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PRANA: an R package for differential e

co-expression network analysis
with the presence of additional covariates
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Abstract

Background Advances in sequencing technology and cost reduction have enabled an emergence of various statisti-
cal methods used in RNA-sequencing data, including the differential co-expression network analysis (or differential
network analysis). A key benefit of this method is that it takes into consideration the interactions between or among
genes and do not require an established knowledge in biological pathways. As of now, none of existing softwares
can incorporate covariates that should be adjusted if they are confounding factors while performing the differential
network analysis.

Results We develop an R package PRANA which a user can easily include multiple covariates. The main R func-

tion in this package leverages a novel pseudo-value regression approach for a differential network analysis in RNA-
sequencing data. This software is also enclosed with complementary R functions for extracting adjusted p-values

and coefficient estimates of all or specific variable for each gene, as well as for identifying the names of genes that are
differentially connected (DC, hereafter) between subjects under biologically different conditions from the output.

Conclusion Herewith, we demonstrate the application of this package in a real data on chronic obstructive pulmo-
nary disease. PRANA is available through the CRAN repositories under the GPL-3 license: https://cran.r-project.org/
web/packages/PRANA/index.html.
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Background

The RNA-sequencing (RNA-Seq) leverages the rapid
breakthroughs of the next-generation sequencing platform
for profiling high-quality gene expression. Over the span of
years, the RNA-Seq has emerged as an alternative to other
gold standard techniques in transcriptomes [1, 2]. In con-
trast to microarrays, RNA-Seq achieves a higher resolu-
tion and lower technical variability [2—4] which leads to a
higher reproducibility [5]. Another advantage of RNA-Seq
relative to previously developed transcriptomic sequenc-
ing methods is that it has the ability to track transcriptomic
dynamics (or gene expression changes) of tissues during
physiological changes [5, 6], which thus allows a compari-
son of biological samples from patients with or without a
specific disease or condition.

In response to these advantages, a vast number of statis-
tical methods have become available to elucidate the genes
or biological pathways associated with biological condi-
tions or health outcomes, such as differential expression
(DE) analysis [7, 8] and pathway enrichment (PE) analysis
[9-11] of read counts (or gene expression) of an RNA-Seq
data. However, it can be argued that results of DE analysis
may provide limited information with the increased evi-
dence that genes work in conjunction each other [12, 13].
The PE analysis appears to be a useful complement to the
analysis of DE. The fundamental hypothesis in a PE analy-
sis is that genes are regulated under common biological
processes and clustered as a ‘pathway’ [13, 14], which bor-
rows a priori pathway knowledge from the public reposi-
tories, namely, Gene Ontology [15], Kyoto Encyclopedia
of Genes and Genomes [16], or Reactome [17]. To put it
another way, PE analysis is primarily restricted to its use
in a reference collection of well-studied biological pro-
cesses only. Thereby, the idea of ‘network’ is introduced to
pursue the veiled information that are obscured in those
well-defined pathways [18].

The differential network (DN) analysis provides novel
insights for identifying changes in gene-gene interactions
under different biological conditions [19]. In theory, such
changes are assessed through a comparison in characteris-
tics of a network structure (i.e., network topology) between
two or more networks that are perturbed by a specific bio-
logical condition such as the development of cancer.

Despite the growing popularity, none of existing meth-
ods [20-22] fully addresses how to adjust for additional
covariates (e.g. patient-age, patient-reported family his-
tories, and other comorbidities) that may be associated
with network topology.

Recently, we have adopted a pseudo-value regression
[23] that allows covariate adjustment for the DN analy-
sis while maintaining a high precision and recall values
via a Monte Carlo simulation comparing with other
methods available in R packages such as DINGO [20] and
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dnapath [22]. In addition, the computation time of this
approach was shown competitive. To date, this is the first
attempt of statistical method for the DN analysis with the
inclusion of additional covariates.

In this article, we describe the software built as an
R package, namely PRANA (Pseudo-value Regression
Approach in Network Analysis). PRANA is tailored to
incorporate additional covariates information that may
be associated with measures of connectivity of a gene (i.e.
centrality) and a binary group indicator. This differs from
previous statistical framework (or softwares) in DN anal-
ysis such as dnapath and DINGO.

Implementation

Algorithm

The algorithm below summarizes how the pseudo-value
regression approach is embedded in a function named
with PRANA. Briefly, the association measures are mar-
ginal quantities, such as degree centralities of each gene.
Through the use of jackknife pseudo-values [24], we find
the contribution of each individual data point to these
quantities. Therefore, we could regress them on addi-
tional covariates as shown in studies with multi-state
survival data [25, 26]. More details on methodological
aspects are fully described elsewhere [23].

Algorithm 1 PRANA: Pseudo-value Regression Approach in
Network Analysis

Input: n, samples (in rows) x p expression levels of genes
(in columns) RNA-Seq expression data and n, x g

phenotype data for each groupz=1, 2.

Output: A vector of adjusted p-values (and coefficient
estimates and p-values) of the group variable for each

gene k with a covariate adjustment.

1: Estimate p X p association matrix (a matrix form
of a network) via ARACNE [27] from the n, x
p expression data for each group z=1, 2.

2: Obtain the group-specific degree centrality by taking
the marginal sums of association matrix of each
taxak €{1,---, p}.

3 Repeat the first two steps above but using the
association matrix that is re-estimated from the
expression data without the i €{1,- - -, n,} individual
of n, x p data.

4: Calculate a group-specific jackknife pseudo-value
for each gene k and individual j based on summary
measures of degree centrality from Steps 2 and 3.

5: For each gene k, a robust regression is fitted
with a binary group variable and additional
covariates to obtain the p-values of the group
variable. In the regression, a binary group
variable is the main predictor to declare a gene is
DC between two groups under different conditions
(or phenotypes).

6: Lastly, a vector of gene-specific adjusted p-values
[28] of the group variable is returned. See the Results
section for more demonstration.
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Details of functions in PRANA

Main function

The main R function to perform the pseudo-value regres-
sion for the DN analysis with additional covariates is
PRANA. The PRANA function imports two R scripts for
the calculation of (1) total connectivity of an association
matrix estimated from an observed expression data (as in
thetahats function) and (2) adjusted p-values with the
empirical Bayes screening procedure (as in EBS function)
[28]. A list of three data.frame objects (coefficient
estimates, p-values, and adjusted p-values of each predic-
tor variable included in the regression for each gene) are
returned upon the execution of PRANA function.

Supporting functions

For user convenience, we provide six additional R func-
tions for extracting adjusted p-values (adjpval,
adjpval specific_var), coefficient estimates (coeff,
coeff specific_var), and genes that are significantly
DC (sigDCGnames, sigDCGtab) from the output
from PRANA function.

Dependencies

The PRANA package is fully implemented in R statis-
tical programming language. The package depends on
the base R packages (parallel, stats) and other R
packages from the Comprehensive R Archive Network
library (CRAN; dnapath, dplyr, robustbase) and
Bioconductor (minet). Of important note, minet
package should be directly installed from Bioconduc-
tor for a full utilization of PRANA package. This can
be done by executing the code below in the R console.

> if (!require("BiocManager", quietly = TRUE))
> install.packages("BiocManager")
>

> BiocManager::install("minet")

Results

In this section, we illustrate how PRANA can be applied
in practice using the sample dataset available from the
package. This case study is the same as the one analyzed
in our methodology paper [23].

Sample dataset

The PRANA package includes a sample dataset named
combinedCOPDdat RGO with 406 samples. com-
binedCOPDdat RGO consists of an RNA-Seq expres-
sion data for 28 genes that were spotlighted as associated
with the chronic obstructive pulmonary disease (COPD)
from a genome-wide association study [29]. It is a subset of
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the original study stored in the Gene Expression Omnibus
(GEO) database with the accession number GSE158699
[30]. In this sample dataset, a phenotype data on six clinical
and demographic variables is also available: current smok-
ing status (main grouping variable), smoking pack years,
age, gender, race, and FEV1 percent. The user can call the
sample data into R by executing the following code:

> data(combinedCOPDdat_RGO)

Alternatively, the user can also assign the data to an
object by running the code below:

> combinedCOPDdat_RGO <- data.frame(combinedCOPDdat_RGO)

Data processing
The PRANA function requires a user to provide each
expression and phenotype data separately.

> # A gene expression data part of the sample data in the package.

> rnaseqdat <- combinedCOPDdat_RGO[ , 8:ncol(combinedCOPDdat_RGO)]

> rnaseqdat <- as.data.frame(apply(rnaseqdat, 2, as.numeric))

> # A clinical data with additional covariates sorted by current smoking groups.

> # The first column is ID, so do not need it for the analysis.
> phenodat <- combinedCOPDdat_RGO[order (combinedCOPDdat_RGO$currentsmoking), 2:7]

The main predictor variable in this example analysis is
the current smoking status. As discussed in the Algorithm
subsection, the estimation of association matrices (or net-
works) and the calculation of jackknife pseudo-values
are carried out for each group separately. Hence, we add
another step that locates the indices of subjects from each
‘current’ vs. ‘non-current smokers’ group. These indices are
used to dichotomize expression dataset into ‘non-current
smokers (Group A)’ and ‘current (Group B)’

> # Locate indices of non-current smoker (namely Group A)
> index_grpA <- which(combinedCOPDdat_RGO$currentsmoking == 0)

> # Locate indices of current smoker (namely Group B)
> index_grpB <- which(combinedCOPDdat_RGO$currentsmoking == 1)

Apply PRANA function for DN analysis with additional
covariates

Once the data processing is complete, a user can per-
form a DN analysis with additional covariates. PRANA
function takes an expression and phenotype data, sepa-
rately, in which a user specifies each for RNASeqgdat
and clindat, respectively. To be more specific, the
variables included in phenotype data are included in
the regression. In addition, the group-specific indices
for the main binary indicator variable are provided as
groupA and groupB within the function.

> PRANAres <- PRANA(RNASeqdat = rnaseqdat, clindat = phenodat,
groupA = index_grpA, groupB = index_grpB)
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The output of the PRANA function is a list containing
three data . frame objects for coefficient estimates, p-val-
ues, and adjusted p-values of all covariates included in the
fitted model for each gene. Results are shown as following:

> PRANAres
$beta_hat
currentsmoking
10370 -0.015923185
10420 -0.017520087
1306 -0.001199981
155185 0.032747279
158168  -0.003688330
1653 0.052229992
1762 -0.039504702
23389 -0.029471437
253461  -0.015654090
26112 0.006796306
27436 0.263922890
3308 -0.046753366
3696 -0.022265826
374739 0.047504274
3842 0.018684831
406 -0.073622065
56986 0.074511137
57188  -0.189838433
6239 -0.028301163
7067 -0.022673542
7871 -0.048841485
79961  -0.028555433
79991 0.044442935
8224 0.053191007
8853 -0.077543049
8870 0.013084836
9258 -0.043918475
9686 -0.002303434
$p_values
currentsmoking
10370 7.732482e-03
10420  6.483446e-15
1306 3.845696e-01
155185  1.341347e-40
158168  7.380534e-01
1653 4.277080e-03
1762 4.079048e-13
23389 5.767745e-02
253461  2.099401e-05
26112 5.242799e-01
27436 5.990881e-71
3308 8.295055e-04
3696 1.884030e-16
374739 1.239949e-119
3842 1.442885e-03
406 1.646660e-35
56986  1.097939e-27
57188 3.217633e-24
6239 2.680984e-01
7067 1.283914e-14
7871 2.430468e-14
79961  6.168738e-03
79991 2.708993e-09
8224 2.082235e-85
8853 1.016950e-18
8870 1.963830e-08
9258 4.718550e-51
9686 7.807454e-01

$adjp_values

10370
10420
1306
155185
158158
1653
1762
23389
253461
26112
27436
3308
3696
374739
3842
406
56986
57188
6239
7067
7871
79961
79991
8224
8863
8870
9268
9686

currentsmoking

0.004
000
714
000
864
002
000
020
000
804
000
000
000
000
000
000
000
000
436
000
000
004
000
000
000
000
000
864

0000000000000 0000000000O0000

packyrs
1.272127e-04
3.758589e-06
-3.696866e-05
9.815991e-06
-1.293570e-04
1.673516e-04
-3.296516e-05
-1.911291e-04
-2.183082e-05
4.224185e-04
4.920743e-05
-2.112484e-04
-2.464874e-05
1.021637¢-05
4.506823e-05
1.403537¢-05
7.438047e-06
3.672060e-05
-1.070732e-04
-6.418046e-05
-8.521528e-05
8.651445¢-05
1.242848e-04
-1.948290e-05
8.401266e-05
1.676543¢-05
3.071681e-05
-2.649319e-04

-8.
1.
.091513e-03 -0.0068881178 -5.445772e-03
-2.
2.
-2.
7.
-1.
-5.
-2.
2.
-2.
-2.
-1.
-1.
4.
-1.
-2.
-7.
4.
-8.
.030171e-04 0.0008799247 3.058057e-03
.784477e-04 -0.0027024727 -9.294526e-03

-1

1
2

1
5
3.
2
2
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gender

race

age
.884305e-04 -0.0003448328 5.311220e-04
.567182e-05 -0.0002452846

1.384601e-03

087665e-06 -0.0006514587 -9.729100e-04

06 -0. 56

586810e-04 -0.0031473933

9. 05

.800379e-04 -0.0008169064 -7.055233e-03

1.551101e-02

151257e-04 0.0042993327 -3.245991e-03

101935e-04 0.0002418143 -1.537160e-03

284288e-04 0.0035982066

1.237162e-02

591963e-04 -0.0068087712 3.108772e-03
026322e-05 -0.0021921008 2.667842e-03
223302e-04 0.0003193570 -2.248239e-04
005521e-05 0.0005436326 2.017402e-03
569539e-04 -0.0044633798 2.337416e-03
899945e-04 0.0004705523 -2.8065929e-04
327374e-04 -0.0044879749 9.779275e-04
143454e-04 0.0002165781 -1.060657e-02
232089e-04 -0.0037386434 5.506294e-03
618867e-04 -0.0018703457 -7.020795e-03
224567e-04 -0.0008603334 3.020690e-04
527294e-04 -0.0018326148 -5.355818e-03
601397e-04 0.0071609694 -1.732144e-03

986941e-05 -0.0017460934

1.204092e-05

137692e-04 -0.0045733001 -1.126188e-03
365854e-05 0.0022132956 2.158166e-04

packyrs age  gender race
0.2837789 0.5861065 0.9469778 0.93177198
0.9281961 0.6535006 0.8963903 0.52868933
0.1618687 0.9697622 0.5952988 0.50060997
0.8012608 0.9811419 0.7131627 0.96367596
0.5749667 0.6558980 0.9345270 0.54825412
0.6355931 0.4242131 0.8496803 0.42626394
0.7462144 0.6991162 0.3425724 0.54749793
0.5533291 0.2327674 0.6229866 0.74056014
0.7432837 0.3222342 0.9395823 0.68458124
0.0435240 0.7261802 0.7077250 0.28045988
0.7996742 0.6614024 0.4506606 0.76994599
0.4478664 0.9302960 0.8601277 0.85704212
0.6177023 0.3987125 0.8843605 0.93166199
0.5905722 0.3569484 0.5174993 0.03970556
0.6984548 0.4362995 0.3837444 0.69600119
0.8866099 0.3279592 0.9170204 0.95803496
0.9506012 0.5074842 0.4078940 0.87814365
0.9177676 0.8313784 0.9888367 0.54732207
0.8361306 0.9327978 0.8692856 0.83351508
0.2225225 0.3261859 0.4488176 0.01584216
0.4783881 0.2258711 0.8732380 0.96236055
0.6809502 0.8004045 0.8441911 0.62800877
0.3734978 0.5409022 0.2671561 0.81936379
0.5434599 0.4169679 0.2406212 0.99481843
0.6037731 0.3900027 0.5309755 0.89507641
0.7000305 0.5310892 0.2681548 0.92727982
0.4800908 0.4317508 0.6668133 0.20129646
0.1167067 0.5739855 0.7200415 0.28758605

packyrs age gender race FEViperc

.000
.980

.000
.000

0.998 1.000
1.000 1.000
0.990 1.000
1.000 1.000
1.000 1.000
1.000 1.000
1.000 1.000
1.000 0.998
1.000 0.998
0.874 1.000
1.000 1.000
1.000 1.000
1.000 1.000
1.000 1.000
1.000 1.000
1.000 0.998
1.000 1.000
1.000 1.000
1.000 1.000
0.998 0.998
1.000 0.998
1.000 1.000
1.000 1.000
1.000 1.000
1.000 1.000
1.000 1.000
1 1

0 1

000
000
000
000
000
000
000
000
000
000
000
000
000
.632
.000
.000
.000
.000
.000
.338
.000
.000
.000
.000
.000
.000
.998
.000

P OR PR R R RORERRREOR LR R R R R RS e
FR R R R R R RRRHERRR R R R R R R R R R R R R

Some supporting functions

The package offers some auxiliary features. A user can
get a table of adjusted p-values and coefficient estimates
for all variables with adjptab and coeff functions as

following:

©C0 0000000000000 0000000000000

FEViperc
5771873
6847284
2657330
9047306
3706859
7027843
6139273
3136595
2844497
5159566
7677969
4353824
9409488
9417403
7765790
7642985
7580619
7458750
4067122
5117362
4846421
5791109
2596152
6721167
5350331
3951455
7846253
8109360

-5
-1
-2
4.
-1
1
-4.
2.
6
1
5
-1
3.
-1
2.
-2
-3.
-1
3.
3.
-7.
-1
-1
-1
-9.
-3.
-1.
3.

FEViperc

.826295e-05
.562595e-05
.816952e-05

436619e-06

.798243e-04
.296290e-04

655511e-056
912158e-04

.989872e-05
.293891e-04
.590200e-05
.979934e-04

409178e-06

.213636e-06

923333e-05

.657994e-05

414017e-05

.025648e-04

845861e-04
248006e-05
829072e-05

.095733e-04
.508376e-04
.309136e-05

023869e-05
518894e-05
129862e-05
663285e-05
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# PRANAres is an object for the results after PRANA function.
adjptab <- adjpval(PRANAres)
coefftab <- coeff (PRANAres)

Suppose, for instance, we are interested in looking
at the adjusted p-values for the current smoking status
variable instead of a table with all variables. adjpval
specific_var function is available for that purpose:

# Call the table with adjusted p-value for all variables

> adjptab <- adjpval(PRANAres)
# Next, use adjpval_specific_var() function to

> adjpval_specific_var(adjptab = adjptab, varname = "currentsmoking")
currentsmoking
10370 0.004
10420 0.000
1306 0.714
155185 0.000
158158 0.864
1653 0.002
1762 0.000
23389 0.020
253461 0.000
26112 0.804
27436 0.000
3308 0.000
3696 0.000
374739 0.000
3842 0.000
406 0.000
56986 0.000
57188 0.000
6239 0.436
7067 0.000
7871 0.000
79961 0.004
79991 0.000
8224 0.000
8853 0.000
8870 0.000
9258 0.000
9686 0.864

Similarly, coeff specific_var function can be exe-
cuted to return a coefficient estimate for a specific vari-
able (current smoking status in the example below). A
cautionary note is that the user must provide the name
of a variable as in varname within each adjpval
specific var or coeff specific var functions.

# Call the table with coefficient estimates for all variables

> coefftab <- coeff (PRANAres)
> coeff_specific_var(coefftab, varname="currentsmoking")

currentsmoking
10370 -0.015923185
10420 -0.017520087
1306 -0.001199981

155185 0.032747279
1681568  -0.003688330

1653 0.052229992
1762 -0.039504702
23389 -0.029471437
253461  -0.015654090
26112 0.006796306
27436 0.263922890
3308 -0.046753366
3696 -0.022265826
374739 0.047504274
3842 0.018684831
406 -0.073622065
56986 0.074511137
57188 -0.189838433
6239 -0.028301163
7067 -0.022673542
7871 -0.048841485
79961 -0.028555433
79991 0.044442935
8224 0.053191007
8853 -0.077543049
8870 0.013084836
9258 -0.043918475
9686 -0.002303434
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Additionally, sigDCGtab and sigDCGnames func-
tions take a data.frame object as an input, defined
by adjpval function earlier, to output the names of
DC genes (i.e. NCBI Entrez gene IDs in the first col-
umn) for the main binary grouping variable utilized
for the DN analysis, as well as corresponding adjusted
p-values. sigDCGnames returns the names of DC
genes only. A user may adjust the level of significance
(alpha), which is set to 0.05 by default. Please see the
following commands below:

# Adjusted p-values and names of significantly DC genes for current smoking status.

> sigDCGtab(adjptab = adjptab, groupvar = "currentsmoking", alpha = 0.05)
currentsmoking

10370 0.004
10420 0.000
155185 0.000
1653 0.002
1762 0.000
23389 0.020
253461 0.000
27436 0.000
3308 0.000
3696 0.000
374739 0.000
3842 0.000
406 0.000
56986 0.000
57188 0.000
7067 0.000
7871 0.000
79961 0.004
79991 0.000
8224 0.000
8853 0.000
8870 0.000
9258 0.000

# Only the names of significantly DC genes for current smoking status.
> sigDCCnames <- sigDCGnames(adjptab = adjptab, groupvar = "currentsmoking", alpha = 0.05)
> sigDCGnames
[1] "10370" "10420" "155185" "1653" "ire"
[9] "3308" "3696" "374739" "3842" "406"
[17] "7871" "79961" "79991" "8224" "8853"

"23389" "253461" "27436"
"56986" "57188" "7067"
"8870" "9258"

As a result, PRANA identified 23 genes that are signifi-
cantly DC between current and non-current smokers
while accounting for additional covariates such as smok-
ing pack years, age, gender, race, and FEV1 percent.

As an additional step, a user can utilize rename
genes function from the dependency package (dna-
path) to rename results with Entrez gene IDs into gene
symbols. See below for the demonstration in R console.
Results are summarized in Table 1.

L e LB . s

(8] "EML4" "HSPA4"

[15] "ADAMTSL3" "THRA"
[22] "IER3" "MFHAS1"

"ITGB8" "TEPP"
"SLMAP"

"TNPO1"  "BMAL1"  "DTWD1"
"DENND2D"  "STN1" "SYN3" "ASAP2"

Discussion

The R package PRANA has been published in the CRAN
(https://cran.r-project.org/web/packages/PRANA/index.
html). This package has no operating system dependencies.
A vignette is available on this package at https://cran.r-
project.org/web/packages/PRANA/vignettes/UserManual
PRANA html or can be accessed by typing in an R console
(browseVignettes (package="PRANA")). In this
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Table 1 Results of DC genes obtained from PRANA. The sample
dataset contains the NCBI Entrez gene IDs, so does the resulted DC
genes (first column). dnapath: : rename genes is utilized to
rename Entrez gene IDs to gene symbol (second column)

Entrez ID Gene symbol
10370 CITED2
10420 TESK2
155185 AMZ1
1653 DDX1
1762 DMWD
23389 MED13L
253461 /BTB38
27436 EML4
3308 HSPA4
3696 ITGB8
374739 TEPP

3842 TNPO1
406 BMAL1
56986 DTWD1
57188 ADAMTSL3
7067 THRA
7871 SLMAP
79961 DENND2D
79991 STN1

8224 SYN3
8853 ASAP2
8870 IER3

9258 MFHAST

package, the sample dataset is provided with COPD-related
genes, as well as clinical and demographic variables. The
source code of the package can be found in GitHub: https://
github.com/sjahnn/PRANA.

PRANA has some plans for future development. Firstly,
although a user may attempt a classical regression-based
variable selection such as stepwise selection, we have not yet
validated this through a statistical simulation experiment.
Secondly, the names of genes provided in the sample dataset
are Entrez gene IDs. Further extension will include a func-
tion that convert from these gene IDS to gene symbols (i.e.
10370 to CITED2) and vice versa for user convenience.

In conclusion, PRANA is a user-friendly and novel
regression-based method that accounts for additional
covariates along with the main binary grouping variable
for the DN analysis.

Conclusions

The differential network analysis identifies changes in
measures of associations between genes under different
biological conditions. Although there has been increas-
ing volume of work in this subject, overall covariate
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adjustment remains underexplored. In this paper, we pre-
sent PRANA, the first R package that adjusts for additional
covariates for the differential network analysis. As a brief
note on the usage, PRANA takes RNA-sequencing and phe-
notype data (metadata) as inputs and in return tables con-
taining DC gene names and their corresponding adjusted
p-values are produced for a main binary grouping variable
to be adjusted with the presence of additional covariates.
This software is easy to install and user-friendly.

Availability and requirements
Project name: PRANA

Project home page: https://cran.r-project.org/web/
packages/PRANA/index.html

Operating system(s): Platform independent

Programming language: R

Other requirements: Install dnapath, dplyr,
robustbase, and minetR packages

License: GNU GPL-3

Any restrictions to use by non-academics: No
restrictions

Abbreviations

COPD  Chronic obstructive pulmonary disease
DC Differentially connected

DN Differential network

GEO Gene Expression Omnibus
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