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Abstract
In the present study we applied the software package "Genome Enhancer" to a data set that contains transcriptomics data. The study is done
in the context of acute kidney injury, chronic kidney disease-mineral and bone disorder, fused kidney, kidney calculi, kidney diseases, cystic
kidney diseases, chronic kidney failure, kidney neoplasms, kidney transplantation, acute kidney tubular necrosis, medullary sponge kidney,
multicystic dysplastic kidney, polycystic kidney diseases, autosomal dominant polycystic kidney and autosomal recessive polycystic kidney. The
goal of this pipeline is to identify potential drug targets in the molecular network that governs the studied pathological process. In the first step
of analysis pipeline discovers transcription factors (TFs) that regulate genes activities in the pathological state. The activities of these TFs are
controlled by so-called master regulators, which are identified in the second step of analysis. After a subsequent druggability checkup, the
most promising master regulators are chosen as potential drug targets for the analyzed pathology. At the end the pipeline comes up with (a) a
list of known drugs and (b) novel biologically active chemical compounds with the potential to interact with selected drug targets.
From the data set analyzed in this study, we found the following TFs to be potentially involved in the regulation of the differentially expressed
genes: RELA, HMGA1, RXRA, THRA and NFATC3. The subsequent network analysis suggested HCK, PLK1, IL2RB, DUSP9, PSMD4 and PSMC2 as
the most promising and druggable molecular targets. Finally, the following drugs were identified as the most promising treatment candidates:
Bosutinib, 3-[3-chloro-5-(5-{[(1S)-1-phenylethyl]amino}isoxazolo[5,4-c]pyridin-3-yl)phenyl]propan-1-ol, Aldesleukin, Nitrilotriacetic Acid, 4Nitrocatechol and S-Mercaptocysteine.

1. Introduction
Recording "-omics" data to measure gene activities, protein expression or metabolic events is becoming a standard approach to characterize
the pathological state of an affected organism or tissue. Increasingly, several of these methods are applied in a combined approach leading to
large "multiomics" datasets. Still the challenge remains how to reveal the underlying molecular mechanisms that render a given pathological
state different from the norm. The disease-causing mechanism can be described by a re-wiring of the cellular regulatory network, for instance
as a result of a genetic or epigenetic alterations influencing the activity of relevant genes. Reconstruction of the disease-specific regulatory
networks can help identify potential master regulators of the respective pathological process. Knowledge about these master regulators can
point to ways how to block a pathological regulatory cascade. Suppression of certain molecular targets as components of these cascades may
stop the pathological process and cure the disease.
Conventional approaches of statistical "-omics" data analysis provide only very limited information about the causes of the observed
phenomena and therefore contribute little to the understanding of the pathological molecular mechanism. In contrast, the "upstream analysis"
method [1-4] applied here has been deviced to provide a casual interpretation of the data obtained for a pathology state. This approach
comprises two major steps: (1) analysing promoters and enhancers of differentially expressed genes for the transcription factors (TFs) involved
in their regulation and, thus, important for the process under study; (2) re-constructing the signaling pathways that activate these TFs and
identifying master regulators at the top of such pathways. For the first step, the database TRANSFAC® [6] is employed together with the TF
binding site identification algorithms Match [7] and CMA [8]. The second step involves the signal transduction database TRANSPATH® [9] and
special graph search algorithms [10] implemented in the software "Genome Enhancer".
The "upstream analysis" approach has now been extended by a third step that reveals known drugs suitable to inhibit (or activate) the
identified molecular targets in the context of the disease under study. This step is performed by using information from HumanPSD™ database
[5]. In addition, new potential small molecular ligands are subsequently predicted for the revealed targets. A general druggability check is
performed using a precomputed database of biologcal activities of chemical compounds from a library of about 13000 pharmaceutically most
active compounds. The spectra of biological activities are computed using the program PASS on the basis of a (Q)SAR approach [11-13].

2. Data
For this study the following experimental data was used:
Table 1. Experimental datasets used in the study
File name

Data type

atleast_two_methods

Transcriptomics

background_filtered

Transcriptomics

Figure 1. Annotation diagram of experimental data used in this study. With the colored boxes we show those sub-categories of the data that are compared in
our analysis.

3. Results
We have compared the following conditions: Experiment versus Control.

3.1. Identification of target genes
In the first step of the analysis target genes were identified from the uploaded experimental data.
Table 2. Top ten the list of genes provided as input in Control.

See full table →

ID
ENSG00000000971
ENSG00000001497
ENSG00000001626
ENSG00000002919
ENSG00000003987
ENSG00000004142
ENSG00000004864
ENSG00000005700
ENSG00000005810
ENSG00000006453
Table 3. Top ten the list of genes provided as input in Experiment.

See full table →

ID
ENSG00000002587
ENSG00000004399
ENSG00000004939
ENSG00000005448
ENSG00000005844
ENSG00000006638
ENSG00000007392
ENSG00000007968
ENSG00000008196
ENSG00000010030

3.2. Functional classification of genes
A functional analysis of differentially expressed genes was done by mapping the input and input genes to several known ontologies, such as
Gene Ontology (GO), disease ontology (based on HumanPSD™ database) and the ontology of signal transduction and metabolic pathways from
the TRANSPATH® database. Statistical significance was computed using a binomial test.
Figures 2-7 show the most significant categories.

The list of genes provided as input in Control:
1507 input genes were taken for the mapping.
GO (biological process)

Figure 2. Enriched GO (biological process) of the list of genes provided as input in Control.

Full classification →

TRANSPATH® Pathways (2020.1)

Figure 3. Enriched TRANSPATH® Pathways (2020.1) of the list of genes provided as input in Control.

Full classification →

HumanPSD(TM) disease (2020.1)

Figure 4. Enriched HumanPSD(TM) disease (2020.1) of the list of genes provided as input in Control. The size of the bars correspond to the number of biomarkers of the given disease found among the input set.

Full classification →

The list of genes provided as input in Experiment:
1281 input genes were taken for the mapping.
GO (biological process)

Figure 5. Enriched GO (biological process) of the list of genes provided as input in Experiment.

Full classification →

TRANSPATH® Pathways (2020.1)

Figure 6. Enriched TRANSPATH® Pathways (2020.1) of the list of genes provided as input in Experiment.

Full classification →

HumanPSD(TM) disease (2020.1)

Figure 7. Enriched HumanPSD(TM) disease (2020.1) of the list of genes provided as input in Experiment. The size of the bars correspond to the number of
bio-markers of the given disease found among the input set.

Full classification →

3.3. Analysis of enriched transcription factor binding sites and composite modules
In the next step a search for transcription factors binding sites (TFBS) was performed in the regulatory regions of the target genes by using
the TF binding motif library of the TRANSFAC® database. We searched for so called composite-modules that act as potential conditionspecific enhancers of the target genes in their upstream regulatory regions (-1000 bp upstream of transcription start site (TSS)) and identify
transcription factors regulating activity of the genes through such enhancers.
Classically, enhancers are defined as regions in the genome that increase transcription of one or several genes when inserted in either
orientation at various distances upstream or downstream of the gene [8]. Enhancers typically have a length of several hundreds of nucleotides
and are bound by multiple transcription factors in a cooperative manner [9].
We applied the Composite Module Analyst (CMA) [8] method to detect such potential enhancers, as targets of multiple TFs bound in a
cooperative manner to the regulatory regions of the genes of interest. CMA applies a genetic algorithm to construct a generalized model of the
enhancers by specifying combinations of TF motifs (from TRANSFAC®) whose sites are most frequently clustered together in the regulatory

regions of the studied genes. CMA identifies the transcription factors that through their cooperation provide a synergistic effect and thus have a
great influence on the gene regulation process.

Enhancer model potentially involved in regulation of target genes (the list of genes provided as input in Control).
To build the most specific composite modules we choose input genes as the input of CMA algorithm.
The model consists of 2 module(s). Below, for each module the following information is shown:
- PWMs producing matches,
- number of individual matches for each PWM,
- score of the best match.

Module 1:
V$HMGIY_Q6
0.00; N=2

V$GCM_Q4
0.00; N=3

V$LXRBRXRA_Q5
0.00; N=2

V$SREBF1_02
0.00; N=3

V$STAT6_Q4
0.00; N=2

V$HNF1_Q6
0.00; N=2

V$MAFK_05
0.96; N=3

Module width: 154

Module 2:
V$TCF7RELATED_Q4
0.97; N=3

V$NFKAPPAB_01
0.87; N=2

V$COUPTF_Q6
0.81; N=1

V$RXRA_09
0.00; N=3

V$TAL1GATA1_02
0.83; N=1

V$FOSL1_02
0.00; N=2

Module width: 84

Model score (-p*log10(pval)): 14.91
Wilcoxon p-value (pval): 6.38e-33
Penalty (p): 0.463
Average yes-set score: 5.75
Average no-set score: 4.47
AUC: 0.73
Middle-point: 5.49
False-positive: 22.43%
False-negative: 42.41%
The AUC of the model achieves value significantly higher than expected for a random set of regulatory regions
Z-score = 6.30

See model visualization table →

Enhancer model potentially involved in regulation of target genes (the list of genes provided as input in Experiment).
To build the most specific composite modules we choose input genes as the input of CMA algorithm.

The model consists of 2 module(s). Below, for each module the following information is shown:
- PWMs producing matches,
- number of individual matches for each PWM,
- score of the best match.

Module 1:
V$POU5F1_01
0.92; N=2

V$GCM_Q4

V$COUPTF_Q6

0.92; N=3

0.00; N=2

V$GKLF_Q4
0.00; N=2

V$TCF7RELATED_Q4
0.00; N=2

V$MZF1_02
0.85; N=2

Module width: 144

Module 2:
V$PREP1_Q3
0.87; N=3

V$T3R_Q6
0.00; N=3

V$MZF1_Q5
0.99; N=3

V$NFATC3_01
0.00; N=1

V$FRA1_Q6
0.00; N=2

Module width: 121

Model score (-p*log10(pval)): 15.50
Wilcoxon p-value (pval): 1.53e-32
Penalty (p): 0.487
Average yes-set score: 8.20
Average no-set score: 6.78
AUC: 0.72
Middle-point: 7.85
False-positive: 23.61%
False-negative: 42.66%
The AUC of the model achieves value significantly higher than expected for a random set of regulatory regions
Z-score = 5.59

See model visualization table →
On the basis of the enhancer models we identified the following transcription factors potentially regulating the target genes of our interest.
We found 18 and 21 transcription factors controlling expression of the list of genes provided as input (see Tables 4-5).
Table 4. Transcription factors of the predicted enhancer model potentially regulating the differentially expressed genes (the list of genes provided as input in
Control). Yes-No ratio is the ratio between frequencies of the sites in Yes sequences versus No sequences. It describes the level of the enrichment of
binding sites for the indicated TFin the regulatory target regions. Regulatory score is the measure of involvement of the given TF in the controlling of
expression of genes that encode master-regulators presented below (through positive feedback loops).

See full table →

ID

Gene symbol Gene description

Regulatory score Yes-No ratio

MO000079319
MO000026358
MO000019619
MO000056029
MO000159782
MO000025684
MO000024736
MO000031956
MO000019356
MO000026306

RELA
HMGA1
RXRA
SREBF1
LEF1
FOSL1
NR2F1
STAT6
NFKB1
GCM1

3.22
3.12
3.1
2.91
2.89
2.72
2.59
2.49
2.36
2.32

RELA proto-oncogene, NF-kB subunit
high mobility group AT-hook 1
retinoid X receptor alpha
sterol regulatory element binding transcription factor 1
lymphoid enhancer binding factor 1
FOS like 1, AP-1 transcription factor subunit
nuclear receptor subfamily 2 group F member 1
signal transducer and activator of transcription 6
nuclear factor kappa B subunit 1
glial cells missing homolog 1

1.28
1.17
2.01
1.25
1.5
2.12
1.98
1.31
1.23
1.2

Table 5. Transcription factors of the predicted enhancer model potentially regulating the differentially expressed genes (the list of genes provided as input in
Experiment). Yes-No ratio is the ratio between frequencies of the sites in Yes sequences versus No sequences. It describes the level of the enrichment of
binding sites for the indicated TFin the regulatory target regions. Regulatory score is the measure of involvement of the given TF in the controlling of
expression of genes that encode master-regulators presented below (through positive feedback loops).

See full table →

ID

Gene symbol Gene description

Regulatory score Yes-No ratio

MO000019619
MO000025208
MO000020739
MO000025684
MO000019618
MO000033904
MO000056618
MO000125561
MO000159782
MO000025593

RXRA
THRA
NFATC3
FOSL1
RARB
RARA
POU5F1
KLF4
LEF1
RXRB

3.6
3.29
3.1
3.1
3.08
3.04
3.01
2.63
2.55
2.54

retinoid X receptor alpha
thyroid hormone receptor, alpha
nuclear factor of activated T-cells 3
FOS like 1, AP-1 transcription factor subunit
retinoic acid receptor beta
retinoic acid receptor alpha
POU class 5 homeobox 1
Kruppel like factor 4
lymphoid enhancer binding factor 1
retinoid X receptor beta

2.4
1.25
1.74
2.03
1.25
1.41
1.39
1.33
2.15
1.25

3.4. Finding master regulators in networks
In the second step of the upstream analysis common regulators of the revealed TFs were identified. These master regulators appear to be the
key candidates for therapeutic targets as they have a master effect on regulation of intracellular pathways that activate the pathological
process of our study. The identified master regulators are shown in Tables 6-7.
Table 6. Master regulators that may govern the regulation of the list of genes provided as input in Control. Total rank is the sum of the ranks of the master
molecules sorted by keynode score, CMA score, transcriptomics data.

See full table →

ID

Master molecule
name

MO000020249

26S proteasome(h)

MO000176198
MO000021819
MO000009339
MO000058803
MO000031935
MO000086157
MO000034388
MO000102384

JKAP(h)
PDK1(h)
p38alpha(h)
PDK1-isoform1(h)
B-Raf(h)
carm1(h)
PDK1(h){pS241}
PDK1-isoform2(h)
CKII-alpha(h):CKIIalpha2(h):(CKII-beta(h))2

MO000018901

Gene symbol

Gene description

PSMA7, PSMC2, PSMC3,
PSMC5, PSMD4, PSMD5
DUSP22
PDPK1
MAPK14
PDPK1
BRAF
CARM1
PDPK1
PDPK1
CSNK2A1, CSNK2A2,
CSNK2B

proteasome 26S subunit, ATPase 2, proteasome 26S subunit,
ATPase 3, proteasome 26S subunit, ATPase 5...
dual specificity phosphatase 22
3-phosphoinositide dependent protein kinase 1
mitogen-activated protein kinase 14
3-phosphoinositide dependent protein kinase 1
B-Raf proto-oncogene, serine/threonine kinase
coactivator associated arginine methyltransferase 1
3-phosphoinositide dependent protein kinase 1
3-phosphoinositide dependent protein kinase 1
casein kinase 2 alpha 1, casein kinase 2 alpha 2, casein kinase 2
beta

Total
rank
10
24
28
32
35
36
36
37
39
40

Table 7. Master regulators that may govern the regulation of the list of genes provided as input in Experiment. Total rank is the sum of the ranks of the
master molecules sorted by keynode score, CMA score, transcriptomics data.

See full table →

ID
MO000032712
MO000019256
MO000019253
MO000022403
MO000022400
MO000020274

Master molecule
name
MKP-4(h)
ZAP-70(h)
Lck(h)
plk1(h)
Cdc25C(h)
(FasL:Fas)6:
(Daxx{pS667}:ASK1)2

Gene symbol

Gene description

DUSP9
ZAP70
LCK
PLK1
CDC25C

dual specificity phosphatase 9
zeta chain of T-cell receptor associated protein kinase 70
LCK proto-oncogene, Src family tyrosine kinase
polo like kinase 1
cell division cycle 25C
Fas cell surface death receptor, Fas ligand, death domain
associated protein, mitogen-activated prot...
cytochrome b-245 alpha chain, cytochrome b-245 beta chain,
mitogen-activated protein kinase kinase k...
prolactin receptor, tec protein tyrosine kinase, vav guanine
nucleotide exchange factor 1
polo like kinase 1
dual specificity phosphatase 4

DAXX, FAS, FASLG, MAP3K5

MO000038590

Rac1:GTP:MEKK4

CYBA, CYBB, MAP3K4, NCF1,
NCF2, NCF4, RAC1, SYTL1

MO000043863

prlr(h):tec(h):Vav(h)

PRLR, TEC, VAV1

MO000096187
MO000032652

plk1(h)
MKP-2(h)

PLK1
DUSP4

Total
rank
7
10
14
32
33
34
34
38
38
41

The intracellular regulatory pathways controlled by the above-mentioned master regulators are depicted in Figures 8 and 9. These diagrams
display the connections between identified transcription factors, which play important roles in the regulation of differentially expressed genes,
and selected master regulators, which are responsible for the regulation of these TFs.

Figure 8. Diagram of intracellular regulatory signal transduction pathways of the list of genes provided as input in Control. Master regulators are indicated by
red rectangles, transcription factors are blue rectangles, and green rectangles are intermediate molecules, which have been added to the network during the
search for master regulators from selected TFs. Orange and blue frames highlight molecules that are encoded by up- and downregulated genes, resp.

See full diagram →

Figure 9. Diagram of intracellular regulatory signal transduction pathways of the list of genes provided as input in Experiment. Master regulators are indicated
by red rectangles, transcription factors are blue rectangles, and green rectangles are intermediate molecules, which have been added to the network during
the search for master regulators from selected TFs. Orange and blue frames highlight molecules that are encoded by up- and downregulated genes, resp.

See full diagram →

4. Identification of potential drugs
In the last step of the analysis we strived to identify known drugs as well as new potentially active chemical compounds that are potentially
suitable for inhibition (or activation) of the identified molecular targets in the context of specified human disease.
First, we identify known drugs using information from HumanPSD™ database [5] about their targets and about clinical trials where the drugs
have been tested for the treatment of various human diseases. Table 8 shows the resulting list of druggable master regulators that represent
the predicted drug targets of the studied pathology. Table 9 lists chemical compounds and known drugs (from the HumanPSD™ database)
potentially acting on corresponding master regulators.
Table 8. Known drug targets for known drugs revealed in this study.The column Druggability score contains the number of drugs that are potentially
suitable for inhibition (or activation) of the target. Total rank is the sum of the ranks of the master molecules sorted by keynode score, CMA score,
transcriptomics data.

See full table →

ID

Gene symbol Gene description

Druggability score Total rank

ENSG00000101336
ENSG00000166851
ENSG00000100385
ENSG00000132334
ENSG00000138798
ENSG00000182866
ENSG00000117650
ENSG00000113263
ENSG00000113721
ENSG00000112062

HCK
PLK1
IL2RB
PTPRE
EGF
LCK
NEK2
ITK
PDGFRB
MAPK14

4
5
4
1
3
14
1
2
9
53

HCK proto-oncogene, Src family tyrosine kinase
polo like kinase 1
interleukin 2 receptor subunit beta
protein tyrosine phosphatase, receptor type E
epidermal growth factor
LCK proto-oncogene, Src family tyrosine kinase
NIMA related kinase 2
IL2 inducible T-cell kinase
platelet derived growth factor receptor beta
mitogen-activated protein kinase 14

43
43
47
49
55
61
65
69
71
76

Table 9. The list of drugs (from Human PSD) approved or used in clinical trials for the application in acute kidney injury, chronic kidney disease-mineral and
bone disorder, fused kidney, kidney calculi, kidney diseases, cystic kidney diseases, chronic kidney failure, kidney neoplasms, kidney transplantation, acute
kidney tubular necrosis, medullary sponge kidney, multicystic dysplastic kidney, polycystic kidney diseases, autosomal dominant polycystic kidney and
autosomal recessive polycystic kidney and acting on master regulators revealed in our study. The column Target activity score contains the value of
numeric function that depends on ranks of all targets that were found for the drug. The column Disease activity score contains the weighted sum of user
selected diseases where the drug is known to be applied. We use sum of clinical trials phases as the weight of the disease. Drug rank column contains total
rank of given drug among all found. See Methods section for details.

See full table →

ID

DB01254

DB00398

DB06589

DB06616

DB02010

Name

Dasatinib

Sorafenib

Pazopanib

Bosutinib

Staurosporine

Target
Target
activity NA
names
score

LCK,
ABL1,
PDGFRB

PDGFRB,
FGFR1,
BRAF

ITK,
FGFR3,
PDGFRB

ABL1,
HCK

LCK,
ITK,
PIK3CG,
ZAP70,
PDPK1

Phase 1

Phase 2

0.72

Brain
Neoplasms,
Carcinoma,
Squamous Cell,
Carcinoma,
Transitional Cell,
Gastrointestinal
Stromal Tumors,
Glioblastoma,
Leukemia,
Leukemia,
Lymphoid...

Kidney Neoplasms,
Adenocarcinoma,
Adenocarcinoma,
Clear Cell,
Adenocarcinoma,
Mucinous, Brain
Abscess, Brain
Diseases, Breast
Neoplasms...

Kidney Diseases,
Kidney Neoplasms,
Adenocarcinoma,
Adenocarcinoma,
Clear Cell, Blast
Crisis, Brain
Abscess, Brain
Diseases...

0.67

Kidney
Neoplasms,
Adenocarcinoma,
Ascites, Brain
Abscess, Brain
Neoplasms,
Breast
Neoplasms,
Carcinoma,
Hepatocellular...

Kidney Diseases,
Kidney Neoplasms,
Adenocarcinoma,
Adenoma,
Adenoma, Liver Cell,
Astrocytoma, Bile
Duct Neoplasms...

Kidney Diseases,
Kidney Neoplasms,
Adenocarcinoma,
Adenoma,
Adenoma, Liver Cell,
Adrenocortical
Carcinoma, Bile
Duct Neoplasms...

Kidney Neoplasms,
Brain Neoplasms,
Breast Neoplasms,
Breast Neoplasms,
Male, Carcinoma,
Hepatocellular,
Carcinoma, Islet
Cell, Carcinoma,
Non-Small-Cell
Lung...

Kidney Neoplasms,
Adenocarcinoma,
Adenoma, Oxyphilic,
Brain Abscess, Brain
Neoplasms, Breast
Neoplasms, Breast
Neoplasms, Male...

Acute Kidney Injury,
Kidney Failure,
Chronic, Breast
Neoplasms,
Carcinoma, NonSmall-Cell Lung,
Cholangiocarcinoma,
Cognitive
Dysfunction,
Colorectal
Neoplasms...

Kidney Diseases,
Cystic, Polycystic
Kidney Diseases,
Polycystic Kidney,
Autosomal
Dominant, Brain
Abscess, Breast
Neoplasms,
Cholangiocarcinoma,
Colorectal
Neoplasms...

Adenocarcinoma,
Anus Neoplasms,
Bile Duct
Neoplasms, Breast
Neoplasms,
Carcinoid Tumor,
Carcinoma,
Carcinoma, Adenoid
Cystic...

Kidney Neoplasms,
Carcinoma, Small
Cell, Fallopian Tube
Neoplasms,
Leukemia, Lung
Neoplasms,
Lymphoma,
Lymphoma, LargeCell, Anaplastic...

0.71

0.51

1.37

Adenocarcinoma,
Astrocytoma,
Bites and Stings,
Breast
Neoplasms,
Carcinoma,
Merkel Cell,
Carcinoma,
Renal Cell,
Carcinoma,
Small Cell...
Breast
Neoplasms,
Leukemia,
Leukemia,
Lymphoid,
Leukemia,
Myelogenous,
Chronic, BCRABL Positive,
Leukemia,
Myeloid,
Neoplasms,
Precursor Cell
Lymphoblastic
LeukemiaLymphoma

Phase 3
Leukemia,
Leukemia,
Lymphoid,
Leukemia,
Myelogenous,
Chronic, BCRABL Positive,
Leukemia,
Myeloid,
Leukemia,
Myeloid,
Accelerated
Phase, Leukemia,
Myeloid, Acute,
Leukemia,
Myeloid, ChronicPhase...
Kidney
Neoplasms,
Adenocarcinoma,
Breast
Neoplasms,
Carcinoma,
Carcinoma,
Hepatocellular,
Carcinoma, NonSmall-Cell Lung,
Carcinoma, Renal
Cell...
Carcinoma, NonSmall-Cell Lung,
Carcinoma, Renal
Cell,
Chondrosarcoma,
Chondrosarcoma,
Mesenchymal,
Fibrosarcoma,
Glomus Tumor,
Granular Cell
Tumor...

Leukemia,
Leukemia,
Myelogenous,
Chronic, BCRABL Positive,
Leukemia,
Myeloid

Phase 4

Disea
activit
score

Leukemia,
Leukemia,
Lymphoid,
Leukemia,
Myelogenous,
Chronic, BCRABL Positive,
Leukemia,
Myeloid,
Precursor Cell
Lymphoblastic
LeukemiaLymphoma

5

Carcinoma,
Hepatocellular,
Carcinoma,
Renal Cell,
Liver
Neoplasms,
Neoplasms,
Noma,
Thrombosis

10

Carcinoma,
Renal Cell,
Neoplasms,
Noma

3

Leukemia,
Myeloid

8

2

Table 10. The list of drugs (from HumanPSD) known to be acting on master regulators revealed in our study that can be proposed as a drug repurposing
initiative for the treatment of acute kidney injury, chronic kidney disease-mineral and bone disorder, fused kidney, kidney calculi, kidney diseases, cystic
kidney diseases, chronic kidney failure, kidney neoplasms, kidney transplantation, acute kidney tubular necrosis, medullary sponge kidney, multicystic
dysplastic kidney, polycystic kidney diseases, autosomal dominant polycystic kidney and autosomal recessive polycystic kidney. Target activity score
column contains value of numeric function that depends on ranks of all targets that were found for the drug. Drug rank column contains total rank of given
drug among all found. See Methods section for details.

ID

DB08896

DB09079

DB08901

Target
Target
activity NA
names
score

Name

Regorafenib

Nintedanib

Ponatinib

ABL1,
PDGFRB,
FGFR1,
BRAF

LCK,
FGFR3,
FGFR1

LCK,
FGFR3,
ABL1,
FGFR1

Phase 1

Phase 2

Phase 3

Phase 4

Drug
rank

0.72

Adenocarcinoma,
Carcinoma,
Hepatocellular,
Cholangiocarcinoma,
Colorectal
Neoplasms,
Gastrointestinal
Stromal Tumors,
Glioblastoma, Liver
Neoplasms...

Carcinoma,
Hepatocellular,
Carcinoma, Small
Cell, Colorectal
Neoplasms,
Esophageal
Neoplasms,
Gastrointestinal
Neoplasms,
Gastrointestinal
Stromal Tumors,
Intestinal
Neoplasms...

Adenocarcinoma,
Bile Duct
Neoplasms, Brain
Abscess, Breast
Neoplasms,
Carcinoid Tumor,
Carcinoma,
Adenoid Cystic,
Carcinoma, Islet
Cell...

Carcinoma,
Hepatocellular,
Colonic
Neoplasms,
Colorectal
Neoplasms,
Esophageal
Neoplasms,
Gastrointestinal
Stromal Tumors,
Neoplasms,
Noma...

Colorectal
Neoplasms,
Gastrointestinal
Stromal
Tumors,
Neoplasms,
Rectal
Neoplasms

36

0.6

Carcinoma,
Carcinoma, NonSmall-Cell Lung,
Colorectal
Neoplasms,
Endometrial
Neoplasms, Fallopian
Tube Neoplasms,
Idiopathic Pulmonary
Fibrosis, Lung
Diseases...

Adenocarcinoma,
Breast Neoplasms,
Carcinoma,
Hepatocellular,
Carcinoma, NonSmall-Cell Lung,
Carcinoma, Renal
Cell, Carcinoma,
Small Cell, Colonic
Neoplasms...

Adenocarcinoma,
Adenocarcinoma,
Clear Cell,
Adenocarcinoma,
Mucinous,
Angiomyoma,
Appendiceal
Neoplasms,
Breast
Neoplasms,
Carcinoid
Tumor...

Carcinoma, NonSmall-Cell Lung,
Colorectal
Neoplasms,
Idiopathic
Pulmonary
Fibrosis, Lung
Diseases, Lung
Diseases,
Interstitial,
Mesothelioma,
Neoplasms...

Idiopathic
Pulmonary
Fibrosis,
Pulmonary
Fibrosis

45

Endometrial
Neoplasms,
Leukemia, Leukemia,
Lymphoid, Leukemia,
Myelogenous,
Chronic, BCR-ABL
Positive, Leukemia,
Myeloid, Neoplasms,
Precursor Cell
Lymphoblastic
Leukemia-Lymphoma

Hematologic
Neoplasms,
Leukemia,
Leukemia,
Lymphoid,
Leukemia,
Myelogenous,
Chronic, BCR-ABL
Positive,
Leukemia,
Myeloid,
Leukemia,
Myeloid, Acute,
Myelodysplastic
Syndromes...

Adenocarcinoma,
Carcinoma, NonSmall-Cell Lung,
Carcinoma, Small
Cell,
Gastrointestinal
Stromal Tumors,
Glioblastoma,
Head and Neck
Neoplasms,
Leukemia...

Carcinoma, NonSmall-Cell Lung,
Carcinoma, Small
Cell, Head and
Neck Neoplasms,
Leukemia,
Leukemia,
Myelogenous,
Chronic, BCR-ABL
Positive,
Leukemia,
Myeloid, Lung
Neoplasms...

0.69

DB05014

XL999

FGFR3,
PDGFRB,
FGFR1

0.8

DB05507

VX-765

IL1B,
CASP1

0.57

Neoplasms

Lung Neoplasms,
Neoplasms

Brain Abscess,
Carcinoma, NonSmall-Cell Lung,
Carcinoma, Renal
Cell, Carcinoma,
Small Cell,
Colorectal
Neoplasms,
Leukemia,
Leukemia,
Myeloid...
Epilepsies,
Partial, Epilepsy,
Psoriasis

91

96

107

Next, new potential small molecular ligands were predicted for the revealed targets and a general druggability check was run using a precomputed database of spectra of biological activities of chemical compounds from a library of 13040 most pharmaceutically active known
compounds. The spectra of biological activities has been computed using the program PASS [11-13] on the basis of a (Q)SAR approach.
Table 11 shows the resulting list of druggable master regulators, which represent the predicted drug targets of the studied pathology. Table 12
lists chemical compounds and known drugs potentially acting on the corresponding master regulators.
Table 11. Extended list of drug targets revealed in this study (targets that are predicted by PASS program potentially targeted by an extended list of known
drugs and pharmaceutically active chemical compounds). The column Druggability score contains a numeric value which indicates how suitable this target
is to be inhibited (or activated) by a drug. See Methods section for details.

See full table →

ID

Name

Gene symbol Gene description

Druggability score Total rank

ENSG00000130829
ENSG00000159352
ENSG00000161057
ENSG00000158402
ENSG00000117560
ENSG00000120875
ENSG00000101336
ENSG00000166851
ENSG00000100385
ENSG00000112576

DUSP9
PSMD4
PSMC2
CDC25C
FASLG
DUSP4
HCK
PLK1
IL2RB
CCND3

DUSP9
PSMD4
PSMC2
CDC25C
FASLG
DUSP4
HCK
PLK1
IL2RB
CCND3

13.33
0.85
0.85
19.77
2.66
13.33
0.67
0.75
9.32
8.3

dual specificity phosphatase 9
proteasome 26S subunit, non-ATPase 4
proteasome 26S subunit, ATPase 2
cell division cycle 25C
Fas ligand
dual specificity phosphatase 4
HCK proto-oncogene, Src family tyrosine kinase
polo like kinase 1
interleukin 2 receptor subunit beta
cyclin D3

7
10
10
33
34
41
43
43
47
49

Table 12. The chemical compounds and known drugs identified by the PASS program as potentially active for the treatment of acute kidney injury, chronic
kidney disease-mineral and bone disorder, fused kidney, kidney calculi, kidney diseases, cystic kidney diseases, chronic kidney failure, kidney neoplasms,
kidney transplantation, acute kidney tubular necrosis, medullary sponge kidney, multicystic dysplastic kidney, polycystic kidney diseases, autosomal
dominant polycystic kidney and autosomal recessive polycystic kidney and acting on master regulators revealed in our study. Disease activity score column
contains maximal value of probability to be active for all activities corresponding to the selected diseases for the given compound. Target activity score
column contains value of numeric function which depends on all activity-mechanisms correspondent to the drug. Drug rank column contains total rank of
given drug among all found. See Methods section for details.

See full table →

Target names

Target
activity score

Disease
activity score

Drug
rank

Enprofylline

LCK, ITK, FGFR3, EGFR, ZAP70,
NTRK2, ABL1...

0.89

0.85

14

Theophylline

PRKCG, NTRK2, PRKCB, CDC25C,
PRKCZ

0.68

0.84

24

Alpha-D-Glucopyranosyl-2Carboxylic Acid Amide

ITGA4, FGFR3, EGFR, GSK3A, NTRK2,
PDGFRB, FGFR1...

0.5

0.85

31

2'-Deoxymaltose

MAPK14, BIRC3, PRKCG, PRKCZ

0.38

0.89

47

Pentoxifylline

ITGA4, FGFR3, EGFR, NTRK2,
PDGFRB, FGFR1, INSR

0.38

0.82

57

Name

Structure

Table 13. The chemical compounds and known drugs identified by the PASS program as potentially acting on master regulators revealed in our study. Based
on the revealed mechanism of action these compounds can be proposed for the treatment of acute kidney injury, chronic kidney disease-mineral and bone
disorder, fused kidney, kidney calculi, kidney diseases, cystic kidney diseases, chronic kidney failure, kidney neoplasms, kidney transplantation, acute kidney
tubular necrosis, medullary sponge kidney, multicystic dysplastic kidney, polycystic kidney diseases, autosomal dominant polycystic kidney and autosomal
recessive polycystic kidney in the current pathological case. Disease activity score column contains maximal value of probability to be active for all
activities corresponding to the selected diseases for the given compound or 0 if no diseases were selected (in this case column will be hidden). Target
activity score column contains value of numeric function which depends on all activity-mechanisms correspondent to the drug. Drug rank column contains
total rank of given drug among all found. See Methods section for details.

Target names

Target activity
score

Disease activity
score

Drug
rank

L-Leucine

NCF1, CYBB, NCF2, NCF4, PIN1

0.96

0.72

59

Oteracil

EGFR, EGF

0.43

0.74

63

Oxytetracycline

ITGA4, NCF1, CYBB, NCF2, NCF4, PTPN22

0.73

0.72

70

D-Tyrosine

PRKCG, PRKCB, PRKCZ

0.36

0.76

73

3-Amino-3Oxopropanoic Acid

ITGA4, FGFR3, EGFR, NTRK2, PDGFRB,
FGFR1, HDAC3...

0.62

0.7

87

Name

Structure

As a result of the drug search we came up with two lists of chemical compounds potentially applicable to the targets of our interest. The first
list is based on drugs that are known as ligands for the revealed targets in the context of the diseases in our focus as well as in other disease
conditions. The second list of identified compounds is based on the prediction of their potential biological activities, which was done using the
program PASS. Such computational predictions should be taken as mere suggestions and should be used with care in further experiments.

5. Conclusion
We applied the software package "Genome Enhancer" to a data set that contains transcriptomics data. The study is done in the context of
acute kidney injury, chronic kidney disease-mineral and bone disorder, fused kidney, kidney calculi, kidney diseases, cystic kidney diseases,
chronic kidney failure, kidney neoplasms, kidney transplantation, acute kidney tubular necrosis, medullary sponge kidney, multicystic
dysplastic kidney, polycystic kidney diseases, autosomal dominant polycystic kidney and autosomal recessive polycystic kidney. The data were
pre-processed, statistically analyzed and differentially expressed genes were identified. Also checked was the enrichment of GO or disease
categories among the studied gene sets.
We propose the following schema of how the selected drugs may interfere with the identified target molecules and pathogenic processes
discovered by the study reported here.

6. Methods
Databases used in the study
Transcription factor binding sites in promoters and enhancers of differentially expressed genes were analyzed using known DNA-binding motifs
described in the TRANSFAC® library, release 2020.1 (geneXplain GmbH, Wolfenbüttel, Germany) (http://genexplain.com/transfac).
The master regulator search uses the TRANSPATH® database (BIOBASE), release 2020.1 (geneXplain GmbH, Wolfenbüttel, Germany)
(http://genexplain.com/transpath). A comprehensive signal transduction network of human cells is built by the software on the basis of
reactions annotated in TRANSPATH®.
The information about drugs corresponding to identified drug targets and clinical trials references were extracted from HumanPSD™ database,
release 2020.1 (http://genexplain.com/humanpsd).
The Ensembl database release Human88.38 (hg38) (http://www.ensembl.org) was used for gene IDs representation and Gene Ontology (GO)
(http://geneontology.org) was used for functional classification of the studied gene set.

Methods for the analysis of enriched transcription factor binding sites and composite modules
Transcription factor binding sites in promoters and enhancers of differentially expressed genes were analyzed using known DNA-binding motifs.
The motifs are specified using position weight matrices (PWMs) that give weights to each nucleotide in each position of the DNA binding motif
for a transcription factor or a group of them.
We search for transcription factor binding sites (TFBS) that are enriched in the promoters and enhancers under study as compared to a
background sequence set such as promoters of genes that were not differentially regulated under the condition of the experiment. We denote
study and background sets briefly as Yes and No sets. In the current work we used a workflow considering promoter sequences of a standard
length of 1100 bp (-1000 to +100). The error rate in this part of the pipeline is controlled by estimating the adjusted p-value (using the
Benjamini-Hochberg procedure) in comparison to the TFBS frequency found in randomly selected regions of the human genome (adj.p-value <
0.01).
We have applied the CMA algorithm (Composite Module Analyst) for searching composite modules [7] in the promoters and enhancers of the
Yes and No sets. We searched for a composite module consisting of a cluster of 10 TFs in a sliding window of 200-300 bp that statistically
significantly separates sequences in the Yes and No sets (minimizing Wilcoxon p-value).

Methods for finding master regulators in networks
We searched for master regulator molecules in signal transduction pathways upstream of the identified transcription factors. The master
regulator search uses a comprehensive signal transduction network of human cells. The main algorithm of the master regulator search has
been described earlier [3,4]. The goal of the algorithm is to find nodes in the global signal transduction network that may potentially regulate
the activity of a set of transcription factors found at the previous step of the analysis. Such nodes are considered as most promising drug
targets, since any influence on such a node may switch the transcriptional programs of hundreds of genes that are regulated by the respective
TFs. In our analysis, we have run the algorithm with a maximum radius of 12 steps upstream of each TF in the input set. The error rate of this
algorithm is controlled by applying it 10000 times to randomly generated sets of input transcription factors of the same set-size. Z-score and
FDR value of ranks are calculated then for each potential master regulator node on the basis of such random runs (see detailed description in
[9]). We control the error rate by the FDR threshold 0.05.

Methods for analysis of pharmaceutical compounds
We seek for the optimal combination of molecular targets (key elements of the regulatory network of the cell) that potentially interact with
pharmaceutical compounds from a library of known drugs and biologically active chemical compounds, using information about known drugs
from HumanPSD™ and predicting potential drugs using PASS program.

Method for analysis of known pharmaceutical compounds

We selected compounds from HumanPSD™ database that have at least one target. Next, we sort compounds using "Drug rank" that is sum of
three other ranks:

1. ranking by "Target activity score" (T-scorePSD),
2. ranking by "Disease activity score" (D-scorePSD),
3. ranking by clinical trials phase.
To calculate clinical trials phase for the given compound we select the maximum phase of all diseases that are known to have clinical trials with
this compound. "Target activity score" ( T-scorePSD) is calculated as follows:

where T is set of all targets related to the compound intersected with input list, |T| is number of elements in T, AT and |AT| are set set of all
targets related to the compound and number of elements in it, w is weight multiplier, rank(t) is rank of given target, maxRank(T) equals
max(rank(t)) for all targets t in T.
We use following formula to calculate "Disease activity score" ( D-scorePSD):

where D is the set of selected diseases, and if D is empty set, D-scorePSD=0. P is a set of all known phases for each disease, phase(p,d) equals
to the phase number if there are known clinical trials for the selected disease on this phase and zero otherwise.

Method for prediction of pharmaceutical compounds

In this study, the focus was put on compounds with high pharmacological efficiency and low toxicity. For this purpose, comprehensive library of
chemical compounds and drugs was subjected to a SAR/QSAR analysis. This library contains 13040 compounds along with their pre-calculated
potential pharmacological activities of those substances, their possible side and toxic effects, as well as the possible mechanisms of action. All
biological activities are expressed as probability values for a substance to exert this activity (Pa).
We selected compounds that satisfied the following conditions:
1. Toxicity below a chosen toxicity threshold (defines as Pa, probability to be active as toxic substance).
2. For all predicted pharmacological effects that correspond to a set of user selected disease(s) Pa is greater than a chosen effect
threshold.
3. There are at least 2 targets (corresponding to the predicted activity-mechanisms) with predicted Pa greater than a chosen target
threshold.
The maximum Pa value for all toxicities corresponding to the given compound is selected as the "Toxicity score". The maximum Pa value for all
activities corresponding to the selected diseases for the given compound is used as the "Disease activity score". "Target activity score" (Tscore) is calculated as follows:

where M(s) is the set of activity-mechanisms for the given structure (which passed the chosen threshold for activity-mechanisms Pa); G(m) is
the set of targets (converted to genes) that corresponds to the given activity-mechanism (m) for the given compound; pa(m) is the probability
to be active of the activity-mechanism (m), IAP(g) is the invariant accuracy of prediction for gene from G(m); optWeight(g) is the additional
weight multiplier for gene. T is set of all targets related to the compound intersected with input list, |T| is number of elements in T, AT and
|AT| are set set of all targets related to the compound and number of elements in it, w is weight multiplier.
"Druggability score" (D-score) is calculated as follows:

where S(g) is the set of structures for which target list contains given target, M(s,g) is the set of activity-mechanisms (for the given structure)
that corresponds to the given gene, pa(m) is the probability to be active of the activity-mechanism (m), IAP(g) is the invariant accuracy of
prediction for the given gene.
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Disclaimer
Decisions regarding care and treatment of patients should be fully made by attending doctors. The predicted chemical compounds listed in the
report are given only for doctor’s consideration and they cannot be treated as prescribed medication. It is the physician’s responsibility to
independently decide whether any, none or all of the predicted compounds can be used solely or in combination for patient treatment
purposes, taking into account all applicable information regarding FDA prescribing recommendations for any therapeutic and the patient’s
condition, including, but not limited to, the patient’s and family’s medical history, physical examinations, information from various diagnostic
tests, and patient preferences in accordance with the current standard of care. Whether or not a particular patient will benefit from a selected
therapy is based on many factors and can vary significantly.
The compounds predicted to be active against the identified drug targets in the report are not guaranteed to be active against any particular
patient’s condition. GeneXplain GmbH does not give any assurances or guarantees regarding the treatment information and conclusions given
in the report. There is no guarantee that any third party will provide a refund for any of the treatment decisions made based on these results.
None of the listed compounds was checked by Genome Enhancer for adverse side-effects or even toxic effects.
The analysis report contains information about chemical drug compounds, clinical trials and disease biomarkers retrieved from the
HumanPSD™ database of gene-disease assignments maintained and exclusively distributed worldwide by geneXplain GmbH. The information
contained in this database is collected from scientific literature and public clinical trials resources. It is updated to the best of geneXplain’s
knowledge however we do not guarantee completeness and reliability of this information leaving the final checkup and consideration of the
predicted therapies to the medical doctor.
The scientific analysis underlying the Genome Enhancer report employs a complex analysis pipeline which uses geneXplain’s proprietary
Upstream Analysis approach, integrated with TRANSFAC® and TRANSPATH® databases maintained and exclusively distributed worldwide by
geneXplain GmbH. The pipeline and the databases are updated to the best of geneXplain’s knowledge and belief, however, geneXplain GmbH
shall not give a warranty as to the characteristics or to the content and any of the results produced by Genome Enhancer. Moreover, any
warranty concerning the completeness, up-to-dateness, correctness and usability of Genome Enhancer information and results produced by it,
shall be excluded.
The results produced by Genome Enhancer, including the analysis report, severely depend on the quality of input data used for the analysis. It
is the responsibility of Genome Enhancer users to check the input data quality and parameters used for running the Genome Enhancer pipeline.
Note that the text given in the report is not unique and can be fully or partially repeated in other Genome Enhancer analysis reports, including
reports of other users. This should be considered when publishing any results or excerpts from the report. This restriction refers only to the
general description of analysis methods used for generating the report. All data and graphics referring to the concrete set of input data,
including lists of mutated genes, differentially expressed genes/proteins/metabolites, functional classifications, identified transcription factors
and master regulators, constructed molecular networks, lists of chemical compounds and reconstructed model of molecular mechanisms of the
studied pathology are unique in respect to the used input data set and Genome Enhancer pipeline parameters used for the current run.

