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KEY RESOURCE TABLE 91 
 92 

REAGENT or RESOURCE  SOURCE  IDENTIFIER  
  
Biological Samples and Cell Lines   
  

PPARa reporter assay system Indigo Biosciences  IB00111-32 
PPARg reporter assay system Indigo Biosciences IB00101-32 
E. coli LF82 (AIEC-LF82) Prof. Arlette Darfeuille-Michaud 1 
Salmonella enteric serovar typhimurium strain 
SL1344  

ATCC   700720  

 
Chemicals and Reagents  
  
PAR5359 This study (see Methods)  
GW7647 (PPARα agonist) Tocris bioscience 1677 
Pioglitazone (PPARg agonist) Selleck Chemicals S2590 
GW 6471 (PPARα antagonist) Tocris bioscience 4618 
GW 9662 (PPARg antagonist) Tocris bioscience 1508 
Lipopolysaccharide (E. coli O111:B4)  Sigma-Aldrich  L4391  
PowerUpä SYBRä Green Master Mix  Applied Biosciences  A25741  
qScriptä cDNA SuperMix  QuantaBio  101414  
Direct-zol RNA Miniprep Kit  Zymo Research  R1051  
TRIzolä Reagent  Invitrogen  15596018  
ELISA MAXä Deluxe Set Mouse IL-6  BioLegend  431304  
ELISA MAXä Deluxe Set Mouse IL-1b  BioLegend  432604  
ELISA MAXä Deluxe Set Mouse IL-10  BioLegend  431414  
ELISA MAXä Deluxe Set Mouse TNF-a BioLegend  

 

Dextran Sulfate Sodium Salt (Colitis Grade)  MP Biomedicals, LLC  160110  
Hemoccult II  Beckman Coulter  61130  
Zinc Formalin Fixative  Sigma-Aldrich  Z2902  
ROS Detection Cell-Based Assay Kit (DHE) Cayman Chemical 601290 

 
Primers  
 
Species/Targets Forward primer (5’→ 3’)  Reverse primer (3’→ 5’)  
Mouse IL-6 qPCR primers  TGGAGTCACAGAAGGAGTGGCTA

AG  
TCTGACCACAGTGAGGAATGTCCA
C  

Mouse IL-1b qPCR 
primers  

GCCTTGGGCCTCAAAGGAAAGAA
TC  

GGAAGACACAGATTCCATGGTGA
AG  

Mouse TNFa qPCR 
primers  

ATAGCTCCCAGAAAAGCAAGC  CACCCCGAAGTTCAGTAGACA  

Mouse IL-10 qPCR 
primers  

CCCTGGGTGAGAAGCTGAAG  CACTGCCTTGCTCTTATTTTCACA  

Mouse 18S qPCR primers  GTAACCCGTTGAACCCCATT  CCATCCAATCGGTAGTAGCG  
Human PPARA CATTACGGAGTCCACGCGT ACCAGCTTGAGTCGAATCGTT 



Human PPARG GAGAAGGAGAAGCTGTTGGC ATGGCCACCTCTTTGCTCT 

Human PPARGC1A GCTACGAGGAATATCAGCACGA ACACGGCGCTCTTCAATTG 

 
Software  
  
Prism  GraphPad  https://www.graphpad.com/scientific-

software/prism/  
  

Illustrator  Adobe  https://www.adobe.com/products/illustra
tor.html  

ImageStudio Lite  LI-COR  https://www.licor.com/bio/image-studio-
lite/  

 93 
DETAILED METHODS 94 
Computational methods 95 
 96 
A Boolean network map of IBD  97 
A Boolean implication network (BIN) was created earlier [2; Supplementary Fig. 1A], and this 98 
network is comprised of clusters of genes, interconnected by Boolean Implication Relationships 99 
(BIRs). The concepts, mathematical, statistical, datasets that went into building this map is detailed 100 
in 2, and briefly mentioned here.   101 
 102 
Gene expression databases 103 
Publicly available human colon tissue gene expression databases were downloaded from the 104 
National Center for Biotechnology Information (NCBI) Gene Expression Omnibus website (GEO) 105 
3-5. If the dataset is not normalized, RMA (Robust Multichip Average)6,7 is used for microarrays 106 
and TPM (Transcripts Per Millions)8,9 is used for RNASeq data for normalization. We used 107 
log2(TPM+1) to compute the final log-reduced expression values for RNASeq data. Accession 108 
numbers for these crowdsourced datasets are provided in the figures and manuscript. All of the 109 
above datasets were processed using the Hegemon data analysis framework 10-12. 110 
 111 
Boolean Analysis 112 
Boolean logic is a simple mathematic relationship of two values, i.e., high/low, 1/0, or 113 
positive/negative. The Boolean analysis of gene expression data requires first the conversion of 114 
expression levels into two possible values. The StepMiner algorithm is reused to perform Boolean 115 
analysis of gene expression data 13. The Boolean analysis is a statistical approach that creates 116 
binary logical inferences that explain the relationships between phenomena. Boolean analysis is 117 
performed to determine the relationship between the expression levels of pairs of genes. The 118 
StepMiner algorithm is applied to gene expression levels to convert them into Boolean values (high 119 
and low). In this algorithm, first the expression values are sorted from low to high and a rising step 120 
function is fitted to the series to identify the threshold. Middle of the step is used as the StepMiner 121 
threshold. This threshold is used to convert gene expression values into Boolean values. A noise 122 
margin of 2-fold change is applied around the threshold to determine intermediate values, and 123 
these values are ignored during Boolean analysis. In a scatter plot, there are four possible quadrants 124 



based on Boolean values (Supplementary Fig. 2A): (low, low), (low, high), (high, low), (high, 125 
high).  126 
 127 
Invariant Boolean implication relationships 128 
A Boolean implication relationship is observed if any one of the four possible quadrants or two 129 
diagonally opposite quadrants are sparsely populated. Based on this rule, there are six different 130 
kinds of Boolean implication relationships. Two of them are symmetric: equivalent (corresponding 131 
to the highly positively correlated genes), opposite (corresponding to the highly negatively 132 
correlated genes). Four of the Boolean relationships are asymmetric, and each corresponds to one 133 
sparse quadrant: (low => low), (high => low), (low => high), (high => high). BooleanNet statistics 134 
(Equations listed below) is used to assess the sparsity of a quadrant and the significance of the 135 
Boolean implication relationships 13,14. Given a pair of genes A and B, four quadrants are identified 136 
by using the StepMiner thresholds on A and B by ignoring the Intermediate values defined by the 137 
noise margin of 2-fold change (+/- 0.5 around StepMiner threshold). The number of samples in 138 
each quadrant is defined as a00, a01, a10, and a11 (Supplementary Fig. 2A). The total number of 139 
samples where gene expression values for A and B are low is computed using the following 140 
equations. 141 

!"!"# =	 (&$$ +	&$%), !*!"# =	 (&$$ +	&%$), 142 
Total number of samples considered is computed using following equation. 143 

 +,+&- = 	&$$ +	&$% +	&%$ +	&%% 144 
Expected number of samples in each quadrant is computed by assuming independence between A 145 
and B. For example, expected number of samples in the bottom left quadrant e00  = !. is computed 146 
as probability of A low ((a00 + a01)/total) multiplied by probability of B low ((a00 + a10)/total) 147 
multiplied by total number of samples. Following equation is used to compute the expected number 148 
of samples. 149 

! = 	&&', !. = 	 (!"!"# +,+&-⁄ ∗ 	!*!"# +,+&-⁄ ) ∗ +,+&- 150 
To check whether a quadrant is sparse, a statistical test for (e00 > a00) or (!. > !) is performed by 151 
computing S00 and p00 using following equations. A quadrant is considered sparse if S00 is high 152 
(!. > !) and p00 is small. 153 

2&' =	
!. − !
√!.

 154 
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A threshold of S00 > sthr and p00 < pthr to check sparse quadrant. A Boolean implication 156 
relationship is identified when a sparse quadrant is discovered using following equation. 157 

Boolean Implication = (Sij > sthr, pij < pthr) 158 
A relationship is called Boolean equivalent if top-left and bottom-right quadrants are sparse 159 
(Supplementary Fig. 2B). 160 

Equivalent =	 (2$% > 	:+ℎ<,			=$% < 	5+ℎ<, 2%$ > 	:+ℎ<, =%$ < 	5+ℎ<) 161 
Boolean opposite relationships have sparse top-right (a11) and bottom-left (a00) quadrants.  162 

?55,:@+A = 	 (2$$ > 	:+ℎ<,			=$$ < 	5+ℎ<, 2%% > 	:+ℎ<, =%% < 	5+ℎ<) 163 
Boolean equivalent and opposite are symmetric relationship because the relationship from A to B 164 
is same as from B to A. Asymmetric relationship forms when there is only one quadrant sparse (A 165 
low => B low: top-left; A low => B high: bottom-left; A high=> B high: bottom-right; A high => 166 
B low: top-right). These relationships are asymmetric because the relationship from A to B is 167 



different from B to A. For example, A low => B low and B low => A low are two different 168 
relationships. 169 
A low => B high is discovered if bottom-left (a00) quadrant is sparse and this relationship satisfies 170 
following conditions. 171 

A low => B high = (2$$ > 	:+ℎ<,			=$$ < 	5+ℎ<) 172 
Similarly, A low => B low is identified if top-left (a01) quadrant is sparse. 173 

A low => B low = (2$% > 	:+ℎ<,			=$% < 	5+ℎ<) 174 
A high => B high Boolean implication is established if bottom-right (a10) quadrant is sparse as 175 
described below. 176 

A high => B high = (2%$ > 	:+ℎ<,			=%$ < 	5+ℎ<) 177 
Boolean implication A high => B low is found if top-right (a11) quadrant is sparse using following 178 
equation. 179 

A high => B low = (2%% > 	:+ℎ<,			=%% < 	5+ℎ<) 180 
For each quadrant, a statistic Sij and an error rate pij is computed. Sij > 2.5 and pij < 0.1 are the 181 
thresholds used on the BooleanNet statistics to identify Boolean implication relationships (BIRs). 182 
False discovery rate is computed by randomly shuffling each gene and computing the ratio of the 183 
number of Boolean implication relationship discovered in the randomized dataset and original 184 
dataset. For IBD dataset the false discovery rate was less than 0.001. 185 
 186 
Boolean Implication analysis looks for invariant relationship across all the different types of 187 
samples regardless of the conditions and treatment protocols. Therefore, it does not distinguish the 188 
sample types when discovering Boolean implication relationships (Supplementary Fig. 2C-D). 189 
We assume that there are fundamental invariant Boolean implication formula that are satisfied by 190 
every sample regardless of their type (in this context it is limited to healthy and IBD colonic 191 
biopsies including both UC and CD). This means normal, UC and CD samples share the same 192 
fundamental relationships.  193 
 194 
Inflammatory bowel disease (IBD) datasets 195 
Both Peters-2017 GSE83687 and Arijs-2018 GSE73661 dataset were indepndently prepared for 196 
Boolean analysis by filtering genes that have reasonable dynamic range of expression values by 197 
analyzing the fraction of high and low values identified by the StepMiner algorithm 15. Any 198 
probeset or genes that contain less than 5% of high or low values are dropped from the analysis. 199 
To check if pairwise Boolean implication relationships are consistent between two datasets, every 200 
gene in Peters-2017 dataset is mapped to the best probeset (identified by the biggest dynamic 201 
range) in the Arijs-2018 dataset, and genes/probesets that do not match are dropped from the 202 
analysis. Since RNA-Seq expression values have slightly different characteristics than microarray 203 
expression values, the consistency of Boolean implication relationship was determined by using 204 
BooleanNet statistics in both datasets and a Pearson’s correlation coefficient in the Arijs-2018 205 
dataset. A Pearson’s correlation coefficient > 0.5 was considered compatible with Equivalent, High 206 
=> High, and Low => Low Boolean implication relationships. Similarly,  a Pearson’s correlation 207 
coefficient < -0.25 was considered compatible with Opposite, High => Low, and Low => High 208 
Boolean implication relationships. The Boolean model is tested in several human datasets, each 209 
comprised of a heterogeneous collection of samples to demonstrate reproducibility (GSE16879, 210 
GSE59071, GSE48958, GSE50594, GSE37283, E-MTAB-7604). We have collected publicly 211 
available gene expression datasets derived from mouse models of IBD (DSS bulk GSE42768, DSS 212 
epithelium E-MTAB-5249, TNBS GSE53835, Citrobacter GSE90577, adoptive T-cell transfer 213 



ACT GSE87317, ACT GSE27302, IL10 -/- GSE39859, TNFR1 -/- GSE107933, TNFR2 -/- 214 
GSE65408) to test whether human Boolean models performs well in mice. The gene name 215 
conversion from human to mouse is performed using human genome GRCh38.95 ensembl IDs 216 
and mapping data exported from ensemble BioMart web-interface. 217 
 218 
Generation of Target report card 219 
A target report card is generated for one target or multiple targets to predict the efficacy of a 220 
potential drug. The target report card contains five different sections as described below: (1) 221 
Therapeutic index, (2) IBD outcome, (3) Network-prioritized mouse model, (4) estimation of 222 
gender bias, (5) Predicted tissue cell type of action. 223 
 224 
Target report card – Therapeutic index 225 
Therapeutic index is a number (lower the better) assigned to one target or multiple targets that 226 
predicts the efficacy of a potential drug. Therapeutic index is computed by measuring the strength 227 
of Boolean implication relationship with PRKAB1 (Supplementary Fig. 2E). Since PRKAB1 is 228 
an agonist, if S11 > 0 then gene A is an Antagonist because top-right quadrant will have fewer 229 
samples than expected and PRKAB1 high will be associated with gene A low. For antagonist, top-230 
right and bottom-left quadrants are expected to be sparse. Therefore, Tindex for antagonist is 231 
computed as follows: 232 

B&()*+ =	
1
4	8
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Similarly, if S11 > 0 then gene A is an Agonist because top-right quadrant will have more samples 234 
than expected and PRKAB1 high will be associated with gene A high. For agonist, top-left and 235 
bottom-right quadrants are expected to be sparse. Therefore, Tindex for agonist is computed as 236 
follows: 237 

B&()*+ =	
1
4	8

0.3
(2$% + 	1)

+	 0.3
(2%$ + 1)

+	5$% +	5%$9 238 

Therapeutic indices range from 0.36 to 0.027 where the most effective drug targets will be close 239 
to 0.027 and abandoned drug targets will be close to 0.36. Since all the currently known FDA 240 
approved drug targets have therapeutic indices less than 0.1, we set this number as a threshold to 241 
identify effective drug targets. Only four out of 16 targets have therapeutic indices less than 0.1. 242 
For effectiveness, we also check EMT and Inflammation scores in addition to the therapeutic 243 
index. Effective targets are observed to have better scores for both EMT and Inflammation, and 244 
they are likely to be present in both EMT and Inflammation Boolean paths. See section 245 
“Identification of Epithelial-Mesenchymal and Inflammation-Fibrosis continuum”. 246 
 247 
Target report card – IBD outcome 248 
Several datasets with annotations of IBD (normal vs IBD, GSE73661, GSE16879, GSE59071, 249 
GSE48958) as well as the aggressiveness of IBD such as active from inactive disease (GSE59071, 250 
GSE48958), responders from non-responders receiving two different biologics, Infliximab or 251 
Vedolizumab (GSE73661, GSE16879, GSE50594, E-MTAB-7604), and even distinguished those 252 
with the quiescent disease with or without remote neoplasia (GSE37283) were used to assess the 253 
strength of association of drug targets with IBD outcome. See section “Generation of heat maps 254 
and drug targets score” of how drug targets to score is computed, samples are ordered and 255 
association with disease outcome is measured. A list of barplots is used to visualize the sample 256 
ordering and the association with disease outcome. 257 



 258 
Target report card – Network-prioritized mouse model 259 
Drug targets score is computed for the mouse model IBD datasets (DSS bulk GSE42768, DSS 260 
epithelium E-MTAB-5249, TNBS GSE53835, Citrobacter GSE90577, adoptive T-cell transfer 261 
ACT GSE87317, ACT GSE27302, IL10 -/- GSE39859, TNFR1 -/- GSE107933, TNFR2 -/- 262 
GSE65408) to test how combined gene expression values of the drug targets are associated with 263 
disease annotation. See section “Generation of heat maps and drug targets score” of how drug 264 
targets score is computed, samples are ordered and association with disease outcome is measured. 265 
A list of barplots is used to visualize the sample ordering and the association with disease outcome. 266 
 267 
Target report card – estimation of gender bias 268 
A box plot of the gene expression values of the individual target gene is computed in the Peters-269 
2017 GSE83687 dataset to test if there are significant gender-associated differences. The box plots 270 
of individual genes for both males and females are plotted side-by-side to visualize the differences. 271 
 272 
Target report card – Predicted tissue cell type of action 273 
It is important to know which cell types are relevant for the optimal action of drug targets. We 274 
assume that the drug action is dictated by cell type-specific expression patterns of the drug targets. 275 
We predict cell type-specific expression patterns using various techniques including correlation, 276 
standard deviation, and previously published MiDReG algorithm 14. We assembled several gene 277 
expression databases for this task. A large human colon tissue database (n=1911) was assembled 278 
by pooling several normal colon, adenoma, and colorectal cancer datasets from NCBI GEO 279 
(Supplementary Fig. 3A). All the samples in this database were analyzed using bulk tissue in 280 
Affymetrix U133 Plus 2.0 microarray platform. A large human colorectal cancer cell line database 281 
(n = 264) was prepared to identify genes expressed in epithelium because these are likely 282 
homogeneous and devoid of stromal tissue such as fibroblasts and immune cells. Microarray 283 
datasets of FACS purified macrophages, FACS purified GI fibroblasts, and FACS purified 284 
lymphocytes were downloaded using GSE134312, GSE63626, and GSE24759, respectively 285 
(Supplementary Fig. 3A). The algorithm that predicts whether a gene is expressed in top, bottom, 286 
lymphocytes, macrophages, and fibroblasts is described in a flow chart (Supplementary Fig. 3B). 287 
MiDReG algorithm is performed on the human colon tissue database (n=1911) to predict 288 
top/bottom of the crypt marker 10,14. Boolean implication “KRT20 low => X low” is used to predict 289 
the expression of gene X at the top of crypt 10. Boolean implication “KRT20 low => X high” is 290 
used to predict the expression of gene X at the bottom of the crypt. Since the human colon tissue 291 
database (n=1911) contains bulk tissue samples, expression of gene X is restricted to the 292 
epithelium by filtering the gene expression in the human colorectal cancer cell line database (n = 293 
264). LGR5 correlation > 0.8 is performed in the FACS purified colon crypt dataset (GSE31255) 294 
to predict bottom of the crypt markers independently. Standard deviation > 0.5 in human B cells 295 
and T cells (GSE24759) is used to predict lymphocyte-specific expression. Genes expressed in 296 
human macrophages and fibroblast is predicted by computing the StepMiner threshold on the bulk 297 
datasets GSE134312 and GSE63626, respectively, which is compared to the StepMiner threshold 298 
obtained in the original human global tissue dataset (GSE119087, n = 25,955). While both PPARG 299 
and PPARA are predicted to be expressed in top of the crypt and macrophages, PPARG is 300 
predicted to be expressed in fibroblasts in addition (Supplementary Fig. 3C). 301 
 302 
Construction of a Network of Boolean Implications 303 



A Boolean implication network (BIN) is created by identifying all significant pairwise Boolean 304 
implication relationships (BIRs) that are consistent in both Peters-2017 GSE83687 and Arijs-2018 305 
GSE73661 datasets independently (Supplementary Fig. 1A) 16,17. The Boolean implication 306 
network contains the six possible Boolean relationships between genes in the form of a directed 307 
graph with nodes as genes and edges as the Boolean relationship between the genes. The nodes in 308 
the BIN are genes and the edges correspond to BIRs. Equivalent and Opposite relationships are 309 
denoted by undirected edges and the other four types (low => low; high => low; low => high; high 310 
=> high) of BIRs are denoted by having a directed edge between them. The network of 311 
equivalences seems to follow a scale-free trend; however, other as we generated PAR5359 through 312 
2 intermediate steps, symmetric relations in the network do not follow scale-free properties. BIR is 313 
strong and robust when the sample sizes are usually more than 200 (from our experience of using 314 
Boolean Implication for more than 10 years). All our previous papers use thousands of diverse 315 
samples to establish Boolean implication relationships. Boolean Implication analysis is carried out 316 
for the first time in such low number of samples such as the selected IBD GSE83687 dataset (n = 317 
134). We have demonstrated that we have a reasonable False Discovery Rate (< 0.001) when S > 318 
2.5 and p < 0.1 are used. The IBD dataset was prepared for Boolean analysis by filtering genes 319 
that had a reasonable dynamic range of expression values. When the dynamic range of expression 320 
values was small, it was difficult to distinguish if the values were all low or all high or there were 321 
some high and some low values. Thus, it was determined to be best to ignore them during Boolean 322 
analysis. The filtering step was performed by analyzing the fraction of high and low values 323 
identified by the StepMiner algorithm 15. Any probe set or genes which contained less than 5% of 324 
high or low values were dropped from the analysis. 325 
 326 
Generation of Clustered Boolean Implication network 327 
Clustering was performed in the Boolean implication network to dramatically reduce the 328 
complexity of the network (Supplementary Fig. 1B). A clustered Boolean implication network 329 
(CBIN) was created by clustering nodes in the original BIN by following the equivalent BIRs. One 330 
approach is to build connected components in a undirected graph of Boolean equivalences. 331 
However, because of noise the connected components become internally inconsistent e.g. two 332 
genes opposite to each other becomes part of the same connected component. In addition, the size 333 
of clusters became unusually big with almost everything in one cluster. To avoid such a situation, 334 
we need to break the component by removing the weak links. To identify the weakest links, we 335 
first computed a minimum spanning tree for the graph and computed Jaccard similarity coefficient 336 
for every edge in this tree. Ideally if two members are part of the same cluster they should share 337 
as many connections as possible. If they share less than half of their total individual connections 338 
(Jaccard similarity coefficient less than 0.5) the edges are dropped from further analysis. Thus, 339 
many weak equivalences were dropped using the above algorithm leaving the clusters internally 340 
consistent. We removed all edges that have Jaccard similarity coefficient less than 0.5 and built 341 
the connected components with the rest. The connected components were used to cluster the BIN 342 
which is converted to the nodes of the CBIN. The distribution of cluster sizes was plotted in a log-343 
log scale to observe the characteristic of the Boolean network. The clusters sizes were distributed 344 
along a straight line in a log-log plot suggesting scale-free properties. The choice of the threshold 345 
on the Jaccard similarity coefficient play an important role in determining the size and the number 346 
of clusters as well as whether they are internally consistent. We found that a threshold of 0.5 gave 347 
us reasonable number of clusters and followed a scale-free distribution in the cluster sizes. A bigger 348 
threshold such as 0.7 to 0.9 will be very aggressive and reduce the cluster sizes (almost all edges 349 



will be dropped). A smaller number such as 0.4 will tend to make bigger cluster with unusual 350 
distribution of cluster sizes. A new graph was built that connected the individual clusters to each 351 
other using Boolean relationships. Link between two clusters (A, B) was established by using the 352 
top representative node from A that was connected to most of the member of A and sampling 6 353 
nodes from cluster B and identifying the overwhelming majority of BIRs between the nodes from 354 
each cluster.   355 

A CBIN was created using the selected Peters-2017 GSE83687 and Arijs-2018 GSE73661 356 
datasets. Each cluster was associated with healthy or disease samples based on where these gene 357 
clusters were highly expressed. The edges between the clusters represented the Boolean 358 
relationships that are color-coded as follows: orange for low => high, dark blue for low => low, 359 
green for high => high, red for high => low, light blue for equivalent and black for opposite. 360 
 361 
Generation of IBD, UC, and CD maps 362 
IBD map is derived from the CBIN of the Peters-2017 GSE83687 and Arijs-2018 GSE73661 363 
datasets by focusing on the largest clusters and their connections. A subset of the CBIN 364 
(Supplementary Fig. 1B) is constructed by following the top 10 largest clusters and a Boolean 365 
path sequence of for high => high, high => low, and low => low (dark blue). Machine learning is 366 
performed on this network to identify Boolean path that can distinguish normal vs IBD samples. 367 
A Boolean path is converted to a path score as mentioned above using a linear combination of 368 
normalized gene expression values. The strength of classification of healthy and IBD samples 369 
using this score is computed by the ROC-AUC measurement. We performed a multivariate 370 
regression to identify the best Boolean path that predicts normal vs IBD samples in the cohort 371 
GSE6731 (4 N, 5 UC, 7 CD). Path #1-2-3 emerged as the winner. UC map (Supplementary Fig. 372 
4) and CD map (Supplementary Fig. 5) are created by restricting the Peters-2017 GSE83687 373 
dataset to UC only and CD only samples before constructing the CBIN respectively. Arijs-2018 374 
GSE73661 dataset is not used for the UC and the CD maps. 375 
 376 
Generation of heat maps and drug targets score 377 
Gene expression values were normalized according to a modified Z-score approach centered 378 
around StepMiner threshold (formula = (expr - SThr)/3*stddev). The samples were ordered 379 
according to average of the normalized gene expression values in the given gene list. The heatmap 380 
use red colors for the high values, white colors for the intermediate values and blue colors for low 381 
values. Gene names for few selected genes are highlighted on the left to show their expression 382 
patterns. Drug targets score is computed as a linear combination of the normalized gene expression 383 
values (the modified Z-score as described above). Samples are ordered using the drug targets score 384 
and the strength of the association between gene expression and disease annotation is computed 385 
using ROC-AUC measurement. A barplot is used to visualize the sample ordering with different 386 
color codes for the disease annotation. Additionally, a set of violin plots is used just below the 387 
barplot to demonstrate the distribution of the drug target score across different disease annotations. 388 
 389 
Identification of Epithelial-Mesenchymal and Inflammation-Fibrosis continuum 390 
Top genes involved with Epithelial-Mesenchymal processes and inflammation-fibrosis processed 391 
are chosen from literature review, and used earlier 2. Given a list of genes BoNE computes a 392 
subgraph of the CBIN graph by identifying clusters that include one or more genes from this list. 393 
BoNE then search for a path in this subgraph as mentioned before with the original CBIN graph. 394 



The path identified is used to draw a model of the gene expression timeline. The continuum is 395 
identified by computing a score based on the path as described before. 396 
 397 
GeneSet Enrichment Analysis (GSEA) 398 
GeneSet Enrichment Analysis (GSEA) was performed using python gseapy 0.10.2 package. 399 
Difference in average expression values of two groups is used to compute gene rank file. GSEA 400 
pre-ranked analysis is performed on the precomputed rank file to check the significance of geneset 401 
enrichment score and generate the enrichment plot. GSEA computes four key statistics for the gene 402 
set enrichment analysis report: Enrichment Score (ES), Normalized Enrichment Score (NES), 403 
False Discovery Rate (FDR), Nominal P Value. 404 
 405 
Measurement of classification strength or prediction accuracy 406 
Receiver operating characteristic (ROC) curves were computed by simulating a score based on the 407 
ordering of samples that illustrates the diagnostic ability of binary classifier system as its 408 
discrimination threshold is varied along the sample order. The ROC curves were created by 409 
plotting the true positive rate (TPR) against the false positive rate (FPR) at various threshold 410 
settings. The area under the curve (often referred to as simply the AUC) is equal to the probability 411 
that a classifier will rank a randomly chosen IBD samples higher than a randomly chosen healthy 412 
samples. In addition to ROC AUC, other classification metrics such as accuracy ((TP + TN)/N; 413 
TP: True Positive; TN: True Negative; N: Total Number), precision (TP/(TP+FP); FP: False 414 
Positive), recall (TP/(TP+FN); FN: False Negative) and f1 (2 * (precision * recall)/(precision + 415 
recall)) scores were computed. Precision score represents how many selected items are relevant 416 
and recall score represents how many relevant items are selected. Fisher exact test is used to 417 
examine the significance of the association (contingency) between two different classification 418 
systems (one of them can be ground truth as a reference). 419 
 420 
Statistical Analyses 421 
All statistical tests were performed using R version 3.2.3 (2015-12-10). Standard t-tests were 422 
performed using python scipy.stats.ttest_ind package (version 0.19.0) with Welch’s Two Sample 423 
t-test (unpaired, unequal variance (equal_var=False), and unequal sample size) parameters. 424 
Multiple hypothesis correction were performed by adjusting p values with 425 
statsmodels.stats.multitest.multipletests (fdr_bh: Benjamini/Hochberg principles). The results 426 
were independently validated with R statistical software (R version 3.6.1; 2019-07-05). Pathway 427 
analysis of gene lists were carried out via the Reactome database and algorithm18. Reactome 428 
identifies signaling and metabolic molecules and organizes their relations into biological pathways 429 
and processes. Kaplan-Meier analysis is performed using lifelines python package version 0.22.8. 430 
Violin, Swarm and Bubble plots are created using python seaborn package version 0.10.1. 431 
 432 
 433 
Experimental methods 434 
 435 
Reagents  436 
All reagents were purchased from Sigma-Aldrich (St. Louis, MO), unless otherwise indicated.  437 
Goat anti-rabbit and goat anti-mouse Alexa Fluor 680 and IRDye 800 F(ab')2 were purchased from 438 
LI-COR Biosciences (Lincoln, NE). Pioglitazone was purchased from Selleck Chemicals 439 
(Houston, TX). GW7647, GW6471 and GW9662 were purchased from Tocris Biosciences 440 



(Bristol, UK). PAR5359 was synthesized at Dr. Yang’s lab, Department of Chemistry and 441 
Biochemistry, University of California San Diego. 442 
 443 
Synthesis of PAR5359 444 
ethyl (S)-2-ethoxy-3-(4-(2-hydroxyethoxy) phenyl)propanoate (compound 1) 445 

 Ethylene carbonate (663 mg, 5.04 mmol, 3 equiv.) was added  446 
 to the solution of ethyl (S)-2-ethoxy-3-(4 hydroxyphenyl) 447 
propanoate (400 mg, 1.68 mmol) and potassium carbonate (K-448 
2CO3) (695 mg, 5.04 mmol, 3 equiv.) in dry 449 
dimethylformamide (DMF) (5mL).  The reaction was stirred 450 

at 80ºC overnight (16 hours). The reaction flask was then diluted with ~50 mL of ethyl acetate 451 
(EtOAc), and the solids were removed with filtration through celite. Water (~30 mL) was added, 452 
and the solution mixture was extracted twice with EtOAc (~50 mL x 2), the combined organics 453 
were washed with brine (~50 mL), dried over MgSO4, filtered, and concentrated in vacuo. The 454 
product was purified via SiO2 column chromatography (using a gradient of 20% to 30% to 50% 455 
EtOAc in hexanes as eluent) to give the title compound 1 as a clear oil (335 mg, 70% yield). 1H 456 
NMR (300 MHz, CDCl3) δ (ppm) = 7.16 (d, 2H), 6.84 (d, 2H), 4.16 (q, 2H), 4.04 (t, 2H), 3.98-457 
3.91 (m, 3H), 3.64-3.54 (m, 1H), 3.38-3.28 (m, 1H), 2.95 (d, 2H), 2.23 (s, 1H), 1.21 (t, 3H), 1.15 458 
(t, 3H). 459 
 460 
ethyl (S)-2-ethoxy-3-(4-(2-((methylsulfonyl)oxy)ethoxy)phenyl)propanoate (compound 2)  461 

Methanesulfonyl chloride (MsCl, 237 mg, 0.16 mL, 2.02 462 
mmol, 1.7 equiv.) was added dropwise to an ice-cold 463 
solution of compound 1 (335 mg, 1.19 mmol) and 464 
triethylamine (TEA) (240 mg, 0.331 mL, 2.38 mmol, 2 465 
equiv.) in dry dichloromethane (DCM) (7mL). The 466 
reaction was stirred at room temperature for 2.5 hours, then 467 

diluted with ~50 mL of 1M HCl aq. solution. The aqueous layer was then extracted with DCM 468 
(50mL x 2), the combined organic layers were washed with sequence of ~50 mL of saturated 469 
NaHCO3 aq. solution, ~50 mL of water, and ~50mL of brine. The organic layer was dried over 470 
MgSO4, filtered, and concentrated in vacuo, to give the title compound 2 as a brown oil, with no 471 
further purification (412 mg, 96% yield). 1H NMR (300 MHz, CDCl3) δ ppm = 7.19 (d, 2H), 6.83 472 
(d, 2H), 4.57 (t, 2H), 4.22 (t, 2H), 4.16 (t, 2H), 3.97 (q, 1H), 3.66-3.55 (m, 1H) 3.40-3.30 (m, 1H), 473 
3.09 (s, 3H), 2.97 (d, 2H), 1.24 (t, 3H), 1.16 (t, 3H) 474 
 475 
ethyl (S)-3-(4-(2-(4-(4-chlorophenyl)-3,6-dihydropyridin-1(2H)-yl)ethoxy)phenyl)-2-476 
ethoxypropanoate (compound 3) 477 

4-(4-chlorophenyl)-1,2,3,6tetrahydropyridine 478 
(314 mg, 1.37 mmol, 1.2 equiv.), sodium 479 
iodide (NaI) (34 mg, 0.23 mmol, 0.2 equiv.), 480 
and potassium carbonate (K2CO3) (471 mg, 481 
3.42 mmol, 3 equiv.) was added  to the solution 482 
of compound 2 (412 mg, 1.14 mmol) in dry 483 

DMF (6 mL). The reaction was stirred at 60ºC overnight (16 hours). The reaction flask was then 484 
diluted with ~50 mL of EtOAc, and the solids were removed by filtration through celite. Water 485 
(~30 mL) was added, and the solution mixture was extracted three times with EtOAc (~50 mL x 486 
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3), the combined organics were washed with brine (~50 mL), dried over MgSO4, filtered, and 487 
concentrated in vacuo. The product was purified via SiO2 column chromatography (using a 488 
gradient of 20% to 30% to 40% EtOAc in hexanes as eluent) to give the title compound 3 as a 489 
clear oil (189 mg, 36% yield). 1H NMR (300 MHz, CDCl3) δ ppm = 7.33 (d, 2H), 7.28 (d, 2H), 490 
7.17 (d, 2H), 6.86 (d, 2H), 6.06 (s, br, 1H), 4.20-4.08 (m, 3H), 3.97 (t, 1H), 3.65-3.55 (m, 1H), 491 
3.40-3.32 (m, 1H), 3.31 (d, 2H), 2.94 (t, 4H), 2.86 (t, 2H), 2.57 (s, br, 2H), 1.23 (t, 3H), 1.16 (t, 492 
3H). 493 
 494 
(S)-3-(4-(2-(4-(4-chlorophenyl)-3,6-dihydropyridin-1(2H)-yl)ethoxy)phenyl)-2-ethoxypropanoic 495 
acid (PAR5359)  496 

 Lithium hydroxide monohydrate (26 mg, 0.624 497 
mmol, 2 equiv.) was added to the solution of 498 
compound 3 (163 mg, 0.312 mmol) in 499 
tetrahydrofuran (THF) (6 mL) and water (1.5mL). 500 
The reaction was stirred at room temperature for 501 
4 hours and was then quenched by addition of ~1 502 

mL 1M HCl aq. solution. The reaction flask was then evaporated to dryness in vacuo. The resultant 503 
solids were purified via SiO2 column chromatography (using a gradient of 4% to 6% to 10% MeOH 504 
in DCM as eluent) to give the title compound PAR5359 as a white solid (109 mg, 71% yield) 1H 505 
NMR (500 MHz, CD3OD-d4) δ ppm = 7.25-7.23 (d, 2H), 7.13-7.11 (d, 2H), 6.98-6.97 (d, 2H), 506 
6.70-6.68 (d, 2H), 5.94 (t, J= 2.2 Hz, 1H), 4.15-4.13 (m, 2H), 3.74-3.73 (m, 2H), 3.60-3.59 (m, 507 
2H), 3.38-3.32 (m, 5H), 3.05-2.98 (m, 1H), 2.74-2.71 (m, 1H), 2.63-2.55 (m, 3H), 0.84 (t, J= 7.0 508 
Hz, 3H); 13C NMR (126 MHz, CD3OD-d4) δ ppm = 181.1, 158.7, 139.6, 136.4, 135.7, 134.2, 509 
132.5, 132.4, 130.6, 130.5, 128.7, 128.6, 119.0, 118.9, 116.2, 116.2, 84.6, 67.4, 64.7, 57.1, 53.3, 510 
51.7, 40.6, 26.5, 16.3; ESI-MS: 430.2 [M+H]+. 511 
 512 
Human subjects 513 
Blood samples were obtained from either healthy volunteers or from IBD patients undergoing 514 
colonoscopies a part of their routine care and follow-up at UC San Diego’s Inflammatory Bowel 515 
Disease (IBD) Center. Patients were recruited and consented using a study proposal approved by 516 
the Institutional Review Board of the University of California, San Diego. Isolation of blood 517 
monocytes was carried out using an approved human research protocol (IRB# 160246) that covers 518 
human subject research at the UC San Diego HUMANOID Center of Research Excellence 519 
(CoRE). The clinical phenotype and information were curated based on histopathology reports 520 
from Clinical Pathology and Chart check, followed by consultation with a specialist at UC San 521 
Diego’s IBD Center. 522 
Animals 523 
All animal studies were approved by the University of California, San Diego Institutional Animal 524 
Care and Use Committee (IACUC). Adult C57BL/6 mice were acquired from Jackson 525 
Laboratories. All animals were maintained in an institutional animal care.  Provided with standard 526 
light–dark cycle, fed with standard laboratory chow and clean drinking water. 527 
 528 
Bacteria and bacterial culture 529 
For bacterial culture adherent Invasive Escherichia coli strain LF82 (AIEC-LF82), Citrobacter 530 
rodentium and Salmonella enetrica serovar typhimurium, a single colony was inoculated into LB 531 
broth and grown for 6-8 h on shaking incubator, followed by overnight culture under oxygen-532 
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limiting conditions, but without shaking, to maintain their pathogenicity as done previously19-21. 533 
Cells were infected with bacteria with indicated MOI in figure legends.  534 
 535 
C. rodentium induced infectious colitis and in vivo treatments 536 
C. rodentium were grown overnight in LB broth with shaking at 37 ºC and mice were orally 537 
challenged with 5 x 108 CFU in 0.1 ml of PBS as described 22,23. To determine viable bacterial 538 
numbers in faeces, fecal pellets were collected from individual mice, homogenized in cold PBS, 539 
serially diluted and plated on MacConkey agar plates. Number of CFU was determined after 540 
overnight incubation at 37 ºC. Colon samples were collected to assess histology and levels of 541 
mRNA (by qPCR). For treatment study, PPARa agonist (GW7647, 20 µg/kg body weight/day), 542 
PPARg agonist (Pioglitazone, 20µg/kg body weight/day), PPARa/g dual agonist (PAR5359, 1 543 
mg/kg body weight/day) were administered via intraperitoneal route in 200 µl total volume 544 
(DMSO less than 4%).  545 
 546 
DSS-induced colitis and in vivo treatments 547 
For DSS-colitis experiments, 7-wk old C57BL/6 mice were obtained from Jackson Laboratories 548 
(Bay Harbor, ME). All animals were housed and euthanized according to University of California 549 
San Diego Institutional Animal Care and Use Committee (IACUC) policies and guidelines. Colitis 550 
was induced by oral administration of 2.5% dextran sulfate sodium (DSS, w/v) (MP Biomedicals, 551 
MW 36–50 kDa) in drinking water for five days as described 24,25. For treatment study, PAR5359 552 
(1 mg/kg/day) was administered via intrarectal/intraperitoneal route in 50 µl total volume (DMSO 553 
less than 4%). Post-injection, mice were hung upside-down for 30 sec to ensure injection solution 554 
was retained in colon. Mice were sacrificed on the 9th day, and colon length was assessed. Colon 555 
samples were collected for assessing the levels of mRNA (by qPCR). Water levels were monitored 556 
to determine the volume of water consumed by all groups. Each animal was monitored for animal 557 
weight loss, stool consistency, and fecal blood and these parameters were used to calculate an 558 
average Disease Activity Index (DAI) as described previously 26. Colon histology was assessed in 559 
samples stained with hematoxylin using standard protocols. 560 
 561 
Thioglycolate-elicited murine peritoneal macrophages generations  562 
Thioglycolate-elicited murine peritoneal macrophages (TGPMs) were isolated from 8- to 12-563 
week-old C57BL/6 mice and cultured as described previously27. Peritoneal cells were collected 564 
from peritoneal lavage with ice cold RPMI (10 ml per mouse) 4 days after intraperitoneal injection 565 
of 3 ml of aged, sterile 3% thioglycolate broth (BD Difco, USA). Cells were filtered with 70 µ 566 
filter, centrifuged and resuspended in RPMI-1640 containing 10 % FBS and 1% 567 
penicillin/streptomycin. TGPMs were plated with required cell density and the media was changed 568 
after 4 h to remove non adherent cells. Depending on the experiment, TGPMs were seeded in 6-569 
well, 12-well, or 24-well plates with appropriate and consistent cell densities. TGPMs were 570 
allowed to adjust to overnight culture before the addition of stimuli: LPS (10-100 ng/ml) in 571 
presence or absence of PPAR agonists and antagonist as describe in figure legends.  572 
 573 
Measurement of reactive oxygen species 574 
To assess whether PPAR agonists modulates bacteria (LF82 and SL)-induced ROS in peritoneal 575 
macrophages were (50,0000 cells/96 well) were treated with AIEC-LF82/SL in presence or 576 
absence of PPAR agonists/inhibitors. The redox-sensitive, cell-permeable dihydroethidium 577 



(hydroethidine or DHE) was used to detect the cellular production of ROS as described in assay 578 
kit (ROS, Detection Cell-Based Assay Kit, Cayman Chemical) and plate was read using 579 
fluorescence microplate reader (ex 500 – 530 nm/em 590 – 620 nm).  580 
 581 
Gentamicin Protection Assay.  582 
Quantification of viable intracellular bacteria was done by using the gentamicin protection assay 583 
as described previously 19. Briefly, Peritoneal macrophage TGPMs, 2 × 105 cells per well were 584 
seeded into 24-well culture dishes overnight before infection at an MOI of 10 for 1 h in antibiotic-585 
free RPMI media containing 10% FBS in a 37 °C CO2 incubator. Cells were then washed and 586 
incubated with gentamicin (200 μg/ml) for 90 min to kill extracellular bacteria. Further, cells were 587 
washed and incubated with antibiotic-free RPMI media containing 10% FBS for 1-24 h and 588 
subsequently lysed in 1% Triton-X 100, lysates were serially diluted and plated on LB agar plates. 589 
Total CFU were counted after overnight incubation at 37 °C. To test effect of PPAR agonists, cells 590 
were pre-treated for 30 min with PPAR agonists.  591 
 592 
RNA extraction and Quantitative PCR 593 
Total RNA was isolated using TRIzol reagent (Life Technologies) and Quick-RNA MiniPrep Kit 594 
(Zymo Research, USA). RNA was converted into cDNA using the qScript™ cDNA SuperMix 595 
(Quantabio). Quantitative RT-PCR (qPCR) was carried out in 384-well plate using PowerUp™ 596 
SYBR™ green master mix (Applied Biosystems, USA) and performed on the SteepOnePlus 597 
Quantitative platform (Life Technologies, USA). The cycle threshold (Ct) of target genes was 598 
normalized to 18S rRNA gene and the fold change in the mRNA expression was determined using 599 
the 2^-ΔΔCt method. Primers used in qPCR reactions were designed using PrimerQuest tool 600 
software (Integrated DNA technology, USA) and NCBI Primer Blast software (Table 1). 601 
 602 
Cytokine Assays 603 
Cyokines including TNFa, IL6, IL1b and IL10 were measured in cell supernant using ELISA 604 
MAX Deluxe kits from Biolegend.  605 
 606 
Statistics 607 
Experimental values are presented as the means of replicate experiments ±SEM. Statistical 608 
analyses were performed using GraphPad Prism software version 8.0 (GraphPad Software).   609 
Differences between two groups were evaluated using Student’s t-test (parametric) or Mann-610 
Whitney U-test (non-parametric). To compare more than three groups, one-way analysis of 611 
variance followed by Tuckey’s post-hoc test was used. Differences at P < 0.05 were considered 612 
significant. Please see Supporting Information for details regarding Boolean data analysis.  613 
 614 
 615 
 616 
 617 
 618 



SUPPLEMENTARY FIGURES 619 
 620 
 621 
 622 

 623 
 624 
 625 
 626 
 627 
 628 
Supplementary Figure 1: Boolean network map of continuum states in Inflammatory Bowel Disease 629 
(a.k.a, IBD-map) and the position of PPARA/G targets within the map. 630 
(A) Boolean network analysis was performed on IBD datasets (GSE83687 and GSE73661) to identify 631 
pathways and gene clusters during IBD progression. (B) Genes with similar expression profiles were 632 
organized into clusters, and relationships between clusters represented as color-coded edges connecting 633 
clusters. Reactome pathway of each cluster of IBD-map was performed to understand pathophysiological 634 
cellular processes that are enriched during IBD progression. PPARA is present within cluster #2 and 635 
PPARG is present within cluster #3. (C) Boolean networks contain six possible Boolean relationships 636 
between genes (invariant relationships). (D) Schematic showing the gene expression of selected genes 637 
within the normal to IBD disease progression. 638 
 639 



 640 
 641 
Supplementary Figure 2: Computation of therapeutic index in a target report card.   642 
(A) BooleanNet statistic. Evaluating Boolean implication relationship between gene A and B. aij is the 643 
number of samples in the respective quadrants. nA/Blow is number of samples where A/B is low. S00 = 644 
BooleanNet statistic and p00 = error rate to test sparsity for the bottom left quadrant. S > 2.5 and p < 0.1 is 645 
used to test whether each quadrant is sparse. False Discovery Rate is computed by randomizing the data 646 
several times and computing the ratio of an average number of relationships found in randomized data to 647 
the original data. (B) Deriving Boolean implication relationships using BooleanNet statistic.  (C-D) 648 
Scatterplots between PRKAB1, PPARG (C) and PPARA (D) in GSE83687 (n = 134) with the StepMiner 649 
thresholds (red) and noise margin (+/- 0.5, blue) in both X and Y-axes. BooleanNet statistic (S, p) is 650 
computed for each quadrant. (E)  Since PRKAB1 is an Agonist, gene A is considered Antagonist if S11 > 0 651 
(Top-right quadrant have fewer points than expected) and Agonist otherwise. The therapeutic index 652 
(Tindex) is computed separately for Antagonist and Agonist as shown below. (F) The therapeutic index 653 
(Tindex) value of PPARG, PPARA, two FDA approved targets (ITGB1, JAK2), two abandoned targets 654 
(SMAD7, IL11) is computed using the formula in panel E.  655 



 656 

Supplementary Figure 3: Prediction of cell type specific expression patterns.   657 
(A) Gene expression databases used for predicting cell type specific expression patterns. Human colon tissue database 658 
(n = 1911) is derived from the “Human Colon Global Database after purging using EpCAM and Albumin” restricted 659 
to Human U133 Plus 2.0 Affymetrix platform as published previously (Dalerba, Sahoo et al. 2016, NEJM, PMID: 660 
26789870) with additional 68 Adenoma samples and purified FACS samples of human colon crypts (GSE31255). A 661 
database of human colon cancer cell lines (n = 264) was prepared by pooling 26 independent datasets. Macrophage, 662 
and Fibroblast databases were prepared from GSE134312 and GSE63626, respectively. B cell and T cell samples from 663 
GSE24759 was used to prepare the human Lymphocyte database. Human Global Database (GSE119087, n = 25,955) 664 
is used to identify high and low expression patterns relative to other tissue types for each gene. (B) Flow chart for the 665 
prediction of cell type specific expression patterns. Boolean implication “KRT20 low => X low” in the human colon 666 
tissue database (n = 1911) is used to identify the top of the crypt specific expression patterns. Boolean implication 667 
“KRT20 low => X high” in the human colon tissue database (n = 1911), dynamic range > 3 in human colon cancer 668 
cell lines (n = 264), and correlation with LGR5 > 0.8 in GSE31255 is used to identify bottom of the crypt specific 669 
expression patterns. Standard deviation > 0.5 in B cell and T cell samples from GSE24759 is used to predict if a gene 670 
is expressed in lymphocytes. Macrophage and Fibroblast specific expression pattern is predicted by comparing 671 
StepMiner thresholds of GSE134312 and GSE63626 with GSE119087. (C) Cell type specific expression patterns for 672 
PPARG and PPARA is computed using the flow chart in panel B.    673 

674 



 675 
 676 
 677 
 678 
Supplementary Figure 4: Boolean network map of continuum states in Ulcerative Colitis (a.k.a, UC-map) and 679 
the position of PPARA/G targets within the map.  680 
(A) Boolean network analysis was performed on Ulcerative colitis datasets to identify pathways and gene clusters 681 
during UC progression. Boolean networks contain six possible Boolean relationships between genes (invariant 682 
relationships top right) and genes with similar expression profiles were organized into clusters, and relationships 683 
between clusters represented as color-coded edges connecting clusters. (B) Schematic of reactome pathway of each 684 
cluster of UC-map were performed to understand pathophysiological cellular processes that are enriched during UC 685 
progression. PPARA and PPARG are both located in cluster #2. Their stimulation with dual agonists is expected to 686 
impact both continuum paths, C2→C3→C4→C5 and C2→C7→C3→C4→C5. 687 
 688 
 689 
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 696 
Supplementary Figure 5: Boolean network map of Crohn’s disease, CD-map. 697 
A) Boolean network analysis was performed on Crohn’s colitis datasets to identify pathways and gene 698 
clusters during CD disease progression. Boolean networks contain six possible Boolean relationships 699 
between genes (invariant relationships top right) and genes with similar expression profiles were organized 700 
into clusters, and relationships between clusters represented as color-coded edges connecting clusters. (B) 701 
Schematic of reactome pathway of each cluster of CD-map were performed to understand 702 
pathophysiological cellular processes that are enriched during CD progression. PPARA is located within 703 
cluster #6 and PPARG is located within cluster #3. Their stimulation with dual agonists is expected to 704 
impact both continuum paths, C2→C3→C4→C5 and C6→C8→C4→C5. 705 
 706 
 707 
 708 
 709 
 710 



 711 
 712 
 713 
 714 
 715 
Supplementary Figure 6: A comparative analysis of potencies of PPARa and PPARg single and dual 716 
agonists. 717 
(A) Schematic displaying assay workflow. PPARa and PPARg reporter cells were dispensed into respective 718 
wells of the assay plate and incubated with PPAR agonists (GW7647 and PAR5359 to test PPARa agonist 719 
activity and Pioglitazone and PAR5359 to test PPARg agonist activity). Following 22 h incubation with 720 
agonists, treatment media are discarded, and Luciferase Detection Reagent was added (as indicated by 721 
manufacture’s protocol, Indigo Biosciences). The intensity of light emission (in units of 'Relative Light 722 
Units'; RLU) from each assay well was quantified using a plate-reading luminometer. (B-C) Bar graph and 723 
line graph showing EC50 for PPARa and (D-E) showing EC50 for PPARg.  724 



  725 
 726 
Supplementary Figure 7: PPAR⍺/" dual agonists ameliorate Citrobacter rodentium-induced infectious colitis in 727 
mice (as determined on day #7, i.e., peak inflammation). (A) Schematic summarizing the workflow for testing 728 
PPAR-targeted therapeutics in C. rodentium-induced colitis. Mice were gavaged with C. rodentium on day 0 and 729 
subsequently treated daily with PPAR agonists. Colons were excised on day 7 and analyzed by histology. (B) Images 730 
display representative fields from H&E-stained colon tissues. Mag = 100x (top) and 200x (bottom). White arrowheads 731 
point to immune cell infiltrates, whereas black arrowheads point to regions of extensive epithelial destructions and 732 
sloughing. (C-D) Images in panel C display spleens excised on day 7. Arrows point to black discoloration, likely from 733 
splenic infarcts. Scatter plots with bar graphs in panel D display the length of the spleens in C. (E-F) Images in panel 734 
E display spleens excised on day 18. Arrows point to black discoloration, likely from splenic infarcts. Scatter plots 735 
with bar graphs in panel F display the weight of the spleens in E. Statistics: All results are displayed as mean ± SEM. 736 
Significance was tested using two-way/one-way ANOVA followed by Tukey’s test for multiple comparisons. 737 
Significance: *, p < 0.05Statistics: All results are displayed as mean ± SEM. Significance was tested using two-738 
way/one-way ANOVA followed by Tukey’s test for multiple comparisons. Significance: *, p < 0.05; ***, p < 0.001. 739 
See also Fig. 3 for the Day 18 results in the C. rodentium-induced colitis model 740 



 741 
 742 
 743 
Supplementary Figure 8: RNA seq analyses of C. rodentium-infected colons show that dual agonist PAR5359, 744 
but not single agonists GW7647 or Pioglitazone resists Citrobacter rodentium-induced gene expression changes.  745 
(A) Pre-ranked GSEA based on pairwise differential expression analyses (Pioglitazone vs DMSO, top; GW7647 vs 746 
DMSO, bottom) are displayed as enrichment plots for epithelial tight (left) and adherens (middle) junction signatures 747 
and balanced macrophage processes (right). (B-F) Violin plots display the deviation of expression of gene sets that 748 
represent epithelial differentiation (B), epithelial tight and adherens junctions (C-D), macrophage processes (E) and 749 
PPAR signaling (F).  750 
 751 
 752 
 753 
 754 



 755 
 756 
Supplementary Figure 9: PPAR⍺/PPAR" dual agonist, PAR5359 ameliorates DSS-induced colitis in mice. (A) 757 
Schematic summarizing the workflow for testing PPARa/g dual agonist (PAR5359) in DSS-induced colitis. Briefly, 758 
mice were fed with 2.5% DSS in drinking water for 7 days followed by 2 days of normal drinking water. PAR5359 759 
was given through intrarectal route using an oral gavage needle. The tip of oral gavage needle was greased with 760 
medical grade ointment for easy and safe administration. On 9th day all group mice were sacrificed, and colons were 761 
analyzed for its morphology, histology and gene expression (RNAseq and qPCR). (B) Line graphs display daily weight 762 
of mice, from the day of DSS administration (day 1) to the day of sacrifice (day 9). (C) Line graphs display disease 763 
activity index (DAI) scores, calculated for the days 5, 7 and 9 after DSS administration, which accounts for stool 764 
consistency (0-4), rectal bleeding (0-4), and weight loss (0-4). (D) Scatter plots with bar graphs display the length of 765 
the excised colon at sacrifice (day 9). (E) Images representative of H&E-stained sections of the distal colon are shown 766 
(F) Bar graphs showing histological score of H&E sections mentioned in E. White arrowheads = immune cell 767 
infiltrates. Statistics: All results are displayed as mean ± SEM. Significance was tested using two-way/one-way 768 
ANOVA followed by Tukey’s test for multiple comparisons. Significance: *, p < 0.05; **, p < 0.01, ***, p < 0.001, 769 
****, p < 0.0001. 770 

771 



 772 
 773 
Supplementary Figure 10: PPAR⍺ and PPAR⍺/"-dual agonists enhance, whereas PPAR" agonist delay 774 
bacterial (Salmonella enteritica) clearance. (A) Schematic displays the experimental design and workflow. 775 
Thioglycolate-induced murine peritoneal macrophages (TG-PM) pretreated with PPAR agonists (see box, below; 20 776 
nM GW7647, 10 µM Pioglitazone and 1 µM PAR5359) were infected with Salmonella enteritica (MOI 10) and 777 
subsequently analyzed at 6 h post-infection for bacterial count (Gentamycin protection assay) and secretion of 778 
inflammatory cytokines (in supernatant media by ELISA). (B) Bar graphs show percent internalized viable bacterial 779 
counts of Salmonella enterica. (C) Bar graphs display the extent of secreted cytokines (IL1β, IL6, TNF⍺ and IL10) in 780 
the supernatant media. Statistics: One-way ANOVA followed by Tukey’s test for multiple comparisons was 781 
performed to test significance. ‘#’ significance over uninfected TG-PMs and ‘*’ shows significance over Salmonella-782 
infected cells. All results are from at least three independent experiments and results displayed as means ± SEM. ns, 783 
non-significant, *, p < 0.05; **, p < 0.01, ***, p < 0.001. 784 
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 786 
 787 
Supplementary Figure 11: PPAR agonists did not affect the viability of AIEC- LF82. AIEC-LF82 bacteria (~2 x 788 
107) were incubated for 1 h with RPMI media containing 10% FBS and PPAR agonists (see box, below; 20 nM 789 
GW7647, 10 mM Pioglitazone and 1 mM PAR5359) at 37°C in CO2 incubator. The culture media was subsequently 790 
analyzed for the bacterial count. All results are from three independent experiments and results are displayed as means 791 
± SEM. Significance was tested using one-way ANOVA. 792 



TABLES 
 
Table 1: Table summarizing studies to date and their claims regarding the protective role of PPARg in IBD 
 

Interventions/Study models  Outcome / Major conclusions Reference 

DSS-induced colitis model in WT and  

Intestinal endothelial cells (IEC; Villin Cre)-

specific PPARγ KO mice 

Agonist: Rosiglitazone 

DSS-induced colitis is worsened in KO mice, compared to 

WT littermates. PPARγ expressed in the IEC has an 

endogenous role in protecting against colitis.  

28
 

DSS-induced colitis model in WT and  

CD4+ T cell-specific PPARγ KO mice 

DSS-induced colitis is worsened in KO mice, compared to 

WT littermates. PPARγ in T cells is involved in preventing 

gut inflammation by regulating adhesion molecules and 

inflammatory mediators.  

29
 

DSS-induced colitis model in WT and  

Macrophage-specific PPARγ KO mice 

Agonist: Pioglitazone 

Macrophage-specific PPARγ KO exacerbated DSS-induced 

colitis, impaired Treg compartment, and increased LP CD8+ 

T cells. In addition, the protective effect of Pioglitazone, the 

presence of PPARg in macrophages is required. 

30
 

 

 
 
 
 
 
 
 
 
 
 
 
 
 



Table 2: Table summarizing studies to date and their conflicting claims regarding the role of PPARa in IBD 
 
Sl. 

No. 
Interventions/Study models  Outcome / Major conclusions  Reference 

1. 

Dinitrobenzene sulfonic acid (DNBS) induced 

IBD in WT and PPARα
-/- 

mice. 

With or without PPARα agonists WY-14643.  

 

DNBS-induced colitis is worsened in KO mice, 

compared to WT littermates.  

PPARa and its agonist WY-14643 protects from 

IBD. 

PPARα is protective  

31
 

 

 

 

2. 

DSS-induced colitis in Interleukin-10 

knockout (IL-10
-/-

)  

Agonist: Fenofibrate 

PPARα is protective 32
 

3. 

DNBS-induced IBD in WT and PPARα
-/- 

mice, 

and treatment with dexamethasone, a synthetic 

glucocorticoid 

PPARα enhances the anti-inflammatory effect of 

dexamethasone. 

PPARα is protective 

33
 

 

4. 
DSS-induced colitis in mice treated with 

Agonist: WY14643 
PPARα is protective 34

 

6. 
DSS-induced colitis in PPARα

-/-
 and WT mice 

Agonist: WY14643, 

PPARα agonist worsens colitis in a PPARα-

dependent manner 

PPARα is protective 

 

35
 

7. 

DSS and TNBS-induced colitis in WT and 

PPARα
-/-

mice and Salmonella typhi induced 

colitis, with or without treatment with PPARα 

agonist. 
Agonist: Fenofibrate 

Increased inflammation in WT, but not KO mice.  

PPARα agonist worsens colitis in a PPARα-

dependent manner 

PPARα is harmful 

36
 

 

9. 

DSS-induced colitis in WT and PPARα
-/-

mice; 

treatment with PPAR agonist   

Agonist: fenofibrate 

 

Colitis worsened by agonists in WT, but not KO 

mice.  

PPARα agonist worsens colitis in a PPARα-

dependent manner 

PPARα is harmful 

37
 

 

 



Table 3: PPARα/γ dual agonists, their potency and market status.  
PPARα/γ Dual Agonist EC50 (α) EC50 (γ) Status 
Muraglitazar 320.0nM 

5680nM 
110.0nM 

243nM 
Discontinued 38,39 

Tesaglitazar 4780nM 

1200nM 
3420nM 

1300nM 
Discontinued 39,40 

Naveglitazar 2816nM 361nM Discontinued 41 
Ragaglitazar 3200nM 600nM Discontinued 42 
Farglitazar 250nM 

450nM 
0.2nM 

0.34nM 
Discontinued 43,44  

Imiglitazar 8nM 4nM Discontinued 45 

Netoglitazone 100nM9 3000nM9 Discontinued 46 
Reglitazar 1900nM 83nM Discontinued 47 
MK0767 140nM 83nM Discontinued 48 

KRP-297 850nM 83nM Discontinued 49 
TZD18 26nM 14nM Preclinical 50 

Chiglitazar 1200nM 80nM Phase II clinical trials 51 
Aleglitazar 50nM 

5nM 
21nM 

9nM 
Phase III clinical trials 39,52 

PLX429 - - Preclinical 
AVE0847 - - Phase II clinical trials 
Azaindole-α-alkyloxyphenylpropionic acid  - - Preclinical 
BVT-142 - - Preclinical 
O-Arylmandelic acid derivatives  - - Preclinical 
Amide substituted with α-substituted-β-phenylpropionic 
acid derivatives  

- - Preclinical 

2-Alkoxydihydro cinnamate derivatives  - - Preclinical 
LY51029 - - Preclinical 
α-Aryloxyphenyl acetic acid derivatives  - - Preclinical 
Tricyclic-α-alkyloxyphenyl propionic acids  - - Preclinical 
Saroglitazar 0.00065nM 3nM Phase II clinical trials, 

Approved in India and Mexico 53 



Table 4: PPAR agonists and antagonists used in this study. 

Common 
name 

Chemical name structure EC50Potency  
Tested 
in IBD 

Reference 

GW7647 

PPARa  

agonist 

 

2-4-2-4 Cyclohexylbutyl) 

(cyclohexylcarbamoyl) 

amino]ethyl}phenyl sulfanyl]-2-

methylpropanoic acid 

 

PPARa agonist: 

2.1± 0.05 nM 

 

No 

54
 

55
 

 

 

Pioglitazone 

PPARg  

agonist 

 

5-[4-[2-[5-ethylpyridin-2-

yl]ethoxy]benzyl]thiazolidine-2,4-

dione 

 
 

PPARg agonist: 

1.1± 0.03 mM 
Yes 

56
 

PAR5359 

PPARa/g  

dual agonist 

 

3-(4-{2-[4-(4-Chloro-phenyl)-3,6-

dihydro-2H-pyridin-1-yl]-ethoxy}-

phenyl)-2-ethoxypropionic acid 
 

PPARa agonist: 

0.16± 

0.005  μM 

PPARg agonist: 

0.12± 0.006 μM 

 

No 
57

 

GW 6471 
PPARa  
antagonist 

 

N-((2S)-2-(((1Z)-1-Methyl-3-oxo-

3-(4-(trifluoromethyl)phenyl)prop-

1-enyl)amino)-3-(4-(2-(5-methyl-

2-phenyl-1,3-oxazol-4-

yl)ethoxy)phenyl)propyl)propana

mide  
 

PPARa 

antagonist: 0.24 

mM 

 

No 

58
  

59
 

GW 9662 

PPARg  
antagonist 

 

 

2-Chloro-5-nitro-N-

phenylbenzamide 

 

PPARg 

antagonist: 3.3 

nM 

 

No 
60

 



Table 5: Characteristics of IBD patients used as source of PBMCs for use in bacterial clearance assays. 
 

Patient code Sub-disease Gender Treatment history 
CD 76 Inflammatory Male Infliximab current; No prior Biologics 
CD77 Stricturing Male Infliximab in the past 
CD79 Penetrating Male Infliximab in the past 
CD80 Stricturing Female Adalimumab current; No prior Biologics 
CD81 Penetrating Female Infliximab current; Previoulys on Cimzia and Stelara 
CD 82 Inflammatory Female Biologic Naïve 
CD 83 Stricturing, Penetrating Male Infliximab current; No prior Biologics 
UC72 UC Female Biologic Naïve 
UC73 UC Female Biologic Naïve 
UC 74 UC Female Biologic Naïve 
UC 75 UC Female Biologic Naïve 
UC 76 UC Female Off therapy, previous had one dose of Entyvio 
UC 77 UC Female Adalimumab; No prior Biologics 
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