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ABSTRACT
Background Immune landscape of cancer has been 
increasingly recognized as a key feature affecting disease 
progression, prognosis and therapeutic response. Here, 
we sought to comprehensively characterize the patterns 
of tumor- infiltrating immune cells (TIIs) in primary oral 
squamous cell carcinoma (OSCC) and develop immune 
features- derived models for prognostication and 
therapeutic prediction.
Methods A total number of 392 patients with OSCC 
receiving ablative surgery at three independent centers 
were retrospectively enrolled and defined as training, 
testing and validation cohorts. Detailed features of 12 
types of TIIs at center of tumor and invasive margin 
were assessed by immunohistochemistry coupled with 
digital quantification. TIIs abundance in OSCC was also 
estimated by bioinformatics approaches using multiple 
publicly available data sets. Prognostic models based 
on selected immune features were trained via machine 
learning approach, validated in independent cohorts and 
evaluated by time- dependent area under the curves and 
concordance index (C- index). Immune types of OSCC 
were further identified by consensus clustering and their 
associations with genetic, molecular features and patient 
survival were clarified.
Results Patterns of TIIs infiltration varied among 
patients and dynamically evolved along with tumor 
progression. Prognostic models based on selected TIIs 
were identified as efficient and sensitive biomarkers to 
stratify patients into subgroups with favorable or inferior 
survival as well as responders or non- responders to 
postoperative radiotherapy or immunotherapy. These 
models outperformed multiple conventional biomarkers 
and immune- related scores in prognostic prediction. 
Furthermore, we identified two main immune subtypes 
of OSCC (immune- hot and immune- cold) which harbored 
characteristic TIIs infiltrations and genomic and molecular 
features, and associated with patient survival.
Conclusions Our results delineated immune landscape 
and subtypes in OSCC, consolidated their clinical 
values as robust biomarkers to predict patient survival 
and therapeutic benefits and reinforced key roles of 
TIIs and tumor- immune interactions underlying oral 

tumorigenesis, ultimately facilitating development of tailed 
immunotherapeutic strategies.

BACKGROUND
Intricate crosstalk between cancer cells and 
host immune system fuels tumor immune 
evasion and ultimately results in tumor over-
growth, metastatic dissemination and ther-
apeutic failure.1 Tumor- infiltrating immune 
cells (TIIs) exert multifaceted functions 
either protumor or antitumor roles during 
diverse stages of tumorigenesis, highlighting 
their functional diversity and plasticity.2 
Therefore, in- depth characterization of 
immune landscape in cancer will facilitate to 
unveil the key roles of immune surveillance 
and evasion driving tumor initiation and 
progression, and also provide essential infor-
mation to inform rational design of therapy, 
predict therapeutic response and patient 
prognosis.3–5

Prognostic impacts of various TIIs have 
been demonstrated in a broad spectrum of 
human cancer.5 6 Densities, locations and 
functional status of TIIs subsets such as CD8+ 
cytolytic T cells have been found to be signifi-
cantly associated with better survival, while M2 
tumor- associated macrophages and myeloid- 
derived suppressor cells (MDSCs) correlated 
with inferior survival.6–10 Moreover, integra-
tive analyses of multiple TIIs subsets usually 
outperformed single type of TIIs in prog-
nostic prediction as exemplified by the well- 
established consensus Immunoscore.11–13

Oral squamous cell carcinoma (OSCC) 
represents one of the leading cancers 
worldwide with substantial mortality and 
morbidity.14 Current prognostic markers for 
OSCC largely rely on TNM staging system 
which is not sufficient and accurate to predict 
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patient survival as the prognosis of patients within the 
same categories vary considerably.15 Although the efficien-
cies of immune checkpoint blockade (ICB) to improve 
outcomes have documented in patients with recurrent or 
metastatic OSCC, reliable biomarkers for patient stratifi-
cation and response prediction are still lacking.16 Until 
now, immune context and its clinical significance have 
just begun to be explored in OSCC.17–19 However, large 
knowledge gaps still remain concerning comprehensive 
spatiotemporal characterization of TIIs, their clinical 
significance as well as the associated molecular determi-
nants in OSCC.

In the present study, we sought to comprehensively 
characterize the immune landscape in OSCC via stan-
dardized immunohistochemical staining (IHC) coupled 
with digital quantification or in silicon deconvolu-
tion analyses of publicly available RNA- seq data sets in 
multiple independent cohorts, respectively. Our results 
revealed the compositions, heterogeneity and patterns of 
TIIs infiltration in OSCC samples, reinforced their values 
in predicting prognosis and therapeutic response.

METHODS
Detailed descriptions of all materials and methods are 
presented in the online supplemental materials available 
online.

RESULTS
Demographic and clinicopathological characteristics of 
patients enrolled
As illustrated in figure 1, we exploited a training- testing- 
validation cohort design to explore the immune land-
scape and its clinical significance in primary OSCC. 
Detailed demographic and clinicopathological features 
of patients from these three independent cohorts were 
described in online supplemental table S1. The distribu-
tions of gender, age, clinicopathological parameters as 
well as durations of follow- up were comparable. Until last 
follow- up, 197 patients (67 in the training cohort, 64 in 
the testing cohort, 66 in the validation cohort; 197/392, 
50.26%) died due to disease recurrence, metastasis or 
unknown reasons.

Locations, densities and prognostic significance of 12 
subtypes of TIIs in OSCC
To comprehensively delineate the immune landscape 
of OSCC, we utilized the conventional IHC for labeling 
various TIIs using representative markers, followed by 
digital quantifications to capture their characteristics 
of locations (center of tumor (CT) and invasive margin 
(IM)) and densities in whole slides (figure 2A). These IHC 
markers for TIIs subsets were selected based on previous 
reports and PD-1 was chosen as a surrogate marker for 
functional status of those infiltrating lymphocytes.3 5 8 9 
Representative IHC staining and quantification pipeline 

Figure 1 Study design of immune landscape in our OSCC cohorts. IHC, immunohistochemical staining; OSCC, oral squamous 
cell carcinoma; OS, overall survival; SVM, support vector machine.
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of TIIs subsets of interest were shown in figure 2B. To 
measure the reproducibility and reliability of our quanti-
fication approach, 30 cases in each cohort were randomly 
selected and independently assessed by two examiners. As 
shown in online supplemental figure S1, highly consistent 
results were achieved between two examiners in terms of 
CD8+ T- cell densities, thus in part supporting the repro-
ducibility of our digital quantification. The densities of 
TIIs subsets (cells/mm2) in samples from the training 
cohort varied considerably among samples and in diverse 

areas (CT, IM) in individual samples (figure 2C). Notice-
ably, all these TIIs examined were more frequently infil-
trated in IM region than CT compartment in OSCC. The 
patterns of TIIs infiltration differed among samples as 
evidenced by reduced amounts of CD3+ T cells, CD8+ T 
cells, CD20+ B cells and increased CD11b+ myeloid cells 
and CD163+ macrophages either in CT or IM compart-
ment in advanced diseases as compared with diseases 
within early stages (online supplemental figure S2). 
This implied that immune landscape was not static but 

Figure 2 Schematic illustration of methods to quantify TIIs at CT and IM in OSCC sample. (A,B) Illustration of TIIs 
quantification method in conventional IHC image in OSCC. The dot yellow line marked the border between tumor and the 
adjacent non- tumor stroma. The area labeled in red box was defined as center of tumor (CT), while the area labeled in blue box 
was defined as invasive margin (IM). Numbers of TIIs in tumor CT and IM were automatically counted by ImageJ software. (C) 
The abundance of 24 TIIs subsets in OSSC in the training cohort (n=130) was shown. IH, immunohistochemical staining; OSCC, 
oral squamous cell carcinoma; TIIs, tumor- infiltrating immune cells.
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spatiotemporally dynamic as diseases progressed, similar 
as previous reports indicated.8

Next, we employed the X- tile plots to generate optimal 
cut- off values of all 24 immune features based on the 
overall survival (OS) data in the training cohort. Our 
results indicated that higher amounts of CD1a IM, CD1a 
CT, CD3 IM, etc., associated with improved OS (p<0.05), 
while lower amounts of CD11b IM and CD11b CT associ-
ated with improved OS (p<0.05). However, we failed to 
identify significant associations between CD4 IM, CD4 
CT, CD66b IM or FOXP3 IM and OS in the training 
cohort. Subsequently, we performed univariate regres-
sion analyses and revealed that high densities of CD1a 
IM, CD1a CT, CD3 IM, etc., were significantly associated 
with better OS and disease- free survival (DFS), while 
lower densities of CD11b IM and CD11b CT associated 
with improved OS and DFS (p<0.05; online supplemental 
table S2). Moreover, we performed consensus clustering 
based on 24 immune features and survival, and separated 
the training cohort into two patient subgroups (clusters 
1 and 2, online supplemental figure S3A). As shown in 
online supplemental figure S3B,C, samples in cluster 2 
were significantly enriched with CD3+, CD8+, CD20+, 
CD45RO+ TIIs subsets but fewer CD11b+ myeloid cells as 
compared with cluster 1. In addition, patients in cluster 
2 had fewer deaths, improved OS (p=0.0297) and DFS 
(p=0.0199) than those in cluster 1. Thus, we defined 
the cluster 1 as immune- cold subtype and cluster 2 as 
immune- hot subtype based on the immune landscape 
and patient survival.

Development and validation of a prognostic immune signature 
using SVM classifier for OSCC
Next, we employed the support vector machine (SVM) 
algorithm to develop a novel OSCC- SVM immune signa-
ture. Leveraging these data from the training cohort, our 
OSCC- SVM signature integrated seven immune features 
from the 20 candidate features with prognostic signifi-
cance as mentioned above including CD8 IM, CD45RO 
IM, CD11b IM, CD11b CT, CD20 CT, FOXP3 CT and 
PD-1 CT as pivotal prognostic factors. Tumors with 
high OSCC- SVM generally exhibited increased CD8 IM, 
CD20CT, CD45RO IM and PD-1 CT and reduced CD11b 
IM and CD11b CT (online supplemental figure S4). The 
Kaplan- Meier curves and univariate analyses revealed that 
these seven immune features significantly associated with 
OS and DFS in all three cohorts (online supplemental 
figure S5- S10, online supplemental tables S3 and S4). As 
shown in figure 3A–F, higher OSCC- SVM significantly 
associated with improved OS and DFS (Kaplan- Meier 
analyses, p<0.0001). To further confirm the prognostic 
values of this OSCC- SVM signature, we applied it to the 
testing and validation cohorts and found similar results. 
Complementarily, results from univariate analyses were in 
line with this notion that high OSCC- SVM was significantly 
associated with improved survival (online supplemental 
tables S3 and S4). Furthermore, multivariate Cox propor-
tional regression analyses after adjustment for other 

clinicopathological variables replicated that OSCC- SVM 
was an independent prognostic factor affecting patient 
survival (p<0.001; online supplemental tables S5- S7).

We sought to compare the predictive abilities of 
OSCC- SVM with other clinicopathological parameters 
including tumor size, cervical nodal metastasis, patho-
logical grade and clinical stage by the area under the 
curves (AUC) for OS and DFS. When predicted OS 
and DFS for patients in three cohorts were estimated by 
5- year receiver operating characteristics (ROC) curves, 
the AUCs for OSCC- SVM were 0.755, 0.741 in training 
cohort, better than other clinicopathological parameters 
(<0.7, figure 3G,H). Similar findings were observed in 
both testing and validation cohorts (figure 3I–L). Similar 
findings were also replicated when we plotted 3- year ROC 
curves in all cohorts (online supplemental figure S11). 
Moreover, to assess the relative importance of OSCC- SVM 
and these relevant clinicopathological parameters to 
survival risk, we performed the χ2 proportion test and 
found that this OSCC- SVM contributed the largest part 
of risk than other parameters (figure 4A–C and online 
supplemental figure S12). To compare the predictive 
performance of our OSCC- SVM with two well- established 
immune- related scores, we calculated the Immunoscore 
and T and B cell (TB) score in all patients. As shown 
in online supplemental figure S13, as expected, higher 
Immunoscore and TB score associated with improved OS 
and DFS (Kaplan- Meier curves, p<0.0001). Noticeably, 
time- independent ROC curves estimated that OSCC- SVM 
was superior to Immunoscore and TB score as evidenced 
by the highest sensitivity and specificity (figure 4D,E). 
Moreover, concordance index (C- index) in prognostic 
prediction also supported the better performance of 
OSCC- SVM (figure 4F). Collectively, these data estab-
lished that OSCC- SVM represented as a novel effective 
immune- based biomarker for OSCC prognosis.

In silicon estimates of TIIs in OSCC from TCGA data sets
Given the increasingly accessible RNA- seq data and the 
burgeoning concept of personalized oncology in the 
clinic, bioinformatics assessments of bulk RNA- seq have 
allowed for an unprecedented view about the composi-
tions, locations and functions of diverse TIIs within cancer 
tumor microenvironment (TME).4 13 We first assessed the 
spectrum of immune cell infiltrations in OSCC via single 
sample Gene Set Enrichment Analysis (ssGSEA) approach 
which deconvolved the relative abundance of each cell 
type based on the expression of marker gene sets. In 
total, 328 OSCC samples from The Cancer Genome Atlas 
(TCGA)- OSCC data set with transcriptional profiling data 
and clinical characteristics available were included. As 
shown in figure 5A, significant heterogeneity in terms of 
TIIs infiltrations in OSCC were found. The optimal cut- off 
values for each TIIs subsets assessed by X- tile were utilized 
to stratify patients into the high- infiltration subgroup and 
low- infiltration subgroup. Then, we exploited Least abso-
lute shrinkage and selection operator (LASSO) regression 
model to extract 14 features from these abovementioned 
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24 TIIs and construct a prognostic prediction model by 
calculating risk score (figure 5B). Subsequently, patients 
were dichotomized into low- risk or high- risk subgroups 
based on median of risk scores. Kaplan- Meier analyses 
revealed that this prognostic model could robustly stratify 
patients with distinct prognosis as evidenced by patients 
in the high- risk group had significantly reduced OS than 
those in the low- risk group (p<0.0001, figure 5C). To 
assess the predictive abilities of this prognostic model, the 
ROC analyses at different follow- up times were applied 
and revealed that our model had satisfactory sensitivity 
and specificity for OS (AUC at 3 years: 0.731; AUC at 5 
years: 0.711, figure 5D). Similar findings were replicated 

in pooled data from two independent OSCC cohorts 
(GSE41613 and GSE42743, figure 5E,F).

To avoid the bias of single deconvolution algorithm 
and further strengthen our findings, we utilized CIBER-
SORT algorithm to calculate 22 types of TIIs in both 
tumor and normal samples using the TCGA- OSCC data 
set.20 As shown in online supplemental figure S14A,B, the 
fractions of TIIs varied significantly among individuals. 
As compared with their presence in normal counterparts, 
the proportions of memory B cells, resting natural killer 
(NK) cells, M0 macrophages, M1 macrophages, activated 
dendritic cells and eosinophils in OSCC were much 
higher, while the others were lower (p<0.05, (online 

Figure 3 Prognostic significance and predictive ability of SVM classifier for OSCC. (A–F) Kaplan- Meier analyses of overall 
survival (OS, upper panel) and disease- free survival (DFS, lower panel) based on high or low OSCC- SVM classifier in patients 
from the training cohort (A,B); n=130), testing cohort (C,D); n=131) and validation cohort (E,F); n=131). (G–L) The sensitivity and 
specificity of OSCC- SVM and other clinicopathological parameters in prognostic prediction (OS, the upper panel; DFS, the 
lower panel) were estimated by 5- year ROC curves in training (G,H), testing (I,J) and validation cohorts (K,L). AUC, area under 
the curves; OSCC, oral squamous cell carcinoma; ROC, receiver operating characteristics; SVM, support vector machine.
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supplemental figure S14C). When patterns of TIIs infil-
tration were compared among samples with diverse clin-
ical stages, we found that reduced CD8+ T cells, activated 
NK cells and increased M2 macrophages were frequently 
observed in samples with advanced stages relative to those 
in early stages, although densities of some TIIs subsets 
remained unchanged or inconsistently varied among 
each stage (online supplemental figure S14D).

Next, we employed LASSO regression analyses and 
selected 13 features from 22 TIIs to build another inde-
pendent prognostic model (online supplemental figure 
S15A,B). Similar with our ssGSEA- derived model, patients 
in the high- risk subgroup had significantly shorter OS 
than those in the low- risk subgroup (p<0.0001, online 
supplemental figure S15C). Performance of this model 
in prognostic prediction was satisfactory (AUC at 3 years: 
0.698; AUC at 5 years: 0.707, online supplemental figure 
S15D). These findings were further validated in pooled 
samples from GSE41613 and GSE42743 data sets (online 
supplemental figure S15E,F).

Clinical values of TIIs-based risk score in predicting response 
to therapy
To further extend the clinical significance of our TIIs- 
based risk score beyond prognostic prediction, we utilized 
OSCC data set from TCGA and revealed that patients 
from high- risk subgroup had survival benefits from post-
surgical radiotherapy as evidenced by patients without 
radiotherapy had significantly reduced OS than those with 
radiotherapy (p=0.0035, figure 5G), although no survival 
benefits from radiotherapy were obtained in patients 
from low- risk subgroup (figure 5H). Given that currently 
no data sets about OSCC receiving immunotherapy were 

publicly available, as a complement, we selected the 
data sets from melanoma and urothelial cancer cohorts 
(IMvigor210, GSE91061 and GSE78220) to explore the 
values of our TIIs- base risk score to predict benefits from 
ICB immunotherapy. We calculated the TIIs- derived risk 
scores for each patient from these cohorts via ssGSEA 
and found that these scores robustly separated patients 
into subgroups with high or low OS (p=0.016; 0.0079; 
0.036, figure 5I, K and M). As expected, these scores were 
significantly increased in patients with response to immu-
notherapy as compared with those with no response to 
immunotherapy (figure 5J, L and N). Importantly, the 
performance of our TIIs- based risk score was superior to 
selected predictive biomarkers for cancer immunotherapy 
like PD- L1, PD-1 expression and cytolytic activity (online 
supplemental figure S16), indicative of the robustness 
and translational potentials of our model.

Consensus clustering for patients based on immune 
landscape in OSCC
Based on 24 TIIs estimated by ssGSEA algorithm in 
OSCC samples from TCGA data set, the k=2 was identi-
fied with optimal clustering stability by consensus clus-
tering (figure 6A,B). A total of 328 patients with OSCC 
were clustered into two subgroups, namely, cluster 1 
(n=151) and cluster 2 (n=177). As shown in figure 6B,C, 
most of these TIIs such as B cells, CD8 T cells, cytotoxic 
cells, TReg, NK were significantly enriched in the cluster 
1 over cluster 2. Importantly, patients in cluster 1 had 
improved OS relative to those in cluster 2 (Kaplan- Meier 
curves, p=0.019, figure 6D). Thus, we refined the cluster 
1 as immune- hot subtype and cluster 2 as immune- cold 
subtype. Importantly, immune clustering of OSCC into 

Figure 4 Contributions of OSCC- SVM to risk of patient survival and its performance in prognostic prediction. (A–C) Relative 
importance of each parameter to OS risk using the χ2 proportion test for OSCC- SVM and other clinical parameters in training 
(A), testing (B) and validation cohorts (C). (D,E) The sensitivity and specificity of OSCC- SVM, Immunoscore and TB score in 
prognostic prediction were estimated by time- dependent ROC curves. (F) The concordance index (C- index) of OSCC- SVM, 
Immunoscore and TB score in prognostic prediction was shown. AUC, area under the curves; DFS, disease- free survival; OS, 
overall survival; OSCC, oral squamous cell carcinoma; ROC, receiver operating characteristics; SVM, support vector machine; 
TB, T and B cell.
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immune- hot and immune- cold subtypes were repro-
ducibly observed using data sets from GSE41613 and 
GSE42743 (online supplemental figure S17). In addi-
tion, such immune subtypes were also fitted in another 
independent head neck squamous cell carcinoma 

(HNSCC) data set (GSE65858). Although the statistical 
analyses failed to achieve significance (p=0.15, 0.12 for 
OS, progression- free survival), this strategy tended to 
stratify patients into subgroups with high or low survival 
(online supplemental figure S18). Together, these 

Figure 5 Prognostic models constructed based on TIIs estimated by ssGSEA. (A) The heatmap of 328 OSCC patients from 
TCGA- OSCC data set using ssGSEA scores from 24 immune cell types was shown. Tcm cells, central memory T cells; Tem 
cells, effector memory T cells; Tgd cells, gamma delta T cells; Th1 cells, T helper 1 cells; Th2 cells, T helper 2 cells; DC cells, 
dendritic cells; pDC, plasmacytoid dendritic cells; iDC, interstitial dendritic cells; aDC cells, activated dendritic cells; NK 
cells, natural killer cells; TFH cells, T follicular helper cells; TReg cells, regulatory T cells. (B) The coefficient profile plot of 24 
immune cells was produced against the log lambda sequence. Tuning parameters (lambda) in the LASSO model were selected 
via tenfold cross- validation and minimum criteria. Dotted vertical lines were drawn at the optimal values using the minimum 
criteria and the 1 SE of the minimum criteria (the 1- SE criteria). (C) The Kaplan- Meier analyses revealed significant associations 
between 14- immune- features and OS in patients from the training cohort (TCGA- OSCC). (D) The time- dependent ROC curve 
analyses with 3, 5 years as the defining point were performed to evaluate the predictive values of the 14- immune- features 
based risk score in the training cohort (TCGA- OSCC). (E) The Kaplan- Meier analyses revealed significant associations between 
14- immune- features based risk score and OS in patients from the validation cohort (GSE41613 and GSE42743). (F) The time- 
dependent ROC curve analyses with 3, 5 years as the defining point were performed to evaluate the predictive values of the 
14- immune- features based risk score in the validation cohort (GSE41613 and GSE42743). (G,H) The Kaplan- Meier curves of OS 
for patients with high- risk score (G) and low- risk score (H) in predicting the benefits of postoperative radiotherapy in the TCGA- 
OSCC cohort. (I–N) The immunotherapeutic benefit of the 14 immune cell signature in IMvigor210 (I,J), GSE91061 (K,L) and 
GSE78220 (M,N) cohorts. AUC, area under the curves; CR, complete response; LASSO, least absolute shrinkage and selection 
operator; OS, overall survival; OSCC, oral squamous cell carcinoma; PD, progressive disease; PR, partial response; ROC, 
receiver operating characteristics; RT, radiotherapy; SD, stable disease; ssGSEA, single sample Gene Set Enrichment Analysis; 
TIIs, tumor- infiltrating immune cells; TCGA, The Cancer Genome Atlas.
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results supported the robustness and reproducibility of 
this immune subtyping in OSCC.

To explore potential correlations between our immune 
clusters and molecular subtypes in OSCC, we adopted 
previously reported four molecular types of HNSCC21 
and found 17.1% of atypical, 31.8% of basal, 1.1% of 
classical and 50% of mesenchymal subtype in cluster 

1 (immune- hot) in contrast to 12.8% of atypical, 50% 
of basal, 20.2% of classical and 17% of mesenchymal 
subtype in cluster 2 (immune- cold, figure 6E). In addi-
tion, we adopted the six immune subtypes of pan- SCC22 
or pan- cancer4 and found no obvious enrichments and 
remarkable difference of distribution between two clus-
ters (online supplemental figure S19). To gain more 

Figure 6 Immune subtypes in OSCC and their associations with molecular features and patient survival. (A) Consensus 
clustering matrix for k=2. (B) The heatmap showed detailed distributions of 24 types of immune cells in patients from TCGA- 
OSCC cohort and separated samples into two clusters (immune- hot, immune- cold). Tcm cells, central memory T cells; Tem 
cells, effector memory T cells; Tgd cells, gamma delta T cells; Th1 cells, T helper 1 cells; Th2 cells, T helper 2 cells; DC cells, 
dendritic cells; pDC, plasmacytoid dendritic cells; iDC, interstitial dendritic cells; aDC cells, activated dendritic cells; NK cells, 
natural killer cells; TFH cells, T follicular helper cells; TReg cells, regulatory T cells. (C) The abundance of T cells, CD8 T cells, 
cytotoxic cells, TReg, B cells, aDC, NK CD56dim cells, TFH in two clusters was compared. (D) The Kaplan- Meier analyses 
revealed significant associations between immune subtypes and OS in patients from TCGA- OSCC cohort. (E) Alluvial diagram 
revealed associations between two immune subtypes and four molecular subtypes in TCGA- OSCC patients. OS, overall 
survival; OSCC, oral squamous cell carcinoma; TCGA, The Cancer Genome Atlas.

https://dx.doi.org/10.1136/jitc-2021-002434
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molecular insights underlying immune clustering, we 
performed Gene ontology (GO) and Kyoto Encyclopedia 
of Genes and Genomes pathway enrichment analyses 
of the differentially expressed genes (DEGs) between 
samples in both clusters. As expected, these DEGs were 
significantly enriched in functional categories involved in 
T- cell receptor signaling pathway and chemical carcino-
genesis (online supplemental figure S20A,C), as well 
as T- cell activation and response to xenobiotic stimulus 
(online supplemental figure S20B,D). Moreover, the 
results from GSEA further revealed that IL6- JAK- STAT3 
signaling pathway and adaptive immune response were 
significantly enriched (online supplemental figure S21). 
In addition, protein- protein interaction network for these 
DEGs by weighted correlation network analysis revealed 
that several modules enriched in PD- L1/PD-1 checkpoint 
pathway in cancer and T- cell receptor signaling pathway, 
etc (online supplemental figure S22).

Next, we compared genomic variations, mutation 
burden, multiple immune- related signatures/biomarkers 
and expression of selected immune modulatory genes 
which had been established with clinical significance 
across human cancers. As displayed in online supple-
mental figure S23, the spectrum of gene mutations 
identified in both clusters was generally similar, but 
the incidence of P53 mutations in immune- cold cluster 
prevailed over immune- hot cluster. Of note, copy number 
variations of several immune- related genes such as CD274, 
CD72 and PDCD1LG2 in immune- cold cluster shown 
amplifications and overexpression as compared with 
immune- hot cluster (online supplemental figure S24). 
We also calculated multiple immune- related signatures/
biomarkers including tumor mutation burden (TMB), 
cytolytic score, T- cell receptor diversity, T- cell inflamed 
gene expression profile signature, tumor inflammation 
signature, chemokine gene expression signature, IFN-γ 
signature as well as tertiary lymphoid structures signa-
ture23–25 and revealed that the majority of these markers 
or signatures were significantly enriched in cluster 1 
over cluster 2, except the TMB (p<0.0001, online supple-
mental figure S25). Additionally, transcriptional profiling 
of immune- modulatory molecules revealed that most 
genes were overrepresented in cluster 1 (online supple-
mental figure S26).

DISCUSSION
Cancer immunotherapy has shown unprecedented success 
but yielded substantial benefits only in a small propor-
tion of patients and selected cancer types, highlighting 
the need to characterize immune landscape of individual 
cancer, identify potential responders and design rational 
therapeutic strategies.1 5 26 Herein, we comprehensively 
delineated immune landscape and subtypes of OSCC 
and developed robust TIIs- derived prognostic models by 
machine learning approaches to predict patient survival 
and response of therapy.

Immune landscape in OSCC and prognostic significance of 
individual TIIs subtypes
Mounting evidence has established that the densities, loca-
tions and functional status of TIIs have remarkable impacts 
on patient survival and therapeutic response.3 6 7 27 In line 
with these findings, our data from both IHC staining/
quantification and bioinformatics estimate revealed 
diverse patterns of TIIs infiltration and varied amounts 
of individual TIIs fractions among OSCC samples, likely 
reflecting the heterogeneities of both cancers and hosts. 
Moreover, spatial enrichment of TIIs subsets at the IM 
compartments indicated their recruitments from local 
environment or systemic circulation in hosts, and also 
suggested compartment- specific functions of specific TIIs 
subset.3 12 28 Noticeably, the numbers of TIIs subsets with 
putative antitumor immunity such as CD8+ T cells tended 
to diminish, whereas those with protumorigenic func-
tions such as MDSCs displayed enrichments in diseases 
with advanced stages when compared with early- staged 
diseases. These results reinforced the critical involve-
ments of TIIs during OSCC progression and strongly 
supported further longitudinal and functional dissections 
of individual TIIs subsets underlying oral tumorigenesis.

With regard to prognostic significance of individual 
TIIs, intratumoral infiltrations of TIIs labeled by CD8 
or CD45RO were significantly associated with favor-
able prognosis, whereas those subsets stained by CD11b 
correlated with inferior prognosis among cancers.7 9 27 29 
Consistent with these, our data from IHC/computational 
enumeration revealed similar trends for individual TIIs 
subsets in OSCC. However, the prognostic impacts of 
neutrophils and regulatory T cells seemed contradictory 
to some previous thoughts regarding their expected roles 
in cancer immunity.30 31 We reasoned that these discrep-
ancies might be due to diverse genetic backgrounds, 
etiologies and cellular origins of cancer, diverse subtypes 
or phenotypes among these TIIs subsets as well as varied 
quantification approaches.3 6 32 Indeed, these phenomena 
regarding heterogeneous prognostic impacts from these 
TIIs fractions were frequently observed in multiple cancers 
including gastric, colorectal and oral cancers.10 32–34

Integrative TIIs-derived prognostic models constructed by 
machine learning for OSCC
Prognostic models integrating multiple parameters 
usually outperform those from single parameter.5 12 
Multiple prognostic scores or signatures based on TIIs 
and immune- associated gene signatures have been estab-
lished for patient prognostication and prediction of ther-
apeutic response.11 13 23 34 35 Consistent with this notion, 
we applied SVM and LASSO approaches to extract essen-
tial immune features using IHC data from our patient 
cohorts or bulk transcriptomic data from publicly avail-
able cohorts, and constructed robust prognostic models. 
These integrative prognostic models efficiently stratified 
patients into subgroups with favorable or dismal survival 
with satisfactory sensibility and specificity. Importantly, 
these models were superior to some clinicopathological 

https://dx.doi.org/10.1136/jitc-2021-002434
https://dx.doi.org/10.1136/jitc-2021-002434
https://dx.doi.org/10.1136/jitc-2021-002434
https://dx.doi.org/10.1136/jitc-2021-002434
https://dx.doi.org/10.1136/jitc-2021-002434
https://dx.doi.org/10.1136/jitc-2021-002434
https://dx.doi.org/10.1136/jitc-2021-002434
https://dx.doi.org/10.1136/jitc-2021-002434
https://dx.doi.org/10.1136/jitc-2021-002434
https://dx.doi.org/10.1136/jitc-2021-002434
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parameters such as TNM staging as well as two novel 
immune- related scores (Immunoscore and TB score).

Moreover, besides remarkable prognostic significance, 
we found that these risk scores from our prognostic 
models can identify patients who had survival benefits 
from postoperative radiotherapy in patient subgroup 
with high risk scores. Moreover, our results revealed 
that patients with high risk scores had significant lower 
survival as compared with those with low risk scores in 
three independent patient cohorts including urothelial 
cancer and melanoma receiving ICB immunotherapies. 
Although our risk scores derived from TIIs worked well 
in predicting response of ICB in a few types of cancer, 
much work is needed to determine their utilities and 
performances in predicting ICB response in patients 
with OSCC. Collectively, our models derived from TIIs 
as novel and robust biomarkers hold translational poten-
tials, which deserve further prospective validations.

Immune subtypes and their prognostic significance and 
associated genetic and molecular features in OSCC
From the perspective of immune landscape, two main 
clusters/subtypes harboring diverse characteristics of TIIs 
infiltrations were identified from our cohorts. Although 
subtle differences existed in detailed distributions of 
TIIs among two subtypes identified from two different 
analytic pipelines (experimental or bioinformatics), 
significant enrichments of antitumor TIIs subsets (CD8+ 
T cell, CD20+ B cells, etc.) were commonly found in 
immune- hot subtype as compared with immune- cold 
subtype. As expected, these patient stratifications were 
well consistent with differential survival. Further explo-
rations of genetic and molecular features found that 
the frequency of TP53 mutation, the most common 
gene mutated in HNSCC, was found higher in immune- 
cold cluster with inhibitory cancer immunity, which was 
supported by the findings regarding the loss of anti-
tumor immunity following p53 mutation.36 37 Transcrip-
tional profiles of key genes involved in cancer immunity 
further revealed overrepresentations of molecules asso-
ciated with cytolytic activity, antigen- presentation and 
immune stimulation in immune- hot cluster, indicative 
of strong immunity to avoid tumor escape. However, we 
found that the abundance of some immune checkpoint 
molecules like PD- L1, PD-1 and LAG3 appeared to be 
upregulated in immune- hot samples with better prog-
nosis, which seemed contrast to their expected suppres-
sive roles in cancer immunity and tumorigenesis. Similar 
with our results, several lines of evidence have shown that 
expression of these immune checkpoints usually posi-
tively correlated with densities with CD4+, CD8+ TIIs or 
total tumor- infiltrating lymphocytes as well as favorable 
prognosis across multiple tumors including HNSCC.38–42 
Indeed, the prognostic impacts of these immune check-
points in HNSCC and OSCC remained inconsistent 
and sometimes contradictory.43 44 We reasoned that this 
discrepancy might associate with several factors including 
methodological difference, diverse etiology and genetic 

background of tumor as well as treatments. Moreover, 
these immune checkpoints, although originally defined 
as markers for immune suppression and exhaustion, 
might be also viewed as surrogate markers and witness 
of T- cell receptor activation and endogenous antitumor 
immune response, reflecting enrichment of activated 
tumor- associated antigen- specific T cells.38 39 45 46 This 
idea was supported by the facts that their abundance posi-
tively correlated with TIIs densities, favorable prognosis 
and markers of T- cell activation in multiple cancers.38 45 46 
Finally, the abundance of these molecules was calculated 
from bulk- sample transcriptomic data rather than single 
TIIs fractions, which complicated accurate explaining 
of their significance. Together, these findings further 
substantiate high complexity and heterogeneity involved 
in tumor- stroma crosstalk and intricate interactions 
between immune- regulatory molecules and individual 
TII subsets in TME.

With regard to molecular subtypes corresponding 
to these two immune subtypes, significant proportions 
of patients in both clusters were classified with mesen-
chymal and basal, respectively. This was well consistent 
with previous findings that most OSCCs were categorized 
as basal and mesenchymal subtypes and the basal subtype 
was characterized by epidermal growth factor receptor 
(EGFR) activation, more aggressiveness and poorer 
outcome while the mesenchymal subtype was shown 
enrichment in immune markers, activated immune 
phenotype and likely to respond to immunotherapy.47 
However, when we linked two immune subtypes of OSCC 
to two previous reported immune subtypes for cancer, no 
significant enrichments were detected, thus suggesting 
a cancer- type- specific pattern of immune infiltration for 
OSCC.4 22

Limitations of study
The main advantages of our study lie in complemen-
tary and integrative analytical pipelines to characterize 
TIIs infiltrations in OSCC from multiple independent 
cohorts. These two independent approaches achieved 
similar results, thus highlighting the reliability and 
robustness of our findings. Given the advantages and 
weakness of these two approaches, their applications 
might depend on research purpose and experimental 
design.8 10 12 However, our study has certain limitations 
including its retrospective nature and potential biases 
for patient enrollment. Accurate dissections of specific 
TIIs subsets especially their functional diversities and 
detailed characterization of spatiotemporal dynamics 
of immune landscape during OSCC progression and 
therapy will offer key insights into OSCC develop-
ment.8 48 In addition, genomic and molecular networks 
dictating TIIs functions during OSCC initiation and 
progression still deserve further explorations.19 49 More-
over, various etiological factors including tobacco abuse 
and human papillomavirus (HPV) status might be better 
included to explore their contributions to dysregulated 
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tumor immunity in OSCC. Although the prevalence of 
HPV infection in OSCC is quite low, its contributions 
to altered immune infiltration and dysfunctional immu-
nity should not be overlooked.50

CONCLUSIONS
In summary, we characterized immune landscape in 
OSCC by conventional pathological approaches and 
bioinformatics analytic pipelines, developed robust 
prognostic models derived from TIIs by machine 
learning to stratify patients into subgroups with different 
survival as well as benefits from post- radiotherapy and 
immunotherapy. We proposed two immune clusters 
harboring characteristic patterns of TIIs infiltration, 
genomic and molecular features, and significant prog-
nostic impacts in OSCC. These findings offered insights 
and clues in novel OSCC classification regimes and 
facilitated identifications of biomarkers and targets for 
immunotherapeutic strategies, which warrants further 
perspective investigations in larger cohorts receiving 
immunotherapies.
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