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ARTICLE INFO ABSTRACT

Keywords: Immune checkpoint inhibitors (ICB) therapy have emerged as effective treatments for melanomas. However, the

Imm‘{notheraI{Y response of melanoma patients to ICB has been highly heterogenous. Here, by analyzing integrated scRNA-seq

xalc}“"e learning datasets from melanoma patients, we revealed significant differences in the TiME composition between ICB-
elanoma

resistant and responsive tissues, with resistant or responsive tissues characterized by an abundance of myeloid
cells and CD8+ T cells or CD4+ T cell predominance, respectively. Among CD4+ T cells, CD4+ CXCL13+ Tth-
like cells were associated with an immunosuppressive phenotype linked to immune escape-related genes and
negative regulation of T cell activation. We also develop an immunotherapy response prediction model based on
the composition of the immune compartment. Our predictive model was validated using CIBERSORTx on bulk
RNA-seq datasets from melanoma patients pre- and post-ICB treatment and showed a better performance than
other existing models. Our study presents an effective immunotherapy response prediction model with potential
for further translation, as well as underscores the critical role of the TiME in influencing the response of mel-
anomas to immunotherapy.

Single-cell sequencing
Tumor micro-environment

Introduction

Melanoma, a malignant skin cancer originating from melanocytes,
has been of immense clinical interest due to its aggressive nature and
limited therapeutic options [1]. Recently, immunotherapies, particu-
larly immune checkpoint inhibitors (ICB), including anti-PD-1/PD-L1 or
anti-CTLA-4 therapies [2], have emerged as promising strategies for
managing melanoma [3,4]. However, while immunotherapy has
showed remarkable efficacy in some patients, the wide variability in
anti-tumor responses to this mode of therapy as well as the observation
of acquired resistance in nearly half of ICB-treated patients [5] have
elicited great interest in developing patient-stratification tools for
identifying those who would benefit most from ICB treatment [6-9].
Numerous biomarkers, such as PD-L1 expression [10], tumor mutation
burden (TMB) [11], and microsatellite instability [12] have been clini-
cally for assessing responses to PD-1/PD-L1 inhibitors. However, the

accuracy of these biomarkers remains limited, as they exhibit significant
variations in predictive efficacy across different patient populations
[13]. Previous studies suggested that peripheral-derived T cells, such as
specific subpopulations of memory CD4-+ or CD8+ T cells, may correlate
with ICB treatment response [14-17]. However, few of these studies
have demonstrate their efficacy on a validation cohort. Consequently,
to-date, current biomarkers for stratifying ICB-responders from
non-responders for melanoma patients need to be further improved for
better predictive efficacy.

To optimize the implementation of immunotherapeutic treatment for
melanoma patients, we must develop a clinically viable and highly ac-
curate predictive model of response. Immune components in the tumor
immune microenvironment (TiME), which have been shown to mediate
response to therapeutic interventions [18], have recently emerged as
potential factors for predicting patient responses to immunotherapy [19,
20]. Indeed, interactions between the host’s immune cells (e.g. T cells, B

Abbreviations: ICB, immune checkpoint blockade; ROC, receiver operating characteristic; TIME, the tumor immune microenvironment; Tfh, T follicular helper.
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cells, and myeloid cells) and tumor cells as well as the abundance of
specific immune consitutents (e.g. immune cell types, cytokines) within
the TiMe have been shown to determine responses to treatment [21,22].
Tumor-Reactive CD8+ T cells [23], IRX3-high T cell [24], LAG3-high NK
cell [25] have been associated with melanoma immunotherapy
responsiveness, but few study has incorporated all the immune cells in
the TiME for the prediction of responsiveness. Further, recent advances
in single-cell transcriptome sequencing (scRNA-seq) have enabled re-
searchers to gain unprecedented insights into the heterogeneity and
dynamics of the TiME of solid tumors [26].

Here, we develop a predictive model for identifying melanoma pa-
tients who may be responsive to ICB intervention by leveraging public
single-cell RNA sequencing (scRNA-seq) datasets of the melanoma TiME
from patients with varying responses to ICB. Upon annotating the im-
mune cell subtypes in the three scRNA-seq databases, we identified
distinct differences, including within the T cell compartment, between
ICB-responsive and non-responsive melanomas and highlighted the
CD4-CXCL13-Tfh cells as an important player in the TiME, which has not
been reported in melanoma before. Initially, based on these findings, we
leveraged the association between T cell subset and type of response to
define a T score to predict response to immunotherapy, but found the
predictive power of this model to be limited. To address this challenge,
we incorporated qualitative and functional data on all immune con-
stituents within the melanoma TiME into a random forest model, which
demonstrated robust predictive capacity when tested on three inde-
pendent transcriptomic datasets from melanoma patients prior to being
treated with ICB. We also compare the performance of our model with
existing models, and the result shows our model has an accuracy higher
or equal to existing models, highlighting the efficacy of our model.
Overall, by incorporating data capturing the dynamics among all im-
mune components within the melanoma TiME, we were able to develop
an accurate and precise predictive model to enable the implementation
of personalized immunotherapeutic treatments for melanoma patients.

Methods
Obtaining scRNA-seq from melanoma ICI cohorts

To capture the complexity of the melanoma TiME from patients who
had received immunotherapy, we obtained the following single-cell
transcriptome sequencing datasets from melanoma patients who
exhibited differing responses to immunotherapy: (GSE72056 [27],
GSE115978 [28], GSE120575 [29]). Patient responses were categorized
based on RECIST criteria v1.1 [30], in which complete response (CR)
and partial response (PR) were classified as responsive (n = 15), while
progressive disease (PD) and stable disease (SD) were classified as
resistant (n = 49). The response rates of patients receiving PD-1 or
CTLA-4+4-PD-1 are similar (Supplementary Fig. 1C).

Single-cell transcriptomics analysis

Analysis of single-cell transcriptome data was performed using the
Seurat package [31] in R and the Scanpy package [32] in Python. Cells
with mitochrondia gene fraction > 10% were filtered out. Unwanted
variations and low-quality cells were further filtered by removing cells
with high and low (>6000 and <200) expressed features. For single-cell
transcriptome data from the three datasets, we first integrated the data
using Seurat’s "anchors" method [31] and selected cells expressing
PTPRC (CD45) for subsequent analysis. After normalizing gene expres-
sion, we conducted principal component analysis (PCA) for feature
extraction and data denoising. We then utilized the Harmony algorithm
[33] to remove batch effects, and applied uniform manifold approxi-
mation and projection (UMAP) to visualize cells in a two-dimensional
space. For dimension-reduced data, we performed Louvain clustering
[34] of all immune cells (resolution=0.5) and labeled coarse cell types
(e.g. CD8+ T cells, CD4+ T cells, myeloid cells, etc.). Finally, to provide
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a highly detailed functional characterization of the TiME, we carried out
secondary clustering of T cells, myeloid cells, and B cells (resolution=1)
and labeled each subpopulation based on marker genes.

For differential analyzes, genes with a log-fold change (logFC) > 0.25
and a false discovery rate (FDR) < 1e—05 were considered differentially
up-regulated, and genes with a logFC_< 0.25 and FDR_< 1le—05 were
considered differentially downregulated.

Obtaining bulk RNA-seq data from melanoma ICI cohorts

To validate the efficacy of our model, we obtained bulk RNA-seq data
from three datasets that included pre- and post-ICB treatment data from
28 [35], 83 [36], and 51 [37] melanoma patients. Patient responses to
immunotherapy were determined using RECIST v 1.1 [30] or
immune-related RECIST (irRECIST) [38] criteria, in which CR and PR
indicated responsiveness, and PD and SD signified resistance.

Pseudotime analysis

Single-cell pseudotime trajectories were performed using partition-
based graph abstraction (PAGA) [39]. Briefly, PAGA infers low dimen-
sional representations of cell clusters by estimating connectivity of high
dimensional manifold partitions. To order cells along a trajectory,
diffusion-pseudotime (DPT) analysis was implemented and diffusion
maps were generated using Scanpy with default parameters. We utilized
the Tredeseq package [40] in R to fit and cluster differentially expressed
genes along different paths (e.g., CXCR5, FOXP3).

Pathway analysis

To assess pathway activity in different subpopulations, we employed
gene ontology (GO) analysis using gene sets from the MsigDB [41].
Pathway activity scores were assigned to each cell using Python’s
decoupler (version=1.5.0) [42] with multivariate linear model. We used
unpaired two-sided Student’s t-tests to analyze differences in pathway
activity, with an adjusted p-value < 1le—05 (Benjamini-Hochberg
method) indicating significantly differentially activated pathways.

Cell-cell interactions

To identify potential interactions between T cell and myeloid cell
clusters, we used the CellCall database [43], which contains a curated
repository of interactions between ligand receptors and transcription
factors as well as a statistical framework for inferring lineage-specific
interactions [44].

Deconvolution algorithm

We utilized the CIBERSORTx algorithm [45] for the deconvolution of
bulk RNA-seq data. First, we uploaded the 36 defined immune cell
subtypes from our single-cell transcriptome dataset to the CIBERSORTx
database and used the "Create Signature Matrix" module to construct
signature genes for each cell subtype. Subsequently, we used the "Impute
Cell Fractions" module separately on each of the three bulk RNA tran-
scriptome datasets to calculate the relative proportions of the 36 im-
mune cell subtypes.

T score construction

We constructed T scores using the logistic regression function
(LogisticRegression) from the Scikit-learn package [46] in Python. The
model input variables consisted of the proportions of all T cell subtypes,
while the output variable was patient responsiveness to immuno-
therapy. We allocated 70% of the single-cell transcriptome data as
training data (N = 69) and the remaining 30% as validation data (N =
30). To ensure capturing the most important features, we set the L1
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penalty to 0.5. For the deconvolved bulk RNA dataset, we compared T
scores between responsive and resistant patients.

Prediction model based on all cell subtypes

To further enhance predictive performance, we used the proportions
of all immune cell subtypes in the model to predict patient responsive-
ness. We allocated 70% of the single-cell transcriptome data (n = 44) as
training data and the remaining 30% (n = 20) as validation data, with
the same random seed as for T score construction. We employed logistic
regression [47], support vector machines [48], and naive Bayes [49],
gradient boost machine [50] and random forest [51] approaches from
the Scikit-learn package to construct predictive models based on the
training data and evaluated model performance using the validation
data. The random forest model with the best predictive performance was
selected as the final predictive model. We utilized the deconvolved bulk
RNA sequencing data as an external validation dataset and computed
the ROC-AUC for this model on various independent external datasets.
To address class imbalance, we employed data augmentation [52]
techniques during training to balance the number of resistant and
responsive patients.

Results
Single cell immune landscape of immune ICB-Treated melanoma patients

To dissect the TIME of melanoma samples from patients with varying
responses (responsive, resistant, unknown) to immune checkpoint
therapy, we integrated and analyzed three single-cell transcriptome
sequencing datasets of melanoma, including samples pre- and post-
immunotherapy (Fig. 1A). After implementing quality control measures,
21,586 immune cells (marked by PTPRC expression) from 97 samples
were identified for subsequent data analysis and, upon further quality
control filtering, data integration, and clustering, 19 cell clusters were
detected to be further classified into 6 major cell lineages. These cell
lineages included myeloid cells (10.49% of total cells; marked by AIF1
and LYZ expression), CD4+ T cells (28.40% of total cells; marked by
CD3D, CD3E, and CD4 expression), CD8+ T cells (39.49% of total cells;
marked by CD3D, CD3E, and CD8A expression), natural killer (NK) cells
(7.17% of total cells; marked by KLRK1 and NCR1 expression), B cells
(12.51% of total cells; marked by CD79A expression), and plasma cells
(1.94% of total cells; marked by CD79A and CD38 expression) (Fig. 1B
and E). Subgroup analysis and clustering further divided the 6 major cell
lineages into 38 distinct functional subclusters, including CD4+
CXCL13+ T Cells and CD8+ PDCD1+ T cells (Fig. 1E). These findings
were validated using bulk transcriptome data, for which we constructed
a signature based on the cell clustering classification using CIBERSORTx
[53] for predicting its cellular proportions.

We next determined the proportions of the 6 cell lineages identified
from our scRNA-seq data in melanoma patients with differential
response profiles to immune checkpoint inhibitor treatment, and found
that composition of the immune compartment differed between resistant
and responsive melanoma tissues (Fig. 1C and D). Specifically, resistant
tissues harbored an increased proportion of myeloid cells and CD8+ T
cells, whereas the responsive tissues harbored an increase in CD4+ T
cells (Fig. 1C and D). These findings were was further supported by
kernel density estimation, affirming that resistant melanoma tissues
harbored constituents that enabled CD8+ T cell immunity, while
responsive tissues harbored elements that enabled CD4+ T cell immu-
nity (Fig. 1F and G).

Interestingly, the most substantial difference in the immune
compartment between resistant and responsive tissues was observed in
the T cell population, thus suggesting that T cells undergo significant
changes in response to ICB treatment (Fig. 1C and D). To better un-
derstand the impact of these differences on response to immunotherapy,
we analyzed and compared the overall activity of T cells isolated from
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resistant and responsive tumors using transcriptomics and gene
ontology (GO) analysis. Gene ontology analysis showed that negative
regulation of lymphocyte activation and innate immune response
pathways were enriched in T cells from both resistant and responsive
tumors (Supplementary Fig. 1A and 1B). Overall, our findings suggest
that the immune activity of tumoral T cells may contribute to deter-
mining response or resistance to immunotherapy in melanomas.

CD4+ CXCL13+ follicular helper-like T cells (Tfh-like) serve as an
alternative to regulatory T cells (Treg) and contribute to the resistant
phenotype

As T cells are major targets of ICB therapy, as well as are known to
undergo significant changes during treatment [54,55], we sought to gain
a better understanding of differences in the T cell compartments of
melanomas that are responsive or resistant to ICB. Utilizing unsuper-
vised clustering on all T cells, we identified 14 heterogeneous sub-
clusters (Figs. 1E and 2A). By assessing for the aforementioned
signature genes and calculating their average log-transfromed expres-
sion level as functional scores, we observed distinct functional status for
each CD4+ T cell subcluster, with CD4+ FOXP3+ Tregs exhibiting the
highest regulatory score and CD4+ CCR7+ IL7R+ T cells displaying the
highest naive score [56] (Fig. 2C and D). Intriguingly, when to those
from responsive melanomas, we observed a higher regulatory score in T
cells from resistant melanomas (Supplementary Fig. 2), indicating a
more immunosuppressive phenotype in resistant tumors. In contrast,
there was no significant difference in the CD4-FOXP3 Treg fraction be-
tween responsive and resistant melanomas (Fig. 2B), which aligns with
previous studies suggesting that peripheral-derived Treg cells with low
regulatory function replenish and infiltrate melanoma tissue during ICB
therapy [17,57,6]. Together, these findings suggest that specific CD4+ T
cell subclusters, distinct from Tregs, may play a crucial role in contrib-
uting to the resistant phenotype.

Next, we examined and compared changes in the proportions of each
CD4+ T cell subcluster in response to ICB in responsive and resistant
melanomas. In comparison to that in responsive tumors, we observed a
significant expansion of CD4+ CXCL13+ Tfh-like cells in the T cell
compartment of resistant tumors when compared to responsive ones (p
= 0.0228) (Fig. 2B). Notably, cytotoxic T cell exhaustion and the
expression of immune escape-related genes [58,59], such as TNFRSF4
and CXCL13, were found to be upregulated in CD4+ CXCL13+ Tfh-like
cells (Fig. 2G), and this upregulation has been correlated with poor
prognosis in various cancer types [60,61].

Furthermore, GO analysis revealed that genes associated with the
regulation of T cell activation were enriched in CD4+ CXCL13+ Tfh-like
cells (Supplementary Fig. 3A). These results collectively suggest that
CD4+ CXCL13+ Tth-like cells play an immunosuppressive role in the
tumor microenvironment of melanomas resistant to ICB.

To delineate the stages of CD4+ CXCL13+ Tth-like cells in CD4+ T
cell differentiation, we performed PAGA trajectory analysis on CD4+ T
cells with the assumption that CD44 CCR7+ IL7R+ T cells with the
highest naive score served as the starting point for differentiation [62].
Remarkably, CD4+ CXCL13+ Tth-like cells exhibited a close functional
status to both CD4+ FOXP3+ Tregs and CD4+ CXCR5+ Tfh-like cells
(Fig. 2E), suggesting that CD4+ CXCL13+ Tfh-like cells have the po-
tential to differentiate into either of these subclusters. These findings
were further validated using Pearson correlation analysis based on gene
expression profiles, which confirmed that the gene expression profile of
CD4+ CXCL13+ Tfh-like was similar to that of CD4+ FOXP3+ Tregs
(Fig. 2F). We next sought to characterize the two potential differentia-
tion trajectories CD4+ CXCL13+ Tfh-like cells (Fig. 2E), henceforth
referred as the FOXP3+ or CXCR5+ paths. Trajectory-based gene clus-
tering analysis (see Methods for psuedotime analysis) revealed that
upregulated GO pathways in the FOXP3+ path primarily involved T cell
exhaustion, while pathways upregulated in the CXCR5+ path were
primarily associated with antitumoral immunity (Supplementary
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Fig 1. Integrated single-cell RNA-seq reveals transcriptomic heterogeneity of melanoma patients before and after Immune checkpoint blockade therapy. (A)
Workflow diagram showing our study to involve the construction of a predictive model for the response of melanoma patients to immunotherapy using three single-
cell RNA datasets as the training set and three bulk RNA transcriptome datasets as the validation set. (B) Unbiased clustering of 24,062 cells reveals 6 main immune
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dot plot showing expression patterns of 46 marker genes for 38 fine annotated cell clusters. (F and G) Kernal density estimation of immune cells in resistant (F) and
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Fig 2. T cells in melanomas cluster into distinct cell populations and CD4+ CXCL13+ follicular helper T cells are increased in immunotherapy-resistant patients. (A)
Subclustering of immunotherapy resistant, responsive, and treatment-naive T-NK cells (cells from CD8+ T cell, CD4+ T cell, and NK cell shown in Fig. 1) further
separated into 17 distinct subtypes. (B) Box plot shows heterogeneity of CD4+ T cell composition for each condition. Data analyzed by unpaired two-sided Student’s
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Fig. 3B) [63,64]. Together, these findings suggest that CD4+ CXCL13+ Developing a melanoma immunotherapy response predictor based on T cell

Tfh-like cells may serve as an alternative to Tregs during ICB treatment, composition
thus potentially becoming a valuable prognostic marker for melanoma
patients considering ICB treatment. We have previously shown that the composition of the T cell
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compartment in ICB-resistant melanomas significantly differs from that
in ICB-responsive melanomas (Fig 2B). To test whether these differences
can be leveraged to predict patient response to immunotherapy, we
employed a logistic regression model to construct an immunotherapy
response prediction model based on T cell proportions (See Methods).
This model uses the proportion of each T cell subpopulation among all
immune cells (the count of each T cell subpopulation divided by total
immune cell number) as input features, and responses to immuno-
therapy of each patient as the outputs. To enhance the robustness of the
model, we introduced L1 constraints [65] to reduce the number of fea-
tures that predictive model relies on. The predictive values generated by
this model are denoted as *T scores,” expressed as follows (Fig. 3A):

T score = —0.504 x Prop(CD4 — CCR7 —ILTR T cell) + 0.831
X Prop(CD4 — CXCL13 —Tfh T cell) + —0.768
X Prop(CD8 — CXCL13 T cell) + 2.0482
X Prop(CD8 — PDCD1 T cell)

A higher T score indicates that the melanoma has a higher likelihood
to exhibit resistance to immunotherapy. In this equation, CD8-PDCD1 T
cells have the highest weight and are positively associated with the T
score due to the fact that PDCD1 is a therapeutic target of immuno-
therapy and that the CD8-PDCD1 T cell subtype has been shown to play a
primary role in mediating tumor cell cytotoxicity [66,67]. Notably, the
highest-weighted cell subtype within CD4+ T cells is CD4-CXCL13
Tfh-like cells, for which we (Fig 2B, A) and other studies [68] have
shown to potentially contribute to inhibiting the effectiveness of im-
mune therapy. Upon calculating T scores for all melanoma patients, our
findings revealed significantly higher T scores for ICB-resistant
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melanomas compared to that for ICB-responsive melanomas (p =
4.6e-03, Fig. 3B).

Further, the classification model accurately predicted the prognosis
of melanoma patients that have not been treated with ICB (ROC-
AUC=0.74, Fig. 3C). Because the training dataset for single-cell data
included melanoma patients who had been treated with ICB, a model
constructed from these data may not be directly applicable to melanoma
patients who have not yet been treated with ICB. To assess the model’s
predictive performance in treatment-naive patients, we tested its effi-
cacy using three independent transcriptomic datasets, each comprising
of bulk RNA-seq data from 28 [35], 83 [36], and 51 [37] melanoma
patients pre- and post-ICB treatment. Using the signature based on 36
cell subtypes constructed from the single-cell dataset, we estimated the
proportions of different cell types within each sample and calculated T
scores based on the four T cell components mentioned above
(CD4-CCR7-IL7R, CD4-CXCL13-Tth, CD8-CXCL13, CD8-PDCD1 T cells).
Our results showed that ICB-resistant melanomas tended to have higher
T scores than ICB-responsive melanomas, although statistical signifi-
cance was not always observed (p = 0.32, 0.13, 0.03 for each of the three
datasets) (Fig. 3D-F). This finding suggests that our logistic regression
model has the potential to predict response to immunotherapy within
certain limitations.

Developing a prediction model based on the proportions of all immune cell

types

Considering that high complexity of the TiME in melanomas extend
beyond the T cell compartment [69,70], we sought to improve our
predictive modeling efforts by comparing the relative proportions of
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functionally defined immune cell subtypes from the single-cell dataset of
melanoma patients with different responses to ICB (Figs. 1E and 4A).
Our results revealed an enrichment of PADI4+ Macrophage, CD8-GZMK
T cells, and CD8-CXCL13 T cells in ICB-responsive melanomas, while cell
types such as CD4-CXCL13 Tfh-like cells and VCAN—HSPA1A+ Mono
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were enriched in ICB-resistant melanomas. Previous studies have sug-
gested that PADI4 can promote M1 polarization of macrophages,
enabling an inflammatory environment that activates immune cells for
tumor cell killing [71]. CD8 T cells with high GZMK expression act as
cytotoxic CD8 effector T cells, capable of directly exerting cytotoxic
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effects on tumor cells [72]. Furthermore, studies have shown that CD8-+
T cells with high CXCL13 expression are associated with response to
immunotherapy and improved prognosis in patients with multiple
cancer types [73].

To describe the predictive roles of different immune cell subtypes on
patient response, we employed multiple machine learning methods to
construct prediction models. The single-cell dataset was divided into a
training set (n = 44) and a validation set (n = 20). For the training set,
we constructed models using simple models including logistic regression
[47], support vector machines [48], and naive Bayes [49], as well as
relatively more ensembled models such as gradient boost machine [50]
and random forest [51]. We then calculated the ROC-AUC on the vali-
dation set and found that the random forest model had the best pre-
dictive performance (AUC=0.83, Fig. 4B). To validate whether the
model is effective for different immunotherapy regimens, we compared
its performance in predicting responses for patients treated with PD-1
alone and those treated with CTLA4+PD1, using the original dataset.
The results suggest that the model can accurately predict responses for
both types of patients (AUC = 0.88 for PD-1, 0.83 for CTLA-4+PD-1,
Supplementary Fig. 4). Further analysis of the weights assigned to
different cell types in the random forest model revealed that
CD4-CXCL13 Tfh-like cells and CD8-CXCL13 T cells were the two most
critical features (Fig. 4C). The pivotal roles of these cell types in medi-
ating response to immunotherapy have been extensively described in
literature [68,73,74], thus highlighting the effectiveness of our model.

To assess the generalizability of our predictive random forest model,
we tested its predictive capability using three previously described bulk
transcriptome datasets. These datasets were subjected to CIBERSORTx
deconvolution to estimate the composition of every immune cell sub-
populations. Our results demonstrated that random forest model
exhibited strong predictive performance in the three independent
datasets (ROC-AUC=0.86, 0.72, and 0.82 for each dataset). These
findings suggest that the composition of the TiME of treatment-naive
patients is capable of predicting immune therapy efficacy to some
extent, as well as demonstrate the broad applicability and translational
potential of our random forest model. We further compared our random
forest model with other melanoma immune therapy response prediction
models developed based on transcriptome data in terms of predictive
accuracy, measured by ROC-AUC score (Fig. 4G). The results indicate
that our model’s ROC-AUC on the three validation datasets is higher
than or the same as most of existing prediction models, including
IMPRES [75], Stem.Sig [76], resistance score [28], IPRES [36],
ImmmunCells.Sig [77], T cell signature [23], immunosuppression Sig
[78].

Potential cell-cell interactions explain the predictive performance of our
random forest model

We aimed to further elucidate the effectiveness of our random forest
model as the prognostic capabilities of this model have been demon-
strated to be superior to that of T scores. The TiME of melanomas is
shaped by both the composition of and spatial-temporal dynamics
within the immune compartment [79,80], which may explain why the
random forest model, capable of capturing associations between fea-
tures (i.e., cell compositions), exhibits the best predictive performance.
Hence, we sought to determine the correlations, in quantity and func-
tionality, between different immune cell components within the mela-
noma TiME.

To this end, we first assessed for correlations among the abundances
of the 36 different cell subtypes within the three single-cell tran-
scriptomic datasets. We observed a positive correlation (r = 0.74, p =
8.18e-18) between the CD4-CXCL13 Tfh-like cell subtype, which
exhibited significant weights in both the T score and random forest
model, and the macrophage subtype (Macro-C1Q-TIMD4) (Fig. 5A and
B), which is also enriched in melanoma patients resistant to immuno-
therapy (Fig. 5C). Further, Macro-C1Q-TIMD4 was identified as one of
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the terminally differentiated myeloid subtypes through calculating
proliferation scores based on 3 genes (MKI67, STMN1, KIAA0101)
identified in these cells (Fig. 5D). Moreover, the Macro-C1Q-TIMD4
subtype was predominantly present in ICB-resistant melanomas as
well as was associated with tumor angiogenesis and complement acti-
vation (Fig. 5D).

We further investigated the molecular interactions between T-NK
cells, myeloid cells, CD4-CXCL13 Tfh-like cells, and macro-C1Q-TIMD4
cells, with a particular focus on the latter two subtypes. Using the
CellChat database [81], we found that the most abundant interactions
occurred among myeloid subpopulations, suggesting the importance of
myeloid interactions in shaping the TiME, as well as identified several
interactions between myeloid and T-NK cells (Fig. S5E). We also inves-
tigated cytokine interactions between myeloid cells and T-NK cells and
found that macro-C1Q-TIMD4 exhibits high expression of IL10 that
shapes tumor immune suppressive environment, while lacking crucial
cytokine signalings such as IL21 that are important for T cell develop-
ment and survival. (Fig. 5F). Similar assessment of cytokine interactions
between macro-C1Q-TIMD4 and CD4-CXCL13 Tfh-like subtypes
revealed an upregulation of IL7 and IL10 signaling, which was then
validated by ligand and receptor expression levels (Fig. 5G-K). IL10
signaling has been reported to be associated with CD4 T cell suppression
and IL7 signaling is known to protect T cell from apoptosis [82,83].
Notably, IL7R is usually observed in naive T cells and is critical for
homeostatic proliferation and survival of naive T cells [84]. Interest-
ingly, we also observed a upregulation of IL7R in CD4-CXCL13 Tfh-like
cells; these receptors may compete for IL7, which partially explain the
relatively low naive score for CD4 T cells from ICB-resistant melanomas
(Supplementary Fig. 3). Activation of these signaling pathways is
confirmed by increased activity of downstream JAK-STAT pathway,
with the potential common target being the transcription factor STAT3
(Supplementary Fig. 5), which is widely recognized to be involved in
tumor immune tolerance and tumor-promoting inflammation [85].
Taken together, these results suggest that the macro-C1Q-TIMD4 sub-
type may promote both the infiltration and survival of CD4-CXCL13
Tth-like cells.

Discussion

While immunotherapeutics such as ICB have been shown to be
effective against melanomas, the widely heterogenous response of
melanoma patients to this mode of therapy has uncovered a need to
develop patient-stratification tools for identifying those who will benefit
most from ICB [86,87]. Here, we leverage transcriptomic data capturing
the diversity and dynamics within the TiME to develop a predictive
model for stratifying ICB-responsive and non-responsive melanoma pa-
tients. Specifically, we first constructed a predictive logistic regression
model based on the composition of T cell populations within the mela-
noma TiME for predicting response of melanoma patients to ICB. This
model exhibited a substantial capacity to differentiate between
ICB-resistant and responsive melanomas as well as revealed
CD4-CXCL13-Tfh cells as a potential predictive biomarker, which has
not been reported for the prediction of melanoma immunotherapy. To
increase the accuracy of our model, we incorporated transcriptomic data
capturing the density and cell-cell interactions among all immune con-
stituents within the melanoma TiME into a random forest model that
demonstrated robust predictive performance across different datasets.
Consistently, the pivotal roles of CD4-CXCL13 Tth-like cells and
CD8-CXCL13 T cells in our random forest model align with their func-
tional significance in immunotherapy outcomes [68,73], thus confirm-
ing the importance of these cell subtypes in mediating response to
treatment. Importantly, the predictive power of our random forest
model was further validated in data from melanoma patients prior to ICB
treatment [35-37] and shows a performance no less than other existing
models, thus validating the translational potential of our model and
suggesting that the TiME composition of treatment-naive melanomas
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influences the patient response to ICB.

Consistent with other studies [28,88], the results of our analysis
underscore the pivotal role of the TiME in determining the response of
melanoma to ICB therapy. Specifically, we identified distinct differences
in the composition of immune cell lineages between ICB-resistant and
responsive melanoma tissues, with resistant tissues exhibiting an
increased proportion of myeloid cells and CD8+ T cells and responsive
tissues harboring components that enabled CD4+ T cell immunity.
These findings align with previous reports [89-91], which have
emphasized the importance of T cell populations in mediating the
response to ICB therapy, as well as emphasize the dynamic nature of the
T cell response to ICB therapy, which may explain the variability in
response of melanoma patients.

Both our logistic regression and random forest models uncovered a
central role for the CD4+ T cell subpopulations, specifically CD4-+
CXCL13+ Tth-like cells, in mediating resistance to ICB therapy in mel-
anoma patients. Specifically, this T cell subtype exhibited a suppressive
phenotype, with GO analysis revealing involvement in the negative
regulation of T cell activation. Further, in line with previous research
[92,93], CD4+ CXCL13+ Tfh-like cells shared similarities with Treg
cells and conventional Tth-like cells, thus indicating a potential for
plasticity and functional diversity within this subset. Importantly, these
cells were linked to the upregulation of immune escape-related genes,
such as CXCL13 and TNFRSF4, which are associated with poor prognosis
in various cancer types [68,94-96]. Together, these findings underscore
the need for a nuanced understanding of the specific T cell subsets and
their functional implications within the TIME when developing models
for guiding anti-cancer therapeutic strategies.

The higher predictive power of our random forest model when
compared to our logistic regression model confirmed that immune
constituents beyond the T cell compartment were involved in deter-
mining response of melanoma to ICB. Specifically, we found a positive
correlation between CD4-CXCL13 Tth cells and a macrophage subtype
macro-C1Q-TIMD4, which is associated with reduced CD8+ T cell ac-
tivity and relatively poor immune therapy responses [97-99]. This
correlation suggests a potential mechanism through which these mac-
rophages may influence the melanoma TiME and ultimately influence
the effectiveness of immunotherapy.

Our study has certain limitations. To ensure the capture of rare cell
subpopulations, we utilized all single-cell transcriptome data, including
data from post-treatment patients, to construct predictive models for
melanoma patient responses. This may introduce systematic biases into
the predictive models. However, we validated the accuracy of our
models by using three bulk RNA sequencing datasets from melanoma
patients prior to ICB treatment, thus demonstrating that the effects of
data contamination were limited. Furthermore, the comparison of
changes in the TiME from pre-treatment to post-treatment may be
leveraged to predict response of melanoma to immunotherapy. Addi-
tional studies are needed to understand the applicability of our models
for tumor types beyond melanomas.

Conclusion

We have developed a highly accurate random forest model for pre-
dicting melanoma patient response to ICB intervention. Additionally,
our data underscore the necessity of capturing the density and dynamics
of all immune constituents within the TiME for developing predictive
models. Our work contributes to the evolving landscape of precision
medicine in melanoma, which emphasizes the importance of capturing
the TiME to guide treatment decisions and improve patient outcomes.
Future research efforts should focus on providing the clinical validation
necessary to fully harness the potential of our model in a clinical setting
as well as determine the applicability of our model for other tumor

types.
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