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Final Report: Identification of Gene Networks: An Approach Based on
Mathematical Modeling

Statement of the problem studied

The gene regulatory network of an organism is a key component in understanding its
biology and the way in which it responds to external stimuli. Thus, significant attention
has been focused in the biological community on determining gene regulatory networks
using high-throughput -omics data—so-called “reverse engineering” of gene networks.
Despite extensive efforts, however, there are no feasible methods for accurately
determining large-scale gene networks. We seek, through a combination of theoretical
and experimental approaches, to develop an accurate, feasible reverse engineering
method that can be applied to large-scale gene networks.

Summary of the most important results

1. We developed a theoretically near-optimal reverse engineering method that we
call the sensitivity method. Using an ordinary differential equation (ODE) model
of gene networks developed for the DREAM (Dialogue on Reverse Engineering
Assessment and Methods) competition?, we computationally simulated gene
networks and their behavior under experimental perturbations. We showed
that, on networks satisfying this ODE model, the sensitivity method reverse
engineers gene networks at vastly reduced experimental cost and with greater
accuracy. On a 100-gene network, the experimental cost is reduced by an order
of magnitude, with the level of reduction increasing as the size of the network
increases (see Appendix 1)2.

2. We applied the sensitivity method to a five-gene subnetwork of Escherichia coli:
ompR, flhC, flhD, flgA, and flgC. The regulatory interactions among these genes
have been previously discovered and are part of the regulatory interaction
database RegulonDB7. We aimed to show that the sensitivity method recovers
the known regulatory interactions. Our preliminary results show that the
sensitivity method can be used to partially recover the subnetwork, and with
some modifications to reduce biological replicate variability and some additional
measurements, we expect to be able to fully recover the subnetwork. In addition,
our method discovered a novel interaction among fIhC and fIhD that is consistent
with small RNA regulation (see Appendix 2).
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Appendices

Appendix 1: Results from computational experiments

The sensitivity method was computationally tested on in silico networks with varying
assumptions and sizes. Networks were generated using GeneNetWeaver 3.18, the
software used to generate networks for DREAM3, 4, and 5 challenges. These were
randomly generated from global interaction networks of all experimentally validated

regulatory interactions in either Escherichia coli” or Saccharomyces cerevisiae!.

A dynamical model was constructed using the ODE system described by Marbach et al.>

and Schaffter et al.8, and parameters were randomly generated. Measurement noise was
simulated by adding Gaussian noise with varying standard deviation to the steady-state
expression level of each gene. Expression was normalized so values laid in the interval

[0,1]. For noisy networks, changes in expression were detected using a two-sample t-

test. Network identification accuracy for noisy networks was assessed by calculating the

average area under the precision-recall curve (AUPR). Precision is the ratio of the
number of correctly identified interactions over the total number of identified
interactions. Recall is the ratio of the number of correctly identified interactions over
the total number of interactions. Precision-recall curves were traced by scanning the
significance level, s, used for the t-test, starting from s sufficiently large that the recall is
1, with geometrically decaying values until recall reached 0.

We assessed the performance of the sensitivity method for identification of noiseless
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Figure 1. Average assignment and measurement complexity for acyclic E. coli networks without noise.
Averages were calculated over 10 randomly generated networks. Error bars indicate standard
deviation.

acyclic networks. To obtain acyclic networks, networks were generated using
GeneNetWeaver and strongly connected components (SCCs) were detected and broken
using depth-first search and removing back-edges. Network sizes ranged from 100 to
1,500 for E. coli and 500 to 4,000 for S. cerevisiae. For each species, the largest network
generated is smaller than the number of known genes because of the lack of regulatory
information for many genes. The number of assignments and measurements required
for E. coli networks appears to increase linearly with increasing network size (Figure 1).
For S. cerevisiae networks, assignments and measurements seem to increase faster than
linearly with increasing network size (Figure 2). This faster than linear increase in
complexity may be explained by the tendency for S. cerevisiae networks to have longer
diameters and nodes with, on average, higher degrees compared to E. coli networks.

Data in Figure 1 and Figure 2 were fit using linear and quadratic regression. Fits were
used to extrapolate results and estimate complexity costs for identification of
hypothetical full-sized acyclic E. coli and S. cerevisiae networks of 4,501 and 6,607 genes
respectively. Using linear fitting, we estimate that approximately 2,100 assignments and
1,100 measurements would be needed for identification of the full E. coli network,
compared to approximately 5,000 assignments and 1,300 measurements using
quadratic fitting. For identification of the full S. cerevisiae network, linear estimates
require approximately 5,600 assignments and 2,900 measurements compared to
quadratic estimates of 12,600 assignments and 8,300 measurements. Because we do not
know how complexity costs change as networks approach their full size, we take the
linear and quadratic estimates for complexity as approximate lower and upper bounds
respectively.
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Figure 2. Average assignment and measurement complexity for acyclic S. cerevisiae networks without
noise. Averages were calculated over 10 randomly generated networks. Error bars indicate standard
deviation.

Assignments and measurements were determined for noiseless cyclic E. coli networks
with ten replicates of each size, from 250 to 1,500 (Figure 3). We found that less than
5% of the genes in each network were part of a SCC (Figure 4). The number of
assignments and measurements required for identification of these networks, excluding
their SCCs, seem to increase linearly with increasing network size. Thus, using linear
extrapolation, we estimate that a hypothetical full-size E. coli network of 4,501 genes
containing cycles would require, on average, approximately 2,100 assignments and
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Figure 3. Average assignment and measurement complexity for cyclic E. coli networks without noise.
Averages were calculated over 10 randomly generated networks. Error bars indicate standard
deviation.
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Figure 4. Average size of SCCs for cyclic E. coli networks without noise. Averages were calculated over
ten randomly generated networks. Error bars indicate standard deviation.

1,000 measurements to be identified up to the SCCs. With quadratic extrapolation, on
average, 4,900 assignments and 1,300 measurements would be required.

Algorithm performance for noisy E. coli networks of 100 and 500 genes was assessed
with respect to varying number of replicate measurements and varying levels of
additive Gaussian noise ranging from standard deviation of 0.01 to 0.1 (Figure 5). For
the 100-gene network, a minimum of five replicate measurements is needed to achieve
an average AUPR of at least 0.95 for noise standard deviation of 0.05. For the 500-gene
network, however, an average AUPR of only 0.76 is achieved even after 64 replicates
with noise standard deviation of 0.01 (Figure 6). The minimum and maximum AUPR
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Figure 5. Average AUPR for varying number of measurement replicates and noise standard deviation
(o) in 100-gene E. coli network simulations. Averages were calculated over five randomly generated
networks. Error bars indicate standard deviation.
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Figure 6. Average AUPR for varying number of measurement replicates in 500-gene E. coli network
simulations with noise standard deviation 0.01. Averages were calculated over 29 randomly generated
networks. Error bars indicate standard deviation.

among the 29 networks tested is 0.39 and 0.98, respectively. Such high variability may
be related to error propagation. It seems that, for larger networks, there is a significant
probability that GeneNetWeaver will generate a gene with multiple regulators where
the effect of one specific regulator by itself is small (e.g., a close approximation to a
binary AND gate or OR gate is achieved). Errors associated with the detection of this
regulatory interaction then appear to propagate in our algorithm. It is unclear whether
such regulation functions occur in real, natural systems or whether they are an artifact
of the parameter generation distributions used by GeneNetWeaver.

We compare our results to those from the DREAM3 competition5¢. For the network
inference challenge, teams were supplied with three types of data: steady-state
expression levels of wild-type and single gene knockout strains, steady state expression
levels of single gene knockdowns, and 46 time courses of expression level trajectories
for wild-type strains with different multi-factorial perturbations. The trajectories were
sampled at 21 time-points. Gaussian noise with 0.05 standard deviation was added to all
data points to simulate measurement error. For the 100-gene network challenge, these
data represent 246 assignments and 1,167 measurements if we consider each multi-
factorial perturbation only as a single assignment. Even so, the best-performing team’s
algorithm achieved an average AUPR of 0.75. In comparison, we were able to achieve
0.95 AUPR on 100-gene networks with approximately 32 assignments and 120
measurements on average.

Appendix 2: Experimental results on five-gene E. coli network

To experimentally validate the model, we chose an acyclic sub-network in E. coli
MG1655 consisting of five non-essential genes: outer-membrane protein regulator
ompR, master regulators of flagellar synthesis genes fIhD and fIhC, and flagellar
biosynthesis genes flgA and flgC. The arc set for this network is {(ompR, flhD), (ompR,

f1hC), (fIhD, figA), (fInD, figC), (fIhC, figA), (flhC, figC)} (Figure 7). There is strong




experimental evidence for each of ompR

these interactions®19. In theory, the

sensitivity network for this set would

contain transitivity arcs (ompR, flgA) flhD flnc

and (ompR, flgC). The cutset for both

transitivity arcs is {fIhD, flhC}. Single ’

gene knockouts for the transcription aba

factors ompR, flhD, and fIhC were é flgC

created from MG1655 using the A Red

mediated recombination system Figure 7. E. coli regulatory sub-network containing

3 . genes ompR, flhD, fIhC, figA, and fIgC. Solid edges

developed by Datsenko et al. (prlmers represent interactions for which there is strong

listed in Table 1). To turn off the experimental evidence. Dashed edges represent

cutset genes, a double knockout of potential sensitivity edges (i.e. indirect interactions
’ where the target is affected by a perturbation at the

fIhD and fIhC was constructed and source, but there is no direct, physical interaction

transformed with plasmid pZS2-123 between the two).

cloned with flhDC downstream of the

lacZ promoter . The flhDC fragment was amplified from wild-type MG1655. pZS2-123
was restriction digested using BamH1-HF restriction enzyme and cloning was
performed via Gibson Assembly. The strains are summarized in Table 2.

To experimentally obtain the sensitivity network, cultures from S1, S2, and S3 strains as
well as wild-type were grown in triplicate to 0OD600,n ~1 in M9 media supplemented
with 1mM MgS04 and .2mM CaCl,. RNA was collected and DNA digested using the

Table 1. Sequences of primers used to create knockout strains.

Primer Sequence 5’ to 3’

ompRP1 GAATACACGCTTACAAATTGTTGCGAACCTTTGGGAGTACAAACAATGCAGT
GTAGGCTGGAGCTGCTTC

ompRP2 TGAACTTCGTGGCGAGAAGCGCAATCGCCTCATGCTTTAGAGCCGTCCGGATT
CCGGGGATCCGTCGACC

flhC P1 TGTTAATCAGCCTGAAGAAGCGCTGCGCAAGAAAAGGGCCTGATCATGAGGT
GTAGGCTGGAGCTGCTTC

fIhC P2 TGCTGGAATGTTGCGCCTCACCGTATCAGTTAAACAGCCTGTACTCTCTGATT
CCGGGGATCCGTCGACC

flhD P1 GGTGAAACCGCATAAAAATAAAGTTGGTTATTCTGGGTGGGAATAATGCAGT
GTAGGCTGGAGCTGCTTC

flhD P2 TTCCTGAACAATGCTTTTTTCACTCATGATCAGGCCCTTTTCTTGCGCAGATT
CCGGGGATCCGTCGACC

flgA P1 TGCGGACAGGTACAATTCACGTTGTAGAAATGGCTGGGGGCGAAAATGCTGT
GTAGGCTGGAGCTGCTTC

flgA P2 TCGGCAAGGGACGGGTAATCTTTAACAGCTTACAGGTTTATAAGAATATTAT
TCCGGGGATCCGTCGACC

flgC P1 CAAATCAAAGGCATGATGAACGTTTTACAGAGCGGAAATTAACGGATGGCGT
GTAGGCTGGAGCTGCTTC

flgC P2 GGTTACCGCAATGGACATAGCTTTCTCCTTTATTGACCGAGCGTAAGGGTATT
CCGGGGATCCGTCGACC




Qiagen RNeasy Mini Kit and Table 2. Summary of strains for validation study.
RNase-free DNase set. gPCR was

performed for two experimental Strain _Genotype
replicates of each RNA sample. S1 MG1655A0mpR

. S2 MG1655AfIhD
Approximately 50ng total RNA 3 MG1655AfAC

and 200nM primers were used S4 MG1655AfIhDC pZS2-123
with the qScript™ One-Step SYBR | g5 MG1655AfThDCAompR pZS2-123
Green qRT-PCR Kit. Primers

were designed using the PrimerQuest tool from the Integrated DNA Technologies
website with amplicon length ranging from 100-110 bp. For thermocycling, the standard
gPCR cycling protocol specified in the qScript manual was used over 40 cycles.

Technical duplicates for which the standard deviation of the Ct value exceeded 2 were
excluded from analysis. The remaining Ct values were used to perform two-sample t-
tests to determine differential expression of each gene between strains. p-values for the
t-tests are summarized in Table 3. We see that the largest p-values are obtained for
ompR in AflhD and AfIhC, which is what we expect, since fIhD and fIhC do not regulate
ompR. Smaller p-values are obtained for all other interactions, which is what we expect
from the network in Figure 7, except for flhC in AflhD and fIhD in AflhC. This suggests
that fIhC regulates flhD and vice versa. Although there is no evidence of direct regulatory

Table 3. Summary of qPCR results. p-values are for two-sample t-test comparing Ct values of each gene
between wild-type (WT) and knockout strains.

Strain gene mean Ct  std. dev p-value

WT ompR 20.55 0.84
flhD 35.92 0.34
flhC 28.70 0.04
flgA 28.03 0.98
flgC 27.91 0.28

AompR ompR 31.75 1.18 0.0002
flhD 34.60 0.25 0.0480
flhC 27.73 0.93 0.2548
flgA 27.45 0.64 0.4731
flgC 26.64 1.13 0.2364

AflhD ompR 20.16 0.95 0.6237
flhD 40.00 0.00 0.0002
flhC 25.69 0.79 0.0330
flgA 26.13 0.57 0.1419
flgC 2691 1.29 0.3969

AflhC ompR 20.88 0.34 0.5643
flhD 33.58 0.53 0.0345
flhC 38.75 1.77 0.0153
flgA 26.70 0.14 0.0871
flgC 27.69 0.34 0.5134




interaction between these two genes, the two genes are co-regulated by the same small
RNA, which would explain this observation. Although the data in Table 3 show the
correct trend, the p-value separation among non-interacting and interacting gene pairs
is rather small. In follow-up experiments, we plan to adjust our qPCR assay to
additionally measure expression of reference genes to which the expression of all other
genes can be normalized. This will allow distinction of differences in expression that are
due to differential regulation and those due to noise. Candidate reference genes for E.
coli MG1655 include glucan biosynthesis protein G (mdoG) and 16S ribosomal RNA
(rrsB). In this manner, we expect to reduce the variability among biological replicates
and, in so doing, increase the p-value discrimination between interacting and non-
interacting genes.

Finally, we see in our data that knockout of ompR affects the expression of flgA and flgC
even though there is no direct regulation of fIgA or flgC by ompR. This effect is consistent
with the indirect interactions that we expect. In the sensitivity method, we discriminate
indirect interactions from direct interactions by measuring the expression of flgA and
flgC under a AfIhC AflhD flhC+ flhD+ mutant (i.e. a mutant where fIhC and fIhD have been
knocked out and complemented) and a AompR AfIhC AflhD flhC+ flhD+ mutant. Because
there is no direct regulation of flgA and flgC by ompR, we expect to see no significant
difference in their expression between these two mutants.



