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Biliary tract cancer (BTC) is a highly aggressive malignant tumor. Serum

microRNAs (ser-miRNAs) serve as noninvasive biomarkers to identify high risk

individuals, thereby facilitating the design of precision therapies. The study is to

prioritize key synergistic ser-miRNAs for the diagnosis of early BTC. Sampling

technology, significant analysis of microarrays, Pearson Correlation

Coefficients, t-test, decision tree, and entropy weight were integrated to

develop a global optimization algorithm of decision forest. The source code

is available at https://github.com/SuFei-lab/GOADF.git. Four key synergistic

ser-miRNAs were prioritized and the synergistic classification performance was

better than the single miRNA’ s. In the internal feature evaluation dataset, the

area under the receiver operating characteristic curve (AUC) for each single

miRNA was 0.8413 (hsa-let-7c-5p), 0.7143 (hsa-miR-16-5p), 0.8571 (hsa-miR-

17-5p), and 0.9365 (hsa-miR-26a-5p), respectively, whereas the synergistic

AUC value increased to 1.0000. In the internal test dataset, the single AUC was

0.6500, 0.5125, 0.6750, and 0.7500, whereas the synergistic AUC increased to

0.8375. In the independent test dataset, the single AUC was 0.7280, 0.8313,

0.8957, and 0.8303, and the synergistic AUC was 0.9110 for discriminating

between BTC patients and healthy controls. The AUC for discriminating BTC

from pancreatic cancer was 0.9000. Hsa-miR-26a-5p was a predictor of

prognosis, patients with high expression had shorter survival than those with

low expression. In conclusion, hsa-let-7c-5p, hsa-miR-16-5p, hsa-miR-17-5p,

and hsa-miR-26a-5p may act as key synergistic biomarkers and provide

important molecular mechanisms that contribute to pathogenesis of BTC.
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1 Introduction

Biliary tract cancer (BTC) is a highly aggressive malignant

tumor, and its morbidity has increased in recent years; however,

the underlying pathogenetic mechanism and predisposing factors

remain unclear (1). Traditional surgical puncture biopsy is a

complex and invasive procedure that can cause physical and

psychological discomfort in patients (2). Therefore, developing a

non-invasive method to identify specific molecular markers for

the early detection of BTC is an urgent need. Pancreatic cancer

(PC) is the fourth leading cause of cancer death in Europe and the

United States, and the overall 5-year survival rate is approximately

7% (3). Because of the close anatomical position and similar early

symptoms, as well as similar microRNA (miRNA) expression

profiles of BTC and PC (4), patients with an equivocal diagnosis

might not receive optimum treatment and the expected results.

Biomarkers capable of differentiating BTC from PC are important

to distinguish the two kinds of cancer (5). Therefore, developing

accurate and reliable biomarkers for BTC and PC is an important

clinical issue.

MiRNAs are a class of short (18–22 nucleotides) evolutionarily

conserved, non-coding RNAs that play critical roles in diverse

physiological and pathological processes (6). Because ideal

biomarkers should be non-invasive, low cost, and be detected

easily, circulating miRNAs have natural advantages (7).

Circulating miRNAs are renewable and consistent in serum or

plasma. They are non-invasive biological markers and are

characterized by convenient detection, which makes them

promising biomarkers for monitoring and early diagnosis (8).

Circulating miRNA expression is frequently dysregulated in

malignant tumors (9). In previous work from our group, we

showed that the expression of ser-miR-21 is significantly

correlated with the efficacy of combination treatment with

neoadjuvant chemotherapy and trastuzumab and with survival in

HER2-positive breast cancer patients (10). Another result of our

study showed that ser-miR-34a serves as a biomarker for predicting

the treatment response and prognosis of neoadjuvant

chemotherapy in breast cancer (11). An increasing number of

circulating miRNAs that are dysregulated in BTC were identified

recently (12–14). Downregulation of ser-miR-106a is a powerful

prognostic indicator for BTC patients, and it is a lymph node

metastasis indicator. High levels of ser-miR-21, a diagnostic and

prognostic biomarker in BTC, are related to adverse clinical

features, diminished survival, and poor prognosis (15, 16). Plasma

miR-21 levels are higher in early BTC patients than in healthy

volunteers, suggesting that it could be used as a biomarker for BTC

(17). Serum analysis revealed that decreased ser-miR-106a is

associated with a higher likelihood of lymph node metastasis,

which results in poor outcomes in BTC patients (18). Analysis of

the expression of circulating miRNAs in gallbladder cancer patients

showed a significant relationship between the differential expression
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miR-187, miR-143, and miR-202 and tumor-node-metastasis

stage (17).

The synergistic effects of miRNAs on cancer were shown

previously (19–22). We screened serum miR-21 and miR-125b

as markers predicting the response to neoadjuvant

chemotherapy and prognosis in stage II/III breast cancer (23,

24). A prognostic model based on four circulating miRNAs

predicted relapse and survival in diffuse large B-cell lymphoma

(24). A panel of six circulating miRNAs in serum showed a

strong potential as a diagnostic biomarker signature

for patients with colorectal carcinoma (25). However, there

are no studies prioritizing circulating miRNAs acting

synergistically for the diagnosis of BTC. In this study, we

proposed the use of the Global Optimization Algorithm of

Decision Forest to predict novel sensitive, reliable, and

noninvasive synergistic ser-miRNAs for the diagnosis of BTC

by integrating Significant Analysis of Microarrays, Pearson

Correlation Coefficient, t-test, decision tree, and entropy

weight. The results showed that the synergistic classified

performance of the decision tree including hsa-let-7c-5p,

hsa-miR-16-5p, hsa-miR-17-5p, and hsa-miR-26a-5p was

more reliable than that of single miRNAs for discriminating

BTC patients from healthy controls and discriminating BTC

from early PC (26). The target genes were significantly

associated with cell cycle sub-pathways. In Protein-Protein

Interaction (PPI) Network, TP53 was the most crucial gene

with the highest connectivity degree, which was associated with

poor clinicopathologic characteristics and survival in patients

with BTC. In addition, hsa-miR-26a-5p was a negative

prognostic factor in BTC, patients with high expression had

shorter survival than those with low expression. The results

suggested that the proposed method could provide key clinical

markers for early diagnosis of cancer.
2 Materials and methods

2.1 Data collection

Human serum BTC microarray datasets from Gene

Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/)

were used in this study. The internal dataset (GSE85589)

included 101 BTC patients and 19 healthy controls. The

external dataset (GSE59856) included 98 BTC patients and 150

healthy controls. If multiple probes matched to one miRNA, the

average expression value of the probe was considered as the

expression of the miRNA. There were 62277 pairs of regulatory

relationships between 850 human miRNAs and 15841 target

genes, of which 829 pairs were from mir2Disease (5), 1798 pairs

were from miRecords (27), 39079 pairs were from miRTarBase

(28), and 20571 pairs were from DIANA-TarBase_V8 (29).
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2.2 Global optimization algorithm of the
decision forest

Global Optimization Algorithm of the Decision Forest

(GOADF) contained sampling technology, integrating the

decision forest, prioritizing the candidate ser-miRNA

signatures by decision tree entropy weight score algorithm.

2.2.1 Sampling internal training sets and
internal test sets

The internal dataset was divided into five subsets of equal

size randomly as shown in the flow chart (Figure 1A). Four

subsets were used as the internal training dataset to train the

classifier, and one subset was used as the internal test dataset
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to evaluate the classifier (5-fold cross-validation). Sampling

was repeated by using each subset as the feature test dataset in

turn, and the optimized classifier was evaluated on the

internal test set. To explore the classification performance

of the classifier, the training set was divided into four equal-

sized subsets randomly, of which three subsets were used as

the feature selection dataset to build the classifier and one

subset was used as the feature evaluation dataset (4-fold

cross-validation) to select the classifier with the best

classification performance. Sampling was repeated by using

each subset as the feature evaluation dataset in turn to select

the optimized classifier. A sampling will produce 20 feature

selection sets, and we sampled 100 times at random to

produce 2000 feature selection sets.
B C

DA

FIGURE 1

Flow chart. Prioritizing synergistic circulating miRNAs for the early diagnosis of BTC by GOADF. (A) The internal data set was divided into the
feature selection dataset, feature evaluation dataset and internal test set and 2,000 feature selection sets were produced by sampling
technology. (B) In internal training set, every feature selection set produced a decision tree. The 2,000 decision trees were integrated into
decision forest. (C) We filtered out the trees with low quality and sorted the decision tree by ST to identify the key synergistic ser-miRNAs. (D)
The synergistic ser-miRNAs were evaluated in the internal and independent test sets. The function of synergistic ser-miRNAs was to decompose
by KEGG sub-pathway identification and GO enrichment. ”*” means multiple relationship.
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2.2.2 Integrating the decision forest
For every feature selection set (Figure 1B), SAM (P< 0.05)

was used to identify the differentially expressed ser-miRNAs.

Then, the differentially expressed ser-miRNAs were clustered

into co-expressed serum miRNA sets by PCC (r > 0.6).

Pearson Correlation Coefficient is example 1 of an equation:

r =
1

n − 1o
n

i=1

(xi − �x)(yi − �y)
SxSy

(1)

n: number of samples, xi: expression levels of ser-miRNAi, yi:

expression levels of ser-miRNAj, �x: average expression level of

ser-miRNAi, �y: average expression level of ser-miRNAj, sx:

standard deviation of ser-miRNAi, sy: standard deviation of

ser-miRNAj.

For each co-expressed ser-miRNA set, the t-test (P< 0.01)

was used to identify key miRNAs. To obtain the global optimal

ser-miRNAs, the significant representative miRNAs in all co-

expressed sets of a feature selection set were used to construct a

decision tree classifier, in each tree, the serum miRNAs were

selected to ensure that they led to maximal purity at the nodes of

each branching, and this binary tree was partitioned until the

growth was stopped. The synergistic miRNAs were extracted for

each tree.

For each feature selection set, a decision tree classifier was

established. There were 2000 feature selection sets in the internal

training set, and 2000 decision trees were produced and the

decision trees were integrated into a decision forest.
2.2.3 Prioritizing the candidate Ser-miRNA
signatures

The first step was quality control of decision trees

(Figure 1C). The trees with duplicated miRNAs and those

with< 3 miRNAs were removed from the internal evaluation

sets. The trees were retained if they had a AUC of single

miRNA > 0.7, average frequency of miRNAs greater than the

average frequency of miRNAs in the forest, and accuracy,

sensitivity, and specificity > 0.5.

The second step is decision tree entropy weight score

algorithm. Data standardization was necessary, assuming that

the importance of the tree was related to k factors: X1, X2,…,Xk,

for the i th tree, the effect factors were xi1,xi2,…xik. Of these, xij
denoted the value of the j th factor for the i th tree. Assuming

that the standardized value of each factor was pij, this is example

2 of an equation:

Pij =
xij

o
j
xij

(2)

According to the definition of information entropy, the

information entropy of the jth element was example 3 of an

equation:
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Ej =o
j
pij log2 pij (3)

If pij = 0, then lim
pij!0

pij log2 pij = 0

The basic notion of entropy weight consists of determining

the importance of factors according to the variation of factors. In

general, if the information entropy of a factor is smaller, the

variation degree of the factor is greater; the more information it

provides, the greater a role it could play in the comprehensive

evaluation and the greater its weight. On the contrary, if the

information entropy of a factor is larger, the variation degree of

the index value factor is smaller; the smaller its role in the

comprehensive evaluation, the smaller its weight.

The formula 4 for determining entropy weight is as follows:

Wi = (1 − Ei)=k −oEi)(1, 2, 3, :::k) (4)

k is the number of factors.

To select the decision tree in the forest, the equation 5 of

Score of Trees (ST) was determined based on the entropy weight.

ST =o
j
xij*Wi (5)

Five factors were important for the ith tree, namely, the

average frequency of miRNAs in the decision forest, the

synergistic AUC value, accuracy, sensitivity, and specificity in

the internal feature evaluation set. Then, the tree was ranked

according to the ST value in decreasing order, and the tree with

the highest ST score was obtained and used as the classifier. The

miRNAs on the tree were used as the candidate ser-

miRNA features.
2.3 Evaluation of ser-miRNAs

The performance of the ser-miRNAs was evaluated in the

internal test set and independent test set (Figure 1D). The

classification performance was assessed by calculating the

AUC of single ser-miRNA, and the AUC, accuracy, sensitivity,

specificity, and F-measure of synergetic ser-miRNAs.

Sub-pathway enrichment analysis of target genes of the

decision tree classifier was performed by iSubpathwayMiner R

package and the cutoff was P< 0.01 (14, 30). GO enrichment

analysis was performed by clusterProfiler R package and the

cutoff was P< 0.01 (18, 31).
2.4 Survival analysis

To identify the ser-miRNAs that could predict BTC patient

survival, we identified two ser-miRNAs (hsa-miR-26a-5p, hsa-

miR-16-5p) that map to the BTC tissues of TCGA (https://

xenabrowser.net/datapages/). Univariate Cox regression analysis

was used to evaluate the association between survival and the
frontiersin.org
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expression level of each ser-miRNA. All BTC patients in TCGA

were thus assigned to high- risk and low-risk groups using the

median risk score as the cut-off point. The Kaplan-Meier

method was used to estimate the overall survival time for the

two subgroups, and differences in survival time were analyzed

using the log rank test. All analyses were performed using R 3.6.3

statistical software.
3 Results

3.1 A decision forest for prioritizing key
synergistic ser-miRNAs

A total of 2000 feature selection sets were produced using the

sampling method, and each feature selection set produced a tree.

We integrated a decision forest including 2000 decision trees.

After filtering out the decision trees with duplicated miRNAs

and the trees with< 3 miRNAs, 542 trees were obtained (Table

S1). In addition, 41 decision trees were obtained with the AUC of

single miRNA in the internal evaluation set > 0.7 (Table S2), of

which 19 trees had an average frequency of miRNAs above the

average in the decision forest (221.2051). Then, 13 trees with

accuracy, sensitivity, and specificity > 0.5 were identified. Then

GOADF was used to score the trees according to ST. Finally, the

tree S16L28 with the highest ST (0.8597) was selected (Table S3),

S16 represented the 16th feature selection set, and L28

represented the 28th loop.

To further investigate the significant of the ST value of the

decision tree, we randomly shuffled the sample labels of ser-

miRNA expression profile, while keeping the number of ser-

miRNA and sample unchanged. The actual ST value was

significantly higher (P=0.0003) than the ST value of the 3,426

randomly shuffled decision trees. This result revealed that

GOADF could identify key synergistic ser-miRNAs.
3.2 Key synergistic ser-miRNAs serve as
biomarkers for BTC

The filtering process for ser-miRNAs on the tree S16L28 is

following (Figure 2; Table S4). First, there were 2,540 miRNAs in

the training set, among which 19 differentially expressed ser-

miRNAs in BTC were identified by SAM (P< 0.05). Then, these

differentially expressed ser-miRNAs were clustered into 10 co-

expressed ser-miRNA sets by PCC (r>0.6, P<0.05). Key ser-

miRNAs were selected in each co-expressed ser-miRNA set by t-

test (P< 0.01) and 11 key ser-miRNAs were identified: hsa-let-

7d-5p, hsa-miR-26a-5p, hsa-let-7b-5p, hsa-let-7c-5p, hsa-miR-

16-5p, hsa-miR-103a-3p, hsa-miR-17-5p, hsa-miR-106a-5p,

hsa-miR-25-3p, hsa-miR-23a-5p, and hsa-miR-99a-5p. A

decision tree was generated to further select four key
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synergistic ser-miRNAs, including hsa-let-7c-5p, hsa-miR-16-

5p, hsa-miR-17-5p, and hsa-miR-26a-5p.

To further investigate the significance of tree S16L28, we

compared the average frequencies of miRNA on this tree with

the 3,426 randomly shuffled decision trees. The actual frequency

was 281, which was significantly higher (P=0.0001) than the ST

average frequency of the 3,426 randomly shuffled decision trees.

This result revealed that GOADF could identify key synergistic

ser-miRNAs as biomarkers.
3.3 Key synergistic ser-miRNAs improve
the classification performance for early
BTC in the internal data set

In the internal feature evaluation set, the key synergistic ser-

miRNAs were used to classify samples from BTC patients and

healthy controls. The single AUC was 0.8413, 0.7143, 0.8571,

and 0.9365 for hsa-let-7c-5p, hsa-miR-16-5p, hsa-miR-17-5p,

and hsa-miR-26a-5p, respectively, whereas the synergistic AUC

was 1.00 (95% confidence interval (CI) ci: 100%–100%, P<

0.001) (Figure 3A), which was bigger than the largest AUC of

the single miRNA (0.95) among the 13 trees. The accuracy of

synergistic ser-miRNAs was 1, sensitivity was 1, specificity was 1,

and F-measure was 1.

In the internal test set the AUC of each single biomarker was

0.6500, 0.5125, 0.6750, and 0.7500 for hsa-let-7c-5p, hsa-miR-

16-5p, hsa-miR-17-5p, and hsa-miR-26a-5p respectively,

however, four key synergistic ser-miRNAs increased the AUC

value to 0.8375 (95% ci:57%–100%, P< 0.001) (Figure 3B), and

the accuracy of synergistic ser-miRNAs was 0.9167, sensitivity

was 0.9500, specificity was 0.7500, and F-measure was 0.9500.

To further investigate the classification performance of key

synergistic ser-miRNAs, the synergistic AUC values of ser-

miRNAs were significantly higher (P=0.0001) than the

synergistic AUC values of the 3,426 randomly-shuffled

decision trees in the internal feature evaluation set. These

results revealed a high classification performance of key

synergistic ser-miRNAs.
3.4 Key synergistic ser-miRNAs improve
the classification performance for early
BTC detection in the independent
test set

An independent test dataset (GSE59856) was used to verify

the classification effectiveness of key synergistic ser-miRNAs.

The classification performance of the four ser-miRNAs was

assessed. The AUCs of hsa-let-7c-5p, hsa-miR-16-5p, hsa-

miR-17-5p, and hsa-miR-26a-5p were 0.7279, 0.8313, 0.8957,

and 0.8303, respectively, whereas the synergistic actions of ser-

miRNAs increased the AUC values to 0.9110 (95% ci: 87.2%–
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B

A

C

FIGURE 2

Key Synergistic Ser-miRNAs Serve as Biomarkers for BTC. (A) Filtered key synergistic ser-miRNAs. The center of a circle represented 2,540 ser-
miRNAs in the internal data sets. From the center of the circle to the outside, the first layer represented 19 differentially expressed ser-miRNAs
that were identified by SAM. The second layer expressed the 10 co-expression ser-miRNA set using PCC. The third layer expressed 11 key ser-
miRNAs that were selected using a t-test. The outermost layer represented four key synergistic ser-miRNAs that were identified by decision
tree. (B) Clustered into co-expressed ser-miRNA sets by PCC. The 19 differentially expressed ser-miRNAs were clustered into 10 co-expressed
ser-miRNA sets by PCC (r>0.6, P<0.05). (C) A decision tree was generated to further select the key synergistic ser-miRNAs. The squares
represented ser-miRNAs: hsa-let-7c-5p, hsa-miR-16-5p, hsa-miR-17-5p, and hsa-miR-26a-5p and the split value was marked on the right. The
circles represented the classification status of the samples, 1 represented BC samples, 0 represented healthy control samples.
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95.0%, P< 0.001) for discriminating between BTC patients and

health controls (Figure 3C). This result confirmed that the key

synergistic ser-miRNAs served as robust biomarkers for

diagnosis of BTC. The key synergistic ser-miRNAs were

closely related to the diagnosis of BTC and validated the

effectiveness of the GOADF method.

To further investigate the synergistic action of key

synergistic ser-miRNAs, the synergistic AUC value of ser-

miRNAs was significantly higher (P=0.0496) than the

synergistic AUC values of the 3,426 randomly shuffled

decision trees in the independent test set. These results

revealed a high classification performance of key synergistic

ser-miRNAs.
3.5 Key synergistic ser-miRNAs serve as
novel powerful biomarkers for
distinguishing BTC from PC

A decision tree was used to distinguish BTC from PC. In the

internal data set, 20 BTC samples from the test set of the tree

S16L28 were used as controls, and 88 PC samples were used as

the case set. The AUCs of hsa-let-7c-5p, hsa-miR-16-5p, hsa-

miR-17-5p, and hsa-miR-26a-5p were 0.5619, 0.5216, 0.6608,

and 0.7540, respectively. The synergistic AUC was 0.7660 (95%

ci: 0.6015–0.9303, P=1.5190*10-3) (Figure 3D).

In the external independent test dataset, 98 BTC samples

were used as controls and 19 early PC samples (stage II) were

used as the case set. The AUCs of the four miRNAs were 0.5636,

0.7336, 0.5704, and 0.5056. The synergistic AUC was 0.7728

(95% ci: 0.6573–0.8884, P=3.6980e-6) (Figure 3E). To classify

BTC and late PC, 98 BTC samples were used as controls and 81

PC samples (stages III and IV) were used as the case set. The

AUCs of the four miRNAs were 0.6072, 0.6259, 0.6169, and
Frontiers in Oncology 07
0.562. The synergistic AUC was 0.6497 (95% ci: 0.5678–0.7315,

P =0.0003) (Figure 3F). To classify BTC and all PC patients, 98

BTC samples were used as controls and 100 PC samples (stages

II, III, and IV) were used as the case set. The AUCs of the four

miRNAs were 0.5989, 0.6464, 0.6081, and 0.5513 for hsa-let-7c-

5p, hsa-miR-16-5p, hsa-miR-17-5p, and hsa-miR-26a-5p,

respectively. The synergistic AUC was 0.657 (95% ci: 0.5797–

0.7348, P=7.0024e-5) (Figure 3G). The classification

performance of the four ser-miRNA for distinguishing BTC

from early PC was better; however, the classification

performance for distinguishing BTC from late PC was worse

than that for distinguishing BTC from all PC.
3.6 Dissection of the function of the key
synergistic ser-miRNAs in early BTC

The sub-pathways regulated by ser-miRNAs were

investigated. There were 589 unique target genes of tree

S16L28 that were confirmed experimentally (Table S5). These

target genes were annotated to 104 unique sub-pathways

(P<0.01) belonging to 33 KEGG human pathways (Figure 4A;

Table S6). Ten target genes were significantly associated with cell

cycle sub-pathway 04110_23 (P=2.7627e-9). Previous studies

showed that the expression of cell cycle modulating proteins,

such as p16, p21, and p27, was associated with aggressive tumor

behavior in several human malignancies including BTC (32),

and BTC was related to disorders of major regulators of the cell

cycle (33). The study demonstrated that artemisinin inhibited

the proliferation of gallbladder cancer cells in vitro and in vivo

and induced apoptosis by inducing cell cycle arrest. Previous

studies on artemisinin showed that induction of cell cycle arrest

inhibited the proliferation of BTC cells (34). Five target genes

(AKT3, FOXO3, GSK3B, NFKB1, and PIK3CA) were
B C D

E F G

A

FIGURE 3

Key synergetic ser-miRNAs classification performance. They classified BTC from healthy controls in the internal data (A, B), external independent
test dataset (C) and classified BTC from the PC (D–G).
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significantly associated with a neurotrophin signaling sub-

pathway (path:04722_13) P=1.670e-4), and these genes were

verified in a study of survival-associated clusters in BTC (35).

Another previous report indicated that high neurotrophin

expression was associated with unfavorable clinicopathological

findings and poor patient prognosis in BTC (17).

Next, we investigated the function of ser-miRNA targets.

The target genes were significantly associated with biological

process Gene Ontology (GO): 0042254, ribosome biogenesis

(P=1.1700e-14) (Figure 4B; Table S7). Increased ribosome

biosynthesis was closely related to the progression of blood

cancers. However, this relationship was not found in BTC

(36). GO analysis revealed that target genes were significantly

enriched in RNA catabolic process (P=7.6000e-12). Autophagy

was a catabolic process that played a context-dependent role in

cancer. Autophagy may inhibit tumor initiation under specific

conditions, and this observation has prompted renewed interest

in targeting autophagy for cancer therapy (37).
3.7 Protein protein interaction network
of target genes

Applying the STRING, the Protein Protein Interaction (PPI)

network was generated (Figure 5), the color is drawn according

to ser-miRNA. 554 nodes (genes) and 4211 edges (interactions)

were established in the constructed PPI network. The top ten

hub genes were identified based on their connectivity degree.

The results revealed that TP53 was the most crucial gene with

the highest connectivity degree=125 followed by cyclin MYC at

degree=115, HSP90AA1at degree=97, PTEN at degree=76, RPL4

at degree=69, ESR1、EEF2、RPSA and EEF1G at degree=66,

HSPA5 at degree=63. Previous results demonstrated that most

common alterations occurred in TP53 for blood (38).

TP53 mutation has been shown to be associated with poor

clinicopathologic characteristics and survival in patients with

BTC and TP53 mutations in BTCs are associated with enhanced

gemcitabine resistance, therefore targeting TP53 may be a novel

therapeutic strategy for treatment of BTC (39).
3.8 Key synergistic ser-miRNAs predict
survival in BTC

Exhaustive survival analysis was performed on each of the

ser-miRNAs in BTC to test whether their expression profiles

were associated with cancer prognosis (details in Methods).

Numerous studies have evaluated expression profile miRNAs

in tissue and serum samples of cancer patients to find

appropriate biomarkers for this cancer. We focused on the

candidate miRNAs that were common in serum and tissue,

and found hsa-miR-16-5p and hsa-miR-26a-5p mapped to the

BTC tissues of TCGA. Our data suggested that hsa-miR-26a-5p
Frontiers in Oncology 08
was a negative prognostic factor in BTC. Using median of hsa-

miR-26a-5p expression, patients in the TCGA were divided into

high- and low-risk groups; patients with high expression had

shorter three-year survival than those with low expression

(Figure 6A, P = 0.0236). Hsa-miR-16a-5p is not a predictor of

three-year mortality (Figure 6B, P = 0.75).
3.9 Comparison with individual feature
selection methods and classifier

The GOADF, SAM, t-test, decision tree fisher and K-Nearest

Neighbor (KNN) classifier were compared according to the

synergistic AUC for discriminating between BTC patients and

healthy controls. GSE85589 was used as the internal dataset,

which was randomly divided into an internal training set and an

internal test set, and this process was performed 100 times, then

we obtained 100 internal training sets and 100 internal test sets.

GSE59856 was used as the independent test set.

SAM (P<0.05), t-test (P<0.001), decision tree, fisher and

KNN classifier were performed to identify the miRNAs set in

each internal training set, and the set contained four miRNAs

(Table S8). For SAM the best synergistic AUC value was 0.9167

in the internal training set, 0.7619 in the internal test sets, and

0.8790 in the independent test set. For t-test the best synergistic

AUC value was 0.9083 in the internal training set, 0.8810 in the

internal test set, and 0.9244 in the independent test set. For

decision tree the best synergistic AUC was 0.9433 in the internal

training set, 0.9167 in the internal test set, and 0.6095 in the

independent test set. For fisher classifier the best synergistic

AUC was 1 in the internal training set, 0.9750 in the internal test

set, and 0.5 in the independent test set. However, the AUC of

tree S16L28 was 1 in the internal train set, 0.84 in the internal

test set, and 0.9100 in the independent test set. For KNN the best

synergistic AUC value was 1 in the internal training set, 0.9762

in the internal test sets, and 0.6627 in the independent test set.
3.10 Compared with currently
established markers

A search in the National Library of Medicine (https://

pubmed.ncbi.nlm.nih.gov) database using the key words ’biliary

tract cancer diagnosis serum miRNA’ yielded 19 articles then

choose ’early diagonosis’ biomarkers manually, the result

displayed serum miR-1281, miR-126, miR-26a, miR-30b and

miR-122 were significant differences for between patients

with primary sclerosing cholangitis and patients with

cholangiocarcinoma (40). Serum miR-122, miR-192, miR-29b

and miR-155 were significantly elevated in patients with

cholangiocarcinoma compared to healthy controls or patients

with primary sclerosing cholangitis without malignant

transformation (41), and miR-221 was a biomarker of BTC
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B

A

FIGURE 4

Decomposing the function of the key synergistic Ser-miRNAs in the early BTC. (A). Sub-pathway enrichment analysis of target genes of the tree
by KEGG. Dot plot for 104 sub-pathways signatures associated with the target genes of the tree. The y-axis represents entire pathways in KEGG
where sub-pathways were located, the x-axis represents the rich factor of the pathway, which meant that the ratio of the number of genes
enriched in this pathway (P<0.01) in the target gene to the number of genes belonging to this pathway in human genes. The node size indicates
the gene number of the sub-pathway. The color intensity of node corresponds to the negative logarithm of the P-value based on 10. The color
of the dots from blue to red indicates the significance of the sub-pathway, and the redder colors indicate more significance. (B). GO analysis of
target genes of trees based on their molecular functions, biological processes, and cellular components. The significant terms were shown
according to the gene counts (P<0.01).
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(42). Mir-744-5p, mir-409-3p, and mir-128-3p were candidate

serum miRNAs as potential biomarkers for PC and BTC

diagnosis. In addition, the current diagnosis was based mainly

on imaging and intraoperative exploration due to having a low

sensitivity marker.

There were 5 currently established markers found in the

independent test set, and we compared with the biomarkers

identified by GOADF in the same data set. The result showed the

AUC of currently established mir-744-5p, mir-409-3p, mir-128-

3p, miR-1281, miR-30b-3p was 0.6065, 0.5337, 0.5106, 0.5677,

0.7092 respectively for discriminating between BTC patients and

healthy controls however, the AUC of hsa-let-7c-5p, hsa-miR-

16-5p, hsa-miR-17-5p and hsa-miR-26a-5p were 0.7280, 0.8313,

0.8957, and 0.8303 respectively, and the synergistic AUC was

0.9110. The results showed that the classification performance of

the markers we identified is better than the established ones.
4 Discussion

BTC is a group of highly aggressive malignant tumors, and

histological biopsy is the common diagnostic method for

assessing the progression of BTC (43); however, it is invasive
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and associated with pain. MiRNAs play an important role in the

occurrence and development of BTC. It has been reported in the

literatures that miRNAs can play a bidirectional role in BTC

progression and certain miRNAs can promote cancer

progression, while others may have the exact opposite effect,

suppressing cancer progression (Table S9). Circulating miRNAs

have several advantages, for example the detection is minimally

invasive, easy to accomplish, and samples can be tested

repeatedly (44). Regular monitoring of ser-miRNAs is helpful

to detect the progression of malignant tumors and to determine

the disease status at an early stage. Therefore, it can provide

support for clinical diagnosis and individualized treatment. In

addition, circulating miRNAs are widely expressed in cancer and

involved in various developmental stages of the tumor (45).

The samples in this study were divided into internal and

external datasets, and a resampling technique was used to group

samples into pairs of internal training sets and internal test sets

(5-fold cross-validation). To explore the classification

performance of biomarkers, the training set was divided into a

feature selection set and a feature evaluation set (4-fold cross-

validation). One sampling produced 20 feature selection sets.

Sampling was repeated 100 times at random, and 2000 feature

selection sets were produced.
FIGURE 5

The PPI network of targets. The color is drawn according to ser-miRNA, light green, pink, dark green and yellow nodes are the targets of has-
let-7c-5p、has-miR-16-5p、has-miR-17-5p and has-miR-26a-5p respectively.
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GOADF integrated feature selection methods to optimize key

synergistic ser-miRNAs. First, SAMwas used to filter ser-miRNAs

related to BTC. Then, to identify miRNAs with similar functions,

PCC was used to cluster ser-miRNAs into different co-expression

sets. To mine key miRNAs that may play an important role in the

initiation of BTC and to remove the alternative miRNAs, the t-test

was used to select significant representative ser-miRNAs in the co-

expression miRNA set. Next, a decision tree was built, and the

growth process of the decision tree was the selection process of

features. For 2000 feature selection sets, 2000 decision trees were

built, which were integrated into a decision forest. Finally, the tree

was sorted according to the ST in the forest to obtain the tree with

the highest score.
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The results showed that the AUC of synergistic ser-miRNAs

from a decision tree was higher than that of each single feature in

the internal dataset and in the external independent validation

set. These synergistic ser-miRNAs are powerful biomarkers for

distinguishing PC from BTC. The GOADF was identified as an

important tool to detect the synergistic miRNAs essential for the

diagnosis of BTC, suggesting that it could be useful for the

clinical diagnosis of complex diseases in the future.

We would have liked to use hsa-let-7c-5p, hsa-mir-16-5p,

hsa-mir-17-5p, and hsa-mir-26a-5p to classify BTC tissue

samples and healthy control samples, but only hsa-mir-16-5p

and hsa-mir-26a-5p could be found in tissues datasets. Thus,

univariate Cox regression analysis was used to evaluate the
B

A

FIGURE 6

Ser-miRNA was associated with BTC prognosis. (A) hsa-miR-26a-5p and (B) hsa-miR-16-5p Predict Survival in BTC. The green (red) color bar
represents low-express (high-express) patient groups. Kaplan–Meier estimates of 3-year survival of BTC patients in TCGA.
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association between survival and the expression level of each

miRNA, and the result indicated that hsa-miR-16-5p (P=0.0350)

was associated with an increased risk of poor survival and hsa-

miR-26a-5p (P=0.0980) was not associated with survival.
Conclusion

In summary, our study developed GOADF to identify four

key synergistic ser-miRNAs (hsa-let-7c-5p, hsa-miR-16-5p, hsa-

miR-17-5p, and hsa-miR-26a-5p). The synergistic classification

performance of the four key synergistic ser-miRNAs was better

than the single miRNA’ s for discriminating between BTC

patients and healthy controls. This result may provide

important insight into the pathogenesis of BTC.
Data availability statement

Publicly available datasets were analyzed in this study. This

data can be found here: https://www.ncbi.nlm.nih.gov/geo/

query/acc.cgi?acc=GSE8558; https://www.ncbi.nlm.nih.gov/geo/

query/acc.cgi?acc=GSE59856.
Author contributions

FS developed methodology and directed all the research; ZG:

validating the results; YueL: drew figures; GZ and WG analyzed

biological significance; CD and YuyL visualization; YiZ, XM and

YW analyzedmiRNA role; LG analyzed the formal; YaZ wrote the

original draft; BL organized the content and structure. All authors

contributed to the article and approved the submitted version.
Funding

This research was funded by the National Nature Science

Foundation of China (Young Scientists Fund) (61801151), the
Frontiers in Oncology 12
China Postdoctoral Science Foundation (2019M651298), the

Postdoctoral Foundation of Hei Long Jiang Province (LBH-

Z18129, LBH-Z18187), the Natural Science Foundation of

Heilongjiang Province (LH2021F053 and H2018014), and the

construction project of doctoral program in Traditional Chinese

Medicine (Tibetan Medicine) in University of Tibetan Medicine

(BSDJS-20-07).
Acknowledgments

We thank International Science Editing (http://www.

internationalscienceediting.com) for editing this manuscript.
Conflict of interest

The authors declare that the research was conducted in the

absence of any commercial or financial relationships that could

be construed as a potential conflict of interest.
Publisher’s note

All claims expressed in this article are solely those of the

authors and do not necessarily represent those of their affiliated

organizations, or those of the publisher, the editors and the

reviewers. Any product that may be evaluated in this article, or

claim that may be made by its manufacturer, is not guaranteed

or endorsed by the publisher.
Supplementary material

The Supplementary Material for this article can be found

online at: https://www.frontiersin.org/articles/10.3389/

fonc.2022.968412/full#supplementary-material
References
1. Lamarca A, Barriuso J, Chander A, McNamara MG, Hubner RA, D OR, et al.
(18)F-fluorodeoxyglucose positron emission tomography ((18)FDG-PET) for
patients with biliary tract cancer: Systematic review and meta-analysis. J Hepatol
(2019) 71:115–29. doi: 10.1016/j.jhep.2019.01.038

2. Kato A, Shimizu H, Ohtsuka M, Yoshidome H, Yoshitomi H, Furukawa K,
et al. Surgical resection after downsizing chemotherapy for initially unresectable
locally advanced biliary tract cancer: a retrospective single-center study. Ann Surg
Oncol (2013) 20:318–24. doi: 10.1245/s10434-012-2312-8

3. Rahib L, Smith BD, Aizenberg R, Rosenzweig AB, Fleshman JM, Matrisian
LM. Projecting cancer incidence and deaths to 2030: the unexpected burden of
thyroid, liver, and pancreas cancers in the united states. Cancer Res (2014)
74:2913–21. doi: 10.1158/0008-5472
4. Kato S. Tumour-agnostic therapy for pancreatic cancer and biliary tract
cancer. Diagnostics (Basel) (2021) 11:252. doi: 10.3390/diagnostics11020252

5. Kim K, Yoo D, Lee HS, Lee KJ, Park SB, Kim C, et al. Identification of
potential biomarkers for diagnosis of pancreatic and biliary tract cancers by
sequencing of serum microRNAs. BMC Med Genomics (2019) 12:62.
doi: 10.1186/s12920-019-0521-8

6. Tomankova T, Petrek M, Kriegova E. Involvement of microRNAs in
physiological and pathological processes in the lung. Respir Res (2010) 11:159.
doi: 10.1186/1465-9921-11-159

7. O'Brien KP, Ramphul E, Howard L, Gallagher WM, Malone C, Kerin MJ,
et al. Circulating MicroRNAs in cancer. Methods Mol Biol (2017) 1509:123–39.
doi: 10.1007/978-1-4939-6524-3_12
frontiersin.org

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE8558
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE8558
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE59856
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE59856
http://www.internationalscienceediting.com
http://www.internationalscienceediting.com
https://www.frontiersin.org/articles/10.3389/fonc.2022.968412/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2022.968412/full#supplementary-material
https://doi.org/10.1016/j.jhep.2019.01.038
https://doi.org/10.1245/s10434-012-2312-8
https://doi.org/10.1158/0008-5472
https://doi.org/10.3390/diagnostics11020252
https://doi.org/10.1186/s12920-019-0521-8
https://doi.org/10.1186/1465-9921-11-159
https://doi.org/10.1007/978-1-4939-6524-3_12
https://doi.org/10.3389/fonc.2022.968412
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org


Su et al. 10.3389/fonc.2022.968412
8. Usuba W, Urabe F, Yamamoto Y, Matsuzaki J, Sasaki H, Ichikawa M, et al.
Circulating miRNA panels for specific and early detection in bladder cancer.
Cancer Sci (2019) 110:408–19. doi: 10.1111/cas.13856

9. Shi Y, Zhuang Y, Zhang J, ChenM,Wu S. Four circulating exosomal miRNAs
as novel potential biomarkers for the early diagnosis of human colorectal cancer.
Tissue Cell (2021) 70:101499. doi: 10.1016/j.tice.2021.101499

10. Liu B, Su F, Chen M, Li Y, Qi X, Xiao J, et al. Serum miR-21 and miR-125b as
markers predicting neoadjuvant chemotherapy response and prognosis in stage II/III
breast cancer. Hum Pathol (2017) 64:44–52. doi: 10.1016/j.humpath.2017.03.016

11. Liu B, Su F, Li Y, Qi X, Liu X, Liang W, et al. Changes of serum miR34a
expression during neoadjuvant chemotherapy predict the treatment response and
prognosis in stage II/III breast cancer. BioMed Pharmacother (2017) 88:911–7.
doi: 10.1016/j.biopha.2017.01.133

12. Letelier P, Riquelme I, Hernandez AH, Guzman N, Farias JG, Roa JC.
Circulating MicroRNAs as biomarkers in biliary tract cancers. Int J Mol Sci (2016)
17:791. doi: 10.3390/ijms17050791

13. Alhasan AH, Scott AW, Wu JJ, Feng G, Meeks JJ, Thaxton CS, et al.
Circulating microRNA signature for the diagnosis of very high-risk prostate cancer.
Proc Natl Acad Sci U.S.A. (2016) 113:10655–60. doi: 10.1073/pnas.1611596113

14. Loosen SH, Castoldi M, Jordens MS, Roy S, Vucur M, Kandler J, et al. Serum
levels of circulating microRNA-107 are elevated in patients with early-stage HCC.
PloS One (2021) 16:e0247917. doi: 10.1371/journal.pone.0247917

15. Kojima M, Sudo H, Kawauchi J, Takizawa S, Kondou S, Nobumasa H, et al.
MicroRNA markers for the diagnosis of pancreatic and biliary-tract cancers. PloS
One (2015) 10:e0118220. doi: 10.1371/journal.pone.0118220

16. Wang LJ, He CC, Sui X, Cai MJ, Zhou CY, Ma JL, et al. MiR-21 promotes
intrahepatic cholangiocarcinoma proliferation and growth in vitro and in vivo by
targeting PTPN14 and PTEN. Oncotarget (2015) 6:5932–46. doi: 10.18632/
oncotarget.3465

17. Kishimoto T, Eguchi H, Nagano H, Kobayashi S, Akita H, Hama N, et al.
Plasma miR-21 is a novel diagnostic biomarker for biliary tract cancer. Cancer Sci
(2013) 104:1626–31. doi: 10.1111/cas.12300

18. Cheng Q, Feng F, Zhu L, Zheng Y, Luo X, Liu C, et al. Circulating miR-106a
is a novel prognostic and lymph node metastasis indicator for cholangiocarcinoma.
Sci Rep (2015) 5:16103. doi: 10.1038/srep16103

19. Ghaffari M, Kalantar SM, Hemati M, Dehghani Firoozabadi A, Asri A,
Shams A, et al. Co-Delivery of miRNA-15a and miRNA-16-1 using cationic
PEGylated niosomes downregulates bcl-2 and induces apoptosis in prostate
cancer cells. Biotechnol Lett (2021) 43:981–994. doi: 10.1007/s10529-021-03085-2

20. Pan X, Wang G, Wang B. MicroRNA-1182 and let-7a exert synergistic
inhibition on invasion, migration and autophagy of cholangiocarcinoma cells
through down-regulation of NUAK1. Cancer Cell Int (2021) 21:161.
doi: 10.1186/s12935-021-01797-z

21. Gu D, Ahn SH, Eom S, Lee HS, Ham J, Lee DH, et al. AGO-accessible
anticancer siRNAs designed with synergistic miRNA-like activity.Mol Ther Nucleic
Acids (2021) 23:1172–90. doi: 10.1016/j.omtn.2021.01.018

22. He B, Zhao Z, Cai Q, Zhang Y, Zhang P, Shi S, et al. miRNA-based
biomarkers, therapies, and resistance in cancer. Int J Biol Sci (2020) 16:2628–47.
doi: 10.7150/ijbs.47203

23. Liu B, Su F, Lv X, Zhang W, Shang X, Zhang Y, et al. Serum microRNA-21
predicted treatment outcome and survival in HER2-positive breast cancer patients
receiving neoadjuvant chemotherapy combined with trastuzumab. Cancer
Chemother Pharmacol (2019) 84:1039–49. doi: 10.1007/s00280-019-03937-9

24. Sun R, Zheng Z, Wang L, Cheng S, Shi Q, Qu B, et al. A novel prognostic
model based on four circulating miRNA in diffuse large b-cell lymphoma:
implications for the roles of MDSC and Th17 cells in lymphoma progression.
Mol Oncol (2021) 15:246–61. doi: 10.1002/1878-0261.12834

25. Maminezhad H, Ghanadian S, Pakravan K, Razmara E, Rouhollah F,
Mossahebi-Mohammadi M, et al. A panel of six-circulating miRNA signature in
serum and its potential diagnostic value in colorectal cancer. Life Sci (2020)
258:118–226. doi: 10.1016/j.lfs.2020.118226

26. Jiang Q, Wang Y, Hao Y, Juan L, Teng M, Zhang X, et al. miR2Disease: a
manually curated database for microRNA deregulation in human disease. Nucleic
Acids Res (2009) 37:D98–104. doi: 10.1093/nar/gkn714
Frontiers in Oncology 13
27. Xiao F, Zuo Z, Cai G, Kang S, Gao X, Li T. miRecords: an integrated
resource for microRNA-target interactions. Nucleic Acids Res (2009) 37:D105–110.
doi: 10.1093/nar/gkn851

28. Karagkouni D, Paraskevopoulou MD, Chatzopoulos S, Vlachos IS,
Tastsoglou S, Kanellos I, et al. DIANA-TarBase v8: a decade-long collection of
experimentally supported miRNA-gene interactions. Nucleic Acids Res (2018) 46:
D239–45. doi: 10.1093/nar/gkx1141

29. Chou CH, Chang NW, Shrestha S, Hsu SD, Lin YL, Lee WH, et al.
miRTarBase 2016: updates to the experimentally validated miRNA-target
interactions database. Nucleic Acids Res (2016) 44:D239–247. doi: 10.1093/nar/
gkv1258

30. Li C, Li X, Miao Y, Wang Q, Jiang W, Xu C, et al. SubpathwayMiner: a
software package for flexible identification of pathways. Nucleic Acids Res (2009)
37:e131. doi: 10.1093/nar/gkp667

31. Yu G, Wang LG, Han Y, He QY. clusterProfiler: an r package for comparing
biological themes among gene clusters. OMICS (2012) 16:284–7. doi: 10.1089/
omi.2011.0118

32. Karamitopoulou E, Tornillo L, Zlobec I, Cioccari L, Carafa V, Borner M,
et al. Clinical significance of cell cycle- and apoptosis-related markers in biliary
tract cancer: a tissue microarray-based approach revealing a distinctive
immunophenotype for intrahepatic and extrahepatic cholangiocarcinomas. Am J
Clin Pathol (2008) 130:780–6. doi: 10.1309/AJCP35FDCAVANWMM

33. Simbolo M, Fassan M, Mafficini A, Lawlor RT, Ruzzenente A, Scarpa A.
New genomic landscapes and therapeutic targets for biliary tract cancers. Front
Biosci (Landmark Ed) (2016) 21:707–18. doi: 10.2741/4416

34. Jia J, Qin Y, Zhang L, Guo C, Wang Y, Yue X, et al. Artemisinin inhibits
gallbladder cancer cell lines through triggering cell cycle arrest and apoptosis. Mol
Med Rep (2016) 13:4461–8. doi: 10.3892/mmr.2016.5073

35. Wan M, Zhang FM, Li ZL, Kang PC, Jiang PM, Wang YM, et al. Identifying
survival-associated ceRNA clusters in cholangiocarcinoma. Oncol Rep (2016)
36:1542–50. doi: 10.3892/or.2016.4934

36. Kusnadi EP, Trigos AS, Cullinane C, Goode DL, Larsson O, Devlin JR,
et al. Reprogrammed mRNA translation drives resistance to therapeutic
targeting of ribosome biogenesis. EMBO J (2020) 39:e105111. doi: 10.15252/
embj.2020105111

37. Lim J, Murthy A. Targeting autophagy to treat cancer: Challenges and
opportunities. Front Pharmacol (2020) 11:590344. doi: 10.3389/fphar.2020.590344

38. Okamura R, Kurzrock R, Mallory J, Fanta PT, Burgoyne AM, Clary BM,
et al. Comprehensive genomic landscape and precision therapeutic approa ch
in biliary tract cancers. Int J Cancer (2021) 148(3):702–12. doi: 10.1002/
ijc.33230

39. Wu CY, Pan YR, Yeh C. Targeting P53 as a future strategy to overcome
gemcitabine resistance in biliary tract cancers. Biomolecules (2020) 10(11):10 23.
doi: 10.3390/biom10111474

40. Voigtlander T, Gupta SK, Thum S, Fendrich J, Manns MP, Lankisch TO,
et al. MicroRNAs in serum and bile of patients with primary sclerosing cholangitis
and/or cholangiocarcinoma. PloS One (2015) 10:e0139305. doi: 10.1371/
journal.pone.0139305

41. Loosen SH, Lurje G, Wiltberger G, Vucur M, Koch A, Kather JN, et al.
Serum levels of miR-29, miR-122, miR-155 and miR-192 are elevated in patients
with cholangiocarcinoma. PloS One (2019) 14:e0210944. doi: 10.1371/
journal.pone.0210944

42. Han Y, Zhang H, Zhou Z, Liu R, Liu D, Bai M, et al. Serum microRNAs as
biomarkers for the noninvasive early diagnosis of biliary tract cancer. Int J GenMed
(2021) 14:1185–95. doi: 10.2147/IJGM.S297371

43. Cheng G. Circulating miRNAs: roles in cancer diagnosis, prognosis and
therapy. Advanced Drug delivery Rev (2015) 81:75–93. doi: 10.1016/
j.addr.2014.09.001

44. Andersen GB, Tost J. Circulating miRNAs as biomarker in cancer. Recent
results in cancer research. fortschritte der krebsforschung. Progres dans les recherches
sur le Cancer (2020) 215:277–98. doi: 10.1007/978-3-030-26439-0_15

45. Valle JW, Kelley RK, Nervi B, Oh DY, Zhu AX. Biliary tract cancer. Lancet
(London England) (2021) 397:428–44. doi: 10.1016/s0140-6736(21)00153-7p
frontiersin.org

https://doi.org/10.1111/cas.13856
https://doi.org/10.1016/j.tice.2021.101499
https://doi.org/10.1016/j.humpath.2017.03.016
https://doi.org/10.1016/j.biopha.2017.01.133
https://doi.org/10.3390/ijms17050791
https://doi.org/10.1073/pnas.1611596113
https://doi.org/10.1371/journal.pone.0247917
https://doi.org/10.1371/journal.pone.0118220
https://doi.org/10.18632/oncotarget.3465
https://doi.org/10.18632/oncotarget.3465
https://doi.org/10.1111/cas.12300
https://doi.org/10.1038/srep16103
https://doi.org/10.1007/s10529-021-03085-2
https://doi.org/10.1186/s12935-021-01797-z
https://doi.org/10.1016/j.omtn.2021.01.018
https://doi.org/10.7150/ijbs.47203
https://doi.org/10.1007/s00280-019-03937-9
https://doi.org/10.1002/1878-0261.12834
https://doi.org/10.1016/j.lfs.2020.118226
https://doi.org/10.1093/nar/gkn714
https://doi.org/10.1093/nar/gkn851
https://doi.org/10.1093/nar/gkx1141
https://doi.org/10.1093/nar/gkv1258
https://doi.org/10.1093/nar/gkv1258
https://doi.org/10.1093/nar/gkp667
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1309/AJCP35FDCAVANWMM
https://doi.org/10.2741/4416
https://doi.org/10.3892/mmr.2016.5073
https://doi.org/10.3892/or.2016.4934
https://doi.org/10.15252/embj.2020105111
https://doi.org/10.15252/embj.2020105111
https://doi.org/10.3389/fphar.2020.590344
https://doi.org/10.1002/ijc.33230
https://doi.org/10.1002/ijc.33230
https://doi.org/10.3390/biom10111474
https://doi.org/10.1371/journal.pone.0139305
https://doi.org/10.1371/journal.pone.0139305
https://doi.org/10.1371/journal.pone.0210944
https://doi.org/10.1371/journal.pone.0210944
https://doi.org/10.2147/IJGM.S297371
https://doi.org/10.1016/j.addr.2014.09.001
https://doi.org/10.1016/j.addr.2014.09.001
https://doi.org/10.1007/978-3-030-26439-0_15
https://doi.org/10.1016/s0140-6736(21)00153-7
https://doi.org/10.3389/fonc.2022.968412
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	Prioritizing key synergistic circulating microRNAs for the early diagnosis of biliary tract cancer
	1 Introduction
	2 Materials and methods
	2.1 Data collection
	2.2 Global optimization algorithm of the decision forest
	2.2.1 Sampling internal training sets and internal test sets
	2.2.2 Integrating the decision forest
	2.2.3 Prioritizing the candidate Ser-miRNA signatures

	2.3 Evaluation of ser-miRNAs
	2.4 Survival analysis

	3 Results
	3.1 A decision forest for prioritizing key synergistic ser-miRNAs
	3.2 Key synergistic ser-miRNAs serve as biomarkers for BTC
	3.3 Key synergistic ser-miRNAs improve the classification performance for early BTC in the internal data set
	3.4 Key synergistic ser-miRNAs improve the classification performance for early BTC detection in the independent test&#146;set
	3.5 Key synergistic ser-miRNAs serve as novel powerful biomarkers for distinguishing BTC from PC
	3.6 Dissection of the function of the key synergistic ser-miRNAs in early BTC
	3.7 Protein protein interaction network of target genes
	3.8 Key synergistic ser-miRNAs predict survival in BTC
	3.9 Comparison with individual feature selection methods and classifier
	3.10 Compared with currently established markers

	4 Discussion
	Conclusion
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Supplementary material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


