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Abstract

Increasing evidence suggests that communication between tumor cells (TCs) and tumor-associated
macrophages (TAMs) plays a substantial role in promoting progression of low-grade gliomas
(LGG). Hence, it is becoming critical to model TAM-TC interplay and interrogate how the
crosstalk affects prognosis of LGG patients. This article proposed a translational research pipeline
to construct the multicellular interaction gene network (MIGN) for identification of druggable
targets to develop novel therapeutic strategies. Firstly, we selected immunotherapy-related feature
genes (IFGs) for TAMs and TCs using RNA-seq data of glioma mice from preclinical trials.

After translating the IFGs to human genome, we constructed TAM- and TC- associated networks
separately, using a training set of 524 human LGGs. Subsequently, clustering analysis was
performed within each network, and the concordance measure K-index was adopted to correlate
gene clusters with patient survival. The MIGN was built by combining the clusters highly
associated with survival in TAM- and TC-associated networks. We then developed a MIGN-based
survival model to identify prognostic signatures comprised of ligands, receptors and hub genes.
An independent cohort of 172 human LGG samples was leveraged to validate predictive accuracy
of the signature. The areas under time-dependent ROC curves were 0.881, 0.867, and 0.839 with
respect to 1-year, 3-year, and 5-year survival rates respectively in the validation set. Furthermore,
literature survey was conducted on the signature genes, and potential clinical responses to targeted
drugs were evaluated for LGG patients, further highlighting potential utilities of the MIGN
signature to develop novel immunotherapies to extend survival of LGG patients.
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Introduction

Diffuse gliomas represent a heterogeneous collection of aggressive brain tumors. According
to World Health Organization (WHO), diffuse gliomas are classified as grade Il through
grade 1V, indicating different status and malignant potential [1]. As the most notorious
tumors, even the low-grade glioma (LGG) (grade I1/111) induces profound disability and high
mortality [2]. Additionally, more than half of LGGs evolve and progress to grade IV glioma
(glioblastoma multiforme, GBM) [3], which has an inferior prognosis with the median
survival being only 14 months [4]. Current studies for the classification and prognosis
prediction of gliomas mainly focus on GBM, while effective biomarkers for LGG patient
prognosis are still limited [5]. Therefore, it is important to detect prognostic signatures for
stratifying LGG patients into high-risk or low-risk subgroups and optimizing therapeutic
strategies. Moreover, it is desirable to identify high-impact genes that can serve as druggable
targets to develop novel immunotherapies for patients not responsive (or resistant) to the
current treatments.

Deciphering cell-cell interaction (CCI) provides great opportunities to develop effective
cancer immunotherapies [6], [7]. Specifically, targeting tumor-associated macrophages
(TAMs) in gliomas represents an attractive therapeutic approach [8], [9]. It has been
demonstrated that inhibition of colony-stimulating factor-1 receptor (CSF-1R), the targeted
therapy that reprograms TAMSs to become antitumorigenic by downregulating M2-like
genes, is capable of blocking glioma progression and extending survival in mouse models
[10], [11]. However, early-phase clinical trials evaluating CSF-1R inhibition for glioma
patients showed little evidence of efficacy [12], [13]. Ni et al. demonstrated that in PTEN-
deficient gliomas, Gal-9/Tim-3 expression was elevated, resulting in TAM recruitment

and M2 polarization, which facilitated tumor progression. They blocked Tim-3 expression
in TAMs, which was shown to attenuate angiogenesis and suppress tumor growth in

mouse models of PTEN-null gliomas [14]. Nevertheless, those findings are done by
functional experiments, which are time-consuming and limited to single therapeutic target
per experiment. In order to interrogate the genome-wide crosstalk between TAMs and tumor
cells (TCs) for identifying druggable genes associated with survival, there are multiple
practical challenges in study design considerations. The first challenge comes from a
general lack of large-sample data with both clinical information and cell type-specific

gene expression of glioma patients. The second one lies in the complex modelling of CCI
networks connecting TAMs and TCs. Additionally, effective identification of signature genes
that possess druggable potential and predictive value remains challenging.

Here, we proposed a translational research pipeline to construct the multicellular interaction
gene network (MIGN), systematically investigate TAM-TC communication, and effectively
identify drug targets for the development of novel immunotherapies. Firstly, RNA-seq data
from preclinical trials that treated glioma mice with CSF-1R inhibition [11] were employed
to screen immunotherapy-related feature genes (IFGs) for both TAMs and TCs. After
translating the IFGs to human genome, we constructed TAM- and TC- associated networks
separately, using a large LGG cohort from The Cancer Genome Atlas (TCGA) database.
Then clustering analysis was conducted within each network, and the concordance measure
K-index was adopted to correlate gene clusters with patient survival. Those clusters that
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highly correlated with survival in each TAM- and TC- associated network were combined
to build the MIGN, in which TAM/TC clusters were merged if their underlying pathways
worked together to co-influence disease progression. The cluster-derived hub genes and
potentially activated ligands and receptors were identified in the MIGN to constitute
prognostic signatures for survival prediction and therapeutic intervention. Subsequently, an
independent LGG cohort from the Chinese Glioma Genome Atlas (CGGA) database was
adopted to validate the predictive power of the MIGN signature. Additionally, single-cell
RNA-seq data for LGG patients was used to verify that our signature genes were involved
in the regulation of TAM-TC interplay. Finally, the potential sensitivity to targeted drugs
was assessed based on the MIGN signature using an independently developed bioinformatics
pipeline.

Methods

IFG Selection From Preclinical Mouse Trials

The flowchart of the translational pipeline to construct the multicellular interaction gene
network (MIGN) and identify drug targets of immunotherapies is presented in Fig. 1.

We began with experimental results of the preclinical mouse study that investigated
long-term treatment efficacy of CSF-1R inhibition in gliomas [11]. After downloading

the preclinical RNA-seq data from the Gene Expression Omnibus (GEQO) website (https://
www.nchi.nlm.nih.gov/geo/) with accession number GSE69104, we selected mouse samples
that contained cell type-specific gene expression for both tumor-associated macrophages
(TAMs) and tumor cells (TCs), leading to four drug-resistant samples, six drug-sensitive
samples, and five vehicle (non-treated) samples.

For both TAMs and TCs, we focused on selecting immunotherapy-related feature genes
(IFGs) that expressed differentially between drug-resistant and drug-sensitive samples
during CSF-1R inhibition. First, we normalized the expression level of each gene in the
treated groups (drug-resistant / drug-sensitive) to its mean level in the non-treated group
as follows: z; = log,(x;;)/1og,(v;), Where x;; is the expression value of the /th gene in jth
sample of the treated groups, and 7, is the mean expression of the /th gene across samples
in the non-treated group. Next, we compared normalized gene expression profiles between
drug-resistant and drug-sensitive samples using t-test and fold change (£C). Those genes
with false discovery rate (FDR)-adjusted p — value < 0.05 in t-test and |FC| > 1.5 were
selected as IFGs, which were then translated to those in human genome by the online tool
(NCBI, https://www.ncbi.nlm.nih.gov) for further analysis.

To construct the weighted gene correlation network and perform survival analysis, we
collected clinical information and RNA-seq gene expression data for LGG patients in TCGA
database (https://cancergenome.nih.gov/) and CGGA database (http://www.cgga.org.cn/).
After matching the clinical information and RNA-seq data for each sample, one cohort of
524 LGG patients from the TCGA database was prepared for training, and an independent
cohort of 172 LGG patients from the CGGA database was prepared for validation.
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B. Construction of TAM- and TC- associated Gene Networks

Next, the TCGA dataset was leveraged to construct TAM- and TC- associated gene networks
with the translated IFGs for TAMs and TCs being their node sets, respectively. Generally,
weighted gene correlation network was denoted as G = (V, W), where V was the node set,
and W = (w,;) was a |V | x | V| positively weighted adjacency matrix. Let x, and x; denote the
expression levels of the /th and j-th gene across all the samples, the entry w,, was encoded as
the power function of the absolute value of Pearson correlation coefficient:

w;; = w;(P) = |eor(x;, x/)|ﬂ,i #J,

@

where g was referred to as the soft threshold parameter. Since the correlation between each
gene and itself was not considered, the diagonal elements of W were set to 0. Then we could
define the connectivity degree for the /th gene:

Vi
ki(p) = wip),i=1,2, -, IVl

Jj=1

@
and the connectivity frequency for the network:

4
flk) = i[(k,(ﬂ) ek—1,k])k=1,2,3- - - .

i=1

©)

We assume that gene network is dominated by a few highly connected nodes. Thus, we
selected soft threshold parameter g to ensure the network satisfying scale-free topology
criteria [15], [16], which are characterized by power law distribution of the connectivity
proportion, i.e.,

plk) ~ k7,
)]

where p(k) = f(k)/| V|, and y is a positive constant. After taking logarithm on both sides of
(4), the log-proportion of connectivity log(p(k)) is linearly correlated with log(k). Then linear
regression model fitting index R> could be used to quantify how well a network satisfies the
scale-free criteria.

C. Gene Clustering Analysis Within the Network

Gene clustering analysis was conducted within each of the TAM- and TC- associated
networks. Here, we used the hierarchical clustering method in conjunction with topological
overlap matrix (TOM)-based dissimilarity to detect gene clusters within the network, as
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performed in the R package WGCNA [17]. In specific, the topological overlap matrix
S = (s;;) is defined based on the weighted adjacency matrix W = (w,) as follows

¢ = Ly + wy
Y7 minfk, k;} + 1 — wy;’

®)

v
u=1

Vi
u=1

where [, =Y w,w,, and k, = Y, w;,. And the TOM-based dissimilarity d,, is defined

as

d;j=1-s;.

(6)

The dissimilarity d,, summarizes the global connection information between the /th and

J-th genes within the gene network instead of only focusing on their pairwise relationship.
Thus, 4, leads to more distinct gene cluster than the standard measure (e.g., 1 minus the
absolute value of correlation coefficient) [18], [19]. With the TOM-based dissimilarity, we
obtained a clustering dendrogram using the average linkage hierarchical clustering method.
The dynamic tree cut method [20] was adopted to cut branches off the dendrogram, and thus
we obtained several distinct gene clusters within the network. In the R package WGCNA,
the parameter deepSplit controls how finely the branches should be split. The higher value
of deepSplit gives smaller clusters. Another parameter minClusterSize limits the minimum
number of genes in each cluster.

D. MIGN Construction for Exploration of Communication Between TAMs and TCs

Within the TAM- and TC- associated networks, the concordance measure K-index [21] was
adopted to correlate gene clusters with patient survival. Typically, gene clusters were well
represented by their eigengenes (i.e., the first principal component of the expression matrix
of the gene cluster). Thus, for TAM- and TC- associated networks, the eigengene-based
K-index was calculated for each cluster as

.2 I(R, > R)
K~ index = n(n — 1)%1 + exp(R; — R)’

@

where n denotes the sample size of involved patients, and R, indicates the eigengene-based
risk score for the /th patient. Consequently, gene clusters with K — index > 0.6 were
considered to be highly correlated with survival outcomes in TAM- and TC- associated
networks.

To build the multicellular interaction gene network (MIGN), we combined genes in those
clusters that identified to be highly correlated with patient survival in TAM- and TC-
associated networks. Then scale-free network was constructed with the selected genes,
and clustering analysis was performed within the network. Given the intense signaling
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interaction between TAMSs and TCs during glioma development, the selected TAM- and
TC-clusters were assumed to merge in the MIGN if their underlying pathways worked
together to co-influence disease progression. Fisher’s exact test was applied to examine the
correspondence of gene clusters between MIGN and TAM/TC-associated networks.

Identification of the MIGN Prognostic Signature

Cell-cell communication was mainly mediated by secreted ligands and corresponding cell-
surface receptors. We collected prior information on ligand and receptor genes from the
Omni-path database [22], and screened TAM ligands and TC receptors in the TAM/TC
interaction gene clusters of MIGN. Besides, hub genes were selected as those with

K — index > 0.6 and connectivity k(g) within the top 10% of each gene cluster in the MIGN.
With the selected ligands, receptors, and hub genes, we conducted LASSO-based Cox
regression on each type of candidate genes to shrink the feature size. Next, a stepwise
variable selection procedure (with iterations between the ‘forward’ and ‘backward’ steps) for
Cox regression was applied to identify significant features. Patient age and tumor grade were
considered when selecting variables to achieve a more accurate prediction. Consequently,
we constructed the MIGN signature by fitting multivariate Cox regression model using the
selected signatures

F. Evaluation Measures of the MIGN Signature

Log-rank test and time-dependent ROC were used to evaluate prediction performance of the
MIGN signature. For gene expression profile X in both training and validation datasets, the
risk score f(X) = X'p was computed, where 3 denoted regression coefficients derived from
the multivariate Cox regression model. Patients were classified into high-risk or low-risk
groups by choosing the median of risk scores as cutoff in each dataset, indicating poor

or good prognoses. Kaplan-Meier (K-M) curves were then generated to summarize patient
survival in each risk group, and log-rank test was conducted to assess whether survival
curves for high-risk and low-risk groups were significantly different. Time-dependent ROC
analysis was performed to evaluate accuracy of the MIGN signature in predicting 1-year,
3-year, and 5-year survival rates. Larger value of the area under the ROC curve (AUC)
indicates better prediction of patient survival.

G. Dissecting TAM-TC Interactions in LGG By Multilayer Signaling Network Analysis

We collected single-cell RNA sequencing (scRNA-seq) data for LGG patients from the
publicly available database Gene Expression Omnibus (GEO) (www.ncbi.nlm.nih.gov/geo/)
with accession number GSE182109 to verify the crosstalk between TAMs and TCs. Seurat
v4.0.3 was used to perform quality control (QC), normalization, feature selection, and
dimensional reduction for the ScRNA-seq data. Low-quality cells containing <500 expressed
genes or >20% mitochondrial transcripts or >5% ribosomal transcripts were removed.
Additionally, principal components were batch-corrected for variations between tumor
specimens using the Harmony R package. Potential single-cell doublets were identified
using the DoubletFinder R package. Uniform Manifold Approximation and Projection
(UMAP) was used for visualization of the sScRNA-seq data. Moreover, multilayer signaling
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network analysis was performed to infer the intercellular communication between TAMs and
TCs using scMLnet [23], an R package developed by our group previously.

H. Assessing Potential Drug Sensitivity to New Treatments Based on the MIGN Signature

Since the translational pipeline was originated from a mouse study that proposed IGF-1R
inhibition as the treatment to drug resistance developed during CSF-1R blockade, it is of
interest to investigate the potential drug sensitivity of human LGG patients to the related
therapeutics. As an independently-developed bioinformatics pipeline, the oncoPredict R
package [24] could predict IC50 (the half maximal inhibitory concentration) of a large
number of drugs screened in cancer cell lines based on gene expression data of cancer
patients. Thus, we calculated potential clinical responses (IC50) to targeted drugs for

LGG patients using the oncoPredict package, with the authoritative drug response resource
Genomics of Drug Sensitivity in Cancer (GDSC) [25] being the training set. We attempted
to uncover treatments that exhibit significantly different sensitivity scores between the high-
risk and low-risk groups of patients stratified by the MIGN signature, which may bring
clinical benefit from the perspective of precision medicine.

Results

A. MIGN Construction and Analysis

We proposed a translational pipeline to construct the multicellular interaction gene network
(MIGN), to model communication between macrophages and glioma cells for LGG patients,
and to facilitate genome-wide screening of new drug targets for immunotherapies. As
demonstrated in the flowchart (Fig. 1), we first selected immunotherapy-related feature
genes (IFGs) for TAMs and TCs using cell-type specific RNA-seq data of existing
randomized preclinical mouse trials [11]. After translating them to human genome, we
obtained 255 IFGs for TAMs and 795 IFGs for TCs, respectively. Prior to building the
MIGN, we constructed and analyzed TAM- and TC- associated networks (see section
Methods for details).

For the TAM-associated network G, = (V,, W), the vertex set V, contained 255 nodes that
being the TAM-specific IFGs, and weighted adjacency matrix W, was built by setting

the soft threshold parameter g to 5. Thus, the network approximately satisfied scale-free
topology criteria with the index R? reaching 0.97. By setting the clustering parameters
deepSplit as 3 and minClusterSize as 25, four gene clusters were identified in the
TAM-associated network (Fig. 2(a)). Two clusters (TAM-brown and TAM-turquoise) were
considered being highly associated with overall survival, with K-index for their eigengenes
greater than 0.6 and their K-index distributions were significantly higher than those of others

(Fig. 2(c)).

For the TC-associated network G, = (V,, W,), the vertex set V, contained 795 nodes that
being the TC-specific IFGs, and weighted adjacency matrix W, was built by setting the

soft threshold parameter g to 5. Thus, the network approximately satisfied scale-free criteria
with the index R? reaching 0.84. By setting the clustering parameters deepSplit as 3 and
minClusterSize as 30, six gene clusters were identified in the TC-associated network (Fig.
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2(b)). Three clusters (TC-blue, TC-green and TC-turquoise) were considered being highly
associated with overall survival, with K-index for their eigengenes greater than 0.6 and their
K-index distributions were significantly higher than those of others (Fig. 2(d)).

To construct the MIGN G; = (V,, W5), we combined genes in those five clusters (TAM-
brown, TAM-turquoise, TC-blue, TC-turquoise, and TC-green) that identified to be highly
correlated with patient survival in TAM- and TC- associated networks. Here, the vertex set
Vv, contained a total of 609 nodes, and weighted adjacency matrix W, was built by setting
the soft threshold parameter g to 5, making the network approximately satisfied scale-free

topology criteria with the index R? greater than 0.8 (Fig. 3(a)). With the deepSplit set

to 3 and minClusterSize set to 30, four gene clusters (MIGN-blue, MIGN-brown, MIGN-
turquoise, and MIGN-grey) were identified in MIGN (Fig. 3(b)). All the clusters other than
MIGN-grey were highly correlated with patient survival (K-index > 0.6), and their K-index
distribution was significantly higher than that of MIGN-grey (Fig. 3(c)). Additionally, there
was a significantly positive correlation between K-index and connectivity in these three
clusters (Fig. 3(d)), allowing us to select hub genes in subsequent analysis.

B. MIGN Signature Identification for LGG Patients

Next, contingency tables were generated to examine the correspondence of gene clusters
between MIGN and TAM/TC- associated networks (Fig. 4(a) and (b)). Consequently, the
clusters MIGN-blue and MIGN-brown that comprised of both TAM- and TC-clusters were
referred to as the interaction gene clusters (IGCs), and the cluster MIGN-turquoise that
contained single type of cell-related genes was a non-interaction gene cluster (non-1GC).
Then KEGG enrichment analysis was performed on each of the gene clusters to explore their
biological implications (Fig. 4(c)). Both the IGCs (MIGN-blue and MIGN-brown) were
enriched in cell adhesion molecules. Despite involved in cell adhesion pathways, MIGN
brown was also enriched in several cancer-related pathways (e.g., TNF signaling pathway).
We screened TAM ligands and TC receptors in the IGCs since these clusters represent
intercellular signaling communication between TAMs and TCs. Besides, hub genes were
selected as those with K — index > 0.6 and connectivity k() within the top 10% of both the
IGCs and non-1GC.

We first applied LASSO-based Cox regression on each type of the candidate genes (ligands,
receptors, and hub genes) to shrink the feature size. Then we applied stepwise Cox
regression to identify the significant features, in which significance levels for entry (SLE)
and stay (SLS) were set at 0.15 to be conservative. Patient age and tumor grade were
considered when selecting variables to achieve a more accurate prediction. Additionally,

the significant TAM ligands (Fig. 5) were always included in the model, though they may
lose significance due to the masking effects of intermediate variables when combined with
receptors and hub genes. As a result, we obtained the MIGN signature that comprised

of four ligands (EFNB2, C3, IGF1, TNF), four receptors (LRRC4, FXYD6, GFRAL,
TNFRSF21), seven hub genes (ASPM, SOX6, ACVR2B, ATCAY, MSR1, PAK7, DUSP26),
and two clinical factors (Age and Grade). The forest plot together with the coefficient,
p-value and hazard ratio of the MIGN signature in the multivariate Cox regression model
were presented in Fig. 6.
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C. Performance Evaluation, Comparison, and Functional Investigation of the MIGN

Signature

We performed K-M and time-dependent ROC analyses to evaluate the performance of
MIGN signature with respect to predicting patient survival. For both the training and
validation datasets, the risk score was calculated for LGG patients to rank the sample in
descending order. We assigned the top 50% of patients as the high-risk group and the bottom
50% as the low-risk group according to the median risk scores. K-M curves for those two
groups of patients were well separated and the difference was significant according to the
log-rank test in both the training and validation datasets (Fig. 7(a) and (b)). Time-dependent
ROC analysis was then performed to assess prognostic accuracy. For the training dataset, the
time-dependent AUCs with respect to 1-year, 3-year, and 5-year survival rates were 0.923,
0.902, and 0.83, respectively (Fig. 7(c)). For the validation dataset, the time-dependent
AUCs with respect to 1-year, 3-year, and 5-year survival rates were 0.881, 0.867, and 0.839,
respectively (Fig. 7(d)). We tested prognostic significance of the MIGN signature using a
bootstrapping approach. We randomly selected 15-gene sets from the whole transcriptome
1000 times and compared their predictive accuracy with that of the MIGN signature.

The ROC curves of the MIGN signature against bootstrapped 15-gene signatures for the
validation set of CGGA cohort justified the prognostic significance of the MIGN signature
Fig. 7(e). These results suggest that the MIGN signature has good prognostic significance
and accuracy in both the training and validation datasets.

Moreover, we compared the predictive accuracy of the MIGN signature with three other
risk signatures designed for glioma patients. For clarity, the MIGN signature proposed

in this study is denoted as signature 1; signature 2 denotes the macrophage-related gene
signature proposed by Sun et al. [26] based on 12 genes (ANPEP, DPP4, PRRG1, GPNMB,
TMEM26, PXDN, CDH6, SCN3A, SEMA6B, CCDC37, FANCA, and NETO2); signature
3 represents the immune-related gene signature proposed by Zhang et al. [27] with 6 genes
(CANX, HSPA1B, KLRC2, PSMC6, RFXAP, TAP1); signature 4 denotes the clinical factor
signature (Age and Grade). To achieve a fair comparison, we adjusted signature 2 and
signature 3 with the clinical factors (Age and Grade) and re-trained their coefficients using
the TCGA dataset, which was exactly the training set for the MIGN signature. Consequently,
the time-dependent ROCs for the validation set of CGGA cohort indicated that the MIGN
signature outperformed all the other risk signatures (Fig. 8(a)—(c)).

To investigate biological functions of the MIGN signature, we conducted a literature survey
on the associated genes. As demonstrated in Fig. 8(d), all the signature genes were engaged
in biological processes of tumor growth and metastasis or have been reportedly correlated
with neuronal function. For example, IGF1 is known to regulate proliferation and migration
of glioma cells, and IGF1 together with its receptor IGF1-R appears to trigger LGG
progression to GBM [28]. Thus, the IGF1 signaling may provide therapeutic opportunities
for LGG patients. In addition, some of our signature genes have been validated as druggable
targets in glioma studies (Fig. 8(d)), further highlighting potential utilities of the MIGN
signature to develop novel treatments to extend survival of LGG patients.

To further explore the prognostic value of the MIGN signature in stratified cohorts, we
classified LGG patients in the TCGA dataset according to their treatment status and assessed
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the survival difference between high-risk and low-risk patients within each treatment group.
Consequently, the MIGN signature retained prognostic significance for LGG patients treated
with or without pharmaceutical therapy (Fig. 9(a) and (b)) and radiotherapy (Fig. 9(c)

and (d)), indicating that the MIGN signature could accurately identify patients with an
unfavorable prognosis regardless of their treatment characteristics. Additionally, we looked
into IDH1, IDH2 and TP53 mutation status with the information available from CGGA
dataset. It appears that there is a significant difference between risk scores evaluated by
MIGN signature of mutant and wild-type groups of patients (Fig. 9(e)), indicating the
association between MIGN signature and genomic alterations in low-grade gliomas.

D. Verification of TAM-TC Interactions in LGG Using scRNA-Seq

To provide further mechanistic evidence on the interplay between TAMs and TCs in

LGG patients, we leveraged the scRNA-seq data of human LGG tissues [29] to infer
cell-cell interactions in the tumor microenvironment. After cell filtration based on QC
metrics, we obtained 25986 cells from 4 tissues for subsequent analysis. PCA was applied
to reduce the dimensionality of data, and the top 2000 most variable genes were used

for cell clustering (Fig. 10(a)). The computed PCs were batch-corrected for variations
between tumor specimens using the Harmony R package (Fig. 10(b)), and doublet cells
were removed using the DoubletFinder R package (Fig. 10(c)). After re-clustering the
remaining single cells, we obtained nine cell clusters with distinct gene expression patterns
(Fig. 10(d)). Using the marker genes specifically expressed in each cluster, we classified
cell clusters as either macrophage (CD14, AIF1, FCER1G, TYROBP, CSF1R), glioma
cells (PDGFRA, SOX2, NES, GFAP, EGFR), oligodendrocytes (MBP, TF, MAG, MOG,
CLDN11), stromal cell (PDGFRB, ACTA2, PROM1, PECAML1, TEK) or T cells (CD2,
CD3D, CD3E, CD3G) (Figs. 10(e) and 11(a)).

Cell-cell communication networks globally depicted the intercellular ligand-receptor
interactions between the above cell types, which indicated that TAM-TC interactions were
among the most abundant cell-cell communication in the tumor microenvironment (Fig.
11(b)). Moreover, the MIGN signature-derived ligands and receptors (IGF1, EFNB2, TNF,
TNFRSF21, LRRC4) were verified to mediate TAM-TC interactions as shown in the
multilayer signaling network (Fig. 11(c)), where the downstream TFs (e.g., EGR1, MYC,
and TP53) activated target genes related to PI3K signaling pathway in glioma cells [30].
Collectively, these results indicated that the MIGN signature plays a vital role in regulating
intercellular communication between TAMs and TCs, and it thus implicates opportunities to
block LGG progression by biological interventions targeting TAMs.

E. Independent Evidence of Drug Sensitivity to IGF-1R Inhibition Based on the MIGN

Signature

Potential clinical responses of LGG patients to target therapies were calculated by

the oncoPredict R package [24]. Genomics of drug sensitivity in cancer (GDSC), an
authoritative resource for drug response data, was used as the training set. Using gene
expression data of LGG patients in the TCGA dataset, we found three IGF-1R inhibitors
(Linsitinib, NVP-ADW?742, and GSK1904529A) that exhibited significantly different
responses between high-risk and low-risk groups classified by the MIGN signature (Fig.
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12(a)). Besides, those IGF-1R inhibitors displayed markedly discriminative sensitivity
scores for high-risk and low-risk groups in the CGGA cohort (Fig. 12(b)). For both the
TCGA and CGGA cohorts, the low-risk group consistently presented lower 1C50 compared
to the high-risk group, indicating that patients in the low-risk group were more sensitive to
the IGF-1R inhibitors and may thus benefit a better therapeutic effect from this treatment.

On the other hand, gliomas are characterized by substantial heterogeneity among tumors,
underscored by the identification of several molecular subtypes (classical, mesenchymal,
neural, and proneural) [31]. Since proneural gliomas are always associated with better
survival than other subtypes [32], [33], we compared sensitivity scores among molecular
subtypes of LGG patients to examine whether the proneural patients possess potentially
more backup resources for the IGF-1R inhibition. As LGG patients are all missing
information on molecular subtypes in the TCGA database, the drug sensitivity exploration
was hence focused on LGG patients from the CGGA database. For the IGF-1R inhibitor
NVP-ADW?742, with a relatively lower IC50 than two other inhibitors (Linsitinib and
GSK1904529A) in both the TCGA and CGGA cohorts (Fig. 12(a) and (b)), the predicted
value of 1C50 for proneural patients was significantly lower than those of other subtypes
(Fig. 12(c)). Furthermore, correspondence analysis was conducted to reveal that the
proneural patients were highly enriched in the low-risk group classified by the MIGN-based
signature (Fig. 12(d)). Taken together, these results support our hypothesis that IGF-1
signaling, the critical pathway that connecting TAM and TC, might provide useful targets for
developing novel therapies in human gliomas.

V. Discussion

Immunotherapies have improved outcomes for many cancer patients, although non-
responders still exist widely, and drug resistance develops very quickly. Thus, there

an urgent need to develop novel therapeutic strategies for patients not responsive (or
resistant) to the current treatments. Drug development process is typically involved in
translating preclinical findings of animal experiments into human patient studies, however, a
translational pipeline to facilitate genome-wide screening of new drug targets for developing
immunotherapies has not been previously developed. Here, we proposed a gene network-
based translational pipeline for identification of drug targets for clinical intervention in
low-grade gliomas (LGG). We aimed to identify biologically impactful signature genes that
possess therapeutic potential and prognostic value, since patient survival is an important
population level surrogate for checking effectiveness of drug targets for advanced cancers
such as gliomas.

Biologically, cell-cell interaction (CCI) is an essential part to be considered in developing
effective immunotherapies. To model the CCI between tumor cells (TCs) and tumor-
associated macrophages (TAMs) for LGG patients, we first selected immunotherapy-related
feature genes (IFGs) for TAMSs and TCs from an existing animal study. Since treatments

in animal models have altered the IFG expression levels, those genes have the potential

to be similarly modified in humans, thus improving the likelihood of eventual success in
developing novel therapies based on the selected genes. On the other hand, those IFGs are
significantly associated with survival outcomes of mice bearing gliomas; they thus may
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contain driver genes related to disease progression that are highly predictive of survival.
After translating IFGs to those in human genome, we constructed TAM- and TC- associated
networks separately, using a large publicly available dataset for LGG patients. Since gene
clusters are more likely to be reproducible and often carry high impact than a single gene,
those clusters highly associated with patient survival in each TAM- and TC- associated
network were selected and combined to build the multicellular interaction gene network
(MIGN).

Of note, for the selected clusters in TAM- and TC- associated networks, the connectivity
k(p) of pivotal genes is positively correlated with patient survival as measured using
concordance K-index. This is consistent with our hypothesis that evolutionally-conserved
(between mouse and human) genes and gene networks are likely to play essential roles in
survival prediction, and genes with high K-index and high connectivity in sub-networks tend
to be biologically more impactful. Then cluster-derived hub genes and potentially activated
ligands and receptors were identified in the MIGN to constitute the candidate features. For
easy biological investigation in lab studies and medical intervention in clinical trials, it is
desired to identify a relatively small set of signature genes as therapeutic targets to develop
novel cancer treatments. Thus, we implemented LASSO-based and stepwise Cox regression
models on the candidate features, obtaining the MIGN signature as a predictor of patient
prognosis as well as candidate targets for developing novel immunotherapies. Additionally,
scRNA-seq data of human LGG tissues was leveraged to elucidate how TAMs interact with
TCs in LGG patients. Multilayer network analysis was adopted to verify that the selected
ligands and receptors were involved in mediating macrophage-glioma interactions.

The first limitation of the translational research pipeline proposed in this study is that

we have to find proper preclinical or trials for the selection of IFGs. Secondly, the bulk
RNA-seq data we used to construct gene networks is the averaged expression profile of the
selected IFGs, instead of the cell-type specific expression levels. Furthermore, intercellular
signaling transduction is spatially heterogeneous in the tumor microenvironment. Thus,
future work may focus on integrating SCcRNA-seq and spatial transcriptome RNA sequencing
to develop novel methodologies to infer cell-cell communication between immune cells and
tumor cells and uncover druggable target genes for novel biological interventions.

V. Conclusion

In summary, we have developed a translational pipeline to borrow strength from animal
models, and to decipher the genome-wide crosstalk between TAMs and TCs in LGGs.

The newly developed strategy addresses critical challenges in interrogating how TAM-TC
communication affects patient prognosis, thus it facilitates the identification of signature
genes for survival prediction and therapeutic targets for immunotherapy development.
Furthermore, potential clinical responses to targeted drugs were evaluated for LGG patients,
which uncovered IGF-1R inhibition as the treatment to benefit the low-risk group stratified
by the MIGN signature. There is evidence that proneural glioma patients are enriched in the
low-risk groups which warrants further investigation and might have implications for new
trial design or improve disease management from the perspective of precision medicine.
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Sc%ematic illustration of the translational pipeline to construct the multicellular interaction
gene network (MIGN) for identification of prognostic signature. (a) Detection of
immunotherapy-related feature genes (IFGs) for TAMSs and TCs from preclinical mouse
trials. (b) After translating IFGs to the human genome, TAM- and TC- associated networks
were constructed, survival-correlated gene clusters were selected, and the MIGN was built
to model the TAM-TC interplay. (c) Based on the MIGN, we identified prognostic signature
that comprised of ligands, receptors, and hub genes. Kaplan-Meier and time-dependent ROC
analyses were used to evaluate its predictive accuracy. An independent LGG cohort was
used for validation. Literature survey was conducted to explore biological functions of the
signature genes. Potential drug sensitivity to new targeted therapies was further assessed
based on the identified signature.
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Fig. 4.
Cluster correspondence and enrichment analysis. (2) Correspondence of gene clusters

between MIGN and the TAM-associated network. (b) Correspondence of gene clusters
between MIGN and the TC-associated network. The MIGN clusters with their sizes were
spread as columns. TAM and TC clusters with their sizes were spread as rows. The number
of overlapped genes for a given pair of MIGN and TAM/TC clusters was calculated, and the
statistical significance of the overlap was examined by Fisher’s exact test, for which p-value
was shown in the parenthesis (in —/og,q scale). The color scale represents the p-value of
Fisher’s exact test: the darker the color, the lower the p-value and the stronger significance
of the overlap. (c) KEGG enrichment analysis of gene clusters in MIGN.
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Gene Cell Type Coefficient P value Hazard Ratio(95% Cl)
EFNB2 TAM ————i ligand 0.546 0 1.726(1.35-2.208)
c3 TAM —_—— ligand 0.706 0 2.025(1.499-2.736)
IGF1 TAM  —e— ligand -0.387 0.006  0.679(0.514-0.896)
TNF TAM —— ligand -0.235 0.109 0.791(0.593-1.054)
Age ° clinical factor 0.055 0 1.056(1.041-1.072)
Grade —@————————— clinical factor 0.838 0 2.313(1.555-3.44)
I I
05 1 1.5

Hazard Ratio

Fig. 5.
Forest plot of multivariate Cox regression analysis indicated that those ligands (EFNB2, C3,

IGF1, TNF), and clinical factors (Age and Grade) were significant by setting the cutoff of
p-value as 0.15 in the stepwise variable selection procedure.
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Gene Cell Type Coefficient P value Hazard Ratio(95% Cl)
EFNB2 TAM —_— ligand 0.212 0.231 1.236(0.874-1.747)
Cc3 TAM — ligand 0.068 0.777 1.071(0.668-1.717)
IGF1 TAM ———t ligand -0.144 0.381 0.866(0.628-1.195)
TNF TAM —— ligand -0.161 0.33 0.851(0.615-1.177)
ASPM TC —_————— receptor 0.693 0 1.999(1.476-2.707)
SOX6 TC +—@— receptor -0.436 0.033  0.646(0.433-0.966)
ACVR2B TC —_——i receptor 0.539 0.002 1.714(1.222-2.403)
LRRC4 TC ——1 receptor -0.285 0.039  0.752(0.573-0.986)
ATCAY TC —————i hub gene 0.571 0.001 1.77(1.259-2.489)
FXYD6 TC ——t hub gene -0.413 0.002  0.662(0.508-0.862)
GFRA1 TAM ——t hub gene -0.33 0.017  0.719(0.548-0.943)
MSR1 TC hub gene 0.587 0.014 1.799(1.128-2.868)
PAK7 TAM —— hub gene -0.329 0.035  0.719(0.529-0.978)
DUSP26 TC —— hub gene 0.238 0.055 1.268(0.995-1.617)
TNFRSF21 TAM —— hub gene -0.222 0.129  0.801(0.601-1.067)
Age ® clinical factor 0.052 0 1.053(1.037-1.07)
Grade —_— clinical factor 0.34 0.145 1.405(0.89-2.219)
T T
0.5 1 15
Hazard Ratio

Fig. 6.
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A 15-gene signature adjusted with clinical factors (Age and Grade) identified in this study
for prognosis prediction of LGG patients. The MIGN signature was comprised of 3 types

of genes (ligand genes, receptor genes, and hub genes) from either TAM or TC. The forest
plot together with coefficient, p-value, and hazard ratio in multivariate Cox regression model

were presented.
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Evaluation of prognostic performance of the MIGN signature. (a)-(b) K-M survival analysis

of highand low-risk groups of LGG patients in the training dataset TCGA and in the

validation dataset CGGA. (c)-(d) Time-dependent ROC analysis of LGG patients in the
training dataset TCGA and in the validation dataset CGGA. (e) ROC curves of bootstrapped
15-gene signatures (blue, only 100 curves were shown) and MIGN signature (red) with

respect to 1-year, 3-year, and 5-year survival rates in the validation dataset CGGA.

IEEE J Biomed Health Inform. Author manuscript; available in PMC 2025 May 21.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Heetal.

Fig. 8.
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(a) (b) (c)
Gene Biological function
EFNB2 A cell surface ligand mediating glioma proliferation and invasion [34].
c3 Acentral protein in complement system, which promotes immune cell infiltration and possesses potential
to serve as therapeutic target [35].
IGF1 A known mediator of tissue repair and neuroprotection, and IGF1 together with its receptor IGF1-R
appears to trigger LGG progression to GBM [28].
TNF A central player in the inflammatory response and pathogenesis of cancer, also mediating intrinsic
resistance to EGFR inhibition [36].
LRRC4 Atumor suppressor for glioma by inhibiting tumor cell proliferation and invasion [37, 38].
FXYD6 A member of FXYD family, which involves in cancer progression process [39].
GFRA1 A cell surface receptor mediating apoptosis and tumor invasion [40].
TNFRSF21 A member of the TNF receptor family that regulating tumor genesis and growth [41].
ASPM A protein involved in mitotic spindle function during cell replication to promote cancer invasion [42].
SOX6 A member of SOX family that critically controls cell proliferation and differentiation in cancer [43].
ACVR2B A member of the TGF-g family, which contributes to initiation and progression of many cancers
including glioma [44].
ATCAY ATCAY encodes the brain-specific protein Caytaxin, which plays important role in neuronal function.
The anti-ATCAY autoantibody is a potential biomarker for Alzheimer [45].
MSR1 The marker gene of macrophage M2 polarization that involved in many pathological processes,
including infl ity and apoptosis [29].
PAK7 The inhibition of PAK7 reduces cell viability and delayed the cell cycle at the G0/G1 phase in the glioma
cells [46].
DUSP26 A tumor suppressor in gliomas with potential to serve as therapeutic target [47].

(©)
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Comparison and functional investigation of the MIGN signature. (a)-(c) The time-dependent

ROC with respect to 1-year, 3-year, and 5-year survival rates in the validation dataset
CGGA. Signature 1 denotes the MIGN signature proposed in this study. Signature 2

represents the macrophage-related gene signature proposed by Sun et al [26]. Signature 3

is the immune-related gene signature proposed by Zhang et al [27]. Signature 4 denotes the
clinical factor signature, i.e., age and grade. The AUC values of each signature are shown at
right bottom. (d) Literature survey for the genes involved in the MIGN signature.
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Fig. 9.

Prognostic significance of the MIGN signature in the stratified cohorts. The MIGN

(©)
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gene signature retained prognostic significance for LGG patients treated with or without
pharmaceutical therapy (a) and (b) and radiotherapy (c) and (d). Median cutoff values were
used to determine high-risk and low-risk groups in each stratified cohort. The statistical
significance of the difference between survival curves was assessed using the log-rank test.
(e) Distribution of the MIGN signature in LGG patients stratified by IDH1 mutation status,
IDH2 mutation status, and TP53 mutation status. Wilcoxon rank-sum test was used to assess

the statistical significance of the difference between the mutant and wild-type groups.

IEEE J Biomed Health Inform. Author manuscript; available in PMC 2025 May 21.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

He et al.

Page 25

GSM5518630_LGG-04-1
GSM5518631_LGG-04-2
GSM5518632_LGG-04-3
GSM5518638_LGG-03

UMAP_2

0000000O0COCOOS

S OONOVAWN=0
UMAP_2
0000

°

15
© Doublet k

® Singlet 4

e00ececo0
ONONBWN 2O

Average Expression

1
500 O @ ® ¢ o - - - s e e et e e e e Io
-1

Percent Expressed

3 0@e0 @ ® o ¥ 5§l BE W EE SR bt
* 25
® 50

2 SRR LR E I T

o0 oo ° s

0{+ ¢ » o [ - 00O - - - o - . . ..
TP RLER KO LD A o KRS Nk GO & O
LT LIS S ETSS € @ R LT S S S GP S5
&S FEE T TN E S EF O S

(e)

Fig. 10.
Cell type annotation on sScRNA-seq data. (a) PCA was applied to reduce the dimensionality

of the data for cell clustering. (b) Computed principal components were batch-corrected
for variations between tumor specimens. (c) Identification of potential single-cell doublets.
(d) Cell clustering map after removing doublet cells. (e) Dot plot showing marker gene
expression for different cell types. Dot sizes indicate the percentage of cells in each cluster
expressing the gene, and colors indicate average expression levels.
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Verification of interactions between macrophages and gliomas using sSCRNA-seq data. (a)
UMAP projections of 25986 single cells from human LGGs, with cell type annotations. (b)
Cell-cell communication networks in glioma microenvironment ecosystem. Each cell type
corresponds to a dot of one color, and the communication between two types of cells is
represented by the edges, whose thickness represents the number of downstream target genes
activated by the ligand-receptor pairs between the cell types, and the color of edge represents
the direction of cell communication (e.g., the red edge represents the signals delivered by
macrophages). (c) Sankey diagram for the multilayer signaling network. Each rectangle
represents a gene, and the connection between genes of different layer is visualized based on
the colors that assigned to each TF.
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Fig. 12.
Assessing drug sensitivity of LGG patients to IGF-1R inhibition stratified by the MIGN

signature. (a) Predicted 1C50 distribution of three IGF-1R inhibitors for high-risk and
low-risk LGG patients in the TCGA dataset. IC50 indicates the half maximal inhibitory
concentration. (b) Predicted IC50 distribution of three IGF-1R inhibitors for high-risk and
low-risk LGG patients in the CGGA dataset. (c) Predicted IC50 distribution of the IGF-1R
inhibitor NVP-ADW?742 for four subtypes of LGG patients in the CGGA dataset. (d)
Correspondence of samples between LGG subtypes and the risk groups classified by the
MIGN signature in the CGGA dataset. The number of overlapped samples for a given pair
of risk group and subtype was calculated, and the statistical significance of the overlap was
examined by Fisher’s exact test, for which p-value was shown in the parenthesis (in —/ogg
scale).
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