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1  Introduction

Advanced or metastatic renal cell carcinoma (RCC) can lead 
to relatively poor survival in most patients [1, 2]. Combined 
immunotherapy (IO) plus tyrosine kinase inhibitor (TKI) 
have shown superior effect than conventional TKI mono-
therapy in clinical trials [3–6], and have been recommended 
by the clinical guideline of RCC [2]. However, even in these 
landmark clinical trials, a substantial proportion of patients 
still cannot benefit from IO + TKI therapy, manifested as 
primary or acquired resistance [3–6]. The lack of available 
biomarker for IO + TKI therapy still limits precise decision-
making in clinic.

Thymidine kinase 1 (TK1) is a key enzyme during 
DNA precursor synthesis [7]. The presence of TK1 is an 
important indicator of cell proliferation [7]. TK1 has been 
applied as a proliferation marker in tumors, together with 
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Abstract
Purpose  Immune checkpoint plus tyrosine kinase inhibition (IO + TKI) has emerged as the first-line therapy in metastatic 
renal cell carcinoma (RCC), but no biomarker can predict its efficacy. Thymidine kinase 1 (TK1) is closely associated with 
immune evasion in tumors.
Methods  Metastatic RCC patients treated by IO + TKI were enrolled from two cohorts (ZS-MRCC, n = 45; Javelin-101, 
n = 726). High-risk localized RCC were also enrolled (ZS-HRRCC, n = 40). TK1 was assessed by RNA-sequencing in all 
cohorts, and the immune contexture was assessed by flow cytometry and immunohistochemistry.
Results  Higher TK1 expression was found in patients resistant to IO + TKI therapy (p = 0.025). High-TK1 group showed 
poor progression-free survival (PFS) in both the ZS-MRCC cohort (P = 0.008) and the Javelin-101 cohort (P = 0.036). By 
multivariate Cox regression, high-TK1 was determined as an independent factor for poor PFS (hazard ratio (HR) = 3.855, 
P = 0.002). High-TK1 expression was associated with decreased granzyme B+ CD8+ T cells (ρ=-0.22, P = 0.18), increased 
PD1+ CD4+ T cells (ρ = 0.33, P = 0.04), increased PDL1+ macrophages (ρ = 0.45, P < 0.001), and increased regulatory T 
cells (ρ = 0.35, P = 0.03). A novel random forest (RF) risk score was built by machine learning based on TK1 and immuno-
logic parameters. Combined IO + TKI therapy surpassed sunitinib monotherapy in the low RF risk score group (HR = 0.158, 
P < 0.001), but was inferior to sunitinib in the high RF risk score group (HR, 2.195, P < 0.001).
Conclusion  High-TK1 expression could be a potential indicator for therapeutic resistance, poor PFS and immune evasion in 
metastatic RCC under IO + TKI therapy. The novel RF risk score may help stratify patients for IO + TKI therapy.
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Ki-67 [8, 9]. Besides, TK1 is also essential for DNA dam-
age repair, as it is essential to the process whereby pools of 
deoxythymidine triphosphate are generated to replace dam-
aged nucleotides [10, 11]. Therefore, TK1 level was also 
elevated during tumor therapies related with DNA damage, 
for example, radiation therapy or chemotherapy [7, 12–14], 
and TK1 depletion can lead to cell death when exposed to 
DNA damage [7, 12].

TK1 has been found to be up-regulated in various malig-
nancies such as lung cancer, breast cancer and colorectal 
cancer, and it could be a potential clinical biomarker for 
these cancers [15]. Higher level of TK1 was found to be 
related with poor survival in lung cancer [16, 17]. Interest-
ingly, upregulation of TK1 level was an independent factor 
for poor prognosis in lung cancer patients receiving immune 
checkpoint inhibitor (ICI) treatment [18]. Besides, in a pre-
liminary study based on the Cancer Genome Atlas (TCGA) 
database, elevated TK1 expression was significantly related 
with unfavorable survival in hepatocellular carcinoma [19]. 
By single-cell sequencing, TK1 expression was found asso-
ciated with changes in the tumor microenvironment (TME), 
especially tumor infiltrating T cells [19]. These reports high-
lighted the potential role of TK1 in tumor progression, prog-
nosis, and immunotherapy response. However, the role of 
TK1 in immunotherapy of RCC has not been clarified yet.

In this study, we aimed to evaluate the expression of TK1 
in RCC samples and its prognostic relevance under IO + TKI 
therapy. The correlation between TK1 expression and tumor 
immune contexture was also part of the research objectives. 
We further intended to build a predictive model for thera-
peutic benefit and decision-making between IO + TKI and 
TKI monotherapy in advanced RCC.

2  Materials and methods

2.1  Study cohorts and datasets

Metastatic RCC patients treated by IO + TKI were enrolled 
for analysis from two independent cohorts the Zhongshan 
Hospital metastatic renal cell carcinoma (ZS-MRCC) 
cohort, and the Javelin-101 cohort.

The ZS-MRCC cohort enrolled 51metastatic RCC 
patients treated by IO + TKI therapy and without other 
malignancies. The inclusion criteria for the ZS-MRCC 
cohort were: metastatic RCC, combined TKI + IO therapy, 
no history of other malignancy, and available tumor sample. 
The exclusion criteria were: refusal to participate, unavail-
able sample, not passing sample quality control, or loss 
of follow-up (Supplementary Table S1). Six patients were 
excluded due to sample unavailability or loss of follow-
up, so the ZS-MRCC cohort finally included 45 patients. 

Response to IO + TKI therapy were defined by the Response 
Evaluation Criteria in Solid Tumors version 1.1 (RECIST 
1.1), every 6–8 weeks based on computed tomography [20]. 
PFS, defined as the time from therapy initiation to disease 
progression or death, was defined as the primary endpoint. 
Baseline characteristics of the ZS-MRCC cohort and their 
correlation with TK1 expression status are listed in Supple-
mentary Table S2.

The Javelin-101 cohort was collected from the Jave-
lin-101 clinical trial [4]. The inclusion criteria for the Jav-
elin-101 cohort were: available tumor sample, previously 
untreated advanced renal-cell carcinoma with a clear-cell 
component, at least one measurable lesion according to 
the RECIST 1.1 criteria, age of 18 years or older, Eastern 
Cooperative Oncology Group performance-status score of 
0 or 1, a fresh or archival tumor specimen, and adequate 
renal, cardiac, and hepatic function. The exclusion criteria 
were: active central nervous system metastases, autoim-
mune disease, current or previous use of glucocorticoids or 
other immunosuppressants within 7 days before random-
ization (Supplementary Table S1). The Javelin-101 cohort 
finally included 726 metastatic RCC patients. Among them, 
the IO + TKI arm included 354 patients treated by ave-
lumab + axitinib, and the TKI monotherapy arm included 
372 patients treated by sunitinib [4]. Patients’ baseline char-
acteristics, PFS, transcriptomic and genomic data, were 
acquired from the previous reports [4, 21]. Supplementary 
Table S3 shows the baseline characteristics of the Jave-
lin-101 cohort.

For further immunologic and functional studies, the 
Zhongshan Hospital high risk renal cell carcinoma (ZS-
HRRCC) cohort and the Cancer Genome Atlas Clear Cell 
Kidney Cancer (TCGA-KIRC) dataset were also applied. 
The ZS-HRRCC cohort included 40 samples of high-risk 
localized RCC patients. The inclusion criteria for the ZS-
HRRCC cohort were: localized or locally-advanced RCC, 
receiving radical nephrectomy, and no neo-adjuvant therapy 
(Supplementary Table S1). The exclusion criteria for the 
ZS-HRRCC cohort were: refusal to participate, not pass-
ing sample quality control, or unavailable tumor sample 
(Supplementary Table S1). Supplementary Table S4 shows 
the baseline characteristics of the ZS-HRRCC cohort. The 
TCGA-KIRC dataset is an open-access dataset of 530 clear 
cell RCC samples, acquired from the UCSC xena browser 
(https://xena.ucsc.edu/) [22].

The study was approved by the Clinical Research Eth-
ics Committee of Zhongshan Hospital, Fudan University 
(B2021-119), following the Declaration of Helsinki. Writ-
ten informed consent was obtained from each participant.

1 3

776

https://xena.ucsc.edu/


Thymidine kinase 1 indicates resistance to immune checkpoint plus tyrosine kinase inhibition in renal cell…

2.2  RNA-sequencing procedures

RNA-sequencing was performed in the ZS-MRCC cohort 
and the ZS-HRRCC cohort. The MagBeads Total RNA 
Extraction Kit (Catalog #T02-096) was used for isolation 
of total RNA. The RNAClean XP Kit (Cat#A63987, Beck-
man Coulter, Inc. Kraemer Boulevard Brea, CA, USA) and 
the RNase-Free DNase Set (Cat#79254, QIAGEN, GmBH, 
Germany) were used for purification of total RNA. The 
VAHTS Universal V6 RNA-sequencing Library Prep Kit 
for Illumina (Cat#NR604-02, Vazyme, Nanjing, China) 
and NovaSeq 6000 equipment (Illumina, USA) were used 
for RNA library construction and sequencing. For further 
analysis, read counts were standardized to fragments per 
kilobase of transcript per million fragments mapped.

2.3  Hematoxylin & eosin (H&E) and 
immunohistochemistry (IHC) staining

In the ZS-HRRCC cohort, tumor-infiltrating lymphocytes 
(TILs) were evaluated by H&E staining according to the 
methodology recommended by the International TILs 
Working Group [23]. Primary antibodies for IHC markers 
are listed in Supplementary Table S5. IHC staining was 
performed in the ZS-HRRCC cohort, according to previ-
ously described procedures [24]. Image capture and evalu-
ation was processed by the PANNORAMIC 250 Flash III 
DX (3DHISTECH Ltd.) and the CaseViewer application 
(3DHISTECH Ltd.). Evaluation of IHC staining was con-
ducted under six randomized fields for each sample, by 
three independent investigators blinded to patients’ infor-
mation. The average value was further used for analysis.

2.4  Flow cytometry

In the ZS-HRRCC cohort, fresh RCC tumor samples were 
collected for flow cytometry analysis, while fresh peripheral 
blood samples were collected for isolation of white blood 
cells, which were used as control group of flow cytometry 
gating strategy. Detailed flow cytometry procedures were 
previously described [25]. RBC Lysis Buffer (Thermo 
Fisher Scientific) was used for isolation of white blood 
cells. Tumor samples were minced after resection, and 
digested by collagenase IV (Sigma) and DNase I (Sigma). 
After passing through a 70-µm strainer, tumor samples 
were treated with RBC lysis buffer (Thermo Fisher Scien-
tific). Samples were then stained with fluorescently labeled 
membrane marker antibodies after Fc receptors blockade. 
Intracellular proteins were stained after disposing by Intra-
cellular Fixation & Permeabilization Buffer (Thermo Fisher 
Scientific). Staining by the fluorochrome-labeled antibodies 
were performed afterwards, and samples were preserved in 

cell staining buffer. Flow-cytometry were performed by BD 
LSRFortessa™ X-20 (BD Biosciences) and analyzed by 
Flowjo software v10.0 (Tree Star). Primary antibodies for 
flow cytometry are also listed in Supplementary Table S5.

2.5  Machine learning models for risk stratification

For the construction of machine learning risk models, 
expression of TK1, CD274, PDCD1, CD8A, GZMK, GZMB 
and CD4 were included as parameters. Machine learning 
algorithms used in the study included supervised principal 
components (SuperPC), survival support vector machine 
(survivalSVM), stepwise Cox regression (stepCox), Gra-
dient Boosting Machine (GBM) and random forest (RF). 
The “mixOmics”, “survcomp”, “superpc”, “survivalsvm”, 
“CoxBoost”, “plsRcox”, “glmnet”, “randomForestSRC”, 
and “ggRandomForests” packages of the R software were 
used for construction of machine learning models. Machine 
learning procedures were performed on the R software plat-
form (https://www.r-project.org/).

2.6  Statistical analysis

For categorical variables, Chi-square test, Fisher’s exact 
analysis or Cochran-Mantel-Haenszel test were used if 
appropriate. For continuous variables, Wilcoxon signed-
rank test or Kruskal-Wallis H test were used if appropri-
ate. Spearman’s correlation test was used for correlation 
analysis. Kaplan-Meier analysis with log-rank test and Cox 
regression analysis were used for survival analysis, by the 
“survival” and “survminer” packages of the R software. The 
“forestplot”, “ComplexHeatmap” and “ggplot2” packages 
of the R software were used for drawing forest plots and 
waterfall plots. All statistical analyses were performed by 
using R software (https://www.r-project.org/). For all ​s​t​a​t​i​
s​t​i​c​a​l analyses, two-tailed P < 0.05 was regarded as statisti-
cally significant.

3  Results

3.1  High-TK1 expression correlated with 
progression and poor survival in RCC

Change of TK1 expression during RCC progression was 
evaluated in the TCGA-KIRC dataset. TK1 expression was 
upregulated in RCC samples, compared with non-tumor 
kidney tissues (P < 0.001, Fig.  1A). TK1 expression was 
also upregulated in RCC with higher grade (grade 4 vs. 
grade 1, P < 0.001; grade 4 vs. grade 2, P < 0.001; grade 4 
vs. grade 3, P < 0.001; Fig. 1B) and higher stage (stage IV 
vs. stage I, P < 0.001; stage IV vs. stage II, P < 0.001; stage 
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3.3  High-TK1 expression was an independent 
prognostic factor for poor PFS under IO + TKI 
therapy

The prognostic role of TK1 expression was evaluated in 
the ZS-MRCC cohort. In the ZS-MRCC cohort, high-
TK1 expression was associated with poor PFS (log-rank 
P = 0.008 Fig. 2A). By univariate Cox regression analysis, 
high-TK1 expression was also correlated with poor PFS 
(HR = 2.773; P = 0.012, Fig.  2B). Moreover, in a multi-
variate Cox regression model including tumor histology, 
IMDC group and TK1 expression, TK1 was identified as 
an independent prognostic factor for poor PFS (HR = 3.855; 
P = 0.002, Fig. 2B). Furthermore, The IO + TKI arm of the 

IV vs. stage III, P = 0.025; Fig. 1C). Moreover, metastatic 
RCC patients with high-TK1 showed poor overall survival 
(P = 0.034, Fig. 1D).

3.2  High-TK1 expression correlated with 
therapeutic resistance of IO + TKI

In the ZS-MRCC cohort of metastatic RCC treated by 
IO + TKI therapy, high-TK1 expression was elevated in 
non-responders (P = 0.025, Fig.  1E). After stratifying 
patients into high- TK1 and low-TK1 groups according to 
the median value, the low-TK1 subgroup showed higher 
rate of CR and PR (P = 0.016, Fig. 1F and G).

Fig. 1  Overexpression of TK1 is associated with immunotherapy 
(IO) + tyrosine kinase inhibitor (TKI) resistance in RCC. A Elevated 
TK1 expression in RCC tumor samples. P value, Mann-Whitney 
U-test. ***, P < 0.001. B & C Elevated TK1 expression in RCC with 
higher TNM stage (B) and ISUP grade (C). P values, Kruskal-Wal-
lis H test. *, P < 0.05. **, P < 0.01. ***, P < 0.001. D Elevated TK1 
expression indicates poor clinical outcome in metastatic RCC patients. 

P value, log-rank test. E Elevated TK1 expression in non-responders 
of IO+TKI therapy. P value, Mann-Whitney U-test. F Percentage of 
tumor volume change after IO+TKI therapy in the ZS-MRCC cohort. 
CR, complete response; PR, partial response; SD, stable disease; PD, 
progressive disease. G Therapeutic response of IO+TKI in the ZS-
MRCC cohort according to TK1 expression groups divided by the 
median value. P value, Mann-Whitney U-test
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Fig. 2  Overexpression of TK1 is associated with dismal progression-
free survival (PFS) in RCC under IO + TKI treatment. A PFS in TK1 
expression subgroups of the ZS-MRCC cohort. P value, log-rank 
test. Hazard ratio, univariate Cox regression model. B Univariate and 

multivariate Cox regression models for PFS in the ZS-MRCC cohort. 
Hazard ratios and P values, Cox regression. C PFS in TK1 expression 
subgroups of the Javelin-101 cohort. P value, log-rank test. Hazard 
ratio, Cox regression analysis
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Correlation between TK1 expression and immune-
regulating cytokines was further assessed in the TCGA-
KIRC dataset. Positive correlations were found between 
TK1 expression and TGF-β (ρ = 0.30, P < 0.001), CXCL8 
(ρ = 0.33, P < 0.001), IL10 (ρ = 0.13, P < 0.001) and MMP1 
(ρ = 0.23, P < 0.001) expression (Fig. 5E).

3.7  Correlation between TK1 and somatic 
mutations

Correlation between TK1 and somatic mutations in RCC 
was assessed in the Javelin-101 cohort (Fig.  5F). High-
TK1 tumors showed a higher rate of SETD2 mutations 
(P < 0.001), BAP1 mutations (P < 0.001) and PTEN muta-
tions (P < 0.001) (Fig.  5F). Besides, high-TK1 samples 
showed a lower rate of RICTOR mutations (P < 0.001, 
Fig. 5F).

3.8  Machine learning models for predicting IO + TKI 
benefit

To build a predictive model for IO + TKI benefit, differ-
ent machine learning algorithms were applied, including 
SuperPC, survivalSVM, StepCox, GBM and RF risk score. 
Expression of the following genes were used for machine 
learning model construction: TK1, CD274, PDCD1, CD8A, 
GZMK, GZMB, CD4. The RF risk score (c-index 0.916, 
AUC for ROC curve 0.917) outperformed the rest of the 
models for survival prediction under IO + TKI therapy 
(Fig. 6A and B). The importance of variables enrolled for the 
RF risk score were listed in Fig. 6C. For time-dependent sur-
vival analysis, the RF risk score still performed well (AUC 
for 6-months survival: 0.972; AUC for 12-months survival: 
0.971; AUC for 18-months survival: 0.973; Fig. 6D).

The median value of the RF risk score was further set as 
the cutoff for high- and low- RF risk score groups (Fig. 6E). 
In the low-RF risk score group, IO + TKI surpassed TKI 
monotherapy (P < 0.001, HR = 0.158, Fig. 6F and H). How-
ever, in the high-RF risk score group, the efficacy of the 
IO + TKI was inferior than that of the TKI monotherapy 
(P < 0.001, HR = 2.195, Fig. 6G and H). Significant interac-
tion was found between RF risk score groups and IO + TKI 
benefit (P for interaction < 0.001, Fig. 6H). These findings 
highlighted the possible applicational values of the RF risk 
score in metastatic RCC.

4  Discussion

Combined IO + TKI regimens have emerged as first-line ther-
apy for RCC recently, according to superior PFS compared 
with TKI monotherapy in clinical trials [3–6]. However, 

Javelin-101 study was used as external validation cohort. 
In this cohort, high-TK1 group was also associated with 
poor PFS by Kaplan-Meier analysis (log-rank P = 0.036, 
Fig. 2C).

3.4  Correlation between TK1 expression and T cell 
abundance in RCC

To identify the correlation between TK1 expression and 
immune cells in the tumor microenvironment, H&E or IHC 
staining was performed on RCC specimens (Fig. 3A). TK1 
expression did not show significant correlation with CD8+ T 
cells (P = 0.69, Fig. 3B) or CD4+ T cells (P = 0.27, Fig. 3C).

To further evaluate the association between TK1 expres-
sion and T cells in RCC, flow cytometry was performed in 
fresh tissues of RCC (Fig.  3D). Negative correlation was 
found between TK1 expression and CD8+ T cells (ρ=-0.20, 
P = 0.22, Fig.  3E), but showed positive correlation with 
CD4+ T cells (ρ = 0.22, P = 0.16, Fig.  3F). However, both 
correlations were not statistically significant.

3.5  Correlation between TK1 expression and T cell 
function in RCC

Further analyses focused on the function of T cells in 
RCC. PD1 expression was evaluated in both CD8+ T cells 
(Fig. 4A) and CD4+ T cells (Fig. 4B). Positive correlations 
were found between TK1 expression and PD1+CD8+ T cells 
(ρ = 0.24, P = 0.14, Fig. 4A), as well as between TK1 expres-
sion and PD1+CD4+ T cells (ρ = 0.33, P = 0.04, Fig.  4B). 
Meanwhile, negative correlation was found between TK1 
expression and GZMB+CD8+ T cells (ρ= -0.22, P = 0.18, 
Fig. 4C).

Expression of immune checkpoints and transcription 
factors by TILs was further assessed by IHC (Fig.  4D). 
Positive correlations were found between TK1 expression 
and TIGIT (ρ = 0.25, P = 0.12), LAG3 (ρ = 0.21, P = 0.20), 
TCF1 (ρ = 0.30, P = 0.06) and EOMES (ρ = 0.24, P = 0.14) 
(Fig. 4E).

3.6  Correlation between TK1 expression and 
immune regulators

Regulatory immune cells were assessed by flow cytom-
etry in RCC samples. No significant correlation was found 
between TK1 expression and macrophages (ρ=-0.16, 
P = 0.31, Fig. 5A). However, positive correlation was found 
between TK1 expression and PDL1+ macrophages (ρ = 0.45, 
P < 0.001, Fig. 5B), as well as between TK1 expression and 
regulatory T cells (ρ = 0.35, P = 0.03, Fig.  5C). Besides, 
high-TK1 samples showed higher expression of Ki67 by 
IHC staining (P < 0.001, Fig. 5D).
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The BIONIKK study reported a biomarker-based decision-
making strategy for RCC immunotherapy, which improved 
therapeutic benefit of patients [26]. Further studies identi-
fied potential prognostic biomarkers for immunotherapy in 

only part of the patients responds to IO + TKI therapy, as its 
objective response rate is limited at approximately 20-30% 
[3–6]. Recent studies are focusing on potential prognos-
tic and predictive biomarkers for immunotherapy in RCC. 

Fig. 3  Relationship between TK1 expression and immune contexture 
in RCC. A Tumor microenvironment contexture in RCC samples 
ranked by TK1 expression. B-C Representative images and quantifica-
tion of CD8+ T cells (B) and CD4+ T cells (C) in TK1 expression sub-

groups. P values, Mann-Whitney U-test. D Gating strategy for CD8+ 
T cells and CD4+ T cells by flow cytometry. E-F Association between 
TK1 expression and CD8+ T cells (E) and CD4+ T cells (F) evaluated 
by flow cytometry. ρ and P values, Spearman’s correlation
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Fig. 4  Exhaustion of T cells related with TK1 overexpression. A-C 
Gating strategy for PD1+CD8+ T cells (A), PD1+ CD4+ T cells (B) and 
GZMB+CD8+ T cells (C) by flow cytometry and their correlation with 
TK1 expression. ρ and P values, Spearman’s correlation. D Expression 

of major checkpoints and transcription factors by TILs. E Association 
between TK1 expression and TIGIT+ T cells, LAG3+ T cells, TCF1+ 
T cells and EOMES+ T cells. ρ and P values, Spearman’s correlation
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Fig. 5  Overexpression of TK1 is associated with immunosuppressive 
tumor microenvironment in RCC. A-C Flow cytometry gating strat-
egy for macrophages (A), PDL1 + macrophages (B) and regulatory T 
cells (C), and their association with TK1 expression. ρ and P values, 
Spearman’s correlation analysis. D Quantification of KI67+ tumor 
cells between TK1 expression subgroups by immunohistochemistry. P 

value, Mann-Whitney U-test. E Correlation between TK1 and TGFB1, 
CXCL8, IL10, MMP1 expression in the Javelin-101 cohort. ρ and P 
values, Spearman’s correlation. F Mutations in the Javelin-101 cohort. 
Samples ranked by TK1 expression. P values, Chi-square test. ***, 
P < 0.001
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Fig. 6  Machine learning risk scores for prediction of IO + TKI benefit. 
A C-index of different machine learning risk models in the IO + TKI 
arm of Javelin-101 cohort. SuperPC, supervised principal components; 
survivalSVM, survival support vector machine; stepCox, stepwise 
Cox regression; GBM, Gradient Boosting Machine; RF, random for-
est. B Receiver operating characteristic (ROC) curves of tumor pro-
gression predicted by machine learning risk models. C Genes ranked 
by variable importance for the random forest (RF) risk score. D ROC 

curves for 6-months, 12-months and 18-months PFS predicted by the 
RF risk score. E Median value set as the cutoff for high/low RF risk 
score in the IO + TKI arm of Javelin-101 cohort. F-G PFS of IO + TKI 
or TKI in the low RF score group (F) and high RF score group (G) in 
the Javelin renal 101 cohort. P values, log-rank test. H Survival ben-
efit of IO + TKI versus TKI in the low/high RF risk score subgroups. 
Hazard ratios and P values, Cox regression test. P for interaction, Cox 
regression test
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with T cell dysfunction [30], we implied that T cells may 
experience exhaustion procedures within high-TK1 tumor 
TME. Besides, as a major effector for T-cell mediated anti-
tumor immunity, GZMB expression was also downregu-
lated within high-TK1 tumors (Fig.  4C). These evidences 
supported that anti-tumor function of T cells was impaired 
within high-TK1 tumors.

How TK1 expression induces immune suppression has 
not been clarified yet. In a recent study by spatial tran-
scriptomics, TK1 overexpression was found closely related 
with regulatory T cell infiltration [31]. In our study, TK1 
was also associated with infiltration of immunosuppressive 
cells, including PDL1+ macrophages and regulatory T cells 
(Fig. 5B and C). Moreover, TK1 was found associated with 
immunosuppressive molecules, including TGFB1, CXCL8, 
IL10 and MMP1 (Fig. 5E). These molecules are important 
regulators for anti-tumor immunity, and their overexpression 
can induce immunosuppression [32]. Among them, TGFB1 
regulates regulatory T cell differentiation, and induces cyto-
toxic T cell impairment [33]. TGFB1 also induces mono-
cyte chemotaxis, and affects monocyte-derived macrophage 
phenotypes [33]. CXCL8 and IL10 are immunosuppres-
sive cytokines released by M2-polarized macrophages and 
regulatory T cells [34]. MMP1 is an extracellular matrix 
remodeling enzyme, crucial for immune cell infiltration into 
the TME [35]. Since TK1 is usually associated with tumor 
progression and proliferation, TK1 overexpression may also 
indicate a tumor-promoting microenvironment, with immu-
nosuppression as its main feature. However, the detailed 
mechanisms of TK1 in tumor immune evasion and IO resis-
tance still need further researches.

The major limitation of the study is its retrospective 
design and limited sample size. The heterogeneous popula-
tions between the ZS-MRCC cohort and Javelin-101 cohort 
also may lead to selective bias. However, TK1 expression 
showed association with poor PFS in both cohorts, which 
demonstrated the robustness of results. Moreover, the dif-
ferent treatment regimens between the ZS-MRCC cohort 
and Javelin-101 cohort may also interfere with the results. 
Consequently, further validation studies are still needed. In 
the study, the RF risk score was found predictive for thera-
peutic benefit between IO + TKI and TKI in the study. Since 
IO + IO therapy has also been applied as first-line therapy 
for metastatic RCC, further studies comparing IO + TKI 
and IO + IO therapy should also be performed in the future. 
Besides, the study showed the potential of TK1-targeting 
therapy in RCC, which also need preclinical studies.

clear cell RCC, including TPD52L2 [27], PLAC8 [28], and 
MYBL1 [29]. However, no biomarker is currently available 
for IO + TKI combinational therapy in RCC, which limits 
clinical precision treatment.

As a proliferation biomarker for cancers [7], TK1 was 
also found related with immunotherapy resistance and TME 
changes [18, 19]. In this study, high TK1 expression was 
demonstrated as a biomarker for resistance to IO + TKI ther-
apy (Fig.  1G), and predicted shorter PFS under IO + TKI 
therapy in two independent cohorts (Fig. 2). More impor-
tantly, IO + TKI and TKI monotherapy showed opposite 
therapeutic benefit in different RF risk score subgroups. In 
the low-RF risk score group, IO + TKI surpassed TKI mono-
therapy (Fig. 6F and H). However, in the high-RF risk score 
group, IO + TKI was inferior to TKI monotherapy (Fig. 6G 
and H). Significant interaction between RF risk score 
groups and IO + TKI benefit was further confirmed (P for 
interaction < 0.001, Fig. 6H). The results may be helpful for 
clinical decision-making in advanced RCC, since IO + TKI 
could lead to more immune-related adverse events and more 
cost. However, due to the limited sample size of the study, 
further validation studies are still required.

TK1 has also been reported to indicate tumor prolifera-
tion and progression [8, 9], and could be up up-regulated 
in various malignancies, such as lung cancer, breast can-
cer and colorectal cancer [15]. In our study, TK1 was also 
upregulated in RCC tumor samples, compared to peritumor 
samples (Fig.  1A). Moreover, TK1 overexpression was 
also associated with higher tumor stage and grade in RCC 
(Fig. 1B and C). These results indicated the potential rel-
evance between TK1 overexpression and tumor progression 
in RCC. However, the specific mechanisms between TK1 
overexpression and RCC progression is still unknown. Nev-
ertheless, since TK1 depletion can lead to cell death when 
exposed to DNA damage [7, 12], depletion or inhibition of 
TK1 may still be a viable therapeutic option in RCC.

Literature on the relationship between TK1 expres-
sion and the immunosuppressive tumor microenviron-
ment remain scarce. In a preliminary study by single-cell 
sequencing, TK1 was reported to be significantly associated 
with the infiltration of B cells, T cells, and dendritic cells 
in the tumor microenvironment (TME) of hepatocellular 
carcinoma [19]. TK1 overexpression was also found associ-
ated with T cell exhaustion and immunotherapy resistance 
in lung cancer [18]. These findings highlighted the role of 
TK1 in tumor immune evasion. In the current study, positive 
correlation was also observed between TK1 and upregula-
tion of immune checkpoints on T cells (PD1, TIGIT and 
LAG3, Fig. 4A, B and E). At the same time, transcriptional 
factors including TCF1 and EOMES were also upregulated 
on T cells within high-TK1 tumors (Fig. 4E). Since these 
checkpoints and transcription factors were closely related 
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ment in RCC. Overexpression of TK1 indicated resistance 
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apy in advanced RCC.
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