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Abstract

tool for personalized medicine in molecular diagnosis.

Advances in sequencing technologies are reshaping clinical diagnostics, prompting the development of new soft-
ware tools to decipher big data. To this end, we developed functional genomic imaging (FGI), a visualization tool
designed to assist clinicians in interpreting RNA-Seq results from patient samples. FGl uses weighted gene co-expres-
sion network analysis (WGCNA), followed by a modified Phenograph clustering algorithm to identify co-expression
gene clusters. These gene modules were annotated and projected onto a t-SNE map for visualization. Annotation

of FGI gene clusters revealed three categories: tissue-specific, functional, and positional. These clusters may be used
to build tumor subtypes with pre-annotated functions. At the multi-cancer cohort level, tissue-specific clusters are
enriched, whereas at the single cancer level, such as in lung cancer or ovarian cancer, positional clusters can be more
prominent. Moreover, FGI analysis could also reveal molecular tumor subtypes not documented in clinical records
and generated a more detailed co-expression gene cluster map. Based on different levels of FGI modeling, each indi-
vidual tumor sample can be customized to display various types of information such as tissue origin, molecular sub-
types, immune activation status, stromal signaling pathways, cell cycle activity, and potential amplicon regions which
can aid in diagnosis and guide treatment decisions. Our results highlight the potential of FGI as a robust visualization
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Introduction

RNA sequencing (RNA-Seq) has emerged as a valuable
tool in both clinical diagnostics and research endeavors
[1]. By analyzing RNA-Seq data, researchers and clini-
cians can gain valuable insights into a multitude of sam-
ple characteristics. These include, but are not limited to,
cell proliferation rates, immune activation levels, cellular
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differentiation processes, apoptosis dynamics, and the
activity of signaling pathways. The versatility and depth
of information provided by RNA-Seq have positioned it
as a cornerstone technology for unraveling the complexi-
ties of biological systems and advancing our understand-
ing of disease mechanisms.

Conventional methods used in RNA-Seq data analysis
include principal component analysis (PCA), unsuper-
vised clustering, differential gene expression (DGE), and
gene set enrichment analysis (GSEA) [2]. PCA and other
dimensionality reduction techniques (e.g., t-SNE [3, 4])
may provide unbiased separation of samples on 2D or
3D planes. On the other hand, DGE analysis, using tools
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such as DESeq2 [5] and Limma [6], aims to identify genes
that exhibit statistically significant changes across differ-
ent sample groups and treatment conditions. GSEA goes
a step further by revealing the enrichment of functional
gene sets under different phenotypic and treatment con-
ditions, which provide pathway activation status for sam-
ples. All these methods help identify genes and pathways
of interest through defining sample groups and finding
inter-group differences, which provide functional inter-
pretations of the transcriptomic data and facilitate the
discovery of potential biomarkers.

Although PCA and t-SNE allow samples to be visual-
ized along principal component axes, one drawback
is that the results may not be easily interpretable at the
functional level. Moreover, dimensionality reduction
algorithms have their own limitations. For instance, PCA
is a linear method and may not capture complex, non-
linear patterns present in the data [7]. While t-SNE is
computationally intensive and sensitive to parameters,
researchers often use t-SNE combined with clustering
methods to better interpret high-dimensional biological
data [3, 8]. DEG and GSEA methods are useful for scru-
tinizing inter-group differences only when the groups are
pre-determined. In real-world clinical samples, signifi-
cant heterogeneity exits not only between sample groups
but also within each sample. This complexity often ren-
ders conventional methods reliant on grouping ineffec-
tive, leading to suboptimal results in analysis.

In this study, we developed a gene expression analy-
sis tool, functional genomic imaging (FGI), to visualize
functional gene modules in a user-friendly manner. FGI
utilizes weighted gene co-expression network analy-
sis (WGCNA) for network construction [9], followed
by dimensionality reduction, clustering, and functional
annotation. It effectively showcases the functional mod-
ule composition of co-expression networks in both pan-
cancer and individual cancer types, providing a clear
representation of functional pathway differences among
tumor samples from clinical RNA-Seq data.

Materials and methods

Data sources

RNA-Seq data of the Cancer Genome Atlas (TCGA)
were obtained from the GDC website (https://portal.
gdc.cancer.gov, last accessed on January 11, 2024) [10].
We focused on 26 cancer types with more than 100 sam-
ples. Non-tumor and metastatic tumor samples were
filtered out based on sample barcodes. The tumor types
included in this study ordered by sample numbers are
Breast invasive carcinoma (BRCA, n=1049), Uterine
Corpus Endometrial Carcinoma (UCEC, n=554), Kid-
ney renal clear cell carcinoma (KIRC, n=541), Brain
Lower Grade Glioma (LGG, n=534), Thyroid carcinoma

Page 2 of 11

(THCA, n=504), Head and Neck squamous cell carci-
noma (HNSC, n=502), Lung squamous cell carcinoma
(LUSC, n=502), Lung adenocarcinoma (LUAD, n=501),
Prostate adenocarcinoma (PRAD, n=500), Bladder
Urothelial Carcinoma (BLCA, n=412), Colon adenocar-
cinoma (COAD, n=397), Ovarian serous cystadenocar-
cinoma (OV, n=381), Stomach adenocarcinoma (STAD,
n=375), Liver hepatocellular carcinoma (LIHC, n=374),
Cervical squamous cell carcinoma and endocervical
adenocarcinoma (CESC, n=304), Kidney renal papil-
lary cell carcinoma (KIRP, n=291), Sarcoma (SARC,
n=262), Pheochromocytoma and Paraganglioma (PCPG,
n=182), Glioblastoma multiforme (GBM, n=169),
Esophageal carcinoma (ESCA, n=162), Testicular Germ
Cell Tumors (TGCT, n=156), Rectum adenocarcinoma
(READ, n=152), Acute Myeloid Leukemia (LAML,
n=150), Pancreatic adenocarcinoma (PAAD, n=143),
Thymoma (THYM, n=120), and Skin Cutaneous Mela-
noma (SKCM, n=103).

RNA-Seq data and proteomic data of the CPTAC data-
set were obtained from the CPTAC Pan-Cancer Data
website  (https://pdc.cancer.gov/pdc/cptac-pancancer,
last accessed on October 10, 2024).

Microarray dataset GSE63885 was downloaded from
GEO website (https://www.ncbi.nlm.nih.gov/geo/query/
acc.cgi?acc=GSE63885).

FGI procedures

FGI begins by constructing a co-expression network
using weighted gene co-expression network analysis
(WGCNA). Co-expressed gene modules are then iden-
tified using a modified Phenograph clustering algorithm
[11]. These gene modules are then annotated using
metascape programs [12], after which they are projected
onto a gene t-SNE map and visualized with their func-
tions clearly labeled (Fig. 1A).

(A) Data filtering

Before FGI analysis, genes underwent several filter-
ing steps. TPM (transcripts per million) [13] values
were log-transformed as log,(TPM +1). Genes with
a maximum log,TPM less than 2 across all samples
were excluded. The Top 20,000 genes with the high-
est median absolute deviation (MAD) values were
selected.

(B) Dimensionality reduction of genes

We first used the WGCNA R package (version
1.72.1) to obtain the topological overlap matrix
(TOM) [14] from filtered RNA-Seq data and trans-
formed TOM to a distance matrix as -log,(1-TOM).
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Fig. 1 Schematic workflow of the Functional Genomic Imaging (FGI) analysis. A The TPM/FPKM data matrix was filtered and processed using
WGCNA, producing a gene distance matrix. Phenograph was applied to identify coexpression gene clusters, which were then visualized using
t-SNE. Based on this, functional annotation, gene expression profiling, and cancer subtyping were performed to gain more detailed insights
into gene expression patterns within different cancer types and their clinical relevance

Next, We used the Rtsne package (version 0.16) [15]
to reduce the dimensionality of the gene distance
matrix, with the following parameter settings: per-
plexity =20, theta=0.2. The “is_distance” parameter
was set to TRUE to treat the input matrix as a dis-
tance matrix rather than a coordinate matrix.

(C) Gene clustering, annotation, and visualization

To normalize gene expression levels of each FGI clus-
ter across samples, we calculated the enrichment
score for each cluster using the GSVA R package
(version 1.42.0) [16]. By default, WGCNA identi-
fies gene modules through hierarchical clustering,
we employed the Rphenograph package (version
0.99.1) for gene clustering, achieving more bal-
anced clustering results which facilitated subse-
quent annotation steps (Details of the comparison
are presented in Fig. S4). The Rphenograph pack-
age was slightly modified to allow processing dis-
tance matrices instead of gene expression matrices.
The resulting FGI gene clusters were submitted to
Metascape (https://metascape.org, version 3.5, last
accessed on March 28, 2024) for pathway enrich-
ment and cell type analyses. The annotated gene
modules were then visualized using the ggplot2 R
package (version 3.4.4) to plot clusters on t-SNE

(See figure on next page.)

dimensions, using colors to highlight gene expres-
sion levels.

FGI maps for single samples were also generated to
show the Z-score of each gene in the corresponding
TCGA samples.

To validate the effectiveness of the workflow, we first
tested our method using RNA-Seq data from the Cancer
Genome Atlas (TCGA) repositories, including samples
from different tissue origins. Then we further narrowed
the focus to cancer types with known internal differences
and tested our method on TCGA-LUAD/LUSC. Lastly,
we applied FGI to high grade ovarian cancer, which has
high heterogeneity and no histological sub-classifications.

Results

FGI analysis on the TCGA Pan-Cancer dataset

Tumor samples exhibit considerable heterogeneity in
tissue sources and functionalities. We initiated our FGI
(functional genomic imaging) process (Fig. 1) on the top
level using TCGA pan-cancer RNA-Seq dataset which
includes 780 samples from 26 cancer types. After filter-
ing out low-expression genes and pseudogenes, the top
20,000 most variably expressed genes were used to com-
pute gene distances via WGCNA, generating co-expres-
sion gene clusters (FGI gene clusters). This resulted in
54 clusters with gene numbers ranging from 6 to 2151
(Fig. 2A). Next, we calculated GSVA score of FGI gene

Fig. 2 FGl clustering analysis on TCGA pan-cancer RNA-Seq data. A t-SNE plot of 54 FGI gene clusters generated from 26 tumor types. B Clustering
heatmap using GSVA scores of FGI gene clusters for samples of 26 tumor types. C Examples of tissue specific FGI gene clusters (liver and brain),
showing boxplot of GSVA scores of clusters in tumor samples. D Examples of functional FGI gene clusters (cell cycle and lymphocyte activation),
showing boxplot of GSVA scores of clusters in tumor samples. E Examples of positional FGI gene clusters, showing cluster names and gene
distributions on chromosomes. F GSVA score violin plot of cluster_1 genes in male and female samples from TCGA
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clusters for 6390 samples across 26 cancer types (TCGA
sample sizes vary significantly across different cancer
types, so we limited the sampling to a maximum of 300
samples per cancer type to ensure balanced data repre-
sentation in the results.) and generated a pan-cancer
expression heatmap of FGI gene clusters (Fig. 2B). This
revealed that many clusters are expressed in a tissue-spe-
cific manner, suggesting that, at this top level, FGI may
resolve tissue specificity. Next, we annotated each FGI
gene cluster using Metascape (supplemental Table S1).
This confirmed that many clusters are indeed specifically
enriched in one or several tumor types. For example,
cluster_6 is exclusively highly expressed in liver can-
cers (LIHC, Fig. 2C) and cluster_12 is only expressed in
tumors from the brain (GBM and LGG, Fig. 2C). Some
clusters are less tissue-specific but share common phe-
notypic characteristics. For instance, cluster_9 represents
a cell cycle gene signature with elevated expression in
multiple cancer types, including several squamous-like
tumors (CESC, HNSC, LUSC) and cluster_14 represents
a lymphocyte activation signature with elevated expres-
sion across multiple cancer types, and may be associated
with a higher leukocyte fraction (KIRC, LUAD) or tissues
of origin related to leukocytes (THYM, LAML) (Fig. 2D)
[17, 18]. Additionally, we found that some FGI gene clus-
ters are located within specific chromosomal regions,
many with unknown functions (Fig. 2E). These may be
from evolutionarily formed gene clusters or tumor ampli-
cons. One interesting cluster is cluster_1, with 7 out of
9 genes localized to Yp11.22. As a result, cluster_1 is
highly expressed in prostate cancer (PRAD) and mini-
mally expressed in breast and cervical cancers (BRCA,
CESC) as shown in Fig. 2B. Further analysis of 6,390
samples revealed that cluster_1 had significantly higher
expression in males than in females (Fig. 2F). Another
notable observation is that several HOX gene clusters are
highlighted, with cluster_35 mapped to the HOXC gene
cluster at 12q13, cluster_36 to the HOXB gene cluster at
17q21, and cluster_41 to the HOXD gene cluster at 2q31.
Cluster_35 and cluster_41 are highly expressed in several
cancer types, particularly KIRC, while cluster_36 shows
elevated expression in COAD and READ. This may sug-
gest the critical role of the HOX gene family in these can-
cers [19, 20].

Annotation of TCGA Pan-Cancer FGI gene clusters

Based on cluster annotations, we constructed an FGI
map at the pan-cancer level (Fig. 3A, Table S1). We cat-
egorized gene clusters into three overlapping categories:
tissue-specific, functional, and positional, representing
tissue-specific clusters, clusters of known functions, and
clusters of known chromosomal locations but less func-
tional annotation (Fig. 3B, Table S4). Interestingly, gene
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clusters on the FGI map appear to group based on their
functions. This allowed us to further categorize FGI clus-
ters into eight subcategories such as proliferation, house-
keeping, immune-related, and stroma-related, in addition
to tissue-specific clusters (Fig. 3A inset, Supplemental
Fig. S1A). With a well annotated FGI backbone, we dem-
onstrated the utility of FGI in personalized diagnosis
using RNA-Seq, as shown in Fig. 3C. FGI maps were gen-
erated from three individual samples of different tumor
types. As expected, FGI maps displayed tissue-specific
clusters for LIHC, GBM, and LAML. On the other hand,
they clearly showed different levels of expression for clus-
ters related to cell cycle, oxidative phosphorylation, and
stroma/angiogenesis. This enables us to appreciate the
differential activation of cancer-related pathways and
tumor microenvironment changes in individual tumor
samples and may help tailor therapeutic strategies.

FGI analysis on TCGA lung cancer dataset

We next applied FGI analysis to tumors derived from the
same tissue type but exhibiting known heterogeneity in
histology. To this end, we used non-small cell lung can-
cers as a relatively simple model system, including 501
LUAD plus 502 LUSC samples from TCGA. The FGI
map was constructed and annotated in a similar manner,
yielding 23 functionally annotated clusters, 35 positional
clusters, with two gene clusters of overlap (Fig. 4A-C,
supplemental Tables S2, S5). The layout of the lung FGI
map closely resembled that of the pan-cancer FGI map,
with housekeeping gene clusters interconnected in the
center, surrounded by other functional domains and
scattered positional clusters. Although we did not define
“tissue-specific” clusters at this level, we did observe cell
type specific clusters in lung tumors. For example, clus-
ter_8 is enriched in genes specific to squamous epithelial
cells, cluster_7 is associated with alveolar epithelial cells,
and cluster_18 with ciliated epithelial cells, supporting
the idea that lung cancers may arise from distinct epi-
thelial progenitors at different developmental stages [21].
Several clusters are clearly linked to LUAD and LUSC
subtypes (Supplemental Fig. S2A). This includes clus-
ter_1 (cell cycle genes), cluster 5P (enriched with genes
located on chromosome 3q26-29, a region known to be
amplified in several squamous cancers) [22], cluster_8
(squamous epithelial related), and cluster_7 (alveolar
epithelial related). Unsupervised consensus K-means
clustering using eight well-annotated clusters separated
LUAD/LUSC into four major subtypes (Fig. 4D). LUAD
has two subtypes: one is high in ECM, angiogenesis, and
inflammatory response genes, the other is high in ribo-
somal genes. LUSC also has two subtypes: one with high
cell cycle genes and ribosomal genes, the other with high
ECM with moderately elevated signals in angiogenesis
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and inflammatory response genes. When FGI maps were
generated for individual samples of LUAD and LUSC,
we clearly observed differential activation of specific
domains of FGI gene clusters corresponding to histology
subtypes (Fig. 4E and F, Supplemental Fig. S1B), confirm-
ing that FGI may be used as an effective visualization
approach to display tumor sources and functions.

FGI analysis on TCGA ovarian cancer dataset

Finally, we applied FGI analysis to TCGA OV dataset,
which is primarily composed of high-grade serous car-
cinomas without refined histology classifications. Nota-
bly, among the 71 FGI gene clusters identified, 53 were
positional, only 13 clusters were functional annotated
(Fig. 5A-C, Tables S3, S6). When consensus K-means
clustering was applied with six functional clusters and
seven positional clusters, we obtained four OV subtypes
(Fig. 5D). Both cluster C1 and C3 show high expression
in myeloid and lymphoid cells, whereas C1 exhibits addi-
tional activation of genes in many other clusters. C1 clus-
ter shows activation of 8q24 genes, while cluster C2 is
immune “cold’; with activation of 19q13 genes. Previous
studies have suggested the presence of MYC/PVT1 onco-
genes in the 8q24 region [23], while the 19q13 region
harbors the AKT2 gene, which has been frequently
reported as activated in ovarian cancer [24]. When FGI
maps were generated for individual OV patient samples,
we observed differential activation of specific domains of
FGI gene clusters corresponding to FGI derived subtypes
(Fig. 5E and F, supplemental Fig. S1C), demonstrating
that FGI can be further applied to heterogeneous tumors
with unknown histological subtypes.

FGI analysis reveals correlation between HOXA gene
cluster expression and clinical stages in ovarian cancer

We further investigated the correlation between FGI
output and clinical parameters. One important param-
eter for tumors is Ki-67 immunohistochemical staining.
Unfortunately, this piece of information is not included
in TCGA clinical records. We therefore used data from
CPTAC, which provides proteomic profiles of tumor
samples, including the Ki-67 protein. Pan cancer FGI
analysis revealed a good correlation of cluster 9 (cell
cycle cluster) with Ki-67 protein levels in most of the can-
cers where Ki-67 is highly expressed, except for kidney

(See figure on next page.)
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cancer and pancreatic cancer, where Ki-67 expression
levels are notably low (Supplemental Fig. S5). Another
important parameter is clinical stage, a key indicator of
disease progression and treatment planning in OV can-
cer [25]. Unsupervised analysis of TCGA-OV dataset
revealed potential correlation between FGI gene modules
and ovarian cancer clinical stages (Fig. 6A volcano plot).
To validate this finding, we analyzed an external ovarian
cancer gene expression dataset (GSE63885). This con-
firmed that expression of cluster_24, is correlated with
clinical stages (Fig. 6B and C, Supplemental Table S9).
Cluster_24 is composed of HOXA family genes, which
have been previously reported to be associated with lin-
eage infidelity and cell differentiation in ovarian cancer
[26]. At the single gene level, we found the observed sta-
tistical differences in cluster_24 could be attributed to
HOXA4, HOXAS5, and HOXA2 genes (Fig. 6D and Sup-
plemental Fig. S6) in both TCGA-OV and GSE63885
datasets. These results suggest that FGI has the capacity
to output results that align well with the medical records
of patient samples.

Discussion and Conclusion

Sequencing technology is now commonly used in the
clinic and provides us with a deluge of information.
Amidst this abundance of ‘big data; there is a need to
curate and transform these complex datasets into for-
mats that are easily grasped by human comprehension.
We aim to develop FGI as a visualization tool to process
RNA-Seq data and display encapsulated tumor functions
that are easily understood by medical personnel and even
patients.

In the field of RNA sequencing data analysis, soft-
ware developed and reported in literature to assess co-
expression gene modules and pathway activation for
clinical purposes are rare. An example of such software
with similar functions to FGI is “BrainScope” [27]. Brain-
scope employs a novel dual t-SNE algorithm to visualize
co-expression modules significantly enriched for biologi-
cal functions. In contrast, FGI's t-SNE is based on TOM
matrix from WCGNA, which allows FGI to handle more
complex datasets. While BrainScope is limited to the
gene expression data from normal human brain, FGI can
process pan-cancer data across 26 tissue types.

Fig. 5 FGl analysis of TCGA ovarian cancer RNA-Seq data. A t-SNE plot of annotated FGI gene clusters from TCGA OV RNA-Seq data. Some
annotations with long names are put outside the plot. Positional clusters are marked by the cluster number with additional letter “P". B Distribution
of positional clusters on the chromosome. C Venn diagram showing overlap of functional and positional clusters. D Consensus k-means clustering
of LUAD and LUSC samples using 6 functional and 7 positional gene clusters. E FGI map with merged functions (see full image in Supplemental
Fig. S1B). F Example of FGI mapping applied to two individual cases of tumor samples from OV dataset
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Fig. 6 Correlation between FGI Gene Clusters and Clinical Stage in Ovarian Cancer. A A volcano plot illustrating the differences in GSVA enrichment
scores between Stage Il and Stage IV in TCGA OV cancer, with the x-axis representing the median difference between the two groups. B & C

The GSVA enrichment scores of cluster 24 across different stages in the TCGA and GSE63885 datasets. D The RNA expression levels (TPM values)

of HOXA4 and HOXAS5 in the TCGA and GSE63885 datasets

Our FGI analysis results from both pan-cancer and
single-tissue cancer types demonstrated the effective-
ness of FGI in elucidating differences among samples.
FGI maps can be generated at different tiers to annotate
tumor functions. For instance, a lung cancer sample can
be viewed from a pan-cancer perspective, a lung cancer
view (e.g., LUAD plus LUSC), and a lung cancer subtype
view (e.g., LUAD only, which we did not show results
here). At the highest tier, FGI can be used to identify or
confirm tumor tissue source. At lower tiers, FGI can pro-
vide more information on tumor subtypes. Some FGI
functional domains are found across all tiers, including
pathways in proliferation, oxidative phosphorylation,
immune response, angiogenesis, and stroma compo-
nents. These are intricately linked to therapy decision-
making processes.

In our hands, FGI can be used to generate cancer sub-
types with meaningful biological functions. Using FGI
clusters, we effectively separated lung cancers into LUAD
and LUSC subtypes based on both distinct epithelial
markers and well-known cellular functions (Fig. 4D). We
also separated ovarian cancers into subtypes showing

e

i i uia ia
Clinic Stages Clinic Stages

differential activation of genes in clustered chromosomal
regions (Fig. 5D). This use of positional clusters may rep-
resent a novel approach for defining tumor subtypes.

Many of the positional clusters we identified consist
of genes that are located close to each other in chromo-
somal position, yet their functional annotations remain
elusive. Pengxu et al. also observed the enrichment of
co-expression modules in certain chromosomal bands
through their analysis of multi-cancer expression data
by MEGENA pipeline [28]. Based on the distribution on
the FGI map of the clusters, we observed that they tend
to cluster near housekeeping genes, suggesting a poten-
tial co-expression relationship with housekeeping genes.
Chromosome arm level gains and focal amplification may
be the cause of co-expression and in such cases func-
tional annotation is impossible as target genes are hiding
inside by-passengers. Nevertheless, we have identified
several positional clusters that can be used to identify
subtypes of ovarian cancer samples (Fig. 5D). Exploring
the target genes within these chromosomal regions could
provide valuable insights into ovarian cancer pathway
functions.
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In summary, FGI, as an unsupervised method, can
effectively reveal key differences within sample popula-
tions and demonstrates broad applicability. It provides
visualizing co-expression networks within samples and
serves as a valuable complement to traditional expres-
sion analysis methods. Moving forward, we will focus on
refining the analysis techniques and explore its potential
clinical applications.
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