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Plasma proteomic biomarkers predict
therapeutic responses in advanced biliary
tract cancer patients receiving
Camrelizumab plus the GEMOX treatment

Check for updates

Shiyun Cui1,2,8, Hejian Zheng2,8, Yiyang Xu3,8, Qiuyu Wu3, Weici Liu3, Yucheng Cai3, Lei Fan4, Yitong Tian3,
Hao Qian3, Yuting Ding3, Xinyi Zhang3, Jiaguang Zhang3, Xiaofeng Wu5, RongWang1 ,
Xiangcheng Li5 & Xiaofeng Chen1,6,7

Biliary tract cancer (BTC) has greatly influenced patient survival for years. Nowadays, immunotherapy
represents a promising breakthrough and proteomics is one of powerful technologies in biomarker
research. We collected plasma and tissue samples from 37 patients with advanced BTC and 92
proteins were analyzed by proximity extension assay (PEA). Through linear mixed effect models,
compared to partial response (PR) group, 8 proteins, IL7, ANGPT2, IL15, HO-1, CXCL1, CXCL5, IL33,
and VEGFA, exhibited significantly higher expression in stable disease and progressive disease
(SD_PD) group in response-effect analysis. It was also revealed that a subset of proteins increased
over time, including PDCD1, TNFRSF4, DCN, CRTAM, VEGFR-2 and ADA in PR group and PDCD1,
IL10, ADA, CD28, and PTN in SD_PD group. In interaction-effect analysis, HO-1, ANGPT2, IL15 were
three significant differentially expressed proteins (DEPs). Receiver operating characteristic (ROC)
analysis further demonstrated that HO-1, ANGPT2, IL15 showed high accuracy in patients with
immune checkpoint blockade (ICB) treatment plus chemotherapy (AUC = 0.74). In addition, based on
the obtained plasma and tissue samples, two nomogram models were constructed for predicting the
prognosis of BTC by genome combined with proteomics. Collectively meaningful proteomic
biomarkers are beneficial to evaluate the efficacyof immunotherapy, and thesediscoveredbiomarkers
may be included in the scope of treatments’ evaluation and improvement in future study.

Biliary tract cancer (BTC) is an aggressive malignancy that includes gall-
bladder cancer (GBC) and cholangiocarcinoma (CCA). Previous studies
have shown that the prognosis of BTC is poor. For example, as the data
reported, the median overall survival (OS) of patients receiving immu-
notherapy was less than 1 year and readily affected by various factors1. For a
long time, gemcitabine combined with cisplatin (GemCis) chemotherapy

has been themainfirst-line standard treatment for advancedBTC; however,
its clinical efficacy is not satisfactory. In recent years, the emergence of
immune checkpoint inhibitors has profoundly changed the treatment of
BTC2. Immunotherapy combined with chemotherapy may benefit more
patients with BTC. In a randomized and double-blind phase 3 trial, statis-
tical evidence proved that pembrolizumab plus gemcitabine and cisplatin
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brought promising improvements in OS3. It was also reported that gemci-
tabine and cisplatin plus durvalumab were evaluated as first-line treatment
in patients with advanced BTC4. Our previous study evaluated the efficacy
and safety of Camrelizumab plus gemcitabine and oxaliplatin (GEMOX) as
a first-line treatment. The results showed that the median progression free
survival rate (PFS) was 50%, and the median PFS and OS were 6.1 months
and 11.8 months, respectively5.

However, some patients treated with immune checkpoint blockade
(ICB) do not show durable treatment responses, highlighting the crucial
need to identify predictive biomarkers for screening advantageous popu-
lations. We analyzed the relationship between genomic features and the
efficacy of BTC immunotherapy. However, whole genome sequencing did
not find a meaningful correlation between different response groups. No
strong findings confirmed that Camrelizumab plus the GEMOX treatment
was associated with circulating biomarkers, abundance of immune cell
infiltration in the center or margin of tumors, and tissue or blood tumor
mutation burden (TMB)6. Compared to genomics, proteomics can assist in
inspecting mRNAs, proteins and metabolites under different physiological
or pathological conditions7. Through differential technologies, proteomic
study provides in-depthmethods for exploring biomarkers,making it easier
to detect diseases dynamically. To further separate differentially expressed
biomarkers and improve the prediction of treatment response, we per-
formed proteomic analysis using peripheral blood samples from patients.

Peripheral blood plasma samples were collected from 37 patients.
According to the RECIST criteria, patients were divided into complete
response (CR), partial response (PR), progressive disease (PD), and stable

disease (SD)8. As the present study mainly aimed to find biomarkers of
patients with clearly effective treatment, we divided patients into two groups
according to clinical response, including 16 patients from SD_PD group
(namely, 3 PD patients and 13 SD patients) and 21 patients from PR
group(noteably, there were 0CRpatients). Proteome analysis was performed
based on the Olink’s proximity extension assay (PEA), and the results indi-
cated that several differentially expressed proteins (DEPs)were significant for
response-effect, time-effect and interaction-effect. Additionally, by integrat-
ing proteomic results with our prior genomic analysis results, we could gain a
deeper understanding of the potential molecular mechanism or signal
transductionpathwaybetweengene expressionandprotein functionandfind
a more sensitive method to search for biomarkers, which may help reshape
the landscape of immunotherapy response prediction in BTC patients.

Results
Patient characteristics
To pinpoint circulating protein biomarkers associated with ICB responses,
we used PEA to analyze protein profiles in a cohort of 37 BTC patients at
three distinct timepointsT1 (baseline), T2 (6weeks after treatment), andT3
(6 months after treatment). ICB responders were defined as BTC patients
exhibiting partial response (n = 21), while non-responders encompassed
those with progressive or stable disease (n = 16) (Table 1). To identify
proteins displaying significant alterations over time and distinguishing
between response groups, we employed linear mixed effect models, incor-
porating the main effects of time and response, as well as an interaction
effect between time and response. Through quality control analysis,
although one sample was close to the lower detection limit, it could not be
excluded from the analysis point of view; therefore, the analysis data
included all samples (Fig. S1).

Analysis of treatment-associated function alterations
The analysis process is illustrated in Fig. 1. Subsequently, immune-related
genes exhibiting differential expressionwere subjected toGO,KEGG,COG,
PPI and subcellular localization analysis. GO analysis results showed that
differentially expressed genes (DEGs) were mostly enriched in cellular
process, biological regulation, immune system process, and cellular anato-
mical entity (Fig. 2A). The top 30 enriched functions formolecular function,
biological process, and cellular component were selected individually.
Among them, themost prominent projects involvednature killer cell lectin-
like receptor binding, gamma-delta T cell activation, negative regulation of
defense response to virus b etc. and negative regulation of immune response
(Fig. 2B). KEGGanalysis results showed thatDEGsweremostly enriched in
immune system, infectious disease (viral), and signal transduction (Fig. 2C).
In addition, theKEGGresults showed that the enrichmentwasmainly in the
process of cancer, nature killer cellmediated cytotoxicity andTNF signaling
pathway (Fig. 2D). COG classification showed that, in immune oncology,
the majority of protein sequences were mainly concentrated in signal
transduction mechanism (Fig. 2E). Meanwhile, DEPs mainly focused on
inorganic ion transport and metabolism, and general function prediction
only (Fig. 2F).

To further understand the interplay among proteins with differential
expression, we utilized STRING to build a PPI network by incorporating
these proteins. We screened the first 10 hub proteins with the highest p-
value. Among these, CXCL1, IL7, IL6, CXCL5, MICA, and MICB were
upregulated (Fig. 2G). Disorders between these proteins could potentially
have a strong connection to the onset and progression of BTC. Further
analysis of subcellular localization revealed that the related DEPs were
mainly secreted outside the cell, while the related DEPs within the cell were
mainly located on the plasma membrane (Fig. 2H).

Differentially expressed proteins significant for response-effect
To investigate the association between immunotherapy response and
plasma proteins, the proteins that were significant for response-effect were
analyzedbyusing linearmixed effectmodels. PCAperformedonall samples
from the three aforementioned time points revealed observable differences

Table 1 | Patient clinical characteristics in the PR group and
SD_PD group with the treatment of camrelizumab plus
gemcitabine and oxaliplatin (GEMOX)

Variable Camrelizumab+GEMOX (N = 37) P value

PR group (N = 21) SD_PD
group (N = 16)

Age 0.195

<65 11 (52%) 11 (69%)

≥65 10 (48%) 5 (31%)

Sex 0.067

Female 4 (19%) 7 (44%)

Male 17 (81%) 9 (56%)

Set of origin 0.334

Extrahepatic 3 (14%) 2 (13%)

Gallbladder 10 (48%) 5 (31%)

Intrahepatic 8 (38%) 9 (56%)

Surgery 0.080

Yes 10 (48%) 11 (69%)

No 11 (52%) 5 (31%)

PFS (months) 0.002

Median 7.2 4.2

Range 3.6 - 26.3 1.6–10.1

OS (months) 0.005

Median 13.0 7.4

Range 6.2 -27.9 4.6–22.1

PD-L1 expression 0.113

Negative 15 (71%) 11 (69%)

Positive 4 (19%) 1 (6%)

Unknown 2 (10%) 4 (25%)

PR partial response,SD stable disease,PD progressive disease,PFS progression-free survival,OS
overall survival, PD-L1 programmed cell death ligand 1.
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between PR and SD_PD groups at each time point (Fig. 3A). Hierarchical
clustering based on levels of response-effect proteins further demonstrated
that SD_PDpatients exhibitedhigher expression of a subset of proteins than
PR patients (Fig. 3B). Among the 92 proteins studied in this study, 10 were
found to be significant proteins in response effect (Fig. 3C). Based on our
results, approximately 11% of plasma proteins were observed to exhibit
significant alterations between SD_PDgroup and PR group. Integrating the
time effect of T1, T2 and T3, there were eight DEPs with p-value less than
0.05—IL7, ANGPT2, IL15, HO-1, CXCL1, CXCL5, IL33, and VEGFA
(Fig. 3D, E). At T1, the proteins HO-1 and CXCL1 showed significant
differences, while at T2, IL15 and ANGPT2 exhibited differential expres-
sion. Similarly, at T3, CASP-8 displayed significant differences between the
two groups (Fig. 3F–H).

Differentially expressed proteins significant for time-effect
Through quality control analysis, it was found that there were sig-
nificant differences between the data at three different time points,
which could support further analysis (Fig. 4A). Whether in SD_PD
or PR groups, most of the related DEPs showed an upward trend.
When examining the transition from T1 to T2, both SD_PD and PR
groups showed an upward trend for most DEPs, which was subse-
quently confirmed by protein co-abundance analysis at each time
point (Fig. 4B). Several proteins associated with immune cell activity,
including PDCD1, TNFRSF4, DCN, CRTAM, VEGFR-2, and ADA,
exhibited distinctive expression patterns in PR patients (Fig. 4C).
Similarly, SD_PD group displayed altered expression profiles of
PDCD1, ADA, CD28, IL10, and PTN. At T1 and T2, examination of
plasma proteins revealed elevated levels of certain cytokines. How-
ever, at T3, the expression of these proteins in SD_PD patients dis-
played variable changes (Fig. 4D). Notably, most of these cytokines
and cytokine receptors reached their peak expression levels at T2 in
both PR and SD_PD patients, with a subsequent trend basically
consistent with T2 by the T3 timepoint.

Differentiallyexpressedproteinssignificant for interaction-effect
By examining the covariance in protein levels significant for response effect
in linear mixed effect models, we investigated which circulating plasma
proteins might be co-regulated (Fig. 5A). Through a linear mixed effect
model, 50 proteins were identified as significant for interaction effect.
Among them, the values of the most significant HO-1, ANGPT2, and IL15
in SD_PD group were all higher than those in PR group at T1, T2, and T3,
and the trend of alteration became more obvious with time (Fig. 5B).
Receiver operating characteristic (ROC) analysis demonstrated that HO-1,
ANGPT2, IL15 showed high accuracy in PR and SD_PD patients
(AUC = 0.74) (Fig. 5C).

Construction of prognostic model of BTC by genome combined
with proteomics
To further study the influence of genes and proteins on the prognosis of
BTC,weconstructedaprognosismodel ofBTCbygenomics combinedwith
proteomics. First, we performed enrichment analysis on the mutant gene
set. For the analysis of plasma samples, in SD_PDgroup,GOanalysis results
showed that Ras protein signal transduction and ERBB2 signaling pathway
were crucial and the KEGG results showed that the enrichment was pro-
minent in the process of PI3K-Akt signaling pathway (Fig. 6A). The other
side, in PR group, positive regulation of MAPK cascade was vital in GO
analysis and PI3K-Akt signaling pathway was significant as well in KEGG
analysis (Fig. 6B). For the analysis of tissue samples, we also performedGO
andKEGGanalysis on SD_PD group and PRgroup respectively. There was
a high degree of duplication between the research results and those of
plasma samples (Fig. 6C, D).

In addition, we integrated the data of mutant genes, proteins and
clinical features (sex, age and PDL1) to identify the features significantly
related to PFS andOS. In viewof plasma samples, theNTRK1 gene, and the
CD27 and CRTAM proteins were protective factors while the Akt1,
CDKN1A,CTCF andBAI3 geneswere high-risk factors in PFS (Fig. 7A). In
OS, IL1 and VEGFR2 were protective factors, while the BRIP1, GRM3,

Fig. 1 | A flow for the analysis process. JPH Jiangsu Province Hospital, CHOL
cholangiocarcinoma, GBC gallbladder cancer, NGS next-generation sequencing, PR
partial response, SD_PD stable disease and progressive disease, PEA proximity

extension assay, GO gene ontology, KEGG kyoto encyclopedia of gene and geno-
mics, COG clusters of orthologous groups, PPI protein–protein interaction net-
works, ICB immune checkpoint blockade.
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TET2 genes were relatively high-risk factors (Fig. 7B). We further used
features significantly related to PFS and OS obtained in the previous step to
construct nomograms. PFS was used to predict the survival rate of 6, 9 and
12months andOSwas used to predict the survival rate at 1, 1.5, and 2 years.
Based on the plasma samples obtained, we constructed two nomogram
models for predicting BTC for related genes and proteins. In PFS, we found
that the gene NTRK1 was the most important influencing factor, and
normalNTRK1meant ahigher riskof death (Fig. 7C). InOS, theprotein IL1
as a protective factor had the greatest influence on the long-term survival
rate (Fig. 7D). Similarly, we also conducted GO and KEGG analyses on
tissue samples (Fig. 7E, F). Subsequently, we created nomogrammodels. In
PFS, the gene CTNNB1 and the protein CRTAM were the two essential
influencing factors (Fig. 7G). In OS, mutations in the genes TNFAIP3 and
NRAS greatly increased the risk of death (Fig. 7H). In summary, the short-
term survival rate was relatively high, and the long-term survival rate was
not very optimistic.

Discussion
BTC, including intrahepatic, perihilar, anddistal CCAaswell asGBC, is one
of the lethal of malignancies9. Since the rise of immunotherapy in the
treatment of BTC, a variety of immune monotherapy/combination thera-
pies have been explored and achieved relevant results. In 2020, we carried
out a single-arm, open-label phase II study, and the evaluation showed that
Camrelizumab plus the GEMOX treatment had good anti-tumor activity
and acceptable safety. According to this result, the regimen of Camrelizu-
mab plus GEMOX was recommended by the Chinese Society of Clinical
Oncology (CSCO) Guidelines for Diagnosis and Treatment of Biliary

Malignancies in 2023 as the first-line treatment of BTC (level II recom-
mendation). At present, many biomarkers, including PD-L1, tumor
mutation burden (TMB), mismatch repair-deficiency (dMMR) and
microsatellite instability (MSI), have been proved to be related to the
curative effects of immunotherapy for solid tumors, and there are alsomany
reports on biomarkers related to evaluation of immunotherapy in BTC10. In
previous studies, we preliminarily analyzed the findings between immu-
notherapy efficacy and common biomarkers in patients with BTC, and
found that there was no association between response and TMB, blood
TMB, immune promotion scores or immune cells (P > 0.05), with the
exception of PFS, which was associated with blood TMB. Compared with
genomics, the composition of proteomics is larger and more complex, thus
helping study life activities from more angles and depths. As an emerging
method, proteomics plays an important role in biological science research,
disease diagnosis and drug development. So in this study, we mainly ana-
lyzed the predictive effect of plasma proteome on immunotherapy for BTC
and verified the value of proteomics.

Currently, it has been found that the genome diversity and
heterogeneity of BTCs are closely related to tumor origin regions
and epidemiological risk factors, which also has a certain impact on
their prognosis11. However, whether the differences in molecular
pathology may lead to the differences in the efficacy of immu-
notherapy is still inconclusive. For instance, TOPAZ-1 and
KEYNOTE-966 studies have shown that the pathological type of
intrahepatic cholangiocarcinoma had a better benefit from OS, but
no correlation between pathological type and curative effect of
immunotherapy has been found3,12. Therefore, in this study,

Fig. 2 | Analysis of treatment-associated function alterations over time in BTC
patients treated with camrelizumab plus gemcitabine and oxaliplatin. A Gene-
ontology classification analysis. B Gene-ontology enrichment analysis showing the
top 30 Gene-ontology terms. C KEGG classification analysis. D KEGG pathway
enrichment analysis showing the top 30 KEGG pathways. E Immuno-oncology

COG classification analysis. F COG classification analysis of SD_PD vs. PR groups.
G The PPI network showing the interaction relationship of differentially expressed
proteins. H Subcellular location analysis demonstrating the distribution of differ-
entially expressed proteins. KEGG Kyoto Encyclopedia of Genes and Genomes, PPI
protein–protein interaction.
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intrahepatic, perihilar, distal CCA, and GBC were enrolled at the
same time.

Considering that SD group is a kind of patients with high hetero-
geneity, including enlargement or reduction of lesions, it is still doubtful
whether it can reflect the effective treatment. In order to explore the bio-
markers of patients who had achieved objective remission, patients were
divided into response (CR or PR) and non-response (SD or PD) groups.

For the purpose of predicting prognosis biomarkers, we sought DEPs
based on time, response and interaction effects. Compared with genomics
research, our findings provide a relatively affordable, multi-dimensional,
and profoundmethod that helps clinicians predict the therapeutic response
in BTC. In this study, enrichment analysis was used to express the potential

interactions among these DEPs. GO analysis revealed that genes related to
DEPs were mainly involved in cellular process, biological regulation, and
immune system process. A large number of studies have proved that the
immune system is closely related to cancer metabolism. For instance, both
the release of cancer metabolites and the expression of immune molecules
have wide effects in the regulation of antitumor immune response13. KEGG
analysis revealed that the related genes were mainly involved in diverse
cancer-related pathways such as nature killer cell mediated cytotoxicity and
cytokine-cytokine receptor interaction. Subsequently, to find the co-
existence pattern among DEPs, we built PPI and 10 hub proteins with high
value were found from the network. Among these, VEGFA plays an
important role in vascular development and angiogenesis, and several

Fig. 3 | Differentially expressed proteins significant for response-effect in the
linear mixed effect model. A Principal component analysis of patient samples
color-coded by different treatment responses. B Heatmap displaying normalized
plasma expression for all proteins significant for response-effect. C The proportion
graph of differentially expressed proteins significant for response-effect.D Volcano
plot demonstrating differentially expressed proteins between PR group and SD_PD

group. E The top eight differentially expressed proteins significant for response-
effect. F Differentially expressed proteins significant for response-effect at the
baseline timepoint. G Differentially expressed proteins significant for response-
effect at the timepoint of 6 weeks on treatment. H Differentially expressed proteins
significant for response-effect at the timepoint of 6 months on treatment.
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non-endothelial functions of VEGF have also been established, which may
have an impact on the use and design of cancer treatment14. Another sig-
nificant protein is MIC, includingMICA andMICB, and previous research
has found evidence of an association between MICA/MICB and human
cancer. Antibodies targeting the MICA’s proteolytic shedding domain
proves to greatly inhibit tumor growth inmultiple fully immunocompetent
mousemodels15. Besides, various studieshave shown that the remaininghub
proteins are closely associated with cancer.

Further, we noted the presence of proteins associated with immune
response. Traditional proteomic research mainly focuses on the static
expression levels of proteins, that is, the composition of proteins at a given
time point. However, the protein group in an organism is dynamic, not only
in time, but is also influenced by physiological state, drug action and other
factors. Dynamic proteomics focus on the temporal and spatial changes of
protein group, revealing the dynamic behavior, interaction and regulatory
network of proteins. This analysis method can obtain more comprehensive
information by tracking the change of proteins’ expression level or mon-
itoring the dynamic process of proteins’ post-translation modification and
help us understand the timing regulation and complexity of biological
systems. So, we set three time points: baseline, 6 weeks after treatment,
6 months after treatment.

In response-effect, based on the comprehensive analysis of all three time
points, differentially expressed proteins between SD_PDandPR groupswere
IL7, ANGPT2, IL15, HO-1, CXCL1, CXCL5, IL33, and VEGFA. Respec-
tively, HO-1 and CXCL1 showed significant difference at baseline. They
mainly reflected the differences between tumor features and subject situa-
tions, and may be used as biomarkers to predict the initial curative effect.
MUC-16, IL-15, ANGPT2, FGF2, and LAPTGF-β-1 showed difference after
6 weeks of treatment. They were closely related to the growth of tumor cells.
Among them, the differential expression ofMUC-16(CA125), recognized as

amature tumormarker and having certain value in evaluating curative effect
and prognosis16, was the most distinct. Moreover, IL-15, ANGPT2 were
consistent with the DEPs obtained by synthesizing three time points. They
mainly reflected the changes of patients’ internal environment during treat-
ment, and they may also have predictive effects on curative effect. After
6 months of treatment, CASP-8 was the only DEP detected. CASP-8 could
induceor inhibit cell deathboth.Thiswas closely related to the survival rate of
patients in the later stage of treatment. In addition, DEPs changed with the
development of the disease course. Itmight be related to the change of related
cytokines and signaling pathways caused by immunotherapy. With the
progress of the disease course and curative effect, different cytokines showed
their more significant impacts at different time points. In overall considera-
tion, we thought the dynamic monitoring of these DEPs could also play a
certain role in reflecting the curative effect of immunotherapy.

In addition, in time-effect, SD_PD group showed changes in the
expression profiles of PDCD1, IL10, ADA, CD28, and PTN and PR group
showed changes of PDCD1, TNFRSF4, DCN, CRTAM, and ADA. Among
them, IL10, CD28, PTN, TNFRSF4, DCN and CRTAM may be valuable
DEPs to distinguish SD_PD and PR groups. They affect the development of
tumors through different functions. IL10, CD28, TNFRSF4(OX40) can
enhance anti-tumor immunity by influencing immune response, such as
activating T cells, macrophages17–19. Studies have shown that the PTN gene
may be a proto-oncogene, which is highly expressed in many tumors and
closely related to tumor angiogenesis and metastasis20. DCN is a biological
factor with anti-lymphangiogenic activity, which mediates its role in tumor
inhibition by binding with various cell surface receptors21. CRTAM plays a
key role in promoting NK cells to kill tumor cells in the immune process,
presenting a potential tumor targeting site22. The dynamic changes of these
DEPs in timemay be due to the dynamic progression of the disease, so they
may indicate the severity of the disease.

Fig. 4 | Differentially expressed proteins significant for time-effect in the linear
mixed effectmodel. APrincipal component analysis of patient samples color-coded
by different time periods in PR group and SD_PD group. B Heatmap displaying
normalized plasma expression for all proteins significant for time-effect in PR group

and SD_PD group. C The top five differentially expressed proteins significant for
time-effect in PR group. D The top five differentially expressed proteins significant
for time-effect in SD_PD group.
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As the dynamic changes of tumors are affected bymany factors, we set
up an interaction-effectmodel to identifymore comprehensive and suitable
biomarkers. In this model, HO-1, ANGPT2 and IL15 showed significant
AUCvalues for BTC treatment (AUC = 0.74) and all the three proteins kept
a stable differential expression trend at three time points. Meanwhile, these
three proteins were coincident with the eight DEPs found in the response-
effect model, and they also expressed as DEPs at individual T1, T2 time
points. This provided evidence and explanations for the reliability of
interaction-effect analysis results. In summary,we suggested that these three
collective proteomic biomarkers may be beneficial to dynamically mon-
itoring the efficacy of immunotherapy.

Many studies have revealed that these cytokines are valuable in tumor
growth and immunotherapy. For instance, HO-1 is inducible and widely
distributed in various tissues and cells of mammals23. In normal tissues and
cells, HO-1 has anti-inflammatory, antioxidant, anti-apoptotic and anti-
proliferative effects on a variety of cells. Meanwhile, HO-1 can regulate the
acquired immune response by inhibiting the activation, proliferation and
function of T cells. It has been found that the signaling pathways regulating
HO-1 are also closely related to tumors, such as the Keap1/Nrf2 and PI3K/
Akt signaling pathways24,25. HO-1 promotes tumor cell metastasis by sti-
mulating angiogenesis. At the same time, it has been proven that vascular
endothelial growth factor (VEGF) is one of themain factors affecting tumor
angiogenesis, and its regulation is influenced byHO-126. Another important
protein, ANGPT2, belongs to the angiopoietin (Ang) family and is a growth
factor that regulates the growth and maturation of blood vessels during

angiogenesis27. Vascular endothelial growth factor (VEGF) and angiopoietin
(Ang) are both involved in tumor angiogenesis. ANGPT2 first destroys the
stability of resting bloodvessels, so thatVEGFcandrive theproliferation and
chemotaxis of vascular buds28. ANGPT2 can also promote angiogenesis,
tumor formation, and metastasis through the ANGPT2/Tie2 signaling
pathway29. Furthermore, IL15 is a cytokine with a wide range of immuno-
modulatory activities. It activates CD8+T cells, natural killer (NK) cells and
NKT cells, and can promote the formation of anti-tumor antibodies. In
various experimental animal tumor models, IL15 therapy has shown
enhanced anti-tumor effects30,31.However, in some cases, IL15may also have
side effects, including inducing autoimmunity and promoting the pro-
liferation, survival and spread of some tumor cells32. Therefore, it suggests
that we should be cautious about its application in tumor immunotherapy.
In addition, it was previously found that CXCL1 promotes the proliferation
and migration of prostate, gastric and oral squamous carcinoma33–35, sug-
gesting the feasibility of further investigation of function in BTC. According
to published data in previous journals, blockade ofCXCL1 contributes to the
protection against pancreatic ductal adenocarcinoma (PDA) as the tumor
microenvironment associated with RIP1/RIP3 signaling partly depends on
the necroptosis-induced expression of CXCL136. Hence, we speculate that
highly-expressed CXCL1 in BTC non-responders has corresponding sig-
naling pathway or immunoreaction mechanisms.

Linear analysis of interaction effect revealed that HO-1, ANGPT2 and
IL15 were the most significant differentially expressed proteins. At T1, T2, and
T3, HO-1 levels in SD_PD group were all evidently higher than those in PR

Fig. 5 | Differentially expressed proteins significant for interaction-effect in the
linear mixed effect model. A Heatmap displaying the correlation between plasma
protein expression for all interaction-effect proteins. B The top three differentially

expressed proteins significant for interaction-effect. C ROC curse analysis of the
combined protein biomarker for predicting treatment responses. ROC receiver
operating characteristic.
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group. With time, HO-1 in both groups showed a constant increasing trend.
This suggests that ICB treatmentmay affect the curative effect by affectingHO-
1 or related pathways, and the longer the time, the more obvious the effect.
According to some studies, in glioblastoma and prostate cancer, the expression
level of HO-1 is positively correlated with the proliferation of tumor cells37,38. In
addition, HO-1 can inhibit the proliferation of tumor cells to some extent. For
instance, in breast cancer, HO-1 expression plays a negative regulatory role in
tumor cell growth39. Therefore, the different expression of HO-1 may be
associated with different tissue sources. In our study, HO-1 expression was
negatively correlated with tumor. Anyway, it is certain that HO-1 is closely
related to tumor and may have some influence on tumor proliferation,
metastasis and apoptosis. Another important protein, ANGPT2, showed a
weak change trend over time in PR group, but increased continuously in
SD_PD group. However, the value of ANGPT2 in SD_PD group was still
higher than that in PR group at all three time points. Recent studies have found
that ANGPT2 expression in gastric cancer (GC) and hepatocellular carcinoma
(HCC) tissues is significantly higher than that in normal tissues40,41. These
findings are consistent with the results of our study, indicating that ANGPT2
may play a key role as a prognostic marker in tumors and can be used as a
breakthrough point for poor curative effect. The last one, IL15, consistent with
the first two groups, was higher in SD_PD group than in PR group. However,
in both groups, the increasing trend was more evident from T1 to T2, and it
was basically unchanged from T2 to T3. These results may be related to the
effect of our treatment and suggest that IL15 is hoped to be regarded as a vital
biomarker for early curative effect.

Our present research delivers breakthroughs owing to the use of Olink
PEA, a highly sensitive detection method based on nucleic acid. Currently, the
advantages of this technology have been proven in cancer treatment; it can
screen for effective proteins more efficiently and precisely. In our previous
related research, no significant differential genes were identified through
genomic analysis6, and Cox model and nomogram analysis did not strongly
find any differential genes as important influencing factors. However, through
proteomic analysis, we found differential proteins from different angles. This
indicated that proteomics may be more sensitive than genomics. In this study,
plasma proteomics across serial timepoints shed light on immunotherapy non-
responses in BTCpatients treatedwith immunotherapy. Instead of focusing on
individual protein biomarkers or small cohorts without paired timepoints, our
results demonstrated that proteomic has a better prediction effect than the
variation of an individual protein and some significantly expressed proteins
provided potential ideas for the ICB treatment of BTC.

This study provides a novel perspective for targeted therapy of BTC
and helps to identify more effective drugs to improve the sensitivity of
immunotherapy. However, this study still has some limitations. With lim-
ited cases from a single hospital, some inevitable bias and confounding
factorsmay exist during the course. In addition, although there is nodefinite
impact in our research, hematological parameters may be affected by some
concomitant medications and pathophysiologic status. At the same time,
many questions surrounding key cytokine interactions in the TME remain
unresolved. As signal pathways are complex reactions involving a series of
cytokines such as receptors, ligands and transcription factors, it is more
suitable to discuss the influencing factors of a single signal pathway addi-
tionally. The purpose of this study is to discuss the DEPs obtained under
various interactions, so the part of pathways is not discussed in depth. There
is no transparent difference in genomics between SD_PD group and PR
group, but there are differences in proteomics, suggesting that there may be
changes in the modification level after translation. In the future, we will
explore underlying mechanisms and signaling pathways associated with
those differential proteins that play a regulatory role in tumor immunity.

Methods
Ethics approval
The study was approved by relevant regulatory and independent ethics
committee of the First Affiliated Hospital with Nanjing Medical University
(Approval number: 2017-SR-291) and done in accordance with the
Declaration of Helsinki and the International Conference on Harmoniza-
tion Good Clinical Practice guidelines. All patients provided written,
informed consent before study entry.

Patients
Thirty-seven patients who were diagnosed with advanced BTC between
March 2015 and August 2019 and received Camrelizumab plus the
GEMOX treatment fromNCT03486678 trial were retrospectively screened
fromourprevious study5.The inclusion criteriawere as follows: pathological
diagnosis of CCA or GBC; stage IV; sufficient tumor tissue to allow next-
generation sequencing (NGS); treatment-naive when sampling. All 37
patients were sequenced for histological genomics, ctDNA and plasma
proteomics. This study was performed in accordance with the Declaration
of Helsinki and ethical standards of the institutional research committees.
All participating patients have provided written informed consent for the
collection of blood samples.

Fig. 6 | Enrichment analysis of mutant gene from different samples in PR and
SD_PD group. A Gene-ontology enrichment analysis and KEGG pathway
enrichment analysis showing the top 20 terms from plasma in SD_PD group.
B Gene-ontology enrichment analysis and KEGG pathway enrichment analysis

showing the top 20 terms from plasma in PR group. C Gene-ontology enrichment
analysis and KEGG pathway enrichment analysis showing the top 20 terms from
tissue in SD_PD group. D Gene-ontology enrichment analysis and KEGG pathway
enrichment analysis showing the top 20 terms from tissue in PR group.
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Samples collection and preparation
Tumor tissueswere collectedat baseline andwhole bloodwas collectedprior
to ICB treatment, 6weeks after treatment, and6months after treatment, and
3mL of plasma was isolated after centrifuging the tubes for 30min at room

temperature. Plasmawas stored at−80 °C for further use and thawed at the
time of proteomic analysis. Tissue slides were first analyzed to evaluate the
tumor content and percentage. Only samples with tumor purity >20% on
histopathological assessment were eligible for genomic profiling.

Fig. 7 | Analysis of features significantly related to PFS and OS. A Proportional
hazards model analysis of plasma samples in PFS. B Proportional hazards model
analysis of plasma samples in OS. C Nomogram of plasma samples in PFS.

D Nomogram of plasma samples in OS. E Proportional hazards model analysis of
tissue samples in PFS.FProportional hazardsmodel analysis of tissue samples inOS.
G Nomogram of tissue samples in PFS. H Nomogram of tissue samples in OS.
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Proteomics and genomics laboratories in China that are certified by the
Clinical Laboratory Improvement Amendments sequenced tumor tissues
and matched normal specimens.

Plasma proteomic immunoprofiling
After plasmaproteinswere extracted and qualified, we used PEA to evaluate
the abundance of proteins in the plasma. In total, 92 proteinswere analyzed.
According to Olink, PEA is a highly sensitive and specific targeted pro-
teomic detection technology that is based on antibody immunoassay and
qPCR and NGS. A pair of oligonucleotide-labeled antibody probes was
bound to the target protein for eachone to be detected.When antibodies are
combined with targeted proteins, oligonucleotides in close proximity
hybridize in a pair-wisemanner. The additionofDNApolymerase leads to a
proximity-dependentDNApolymerization event, generating a unique PCR
target sequence, which is proportional to the initial concentration of the
target protein. Using PEA technology, we skillfully converted protein
quantification into DNA quantification, which could be detected and
quantified using microfluidic real-time PCR instrument (Biomark HD,
Fluidigm). Patients’ plasma samples were evenly distributed across four 96-
well plates, and the resulting Ct-data was then quality controlled and nor-
malized using a set of internal and external controls according to Olink’s
recommendations. The final assay read-out was presented in Normalized
Protein eXpression (NPX) values, which was an arbitrary unit on a log2-
scale where a high value corresponded to a higher protein expression.

Pre-processing of plasma proteomic data
Unless otherwise stated, the analysis of plasma proteomic data was con-
ducted in R (version 4.0.3) programming environment. Sample
18AB00006BP-1 was close to the lower detection limit, but from an ana-
lytical point of view, it might not be excluded. In conclusion, the analysis
data contained all samples.

Dimensionality reduction and visualization of proteomic data
The Olink principal component analysis (PCA) plot function in the Olin-
kAnalyze package in R was used to perform principal component analysis
on the plasma proteomic data for dimensionality reduction and visualize
principal components.

Linear mixed effect models and mean different estimates
We used linear mixed-effect models to identify proteins that sig-
nificantly changed over time and between responses. The models
included a main effect of time, a main effect of responder status, and
a main effect of interaction between time and responder status. The
statistical significance of the three model terms was assessed through
an F-test, employing Satterthwaite degrees of freedom and executed
with the olink_lmer function in the OlinkAnalyze package in the R
programming language. To mitigate the risk of false discoveries, all
p-values were adjusted using the Benjamini–Hochberg method to
maintain a false discovery rate (FDR) of 5%.

Correlation scatterplots
Pearson’s correlations were computed using the cor function in R to
determine the estimated mean differences between groups. Additionally,
scatterplots were generated using the ggplot package in R to visually
represent the estimates for each cohort. To identify statistically significant
assays, the main effects of response, time and interaction needed to surpass
the FDR threshold for the F-test, and the Tukey adjusted p-value for esti-
mated mean difference had to be less than 0.05.

Gene ontology (GO) and kyoto encyclopedia of gene and geno-
mics (KEGG) analysis
GO and KEGG are commonly used gene sets in gene function enrichment
analysis. GO refers to the mining of gene function categories significantly
related to biological problems. The results of GO enrichment analysis by

ggplot2 (Lianchuan Biological Company) are displayed in the form of
scatter plots (bubble plots), which consist of rich factors (rich factor = S
protein number/B protein number) on the abscissa and GO Term on the
ordinate. KEGG analysis is mainly aimed at analyzing metabolic pathways
in organisms. Pathway enrichment analysis takes KEGG pathway as the
unit, and uses a hypergeometric test to determine the pathway that is sig-
nificantly enriched in the significant differentially expressed proteins or
genes compared with the whole proteome or genome background. The
results of KEGG enrichment analysis by ggplot2 (Lianchuan Biological
Company) are displayed in the form of scatter plot (bubble plot), consisting
of rich factor on the abscissa and KEGG Term on the ordinate.

Clusters of orthologous groups (COG) analysis
COG database is a database for homologous classification of gene products,
which can identify orthologous genes earlier and come from a large number
of comparisons of protein sequences of various organisms. In the COG
enrichment analysis diagram, the abscissa shows the classification contents
of COG and the ordinate shows the number of proteins.

Protein–protein interaction networks (PPI) analysis
In this data, Search Tool for the Retrieval of Interacting Genes (STRING)
database was used to analyze the interaction of identified proteins. Corre-
sponding or near-source species in the database were extracted and then the
sequence of the differential protein was compared with the extracted
sequence by blast and the corresponding interaction information was
obtained.

Cox proportional-hazardsmodels and visualization of prognosis
prediction
The genes and proteins pertaining to the enrichment of pathways and
molecular functions in KEGG and GO were analyzed using the least
absolute shrinkage and selectionoperator (LASSO)method.UnivariateCox
analysis was used to analyze the selected genes or proteins. The coefficients
of eachprognosticmolecule in the risk-scoringmodelwere derived from the
corresponding univariate analysis of these identified biomarkers. The data
of mutated genes, proteomics, and clinical features (including sex, age, and
PDL1) were integrated to identify the features significantly associated with
PFS and OS (p < 0.05). Using the features obtained in the previous step, a
nomogramwas constructed to assess eachpatient’s survival,withPFS in6, 9,
and 12 months, and OS in 1, 1.5, and 2 years. The nomogram offers con-
venience in predicting the prognosis of immunotherapy according to the
molecular characteristics in plasma and tumor tissues.

Statistical analysis
All statistical analyses of plasma proteomic were performedwith R package
(version 4.0.3). We considered p-values of less than 0.05 to be statistically
significant.F-test, Tukey test and Satterthwaite test were used for intergroup
comparison as needed. We applied hypergeometric distribution to test the
significance of a functional class in a group of co-expression or differentially
expressed genes. LASSO was used in KEGG and GO analyses to identify
genes and proteins pertaining to enrichment of pathway. Univariate Cox
analysis was performed to analyze the selected genes or proteins. Clinical
outcomes were previously defined5.

Data availability
Data are available upon reasonable request. All data relevant to the study are
included in the article or uploaded as supplementary information. All data
relevant to the study that are not in the article and Supplementary Material
are available from the corresponding author (XiaofengChen) on reasonable
request.

Code availability
Some or all data, models, or code generated or used during the study are
available from the corresponding author by request.
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Abbreviations
Ang angiopoietin
BTC biliary tract cancer
CCA cholangiocarcinoma
COG clusters of orthologous group
CTLs cytotoxic T lymphocytes
DEGs differentially expressed genes
DEPs differentially expressed proteins
EBaLCC Epstein–Barr virus-associated intrahepatic cholangiocarcinoma
FDR false discovery rate
GBC gallbladder cancer
GC gastric cancer
GemCis gemcitabine combined with cisplatin
GEMOX gemcitabine and oxaliplatin
GO Gene Oncology
HCC hepatocellular carcinoma
ICB immune checkpoint blockade
ILC2s group 2 innate lymphoid cells
KEGG Kyoto Encyclopedia of Gene and Genomics
LAK lymphokine-activated killer
LASSO least absolute shrinkage and selection operator
LUAD lung adenocarcinoma
NGS next-generation sequencing
NK natural killer
NPX normalized protein eXpression
OS overall survival
PCA principal component analysis
PDA pancreatic ductal adenocarcinoma
PEA proximity extension assay
PEA proximity extension assay
PFS progression free survival rate
PPI protein–protein interaction networks
PR partial response
ROC receiver operating characteristic
SD_PD stable disease and progressive disease
STRING Search Tool for the Retrieval of Interacting Genes
TMB tumor mutation burden
TME tumor microenvironment
VEGF vascular endothelial growth factor
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