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ARTICLE INFO ABSTRACT

Keywords: Background: Colorectal cancer (CRC) is the third most common cancer in the United States and the second leading

ColoreCt.al. cancer cause of cancer death. The goal was to identify comorbidities and genes associated with CRC.

gomorbldmes Methods: A novel social network model was developed on the Healthcare Cost and Utilization Project (HCUP) -
enes

State Inpatient Databases (SID) California database to study comorbidities of CRC. Ranked lists of comorbidities
and comorbidity networks were created, and the prevalence of comorbidities in different stages of CRC was
calculated. Ranked lists of comorbidities were utilized for text mining of PubMed and DisGeNET to extract genes
associated with CRC.

Results: 5,786 comorbidities were identified in females and 5,607 in males in early stages and 5,609 comor-
bidities in females and 5,427 in males in advanced stages of CRC. Associations between 1,937 different genes and
CRC were extracted from PubMed. 150 genes are associated with CRC in DisGeNET. The most mentioned genes
associated with CRC were: TP53 (241 abstracts in PubMed), APC (115), and KRAS (106). These 3 genes as well as
MLH1 (98) and TGFBR2 (18) had DisGeNET scores of 0.5. PPARG gene (43) had DisGeNET score of 0.6.
Conclusions: The results of comorbidity network analyses suggest which comorbidities of CRC are highly ex-
pected. Discovered genes could be used to recruit more individuals who would benefit from genetic consulta-
tions. Identified associations between comorbidities, CRC, and shared genes can have important implications on
early discovery, and prognosis of CRC. Prevention and treatment of discovered comorbidities would potentially
lead to improved quality of life and better outcomes of CRC.

Social networks
Biomedical informatics

1. Introduction

There are more than 140,000 new cases and 51,000 deaths from
colorectal cancer (CRC) in the U.S. each year [1,2]. CRC is the third most
common cancer in the U.S. and the second leading cause of cancer death
[2]. It affects men and women almost equally. Incidence, mortality, and
survival rates for CRC have regional variations and change over time
[3]. CRC is mainly a disease of developed countries where it accounts for
over 63% of all cases. It ranges from more than 40 per 100,000 people in
the U.S., Australia, and Western Europe to less than 5 per 100,000 in
Africa and parts of Asia [3]. The incidence of CRC is gradually
decreasing in the U.S., mostly due to cancer screening and early detec-
tion of precancerous polyps. CRC survival is highly dependent on stage
of cancer at diagnosis, and ranges from a 90% 5-year survival rate for
early stages, to 10% for cancer with metastases [3]. The treatment of
CRC has improved considerably in recent years. Better therapies have

resulted in prolonged survival for patients with CRC [4]. Patients with
CRC usually present in the older age group, with multiple comorbidities.
About 59% of patients with CRC had one comorbidity, and about 19% of
patients had 4 or more comorbidity conditions [5]. Comorbidities are
strong prognostic factors of survival in CRC patients in addition to
sociodemographic and cancer characteristics. Early identification and
management of comorbidities could help to optimize care for CRC pa-
tients [6].

Comorbidity network analyses can help to understand illness pro-
gression [7-9]. A social network analysis method is proposed to repre-
sent the progression of cardiovascular diseases (CVD) in patients with
Diabetes Mellitus Type 2 (T2DM) [10]. A social network was developed
to help understand which comorbidities have a higher influence on
T2DM progression [8]. Many genetic networks are readily available [9].
Hidalgo and Barabasi described the use of networks to integrate
different genetic, proteomic, and metabolic datasets as a viable path
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toward elucidating the origins of specific diseases [7]. Numerous factors
suggest a genetic contribution to CRC such as a family history of CRC or
polyps [11]. A significant expansion of the genetic understanding of
colonic carcinogenesis in the last 30 years occurred [12-14]. The
American College of Medical Genetics and Genomics has published
guidelines for evaluating patients with CRC, to identify individuals
whose clinical findings require referral for genetics consultations [15].

The objective of our research was to discover the most common
comorbidities in different stages of CRC on the HCUP SID California
database using network science. We used discovered comorbidities to
identify genes associated with CRC, and comorbidity diseases. The text
mining tool BeFree was employed to extract relationships between CRC
and genes from PubMed [16]. BeFree consists of the Biomedical Named
Entity Recognition (BioNER) module based on dictionaries using fuzzy
and pattern matching methods to find and uniquely identify entity
mentioned in the literature, and a module for Relation Extraction (RE)
based on Support Vector Machine (SVM) [16].

The next objective of our study was to analyze associations between
CRC and comorbidities to genes in abstracts indexed in the PubMed
database. Identification of relationships between comorbidity diseases
and shared genes can have important implications on early discovery
and outcomes of cancer. We view genes and comorbidities as inter-
connected risk factors for CRC. Findings from the PubMed text mining
were compared with results from expert curated sources. We used Dis-
GeNET as the expert source to validate the findings of the text mining of
PubMed. This is one of the largest collections of genes involved in
human diseases. DisGeNET integrates data from expert curated re-
positories, the GWAS catalog, animal models, and scientific publications
[171.

2. Material and METHODS

We performed analyses of comorbidities associated with CRC on the
HCUP, SID California inpatient database (ICD-9/10 codes format) which
includes the largest collection of longitudinal hospital discharge data in
the U.S [18]. We analyzed data for a period of 9 years (2003-2011).
Diseases were represented with ICD-9 codes in this period. We used
ICD-9 codes 153 and 154 to designate presence of CRC. SQL queries and
Python code were created to extract comorbidities of CRC. We share our
Python code on this link: https://github.com/martinpavlovski/cancer-c
omorbidity-analysis. We completed analyses separately for patients
older than age 50, and patients younger than age 50. In the group of
patients older than 50, the comorbidities associated with CRC were
downloaded and divided into 2 groups. We included all patients who
had CRC without diagnosed metastases into the early stages of cancer
and patients with already diagnosed metastases into advanced stages.
We used ICD-9 codes 196, 197, and 198 to designate presence of me-
tastases. The HCUP database contains only diagnoses of CRC without
specifications of TNM stages, and it contains the information about the
presence of metastases, which limited our comorbidity analysis to two
groups: without and with diagnosed metastases. We could not analyze
CRC and comorbidities by TNM staging system, because that informa-
tion is not contained in the HCUP database. Regarding the group of
patients age 50 and younger, the number of patients identified in the
HCUP database, for the studied period, was relatively small and we
couldn’t perform separate analyses for patients with and without me-
tastases. We calculated prevalence of comorbidities separately for males
and females for this age group.

In the group of patients older than age 50, data were analyzed
separately for the early and late stages of CRC and separately for males
and females. Our comprehensive approach comprises the creation of
ranked lists of comorbidities using frequencies of their occurrence,
analysis of prevalence of comorbidities, construction of comorbidity
networks, and calculation of centrality measures to estimate the signif-
icance of comorbidities. We used the following formula to calculate the
prevalence of development of comorbidities of CRC:
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P; is the prevalence, n; is the number of patients with a comorbidity,
and T is the total number of patients with CRC in the HCUP dataset.

In order to construct comorbidity networks, we had to determine the
strength of comorbidity relations among diseases. Two types of comor-
bidity networks were constructed, one based on ¢-correlation and the
other based on Relative Risk (RR). These two comorbidity measures
were used to quantify the strength of relations between the two co-
morbidity diseases [7]. The strength of relations was calculated between
each pair of top comorbidities. CRC was not included in these calcula-
tions. The RR of observing a pair of diseases i and j affecting the same
patient is given by the following formula:

_GyN

RR; =3 @
il

where Cj is the number of patients affected by both diseases, N is the
total number of patients in the population, and P; and P; are the preva-
lence of diseases i and j.

@-correlation is computed as:

C;N — PP,
P:Pi(N — P;)(N — P))

@i = 3
RR overestimates relationships involving rare diseases and un-
derestimates highly prevalent comorbidities. @-correlation over-
estimates comorbidities between diseases of similar prevalence but
underestimates the comorbidity between rare diseases [7]. We con-
structed two types of networks, separately for each measure. In both
models, the top 100 comorbidities from the rank lists were used to
construct adjacency matrix A[ij], which encodes whether and how a pair
of nodes is connected. 86% comorbidity conditions from the ranked list
in females and 87% comorbidities in males in early stages, as well as
84% comorbidity conditions in females, and 85% comorbidities in males
in advanced stages of CRC were present in only 1 patient. It is difficult to
consider any disease as a comorbidity of CRC if that disease appears in
only 1 patient out of 30,000 patients. We opted to involve comorbidities
that appear in about 5% of patients diagnosed with CRC in our network
analysis, which turned out to be approximately 100 patients in each of
the experimental settings. We created a power-law type of network. A
Kolmogorov-Smirnov statistical test, at the significance level of 0.05,
was conducted to determine if the networks follow power-laws. We
constructed a signed correlation network from the adjacency matrix and
performed power transformation (normalization) of correlations [19].
For normalization, we used a signed network normalization |
(corMatrix+1)/2|® for a 100 x 100 adjacency matrix. By raising the
absolute value of the correlation to a power p > 1 (soft threshold), signed
correlation networks emphasize higher correlations versus lower cor-
relations. We tested f-values between 1 and 10 and chose § = 2 for ¢
—correlation and p = 5 for RR. These p-values were selected because they
provide the best visualization of networks. We used the correlation
matrix after the transformation (normalization) as adjacent matrices to
plot the network. Comorbidity networks were constructed in R program,
using WGCNA, Statnet, and ggplot2 packages. Centrality measures
(degrees of nodes and betweenness) were calculated to analyze the
significance of each of the comorbidity. The significance of a comor-
bidity disease in the network is characterized by its node degree or its
betweenness. The node degree represents the number of links the node
has to other nodes in the network. The betweenness is the number of the
shortest paths that pass through the node. We used the following for-
mula to calculate the betweenness [20].
o=y 20 @
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Where g(v) is the betweenness of node v, oy is the total number of
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shortest paths from node s to node t, and o5 (v) is the number of those
paths that pass through v.

Furthermore, we leveraged lists of ranked comorbidities of CRC for
text mining of PubMed, to identify genes associated with CRC and
comorbidities. The BeFree text mining system was utilized to extract
associations between CRC, ranked comorbidity diseases, and genes by
using morpho-syntactic information of the text. We also extracted re-
lationships between genes and diseases from expert curated sources
(DisGeNET).

We compared a proportion of gene-comorbidity disease associations
discovered in PubMed with data collected in DisGeNET. Genes most
often described in association with CRC were further matched with
comorbidities from the ranking list. The number of abstracts in PubMed
where these associations were described was counted. Lists of numbers
of PubMed abstracts that show associations of the six most common
genes and comorbidities of CRC were created to show the significance of
these associations.

3. RESULTS
3.1. Comorbidity analysis

In the group of patients older than age 50, the total number of fe-
males in the HCUP SID California database (2003-2011) with early
stages of CRC was 31,503, and males 30,870. The total number of pa-
tients with the advanced stage of CRC was: females — 26,906 and males —
27,454. We conducted analyses of comorbidities in patients with early
stages of CRC and identified 5,786 different comorbidity conditions in
females and 5,607 in males. In patients with the advanced stages of CRC,
we discovered 5,609 different comorbidity conditions in females and
5,427 in males. Some of the top comorbidity conditions are specific to
patients with CRC, but most conditions are similar to those in the general
population.

Table 1 shows ranked comorbidities in females, older than age 50, in
early stages (Table 1a) and in advanced stages (Table 1b) of CRC. The
table also shows the prevalence of particular comorbidities according to
the HCUP data. The top-ranked comorbidity in both stages is Essential
hypertension, with very similar prevalence in both stages. Hyperlipid-
emia, history of malignant disease, anemia diabetes mellitus type 2,
coronary artery sclerosis, paralytic ileus, malnutrition, acute kidney
diseases, encounter of palliative care, the absence of parts of large or
small intestines have a few percentage points higher prevalence in
advanced stages than in early stages of cancer, which can be attributed
to aging.

In Table 2 we present ranked comorbidities of CRC in males, in the
early stages (Table 2a) and in the advanced stages (Table 2b). The top
comorbidity in both stages of cancer is Essential hypertension, which is
the same finding as in female patients. The prevalence of this disease is
similar in both stages in females and males and varies between 0.58 and
0.63. Anemia, smoking history, hyperlipidemia, coronary atheroscle-
rosis, congestive heart failure, atrial fibrillation and other cardiac dys-
rhythmias, esophageal reflux, history of malignant neoplasms of
prostate, lungs, colon, and other cancers, acute kidney failure, dehy-
dration, colostomy status, pneumonia, and acute respiratory failure
happened more often in advanced stages of CRC. We can notice that
majority of diseases have a few points higher prevalence in advanced
stages than in early stages of CRC, which can be explained by aging and
the progress of CRC.

In Table 3, we present ranked comorbidities of CRC and their prev-
alence for patients age 50 and younger, separately for males (3a) and
females (3b). In this age group, we identified 3794 male patients with
CRC and 3640 female patients. HCUP contains very small numbers of
patients without metastases in this age group, in the studied period, so
we analyzed all patients together, regardless of metastases. Males in this
age group had a higher prevalence of essential hypertension, tobacco use
disorder, hyperlipidemia, diabetes mellitus, and sepsis than females. On
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Table 1

Comorbidities in early and advanced stages of CRC in females, older than age 50.
1la: Ranked comorbidities occurred in the early stages. 1b: Ranked comorbidities
occurred in the advanced stages of CRC. The prevalence of the occurrence of
comorbidities is shown.

la 1b

Females — Early stages Females — Advanced stages

Diagnosis Prevalence  Diagnosis Prevalence
1 Essential 0.63 Essential 0.60
hypertension hypertension
2 Anemia 0.33 Hyperlipidemia 0.41
3 Hyperlipidemia 0.32 Personal history of 0.38

tobacco use

History of malignant 0.33
Neo of large bowel

Anemia 0.33

4 History of malignant 0.30
Neo of large bowel
5 Urinary tract infection ~ 0.26

6 Hypopotassemia 0.24 Diabetes mellitus type ~ 0.27
1II
7 Diabetes mellitus type ~ 0.23 Coronary 0.26
I atherosclerosis
8 Esophageal reflux 0.22 Paralytic ileus 0.23
9 Personal history of 0.20 Atrial fibrillation 0.22
tobacco use
10  Hypothyroidism 0.20 Congestive heart 0.22
failure
11  Congestive heart 0.19 Esophageal reflux 0.21
failure
12 Paralytic ileus 0.19 Hypothyroidism 0.20
13 Atrial fibrillation 0.18 Acute kidney failure 0.19
14 Coronary 0.18 Pure 0.18
atherosclerosis hypercholesterolemia
15  Dehydration 0.17 Digestive system 0.18
complications
16  Diverticulosis of colon ~ 0.17 Chronic airway 0.17
obstruction
17 Pure 0.16 Hypopotassemia 0.17
hypercholesterolemia
18  Osteoporosis without 0.16 Dehydration 0.16

path. fracture

19  Osteoarthrosis 0.15 Urinary tract infection ~ 0.16
20  Pneumonia 0.14 Pneumonia 0.15
21  Hyposmolality and/or  0.14 Diverticulosis of colon  0.15
hyponatremia
22 Acute 0.14 Tobacco use disorder 0.15
posthemorrhagic
anemia
23 Iron deficiency 0.14 Hypertensive chronic 0.15
anemia kidney disease
24 Chronic airway 0.14 Benign neoplasm of 0.15
obstruction colon
25  Acute kidney failure 0.14 Acute 0.14
posthemorrhagic
anemia
26  Overweight, obesity 0.14 Old myocardial 0.14
infarction
27  Iron deficiency 0.14 Overweight, obesity 0.14
anemia due to blood
loss
28  Depressive disorder 0.13 Hyposmolality and/or  0.14
hyponatremia
29  Digestive system 0.13 Cardiac dysrhythmias 0.14
complications
30  Benign neoplasm of 0.12 Iron deficiency 0.14
colon anemia due to blood
loss

the other side, female patients had a higher prevalence of anemia,
hypopotassemia, urinary tract infections, obesity, and depressive dis-
order than male patients.

3.2. Comorbidity networks

Comorbidity networks were constructed for patients older than age
50, separately for early and advanced stages of CRC, for males and
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Table 2

Comorbidities in early and advanced stages of CRC in males, older than age 50.
2a: Ranked comorbidities occurred in the early stages. 2b: Ranked comorbidities

Table 3
Ranked comorbidities in CRC patients, age 50 and younger: Males (3a), and
females (3b). The prevalence of the occurrence of comorbidities is shown.

occurred in the advanced stages of CRC. The prevalence of the occurrence of

comorbidities is shown.

3a

3b

Males younger than

Females younger than

2a 2b 50 50
Males — Early stages Males — Advanced stages Diagnosis Prevalence  Diagnosis Prevalence
Diagnosis Prevalence  Diagnosis Prevalence 1 Essential 0.32 Anemia 0.32
1 Essential 0.60 Essential 0.58 hypertension
hypertension hypertension 2 Anemia 0.28 History of malignant 0.30
2 Anemia 0.34 History of malignant ~ 0.38 neo of large intestine
Neo of large bowel 3 History of malignant 0.27 Essential 0.27
3 History of malignant 0.31 Anemia 0.37 neo of large intestine hypertension
Neo of large bowel 4 Paralytic ileus 0.22 Hypopotassemia 0.23
4 Personal history of 0.30 Hyperlipidemia 0.33 5 Tobacco use disorder 0.21 Paralytic ileus 0.21
tobacco use 6 Hypopotassemia 0.17 Urinary tract infection 0.20
5 Hyperlipidemia 0.29 Personal history of 0.32 7 Dehydration 0.16 Dehydration 0.18
tobacco use 8 Personal history of 0.15 Anemia in neoplastic 0.15
6 Pneumonia 0.26 Diabetes mellitus type ~ 0.25 malignant neo of disease
i rectum
7 Diabetes mellitus type ~ 0.24 Acute kidney failure 0.25 9  Hyposmolality and/or ~ 0.15 Tobacco use disorder ~ 0.15
i hyponatremia
8 Paralytic ileus 0.24 Dehydration 0.25 10  Esophageal reflux 0.14 Esophageal reflux 0.14
9 Dehydration 0.20 Chronic airway 0.24 11  Colostomy status 0.14 Acquired absence of 0.14
obstruction intestine (large, small)
10  Hypopotassemia 0.19 Coronary 0.24 12 Diabetes mellitus 0.14 Obesity 0.14
atherosclerosis 13 Anemia in neoplastic 0.14 Personal history of 0.14
11  Hyposmolality and/or  0.19 Tobacco use disorder 0.20 disease malignant neo of
hyponatremia rectum
12 Esophageal reflux 0.18 Hyposmolality and/or  0.20 14  Acute kidney failure 0.14 Depressive disorder 0.14
hyponatremia 15  Hyperlipidemia 0.14 Personal history of 0.13
13 Diverticulosis of colon  0.18 Urinary tract infection ~ 0.20 irradiation
14  Encounter for 0.18 Atrial fibrillation 0.19 16  Personal history of 0.13 Peritoneal adhesions 0.13
palliative care irradi‘ation .
15 Acute kidney failure 0.17 Hypopotassemia 0.18 17 Acquired absence of 0.12 Iron deficiency 0.13
16  Chronic airway 0.16 Esophageal reflux 0.18 intestine (large, small) anemia
obstruction 18  Peritoneal adhesions 0.12 Nausea with vomiting ~ 0.13
17  Benign neoplasm of 0.16 Congestive heart 0.17 19  Intestinal obstruction 0.12 Hyposmolality and/or ~ 0.12
colon failure hyponatremia
18  Hypertrophy (benign) 0.16 Encounter for 0.17 20  Urinary tract infection ~ 0.11 Constipation 0.12
of prostate palliative care 21  Protein-calorie 0.11 Intestinal obstruction 0.12
19  Anemia in neoplastic ~ 0.15 Anemia in neoplastic  0.17 malnutrition.
disease disease 22 Postoperative wound 0.11 Diabetes mellitus 0.11
20  Congestive heart 0.15 Malignant neoplasm 0.16 infection
failure of prostate 23 Iron deficiency 0.11 Colostomy status 0.11
21 Constipation 0.14 Unspecified protein- 0.16 anemia
calorie malnutrition 24 Obesity 0.10 Anxiety 0.11
22 Irradiation, 0.14 Malignant neo of 0.16 25 Pneumonia 0.10 Protein-calorie 0.10
presenting hazards to bronchus and lung malnutrition.
health 26  Hearing loss 0.10 Diarrhea 0.10
23 Tobacco use disorder 0.13 Acute respiratory 0.16 27 Constipation 0.10 Hyperlipidemia 0.10
failure 28  Chronic blood loss 0.10 Chronic blood loss 0.10
24 Unspecified protein- 0.13 Pure 0.16 anemia anemia.
calorie malnutrition hypercholesterolemia 29  Diarrhea 0.10 Fam.ﬂy history of 0.10
25  Other postoperative 0.13 Constipation 0.15 malignant neo of GI
infection tract
26  Atrial fibrillation 0.12 Irradiation, 0.15 30  Sepsis 0.10 Asthma 0.10
presenting hazards to
health
27 Acute respiratory 0.12 Hypertrophy (benign) ~ 0.15 (UTD-65, congestive heart failure (CHF)-63, coronary artery disease
failure of prostate (CAD)-52, anemia-50, and acute kidney failure (AKF)-49. Comorbidities
28 Eure holesterolemi 0.12 Hearing loss 015 that had the highest betweenness in the network 1a were: UTI-329, CHF-
ercholesterolemia . .
. R -254, colostomy status-248, anemia-153, and dehydration-
29 Coronary o1 Preumonia o5 275, CAD-254, colostomy status-248 153, and dehydrat
atherosclerosis 140. Based on RR measures, comorbidities with the highest node de-

0.14 grees in the network 1b were: anemia-61, obstructive chronic bronchitis
(OCB)-57, hypoxemia-56, hyperkalemia-55, and peripheral vascular
disease (PVD)-53. The following conditions had the highest betweenness
in the network 1b: postoperative infection-301, colostomy status-263,
gastro-duodenitis-256, chest pain-242, and OCB-221.

Fig. 2 shows two networks (¢-correlations and RR) for the advanced
stages of CRC in females.

Comorbidities with the highest node degrees in the network 2a
(¢g-correlation) were: UTI-57, anemia-52, CHF-47, and hypokalemia-40.
The highest betweenness were: UTI-467, anemia-437, dehydration-420,

30  Urinary tract infection ~ 0.11 History of malignant

neopl of prostate

females. Nodes represent diseases (comorbidities) and links connect
comorbidities according to distance measures described above (RR,
@-correlation). Calculated node degrees and betweenness show the most
connected (significant) comorbidities in each of eight networks. In Fig. 1
we present two networks for the early stages of CRC in females.
Considering ¢-correlation, the following comorbidity conditions had
the highest node degrees in the network la: urinary tract infection
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Fig. 1. Networks of comorbidities in the early stages of CRC in females older than age 50. Comorbidity networks, based on: a) ¢-correlation and b) RR in females.
Nodes represent the top 100 comorbidities (ICD9 codes). Correlations greater than 0.32 (f = 2) and RR greater than 5.99 (p = 5) were applied for construction

of edges.

Fig. 2. Networks of comorbidities in the advanced stages of CRC in females older than age 50. Comorbidity networks, based on: a) @-correlation and b) RR in
females. Nodes represent the top 100 comorbidities (ICD9 codes). Correlations greater than 0.30 (B = 2) and RR greater than 8.99 (f = 5) were applied for con-

struction of edges.

history of irradiation-405, and paralytic ileus-329. Considering RR
measure, the highest node degrees in the network 2b were: chronic
kidney disease-56, pressure ulcer lower back-50, hypertensive chronic
kidney disease-48, hyperkalemia-42, sepsis-42, and long-term use of
insulin-41. The highest betweenness in the network 2b were: chronic
kidney disease-494, OCB-421, history of chemotherapy-368, and hyp-
oxemia-307.

Next, we present two networks for the early stages of CRC in males
(Fig. 3). We used the same metrics as in females, ¢-correlations Fig. 3a
and RR - Fig. 3b.

Comorbidities with the highest node degrees in the network 3a
(¢-correlation) were: CHF-64, AKF-59, anemia-57, UTI-55, and CAD-50.
The highest betweenness in the network 3a were: UTI-492, anemia-431,
CHF-394, AKF-350, and hearing loss-277. The highest node degrees in

(a
h_

&

Fig. 3. Networks of comorbidities in the early stages of CRC in males older than age 50. Comorbidity networks, based on: a) ¢-correlation and b) RR. Nodes represent
the top 100 comorbidities (ICD9 codes). Correlations greater than 0.32 (p = 2) and RR greater than 8.99 (p = 5) were applied for edges.
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the network 3b (RR) were: anemia-63, hyperkalemia-60, OCB-58,
chronic kidney disease-55, primary cardiomyopathies-55, PVD-53, and
sepsis-50. The highest betweenness in the network 3b were: colostomy
status-418, anemia-294, and postoperative infection-267.

We created two networks for advanced stages of CRC in males
(Fig. 4). We used the same metrics as in females, @-correlation (Fig. 4a),
and RR (Fig. 4b).

Conditions with the highest node degrees in the network 4a (¢-cor-
relation) were: anemia-49, CHF-48, AKF-44, and CAD-37. The highest
betweenness in the network 4a: anemia-414, dehydration-401, CHF-
386, AKF-310, UTI-301, and protein-calorie malnutrition-287. The
highest node degrees in the network 4b (RR): Primary
cardiomyopathies-42, chronic kidney disease-40, PVD-39, and persis-
tent mental disorders-39. The highest betweenness in the network 4b:
Dysphagia-480, primary cardiomyopathies-410, OCB-384, hypoxemia-
294, and do not resuscitate status-293.

3.3. Genes associated with CRC and comorbidities

Ranked lists of comorbidities of CRC were used for text mining of
PubMed and expert curated sources, specifically DisGeNET, which is a
comprehensive platform integrating information on human disease-
associated genes. The BeFree text mining system was applied for the
extraction of associations between genes, comorbidities and CRC from
PubMed.

PubMed indexes more than 170,000 publications on CRC (MeSH
Major topic search). The Befree data mining system extracted 1,937
different genes associated with CRC from PubMed. (The list of 1,937
provided as Suppl.1) We found 150 different genes associated with CRC
in DisGeNET. Ninety-six genes are present in both sources. Most gen-
e—CRC associations in PubMed were described in only one abstract
(1160). The most often mentioned genes associated with CRC were:
TP53 (241 abstracts in PubMed), APC (115), and KRAS (106). All 3
genes had DisGeNET scores of 0.5. The DisGeNET score for gene-disease
associations takes into account the number and type of sources (level of
curation), and the number of publications supporting the association.
The scores range from 0 to 1.

Two more genes had a DisGeNET score of 0.5: MLH1 (98 abstracts)
and TGFBR2 (18). One gene (PPARG) had a DisGeNET score of 0.6, and
it’s mentioned 43 times in PubMed abstracts.

In Table 4, we present associations of the APC gene with comor-
bidities of CRC. The APC gene is located on the long arm of chromosome
5. This gene signals the production of the APC protein, a tumor sup-
pressor, which slows down the growth and division of cells, and controls
how cells attach and move [21]. Mutations in the APC gene have been
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Table 4

APC genes associated with CRC and comorbidities. Presented are numbers of
abstracts in PubMed where these associations were described in 3 or more
abstracts.

No  Diseases PubMed
abstracts
1 Malignant neoplasm of stomach 20
2 Malignant neoplasm of prostate 18
3 Amyloidosis 15
4 Barrett’s esophagus 8
5 Malignant neoplasm of pancreas 8
6 AD 6
7 Malignant neoplasm of ovary 6
8 Malignant neoplasm of esophagus 5
9 Malignant neoplasm of bladder 5
10 Brain neoplasm 4
11 Malignant neoplasm of intestinal tract, part unspecified 4
12 Systemic lupus erythematosus 4
13 Ulcerative colitis 4
14 Rheumatoid arthritis 3
15 Burkitt’s tumor or lymphoma 3
16 Megakaryocytic leukemia 3
17 Septicemia 3
18 Hypogammaglobulinemia 3
19  Diabetes mellitus 3
20 Sebaceous cyst 3
21 Graft-versus-host disease 3
22 Secondary and unspecified malignant neoplasm of lymph 3
nodes
23 Candidiasis of mouth 3

associated with several cancers including familial adenomatous polyp-
osis and CRC. APC gene has also been described in people with a benign
desmoid tumor, primary macronodular adrenal hyperplasia, Turcot
syndrome, brain neoplasm (medulloblastoma), stomach (gastric) can-
cers, prostatic cancer, etc. Our text mining of PubMed extracted these
tumors, as well as a few types of leukemia associated with the APC gene.
BeFree text mining system also extracted a few comorbidity conditions
such as Amyloidosis, AD, Systemic Lupus erythematosus, Diabetes
Mellitus, and few more conditions as potentially associated with the APC
gene.

The TP53 gene is located on the short arm of chromosome 17. The
TP53 gene regulates the production of a protein p53, a tumor suppres-
sor, which prevents cells from growing and dividing without control
[22]. Mutations in the TP53 gene are the most common genetic changes
in human cancer. Mutations in the TP53 gene are associated with the
risk of developing breast cancer, bladder cancer, cholangiocarcinoma,
squamous cell carcinomas, bone cancer, sarcomas, lung cancer, mela-
noma, CRC, etc.

)
@

Fig. 4. Networks of comorbidities in the advanced stages of CRC in males older than age 50. Comorbidity networks, based on: a) ¢-correlation and b) RR. Nodes
represent the top 100 comorbidities (ICD9 codes). Correlations greater than 0.30 (f = 2) and RR greater than 8.99 (p = 5) were used for edges.
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Our text mining findings contain tumors mentioned above, as well as
few types of leukemia. Several comorbidity diseases are also described
in associations with this gene, such as: Hodgkin’s disease, ulcerative
colitis, rheumatoid arthritis, Alzheimer’s disease, etc. Associations be-
tween CRC and comorbidities with gene TP53 are shown in Table 5.

The KRAS gene is located on the short arm of chromosome 12. It
regulates synthesis of a K-Ras protein [23]. Mutations in the KRAS gene
are associated with autoimmune lymphoproliferative syndrome, chol-
angiocarcinoma, acute myeloid leukemia, epidermal nevus, lung cancer,
pancreatic cancer, CRC, as well as conditions such as intellectual
disability, distinctive facial features, short stature, macrocephaly, heart
defects, skin abnormalities, Noonan syndrome, etc. In Table 6, associa-
tions between CRC, KRAS genes, and comorbidities are presented. Text
mining of PubMed extracted associations of the KRAS gene with mul-
tiple tumors (predominantly pancreatic cancer) and several
non-tumorous diseases. The KRAS gene was also extracted in associa-
tions with unspecified viral hepatitis C, chronic pancreatitis, ulcerative
colitis, dengue, atrial premature beats, endometriosis, etc.

The MLH1 gene is located on the short arm of chromosome 3. The
MLH1 gene encodes a protein that has a crucial role in repairing DNA
errors [24]. Mutations in the MLH1 gene have been associated with
constitutional mismatch repair deficiency syndrome, CRC, brain cancer,
leukemia, lymphoma, Lynch syndrome, neurofibromatosis type 1, can-
cers of the endometrium, ovaries, stomach, etc. In Table 7, associations
between CRC, MLH1 genes, and comorbidities found in PubMed ab-
stracts are presented.

The TGFBR2 gene is positioned on the short arm of chromosome 3. It
encodes transforming growth factor-beta (TGF-p) receptor type 2, which
transduces a signal that prevents cells from growing and dividing too
rapidly [25]. Mutations in the TGFBR2 gene have been identified in
people with Marfan’s syndrome (familial thoracic aortic aneurysm and

Table 5

TP53 genes associated with CRC and comorbidities. Presented are numbers of
abstracts in PubMed where these associations were described in 20 or more
abstracts.

No  Disease PubMed
abstracts
1 Malignant neoplasm of prostate 263
2 Lymphoid leukemia, chronic 248
3 Malignant neoplasm of ovary 239
4 Myeloid leukemia, acute 192
5 Malignant neoplasm of stomach 167
6 Malignant neoplasm of bladder 159
7 Malignant neoplasm of pancreas 134
8 Malignant neoplasm of cervix uteri 130
9 Leukemia of unspecified cell type 112
10  Brain neoplasm 87
11 Secondary and unspecified malignant neoplasm of lymph 82
nodes

12 Myelodysplastic syndrome, unspecified 76
13 Malignant neoplasm of esophagus 76
14  Multiple myeloma 68
15 Myeloid leukemia, chronic 62
16  Burkitt’s tumor or lymphoma 53
17  Lymphoid leukemia, acute 51
18  Malignant neoplasm of mouth, unspecified 51
19  Hodgkin’s disease 50
20 Barrett’s esophagus 38
21 Ulcerative colitis 36
22 Malignant neoplasm of liver, secondary 31
23 Mantle cell lymphoma 29
24 Rheumatoid arthritis 29
25 Malignant neoplasm of liver 27
26  Malignant neoplasm of thyroid gland 27
27  Actinic keratosis 25
28 Unspecified viral hepatitis C 23
29 Leukemia of unspecified cell type, acute 22
30 Neurofibromatosis, type 1 [von Recklinghausen’s disease] 21
31 Alzheimer’s disease 20
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Table 6

KRAS genes associated with CRC and comorbidities. Presented are numbers of
abstracts in PubMed where these associations were described in 4 or more
abstracts.

No  Disease PubMed
abstracts
1 Malignant neoplasm of pancreas 123
2 Malignant neoplasm of liver, secondary 27
3 Malignant neoplasm of stomach 26
4 Unspecified viral hepatitis C 25
5 Malignant neoplasm of ovary 17
6 Secondary malignant neoplasm of lung 14
7 Secondary and unspecified malignant neoplasm of lymph 14
nodes
8 Myeloid leukemia, acute 10
9 Malignant neoplasm of prostate 8
10 Chronic pancreatitis 7
11 Patent ductus arteriosus 7
12 Ulcerative colitis 7
13 Dengue 6
14  Atrial premature beats 5
15 Endometriosis 5
16 Leukemia of unspecified cell type 5
17 Malignant neoplasm of thyroid gland 5
18 Malignant neoplasm of biliary tract, part unspecified site 5
19 Multiple myeloma 5
20 Pleural effusion 4
21 Uterine leiomyoma 4
22 Lymphoid leukemia, acute 4

Table 7

MLH1 genes associated with CRC and comorbidities. Presented are numbers of
abstracts in PubMed where these associations were described in 3 or more
abstracts.

No  Disease PubMed
abstracts

1 Malignant neoplasm of stomach 38

2 Malignant neoplasm of ovary 24

3 Leukemia of unspecified cell type 10

4 Malignant neoplasm of bladder 7

5 Malignant neoplasm of prostate 7

6 Ulcerative colitis 6

7 Secondary and unspecified malignant neoplasm of lymph 5

nodes

8 von Recklinghausen’s disease 5

9 Huntington’s chorea 3

10 Nodular lymphoma 3

11 Malignant neoplasm of uterus, part unspecified 3

12 Malignant neoplasm of pancreas 3

13 Endometrial hyperplasia with atypia 3

dissection), with Loeys-Dietz syndrome type II, various cancers (CRC,
and others). Our text mining of PubMed discovered these conditions in
addition to Alzheimer’s disease, asthma, ulcerative colitis, etc. In
Table 8 we present associations between CRC, TGFBR2 genes, and
comorbidities.

The PPARG gene is located on the short arm of chromosome 3. This
gene encodes the peroxisome proliferator-activated receptor (PPAR)
subfamily of nuclear receptors [26]. PPARs have been involved in the
pathology of numerous diseases including obesity, atherosclerosis,
prostatic cancer, lipodystrophy, glioma, obesity, insulin resistance,
diabetes mellitus, dyslipidemia, hypertension and CRC. Our text mining
findings correspond to this description. In Table 9 we show associations
between CRC, PPARG genes, and comorbidities.

In Table 10 we present 96 genes identified in both sources: PubMed
and DisGeNET.

4. Discussion

Chronic diseases such as CRC are associated with many
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Table 8

TGFBR2 genes associated with CRC and comorbidities. Presented are numbers of
abstracts in PubMed where these associations were described in 2 or more
abstracts.

No  Disease PubMed
abstracts

1 Marfan’s syndrome 30

2 Malignant neoplasm of stomach 10

3 Malignant neoplasm of prostate 8

4 Malignant neoplasm of pancreas 7

5 Aneurysm 4

6 Alzheimer’s disease 2

7 Asthma 2

8 Ulcerative colitis 2

9 Patent ductus arteriosus 2

10  Ehlers-Danlos syndrome 2

11 Systemic sclerosis 2

12 Migraine 2

13 Malignant neoplasm of mouth, unspecified 2

14  Malignant neoplasm of gallbladder 2

15 Dissection of aorta, unspecified site 2

16  Secondary and unspecified malignant neoplasm of lymph 2

nodes
Table 9

PPARG genes associated with CRC and comorbidities on PubMed. Comorbidities
that are associated with CRC and PPARG in 10 or more abstracts are given.

No  Disease PubMed
abstracts
1 Obesity 208
2 Diabetes mellitus 100
3 Atherosclerosis 37
4 Dysmetabolic syndrome x 35
5 Alzheimer’s disease 34
6 Malignant neoplasm of prostate 33
7 Hypertensive disease 31
8 Heart failure 27
9 Huntington’s chorea 21
10  Polycystic ovaries 17
11 Coronary atherosclerosis 14
12 Lipodystrophy 14
13 Malignant neoplasm of thyroid gland 13
14 Cardiovascular Diseases 12
15 Diabetic retinopathy 12
16  Malignant neoplasm of stomach 12
17 Diabetes with renal manifestations 11
18 Osteoarthrosis, unspecified whether generalized or 11
localized
19 Parkinson’s disease 11
20 Amyotrophic lateral sclerosis 10
21 Malignant neoplasm of pancreas 10
Table 10

Ninety-six genes associated with CRC and present in both sources: PubMed and
DisGeNET.

ALDH1B1 CHEK2 IGF2 MTHFR PTP4A3 SULT1A1
ALOX5 CTNNB1 IL1B MUTYH PTPN12 TAGLN
APC CXCL10 IL32 MYC PTPRJ TCF7L2
ASCL2 DMBT1 JUN NDRG2 RAD54B TGFBR2
ATP7A DNMT1 KCNH2 NFKB1 RCOR1 TNF
AXIN2 DPYD KDM1A NOS2 RECK TNFRSF10A
BAX EGFR KRAS NOTCH1 S100A4 TNFSF10
BCL2 ERBB2 LEF1 NOX1 SERPINBS TP53
BECN1 FBP1 LEP NOX4 SERTAD1 TP63
BIRCS GAST LGR5 ODC1 SLC2A1 TPM3
BRAF GCG MCM2 PCNA SLC5A8 TYMP
BRD4 HES1 MECOM POLB SLCO1B3 TYMS
CBR1 HMGCS2 MIR98 PPARG SOD2 VEGFA
CCAT1 HSPB1 MLH1 PRKN SPARC WT1
CCND1 ICAM1 MMP7 PROM1 SRC XAF1
CDKN1A IFNG MMP9 PTGS2 STAT3 YBX1
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comorbidities and complications, which affect the quality of life and the
prognosis of CRC. Certain comorbidities (dementia, depressive disorder,
alcoholism) are associated with a delayed CRC diagnosis, while some
chronic comorbidities (T2DM, CVD, Hypertension) that require frequent
medical care are associated with earlier CRC detection [6,27]. Patients
with comorbidity often receive different CRC treatments (surgery,
chemotherapy, radiation therapy) than patients without comorbidity [6,
27].

Most published studies presented social network methods that
include multiple diseases (phenotypes) not focusing on any particular
disease as the main subject [7,28,29]. In our research we implemented a
social network analysis of comorbidities of one disease (CRC). This
cancer is mostly diagnosed at older age, when comorbidities are
commonly present and when they can be an important risk and prog-
nostic factor of CRC. Our prevalence and network analyses of comor-
bidities of CRC show which specific comorbidities are more prevalent
and significant. The results of our study could have a practical imple-
mentation in medicine, by providing the information on which comor-
bidity conditions should be looked for as highly expected, and
consequently prevented or treated. The results of our study show that
the prevalence of some characteristic comorbidities, such as diverticu-
losis of colon, history of malignant neoplasms of intestines, benign
neoplasms of intestines, paralytic ileus, and few others are higher in CRC
than in the general population. Comparing findings between groups of
patients younger or older than age 50, we can notice that patients
younger than age 50 have significantly lower prevalence of essential
hypertension, than patients older than age 50. Younger groups of pa-
tients don’t have cardiovascular conditions such as coronary athero-
sclerosis, congestive heart failure, atrial fibrillation and other cardiac
dysrhythmias, in the top 30 ranked comorbidities. They also don’t have
history of malignant neoplasms of prostate, lungs, colon, and other
cancers, in the top 30 the most prevalent comorbidities. These results
show that many comorbidities are influenced by aging of patients.
Certain comorbidities such as history of malignant neoplasms of large
bowel and rectum, paralytic ileus, intestinal obstruction, colostomy
status, and peritoneal adhesions are present in both groups, younger and
older than age 50, which confirms that some of comorbidities are
influenced by development of CRC.

Constructed scale-free networks and calculated centrality measures
show that comorbidities are interlinked beyond simple coincidence [7,
28]. Centrality measures (node degree, betweenness) discovered the
presence of highly connected comorbidities (hubs), presented in
Figs. 1-4. Highly connected comorbidities, such as CHF, CAD, OCB,
CKD, AKF, anemia, hypoxemia, and a few others should be followed and
treated. Some of the conditions revealed as important by RR metric
were: anemia, hypoxemia, colostomy status, gastro-duodenitis, chest
pain, pressure ulcer-lower back, hyperkalemia, sepsis, etc. @-correlation
revealed comorbidities that are highly prevalent and expected. Evalua-
tion of centrality measures discovered that both betweenness and node
degrees come as valuable yet different measures considering findings of
the most significant comorbidities associated with CRC.

Results of the comorbidity study were used to carry out analysis of
associations between genes, CRC, and comorbidities. We extracted 627
more genes (described in 2 or more abstracts) on PubMed than on Dis-
GeNET. Genetic findings could be used to recruit more individuals who
would benefit from genetic testing and consultations [13-16]. Recent
studies incorporated comorbidities in addition to the genomic data to
identify new disease-genes associations [9,10,28,29]. If the same gene is
linked to two different diseases, this is often an indication that the two
diseases have a common genetic origin. Comorbidity networks and text
mining of big data such as PubMed could help to find previously un-
known genes associated with CRC [29]. CRC arises as the cumulative
effect of multiple genetic mutations. In Table 4, we presented associa-
tions of the APC genes with CRC and comorbidities. The APC genes
mutations are responsible for Familial adenomatous polyposis and he-
reditary non-polyposis CRC [30]. Mutations in the APC gene play a
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pivotal role in CRC pathogenesis. The APC became one of the most
frequently mutated, known driver genes in CRC [31]. The APC tumor
suppressor is mutated or hyper-methylated in some breast cancers [32],
and may also be associated with the development and progression of
bladder cancer and prostate cancer [33,34].

In Table 5, the most often cancers and comorbidities associated with
TP53 gene are listed. The TP53 has an important role in several
fundamental processes such as cancer, aging, senescence, and DNA
repair. Mutations in the TP53 gene are common in CRC [35,36], brain
tumors, leukemia, and lymphomas [36]. BeFree text-mining discovered
associations between the TP53 gene and different cancers as well as
Hodgkin’s disease, ulcerative colitis, rheumatoid arthritis, Alzheimer’s
disease, etc.

Table 6, presents the most often conditions associated with KRAS
genes. Ucar and colleagues found that the presence of multiple muta-
tions in KRAS indicates better overall survival than a single mutation
[37]. Perdyan and colleagues studied the presence of KRAS mutation as
a prognostic factor of CRC [38]. KRAS, NRAS, and BRAF mutations are
found in half of myeloma patients and contribute to proteasome inhib-
itor (PI) resistance [39]. RAS genes (HRAS, KRAS, and NRAS) are seen as
some of the top causes of cancer deaths in the U.S. (lung, colorectal, and
pancreatic cancer) which influenced that anti-RAS therapies became a
major field for cancer research [40]. Our text mining identified associ-
ations between the KRAS gene and viral hepatitis C, chronic pancreatitis,
ulcerative colitis, dengue, atrial premature beats, endometriosis, leio-
myoma, etc.

The most often conditions associated with MLH1 genes are shown in
Table 7. Researchers demonstrated that MLH1 deficiency and tumor
progression and metastasis are in close relation [41]. A defective DNA
mismatch repair (MMR) of genes especially MLH1 and MSH2 is
frequently involved in the carcinogenesis of various tumors including
gastric cancer [42].

Associations of CRC, comorbidities, and TGFBR2 gene are presented
in Table 8. In CRC with microsatellite instability (MSI), the majority of
cases are affected by inactivating mutations of TGFBR2 [43]. Genetic
variants in TGFBR1 and TGFBR2 genes have been associated with he-
reditary connective tissue disorders including thoracic aortic aneurysm
and dissection, Marfan syndrome, and Loeys-Dietz syndrome [44].
BeFree system discovered associations between the TGFBR2 gene and
Alzheimer’s disease, asthma, ulcerative colitis, migraine, etc.

In Table 9, PPARG genes in associations with CRC comorbidities are
listed. Studies described how epigenetic modifications influence PPARG
gene expression in CRC [45]. PPARG has been analyzed in the regulation
of metabolism, inflammation, atherosclerosis, cell differentiation, and
proliferation, linking PPARG with conditions such as obesity and dia-
betes, cardiovascular disease, and cancer [46].

Network data analysis used in our research provides insight into
comorbidities and genes associated with CRC, which could help medical
experts to formulate appropriate preventive health measures to address
genes and high-risk comorbidities associated with CRC. Our study has
several limitations. The social network approach may underestimate
rare diseases, that don’t show as hubs, but they could also affect out-
comes. Sometimes testing for comorbidity diseases could be expensive,
which could limit confirmation of those conditions.

5. Conclusion

Numerous studies point out that the presence of comorbidities
weighs as a negative factor that contributes to faster deterioration of
one’s health. Our findings suggest which comorbidities should be highly
expected along the course of the cancer disease. The results of this study
contribute to a better understanding of risk factors (genes, comorbid-
ities) to the development of CRC. Genes associated with CRC and
comorbidities, found only in PubMed abstracts should be evaluated as a
potential risk or predictive factor for the development of comorbidity
conditions. Subsequent genetic research is necessary to evaluate genes-

Informatics in Medicine Unlocked 21 (2020) 100492

CRC-comorbidities associations and incorporate findings into expert
domain-specific curated databases.
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