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Background: Cardiovascular diseases are the leading causes of mortality worldwide.
One reason behind this lethality lies in the fact that often cardiovascular illnesses develop
into systemic failure due to the multiple connections to organismal metabolism. This in
turn is associated with co-morbidities and multimorbidity. The prevalence of coexisting
diseases and the relationship between the molecular origins adds to the complexity of
the management of cardiovascular diseases and thus requires a profound knowledge of
the genetic interaction of diseases.

Objective: In order to develop a deeper understanding of this phenomenon, we
examined the patterns of comorbidity as well as their genetic interaction of the diseases
(or the lack of evidence of it) in a large set of cases diagnosed with cardiovascular
conditions at the national reference hospital for cardiovascular diseases in Mexico.

Methods: We performed a cross-sectional study of the National Institute of Cardiology.
Socioeconomic information, principal diagnosis that led to the hospitalization and
other conditions identified by an ICD-10 code were obtained for 34,099 discharged
cases. With this information a cardiovascular comorbidity networks were built both for
the full database and for ten 10-years age brackets. The associated cardiovascular
comorbidities modules were found. Data mining was performed in the comprehensive
ClinVar database with the disease names (as extracted from ICD-10 codes) to establish
(when possible) connections between the genetic associations of the genetic interaction
of diseases. The rationale is that some comorbidities may have a stronger genetic origin,
whereas for others, the environment and other factors may be stronger.

Results: We found that comorbidity networks are highly centralized in prevalent
diseases, such as cardiac arrhythmias, heart failure, chronic kidney disease,
hypertension, and ischemic diseases. Said comorbidity networks are actually modular
on their connectivity. Modules recapitulate physiopathological commonalities, e.g.,
ischemic diseases clustering together. This is also the case of chronic systemic
diseases, of congenital malformations and others. The genetic and environmental
commonalities behind some of the relations in these modules were also found by
resorting to clinical genetics databases and functional pathway enrichment studies.
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FIGURE 7 | Some examples of groups of ages. (A) 0–10 years old network. (B) 31–40 years old network. (C) 61–70 years old network. (D) 91 years and over network.

TABLE 4 | Comorbidity network topological features by age group.

Age

bracket

Nodes Links Network

density

Average

degree

Network

centralization

0–10 345 2,657 0.045 15.403 0.771

11–20 480 2,955 0.026 12.313 0.467

21–30 625 4,060 0.021 12.992 0.458

31–40 651 4,464 0.021 13.714 0.397

41–50 654 5,098 0.024 15.590 0.383

51–60 681 6,274 0.027 18.426 0.396

61–70 639 6,099 0.030 19.089 0.445

71–80 548 5,032 0.034 18.365 0.405

81–90 326 2,703 0.051 16.583 0.425

91–100 107 506 0.089 9.458 0.351

All ages 1,473 20,543 0.019 27.893 0.462

present a hierarchical submodular structure. For demonstration
purposes, we have selected three main comorbidity modules
corresponding to Other forms of chronic ischemic heart
disease (I25.8); Chronic kidney disease, unspecified (N18.9)

and Other specified congenital malformations of heart (Q24.8).

These modules were chosen by the following criteria: (i)
these are highly common diseases in our cohort, (ii) highly
interconnected in the CVCnetwork, (iii) distributed in different
submodules, (iv) these modules are the larger and richer
in structure.

Regarding of the Other forms of chronic ischemic heart
disease (I25.8) module, it contains 711 comorbidities (307
of which have associated genes in the ClinVar database,
a fact that will become useful in the next subsection),
the Chronic kidney disease, unspecified (N18.9) module is
composed of 178 comorbidities (66 of them with associated
genetic origins in ClinVar) and the Other specified congenital
malformations of heart (Q24.8) module which is formed by
155 diseases (67 of which have genes annotated in ClinVar).
As presented in Methods, we will further analyze how such
clustered comorbidity relations are (partially) related to their
genetic origins as well as to its physiological features. To
account for genetic background relatedness we will study
pairs of diseases clustered in the same module, from their
ClinVar annotations we calculated the Jaccard index (JI) that
points out to the fraction of associated genes they share
(see Methods).
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FIGURE 8 | Top 20 connected comorbidities by age group.
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4.2.1. Main Comorbidities in the Other Forms of

Chronic Ischemic Heart Disease (I25.8) Module
For this module we choose the four comorbidity pairs with the
highest Jaccard coefficient for further analysis. The first one of
such pairs is formed by Other and unspecified encephalopathy
(G93.4) and Acute respiratory distress syndrome (J80.X) with 437
common genes (JI = 0.827651515). These apparently disparate
diseases share physiological and clinical associations. Burad et al.
(2012) found that acute respiratory syndrome in pneumonia
patients leads to strong systemic ischemia that may in turn
develop into acute encephalopathy. This finding has been further
confirmed in a very large (5.6 million cases) epidemiological risk
factor study of the group of Bell in the US (Rincon et al., 2014).

Aside from environmental and other risk factors, these
diseases large number of shared genes are involved in a number
of relevant biomolecular pathways, ranging from essential
metabolism (folate-mediated one-carbon metabolism, antifolate
resistance), signal transduction (cell adhesion, transendothelial
leukocyte migration, a tight junction regulation). Also, including
immune response and inflammation (response to hepatitis C,
natural killer cell-mediated cytotoxicity, response to measles,
Alzheimer’s disease, and response to Influenza), as it was
evidenced by gene enrichment analysis whose statistical
significance was assessed via hypergeometric tests with false
discovery rate multiple-testing correction (see Methods).

Closely related to this pair is the second one formed by Other
and unspecified encephalopathy (G93.4) and Acute respiratory
failure (J96.0) with 440 common genes representing a JI =
0.787119857, these genes refer to similar pathways involved with
the addition of statistical enrichment of the protein digestion and
absorption pathway. Understanding the role that such molecular
processes may have in the onset and progression of both
diseases, of the comorbidity and of their potential multimorbidity
relations in the context of the CVCnetwork (see Figure 4), may
prove useful, particularly in the design of combined therapeutic
strategies with special emphasis in the critically ill patients in
intensive care units.

In this regard, we may mention the following: it is known
that the physiological manifestation of such biomolecular process
starts in the microvascular endothelium (MVE). Abnormal
functions of this MVE lead to abnormal haemostasis that may be
involved in both encephalopathy and acute respiratory distress, a
novel therapy to alleviate this failure from its molecular origins
consists in the use of tissue factor pathway inhibitor (TFPI). It
has been long known (mostly by animal-based studies) that anti-
TF monoclonal antibodies and recombinant TFPI may be helpful
to treat these and other conditions (Bajaj and Bajaj, 1997). This
comes as no surprise since TFPI therapy works by readjusting
these disrupted processes to their homeostatic levels.

On the other hand, in the same module, the comorbidity
Other obesity (E66.8) and Other disorders of the lung (J98.4),
it was found to share 1,198 genes (JI = 0.670772676). These
genes present significant statistical enrichment for the following
pathways: Pentose phosphate pathway, Glycine, serine and
threonine metabolism, amino acid biosynthesis, and carbon
metabolism, all of them related to essential metabolism, as well as
to primary immunodeficiencies, renin-angiotensinogen system,

neuroactive ligand-receptor interaction related to immune
signaling and inflammation, and to cell cycle processes, such
as the mRNA surveillance pathway, RNA transport, and
ribosome biogenesis in eukaryotes. Although less evident, the
physiological relationship between obesity (in particular its
inflammatory component) and critical disorders of the lung is
not unknown (Bassetti et al., 2011; Pabon et al., 2016; Peters
et al., 2018; Szylińska et al., 2018). Under certain circumstances,
abnormal immune signals associated withmetabolic deregulation
may lead to inflammatory proliferation and cytokine storms
(Ramos Muniz et al., 2018) that may in turn prove critical for
certain functions involved in the lung disease (Lee et al., 2016).

The fourth comorbidity couple discussed in this module
involves Liver disease, unspecified (K76.9) and Acute respiratory
failure (J96.0) (457 shared genes, JI = 0.640953717). These
genes present the following enriched pathways: reserve of one-
carbon by folate, Fanconi anemia, homologous recombination,
viral myocarditis, cell adhesion molecules (CAM), tight junction,
transendothelial leukocyte migration, cytotoxicity mediated by
natural killer cells, Hepatitis C, and metabolic pathways. We can
notice again a lot of immune signaling and transduction activity
mediating the crosstalk of these pathologies. Liver disease, for
instance, is known to be severely exacerbated by mechanical
ventilation (Lai et al., 2020). Lai et al. concluded that in-hospital
mortality of patients with high end-stage liver disease scores
who required mechanical ventilation was higher and it allowed
for predictability of the outcome. The same conclusion was
reached previously by Qadir et al. (2018) that traced some of the
complications to hepatopulmonary syndrome, portopulmonary
hypertension, and hepatic hydrothorax, all of them systemic
failures mediated by exacerbated signaling (Karcz et al., 2012;
Nuzzo et al., 2019).

4.2.2. Main Comorbidities in the Chronic Kidney

Disease, Unspecified (N18.9) Module
Moving onto the second module of interest, the one highly
connected with Chronic kidney disease, unspecified (N18.9), we
will also analyze three pairs of diseases (see Figure 5). We
will start by looking at the association between Congenital
hydronephrosis (Q62.0) and Cough (R05.X). These seemingly
dissimilar diseases share, however 437 common genes (JI =
0.640953717), as in previous cases the molecular associations
point out to immune signaling (cell adhesion molecules,
transendothelial leukocyte migration, tight junction, natural
killer cell mediated cytotoxicity) and essential metabolism
(reserve of one-carbon by folate, antifolate resistance). The joint
observation of these diseases, however, presents less dominance
than previous cases. It has been reported that about 30% of the
cases of congenital hydronephrosis involve definite presence of
cough episodes (McHale et al., 1996).

The second duplex, Benign neoplasm of kidney (D30.0)

and Other hyperparathyroidism (E21.2) involves 51 shared
genes (JI = 0.467889908). Overrepresented pathways include
immune responses (processing and antigen presentation, graft-
vs.-host disease, natural killer cell-mediated cytotoxicity),
abnormal transcriptional regulation and cell cycle (transcriptional
dysregulation in cancer, gastric cancer, FoxO signaling pathway,
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autophagy) as well as hormone-related signal transduction (taste
transduction, salivary secretion, Cushing’s syndrome).

It is noticeable that even if our third comorbidity pair
considered in this moduleMyeloid leukemia, unspecified (C92.9)
and Anemia in neoplastic disease (D63.0) is, perhaps, one of
the most obviously related from the physiological standpoint
(Rafei and DiNardo, 2019), does not have such a large genetic
background. These diseases only share 10 associated genes,
with a mild JI = 0.185185185, general cancer pathways (thyroid
cancer, pancreatic cancer, bladder cancer, endometrial cancer,
breast cancer), erithopoietic and myeloid differentiation processes
(Fanconi, ALS) and DNA repair (homologous recombination,
nucleotide excision repair). Not surprisingly, however, the
presence of anemia becomes a (bad) prognostic marker in cancer
(including of course myeloid leukemia), both in terms of the
presence of anemia itself (Paitan et al., 2018) and of the level of
circulating myeloblasts (Duong et al., 2018).

4.2.3. Main Comorbidities in the Other Specified

Congenital Malformations of Heart (Q24.8) Module
Three comorbidity pairs were also chosen in the Other
specified congenital malformations of heart (Q24.8) module
(Figure 6). The first one consists of Exotropia (H50.1) and Pectus
excavatum (Q67.6) sharing 1,292 genes (JI = 0.596766744).
The physiological relationship between these two diseases
may be traced to generalized hypotonia and share some
similarities with the Elsahy-Waters Syndrome, a rare genetic
disease that arise from (mostly biallelic) mutations in the
cadherin-11 gene (Castori et al., 2018; Harms et al., 2018).
On the genetics and molecular side, both diseases share genes
enriched for metabolic (biosynthesis of phenylalanine tyrosine
and tryptophan, biosynthesis of glycosaminoglycan, mineral
absorption, nitrogenmetabolism, biosynthesis of aminoacids and
carbon metabolism), signaling (Nf-kappa b signaling pathway,
necroptosis, RNAm surveillance). Interestingly, even if both
diseases involve structural dysfunction related for instance to
changes connective tissue and collagen formation (Guixiang
et al., 2007; Tocchioni et al., 2013a,b; Yao et al., 2016),
no statistically significant enrichment was found for related
categories in this set of shared genes, suggesting independent
molecular mechanisms in both cases.

A similar case arises in the consideration of Exotropia (H50.1)

and Agenesis of lung (Q33.3) with 644 common genes (JI =
0.37771261), which are involved in nicotine addiction, pentose-
phosphate pathway, mRNA surveillance, ribosome biogenesis in
eukaryotes, amino acid biosynthesis, carbon metabolism, RNA
transport, Nf-kappa b signaling, neuroactive ligand-receptor
interaction and necroptosis. There is no reported account of this
comorbidity in the published literature, this is unsurprising since
both are rare genetic conditions (since they are both rare, finding
them associated by chance was quite unlikely, so the fact that we
had encountered them in our study group although incidentally
fulfilled our statistical criteria, similarly to the previous case with
Exotropia and Pectus excavatum). What calls for attention is
that they share a relatively high number of genes in functional
pathways. This open the way to understanding these rare diseases
by studying more common conditions involving similar genes

and pathways. Hence, comorbidity networks and functional
analyses may help us take a new look at rare genetic conditions
and orphan diseases.

A different case is the one involving Unspecified adverse
effect of drug or medication (T88.7) and Intentional self-
inflicted injury by hanging, strangulation or suffocation, at an
unspecified location (X70.9), with 28 common genes, and JI
= 0.120689655. Those resulted statistically enriched mostly in
general metabolism (ascorbate and aldarate metabolism, pentose
and glucuronate interconversions, steroid hormone biosynthesis,
retinol metabolism) and drug metabolism (porphyrin and
chlorophyll metabolism, drug metabolism, metabolism of
xenobiotics by cytochrome P450, chemical carcinogenesis) as
well as in arrhythmogenic right ventricular cardiomyopathy
(ARVC). It has been documented that adverse drug events may
induce depression or other mental health conditions associated
with suicidal thoughts or other forms of self-inflicted damage
(Jaga and Dharmani, 2007; Andrew and Brenner, 2015). The
particular case of adverse drug effects conducting to attempts
of self inflicted hanging or suffocation has been documented in
broad scenarios ranging from narcotics (Dinis-Oliveira et al.,
2010) to antibiotics (Ahmed et al., 2011).

4.3. Cardiovascular Comorbidity Networks
by Age (ACVCnetworks)
In this section we will consider some hypothetical clinical
case studies to highlight some potential applications of
ACVCnetworks as a proof of concept. We will discuss how
ACVCnetworks may become an auxiliary tool for differential
diagnostics and therapeutics.

• Consider the (hypothetical) case of a 6 years old female patient
diagnosed with Discordant ventriculoarterial connection
(Q20.3) as well as a secondary Supraventricular tachycardia
(I47.1). Prior to surgical interventions, the treating physician
team may consider the use of β-blockers, calcium channel
blockers and other anti-arrhythmic drugs. However, after
consulting the ACVCnetwork for this age (Figure 7A and the
full table included in the Supplementary Datasheet 1) they
may discover that, aside from a number of congenital defects
of the heart and gastroesophageal reflux, unspecified epilepsy
(G40.9) is also common comorbidity of both Discordant
ventriculoarterial connection (Q20.3) and Supraventricular
tachycardia (I47.1), hence there is an increased probability
that their patient may also suffer from it. Care must be taken,
then since propranolol for instance, may increase significantly
serum thioridazine levels, so it should not be combined
with that anti-seizure medications (Yudofsky and Hales,
1992). Selective serotonin reuptake inhibitors may, in turn,
increase serum levels of β-blockers; carbamazepine however
enhances the opposite effect (Schatzberg et al., 2015). When
designing the therapeutic approach with this patient, the
team should perhaps consider evaluating some neurological
features beforehand.

• When treating an (also hypothetical) 37 years old male patient
whose main diagnosis is a Malignant neoplasm of heart
(C38.0) in preparation for the surgical and chemotherapeutic
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design, it may be worth considering that both, Pleural effusion
(J90.X) and Chronic kidney disease, unspecified (N18.9)

are common comorbidities of heart neoplasms in this age
bracket (ACVCnetwork ages: 31–40 depicted in Figure 7B) as
reported in the Supplementary Datasheet 1. Special care may
be taken when planning the anesthetic and perfusion strategy
for the surgery (due to the Pleural effusion (J90.X) risk) and
the type and dose of antineoplastic drugs (to lower its effects
on the kidney).

• When evaluating a 65 years old patient with Specified chronic
obstructive pulmonary disease (COPD) (J44.8) also suffering
from Sleep apnea (G47.3) it is of relevance to perform
periodic serum and urine sodium tests since Hyponatremia
(E87.1) is a common comorbidity for COPD and for sleep
apnea in this age bracket as evidenced by the corresponding
ACVCnetwork (Figure 7C and Supplementary Datasheet 1)
and it is known that low sodium levels are strongly associated
with poor outcomes for COPD patients (Chalela et al., 2016).
Respiratory insufficiency in combination with hyponatremia
can cause Shy-Drager syndrome that may develop into
multiple-system atrophy, a critical, life-endangering condition
(Glass et al., 2006).

• An important source of mortality in the elderly (in particular
in individuals older than 90 years old) is accidental falls.
In some cases traumatisms in the head may lead to
Traumatic subdural hemorrhage (S06.5) (Uno et al., 2017),
the management of this disease may be complex in spite of
not having such a large number of common comorbidities.
In the ACVCnetwork for 91–100 years old (Figure 7D
and Supplementary Datasheet 1), we can see that traumatic
subdural hemorrhage has only four statistically significant
comorbidities in our database. However, by looking at them
it is obvious that these may be reason for concern either alone
or in the form of multimorbidity. These comorbidities are the
following Atrial fibrillation and flutter (I48.X), Hypertensive
heart disease with heart failure (I11.0), Primary pulmonary
hypertension (I27.0), and Sepsis (A41.9). Anyone of such
diseases may greatly enhance the risk of dying in elderly
subdural hemorrhage patients, an important reason to be
aware of comorbidity risks (Hsieh et al., 2018).

4.4. Main Findings, Strengths, and
Limitations
Careful, systematic examination of electronic health records
by means of network and data science approaches is an
emerging discipline at the interface of computational biology,
biomedical informatics and theoretical medicine. As a nascent
research area, it still faces a number of challenges, in turn, it
offers a fresh perspective on known problems. Cardiovascular
diseases commonly developed into systemic ailments affecting
a multitude of organs in different ways, often conducing
to multimorbidity and multimortality. For these reasons, the
development of an efficient, evidence-based methodology to
study comorbidity in cardiovascular diseases is appealing. In this
work, we have presented a somewhat straightforward approach
to this. The method itself as a tool is a worthy goal. By applying

this tool, we were able to discover novel or poorly known features,
such as the following.

Comorbidity networks in cardiovascular diseases are highly
centralized in the high prevalence diseases, such as cardiac
arrhythmias, heart failure, chronic kidney disease, hypertension
and ischemic diseases. In spite of this centralized structure,
cardiovascular comorbidity networks are actually quite modular
on their connectivity. Interestingly (and perhaps expectedly
to some extent) modules often recapitulate physiopathological
commonalities, for instance, by clustering ischemic diseases
with similar ailments. Such is also the case of chronic systemic
diseases (kidney, liver, rheumatological diseases, and others),
of congenital malformations and others. We have been able to
track down the genetic and environmental commonalities behind
some of the relations in these modules by resorting to clinical
genetics databases and functional pathway enrichment studies.

By looking at some of these modules, we were able to
notice how acute respiratory failure related to ischemic heart
diseases may complicate with encephalopathy due to their shared
molecular and physiological features. Also, how chronic kidney
disease share a common genetic background (and a functional
one at the level of immune deregulation) with common cough
and hydronephrosis. We could also probe on some examples
relevant to therapeutic designs, such as evaluating the possible
presence of early signs for epilepsy prior to administering β-
blockers or calcium channel inhibitors to childhood patients
with supraventricular tachycardia; checking for signs of pleural
effusion or chronic kidney disease while designing surgical and
chemotherapeutic procedures for adult patients with malignant
heart neoplasms.

However, aside from these few specific examples, an important
contribution of this work lies in the databases created in the
form of networked objects. Networks were built for significant
comorbidity relationships in cardiovascular and related diseases,
both in general and age-specific. These networks are indeed
relational databases that may be consulted by clinicians,
understood as aids in differential diagnostics or, more commonly
to prepare for complications.

Of course, many of these comorbidities are well-known
to the practising clinician, perhaps even expected. Other
however, may pass unnoticed even to an experienced
medical team. It is in those cases that the vast wealth
of systematized information, gathered in over almost
a decade of treatment on a third-level plus specialized
research hospital gains relevance as a data-intensive tool
for the clinical practice. Let us recall that the NIC-ICh is
a reference institution in cardiovascular diseases, one of
Mexico’s National Institutes of Health. These databases
(networks are included as Supplementary Datasheet 1 in
the form of searchable tables) are aimed at constituting
a main contribution of this work. On the one hand, this
information comes directly from large-scale empirical data,
on the other it has been organized in the form of curated,
easily-searchable databases.

Large scale, semi-automated databases are not free from
limitations: reporting errors, missing data and so on. In the
present case an additional limitation lies in the fact that it is based
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on mining electronic health records from hospital administrative
databases. Such databases are built by using the international
disease codes. ICD-10 codes are systematic and easy to code and
record, however, they do not always capture completely or even
accurately the actual complexities of disease and comorbidity.

In the work presented here, cases were from patients
discharged from a single health institution specialized in
cardiology. This may limit the generalization of our results
to other medical specialties. Information from retrospective
data on diagnoses of hospital discharges may be also subject
to residual bias: The network and community-based analysis
of comorbidities conducted in this study is limited to the
hospital setting.

The generalizability of the method is indeed relatively
straightforward, both for other types of diseases and for regional,
national and even international settings provided that:

1. Coding is performed and registered following similar
stringent and validated criteria.

2. The number of instances (patient records and comorbidities)
is large enough for statistical analysis (hypergeometric tests)
to hold.

These are conditions that a medium-to-large, second to third
level (and higher) hospital may fulfill but perhaps a small clinic
may not. However, the generalization of some of the actual
comorbidity relations in different hospital settings may not
fully hold since discovery has been made in a quite large but
somewhat specialized hospital. By applying similar methodology
in local, regional, national and international settings, we
envision that even specific comorbidity relationships may
be generalizable.

Despite relying on good coding practice for administrative
databases, we are aware that it may be subject error
sources, as has been reported in other studies using ICD-
10. As a cautionary note we have included a full appendix
describing the scope and limitations of ICD-10 coding in the
Supplementary Document 1. Hence, as valuable a tool as the
present work may be it needs to be properly assessed and taken
with a lot of caution.

4.5. Final Considerations
Cardiovascular diseases are the leading causes of death
worldwide, and have been for decades. One source of mortality
is the fact that cardiac diseases are often systemic with complex
multimorbidity patterns. Analyzing these patterns may advance
our own understanding of these illnesses not as a series of isolated
events, but as different manifestations of many concurrent
causes, both genetic and environmental. Here we have analyzed
comorbidity patterns as they have been occurring and reported
over 6 years of the full set of admissions to the country-level
reference institution for cardiovascular diseases in Mexico, the
National Institute of Cardiology “Ignacio Chávez”.

The detailed statistical analysis of almost 35,000 electronic
health records allowed us to infer a cardiovascular comorbidity

network. We performed modularity analysis of such network
to unveil an intricate interconnectedness structure. Choosing
a small number of these modules, to exemplify. We analyzed
the common genetic background of comorbidity disease
pairs as well as their clinical associations and probable
risk factors. By continued and consistent analysis of these
types of patterns, we envisaged that it may be possible
to acquire, strong clinical and basic insights that may
further our advance toward a better understanding of
cardiovascular diseases as a whole. Hopefully these may
in turn lead to further development of better, integrated
therapeutic strategies.
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