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In this vignette, we introduce the functionality of the fssemR package to estimate the differential gene
regulatory network by gene expression and genetic perturbation data. To meet the space and time con-
straints in building this vignette within the fssemR package, we are going to simulate gene expression
and genetic perturbation data instead of using a real dataset. For this purpose, we will use function
randomFSSEMdata in fssemR to generate simulated data, and then apply fused sparse structural equation
model (FSSEM) to estimate the GRNs under two different conditions and their differential GRN. Also,
please go to https://github.com/Ivis4ml/fssemR/tree/master/inst for more large dataset analysis. In
conlcusion, this vignette is composed by three sections as follow,

e Simulating two GRNs and their eQTL effects under two different conditions
e Estimating GRNs from the simulated gene expression data and genetic perturbation data
o Differential GRN Visualization

For user using package fssemR, please cite the following article:

Xin Zhou and Xiaodong Cai. Inference of Differential Gene Regulatory Networks Based on Gene Expression
and Genetic Perturbation Data. Bioinformatics, submitted.

Simulating two GRNs and their eQTL effects under two different conditions
(Acyclic example)

We are going to simulate two GRNs and their corresponding gene expression and genetic perturbation data
in the following steps:

1. Load the necessary packages

library(fssemR)

library(network)

> network: Classes for Relational Data

> Version 1.13.0.1 created on 2015-08-31.

> copyright (c) 2005, Carter T. Butts, University of California-Irvine
> Mark S. Handcock, University of California -- Los Angeles
> David R. Hunter, Penn State University

> Martina Morris, University of Washington

> Skye Bender-deMoll, University of Washington

> For citation information, type citation('"network").

> Type help("network-package") to get started.

library (ggnetwork)

> Loading required package: ggplot2

library (Matrix)

2. Simulate 20 genes expression data from a directed acyclic networks (DAGs) under two conditions, and
each gene is simulated having average 3 cis-eQTLs. Also, the genotypes of corresponding eQTLs are
generated from F2-cross.

= c(100, 100) # number of observations in two conditions
=20 # number of genes imn our simulation
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Figure 1: Simulated GRN under condition 1

k=23 # each gene has nonzero 3 cis-e(TL effect

sigma2 = 0.01 # simulated noise wvariance

prob = 4 # average number of edges connected to each gene

type = "DG" # “fssemR® also offers simulated ER and directed graph (DG) network
dag = TRUE # if DG ts simulated, user can select to simulate DAG or DCG

seed = as.numeric(Sys.time()) # any seed acceptable

## seed = 100 # set.seed(100)

set.seed(seed)
data = randomFSSEMdata2(n = n, p = p, k = p * k, sparse = prob / 2, df = 0.3,
sigma2 = sigma2, type = type, dag = T)

e Summary of simulated GRNs under two conditions, for simplicity, we named our simulated genes as
g{%d} and eQTLs as rs{%d}.

# data$Vars$B[[1]] ## simulated GRN under condition 1

GRN_1 = network(t(data$Vars$B[[1]]) != 0, matrix.type = "adjacency", directed = TRUE)

> <gparse>[ <logic> ] : .M.sub.i.logical() maybe inefficient

plot(GRN_1, displaylabels = TRUE, label = network.vertex.names(GRN_1), label.cex = 0.5)

# data$Vars$B[[2]] ## simulated GRN under condition 2

GRN_2 = network(t(data$Vars$B[[2]]) != O, matrix.type = "adjacency", directed = TRUE)

> <sparse>[ <logic> ] : .M.sub.i.logical() maybe inefficient

plot(GRN_2, displaylabels = TRUE, label = network.vertex.names(GRN_2), label.cex = 0.5)

# data$Vars$B[[2]] ## simulated GRN under condition 2

diffGRN = network(t(data$Vars$B[[2]] - data$Vars$B[[1]]) != O, matrix.type = "adjacency", directed
> <sparse>[ <logic> ] : .M.sub.i.logical() maybe inefficient

ecol = 3 - sign(t(data$Vars$B[[2]] - data$Vars$B[[1]11))

plot (diffGRN, displaylabels = TRUE, label = network.vertex.names(GRN_2), label.cex = 0.5, edge.col

e Simulated eQTLs’s effect for 20 genes.

library (Matrix)

print (Matrix(data$Vars$F, sparse = TRUE))

> 20 x 60 sparse Matrix of class "dgCMatrix"

> [[ suppressing 60 column names 'rsl', 'rs2', 'rs3' ... ]]

TR
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Figure 2: Simulated GRN under condition 2
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Figure 3: Simulated differential GRN (GRN2 - GRN1), up-regulated are red and down-regulated are blue
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Therefore, the B matrices and F' matrix in data$Vars are the true values in our simulated model. We then
need to estimated the B and F' by the FSSEM algorithm.

Estimating GRNs from the simulated gene expression data and genetic pertur-
bation data

We need to input the gene expression and corresponding genotype data of two conditions into the FSSEM
algorithm. They are stored in the data$Data.

1. 20 simulated gene expression under two conditions



head(data$Data$Y[[1]])
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head(data$Data$Y[[2]])
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2. 60 corresponding cis-eQTLs’ genotype under two conditions
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3. data$Data$Sk stores each gene’s cis-eQTL’s indices. In real data application, we recommend to use
package MatrixEQTL to search the significant cis-eQTLs for genes of interested and build Sk for your
research

head (data$Data$Sk)
$g1
[1] 1 21 41

$g2
[1] 2 22 42

$g3
[1] 3 23 43

$g4
[1] 4 24 44

$g5
[1] 5 25 45

$gb
[1] 6 26 46
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Initialization of fssemR by ridge regression

We implement our fssemR by the observed gene expression data and genetic perturbations data that stored
in data$Data, and it is initialized by ridge regression, the I3 norm penalty’s hyperparameter v is selected by
5-fold cross-validation.

Xs = data$Data$X ## eQTL's genotype data
Ys = data$Data$y¥ ## gene expression data
Sk = data$Data$Sk ## cis—-elTL indices

gamma = cv.multiRegression(Xs, Ys, Sk, ngamma = 50, nfold = 5, n = data$Vars$n,
p = data$Vars$p, k = data$Vars$k)

> [1] 17.089156 16.916607 16.716384 16.485561 16.221403 15.921540 15.584162

> [8] 15.208200 14.793504 14.340949 13.852502 13.331184 12.780976 12.206639

> [15] 11.613515 11.007305 10.393864 9.779057 9.168644 8.568228 7.983236

> [22] 7.418917 6.880334 6.372310 5.899354 5.465477 5.073986 4.727216

> [29] 4.426271 4.170828 3.959063 3.787766 3.652614 3.548598 3.470474

> [36] 3.413183 3.372149 3.343459 3.323905 3.310962 3.302696 3.297671

> [43] 3.294839 3.293454 3.292996 3.293105 3.293540 3.294144 3.294815

> [60] 3.295488

fit0 = multiRegression(data$Data$X, data$Data$Y, data$Data$Sk, gamma, trans = FALSE,

n = data$Vars$n, p = data$Vars$p, k = data$Vars$k)

Run fssemR algorithm for data

Then, we chose the £it0 object from ridge regression as intialization, and implement the fssemR algorithm,
BIC is used to select optimal hyperparameters A, p, where nlambda is the number of candidate lambda values
for [ regularized term, and nrho is the number of candidate rho values for fused lasso regularized term.

fitOpt <- opt.multiFSSEMiPALM2(Xs = Xs, Ys = Ys, Bs = fit0$Bs, Fs = fitO$Fs, Sk = Sk,
sigma2 = fitO$sigma2, nlambda = 10, nrho = 10,
p = data$Vars$p, q = data$Vars$k, wt = TRUE)

> FSSEM@lambda = 96.991109, rho = 0.000000
> FSSEM@lambda = 96.991109, rho = 0.000000
> FSSEM@lambda = 96.991109, rho = 0.000000
> FSSEM@lambda = 96.991109, rho = 0.000000
> FSSEM@lambda = 96.991109, rho = 0.000000
> FSSEM@lambda = 96.991109, rho = 0.000000
> FSSEM@lambda = 96.991109, rho = 0.000000
> FSSEM@lambda = 96.991109, rho = 0.000000
> FSSEM@lambda = 96.991109, rho = 0.000000
> FSSEM@lambda = 96.991109, rho = 0.000000
> FSSEM@lambda = 45.019285, rho = 3.521128
> FSSEM@lambda = 45.019285, rho = 1.634363
> FSSEM@lambda = 45.019285, rho = 0.758604
> FSSEM@lambda = 45.019285, rho = 0.352113
> FSSEM@lambda = 45.019285, rho = 0.163436
> FSSEM@lambda = 45.019285, rho = 0.075860
> FSSEM@lambda = 45.019285, rho = 0.035211
> FSSEM@lambda = 45.019285, rho = 0.016344
> FSSEM@lambda = 45.019285, rho = 0.007586
> FSSEM@lambda = 45.019285, rho = 0.003521
> FSSEM@lambda = 20.896101, rho = 4.273226
> FSSEM@lambda = 20.896101, rho = 1.983456
> FSSEM@lambda = 20.896101, rho = 0.920639
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> FSSEM@lambda = 0.450193, rho = 4.436377

> FSSEM@lambda = 0.450193, rho = 2.059184

> FSSEM@lambda = 0.450193, rho = 0.955788

> FSSEM@lambda = 0.450193, rho = 0.443638

> FSSEM@lambda = 0.208961, rho = 393.824671
> FSSEM@lambda = 0.208961, rho = 182.797219
> FSSEM@lambda = 0.208961, rho = 84.846953
> FSSEM@lambda = 0.208961, rho = 39.382467
> FSSEM@lambda = 0.208961, rho = 18.279722
> FSSEM@lambda = 0.208961, rho = 8.484695

> FSSEM@lambda = 0.208961, rho = 3.938247

> FSSEM@lambda = 0.208961, rho = 1.827972

> FSSEM@lambda = 0.208961, rho = 0.848470

> FSSEM@lambda = 0.208961, rho = 0.393825

> FSSEM@lambda = 0.096991, rho = 369.073646
> FSSEM@lambda = 0.096991, rho = 171.308811
> FSSEM@lambda = 0.096991, rho = 79.514507
> FSSEM@lambda = 0.096991, rho = 36.907365
> FSSEM@lambda = 0.096991, rho = 17.130881
> FSSEM@lambda = 0.096991, rho = 7.951451

> FSSEM@lambda = 0.096991, rho = 3.690736

> FSSEM@lambda = 0.096991, rho = 1.713088

> FSSEM@lambda = 0.096991, rho = 0.795145

> FSSEM@lambda = 0.096991, rho = 0.369074

fit <- fitOpt$fit

Comparing our estimated GRNs and differential GRN with ground truth

cat ("Power of two estimated GRNs = ",
(TPR(fit$Bs[[1]], data$Vars$B[[1]]) + TPR(fit$Bs[[2]], data$Vars$B[[2]]1)) / 2)
> Power of two estimated GRNs = 1
cat ("FDR of two estimated GRNs = ",
(FDR(£it$Bs[[1]], data$Vars$B[[1]1]) + FDR(£fit$Bs[[2]], data$Vars$B[[2]1]1)) / 2)
> FDR of two estimated GRNs = O
cat("Power of estimated differential GRN = ",
TPR(fit$Bs[[1]1] - fit$Bs[[2]], data$Vars$B[[1]] - data$Vars$B[[2]]1))
> Power of estimated differential GRN = 1
cat ("FDR of estimated differential GRN = ",
FDR(fit$Bs[[1]] - fit$Bs[[2]], data$Vars$B[[1]] - data$Vars$B[[2]]))
> FDR of estimated differential GRN = 0.1176471

From these 4 metrics, we can get the performance of our fssemR algorithm comparing to the ground truth (if
we know)

Differential GRN Visualization

# data$Vars$B[[2]] ## simulated GRN under condition 2

diffGRN = network(t(fit$Bs[[2]] - fit$Bs[[1]]) != O, matrix.type = "adjacency", directed = TRUE)
> <sparse>[ <logic> ] : .M.sub.i.logical() maybe inefficient

# up-regulated edges are colored by “red’ and down-regulated edges are colored by ‘blue’
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Figure 4: estimated differential GRN by fssemR

ecol = 3 - sign(t(£fit$Bs[[2]] - fit$Bs[[1]11))
plot (diffGRN, displaylabels = TRUE, label = network.vertex.names(GRN_2), label.cex = 0.5, edge.col = ec

Additionally, the differeitial effect of two GRN are also estimated. Therefore, we can tell how the interactions
in two GRNs change.

diffGRN = Matrix::Matrix(fit$Bs[[1]] - fit$Bs[[2]], sparse = TRUE)
diffGRN

> 20 x 20 sparse Matrix of class "dgCMatrix"

>

[1,1 . -0.2499698 . 0. .. . .

[2,1 . . c 5 o o o -0.3477201
[3,] 0.0000000

[4,1 . . . ..

[6,] -0.2134709 . . © o <

6,1 . c 0.0000000 . O .

[7,] 0.0000000 . 0.3864315 0 .

8,1 . . . Ce e

B®ed o c : . . . . —0.3995763

(10,1 . 0.0000000 . 5 o ¢

(11,1 . c 0.0000000 . . O .

[12,]

[13,]

[14,]

[15,]

[16,1 . . . e .

(17,1 . c c 5 0o 0o o 0.2648751
[18,1 . c c 5 o 0 o -0.3542213
[19,1 . 0.0000000 .

[20,]

(1 5 o o : . —0.0103342
Bod - . 0 -0.3927113 5 o . .o
[3,1 0.0000000 . . . . o . . 0 .

VVVVVVVVVVVVVVVVVVVVVYVVYyV
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[4,] 0.2547898 . . 0.0000000 . . 0.0000000 . 0 .
(5,1 . Coe . . . .0
6,1 . Coe . . . ..
[7,] 0.0000000 . . 0.0000000 . .. . 0 .
[8,] 0.2816496 . . . 0.0000000 . 0.0000000

9,1 . Coe . .o . ..
[10,] . .. 0.0000000 . . -0.3313498 . 0
[11,]

[12,] . R . .

[13,]1 . Coe -0.2541683 .

[14,] . . . 0.3313431 . 0

[15,] . Coe . .

[16,] . Coe 0.0000000 . . ..
(17,1 . .. . . -0.3236840 . .0
[18,1 . . . .o 0.0000000 .
[19,] . . 0

[20,]

[1,]
[2,]
[3,]
4,1 .
[5,] 0.00000000
(6,]
(7,1 .
[8,] 0.37876759
©,1 -
[10,] -0.01249568
[11,]
(12,1 .
(13,1 0.00000000
(14,1 0.00000000
[15,]
[16,]
[17,]
(18,1 .
(19,1 0.00000000
[20,]

vV VVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVYVVYVVYyV

From the diffGRN, we can determined how the gene-gene interactions in GRN changes across two conditions,
then, we can find out the key genes for condition-specific gene regulatory network.

Additionally, for more applications and the replications of our real data analysis, please go to the
https://github.com/Ivis4ml/fssemR/tree/master/inst for more cases.

Session Information

sessionInfo ()

> R version 3.4.0 (2017-04-21)
> Platform: x86_64-pc-linux-gnu (64-bit)
> Running under: Ubuntu 14.04.6 LTS

>

> Matrix products: default
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BLAS: /usr/l1ib64/microsoft-r/3.4/1ib64/R/1ib/1libRblas.so
LAPACK: /usr/lib64/microsoft-r/3.4/1ib64/R/1ib/1ibRlapack.so

locale:
[1] LC_CTYPE=en_US.UTF-8 LC_NUMERIC=C
[3] LC_TIME=en_US.UTF-8 LC_COLLATE=C
[5] LC_MONETARY=en_ US.UTF-8 LC_MESSAGES=en_US.UTF-8
[7] LC_PAPER=en_US.UTF-8 LC_NAME=C
[9] LC_ADDRESS=C LC_TELEPHONE=C
[11] LC_MEASUREMENT=en_US.UTF-8 LC_IDENTIFICATION=C

attached base packages:

[1] stats graphics grDevices utils datasets methods

other attached packages:

[1] Matrix_1.2-14
[4] network_1.13.0.1

ggnetwork_0.5.1
fssemR_0.1.4

loaded via a namespace (and not attached):

ggplot2_3.1.0.9000

[1] Rcpp_1.0.0 sna_2.4 bindr_0.1.1

[4] compiler_3.4.0 pillar_1.3.1 iterators_1.0.9
[7] tools_3.4.0 digest_0.6.18 evaluate_0.12
[10] tibble_2.0.1 gtable_0.2.0 lattice_0.20-35
[13] pkgconfig 2.0.2 rlang 0.3.1 foreach_1.4.4
[16] igraph_1.2.2 ggrepel_0.8.0 yaml_2.2.0

[19] parallel_3.4.0 mvtnorm_1.0-8 xfun_0.4

[22] bindrcpp_0.2.2 coda_0.19-2 withr_2.1.2
[25] stringr_1.3.1 dplyr_0.7.8 knitr_1.21

[28] tidyselect_0.2.5 glmnet_2.0-16 grid_3.4.0

[31] glue_1.3.0 R6_2.2.2 qtl_1.44-9

[34] rmarkdown_1.11 purrr_0.3.0 magrittr_1.5
[37] scales_1.0.0.9000 codetools_0.2-15 htmltools_0.3.6
[40] MASS_7.3-49 assertthat_0.2.0 colorspace_1.4-0
[43] stringi_1.2.4 lazyeval 0.2.1 munsell_0.5.0

[46]

statnet.common_4.1.4 crayon_1.3.4
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