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CANCER

Cell-cell communication network-based interpretable
machine learning predicts cancer patient response to

immune checkpoint inhibitors

Juhun Lee't, Donghyo Kim', JungHo Kong’, Doyeon Ha', Inhae Kim?, Minhyuk Park’,

Kwanghwan Lee’, Sin-Hyeog Im"*3, Sanguk Kim '3+

Immune checkpoint inhibitors (ICls) have revolutionized cancer treatment. However, only some patients respond
to ICls, and current biomarkers for ICl efficacy have limited performance. Here, we devised an interpretable ma-
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chine learning (ML) model trained using patient-specific cell-cell communication networks (CCNs) decoded from
the patient’s bulk tumor transcriptome. The model could (i) predict ICI efficacy for patients across four cancer
types (median AUROC: 0.79) and (ii) identify key communication pathways with crucial players responsible for
patient response or resistance to ICls by analyzing more than 700 ICI-treated patient samples from 11 cohorts. The
model prioritized chemotaxis communication of immune-related cells and growth factor communication of struc-
tural cells as the key biological processes underlying response and resistance to ICls, respectively. We confirmed
the key communication pathways and players at the single-cell level in patients with melanoma. Our network-
based ML approach can be used to expand ICIs’ clinical benefits in cancer patients.

INTRODUCTION

Immune checkpoint inhibitors (ICIs) have revolutionized cancer
treatment. ICIs provide durable clinical benefits to patients with
advanced-stage cancer (I). ICI-based therapeutic strategies are being
extended to many cancer types, such as lung cancer, bladder cancer
(BC), gastric cancer (GC), and melanoma (1, 2). However, only a
small proportion of patients with cancer benefit from ICI-based
therapy due to low response rates (1, 2). ICIs boost antitumor
immunity to eliminate tumors by interfering with the interactions
between immune checkpoint molecules of the cells in the tumor im-
mune microenvironment (TIME) (3). Distinct immunological char-
acteristics of the TIME in each patient brought about heterogeneous
ICI efficacy. Thus, a method to predict patient response to ICIs based
on the key biological processes of the TIME is necessary to ensure its
clinical benefits.

Various biomarkers of ICI efficacy have been investigated to classify
patients as responders (R) and nonresponders (NR). However, these
biomarkers do not take cell-cell communication into account. Cell-cell
communication shapes patient-specific immunological characteristics
because they control immune cell activities (4). For example, CD8' T
cells play an essential role in tumor elimination, but their levels do not
correlate with ICI efficacy (5, 6). The levels of CD8" T cells entailed
dysfunctional or exclusive states of T cells that are incapable of elimi-
nating tumors (6). Neighboring cells of CD8" T cells, including
myeloid-derived suppressor cells, tumor-associated macrophages
(TAMs), and cancer-associated fibroblasts (CAFs), induce these states
through cytokines or cell-cell contact (7, 8). Programmed cell death
ligand 1 (PD-L1) levels have been used to predict ICI efficacy because
the interaction between PD-L1 in tumor cells and programmed
cell death 1 (PD1) of T cells induces immune evasion (9). However,
previous studies have reported that PD-L1 levels exhibit a limited
correlation with ICI efficacy (10-12). In addition to PD-L1 and PD1
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interaction, interleukin-10 (IL-10) or transforming growth factor-f
(TGF-B) secreted from regulatory T cells (Treg) also mediates immune
evasion by suppressing effector T cell activity (13).

We hypothesized that (i) cell-cell communication networks
(CCNs) can predict patient response to ICIs and (ii) identify key
communication pathways involving key players for the prediction of
ICI efficacy. A CCN, composed of cell types as nodes and communi-
cation strength between two cells as links, describes cell-to-cell regu-
latory relationships that organize an antitumor immune response in
the TIME. For example, melanoma cells repress cytotoxic T cells by
CAFs via the secretion of IL-1a or IL-1b (14). In contrast, the activa-
tion of CD8" T cells requires sequential communication of antigen
priming, costimulation, and cytokine signaling mediated by antigen-
presenting cells (APCs) to eliminate tumors (15). B cells activate T
cells via cell-cell contact (16). They form a tertiary lymphoid struc-
ture (TLS) by recruiting immune cells using chemokines, which is
important for antitumor immunity (16).

Recent development in single-cell technology has enabled us to
construct patient-specific CCN. CCNs for each patient are based on
the patient’s bulk tumor transcriptome that encodes the gene ex-
pression profiles of tumors and neighboring cells. The bulk tran-
scriptome data were dissected into cell type-specific gene expression
profiles (17). The communication strength between two cells was
measured using the cell type-specific gene expression levels of li-
gands, receptors, and cofactors (18).

The CCN elucidates key communication pathways involving the
key players responsible for ICI efficacy when incorporated with an
interpretable machine learning (ML)-based approach. The ML
model trained using CCN to predict patient responses to ICIs learned
critical cell-cell communications for ICI efficacy. The interpretation
of the ML model revealed which communication pathways and play-
ers led to a response or nonresponse. Previously, network-based ML
approaches were adopted to identify key players and biological path-
ways in diverse systems. For example, network-based approaches
have been applied to identify key players in criminal, social, and in-
frastructure networks (19). Moreover, network-based ML approach-
es have successfully identified important biological pathways, such as
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the activation of BH3-only proteins or antigen presentation for the
response of chemotherapy and immunotherapy, respectively (20, 21).
These approaches can help establish ICI-based combinatorial thera-
peutic strategies. For example, targeted inhibitors in combination
with ICIs overcome resistance to ICI by suppressing key communi-
cation pathways with key players for the resistance (22, 23).

Here, we constructed a CCN for each patient by decoding the bulk
tumor transcriptome of the patient and found that the interpretable
ML model using CCNs could predict patient response to ICI thera-
pies across four cancer types (melanoma, lung, bladder, and gastric
cancers). Furthermore, the CCN-based ML model revealed key com-
munication pathways and players responsible for ICI response and
resistance. We validated our framework by analyzing data for >700
ICI-treated patient samples from 11 cohorts. Chemotaxis-mediated
communication pathway of immune-related cells was found to be the
key pathway for response to ICIs. In contrast, growth factor-mediated
communication of structural cells mainly participated in resistance to
ICIs. Notably, in melanoma, the key processes, as per the CCN-based
ML model, were confirmed at the single-cell level. Last, the genes in-
volved in the key communication pathways prioritized for resistance
to ICIs were identified as the potential drug targets for ICI-based
combinatorial therapies.

RESULTS

CCN-based interpretable ML models predict patient
response and identify key communication pathways with
cells to ICIs

CCN s were constructed using the following two steps: (i) deconvolution
of the bulk tumor transcriptome of patients into cell type-specific
gene expression profiles and (ii) measurement of communication
strength between the cells. The deconvolution was based on the sig-
nature gene expression of a cell type (17) and was performed for the
following four cancer types: melanoma, non-small cell lung cancer
(NSCLC), GC, and BC (Fig. 1A, fig. S1, Materials and Methods). The
communication strength between the cells, called communication
probabilities, were measured using gene expression levels of ligands,
receptors, and cofactors of each cell type (18) (Fig. 1A, fig. S1, Mate-
rials and Methods). A cell expressing ligand was denoted as the
source cell, and a cell expressing receptor was denoted as the target
cell. The communication probabilities of ligand-receptor pairs with
similar biological functions were integrated into a specific communi-
cation pathway.

The CCN-based interpretable ML model was trained using com-
munication probabilities, which contained information regarding
molecular function, source cells, and target cells. In contrast, the
gene-based ML models were trained using the gene expression lev-
els (Fig. 1B). CCN-based ML models takes the key interactions be-
tween source and target cells in the tumor microenvironment to
predict responsiveness to ICIs, leading to better predictive perfor-
mance of patient response to ICI treatment and the identification of
key communication pathways, source cells, and target cells.

CCN-based ML model outperforms gene-based ML models

The predictive performance of CCN-based ML models was superior
to that of gene-based ML models for patient response to ICIs across
the four cancer types (Fig. 2). First, the construction of CCN was
responsible for the improvement in the prediction of cancer patient
response to ICIs (Fig. 2, A to I, and fig. S2, A to G). The predictive
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performance of the CCN-based ML model was compared with that
of the ML model trained using gene expression data used for CCN
construction (Fig. 2A). The CCN-based ML model exhibited sig-
nificantly higher predictive performance [median area under the
receiver operating characteristic curve (AUROC): 0.79] across sev-
en independent cohorts [four melanoma cohorts; VanAllen et al.
(24), Liu et al. (25), Gide et al. (26), Hugo et al. (27), a NSCLC co-
hort; Jung et al. (28), a BC cohort; Mariathasan et al. (29), a GC co-
hort; Kim et al. (30)] than that trained without CCN (Fig. 2, B to I,
and fig. S2, A to G; two-sided Wilcoxon signed-rank test; P < 0.05
was considered significant).

Next, The CCN-based ML model exhibited significantly higher
predictive performance for patient response to ICIs than other ML
models based on previously used ICI biomarkers (Fig. 2, ] to Q, and
fig. S2, H to O; two-sided Wilcoxon signed-rank test; P < 0.05 was
considered significant). For these ML models, the expression levels
of ICI target genes, TIME-associated genes, and cellular proportions
inferred by the deconvolution were used (6, 31) for comparison
(Materials and Methods).

We found that biologically relevant relationships among ligands,
receptors, and cofactors were key to the improved performance of
the CCN-based ML model (fig. S3). We compared the predictive
performances of the CCN-based ML models with those trained us-
ing randomized CCNs constructed by randomized ligand, receptor,
and cofactor relationships (randomized L/R CCN) (fig. S3A). The
predictive performance of the randomized L/R CCN-based ML
model was poor, suggesting that appropriate relationships among
communication molecules were important for improved prediction
of patient response to ICIs (fig. S3, B to P; two-sided Wilcoxon
signed-rank test; P < 0.05 was considered significant).

Moreover, we found that cancer type-specific CCN was essential
for the predictive performances of CCN-based ML models. The pre-
dictive performances of cancer type-specific CCN-based ML mod-
els were superior to those of cancer-type nonspecific CCN-based
ML model with statistical significance, suggesting that construction
of cancer type-specific CCN was important for the performances of
CCN-based ML models (fig. S4; two-sided Mann-Whitney U rank
test; P < 0.05 was considered significant).

CCN-based ML model identifies CXCL-sending and
CXCL-receiving CD8" T cells as key factors for patient
response to ICls in melanoma

To expand the clinical benefits of ICI treatment for patients with
cancer, it is important to identify the mode of action responsible for
patient response or resistance to ICIs. Regarding patient response to
ICIs, we found chemotaxis-mediated communications of immune-
related cells to be the key biological process (Figs. 3 to 5).

Specifically, CXCL-sending and CXCL-receiving CD8" T cells
were identified as the key players behind patient response to ICIs in
melanoma (Fig. 3). To identify the key communication pathway, the
pathway importance score (PIS) was defined as the summation of all
feature importance in each communication pathway (Fig. 3A). The
higher the PIS, the more associated the pathway was with R (i.e.,
response to ICIs), whereas the lower the PIS, the more associated
the pathway was with NR (i.e., resistance to ICIs) (Fig. 3A).

We found that the PIS was correlated with patient response to ICIs
(Fig. 3B and fig. S5). The higher score exhibited better average predic-
tive performance of the top N pathways in the independent cohort
(Fig. 3B and fig. S5). To validate the relevance between PIS and patient
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Fig. 1. Overview of CCN-based interpretable ML model to predict response of cancer patients to ICls. (A) Construction of CCN for melanoma. Bulk tumor transcrip-
tome data of patients were deconvoluted into cell type-specific gene expression profiles. Expression levels of ligands, receptors, and cofactors in each cell type were used
to measure the communication probability between two cells i.e., the communication strength between a source cell and a target cell, was calculated. Communication
probabilities calculated by ligands, receptors, and cofactors having similar biological functions were integrated into a specific communication pathway. CCN was con-
structed on the basis of the communication probabilities across all communication pathways using bulk tumor transcriptome data of a patient. (B) CCN-based ML model
exhibited better prediction of patient response to ICls than the gene expression-based ML model, in terms of predictive performance and interpretability. CCN-based ML
model was trained using communication probabilities, which had information about the function, source cell, and target cell of the communication pathway. The inter-
pretation of the ML model can identify a key communication pathway, source cell, and target cell for response or resistance to ICls.
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Fig. 2. Predictive performances of CCN-based ML models in seven independent ICI-treated cohorts. (A) A concept describing the comparison between the CCN-
based ML model (denoted as “with CCN”) and the ML model “without CCN.” The without CCN model was trained using the expression levels of ligands, receptors, and
cofactors used for constructing CCN. (B to H) Predictive performances of the CCN-based ML model compared with those of the model without CCN. (I) Comparison be-
tween the CCN-based ML model and the model without CCN across all cohorts. (J to P) Predictive performances of the CCN-based ML model compared with those of the
models trained using ICl-related biomarkers. (Q) Comparison of the CCN-based ML model with the models trained using ICl-related biomarkers across all cohorts. Predic-
tive performances shown in the [(B) and (J)] VanAllen, [(C) and (K)] Liu, [(D) and (L)] Gide, [(E) and (M)] Hugo, [(F) and (N)] Jung, [(G) and (O)] Kim [(H) and (P)], and Mariathasan
cohorts were assessed by calculating the AUROC curve after conducting a leave-one-out cross-validation (LOOCV). Statistical significance of (I) and (Q) was calculated
using the two-sided Wilcoxon signed-rank test. Each datapoint of boxplots in (l) and (Q) indicates the AUROC measured in each cohort. Boxplots of (I) and (Q) show
median value, interquartile range (IQR) as bounds of the box, and whiskers that extend from the box to upper/lower quartile + IQR x 1.5.

40f15

Lee et al., Sci. Adv. 10, eadj0785 (2024) 31 January 2024



SCIENCE ADVANCES | RESEARCH ARTICLE

A = : Feature importance >0 = : Feature importance < 0 B
Summation of feature importance
v v 0.6 Melanoma cohorts for LOOCV
° X
- V . V ~ %] 0.4
{.~ | Pathway importance score %
14 (PIS) :.j, 0.2
o> : : ]
. - - z 00 X
R-associated < Positive  Negative — NR-associated _0. “CXCL
communication pathway communication pathway
rrrrrrr7rrrrrrrrrrrrrrrr1rt
- D
c g _FP=00421 1.004 > 0701 Independent melanoma cohort
2 ] Low CXCL comm. prob. (n=12) >3 [Prat etal. 32)] L
3 50 T s High CXCL comm. prob. (n = 13) == 0654 62 -+ Prioritized
& 487 2 0754 sag ™ + Random
o 461 3 23S 060
oo 441 2 0504 £33
2 g 2§ § 0551
5 £ 424 o g_ 2 g
£ 401 S 0.254 P=0.021 228 en]
=} ' S gao 050 SSPSIUPSIPAIPRPAPSIPUI PSPPI
E 38' ,5 2 8 000909000
53.6- Kz 0-I . . . ° TT T T T T T T T T T T T T T T T T T T TT
o] T T 1 1 1 2
NR R 0 10 20 30 — ° 0 o2
Times (month) Prioritized rank of R-associated communication pathway
response
E F CXCL pathway G H 03- CXCL pathway
Source cell importance score (SIS) 0.20] Target cell importance score (TIS) . 0.2
: Summation of outward . . . 2
feature importance 2 0154 .Summatpn of inward E o014
%S feature importance S
g 0.10- g 00-
2 We
Z 0054 AW / < 014
¢ y\ ¢ % 000171717 ‘ S -0.2-
LI N N BN B S B
L w595 2kE K " A
Key source cell TS2 9 EgFA Key target cell 2w g9 525k
27822200 S9E£5268
Cell type Cell type

Fig. 3. Association of CXCL communication-sending and CXCL communication-receiving CD8* T cells with patient response to ICls based on the interpretation
of the CCN-based ML model in melanoma. (A) Definition of PIS (Materials and Methods). The higher the PIS, the more likely the association of the communication path-
way with responders (i.e., response to ICls), whereas, the lower the PIS, the more likely the association of the pathway with nonresponders (i.e. resistance to ICls). (B) Pri-
oritization of a key communication pathway by PIS and association of the prioritized pathway with patient response to ICls in an independent ICl-treated melanoma
cohort (32). (C and D) Association of CXCL communication with (C) response to ICls and (D) PFS in an independent ICI-treated melanoma cohort (32). Statistical signifi-
cance of (C) and (D) was calculated using the two-sided Mann-Whitney U rank test and the two-sided log-rank test, respectively. Boxplot shows median value, IQR as
bounds of the box, and whiskers that extend from the box to upper/lower quartile + IQR x 1.5. (E) Definition of SIS (Materials and Methods). (F) Identification of the key
source cell in the CXCL communication pathway by an average of the SIS across four melanoma cohorts. (G) Definition of TIS (Materials and Methods). (H) Identification
of the key target cell in the CXCL communication by an average of the TIS across four melanoma cohorts. The key source cell and the key target cell were designated as
the cells with the highest SIS and TIS, respectively. Abbreviation of cell types shown in (F) and (H): cancer associated fibroblast, CAF; endothelial cell, Endo.; macrophages,

Macro.; CD4* T cells, CD4 T; and CD8™ T cells, CD8T.

response to ICIs, we used an ICI-treated melanoma cohort of (32) as
the independent cohort. The pathways were then sequentially ar-
ranged by average PIS, and the average predictive performance of the
top N pathways was measured in the independent cohort.

The CCN-based ML model identified CXCL communication as
the key pathway for response to ICIs in melanoma. CXCL exhibited
the highest average PIS and was consistently associated with R in all
melanoma cohorts (Fig. 3B and fig. S6). To validate that CXCL was
associated with response to ICIs, we tested whether CXCL commu-
nication probabilities could differentiate the clinical outcomes of
melanoma patients treated with ICIs using the independent cohort.
The CXCL communication probability of R was significantly higher
than that of NR (Fig. 3C), and patients with high CXCL probabilities
exhibited better progression-free survival (PFS) than those with low
CXCL probabilities (Fig. 3D).

Lee et al., Sci. Adv. 10, eadj0785 (2024) 31 January 2024

Next, the CCN-based ML model identified CD8* T cells as the
key source and target cell of the CXCL pathway for patient response
to ICIs. We defined source cell importance score (SIS) and target cell
importance score (TIS) to identify the key players behind patient
response to ICIs. SIS was calculated by a summation of outward fea-
ture importance, and the cell type with the highest SIS was assigned
as a key source cell (Fig. 3E). CD8T cells exhibited the highest aver-
age SIS across the four melanoma cohorts (Fig. 3F). Meanwhile, TIS
was measured by a summation of the inward feature importance.
The cell type with the highest TIS was assigned as the key target cell
(Fig. 3G). CD8* T cells exhibited the highest average TIS (Fig. 3H).

We validated that CXCL-sending and CXCL-receiving CD8" T
cells were associated with patient response to ICIs at the single-cell
level in melanoma (Fig. 4). We investigated whether CD8" T cell
subtypes overexpressing both CXCL ligands and receptors were

50f 15



SCIENCE ADVANCES | RESEARCH ARTICLE

A B

Interpretation of CCN-based ML model

CXCL receptor

CXCL ligand

CD8* T cell

CD8" Tcell C

cluster
0

e o o o o
ubhwN =

CD8" T cells both sending and receiving

ICI responders CXCL communication

Validate the CD8* T cell state
using independent single-cell RNA-seq
[Sade-Feldman et al. (33), immune cell sorting; 17 R, 31 NR]

Enrichment of responder
(odds ratio)

0
1
23
O
4
5
CXCL CXCL
ligand  receptor

n overexpressed in the cluster
(adj.P < 1x1073)
[J Not overexpressed in the cluster

012345
Cluster

Fig. 4. Validation of CXCL-sending and CXCL-receiving CD8" T cells identified by CCN-based ML model in melanoma at the single-cell level. (A) Validation of the
interpretation of the CCN-based ML model in melanoma at the single-cell level. (B) Uniform manifold approximation and projection (UMAP) representation of CD8" T cells
originating from melanoma patient samples for determining whether the cell was derived from responder (R) or nonresponder (NR). (C) UMAP representation showing
subclusters of CD8™ T cells. (D) Enrichment of cells in CD8™ T cell subclusters to R-derived cells. P values were measured using the two-sided Fisher’s exact test. (E) Test for
overexpression of CXCL ligands and receptors in CD8" T cell subclusters. The black rectangle indicated significant overexpression of the gene. Statistical significance was
calculated using the two-sided Wilcoxon rank sum test adjusted by the Bonferroni method.

associated with patient response to ICIs using single-cell RNA se-
quencing (scRNA-seq) data of immune cells (CD45") derived from
melanoma tumor samples of 17 Rand 31 NR (33) as an independent
ICI-treated cohort (Fig. 4A). CD8* T cells were extracted from the
scRNA-seq data and divided into subclusters (Fig. 4, B and C). The
subcluster “0,” where R-derived cells were significantly enriched,
overexpressed both the CXCL ligand (CXCL13) and the CXCL re-
ceptor (CXCR4) simultaneously (Fig. 4, D and E).

CCN-based ML model identifies chemotaxis-sending and
chemotaxis-receiving immune-related cells as key factors
for patient response to ICls in NSCLC and BC
The CCN-based ML model identified CCL-sending and CCL-
receiving immune cells as the key players for patient response to ICls
in NSCLC. The CCL pathway was identified as the key communica-
tion pathway in NSCLC because it exhibited the highest PIS (Fig. 5A
and fig. S7). Moreover, the relationship between the CCL pathway
and patient response to ICIs was validated using an independent co-
hort, (34). In the independent cohort, CCL communication proba-
bilities could predict patient response to ICIs, and R had higher CCL
probabilities than NR (Fig. 5, B and C). Furthermore, immune cells
were identified as both key source and target cells because they ex-
hibited the highest SIS and TIS simultaneously (Fig. 5, D and E).
The CCN-based ML model identified CXCL-sending macro-
phages and CXCL-receiving endothelial cells as the key players for
patient response to ICIs in BC. The CXCL pathway was identified as
the key communication pathway owing to the highest PIS (Fig. 5F

Lee et al., Sci. Adv. 10, eadj0785 (2024) 31 January 2024

and fig. S8). Furthermore, the association between the CXCL path-
way and immunological activity of patients was validated. The more
active the immune phenotype of BC patients was, the higher the
CXCL communication occurred (Fig. 5G). To validate the associa-
tion between CXCL and patient response to ICIs, the immune phe-
notype of each patient, assessed by the number of CD8" T cells that
infiltrated the TIME using immunohistochemistry (IHC), was used.
Macrophages were identified as the key source cells, as they exhib-
ited the highest SIS (Fig. 5H), and endothelial cells were identified as
the key target cells because they exhibited the highest TIS (Fig. 5I).

The CCN-based ML model identified major histocompatibility
complex I (MHC-I)-sending and MHC-I-receiving immune cells
as the key players behind patient response to ICIs in GC. The
MHC-I communication pathway had the highest PIS in GC (figs. S9
and 10A), and immune cells exhibited both the highest SIS and TIS
in the MHC-I pathway (fig. S10, B and C). MHC-I is involved in the
activation of cytotoxic cells, such as CD8" T cells or natural killer
(NK) cells, and their activities are important for ICI response
(1, 35). These results suggest that the prioritization of MHC-I-sending
and MHC-I-receiving immune cells for patient response to ICIs
is valid.

CCN-based ML model identifies MK-sending CAFs and
MK-receiving B cells as key players behind resistance to ICI
Understanding the biology underlying resistance to ICIs can help es-
tablish a therapeutic strategy for patients with cancer (22, 23). We
found that the growth factor-mediated communication of structural
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cells was the key biological process for resistance to ICIs across can-
cer types (Figs. 6 and 7).

The CCN-based ML model identified midkine (MK)-sending
CAFs and MK-receiving B cells as the key players behind resistance to
ICIs in melanoma. The model prioritized MK as the key communica-
tion pathway associated with resistance to ICIs because MK had the
highest NR-associated PIS and exhibited a consistent association with
NR (Fig. 6A and fig. S6). Furthermore, for the MK pathway, CAFs and
B cells were the key source cells and key target cells for resistance to
IClIS, respectively. CAFs and B cells exhibited the best average SIS and
TIS, respectively, for resistance to ICIs (Fig. 6, B and C).

We validated that MK-sending CAFs and MK-receiving B cells
were associated with resistance to ICIs in melanoma at the single-
cell level, as identified by the CCN-based ML model (Fig. 6D). To
confirm the relevance between MK-sending CAFs and ICI resist-
ance, we tested whether NR-derived CAFs overexpressed the MK
ligand using scRNA-seq data of 15 patients with melanoma (eight
ICINR and seven ICI treatment-naive (TN) patients]. We elucidated
that MDK expression levels, the only ligand of MK, of NR-derived
CAFs were significantly higher than those of TN-derived CAFs
(Fig. 6E and fig. S11, A and B). As the TN patients included both
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potential R and NR patients, MDK expression levels between NR-
derived cells and TN-derived cells were compared, as described pre-
viously (36, 37). Furthermore, to validate whether MK-receiving B
cells were associated with resistance to ICIs, we tested whether NR-
derived B cells overexpressed MK receptors. To this end, scRNA-seq
data of immune cells obtained from 48 melanoma tumor samples
from 31 NR and 17 R were analyzed. The expression levels of MK
receptor genes in NR-derived B cells and R-derived B cells were com-
pared. The NR-derived B cells significantly overexpressed SDCI, and
ITGA6, MK receptor genes compared with that by the R-derived B
cells (Fig. 6F and fig. S11, C to E).

The CCN-based ML model identified leukemia inhibitory factor
receptor (LIFR)-sending CAFs and LIFR-receiving macrophages as
the key players behind resistance to ICIs in BC. LIFR had the best
PIS and exhibited the best association with resistance to ICIs in the
BC cohort (fig. S8 and fig. S12A). The SIS of CAFs and the TIS of
macrophages exhibited the strongest association with resistance to
ICIs (fig. S12, B and C). LIFR acts as a growth factor and is relevant
to macrophage-mediated resistance to IClIs (38, 39). These suggest-
ed that the prioritization of LIFR-sending CAFs and LIFR-receiving
macrophages by the CCN-based ML model is valid.
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CCN-based ML model identifies growth factor-sending and
growth factor-receiving tumors to be key factors for
resistance to ICls in NSCLC and GC

The CCN-based ML model identified growth factor-sending and
growth factor-receiving tumors as the key players behind resistance to
ICIs in the NSCLC and GC cohorts. The CCN-based ML model of
NSCLC identified the fibroblast growth factor (FGF) pathway as the
key communication pathway, as the PIS of FGF pathway exhibited the
strongest association with NR (Fig. 7A and fig. S7). Moreover, the as-
sociation between the FGF pathway and resistance to ICIs was vali-
dated using an independent cohort [cohort reported by Cho et al.
(34)]. In the independent cohort, FGF communication probabilities
predicted resistance to ICIs in patients with NSCLC, and NR tended to
have higher FGF probabilities than R (Fig. 7, B and C). Furthermore,
the CCN-based ML model of GC prioritized platelet-derived growth
factor (PDGF) as the key communication pathway for resistance to
ICIs. The PIS of PDGF exhibited the best association with NR (Fig. 7D
and fig. S9). The association between the PDGF pathway and inactive
immunological properties of patients in the GC cohort was validated
by comparing the PDGF communication probabilities of patients with
the “desert” TIME subtype to those of the patients with the “inflamed”
TIME subtype. TIME immunological subtypes of the patients reported
by (40) were used. The PDGF communication probabilities of the
patients with the desert TIME subtype were higher than those of the
patients with the inflamed TIME subtype (Fig. 7E). This is consistent
with the previous result that the desert TIME subtype exhibited more
inactive immune characteristics than the inflamed subtype.
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The CCN-based ML model of NSCLC and GC identified tumors as
both key source cells and key target cells. The SIS and TIS of tumors ex-
hibited the best association with NR in NSCLC and GC (Fig. 7, F to I).

Furthermore, we undertook a comparative analysis between the
key communication pathways delineated by CCN-based ML models
and those derived from without CCN-based ML models to investi-
gate shared elements. Key communication pathways of CCN-based
ML models were differentially identified compared to those of with-
out CCN-based ML models (i.e., without CCN in Fig. 2, A to I). In
without CCN-based ML models, JAM and MHC-related pathways
were the key pathways for response to ICIs, while NPFE, COLLAGEN,
and PARs were the key pathways for resistance to ICIs (fig. S13). To
this end, PIS for without CCN-based ML model was calculated to
find key communication pathways of the models (Material and
Methods). Notably, because of the absence of cellular features within
the without CCN-based ML models, it failed to identify key source
and target cells, suggesting that the superior interpretability of
CCN-based ML models compared to those of without CCN-based
ML models, not just superior predictive performances (Figs. 1B and
2, Atol).

Key communication pathways for resistance to ICls are

potential drug targets for ICl-based combinatorial therapies
ICI-based combinatorial therapies have been investigated to ex-
tend the clinical benefits of ICIs (2, 41). Because the CCN-based
ML model prioritized the communication pathways associated with
resistance to ICIs in different types of cancer (Figs. 6 and 7), we
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investigated whether these pathways could be the drug targets of
ICI-based combinatorial therapies (Fig. 8A). We tested whether
the genes involved in the MK, FGF, and PDGF communication
pathways were enriched in the target genes of candidate drugs for
ICI-based combinatorial therapies (Materials and Methods). We
elucidated that the genes involved in the MK, FGE, and PDGF
communication pathways were significantly enriched in the target
genes of the candidate drug targets for ICI-based combinatorial
therapies, suggesting that these pathways were potential targets for
ICI-based combinatorial therapy (Fig. 8, B to D).

DISCUSSION
In this study, a CCN-based ML model was trained using cell-to-cell
regulatory relationships to predict ICI efficacy in patients. The model
exhibited better predictive performance for ICI efficacy than the
gene-based ML model (Fig. 2). The links of the CCN constructed
from the bulk transcriptome data of a patient with tumor represent
cell-to-cell regulatory relationships occurring in the TIME of a pa-
tient (Fig. 1A and fig. S1). The efficacy of ICI in a patient is dependent
on the immunological characteristics of its TIME (42). Cell-to-cell
regulatory relationships are fundamental in shaping the immuno-
logical characteristics of the TIME (42, 43). ICI therapy interferes
with communications mediated by PD-1, PD-L1, and CTLA4 (3).
Single-cell (like) transcriptomes display cell-type gene expression
profiles (Fig. 1A and fig. S1). We used single-cell-like transcriptomes
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deconvoluted from a patient’s bulk tumor to build CCN. Understanding
the underlying mode of action responsible for ICI efficacy is critical
for expanding its clinical benefits. Single-cell (like) transcriptomes
reveal the mode of action, as the same gene expressed by different
cell types is used for different purposes. For example, PD-L1 ex-
pressed by APCs is used for inhibiting the excessive activation of T cells,
whereas the same gene expressed by tumors is used for immune eva-
sion (44, 45). Previous studies investigating cell type-specific gene
expression profiles of tumors revealed the mode of action for ICI
efficacy. (46) identified the cellular ecosystems required for ICI effi-
cacy using single-cell-like transcriptomic data. This suggests that
coordination among T cells, B cells, and APCs is essential for patient
response to ICIs (46). Zhang et al. (37) predicted patients’ ICI effi-
cacy based on cancer stemness signature genes identified using single-
cell transcriptomic analysis. This study suggested that the stemness of
cancer cells is important in determining ICI efficacy (37).

A subtype of CD8" T cells expressing both CXCL13 and CXCR4
was associated with patient response to ICIs in melanoma (Fig. 4).
CCL-sending and CCL-receiving immune cells were prioritized as
key players behind patient response to ICIs in NSCLC (Fig. 5, A to
E). These results suggest that successive attraction among immune
cells mediated by chemotaxis is a notable mode of action for patient
response to ICIs. CXCL13, also called B cell attracting chemokine-1,
recruits B cells to build a TLS in the TIME, which plays a major role
in response to ICIs (47, 48). CXCR4 guides the infiltration of CD8*
T cells into solid tumors (49). CCL mediates response to ICIs by
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recruiting dendritic cells (DCs) in the TIME to induce T cell expan-
sion in NSCLC (50). Recently, the chemokine system of CAR-T was
engineered to facilitate antitumor immunity in patients by provok-
ing its homing into solid tumors (51).

CXCL-sending macrophages and CXCL-receiving endothelial
cells were identified as the key players in patient response to ICls in
BC (Fig. 5, F to I). This suggests that vasculature normalization in
the TIME is an important mode of action responsible for patient
response to ICIs. Endothelial cells regulate immune cell infiltration
into the vasculature (52). Notably, CXCL-receiving endothelial cells
play a crucial role in vasculature normalization, which improves the
patient response to ICIs (53). CXCL-sending macrophages induce
response to ICIs by recruiting CD8" T cells (54).

MK-sending CAFs and MK-receiving B cells were prioritized as
key players in resistance to ICIs in melanoma (Fig. 6). This suggests
that the immunosuppressive TIME created by structural cell-derived
growth factors raises resistance to ICIs. This is supported by the ex-
perimental results of a previous study that melanoma cells overex-
pressing the MK ligand (MDK gene) give rise to an immunosuppressive
TIME and resistance to ICIs (55); however, administration of ICI with
an MK inhibitor restored response to ICIs (55). These results are con-
sistent with our finding that the MK communication pathway is a po-
tential drug target for ICI-based combinatorial therapies (Fig. 8A).

Growth factor-sending and growth factor-receiving tumors were
identified as the key player behind resistance to ICIs in NSCLC and
GC (Fig. 7). This suggests that aggressive tumor growth, stimulated
by growth factors, leads to resistance to ICIs. Overexpression of FGF
in the lungs induces rapid tumorigenesis and resistance to ICIs in
NSCLC (56, 57). However, treatment with an FGFR inhibitor and ICI
recovered the response to ICIs in an NSCLC tumor-intrinsic manner
(57). Furthermore, GC cells express PDGF ligands and receptors to
promote their growth (58, 59). These results are in line with our re-
sults that FGF and PDGF pathways are a potential drug target for
ICI-based combinatorial therapies (Fig. 8, B and C).

Recently, single-cell transcriptome data of patients with tumors
have rapidly accumulated (60). This study provides a way to expand
the use of single-cell transcriptome data for cancers. In our study,
the key communication pathways correlated with the immune phe-
notype of the patient TIME (Figs. 5G and 7E), but we investigated
on four to eight cell types depending on the cancer type (Fig. 1A and
fig. S1), which limited the investigation of other important cell types
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associated with TIME, including T;eg and DCs. In the future, CCN
can be applied to depict a detailed cell-to-cell regulation based on a
cell atlas to improve ICI efficacy predictions (61, 62).

MATERIALS AND METHODS

Collection and preprocessing of data of ICl-treated

cancer patients

We collected data from nine independent cohorts for investigating
bulk tumor transcriptomes of patients and from two independent co-
horts for investigating single-cell transcriptomes of patients with mela-
noma. Bulk RNA sequencing (RNA-seq) data of tumors was obtained
from the datasets reported by the following studies: (i) VanAllen et al.
(24), (ii) Liu et al. (25), (iii) Gide et al. (26), (iv) Hugo et al. (27), (v)
Jung et al. (28), (vi) Kim et al. (30), (vii) Mariathasan et al. (29), (viii)
Prat et al. (32), and (ix) Cho et al. (34). scRNA-seq data for melanoma
tumors were obtained from the datasets reported by the following
studies: (i) Sade-Feldman et al. (33) and (ii) Jerby-Anon et al. (36).

For the Gide, Hugo, Jung, Kim, and Cho datasets, fastq files of the
patient data were downloaded and aligned to the human reference
genome GRCh38 using STAR (v 2.7.9a) (63). Read counts were cal-
culated using the RSEM pipeline (v 1.3.3) (64). For the Mariathasan
dataset, the read counts were downloaded. The gene expression levels
were calculated by normalizing the counts as per the trimmed means
of M value normalization using the edgeR R package (v 3.32.1) (65,
66). For the VanAllen, Liu, and Prat datasets, we used the processed
gene expression levels provided by (67) (VanAllen and Liu datasets)
or Gene Expression Omnibus (GEO) (Prat dataset). The processed
gene expression levels were downloaded using the GEOquery R
package (v. 2.58.0). For the Sade-Feldman and Jerby-Arnon datasets,
we used processed gene expression levels, cell-type annotation data,
and clinical information obtained from the GEO repository and the
supplementary tables of original papers (33, 36).

For drug response labels, the patients with partial response and
complete response were classified as R, and the patients with stable
disease and progressive disease were classified as NR when RECIST
was used to evaluate efficacy. For the VanAllen cohort, R and NR
were classified according to the criteria reported by Lee et al. (67),
and the labels provided by the original papers were used for the
Sade-Feldman and Jerby-Arnon cohorts. Detailed description of the
datasets used in this study is provided in data S1.
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Deconvolution of bulk tumor transcriptome of patients with
cancer into cell type-specific gene expression profiles

To extract cell type-specific gene expression profiles from the bulk
tumor transcriptome of patient with cancer, we used CIBERSORTx
“high-resolution mode” (CIBERSORTx-hires, v1.0), implemented
through Docker. CIBERSORTX is a well-validated computation tool
for deconvoluting bulk transcriptome into cell-type gene expression
profiles (17), and cell-type gene expression profiles deconvoluted
using CIBERSORTx have been used to identify distinct cell states
within tumor microenvironments and tumor ecosystem subtypes
(46). CIBERSORTx-hires requires the following two types of inputs:
a mixture and a signature matrix. A mixture was gene expression
levels of bulk tumor derived from patients. Its rows corresponded to
gene symbols, and columns corresponded to samples. CIBERSORTx-
hires deconvoluted the mixture into cell type-specific gene expres-
sion profiles by referring to the signature matrix. The rows of the
signature matrix corresponded to the signature gene symbol of a cell
type, and the columns corresponded to cell types.

We used a signature matrix derived from a tissue type compati-
ble with the cancer type of the patient. For the deconvolution of bulk
tumor transcriptome data of patients with melanoma, we used a sig-
nature matrix derived from melanoma samples; for the deconvolu-
tion of the transcriptomes of patients with NSCLC and patients with
GC, we used the TR4 signature gene expression profile, according to
a previous study (46). Signature matrices of melanoma and TR4
were previously developed and are publicly available (17, 46). To de-
convolute the bulk tumor transcriptome data of patients with BC,
we created a signature matrix using scRNA-seq data of a patient
with BC (68) using the CIBERSORTx framework with default set-
tings (data S2).

To implement CIBERSORTx through Docker, we used the op-
tions of rmbatchBmode TRUE and QN FALSE, as previously de-
scribed (46). It returned matrices with genes in rows and samples in
the column across cell types. Consequently, the bulk tumor tran-
scriptome data of patients with melanoma were deconvoluted into
eight cell types (tumor, CAFs, endothelial cells, B cells, macro-
phages, NK cells, CD4 T cells, and CD8 T cells), the transcriptome
of patients with NSCLC or GC into four cell types (tumor, CAFs,
endothelial cells, and immune cells), and the transcriptome of pa-
tients with BC into seven cell types (tumor, CAFs, endothelial cells,
macrophages, urothelial cells, muscle cells, and T cells) (Fig. 1A and
fig. S1). The deconvoluted cell type-specific gene expression profiles
were further processed to calculate the communication probabilities
between two cells. Gene expression levels inferred as not available
(NA) were set to 0, log-transformed after adding 1 to the expression
values, and quantile-normalized using the normalize.quantiles of
the preprocessCore R package (v 1.52.1).

Construction of CCNs

The CCN of a patient consisted of the cell type as a node and the com-
munication strength between cells as a link. We adopted CellChat to
measure the communication strength between two cells called the
communication probability. CellChat quantitatively inferred commu-
nication probability using the gene expression levels of the ligands,
receptors, and cofactors of each cell type (18). To calculate communi-
cation probability, CellChat exploits the Hill function, an equation
that delineates the binding between ligands and receptors in bio-
chemistry, and its own database containing data about relation-
ships between ligands, receptors, and cofactors. Consequently, the
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communication probability represents the communication strength
between a cell expressing the ligand gene (source cell; denoted as li-
gand A in Fig. 1A) and a cell expressing the receptor gene (target cell;
denoted as receptor A in Fig. 1A).

To calculate communication probability using deconvoluted cell
type—specific gene expression profiles, we modified some parts of the
CellChat. Originally, CellChat uses the representative expression val-
ues of the overexpressed genes in each cell type using scRNA-seq
data to obtain communication probabilities. We modified CellChat
to calculate communication probabilities using all ligand-receptor
pairs from the deconvoluted cell type-specific gene expression val-
ues. CIBERSORTX provided representative gene expression values of
cell types, and we wanted to construct a comprehensive CCN of a
patient, not just overexpressed ligand/receptors.

We integrated the communication probabilities of ligand-receptor
pairs with similar biological functions into a single communication
probability of a specific pathway. To take the biological functions into
account, CellChat collected ligand-receptor pairs that have a similar
biological function into a single communication pathway (denoted
as pathways A, B, C, D, ..., in Fig. 1A and fig. S1). We used “comput-
eCommunProbPathway” function of CellChat R package (v 1.1.0) to
do this, which summed up communication probabilities of ligand-
receptor pairs involved in the same pathway according to their em-
pirical P values. The P values were obtained by randomly permuting
the cell-type labels to evaluate the calculated communication proba-
bilities. Because the P value depended on the number of cell types,
we used the function with default setting if the number of cell types
was equal to or more than seven (i.e., melanoma and BC) or without
a permutation threshold if the number of cell types was four (i.e.,
when the TR4 signature matrix was used). Therefore, CCN was con-
structed by measuring communication probabilities between the
source and target cells across communication pathways from bulk
tumor transcriptome data of patients with cancer (Fig. 1A and
fig. S1). For randomized CCN, we randomly permuted the ligand-
receptor-cofactor relationships and calculated the communication
probabilities.

ML model for prediction of response of patients with

cancer to ICI

We used the logistic regression model provided by Scikit-learn
(v 0.24.2) in Python as an interpretable ML model. We adopted the
“balanced” parameter for class_weight hyperparameters to avoid
the effect of class imbalance and the “liblinear” parameter for solver
hyperparameter because Scikit-learn suggested it to be suitable for
small datasets, otherwise default setting was used. For the CCN-
based ML model, communication probabilities were used as the in-
dependent variable for the model. For gene-based or cell-type
proportion-based ML models, gene expression levels or cell-type
proportions inferred by CIBERSORTx were used as independent
variables, respectively. For the gene expression levels, the expression
levels of ICI target genes (PD1, PD-L1, and CTLA4) and TIME-
associated genes [gene sets associated with CAFs, CD8T cells, and T
cell exhaustion (T exhaust.), TAM, and communication (comm.)]
were used (6, 31). Moreover, the predictive performance of the ML
model trained using all ICI target genes (drug targets) and the ex-
pression of the all TIME-associated genes [TIME.] was compared to
that of the CCN-based ML model. Specific features and the number
of features used for the ML models were summarized in table S1 and
data S3. The cellular proportions are known to be informative for
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the prediction of patient response to ICIs (17, 69), and the construc-
tion of CCN was based on cell type-specific gene expression profiles
by deconvolution of the bulk tumor transcriptome (Fig. 1A and
fig. S1). Patient responses to ICIs were the dependent variables for
each model. For every independent variable, z score standardization
was applied across patients to normalize the scale of features using
the fit_transform function of the sklearn.preprocessing. Standard-
Scaler python module.

To effectively train the ML model using communication probabil-
ities, NetBio detection, which we developed in our previous study to
select biological pathways proximal to drug targets in a protein-
protein interaction (PPI) network, was applied as previously de-
scribed with some modifications (21). For drug targets, we used the
following ICI targets administered to patients in each cohort: CTLA-
4 for the VanAllen cohort; PD-1 for the Liu, Hugo, and Kim cohorts;
PD-1 and CTLA-4 for the Gide cohort; PD-L1 for the Mariathasan
cohort; and PD1 and PD-L1 for the Jung cohort. The network propa-
gation score was calculated using the PageRank algorithm with drug
targets as 1 and the others as 0 in the PPI network (STRING v.11.0)
(data S4 to S8). Communication pathways significantly enriched in
the top 3000 genes with high network propagation scores were se-
lected to train the ML model. Significance of enrichment was mea-
sured using a hypergeometric test, the P values were corrected using
the Benjamini/Hochberg method, and adjusted P values lower than
0.05 were considered significant.

Leave-one-out cross-validation (LOOCV) was performed to eval-
uate the predictive performance of the ML model. In each cohort,
training set comprised features from all patients except for one (i.e.,
leaving one out of the cohort), and test set consisted of the features
from the one patient who was excluded from the training set. The
AUROC curve and the area under the precision-recall curve were
used as the metrics of predictive performance. Predictive perfor-
mance was measured using the prediction outcomes of the test set.
The number of patients used for training and testing the ML model
from each cohort have been listed in data S9.

To analyze the effect of cancer-type specificity on predictive per-
formances of ICI efficacy, we merged seven cohorts used for LOOCV
in Fig. 2 into a single cohort. To this end, we carried out batch correc-
tion using ComBat of sva R package (v. 3.38.0) (70). The bulk tumor
transcriptomes of merged cohort, which contain four different cancer
types of samples, were deconvoluted into cell-type gene expression
profiles by CIBERTSORTX using signature matrices of melanoma,
BC, and TR4, respectively, to extract cell-type gene expression profiles
irrelevant to the cancer type of a patient. Then, CCN was constructed
using the cell-type gene expression profiles. The predictive perfor-
mances of cancer-type nonspecific CCN-based ML models were eval-
uated using LOOCYV, and AUROC was used as a metric.

Identification of key communication pathways, source cells,
and target cells based on CCN-based ML model
To identify key communication pathways, source cells, and target
cells from the CCN-based ML model, we calculated PIS, SIS, and
TIS using feature importance. To calculate these scores, the feature
importance of the communication probabilities obtained from the
trained CCN-based ML model (coef_ attribute) was used. The fea-
ture weight was measured for each test set, and the average feature
weight across the test sets was adopted as the feature importance.
The PIS was calculated by the summation of all feature impor-
tance in a communication pathway. A communication pathway was
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related to R (i.e., patient response to ICIs) at PIS > 0. In contrast,
a pathway was related to NR (i.e., resistance to ICIs) at PIS < 0
(Fig. 3A). Therefore, the communication pathway with the highest
PIS was designated as the key communication pathway for response
to ICIs. The communication pathway with the lowest PIS was desig-
nated as the key pathway for resistance to ICIs. For melanoma, we
used the average PIS across the four melanoma datasets used for
LOOCV. In addition, we used sign consistency of PIS across the mel-
anoma datasets (i.e., consistent positive or negative PIS across datasets)
to identify key communication pathways because a consistent sign
of PIS indicated a robust association with either response or resis-
tance to ICIs.

SIS and TIS were calculated by the summation of the outward
and inward feature importance of a cell in a communication path-
way, respectively (Fig. 3, E and G). The cell that exhibited the highest
SIS was designated as a key source cell for response to ICIs, whereas
the cell with the lowest SIS was designated as a key source cell for
resistance to ICIs. Similarly, the cell with the highest or lowest TIS
was designated as the key target cell for response or resistance to
ICIs, respectively.

To compare key communication pathways between CCN-based
ML models and without CCN-based ML models (i.e. without CCN
in Fig. 2, A to I), we introduced an additional PIS for without CCN-
based ML models. PIS for without CCN-based ML models were cal-
culated by the summating all feature importance of genes involved
in one communication pathway. Without CCN-based ML models
were trained by expression levels of genes that go into CCN-based
ML models (Fig. 2A).

Validating the relevance of key communication pathway
with ICI efficacy or immune phenotype of patients

To analyze whether key communication pathways were associated
with ICI efficacy of the independent cohort or TIME phenotype, we
calculated pathway-level communication, such as CXCL communica-
tion probability. Pathway-level communication was calculated by the
summation of all communication probabilities between the source
and target cells in the pathway.

For melanoma, (32) cohort with 25 patients (R: 9, NR: 16; data
S9) was analyzed as an independent ICI-treated melanoma cohort.
The CXCL communication probabilities of R were compared with
those of NR. To investigate the effect of the CXCL communication
pathway on patient survival, patients with CXCL communication
probability higher than or equal to the median of the communica-
tion were grouped in the high CXCL communication probability
group, whereas others were grouped in the low CXCL communica-
tion probability group. Survival analysis was performed using the
survival (v3.2.10) and survminer R packages (v0.4.9).

For NSCLC, (34) cohort with 16 patients (R: 4, NR: 12, data S9)
was adopted as an independent ICI-treated NSCLC cohort. To ana-
lyze the association of CCL and FGF communication pathways
with response and resistance to ICIs, respectively, the CCL and FGF
communication probabilities of R were compared to those of
NR. Moreover, to test whether CCL and FGF communication path-
ways could predict R and NR, respectively, the AUROC was mea-
sured using their communication probabilities.

For BC, the immune phenotype labels of patients based on the
number of CD8" T cells infiltrating the tumor as measured by IHC
were used. The phenotypes were classified into immune desert, exclud-
ed, and inflamed according to the prevalence and infiltration pattern

120f 15



SCIENCE ADVANCES | RESEARCH ARTICLE

of CD8* T cells. To analyze the relevance of the CXCL communication
pathway to the immune phenotype, CXCL communication probabili-
ties in patients were compared according to their immune phenotypes.

For GC, the TIME phenotype labels of patients annotated by (40)
were used. (40) classified TIME into the following four subtypes:
immune-enriched fibrotic (IE/F), immune-enriched nonfibrotic
(IE), fibrotic (F), and desert (D). They considered IE/F and IE sub-
types as immune-inflamed and F and D as immune deserts. To ana-
lyze the association of the PDGF communication pathway with
TIME phenotypes, PDGF communication probabilities of patients
with inflamed TIME phenotypes were compared to those of patients
with desert TIME phenotypes.

Analysis of scRNA-seq data obtained from

melanoma patients

To validate whether the key players identified from the melanoma
CCN-based ML model were associated with response or resistance to
ICIs, single-cell transcriptome datasets of ICI-treated patients with
melanoma reported by Sade-Feldman et al. (33) and Jerby-Arnon et al.
(36) were used. The processed expression values and metadata of indi-
vidual cells were downloaded from the GEO repository and incorpo-
rated into the Seurat object (v 4.0.2). Principal components analysis
was applied using the RunPCA function of the Seurat R package based
on variable features identified by the FindVariableFeatures function
followed by scaling. We followed the cell-type annotations provided in
supplementary tables of the original papers.

To analyze the gene expression levels of CD8"* T and B cells, the
single-cell transcriptomic dataset reported by Sade-Feldman et al.
(33), which revealed gene expression profiles of immune cells derived
from ICI-treated melanoma patient tumor samples, was used. To ana-
lyze the CD8" T cell subcluster, we followed the clustering tutorial of
the Seurat package (https://satijalab.org/seurat/articles/pbmc3k_
tutorial.html). Briefly, CD8* T cells were extracted, subclusters of
CDS8" T cells were identified using the FindNeighbors and FindClus-
ters functions, and the genes overexpressed in each cluster were iden-
tified using the FindAllMarkers function. For the analysis of B cells,
they were extracted, and gene expression levels of MK receptors were
compared between NR-derived B cells and R-derived B cells using the
FindMarkers function. The cells annotated as B cells and plasma cells
were considered as B cells.

To analyze the gene expression levels of CAFs, we used the data-
set reported by (36). The cells annotated as CAFs were extracted,
and gene expression levels of the MK ligand (MDK) were compared
between NR-derived CAFs and TN-derived CAFs using the Find-
Markers function. This dataset included data reported by the (71)
and data from “New” cohorts. We used the single-cell transcriptome
data of New cohorts to split discovery and validation datasets be-
cause the signature matrix used for the deconvolution of the bulk
tumor transcriptome data of patients with melanoma was con-
structed using single-cell transcriptome data reported in (17, 71).

Enrichment analysis of key communication pathways for
resistance to ICls as potential drug targets for ICl-based
combinatorial therapy

To investigate whether the key communication pathways for resis-
tance to ICIs could act potential therapeutic targets for ICI-based
combinatorial therapy, we tested whether the genes involved in the
key communication pathway were enriched in the potential drug
targets of for ICI-based combinatorial therapy. We manually curated
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a list of 19 candidate compounds that are being tested in combina-
tion with ICI in at least more than phase 2 (72-74). The drug targets
of these compounds were collected using the following two sources
of drug-target interactions: (i) DrugBank (v 5.1.9) (75) and (ii)
STITCH (v 5.0) (76). For the DrugBank database, we considered
only the pharmacological targets, excluding enzymes, carriers, and
transporters. For the STITCH database, we considered the drug-
target interactions with a combined interaction score of >700. We
used the union of genes from the two sources as potential drug tar-
gets of ICI-based combinatorial therapy (data S10). The genes in-
volved in the key communication pathways for resistance to ICIs
were collected from CellChatDB.human of the CellChat R package
(v1.1.0). The statistical significance of the enrichment of the com-
munication genes in the candidate drug targets for ICI-based com-
binatorial therapy was measured by empirical P values using the
same number of randomly selected genes with genes of the com-
munication pathway 1000 times.

Statistical analyses

To evaluate statistical significance of predictive performances shown
in Fig. 2 (I and Q), and fig. S31, the two-sided Wilcoxon signed-rank
test was used. To calculate statistical significances of pathway-level
communication probabilities shown in Figs. 3C, 5 (C and G), and 7
(C and E) and predictive performance shown in fig. S4, the two-
sided Mann-Whitney U rank test was used. For survival analysis
shown in Fig. 3D, the two-sided log-rank test was used. For testing
the significance of enrichment of R-derived cells for each CD8* T
cell subcluster shown in Fig. 4D, the two-sided Fisher’s exact test
was used. For testing the significance of drug target enrichment
shown in Fig. 8 (B to D), empirical P value was used by random
permutation for 1000 times. For testing differential expression levels of
genes in the single cell shown in Figs. 4E and 6 (E and F), Wilcoxon
rank sum test was used, and Bonferroni correction was used to
adjust the P value if the statistical test was multiple tests.

Supplementary Materials
This PDF file includes:

Fig.S1to S13

Table S1

Legends for data S1to S10

Other Supplementary Material for this manuscript includes the following:
Data S1toS10
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