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a b s t r a c t

Head and neck squamous cell carcinoma (HNSC) is one of most common malignancies with high mortality 
worldwide. Importantly, the molecular heterogeneity of HNSC complicates the clinical diagnosis and 
treatment, leading to poor overall survival outcomes. To dissect the complex heterogeneity, recent studies 
have reported multiple molecular subtyping systems. For instance, HNSC can be subdivided to four distinct 
molecular subtypes: atypical, basal, classical, and mesenchymal, of which the mesenchymal subtype is 
characterized by upregulated epithelial-mesenchymal transition (EMT) and associated with poorer survival 
outcomes. Despite a wealth of studies into the complex molecular heterogeneity, the regulatory mechanism 
specific to this aggressive subtype remain largely unclear. Herein, we developed a network-based bioin-
formatics framework that integrates lncRNA and mRNA expression profiles to elucidate the subtype-specific 
regulatory mechanisms. Applying the framework to HNSC, we identified a clinically relevant lncRNA LNCOG 
as a key master regulator mediating EMT underlying the mesenchymal subtype. Five genes with strong 
prognostic values, namely ANXA5, ITGA5, CCBE1, P4HA2, and EPHX3, were predicted to be the putative tar-
gets of LNCOG and subsequently validated in other independent datasets. By integrative analysis of the 
miRNA expression profiles, we found that LNCOG may act as a ceRNA to sponge miR-148a-3p thereby up-
regulating ITGA5 to promote HNSC progression. Furthermore, our drug sensitivity analysis demonstrated 
that the five putative targets of LNCOG were also predictive of the sensitivities of multiple FDA-approved 
drugs. In summary, our bioinformatics framework facilitates the dissection of cancer subtype-specific 
lncRNA regulatory mechanisms, providing potential novel biomarkers for more optimized treatment of 
HNSC.

© 2022 The Author(s). Published by Elsevier B.V. on behalf of Research Network of Computational and 
Structural Biotechnology. This is an open access article under the CC BY-NC-ND license (http://creative-

commons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Head and neck squamous cell carcinoma (HNSC), including can-
cers developed in the oral cavity, salivary glands, and oropharynx, 
accounts for roughly 5% of all cancer types and is the sixth leading 
cause of cancer-related deaths worldwide [1,2]. The last decades 
have witnessed tremendous improvements in surgery, che-
motherapies and radiation therapies for this malignancy, leading to 
an increase of 5-year survival rate to ∼65% in the United States [3]. 
However, most patients are still diagnosed at advanced stages, 
missing the critical treatment timing and making it hard to perform 
surgical operations due to the requirements of inalienable life-es-
sential behaviours like speaking and swallowing [4]. Even after tu-
mour removal and clinical treatments, patients are 40–60% likely to 
suffer from the recurrence of HNSC [5]. Understanding the molecular 
mechanisms underlying HNSC progression and metastasis is of great 
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urgency for the development of more precise diagnostic tools and 
therapeutic treatments.

Similar to other major malignancies, HNSCs are highly hetero-
geneous disease entities. To dissect the molecular heterogeneity of 
the disease, several subtyping systems have been developed [6–8]. A 
representative study was performed by The Cancer Genome Atlas 
Network (TCGA), which comprehensively characterized four distinct 
transcriptome-based subtypes: atypical, basal, classical, and me-
senchymal, with distinct biological features and clinical outcomes 
[9]. Importantly, the mesenchymal subtype was characterized by 
upregulated epithelial-mesenchymal transition (EMT), higher inva-
siveness and higher risk of lymph node metastasis [10,11]. Moreover, 
survival analysis of these four subtypes confirmed that patients 
classified to the mesenchymal subtype was associated with the 
worst survival. However, the regulatory mechanism underlying the 
mesenchymal subtype remains elusive, preventing the development 
of targeted agents for this aggressive disease.

Recent studies have revealed the transcriptional and post-tran-
scriptional importance of non-coding regions of the human genome, 
highlighting that non-coding RNAs are also key players in human 
cancers [12,13]. Long non-coding RNAs (lncRNAs), classified as 
transcripts over 200 bps with little coding potential, have been 
discovered using high-throughput sequencing [14]. Considered to be 
one of the fundamental regulators at transcriptional, post-tran-
scriptional and epigenetic levels, lncRNAs have been reported for 
diverse regulatory functions and implicated for potential clinical 
values in cancers [14,15]. Four major lncRNA archetypes, namely 
signal, decoy, guide and scaffold, have been proposed to compre-
hensively summarize the molecular functions of lncRNAs [16]. First, 
as lncRNA transcriptions could occur at a specific time due to the 
transcriptional control, they may function as a molecular ‘signal’ to 
regulate downstream genes, thus influencing the transcriptional 
levels of targets [16]. Second, as a ‘decoy’ molecule, lncRNA could 
bind transcription regulators, by preventing them from locating into 
the destined position to intervene certain cancer-associated path-
ways [17]. Third, ‘Guide’ lncRNAs often interact with transcription 
factors, leading them to specific DNA regions and thus regulate gene 
translation [18]. Fourth, when lncRNAs exert their ‘scaffold’ property, 
they function as a platform to facilitate chromatin modifying com-
plexes and may affect transcription depending on the biological 
nature of involved proteins [19].

Among the diverse molecular functions, growing interests have 
been focused on the role of lncRNAs as the competing endogenous 
RNA (ceRNA) to sponge miRNAs, thereby repressing the expression 
of target genes in various malignancies [20–22]. Of note, quite a few 
lncRNAs have been reported to play critical roles in HNSC progres-
sion and metastasis. For example, the overexpression of lncRNA 
HOXC13-AS could promote tumour migration and cell proliferation of 
HNSC by sponging miR-378 g, thus inducing the expression of 
HOXC13 [23]. LncRNA PTCSC3, functioning as a ceRNA for miR- 
574–5p, was experimentally validated as a tumour suppressor in 
HNSC cancer cells [24]. LncRNA MALAT1 induced EMT pathway, re-
sulting in the tumour growth and invasiveness of HNSC [25]. Fur-
thermore, two other lncRNAs, TUG1 and UCA1, contributed to the 
tumour progression of HNSC by interacting with the Wnt/beta-ca-
tenin pathway [26,27].

To date, several computational methods have been reported to 
identify potential cancer-related and tumour-specific ceRNAs using 
gene expression profiles. Do et al. developed a pipeline called 
‘Cancerin’ for the identification ceRNA modules enriched in cancer- 
associated biological processes by incorporating copy number al-
teration, DNA methylation, and transcription factor profiles between 

tumour and normal samples [28]. Paci et al. applied a partial cor-
relation method to analyse lncRNA, miRNA and mRNA expression 
levels and identified miRNA-mediated sponge interaction networks 
in breast cancer and normal samples, respectively, highlighting re-
wiring of the ceRNA program from normal to cancerous states [29]. 
However, despite the rich ceRNA literature, there is no computa-
tional approach to infer lncRNA regulatory networks with the 
identification of master regulatory lncRNAs and their ceRNA candi-
dates on a genome-wide scale for specific cancer subtypes.

In this study, we first employed a multi-dimensional network 
approach to dissect the lncRNA-mRNA regulatory mechanism un-
derlying the mesenchymal subtype of HNSC, followed by the iden-
tification of master regulatory lncRNAs mediating the EMT pathway. 
Next, we predicted putative target genes of the key master regulator 
LNCOG and validated their clinical associations in multiple in-
dependent datasets. Subsequently, we comprehensively performed 
ceRNA analysis by integrative analysis of lncRNA, miRNA, and mRNA 
expression profiles. Our results showed that LNCOG might promote 
EMT pathway via sponging miR-148a-3p, thus antagonizing its 
function to repress ITGA5 protein translation. Finally, using com-
prehensive drug sensitivity analysis, we found that the five putative 
targets of LNCOG were also predictive of the sensitivities of multiple 
drugs, of which some are FDA-approved.

2. Materials and methods

2.1. Data collection and pre-processing

A flow chart was produced to summarize the study design 
(Fig. 1). TCGA-HNSC gene expression profiles and corresponding 
clinical information were downloaded from the University of Cali-
fornia Santa Cruz (UCSC) Xena data portal (https://xenabrowser.net/ 
datapages). Gene expression profiles were converted from fragments 
per kilobase million (FPKM) to transcripts per million (TPM), fol-
lowed by log2-transformation and filtering of genes with low ex-
pression. Human lncRNA annotation was downloaded from the 
GENCODE database (https://www.gencodegenes.org/). A total of 275 
patients with subtype classification labels were downloaded from 
TCGA for downstream analysis, out of which 75 belong to the me-
senchymal subtype. The stromal content of patients in the TCGA- 
HNSC cohort was obtained from the ESTIMATE database (https:// 
bioinformatics.mdanderson.org/estimate). Independent validation 
datasets were downloaded from The International Cancer Genome 
Consortium (ICGC) [30] and Gene Expression Omnibus (GSE41613, 
GSE27020, and GSE65858). The detailed patient demographics for 
the datasets were shown in Table 1.

2.2. LncRNA regulatory network inference and master regulator 
identification

We performed regulatory network inference to dissect the re-
lationship between lncRNAs and potential targets by integrative 
analysis of lncRNA and mRNA expression profiles. To this end, dif-
ferential analysis was performed between the mesenchymal subtype 
and non-mesenchymal subtypes on the TCGA-HNSC dataset using 
the R package ‘limma’ [31]. Upregulated lncRNAs in the mesench-
ymal subtype (log2 fold change > 0.5, Benjamini-Hochberg adjusted 
[BH-adjusted] P  <  0.05) were prioritized as potential regulators, and 
differentially expressed genes (DEGs) between the mesenchymal 
and non-mesenchymal tumours (|log2 fold change| > 0.5, BH-ad-
justed P  <  0.05) were identified as potential targets. The lncRNA and 
mRNA expression profiles were Z-normalized and merged for 
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Fig. 1. A schematic workflow illustrating the overall study design of our bioinformatics framework. A lncRNA-mRNA regulatory network was constructed on the TCGA-HNSC 
dataset, followed by master regulator analysis and ceRNA analysis. Multiple independent datasets were employed to validate the clinical relevance of the putative target mRNAs.

Table 1 
Patient characteristics of in the discovery and validation datasets. 

TCGA-HNSC (n = 275) 
No. (%)

ICGC-ORCA (n = 40) 
No. (%)

GSE65858 
(n = 270) 
No. (%)

GSE41613 (n = 97) 
No. (%)

GSE27020 (n = 109) 
No. (%)

Age
<  60 110 (0.40) 32 (0.80) 153 (0.57) 50 (0.52) 35 (0.32)
>  = 60 165 (0.60) 8 (0.20) 117 (0.43) 47 (0.48) 74 (0.68)

Gender
Male 200 (0.73) 34 (0.85) 223 (0.83) 66 (0.68) –
Female 75 (0.27) 6 (0.15) 47 (0.17) 31 (0.32) –

Stage T
1 13 (0.05) 0 (0.00) 35 (0.13) – –
2 84 (0.31) 1 (0.03) 80 (0.30) – –
3 82 (0.30) 3 (0.08) 58 (0.21) – –
4 96 (0.35) 36 (0.90) 97 (0.36) – –

Stage N
0 136 (0.49) 10 (0.25) 94 (0.35) – –
1 49 (0.18) 18 (0.45) 32 (0.12) – –
2 83 (0.30) 11 (0.28) 132 (0.49) – –
3 4 (0.01) 0 (0.00) 12 (0.04) – –
Others 3 (0.01) 1 (0.03) 0 (0.00) – –

Stage M
0 273 (0.99) – 263 (0.97) – –
1 2 (0.01) – 7 (0.03) – –

Stage TNM
I 9 (0.03) – 18 (0.07) – –
II 57 (0.21) – 37 (0.18) – –
III 65 (0.24) – 37 (0.18) – –
IV 144 (0.52) – 178 (0.66) – –

Subtype
Atypical 67 (0.24) – 73 (0.27) – –
Basal 85 (0.31) – 84 (0.31) – –
Classical 48 (0.18) – 30 (0.11) – –
Mesenchymal 75 (0.27) – 83 (0.31) – –
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regulatory network inference using R package ‘RTN’ [32], with per-
mutation for 1000 times, bootstrap resampling and weak interaction 
filtering. Subsequently, master regulatory analysis was performed 
based on a hypergeometric test for overrepresentation of the EMT 
signature genes [33] in the predicted regulon of each lncRNA. The 
regulatory network was visualized using R package ‘RedeR’ [34].

2.3. Functional annotation analysis

We performed gene set enrichment analysis (GSEA) using R 
package ‘HTSanalyzeR2′ [35] with 1000 permutations. Log2 fold 
changes between gene expression profiles of the mesenchymal and 
non-mesenchymal tumour samples were used as input for each 
dataset, and C2 gene sets were downloaded from MSigDB [36]. For 
the analysis of Kyoto Encyclopedia of Genes and Genomes (KEGG) 
pathways and GO gene sets, we utilized functions enrichKEGG and 
enrichGO of the R package ‘clusterProfiler’ [37]. Overrepresentation 
of the mesenchymal subtype-specific DEGs and potential putative 
target genes regulated by identified master regulators in ten cancer 
hallmark gene sets [38] was quantified by one-sided hypergeometric 
tests and ranked by the statistical significance (-log10(P)).

2.4. ceRNA analysis

The mature miRNA expression profiles were downloaded using R 
package ‘TCGABiolinks’ from TCGA [39], followed by log2-transfor-
mation. Candidate miRNAs were selected if they were both nega-
tively correlated with the master regulatory lncRNA and target genes 
(Pearson correlation coefficients or PCC < 0 & BH-adjusted P  <  0.05). 
Experimentally validated miRNA-mRNA interactions were down-
loaded from miRTarBase database [40]. The predicted miRNAs with 
experimental validations were prioritized as the sponged candidates 
of the master regulator lncRNA. Univariate Cox regression analysis 
was performed on the selected miRNAs to evaluate the association 
with survival.

2.5. Drug sensitivity analysis

Drug activity data involving 481 approved and investigational 
drugs and corresponding gene expression profiles of The Cancer 
Therapeutics Response Portal (CTRP) were downloaded from the 
CellMinerCDB database [41]. More specifically, the CTRP drug ac-
tivity data and corresponding gene expression levels of 32 HNSC cell 
lines were downloaded, and drug sensitivity analysis was performed 
with the following procedures. We first removed drugs without drug 
activity scores in over half of the HNSC cell lines and imputed the 
remaining by R package ‘impute’. To investigate the predictive power 
of the lncRNA target genes, cell lines were stratified by the median 
value of the drug activity scores, and the area under the curve (AUC) 
was calculated based on the target gene expression. Moreover, a 
univariate linear regression model was constructed to predict drug 
activity scores based on gene expression levels, and ANOVA tests 
were performed to assess the overall model significance. A gene was 
significantly associated with the sensitivity of cell lines to a certain 
drug if ANOVA P  <  0.05 and AUC >  = 0.75 or significantly associated 
with the resistance if ANOVA P  <  0.05 and AUC <  = 0.25. To further 
investigate whether the putative targets of LNCOG are predictive of 
drug activities, we performed multivariate regression with LASSO 
regularization involving all the DEGs between the mesenchymal and 
non-mesenchymal subtypes for each drug. Genes with non-zero 
regression coefficients were selected and determined as contributing 
factors to the drug sensitivity.

2.6. Statistical analysis

Statistical analyses were performed using R (version 4.0.3). 
Kaplan–Meier curves were generated to investigate the prognostic 
values of the identified master regulators and the predicted target 
genes, with the significance assessed by log-rank tests. Univariate 
and multivariate Cox proportional hazard regression analyses were 
performed by R package ‘survival’ to calculate hazard ratios (HRs) 
with 95% confidence intervals (CIs) based on the gene expression 
levels. Survival plots were visualized by R package ‘survminer’. 
LASSO regression analysis was performed by R package ‘glmnet’ to 
prioritize mesenchymal subtype-specific contributing genes to drug 
activity. Two-sided Student’s t-tests were used to assess the differ-
ences between two groups. Statistical significance was denoted by 
* P  <  0.05, * * P  <  0.01, * ** P  <  0.001, ns Not Significant, and a 
P  <  0.05 was considered statistically significant.

3. Results

3.1. Integrative analysis of lncRNA and mRNA expression profiles 
established a regulatory network underlying the mesenchymal subtype 
of HNSC

Using the TCGA-HNSC dataset with corresponding subtype la-
bels, we first performed biological and clinical characterizations of 
the mesenchymal subtype of HNSC. Consistent with previous con-
clusions, the mesenchymal subtype showed upregulated EMT sig-
nature genes, higher stromal content, and worse overall survival (Fig. 
S1A-C). Pathway analysis based on cancer hallmarks found that the 
differentially expressed genes (DEGs) between the mesenchymal 
and non-mesenchymal subtypes (|log2 fold change| > 0.5, BH-ad-
justed P  <  0.05) were strongly associated with ‘tumor promoting 
inflammation’, ‘angiogenesis’, ‘activating invasion’ and ‘sustaining 
proliferative signaling’ (P  <  0.05) (Fig. S1D). Consistently, using the 
abovementioned DEGs, functional annotations based on hypergeo-
metric tests on KEGG pathways and GO biological processes found 
that the mesenchymal subtype specific DEGs were overrepresented 
in EMT-related pathways such as ‘focal adhesion’ and ‘extracellular 
matrix organization’ (Fig. S2A-B). Gene set enrichment analysis 
confirmed the significant enrichment of focal adhesion and EMT 
signature genes in the mesenchymal subtype (Fig. S2C-D). Together, 
our results confirmed previous characterizations of the mesench-
ymal subtype of HNSC, providing a strong rationale for us to further 
elucidate the regulatory mechanism underlying this aggressive 
subtype.

To interrogate the subtype-specific regulatory mechanism, we 
inferred a lncRNA-mRNA regulatory network by integrative analysis 
of the mRNA and lncRNA expression profiles in the TCGA-HNSC 
dataset (detailed method in Section 2.2). Briefly, 39 lncRNAs upre-
gulated in the mesenchymal subtype (log2 fold change > 0.5, BH- 
adjusted P  <  0.05) (Fig. 2A) were prioritized as potential regulators, 
while 2569 differentially expressed genes between the mesench-
ymal and non-mesenchymal tumours (|log2 fold change| > 0.5, BH- 
adjusted P  <  0.05) were selected as the potential functional targets 
of the lncRNAs. As a result, we obtained a lncRNA-mRNA regulatory 
network with 2618 nodes and 6569 edges using RTN package [32], 
with 1000 times permutation, bootstrapping analysis and filtering 
out weak interactions (Fig. 2B). Both activation and repression re-
lationships between lncRNAs and their putative targets could be 
observed in the network, suggesting the diverse regulatory roles of 
lncRNAs in HNSC.

J. Li, T. Wu, K. Song et al. Computational and Structural Biotechnology Journal 21 (2023) 535–549

538



Fig. 2. Differentially expressed lncRNAs and mRNAs were integrated to infer a lncRNA regulatory network underlying the mesenchymal subtype of HNSC. (A) Heatmap of 
the expression of lncRNAs upregulated in the mesenchymal subtype in the TCGA-HNSC dataset. (B) A lncRNA-mRNA regulatory network of the prioritized lncRNAs and putative 
target mRNAs. C. Prioritization of master regulatory lncRNAs was based on statistical significance derived from hypergeometric tests for overrepresentation of a lncRNA’s regulon 
for EMT signature genes and the proportion of EMT genes regulated by a lncRNA.
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3.2. LNCOG is a master regulator of epithelial-mesenchymal transition 
and a strong prognosticator of HNSC patients

To identify lncRNAs regulating EMT in the mesenchymal subtype 
of HNSC, we performed master regulator analysis with hypergeo-
metric tests for overrepresentation of a lncRNA’s predicted regulons, 
i.e., a set of target genes, for EMT signature genes (Table 2). Three 
lncRNAs were prioritized to be potential master regulators of the 
EMT pathway, namely TGFB2-AS1, LNCOG, and MIR100HG (Fig. 2C). 
The expression levels of the three lncRNAs were predictive of HNSCs 
from the mesenchymal status, and a multivariate logistic regression 
model built by integrating the three lncRNAs also demonstrated 
promising diagnostic power, suggesting their potential to be used as 
diagnostic biomarkers for the prediction of the mesenchymal sub-
type of HNSC (Fig. 3A). We subsequently investigated the prognostic 
relevance of these lncRNAs and found that higher expression of 
LNCOG was significantly associated with worse overall survival (OS) 
based on univariate Cox regression analysis (P = 0.01, hazard ratio 
(HR) = 1.25 [95% CI, 1.05 – 1.49]) (Fig. 3B) and Kaplan-Meier analysis 
(P = 0.0036, log-rank test, Fig. 3C). Compared to non-mesenchymal 
tumours, we observed significantly higher expression of LNCOG in 

the mesenchymal samples (Fig. 3D). As expected, the expression of 
LNCOG was also significantly upregulated in HNSC tumours com-
pared to normal samples (Fig. 3E). Interestingly, no significant dif-
ference was observed in the expression levels of LNCOG between 
tumour stages (Fig. S3), suggesting that LNCOG could be used as a 
diagnostic biomarker of HNSC that is pathologically independent. 
Functional analysis performed on the cancer hallmarks suggested 
that the putative targets of LNCOG were significantly enriched in 
‘angiogenesis’ and ‘activating invasion’ (Fig. 3F), which again de-
monstrated the functional importance in regulating this aggressive 
subtype of HNSC.

3.3. Prediction and validation of putative target genes of LNCOG as 
prognosticators for HNSC

To further dissect the downstream regulatory mechanism, we 
next sought to identify putative target genes of LNCOG that are 
prognostic and investigate their potential functional associations 
with LNCOG. Univariate Cox regression analysis was performed to 
evaluate the association of the putative target genes of LNCOG with 
overall survival. Our results showed that five target genes (ANXA5, 

Table 2 
Master regulator analysis results. 

Regulon Regulon size Expected hits Observed hits p-value BH-adjusted p-value

TGFB2-AS1 229 24.85 45 2.60E-05 9.80E-04
LNCOG 150 16.28 29 1.10E-03 2.00E-02
MIR100HG 175 18.99 31 3.20E-03 4.00E-02
LINC01929 116 12.59 22 5.50E-03 5.20E-02
LINC02454 170 18.45 29 7.40E-03 5.70E-02
LINC01711 123 13.35 22 1.10E-02 7.00E-02
MIR4435–2HG 118 12.8 21 1.40E-02 7.40E-02
CYTOR 138 14.97 23 2.10E-02 1.00E-01
NKILA 97 10.53 17 2.90E-02 1.20E-01
MSC-AS1 170 18.45 25 6.50E-02 2.50E-01
LINC01561 181 19.64 26 7.70E-02 2.70E-01
LINC02345 133 14.43 19 1.20E-01 3.90E-01
MAGI2-AS3 751 81.49 90 1.30E-01 3.90E-01
LINC01638 80 8.68 12 1.50E-01 3.90E-01
LOC101928228 238 25.83 31 1.50E-01 3.90E-01
FOXC2-AS1 53 5.75 8 2.10E-01 4.90E-01
GRASLND 30 3.26 5 2.20E-01 4.90E-01
LINC02544 57 6.19 8 2.70E-01 5.80E-01
LOC100505501 94 10.2 11 4.40E-01 8.40E-01
PRECSIT 149 16.17 17 4.50E-01 8.40E-01
LINC02381 123 13.35 14 4.70E-01 8.40E-01
LOC339803 97 10.53 11 4.90E-01 8.40E-01
PCAT19 85 9.22 9 5.90E-01 9.60E-01
LINC01615 48 5.21 5 6.10E-01 9.60E-01
LINC01235 80 8.68 8 6.50E-01 9.90E-01
LINC00460 111 12.04 11 6.70E-01 9.90E-01
SFTA1P 39 4.23 3 8.10E-01 1.00E+ 00
SENCR 331 35.92 31 8.50E-01 1.00E+ 00
PELATON 325 35.27 30 8.70E-01 1.00E+ 00
FLJ22447 90 9.77 6 9.40E-01 1.00E+ 00
HLA-DQB1-AS1 56 6.08 3 9.50E-01 1.00E+ 00
THBS4-AS1 145 15.73 9 9.80E-01 1.00E+ 00
LOC100507516 241 26.15 17 9.90E-01 1.00E+ 00
MIR1–1HG 244 26.48 11 1.00E+ 00 1.00E+ 00
PSMB8-AS1 191 20.73 10 1.00E+ 00 1.00E+ 00
LINC00654 308 33.42 19 1.00E+ 00 1.00E+ 00
PCED1B-AS1 632 68.58 50 1.00E+ 00 1.00E+ 00
LOC105369519 159 17.25 7 1.00E+ 00 1.00E+ 00
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ITGA5, CCBE1, P4HA2, and EPHX3) showed significant prognostic 
values (BH-adjusted P  <  0.05, Fig. 3G). Except for EPHX3, the ex-
pression of the other four genes were all positively correlated with 
the expression of LNCOG (P  <  0.05, Pearson’s correlation tests) 
(Fig. 3H-L). Our subsequent Kaplan-Meier survival analysis further 
demonstrated the prognostic values of these putative target genes, 
confirming that ANAX5, CCBE1, ITGA5 and P4HA2 are risk factors and 
EPHX3 is a protective factor of overall survival (Fig. 4A). Moreover, 
these putative target genes were significantly up- or down-regulated 
in the mesenchymal HNSCs (Fig. 4B), suggesting their strong subtype 
specificities.

To validate the clinical associations of these putative targets of 
LNCOG, we collected four independent datasets from ICGC (ICGC- 
ORCA) and GEO (GSE27020, GSE41613 and GSE65858). In the ICGC- 
ORCA (n = 40) and GSE27020 (n = 109) datasets, patients with higher 
expression levels of ITGA5, ANXA5 and P4HA2 showed worse OS and 
disease-free survival (DFS) (Fig. 5A-B and Fig. S4A-B); In GSE65858 
(n = 270), higher expression of ITGA5 correlated with worse OS, 
whereas higher expression of EPHX3 was associated with more fa-
vourable OS (Fig. 5C and Fig. S4C). In GSE41613 (n = 97), patients 
with higher expression of ITGA5 and ANXA5 displayed worse OS, 
demonstrating the same survival trend as observed in the other 
validation datasets (Fig. 5D and Fig. S4D). Moreover, consistent with 
the TCGA-HNSC dataset, we found significant differential expression 
of the five putative targets between the mesenchymal and non- 
mesenchymal subtypes in GSE65858 (Fig. S5). Altogether, our sur-
vival analysis demonstrated the potential to employ the five target 
genes of LNCOG for HNSC prognosis, which warrants further vali-
dation in larger clinical cohorts.

3.4. LNCOG may function as a ceRNA by sponging miR-148a-3p 
in HNSC

We postulated that LNCOG may function as a ceRNA to regulate 
the expression of target genes by sponging miRNAs. To test the hy-
pothesis, we attempted to identify potential candidate miRNAs using 
two criteria: (1) the expression of a candidate miRNA should be both 
negatively correlated with the expression of LNCOG and a target 
gene; (2) the interactions between the candidate miRNAs and five 
putative target genes should be previously reported (e.g., in 
miRTarBase [40]). Using the strategy, we found 87 miRNAs with 
inverse correlation with the expression of LNCOG and ITGA5, and 231 
miRNAs with reported interactions with ITGA5 (Fig. 6A). Among the 
five candidate miRNAs commonly found in the intersection, miR- 
148a-3p turned out to be the clinically relevant candidate based on 
univariate Cox regression analysis (P = 0.047, HR = 0.85 [95% CI, 0.72 
– 1.00]) (Fig. 6B), with its low expression associated with poorer 
survival (P = 0.017, log-rank test) and significant negative correlation 
with the expression of LNCOG (P = 1.72E-04) and its target gene 
ITGA5 (P = 3.60E-06) (Fig. 6C-E and Table 3). Indeed, we found that 
the 3′ UTR of ITGA5 contains a binding site of miR-148a-3p (Fig. 6F). 
In addition, the miRNA downstream analysis of ANXA5 and P4HA2 
was not conducted due to the clinical insignificance in the survival 

analysis of candidate miRNAs (Fig. S6A-B). Together, our computa-
tional analysis suggested that LNCOG might function as a ceRNA to 
regulate downstream genes such as ITGA5 via sponging miR- 
148a-3p.

3.5. Drug sensitivity analysis confirmed the predictive values of the 
putative targets of LNCOG

To explore the potential predictive values of the putative target 
genes of LNCOG, we performed drug sensitivity analysis (detailed 
method in Section 2.5) by integrating 481 drug activity scores and 
corresponding gene expression profiles in 32 HNSC cell lines. After 
filtering out drugs with activity scores in less than half of the cell 
lines, we assessed for each drug the predictive value of each gene’s 
expression by the area under ROC (AUC), with cell lines stratified by 
the median drug activity to a more sensitive and a more resistant 
subgroup. Interestingly, we found that each of the five target genes 
of LNCOG was predictive of the sensitivities of several drugs 
(Table 4), of which some are FDA-approved. For instance, the ex-
pression of ANXA5 showed predictive value of the sensitivity of 
trametinib, which is a FDA-approved inhibitor of MEK1 and MEK2 for 
the treatment of anaplastic thyroid cancer (AUC = 0.76 and ANOVA 
P = 0.0226) (Fig. 7A). Methotrexate is also a FDA-approved drug, 
which is an inhibitor of dihydrofolate reductase leading to the sup-
pression of inflammation and prevention of cell division [42]. We 
found that the sensitivity of methotrexate could be predicted by the 
high expression of CCBE1 (AUC = 0.77 and ANOVA P = 0.0395) 
(Fig. 7B). Interestingly, the drug sensitivity of an effective severe 
acute respiratory syndrome coronavirus 2 inhibitor, masitinib [43], 
could be significantly predicted by the high expression of EPHX3 
(AUC = 0.80 and ANOVA P = 0.0319) (Fig. 7C). Cell lines with higher 
expression of ITGA5 tended to be more resistent to an FDA-approved 
drug belinostat (AUC = 0.77 and ANOVA P = 0.0206) (Fig. 7D). Fur-
thermore, the low expression of P4HA2 showed strong predictive 
performance of the sensitivity of BRD-K80183349, which is a HDAC 
inhibitor (AUC = 0.86 and ANOVA P = 3.03E-05) (Fig. 7E). To further 
confirm the predictive values of the putative targets of LNCOG, we 
performed multivariate regression with LASSO regularization invol-
ving all the DEGs between the mesenchymal and non-mesenchymal 
subtypes for each drug. Consistently, we found that the expression of 
ITGA5 was positively associated with the sensitivity of apicidin and 
Merck60, CCBE1 with ruxolitinib, and P4HA2 with BRD-K80183349 
(Table 5), suggesting the robustness of their predictive values. Taken 
together, our lncRNA-mRNA regulatory network analysis revealed 
putative target genes of the master regulator lncRNA, with strong 
potential to be developed as prognostic and predictive biomarkers 
for HNSC.

4. Discussion

HNSCs are highly heterogeneous diseases, which can be sub-
divided into multiple molecularly distinct subtypes [6–8,11]. Despite 
the extensive studies about the heterogeneity of this malignancy, 

Fig. 3. The prioritized master regulator LNCOG was significantly associated with overall survival and could act as a prognosticator for HNSC patients of the mesenchymal 
subtype. (A) ROC curves compare the predictive power of the expression levels of the three prioritized lncRNAs and the combined multivariate logistic regression model. (B) 
Univariate Cox regression analysis of the prioritized master regulatory lncRNAs with OS. (C) Kaplan–Meier curves compare the OS of LNCOG in low and high expression subgroups 
(stratified by the average expression level of LNCOG). (D) The master regulator LNCOG was significantly upregulated in the mesenchymal subtype of HNSC. (E) LNCOG was 
significantly upregulated in HNSC compared to normal samples. (F) Functional annotation based on hypergeometric tests for overrepresentation of the putative target genes of 
LNCOG in the ten cancer hallmark gene sets. (G) Univariate Cox regression analysis of the prioritized putative target genes with overall survival. (H-L) The expression of the five 
putative target genes were significantly positively or negatively correlated with the expression of LNCOG.
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Fig. 4. Five putative target genes of LNCOG were significantly associated with OS and were differentially expressed between mesenchymal and non-mesenchymal HNSC. 
(A) Kaplan–Meier curves illustrate the prognostic relevance of the five putative target genes of LNCOG. In the Kaplan–Meier analysis for each gene, the patients were stratified by 
the optimal cutoff on the expression level of the gene. (B) Boxplots show that the five putative target genes of LNCOG were significantly up- or down-regulated in the me-
senchymal HNSC patients, respectively.
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Fig. 5. The prognostic values of the five putative target genes were confirmed in independent validation datasets. (A) Kaplan–Meier plots show that ITGA5, ANAX5 and P4HA2 
were significant risk factors of OS in the ICGC-ORCA dataset. (B) Kaplan–Meier plots show that ITGA5, ANAX5 and P4HA2 were risk factors of DFS in GSE27020 dataset. (C) 
Kaplan–Meier plots illustrate that EPHX3 was a protective factor of OS whereas ITGA5 was a risk factor in the GSE65858 dataset. (D) Kaplan–Meier plots illustrate that ITGA5 and 
ANAX5 were both risk factors of OS in the GSE41613 dataset.
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Fig. 6. CeRNA analysis identified miR-148a-3p as a potential target miRNA sponged by LNCOG. (A) Venn diagram illustrates the prioritization of miRNAs potentially sponged by 
LNCOG based on the overlap between the miRNAs with significant inverse correlation with ITGA5 and LNCOG and the miRNAs with evident interactions based on miRTarBase 
database of ITGA5. (B) Univariate Cox regression analysis of the five prioritized miRNAs with OS. (C) Kaplan–Meier curves compare the OS of patients with low and high expression 
of miR-148a-3p (stratified by the optimal cutoff on the expression level of miR-148a-3p). (D) The expression of miR-148a-3p was significantly negatively correlated with the 
expression of LNCOG. (E) The expression of miR-148a-3p was significantly negatively correlated with its putative target ITGA5. (F) The predicted binding sequences of miR-148a-3p 
with its target gene ITGA5.
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few studies have been focused on the regulatory mechanism un-
derlying specific subtypes, preventing the identification of novel 
drug targets and the design of novel subtype-specific therapeutics. 
Recent studies, including ours [44], have demonstrated strong spe-
cificities of lncRNAs in regulating particular cancer types [45–48], 
but there is still a lack of a computational framework for genome- 
wide analysis of lncRNA regulatory network.

Herein, we proposed an efficient bioinformatics framework by 
integrating lncRNA and mRNA expression profiles for regulatory 
network inference, followed by master regulator analysis with re-
spect to a specific biological process. To exemplify the usefulness in 
HNSC, we inferred a lncRNA-mRNA regulatory network specifically 
for the mesenchymal subtype and identified three master regulatory 
lncRNAs mediating EMT. Focusing on the prognostic master reg-
ulator LNCOG, we predicted five putative target genes showing 
strong clinical relevance in multiple independent HNSC datasets. 
Subsequently, we identified ceRNA candidates by integrative ana-
lysis of lncRNA, miRNA and mRNA expression profiles. Our com-
prehensive analysis yielded novel insights into the subtype-specific 
regulatory mechanism and provided potential novel prognosticators 
and therapeutic strategies for HNSC.

Using the lncRNA regulatory network, five putative targets 
(ANXA5, ITGA5, CCBE1, P4HA2, and EPHX3) of LNCOG with prognostic 
values were identified and validated in multiple independent co-
horts, highlighting the reliability of our network-based approach. 
Indeed, the cancer-related biological functions of these putative 
targets have been implicated in the literature. ITGA5, involved in 
PI3K-Akt signalling pathway critical for cell proliferation, differ-
entiation, and apoptosis [49,50], was identified as a novel 

therapeutic target in the oral squamous carcinoma [51] and osteo-
lytic lesions [52], as well as an anti-stroma target in pancreatic 
cancer to promote chemotherapy efficacy [53]. Another target gene, 
ANXA5, was found to be associated with dexamethasone (DEX) re-
sistance in B-cell acute lymphoblastic leukaemia, and the inhibition 
of ANXA5 may overcome the drug resistance [54]. CCBE1, whose 
overexpression was shown to promote tumour lymphangiogenesis 
and lymphatic metastasis in colorectal cancer [55], could be targeted 
by miR-330–3p, resulting in invasion and metastasis of breast cancer 
[56]. P4HA2 was discovered to possess the capacity of uncoupling 
extracellular matrix signals in lung adenocarcinoma [57] and its 
inhibition could supresses breast cancer progression and metastasis 
[58]. Furthermore, the expression and DNA methylation of EPHX3 
were both found to be prognostic in two independent studies based 
on gene expression and DNA methylation profiles, respectively 
[59,60], which consistently demonstrate the reliability of our results.

Among the diverse regulatory mechanisms of lncRNAs, growing 
interests were focussed on the potential for them to act as ceRNAs, 
which are RNAs that share miRNA recognition elements (MREs). 
Therefore, lncRNAs may function as a decoy to regulate mRNA ex-
pression indirectly by competing for shared miRNAs [61]. Herein, by 
integrative analysis of multi-omics profiles (lncRNA, mRNA and 
miRNA expression profiles) in the TCGA-HNSC dataset, we proposed 
a ceRNA-based regulatory model, where LNCOG may sponge miR- 
148a-3p to upregulate ITGA5 in the mesenchymal subtype of HNSC. 
Since miR-148a-3p was reported to be the tumour suppressor in 
several cancer types [62], the downregulation of miR-148a-3p in the 
mesenchymal subtype explains the poorer survival of patients 
classified to this specific subtype. Together, our integrative bioin-
formatic analysis revealed a potential novel mechanism for LNCOG to 
function via the lncRNA-miRNA-mRNA axis to regulate EMT in the 
mesenchymal subtype of HNSC, which warrants further experi-
mental validations.

In addition to the strong prognostic utilities, we finally asked 
whether the target genes of LNCOG could also be employed as po-
tential predictive biomarkers for more optimized therapeutics for 
HNSC patients. To this end, we performed drug sensitivity analysis 
by integrating the gene expression profiles and drug sensitivity data 
for 32 HNSC cell lines. As a result, we found that these putative 
target genes were indeed predictive of the sensitivities of multiple 
drugs, of which some were FDA-approved drugs such as trametinib, 
methotrexate, and belinostat. Therefore, we speculated that these 
putative target genes of LNCOG might be used also for the prediction 
of therapeutic response, especially for trametinib, which has been 
approved for the treatment of anaplastic thyroid cancer together 
with dabrafenib. Together, our comprehensive drug sensitivity ana-
lysis demonstrated the promising potentials of the predicted puta-
tive target genes to be used as prognostic and predictive biomarkers, 
which warrants further clinical validations.

Table 3 
Pearson correlation analysis between the master regulator LNCOG, target gene ITGA5 and candidate miRNAs. 

miRNA Pearson correlation 
coefficient with LNCOG

p-value 
with LNCOG

BH-adjusted p- 
value of LNCOG

Pearson correlation 
coefficient with ITGA5

p-value 
with ITGA5

BH-adjusted p- 
value with ITGA5

Hazard 
ratio

Univariate Cox p- 
value

miR-92a-3p -0.17 5.53E-03 4.28E-02 -0.26 9.02E-06 1.55E-04 0.97 7.96E-01
miR-148a-3p -0.22 1.72E-04 3.37E-03 -0.28 3.60E-06 7.19E-05 0.85 4.70E-02
miR-205–5p -0.21 3.88E-04 6.43E-03 -0.27 7.34E-06 1.31E-04 0.93 3.07E-01
miR-30e-3p -0.17 3.82E-03 3.27E-02 -0.17 5.62E-03 3.79E-02 0.82 1.21E-01
miR-1295b-5p -0.21 5.93E-04 9.12E-03 -0.23 1.54E-04 1.79E-03 0.82 3.47E-01

Table 4 
Drug sensitivity analysis results. 

Gene name Drug name ANOVA p-value AUC Clinical status

CCBE1 brefeldin A 3.79E-04 0.87 –
ANXA5 PX-12 3.53E-02 0.75 –
ANXA5 lovastatin 3.85E-03 0.77 –
ITGA5 Merck60 6.95E-04 0.82 –
P4HA2 GANT-61 1.69E-02 0.84 –
ANXA5 trametinib 2.26E-02 0.76 FDA approved
ITGA5 belinostat 2.06E-02 0.77 FDA approved
P4HA2 BIX-01294 2.46E-02 0.77 –
CCBE1 ruxolitinib 1.97E-03 0.80 –
CCBE1 methotrexate 3.95E-02 0.77 FDA approved
ITGA5 apicidin 7.44E-05 0.77 –
P4HA2 apicidin 3.99E-02 0.78 –
ANXA5 BRD-K64610608 8.80E-03 0.80 –
EPHX3 masitinib 3.19E-02 0.80 Clinical trial
ITGA5 BRD-K80183349 1.19E-04 0.89 –
P4HA2 BRD-K80183349 3.03E-05 0.86 –
ITGA5 SMER-3 2.02E-02 0.75 –
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Fig. 7. Drug sensitivity analysis evaluating the predictive values of the five putative target genes of LNCOG. (A-E) Drug sensitivity analysis of the five putative target genes, (A) 
ANXA5, (B) CCBE1, (C) EPHX3, (D) ITGA5, and (E) P4HA2, with statistical significance evaluated by ANOVA, respectively. A gene was significantly associated with the sensitivity of 
cell lines to a certain drug if ANOVA P  <  0.05 and AUC >  = 0.75 or significantly associated with the resistance if ANOVA P  <  0.05 and AUC <  = 0.25.
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5. Conclusions

In this study, we proposed an integrative bioinformatics frame-
work for lncRNA regulatory network inference, followed by the 
identification of master regulators for specific cancer subtypes and 
the prediction of putative mRNA targets. The effectiveness of the 
framework was demonstrated by our comprehensive study in HNSC, 
which gained novel insights into the subtype-specific lncRNA reg-
ulatory mechanism as a potential ceRNA. Our survival and drug 
sensitivity analysis also demonstrated the versatile prognostic and/ 
or predictive values of LNCOG and its putative targets, pending fur-
ther clinical validations.
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