 (Fibroblast Growth Factor Receptor Substrate 2)—Adapter protein in FGFR
signaling; GAB1 (GRB2-Associated Binding Protein 1)—Adapter in growth factor and cytokine
signaling. Activates RAS/MAPK, PI3K/AKT, and JNK pathways; GDNF (Glial cell line-Derived
Neurotrophic Factor)—Supports survival of dopaminergic neurons. Binds GFRA1; GFRA1 (GDNF
Family Receptor Alpha 1)—Co-receptor for GDNF; promotes neuronal development via RET activa-
tion; GFRA2 (GDNF Family Receptor Alpha 2)—Co-receptor for NRTN; supports parasympathetic
neurons. Activates RET pathway; GFRA3 (GDNF Family Receptor Alpha 3)—Co-receptor for ARTN;
affects sensory neurons. Activates RET pathway. IL-6R (Interleukin-6 Receptor)—Mediates inflam-
matory and immune responses. STAT3 and SHP2 are associated with AKT pathway activation;
IRS1 (Insulin Receptor Substrate 1)—Transmits insulin and IGF signals. Activates PI3K/AKT and
SOS/ERK pathways; NGF (Nerve Growth Factor)—Promotes survival of sympathetic and sensory
neurons; NGFR (Nerve Growth Factor Receptor, p75NTR)—Binds NGF; regulates neuronal sur-
vival or apoptosis. Activates Rho/NF-κB and RAS/JNK pathways; NRTN (Neurturin)—Supports
parasympathetic and enteric neuron survival. Activates RET pathway; NTRK1 (Neurotrophic Recep-
tor Tyrosine Kinase 1, TRKA)—Receptor for NGF; promotes neuronal survival; NTRK2 (Neurotrophic
Receptor Tyrosine Kinase 2, TRKB)—Receptor for BDNF; promotes neuronal differentiation; NTRK3
(Neurotrophic Receptor Tyrosine Kinase 3, TRKC)—Receptor for NTF3; supports neuronal survival;
NTSR1 (Neurotensin Receptor 1)—Mediates neurotensin signaling in CNS and periphery. Activates
Rho kinases, AKT, and RAS pathways; NFKB1 (Nuclear Factor kappa-light-chain-enhancer of acti-
vated B cells subunit 1)—Regulates immune and inflammatory responses; NTF3 (Neurotrophin-3,
NT3)—Supports neuronal differentiation and survival; NTF4 (Neurotrophin-4, NT4)—Promotes
survival of peripheral sensory neurons; PSPN (Persephin)—Supports development of midbrain
dopaminergic neurons. Binds GFRA4 and activates RET pathway. SH2B1 (SH2B Adaptor Protein
1)—Modulates insulin and leptin receptor signaling. Activates RAS, PI3K, and JAK pathways; SH2B2
(SH2B Adaptor Protein 2)—Enhances receptor tyrosine kinase signaling. Activates RAS pathway;
SHC1 (SHC Adaptor Protein 1)—Couples activated receptors to the RAS signaling pathway; SHC3
(SHC Adaptor Protein 3)—Involved in neuronal signaling and differentiation. Activates RAS/ERK
and PI3K/AKT pathways; SHC4 (SHC Adaptor Protein 4)—Participates in MAPK signaling in
neurons. Activates RAS pathway; SORCS2 (Sortilin-Related VPS10 Domain Containing Receptor
2)—Modulates neurotrophin signaling and plasticity. Binds p75NTR and BDNF; SORT1 (Sortilin
1)—Regulates neurotrophin trafficking and receptor internalization. Binds p75NTR; activates JNK
pathway; SOS1 (Son of Sevenless Homolog 1)—Activates RAS; transduces growth factor signals;
STAT3 (Signal Transducer and Activator of Transcription 3)—Mediates responses to cytokines and
growth factors.

The refined interaction network was subsequently visualized in Cytoscape using
the STRING v 2.2.0 and CytoHubba v 0.1 app plugins. This analysis focused on PD-
L1 (CD274) and NTRK1/2/3 and highlighted their connections to canonical signaling
pathways, including RAS, MAPK, PLCγ, and PI3K/AKT/mTOR cascades (Figure 6). The
research underscores the molecular interactions centered around NTRK1/TRKA, revealing
a strong functional association with other TRK family members, neurotrophins, and several
co-receptors, particularly those linked to the GDNF signaling axis. Additionally, weaker
yet significant connections were observed between NTRK1 and various secondary nodes in
the network, notably with intracellular signaling mediators and second messengers. The
connection between NTRK1 and PD-L1 appears limited; nonetheless, indirect crosstalk
is evident through the NGFR (p75NTR) and STAT3 pathways—activated via interleukin
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receptors, especially IL-6. These physical and non-canonical interactions were identified
from BioGRID-referenced and curated datasets.

Figure 6. Network created by the Cytoscape program. Using Cytoscape in conjunction with the STRING
database enables the identification of key protein nodes within biological interaction networks. In
this analysis, the CytoHubba plugin was used with predefined parameters to generate a heatmap
highlighting proteins with the strongest predicted associations with NTRK1 (TRKA). The resulting
image displays an intensity gradient from red to yellow, indicating decreasing interaction strength.
Proteins shown in light blue represent those with weaker or indirect associations—potentially mediated
by non-canonical pathways—such as PD-L1.

4. Discussion
Over the past 50 years, the five-year survival rate of NSCLC patients has significantly

improved, rising from approximately 10% to 23% [68,69]. First- and second-line treatments,
such as TKIs, have been shown to extend survival by approximately one year, a benefit
comparable to that of immunotherapy. However, therapies targeting ALK and EGFR offer
survival extensions of up to 4 years, while ROS1-targeted therapies can extend survival by
more than 6 years [68]. These advancements underscore the importance of personalized
therapies based on specific genomic alterations.

With the advent of ICIs and TKIs in the last decade, a new era of therapeutic optimism
has emerged for patients with lung cancer [70,71]. Higher PD-L1 expression has been
associated with increased survival in patients treated with ICIs. When PD-L1 expression is
below 50%, median survival is approximately 9 months, whereas patients with expression
levels above 50% have a survival exceeding 26 months [8]. However, the appearance
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of resistance in such a short period of time raises many questions about how these new
molecules work and, in particular, how they can interact with each other and, even more
importantly, the feasibility of combining them in individualized treatment strategies.

An alternative approach to investigating these resistance mechanisms has been pro-
posed in this study, where we observed a significant correlation between NTRK and PD-L1
expression by both immunohistochemistry and molecular analyses, particularly in SqCC
and high-grade tumors. All 22 TRK-positive cases co-expressed PD-L1, with positivity
rates of 95–100% when TPS > 1% and 54–95% when TPS > 50% (p < 0.001). While TRK
expression alone was not prognostic for OS, PD-L1 positivity (TPS ≥ 50%)—particularly
when assessed using the SP142 clone—emerged as an independent prognostic factor in
NSCLC and non-AdCa subtypes and showed additional predictive value in LCC when
multiple clones were evaluated. These findings suggest that PD-L1 and TRK should be
evaluated jointly rather than independently, as their co-expression may offer enhanced
prognostic precision.

In the genomic analyses, whole-exome sequencing of TRK-positive tumors revealed
several interesting alterations. Alongside amplifications in NTRK1 and ERBB2, and dele-
tions in TP53 and NGFR (p75NTR), we identified multiple mutations in MTOR, STAT1,
EGFR, SORCS2, NFKBIL1 (NF-κB), and PDCD1LG2 (PD-L2), as well as a stop-gained mu-
tation in JAK2. NTRK rearrangements were detected in 3/15 sequenced cases (NTRK1
and NTRK2), while ALK, ROS1, MET, RET, and NRG1 fusions were also present, with
several dual rearrangements observed in single samples. Importantly, three illustrative
cases demonstrated how NTRK fusions co-occurred with additional alterations (e.g., TP53,
PIK3CA, JAK2 stop-gain, PD-L2 mutations) and PD-L1 positivity ranging from mild to
strong. This strengthens the notion that TRK/PD-L1 interactions are biologically relevant
in NSCLC and may reciprocally influence immunotherapy responses.

Mechanistically, these results align with in silico predictions and literature, suggesting
that TRK-mediated signaling may upregulate PD-L1 expression through non-canonical
pathways involving p75NTR, STAT3, and NF-κB. STAT3, acting as a transcription fac-
tor, in particular, binds the PD-L1 promoter, and its activation via ephrin (EPHA and B)
signaling—whose pathways are still poorly categorized—may contribute to PD-L1 over-
expression [72]. In parallel, NF-κB activation—potentially triggered via TRKA/p75NTR
signaling, either by mutation or dimerization—further enhances PD-L1 expression [66,73–76].
Moreover, STAT3 directly binds to NF-κB, retaining it within the nucleus and promoting
sustained NF-κB activation in cancer [75,76] (Figure 7). This creates an immunosuppressive
tumor microenvironment (TME) that favors CD8+ T cell exhaustion and therapeutic resis-
tance. Interestingly, our data also support previous findings that NTRK1 activation in TILs
may contribute to immune dysfunction through the JAK/STAT pathway, a process that can
be partially reversed after TKI treatment [31,77]. Similar findings can be observed in NTRK1
mutations/rearrangements in tumor cells, where TRKA signaling leads to sustained STAT3
activation, promoting tumor progression and treatment resistance. In contrast, although
NTRK2 and NTRK3 can also activate STAT3, a definitive association with NSCLC remains
controversial [64,77–79].
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Figure 7. The image provides an overview of the cellular signaling pathways involving NTRK, PD-1,
and PD-L1 in lung cancer. Solid arrows represent canonical pathways, while dashed arrows indicate
non-canonical routes. Notably, NTRK dimerization with p75NTR predominantly activates canonical
second messengers such as RAS and AKT; however, under certain conditions, it can also engage
non-canonical pathways, influencing NF-κB activity. STAT3 can be activated by IL-6, PD-L1, and
NTRK (particularly TRKA), all of which contribute to the upregulation of PD-L1 expression. The
image was created in BioRender.com.

Notably, PDCD1LG2 mutations detected in our cohort deserve further attention. Given
that PD-L2 binds PD-1 with 2–6-fold higher affinity than PD-L1, differential blockade by
anti-PD-1 versus anti-PD-L1 therapies could yield distinct outcomes [80]. This could reflect
greater PD-L1 activity in those samples in which PD-L2 is mutated. Furthermore, the
TMB was relatively high across samples, a feature that typically correlates with increased
neoantigen formation and, consequently, enhanced responsiveness to ICIs [78,81]. Nonethe-
less, clinical responses have also been observed in tumors with low PD-L1 expression,
raising concerns about the reliability of PD-L1 as a predictive biomarker [35,63]. Similarly,
alterations in NGFR and Sortilin-1, both involved in TRK signaling, highlight the need to
broaden the scope of immune checkpoint research beyond PD-L1.

Finally, PD-L1 expression in tumors with ALK, ROS1, and NTRK rearrangements may
vary in its predictive value for response to ICIs in solid tumors. Although overexpression
is uncommon in ROS1- and NTRK-rearranged cases, some cohorts with ALK fusions have
shown PD-L1 upregulation in fewer than 20% of cases [82]. Other studies, however, have
indicated that immune escape mechanisms for these rearrangements may lead to increased
PD-L1 expression in NSCLC patients with aggressive tumor phenotypes, leading to poor
prognosis despite TKI therapy [83].

Despite meeting several Bradford Hill criteria for causality [84,85], our study presents
certain limitations. These include its retrospective design, the lack of treatment response
evaluation, limited sample size, incomplete WES coverage—chosen over RNA-based
NGS for its broader yield from limited archival material, despite RNA-seq remaining the
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conventional standard for fusion detection—and use of TMAs, which may underestimate
intratumoral heterogeneity. Technical issues such as paraffin block age and environmental
factors can also affect PD-L1 staining reliability [80]. Additionally, the study design did
not allow for extensive experimental validation, and separate analyses of TRKA, TRKB,
and TRKC were not performed—a step that could have improved molecular categorization
and strengthened causal inference. While our in silico interactome analyses generated
valuable hypotheses, experimental validation of the proposed non-canonical pathways (e.g.,
TRKA–p75NTR–STAT3/NF-κB) remains necessary. WES-confirmed NTRK rearrangements
are low. However, this pattern is consistent with what is expected for low-prevalence,
screening-based biomarkers: pan-TRK IHC has high sensitivity but imperfect specificity,
and a substantial drop-off between IHC positivity and molecular confirmation is well
documented in the literature [24–30]. IHC could be regarded as a screening tool, and
molecular confirmation must be mandatory before any targeted therapeutic decision.

Nevertheless, our findings reinforce a biological connection between TRK signaling
and PD-L1 expression. The consistent co-expression of TRK and PD-L1, the detection of
novel mutations in JAK2, PD-L2, NGFR, NFKBIL1, and SORCS2, and the identification
of NTRK fusions alongside ALK and MET rearrangements point to a complex network
of immune evasion mechanisms. Joint evaluation of NTRK and PD-L1 expression may
yield more accurate prognostic information and help identify patients likely to develop
resistance to immunotherapy or to benefit from combined targeted approaches.

Further studies should explore cytolytic activity, immune checkpoint dynamics and the
role of the inflammatory component within the TME, integrating both in vivo and in vitro
approaches. However, in silico studies should remain a priority, as they provide a cost-
effective strategy to elucidate the molecular mechanisms underlying NTRK overexpression,
PD-L1 upregulation, and resistance to immunotherapy. Moreover, computational inter-
actome analyses can substantially reduce research costs by enabling better experimental
design and hypothesis refinement.

5. Conclusions
Systematic mapping of TRK interactions is fundamental and opens up new possibilities

for research in cell biology and personalized medicine. By integrating this data with
additional information on cancer types and therapeutic applications, testable hypotheses
about the molecular regulation of TRK can be generated [86]. Interactome analysis is a
necessary and integral resource for future research into TRK signaling and opens the door
to exploring new insights into TRK function and less-explored functional interactions in
the context of cancer and other diseases.

Our findings contribute preliminary, hypothesis-generating evidence suggesting that
the co-expression of PD-L1 and TRK in NSCLC may be biologically relevant in the context
of ICI therapy. Based on the observed expression patterns, it is plausible that patients with
concurrent TRK and PD-L1 overexpression could represent a subgroup warranting further
investigation regarding ICI response, particularly when high TMB is present. Conversely,
secondary PD-L1 upregulation through NTRK1 signaling remains a potential mechanism
of pharmacological resistance that deserves experimental exploration.

Finally, these findings underscore the complex interplay between NTRK1 signaling,
STAT3 activation, and immune evasion, highlighting the therapeutic potential of targeting
these pathways in NSCLC. These hypotheses require prospective clinical and mechanistic
validation before any therapeutic inference can be drawn.
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mdpi.com/article/10.3390/jor6030015/s1, Supplementary S1: CNVs GISTIC; Supplementary S2:
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