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Abstract 

Cancer metastasis involves complex molecular mechanisms that cannot be fully explained by individual gene expression pro- 

files. Previous studies have shown that correlations between RNA and miRNA expression can capture metastatic behaviour 

more effectively than expression of individual genes. However, no publicly available databases provide systematic analysis 

of RNA–miRNA correlations specific to cancer metastasis. We developed an efficient computational method to identify dif- 

ferential correlations between miRNA s and RNA s that are specific to individual tumour samples. Using data from The Can- 

cer Genome Atlas (TCGA), we computed differ ential corr elations f or tumour samples acr oss 9 c ancer types and 21 me tastatic 

sites, encompassing ̃ 200 million RNA–miRNA pairs. Statistical analysis identified RNA–miRNA pairs with site-specific correla- 

tions using Mann–Whitney U -test s. Me taCancerDB contains RNA–miRNA correlation networks for 9 primary cancer types and 

21 metastatic sites. Site-specific correlations showed distinct patterns, with lung metastasis displaying the most conserved 

correlations across cancer types. Survival analysis revealed that specific RNA–miRNA pairs are prognostic for patient out- 

comes in a metastatic site-dependent manner. MetaCancerDB provides a comprehensive resource for exploring RNA–miRNA 

correlations in cancer metastasis. The database enables researchers to identify molecular signatures specific to metastatic 

sites and can serve as a foundation for developing predictive biomarkers. MetaCancerDB is freely available for academic pur- 

poses. Database URL : https://metacancerdb.hpid.org 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Introduction 

Despite significant advances in cancer research and treatment, 

cancer remains one of the most deadly diseases. By 2050, there 

are projected to be > 35 million new cases of cancer worldwide, an 

increase of 77% from the 20 million cases reported in 2022 [ 1 ]. Ap- 

proximately 90% of cancer-related deaths are attributed to metas- 

tasis [ 2 ], which is the spread of tumour cells from the primary site 

to other parts of the body typically through the lymphatic system 

or blood. Thus, predicting metastasis risk is important when de- 

termining treatment options for cancer patients. 

Motivated by a large amount of transcriptome data in cancer 

cells generated by RNA sequencing or microarray, several compu- 

tational methods have been developed to predict cancer metas- 

tasis from gene expression data. For instance, Albaradei et al . [ 3 ] 
developed a deep learning model called MetastaSite, which pre- 

dicts whether a tumour sample is primary or metastasized to other 

distant organs using gene expression data. A support vector ma- 

chine (SVM) model developed by Zhang et al . [ 4 ] predicts lymph 

node metastasis based on differentially expressed mRNAs and 

non-coding RNAs in cancer. A graph convolution neural network

model called GCNN-Kirchhoff [ 5 ] predicts multiple metastatic sites

of breast cancer by integrating multiomics data into a knowledge

graph. Zhou et al . [ 6 ] proposed an algorithm called PLUS (Posi-

tive and unlabelled Learning from Unbalanced cases and Sparse

structures) to predict distant metastasis potential and found 191

metastasis-predictive genes using PLUS. 

All of these methods used gene expression data and/or multi-

omics data to predict lymph node metastasis or distant metasta-

sis, and did not consider correlation of genes. Cancer is a complex

disease and so abnormal expression of individual genes cannot

fully explain the development of cancer and metastasis. Dysreg-

ulated gene interactions are known to be related to cancer. As an

example, a gene regulation mechanism known as competing en-

dogenous (ceRNA) hypothesis [ 7 ] suggests that RNAs with similar

miRNA response elements compete to bind to the same miRNA,

thereby regulating each other indirectly. There is an increasing ev-

idence which supports the hypothesis. For instance, miR-138 bind-

ing to AKT1 regulates the expression of AKT1 in tongue squamous

cell carcinoma [ 8 ], and miR-519d inhibits lymph node metastasis
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y regulating MMP3 in oral squamous cell carcinoma and breast 

ancer [ 9 , 10 ]. 

Inspired by the ceRNA hypothesis, we previously computed dif- 

erential correlations between RNA s and miRNA s specific to in- 

ividual tumour samples, and used the differ ential corr elations 

n predicting metastasis or prognosis. Distant metastasis is much 

arder to predict than lymph node metastasis partly due to the 

mall number of tumour samples for which information about 

istant metastasis is known. Predicting distant metastatic sites 

s even more challenging than predicting whether or not distant 

etastasis will occur. This is because the problem of predict- 

ng distant metastatic sites is a multi-class and multi-label clas- 

ification problem: there are more than two classes of distant 

etastatic site (e.g. bone, brain, liver, and lung), and a single sam- 

le can have multiple labels for multiple metastatic sites. Our pre- 

ious studies showed that gene correlations are more powerful 

nd reliable features than expressions of individual genes when 

redicting metastasis or metastatic sites [ 11–13 ]. 

There are few databases that consolidate transcriptome data at 

rimary sites and metastatic sites in a consistent format, so col- 

ecting raw data from disparate sources and processing the data is 

 significant burden for researchers. The Human Cancer Metasta- 

is Database (HCMDB) [ 14 ] is one of the few databases that pro- 

ides transcriptome data for both primary and metastatic can- 

ers. It enables exploration of metastasis-associated genes and co- 

xpression networks of mRNAs and lncRNAs, but its functional- 

ty is intended for the analysis at the cohort level rather than at 

he individual patient level. cBioPortal [ 15 ] enables access to ge- 

omic alterations, gene expression, and clinical data at the indi- 

idual patient level, but as a general purpose database it lacks 

unctionality for metastatic diseases and provides a limited num- 

er of metastasis-related samples. For example, only about 2% of 

he breast cancer patients (22 individuals) of The Cancer Genome 

tlas (TCGA) [ 16 ] were classified as having distant metastasis in 

BioPortal. Moreover, metastatic events and their anatomical lo- 

ations are missing in cBioPortal, so conducting metastasis re- 

earch at the individual patient level using cBioPortal is not easy. 

The gene correlations computed by our previous studies are 

or developing predictive models of metastasis of several types, 

o are not convenient for external researchers to use. We re- 

ently constructed a database called MetaCancerDB to help re- 

earchers and clinicians examine metastasis at the individual 

atient level. For each cancer patient, it provides transcrip- 

ome data at both primary and metastatic sites as well as 

ene correlations specific to the patient. MetaCancerDB can 

lso be used as a useful resource when developing predic- 

ive models of metastasis. The rest of this paper presents 

he way we constructed MetaCancerDB and an example of 

sing it. 

ethods 

ata collection and preprocessing 

or all samples of 33 cancer types in TCGA, we collected clinical 

ata, including diagnoses and follow-up information, from the Na- 

ional Cancer Institute (NCI) Genomic Data Commons (GDC) Data 

ortal (Data Release 43.0, released on 7 May 2025) [ 17 ]. Samples 

ere first classified into normal and tumour based on the sample 

type in the diagnoses data, and tumour samples were further clas-

sified using the Tumour, Node, and Metastasis (TNM) staging sys-

tem. The diagnosis data include information on metastatic sites

for some samples for which metastasis was detected at the ini-

tial diagnosis. But, for many samples in which metastasis events

occurred later in the disease course, information such as metas-

tasis event and metastatic sites is missing in the diagnosis data.

To supplement missing or incomplete metastasis records, we used

the follow-up data as well. In the follow-up data, we extracted the

progression_or_recurrence_anatomic_site column for the infor-

mation on metastatic sites. We used the definitions of the GDC to

ensure consistency in the naming of cancer metastasis sites. 

We selected cancer types which satisfy the following criteria: (1)

metastatic site information was available in the follow-up data,

(2) at least 10 normal samples were present, and (3) at least one

metastatic site included five or more samples. Among the 33 can-

cer types in TCGA, 9 cancer types met the selection criteria. 

We obtained expression data for RNAs and miRNAs from the

TCGA database. For mRNA expression, we utilized Transcripts Per

Million (TPM) normalized values, which account for both sequenc-

ing depth and gene length. For miRNA expression, we performed

Counts Per Million (CPM) normalization using raw sequencing

counts. CPM was preferred for miRNAs because their relatively

uniform and short sequence length (typically 18–25 nucleotides)

makes length-based normalization, such as TPM, less critical while

maintaining a comparable scale with TPM values. We used miRNA-

seq data instead of RNA-seq data because most miRNA expression

levels in RNA-seq data are close to zero due to the short sequence

length of miRNA s. RNA s and miRNAs with zero variance in expres-

sion among normal samples were excluded in our database. 

Additionally, we required that both RNA-seq and miRNA-seq

data were available for the same biological samples to enable cor-

relation analysis. Each sample of TCGA is labelled with a struc-

tured barcode and we used the portion up to the vial level (e.g.

TCGA-AB-1234-01A) to match RNA-seq and miRNA-seq data. This

ensured that both data types originated from the same biological

specimen. When multiple portions were available for a given sam-

ple, we prioritized those not subjected to formalin-fixed, paraffin-

embedded (FFPE) processing. If all available portions were FFPE

or lacked FFPE information, we selected the one with the alpha-

betically earliest portion identifier to maintain consistency across

samples. Table 1 shows the number of normal samples, total tu-

mour samples, tumour samples with metastasis, RNA s, miRNA s,

and metastatic sites in tumour samples. 

Computing gene correlations efficiently 

In our previous studies, we computed gene correlations in the fol-

lowing way. For every pair of RNA s and miRNA s in n normal sam-

ples, we computed the Pearson correlation coefficient (PCC) be-

tween their expression levels in Equation ( 1 ). In the equation, X̄ 
and Ȳ represent the mean of X and mean of Y , respectively. Af-

ter adding a single tumour sample to the n normal samples, we

computed PCCn +1 in n + 1 samples. We then computed the change

in PCC (i.e. �PCC) for every RNA–miRNA pair by subtracting PCCn 

from PCCn +1 (Equation 2 ). �PCCs reflect the differences in gene

correlations between the normal samples and the tumour sample.

Since the differ ences ar e due to the added tumour sample, differ-

ent tumour samples show differ ent �PCCs, which make it possible

to derive gene correlations specific to each tumour sample. 
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Table 1 Summary of data in MetaCancerDB.a 

Samples ( n ) Genes ( n ) 

Primary 

cancer Normal 

Total 

tumour 

Metastatic 

tumour 

Metastatic 

sites ( n ) RNA miRNA 

BLCA 19 406 208 6 47 416 706 

BRCA 104 1087 585 6 55 019 1306 

ESCA 13 183 128 5 55 244 541 

HNSC 44 515 305 7 50 718 1206 

LIHC 50 367 169 2 47 951 1215 

PRAD 52 497 85 1 52 328 1006 

STAD 36 409 296 4 54 670 940 

THCA 59 504 243 2 53 100 1441 

UCEC 33 539 100 6 51 858 1091 

a Numbers show sample counts for normal samples, total tumour samples, tumour samples with metastasis information, distinct metastatic sites, RNA genes, and 
miRNAs for each cancer type. Metastatic site count refers to distinct anatomical locations with metastasis information in follow-up data. 
PCCn (X, Y ) =

n ∑ 

i=1 

(Xi − X̄ )(Yi − Ȳ ) √ 

n ∑ 

i=1 

(
Xi − X̄n 

)2 

√ 

n ∑ 

i=1 

(
Yi − Ȳn 

)2 

(1) 

�PCC(X, Y ) = PCCn +1 ( X, Y ) − PCCn ( X, Y ) (2) 

However, this method of computing �PCCs is not computation- 

ally efficient because it requires the full set of RNA and miRNA ex- 

pression values even though a same set of normal samples is used 

for all tumour samples. For cancer types with a large number of 

normal samples, such as BRCA, this leads to significant memory 

usage and redundant computation. 

Thus, we improved the computation process as follows. In- 

stead of computing PCC for each RNA–miRNA pair, we reformu- 

lated it in a matrix form, allowing us to compute correlations for 

all pairs simultaneously. Furthermore, rather than retaining the 

full matrix for normal samples in memory, we precalculated the 

matrix and stored essential statistics, such as the mean and sum 

of squared deviations. The improved calculation of �PCC is de- 

scribed in Equation ( 3 ), where X̄n , Ȳn , SSXn , SSYn , and CNn denote 

the mean of RNA X, mean of miRNA Y, sum of squared deviations 

of X, sum of squared deviations of Y, and covariance numerator 

in n normal samples, respectively. These values are precalculated 

once with normal samples. The new method significantly reduced 

memory and time requirements, allowing computation of �PCCs 

of all RNA–miRNA pairs in all tumour samples of various types of 

cancer. 

PCCn +1 (X, Y ) =

n +1 ∑ 

i=1 

(
Xi − ¯Xn +1 

) (
Yi − ¯Yn +1 

)
√ 

n +1 ∑ 

i=1 

(
X − ¯Xn +1 

)2 

√ 

n +1 ∑ 

i=1 

(
X − ¯Xn +1 

)2 

= CNn + (Xn +1 − X̄n )(Yn +1 − Ȳn ) √ 

SSXn + n 
n +1 

(
Xn +1 − X̄n 

)2 
√ 

SSYn + n 
n +1 

(
Yn +1 − Ȳn 

)2 
(3) 

where 

SSXn = 

n ∑ 

i=1 

(
Xi − X̄n 

)2 

SSYn = 

n ∑ 

i=1 

(
Yi − Ȳn 

)2 

CNn = 

n ∑ 

i=1 

(
Xi − X̄n 

) (
Yi − Ȳn 

)

The time complexity of computing �PCCs was reduced from

O ( t ∗n ∗k ) to O ( t ∗k ), and the space complexity was reduced from

O ( n ∗k ) to O ( k ) in each cancer type, where n is the number of normal

samples, t is the number of tumour samples, k is the number of

RNA–miRNA pairs. This improvement enabled processing of ̃ 200

million RNA–miRNA pairs in thousands of samples much more ef-

ficiently than before. 

Identifying RNA–miRNA pairs with 

correlations specific to a metastatic site 

To identify RNA–miRNA correlations specific to every metastatic

site, we performed statistical testing on �PCCs. For each can-

cer type, tumour samples with metastasis were divided into

two groups: (1) samples with metastasis to a specific site and

(2) samples without metastasis to that site. Since �PCCs did

not show normal distribution, we determined whether there

are significant differences in �PCC between the two groups

using the Mann–Whitney U -test. The test was conducted for

metastatic sites with at least five tumour samples metastasized

to the sites. RNA–miRNA pairs with a P -value less than .001 in

the Mann–Whitney U -test were considered significant. We pri-

oritized a stringent raw P -value threshold over universal mul-

tiple testing corrections (e.g. FDR) to ensure the inclusion of

rare metastatic sites. Given the large-scale testing of > 33 mil-

lion pairs, conservative corrections would impose a mathemat-

ical significance threshold (˜ 10−9 ), which small cohorts (e.g.

n = 5) cannot realistically achieve, even with perfect rank separa-

tion. By maintaining this threshold, we aimed to prevent clini-

cal bias towards prevalent cancer types and minimize Type II er-

rors (false negatives), thereby providing a comprehensive candi-

date pool for exploratory discovery and subsequent experimental

validation. 
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esults and discussion 

NA–miRNA pairs with correlations 

pecific to a metastatic site 

n total, we calculated ̃ 500 million �PCCs of RNA–miRNA across 

 cancer types. Table 2 shows significant RNA–miRNA pairs in 9 

ypes of cancer and 19 metastatic sites. Details of the pairs, includ- 

ng their �PCCs, are available on the MetaCancerDB download 

age. 

Naturally, there were very few RNA–miRNA pairs common to 

ifferent metastatic sites. In the survival analysis with respect to 

he RNA–miRNA pairs, we observed that some site-specific RNA–

iRNA pairs are related to the patient’s prognosis in the presence 

f metastasis to the site, but not at other sites. 

Correlation changes such as �PCCs in RNA–miRNA pairs in 

ndividual cancer patients are powerful characteristics to pre- 

ict distant metastatic sites. In our previous study [ 12 ], we com- 

ared our model that uses differ ential corr elations of RNA–miRNA 

airs with two other methods: MetastaSite [ 3 ] and GCNN-Kirchhoff

 5 ]. MetastaSite is a multi-class deep neural network (DNN) to 

lassify primary cancer samples and those metastasized sam- 

les, whereas GCNN-Kirchhoff is a graph convolutional neural net- 

ork (GCNN) combined with Kirchhoff’s law to predict metastatic 

ites. As shown in Table 3 , our model, which uses �PCCs of 

NA–miRNA pairs, achieved much better performance than the 

thers. 

verall statistics of identified RNA–miRNA 

airs 

cross all 9 cancer types and 19 metastatic sites, we identified a 

otal of 3 892 451 significant RNA–miRNA pairs (average of 204 866 

airs per metastatic site). These pairs showed a P -value < .001 

n the Mann–Whitney U -test. The distribution varied considerably 

cross cancer types, with THCA showing the highest number of 

ite-specific pairs (average of 665 232 pairs per metastatic site) and 

RAD showing the lowest (average of 3017 pairs per site). 

Lung metastasis was associated with the largest number of 

NA–miRNA pairs across multiple cancer types, with significant 

orrelations identified in eight out of nine cancer types. In con- 

rast, brain metastasis showed highly specific correlations limited 

o BRCA and ESCA. 

Figure 1A shows the network of RNA–miRNA pairs in BLCA, 

here each subnetwork consists of RNA–miRNA pairs specific to 

ne of four metastatic sites (bone, liver, lung, and lymph node). 

or each of the RNA–miRNA pairs in the four subnetworks, we 

erformed the survival analysis with respect to �PCC of the pair. 

ome RNA–miRNA pairs were prognostic when metastasis oc- 

urred at the metastatic site for which the RNA–miRNA pairs were 

erived. 

As an example, the four Kaplan–Meier (KM) plots in Fig. 1B 

how the survival rates with respect to �PCC ( RALGAPB , hsa- 

iR-224-5p) in the bone metastasis network of Fig. 1A . hsa- 

iR-224-5p in the pair is an miRNA with the highest degree 

n the network of RNA–miRNA pairs in BLCA. The pair of RAL- 
APB and hsa-miR-224-5p. �PCC of RALGAPB and hsa-miR-224- 

p was effective in predicting survival rates of patients with 

one metastasis (top left KM plot enclosed in a red box). There 

is a significant difference ( P -value < .001) between the two

groups of patients with bone metastasis. Patients with a higher

�PCC ( RALGAPB , hsa-miR-224-5p) than the median �PCC showed

much higher survival rates than patients with lower �PCC ( P -

value < .001). But the pair was predictive only in patients

with bone metastases, and not predictive in patients with other

metastases. 

Gene ontology analysis of the RNA components in site-specific

pairs revealed enrichment in pathways related to cell migration,

invasion, and epithelial-mesenchymal transition (EMT). For exam-

ple, RALGAPB identified in bone metastasis of BLCA is involved in

small GTPase signalling pathways known to regulate cell motility

and invasion [ 18 , 19 ]. hsa-miR-224-5p, which showed the highest

connectivity in the BLCA network, has been previously implicated

in cancer progression and is known to regulate multiple oncogenic

pathways [ 20 ]. 

RNA–miRNA pairs common to differ ent 

cancer types 

In this study, we derived RNA–miRNA pairs with correlations spe-

cific to every metastatic site, and found that differ ent me tastatic

sites share a very small number of such RNA–miRNA pairs. In con-

trast, many RNA–miRNA pairs with site-specific correlations were

found to be common to several primary cancer types. Figure 2

displays the intersection of RNA–miRNA pairs between differ ent

primary cancer types using an UpSet plot. The RNA–miRNA pairs

were derived as pairs specific to lung metastasis. The orange bars

in the left panel show the number of RNA–miRNA pairs from each

primary cancer type. The blue bars in the top panel show the num-

ber of common pairs in each combination of primary cancer types,

while the black dots bottom panel show the primary cancer types

involved in the intersection. 

Construction and using MetaCancerDB 

We implemented MetaCancerDB with a React ( https://react.dev )

frontend using Vite ( https://vite.dev ) and a FastAPI backend

( https://fastapi.tiangolo.com ). We used PostgreSQL ( https://www.

postgresql.org ) for managing and storing data of MetaCancerDB. 

In the MetaCancerDB platform, users can interactively explore

a network of RNA–miRNA pairs by first selecting a primary can-

cer type in a pie chart, and then a metastatic site of the se-

lected cancer type in a table ( Fig. 3A ). After selecting the cancer

type and metastatic site, a network consisting of top 100 RNA–

miRNA pairs with low P -values in �PCC is visualized. In the net-

work, each node represents an RNA or miRNA molecule, and each

edge represents an RNA–miRNA pair. When users move a mouse

over a node or edge, detailed information on the node or edge is

displayed. 

When users click an edge, two KM plots are visualized in real

time for the selected RNA–miRNA pair. The upper KM plot shows

the survival analysis with respect to �PCC of the pair in patients

who had metastasis in the selected site. The lower KM plot dis-

plays the survival analysis in patients who did not have metastasis

in the site. This dual-view approach enables users to assess the

prognostic significance of the RNA–miRNA pair. In addition to the

top-ranked RNA–miRNA pairs included in the network, all other
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Figure 1 RNA–miRNA correlation networks specific to four metastatic sites of BLCA. (A) Subnetworks show top-ranked RNA–miRNA pairs ( P < .001) 

specific to bone (blue), liver (yellow), lung (purple), and lymph node (red) metastases. Yellow nodes in the networks represent miRNAs and cyan nodes 

represent RNAs. (B) Kaplan–Meier plots for RALGAPB -hsa-miR-224-5p correlation in different metastatic sites. Patients were stratified by median �PCC 

value. The correlation is prognostic for bone metastasis ( P < .001 in the log-rank test) but not for other metastatic sites. 
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Table 3 Performance of our model [ 12 ], MetastaSite [ 3 ], and GCNN- 

Kirchhoff [ 5 ] in predicting metastatic sites. a 

Bone Liver Lung 

Our model 0.94 0.98 0.93 

MetastaSite 0.72 0.61 0.78 

GCNN-Kirchhoff 0.77 0.56 0.68 

a Comparison was made in terms of the Area Under the Curve (AUC) values. Our 
model used PCCs of RNA–miRNA pairs as features. 
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R

c

NA–miRNA pairs and their correlations are available in the Meta- 

ancerDB download page. 

The site-specific RNA–miRNA correlations identified in Meta- 

ancerDB have potential clinical applications. The prognostic 

alue demonstrated for certain pairs (e.g. RALGAPB -hsa-miR-224- 

p in BLCA bone metastasis) suggest these correlations could be 

eveloped into biomarkers for patient stratification and treatment 

lanning. 

Furthermore, the identification of common RNA–miRNA pairs 

cross different primary cancer types metastasizing to the same 

ite suggests shared molecular mechanisms that could be tar- 

eted therapeutically. This finding supports the concept of metas- 

asis site-specific rather than primary tumour-specific therapeutic 

pproaches. 

imitations and future work 

everal limitations should be acknowledged. First, our analysis 

s limited to TCGA data, which do not cover all types or popula- 

ions of cancer. To validate our findings, we searched for others 

sing the following criteria: (1) paired RNA and miRNA expression 

ata, (2) annotation of metastatic sites, and (3) normal samples 

Conclusion 

miRNAs interacting with RNAs often regulate gene expression, and

correlations between RNA s and miRNA s can capture metastatic

behaviour more effectively than expression profiles of individual

genes. So far, there are no publicly available databases which pro-

vide correlations between RNA s and miRNA s in cancer metastasis.

In this study, we developed an efficient method of computing dif-

ferential correlations between miRNA s and RNA s, which are spe-

cific to individual tumour samples, and computed differ ential cor-

relations for all tumour samples of various cancer types. From an

extensive analysis of the differ ential corr elations in various c ancer

types and metastatic sites, we identified RNA–miRNA pairs with

correlations specific to each metastatic site. This paper presented

a database called MetaCancerDB, which was constructed for 9 pri-

mary cancer types and 21 metastatic sites. For a primary cancer

type and metastatic site specified by a user, MetaCancerDB pro-

vides a network of RNA–miRNA pairs whose correlations are spe-

cific to the selected primary cancer type and metastatic site. Some

RNA–miRNA pairs in the network were found to be predictive of

survival rates in patients with metastasis in the selected site. Meta-
igure 2 Lung metastasis associated RNA–miRNA pairs common to different pr

NA–miRNA pairs from each primary cancer type. The blue bars in the top pane

ancer types, while the black dots bottom panel show the primary cancer types
available at each metastatic site. While there are many single-omic 

datasets, we could not find public repositories that satisfy all these 

requirements simultaneously. Due to the data scarcity in multi- 

omic metastatic profiles, we could not perform a large-scale in- 

dependent validation. Second, the correlation analysis assumes 

linear relationships between RNA and miRNA expression, while 

biological interactions may be more complex. Third, metastatic 

site information relies on clinical annotations, which may have 

inconsistencies or missing data. Future work could include inte- 

gration of additional datasets, incorporation of non-linear rela- 

tionship models, and experimental validation of identified RNA–

miRNA pairs. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

imary cancer types. The orange bars in the left panel show the number of 

l show the number of common pairs in each combination of primary 

 involved in the intersection. 
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Figure 3 Example of using MetaCancerDB. (A) The Cancer Type panel visualized in a pie chart shows the primary cancer types in MetaCancerDB. The 

number of samples of each cancer type is displayed when users move a mouse over a cancer type. When users click a primary cancer type, a table of 

metastatic sites of the cancer type is displayed along with the number of metastatic samples at the sites. For a selected metastatic site (a row in the 

table), a network consisting of top 100 RNA–miRNA pairs ranked by their P -values in correlations is visualized. When users move a mouse over a node or 

edge, detailed information on the node or edge is displayed. Clicking an edge highlights the selected edge in red, and two Kaplan–Meier plots are 

generated for the selected pair, which compares survival rates of patient groups. The upper plot shows the survival rates of patients of the selected 

primary cancer type and with metastasis at the selected site, while the lower plot shows the survival rates of patients of the same primary cancer type 

but without metastasis at the selected site. (B) Example of the download page. The database provides all processed data, including RNA-seq, miRNA-seq, 

�PCC of RNA–miRNA pairs, follow-up data, survival, and clinical data. Each type of data is downloadable by clicking its entry in the file list. 
CancerDB can serve as a useful resource of differential correlations 

between RNAs and miRNAs in patients with metastasis. The corre- 

lations can be used as powerful features when predicting metas- 

tasis or metastatic sites. MetaCancerDB is freely available at https: 

//metacancerdb.hpid.org 
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