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Results: Here, we propose a new method, consensus mutual information (CoMl) for
analyzing omics data and discovering gene signatures. CoMI can identify differentially
expressed genes in multiple cancer omics data for reflecting both cancer-related and
tissue-specific signatures, such as Cell growth and death in multiple cancers, Xenobiotics
biodegradation and metabolism in LIHC, and Nervous system in GBM. Our method identi-
fied 50-gene signatures effectively distinguishing the GBM patients into high- and
low-risk groups (log-rank p=0.006) for diagnosis and prognosis.

Conclusions: Our results demonstrate that CoMI can identify significant and consist-
ent gene signatures with tissue-specific properties and can predict clinical outcomes
for interested diseases. We believe that CoMl is useful for analyzing omics data and
discovering gene signatures of diseases.
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Background

Genome-wide gene expression profiling has been used to identify genetic signatures that
could be associated with the outcome of cancer patients [1]. Several different gene sig-
natures have been developed, and many of these approaches have been shown to better
define the prognosis of cancer patients as compared with conventional clinical and path-
ological characteristics of the tumors [1]. Some studies began with genome-wide gene
expression profiling from microarray datasets or next-generation sequencing (NGS).
For example, the PAMS50 gene signature can use to classify breast tumors into one of
these four subtypes and to predict clinical outcomes [2, 3]. Moreover, the gene signature
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identified from specific tissues is a promising avenue to maximize efficacy in target tis-
sues while minimizing the safety risks of affecting unrelated tissues [4].

Many methods have been proposed to identify the gene signatures between normal
and disease states [5]. The simple and common way is to use the T-test, which is a statis-
tics-based method. According to the distributions between two states, the T-test evalu-
ates the probability (p-value) in each gene. The significant difference of gene expression
is often defined if the probability is less than 0.05 or 0.01. Another method is calculating
the fold change (FC) of gene expression, which is not a statistical test and has no associ-
ated values for indicating the level of confidence in the genes as differentially expressed
or not [6]. Therefore, some methods were developed, such as Significance Analysis of
Microarrays (SAM) and Cancer Outlier Profile Analysis (COPA), to choose the biomark-
ers in high confidence [7-9]. The SAM approach proposed false discovery rate (FDR)
to reduce genes showing significantly different expression by chance (i.e., false positive)
[7, 10]. The COPA, based on the hypothesis of tumor heterogeneity, identified candi-
date genes overexpressing in subsets of samples by using median and median absolute
deviation of gene expression profiles [8]. In another study, Parker et al. determined 50
genes (i.e., PAM50) for classified four breast subtypes with clinical means by using Pre-
dictive Analysis of Microarray (PAM) algorithm [2, 11], but this approach relied on sam-
ple labels that was difficult to propose new subtype of diseases. Recently, Gentles et al.
applied CIBERSORT computational methods and PRECOG tools to identify cancer
prognostic biomarkers and therapeutic targets [12], however, they only focused on the
genes that related to clinical outcomes, but the ones might not be suitable for diagnosis
due to the non-significant gene expression changes between the sample subgroups [13].

In this study, we hypothesize that the biological processes of tissues/organs are dys-
regulated during tumorigenesis, and the perturbed genes (i.e., tissue-specific genes) are
often involved in corresponding functions of tissues [14—16]. To address these issues,
we propose consensus mutual information (CoMI) to analyze omics data and to identify
gene signatures. We utilized mutual information (MI) and gene expression distance as
the basis to find the significantly and consistently expressed genes and gene signatures
between normal and disease states. For multiple cancer omics data, our identified gene
signatures could reflect cancer-related signatures and have tissue-specific properties
(mean odds ratio=2.89). Based on our previously developed global omics data analysis
method [17], our CoMI identified gene signatures not only involved in common cancer-
related progress, such as Cell growth and death, but also reflect tissue unique functions
of Xenobiotics biodegradation and metabolism in LIHC and Nervous system in GBM. For
clinical prognosis, a 50-gene signature identified by CoMI could distinguish the GBM
patients into high- and low-risk groups based on gene expression patterns, and could
predict clinical outcomes at 12-month survival (log-rank p =0.006). We believe that our
method and results are useful for analyzing omics data, discovering gene signatures with
tissue-specific properties, and predicting clinical outcomes of diseases.

Results

CoMl for identifying gene signatures in multiple cancers

To identify consistent patterns of gene expression for gene signatures development in
multiple cancers, we utilized CoMI to analyze genome-wide gene expression profiles in
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LIHC, GBM, BLCA, BRCA, and COAD. To evaluate the cancer associations of selected
genes from CoMI in multiple cancer datasets, we collected 1675 cancer-related genes
derived from HPA database [18]. The results show that the gene signatures selected from
the different ranking cut-off of CoMI have a high probability to be cancer-related genes
compared with T-test, FC, and Significance Analysis of Microarrays (SAM) (Fig. 1). For
example, the top-ranked 200 significant genes were 190, 182, 181, and 126 genes for
CoM]I, T-test, FC, and SAM, respectively.

To investigate the statistical meanings of CoMI, we calculated Spearman’s correlation
coefficient (p) between CoMI scores and FC values, SAM scores and p-values of T-test
on all of 20,531 genes in NGS profiles of TCGA, respectively (Additional file 1: Fig. S1).
For these methods, the average p values of these five cancer types were 0.81 (FC), 0.95
(T-test), and 0.94 (SAM). These results suggest that CoMI has statistical meanings and
is able to identify significantly and consistently expressed genes and disease-related gene
signatures from omics data.

Tissue-specific properties of gene signatures

To investigate the biological meanings of gene signatures identified by CoMI in dif-
ferent cancers, we collected tissue-specific genes from HPA with protein annota-
tion of tissue specificity in liver, brain, urinary bladder, breast, or colon. Here, we
used the odds ratio to assess whether gene signatures have tissue-specific proper-
ties or not in five cancers (Fig. 2 and Additional file 1: Fig. S2). In the comparison
of CoMI and T-test, the average odds ratios of gene signatures selected from eight
kinds of top-ranked thresholds were 2.89, 5.40, 1.90, 1.74, and 2.99 in LIHC, GBM,
BLCA, BRCA, and COAD, respectively. For example, the top-ranked 200 genes
selected by CoMI and T-test in GBM were 89 and 23 with annotated brain specific-
ity, respectively. The odds were 0.8 (89/111) and 0.13 (23/177), then, the odds ratio
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Fig. 1 The prediction accuracies between CoMI, T-test, FC, and SAM in cancer-related genes. The mean

precision of cancer-related genes recorded in HPA was selected by CoMI (red line), T-test (blue line), FC

(black line), and SAM (yellow line). The predicting precision was the average of genes selected from different
cut-offs in LIHC, GBM, BLCA, BRCA, and COAD
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Fig. 2 The odds ratios of tissue-specific genes selected by CoMI and T-test in different cancer types. The
results of tissue-specific genes identified by CoMI and T-test in five cancer types, including LIHC (blue), GBM
(orange), BLCA (yellow), BRCA (purple), and COAD (green)

was calculated as 6.15 (0.8/0.13). The results were similar when compared to SAM
(Additional file 1: Fig. S2). Besides, we observed that CoMI has a lower ranking on
average of descending order than the ones of T-test and SAM in all of the tissue-
specific genes in each cancer (Additional file 1: Figs. S3 and S4). These results dem-
onstrate that gene signatures identified by CoMI are more like to have tissue-specific
properties.

Furthermore, we used our previously developed global omics data analysis method,
Hierarchical System Biology Model (HiSBiM), to investigate the involved pathways
as well as biological subsystems and systems of gene signatures [17]. We observed
that biological subsystems of the 200-gene signatures identified by CoMI and T-test
were involved in common cancer-related pathways, such as Cell growth and death
and Replication and repair in five cancer types (Fig. 3). In particular, the gene sig-
nature of LIHC identified by CoMI was enriched in Xenobiotics biodegradation and
metabolism (meta-z score = 3.72) and Lipid metabolism (meta-z score = 2.74), which
could reflect unique functions to liver tissue. In GBM, we observed that neurotrans-
mission-related functions were highly enriched, such as Nervous system (meta-z
score =7.49) and Signaling molecules and interaction (meta-z score =2.46). In addi-
tion, the Digestive system (meta-z score =7.03) was highly regulated in COAD.

We also evaluated the tissue-specific properties of CoMI and COPA [9] based on
HPA database and HiSBiM analysis. The results show that the genes identified by
CoMI are related to both common cancer-related pathways and tissue-specific prop-
erties, such as Endocrine system (meta-z score =5.40) in BRCA (Additional file 1:
Fig. S5). Additionally, CoMI outperformed COPA and our results indicated that
CoMI not only can identify tissue-specific gene signatures in different cancers, but
also can reflect corresponding biological pathways and functions unique to those

tissues.
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Fig. 3 The genes identified from different cancers reflected tissue-specific pathways. The subsystem-level
meta-z scores of the top-ranked 200 genes identified by CoMI and T-test in A LIHC, B GBM, C BLCA, D BRCA,
and E COAD. The red triangle was denoted if meta-z scores > 2 and CoMI >T-test, the green square was
represented if meta-z scores >2 and T-test > CoMI|

Clinical prognosis of gene signatures

The grade IV astrocytomas (i.e., GBM) are an aggressive class of brain cancer, it is dif-
ficult to treat and has a poor median 12-month overall survival, and the urgent need to
develop a prognostic gene signature [19]. We selected a 50-gene signature with signifi-
cant and consistent expressions by using our CoMI from the gene expression profile in
GBM, as well as, five of those genes were brain tissue specificity (Table 1). According to
the gene expression patterns, we found that these 50 genes could cluster 156 tumor sam-
ples into four groups (Fig. 4A). According to the 12-month overall survival analysis, the
patients in GBM-C1 group (n=15) have a significantly lower survival probability (30%)
than GBM-C3 group (62%; log-rank p=0.006; Fig. 4B). Moreover, we found that 70%
of CoMI top-ranked 10 genes can distinguish patients into high- and low-risk groups
(log-rank p<0.01), such as PBK (log-rank p=0.0058) and CCNB2 (log-rank p =0.009),
however, only five of 10 genes with log-rank p<0.01 in T-test (Additional file 1: Fig. S6).
These results indicated that our identified 50-gene signature could predict clinical out-

comes and provide the available clues for developing the new therapeutic strategies in
GBM.

Discussion
Genome-wide gene expression profiling has been used to identify genetic signatures
that could be associated with the outcome of cancer patients [1]. Some studies using

genome-wide gene expression profiling for developing gene signatures, and many of
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Table 1 The 50-gene signature identified by CoMIin GBM

Genes CoMI p-value® Log2 (FC)b Tissue GO BP GO CC

specificity®

RRM2 280 9.23E—33 748 - Deoxyribonucleotide Cytosol [GO:0005829];
biosynthetic process ribonucleoside-diphos-
[GO:00092631; DNA phate reductase complex
replication [GO:0006260];  [GO:0005971]
negative regulation
of GO to G1 transition
[GO:0070317]

UBE2C 271 417E=29 7.69 - Anaphase-promoting Anaphase-promoting com-
complex-dependent plex [GO:0005680]; cytosol
catabolic process [GO:0005829]; nucleoplasm
[GO:0031145]; cell [GO:0005654]
division [GO:0051301];
exit from mitosis
[GO:0010458]

PBK 250 207E=27 730 - Cellular response to UV Nucleus [GO:0005634]
[GO:0034644]; mitotic
cell cycle [GO:0000278];
negative regulation of
inflammatory response
[GO:0050728]

CCNB2 238 5.82E—27 6.89 - Cell division Centrosome [GO:0005813];
[GO:0051301]; G2/M tran-  cyclin-dependent protein
sition of mitotic cell cycle  kinase holoenzyme
[GO:0000086]; in utero complex [GO:0000307];
embryonic development  cytoplasm [GO:0005737]
[GO:0001701]

KIF20A 238 582E-27 6.72 - Microtubule-based Cleavage furrow
movement [GO:0007018]; [GO:0032154]; Golgi
microtubule bundle apparatus [GO:0005794];
formation [GO:0001578];  intercellular bridge
midbody abscission [GO:0045171]
[GO:0061952]

MYBL2 230 550E—25 7.77 - Cellular response to Myb complex
leukemia inhibitory factor [GO:0031523]; nucleoplasm
[GO:1990830]; mitotic [GO:0005654]; nucleus
cell cycle [GO:0000278];  [GO:0005634]
mitotic spindle assembly
[GO:0090307]

NDC80 229 1.11E=27 6.70 - Attachment of mitotic Centrosome [GO:0005813];
spindle microtu- chromosome, centromeric
bules to kinetochore region [GO:0000775];
[GO:0051315]; attach- condensed chromosome
ment of spindle micro- kinetochore [GO:0000777]
tubules to kinetochore
[GO:0008608]; cell divi-
sion [GO:0051301]

TOP2A 228 7.18E-26 7.60 - Apoptotic chromo- Chromosome, centromeric

some condensation
[GO:0030263]; cellular
response to DNA damage
stimulus [GO:0006974];
chromosome segrega-
tion [GO:0007059]

region [GO:0000775];
condensed chromosome
[GO:0000793]; cytoplasm
[GO:0005737]
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Genes CoMI p-value® Log2 (FC)® Tissue GO BP GO CC

specificity®

DLGAP5 220 9.00E—25 693 - Mitotic chromosome Centriolar satellite
movement towards spin-  [GO:0034451]; cytosol
dle pole [GO:0007079]; [GO:0005829]; mitochon-
positive regulation of drion [GO:0005739]
mitotic metaphase/
anaphase transition
[GO:0045842]; positive
regulation of transcrip-
tion of Notch receptor
target [GO:0007221]

BIRCS 212 681E—24 6.88 - Cell division Centriole [GO:0005814];
[GO:0051301]; chro- chromosome, centromeric
mosome segregation region [GO:0000775];
[GO:0007059]; cytokine-  chromosome passenger
mediated signaling complex [GO:0032133]
pathway [GO:0019221]

NCAPG 211 491E—28 653 - Cell division Condensed chromosome
[GO:00513017; mitotic [GO:0000793]; condensed
chromosome condensa-  chromosome, centromeric
tion [GO:0007076] region [GO:0000779J;

condensin complex
[GO:0000796]

CDC45 199 9.54E-21 6.64 - DNA replication Centrosome [GO:0005813];
[GO:0006260]; DNA ciliary basal body
replication checkpoint [GO:0036064]; cytoplasm
[GO:0000076]; DNA [GO:0005737]
replication initiation
[GO:0006270]

AURKB 197  144E-23 6.66 - Abscission [GO:0009838]; Chromocenter
aging [GO:0007568]; [GO:0010369]; chromo-
anaphase-promoting some passenger complex
complex-dependent [GO:0032133]; condensed
catabolic process chromosome, centromeric
[GO:0031145] region [GO:0000779]

MELK 185 2.59E-23 6.80 - Apoptotic process Cell cortex [GO:0005938];
[GO:0006915]; cell cytoplasm [GO:0005737];
population proliferation  membrane [GO:0016020]
[GO:0008283]; G2/M
transition of mitotic cell
cycle [GO:0000086]

TROAP 183 1.20E-21 627 - Cell adhesion Cytoplasm [GO:0005737]
[GO:0007155]

BUBI1 172 192E-26 6.07 - Apoptotic process Condensed chromosome
[GO:0006915]; cell divi- kinetochore [GO:0000777];
sion [GO:00513017; cell condensed nuclear
population proliferation  chromosome kinetochore
[GO:0008283] [GO:0000778]; condensed

nuclear chromosome outer
kinetochore [GO:0000942]

EPR1 172 369E-22 6.77 - Cell surface recep- Integral component of
tor signaling pathway membrane [GO:0016021]
[GO:0007166]

HJURP 171  3.55E—24 6.09 - Cell cycle [GO:0007049];  Chromosome, centromeric
CENP-A containing region [GO:0000775];
nucleosome assembly condensed chromosome
[GO:0034080]; chro- kinetochore [GO:0000777];
mosome segregation mitochondrion
[GO:0007059] [GO:0005739]

FAM64A 167  9.65E—21 672 - Cell cycle [GO:0007049];  Nucleolus [GO:0005730];

cell division [GO:0051301]

nucleoplasm [GO:0005654]

Page 7 of 17
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Genes CoMI p-value® Log2 (FC)® Tissue GO BP GO CC

specificity®

KIF4A 164  9.11E-24 563 - Anterograde axonal Axon cytoplasm
transport [GO:0008089]; [GO:1904115]; chromo-
antigen processing some [GO:0005694];
and presentation of cytoplasm [GO:0005737]
exogenous peptide
antigen via MHC class Il
[GO:0019886]; microtu-
bule-based movement
[GO:0007018]

ASF1B 163  1.00E—24 5.80 - Blastocyst hatching Nuclear chromatin
[GO:0001835]; cell differ-  [GO:0000790]; nucleoplasm
entiation [GO:0030154]; [GO:0005654]; protein-
DNA replication- containing complex
dependent nucleosome  [G0:0032991]
assembly [GO:0006335]

NUSAP1 154 864E—24 563 - Establishment of mitotic ~ Chromosome
spindle localization [GO:0005694]; cytoplasm
[GO:00400017; mitotic [GO:00057371; microtubule
chromosome conden- [GO:0005874]
sation [GO:0007076];
mitotic cytokinesis
[GO:0000281]

CEP55 153 1.10E—=26 542 - Cranial skeletal Centriolar satellite
system development [GO:00344517; centriole
[GO:1904888]; estab- [GO:0005814]; centrosome
lishment of protein [GO:0005813]
localization [GO:0045184];
midbody abscission
[GO:0061952]

CENPA 152 529E—-22 555 - CENP-A containing Chromosome, centromeric
nucleosome assembly region [GO:0000775]; con-
[GO:0034080]; establish-  densed chromosome inner
ment of mitotic spindle  kinetochore [GO:0000939];
orientation [GO:0000132]; condensed nuclear
kinetochore assembly chromosome, centromeric
[GO:0051382] region [GO:0000780]

SHOX2 148 6.10E—16 691 - Cardiac atrium morpho-  Nuclear chromatin
genesis [GO:0003209]; [GO:0000790]
cartilage development
involved in endochondral
bone morphogenesis
[GO:0060351]; chon-
drocyte development
[GO:0002063]

KIFC1 144  338E—19 572 - Cell division Early endosome
[GO:0051301]; microtu- [GO:0005769]; kinesin
bule-based movement complex [GO:0005871];
[GO:0007018]; mitotic membrane [GO:0016020]
metaphase plate con-
gression [GO:0007080]

KIAAO101 143  807E—21 5095 - Cellular response to Centrosome [GO:0005813];

DNA damage stimulus
[GO:0006974]; centro-
some cycle [GO:0007098];
DNA replication
[GO:0006260]

nucleoplasm [GO:0005654];
nucleus [GO:0005634]




Huang et al. BMC Bioinformatics

Table 1 (continued)

(2021) 22:624

Page 9 of 17

Genes CoMI p-value® Log2 (FC)® Tissue GO BP GO CC

specificity®

KIF2C 133  331E-20 529 - Antigen processing Centrosome [GO:0005813];
and presentation of chromosome, centromeric
exogenous peptide region [GO:0000775];
antigen via MHC class Il condensed chromosome
[GO:0019886]; attach- kinetochore [GO:0000777]
ment of mitotic spindle
microtubules to kine-
tochore [GO:0051315];
cell division [GO:0051301]

ATP8A2 131 843E—13 6.85 Brain Aging [GO:0007568]; Endosome [GO:0005768];
axonogenesis Golgi apparatus
[GO:0007409]; detection  [GO:0005794]; integral
of light stimulus involved  component of membrane
in visual perception [GO:0016021]
[GO:0050908]

CENPK 131 427E-21 526 - CENP-A containing Condensed nuclear chro-
nucleosome assem- mosome inner kinetochore
bly [GO:0034080]; [GO:0000941]; cytosol
kinetochore assembly [GO:0005829]; nucleoplasm
[GO:0051382]; mitotic [GO:0005654]
sister chromatid segrega-
tion [GO:0000070]

FOXM1 126 718E—-19 495 - DNA damage response, ~ Nuclear chromatin
signal transduction [GO:0000790]; nucleoplasm
by p53 class mediator [GO:0005654]; nucleus
resulting in transcription  [GO:0005634]
of p21 class mediator
[GO:0006978]; DNA repair
[GO:0006281]; G2/M
transition of mitotic cell
cycle [GO:0000086]

GTSE1 123 744E-19 523 - DNA damage response,  Cytoplasmic microtubule
signal transduction by [GO:0005881]; cytosol
p53 class mediator result-  [GO:0005829]; membrane
ing in cell cycle arrest [GO:0016020]
[GO:0006977]; micro-
tubule-based process
[GO:0007017]; positive
regulation of cell migra-
tion [GO:0030335]

IGFBP2 122 101E-14 558 - Aging [GO:0007568]; Apical plasma membrane
cellular protein metabolic  [GO:0016324]; cytoplas-
process [GO:0044267]; mic vesicle [GO:0031410];
cellular response to extracellular exosome
hormone stimulus [GO:0070062]
[GO:0032870]

KIF14 122 745E-18 520 - Activation of pro- Cytosol [GO:0005829];
tein kinase activity Flemming body
[GO:0032147]; cell divi- [GO:0090543]; kinesin
sion [GO:00513017; cell complex [GO:0005871]
proliferation in forebrain
[GO:0021846]

MKl67 122  1.18E—16 567 - Cell cycle [GO:0007049];  Chromosome

cell population prolif-
eration [GO:0008283];
regulation of chro-
matin organization
[GO:1902275]

[GO:0005694]; membrane
[GO:0016020]; nuclear
body [GO:0016604]
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Genes CoMI p-value® Log2 (FC)® Tissue GO BP GO CC

specificity®

F2R 121 911E=24 472 - Activation of cysteine- Caveola [GO:0005901]; cell
type endopeptidase surface [GO:0009986]; early
activity involved in endosome [GO:0005769]
apoptotic process
[GO:0006919]; activa-
tion of MAPKK activity
[GO:0000186]; anatomical
structure morphogenesis
[GO:0009653]

FAM111B 119 150E—17 547 - DNA replication Chromatin [GO:0000785];
[GO:0006260] nucleus [GO:0005634]

PNMAS 1.18  262E—14 6.55 Brain Positive regulation -
of apoptotic process
[GO:0043065]

PRKCG 1.18  1.06E—11 741 Brain Chemical synaptic trans-  Calyx of Held [GO:0044305];
mission [GO:0007268]; cell-cell junction
chemosensory behavior  [GO:0005911]; cytosol
[GO:0007635]; innerva- [GO:0005829]
tion [GO:0060384]

MLF1IP 117 229E—-19 491 - CENP-A containing Centriolar satellite
nucleosome assembly [GO:0034451]; condensed
[GO:00340801; chordate chromosome kinetochore
embryonic develop- [GO:0000777]; cytosol
ment [GO:0043009]; viral ~ [GO:0005829]
process [GO:0016032]

CDCA2 117  525E—18 5.29 - Cell cycle [GO:0007049];  Chromosome
cell division [GO:0005694]; cytosol
[GO:00513017; chro- [GO:0005829]; nucleoplasm
mosome segregation [GO:0005654]
[GO:0007059]

E2F8 116 740E—19 530 - Cell cycle comprising Cytosol [GO:0005829];
mitosis without cytoki- nuclear chromatin
nesis [GO:0033301]; cell [GO:0000790]; nucleolus
population proliferation  [GO:0005730]
[GO:0008283]; chorionic
trophoblast cell differen-
tiation [GO:0060718]

EZH2 115  237E=21 480 - Cardiac muscle hypertro- - Chromosome, telomeric
phy in response to stress  region [GO:0000781];
[GO:0014898]; cellular cytoplasm [GO:0005737];
response to hydrogen ESC/E(Z) complex
peroxide [GO:0070301];  [GO:0035098]
cellular response to tri-
chostatin A [GO:0035984]

C10L3 .14 154E—-11 692 Brain Regulation of syn- Collagen trimer
apse organization [GO:0005581]; extracellular
[GO:0050807] region [GO:0005576]

CDK1 114 271E=19 491 - Activation of MAPK Centrosome [GO:0005813];
activity [GO:0000187]; cyclin B1-CDK1 complex
anaphase-promoting [GO:0097125]; cyclin-
complex-dependent dependent protein kinase
catabolic process holoenzyme complex
[GO:0031145]; animal [GO:0000307]
organ regeneration
[GO:0031100]

BUB1B 1.13 946E—19 512 - Anaphase-promoting Anaphase-promoting

complex-dependent
catabolic process
[GO:0031145]; apoptotic
process [GO:0006915];
cell division [GO:0051301]

complex [GO:0005680];
condensed chromosome
kinetochore [GO:0000777];
condensed chromo-
some outer kinetochore
[GO:0000940]
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(2021) 22:624

Genes CoMI p-value® Log2 (FC)® Tissue GO BP GO CC

specificity®

KIF18A 113 1.24E—18 4.90 - Antigen processing Caveola [GO:0005901];
and presentation of cytoplasm [GO:0005737];
exogenous peptide cytosol [GO:0005829]
antigen via MHC class
|1 [GO:0019886]; cellular
response to estradiol
stimulus [GO:0071392];
male meiotic nuclear
division [GO:0007140]

SST 112 364E—-09 6.66 Brain Cell-cell signaling Extracellular region
[GO:0007267]; cell surface  [GO:0005576]; extracel-
receptor signaling lular space [GO:0005615];
pathway [GO:0007166]; neuronal cell body
chemical synaptic trans-  [GO:0043025]
mission [GO:0007268]

E2F2 111 248E—14 5.09 - Cell cycle [GO:0007049];  Nuclear chromatin
intrinsic apoptotic signal-  [GO:0000790]; nucleoplasm
ing pathway by p53 class  [GO:0005654]; nucleus
mediator [GO:0072332];  [GO:0005634]
lens fiber cell apoptotic
process [GO:1990086]

RYR2 111 641E—-12 723 - Calcium ion transport Calcium channel complex

[GO:0006816]; calcium
ion transport into cytosol
[GO:0060402]; calcium-
mediated signaling
[GO:0019722]

[GO:0034704]; cytoplas-
mic vesicle membrane
[GO:0030659]; junctional
sarcoplasmic reticulum
membrane [GO:0014701]

2 Calculated by T-test

b Absolute values of log2(fold change)

€ RNA tissue specificity recorded in HPA database

Gene expression

M cBvC1 [l GBM-C2
e

Low

GBM-c3  [ll GBM-C4

10 If* |

0.8
=
3
'8 0.6
g —— GBMC1 (n=15) —
s —— GBM-C2 (n=64) ‘—\
E 04 GBM-C3 (n=63) L
g —— GBM-C4 (n=4)
7]

0.52
0 2 4 6 8 10 12

Months

Fig. 4 Glioblastoma multiforme prognostic gene signature. A The hierarchal clustering of a 50-gene
signature identified by CoMl in glioblastoma multiforme (GBM) tumor samples. Based on the gene expression
patterns, the expression profile could be divided into four groups, including C1 (blue), C2 (green), C3
(orange), and C4 (purple). B The 12-month overall survival analysis in four groups of GBM patients. The inner
table showed p-value of log-rank test compared between four groups of patients.

these approaches have shown to better define the prognosis of cancer patients, such as

the PAM50 gene signature can use to classify breast tumors into four subtypes and to

predict clinical prognosis [2, 3].
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In this paper, we propose consensus mutual information (CoMI) to analyze omics
data and to identify gene signatures. For multiple cancer omics data, we used CoMI
to identify gene signatures, and those genes could reflect cancer-related signatures
and have tissue-specific properties. In general, normal cells perform the function
they are meant to perform, whereas cancer cells may not execute these functions. For
example, cancerous thyroid cells may not produce thyroid hormone [20], and cancer-
ous white blood cells are not functioning as they should [21]. On the other hand, the
genes recorded in cancer hallmarks are often activated in cancer cells [22].

Here, we hypothesize that tissue-specific genes are often related to lost-of-tis-
sue functions which are often down-regulated in the disease states. Our CoMI
can identify these tissue-specific genes which are significant change (Sp,,, score)
and have consensus expressed values (S,;,) within cancer and normal samples. The
changes between cancer and normal samples were quantified by considering global
gene expression values for all genes in omics data. Based on our scoring function,
CoMI identified the liver-specific genes, such as CYP1A2 (CoMI score=0.99 and
FC=-— 7.76), CYP2C8 (CoMI score=0.71 and FC=— 4.14), and CYP3A4 (CoMI
score=0.55 and FC=— 5.85), are the members of the cytochrome P450 family
involving in Lipid metabolism (meta-z score =2.74) as well as Xenobiotics biodegra-
dation and metabolism (meta-z score =3.72) in LIHC. Additionally, CoMI also iden-
tified gene SLC22A1 (CoMI score=0.53 and FC= — 4.81) involving in liver unique
functions, that is, bile secretion of Digestive system (meta-z score = 4.54). Conversely,
MAP2K]1, an essential component of the MAP kinase signal transduction pathway
related to cancer hallmark, was not a tissue-specific gene. We found that MAP2K1
significantly changed in most cancers, but its expression values are not consistent
(CoMI score =0.20). These results show that our CoMI identified gene signatures
not only involved in cancer-related progress, such as Cell growth and death, but
also reflect tissue unique functions of Nervous system (meta-z score =7.49) in GBM.
For clinical prognosis, our identified 50-gene signature could stratify GBM patients
into high- and low-risk groups, and could predict clinical outcomes with 12-month
survival.

There were some limitations to the current study. Firstly, the omics data (i.e., NGS)
is only collected from TCGA, and different sources and platforms, such as microarray,
are needed to use to validate our method and identified gene signatures. Secondly, the
results of this study are mostly based on bioinformatics analysis and predictions, and
further experiments are needed to prove the tissue-specific properties of our identi-
fied gene signatures. Thirdly, although we identified prognostic gene signatures, those
genes remain to be further explored in our future work.

Conclusion

In summary, we have proposed CoMI for analyzing omics data and discovering gene
signatures. Our method accomplished the identification of genes and gene signatures,
which have consistently and significantly changed between normal and disease states.
Our results indicated that CoMI could identify gene signatures with tissue-specific
properties for interested diseases, and is able to be applied to predict clinical prognosis.
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Methods

To identify significantly and consistently expressed genes and gene signatures, we
proposed a method, consensus mutual information (called CoMI), for analyzing
omics data between normal and disease samples (Fig. 5A). We first calculated gene
expression variations for each gene in a given omics data (Fig. 5B). For the evaluating
of the consensus gene expression in normal and tissue states, we transferred the con-
tinuous gene expression to discrete integer symbols based on expression variations
and intensities (Fig. 5C). Finally, we computed CoMI score for all genes, which can be
used as a measure for significantly and consistently expressed genes and gene signa-
tures between two states (Fig. 5D).

Omics and validation data

Here, we collected omics data (i.e. NGS) in LIHC, GBM, BLCA, BRCA, and COAD
from The Cancer Genome Atlas (TCGA) databases [23]. These datasets contain 228
normal and 2315 tumor samples. To evaluate our method and compare to T-test and
FC method, we collected the 1675 cancer-related genes derived from the Human
Protein Atlas (HPA) database [18]. The tissue-specific genes were collected from
HPA with protein annotation of tissue specificity in liver (409 genes), brain (1313
genes), urinary bladder (56 genes), breast (82 genes), or colon (147 genes). Finally,

A B Omics data Gene expression
c 8 @
2 2 2
Genome-wide omics data Rl R —y
(i.e., NGS and microarray) Gene 1 Calculate NATE e
(G;enei standard dewviation VPS45 =
- - ene -
Step 1. For a given omics data, we STAB2 >
evaluated the standard deviation () . : ez =3.17
of expressionintensity for each gene. conon PR R ——ry
l Normal Disease
C 1 NAT2 Symbols
Step 2. Calculating average standard e dAV?rf}ge Sfa'_‘dfré’4 »
deviation (&) from o; of all genes. For - eviation (&)= 1. = = v g”(ﬂuwmz.s‘;
each gene, computing expression " zv 104 | - (om2.+155
means of normal and disease samples | ™ N 3 e
(i.e., uyand up), respectively. Then, for e 2., 2L G2 156
: L filize the & and . I Z e o | 1L o e
agiven gene /, we utilize the o an My i 5 57| 0
and /1, to assign expression intensity " HH &
; : o
into 7 integral symbols. . ﬂ“” ﬁﬂ"ﬂnn 2
l Standard Deviation (o)
D Discretize profile CoMi=Sy;x Spist
. -
Step 3: Compgtmg the consensus 111 Gene P Some ol
mutual information (CoM/) of gene i, 8§ 8 8 Caleulate
which is consist of normalized mutual Genet[6 [ 66 [ TT1] comr _o1AB2 036 509 183
information (S,,) and gene expression 29"92 21115 1 VPS45  0.26 1.05 0.27
distance (Spi) based on  the " 0 so 3 3 0 NAT2  0.21 4.35 0.91
discretization values. Genen| 2 | 23| ]3|
Normal Disease CYP1A2 0.21 3.68 0.77
Fig. 5 Overview of consensus mutual information. A Flowchart describing the main procedure. B We firstly
evaluated the standard deviation (o;) of gene expression intensity for each gene in a given omics data. C
We then computing the average standard deviation (&) from o; of all genes, as well as expression means of
normal and disease samples (i.e., uy and up), respectively, in each gene. For a given gene i in sample j, we
assigned expression intensity into 7 integral symbols by considering the & and its u, and 1, D The gene
expression values were converted to discretized integer symbol ranging from 0 to 6. The highly expressed
genes were assigned to the highest symbol 6 and lowly expressed genes were assigned to the lowest symbol
0. (D) The calculation of consensus mutual information (CoMI) values of all genes
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we calculated the p-values (i.e., T-test), fold changes, and SAM scores of all genes by
using limma and samr R package [24, 25].

Discretization

To consider the readily quantifiable and significant expressions in the disease state of genes
and gene signatures, we firstly evaluated the standard deviation (0;) of expression intensity
of the gene i (Fig. 5B). Then, we calculated the average standard deviation (&) from o; of
all genes (Fig. 5C). For each gene, computing expression means of normal (¢,) and disease
(up) samples, respectively. For a given gene i in sample j, we utilize the average standard
deviation (o), average expression (4 and ;) to assign expression intensity (EI;)) into an
integral symbol (ES; ;) by using the following equations:

6, ifEl; > w +2.55
5, fm +1.50 < El;; < w +2.50
4, fM +0.50 < El;; < w + 1.50
ESy =13, fw ~0.55 < El;j < w +0.50 (1)
2, fm — 150 < El;j; < w — 050
1, lfw — 250 < El;j < w — Lb5o
0, ifEL < w — 255

The gene expression values were converted to discretized integer symbols ranging from 0
to 6. The highly expressed gene was assigned to the symbol 6 and lowly expressed gene was
assigned to the symbol 0. For instance, the & is 1.04 in LIHC, and the g, and g, of the gene
NAT?2 are 10.4 and 5.7, respectively. The expression intensity (EI) of NAT2 is 10.8 in sam-
ple TCGA-DD-AAE3-01A-11R-A41C-07, which satisfies the E;; > K217MNi 4 955 (e,

10.7), therefore, we assign the ESy 419 1cGa-pp-aaEs-o14-11r-a41c.07 Value to 6.

CoMI: Consensus mutual information

For each gene i in a given omics data, we evaluated its consensus mutual information
(CoMI) and to identify significantly and consistently expressed genes and gene signatures
between normal and disease states (Fig. 5D). The CoMI of a gene is defined as:

CoMI = Sy x Spist (2)

where S,,; is gene expression difference between two states using mutual information;
Spis is the gene expression distance between two states by using mean distance. For the
gene i, the S, is given as:

Smr = Z ZP x,)log (p(ag)p())> (3)

y=1x=1



Huang et al. BMC Bioinformatics (2021) 22:624 Page 150f 17

where p(x,y) is the probability of gene i in symbol x and state y; p(x) is the fraction of
gene i in symbol x, and p(y) is the fraction of samples in state y. Y is the number of states
(here, Y =2 for normal and disease states), and X is the number of symbols (here, X =7).
The Sp,,, is given as:

Zneyl ESin ZdeyZ ESia

Spist =

where N and D are numbers of samples in the normal (y;) and disease (y,) states, respec-
tively; ES;, and ES;; are the integral symbols of gene i at the sample for normal and
disease states, respectively.

According to the equation of mutual information, the S, is related to the ratio
between normal and cancer samples. S,; is also related to the overlap of integer symbols
between normal and cancer samples. For example, S,;,=1, while p(normal)=p(cancer)
and there is no overlap of integer symbols between normal and cancer samples; S,;;
is from 0.3 to 0.5, while p(normal)=p(cancer) and half of the integer symbols in nor-
mal and cancer samples are the same; S,;=1, while p(normal)=p(cancer) and there is
no overlap of integer symbols between normal and cancer samples; S,;=0.44, while
10 x p(normal) =p(cancer) and there is no overlap of integer symbols between normal
and cancer samples; S,;; is from 0.3 to 0.4, while 10 x p(normal)= p(cancer) and half
of the integer symbols in normal samples are the same as integer symbols in cancer
samples; S,;,;=0.28, while 20 x p(normal)=p(cancer) and there is no overlap of inte-
ger symbols between normal and cancer samples. In our collected NGS data in LIHC,
GBM, BLCA, BRCA, and COAD from TCGA databases, there are 228 normal and 2315
tumor samples and the expected maxima of S,;; might be 0.44. Here, we assumed that
CoMI > 0.6 might be a suitable cut-off which could ensure only half of the integer sym-
bols in normal samples are the same as integer symbols in cancer samples and the Sy, is
greater than 2 (Additional file 1: Fig. S7).

Moreover, we found that both S, and S, could be used as good indexes to iden-
tify the genes with tissue-specific properties (Additional file 1: Fig. S8). Sp;,, focuses on
the distance between two states and is more related to the tissue-specific genes in our
five data sets. In this study, we provide a scoring system that has a reliable discretiz-
ing method and consider both distances between two states and mutual information to
identify gene signatures. Using S,;; and Sp,,, could evaluate the distance, significantly and
consistently expressed value of the gene between normal and disease states under the

same scale.

Abbreviations

CoMI: Consensus mutual information; FC: Fold change; NGS: Next-generation sequencing; HPA: Human protein atlas;
TCGA: The cancer genome atlas; LIHC: Liver hepatocellular carcinoma; GBM: Glioblastoma multiforme; BLCA: Bladder
urothelial carcinoma; BRCA: Breast invasive carcinoma; COAD: Colon adenocarcinoma.

Supplementary Information
The online version contains supplementary material available at https://doi.org/10.1186/512859-022-04682-2.

Additional file 1: Fig. S1. The correlations of the ranking of all genes were compared between CoM|, T-test, FC, and
SAM in five cancer types. Fig. S2. The odds ratios of tissue-specific genes selected by CoMI and SAM in five cancer
types, including LIHC, GBM, BRCA, and COAD. Fig. S3. Boxplot for the results of the ranking of tissue-specific genes



https://doi.org/10.1186/s12859-022-04682-2

Huang et al. BMC Bioinformatics (2021) 22:624

identified by CoMI and T-test in five cancer types. Fig. S4. Boxplot for the results of the ranking of tissue-specific
genes identified by CoMI and SAM in five cancer types. Fig. S5. Comparisons between CoMI and COPA for tissue-
specific properties in five cancer types. Fig. S6. Kaplan—Meier plots representing patients stratified by the auto-select
best cutoff of top-ranked 10 genes identified by CoMI in GBM. Fig. S7. The distributions of CoMI values with different
Sy and Sy values. Fig. $8. The relationship between S, Sy, and tissue-specific genes.

Acknowledgements

We are thankful for the computing resources supported by the Center for Bioinformatics Research (CBR) by Ministry of
Education ATU program and National Chiao Tung University, and the Center for Intelligent Drug Systems and Smart Bio-
devices (IDS2B) of the Higher Education Sprout Project by the Ministry of Education (MOE) in Taiwan.

About this supplement

This article has been published as part of BMC Bioinformatics Volume 22 Supplement 10 2021: Selected articles from the
19th Asia Pacific Bioinformatics Conference (APBC 2021): bioinformatics.The full contents of the supplement are available
at https://bmcbioinformatics.biomedcentral.com/articles/supplements/volume-22-supplement-10.

Author contributions

SHH analysed the omics data and wrote the manuscript; YSL designed the experiments; YCL and JYL provided contribu-
tion and discussion on biological meaning; YHC prepared the computing environments for R language and program
code; JMY designed and supervised the study, provided the intellectual contribution, discussion and edited the manu-
script. All authors have read and approved the final manuscript.

Funding

Publication costs are funded by the Ministry of Science and Technology (MOST 109-2634-F-009-021) in Taiwan, the
Artificial Intelligence to Precision Health: Integrating Dynamic Physiological Signals and EMR to build a Medical Digital
Twins Platform (MOST 109-2321-B-009-007), and the National Health Research Institutes (NHRI-EX109-10504PI). The fund-
ing bodies played no role in the design of the study and collection, analysis, and interpretation of data and in writing the
manuscript.

Availability of data and materials

The omics data of LIHC, GBM, BLCA, BRCA, and COAD and clinical information were collected from TCGA cohort of
Genomic Data Commons Data Portal database (https://portal.gdc.cancer.gov/). Kaplan-Meier analysis was performed by
using R tool which could be obtained from R Project (https://www.r-project.org/).

Declarations

Ethics approval and consent to participate
Not applicable.

Consent to publish
Not applicable.

Competing interests
The authors declare that they have no conflict of interest.

Author details

'Institute of Bioinformatics and Systems Biology, National Yang Ming Chiao Tung University, Hsinchu 300193, Taiwan.
’Department of Biological Science and Technology, National Yang Ming Chiao Tung University, Hsinchu 300193, Taiwan.
3Center for Intelligent Drug Systems and Smart Bio-Devices, National Yang Ming Chiao Tung University, Hsinchu 300193,
Taiwan. *Present Address: Graphen Inc,, New York, NY 10110, USA.

Received: 8 April 2022 Accepted: 11 April 2022
Published online: 19 April 2022

References

1. Normanno N, De Luca A, Carotenuto P, Lamura L, Oliva I, D'Alessio A. Prognostic applications of gene expression
signatures in breast cancer. Oncology. 2009;77(Suppl 1):2-8.

2. Parker JS, Mullins M, Cheang MC, Leung S, Voduc D, Vickery T, Davies S, Fauron C, He X, Hu Z, et al. Supervised risk
predictor of breast cancer based on intrinsic subtypes. J Clin Oncol. 2009;27(8):1160-7.

3. Perou CM, Sorlie T, Eisen MB, van de Rijn M, Jeffrey SS, Rees CA, Pollack JR, Ross DT, Johnsen H, Akslen LA, et al.
Molecular portraits of human breast tumours. Nature. 2000,406(6797):747-52.

4. Ryaboshapkina M, Hammar M. Tissue-specific genes as an underutilized resource in drug discovery. Sci Rep.
2019;9(1):7233.

5. Cui X, Churchill GA. Statistical tests for differential expression in cDNA microarray experiments. Genome Biol.
2003;4(4):210.

6. Jain N, Thatte J, Braciale T, Ley K, O'Connell M, Lee JK. Local-pooled-error test for identifying differentially expressed
genes with a small number of replicated microarrays. Bioinformatics. 2003;19(15):1945-51.

7. Tusher VG, Tibshirani R, Chu G. Significance analysis of microarrays applied to the ionizing radiation response. Proc
Natl Acad Sci U S A.2001;98(9):5116-21.

Page 16 of 17


https://bmcbioinformatics.biomedcentral.com/articles/supplements/volume-22-supplement-10
https://portal.gdc.cancer.gov/
https://www.r-project.org/

Huang et al. BMC Bioinformatics (2021) 22:624 Page 17 of 17

8. Tomlins SA, Rhodes DR, Perner S, Dhanasekaran SM, Mehra R, Sun XW, Varambally S, Cao X, Tchinda J, Kuefer R, et al.
Recurrent fusion of TMPRSS2 and ETS transcription factor genes in prostate cancer. Science. 2005;310(5748):644-8.

9. MacDonald JW, Ghosh D. COPA-cancer outlier profile analysis. Bioinformatics. 2006,22(23):2950-1.

10. Galitski T, Saldanha AJ, Styles CA, Lander ES, Fink GR. Ploidy regulation of gene expression. Science.
1999;285(5425):251-4.

11. Tibshirani R, Hastie T, Narasimhan B, Chu G. Diagnosis of multiple cancer types by shrunken centroids of gene
expression. Proc Natl Acad Sci U S A. 2002;99(10):6567-72.

12. Gentles AJ, Newman AM, Liu CL, Bratman SV, Feng W, Kim D, Nair VS, Xu Y, Khuong A, Hoang CD, et al. The prognos-
tic landscape of genes and infiltrating immune cells across human cancers. Nat Med. 2015;21(8):938-45.

13. Madu CO, Lu Y. Novel diagnostic biomarkers for prostate cancer. J Cancer. 2010;1:150-77.

14. Gaude E, Frezza C. Tissue-specific and convergent metabolic transformation of cancer correlates with metastatic
potential and patient survival. Nat Commun. 2016;7:13041.

15. Sonawane AR, Platig J, Fagny M, Chen CY, Paulson JN, Lopes-Ramos CM, DeMeo DL, Quackenbush J, Glass K, Kuijjer
ML. Understanding tissue-specific gene regulation. Cell Rep. 2017;21(4):1077-88.

16. Shlomi T, Cabili MN, Herrgard MJ, Palsson BO, Ruppin E. Network-based prediction of human tissue-specific metabo-
lism. Nat Biotechnol. 2008:;26(9):1003-10.

17. Yang WY, Rao PS, Luo YC, Lin HK, Huang SH, Yang JM, Yuh CH. Omics-based investigation of diet-induced obesity
synergized with HBx, Src, and p53 mutation accelerating hepatocarcinogenesis in Zebrafish model. Cancers (Basel).
2019;11(12):1899.

18. Uhlen M, Fagerberg L, Hallstrom BM, Lindskog C, Oksvold P, Mardinoglu A, Sivertsson A, Kampf C, Sjostedt E,
Asplund A, et al. Proteomics. Tissue-based map of the human proteome. Science. 2015;347(6220):1260419.

19. Clark PA, lida M, Treisman DM, Kalluri H, Ezhilan S, Zorniak M, Wheeler DL, Kuo JS. Activation of multiple ERBB
family receptors mediates glioblastoma cancer stem-like cell resistance to EGFR-targeted inhibition. Neoplasia.
2012;14(5):420-8.

20. CarterY, Sippel RS, Chen H. Hypothyroidism after a cancer diagnosis: etiology, diagnosis, complications, and man-
agement. Oncologist. 2014;19(1):34-43.

21. Chandran R, Hakki M, Spurgeon S. Infections in leukemia, Sepsis Luciano Azevedo. IntechOpen; 2012.

22. Hanahan D, Weinberg RA. Hallmarks of cancer: the next generation. Cell. 2011;144(5):646-74.

23. Cancer Genome Atlas Research N, Weinstein JN, Collisson EA, Mills GB, Shaw KR, Ozenberger BA, Ellrott
K, Shmulevich |, Sander C, Stuart JM. The cancer genome atlas pan-cancer analysis project. Nat Genet.
2013;45(10):1113-1120.

24. Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, Smyth GK. limma powers differential expression analyses for RNA-
sequencing and microarray studies. Nucleic Acids Res. 2015;43(7):e47.

25. LiJ, Tibshirani R. Finding consistent patterns: a nonparametric approach for identifying differential expression in
RNA-Seq data. Stat Methods Med Res. 2013;22(5):519-36.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions . BMC




	CoMI: consensus mutual information for tissue-specific gene signatures
	Abstract 
	Background: 
	Results: 
	Conclusions: 

	Background
	Results
	CoMI for identifying gene signatures in multiple cancers
	Tissue-specific properties of gene signatures
	Clinical prognosis of gene signatures

	Discussion
	Conclusion
	Methods
	Omics and validation data
	Discretization
	CoMI: Consensus mutual information

	Acknowledgements
	References


