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Abstract

Dynamic Bayesian networks (DBNs) can be used for the discovery of gene regulatory networks from time series gene
expression data. Here, we suggest a strategy for learning DBNs from gene expression data by employing a Bayesian
approach that is scalable to large networks and is targeted at learning models with high predictive accuracy. Our framework
can be used to learn DBNs for multiple groups of samples and highlight differences and similarities in their gene regulatory
networks. We learn these DBN models based on different structural and parametric assumptions and select the optimal
model based on the cross-validated predictive accuracy. We show in simulation studies that our approach is better
equipped to prevent overfitting than techniques used in previous studies. We applied the proposed DBN-based classification
approach to two time series transcriptomic datasets from the Gene Expression Omnibus database, each comprising data
from distinct phenotypic groups of the same tissue type. In the first case, we used DBNs to characterize responders and
non-responders to anti-cancer therapy. In the second case, we compared normal to tumor cells of colorectal tissue. The
classification accuracy reached by the DBN-based classifier for both datasets was higher than reported previously. For the
colorectal cancer dataset, our analysis suggested that GRNs for cancer and normal tissues have a lot of differences, which
are most pronounced in the neighborhoods of oncogenes and known cancer tissue markers. The identified differences in
gene networks of cancer and normal cells may be used for the discovery of targeted therapies.
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of the DBN structure by filtering out low-confidence edges
and has not been applied to learning large GRNs before.
We extended the functionality of BIDAG such that it can be
used for classification and learning DBNs with parameters that
change over time.

Previous studies demonstrated better performance of the
Bayesian approach to structure learning compared to non-
Bayesian approaches [29, 8, 31]. However, these simulations
did not compare consensus models obtained via sampling from
the posterior and bootstrapping in the case of greedy hill-
climbing. In addition, limiting the parent set size was used
as a way to prevent overfitting in DBNs [18, 24] and to
decrease computational costs [26, 27]. However, the impact of
uniform restrictions of the parent set sizes on the structure
fit and predictive accuracy in large networks in the high
dimensional setting was never explored. In simulation studies,
we demonstrated how the Bayesian approach to structure
learning of DBNs is better equipped to prevent overfitting
compared to greedy hill-climbing coupled with a hard limit on
the number of parents per node. Among other ways to improve
predictive accuracy, we propose investigating models that use
prior biological information about associations between genes
or prohibit edges between nodes within the same time slice.

To demonstrate the advantages of the described approach,
we identified time-series datasets in the Gene Expression
Omnibus (GEO) database, that included gene expression data
for at least two different phenotypic groups of the same
tissue and comprised at least 50 observations in each of two
consecutive time slices. We found two datasets (GSE5462 and
GSE37182) that satisfied these criteria. The main question we
wanted to answer using our framework was if the phenotypic
groups in each dataset could be better represented by DBNs
with the same structure (but not parameters) or if gene
regulation differs substantially and the groups are more
accurately represented by different DBN structures. The results
of our analysis aligned well with previously validated biological
findings, while the DBN-based classifier demonstrated a higher
classification accuracy of patient samples with regard to
phenotypic groups than was reported in [25] for both datasets.

2. Methods and data

A DBN is a probabilistic graphical model for the joint
distribution of random variables X = (Xi,..., X, ) observed
at time points t = 0,1,...,7. The DBN model uses a directed
graph to encode a factorization of the joint distribution of (X*)
along the time slices t = 0,...,7T (Fig. 1A). Here we consider
DBNs in which structures are identical for all time slices. We
also assume that variables in time slice t can depend on other
variables in time slice t and on variables in time slice t — 1, i.e.

PXY X, XY =Px XY, (1)

Such DBN models are referred to as first-order DBNs.
The joint probability distribution of a DBN with 7'+ 1 time
slices is

T
P(X%, X', .. X" =pPX") [] P(X* | X7 (2)
t=1

With these assumptions, the unfolded structure of a DBN
(Fig. 1A) can be represented in a compact way with two
directed acyclic graphs (G°, G™) which are referred to as initial
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structure and transition structure, respectively (Fig. 1B). The
edges within one time slice are called intra-edges and edges
between time slices are called inter-edges.

Within each time slice ¢ > 0 the joint distribution of

Xi,...,X, is factorized according to a Bayesian network
model:
PX'| X' =[] P(x{ | Pa;”), (3)
i=1

where Pa;” denotes the set of parents of node X;‘ in time
slices t and ¢t — 1 in G—. For G° the parent sets Pa’ are used
instead to factorize P(X°).

To fully specify a DBN, we also need parameters 6 which
describe probabilistic dependencies between each node Xf and
its parents in a DBN structure. We assume that Xl are jointly
normally distributed. This results in the distribution of each
node Xit being a linear regression on its parents [32]:

P(X;|G7,0") =

N XP | ml+

i

> STOoBLeX!, (6D @

t'e{t,t—1} XV ePa;

For each time slice t, we have the parameters ' =(m!, B?, (¢2)*),

where m? is a vector of regression intercepts, B = (Bij,er )t aset
of all regression coefficients and (02)t a vector of variances. For
Go, the sum over parents in the previous time slice is dropped.
We consider two cases, namely stationary DBNs where ! =

. = 0T =: 0~ and non-stationary DBNs, where 0%, ..., 6T
are generally different. The parameters 6° and 0~ are different
even for a stationary model. In a non-stationary model, we
assume non-stationarity of parameters, while the structure G
is assumed to be the same across time slices 1,...,T.

We also consider a special case where the initial structure G°
is the same as the internal structure of the transition structure
G, i.e., for all nodes, all intra-slice parents in G~ are the
same as these nodes’ parents in G°.

For learning the DBN structure from observational data
D, we employ the Bayesian approach implemented in the R
package BiDAG [29, 30], which uses the BGe score for learning
and sampling the structures of Bayesian networks [32, 33]. The
BGe score of a graph is its posterior probability and factorizes
into terms S(X;,Pa! | D), each of which depends only on a
single node and its parents. For DBNs, the dataset D consists
of N observations from T + 1 time slices. To estimate a non-
stationary DBN, we divide D in T + 1 parts and define the BGe
score of a DBN structure as

P(G|D)x P(D|G)P(G) =

n T n
[T s Pal | D°) T I S(X:,Pa;” | DY).  (5)

=1 t=11i=1

To perform structure learning for a stationary model we
divide the data into 2 parts: D° and D™, where D™
contains observations from all pairs of neighboring time slices.
Equation 5 then simplifies to


https://doi.org/10.1101/2021.12.16.473035
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.12.16.473035; this version posted December 17, 2021. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in

perpetuit]y. It is made a\f(aila?le under aCEE‘/BY-ND. 4.0 International

Discovering gene regutatory networks of multiple p

Internati Hicense, . )
notypic groups using dynamic Bayesian networks. \

A
gene expression data predictive
o g = mpey v % accuracy
siE: 19 1%
LR i
o e === ' _' ———> classification
ok w0 accuracy
il i
Sk b1 Hikk
t=0 t=1 t=
Gy
T o< .
o O )
G1 = G2 = G_'
T P Ty &)

Fig. 1. DBN learning and classification framework. (A) The unfolded structure of the first-order DBN model consisting of T' + 1 time slices can
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be represented by initial and transition structures. (B) The edges between time slices are highlighted in red and called inter-edges. The edges within

time slices are highlighted in blue and called intra-edges. (C) We learn DBN-

based classification models from the time-series gene expression data of

two phenotypic groups (group 1 and group 2) with various structural and parametric assumptions and assess the predictive accuracy and classification

accuracy of these models using leave-one-out cross-validation.(D) We evaluate

DBN structures. For each model we consider a set of four structural restrictio:

models where phenotypic groups are represented by the same or different

ns/prior assumptions: (E) no restrictions, (F) model without intra-edges

(G) model that penalizes non-STRING edges (dashed) (H) model where non-STRING edges are blacklisted.

P(G| D) x P(D| G)P(G) =

[I s, Pal | D) ] S(xi,Pa;” | D). (6)
i=1 i=1

We use the iterative order Markov chain Monte Carlo
(MCMC) scheme [29] to estimate the a posteriori (MAP)
structures G° and G~

structures by averaging over a sample of graphs from the

In addition, we estimate consensus

posterior distribution and composing consensus structures of
edges whose posterior probability is higher that 0.9 [29, 30].

2.1. Learning DBN models for phenotypic subgroups

‘We propose a novel framework for learning the DBN models
for K phenotypic subgroups 1,..., K, from time-series gene

expression datasets D1, Da, ..., Dg. We analyzed two datasets,

each comprising gene expression from K 2 subgroups
(Figure 1C). We propose considering two models: one which
assumes that DBN structures are subgroup-specific and the
another one which represents all subgroups by a single DBN
structure (Figure 1D). In the latter case the differences between

subgroups can be explained by differences in parameters. From

a biological perspective, it is interesting to understand to
which extent the interaction networks of different subgroups,
for example defined by different phenotypes, differ from each
other.

When dealing with gene expression data it is important to
account for the fact that only a limited number of observations
is usually available, which often results in poor structure fit and
low predictive accuracy [31, 26]. For this reason, we suggest
learning a range of models based on different assumptions
regarding network structure and parameters and likewise select
the model for downstream analysis based on cross-validated
predictive accuracy. We use mean absolute error (MAE) as
a measure of predictive accuracy, which was already used
in previous DBN application studies [24, 18]. To assess how
well different DBN models describe the underlying dynamic
process, we predicted the values of all genes in all times slices
using the true values of expression of genes at time point
t = 0 using leave-one-out CV. We used the learned structures
and parameters to predict the values of nodes in time slices
consecutively using the model specified in Equation (4). Finally,
we computed the MAE for each node and each time slice and
averaged it across all genes, slices, and test samples. The models
with lower MAE provide a higher predictive accuracy.
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It is know that including prior biological knowledge can
improve network learning [34], so we consider two different
ways to include such knowledge: by penalizing the edges
that can not be found in public protein-protein interaction
databases, such as, e.g., the STRING database [35] (Figure 1g)
and by excluding these edges completely from the search
space (Figure 1h). Penalization is implemented by imposing
a non-uniform prior over structures:

1

P

(G) e i—1 Hj;xjepm Tij '

where m;; = 1 if the interaction between genes X; and X; can
be found in the STRING database with a confidence level of at
least 0.4, and m;; = 2 otherwise.

Many studies prohibit intra-edges, which usually makes
sense when the time intervals between observations are short.
We do not assume the presence or absence of intra-edges by
default. Instead, we include the model without intra-edges
in the set of investigated models (Figure 1F) and compare
its predictive accuracy to other models, including the model
without any structural restrictions (Figure 1E).

2.2. Classification accuracy

In addition to the predictive accuracy, we measured cross-
validated classification accuracy to evaluate how well the
DBN-based classifier can discriminate between the analyzed
subgroups.

For each DBN dataset,
structures G; and G2 or learned one DBN structure G

we either learned two DBN

but estimated the maximum MAP parameters separately for
groups 1 and 2. After learning the networks, we estimated the
MAP parameters and scored the test sample against each model
by computing the likelihoods:

T
| Gy, 00) [[ P(DL, | GYL603). (7)

t=1

P(Dy, | Gy, 03) = P(D°

m

We further computed posterior probabilities of class
memberships Z,, of observations D,, using the class prior
P(k) = 71 estimated from the training data:

’TkP(Dm ‘ Gk,ek)

- (8
Zile Ty P(Dm | Gy, 0y7)

P(Z,, =k| D)=

The samples were assigned to a class corresponding to the
highest posterior probability. We compared assignments of
test samples in all CV runs to their true assignments. For
benchmarking, we compared the DBN-based classifier against
both random forest and naive Bayes classifiers [36, 37]. For the
random forest classifier, we ran the CV 100 times to average
out randomness in the results.

2.3. Data

We applied the described framework to two biological datasets,
each containing time-series gene expression data of two
phenotypic groups of the same tissue type (Section 4).

The dataset GSE5462 contains gene expression data of
116 biopsies from 58 breast cancer patients at two time
points: pre-treatment and 10-14 days after treatment with
letrozole. We log2-transformed and normalized the raw data
using robust multiarray averaging (RMA, R-package affy, [38])
for subsequent DBN analysis.

perpetuity. It is made available under aCC-BY-ND 4.0 International license.

The second dataset, GSE37182, contains expression data
of 172 biopsies from 15 colorectal cancer patients, totaling
88 normal tissue biopsies and 84 tumor tissue biopsies. The
samples were obtained during surgery and left at room
temperature at four time points: 20 minutes (¢ = 0), 60
minutes (¢ = 1), 180 minutes (¢t = 2), and 360 minutes
(t = 3). Afterwards, the samples were stored at —80°C until
RNA extraction. The data from the repository was already
normalized separately within each group (tumor and non-
tumor). To make samples between two conditions comparable,
we used the package NormalyzerDE [39] and performed median
normalization.

2.4. Variable selection

To select nodes to be included in the DBNs we performed DGE
analysis using the R package limma [40]. We considered genes
as differentially expressed between conditions if their FDR-
adjusted p-value was smaller than 0.05. In general, we did not
apply a log2-fold-change cut-off, unless specified otherwise.

2.5. Simulation studies

We generated 50 two-step DBNs structures. For each DBN
structure, we generated 30 training samples from 4 consecutive
We learned MAP and
consensus structures corresponding to posterior thresholds of
p € {0.3,0.5,0.7,0.9,0.99} using the Bayesian approach
(functions iterativeMCMC and orderMCMC from the R-
package BiDAG). We also learned minimum BIC structures

time slices and 2 test samples.

using greedy hill-climbing with the limits on the number
of parents of 3 and 5. For each limit, we also learned
consensus structures based on bootstrap support levels of
p € {0.3,0.5,0.7,0.9,0.99}.

To assess the predictive accuracy we estimated MAP
and predicted the
consecutively in time slices using values in the first slice of

parameters for each model values
test samples as input. We divided the resulting MAE for each
model by the MAE of the ground truth structure to make
results between runs comparable. We compared the learned
structures to the ground truth using true positive rate (TPR),
false discovery rate (FDR), and structural Hamming distance

(SHD, introduced in [41]).

3. Results
3.1. Simulated data

In the simulation studies (Section 2.5, Data and code
availability), we explored the situation when the number of
observations between neighboring time points is smaller than
the number of nodes. Maximum score structures obtained by all
algorithms resulted in a high FDR (Figure 2A). However, this
problem was more pronounced for the hill-climbing approach,
and the FDR is higher for the structures learned using a
higher limit per parent set size. As a result, the SHD between
estimated maximum score structures with a limit of 3 parents
per node and the ground truth structures was smaller than SHD
between structures with 5 parents limit (Figure 2B). At the
same time, the TPR was higher for the limit of 5 nodes than for
3 nodes. For the MCMC scheme, we did not limit the number
of parents and obtained better results for the MAP structure in
terms of TPR, FDR, and SHD. However, MAP structures still
contained a lot of false-positive edges. Therefore, we suggest
improving the structure fit by filtering out low-confidence edges.


https://doi.org/10.1101/2021.12.16.473035
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.12.16.473035; this version posted December 17, 2021. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made a\f(ailg?le under aCEEBY-ND 4.0 International llicense,

Discovering gene regufatory networks

0.8- u

PR

~ 0.6-

0.4-

0.0 0.2 04
FDR

B 300- ==
200 .

- 100-

multiple p

= = $$$ - =
T =T

notypic groups using dynamic Bayesian networks. | 5

A maximum score models:

B HC (maxp = 3)
A HC (maxp = 5)
® MCMC

consensus models:
o HC (maxp = 3)
4 HC (maxp = 5)
o MCMC

0.6

$$$

mn 0.3 0.5 0.7 0.90.99 mn 0.3 0.5 0.7 0.90.99 MAP 0.3 0.5 0.7 0.9 0.99

BIC

4-
3

relative MAE

© model/threshold

j$$$$%%¢$$$$%***—*%

mn 0.3 0.5 0.7 0.90.99 mn 03 05 0.7 0.9 0.99 MAP 0.3 0.5 0.7 0.9 0.99
model/threshold

BIC

Fig. 2. MAE and structure fit on simulated data. 50 random 2-step DBN structures were generated with n = 120 nodes and three parents

on average for each node in the transition structure. The training datasets contained 30 samples from four consecutive time slices, the test datasets
included 2 samples each. MCMC (blue) and hill-climbing (HC, red and green) algorithms were used to learn the DBN structures and compare them to
the ground truth using the TPR and FDR (A) and SHD (B). The performance of the hill-climbing was evaluated for two limits for the parent set size:
mazp = 3 (red) and mazp = 5 (green). Consensus models for MCMC were estimated using a range of posterior thresholds (0.3, 0.5, 0.7, 0.9, 0.99). For
hill climbing, consensus models were estimated using the same range for bootstrap support levels. MAE was estimated based on 2 test samples for each
simulation run and model and divided by the MAE of the ground truth structure to get comparable MAE levels between the runs (C).

We observed that consensus structures yielded much lower
SHDs than maximum scoring structures (Figure 2B). More
importantly, the bootstrap-based structures for a limit of 5
parents provide a better fit than using the limit of 3 parents.
The lowest SHD was reached for the MCMC scheme and a
posterior level of 0.99, showing another advantage of using
MCMC over greedy hill climbing.

For the hill-climbing approach, the relative MAE of the
bootstrap-based models with the lowest SHD to ground truth
structure was higher than the relative MAE of the maximum
score model (Figure 2C). This finding suggests that structural
overfitting does not necessarily result in a worse predictive
accuracy. A possible explanation can be that false-positive
edges in high-scoring structures directly connect the nodes
which are indirectly connected in the ground truth graph. Such
false-positive edges do not affect the MAE negatively. However,
the discovery of such edges is still undesirable, and hence
sparser structures should be preferred in cases when the relative
MAE of several models are similar. MCMC reached the lowest
mean relative MAE level of 1.08 with the posterior threshold
of 0.7. For the hill-climbing, the lowest relative MAE of 1.37

was reached for the bootstrap-based structure with a support
threshold of 0.3 and the limit of 5 for the maximum parent set

size.

3.2. Analysis of time-series gene expression data

We applied the proposed approach to two transcriptomic
datasets from the GEO repository (Section 2.3, Section 4):
the colorectal cancer dataset GSE37182 and the breast cancer
dataset GSE5462. For each dataset,
DBN models (Section 2.1) using the Bayesian approach and
measured, via leave-one-out cross-validation (CV), how they

we learned several

perform with regard to predictive accuracy and classification
accuracy.

For the colorectal cancer dataset, we have learned a non-
stationary DBN and compared it to a stationary DBN by
computing MAE. A non-stationary DBN can describe the
underlying process with higher precision. However, it can also
lead to overfitting.

In addition to different structural and parametric assumptions,
for each dataset, we explored DBN models containing a different
number of genes. Smaller gene sets that are differentially
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Fig. 3. DBN CV results for the breast cancer dataset. DBN models were learned from time-series gene expression data from biopsies of responders
and non-responders to the treatment. For each set of genes (DBN_19, DBN_125 and DBN_158) four best performing DBN models are shown (two with the
highest accuracy and two with the lowest MAE) and the corresponding accuracy of other classifiers on the same set of genes (A). The fill color corresponds
to the model used for classification: MAP and consensus DBNs assuming the same structure for responders and non-responders (MAP and Consensus,
light-blue and light-pink), MAP and consensus DBN assuming different structures for responders and non-responders, and same internal structures of
initial and transition structures (sMAP and sConsensus, blue and violet), MAP DBN assuming different structures for responders and non-responders
and different internal structures of initial and transition structures (sMAP_sep, dark blue), random forest (green), naive Bayes classifier (yellow). For
comparison, K_.DBN category corresponds to leave-one-out classification accuracy reported for DBN models in [25]: DEG denotes differentially expressed
genes, MR their master regulators, and MIX the union of DEG and MR. (B) Cross-validated MAE of DBN models learned in the proposed framework.

expressed between two phenotypic groups can provide a better
separation with regard to classification while larger gene sets
can be more interesting for the downstream analysis and
understanding differences in regulatory networks of different
phenotypic groups.

3.3. Analysis of breast cancer time-series gene expression data

The GSE5462 dataset contains gene expression measurements
for two groups of breast cancer patients: responders and non-
responders to treatment (Section 2.3). We used three sets of
genes to assess how feature selection affects DBN predictive
and classification accuracy. In the first gene set, we included all
genes that were differentially expressed in responders compared
to non-responders (Section 2.4). For the second set of genes,
we identified differentially expressed genes in post-treatment
samples using pre-treatment samples as reference. Finally, in
the third set, we included all genes from the first set as well
as genes from the second set whose absolute log2-fold-change
were larger than 0.5. In addition, we included all transcription
factors of the identified genes found in the database Omnipath
[42]. The resulting sets of genes, denoted DBN_19, DBN_158
and DBN_125, contained 19, 158, and 125 genes, respectively.

The classification accuracy ranged from 67% to 88.4% over
all DBN models (Fig. 3). The highest classification accuracy
and the
accuracy dropped with an increasing number of nodes. This

was reached with the smallest number of nodes,

finding can be explained by the variable selection process for
the three sets of nodes. The smallest set of nodes includes all
genes which are differentially expressed between responders and
non-responders. Thus, even without any network component,
it provides a strong signal for classification. The naive Bayes
approach provides similarly high accuracy for this set of genes,
while the random forest classifier is slightly less accurate. The
largest set of genes, DBN_158, comprises all genes which are
differentially expressed between time points but none of those
which are differentially expressed between the subgroups. For
this reason, it is not surprising that the classification accuracy
is lower than for DBN_19. At the same time, in the DBN_158
and DBN_125 gene sets, the best DBN models outperform the
naive Bayes classifier, which does not account for the network
component.

We further note that, for all gene sets, the lowest MAE
was reached for DBNs learning the same DBN structure for
both subgroups (Fig. 3B). This finding aligns well with the
differential gene expression (DGE) and pathway enrichment


https://doi.org/10.1101/2021.12.16.473035
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.12.16.473035; this version posted December 17, 2021. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in

perpetuity. It is made a-‘f%"%?lﬁlﬂrl‘g%rl g(}:)EEEY-ND 4.0 Internat|ona|(ll|cense, ‘

Discovering gene regufatory networ

analysis. Since out of 22,283 genes, only 19 were differentially
expressed, we can assume that the GRNs are very similar
in responders and non-responders. However, the highest
classification accuracy of 88.4% was reported for models that
learned DBN structures independently for responders and non-
responders for DBN_19 and DBN_125. The best models in this
work outperformed the highest classification accuracy of DBN
models reported in [25], which was 70.77%.

We summarized the performance of all DBN models in a
global ranking (Supplementary information Table S1), which
sums ranks in each accuracy measure and set of genes
included in the models (Ranking of DBN models for breast
cancer dataset. To identify which DBN model performs
consistently better than others for networks of different sizes
and incorporate both accuracy and MAE we created a ranking
of models model with regard to classification accuracy and
MAE for each DBN size; ties were resolved by taking maximum.
Ranks of models in for each category are reported in this table.).
MAP and consensus models which blacklisted non-STRING
edges and learned one structure for responders and non-
responders performed best overall. Based on this ranking, for
the downstream analysis, we chose the MAP model that learned
the same DBN structure for responders and non-responders,
included differentially expressed genes and their transcription
factors and blacklisted all non-STRING interactions. Even
though the classification accuracy for this model was not the
highest, the lower MAE suggests that it better predicts the
changes in post-treatment gene expression levels and hence is
more appropriate for the downstream analysis.

Pathway enrichment analysis showed that no KEGG [43]
pathway was enriched in the differentially expressed genes.
However, when we assessed the set of all parent nodes of these
genes in the estimated DBN structure (Figure S2), three KEGG
pathways (p53 signaling, cellular senescence, and cell cycle)
were enriched (FDR< 0.05). Thus, the DBN model connected
genes found to be important for treatment response to genes
from major cancer-related pathways. Among these genes, the
most connected node was CDK1 (Cyclin Dependent Kinase
1), which is a known target for treating breast cancer [44].
Interestingly, Cdk inhibitors are already approved for treating
breast cancer as the first-line treatment in combination with
letrozole (used in the analyzed dataset) [45] which confirms the
discovered link.

3.4. Analysis of colorectal cancer time-series gene expression
data

For the colorectal cancer dataset GSE37182, we performed
the DGE analysis at three consecutive time points, using t=0
as a reference. The number of differentially expressed genes
increased with time. In total, we identified 58 genes that were
differentially expressed over all time points in both subgroups.
‘We included them in the first set of genes DBN_58.

We proceeded with the identification of transcription factors
that may be involved in regulating the identified genes using
the Omnipath database. We combined them with the first set
of genes and used their union (DB_122) to learn the extended
DBN models. We learned multiple DBN models using various
structural and parametric assumptions and performed cross-
validation as described above (Section 2.1).

The CV classification accuracy was 100% for all models
and higher than the accuracy of the best model reported
in [25] (98.5%). The MAE was clearly the lowest for non-
stationary DBNs (Fig. 4). Among the non-stationary models,

otypic groups using dynamic Bayesian networks. 7

the lowest MAE was reached for models where intra-edges were
blacklisted. From a biological perspective, the non-stationary
model is also plausible. First, the time lags between the
measurements were non-uniform. Second, the tissue was left
at room temperature, and the process of degradation likely led
to changes in the strengths of dependencies between genes.

We observed that DBN models that learn structures for
tumor and normal subgroups independently resulted in the
lowest MAE. Consequently, for the downstream analysis, we
selected a consensus non-stationary model which learns the
DBNs for the set of genes DBN_122 separately for normal
and tumor samples and blacklists intra-slice edges. The DBN
models for cancer and normal subgroups shared 60% of edges.
Such a high overlap suggests that a lot of underlying processes
in cancer and normal cells can be described by the same
dependencies between genes.

To highlight the differences and similarities between
analyzed phenotypic groups, we identified the nodes with the
most different and similar interaction partners in networks
representing tumor and normal subgroups. There were 18
nodes that had neighborhoods with empty intersections in two
networks. Out of these, three genes (FOS, JUN, GADD/5B)
belong to the KEGG colorectal cancer pathway. Two genes from
this set, namely FOSB and JUN, were identified and validated
as markers for colorectal tumor tissue degradation [47]. Out of
20 nodes with most similar neighborhoods 10 can be found of
a generic transcription pathway (Fig 5, [46]).

3.5. Discussion

DBNs are powerful models for analyzing time-series gene
expression data because they allow us to shed light on GRNs
that orchestrate molecular processes. Lately, a lot of research
focused on learning context-specific gene networks. In this
work, we proposed a framework for learning DBNs for multiple
phenotypic groups. This framework employs the Bayesian
approach to structure learning of DBNs and suggests several
sets of structural and parametric assumptions to find the model
with the highest predictive accuracy. We assessed predictive
accuracy using cross-validation as a way to prevent overfitting
which is a major problem in the analysis of high-dimensional
and noisy biological data. We showed in simulation studies how
the Bayesian approach allows to prevent overfitting and increase
predictive accuracy compared to the hill-climbing approach.

We employed the proposed framework to analyze two
time-series gene expression datasets, each comprising data
from two subgroups of samples. The GSE5462 dataset
included gene-expression data of breast tumor biopsies taken
before and after treatment with letrozole. Our analysis
suggested that gene regulatory networks do mnot differ
substantially between responders and non-responders. The
parents of the differentially expressed genes in the learned
DBN structures included genes from the cell cycle and tp-
53 pathways, with kinase CDK1 being the most connected
node. This situation indicates that differences in the signaling
pathways of responders and non-responders might lie at the
phosphoproteome level since the activity of kinases generally
can not be detected from gene expression data. However, even
with a few differences detected at the gene expression level, the
classification accuracy we obtained was higher than reported in
the previous study [25].

For the GSE37182 colon cancer dataset, different DBN
structures for tumor and normal samples resulted in the lowest
MAE. However, the corresponding DBN structures overlapped
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Fig. 4. Cross-validated MAE of DBN models for GSE37182 dataset. DBN models were learned from the time-series gene expression data of
normal and cancer cells from the colon. Colors correspond to MAP (blue) and consensus (violet) DBN models. Shades correspond to the similarity of
DBN structures estimated for two tumor and normal samples: lighter shades represent models assuming the same DBN structure for both subgroups
(MAP, Consensus), darker shades represent models assuming different DBN structures for two subgroups (sMAP, sConsensus). Patterns correspond to
prior and structural constraints: STRING-based penalization (horizontal lines), STRING-based blacklisting (slanted lines), blacklisting of intra-slice
edges (hatch pattern); absence of pattern corresponds to models with unrestricted topology. (A) MAE(CV) of DBNs with 58 nodes (differentially
expressed genes). (B) MAE(CV) of DBNs with 122 nodes (differentially expressed genes and their transcription factors).
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Fig. 5. Subnetworks of DBN transition structures discovered for the GSE37182 dataset. Structures of non-stationary DBN models without
intra-edges were learned for normal and tumor biopsies. Blue edges denote the edges which are specific to normal DBN only; red edges are specific to
cancer DBN. Black edges are present in both models. Solid lines correspond to edges between genes which were found as interactors in the STRING
database. Genes from the colorectal cancer pathway (KEGG) are highlighted in orange. (A) Most differently connected genes (FOSB, JUN, FOS,
GADD45B) in DBN transition structures of cancer and normal DBN models that are either enriched in the colorectal cancer signaling pathway or were
previously validated as biomarkers of cancer tissue for the dataset GSE37182 and their parents in the learned DBN models. (B) Most similarly connected

genes, which were also found on the generic transcription pathway [46] (highlighted in green).

by 60%, and the biggest differences between networks were Our findings correspond to the common understanding that
identified in the neighborhoods of genes from the colorectal many housekeeping pathways work similarly in tumor and
cancer pathway as well as genes, which were previously normal cells, and the biggest differences can be observed in the

validated as markers stratifying cancer and normal tissue.
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expression and interactions of oncogenes. In addition, the non-
stationary DBN model implemented as a part of the proposed
framework resulted in the lowest MAE.

In this work, we learned the DBN models of known
phenotypic groups, so we were able to evaluate the classification
accuracy and flag overfitting. Our results suggest that the DBN
model can be useful for learning context-specific regulatory
networks. At the next step, the DBN-based mixture model
can be employed for the discovery of unknown disease subtypes
based on time series transcriptomic or multi-omic. data.

4. Data and code availability

The unprocessed data is available at the public GEO repository
under identifiers GSE5462 and GSE37182. The datasets can be
accessed at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?
acc=GSE5462 https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?
acc=GSE37182

The reproducible code and the results are available at the
GitHub repository https://github.com/cbg-ethz/DBNclass.

The latest version of the BiDAG package including
implemented updates is available at CRAN repository https:
//cran.r-project.org/web/packages/BiDAG

5. Competing interests

There is NO Competing Interest.

6. Acknowledgments

The authors thank the anonymous reviewers for their valuable
suggestions. Part of this research was supported by the
European Research Council (ERC) Synergy Grant 609883 and
SystemsX.ch Research, Technology and Development (RTD)
Grant 2013/150.

7. Author contributions statement

P.S. conceived the research project. N.B. supervised the
designed and
computational framework and conducted the analyses. P.S. and

research project. P.S. implemented the
N.B. wrote the manuscript. N.B. and J.K. reviewed and edited
the manuscript.

8. Key points

e The proposed strategy to learn GRNs for multiple
phenotypic groups unifies the efficient approach to DBN
structure learning and the versatile method for model
selection, enabling the discovery of models with high
predictive and classification accuracy.

e The efficient Bayesian approach to structure learning is
better equipped to prevent overfitting than greedy hill-
climbing coupled with other conventional techniques.

e The proposed method highlights the importance of using
cross-validation for model selection and assessing the degree
of differences between the regulatory networks of different
phenotypic groups.

Polina Suter. She is PhD candidate at ETH Zurich. Her
research interests include context-specific network learning,
Bayesian methods for network reconstruction, multi-omics data
integration.

otypic groups using dynamic Bayesian networks. 9

Jack Kuipers. He is a senior scientist at ETH Zurich. His
research is focused on cancer evolution modelling, phylogenetic
tree inference, probabilistic graphical models and single-cell
sequencing analysis.

Niko Beerenwinkel. He is a professor at ETH Zurich. His
research is at the interface of mathematics, statistics, and
computer science with biology and medicine.


https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE5462
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE5462
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE37182
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE37182
https://github.com/cbg-ethz/DBNclass
https://cran.r-project.org/web/packages/BiDAG
https://cran.r-project.org/web/packages/BiDAG
https://doi.org/10.1101/2021.12.16.473035
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.12.16.473035; this version posted December 17, 2021. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in

10 Polina Suter et s

9. Supplementary information

al perpetuity. It is made available under aCC-BY-ND 4.0 International license.

Fig. S1. Cross-validated classification accuracy and MAE of all DBN models considered for the breast cancer dataset. DBN_19, DBN_125 and DBN_158
denote gene sets which were used to learn DBN models. Model specifications corresponding to models IDs (fill color) can be found in Table S1
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Fig. S2. Subnetwork of the DBN transition structure estimated for the breast cancer dataset. The consensus DBN model was learned from 52 biopsies
from the GSE5462 dataset. The DBN topology was restricted to edges connecting genes that were identified as functional interactors in the STRING
database. The visualized subnetwork consists of genes identified as differentially expressed between responders and non-responders (green border) and
their parent nodes in the estimated DBN model, including genes from p53 signaling, cellular senescence, and cell cycle pathways (orange border). Grey
edges represent edges between the same genes in neighboring time slices. Red edges correspond to inter-edges. Blue edges correspond to intra-edges.

PBK QIF\ @9 NUSAP1 TOP2A CEP55 (RFC3 DTL ) CCNB1

(E2F3) (E2F1) (CDK1)

>

@ E2F3. |E2F1.

FOX0| D@ \RRM2) |FHL2

[coKA,

time:
pre-treatment

post-treatment

Fig. S3. Joint subnetwork of DBN transition structures that were learned for normal and cancer samples. Intra-slice edges were blacklisted; all depicted
edges are the edges between neighboring time slices. Black edges correspond to edges that are the same in two DBN models representing different
subgroups. Blue edges are specific to subgroup "normal” and red edges are specific to subgroup ”tumor”. Solid edges correspond to edges that were also

found in the STRING database. Green nodes represent genes from the generic transcription pathway which is presented in the main text.

—zzz=====z=FPSBQ

_,_..-—"" _____---__—_ \\\

T -7 ’t \\\\\
., - - AN
;- _--" VY
lf ///, //’ |||
Ay 7 A
P! LHIST1H4A III
Ry 1
11|/ TAGARY - vVl
LV g a Vg
[V A Vol
[ ] Pl
| /\y\ . P
[ 1
I |\,’ N
| || \ |||I
by L
! Vg
tl 1
| | \ |
! [\
| I| | h [}
| | Vo

|
! | A
! VAR
| ! | /7 |
| I| | / ll
: Pl I:

[ |
| :| | \\ 1!
| | 1
! v
by !
: P I :
pe | L
[ [
\\\AT I/ /
N\ e

NI - \ ¥ v

?LJ4366}— - SMADT)


https://doi.org/10.1101/2021.12.16.473035
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.12.16.473035; this version posted December 17, 2021. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in

12 | Polina Suter et al.

perpetuity. It is made available under aCC-BY-ND 4.0 International license.

Table S1. Ranking of DBN models for breast cancer dataset. To identify which DBN model performs consistently better than others for
networks of different sizes and incorporate both accuracy and MAE we created a global ranking by summing the ranks of each model with
regard to classification accuracy and MAE for each DBN size. Rankings in individual categories are presented in Table S2.

model ID prior/blacklist rank MAP /cons DBN structures (groups) structures (G°, G™)
MAP blacklist_STRING 1 MAP same different
Consensus blacklist_STRING 2 Consensus same different
sMAP_sep blacklist _STRING 3 MAP different different
sMAP blacklist_STRING 4 MAP different same
MAP penalization_.STRING 5 MAP same different
Consensus none 6 Consensus same different
Consensus blacklist_intra 7 Consensus same different
Consensus penalization_ STRING 8 Consensus same different
sConsensus blacklist_STRING 9 Consensus different same
MAP blacklist_intra 10 MAP same different
sMAP_sep penalization_ STRING 11 MAP different different
MAP none 12 MAP same different
sConsensus none 13 Consensus different same
sMAP penalization STRING 14.5 MAP different same
sMAP_sep none 14.5 MAP different different
sMAP none 16.5 MAP different same
sConsensus_sep blacklist_STRING 16.5 Consensus different different
sConsensus penalization . STRING 18 Consensus different same
sConsensus_sep penalization_. STRING 19 Consensus different different
sConsensus_sep blacklist_intra 20 Consensus different different
sConsensus_sep none 21 Consensus different different
sMAP blacklist_intra 23 MAP different same
sConsensus blacklist_intra 23 Consensus different same
sMAP_sep blacklist_intra 23 MAP different different

Table S2. Ranking of DBN models for breast cancer dataset. To identify which DBN model performs consistently better than others for
networks of different sizes and incorporate both accuracy and MAE we created a ranking of models model with regard to classification
accuracy and MAE for each DBN size; ties were resolved by taking maximum. Ranks of models in for each category are reported in this

table.

model ID prior/blacklist accl9 accl25 accl58 mael9 mael25 mael58 sum
MAP blacklist_STRING 17.5 10 1.5 2 1 1 33
Consensus blacklist_STRING 17.5 2 1.5 6 5 8 40
sMAP_sep blacklist_STRING 11.5 4.5 10.5 3 3 11 44
sMAP blacklist_STRING 17.5 10 10.5 1 2 4 45
MAP penalization STRING 4.5 21 4.5 7 9 2 48
Consensus none 7.5 10 10.5 9 7 7 51
Consensus blacklist_intra 11.5 15.5 10.5 4 4 9 54
Consensus penalization STRING 11.5 15.5 3 13 10 3 56
sConsensus blacklist_STRING 22.5 10 4.5 5 6 13 61
MAP blacklist_intra 11.5 15.5 10.5 10 11 5 64
sMAP_sep penalization_.STRING 1 4.5 22 12 15 12 66
MAP none 2.5 18 20.5 11 12 6 70
sConsensus none 7.5 1 10.5 23 19 18 79
sMAP penalization_.STRING 6 10 23.5 15 17 10 82
sMAP_sep none 2.5 4.5 17.5 14 24 20 82
sMAP none 4.5 4.5 23.5 17 18 16 84
sConsensus_sep blacklist_STRING 22.5 15.5 10.5 8 8 19 84
sConsensus penalization STRING 17.5 10 10.5 19 13 17 87
sConsensus_sep penalization STRING 11.5 10 10.5 20 16 22 90
sConsensus_sep blacklist_intra 17.5 21 17.5 18 14 24 112
sConsensus_sep none 11.5 24 10.5 24 23 23 116
sMAP blacklist_intra 22.5 21 17.5 21.5 21 14 118
sConsensus blacklist_intra 22.5 21 17.5 21.5 20 15 118
sMAP_sep blacklist_intra 17.5 21 20.5 16 22 21 118



https://doi.org/10.1101/2021.12.16.473035
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.12.16.473035; this version posted December 17, 2021. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in

. . erpetuity. It is made available under a
Discovering gerle r‘BgL&J]aycor'y rl(‘,taw\*or' KS o? mulllap?() I)(El

References

1.

10.

11.

12.

13.

Nir Friedman. Inferring cellular networks using
probabilistic graphical models. Science, 303(5659):799-805,
February 2004.

Xiujun Zhang, Xing-Ming Zhao, Kun He, Le Lu, Yongwei
Jin-Kao Hao, Zhi-Ping Liu,
Luonan Chen. Inferring gene regulatory networks from gene

Cao, Jingdong Liu, and
expression data by path consistency algorithm based on
conditional mutual information. Bioinformatics, 28(1):98—
104, November 2011.

Frank Emmert-Streib, Matthias Dehmer,
Haibe-Kains.

applications:

and Benjamin
and their
and medical

Gene regulatory networks
understanding biological
problems in terms of networks. Frontiers in Cell and
Developmental Biology, 2, August 2014.

Mario Cangiano, Magda Grudniewska, Mark J. Salji,
Matti Nykter, Guido Jenster, Alfonso Urbanucci, Zoraide
Granchi, Bart Janssen, Graham Hamilton, Hing Y. Leung,
and Inés J. Beumer. Gene regulation network analysis on
human prostate orthografts highlights a potential role for
the JMJD6 regulon in clinical prostate cancer. Cancers,
13(9):2094, April 2021.

Piyush B Madhamshettiwar, Stefan R Maetschke, Melissa J
and Mark A Ragan.

regulatory network inference: evaluation and application

Davis, Antonio Reverter, Gene
to ovarian cancer allows the prioritization of drug targets.
Genome Medicine, 4(5):41, 2012.

S Zickenrott, V E Angarica, B B Upadhyaya, and A del
Sol. Prediction of disease—gene—drug relationships following
a differential network analysis. Cell Death € Disease,
7(1):¢2040-€2040, January 2016.

Ana Rodriguez,
Antonio del Sol.
contextualize prior knowledge networks using PRUNET.
PLOS ONE, 10(6):e0127216, June 2015.

Giusi Moffa,

Suter, Jonas Behr, Ryan Goosen, Gerhard Christofori, and

Isaac Crespo, Ganna Androsova, and

Discrete logic modelling optimization to

Jack Kuipers, Thomas Thurnherr, Polina

Niko Beerenwinkel. Mutational interactions define novel
cancer subgroups. Nature Communications, 9(1), October
2018.

Martin Mehnert, Rodolfo Ciuffa,
Federico Uliana, Audrey van Drogen, Kilian Ruminski,
Matthias Gstaiger, and Ruedi Aebersold. Multi-layered
proteomic analyses decode compositional and functional

Fabian Frommelt,

effects of cancer mutations on kinase complexes. Nature
Communications, 11(1), July 2020.
Monique G. P. van der Wijst, Dylan H. de Vries,

and Lude Franke.

An integrative approach for building personalized gene

Harm Brugge, Harm-Jan Westra,

regulatory networks for precision medicine. Genome
Medicine, 10(1), December 2018.

H. K. Lee.
many microarray data sets. Genome research, 14(6):1085—
1094, May 2004.

Peng Li, Chaoyang Zhang, Edward J Perkins, Ping Gong,

Coexpression analysis of human genes across

and Youping Deng. Comparison of probabilistic boolean
network and dynamic bayesian network approaches for
inferring gene regulatory networks. BMC Informatics,
8(S7), November 2007.

Nir Friedman, Michal Linial, Iftach Nachman, and Dana
Pe'er. Using bayesian networks to analyze expression data.
Journal of Computational Biology, 7(3-4):601-620, August
2000.

C-BY-ND 4.0 International license. » L
enotypic groups using dynamic Bayesian networks. ‘

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

13

Luis M. de Campos, Andrés Cano, Javier G. Castellano,
and Serafin Moral. Combining gene expression data and
prior knowledge for inferring gene regulatory networks via
bayesian networks using structural restrictions. Statistical
Applications in Genetics and Molecular Biology, 18(3),
May 2019.

Tarmo Aij(’j and Harri Lahdesmaki. Learning gene

regulatory networks from gene expression measurements

using non-parametric molecular kinetics. Bioinformatics,
25(22):2937-2944, August 2009.
Bin Yang and Wenzheng Bao. RNDEtree: Regulatory

network with differential equation based on flexible neural
tree with novel criterion function. IEEE Access, 7:58255—
58263, 2019.

Kevin Murphy and Saira Mian. Modelling gene expression
data using dynamic bayesian networks. Technical report,
Computer Science Division,
Berkeley, CA, 1999.

Michael J. McGeachie, Joanne E. Sordillo, Travis Gibson,
George M. Weinstock, Yang-Yu Liu, Diane R. Gold,
Scott T. Weiss, and Augusto Litonjua.
prediction of the infant gut microbiome with dynamic

University of California,

Longitudinal

bayesian networks. Scientific Reports, 6(1), February 2016.
Jun Zhu, Yanqging Chen, Amy S. Leonardson, Kai
John R. Lamb, Valur Emilsson, and Eric E.
Characterizing dynamic changes in the human
PLoS Comput Biol,

Wang,
Schadt.
blood transcriptional network.
6(2):¢1000671, February 2010.

Linlin Xing, Maozu Guo, Xiaoyan Liu, Chunyu Wang, Lei
Wang, and Yin Zhang.
method for reconstructing gene regulatory network based
BMC Genomics, 18(S9),

An improved bayesian network

on candidate auto selection.
November 2017.

Maria Angels de Luis Balaguer and Rosangela Sozzani.
Inferring gene regulatory networks in the arabidopsis root
In Methods
in Molecular Biology, pages 331-348. Springer New York,
2017.

Haoni Li, Nan Wang, Ping Gong, Edward J Perkins, and
Chaoyang Zhang. Learning the structure of gene regulatory
BMC

using a dynamic bayesian network approach.

networks from time series gene expression data.
Genomics, 12(S5), December 2011.
M. Grzegorczyk and D. Husmeier. Improvements in the
reconstruction of time-varying gene regulatory networks:

dynamic programming and regularization by information

sharing among genes. Bioinformatics, 27(5):693-699,
December 2010.

Daniel Ruiz-Perez, Jose  Lugo-Martinez, Natalia
Bourguignon, Kalai Mathee, Betiana Lerner, Ziv Bar-

Joseph, and Giri Narasimhan. Dynamic bayesian networks
for integrating multi-omics time series microbiome data.
mSystems, 6(2), April 2021.

Konstantina Kourou, George Rigas, Costas Papaloukas,
Michalis Mitsis, Fotiadis.
classification from time series microarray data through

and Dimitrios I. Cancer
regulatory dynamic bayesian networks. Computers in
Biology and Medicine, 116:103577, January 2020.

D. Husmeier. Sensitivity and specificity of inferring genetic
regulatory interactions from microarray experiments with
dynamic bayesian networks. Bioinformatics, 19(17):2271—
2282, November 2003.

Adriano V Werhli and Dirk Husmeier.
gene

Reconstructing
regulatory networks with bayesian networks by
combining expression data with multiple sources of prior


https://doi.org/10.1101/2021.12.16.473035
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.12.16.473035; this version posted December 17, 2021. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

14 | Polina Suter et z

knowledge. Statistical Applications in Genetics and
Molecular Biology, 6(1), January 2007.

Madhu Chetty,
Improving gene regulatory network inference using network

Ajay Nair, and Pramod P. Wangikar.
topology information. Molecular BioSystems, 11(9):2449—
2463, 2015.

Jack Kuipers, Polina Suter, and Giusi Moffa. Efficient
sampling and structure learning of bayesian networks.

arXiv:1803.07859v3, 2020.

Polina Suter, Jack Kuipers, Giusi Moffa, and Niko
Beerenwinkel. Bayesian structure learning and sampling
of Dbayesian networks with the r package bidag.

arXiw:2105.00488, 2021.
Huihai Wu and Xiaohui Liu.
modeling for inferring genetic regulatory networks by search

Dynamic bayesian networks

strategy: Comparison between greedy hill climbing and
mcmc methods. 2008.

Dan Geiger and David Heckerman. Parameter priors for
directed acyclic graphical models and the characterization
of several probability distributions. The Annals of
Statistics, 30(5), October 2002.
Moffa,
Addendum on the scoring of gaussian directed acyclic
graphical models. The Annals of Statistics, 42(4), August
2014.

M. Zou and S. D. Conzen. A new dynamic bayesian network

Jack Kuipers, Giusi and David Heckerman.

(DBN) approach for identifying gene regulatory networks
from time course microarray data. Bioinformatics,
21(1):71-79, August 2004.

Damian Szklarczyk, Annika L Gable,
Alexander Junge, Stefan Wyder, Jaime Huerta-Cepas,
Milan Simonovic, Nadezhda T Doncheva, John H Morris,

Peer Bork, Lars J Jensen,

David Lyon,

and Christian von Mering.
STRING v11: protein—protein association networks with
discovery in
Acids

increased coverage, supporting functional
genome-wide experimental datasets. Nucleic
Research, 47(D1):D607-D613, November 2018.

Tin Kam Ho.
of 3rd international conference on document analysis and
recognition, volume 1, pages 278-282. IEEE, 1995.

Michal Majka. naivebayes:
Implementation of the Naive Bayes Algorithm in R,
2019. R package version 0.9.7.

Random decision forests. In Proceedings

High Performance

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

. perpetuity. It is made available under aCC-BY-ND 4.0 International license.

L. Gautier, L. Cope, B. M. Bolstad, and R. A. Irizarry. affy—
analysis of affymetrix GeneChip data at the probe level.
Bioinformatics, 20(3):307-315, February 2004.

Jakob Willforss, Aakash Chawade, and Fredrik Levander.
NormalyzerDE: Online tool for improved normalization
of omics expression data and high-sensitivity differential
expression analysis. Journal of Proteome Research,
18(2):732-740, October 2018.

Matthew E. Ritchie, Belinda Phipson, Di Wu, Yifang Hu,
Charity W. Law, Wei Shi, and Gordon K. Smyth.
powers differential expression analyses for RNA-sequencing

limma

and microarray studies. Nucleic Acids Research, 43(7):e47—
e47, January 2015.

Joannis Tsamardinos, Laura E. Brown, and Constantin F.
Aliferis.
structure learning algorithm. Machine Learning, 65(1):31—
78, March 2006.

Dénes Thiirei, Tamés Korcsméros, and Julio Saez-Rodriguez.

The max-min hill-climbing bayesian network

OmniPath: guidelines and gateway for literature-curated
signaling pathway resources. Nature Methods, 13(12):966—
967, November 2016.

Minoru Kanehisa, Miho Furumichi, Yoko Sato, Mari
Ishiguro-Watanabe, and Mao Tanabe. KEGG: integrating
viruses and cellular organisms. Nucleic Acids Research,
49(D1):D545-D551, October 2020.

Jian Kang, C Marcelo Sergio, Robert L Sutherland, and
Elizabeth A Musgrove. Targeting cyclin-dependent kinase
1 (CDK1) but not CDK4/6 or CDK2 is selectively lethal to
MY C-dependent human breast cancer cells. BMC Cancer,
14(1), January 2014.
Robert Roskoski.
inhibitors including palbociclib as anticancer
Pharmacological Research, 107:249-275, May 2016.
M Caudy.
curated knowledgebase of biological pathways, 24, March
2008.

Valeria Musella,

Cyclin-dependent protein kinase
drugs.

Generic transcription pathway. Reactome - a
Paolo Verderio, James Francis Reid,

Manuela Gariboldi,
Loris

Sara Pizzamiglio, Maurizio Callari,

Milione Massimo, De Cecco, Silvia Veneroni,

Marco Alessandro Pierotti, and Maria Grazia Daidone.
Effects of warm ischemic time on gene expression profiling
in colorectal cancer tissues and normal mucosa. PLoS ONE,

8(1):e53406, January 2013.


https://doi.org/10.1101/2021.12.16.473035
http://creativecommons.org/licenses/by-nd/4.0/

	Introduction
	Methods and data
	Learning DBN models for phenotypic subgroups
	Classification accuracy
	Data
	Variable selection
	Simulation studies

	Results
	Simulated data
	Analysis of time-series gene expression data
	Analysis of breast cancer time-series gene expression data
	Analysis of colorectal cancer time-series gene expression data
	Discussion

	Data and code availability
	Competing interests
	Acknowledgments
	Author contributions statement
	Key points
	Supplementary information

