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Abstract 

Background  Screening tests, particularly liquid biopsy with circulating miRNAs, hold significant potential for non-
invasive cancer detection before symptoms manifest.

Methods  This study aimed to identify biomarkers with high sensitivity and specificity for multiple and specific cancer 
screening. 972 Serum miRNA profiles were compared across thirteen cancer types and healthy individuals using 
weighted miRNA co-expression network analysis. To prioritize miRNAs, module membership measure and miRNA 
trait significance were employed. Subsequently, for specific cancer screening, gastric cancer was focused on, using 
a similar strategy and a further step of preservation analysis. Machine learning techniques were then applied to evalu-
ate two distinct miRNA panels: one for multi-cancer screening and another for gastric cancer classification.

Results  The first panel (hsa-miR-8073, hsa-miR-614, hsa-miR-548ah-5p, hsa-miR-1258) achieved 96.1% accuracy, 96% 
specificity, and 98.6% sensitivity in multi-cancer screening. The second panel (hsa-miR-1228-5p, hsa-miR-1343-3p, 
hsa-miR-6765-5p, hsa-miR-6787-5p) showed promise in detecting gastric cancer with 87% accuracy, 90% specificity, 
and 89% sensitivity.

Conclusions  Both panels exhibit potential for patient classification in diagnostic and prognostic applications, high-
lighting the significance of liquid biopsy in advancing cancer screening methodologies.
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Introduction
Regular cancer screenings can lead to timely diagnosis, 
enabling effective intervention and increasing the likeli-
hood of successful treatment. Currently approved cancer 
detection tests, such as endoscopy, colonoscopy, mam-
mography, and cervical cytology, are often aggressive and 
costly [1]. On the other hand, while clinical signs of can-
cer progression are often elusive in the early years, under-
lying molecular changes in the body are still occurring [2, 
3]. Hence, exploring non-invasive molecular biomark-
ers within a broader cancer diagnostic window emerges 
as a promising strategy. These biomarker panels can be 
beneficial in evaluating high-risk individuals and serve as 
the basis for establishing follow-up strategies. It is crucial 
that they demonstrate high specificity and accuracy to 
minimize unnecessary follow-up procedures and reduce 
anxiety.

Multi-cancer screening is challenging due to the diverse 
nature of cancers in terms of genetic and molecular char-
acteristics. Liquid biopsy is one of the most promising 
options in noninvasive cancer detection. The term "liquid 
biopsy" did not appear in PubMed until 2011 [4]. Since 
then, liquid biopsy, involving the extraction of non-solid 
biological material from sources like blood, saliva, urine, 
cerebrospinal fluid, breast milk, and semen, has consist-
ently grown as a research field [5, 6]. These samples are 
obtained from the body through non-invasive or mini-
mally invasive methods.

Blood is simply reachable and contains a diverse set of 
analytes, which can be used for medical purposes such as 
early diagnosis, treatment monitoring, tumor stage deter-
mination, disease recurrence risk assessment, and prog-
nosis [7]. Several studies have dedicated efforts to classify 
cancers using a combination of blood analytes such as 
proteins, cell-free DNAs, noncoding RNAs, circulating 
tumor cells (CTCs), and exosome molecular content [8, 
9]. For instance, the CancerSEEK project aimed to diag-
nose and locate operable cancers (ovarian, liver, stomach, 
pancreas, intestine, lung, and breast) using a multi-ele-
ment blood test. They classified different cancer samples 
with an accuracy of between 69 and 98% and were able to 
determine healthy samples with a high specificity of 99% 
[1]. In a recent investigation, a platform(I-Biomarker) has 
been developed for multi-cancer diagnosis and treatment 
response monitoring. This platform incorporates bioin-
formatic pipelines for various omics, including RNA-seq, 
Small RNA-seq, Variants (SNP and Indels), Copy Number 
Variation, Single Cell RNA-seq, CHIP-Seq, Methylation, 
and miRNA. They employed Explainable AI to elucidate 
predictions based on corresponding biomarkers [10].

Transitioning to a focus on microRNAs (miRNAs) 
these small noncoding RNAs play crucial posttransla-
tional regulatory roles [11]. Regarding their sequence 

complementarity miRNA can target the 3′-untranslated 
region (3′-UTR) of messenger RNA and suppress protein 
translation [12]. Their expression profiles were indicated 
to be able to classify human cancers [13]. MiRNAs act as 
oncogenes or tumor suppressors during tumor develop-
ment and progression. Experimental evidence demon-
strates that correcting specific miRNA alterations using 
miRNA mimics or antagomirs can normalize the gene 
regulatory network and signaling pathways and reverse the 
phenotype in cancerous cells [14]. Despite the absence of 
standardized protocols for the current clinical use of miR-
NAs, they constitute a reliable tool for future use [15].

There are different analysis methods for the classifi-
cation of patient groups. The preference for network 
biology over previous methods, such as fold change 
analysis, lies in its ability to capture and analyze com-
plex interactions within biological systems. While fold 
change analysis focuses on individual gene expression 
changes, network biology can bridge individual genes to 
a system-level view, which considers the relationships 
and dependencies among genes, miRNAs, proteins, and 
other molecular entities, which are then expected to be 
enriched in individual pathways, and processes.

Correlation networks are increasingly used in bioinfor-
matics applications to facilitate network-based methods 
of identifying candidate biomarkers or therapeutic targets 
[16]. In gene co-expression networks, each gene corre-
sponds to a node, and an edge connects two genes if their 
expression values are highly correlated. The Weighted 
Gene Co-Expression Network (WGCNA) assigns a 
weight to each link to represent the extent of gene co-
expression. WGCNA has already been applied to several 
cancers, and promising results have been obtained [17]. 
After detecting clusters (modules) of highly correlated 
genes, this package can summarize such clusters using 
the module eigengene or an intramodular hub gene, cor-
relate modules to one another or external sample traits 
(eigengene network methodology), and calculate module 
membership measures [16]. In network biology, research-
ers often explore the preservation of modules across mul-
tiple networks and assess how gene pathways are affected 
under specific conditions. Non-preserved modules can 
also provide valuable information, reflecting species-spe-
cific or disease-specific modules [18]. In the second part 
of the study, a preservation analysis is adopted to detect 
specific modules in gastric cancer.

Numerous previous studies have explored the expres-
sion profiles of miRNAs in various cancers, aiming to 
identify associated patterns, as summarized in Supple-
mentary Table 1, Additional File 1. However, it remains 
unclear whether some specific miRNAs can accurately 
divide the statistical population into two categories, 
healthy people and individuals at high risk of cancer 
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in general. Identifying common alterations in miRNAs 
across multiple cancers could provide valuable insights 
into the shared regulatory mechanisms of these small 
RNA molecules.

Considering the important role of multi-cancer 
screening, this study, conducts an inclusive examina-
tion of serum miRNA profiles across thirteen differ-
ent cancer types, to identify common biomarkers for 
multi-cancer screening. Employing weighted miRNA 
co-expression network analysis, the study successfully 
identifies modules and hub miRNAs that demonstrated 
shared characteristics across the diverse spectrum of 
cancers. Subsequently, we assess the capability of this 
strategy in detecting specific cancers, such as gastric 
cancer, from other cancers through a preservation 
analysis. The machine learning outcomes revealed two 
distinct miRNA panels: one showcasing robust perfor-
mance in multi-cancer screening (96.1% accuracy, 96% 
specificity, and 98.6% sensitivity), and the other display-
ing promise in gastric cancer detection (87% accuracy, 
90% specificity, and 89% sensitivity). With potential 
applications in diagnostic and prognostic contexts, 
these findings underscore the role of liquid biopsy in 
advancing cancer screening methodologies with a focus 
on commonalities among diverse cancer types.

Materials and methods
This study unfolds in two distinct parts. In the initial 
phase, researchers dedicated their efforts to accurately 
classify samples into two groups: non-cancer and those 
suffering from one of thirteen different cancers (regard-
less of the cancer type). Transitioning into the second 
phase, the study introduces an approach to pinpointing 
more precise cancer markers. In this phase, the focus is 
on identifying miRNAs specifically indicative of gastric 
cancer as a particular disease. Although gastric cancer 
ranks seventh among cancers in terms of incidence, it is 
the fourth leading cause of cancer-related deaths in the 
world [19]. This might be due to the absence of symp-
toms in the early stages of the disease, which makes gas-
tric cancer detection difficult. Physicians often do not 
diagnose the disease until it reaches advanced stages, and 
at that time, treatment is much more difficult and less 
responsive. The analysis flow is illustrated in Fig. 1.

Datasets for training and evaluation
This study independently utilized the GSE113486 data-
set for training and the GSE112264 dataset for evalua-
tion, both sourced from the Gene Expression Omnibus 
[20–23]. These datasets comprise serum samples from 13 
distinct cancer types.

Fig. 1  Study analysis flow describing steps in multi-cancer screening and gastric cancer classification
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Before conducting any additional analysis, it is impera-
tive to normalize the data. Over the last decade, Limma 
has emerged as a widely used tool for microarray data 
analysis. This tool offers an integrated solution for the 
comprehensive analysis of data derived from gene expres-
sion experiments [24]. Using this package, we down-
loaded and normalized the data.

Multi‑cancer screening
In the initial dataset, we categorized all samples into two 
study groups to build the network based on it. Group 1 
comprised 100 non-cancer control samples, while Group 
2 consisted of 872 samples representing thirteen cancer 
types. We constructed the network and prioritized miR-
NAs based on their significance across various cancers. 
Subsequently, we rigorously assessed the miRNA can-
didate list through diverse machine-learning models. 
Further elaboration on these steps will be provided in 
subsequent sections.

Co‑expression network analysis
Using the WGCNA package, an unsigned weighted 
miRNA co-expression network was constructed by com-
paring the miRNA expression profiles of the two men-
tioned groups. Given that miRNAs are regulatory factors, 
and any change in their expression may play a critical 
role, an unsigned network was chosen to capture both 
positive and negative correlations.

In the network, the nodes represent miRNA expres-
sion profiles, and the edges denote pairwise correlations 
between them. The adjacency matrix, aij, is a symmet-
ric n × n matrix with continuous values between 0 and 
1. Specifically, aij = ∣cor(xi,xj)∣ represents the adjacency 
in the unsigned network, where Pearson’s correlation 
coefficient was used to construct the correlation matrix. 
Pearson correlation is appropriate for analyzing the 
relationship between two quantitative variables, assum-
ing they may exhibit a positive, negative, or no linear 
relationship.

Next, a weighted network adjacency was defined 
through soft thresholding, which involves raising the 
absolute value of the correlations to a power greater than 
one. This approach emphasizes stronger correlations 
while downplaying weaker ones [25].

Co-expressed miRNAs were then clustered into mod-
ules, and the eigengene dendrogram of each module was 
generated. Following this, the correlation between the 
module eigengenes and cancer presence was examined 
using the Pearson correlation.

The filtering of miRNAs was based on two criteria: 
|mTS| (miRNA Trait Significance) > 0.5 and |mMM| 
(miRNA Module Membership) > 0.71 within their 

respective module. This threshold, labeled "Alpha" was 
applied to the network to yield a list of potential miRNA 
candidates.

Evaluation by machine learning
Before evaluating the chosen miRNAs through machine 
learning, balancing sample numbers and adjusting distri-
bution within each group is crucial. This can be achieved 
by random sampling from each cancer type. Group 1 
consisted of 100 non-cancer control samples, and Group 
2 labeled as Cancerous, included eight randomly selected 
samples from each cancer type, totaling 104 cancerous 
samples.

We assessed the performance of eight algorithms on 
the candidate miRNA list to identify the most suitable 
algorithm for our specific purpose and dataset. The algo-
rithms are as follows:

•	 CART: Classification and Regression Trees
•	 GLMNET: Regularized Linear Models
•	 KNN: K Nearest Neighbor
•	 LDA: Linear Discriminant Analysis
•	 LR: Linear Regression
•	 MLP: Multi-Layer Perceptron
•	 RF: Random Forest
•	 SVM: Support Vector Machine

To this end, the Classification and Regression Train-
ing (Caret) package in the R programming language was 
used [26, 27]. The evaluation parameters were ROC, sen-
sitivity, and specificity.

Then, by narrowing the threshold alpha, the number of 
miRNAs was decreased to 25, 17, and 4, and each list was 
evaluated using the chosen algorithm.

Gastric cancer screening
To pinpoint specific miRNAs associated with a particu-
lar cancer type, such as gastric cancer, the second phase 
of the study focused on constructing a Weighted MiRNA 
Co-Expression Network (WMiCN) tailored to this spe-
cific cancer. The revised sample selection included Group 
1 (non-cancer control with 100 samples) and Group 3 
(gastric cancer with 40 samples).

Co‑expression‑network analysis
The construction of the unsigned WMiCN (Weighted 
miRNA Co-expression Network) was based on the 
expression profiles of samples from Group 1 and Group 
3. As in the initial phase, co-expressed miRNAs were 
clustered into modules, and the correlation between 
these modules and the trait of interest—gastric cancer 
incidence—was explored.
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Preservation analysis
In many applications, researchers seek to determine 
whether network module properties change across dif-
ferent conditions. In our case, we aim to investigate 
which modules in the gastric cancer network are specif-
ically related to gastric cancer and not preserved in the 
network representing other cancer types. To identify 
these gastric cancer-specific modules, we conducted a 
preservation analysis by comparing circulating miRNA 
expression profiles in gastric cancer with those in other 
cancer types.

Various preservation statistics are available to meas-
ure this preservation among networks, and since each 
one measures different aspects, their results may not 
always align. Therefore, composite preservation metrics 
offer a more comprehensive and efficient evaluation of 
module preservation across networks.

The overall significance of the observed preservation 
statistics can be assessed using Zsummary, which is 
calculated as the mean of Z.density and Z.connectivity. 
According to Langfelder et  al. [28], the following 
thresholds apply:

•	 Zsummary > 10: Strong evidence of module preser-
vation

•	 2 < Zsummary < 10: Weak to moderate evidence of 
preservation

•	 Zsummary < 2: No evidence of module preserva-
tion

It is important to note that Zsummary depends on 
module size, meaning that the preservation of larger 
modules tends to be statistically more significant. How-
ever, to treat all modules equally, regardless of size, we 
focused on the medianRank composite statistic. Analo-
gous to Zsummary, medianRank is defined as the mean 
of medianRank.density and medianRank.connectivity. 
Unlike Zsummary, medianRank is not affected by mod-
ule size, making it useful for comparing relative preser-
vation among modules. Modules with lower medianRank 
values demonstrate stronger evidence of preservation 
compared to those with higher values.

We used these two statistics to identify non-preserved 
modules. The hub miRNAs of the non-preserved mod-
ules were then selected for further scrutiny based on 
the criteria |mTS|> 0.8 and |mMM|> 0.71 within their 
respective modules. This threshold, referred to as "Beta," 
was applied to the network, resulting in a refined list of 
51 candidate miRNAs.

Evaluation by machine learning
To address the need for balanced sample sizes in clas-
sification problems, two groups were carefully formed 

to ensure an optimal distribution: Group 3, comprising 
40 samples representing gastric cancer, and Group 4, 
consisting of 48 samples randomly selected, with four 
samples chosen from each of the remaining twelve can-
cer types.

Similar to the preceding phase, eight distinct machine 
learning algorithms were scrutinized, and the most 
effective one was chosen. Employing the selected algo-
rithm, we assessed the suitability of the candidate list 
for classifying both Group 3 and Group 4. By refining 
the Beta threshold, we subsequently reduced the num-
ber of miRNAs first to 17 and then to 4, evaluating their 
ensuing performance.

In the next step, we validated both multiple and par-
ticular cancer screening models using the independent 
test dataset. Performance reports of both models deter-
mine the panel’s ability in cancer classification.

Enrichment analysis
In the next step, functional enrichment and pathway 
analyses were performed for the candidate miRNA list 
in both study phases. To investigate the miRNAs’ func-
tion and disease associations, TAM 2.0 can be used, 
which performs the enrichment analysis of these miR-
NAs in the curated miRNA sets using the statistical 
overrepresentation analysis [29]. The other tools used 
in this study were miRPathDB, miRNET, Mienturnet, 
and Enrichr [30–33]. Finally, we reviewed the previ-
ously published studies on the two final miRNA panels.

Results
The samples’ general characteristics and distribution in 
both train and test datasets are presented in Tables  1 
and 2, respectively. Within the first dataset, the original 
study focused on bladder cancer, which involved ran-
dom division of data into two equal groups for train-
ing and testing (n = 486 per group). They ultimately 
proposed a panel of seven miRNAs (miR-6087, miR-
6724-5p, miR-3960, miR-1343-5p, miR-1185–1-3p, 
miR-6831-5p, miR-4695-5p) for classifying bladder 
cancer samples against normal and other cancer sam-
ples, achieving an AUC of 0.97, sensitivity of 95%, and 
specificity of 87%. Descriptive variables were compared 
using the χ2 test, while continuous variables were com-
pared using the independent t-test. Also, Fisher’s linear 
discriminant analysis was used to analyze the expres-
sion of multiple miRNAs. The returned values obtained 
from the discriminant functions were used to define the 
index. A score of ‘zero’ or above represented bladder 
cancer, and scores below zero represented other can-
cers or clinical conditions [20].
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Using the second dataset Urabe et  al. investigated the 
potential of serum miRNAs as a precise diagnostic tool 
for patients suspected of having prostate cancer. Candi-
date miRNAs for prostate cancer detection were identi-
fied in the discovery set (n = 123). Using combinations of 
these candidate miRNAs, a diagnostic model was con-
structed in the training set (n = 484), and its performance 
was assessed in the validation set (n = 484). The resulting 
robust diagnostic model featured two miRNAs, namely 
miR-17-3p and miR-1185–2-3p. It demonstrated high 
diagnostic performance with a sensitivity of 90% and a 
specificity of 90% in the validation set, irrespective of the 
Gleason score and the clinical tumor-node-metastasis 
stage [20, 21].

In our study, we utilized both datasets differently, with 
the first used for training and the second for testing. 
Unlike the original studies, which focused specifically on 
bladder and prostate cancers, our first phase investigates 
13 different cancer types, and the second phase focuses 
on gastric cancer. While we proposed two distinct pan-
els of four miRNAs for MCD(Multi-Cancer Detection) 

and GCD(Gastric Cancer Detection), the original stud-
ies developed panels for classifying bladder and prostate 
cancers. Methodologically, we employed co-expression 
network analysis, whereas the original studies applied 
statistical techniques such as Fisher’s linear discriminant 
analysis and χ2 tests to analyze miRNA expression and 
classify samples.

Multi‑cancer screening results
In the first step, patient clustering was performed. To 
achieve a co-expression network with a balance between 
scale independence and mean connectivity, both metrics 
were calculated across power values ranging from 1 to 20 
using the soft-connectivity algorithm. The optimal power 
value was selected when the scale independence reached 
0.9. Finally, the co-expression matrix was computed using 
this determined power value.

In the first phase of our study, a power of 13, satisfied 
the criteria for topological scale-freeness, as shown in 
Supplementary Figure S1A, Additional File 2. Based on 
this power the adjacency matrix was calculated and the 
weighted miRNA correlation network was constructed. 
Finally, a cluster dendrogram of the modules was gener-
ated and seven modules were identified with the labels 
red, brown, turquoise, yellow, blue, green, and gray, con-
taining 99, 213, 258, 206, 242, 145, and 1402 miRNAs, 
respectively, as shown in Supplementary Figure S1B, 
Additional File 2.

By examining the correlation between the modules 
and cancer in general, the highest correlation coeffi-
cients belonged to the yellow (0.62), turquoise (0.59), 
green (0.54), and brown (0.52) modules (Fig. 2A). To con-
firm the validity of this assessment, we also looked into 
each module and examined the correlation between the 
miRNA module membership factor and its significance 
in cancer. In this evaluation, the highest correlation rates 
were observed for the yellow (0.77), turquoise (0.7), green 
(0.7), and blue (0.63) modules (Fig. 2B).

Following the application of the alpha threshold, 70 
miRNAs were chosen. Supplementary Table  2, Addi-
tional File 3, provides the list of these miRNAs, along 
with their distribution across different modules. Figure 3 

Table 1  The general characteristics of train and test datasets

Usage Id Author Platform Age Female Male

Train GSE113486 Usuba W, 2019 GPL21263 Avg = 64.38
Min: 17
Max: 93
Median: 66

37% 63%

Test GSE112264 Urabe F, 2018 GPL21263 Avg: 65.8
Min: 10
Max: 93
Median: 67

0% 100%

Table 2  The distribution of the disease in the samples across the 
independent training and test datasets

No Disease Train Test

1 Bladder Cancer 392 50

2 Breast Cancer 40 -

3 Biliary tract Cancer 40 50

4 Colorectal cancer 40 50

5 Esophagus cancer 40 50

6 Gastric cancer 40 50

7 Glioma 40 50

8 Hepatocellular carcinoma 40 50

9 Lung Cancer 40 50

10 Non-Cancer Control 100 41

11 Ovarian Cancer 40 -

12 Pancreatic cancer 40 50

13 Prostate Cancer 40 809

14 Sarcoma 40 50

Total 972 1591
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Fig. 2  Correlation analysis of modules and cancer. (A) Correlation analysis between each module eigen miRNA and cancer as a trait. (B) Correlation 
analysis between miRNA module membership and miRNA significance in cancer
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illustrates the comparative results of the performance of 
the selected machine learning algorithms. This evalu-
ation was based on specificity, sensitivity, and the area 
under the ROC curve. The random forest algorithm 
was selected according to its appropriate performance 
regarding the three evaluation criteria for this dataset.

The multi-cancer screening model performance results 
using the candidate miRNA lists are presented in Table 3. 
Classifying cancer samples from non-cancer control 
samples, the best result was achieved by 4-miRNA 
panel containing "hsa-miR-614", "hsa-miR-1258", "hsa-
miR-548ah-5p", and "hsa-miR-8073" with 96.1, 96, and 
98.6 specificity, sensitivity, and ROC on original data by 
fivefold cross-validation and 94.9, 94.8, 97.5 for accuracy, 
specificity, and sensitivity on the independent dataset.

Considering that the previous evaluation was per-
formed collectively and given that the accuracy might 
be different for each cancer, further evaluation was per-
formed for different cancers separately. Figure  4 illus-
trates the model performance results of each cancer type.

Gastric cancer screening results
In the process of classifying gastric cancer, prior to 
creating the network, we initially detected an outlier 
among the non-cancer samples, specifically with the ID 
gsm3107261. Consequently, this outlier was excluded 
from the analysis. Subsequently, the network was 

Fig. 3  Comparison of performance between different Machine Learning Algorithms using multi-cancer screening miRNA panel with a confidence 
level of 0.95

Table 3  The performance results of the multi-cancer screening 
model on candidate miRNA lists

miRNA count Data Accu Spec Sens ROC

70 Train 95.2 98 99

Test 92.5 92.3 97.5

25 Train 96 96 98.7

Test 91 90.8 97.5

8 Train 97 98 98.9

Test 92.4 92.3 97.5

4 Train 96.1 96 98.6

Test 94.9 94.8 97.5

Fig. 4  Comparison of model performance for each cancer type separately using 70-miRNA and 4-miRNA models
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established with a power setting of 9 to achieve scale-
freeness, as determined by mean connectivity and scale 
independence metrics (Supplementary Figure S2A, Addi-
tional File 4). A dendrogram representing the miRNAs 
was generated, leading to the identification and labeling 
of seven distinct modules as green, yellow, brown, blue, 
turquoise, and gray, each comprising 45, 96, 202, 603, 
747, and 872 miRNAs, respectively (Supplementary Fig-
ure S2B, Additional File 4).

In the examination of module correlations with gastric 
cancer, four modules, namely blue, turquoise, green, and 
yellow, exhibited the strongest correlations (Fig.  5). It’s 
worth noting that, following the guidelines outlined in 
the WGCNA manuals, the gray module was disregarded 
in this analysis.

In the preservation analysis, the blue module holds the 
5th position and displays the lowest preservation level 
among other cancer types, regardless of the gray module, 
as demonstrated in Table 4. Accordingly, it stands out as 
the most distinctive module specific to gastric cancer. 
The comparison between the median rank and Zsum-
mary criteria is represented in Fig. 6.

Following applying the Beta threshold, a total of 51 
miRNAs were chosen for inclusion in the candidate list. 
Out of these, 50 miRNAs were sourced from the blue 
module, recognized as the most distinct module in gas-
tric cancer, while one miRNA originated from the green 
module (Supplementary Table 3, Additional File 5).

In the machine learning assessment, eight different 
algorithms were compared regarding their classification 

Fig. 5  Detecting most correlated miRNA modules to Gastric cancer. (A) Correlation between module eigen miRNAs and Gastric cancer incidence. 
(B) Correlation between miRNAs module membership and their significance in Gastric cancer
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performance with the candidate miRNAs as presented in 
Fig. 7. The GLMNET algorithm showed the best perfor-
mance overall. Table 5 shows the results for the candidate 
list consisting of 51, 17, and 4 miRNAs, respectively.

The panel of 4 miRNAs can discriminate between a 
set of 12 cancers along with normal samples and gastric 
cancer patients using the GLMNET algorithm with the 
specificity, sensitivity, and area under ROC of 87, 90, and 

89, respectively. The accuracy, specificity, and sensitivity 
in the independent dataset were 79, 78, and 86, respec-
tively. The model performance results appraisal using the 
independent test data for each cancer type are presented 
in Fig. 8.

In the final step, functional enrichment was performed. 
After examining the enrichment results, sufficient evi-
dence was provided for the effect of selected miRNAs in 
cancer in both phases of the study.

The miRNA-mRNA interaction network analysis with 
MiRNet online software revealed that the miRNAs and 
their target genes were primarily involved in different 
cancers, including lung, breast, ovarian, and gastrointes-
tinal cancers, especially colorectal and gastric cancers, 
with the number of microRNAs decreased by four, and 
these cancers remained prominent on the list. In the sec-
ond phase of the study, the assessment of microRNAs 
showed that this specific list was more associated with 
small intestine, colon, pancreas, and gastric cancers. 
Detailed results are available in Additional File 6.

Table 4  Preservation analysis results, the blue module shows 
the lowest level of preservation among other cancers

Module medianRank.
pres

medianRank.
qual

Zsummary.
pres

Zsummary.
qual

Gray 6 7 12 -15

Blue 5 5 10 21

Yellow 4 3 2.3 9.3

Turquoise 3 1 26 36

Green 2 4 6.6 5.6

Brown 1 2 19 15

Fig. 6  Preservation analysis indicates which modules are more specific in gastric cancer. (A) Comparison based on Median Rank. (B) Comparison 
based on preservation Zsummary

Fig. 7  Performances comparison between the machine learning algorithms using the gastric cancer screening panel with a confidence level 
of 0.95
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The miRPathDB analysis showed that the miRNAs 
and their target genes were mainly implicated in cancer-
related pathways, including chronic myeloid leukemia 
and prostate cancer, and significant cancer signaling 
pathways such as p53, TGF-beta, and Ras signaling in 
both study phases.

Discussion
To summarize, our study aimed to develop a Multi-
cancer Detection (MCD) method capable of not only 
distinguishing between patients with specific cancer 
types and normal individuals but also effectively dif-
ferentiating gastric cancer from 12 other cancer types. 
This approach expands beyond single cancer assays, 
offering a comprehensive multi-cancer detection 
assay. We compared our methodology and results with 
three other recent studies. The first study focuses on 
multi-cancer early detection (MCED), while the two 

subsequent studies introduce panels specifically for 
gastric cancer detection.

Study 1: The study by Zhang et al. focused on iden-
tifying miRNAs for discriminating lung cancer from 
normal samples and then utilized the same list as an 
MCED (multi-cancer early detection) panel to dis-
tinguish each of the other cancer types from normal 
samples [34]. While our study employed network 
biology and WGCNA, they utilized differential gene 
expression analysis. Despite methodological differ-
ences, our model’s performance was comparable 
to theirs for both multi-cancer and gastric-cancer 
detection. In our study, we achieved a sensitivity of 
98% and a specificity of 98% with the MCD panel for 
gastric cancer, which made it possible to differenti-
ate between patients with gastric cancer and normal 
samples. However, for other cancer types, the sensi-
tivity and specificity varied from cancer type to can-
cer type, as shown in Fig. 9.

Study 2: Abe et  al. aimed to identify serum miR-
NAs distinguishing early gastric cancer (EGC) 
samples from non-cancer controls [35]. While our 
study employed network biology, WGCNA, and the 
Random Forest algorithm, they utilized Fisher’s lin-
ear discriminant analysis with a greedy algorithm 
to establish a diagnostic model. Additionally, they 
employed DeLong’s test for selecting the best dis-
crimination model. Despite these methodological 
differences, our model’s performance was compara-
ble to theirs for gastric cancer detection.

Table 5  The performance results of the gastric cancer 
classification model using different candidate miRNA lists

miRNA list Data Accu Spec Sens ROC

51 Train 79.1 82.5 87.8

Test 82.8 82.6 88

17 Train 85.3 85 90.2

Test 81.1 81 82

4 Train 81 95 92

Test 78.2 77.9 86

Fig. 8  Comparison of the trained model’s performance in distinguishing gastric cancer from other cancer types and non-cancer controls using 
the 51-miRNA model and the 4-miRNA model
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As their panel is specifically designed to discriminate 
between gastric cancer samples and normal samples, 
without consideration for other cancer types, we com-
pared the performance of our MCD panel, designed for 
general cancer screening, with theirs. Our findings sug-
gest comparable performances between the two panels 
in discriminating between gastric cancer and normal 
samples.

Our study achieved a sensitivity of 98% and specificity 
of 98% using MCD panel for gastric cancer when con-
sidering only normal samples, as shown in the following 
table, In their study’s discovery set, they achieved a sensi-
tivity of 98% and a specificity of 97%.

In the second part of our study, we focused on clas-
sifying gastric cancer in comparison to various cancer 
types, while they only evaluated their model’s ability 
to classify gastric cancer in comparison to Esophageal 
squamous cell carcinoma(ESCC) and Colorectal cancer 
(CRC). However, they only compared 10 patients with 
Stage III locally advanced gastric cancer with 50 ESCC 
and 50 CRC patients, resulting in imbalanced data. They 
report The AUCs of the EGC index in Stage III gastric 
cancer, ESCC, and CRC were 1.00, 0.64, and 0.44. While 
our second proposed panel demonstrates a sensitivity of 
86% and specificity of 100% for discriminating between 

gastric cancer and esophageal cancer, and a specificity 
of 74% for colorectal cancer as shown in Fig. 8, it is also 
noteworthy for its ability to differentiate gastric cancer 
from pancreatic cancer patients, achieving a specificity of 
96%. Our model not only performs better in discriminat-
ing between gastric cancer and esophageal and colorectal 
cancer but also demonstrates proficiency in discriminat-
ing gastric cancer from 10 other types of cancer.

To further evaluate the diagnostic potential of our cir-
culating miRNA panels in detecting early-stage gastric 
cancer, we employed the GSE164174 dataset as a third 
independent validation source. This dataset provides 
detailed disease stage information, enabling us to exam-
ine miRNA expression across different phases of cancer 
progression. The results demonstrated that the MCD 
panel achieved a sensitivity of 96.57 and a specificity of 
97.18. The Gastric Cancer panel showed a sensitivity of 
86.87 and a specificity of 88.33. These findings indicate 
that both panels maintain robust performance even in 
the early stages of cancer. Further details are available in 
Additional File 7.

Study 3: So et  al. developed a serum miRNA panel 
for identifying patients with all stages of gastric can-
cer in a high-risk population from normal samples 

Fig. 9  Performance comparison between our study and three other studies. (MCDP stands for Multi-cancer Detection Panel, and GCP 
is the abbreviation for Gastric Cancer Detection Panel.)
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[36]. Their 12-miRNA panel demonstrated a sensi-
tivity of 87.0% at a specificity of 68.4%, with an AUC 
of 84%, indicating good discriminatory power. They 
conducted a cross-reactivity test against other com-
mon cancers, namely: lung, breast, colorectal, liver, 
esophageal, prostate, and bladder cancer. They tested 
for cross-reactivity against these specified cancer 
types in a total of 90 patients, where 11 of them were 

mistakenly classified as having a high-risk score for 
gastric cancer.

As they suggest, their panel can effectively differenti-
ate between gastric cancer samples and normal samples. 
Therefore, we can compare the performance of both of 
our 4-miRNA panels with their 12-miRNA panel. Our 
MCD panel achieves a sensitivity of 98% and a specificity 

Table 6  Comparison of miRNAs panels: our study versus three other studies

Study miRNA panel

Study1 MCED miR-5100, miR-1343-5p, miR-1290, miR-4787

Study2 GCD miR-4257, miR-6785-5p, miR-187-5p, miR-5739

Study3 GCD miR-140, miR-183, miR-30e, miR-103a, miR-126, miR-93, miR-142, miR-
21, miR-29c, miR-424 and miR-181a with a reference miRNA (miR-340)

Our MCD miR-8073, miR-614, miR-548ah-5p, miR-1258

Our GCD miR-1228-5p, miR-1343-3p, miR-6765-5p, miR-6787-5p

Table 7  Evaluation of the multi-cancer screening panel in literature

a  The references are organized in descending order based on the publication year

miRNA Description Refa

hsa-miR-8073 They demonstrated a significant correlation between microRNA-8073 and both the pathological stage and unfavorable progno-
sis of Ovarian Cancer

[37]

It has also been proposed as a novel serum miRNA discriminant model developed for the diagnosis of late-stage esophageal 
squamous cell carcinoma (ESCC) in analyzing 566 ESCC versus 4965 control patients without cancer

[38]

It was reported to be present in exosomes and predominantly exported from colorectal cancer cells. Some evidence suggests 
that miR-8073 can bind to oncogenic target candidates (FOXM1, MBD3, CCND1, KLK10, and CASP2), with antiproliferative effects

[39]

In their study to discover biomarkers for Breast cancer classification, their models achieved close to 96% accuracy in the inde-
pendent validation set using miR-8073 as a single biomarker

[40]

hsa-miR-614 The expression of miR-614 in patients with gastric cancer was significantly lower than that in the control group, and the expres-
sion of miR-614 in the HGC-27 cell line inhibited the invasion and proliferation of these cells

[41]

It might serve as an antitumor target for lung cancer in the future [42]

The upregulation of miR-614 promotes proliferation and inhibits apoptosis in ovarian cancer by suppressing PPP2R2A expression [43]

Furthermore, miR-614 can inhibit the tumorigenesis of tumor cells by targeting RHOT1 [44]

It is noted that RHOT1, a novel member of the Rho family, induces the proliferation and migration of pancreatic cancer cells [45]

It was among the most differentially expressed miRNAs regarding the diagnosis of pancreatic cancer [46]

miR-548-3p They showed significantly difference between the means of miR-548-3p expression between Oral squamous cell carcinoma 
(OSCC) and control groups

[47]

It was indicated that it plays a critical role in the occurrence and development of NSCLC, thereby affecting the proliferation 
and apoptosis of NSCLC cells by targeting KLF15

[48]

It can attenuate the development of CC by targeting TPX2 or inhibiting the PI3K/AKT signaling pathway in lung cancer [42]

It serves as an invasion and metastasis regulator targeting heparanase in gastric cancer [49]

They reported that it acts as an anti-oncogenic regulator in breast cancer [50]

It can proliferate breast cancer cells by regulating the expression of ECHS1 [51]

It has been revealed that hsa-miR-548ah-5p targets ATG16L1, participates in the autophagy process, and has the potential to be 
used to manipulate autophagy in 5-FU-based chemotherapy in colon cancer cells

[52]

miR-1258 The upregulation of miR-1258 regulates the cell cycle and inhibits cell proliferation by targeting E2F8 in colorectal cancer directly [53]

It was significantly downregulated in hepatocellular carcinoma and associated with poor patient survival. The overexpres-
sion of miR-1258 significantly inhibits liver cancer cell growth, proliferation, and tumorigenicity by increasing cell cycle arrest 
in the G0/G1 phase and promoting cell apoptosis

[54]

They illustrated how the miR-1258 mechanism was linked to brain metastatic breast cancer through heparanase control. They 
also offered the development of heparanase-based therapeutics for the treatment of cancer patients with brain metastases, 
especially BMBC

[55]
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of 98% in the classification of gastric cancer patients ver-
sus normal samples. Our gastric cancer detection panel is 
also promising with a sensitivity of 89% and a specificity 
of 90%, especially considering that it is a heterogeneous 
population that includes multiple cancer types and not 
just gastric cancer and normal samples.

Panels comparison
The panels introduced in the above studies are sum-
marized in Table  6. The only direct commonality is the 
presence of hsa-miR-1343 in different forms (5p and 3p) 
between the Study1 MCED panel and Our GC panel. 
Other miRNAs do not seem to overlap directly between 
the studies. Each study has identified distinct miRNAs 
for their respective panels, reflecting possibly differ-
ent methodologies, target populations, and cancer types 

being considered. Differences in sample collection, pro-
cessing techniques, and statistical analysis methods can 
also contribute to these inconsistencies.

Upon assessing the multi-cancer screening panel, we 
observed that several studies in the literature have also 
documented their significance across a range of cancer 
types, including breast, ovarian, colorectal, and esopha-
geal squamous cell carcinoma (ESCC). A comprehensive 
review of these studies can be found in Table 7.

In parallel with these established findings, our study 
concurs, as we identified a significant increase in the 
expression of miR-8073, miR-614, miR-548-3p, and 
miR-1258 among individuals with cancer, compared 
with the non-cancer control group. Figure  10 illustrates 
this consistent overexpression across the spectrum of 
cancers examined in this study. In our investigation, we 

Fig. 10  Multi-cancer screening panel Expression values in different cancer types and non-cancer control group. The cancers-types legend is sorted 
ascending by expression median [55]
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demonstrated that the multi-cancer screening model 
effectively classifies cancer patients when compared to 
the non-cancer control group.

Furthermore, the model exhibits varying effectiveness 
in distinguishing between different cancer types and the 
non-cancer control group. Glioma, lung cancer, blad-
der cancer, and gastric cancer exhibit the highest classi-
fication performance, with correct classification rates of 
1, 1, 0.98, and 0.98, respectively, as illustrated in Fig.  4. 
Conversely, the weakest classification performance is 
observed for sarcoma, with a correct classification rate of 
0.74.

Regarding the proposed panel for gastric cancer, it 
became apparent that some studies in existing literature 
have highlighted their relevance in the context of gastric 
cancer. Table  8 provides an in-depth overview of these 
studies for reference.

In line with the three previous studies reported in 
Table 8, we also showed that the downregulation of miR-
1228 was associated with gastric cancer progression com-
pared to other cancers and non-cancer controls. Since 
miR-1228 plays an important role in the stages of angio-
genesis and EMT and can inhibit these stages, its reduc-
tion in the individual can be one of the first signs of threat 
in tumor formation. The downregulation of miR-1228 is 
a promising candidate in gastric cancer patients. None-
theless, by exploring the correlation between miR-1228 

and other miRNAs, a more precise understanding of the 
onset of gastric cancer can be obtained. As a result, we 
propose a panel of four miRNAs, including miR-1228, to 
enhance the accuracy of the predictive model.

Multiple studies presented in Table 8 provide substan-
tial evidence regarding the involvement of miR-1343-3p 
in Gastric cancer. We also showed that the upregulation 
of miR-1343-3p was associated with gastric cancer com-
pared to the non-cancer control group. Furthermore, this 
molecule was more expressed in gastric cancer compared 
to other cancers; hence, it can differentiate gastric cancer 
from other cancers.

In our investigation, the downregulation of hsa-miR-
6765-5p in gastric cancer compared to other cancers and 
non-cancer controls was significantly associated with 
gastric cancer controls, and this molecule was down-
expressed in gastric cancer compared to other cancers. 
Limited evidence was discovered concerning the involve-
ment of hsa-miR-6765-5p in gastric cancer, with only one 
study addressing its association with venous thrombosis. 
However, additional research investigating the correla-
tion between hsa-miR-6765-5p and various cancers, par-
ticularly gastric cancer, is recommended.

The second panel effectively classifies gastric cancer 
among other cancers and non-cancer controls. The group 
of four microRNAs could accomplish this classification 
with high sensitivity and specificity, while individual 

Table 8  Evaluation of the gastric cancer screening panel in literature

a The references are arranged in descending order based on the publication year

miRNA Description Refa

miR-1228 It has been documented that miR-1228 is highly expressed in the serum exosomes of patients with gastric cancer and its 
upregulation can downregulate the expression of MMP-14 and remarkably hinder the development and progression of gas-
tric cancer

[56]

They indicated that the expression of miR-1228 was reduced in human gastric cancer tissues compared to normal tissues. 
Moreover, miR-1228 acts as a negative regulator of NF-κB activity in the xenograft tumor model of gastric cancer, targets 
CK2A2, decreases the expression of mesenchymal markers, and increases the epithelial marker E-cadherin, suggesting it 
as a potential target for antiangiogenic therapy against gastric cancer

[57]

It has been proved that miR-1228 targets macrophage migration inhibitory factor (MIF), which negatively regulates gastric 
cancer growth and angiogenesis by downregulating MIF
The upregulation of miR-1228 decreased the expression of mesenchymal markers and increased the epithelial marker 
E-cadherin, suggesting its potential role in suppressing epithelial-mesenchymal transition; hence, miR-1228 plays a key role 
in regulating gastric cancer growth, and the selective restoration of miR-1228 may be beneficial for gastric cancer therapy

[58]

miR-1343-3p It has earned the foremost position in the recommended panel for gastric cancer classification, showcasing outstanding 
precision (AUC: 100%, sensitivity: 100%, specificity: 100%, ROC: 100%)

[59]

It is also shown that LINC01559 (long intergenic non-protein coding RNA 1559) is upregulated in GC tissues, where it can be 
transmitted from MSCs to GC cells via exosomes and target miR-1343-3p to promote GC progression by activating the PI3K/
AKT pathway

[60]

It was reported that TEAD1/4 oncogenic factors were overexpressed in GC cell lines and primary GC tissues, where TEAD4 
was negatively regulated by miR-1343-3p, and its aberrant activation was mediated by silencing miR-1343-3p

[61]

hsa-miR-6787-5p It was ranked 17th in the recent machine learning variable selection approach for gastric cancer classification [59]

It was significantly upregulated in extracellular vesicle-miRNA profiles in metastatic cell lines under RAPA treatment com-
pared to CsA and untreated conditions. It can be a potential epigenetic mechanism induced by RAPA therapy in regulating 
the premetastatic niche of posttransplant colorectal cancer

[62]

hsa-miR-6765-5p The significant upregulation of which was the main regulator of messenger RNAs involved in the pathology of venous throm-
bosis

[63]
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microRNAs alone did not exhibit this characteristic. 
As depicted in Fig.  11, miR-1228-5p and miR-6765-5p 
exhibited comparatively lower expression levels, whereas 
miR-6787 and miR-1343-3p demonstrated relatively 
higher expression levels compared to other cancer types 
and the control group. The proximity in serum miRNA 
profile patterns between Lung cancer and gastric cancer 
is also evident in this illustration.

Moreover, the performance of the gastric cancer model 
varies across different cancer types. The best classifica-
tion performance is observed for esophageal cancer, non-
cancer controls, sarcoma, and pancreatic cancer, with 
correct classification rates of 1, 1, 1, and 0.98, respectively 
(Fig.  8). Conversely, the weakest classification perfor-
mance is observed for lung cancer, with a correct classi-
fication rate of 0.18. This discrepancy could be attributed 

to the close similarity in serum miRNA expression pro-
files between lung and gastric cancers. We attempted to 
construct a distinct weighted miRNA co-expression net-
work just between gastric and lung cancer cases. How-
ever, the network criteria were not met, and no relevant 
modules could be detected. The serum miRNA profiles of 
these two cancers appear to be closely related. The other 
reason might be the heightened likelihood of metastasis 
from the lung to the gastric region in cancer patients.

Conclusions
The multi-cancer screening panel comprises four miR-
NAs with common expression altered in the thirteen 
studied cancers. The gastric cancer screening panel can 
differentiate the blood samples of gastric cancer patients 
from other cancers and non-cancer control groups. In 

Fig. 11  Gastric cancer screening panel expression level in different cancer types and non-cancer control group. The cancers-types legend is sorted 
ascending by expression level median [55]
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mTS_pVal	� MiRNA Trait Significance P-Value
WGCNA	� Weighted Gene Co-Expression Network Analysis
WMiCN	� Weighted MiRNA Co-Expression Network
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this context, candidate miRNA panels identified through 
this in silico study hold potential for patient screening 
and other therapeutic purposes. The approach utilized 
for gastric cancer discrimination can also be adapted and 
generalized to other cancers and diseases.

According to the pathogenesis of gastric cancer, imag-
ing methods like endoscopy have achieved high screen-
ing efficiency for advanced cases. Over the past decade, 
this has shifted the focus  toward identifying novel bio-
markers for early detection. Given the limited clini-
cal data available in the two primary datasets used in 
this study, we adopted an alternative approach by vali-
dating our miRNA panel using a third independent 
dataset(Additional File 7). Our findings demonstrate 
that both miRNA panels exhibit robust diagnostic per-
formance, even in the early stages of at least three cancer 
types: colorectal cancer, esophageal cancer, and gastric 
cancer. These results highlight the potential of the panels 
in early cancer detection.

However, a comprehensive assessment of the panels’ 
performance across all studied cancer types could not 
be conducted due to limitations in the datasets. This 
limitation presents an opportunity for future studies 
to investigate diagnostic performance based on other 
clinical information. To facilitate this, the publica-
tion of standardized datasets that integrate clinical 
and genomic data across various platforms is essential 
and could significantly enhance research in the field of 
liquid biopsy.It’s important to note that our research 
primarily relies on bioinformatics analysis of pub-
licly available datasets, utilizing the standard platform 
of 3D-gene microarray. While we have successfully 
developed and evaluated two models — one for multi-
cancer detection and another for gastric cancer detec-
tion —the absence of experimental studies under wet 
laboratory conditions limits our ability to gain a deeper 
understanding of the predictive role of these miRNAs 
in carcinogenesis. Furthermore, additional validation 
of these two models using an independent cohort, ide-
ally employing alternative technical platforms such as 
qRT-PCR, followed by ROC and survival curve analysis 
is necessary before considering their potential clinical 
application. Addressing these aspects will be the focus 
of our future work, as they are beyond the scope of the 
current study.
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