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Abstract: Background: Mammalian genes are regulated at the transcriptional and post-
transcriptional levels. These mechanisms may involve the direct promotion or inhibition of tran-
scription via a regulator or post-transcriptional regulation through factors such as micro (mi)RNAs.   

Objective: Construct gene regulation relationships modulated by causality inference-based miRNA-
(transition factor)-(target gene) networks and analysis gene expression data to identify gene expres-
sion regulators.  

Methods: Mouse gene expression regulation relationships were manually curated from literature 
using a text mining method which were then employed to generate miRNA-(transition factor)-
(target gene) networks. An algorithm was then introduced to identify gene expression regulators 
from transcriptome profiling data by applying enrichment analysis to these networks.  

Results: A total of 22,271 mouse gene expression regulation relationships were curated for 4,018 
genes and 242 miRNAs. GEREA software was developed to perform the integrated analyses. We
applied the algorithm to transcriptome data for synthetic miR-155 oligo-treated mouse CD4

+
 T-

cells and confirmed that miR-155 is an important network regulator. The software was also tested 
on publicly available transcriptional profiling data for Salmonella infection, resulting in the identi-
fication of miR-125b as an important regulator.  

Conclusion: The causality inference-based miRNA-(transition factor)-(target gene) networks serve 
as a novel resource for gene expression regulation research, and GEREA is an effective and useful 
adjunct to the currently available methods. The regulatory networks and the algorithm implemented 
in the GEREA software package are available under a free academic license at 
http://www.thua45.cn/gerea.  
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1. INTRODUCTION

The entire process by which a protein is translated from a
gene’s DNA sequence is carefully controlled from the initia-
tion of transcription, elongation, and termination to post-
translational modification. These regulatory mechanisms 
determine the final quantity of the gene product [1]. The 
primary regulation of gene expression may occur at the 
mRNA level via activation or inhibition by transcription fac-
tors. These are proteins that positively or negatively coordi-
nate with the gene transcription process by interacting with 
specific DNA recognition motifs located in gene promoter 
regions [2, 3]. Alternatively, many regulator genes interact 
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with transcription factors to directly regulate their transcrip-
tional activity [4]. An abundance of data has been published 
on the relationships between gene expression regulators and 
their target genes. These data may be extracted by mining the 
literature and performing subsequent analysis on the regula-
tor-(target genes) sub-networks [4]. 

High-throughput gene expression techniques, such as mi-
croarray and mRNA sequencing, are widely adopted to elu-
cidate the roles of genes involved in various biological con-
ditions of interest [5, 6]. Identifying the factors responsible 
for regulating the expression of differentially expressed 
genes (DEGs) is necessary to fully elucidate the functions of 
these genes in specific biological contexts.  

Transcription factors and micro (mi)RNAs are vital regu-
latory molecules functionally associated with a myriad of 
biological processes, including growth and development, as 
well as the development and pathogenesis of various diseas-
es [7]. Transcription factors are essential to control elements 
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required for the regulation of gene expression in specific 
cells and responses to particular signals [1]. MiRNAs are 
endogenous, short RNA molecules (19–24 nucleotides) that 
serve as sequence-specific, post-transcriptional regulators of 
protein-encoding genes [8]. Modules of miRNAs regulating 
miRNA target genes may be identified by pairing miRNA 
sequences to the 3ʹ-UTR of the mRNAs of protein-encoding 
genes [9, 10]. Several bioinformatics tools have been devel-
oped to predict miRNA targets based on evolutionary seed 
region conservation or miRNA-to-mRNA binding energy 
[11-14]. For instance, databases, such as miRecords [15] and 
TarBase [16], compile experimentally validated miRNA 
targets. Meanwhile, StarBase [17] maps miRNA-to-mRNA 
interactions from argonaute CLIP-Seq and Degradome-Seq 
data. 

Many miRNAs regulate target gene expression by de-
grading mRNA or inhibiting translation of the gene [8, 18]. 
Target gene expression is either positively or negatively cor-
related with the regulator miRNA expression level [19]. To 
identify the function of mRNAs involved in DEGs identified 
by transcriptome profiling, several bioinformatics tools were 
recently developed, such as DAVID [20] and GSEA [21]. 
Furthermore, to identify key miRNAs involved in the regula-
tion of gene expression during biological events, several 
methods were recently developed, such as miReduce [22], 
Sylamer [23], DIANA-mirExTra [23, 24], Sigterms [25], 
CORNA [26], and FAME [27]. All of these platforms use 
sets of empirically determined, differentially expressed, pro-
tein-encoding genes and perform enrichment analyses to 
establish whether the DEGs are enriched for the targets of 
particular transcription factors or miRNAs according to se-
quence-based, target-predicting algorithms. However, it re-
mains to be determined whether: (1) the regulatory effect 
(positive or negative interactions) between the regulators and 
targets should be included in the regulation network; (2) cer-
tain miRNAs inhibit miRNA target gene expression post-
transcriptionally and, therefore, do not alter the mRNA level, 
and these target genes cannot be directly detected by tran-
scriptome profiling. If these miRNAs regulate expression of 
transcription factors, regardless of the regulatory mechanism 
employed, then they too will downregulate the transcription 
factors at the protein level, ultimately altering the mRNA 
levels of the target genes of these transcription factors. Such 
changes may be detected by transcriptome profiling and ana-
lyzed by miRNA-(transition factor)-(target gene) networks. 
In this study,we use “transition factor” for two reasons: 1) to 
distinguish from the up-stream regulator of the target gene, 
the miRNAs; and 2) to indicate that “transition factors” are 
not only transcription factors. 

Although considerable progress has been made, the con-
struction of miRNA-(transition factor)-(target gene) net-
works for the investigation of relationships between the ex-
pression and regulation of human and mouse genes is still 
time-consuming. Moreover, effective tools for mining such 
data from literature are lacking, with the currently accepted 
method relying on manual extraction. There are, however, 
several databases available for the deposition of information 
regarding gene expression regulatory relationships for tran-
scription factors, including HIRIdb [28], TRRUST [29], 
TFactS [30, 31], and GereDB [4]. To date, a total of 51,871 
(human), 6,490 (mouse), 2,146 (mouse), and 39,000 (human) 

linkages have been deposited in HIRIdb, TRRUST, TFactS, 
and GereDB, respectively. Over 95% of regulatory gene ex-
pression relationships (49,762 out of 51,871) in HIRIdb were 
derived from high-throughput assays, such as deep sequenc-
ing or microarray. Meanwhile, TRRUST [29] was generated 
using text mining technology; however, it contains signifi-
cantly fewer regulatory gene expression relationships than 
GereDB. TFactS [30, 31] combines data for regulatory gene 
expression relationships from multiple sources; however, it 
has the fewest interactions available compared to the other 
databases. Although each of these databases was constructed 
by applying different criteria, providing each with unique 
features, the overlap in data between them were under 20%, 
indicating that they are individually incomplete and require 
further development [4]. 

In this study, we report a further development of 
GereDB, curating new regulatory gene expression relation-
ships from the abstracts of relevant studies based on mouse 
models. We then apply this data for the development of a 
new algorithm capable of identifying regulatory genes. Fur-
thermore, we apply a network-based enrichment analysis to 
identify functional miRNAs and transcription factors that 
orchestrate a particular transcriptional profile using miR-
155-treated CD4+ transcriptome profile data, as well as pub-
licly available Salmonella infection transcriptome data as 
input. This approach can assist investigators in discovering 
relationships between gene expression and regulation that 
may lead to new hypotheses and could be an effective ad-
junct to currently available methods. 

2. MATERIALS AND METHODS 

2.1. Building microRNA-(transition-factor)-(target gene) 
regulatory networks 

2.1.1. Training dataset preparation, word feature extrac-
tion, and model training and testing 

Abstracts were retrieved using the NCBI Entrez Pro-
gramming Utilities search engine (E-utilities, Esearch, and 
Efetch) and the query formula, “(gene regulation[MeSH 
Terms]) AND (mouse[MeSH Terms])” to filter related arti-
cles [32]. A total of 222,245 abstracts were obtained from 
the Medline 2017 database [33]. Of these, 94,102 candidate 
sentences were extracted manually that described gene ex-
pression regulation relationships, which were then used to 
establish standard sets of positive sentences. Other irrelevant 
sentences in these abstracts were used to establish standard 
sets of negative sentences (1,125,548). A training dataset and 
a testing dataset, consisting of 5,000 positive and 50,000 
negative sentences, were created by random procedure (the 
ratio was set to 1:10 according to the number of positive and 
negative sentences in the standard sets). The datasets were 
available on the GEREA website (http://www.thua45.cn/ 
gerea/data_for_manuscript.zip). The word feature selection 
and model training were based on: 1) Support Vector Ma-
chine (SVM) with a bag of words feature; 2) Multinomial 
Naive Bayes (MNB) with a bag of words feature; 3) MNB 
with TF-IDF (term frequency-inverse document frequency) 
feature; 4) SVM with TF-IDF feature; 5) SVM with aver-
aged word vector feature (word2vec); 6) SVM with TF-IDF-
weighted averaged word vector feature (word2vec), and 7) 
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SVM with word features selected by chi-square statistics. 
The sentences in the training datasets were converted to nu-
meric attributes collectively named score datasets that were 
then randomly split into ten subsets for training and cross-
validation. Each subset included 500 positive and 5,000 neg-
ative samples. Model training (Scikit-learn GDClassifier, 
loss=’hinge’, n_iter=100, cross-validation=10) [34] had an 
accuracy range from 92% (SVM with word features selected 
by chi-square statistics) to 95% (SVM with a bag of words 
features). A receiver operating characteristics (ROC) curve 
analysis of the model showed that the performance of the 
SVM with a bag of words feature was optimal, followed 
closely by MNB with a bag of words feature, MNB with TF-
IDF feature, SVM with TF-IDF feature, SVM with averaged 
word vector feature (word2vec), SVM with TF-IDF-
weighted averaged word vector feature (word2vec), and 
SVM with word features selected by chi-square statistics 
(Fig. 1). Accuracy, precision, recall, and F1 scores are avail-
able in Supplemental Document 1. The testing dataset was 
used to assess the best model (constructed with the bag of 
words feature) and the results indicated that the sensitivity 
was 93% and specificity was 91%. 

2.1.2. Manual Curation of Gene Expression Regulation 
Relationships 

The SVM model that was constructed using the bag of 
words features (the best for the seven classifiers) was used to 
prioritize ~30,000 abstracts retrieved from Medline 2018 and 
before. E-utilities was run with the query formulation 
“mouse[MeSH Terms]” to get all mouse biological litera-

tures [33]. A total of 29,385 sentences passed the SVM 
threshold of > 0.5 (classified as positive sentences containing 
gene expression regulation information). These sentences 
were then subjected to manual curation by biological under-
graduates who extracted the gene symbols and established 
gene expression regulation relationships, and double-
checked by Ph.D. scientists. The same data structure was 
applied to store the (gene expression regulator)-target links, 
as previously reported [4]. A “gene expression regulator” can 
directly or indirectly alter target gene expression. The regula-
tor may be a transcription factor or other protein. Each link 
consisted of a gene expression regulator, a target gene, and a 
line connecting them representing the positive or negative 
effect of the regulator on the target. Finally, a total of 22,271 
gene expression regulation relationships were created and 
(transition factor)-(target gene) links were created from 
29,310 abstracts (available at the GEREA website, 
http://www.thua45.cn/gerea/data_for_manuscript.zip). The 
linkages were then annotated according to the gene infor-
mation and evidence, including the descriptive sentences in 
literature. For the miRNA-transition factor regulatory rela-
tionships, numerous state-of-the-art miRNA target prediction 
software programs were available. A subset of miRTarBase 
targets with strong experimentally validated evidence [35] 
was directly applied to construct the miRNA-(transition fac-
tor) linkages; all of them were negative regulations (availa-
ble in supplemental document 2). The miRNA-(transition 
factor) linkages and the (transition factor)-(target gene) link-
ages, sharing the same transition factor, were merged to gen-
erate the miRNA-(transition factor)-(target gene) networks. 

 

Fig. (1). Receiver operating characteristics (ROC) curve for seven-word feature selection and model training methods. (A higher resolution / 
colour version of this figure is available in the electronic copy of the article). 
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The network file is available on the GEREA website 
(http://www.thua45.cn/gerea/data_for_manuscript.zip). 

2.2. Network-based Enrichment Analysis 

2.2.1. Regulation Relationship Inference Machine 
If a target gene can be controlled by a regulator gene, the 

relationship between the target and regulator may be positive 
(+), negative (₋), or unknown (×) (Fig. 2A). When a regulator 
up-regulates a target gene, the relationship between them is 
“positive,”; whereas when a regulator downregulates a target 
gene, the relationship between them is “negative.” In certain 
cases, the relationship between regulator and target is not 
defined, resulting in an “unknown” relationship. A target 
gene may also be regulated by a transition factor, such as a 
transcription factor in a positive (+), negative (-), or un-
known (×) manner. Moreover, the transition factor may be 
inhibited (-) by a miRNA. Hence, through the intermediate 
transition factor, the relationship between the miRNA and 
target could be: 1) (-)–(+)–negative, 2) (-)–(-)–positive, or 3) 
(-)–(×)–unknown (Fig. 2B). A total of 22,271 manually cu-
rated mouse gene expression regulation relationships for 
4,018 genes and 242 miRNAs created in section 2.1.2 were 
used to populate the miRNA-(transition factor)-(target gene) 

networks. The network is downloadable from the GEREA 
website along with the GEREA software package. 

2.2.2. Enrichment Analysis by Fisher’s Exact Test 
Significantly over-represented regulatory networks were 

defined as network patterns consisting of target genes that 
occur with significantly higher frequency in the DEG lists. 
After the miRNA-(transition factor)-(target gene) regulation 
networks were constructed, the gene expression 
profiling data werewas loaded witht o the targets 
of transcription factors (Fig. 2C expression row). When a 
total of N (N = 11 in Fig. 2C) genes were measured 
in the transcription profiling ex-periment, K (K = 8 in 
Fig. 2C, red and green circles) genes were differentially 
expressed, and O (O = N - K = 3 in Fig. 2C, black circles) 
genes were not differentially expressed. For the K 
genes, U genes were up-regulated (U = 4 in Fig. 2C, 
red circles), and W genes were down-regulated (W = 4 
in Fig. (2C), green circles). For the U genes, A 
genes were positively regulated by their miRNAs via 
transition factors TF-01 (A = 2, Reg-03 and Reg-01 in 
Fig. 2C), B genes were negatively regulated by 
their miRNAs via transition factors TF-01 (B = 1, 
Reg-04 in Fig. 2C), and C represents an un-known 
relationship between them and the miRNAs and tran-
sition factors (C = 1, Reg-11 in Fig. 2C). For the W genes, D 

Fig. (2). Regulation relationship inference machine. A. Regulation relationship between a target gene and its regulator. B. Regulation rela-
tionship between a target gene and its regulator via an intermediate transition factor. C. Example of networks comprising miRNA, two transi-
tions (transcription) factors (TF-01 and TF-02), and 12 target genes (Tar-01 to Tar-11). Expression directions of the 12 targets (Exp-01 to 
Exp-11) are represented as red circles (up-regulated), green circles (down-regulated), and black circles (unchanged). Relationship between 
the miRNA and target gene are represented as red circles (positive), green circles (negative), and black circles (unknown). (A higher resolu-
tion / colour version of this figure is available in the electronic copy of the article). 
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genes were positively regulated by their miRNAs via transi-
tion factors TF-02 (D = 1, Reg-06 in Fig. 2C), E genes were 
negatively regulated by their miRNAs via transition factors 
TF-02 (E = 2, Reg-07 and Reg-09 in Fig. 2C), and F repre-
sents an unknown relationship between them and the miR-
NAs and transition factors (F = 1, Reg-10 in Fig. 2C). For 
the O genes, G genes were positively regulated by their 
miRNAs via transition factors TF-02 (G = 1, Reg-08 in Fig. 
2C), H genes were negatively regulated by their miRNAs via 
transition factors TF-01 (H = 1, Reg-02 in Fig. 2C), and I 
represents an unknown relationship between their miRNAs 
and transition factors (I = 1, Reg-05 in Fig. 2C). If the tar-
gets of TF-01 and TF-02 are overlapped, they are counted 
only once. The values for A–I were used to build a 3 × 3 
contingency table (Fig. 3A).  

Genes not differentially expressed also exhibited fold 
changes in known directions. Suppose that J + M genes were 
not differentially expressed and were positively controlled 
by the regulator (J was up-regulated and M was down-
regulated); K + Q genes not differentially expressed, were 
negatively controlled by the regulator (K was up-regulated 
and Q was down-regulated); and L + R genes not differen-
tially expressed, had unknown relationships to their regulator 
(L was up-regulated and R was down-regulated). The values 
for A–R could be used to construct a 3 × 4 contingency table 
(full information, Fig. 3B) by which the P0 was calculated 
and from which up-regulation/down-regulation analyses 
were derived. In the DEG list, the expression changes of the 
A + E genes may be caused by up-regulation of the regula-

tor, while those of the B + D genes could be caused by 
down-regulation of the regulator, accounting for the casualty 
inference of the analysis. A 2 × 2 contingency table was con-
structed for the Fig. 3B data (Figs. 3C and 3D), by which the 
P1 and P2 were calculated (P1 for up-regulation and P2 for 
down-regulation analysis). The contingency tables were ana-
lyzed using a statistical method developed by Mehta et al. 
[36]. The computer code for Mehta and Patel's algorithm for 
Fisher's exact test on unordered R ×  C contingency tables 
was imported into GEREA. The code, written in double pre-
cision FORTRAN 77, currently provides the fastest available 
method for executing Fisher's exact test. P values were cor-
rected by the Benjamini and Hochberg method (false discov-
ery rate: FDR). Corrected P < 0.05 was regarded as statisti-
cally significant. If corrected P0 < 0.05 and corrected P1 < 
0.05, the changes in the network were caused by increased 
regulator activity, whereas if corrected P0 < 0.05 and cor-
rected P2 < 0.05, the changes in the network were caused by 
decreased regulator activity. 

2.3. Development of the GEREA Software 

The GEREA software was developed using networks to 
analyze the miRNA function with gene expression profiling 
data as input. Three major steps are built into the program: 1) 
The regulatory network is constructed based on the linkages 
in the network file. 2) The transcriptome data is loaded into 
the data file. The program matches each gene ID in the tran-
scriptome to the target gene ID in the network. Both are offi-

 

Fig. (3). Contingency tables deduced from the inference machine. A: contingency table for P0. B: All information deduced from the infer-
ence machine. C and D: breakdown contingency tables (from B) for the up-regulation and down-regulation tests, respectively. 
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cial NCBI gene symbols. If they are detected, then the ex-
pression data is mapped to the target gene. If not, the data are 
omitted. 3) A statistical analysis is performed on the net-
work. The A–R values in the contingency table are counted. 
Statistical analysis is performed using Fisher’s exact test 
calculated in the FEXACT FORTRAN subroutine [37]. The 
statistical data and the network are printed into files. The 
former is formatted as a tab-delimited text file. The web-
based interface (www.thua45.cn/gerea) supports online 
GEREA analysis using custom data. Demo data may be vis-
ualized on and downloaded from the GEREA demo data 
page. Data may be uploaded to the database on the GEREA 
submit page. A GEREA job can be started in the GEREA 
run page using the specified data and link database. The 
GEREA website runs the jobs sequentially, and each job 
requires ~5 min on average. The results page automatically 
refreshes every 15 s. For very large jobs, the open-source 
GEREA program may be downloaded and run to analyze the 
data locally (offline) (https://sourceforge.net/projects/gerea/). 

3. RESULTS 

3.1. Overview of the miRNA-(transition factor)-(target 
gene) Regulation Network 

The manually curated links included 242 miRNAs, 524 
transition factors, and 4,018 target genes, for which a total of 
31,948 evidence sentences were assigned. Each link is usual-
ly manually curated from > 1 evidence of abstract candi-
dates. A total of 980 miRNA-(transition factor) linkages and 
22,271 (transition factor)-target linkages were generated in 
the regulatory network. Fig. (4) presents the number of tran-
sition factors and targets for the top 30 miRNA regulators 
with the highest number of targets. The results indicate that 
mmu-miR-1a-3p can regulate the largest number of transi-

tion factors (a total of 32), followed closely by mmu-miR-
122-5p (31), mmu-miR-29b-3p (29), and mmu-miR-155-5p 
(24). Meanwhile, mmu-miR-298-5p can regulate the largest 
number of target genes (a total of 2,526), followed closely by 
mmu-miR-16-5p, mmu-miR-125b-5p, and mmu-miR-20a-
5p. This regulatory gene expression information can be used 
to construct miRNA-(transition factor)-target networks, rep-
resenting our current understanding of which network motif 
is the most important “regulator” for gene expression when 
dividing a large network into smaller blocks [38]. 

A side-by-side comparison among the GereDB mouse 
section and to that of HIRIdb [28], TRRUST [29], and 
TFactS [30, 31] was performed. However, since HIRIdb is 
designed specifically for human gene expression regulation, 
it does not contain any information related to mouse and 
was, therefore, excluded. The results showed that there were 
1957 overlaps with TRRUST, and 552 overlaps with TFactS. 
Interestingly, 97% of the gene expression regulation rela-
tionships deposited in GereDB did not overlap with 
TRRUST and TFactS, indicating that GereDB is a unique 
resource for gene expression regulation relationships in the 
community (Fig. 5). 

3.2. Case Study 1: Transcriptome Analysis of Synthetic 
miR-155 Oligo-treated Mouse CD4+ T-cells 

A case study was performed to determine if GEREA is 
capable of detecting gene expression regulators in real-world 
transcriptome datasets. Mouse CD4+ T-cells were purified 
with a CD4+ T-cell isolation kit (Miltenyi Biotec, Shanghai, 
China) and by magnetic bead separation. Cell purity was 
confirmed by flow cytometry. A total of 3 × 104 cells with 
three replicates were transfected by synthetic miR-155 oligo 
using a previously described protocol (three replicates) [39]. 
At 8 h post-transfection, cells were collected, and total RNA 

 
Fig. (4). Number of transition factors and targets for each miRNA regulator (top 30). Black bars represent the number of transition factors for 
each miRNA, and green bars represent the number of targets. (A higher resolution / colour version of this figure is available in the electronic 
copy of the article). 
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was isolated. Sequencing libraries were prepared with an 
Illumina Truseq RNA sample preparation kit according to 
the manufacturer’s protocol (Illumina, San Diego, CA, 
USA). Single-read sequencing (read length: 50 bp) was con-
ducted on an Illumina HiSeq 2000 (Illumina, San Diego, CA, 
USA). Bowtie 2 [40] mapped the clean reads to the reference 
gene set extracted from the NCBI reference sequence data-
base [41]. The reads per transcript were counted, quantile 
normalized, and DEGs were identified using the limma R 
package [42]. All data discussed in the present study were 
deposited in the NCBI GEO database [43] under accession 
number GSE138715. 

GEREA was assessed using the dataset for synthetic 
miR-155 oligo-treated mouse CD4+ T-cells. The GEREA 
input files were created and run using the GEREA option “-f 
1.5 –q 0.05”. The GEREA run took 395 s and generated two 
output files. A total of 37 miRNAs and their targets were 
significantly enriched in the DEGs when FDR ≤ 10-6 (Table 
1 listed top 25, a full list is available in Supplemental Docu-
ment 3). The network regulated by miR-155 was significant 
in up-regulation analysis (FDR = 5.09E-16, ranked 2ed). 
Thus, the GEREA test indicated that the transcriptional 
changes in the targets of the miR-155 networks were caused 
by miR-155 up-regulation. This result corresponds to the 
experimental design (miR-155 overexpression). 

 
Fig. (5). Comparison of GereDB, TRRUST, and TFactS datasets. 
Venn diagram depicting the number of gene expression regulation 
relationships deposited in GereDB (blue), TRRUST (yellow), and 
TFactS (green), and their intersection. (A higher resolution / colour 
version of this figure is available in the electronic copy of the arti-
cle). 

The dataset for the synthetic miR-155 oligo-treated CD4+ 
T-cells was then assessed by GEREA for transition factor 
enrichment analysis (method in Fig. 2A, full list of results in 
Supplemental Document 4). The GEREA input file was the 
same as that for the miRNA enrichment analysis. It was run 
with the option “-f 1.5 –q 0.05”. The GEREA run took 475 s 
and generated two output files. A total of 38 regulators and 

their targets were significantly enriched in the up- or down-
regulation analyses when FDR ≤ 10-3 (Table 2 listed top 25).  

3.3. Case Study 2: Analysis of GEREA Using Publicly 
Available Transcriptome Data 

GEREA was then assessed using a publicly available da-
taset of mice peripheral blood infected with Salmonella bac-
teria. The raw transcriptome dataset was obtained from the 
NCBI GEO database with accession number GSE115164. 
The data were normalized using the quantile method in Bio-
conductor [44]. Comparisons were made between the sam-
ples collected before infection (day 0) and two days post-
infection (day 2). The GEREA run took 362 seconds. The 
results indicated that targets of 38 miRNA regulators were 
significantly enriched in the DEGs between day 2 versus day 
0 samples (FDR < 10E-6, Table 3 listed top 25, full list 
available in Supplemental document 5). The top-ranked 
miRNA, mmu-miR-298-5p, was significantly down-
regulated, leading to the hypothesis that many DEGs (mmu-
miR-298-5p targets) were induced via altering of mmu-miR-
298-5p expression. The second-ranked miRNA, mmu-miR-
16-5p, was significant in both the up- and down-regulation 
analyses (2.01E-05 and 3.28E-28), indicating that the regula-
tion of mmu-miR-16-5p target genes is complex and requires 
further investigation. The possible reasons for this paradox 
could be: 1) The regulatory relationships deposited in 
GEREDB were established by particular experimental condi-
tions, and these relationships may differ when the biological 
conditions are altered. For example, most miRNAs down-
regulate target gene expression, while in certain cellular con-
ditions, some miRNAs up-regulate target gene expression; 2) 
the regulation of gene expression is complex, and multiple 
factors are involved at different levels of the regulation cas-
cade (in this study, the miRNA level and the transition factor 
level were considered). Hence, uncertainties remain regard-
ing which factor contributes to the major effect in a particu-
lar biological experiment. If the miRNA serves as the major 
effector, the GEREA result may fulfill the gene expression 
regulation mechanism in the experiment. Otherwise, if the 
transition factors account for the major effectors, the GER-
EA result may (if all of them change according to the rules 
of the regulatory networks) or may not (if they were changed 
in different directions) fulfill the gene expression regulation 
mechanism in the experiment. The third-ranked miRNA is 
mmu-miR-125b-5p, which was significantly down-regulated, 
leading to the hypothesis that many DEGs (mmu-miR-125b-
5p targets) were induced by attenuating the effect of mmu-
miR-125b-5p [45]. Interestingly, it has been reported that 
two of the top-ranked miRNAs, miR-16 and miR-125b, were 
differentially expressed in the peripheral blood of animals 
infected by Salmonella. Meanwhile, ssc-miR-16 was down-
regulated by at least four-fold in the peripheral blood of Sal-
monella-infected piglets [46]. Through expression analyses, 
differences were identified between pre- and postnatal stages 
of salmonellosis for miR-125b, which were suppressed two 
days after Salmonella inoculation in pigs [45]. 

3.4. Analysis of GEREA Using Randomized Datasets 

To determine if the regulators identified as significant in 
up- or down-regulation test were caused by random effects, a 
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random test was performed using shuffled datasets. The two 
datasets used were from case 1 and case 2, which were shuf-
fled five times (random exchange between the gene IDs and 
the expression value) and run with GEREA using the same 
parameters as those applied for the case study. For the miR-
155 oligo-treated mouse CD4+ T-cells datasets used in case 
study 1, only one miRNA was significant (FDR < 0.05) in 
the up-regulation test (0.019), and none were significant in 
the down-regulation test. For the Salmonella infection da-
taset used in case study 2, one miRNA was significant (FDR 
< 0.05) in the up-regulation test (0.03), and two were signifi-
cant (FDR < 0.05) in the down-regulation test (0.002 and 
0.02). These results indicate that the significantly over-
represented miRNAs reported in case 1 and case 2 are not 
random events. 

4. DISCUSSION 

Gene expression regulation is a crucial molecular mecha-
nism in eukaryotic organisms that is essential for the normal 
development and maintenance of healthy cells. Hence, devia-
tion from standard coordination programs may lead to severe 
disease [47]. Transcription factors bind to short DNA se-
quences or motifs in genes with specific positive or negative 
regulatory patterns. Hence, specific genes will be transcribed 
into the primary RNA transcript [48]. MiRNAs control target 
gene expression by post-transcriptional inhibition, which is 
one of the numerous events occurring between the gene 
DNA sequence and its corresponding protein [49]. While 
previous studies often dealt with individual regulatory inter-
actions, high-throughput experiments have dramatically adv- 

Table 1. Significantly enriched miRNA-(transition factor)-(target gene) regulatory networks in the transcriptome data for the 
synthetic miR-155 oligo-treated mouse CD4+ T-cells (Top 25). 

miRNA Name 
Number of Genes in the Contingency Table P values 

A B C D E F G H I P0 P1 P2 

mmu-miR-16-5p 26 82 514 26 121 480 169 510 6824 1.69E-29 3.50E-16 1.06E-08 

mmu-miR-155-5p 40 29 532 19 46 505 176 165 6964 3.81E-19 5.09E-16 0.0124139 

mmu-miR-223-3p 15 36 530 17 68 490 72 227 6924 1.57E-23 1.16E-14 4.28E-06 

mmu-miR-20a-5p 24 49 522 19 92 479 107 416 6822 1.48E-21 1.46E-14 0.00053855 

mmu-miR-298-5p 25 64 515 37 120 474 149 531 6781 2.79E-29 1.56E-14 2.56E-08 

mmu-miR-181b-5p 25 28 517 32 78 463 133 304 6777 7.00E-25 1.65E-14 0.00026721 

mmu-miR-21a-5p 53 33 541 47 36 523 181 148 7052 2.88E-29 2.64E-14 3.60E-13 

mmu-miR-27a-3p 28 49 523 30 73 477 171 281 6807 9.26E-24 4.02E-14 3.52E-07 

mmu-miR-122-5p 22 85 501 19 85 477 135 419 6749 2.21E-24 6.35E-13 3.31E-09 

mmu-miR-125b-5p 18 52 512 22 92 464 129 399 6718 4.50E-21 1.55E-12 4.30E-05 

mmu-miR-34a-5p 19 45 532 28 35 522 176 198 7004 3.57E-13 0.0196141 8.68E-12 

mmu-miR-106b-5p 12 27 529 3 44 509 42 161 6970 1.32E-14 2.18E-11 0.015037 

mmu-miR-15a-5p 17 45 524 14 66 497 114 271 6915 3.02E-17 2.39E-10 3.69E-05 

mmu-miR-130b-3p 22 12 520 19 48 477 102 199 6841 4.13E-14 2.92E-10 0.114678 

mmu-miR-429-3p 4 12 550 15 14 539 26 25 7132 2.88E-16 7.01E-05 3.29E-10 

mmu-miR-29b-2-5p 21 12 520 19 46 479 97 179 6860 2.05E-14 3.90E-10 0.0428807 

mmu-miR-17-5p 21 38 524 13 56 495 88 271 6879 1.29E-14 4.69E-10 0.00097524 

mmu-miR-150-5p 21 41 527 24 64 483 93 300 6871 1.99E-19 8.28E-10 5.37E-07 

mmu-miR-19a-3p 19 38 514 25 64 476 107 282 6789 8.05E-19 1.74E-09 5.98E-07 

mmu-miR-296-3p 11 33 515 18 62 476 73 267 6795 1.46E-16 9.74E-09 4.08E-05 

mmu-miR-182-5p 15 24 532 21 22 501 64 139 6955 2.18E-12 0.00199847 9.84E-09 

mmu-miR-181a-5p 16 24 530 9 39 506 86 146 6970 2.15E-12 2.10E-08 0.00469923 

mmu-miR-1a-3p 13 43 530 17 59 504 100 282 6861 2.30E-13 2.82E-08 0.0002393 

mmu-miR-29a-3p 11 29 533 15 35 511 64 130 6965 5.61E-15 3.90E-08 2.00E-06 

mmu-miR-23b-3p 14 10 546 17 38 526 91 138 7059 9.98E-12 3.91E-08 0.130397 
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Table 2. Significantly enriched (transition factor)-(target gene) regulatory networks in transcriptome data for synthetic miR-155 
oligo-treated mouse CD4+ T-cells (Top 25). 

Regulator 
Gene Numbers in the Contingency Table P values 

A B C D E F G H I P0 P1 P2 

Il2 13 1 547 32 5 514 77 11 7071 1.31E-14 0.0200996 7.44E-11 

Tgfb1 12 21 520 46 19 479 179 97 6860 8.60E-15 0.0505541 8.23E-11 

Il1b 23 4 533 45 7 498 148 35 6975 2.08E-14 0.00312185 9.95E-10 

Tnf 30 10 517 56 17 479 254 68 6805 9.12E-15 3.29E-05 9.55E-08 

Cd28 10 2 547 22 2 527 53 10 7100 1.43E-09 0.145938 6.17E-07 

Il6 14 4 540 32 11 506 112 28 7028 1.88E-12 0.00148039 1.61E-06 

Mapk1 16 1 534 28 9 505 99 19 7002 1.61E-10 0.00077478 4.79E-06 

Trp53 3 22 529 11 13 521 72 63 6973 2.81E-08 0.247933 4.80E-06 

Mapk8 11 1 545 22 4 518 60 16 7060 3.63E-09 0.0171536 7.62E-06 

Il21 3 2 554 13 3 539 15 9 7148 1.15E-09 0.0516756 9.88E-06 

Tbx21 2 1 556 4 5 546 2 2 7166 1.68E-09 1.88E-05 0.00553668 

Il25 0 1 558 7 0 548 4 4 7167 0 1 2.16E-05 

Il15 11 0 549 18 3 533 42 6 7117 1.41E-10 0.00105096 2.39E-05 

Ifng 17 7 534 42 17 484 198 69 6878 1.39E-10 0.023602 2.73E-05 

Il4 9 5 545 27 13 507 94 42 7015 9.81E-11 0.00996519 2.88E-05 

Il10 7 7 547 15 11 524 39 46 7073 1.88E-08 0.00886346 3.87E-05 

Il7 11 1 547 12 4 535 39 4 7121 2.58E-08 4.36E-05 0.00493448 

Tlr3 5 0 555 5 4 545 16 3 7149 3.90E-06 4.97E-05 0.365043 

Crp 6 0 554 3 3 548 16 8 7149 0.00058817 7.45E-05 1 

Csf3 3 4 552 11 2 540 33 10 7131 3.74E-05 1 8.64E-05 

Rb1 0 11 547 2 1 548 10 13 7142 3.74E-07 1 8.71E-05 

Tnfsf10 3 3 553 8 1 544 22 11 7136 0.00025708 1 0.00013717 

Mapk14 12 5 536 20 1 523 82 15 7036 1.20E-06 0.180003 0.00015442 

Igf1 15 2 541 24 1 529 99 28 7027 5.98E-06 0.421865 0.0001718 

Fasl 1 1 558 6 3 546 6 0 7165 0 0.0981048 0.00018104 

 

Table 3. Significantly enriched miRNA-(transition factor)-(target gene) regulatory networks in the transcriptome data of Salmonel-
la-infected mouse peripheral blood samples (Top 25). 

Regulator miRNA 
Gene Numbers in the Contingency Table P values 

A B C D E F G H I P0 P1 P2 

mmu-miR-298-5p 55 290 1515 48 85 1722 485 1048 20008 4.89E-60 0.262848 3.08E-35 

mmu-miR-16-5p 54 242 1567 46 129 1719 327 1076 20098 2.56E-41 2.01E-05 3.28E-28 

mmu-miR-125b-5p 52 205 1500 36 66 1718 344 811 19874 1.91E-41 0.0870758 1.86E-24 

mmu-miR-122-5p 45 180 1545 37 102 1710 304 788 19980 2.89E-32 8.22E-05 1.10E-21 

Table 3. contd… 
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Regulator miRNA 
Gene Numbers in the Contingency Table P values 

A B C D E F G H I P0 P1 P2 

mmu-miR-155-5p 109 73 1617 43 41 1741 283 350 20386 1.91E-41 1.47E-21 1.05E-08 

mmu-let-7e-5p 46 80 1597 15 19 1768 113 154 20611 8.08E-45 1.58E-10 1.39E-19 

mmu-miR-19a-3p 37 149 1518 36 45 1722 307 548 20035 1.52E-32 0.198886 1.64E-19 

mmu-miR-296-3p 25 146 1516 23 43 1726 235 525 20047 8.56E-32 0.472754 3.79E-19 

mmu-miR-351-5p 24 140 1521 24 46 1722 230 505 20055 4.20E-30 0.26861 6.44E-19 

mmu-miR-15a-5p 37 134 1594 33 74 1738 210 571 20276 2.68E-27 8.47E-05 1.14E-18 

mmu-miR-20a-5p 42 182 1573 25 79 1732 234 878 20087 1.87E-27 0.0729133 2.72E-18 

mmu-miR-27a-3p 88 144 1555 41 69 1721 343 635 20078 6.11E-38 5.61E-09 3.12E-17 

mmu-miR-181a-5p 38 95 1598 17 35 1752 158 314 20406 4.81E-28 0.00040952 7.96E-16 

mmu-miR-17-5p 32 118 1594 21 48 1743 184 567 20230 9.09E-19 0.211181 8.76E-13 

mmu-miR-203-3p 12 22 1657 5 7 1784 17 40 20788 9.68E-16 0.00416845 3.44E-11 

mmu-miR-1a-3p 36 108 1620 33 71 1736 179 610 20197 2.50E-17 0.0004939 5.23E-11 

mmu-miR-106b-5p 18 84 1607 7 33 1760 80 339 20433 9.90E-18 0.0681212 5.23E-11 

mmu-miR-182-5p 25 72 1601 14 28 1756 137 246 20427 9.02E-19 0.00865317 6.34E-11 

mmu-miR-130a-3p 5 23 1663 5 3 1790 11 29 20796 3.67E-15 0.0900785 1.11E-10 

mmu-miR-466l-3p 38 34 1621 6 13 1777 83 84 20690 1.54E-24 1.12E-10 8.50E-06 

mmu-miR-21a-5p 54 71 1656 58 21 1768 439 274 20610 1.67E-16 0.169895 1.51E-10 

mmu-miR-150-5p 35 127 1594 20 65 1735 194 648 20237 1.64E-18 0.00665409 1.63E-10 

mmu-miR-223-3p 35 113 1585 13 47 1747 168 516 20299 2.86E-21 0.00916381 2.91E-10 

mmu-miR-206-3p 19 43 1652 34 37 1752 151 216 20579 1.26E-12 0.00657037 4.26E-10 

mmu-miR-181b-5p 64 123 1555 34 69 1704 319 694 19918 7.62E-20 0.00050595 7.36E-10 

 
anced the perspectives on gene regulation. It is now evident 
that the only way to clarify gene regulatory activity is to ad-
dress the complex interaction network in the entire ensemble 
of regulatory gene expression elements [50]. 

Accurate network regulator discovery plays a pivotal role 
in the study of complex networks as it provides a systematic 
approach toward disclosing the major effectors in various 
gene expression patterns across multiple types of interac-
tions. However, detection of the regulators in complex net-
works is challenging. Numerous methods can elucidate the 
transcription factors or miRNA-related regulatory networks; 
however, complete information required to connect them is 
lacking [47, 49-51]. In principle, miRNAs and transition 
factor regulatory networks may be connected by identifying 
the miRNA binding sites in the 3ʹ-UTR regions of the tran-
scription factors and identifying the regulatory relationships 
between the transition factors and target genes. Computa-
tional biologists have sought to predict miRNA and tran-
scription factor binding sites [52, 53]. However, current 
methods have only proven effective at forecasting direct tar-
get relationships between miRNAs and mRNAs or between 
transcription factors and target genes. Hence, several ques-
tions remained to be addressed. 1) The coverage of the gene 
expression relationships deposited in the databases. 2) The 

integrity of gene expression relationships deposited in the 
database must be assessed. For example, the regulatory ef-
fect (positive or negative interactions) between the regulators 
and targets should be included in the regulation network. 3) 
The structure of the data storage and analyzing methods 
must be improved. For example, in some cases, miRNA in-
hibits the expression of certain target genes post-
translationally without altering mRNA expression levels, and 
these target genes cannot be directly detected by transcrip-
tome profiling.  

In the current work, we have addressed the first question 
by extracting gene expression regulation information from 
literature abstracts. The extracted 64,410 unique records 
from GereDB were compared to TRRUST [29] and TFactS 
[30, 31], demonstrating the value of our work. We further 
addressed the second question by manually extracting addi-
tional information from the sentence descriptions in the liter-
ature regarding the gene expression regulation relationships, 
resulting in the identification of the regulation effect (up or 
down-regulation) for over 70% of the gene regulation rela-
tionships. Finally, we addressed the third question by intro-
ducing miRNA-(transition factor)-(target gene) networks 
using an inference machine and Fisher’s exact test-based 
analysis methods. If miRNAs regulate transition factors post-
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transcriptionally without impacting the mRNA levels, they 
can be detected with our tool via analysis of target gene tran-
scriptome data. 

CONCLUSION 

Here, we developed a new algorithm, designated GER-
EA, capable of detecting genetic regulators. This platform 
identifies regulatory networks involving miRNAs, transition 
factors, and target genes. This new method was developed to 
analyze the functions of regulatory genes using transcription 
data as input and effectively constructed reliable miRNA-
(transition factor)-(target gene) regulation networks based on 
publicly accessible literature. Moreover, this algorithm es-
tablished how miRNAs and transition factors orchestrate 
particular transcriptional profiles. Specifically, the generated 
miRNA-(transition factor)-target network confirmed cooper-
ation between miRNAs and transition factors in cellular sys-
tems. It further determined that regulator genes participate in 
transcriptional and post-transcriptional transcriptome organi-
zation in miR-155-stimulated mouse CD4+ T-cells and pe-
ripheral blood collected from Salmonella-infected mice. 
However, the miRNA-(transition factor)-(target gene) regu-
latory networks generated in this study are incomplete and 
must be expanded to account for additional transcription 
factors and miRNAs. 
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