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Abstract
A cutting edge therapy for future immuno-oncology is targeting a new series of inhibitory receptors (IRs):
LAG-3, TIM-3, and TIGIT. Both immunogenomic analyses and diagnostic platforms to distinguish
candidates and predict good responders to these IR-related agents are vital in clinical pathology. By
applying an automated single-cell count for immunolabeled LAG-3, TIM-3, and TIGIT, we revealed that
individual IR levels with exclusive domination in each tumour can be valid biomarkers for pro�ling human
renal cell carcinoma (RCC). We uncovered the immunogenomic landscape associated with individual IR
levels in human RCC tumours with metastases in various organs and histological subtypes. We then
externally validated our results and devised a work�ow with optimal biomarker cut-offs for discriminating
the tumour pro�les of LAG-3, TIM-3, and TIGIT. The discrimination of LAG-3, TIM-3, and TIGIT pro�les in
tumours may have a broad impact on investigations on immunotherapy responses after targeting a new
series of IRs.

Introduction
The clinical success of the initial inhibitory receptors (IRs) CTLA-4, PD-1 or PD-L1 in cancers is still fresh
in our minds (1–4). With the substantial survival bene�ts offered by nivolumab, which targets PD-1 (5, 6),
renal cell carcinoma (RCC) has become a hallmark of immune-oncology treatment in this decade. The
clinical e�cacy achieved by the combination of ipilimumab, which targets CTLA-4, and nivolumab in RCC
(7, 8) has encouraged both patients and clinicians. However, a substantial proportion of patients
remained refractory or developed acquired resistance to the �rst series of immunotherapy regimens (i.e.,
CTLA-4, PD-1 or PD-L1 monotherapy and their combinations) (3, 9). Thus, emerging demands for new
therapies targeting other IRs have broadened the therapeutic repertoire in RCC and, more broadly, all
cancer types.

To date, there are three new IRs in the spotlight that have intensi�ed competition in drug development:
LAG-3, TIM-3, and TIGIT (10–13). Targeting these IRs may come of age as the second series of
immunotherapies is translated to the clinic. Therefore, the next question is whether targeting new IRs
alone or in combination with existing drugs will achieve clinical e�cacy. The answer to this central
question is still considerable and requires further discussion, but the combination of IRs with anti-PD-
1/PD-L1 blockade may be promising for clinical use based on clinical trials (11, 12). Facing the new
immuno-oncology era, together we need to decide on the optimal combinations of treatment options for
each patient, i.e., second series of IRs (LAG-3, TIM-3, and TIGIT). What is the best biomarker for the
selection of a second series of IR-related agents? Who can bene�t from targeting these new IRs?

To identify good responders, it is vital to examine the expression levels of LAG-3, TIM-3, and TIGIT. We
preliminarily found that clear cell RCC (ccRCC) cohorts could be immunohistologically divided into three
risk groups based on the dominant expression of the second series of IRs, namely, the LAG-3, TIM-3, and
TIGIT clusters (14). In this study, we �rst sought to expand on prior studies by using our
immunogenomics dataset of primary ccRCCs and unravel the relationships among the three IR
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signatures, clinical outcomes, genetic alterations, and tumour immune microenvironment. Second, we
aimed to deepen our understanding of the second series of IRs by examining RCCs with metastases in
various organs and different histological subtypes. Validation and subsequent biomarker cut-off
selection are essential for future pathology. Third, by applying an external validation dataset, we
strengthened our hypothesis and determined an optimal work�ow and biomarker cut-off for
discriminating the tumour pro�les of the IRs LAG-3, TIM-3, and TIGIT by using clinically based
immunohistochemistry.

Results

Automated single-cell pathology and clustering
First, we sought to apply an automated single-cell count for immunolabeled LAG-3, TIM-3, and TIGIT to
105 primary ccRCC tumour samples (i.e., COHORT 1, Table 1). A quantitative immunohistological
assessment provides a robust research platform worldwide. In this automated analysis, positively stained
immune cells in tumours were distinguished together with nuclei and counted as illustrated for LAG-3
(Fig. 1a), TIM-3 (Fig. 1b), and TIGIT (Fig. 1c). The mean number of cells was 102.3 ± 16.8/mm2 for LAG-3,
473.4 ± 51.5/mm2 for TIM-3, and 6.0 ± 1.8/mm2 for TIGIT (Fig. 1d). Spearman rank correlations among
continuous variables of the three new IRs were 0.063 for LAG-3 and TIM-3 (p = 0.526), 0.130 for LAG-3
and TIGIT (p = 0.186), and 0.044 for TIM-3 and TIGIT (p = 0.657) (Supplementary Fig. 1). No correlations
among these IRs seemed obvious; rather, exclusive relationships were observed, allowing small fractions
to overlap (Fig. 1e). Thus, we hypothesize that primary ccRCC pro�les can be divided robustly with our
automated platform based on the signatures of three IRs.

By applying hierarchical clustering of 105 ccRCC tumour samples based on standardized positive cell
densities immunolabeled for the IRs, we successfully identi�ed three groups with distinct IR levels
(Fig. 1f). The phenotypic signatures of TIM-3 (53%), LAG-3 (35%) and TIGIT (11%) were individually
dominant in independent clusters (Fig. 1g). Patients in the LAG-3 cluster had worse pathological
outcomes, a higher nuclear glade and more venous invasion, than those in the remaining clusters
(Table 1). A prognostic analysis of our 105 primary ccRCC tumours showed that the recurrence-free
survival (Fig. 1h) and overall survival (Fig. 1i) rates were different among the three clusters. The LAG-3
cluster was associated with the worst recurrence-free survival and overall survival rates, with signi�cant
differences in patients with favourable TIGIT clusters. Among the 105 ccRCC patients, 14 (13%) received
PD-1 blockade therapy with nivolumab after disease relapse. A waterfall plot of changes in target lesion
size revealed a certain tendency (Fig. 1j). While patients in the TIM-3 cluster demonstrated a certain
effect, patients in the TIGIT or LAG-3 cluster seemed to show resistance to nivolumab treatment.

Immunogenomic differences
Second, we sought to examine the genomic alterations underlying the signatures of the three new IRs in
ccRCC since recent advances in sequencing have revealed a subset of genes that correlate with the
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response to anti-angiogenic therapy as well as immuno-oncology therapy (15, 16). Herein, we analysed
forty-three ccRCC tumour samples from COHORT 1 comprising the LAG-3 (n = 13), TIM-3 (n = 23), and
TIGIT (n = 7) clusters for alterations in 160 cancer-associated genes (Fig. 2a). The frequently altered
genes across the three IR spectra (> 5%) were VHL, PBRM1, SETD2, MTOR, and ATM, indicating that the
incidence of VHL mutations in our cohort is slightly less than that in previous studies (17). However, there
seemed to be no speci�c alteration pattern among individual clusters in our population (Fig. 2b).

We next investigated the association between the three new IR clusters and the tumour immune
microenvironment. In total, �fteen immunolabeled molecules, including 6 for acquired immunity, 3 for
innate immunity, 4 for cancer metabolism, and 2 for cancer stroma, were assessed by automated signal
segmentation in 105 ccRCC tumour samples from COHORT 1. Cell-by-cell immunohistological analysis
for acquired immunity revealed that the LAG-3 cluster had signi�cantly higher levels of CD39 than the two
other clusters, revealing substantial cell exhaustion in tumour-in�ltrating CD8 T cells in tumours
belonging to the LAG-3 cluster (Fig. 2c) (18). The levels of CD3 and CD8 in the LAG-3 cluster were also
higher than those in the TIM-3 clusters, while interestingly, the CTLA-4 level was high in the TIGIT cluster.

Then, our immunohistological analysis for innate immunity revealed that the LAG-3 cluster had
signi�cantly higher levels of CD163 than the two other clusters (Fig. 2d), demonstrating that many
in�ltrating tumour-associated macrophages (TAMs) in tumours belong to the LAG-3 cluster. Our
assessments also extended to the state of tumour metabolism in ccRCC samples labelled for the
proliferative Ki-67, IDO-1, GLUT-1, and CD73 markers, but no difference was noted in inhibitory tumour
metabolism among the three groups (Fig. 2e). Furthermore, two molecules associated with the cancer
stroma, i.e., CD34 (to label blood vessels) and D2-40 (to label lymph vessels), were assessed, and we
found that tumours belonging to the LAG-3 cluster were less dependent on the development of
angiogenic blood and lymph vessels than the other clusters (Fig. 2f).

In summary, the immunosuppressive microenvironment appears in tumours belonging to the LAG-3
cluster (i.e., ranging from acquired immunity to innate immunity in primary ccRCC), revealing high levels
of cell exhaustion in tumour-in�ltrating CD8 T cells and in�ltrating TAMs.

Metastasis-speci�c differences
We next investigated metastasis-speci�c differences in the three new IR clusters by applying ccRCC
tumour samples harbouring metastases in the lung, bone, viscera, brain, and other sites (i.e., COHORT 2,
Supplementary Table 1). Automated single-cell counting was applied, and LAG-3/TIM-3/TIGIT-positive
cells were counted in a total of 47 ccRCC metastases. The mean number of cells was 146.0 ± 31.5/mm2

for LAG-3, 974.3 ± 130.9/mm2 for TIM-3, and 25.2 ± 4.4/mm2 for TIGIT. Compared with primary ccRCC
tumours in the kidney, increased numbers of TIM-3+ (p < 0.001) and TIGIT+ (p < 0.001) cells were obvious
in ccRCC metastases. Spearman rank correlations among continuous variables of the IRs were 0.172 for
LAG-3 and TIM-3 (p = 0.248), 0.136 for LAG-3 and TIGIT (p = 0.363), and − 0.087 for TIM-3 and TIGIT (p = 
0.560) (Supplementary Fig. 1). No correlations among these IRs seemed obvious in metastatic ccRCCs;
rather, exclusive relationships were observed, allowing small fractions to overlap.
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Hierarchical clustering of 47 metastatic ccRCC tumour samples based on positive cell densities for the
IRs identi�ed three groups with distinct IR levels. TIM-3 (68%), LAG-3 (9%) and TIGIT (23%) were
individually dominant in independent clusters (Fig. 3a). Interestingly, hierarchical clustering revealed
differences between metastatic ccRCC tumours and primary ccRCC tumours, and the TIGIT cluster
accounted for more than the LAG-3 cluster (Fig. 3b). However, varying patterns of these IR signatures
across metastatic regions were obvious, indicating that regional heterogeneity has added another layer of
complexity to the second series of IRs (LAG-3, TIM-3, and TIGIT) in RCC. Taken together, these results
suggest that only lung metastasis has a unique characteristic in metastatic ccRCC and show that the
TIGIT cluster occupies the majority.

Next, cell-by-cell immunohistological analysis for acquired immunity was performed using metastatic
ccRCC samples. The levels of tumour-in�ltrating CD8 T cells were higher in metastatic lesions from the
LAG-3 cluster than in those from the two other clusters (Fig. 3c). Tumours in the LAG-3 cluster were also
associated with high levels of CD39, PD-1 and CTLA-4 (Fig. 3c). Our immunohistological analysis for
innate immunity revealed high levels of in�ltrating TAMs in metastatic tumours belonging to the LAG-3
cluster (Fig. 3d). Therefore, the immunosuppressive microenvironment also appeared in tumours
belonging to the LAG-3 cluster in metastatic ccRCC, ranging from acquired immunity to innate immunity.
Our assessments also extended to the state of tumour metabolism in metastatic ccRCC samples labelled
with the proliferative Ki-67, IDO-1, GLUT-1, and CD73 markers, but no difference in inhibitory tumour
metabolism was noted among the three groups (Fig. 3e). The cancer stroma molecules, CD34 and D2-40,
were also not different among the three groups (Fig. 3f).

Histological subtype-speci�c differences
We further examined subtype-speci�c differences in the three IR clusters by applying primary non-ccRCC
tumour samples of the papillary, chromophobe, sarcomatoid, Xp11.2 translocation, and collecting duct
subtypes (i.e., COHORT 3, Supplementary Table 2). Automated single-cell counting was applied, and LAG-
3/TIM-3/TIGIT-positive cells were counted in a total of 41 non-ccRCC individuals. The mean number of
cells was 93.7 ± 34.0/mm2 for LAG-3, 444.3 ± 82.0/mm2 for TIM-3, and 23.7 ± 6.1/mm2 for TIGIT.
Compared with primary ccRCC tumours in the kidney, increased numbers of TIGIT+ (p < 0.001) cells were
obvious in non-ccRCC tumours. Spearman rank correlations among continuous variables of the three IRs
were 0.069 for LAG-3 and TIM-3 (p = 0.670), 0.327 for LAG-3 and TIGIT (p = 0.037), and 0.215 for TIM-3
and TIGIT (p = 0.178) (Supplementary Fig. 1). In non-ccRCC, a weak correlation was con�rmed only
among LAG-3 and TIGIT; the others were not exclusive.

Hierarchical clustering of 41 non-ccRCC tumour samples based on positive cell densities for the three IRs
identi�ed three groups with distinct IR levels. TIM-3 (39%), LAG-3 (12%) and TIGIT (48%) were individually
dominant in independent clusters (Fig. 4a). Interestingly, hierarchical clustering of non-ccRCC tumours
yielded the opposite results, and the TIGIT cluster occupied the majority (Fig. 4b). However, varying
patterns of the three IR signatures across histological subtypes were obvious even in non-ccRCCs,
indicating that inter-subtype heterogeneity has added another layer of complexity to the second series of
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IRs (LAG-3, TIM-3, and TIGIT) in RCC. Taken together, these results show that both chromophobe and
Xp11.2 translocation subtypes had slightly different characteristic in non-ccRCC and that the TIM-3
cluster occupied the majority (Fig. 4b). Cell-by-cell immunohistological analyses for acquired immunity,
innate immunity, inhibitory tumour metabolism, and cancer stroma were performed in the same fashion,
but no difference was noted in any �eld (Supplementary Fig. 2).

Validation and discrimination of the LAG-3, TIM-3, and TIGIT
signatures
The pro�ling of ccRCC patients with regard to the three new IR signatures may provide robust screening
when combined with the second series of IRs and anti-PD-1/PD-L1 therapies. However, is the
phenomenon where each IR exists exclusively across individual clusters universal in RCCs? To answer
this question, we sought to validate our hypothesis using two publicly available con�rmation cohorts: the
TCGA (Fig. 5a) and Sato (Fig. 5b) ccRCC datasets (17, 19). Interestingly, similar results were obtained
from the two large-scale RNA-sequencing datasets, revealing that each transcription dataset from the two
ccRCC cohorts was successfully distributed into three different clusters with the individual dominations
of each IR level.

We next asked how we should judge the three IR signatures in each tumour in clinical practice. In
summary, our automated platform for immunohistologically discriminating LAG-3, TIM-3, and TIGIT
signatures at the single-cell level may provide a quantitative and high-throughput pathological
assessment. We herein propose an optimal work�ow and biomarker cut-off for the three IRs to translate
in future practice (Fig. 5c). First, COHORT 1 consisted of FFPE tumour samples, which are stored in vast
numbers in biobanks worldwide. We referred to ROC curves (Supplementary Fig. 3) to analyse automated
single-cell pathology data from COHORT 1 to test our work�ows and determine potential biomarker cut-
offs for the three IRs. The results revealed that patients in this training group were successfully divided
into three groups with distinct IR levels by immunohistochemistry (Fig. 5d). Our current model was further
applied to the external validation dataset containing in-house primary ccRCC samples, namely, COHORT 4
(n = 96) (stored in alcohol-based �xative; see Methods) and achieved similarly good discrimination to
screen matched IR clusters by immunohistochemistry (Fig. 5e). Prognostic analysis of the validation
cohort, COHORT 4, showed that the recurrence-free survival (Fig. 5f) and overall survival (Fig. 5g) rates
were different among the three IR clusters, in which the LAG-3 cluster was associated with the worst
recurrence-free survival and overall survival rates.

Discussion
Despite rapid progress in recent immunotherapies, the response rate of existing anti-PD-1/PD-L1 and/or
anti-CTLA-4 therapies in patients overall is far from satisfactory. In a complicated tumour immune
environment, the blockade of a single immune checkpoint molecule may induce complementary changes
in other immune modulators (11, 12, 20–23). Importantly, therapies targeting new IRs (LAG-3, TIM-3, and
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TIGIT) are now being applied in clinical trials (registered at ClinicalTrial.gov) or are under active
development (12).

A growing body of evidence in preclinical models has also shown potential synergies blocked by
combining the �rst series (i.e., PD-1, PD-L1, and CTLA-4) and second series (i.e., LAG-3, TIM-3, and TIGIT)
of IRs (12). The co-expression of LAG-3 and PD-1 has been observed on intratumoural T cells in a subset
of mouse xenograft tumours and human RCCs (24–26). Compensatory mechanisms of upregulated TIM-
3 have been observed in patients with non-small cell lung cancer when developing acquired resistance to
anti-PD-1 therapy (22). The combination of TIGIT and PD-1 blockade is involved in CD8+ T cell function in
patients with melanoma (27). So far, these data may support rational combinations of the three new IRs
for an optimal immunotherapy approach. Thus, our next aim should be how to properly use anti-second
series of IR agents in future practice. Is there any useful biomarker that can be translated to the clinic?

Nevertheless, individual IR levels may be a valid biomarker if robust assessments by
immunohistochemistry are allowed in a high-throughput manner (28). In this study, our
immunohistological platform allowed us to show distinct patterns of the three new IRs in human RCC
samples, whose expression was mutually exclusive and dominant regardless of primary or metastatic
disease. This �nding indicates that human RCC phenotypes can be divided into three clusters based on
the immunohistological levels of the three new IRs, although small fractions overlapped. We further
deepened our understanding of the unique characteristics of these IR clusters; for example, the LAG-3
cluster showed a stronger association with immunosuppression than the other two clusters, and such a
tendency was clearly inherited by metastatic lesions. We also determined an optimal work�ow and
biomarker cut-off for immunohistologically pro�ling the three IR clusters using internal and external
validation cohorts of ccRCC patients. Notably, application of the automated single-cell count system
enables rapid and quantitative screening in the setting of clinical pathology.

In summary, our platform for discriminating the tumour pro�les of the IRs LAG-3, TIM-3, and TIGIT may
have a broad impact on treatment decision-making and patient counselling in RCC and, more broadly, all
cancer types. Furthermore, this new classi�cation may constitute a novel framework to investigate
immunotherapy responses to these IRs in clinical trials. However, some limitations to be addressed
remain at this stage. First, our study was retrospective, and many of the tumour samples were small,
resulting in intratumour heterogeneity as a potential concern. It is necessary to con�rm whether the
individual IR levels can be used as biomarkers to predict the effect of matched anti-IR agents. Future
studies, such as prospective and/or large-scale dataset validations, are needed to provide robust evidence
for the proper use of the anti-second series of IR agents.

Methods

Human tumour samples

Training groups: COHORTS 1–3
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After approval from the Institutional Review Board, formalin-�xed and para�n-embedded (FFPE) tumour
samples obtained from 1999–2017 were randomly collected from three different cohorts of patients at
Keio University Hospital (Tokyo, Japan) based on histological type, pathological T stage, and systemic
therapy. The UICC TNM system was used for tumour staging, and nuclear grading was carried out
according to the WHO/International Society of Urological Pathology grading system. The details of the
three groups are as follows: COHORT 1, primary ccRCC tumours treated surgically (n = 105, Table 1);
COHORT 2, ccRCC tumour metastases diagnosed histologically (n = 47: lung, 8; bone, 18; viscera, 11,
brain, 4, and others, 6; Supplementary Table 1); and COHORT 3, primary non-ccRCC tumours (n = 41:
papillary, 12; chromophobe, 12; sarcomatoid, 8; Xp11.2 translocation, 7; and collecting duct, 2;
Supplementary Table 2). The 3-mm cores were punched out from optimal tumour areas.

Validation group: COHORT 4
COHORT 4, primary ccRCC tumours treated surgically (n = 96, Supplementary Table 3), was independently
collected as an external validation cohort and compared with the training cohort from the same
institution. COHORT 4 differs from COHORTS 1–3 in that an alcohol-based PAXgene (Qiagen) was used
for �xation prior to para�n embedding, and 4-mm cores were punched out from optimal tumour areas.

No statistical methods were used to predetermine the sample size. All samples were deciphered with
numbers to avoid investigator bias during tissue preparation and data analysis. No human samples were
excluded from the analysis. All procedures were performed in compliance with the 1964 Helsinki
Declaration and present ethical standards, and informed consent for experimental use of the samples
was obtained from the patients according to the hospital's ethical guidelines.

Immunohistochemistry
Tissue microarray samples were cut into 5-µm-thick sections and placed onto silane-coated glass slides.
After depara�nization, the sections were processed for antigen retrieval and blocking. Thereafter, all
sections were incubated overnight with primary antibodies (Supplementary Table 4), followed by
incubation with secondary antibodies conjugated to a peroxidase-labelled dextran polymer. Colour
development for immunohistochemistry was achieved using 3,3’-diaminobenzidine in 50 mM Tris-HCl (pH
5.5) containing 0.005% hydrogen peroxidase. Finally, sections treated with 3,3’-diaminobenzidine were
counterstained with haematoxylin.

Automated single-cell analysis
All stained sections were scanned using a high-resolution digital slide scanner (NanoZoomer-XR C12000;
Hamamatsu Photonics, Hamamatsu, Shizuoka, Japan). Then, both immunohistochemical signals and
nuclei were separately segmented by a computerized image analysis system (HistoQuest software,
TissueGnostics, Vienna, Austria). Finally, cells with both overlapping segmented immune signals and
nuclei were automatically counted. Positive cell density was de�ned as the mean number of positive cells
in the de�ned areas harbouring all punched cores. The CD34 (to label blood vessels) and D2-40 (to label
lymph vessels) immunosignals in tumours were calculated in each core as the percentage of the positive
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area after automated signal segmentation. Individual positive cell density data were normalized in the
range 0 to 1, with the bottom 10% as the lower limit and the top 10% as the upper limit, and then used for
hierarchical clustering by Ward's linkage methods in R software.

DNA extraction and sequencing
Genomic DNA was extracted from fresh-frozen tissue samples from the selected tumour areas with a
DNeasy Blood & Tissue Kit (Qiagen) according to the manufacturer’s protocol. The DNA integrity number
was 4.0, which was calculated using the Agilent 2000 TapeStation (Agilent Technologies, Waldbronn,
Germany). A genomic DNA library was constructed using the GeneRead DNAseq Targeted Panel V2
(Human Comprehensive Cancer Panel), which covers more than 95% of the total exon region in 160
cancer-related genes (29). The library was ampli�ed using a GeneRead DNA I Amp Kit (Qiagen) and
sequenced using MiSeq (Illumina). The FastQ �les obtained from MiSeq (Illumina) were analysed using
an original bioinformatics pipeline called GenomeJack (Mitsubishi Space Software, Tokyo, Japan) (29).

RNA-sequencing dataset analysis
We analysed the TCGA dataset for kidney renal clear cell carcinoma (17), for which RNA-sequencing data
were downloaded from cBioPortal (https://www.cbioportal.org/study/summary?
id=kirc_tcga_pan_can_atlas_2018

; access date: April, 2020) (30). Additionally, we used the Sato dataset consisting of RNA-sequencing data
from ccRCC patients (19). The mRNA expression z-score data for LAG-3, TIM-3 and TIGIT were used for
hierarchical clustering in the same manner as described above.

Statistics
Values are presented as the means with standard errors or medians with interquartile ranges for
continuous variables and frequencies with percentages for categorical variables. Variables between
groups were compared using the Mann–Whitney U-test. We performed receiver operating characteristic
(ROC) curve analysis using the data from the training group (COHORT 1) to de�ne a potential cut-off cell
number that discriminates the phenotypic signatures of the IRs LAG-3, TIM-3, and TIGIT in ccRCCs. An
area under the curve (AUC) value of 1.0 represents perfect discrimination, and a value of 0.5 represents
no discrimination. Uni- and multivariate Cox regression models with stepwise selection were used to
evaluate variables associated with overall mortality. Survival curves were estimated using the Kaplan–
Meier method and compared using the log-rank test. The hclust R package (version 3.6.1) was used for
hierarchical clustering of tumour samples. Statistical signi�cance was accepted for p < 0.05. All analyses
were performed using R statistical language version 3.6.1 (R Foundation for Statistical Computing,
Vienna, Austria), SPSS version 24.0 (IBM-SPSS Inc., Tokyo, Japan) and JMP version 15.0 (SAS Institute
Inc., Cary, NC, USA).
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Supplementary Information
Supplementary Table 1. Clinicopathological characteristics associated with the phenotypic signatures of
the new IRs (LAG-3, TIM-3, and TIGIT) in 47 metastatic ccRCC tumour samples (COHORT 2).

Supplementary Table 2. Clinicopathological characteristics associated with the phenotypic signatures of
the new IRs (LAG-3, TIM-3, and TIGIT) in 41 primary non-ccRCC tumour samples (COHORT 3).

Supplementary Table 3. Clinicopathological characteristics associated with the phenotypic signatures of
the new IRs (LAG-3, TIM-3, and TIGIT) in a validation group of 96 primary ccRCC tumour samples
(COHORT 4).

Supplementary Table 4. List of antibodies used for immunohistochemical studies.
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Supplementary Fig 1. Relationship of LAG-3-, TIM-3-, and TIGIT-Positive Cell Distribution in Human RCC
Tumours. a-c Scatter plots show the density of LAG-3+ versus TIM-3+ cells (a), LAG-3+ versus TIGIT+ cells
(b), and TIM-3+ versus TIGIT+ cells (c) in 105 primary ccRCC samples (COHORT 1). d-f Scatter plots show
the density of LAG-3+ versus TIM-3+ cells (d), LAG-3+ versus TIGIT+ cells (e), and TIM-3+ versus TIGIT+

cells (f) in 47 metastatic ccRCC samples (COHORT 2). g-i Scatter plots show the density of LAG-3+ versus
TIM-3+ cells (g), LAG-3+ versus TIGIT+ cells (h), and TIM-3+ versus TIGIT+ cells (i) in 41 non-ccRCC
samples (COHORT 3). r, Spearman's correlation coe�cient.

Supplementary Fig 2. Phenotypic Signatures of the New IRs (LAG-3, TIM-3, and TIGIT) and the Tumour
Immune Microenvironment in Human non-ccRCC Tumours. a-d Violin and box plots of acquired immunity
(a), innate immunity (b), inhibitory tumour metabolism (c), and vascular attributes (d) signatures from 41
human non-ccRCC samples. The line within the box represents the median, the upper and lower ends of
the box represent the upper and lower quartiles, and the bars represent the minimum and maximum
values. p values were determined with a two-tailed Mann–Whitney U-test.

Supplementary Fig 3. a-e ROC-AUC Analysis Discriminating the Phenotypic Signatures of the New IRs
(LAG-3, TIM-3, and TIGIT) by Immunohistochemistry in COHORT 1.

Figures
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Figure 1

Identi�cation and Characterization of the Phenotypic Signatures of the New IRs (LAG-3, TIM-3, and TIGIT)
in Human ccRCC Tumours. a-c Automated cell-by-cell segmentations and single-cell counts of human
ccRCC tumours immunolabeled for LAG-3 (a), TIM-3 (b), and TIGIT (c). Zoomed-in images of the
indicated boxed regions. Scale bars, 100 μm (black) and 20 μm (blue). (d) Heterogeneous cell densities
(cells/mm2) for LAG-3, TIM-3, and TIGIT in 105 ccRCC samples. (e) Three-dimensional plots showing
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positive-stained cell densities for LAG-3, TIM-3, and TIGIT averaged per patient (n = 105). (f) Hierarchical
clustering heatmap (low, blue; high, red) using the positive-stained cell densities of LAG-3, TIM-3, and
TIGIT in e. Data were normalized prior to clustering. (g) Labelling of three-dimensional plots by the
inferred cluster types obtained in f. h-i Kaplan–Meier survival curves for recurrence-free survival (h) and
overall survival (i) following surgery in 105 ccRCC patients based on the inferred cluster types. (j)
Maximum change in target lesion size by the inferred cluster types in 14 ccRCC patients receiving
nivolumab.
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Figure 2

Immunogenomic Differences Underlying the Phenotypic Signatures of the New IRs (LAG-3, TIM-3, and
TIGIT). (a) Alteration landscape of 43 primary ccRCC tumour samples. Upper heat map: gender, tumour
stage, tumour grade, venous invasion, and information on the three IR signatures. (b) Genomic alteration
differences in tumorigenic signalling pathways related to ccRCC development and the three IR (LAG-3,
TIM-3, and TIGIT) signatures. The table shows the percentage of samples with alterations in each of the
selected signalling pathways. c-f Positive cell density and area (CD34 and D2-40) in 105 ccRCC samples
obtained from patients based on the three new IR clusters and the acquired immunity (c), innate
immunity (d), inhibitory tumour metabolism (e), and vascular attributes (f) signatures. The line within the
box represents the median, the upper and lower ends of the box represent the upper and lower quartiles,
and the bars represent the minimum and maximum values. p values were determined with a two-tailed
Mann–Whitney U-test.
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Figure 3

Metastasis-speci�c Differences Underlying the Phenotypic Signatures of the New IRs (LAG-3, TIM-3, and
TIGIT). (a) Hierarchical clustering heatmap (low, blue; high, red) using positive-stained cell densities of
LAG-3, TIM-3, and TIGIT in 47 metastatic ccRCC samples. Data were normalized prior to clustering. (b)
Inferred IR cluster distributions obtained in a by metastatic region. c-f Positive cell density and area (CD34
and D2-40) in 47 metastatic ccRCC samples obtained from patients based on the three new IR clusters
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and the acquired immunity (c), innate immunity (d), inhibitory tumour metabolism (e), and vascular
attributes (f) signatures. The line within the box represents the median, the upper and lower ends of the
box represent the upper and lower quartiles, and the bars represent the minimum and maximum values. p
values were determined with a two-tailed Mann–Whitney U-test.

Figure 4

Histological Subtype-speci�c Differences Underlying the Phenotypic Signatures of the New IRs (LAG-3,
TIM-3, and TIGIT). (a) Hierarchical clustering heatmap (low, blue; high, red) using positive-stained cell
densities of LAG-3, TIM-3, and TIGIT in 41 non-ccRCC samples. Data were normalized prior to clustering.
Samples were obtained from the papillary (n = 12), chromophobe (n = 12), sarcomatoid (n = 8), Xp11.2
translocation (n = 7), and collecting duct (n = 2) subtypes. (b) Inferred IR cluster distributions obtained in
a by histological subtype.
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Figure 5

Validation and Schematic Work�ow to Clinically Discriminate the Phenotypic Signatures of the New IRs
(LAG-3, TIM-3, and TIGIT) by Automated Single-cell Pathology. a-b Hierarchical clustering heatmap (low,
blue; high, red) using inferred IR signatures from RNA-seq data analysis of the TCGA (a) and Sato (b)
cohorts. (c) Flowchart to discriminate the LAG-3, TIM-3, and TIGIT signatures by immunohistochemistry.
(d) Inferred IR level distributions of the training cohort (COHORT 1) obtained in c. (e) Inferred IR level
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distributions of the validation cohort (COHORT 4) obtained in c. f-g Kaplan–Meier survival curves for
recurrence-free survival (f) and overall survival (g) following surgery in 96 ccRCC patients from the
validation cohort (COHORT 4) based on the inferred IR signatures by automated single-cell pathology.
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