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Background: Accumulating evidence shows that long non-coding RNAs (IncRNAs) play critical roles in cancer
progression. The possible association between IncRNAs and herbal medicine is yet to be known. This study aims to
identify medicinal herbs associated with IncRNAs by RNA-seq data for breast and prostate cancer.

Methods: To develop the optimal approach for identifying cancer-related IncRNAs, we implemented two steps: (1)
applying protein—protein interaction (PPI), Gene Ontology (GO), and pathway analyses, and (2) applying attribute
weighting and finding the efficient classification model of the machine learning approach.

Results: In the first step, GO terms and pathway analyses on differential co-expressed mRNAs revealed that IncRNAs
were widely co-expressed with metabolic process genes. We identified two hub IncRNA-mRNA networks that
implicate IncRNAs associated with breast and prostate cancer. In the second step, we implemented various machine
learning-based prediction systems (Decision Tree, Random Forest, Deep Learning, and Gradient-Boosted Tree) on
the non-transformed and Z-standardized differential co-expressed IncRNAs. Based on five-fold cross-validation, we
obtained high accuracy (91.11%), high sensitivity (88.33%), and high specificity (93.33%) in Deep Learning which
reinforces the biomarker power of identified IncRNAs in this study. As data originally came from different cell lines
at different durations of herbal treatment intervention, we applied seven attribute weighting algorithms to check the
effects of variables on identifying IncRNAs. Attribute weighting results showed that the cell line and time had little or
no effect on the selected IncRNAs list. Besides, we identified one known IncRNAs, downregulated RNA in
cancer (DRAIC), as an essential feature.

Conclusions: This study will provide further insights to investigate the potential therapeutic and prognostic targets
for prostate cancer (PC) and breast cancer (BC) in common.

Keywords: RNA-Seq; IncRNA; cancer; co-expression; machine learning; attribute weighting

Author summary: Functionally characterized IncRNAs play critical roles in cancer progression but the potential
relationship between IncRNAs and herbal medicine is yet to be known. To identify this association by RNA-seq data for
breast and prostate cancer, a co-expression network in response to herbal medicines was performed. GO terms and
pathway analyses on differential co-expressed mRNAs revealed that IncRNAs were widely co-expressed with metabolic
process genes. On the other hand, various machine learning-based prediction systems on the differential co-expressed
IncRNAs were implemented. Results show that the Deep Learning model could accurately forecast cancer-related
IncRNAs.
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INTRODUCTION

Both breast cancer (BC) and prostate cancer (PC)
indicate a substantial proportion of newly diagnosed
cancers and cancer-related deaths that occur in men and
women. While various methods are used for cancer
therapy, complementary and alternative medicines are
increasingly sought out by cancer patients worldwide.
Herbal medicines have a substantial place among these
complementary and alternative medicines. The side
effects and high cost of most modern medicines, as well
as the improvements in quality, efficacy, and safety of
herbal medicines along with the development of science
and technology are all reasons an increasing number of
patients are turning to medicinal herbs as therapeutic
targets [1,2]. Plants produce a variety of chemical
compounds, the so-called secondary metabolites, with
anti-cancer properties [2,3]. Well-known specific consti-
tuents of these compounds are alkaloids, terpenoids,
flavonoids, pigments, and tannins [4]. The phytoche-
mical and positive effects of medicinal herbs in BC and
PC treatments have been extensively studied [5].

Worldwide, BC is the leading cause of cancer
morbidity in women, while PC is the second most
common cause of cancer morbidity in men [6]. These
two cancers are genetic diseases involving malapropos
gene expression due to gene network dysregulation in
cancer cells [6,7]. Recent studies have revealed a high
correlation between the prevalence of BC and PC,
suggesting they are influenced by common aspects,
including genetic, epidemiological, biochemical, and
mechanical [6,8], confirming the existence of a common
pathogenesis framework that hopes to lead to the same
therapeutic targets, including diagnostic, monitoring,
prevention, and treatment strategies.

Nowadays, it is important to note that promising
biomarkers for cancer diagnosis, prognosis, and thera-
peutic response are long non-coding RNAs (IncRNAs)
[9,10]. LncRNAs comprise of a significant class of non-
coding RNAs (do not encode proteins) with transcripts
longer than 200 nucleotides in length. Their widespread
roles at different levels of gene expression, protein
expression, and epigenetic regulation have been high-
lighted in various diseases, including diabetes, cancer,
rheumatic, osteoporosis, cardiac dysfunction, and
infectious diseases, all of which involve the aberrant
expression of IncRNAs [11,12]. Previous studies
revealed the critical role of IncRNAs in various
pathological stages of BC and PC [13,14]. Despite
intense research efforts, only a small number of
IncRNAs have been clearly distinguished during the
onset and metastasis of these two cancers.

Compared to coding genes, IncRNAs are expressed at
a lower level, and in a more tissue- and cell-specific
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manner [15,16]. Although IncRNAs are emerging as
cancer regulators, many of their biological processes and
mechanisms of action remain unclear [15,17]. “Guilt-by-
association” is an informatics term that Guttman et al.
used as a classification method for the putative function
of ncRNA [18,19]. According to this approach, tightly
co-express IncRNAs and protein-coding genes are pre-
sumably co-regulated. Thus, we can predict diverse
roles for IncRNAs according to protein-coding genes
and pathways correlated with a given IncRNAs [20,21].

To identify the differentially expressed IncRNAs on a
genomic scale and gain further insights into their
potential biological function, a co-expression network of
IncRNAs with well-annotated protein-coding genes was
constructed. Next, PPl and enrichment analyses for
differentially expressed IncRNAs were performed [7].

We hypothesized that these potential key IncRNAs
might interact with their corresponding coding genes to
regulate cell cycle progression. However, further
research should be performed to verify the correlation
between these IncRNAs and target mRNAs, and whether
these IncRNA-mRNA axes play an essential role in the
development of BC and PC.

Finding the relationship between IncRNA and disease
can help us understand the disease’s mechanism and
accelerate biomarkers discovery. Since discovering the
potential IncRNA-disease associations in practical ways
is costly and time-consuming, many computational
models and machine learning tools that utilize existing
data have been offered to predict potential connection
patterns [22,23]. Machine learning methods aim to
discern meaningful relationships between regular and
target features or variables to determine possible cryptic
patterns among them. The purpose of this paper is to
utilize various prediction models that use different data
mining algorithms to compare their accuracies in order
to detect worn parts.

In the current study, we analyzed the expression of
mRNAs and IncRNAs of nine BC or PC studies treated
by anti-cancer herbal medicines. We used RNA-
sequencing data because it is a potent way to identify
IncRNAs [24,25]. To reveal new information about the
functional roles of BC- and PC-related IncRNAs, we
conducted co-expression of differentially IncRNAs and
mRNAs. Then, we carried out protein-protein interac-
tion, Gene Ontology, and KEGG pathway analysis. On
the other hand, different prediction systems, Deep
Learning (DL), Decision Tree (DT), Random Forest
(RF), and Gradient-Boosted Tree (GB) were applied to
the differentially co-expressed IncRNAs in order to
develop the best IncRNA prediction method based on
herbal cancer treatment. Five-fold cross-validation was
used to compute the accuracy of each prediction model.

Overall, we found that several IncRNAs in these two
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cancers may be involved with the tumorigenesis. We
identified that RP4-536B24.2 and FUT8-ASI could be
considered as potential candidate biomarkers for BC and
PC diagnosis and prognosis. We identified novel BC-
and PC-associated IncRNAs and predicted their
potential biological roles by co-expressing IncRNA-
mRNA and bioinformatics analysis. Seven attribute
weighting algorithms were applied to check the effects
of variables on identifying IncRNA. Little or no effect of
cell line and time on the selected IncRNAs list was
approved. A common cancer-related IncRNA in BC and
PC, DRAIC (downregulated RNA in cancer), is
recognized as an essential feature by attribute weighting
algorithms. Our research with various machine learning-
based prediction systems confirmed that DL was the
most accurate model (accuracy of 91.11%) in predicting
potential cancer-related IncRNAs associations with a
high area under the receiver operating characteristic
curve (AUC) of 0.956. This study may provide some
significant evidence to guide subsequent experimental
studies on the altered IncRNAs in BC and PC as

RESULTS

The flowchart of the analysis pipeline is outlined in
Fig. 1. After conducting RNA-Seq analysis by CLC
genomics, we have genome-wide expression of 28,032
IncRNA and 20,338 protein-coding mRNA. We
performed differential expression analysis by DESeq2
package to detect quantitative changes in expression
levels between two experimental conditions to identify
significant IncRNAs and mRNAs. By the criteria of
FDR adjusted P-value < 0.05, a total of 32 IncRNAs and
195 mRNAs were identified as significantly differen-
tially expressed in cancer and treated cancer.

Co-expression network analysis

To construct the co-expression network, we used the
“rcorr” function on the 227 differentially expressed
RNAs (coding RNAs and IncRNAs). We performed the
correlation analysis of the differentially expressed
IncRNAs and protein-coding genes by calculating the

biomarkers or as potential targets for treatment Pearson correlation coefficient of all samples. IncRNA-
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Figure 1. The flowchart of the analysis pipeline. After RNA-seq alignment and expression quantification of each sample,

we carried out differential expression analysis to identify significant cancer-related INcRNAs and mRNAs. Then, we performed
two co-expression analyses between differential INcRNAs and mRNAs to predict potential roles of INcRNAs. At this point, we
have two paths to INcRNAs recognition, (1) applying attribute weighting and finding the best and most effective classification
model of the machine learning approach (2) determining INcRNAs on a genomic scale by bioinformatics tools, including pathway
analysis and protein—protein interaction (PPI).
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co-expression network construction. Meanwhile, the
common pairs in the tumor and treated groups were
removed. As shown in Fig.2A, 24 IncRNAs, 83
mRNAs, and 120 IncRNA-mRNA pairs were included
in this network.

Prediction the potential roles of IncRNAs

PPI networks for differentially co-expressed mRNAs
with IncRNAs

In this study, we found that IncRNAs are widely co-
expressed with DEGs. In order to investigate the roles of
these 83 differentially co-expressed genes, we construc-
ted the PPI network analysis using the STRING
database (Fig.2B). Our network showed that several
genes, including GCLM, SLC7A411, CEBPB, and PGR,
play critical roles in BC and PC.

Literature mining based PPI networks for differentially
co-expressed mRNAs with IncRNAs

Text mining was used to identify cellular location of co-
expressed mMRNAs with IncRNAs. Also, direct
interaction between proteins was extracted by text
mining and extraction of sentences (Supplementary 1).
As presented in Fig. 2C, CEBPB and LIF were the hub
transcription factors and ligand in the network and key
players.

GO and KEGG analyses of differentially expressed
IncRNAs

Among the set of 195 co-expressed protein-coding
mRNAs the enriched GO terms for molecular functions,
biological processes, and cellular components were the
neutral amino acid transmembrane transporter activity
(GO: 0015175, P = 5.58E-6), the L-alpha-amino acid
transmembrane transport (GO:1902475, P = 7.5E-9),
and the plasma membrane (GO: 0005886, P = 4.43E—4)
(Table 1), respectively.

GO analysis showed that the co-expressed mRNAs are
biologically involved in L-alpha-amino acid transmem-
brane transport, proline metabolic process, proline
catabolic process to glutamate, lung alveolus develop-
ment, and 4-hydroxyproline catabolic process. Our GO
analysis strongly supported these previous studies that
IncRNAs play a vital role in tumorigenesis and regulate
different aspects of cellular energy metabolism [26,27].

Kyoto Encyclopedia of Genes and Genomes (KEGQG)
pathway analysis was used to evaluate the biological
significance of that mRNAs. The TNF signaling
pathway that regulate immune cells and induce
apoptosis, necrosis, angiogenesis, immune cell
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activation, differentiation, and cell migration [28] (P =
7.9E-3), metabolic pathways that promote cancer cell
survival and growth [29] (P = 3.3E-2), the intriguing
third pathway, prostate cancer (P = 4.6E-2) and carbon
metabolism (P = 7.3E-2) are the most significant
pathways in our KEGG analysis (Supplementary 2 and
3). Enrichment analysis based on the co-expression
network indicated that IncRNAs might be associated
with cancer-related pathways.

Predicting the functions of IncRNA based on co-
expression network

Although the majority of the IncRNAs may impact
human cancers and diseases [11], their putative
functions remain largely unknown. Nowadays, the
prediction of the roles of IncRNAs may be inferred from
the co-expression network [30]. In this study, we
observed two hub IncRNAs, RP4-536B24.2 (antisense
to SLC7A45) and FUT8-ASI (FUTS antisense RNA 1),
with the highest numbers of mRNAs associations and
high co-expression with various cancer genes (Table 2).

Data mining

Attribute weighting algorithms selected three IncRNAs
as the cancer-related IncRNAs

As data were normalized before running the attribute
weighting models, all resulting weights were between 0
and 1. Features with weights closer to 1 reflect the
importance of each variable regarding the target label.
The results of attribute weighting algorithms application
on eight approaches are presented in Supplementary
4—10. We calculated the average of attribute weighting
algorithms for each gene and variable; a gene was
assumed to be important if the average of the assigned
weight was closer to 1 (Table 3). Attribute weighting
results showed that the cell line and time had no or little
effect on the selected gene list. Also, ENST00000498
938.2, ENST00000502514.5, and ENST00000489011.1
were the key predictive parameters (Table 3). ENST
00000498938.2 (DRAIC-known cancer-related
IncRNA) was the most important IncRNA, confirmed by
more than 50% of attribute weighting algorithms. Four
algorithms (Info Gain Ratio, Gini Index, Uncertainty,
and Info Gain) assigned the highest possible weight
(1.0) to this IncRNA. ENST00000502514.5,
ENST00000489011.1,  ENST00000509144.2,  and
ENST00000558107.1 IncRNA placed second to fifth,
respectively. Other variables did not attain notable
weights. The lowest weights belonged to the cell line
and time variable (Table 3).
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Figure 2. Pathway analysis figures used to predict the potential roles of IncRNAs. (A) Construction of IncRNA-mRNA co-
expression networks of BC and PC. Nodes indicate the IncRNAs and mRNAs and edges represent the expression correlation
between them. Blue rectangle-nodes represent IncRNAs, and yellow circle-nodes represent mRNAs. Node font size indicates
the degree of a node. Edge shapes indicate the type of correlation between INcRNA and mRNAs: dashed edges for the control
condition, solid edges for treatment condition, arrow edges for negative correlation, and pin edges for positive correlation. Two
hub IncRNAs are highlighted with a red rectangle. (B) Construction of protein—protein interactions (PPI) networks for
differentially expressed genes in BC and PC. STRING analysis of PPI of the 83 differentially co-expressed mRNAs, a total of 25
edges were found between 33 of the genes (disconnected nodes hid in the network). The thickness of edges indicates the
confidence of interaction. (C) Construction of PPl networks for differentially expressed genes in BC and PC. Pathway studio
(Elsevier) was used for analysis. BC, breast cancer; PC, prostate cancer.
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Table 1 Only the top 15 enriched Gene Ontology terms of differentially expressed genes in BC and PC herbal treatment

are presented

GO ID GO names GO terms COUNT P-value
GO0.0015175 Neutral amino acid transmembrane transporter activity MF 2 5.58E-6
GO0.0015179 L-amino acid transmembrane transporter activity MF 2 9.80E-6
G0.0004181 Metallocarboxypeptidase activity MF 2 3.26E4
G0.0001085 RNA polymerase II transcription factor binding MF 2 8.02E4
G0.0001228 DNA-binding transcription activator activity, RNA polymerase II- MF 5 1.97E-3
specific
GO.1902475 L-alpha-amino acid transmembrane transport BP 2 7.50E-9
G0.0006560 Proline metabolic process BP 2 4.05E-8
G0.0010133 Proline catabolic process to glutamate BP 2 8.62E-8
G0.0048286 Lung alveolus development BP 4 8.86E-8
G0.0019470 4-hydroxyproline catabolic process BP 2 2.90E-7
GO.0005886 Plasma membrane cC 27 4.43E-4
GO0.0009898 Cytoplasmic side of plasma membrane CcC 2 6.85E—4
GO0.0010008 Endosome membrane cc 4 9.00E—4
G0.0031093 Platelet alpha granule lumen CcC 2 1.77E-3
GO0.0016324 Apical plasma membrane cC 4 4.26E-3

BP, biological process; CC, cellular component; MF, molecular function.

Table 2 The five top IncRNAs with the highest numbers of mRNA associations in differential co-expression in BC and PC

herbal treatment

IncRNA Ensembl ID LncRNA chromosome Transcript type mRNAs

RP4-536B24.2 ENST00000563687.1 Chrleé Antisense 19

FUTS-AS1 ENST00000621019.2 Chrl4 Antisense 16

CTD-2140G10.4 ENST00000534543.1 Chrl1 Antisense 8

APOBEC3B-A4S51 ENST00000513758.2 Chr22 Antisense 8

AC008268.1 ENST00000425887.2 Chr2 LincRNA 7

The most intriguing aspect of this part is Figure 3 dot plots visualizing the expression of genes

ENST00000498938.2, known cancer-related IncRNA,
DRAIC (downregulated RNA in androgen independent
cells).

Figure 3 plots the expression response of DRAIC to
herbal treatments in different BC and PC cell lines. In
all of ECC-1, MCF-7, PC-3, and Pca, the expression of
DRAIC significantly decreased in response to herbal
treatment according to Bayesian Estimation Supersedes
the t-test (BEST). This pattern was independent from the
cell line type and time of herbal treatment as outlined by
attribute weighting results. The developed pipeline in
this study, integrating co-expression analysis with
attribute weighting models, was successful in the
selection of IncRNAs with a similar trend of response to
herbal treatments across different cell lines.

Out of 6246 mined variables (6245 gene expression
data and type of tissue), tissue type received the lowest
weight, demonstrating the success of attribute weighting
models in developing a tissue-independent signature of
CR.
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in the transcriptomic signature of CR (A) Clqa, (B)
Plcgl, (C) Map4k2, and (D) Zbtb2, derived from
attribute weighting models, in the hypothalamus,
amygdala, pituitary, and adrenal glands of control and
CR rats (n = 5/group/region). Attribute weighting was
successful in the selection of genes with a similar trend
of response to long-term CR across different tissues.
Values represent gene expression based on FPKM
(fragments per kilobase of exon per million mapped
fragments) values. P-value * < 0.05; ** < 0.01; *** <
0.001.

Bayesian Estimation Supersedes the t-test was used
for further evaluation of key discovered herbal treatment
responding IncRNAs, such as DRAIC. BEST applies
Bayesian model for estimating the difference between
the means of two groups and yields a probability
distribution over the difference. Based on the
distribution, the mean credible value can be considered
as the best guess of the actual difference and the 95%
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Table 3 Attribute weighting of the Z-standardized IncRNAs in BC and PC herbal treatment, regardless of herbal medicine
type and concentration variable, according to the 7 applied attribute weighting algorithms

Weight Weight

Weight

Weight_ Weight Weight  Weight_

Attribute Info Gain Ratio  Rule Chi Squared Gini Index  Uncertainty  Relief Info Gain Average
ENST00000498938.2 (DRAIC) 1.0 0.7 0.8 1.0 1.0 0.8 1.0 0.9
ENST00000502514.5 0.7 0.4 1.0 0.7 0.8 1.0 0.6 0.7
ENST00000489011.1 0.7 1.0 0.6 0.4 0.6 0.9 0.5 0.7
ENST00000509144.2 0.6 0.6 0.6 0.5 0.6 0.8 0.6 0.6
ENST00000558107.1 0.7 0.9 0.7 0.6 0.6 0.4 0.5 0.6
ENST00000588466.1 0.6 0.9 0.8 0.5 0.6 0.5 0.4 0.6
ENST00000607600.1 0.4 0.4 0.6 0.5 0.5 0.9 0.4 0.5
ENST00000361558.7 0.6 0.9 0.2 0.4 0.4 0.6 0.3 0.5
ENST00000514752.1 0.6 0.3 0.5 0.4 0.5 0.6 0.4 0.5
ENST00000445997.1 0.6 0.8 0.5 0.4 0.4 0.1 0.4 0.5
ENST00000513758.2 0.7 0.5 0.4 0.5 0.3 0.0 0.6 0.4
ENST00000576302.1 0.6 1.0 0.2 0.4 0.2 0.2 0.4 0.4
ENST00000547946.1 0.5 0.3 0.3 0.3 0.4 0.6 0.3 0.4
ENST00000611475.2 0.6 0.7 0.3 0.3 0.5 0.2 0.3 0.4
ENST00000562814.1 0.5 0.5 0.4 0.3 0.5 0.2 0.3 0.4
ENST00000505030.5 0.6 0.3 0.6 0.3 0.6 0.0 0.3 0.4
ENST00000581457.1 0.4 0.8 0.5 0.1 0.6 0.0 0.1 0.4
ENST00000603875.1 0.6 0.4 0.4 0.3 0.6 0.1 0.3 0.4
ENST00000456526.1 0.5 0.3 0.6 0.2 0.6 0.1 0.2 0.4
ENST00000562038.1 0.3 0.2 0.4 0.5 0.3 0.3 0.4 0.3
ENST00000563687.1 0.5 0.4 0.2 0.3 0.3 0.2 0.3 0.3
ENST00000534543.1 0.5 0.4 0.2 0.2 0.2 0.1 0.3 0.3
ENST00000425887.2 0.4 0.4 0.3 0.1 0.6 0.0 0.1 0.3
ENST00000621019.2 0.3 0.2 0.4 0.3 0.4 0.0 0.2 0.3
Cell line 0.0 0.0 0.0 0.0 0.0 0.7 0.0 0.1
Time 0.0 0.1 0.0 0.0 0.0 0.2 0.0 0.1

Highest Density Interval (HDI) as the range where the
actual difference is with 95% credibility.

When comparing the results of Tables 2 and 3, certain
IncRNAs not part of the list of the highest numbers of
mRNA associations can be observed as very powerful
and essential in attribute weighting results (Table 3),
suggesting they, either alone or in association with other
IncRNAs, are useful like ENST00000498938.2, but
determining their specific function will require many
clinical trials. In contrast, IncRNAs associated with
more genes (Table 2) could be critical and act as master
regulators, and their possible roles could be determined
by the co-expression method.

Cancer-related IncRNA prediction algorithms
To find the best statistical models for identifying and

predicting the candidate IncRNAs responding to herbal
treatment in BC and PC, we ran four popular algorithms

© The Author(s) 2023. Published by Higher Education Press

(DL, DT, GBT, and RF) on 44 samples with 24
differential co-expressed IncRNAs and four categorical
variables (cell line, extract, time, and concentration
level).

The performance and repeatability of the models and
selected IncRNAs were evaluated by five-fold cross-
validation to examine the statistical performance of a
model in analysis of unseen/future data and test how
accurately a model may perform in practice. Cross
validation has nested structure and generates training
and testing subsets [31]. The training subset employs for
the development of the model. Then, the training-
originated model mines the testing subset. The testing
step gives an indication of model performance, based on
a range of performance indexes, including accuracy,
AUC, sensitivity, and specificity. In five-fold cross-
validation, the procedure was repeated by 5 times. Then,
the average and standard deviation of performance
indexes on testing subsets were recorded. All the models
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Figure 3. DRAIC has a similar response pattern to herbal treatments in breast and prostate cancer cell lines. DRAIC
expression significantly decreased after herbal treatment in ECC-1 (A), MCF-7 (B), PC-3 (C), and Pca (D) cell lines of genes
with a similar trend of response to long-term CR across different tissues, according to the Bayesian Estimation Supersedes the
t-test (BEST). * demonstrates significant at P = 0.05 and ** demonstrates statistical significance at P = 0.01.

developed were trained and tested on both regular and
Z-standardized datasets. To eliminate individual source
dependency and batch effects, we focused on the Z-
standardized dataset and the results of the approach in
which the extract and concentration of medicinal herbs
have was deleted. Validation of model performance on
independent test sets using sensitivity, AUC, and
specificity criteria offer a good estimation of model
performance on future unseen data.

The best presentation to show the association of cancer-
related IncRNAs and parameters based on the high-
performance Decision Tree algorithms

We investigated the Decision Tree for a straightforward
interpretation, an inverted tree-like graph with a root at
the top and grows downwards. The primary goal of the
Decision Tree model is to create a classification model
that predicts the value of label/target class based on
several input features or variables (here 24 IncRNAs,
extract, concentration, cell line, time). Interestingly, the
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same IncRNA selected as the essential feature by
attribute weighting models was again selected by
Decision Tree models to generate the trees, showing a
high correspondence between attribute weighting
models and Decision Tree models.

As shown in Fig. 4, the expression of ENST00000
498938.2 was set as the crucial feature in the tree’s root.
When its expression was equal to or more than —0.142,
the cell line goes to cancer. However, cancer could be
suppressed when its expression was equal or less than
—0.142 and associated with other IncRNAs.

Deep learning algorithms predicted cancer-related
IncRNAs with up to 90% accuracy, sensitivity,
specificity, F measure and high AUC

For assessing the quality of predictive models, accuracy
is often the first notable criterion since it measures the
ratio of correct predictions to the total number of cases
evaluated. As presented in Supplementary 11, DL was
the most accurate model for predicting cancer-related

© The Author(s) 2023. Published by Higher Education Press
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Figure 4. Decision Tree induced by (A) Decision Tree Accuracy algorithm, (B) Decision Tree Gain Ratio algorithm on Z-
standardized in distinguishing cancer cell line in BC and PC from under treatment ones. The model shows the importance of
IncRNAs on sub-clinical cancer classification (control=cancer cell line, treated=healthy cell line). A significant cancer occurrence
pattern was discovered where cell lines with a high level of ENST00000498938.2 (>-0.142) could be seen. However, with the
low expression of this INCRNA (<-0.142), cancer could be suppressed in almost all cell lines.

IncRNA effect on herbal medicine, with high accuracy
of about 91.11% in Z-standardized datasets, followed by
RF and DT. The lowest accuracy was 76.67% seen for
the GB model. The DL with Rectifier parameter
performed the best with the highest sensitivity of 95%,
and GB showed the lowest sensitivity (76.67%).
Noticeable high specificity (>80%) in Table 1 was
observed for DL, RF, and GB that document machine
learning models received high power in identifying
healthy samples. The DL with Maxout parameter
performed the best with the highest specificity of
93.33%, and DT has shown poor performance at
63.62%. The F measure indices were 91.99% in DL with
Rectifier parameter, and GB showed the lowest F
measure (72.56%). Finally, the noticeable high AUC
value (>0.900) was observed for all models, except for
GB with the lowest value in the predicting model
(0.812). According to Supplementary 12, the
classification model’s best performance was achieved
when DL algorithms were applied to Z-standardized
data, and poor performance was shown in GB
algorithms, overall.

ROC curve supporting DL as the most robust and
efficient model in predicting cancer-related IncRNA
association

The ROC curve shows the relationship between

© The Author(s) 2023. Published by Higher Education Press

sensitivity (false positive rate) and specificity (true
positive rate). It also is one of the best graphical ways to
compare prediction models’ performances. DL (DL-
Maxout) showed the best area under the curve in
predicting the true positive rate against the false positive
rate (Fig.5). The results of ROC curve on eight
approaches are presented in Supplementary 13.

ROC curves

1.2
1.0

— DL-Maxout
0.8 — DL-Rectifier
x — DL-Tanh
0.6
& | — DT-accuracy
04 ‘;‘ DT-gain-ratio
| — GB
0.2 | — RF-accuracy
0 ‘ — RF-gain-ratio
0 0.2 04 0.6 0.8 1.0 1.2

FPR

Figure 5. Comparing receiver operating characte-
ristic (ROC) curves of machine learning models in BC
and PC for predicting novel IncRNA-disease
associations, run on Z-Standardized dataset.

DISCUSSION
Co-expression analysis of herbal treatment in BC and

PC in this study highlighted FUTS-4S1 and SLC745 as
the top IncRNAs with the highest numbers of mRNA
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associations. Antisense to SLC7A5 (novel transcript),
also known as RP4-536B24.2, was found differentially
co-expressed with several protein-coding genes expres-
sed in carcinomas. It was significantly positive co-
expressed with its sense, SLC745 (LATI), the link of
this gene with breast [32,33], and other cancers is well
recognized recently. The amino acid transporter,
SLC7A45, implicates in metabolic changes occurring in
tumorigenesis, and its over-expression is reported in
many human diseases [34]. It is worth noting that in
most of the tumor types, the positive correlation
between sense and antisense transcripts is present and
implies that they are not regulated independently
[35,36]. Also, IGFBP4 [37], PEGI10 [38], SUSD3 [39],
SLC342 [33,40], CEBPB [41], AKRIB10 [42], SLC7A5
[43], and TMEM9?2 [44] are experimentally illustrated to
be positive associated with multiple cancers, including
BC and PC. Moreover, through the KEGG pathway of
the co-expressed mRNAs of this IncRNA, we found one
enrichment pathway “central carbon metabolism in
cancer”, and according to the GO analysis, they were
enriched in the extracellular space and extracellular
region part. In the aggregate, these results signify a
oncogenic role for “antisense to SLC745” IncRNA
through expression regulation of multiple cancer-related
genes in BC and PC (Table 4).

FUTS8-AS1 significantly co-expressed with sixteen
mRNAs in tumor and treatment breast and prostate
tissue. For the genes highly co-expressed with FUTS-
AS1, three of the sixteen genes (Table 4), CEBPB [41],
STRAG [45], and ACKR3 [46], are known cancer-related
genes with documented positive association with various
cancers. KEGG pathway analyses suggested these
mRNAs are enriched in the TNF signaling pathway,
pentose phosphate pathway, and prostate cancer.
Furthermore, the top GO analysis indicated that the
genes of IncRNA FUTS8-AS1 were mainly involved in

the cellular carbohydrate biosynthetic process, leucine-
zipper, carbohydrate biosynthetic process, protein
dimerization activity, and glucose metabolic process.
FUTS-AS1 is associated with mRNAs involved in the
most frequently reported metabolic alterations in cancer
patients, including resting energy expenditure linked
with increased metabolism of carbohydrate, lipid, and
protein metabolism, which are all typical of cancer cells
[47,48]. Association of IncRNA FUTS8-ASI to these
mRNAs suggests that this IncRNA can serve as a novel
biomarker or therapeutic target candidate for patients
with BC or PC.

The current study employed attribute weighting
models for simultaneous analysis of numerical
expression data of long non-coding RNAs with
categorical (polynomial) data of cell line, time, and
extract. Seven attribute weighting algorithms (Info Gain
Ratio, Rule, Chi Squared, Gini Index, Uncertainty,
Relief, and Info Gain) mined both numerical expression
features, as well as categorical cell line and herbal
extract data led to the discovery of transcriptomic
signature of response to drug in the level of IncRNAs.
Selection of biomarkers based on the commonality/
intersection between attribute weighting models
increased the confidence on selecting reliable key
biomarkers, such as DRAIC. Recently, application of
the above-mentioned attribute weighting algorithms has
resulted in the development of a universal
transcriptomic signature of long-term calorie restriction,
independent from categorical variable of tissue (at the
levels of hypothalamus, amygdala, pituitary, and adrenal
glands). To this end, attribute weighting algorithms
mined both numerical data of gene expression, as well
as categorical data of tissue type [49]. At the next step,
application of standard modeling (Decision Tree,
Random Forest, Deep Learning, and Gradient-Boosted

Table 4 Co-expressed cancer-related genes in BC and PC herbal treatment with two hub IncRNAs and their high

correlation in our data

IncRNA Cancer gene Full name Correlation coefficient Correlation Condition

RP4-536B24.2 AKRIBI0 Aldo-Keto reductase family 1 member B10 0.880587 Positive Control
IGFBP4 Insulin like growth factor binding protein 4 0.901975 Positive Control
PEGI0 Paternally expressed gene 10 protein 0.857614 Positive Control
SUSD3 Sushi domain containing protein 3 0.921415 Positive Control
TMEM92 Transmembrane protein 92 0.862738 Positive Control
SLC342 Solute carrier family 3 member 2 0.847517 Positive Treatment
SLC745 Solute carrier family 7 member 5 0.863401 Positive Treatment

0.910333

FUT8-4S1 CEBPB CCAAT enhancer binding protein beta 0.929094 Positive Treatment
ACKR3 Atypical chemokine receptor 3 0.894196 Positive Control
STRAG6 Stimulated by retinoic acid 6 0.845782 Positive Control
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Tree) was successful in receiving high sensitivity and
specificity.

DRAIC functions in tumorigenesis indicate this
IncRNA’s ability as a potential target or a prognostic
marker in breast cancer treatment [50,51]. Also, RNA-
seq analysis revealed up-regulation of DRAIC IncRNA
in multiple tumors, including prostate cancer and lung
cancer [50]. It is noteworthy that there is significant
differential co-expression between DRAIC and STRA6
(stimulated by retinoic Acid 6) in tumor conditions.
According to previous reports, this gene markedly

upregulated in human breast and colon tumors
[45,52,53], confirming the biomarker potential of
DRAIC.

There are some limitations in this study. Attribute
weighting models select the most relevant features/attri-
butes to the target labels. They do not indicate whether
the attributes are independent of each other. In fact, as
the IncRNAs originally come from co-expression
analysis, it is possible that they are related to each other
and have the same regulatory mechanisms that can lead
to the discovery of key regulatory mechanisms in future
studies. The employed attribute weighting and
predictive models in this study can simultaneously mine
both categorical variables (such as gender) along with
numerical variables of expression. We used this
capability and analyzed cell line type and extract in
combination of expression data. Adding gender, age,
and the other demographic data could improve the
models. However, there are some limitations as the
original raw sequencing (fastq) files have been
downloaded from public repositories and the
demographic information of some samples are not
available in public repository.

CONCLUSION

We identified that 194 mRNAs and 32 IncRNAs were
differentially expressed in BC and PC progression. Co-
expression network analysis showed that IncRNAs were
widely co-expressed with cellular energy metabolism-
related genes in BC and PC, implicating the critical roles
of these IncRNAs in cell growth and apoptosis
regulation. Two novel dysregulated IncRNAs were
identified in co-expression networks, and one known
cancer-related IncRNA was selected as an essential
feature by data mining. This study shows that these
selected IncRNAs are independent of cell line and time.
The DL model can accurately forecast cancer-related
IncRNAs association and outperform other learning
models on measurements of model sensitivity and
specificity.

© The Author(s) 2023. Published by Higher Education Press

METHODS

Pipeline of IncRNAs biomarker selection in this
study

To select the potential IncRNAs biomarkers of herbal
treatment response in breast and prostate cancer, this
study employs a set of conservative selection criteria
and reliable statistical and bioinformatic pipelines. To
announce a IncRNA as potential marker of herbal
treatment response, that IncRNA needs to:

(1) Show association/co-expression analysis between
that IncRNA and cancer-related mRNAs (genes).

(2) Receive overall high weights in 7 feature
selection/attribute weighting algorithms with different
statistical backgrounds (including Info Gain Ratio, Rule,
Chi Squared, Gini Index, Uncertainty, Relief, and Info
Gain). Examining the performance of each IncRNA in
representing the herbal treatment by 7 different attribute
weighting models increase the robustness and selection
confidence as the points of 7 expert systems have been
considered. Attribute weighting selected IncRNAs such
as DRAIC in this study as key responding IncRNA to
herbal treatment.

(3) The above methods have been complemented by
application of bioinformatics methods, such as PPI, GO,
and pathway analyses.

(4) Literature mining by MedScan, a Natural
Language Processing (NLP), implemented in Pathway
Studio webtool (Elsevier) have been applied to find the
possible link between the IncRNA and their associated
genes with cancer.

(5) The performance and repeatability of models and
the selected IncRNAs were then evaluated by five-fold
cross-validation to examine the statistical performance
of a model in analysis of unseen/future data and test how
accurately a model may perform in practice.

Co-expression analysis

Data preparation and differential expression of IncRNAs
and mRNAs

All sequence data in fastq format were obtained from
GEO in NCBI website and ENA in EMBL-EBI website,
originating from nine published studies. We downloaded
and reanalyzed the raw RNA-seq data from [54]
(prostate cancerous tissue treated by docetaxel
chemotherapy) [55], (prostate cancerous cell line treated
by Sulforaphane) [55], (prostate cancerous cell line
treated by Sulforaphane), (Kyushu University, 2015)
(breast cancerous cell line treated by phytoestrogen
resveratrol) [56], (breast cancerous cell line treated by
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genistein) [56], (breast cancerous cell line treated by
liquiritigenin) [56], (breast cancerous cell line treated by
S-equol) [57], (breast cancerous cell line treated by
genistein) [57], (breast cancerous cell line treated by
genistein). The information about accession numbers
and sample types were summarized in Table 5.

Briefly, first, CLC genomics workbench software
version 9.0.0 (CLC Bio, Aarhus, Denmark, QIAGEN
Digital Insights website was used to obtain IncRNA and
mRNA gene expression profiles. Second, we performed
a differential expression analysis by the R package
DEseq2 [58] to examine cancer-associated IncRNAs and
mRNAs and to remove low expression values genes.
Differentially expressed genes were considered with an
adjusted P-value of 0.05.

Normalization

While several methods for RNA normalization have
been proposed, we selected the Reads Per Kilobase per
Million of reads (RPKM) normalization methods. The
RPKM value minimizes the effect of gene length bias
when relating expression levels across genes, whereby
longer genes will be sequenced deeper than shorter
genes, so it was used for the gene co-expression network
[59,60]. This step was performed by CLC Genomics.

Co-expression analysis of cancer genes and IncRNAs

The co-expression network was constructed using the
“rcorr” function of library Hmisc in the R environment
(Harrell, 2006). The normalized expression data of
significant coding-genes and IncRNAs were used as
input. After calculating the Pearson correlation
coefficient (PCC), the most popular co-expression
measure, we used the r value to calculate the PCC
correlation coefficient between the expression of the

IncRNA and protein-coding mRNAs across all samples.
We considered the correlation values are higher than 0.8
and smaller than —0.8 (—0.8>7>0.8), well below the
significance threshold of 0.5 (P-value < 0.5).

Prediction of the potential roles of IncRNAs
Construction of PPI network

To investigate the molecular function of IncRNA, we
analyzed the interaction co-expressed mRNAs by PPIs.
STRING version 11.0 in STRING website, an online
software, was used to search the interaction relationships
of DEGs with medium confidence of 0.400 as the
product criterion [61].

Construction of literature mining based network

Differentially co-expressed mRNAs with IncRNAs were
used as input to construct interaction networks based on
text mining using NLP (natural language processing) by
Pathway Studio Webtool (Elsevier), as previously
described [62,63]. Gene Ontology database was used to
identify the cellular location and class of protein, such as
transcription factor, ligand, receptor.

Enrichment analysis and KEGG pathway

To gain a good understanding of the functions of
differentially expressed IncRNAs, we performed KEGG
and Gene Ontology term enrichment by using the set of
co-expressed mMRNAs [64]. The Database for
Annotation, Visualization, and Integrated Discovery
(DAVID) and the comparative GO web tool was used.
Biological process (BP), cellular component (CC), and
molecular function (MF) are three domains of GO.
P-value < 0.05 is recommended to denote the
significance of the pathway correlations and GO term
enrichment.

Table 5 The selected original datasets of prostate and breast cancer herbal treatment

SS;TrEl: Platforms Tissue/cell Herbal medicine Treall\tIrZe(r)lltc Sazgz:ol nAuc;le;)s;ion
In vivo Illumina HiSeq 2000 (Homo sapiens) Pca Docetaxel 6 6 GSES51005
In vivo Illumina HiSeq 2000 (Homo sapiens) LNCaP Sulforaphane 3 3 GSE48812
In vivo Illumina HiSeq 2000 (Homo sapiens) PC-3 Sulforaphane 3 3

In vivo Illumina Genome Analyzer 1Ix (Homo sapiens) MCF-7 Phytoestrogen resveratrol 2 2 PRJDB1992
In vivo Illumina HiSeq 2000 (Homo sapiens) MCF-7 S-equol 2 2 GSE56066
In vivo Illumina HiSeq 2000 (Homo sapiens) MCF-7 Genistein 2 2

In vivo Illumina HiSeq 2000 (Homo sapiens) MCEF-7 Liquiritigenin 2 2

In vivo Illumina HiSeq 2000 (Homo sapiens) ECC-1 Genistein 2 2 GSE38234
In vivo Illumina HiSeq 2000 (Homo sapiens) T-47D Genistein 2 2
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Network visualization

The Cytoscape software version 3.8.0 downloaded from
cytoscape website (old versions) was used to illustrate
network visualization. In this representation, each
mRNA or IncRNA corresponded to a node, and when an
edge connected mRNA and IncRNA, it indicated a
strong correlation (i.e., either positive or negative). The
font size of the node was determined by connectivity.

Data mining (machine learning and prediction
models)

Preparation of dataset

The original dataset had 44 recorded samples (or rows)
with 24 differential co-expressed IncRNAs and four
variables [Cell line, Time, Extract, and Concentration].
To investigate the best classification model and test
whether the co-expressed IncRNAs are independent of
cell line, time, extract, and concentration, we used four
approaches. At the first approach, attribute weighting
and classification models were run with all variables:
Cell line, Time, Extract, Concentration. In the second
approach, models were run with three variables: Cell
line, Time, Concentration. In the third approach, models
were run with three variables: Cell line, Time, Extract.
In the end, they were run with two variables: Cell line,
Time.

Also, as the dataset used for predicting cancer-related
IncRNAs was collected from a limited number of
humans, we transformed the original dataset to Z-
standardization to create a reliable base for
generalization of this study’s findings (for each feature,
subtracting the mean and dividing by the standard
deviation).

Finally, all the datasets (four approaches for original
datasets and four for transformed datasets) were
imported into the Rapid Miner software (Rapid Miner
5.0.001, Rapid-I GmbH, Stochumer Str. 475, 44,227
Dortmund, Germany) to apply attribute weighting and
prediction models (DL, GB, RF, and DT) to these data
separately.

Attribute weighting

Attribute weighting is a crucial aspect when modeling
multi-attribute decision analysis problems. By reducing
the size of attributes, attribute weighting models
generate a more manageable set of attributes for
modeling [65]. Seven attribute weighting algorithms,
including Info Gain Ratio, Rule, Chi Squared, Gini
Index, Uncertainty, Relief, and Info Gain that were able

© The Author(s) 2023. Published by Higher Education Press

to mine both categorical and numerical data were
employed, as previously described [49,66,67]. Weights
for each model were normalized as values between 0
and 1; showing each attribute’s importance to the target
attribute [31]. This analysis can address whether the
developed gene signature is cell line, time, extract, and
concentration — independent or dependent. In other
words, this analysis finds whether those categorical
variables are critical feature in the treatment cancer
process or not.

Bayesian Estimation Supersedes the t-test

Bayesian Estimation Supersedes the t-test was used for
further evaluation of key discovered herbal treatment
responding IncRNAs, such as DRAIC. BEST applies
Bayesian model for estimating the difference in means
between two groups and yields a probability distribution
over the difference [68,69]. Based on the distribution,
the mean credible value can be considered as the best
guess of the actual difference and the 95% Highest
Density Interval (HDI) as the range where the actual
difference has 95% credibility.

Prediction models

Prediction models are an effective and reliable technique
to determine the relationship between IncRNAs and
control-treated samples, which can help us understand
the mechanism underlying a disease mechanism and
accelerate biomarkers discovery.

DL model uses multiple layers to progressively extract
higher-level features from the raw input. The network
can contain many hidden layers consisting of neurons
with Tanh, Rectifier, and Maxout activation functions.
This employed model can be applied to large-scale data
and learn complex non-linear relationships through
mini-batch stochastic gradient descent and non-linear
activation function [23,70].

The Gradient Boosted Tree (GBT) model is used in
regression combination and classification tree models,
such as Decision tree models. This model improves
prediction power results through progressively
improving estimations [31].

The RF classifier is an ensemble machine learning
method based on the voting model of all possible tree
induction. This operator generates a prediction result in
the form of several random trees [31,71].

DT is a well-known and widely discussed technique
for classification and prediction. This algorithm
generates re iscursive partitioning (classification and
regression trees) and repeatedly splits the attribute
values used to extract the potential patterns between the
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target and regular variables [31]. We performed DT and
RF with two different criteria (Gain Ratio and
Accuracy) and used 5-fold cross-validation to acquire
the mean accuracy.

Five-fold cross-validation was used to compute each
prediction model’s accuracy. The dataset is randomly
partitioned into five equal-sized subsamples to perform
five-fold cross-validation. Prediction models were tested
on four sub-sample sets, and the remaining subsample
was used as evaluating data. The procedure was
repeated five times and the average accuracy, AUC,
receiver operating characteristic curve (ROC), F
measure, sensitivity, and specificity of five runs was
calculated by dividing the percentage of correct
predictions over the total number of examples.

SUPPLEMENTARY MATERIALS

The supplementary materials can be found online with this article at
https://doi.org/10.15302/J-QB-023-0333.
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