Loregic: A Logic-circuit method to characterize
cooperativity of regulatory factors

ABSTRACT
Regulatory factors act cooperatively to control gene expression. Leveraging on the vast amount of func-

tional genomics data available, it is now possible to conduct a comprehensive and systematical analy-

sis of regulatory factors’ functional cooperativity. We present Loregic, a novel computational method

that integrates gene expression and regulatory network data, to identify and characterize the coopera-

tivity of regulatory elements using logic-circuit models. Loregic is freely available as a general-purpose

tool via hitps://github.com/gersteinlab/Loregic. We describe the basic regulatory triplet consisting of two

regulatory factors (RFs) acting on a common target, using a two-input-one-output logic gate model. We

use binarized gene expression data, to score the agreement between a triplet’s cross-sample expres- |

sion and the idealized expression pattern of each 16 possible logic gates. A high score suggests a |

strong cooperativity between jwo RFs to target following the corresponding logic gate pattern. To

demonstrate | oregic’s versatility, we apply it to yeast cell cycle and human cancer datasets. In yeast,

we validate our method using data from transcription factor (TF) knockout gxperiments and we are able

to predict logical cooperation among TFs, In human, we integrate ENCODE ChIP-Seq and TCGA RNA-

Seq expression data_to study cooperativity between and among TFs and micro-RNAs. We find that the

oncogenic TFs such as MYC, can be modeled as acting independently from other TFs, but antagonisti-

cally with micro-RNAs. Finally, we explore Loregic’s applicability to other regulatory features. As such

as we use |t for 1) discovery and classification of indirectly bound TFs, and 2) prediction of logical oper-

ations in feed-forward loops, a special type of regulatory jriplets in which one TF regulates both the tar-

get gene and the other TF. |
Contact: pi@gersteinlab.org

1 INTRODUCTION

The rapidly increasing amount of high throughput sequencing data offers novel and diverse resources to
probe molecular functions and activities on genome scale. Integrating and mining these various large-
scale datasets is both a central priority and a great challenge for the field of functional genomics. Reach-

ing these goals necessitates the development of specialized computational tools.
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D. Wang et al.

Gene expression is a complex process that achieves both spatial and temporal control through the

coordinated action of multiple regulatory factors " * . These regulatory factors affecting gene expression

take several forms, such as transcription factors, which directly or indirectly bind DNA at promoters and

enhancers of their target genes, and non-coding RNAs (e.g. microRNAs) “°. RFs can act as activators or

repressors, but ultimately, the target gene expression is determined by combining the effects of multiple

regulatory factors. As a large amount of genomic data has become available, it is possible to systemati-

cally study the genomic functions of various RFs and see how they interact with each other in order to
regulate the target gene expression.

In the past decade, an increasing number of experimental and computational studies have focused on

analyzing Jinks between RFs, from various biological characteristics such as protein-protein interactions,

sequence motifs in cis-regulatory modules TF binding sites, co-associations of TFs in binding sites, and
1,5-8

v

co-expressions of TF target genes

. However, they focused solely on the identification of the wiring

relationships (e.g. co-binding, co-association, and co-expression), leaving untouched the cooperative

patterns among RFs that drive the biological functions behind the wiring diagrams. In this study, we use

data derived from ChIP-Seq and RNA-Seq experiments to predict the cooperative patterns between RFs
as they co-regulate the expression of target genes. On a genome-wide scale ChIP-Seq provides regulato-
ry information about wiring between RFs and targets, while RNA-Seq provides gene expression data.

By combining these two data types we are able to go beyond the regulatory activities of individual RFs

and investigate the relationships between larger order RFs groups..

Cells achieve tremendous diversity in their gene expression programs, in large part due to coopera-

tion among RFs, which may individually act as activators or repressors °. While the individual activity

of many RFs remains to be characterized, their combined actions determine the expression pattern of
their target gene. Here, we seek to systematically describe RF cooperation using logic models. At a high
level, the gene regulatory network can be regarded as an electronic circuit. Therefore, we can build on
the vast electronics knowledge base to draw useful insights for understanding and probing biological
regulation. For example we can apply regulatory combinatorics (a key design principle in the field of

electronics'm) in the study of gene regulation using logic gate models. A logic gate is a discrete, high-

level functional module that describes in an objective manner the relationship between a system’s input

and output elements. By applying logic functions to study the TF interactions in E. coli and S. cerevisiae

in ,”, the authors found that the logic gate is a simple but useful framework for understanding regulatory

cooperativity among RFs. While this model is not able to capture very complex regulatory patterns, that
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cooperativity of regulatory factors

may be characterized by continuous models >, it is computationally efficient, and comprehensive

enough to be meaningful and to accurately describe a large variety of regulatory networks on a genome-

wide scale in multiple organisms. Here, we present a computational method that streamlines the process

of inferring logical cooperative yelationships among RFs, without requiring any prior information regard-

ing their individual activity (as activators or repressors), We successfully apply our algorithm towards

developing a comprehensive map of gene regulation,,

In, numerous cases, gene regulation can be regarded as a logical process, described by a logic gate

model, where RFs are the input variables and the target gene expression is the output,3 AL For ex-

ample, DNA sequence motifs have been found to work together following standard combinatorial logic

(AND, OR and NOT) to match gene expression patterns ,Zi By contrast, TFs can indirectly control gene

expression without binding to regulatory sequence elements but rather connecting with other bound TFs

. . . 2.23 . . .
through protein-protein interactions ;> ~. As such, in order to describe this process we need a more com-

plex logic pattern. In this respect, we use general logic-circuit models to describe the logic operations
for regulatory modules, consisting of multiple RFs and their common target genes.
The three basic logic operators, AND, OR, and NOT, can be combined in a variety of ways to describe

all possible logical operations |'. However, for simplicity it is useful to consider each operation inde-

pendently. For any two-input-one-output scenario there are 16 possible logic gates (including all possi-
ble logic combinations between positive and negative regulators) (See Methods). These logic gates rep-
resent a useful and systematic framework for describing complex interactions between RFs and targets.
Previous studies took advantage of binarized regulatory data (provided by perturbation experiments,
such as TF knock-outs) and Boolean models in order to capture the logic processes that describe the TFs

2

interactions ,i The simple binary operations in the Boolean model are computationally efficient for

large-scale datasets. However, previous efforts focused only on a small set of transcription factors and

target genes, missing patterns from genome-wide identification and characterization of logic operations

in gene regulation. In addition, numerous other important regulatory factors such as micro-RNAs (miR-
NAs) and TFs distally bound to target enhancer regions, have been overlooked in previous regulatory

analyses.

By combining the activity of RFs and their respective targets on a genome-wide scale a bigger picture

emerges, the gene regulatory network. To better understand this network we explore the interactions

among its various components and features. Mathematically, it can be modeled as a directed network

5,25,26
\4

with a hierarchical structure comprising of top, middle, and bottom layers . Previous studies have
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D. Wang et al.

shown that the middle levels RFs play important roles in gene regulation. Another feature of gene regu-
latory networks is the network motif. A common motif is the feed-forward loop (FFL), which consist of
two RFs acting on a common target, while one RF regulates the other. FFLs can be classified into eight
types based on the combination of the two RFs acting as activators and/or repressors. Previous studies in
yeast ,” looked at a small set of FFLs, and have shown that they interact following logic operations.
Thus, it is interesting to investigate how the logic operations associate with various regulatory network
features.

In this paper, we present a novel computational method, Loregic, which integrates gene expression and
regulatory data to characterize RFs on a genome-wide scale using logic-circuit models. Loregic classi-
fies individual regulatory factors into functional modules (i.e., regulatory triplets) and reveals how mod-
ular genes act functionally as logic circuits. We apply Loregic to study regulatory factors (TFs and

miRNAs) in yeast cell cycle and human cancer datasets. We also jllustrate our method’s applicability to

predict Jogic cooperation for two regulatory features: indirectly bound TFs and FFLs.
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2 RESULTS

Loregic takes as inputs two types of data: a regulatory network (defined by RFs and their target genes)
and a binarized gene expression dataset across multiple samples. The binarized gene expression data (1
— on and 0 — off) is simple but useful in representing the network RFs’ activity on target genes. The in-

puts can be chosen from different resources to meet the user’s needs. In this paper, we used BoolNet 7

to obtain binarized gene expressions. Loregic describes each regulatory module (triplet) using a particu-
lar type of logic gate; i.e. the, gate that best matches the binarized expression data for that triplet across

all samples. Loregic scores the agreement between the triplet’s cross-sample expression and the ideal-

ized expression pattern of each 16 possible logic gates using Laplace’s rule of succession (see Methods).,,

A high score implies a strong co-operation between the activities of the two RFs on the target as de-

scribed by the matched logic gate. If such a logic gate is found, we define a “logic-gate-consistent” or

“gate-consistent” triplet as the triplet consistent with the respective logic gate. In the case that no best-
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cooperativity of regulatory factors

paper, we evaluate Loregic’s capabilities to analyze transcription factors, miRNAs and their target
genes. In detail, our method comprises of five steps (Figure 1):
Step 1: Input of gene regulatory network consisting of regulatory factors and their target genes;
Step 2: Identification all RF1-RF2-T triplets where RF1 and RF2 co-regulate the target gene T;
Step 3: Query of binarized gene expression data for any given triplet;
Step 4: Matching of the triplet’s gene expressions against all possible two-input-one-output logic gates
based on the binary values;
Step 5: Finding the matched logic gate if the triplet is gate-consistent, and calculating the consistency
score;

Finally, Steps 3-5 are repeated for all triplets in the regulatory network and all logic-gate-consistent

triplets are identified.
The gate-consistent triplets can be further mapped onto other regulatory features (see Discussion). In«
this paper we describe two applications leveraging on the logic-gate-consistent triplet data: 1) prediction

of logic operations for 1) indirectly bound TFs and 2) feed-forward loops.

2.1 Applications

We study Loregic’s ability to characterize gene regulation in both small and complex biological systems.<

In particular we analyze two model datasets: yeast cell cycle and human cancer, |

/

Yeast (S. Cerevisiae) is a small but well-studied biological system. The large variety of publicly avail-«
able gene regulation and expression data makes it an ideal model organism to test and validate our algo-

rithm. As an example, we use Loregic to predict logic cooperations among yeast TFs. We validate our |

results using data from genome-wide TF knockout experiments.

. By contrast, human cancers are complex biological systems. Here we use Loregic to study the acute |

myeloid leukemia (AML), a quickly progressing cancer with low (five-year) survival rates (<25%),

causing over 10,000 deaths, in USA in 2014 2

We extracted gene regulatory network data from the

ENCODE leukemia cell line, K562, and gene and miRNA expression datasets for AML from TCGA.

Using Loregic, we predicted functional cooperation between and among TFs and miRNAs in AML.

2.1.1. Yeast TFs are cooperative during cell cycle

We used Loregic to characterize the TF-TF-target logics during the yeast cell cycle (see Methods) and

found 4,126 TF-TF-target triplets that are gate-consistent (Fig. 3A). Among the gate-consistent triplets,
we found that “T=RF1*RF2”(i.e., AND gate), “T=~RF1*RF2”, and “T=RF1*~RF2” logic gates, have
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more triplets matched than all other gates, where ‘~” and ‘*’ represent the NOT and AND logic opera-
tors respectively. Having randomly assigned TFs as RF1 and RF2, the “T=~RFI*RF2” and
“T=RF1*~RF2” logic gates are symmetric. The AND gate triplets indicate that both TFs are required in
order to activate the expression of their target gene (see discussion of other logic gates in Fig. S1). After
matching all triplets against logic gates, we looked at variations in matched logic gates for a particular
type of triplets (RF1, RF2, X), that share regulatory factors (RF1 and RF2) but have distinct targets
(T=X) (Fig. 3B). As a result we were able to distinguish three categories for this triplet group: 1) “ho-

mogenous’ gate-consistent triplets — matching the same, logic gate across all targets (e.g., top table); 2)
“inhomogeneous” gate-consistent triplets — matching different logic gates across all targets (e.g., middle

table); and 3) non gate-consistent triplets, i.e. triplets inconsistent with all logic gates across all targets
(e.g., bottom table).

2.1.2. Logic operations between TF-TF, miRNA-TF, and distTF-TF across targets in

acute myeloid leukemia

We characterized TF-TF, miRNA-TF, and distTF-TF logic operations by integrating ENCODE and
TCGA AML datasets using Loregic. Fig. 4 shows the distributions of gate-consistent TF-TF-target,
miRNA-TF-target and distTF-TF-target triplets across all possible logic gates.

To test the relative importance of the TFs, miRNAs, and distTFs as regulators in the RF1-RF2-target-
triplet, we randomly assigned TFs as RF1 and RF2, and looked at the variations between symmetrical
logic gate pairs (e.g. T=RF1+~RF2 vs T=~RF1+RF2 or T=RF1 vs T=RF2) in terms of matched triplets.
We found no significant differences for the TF-TF-target triplet (Fig. 4A). However miRNA-TF-target
and distTF-TF-target triplets told another story (Figs. 4B and 4C), suggesting that miRNAs and distTFs
(as RF1) interact with TFs (as RF2) following different regulatory logics. For these scenarios, the
“T=RF2” gate matches more triplets than any other gate, suggesting that in general promoter-binding
TFs are the dominant regulators of target expression without being influenced by the presence of miR-
NAs or distTFs. Also, we found that for these cases, the gate-consistent TF-TF-target triplets preferen-
tially match the ‘OR’ gate (2505 triplets).

2.2 Validations

We assessed the biological relevance of the insights gained by using logic circuit models to characterize

gene regulation by comparing our results with experimental observations described in literature for yeast

and human regulatory factors.
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fold changes of target gene expression

We used yeast genome-wide TF knockout experiments to validate the TF logic from gate-consistent tri-

plets. The yeast TF knockout experiments give information regarding fold changes in gene expression as

a result of deleting a single TF **°_ Using these knockout datasets, we found that if a target gene is regu-

lated by two cooperative TFs in an “AND” relationship, and thus it is most likely that the presence of

both TFs is required to turn on the target gene (Fig. S1), the deletion of either TF impacts the target ex-

pression. For example, analyzing 871 AND-consistent triplets, we found that deleting either of their TFs

only one TF controls the target regulation), we found that the target gene is more affected (down-
regulated) by the removal of the dominant RF (i.e., RF1 for “T=RF1” consistent triplets, RF2 for
“T=RF2” consistent triplets) than the removal of the other one (¢-test p-value < 0.0004 for 811 triplets

consistent with “T=RF1” or “T=RF2”).

2.2.2. AML-related TFs play a dominant role in regulating target gene expression

The cancer-related TFs play key roles in gene regulation. For example, the transcription factor MYC has
been found to universally amplify target gene expressions in lymphocytes : ’, implying that it does not
require cooperation from other TFs in order to perform its regulatory function. We identified 2,153
MYC-TF-target triplets (i.e., RF1 is MYC, RF2 is chosen from other TFs from ENCODE, and T is tar-
get), and found that 905 of them are gate-consistent. The two most enriched logic gates are “T=RF1”
(133 triplets, hypergeometric test < 4.3*107%") and “T=RF1+RF2 (OR)” (211 triplets, hypergeometric
test < 1.1*¥102') (Fig. 5A). “T=RF1” with RF1 being MYC suggests that in general the presence of a
highly expressed MYC is necessary and sufficient for high target gene expression. “T=RF1+RF2” with
RF1 being MYC and RF2 being other TFs suggests that the presence of either MYC or TF is sufficient
for regulating target expression. However, both scenarios indicate that MYC turns on target expression
without requiring the presence additional TFs. These results support the recent findings that MYC plays
a universal amplifier role in gene expression.

Next we analyzed all the triplets associated with AML-related TFs, where RF1 is chosen from AML-
related TFs, RF2 is chosen from non-AML related TFs, and T is their common target. The AML-related
TFs were also identified as AML cancer genes ,’ ¥ We found that “T=RF1” and “T=~RF1” (Fig. 5B) are
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the most enriched matched logic gates for these TFs. However, we did not find any enrichment for these
two gates in triplets containing only non-AML TFs. Therefore, this result suggests that the AML-related

TFs play a dominant role in regulating target expression.
2.3 Loregic applications for other regulatory features

2.3.1. Classification of logic-gate-consistent triplets with indirectly bound TFs

TFs can regulate target genes without binding directly to target regulatory regions, but forming protein-

protein interactions with already bound TFs . We suggest that evaluating the logic cooperation of TF

pairs along with the analysis of promoter motifs, can give insights regarding the TF binding activity. We
studied TF promoter motifs in target promoter regions (1,000 bps in yeast and 5,000 bps in human up-
stream of the transcription start site) . We identified numerous TFs with no motifs (<80% PWM sim-
ilarity) in target promoter regions, even though the logic gate assessment predicted that cooperation be-
tween the two RFs is required in order to control the target gene expression. Out of 948 yeast TF-TF-
target triplets consistent with “T=RF1*RF2” (AND gate) (see examples in Fig. 6), 348 have one TF
whose motif is not present in the target’s promoter region (the same happens for 364 out of 1,100 for
“T=RF1*~RF2” and 377 out of 1,095 for “T=~RF1*RF2”, 2 symmetric logic gates pair). Similarly, in
the human leukemia dataset, we found that from 888 TF-TF-target triplets consistent with “AND” gates,
71 have one TF whose motif is not present in the target’s promoter. For example (Fig. S2), the triplet of
RF1=USF2, RF2=NFYB, T=YPELI1 is consistent with “AND” gate, and both TFs have motifs in the
YPELL1 promoter region. By contrast, the triplet of RF1=USF2, RF2=NFE2, T=NBPF1, does not have
an NFE2 motif in NBPF1’s promoter region, even though it is also consistent with “AND” gate. How-
ever, USF2 and NFE2 are connected through protein-protein interactions, and consequently NFE2 is
regulating NBPF1 through indirect binding /. As such, we suspect that those TFs with absent motifs (as
above) can potentially regulate by cooperating with directly bound TFs through protein-protein interac-

3,43-45

tions, a phenomenon that has been previously observed ,2 2 . Moreover, we further classified those

triplets with indirectly bound TFs using their matched logic gates, and identified the indirectly bound
TFs cooperating with bound TFs to regulate their targets in a logical way.
2.3.2. Logic gates for feed-forward loops

Feed-forward loops (FFLs) are RF1-RF2-T triplets in which RF1 also regulates RF2. FFLs have been
found to be important motifs in regulatory networks, with many interacting by following logic opera-

tions |'. We apply Loregic to find the logic operations that characterize the FFLs from a genome-wide
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perspective in both yeast cell cycle and human cancer. For the yeast regulatory network, we found that
from a total 5707 FFLs, 659 are gate-consistent triplets. Out of these, 162 FFLs are consistent with the
‘AND’ gate (hypergeometric test <1.3*10), and 159 are consistent with “T=RF1” (hypergeometric test
<7.5*10) making them the dominant logic gates for yeast FFL. These results match previous experi-
ments that have shown that the majority of FFLs are of the so-called coherent type 1, in which RF1 acti-
vates RF2, and both activate the target .

Next, we looked at FFLs from human leukemia TF-TF-T triplets (23385 FFLs in total), and found that
the two most abundant matched logic gates are “T=RF1” (1,306 FFLs, hypergeometric test <3.4%¥10™)
and “T=RF1+~RF2” (1,765 FFLs, hypergeometric test <1.7*¥10”). Both gates match the logics of the
coherent type 4 FFL, where RF1 down-regulates RF2, RF2 down-regulates target, and RF1 activates
target as described in . This suggests that the master TF (RF1) of the FFL aims to activate the target,
but due to the gene down-regulation action from the secondary TF (RF2), it must simultaneously down-
regulate RF2s. Moreover, we did not find any enriched logic gates among the triplets that do not form

FFLs in both yeast and human.

2.3.3. miRNAs and MYC down-regulate each other

MYC and miRNAs have been found to down-regulate each other by forming double down-regulatory
FFLs in leukemia j °. We identified 1,805 miRNA-MYC-target triplets with 117 miRNAs, 1,143 of
which are gate-consistent. From these triplets, 446 match “T=RF2” when RF2 is MYC (hypergeometric
test < 2.5%107'*), and 201 match “T=~RF1+RF2” when RF1 is a miRNA and RF2 is MYC (hypergeo-
metric test < 4.1*107%). These two dominant logic gates also match the logic for the coherent type 4 FFL
as described in,1 ' As expected, these results imply that miRNAs repress target gene expressions, while
MYC activates it and simultaneously down-regulates the miRNAs. We also found 56 gate-consistent
miRNA-MY C-target triplets matching “T=~RF1*RF2” when RF1 is a miRNA and RF2 is MYC, and 16
triplets matching “T=~RF1” with RF1 being a miRNA. These two logics match the coherent type 2
FFI_J ' This result suggests that miRNAs repress both the expression of both MYC and the target gene,
while MYC activates the target. In short, these matched logic gates support the notion that the miRNAs

and MYC form a double-negative regulatory loop in this system.

3 DISCUSSION

Loregic is a multi-purpose computational method that uses logic-circuit models to characterize the co-

operativity among regulatory factors such as TFs and miRNAs by integrating gene expression and regu-
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latory network data. Given the multitude of appropriate high quality expression (e.g., RNA-seq, small
RNA-seq), and regulation (e.g., ChIP-seq, CLIP-seq, DNase-seq) datasets available, Loregic can be fur-
ther used to study cooperations among other regulatory elements such as splicing factors, long non-

coding RNAs and so on. To our knowledge. the present study describes for the first time the use of 16

miRNAs, proximally and distally bound TFs),

In our analysis, we, found triplets inconsistent with all the logic gates. There are several potential ex-

planations for such cases. First, the cooperative patterns of two RFs might follow a more complex
mechanism, perhaps one that depends on timing or the phosphorylation state of the RF, which our model
does not take into account. Second, the target gene might be regulated by more than two RFs, and thus a
higher-order logic circuit model with multiple inputs (>2) as discussed above might be required to cap-
ture the RF-target logic. Finally, the target gene expression may also be impacted by stochastic signals,
which may necessitate more advanced models ”.

We tested Loregic using two-RFs-one-target triplets, focusing on scenarios where the RFs are either
two TFs or one TF and one miRNA. However, we can extend Loregic, to analyze regulatory modules

with multiple RFs and multiple target genes using higher-order logic circuit model discussed as gbove if

there is enough supporting data. Loregic is also compatible with other discretization methods including
any custom-made binarized gene expression data as input.

One of Loregic functionalities is relating triplet logics to any set of regulatory network features. Here,
we map the logic-gate-consistent triplets to two regulatory features: promoter sequence motifs and feed-
forward loops. Loregic’s results can also be directly applied to differentially assess the abundance of
various types of logic gates among other gene regulatory features. For example, a potential future appli-
cation is finding enrichments of logic-gate-consistent triplets in hierarchical layers, and identifying logic
cooperations between and among RFs at different hierarchical layers in the network; e.g., top, middle
and bottom layers, which may potentially help understand cooperations among even larger order regula-
tory groups .

In summary, Loregic systematically characterizes genetic regulatory cooperativity using logic-circuit
models. This algorithm is widely applicable for the study of regulatory mechanisms and to the assembly

of the gene regulatory panoramagram.
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4 MATERIALS AND METHODS

4.1 Gene expression, transcription factor and miRNA datasets

We analyzed the gene expression in yeast using three well-studied cell-cycle datasets: 1) alpha-factor
time course with 18 time points (0, 7°, ... , 119°); 2) cdc15 time course with 24 time points (10°, 30°, ...
,290”) and 3) cdc28 time course with 17 time points (0, 10, ..., 160°) ,4”‘48. We combined all three da-
tasets (5,581 genes and 59 time points) and normalized gene expressions for each time point by center-
ing the mean to zero (i.e., standardization). For gene regulation in yeast, we used |76 transcription fac-
tors with their target genes identified in 2*°, and found 39,011 TF-TF-target triplets.

In the study of gene expression in human leukemia, we obtained RNA-seq RPKM expressions from
The Cancer Genome Atlas Data Portal | for 19,798 protein-coding genes and 705 miRNAs across 197
and 188 AML samples, respectively. For each sample, we standardized the log(RPKM+1) across all
genes. We identified 50,865 TF1-TF2-target triplets using ChIP-seq data (70 TFs) from ENCODE K562

cell linej‘j’l' 32,, and 821 distTF-TF-target triplets, where distTFs were predicted to bind distal regulatory

regions in **. Thus by integrating miRNA- and TF-target pairs in K562, we were able to identify and
56,944 miRNA-TF-target triplets, in which Rfl is a microRNA, RF2 is a TF, and target is a gene co-
regulated by that miRNA and that TF, using the confident miRNA-targets for human K562 cell line as
described in . For the differential logic gate enrichment analysis of promoter-bound transcription fac-
tors versus enhancer-bound transcription factors (distTFs), we obtained the distTFs data from 3 ? and

identified 821 distTF-TF-target triplets.

4.2 Converting gene expression changes over conditions to Boolean values

In this paper, we binarized the gene expression levels to Boolean values 1 and 0 to represent high or low
gene expression, respectively, using BoolNet. Loregic is also compatible with user-input, customized
binary gene expression data . BoolNet assigns Boolean values to expression data on the basis of modu-
lar co-expression patterns by k-means clustering across inputted samples such as time points (yeast) or
AML samples (human), and therefore accounts for differences in the dynamic ranges of expression
among genes in the input data. In our yeast study, samples input to BoolNet were drawn from different
time points whereas in our AML study, input samples were taken from different patients. After conver-

sion, there are in total 79% zeros and 21% ones in yeast binarized expression data (42% zeros, 58% ones

in human).
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4.3 Mapping and scoring a RF1-RF2-T triplet to 16 logic gates

Mathematically, a logic gate can be described by the truth table that lists the outputs of the logic gate for
each allowed combination of inputs. For a two-input-one-output logic gate, each of the two input varia-
bles we have two possible values 1 or 0, thus the truth table will contain 4 binary two-element vectors
representing  all  the  possible combinations of the two input variables i.e.,

v, =(0,0),v, =(0,1),v; =(1,0),v, =(1,1), where v; is the vector representing i input combination

i=1,2,3,4. Given the fact that there are 4 possible combinations of input variables, the truth table output
will be a four elements vector, with each element having two possible values 0 or 1. Thus there are 2*
possible combinations of 0 and 1 for the output vector, in other words for any two-input-one-output
equations there are 16 possible truth tables. The 16 different truth tables correspond to 16 logic gates as
shown in Fig. S1. The three basic logic operations, AND (“*”), NOT (“~”) and OR (“+”) are used to ex-
press all the 16 possible logic gates. However, for simplicity we are going to consider each logic gate

separately.

We denote f5(v;) the function to obtain the output value from the i™ input vector v; in the logic gate g,
with i=1,2,3,4. For example for the AND logic gate we have:
SANP () = fANP(0,0) =0%0=0

S wy) = fP(0,1) =0%1=0

S (wy) = fP(1,0)=1%0=0

SN = ) =11 =1

In our model, the two RFs (RF1, RF2) in a regulatory triplet, serve as inputs, while the common target

gene T is the output (the result of the f* acting on the (RF1, RF2) binary vector).

- | —

For m samples, we denote v& 'y andZ as the m-dimension binary vectors containing m binarized ex-

pression values for RF1, RF2, and T respectively. Loregic identifies the logic gate whose truth table best
matches the input/output data as follows. For the input vector v; we denote as

m; = El(x( J)=v,)IL(y(j)=v,(2)) the number of samples (x(f), (7)) matching v;, where I(.) is indicator

=

v

function, x(j) and y(j) are jth elements of X and y, with j=1,2,...,m, and i=1,2,3,4. Thus we have

4

m=m+my+ms+m4. Second, given a logic gate g, we denote
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n = 3 (1= ()= £4 (D, YOI = v, DI () = v,(2))

\

as the number of z(j) target binary samples matching the logic gate g output f(v;), for the v; input vector.

Next we calculate s¥ =(1+n;)/(2+m;) as the succession probability matching the v; of g by Laplace’s rule
AZ

of succession *’. This is an effective way to simply but rigorously penalizes logic-gate assignments that
were distinguished from alternative logic gates on the basis of only a small number of observations. As

such given the binarized expression data, X,y, and Z for the (RF1, RF2, T) triplet, the consistency score

-

for the logic gate g, C*(X,y,Z) is given by the product of the succession probabilities for four input

types, sf,s5,s5,85 as follows:
4
Cg(xaysz)= Hsrg(x’yaz)
i=1

L+ 3 (1= [2() = () YOI = v, (ODIGG) = v,(2)

=

where s£(X,5,2) = —
2+ Y Ix() = v, (DI = v,(2)

v

Finally, we choose the logic gate with the highest consistency score as the best matched logic gate for
the analyzed triplet. Note that according to Laplace’s rule of succession, if there is no data available for
a triplet, then m=n=m;=0, and for each logic gate the consistency score by the succession rule is
1/2*1/2*%1/2*%1/2=1/16, which is the probability of a random guess from 16 logic gates. In order to iden-
tify potentially spurious logic gate assignments (i.e. not due to chance) for any gate-consistent triplets
(RF1, RF2, T), we calculate a permutation score for each triplet over the 16 logic gates as follows: We
suppose that the triplet matches the K® logic gate, g. We replace the target gene, T by a randomly select-
ed gene N times (here we use N=1000), and define its permutation score, as p(gr)=(the number of re-
placement triplets that can be identified as gate-consistent with matched gx)/N. A high permutation score
implies that random effects may cause the matched logic gate. In this paper, we only keep the gate-
consistent triplets with permutation scores less than 0.1.

Test Case [[maybe moved to caption]]: In Fig. 2, we exemplify the calculation of consistency score for

the (TF1, TF2, T) triplet where RF1 js TF1, RF2 js TF2, and T js their common target gene, across a da- |

taset of 20 samples. Thus after the conversion there are m=20 binary vectors, There are 5 vectors with

RF1=0 and RF2=0, all of which have output of T=0 (red). Thus, when RF1=0 and RF2=0, the output of
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this triplet is more likely to be 0 (T=0), so (RF1=0, RF2=0, T=0) is chosen as the most suitable triplet-
logic gate match, and its succession probability s1=(5+1)/(5+2)=6/7 with n;=5 and m;=5. Next, there are
5 vectors with RF1=0 and RF2=1, four of which have output of T=0 (green), and one of which has out-
put of T=1. We choose (RF1=0, RF2=1, T=0) as the most common triplet with its succession probability
52=(4+1)/(5+2)=5/7 with n,=4 and m,=5, because for the given input the majority of cases have zero as
the output value. Similarly, when RF1=1 and RF2=0, T=0 is chosen (magenta) because it appears more
than T=1, and its succession probability s3=(5+1)/(5+2)=6/7 with n;=5 and ms=5. Finally, when RF1=1
and RF2=1, T=1 is chosen (orange) because it appears four times but T=0 appears only once, and its
succession probability ss=(4+1)/(5+2)=5/7 with ns=5 and m4=5. Combining the outputs chosen for four
different input combinations of RF1 and RF2, we obtain the triplet’s truth table, and find that it best
matches the AND logic gate. As such we define the this triplet is consistent with AND gate, and calcu-

late its consistency score; i.e., C(AND)=s; *s, *s3 *s4=0.37.
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