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ABSTRACT – Motivation: During hematopoiesis, Sp1
and Sp3 transcription factors cooperate for the correct
development. The overall structural similarity and ubiq-
uitous expression patterns shared by Sp1 and Sp3 sug-
gest that these two proteins are functionally equivalent.
However, they show a different effect in their absence
and the interaction of these TF at genomic level in each
step of the process is not fully known.
Results: We have developed Bayesian non parametric
model called Monet (Multi-Omics NETwork inference)
in order to infer the TF-gene network interaction and
the TF activity strength without knowing a priori the
number of participating TF in each stage of a molecular
process. Statistical inference is performed in a Bayesian
setting using an implementation of Hamiltonian Monte
Carlo (HMC)-derived No-U Turn Sampler (NUTS) in
Stan. Here, we show the Monet’s capability to extract
these parameters and we apply it to mouse hematopoietic
data to briefly analyze the changes in Sp1 knockdown
during the different cell stages. Our model allows us to
make predictions on the importance of specific TF over
time and under different perturbation settings.
Supplementary material and code: Available in GitHub
(https://github.com/laiaalcala/FDP_Laia_Alcala)

1. INTRODUCTION

Hematopoiesis is the process of formation of blood
cellular component which occurs during embryonic
development and adulthood to produce and replen-
ish the blood system [1]. During embryonic devel-
opment definitive blood cells including hematopoi-

etic stem cells arise from a common progenitor of
hematopoietic cells and endothelial cells (heman-
gioblast) derived from the mesoderm in the dorsal
aorta [2]. Through the different stages of the devel-
opment, various Transcription Factors (TF) work to-
gether in order to generate or restrict different re-
sponses and regulate transcription of stage-specific
genes forming a dynamic network and playing a ma-
jor role in the overall development of the hematopoi-
etic lineage [3].

For the correct development, both tissue-specific
and ubiquitously TF such as Specificity 1 (Sp1) and
Specificity 3 (Sp3) proteins are needed [4]. These two
TF are closely related family members, ubiquitously
expressed and both recognize G-rich DNA motifs [5].
They have highly similar structures, with a 90 per-
cent of sequence homology in their DNA binding
domains. A study [4] showed that Sp3 cooperates
with Sp1 to enable hematopoiesis and, although both
TFs recognize the same DNA sequence element and
have similar binding affinity, they show a different
effect in their absence. The Sp1 gene knockout or the
removal of the Sp1 DNA binding domain, which is
a highly conserved region, causes multiple heteroge-
neous phenotypic abnormalities and die in utero in
mice [6]. Sp3 acts as a repressor of Sp1 transactivation
and Sp3 knockout also showed evidence of defect
in hematopoiesis and cardiac development, finally
causing the postnatal death of mice [7, 8]. In addition,
mice heterozygous for both TFs also caused its death
during gestation with a wide range of phenotypes [9].

In conclusion, both Sp1 and Sp3 Transcription Fac-
tors, despite having a very similar DNA sequence,

https://github.com/laiaalcala/FDP_Laia_Alcala
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they have different functions in the cell and are
required for a robust hematopoietic specification.
Studying hematopoiesis can help to understand bet-
ter the molecular mechanisms behind blood disorders
and cancers, and this could lead to new treatments.
However, the interaction of these TF at genomic level
in each step of the process is not fully known. The
effect of perturbation of the cells trajectory in a pro-
cess such as changes in speed, the interaction of the
different Transcription Factors and genes, the changes
in the pathway of the cell or its final state can be a
challenging task, specially when working with time
courses and bulk data.

In order to understand the role of Sp1 in the adult
hematopoietic system, a Bayesian non parametric
model called MONET (Multi-Omics NETwork infer-
ence) has been developed to infer the TF-gene net-
work interaction and the TF activity strength without
knowing a priori the number of participating TF in
each cell stage.

A. Experiment

Fig. 1. Experiment scheme.

This experiment [4] was performed in vitro to avoid
the problems the problems of embryonic mice death
and was based on obtaining data on different stages
of the differentiation process of mouse embryonic
stem cells (ESC) during hematopoiesis for both
Wild Type (WT) Sp1 and the TF Sp1 knockdown
(Sp1△DBD/△DBD). They obtained samples for the five
stages of development; Embryonic stem cells (ESC),
Hemangioblasts (HB), Hemogenic endothelium (HE1
and HE2) and Hematopoietic precursors (HP).

The resulting data was a complete WT time course
as well as a complete time course of Sp1 knockdown.
Multiple omics level data was generated, including

RNA-seq data, ChIP-seq data and ATAC-seq data (see
Figure 1). RNA-seq data encodes gene activity for any
given cell, ATAC-seq data encodes chromatin accessi-
bility state and ChIP-Seq identifies the binding sites
of the different TF during hematopoiesis. The inter-
play between transcriptomics and epigenomics data
is a compelling need to understand gene regulatory
mechanisms [10]. Chromatin accessibility to the tran-
scription machinery regulates gene expression and
vice versa, some non-coding RNAs can also affect local
chromatin states [11]. By integrating ATAC-seq and
RNA-seq data, which are longitudinal data sets con-
taining all time-points of interest , a novel approach
to perform regulatory network inference has been
developed. The proposed non-parametric Bayesian
model does not need any pre-existing network, so
this approach is entirely data-driven.

Having a cost-effective and data-driven tool that
makes predictions on the most important TF interact-
ing in a certain time in the different stages of a biolog-
ical process can be a starting point for future studies
and therapeutic approaches. Furthermore, there is a
drawback on using a model that incorporates ChIP-
seq data, which is the restricted availability of TF and
time-points as it is only available for some TF and
sometimes for only one time-point.

A similar approach was done in order to infer a
functional regulatory network (FRN) using data in-
tegration from which this project was inspired by
[12]. It is also Bayesian integration model called CR-
NET which infers from a ChIP-Seq data set at one
time-point and a RNA-Seq time-course. Specifically,
this model integrates prior binding information from
ChIP-seq with time-course gene expression data from
RNA-seq. However, CRNET is not useful for what
we are interested in, as it is more focused in one-time
point or steady state. Our interest is in understanding
perturbation in a development time-course.

B. The Bayesian non parametric model

This non parametric Bayesian model infers the TF-
network interaction and the number of participating
TF without knowing a priori how many transcription
factors will interact. We can write the model in the
following way:

yg = y0 + ag ◦ zg + ϵg (1)

Where yg is the gene expression time-course matrix
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measurement of gene g (where the rows are the genes
and the columns are the time points), y0 is the gene
expression vector of G genes at time t = 0, the initial
measurement and ϵg ∼ N(0, σ2) is the error variable.
ag is a binary matrix defining chromatin accessibility
states for the g-th gene and zg is also a matrix which
denotes the gene-specific latent trajectories. Then, the
time-course of each gene is modeled as a combination
of the initial gene expression measurement and the
gene-specific latent trajectory, which is modeled as:

zg =
∞

∑
k=1

wkbg,kxk (2)

Where wk is a potentially infinite vector of weights
and xk is the shared latent transcription factor activi-
ties modulated by a gene-specific transcription factor
interaction network (bg,k).

Fig. 2. Model scheme

The priors chosen for the model are the following:

wk ∼ DP(alpha) (3)

bg,k ∼ Laplace(0, β) (4)

xk ∼ TruncatedNormal(0, σ2
x) (5)

In this point is where the Dirichlet Process is ap-
plied as the prior of wk , the infinite vector of weights
in Eq. 2, is given by a DP. The Laplace distribution
has been chosen as the prior of the gene-specific TF
interaction network instead of the Normal distribu-
tion in order to impose sparsity. The Laplace distri-
bution has a peak around zero so there is a greater
distribution mass, while Normal distribution is more
diffuse around zero, so non-zero values have greater
probability mass. For the shared latent transcription
factor activities the truncated normal distribution is

used, which is the probability distribution derived
from that of a normally distributed random variable
by limiting value within a specific scope. This range
sets boundaries on the possible values the variable
can take, either below, above, or both. With this, the
complexity of the inference is reduced and flexibility
across genes is allowed [13].

C. Data

We will apply the model to real data from Peter Keane,
Christopher Middleton and others who performed an
expression and a genome binding/occupancy profil-
ing by high throughput sequencing of the hematopoi-
etic development in Mus musculus in the Institute for
Cancer and Genomic Sciences. The resulting data
has information for 12.000 genes and 10TF, and was
published on June 2019. It can be found at the NCBI
gene expression omnibus under accession numbers
GSE126497 and GSE126501.

The data generated by ATAC-seq, RNA-seq and
ChIP-seq for the 5 time-points must be prepared be-
fore using it in the model. The binarized measure
of chromatin state over time data is generated by
ATAC-seq (where 0 represents a closed status and 1
represents an open status for a given promoter site)
and the gene expression over time is generated data
by RNA-seq. Both data sets are longitudinal and are
the input of MONET, corresponding to the yg and ag
parameters of the model (Eq. 1) respectively. We also
have the ChIP-seq data, which identifies the binding
sites of specific TF over time and will be used for
the model validation. All the data need to be prepro-
cessed and analyzed using different tools in order to
clean and keep the highest quality data.

D. Objectives and contribution

The objective of this project is (1) to demonstrate
MONET’s capability in extracting time-dependent
TF-gene interaction networks, (2) to apply the model
to evaluate the significance of the most important
TF and their interaction in the different stages of
hematopoiesis and (3) to analyze the changes of those
interactions with the Sp1 knockdown perturbation in
this process.

My contribution to this project is to help with the
STAN implementation of the model, simulate the ap-
propriate data to check the performance of the model,
fit the model to real data applied to hematopoietic
development and create a visualization of the results

https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
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to briefly analyze them.

2. MATERIALS AND METHODS

Fig. 3. Pipeline followed to develop and applicate
the model to hematopoietic data.

A. Data preprocessing and analysis

The data preprocessing and analysis has been al-
ready done and the resulting data can be found in
the GitHub repository. For ATAC-seq data this work-
flow has been used: sequencing reads quality assess-
ment and cleaning, alignment and comparison with
replicates. FastQC has been used to asses quality
on sequencing data, where sequencing adapter con-
tamination was observed and it was removed with
Cutadapt, as well as bad quality reads. Then, an
alignment with the mouse genome with Bowtie2 was
done and the reads not uniquely aligned were also
removed. Finally, the peaks, belonging to open chro-
matin regions, were compared with ATAC-seq repli-
cates and merged using Bedtools. Peaks from both
ATAC-seq and ChIP-seq were be annotated and clas-
sified; as within the promoter if they were within
2kb of the Transcription Start Site (TSS) or as distal
otherwise. Promoter regions were determined if the
ATAC-seq or ChIP-Seq peak was within 1.5 Kb of the
TSS. Then, peaks annotations were transformed into
a binary matrix, and a value of 1 was assigned if the
gene TSS was found to have a peak associated with it
and a value of 0 otherwise.

For RNA-seq data these steps has been followed:
sequencing reads quality assessment and cleaning,
alignment, gene expression quantification. As before,
raw sequencing reads were assessed with FASTQC
and adapter contamination and low sequencing reads
were removed with trimmomatic. Then, reads were
aligned to the mouse genome with the Hit2 tool. Only

mapped reads with FPKM values greater than 1 in at
least one sample (measured with stringtie) were used
for further analysis. Finally, raw FPKM values were
normalized and log2-transformed with R.

B. Rstan implementation

To do the inference this model has been implemented
in STAN, a probabilistic programming language
which does full Bayesian statistical inference with
MCMC sampling from the posterior. It has been
implemented it inside an R package called “monet”
(available on request - https://github.com/anasrana/
monet) using the R Stan interface rstan [14]. Monet
uses sampling based on an Hamiltonian Monte Carlo
(HMC)-derived No-U Turn Sampler (NUTS) imple-
mentation, which is the standard MCMC algorithm
used in Stan. NUTS requires no tuning parameters
and can efficiently sample from posterior distribu-
tions with correlated parameters [15, 16].

The Stan code is divided in four blocks; the data
block where known parameters are declared, the pa-
rameters block where the parameters we want to esti-
mate are declared (xk, bg,k and wk), the transformed
parameters block where the model equations are de-
fined and the model block, where the non paramet-
ric Bayesian model is defined and prior distributions
and the likelihood are specified to define the posterior
[17].

The model implementation is available in the
GitHub link.

C. Data simulation

We have simulated some data similar to what we
observe in our Sp1 Wild Type real data using the
Monet package in order to show the accuracy of the
estimation.

We have simulated 2000 genes with 30 TF where
we have sampled y0 from a normal distribution from
our real RNA-seq data using it as a baseline, xg from
a truncated normal distribution from our real ATAC-
seq data and bg,k from a Laplace distribution from
our real ChIP-seq data. ϵg has been sampled from
a normally distributed noise and the wk component,
belonging to the sum of zg, has not been used for
the simulation of the data because, on the one hand,
including it in would lead to a synthetic data very
close to the real one and, on the other hand, we specify
the number of TF in the simulation.

https://github.com/anasrana/monet
https://github.com/anasrana/monet
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Then, our simulation is based on

yg = y0 + ag ◦ zg + ϵg (6)

where

zg =
∞

∑
k=1

bg,kxk (7)

The resulting Monet simulation function called
takes as input the ChIP-seq, ATAC-seq and RNA-seq
data paths, the number of genes, the number TF and
the number of time points we want to simulate.

From the ChIP-seq data it samples a matrix with
2000 genes from the real data. For the simulation of
bg,k it randomly generates 20000 values (2000 genes x
30 TF) from a a Laplace distribution with mean equal
to 0 and standard deviation equal to 2. Values near
0.01 are changed to 0 to introduce more sparsity to
the distribution. For the simulation of xk it randomly
samples from a truncated normal distribution with
lower bound and mean equal to 0 and standard devi-
ation equal to 2. Then, zg is simulated by multiplying
both simulations bg,k and xk.For the initial gene ex-
pression y0 it samples 2000 genes from the first cell
stage column of the data.

For the ATAC-seq data simulation ag it samples
a matrix with 2000 genes from the real data. yg is
obtained by combining y0, ag, zg and a normally dis-
tributed noise following the equation 6.

Finally, it generates a list containing all the results;
the number of genes, the number of TF, the number
of time points and the simulations of y0, bg,k, xk, y0
and ag.

Once the simulation has been completed we have
standardized the data and done a statistical compari-
son with the processed real data to check its similarity.

D. Model fitting to simulated data

We have fitted the model to the simulated data using
the monet STAN fit model function we created in
order to estimate the posterior of bg,k, xk and wk.

The output comes from the MCMC algorithm sam-
pler it is applied in the STAN fit (run for 6000 itera-
tions after 2000 warm-up iterations). We first have
checked the performance of the MCMC sampling
with a trace plot, as it is important to make sure that
the Markov Chain converges to a stationary distribu-
tion and that there is not any issue with our MCMC
sample [18]. Later, we have extracted the posterior

point estimation of these parameters (see Figure 10).
Having bg,k, xk and wk from the posterior point esti-
mations and y0 and ag from the simulated data, we
have been able to compute yg, which contains the
estimated gene expression of the different genes from
time points 2 to 5 and we have standardized the re-
sulting data set.

Then, we have filtered the genes that appear in
both yg (simulated and estimated) and we have done
a comparison of both in order to see how well the
prediction of the expression is using the estimated
parameters.

E. Application to real data

Once we have checked the good performance of the
monet model in the simulated data set, we have ap-
plied it to the observed data. We have repeated the
following steps twice, for WT and Sp1 hypomorph
time-course data.

Before fitting the model, we have removed genes
that show constant expression as we are interested in
genes with expression fluctuations. For the first run
we have kept genes whose expression standard devi-
ation >0.5, and whose expression standard deviation
>2 for the second run. The reason for running this
twice with different standard deviations is to explore
how the model behaves by removing more or less
constant genes. Then, we have filtered the RNA-seq
data and ATAC-seq data to verify that both data sets
contain the same genes and to create a new subset
of 1000 genes of the data. The gene selection has
been based on the difference in expression between
WT and Sp1hyp and on high signal to noise in gene
expression. Next, we have prepared the data in the
correct input for the Rstan model and we have fitted
it for the 1000 genes and 20TF.

3. RESULTS AND DISCUSSION

A. Data simulation

We have achieved a very similar omic data to the real
one (yg and ag) and accurate priors for the parame-
ters we want to estimate (xk, bg,k and wk). In Figure
?? we show the density distribution of the total gene
expression for the observed genes and the simulated
ones, where it can be seen that the data distribution
shapes are the same. We have also computed the den-
sities for each cell stage of both data sets to visualize
the distribution similarity shapes of the data. We did

Laia Alcalà Plazas
7
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not expect to replicate the exact data, but rather we
wanted data that is similar (8a). We have also plotted
the trajectories of 10 random genes of the simulated
data set (see Figure 8b), where we can observe that
all the simulated trajectories are different from each
other.

Regarding the chromatin state (ChIP-seq data) we
have also obtained a very accurate result. Both data
sets have a very similar pattern in the heat maps (see
Figure 9 ), where red colour represents a closed chro-
matin state and green an open chromatin state. Of
course, there is a smooth difference due to the dif-
ferent number of genes between the simulated (2000
genes) and the observed (12000 genes) data sets.

B. Model fitting to simulated data

In Figure 4 there is the MCMC log posterior trace
plot of the Monet fitted model of the simulated data
(run for 2000 genes, 10TF, 6000 iterations and 2000
warm up), where we can see that the model has con-
verged. Note that the first 2000 iterations (warm up)
are removed in the plot. This result means that the
effective sample size and the number of iterations
and chains we have used for the simulation has been
large enough for the MCMC to approximate the target
distribution.
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Fig. 4. Trace plot of the MCMC log posterior of the
model fitting of the simulated data. This plot shows
the parameter value at time t against the iteration
number, where colors represent the different chains.

We have obtained the posterior point estimation
for bg,k, xk and wk (see Figure 10) and their density
distributions (see Figures 11, 12). Note that all val-
ues of wk in figure 10, which is the Dirichlet mixture
component, are near 0 and sum to 1.

We also show the estimated trajectories (yg) of 10
random genes based on the point estimation com-
pared to the simulated ones (see Figure 5), where
we can see an accurate reproduction of the estimated
gene expressions, following the pattern of the same
simulated gene expressions. Some deviation is ob-
served, which is expected when fitting data.

1372 1682

1071 1356

913 971

769 909

185 331

HB HE1 HE2 HP HB HE1 HE2 HP

−1

0

1

−1

0

1

−1

0

1

−1

0

1

−1

0

1

Time point

E
xp

re
ss

io
n data

Estimated

Simulated

Gene expression trajectories

Fig. 5. Trajectories of 10 random genes of the sim-
ulated (grey) and estimated data (red) with the
Monet point estimation.

C. Application to the real data

For our observed data, we can also see the conver-
gence of the fitted model in the MCMC log posterior
trace plots for both data sets (see Figure 13). In both
cases, we can see a good mixture between chains and
convergence in individual chains. We have obtained
R-hats from 0.99 to 1.05 for WT and from 0.99 to 1.04
for Sp1 perturbation, which are lower than 1.1 so we
can reaffirm that we can trust the sample for being
fully representative of the posterior [19].

We have extracted the posterior point estimates
of the parameters for both runs (where the standard
deviation of gene expression across time is 0.5 and 2
respectively) and for both data sets. In the first case
(see Figures 14 and 15 ) we observe a smooth dif-
ference in the Transcription Factors interaction plot
between WT Sp1 and Sp1 perturbation. The second
column, belonging to the HE1 cell stage is darker for
Sp1△DBD/△DBD, suggesting that some interactions
are lost at this time point. If we change the gene list
based on genes that have a higher level of variance
(sd > 2) we see much more differences in the TF in-
teraction, especially at time point 2 (see Figures 16
and 17 ). The interaction at this specific point for
WT Sp1 remains very low up to 10 TF compared to
the other time points, while in Sp1 perturbation is
much higher. The likely source of that is that this run
included genes with more variant gene expression.
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For a better interpretation of the changes in the TF
interaction we have computed the differences of the
xk matrices between WT Sp1 and Sp1 knockdown
(see Figure 6). We still see a significant change in the
second column (HE1 cell stage), where some TF loose
activity in this time point in absence of Sp1 (i.e TF 9 in
Figure 6a and TF 15 in Figure 6b) and then their activ-
ity starts increasing again in the following cell stages.
There are other TF gain interactions in absence of Sp1
in the same time point (i.e TF 13 in Figure 6a and TF 6
in Figure 6b) and then decreases again. These results
suggest that Sp1 TF exhibits predominant activity at
the HE1 cell stage of the hematopoiesis development,
and that the impact of the lack of Sp1 TF activity on
TF interaction network accumulate over the follow-
ing developmental stages [20]. In order to identify
which are these relevant TF, we will need to use the
ChIP-seq data.
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4. CONCLUSION

In this project, we demonstrate that the proposed
Bayesian non parametric regression model designed
for inferring regulatory networks and identifying tem-
porally dependent drivers in biological systems dur-
ing development achieves reasonable convergence
time and accurately reproduces parameters. Apart
from the fitting model algorithm, we have created a

novel algorithm to create synthenic data that utilizes
a mixed approach based on sampling from real data
sampling for distributions. With this data, we have
tested the performance of the model, and were also
able to briefly analyse the results from the inference.
In application to real data we still need to finalise best
practices for the interpretation of results. In brief, we
have seen that in the absence of Sp1 due to its knock-
down there is a significant reduction in interactions
between TF and genes during the process of HE1 for-
mation from HB. Monet also allows us to reproduce
gene expression trajectories with different temporal
properties.

MONET is primarily designed for analyzing time
course data, and having a larger number of time
points in the data set improves the accuracy of estima-
tions. However, it is common for data sets to have a
limited number of time points due to constraints such
as time or budget. Nevertheless, Monet is capable of
providing valuable estimates with a minimum of 4
time points, where one of them represents y0, which
corresponds to the gene-expression at the initial time
point. By separating the regulatory network from the
temporally dependent drive, Monet offers a valuable
tool for performing perturbations and studying their
effects on the developmental process.

Future directions

There is more work to be done in this project, such as
finding a way to quantify how accurately the ATAC-
seq data is reproduced apart from observing the sim-
ilarity in the heat maps.Also, it needs to be settled
what cut-off parameters to use in the model for the
real input data to ensure that the output results can
be interpretable and that TF behavior can be com-
pared to others based on ChIP-seq data. After that,
more work is also required in analyzing with more de-
tail the differences observed with Sp1 and extracting
important biological information for further investi-
gation and ultimately therapeutic approaches.

Abbreviations

MONET, Multi-Omics Network Inference; WT, Wild
Type; TF, Transcription Factor; ESC, Embryonic Stem
Cells; HB, Hemangioblasts; HE1, Hemogenic En-
dothelium 1; HE2, Hemogenic Endothelium 2; HP,
Hematopoietic precursors; TSS, Transcriptio Start Site;
FRN, Functional Regulatory Network; FPKM, Frag-
ments Per Kilobase Million
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Fig. 7. Comparison of the density distribution of total expression of genes of both data sets.

0.0

0.1

0.2

0.3

0.4

−1 0 1
ES

de
ns

ity

Data

Observed

Simulated

0.0

0.2

0.4

0.6

−1 0 1
HB

de
ns

ity

Data

Observed

Simulated

0.0

0.2

0.4

0.6

−1 0 1
HE1

de
ns

ity

Data

Observed

Simulated

0.00

0.25

0.50

0.75

1.00

−1 0 1
HE2

de
ns

ity

Data

Observed

Simulated

0.0

0.2

0.4

0.6

−1 0 1
HP

de
ns

ity

Data

Observed

Simulated

Density distributions of gene expression at different time points
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Fig. 8. These plots show the gene expression data of the synthenic data set. The first plot compares the
density distributions of the gene expression at the different time points between our preprocessed and
simulated data sets. The second one shows the trajectories of 10 random genes of the synthenic data, where
it can be seen that all are different from each other.
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Fig. 9. Comparison of the heatmaps of the chromatin state of the different genes during the different time
points for the simulated and observed data sets.
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(c) wk posterior PE

Fig. 10. These plots show the posterior point estimation for xk, bg,k and wk of the simulated data set.
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Fig. 12. Density estimates of random values of xk, bg,k and wk of the MCMC sampling.
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(a) Traceplot of the MCMC log posterior of the model fitting of the WT hematopoietic data.
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(b) Traceplot of the MCMC log posterior of the model fitting of the hematopoietic data with Sp1 perturbation.

Fig. 13. These plots show the parameter value at time t against the iteration number of the MCMC log poste-
rior of the model fitting of the WT hematopoietic data and with Sp1 perturbation, where colors represent the
different chains.
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Fig. 14. These plots show the posterior point estimation for xk, bg,k and wk of the observed Wild Type Sp1
hematopoietic data. It is a subset of 1000 genes whose gene expression standard deviation across time > 0.5 .
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Fig. 15. These plots show the posterior point estimation for xk, bg,k and wk of the observed Sp1 perturbation
hematopoietic data. It is a subset of 1000 genes whose gene expression standard deviation across time > 0.5 .
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Fig. 16. These plots show the posterior point estimation for xk, bg,k and wk of the observed Wild Type Sp1
hematopoietic data. It is a subset of 1000 genes whose gene expression standard deviation across time > 2 .
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Fig. 17. These plots show the posterior point estimation for xk, bg,k and wk of the observed Sp1 perturbation
hematopoietic data. It is a subset of 1000 genes whose gene expression standard deviation across time > 2 .
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