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ABSTRACT
Disease comorbidity is one common and important issue in
medical practice. Special medical interventions will be required for
patients under such conditions. Here, we proposed a network-based
computation model to discover the comorbidity medication patterns
by exploiting the electronic health records of a traditional Chinese
medicine (TCM) hospital. One key step of this model is the estimation
of three types of associations including disease-disease associations,
disease-drug associations and drug-drug associations by statistical
analyses. Based on these associations, a disease-drug network (DDN)
was constructed. Then comorbidity medication patterns were identified
from the DDN through random walk and network motif-based analysis.
Taking the circulatory system diseases as examples, we applied this
model to obtain the comorbidity relations among different diseases and
recognize the corresponding medication patterns. As a result, we threw
light on the comorbidities among different circulatory system diseases,
and discovered that one disorder of the circulatory system may
accompany with another lesion on the other location of the circulatory
system. In addition, we identified some meaningful medication patterns
which are consistent with TCM theory, for example, one blood-regulation
agent alone or in accompany with another agent like a tonic can be used
to treat comorbidities among different “blood stasis”-related diseases

INTRODUCTION
Disease comorbidity refers to the condition that different diseases co-emerge in the same patient [1], such as hypertension
and diabetes [2,3]. Disease comorbidity is one common health issue in medical practice, and it is more likely to produce worse
health outcomes than each single disease [1,4,5]. Discovering potential disease comorbidities is very important for the diagnosis
[6,7]
, treatments [8], and preventions [9,10] for comorbidity conditions and can also provide some new insights into disease etiology
and pathology [11].
Generally speaking, investigations on disease comorbidity will need a large amount of clinical resources. The electronic health
record (EHR) [12] data, which can provide diagnostic information on diseases or medical management for each patient and reflect
the clinical practice patterns, is one such vital data resource. The EHRs have been applied to find novel disease comorbidities in
some recent studies [13,14]. The disease comorbidity relations are mostly evaluated by co-occurrence statistics: disease pairs with
co-occurrences larger than expected are regarded as potential comorbidities, and are often represented in the form of a disease
network. For example, Hidalgo [13] constructed a disease phenotypic network by statistically detecting comorbidities from more
than 30 million patients’ medical reports. Two statistical measures, the relative risk (RR) and the φ-correlation, were utilized in
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this study to quantify the co-associations. Likewise, Roque [14] investigated on disease comorbidities by identifying significant cooccurring disease pairs from both the structured and free-text fields of 5543 patient records based on a comorbidity score similar
to the RR.
In addition to the EHR-based investigations on disease comorbidities, great efforts have also been devoted to discover
the biological or medical commonalities between different diseases, and network-based models have been created to identify
molecular [15,16] or pathway-based associations [17] and interactions between phenotypically distinct diseases. A human disease
network has been constructed by connecting diseases with shared genes based on the known disease-causing genes from OMIM
[16]
. Similarly, Li [17] tried to find disease associations based on shared pathways between different diseases. To obtain a more
systematic understanding of the network interactions between complex diseases, Menche [15] employed a disease module which
is a connected sub graph containing all relevant molecules for a disease within the interactome to represent each disease, and
used the overlap between the modules to predict disease-disease relationships. In addition to the disease-associated molecules
or pathways, a human symptoms disease network (HSDN) has been constructed to describe the similarity of two diseases
considering their respective symptoms [18].
These network-based studies have illustrated the disease associations from distinctive perspectives, covering genes,
pathways, molecular interactome and symptoms, all of which can help to understand the mechanism of disease comorbidities.
However, less attention has been paid to the medications for disease comorbidity: how should comorbidity conditions be treated,
what is the difference between the treatments for patients with different types of comorbidities? Answers to these questions
can help improve the clinical management of comorbidities [19]. Although disease treatments vary a lot between different
patients considering their specific health conditions, there still will be consistent medication patterns for certain types of disease
comorbidities [5,20,21]. Consequently, this study aims to reveal the underlying comorbidity medication patterns from the EHRs.
The comorbidities among different types of cardiovascular and cerebrovascular diseases, like hypertensive, stroke
and coronary heart disease which are all belong to the diseases of circulatory system according to the ICD10 (International
Classification of Diseases 10th Revision), are very common in clinical practices [22-25]. In this study, we considered the circulatory
system as one illustration to identify the medication patterns for comorbidities among circulatory system diseases. First, we
collected the standardized medical records for patients with circulation system diseases from the EHRs of a hospital. Next, three
different types of associations: disease-disease associations, disease-drug associations, drug-drug associations were mined from
the medical records. Taking the diseases and drugs as network nodes, the high-confidential associations as network edges, we
constructed a disease-drug heterogeneous network. Finally, representative comorbidity medication patterns were recognized
from the heterogeneous network to describe the medication strategies for comorbidities through a network motif-based analysis.
Our results discover that different blood-regulating agents or one blood-regulating agent in accompany with other type agents
like the tonics can be applied on patients with comorbidities among the hypertensive diseases, cerebrovascular diseases and
ischemic heart diseases.

MATERIALS AND METHODS
Source Data and Preprocess
The EHRs were collected from the Dongfang Hospital, which is the second clinical medical college of Beijing University of
Chinese Medicine (BUCM) and an A-level tertiary traditional Chinese medicine (TCM) hospital. Each record contains a unique
patient ID, the date of visit, diagnosed diseases, and the corresponding prescribed drugs for this visit. All diseases in the EHRs
were specified as the ICD10 codes. All drugs were represented by the unique-identifiers designated by this hospital. Only western
drugs or traditional Chinese medicine patent prescriptions (TCMPPs) were retained for the study, and each TCMPP was regarded
as one drug rather than its herb compositions. To obtain insights into the comorbidity therapeutic strategies for circulatory system
diseases (ICD10 codes belonging to chapter IX, i.e., I00-I99), we only collected records in which the diagnostic disease ICD10
codes beginning with the character “I”. At last, we obtained 448384 EHRs for 88153 patients, with 356 diseases and 1422 drugs
in these records.
There were 356 Disease-Drug Network
Filtering rare diseases and drugs
Diseases and 1422 drugs among all the 448384 clinical records. However, a part of diseases and drugs only appeared in
very few records. These rare disease or drugs will not lead to prevalent co-occurrences with other diseases or drugs, so they were
truncated to save time. Setting the cut-off as appearing in 10 among all the 448384 records, we retained 135 diseases and 1108
drugs for further study (Tables 1 and 2 for the number of records each disease and drug has appeared in).
Estimating associations
This study tried to discover three different types of associations: disease-disease associations, drug-drug associations
and drug-disease associations. To calculate different types of associations, the medical records were organized into two formsdiagnostic record (DR) and patient record (PR). One DR stores a list of diseases and a list of drugs which are recorded for one visit.
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Each PR consists of all the diseases in one specific patient’s all historical DRs. Disease-disease associations, which are
proposed to mine disease comorbidity conditions, should provide suggestions on whether two diseases co-occur on the same
patients; therefore, they were calculated based on the PRs. Otherwise, disease-drug associations and drug-drug associations
were applied to discover whether a drug can be used to treat a disease or whether two drugs can be combined considering the
doctors’ diagnostic experience, so these two types of associations should be determined based on DRs (Figure 1).
No matter DRs-based or PRs-based evaluation, we utilized two measures to mine the large medical resource to estimate
the associations for entity pairs. One is the chi-square test which can examine whether there is a significant difference between
the expected and the observed frequencies [26]. For two entities A and B, a contingency table was constructed to describe the
distribution for these two entities as shown in Table 1, where a is the number of records which don’t contain A or B, b is the
number or records which contain A but not B, c is the number of records containing B but not A, and d is the number of records
containing both A and B. Then the Chi-square statistic is calculated as:
χ2 =

n( ad − bc ) 2
( a + b)( c + d )( a + c )(b + d )

Where n represents the total number of records: n=a+b+c+d.
Table 1. A contingency table for entities A and B.
B=0
B=1
Total

A=0
a
c
a+c

A=1
b
d
b+d

Total
a+b
c+d
a+b+c+d

One problem for Chi-square statistic is that small cell values may make the Chi-square test misleading [27]. In this study, we
adopted a correction proposed by Yates [27] on the contingency tables with any cell value less than 5:
χ 2 corr =

n( ad − bc − 0.5n ) 2
if a <5 or b<5 or c <5 or d <5
( a + b)( c + d )( a + c )(b + d )

Entity pairs with high chi-square statistic values (i.e., low p-values) are often considered as “clinically significant” associations.
However, there are two opposite conditions which may lead to large chi-squared values: 1. Two entities co-occur frequently in the
medical records (a, b, c is small while d is very large); 2. Both entities are absent in most of the medical records (b, c, d is small
while a is very large). Although the latter one can indicate one entity is dependent on the other, it will not represent meaningful
disease comorbidity, drug combination or disease-drug relation if the co-occurrences are very rare. For example, if two diseases
2
A’ and B’ are with a contingency table in which a=9999, b=c=0, d=1, then they will have a very large Chi-square value ( χ corr =
2499.50, p-value=0.0), however, it is not persuasive enough to say they have comorbidity relations as they only co-occur once
among 10000 records. Consequently, the co-occur rate (CR) was applied together with the Chi-square test. The CR for entities A
and B is the ratio between the number of co-occurrences and the total number of records:
CR =

d
a+b+c+d

There is no clear boundary for isolated entities and associated entities. Typically, we considered an association exists
between two entities if they co-occur frequently
in the same records substantially more than chance alone. Consequently, Entity
2
pairs with significant Chi-square values ( χ >6.7 and p-value<0.01) and with meaningful CR (CR>2.0e-4) were identified as
potential associations which are mutual-dependent and not so rare among the records.
Network construction
According to the association analysis,
disease-disease pairs, drug-disease pairs and drug-drug pairs which can meet the
2
requirements for both Chi-square test( χ >6.7and p-value<0.01) and CR (CR>2.0e-4) were taken as the edges of a disease-drug
network (DDN), and the corresponding non-redundant nodes for all the edges were taken as the nodes. In addition, a disease
comorbidity network (DICN) was constructed by retaining only the disease-disease associations.
Recognition of Comorbidity Medication Patterns
Definition of comorbidity medication motif (CMM)
Considering the disease-drug network, which contain two different types of nodes and a great number of associations, there
must be various motifs within the network. However, not all recurrent motifs can be applied to explain the medication strategies
for disease comorbidities; for example, motifs with only drugs or only one isolated disease.
To make sure there are two diseases which may possess disease comorbidity relations, and each disease is managed by at
least one effective drug, a CMM should meet the following requirements:
a. There should be two connected disease nodes.
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b. Each disease node should be connected with at least one drug node.
c. Each drug node should be connected with at least one disease.
Given the motif size as 3 and 4, we generated allE-ISSN:
candidate
CMMs manually and saved them in the same way as a fast
2320-1215
described
by its adjacent matrix, in which the diagonal element stands
network motif detection tool: FANMOD [28]. Each CMM was
P-ISSN: 2322-0112
for the node type: 0 for disease and 1 for drug, other element represents whether two nodes were connected. For example, the
adjacent matrix for a three node motif as shown in Figure 1 is:
0 1 1
adj  1 0 1
1 1 1
Dis1

Dr1

Dis2

Figure 1. An example of three-node CMM.
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Based on the above work flow, we recognized the comorbidity medication patterns for the circulatory
system

correlations between different diseases, it involves at least two diseases. Consequently, “comorbidity” in this
paper will refer to at least two significant co-occur diseases rather than only one of them.
diseases.

here is used to describe the correlations between different diseases, it involves at least two diseases. Consequently, “comorbidity”
Figure 2: Work flows for the network motif-based recognition of disease comorbidity medication patterns. Red
in this paper will refer to at least two significant co-occur diseases rather than only one of them.
circles represent diseases and blue triangles represent drugs.

Based on the above work flow, we recognized the comorbidity medication patterns for the circulatory system diseases.

Figure 2. Work flows for the network motif-based recognition of disease comorbidity medication patterns. Red circles represent diseases and
blue triangles represent drugs.
A brief look at disease co-occurrences and drug co-administrations

A brief look at disease co-occurrences and drug co-administrations
We collected 448384 EHRs for 88153 patients who have been diagnosed with circulatory system diseases during the
period 2010-2015. To have a brief look on the possibilities of disease comorbidity and drug combination, we first made a simple
statistic on the number of diseases each individual patient has suffered from and the number of drugs prescribed for each
diagnosis. In case of diseases, about half (51.4%) of the patients may have been affected by 2 or more than 2 circulatory system
diseases based on the EHRs (Figure 3A). In case of drugs, only 9.7% diagnoses prescribed only one drug, two or even more drugs
were co-administrated in most of the EHRs (Figure 3B). Although the simple statistical analysis cannot precisely explain the
disease comorbidity or drug combination problem, it can still show that disease co-occurrences and drug co-administrations are
very common for circulatory system diseases. Next, to reveal the concrete disease comorbidities and identify the corresponding
medication patterns, a network motif-based study was carried out.

Figure 3. Statistics on the disease co-occurrences and drug co-administrations. A. Distribution of patients with respect to the number of
circulatory system diseases they suffered from. B. Distribution of diagnoses considering how many drugs are prescribed in one diagnosis.

Network Constructions
Disease comorbidity network
Before the construction of a heterogeneous drug-disease network (DDN), we built a disease comorbidity network (DICN),
which is a sub graph of the DDN with only disease nodes and their corresponding associations, to make an intuitive description of
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the disease comorbidity relations. In the DICN (Figure 4), there are 436 edges connecting 75 nodes, where nodes are diseases
specified by unique ICD10 codes, and edges connect two diseases which were estimated as frequent and non-occasional cooccurrences (Chi-square test p-value<0.01, and CR>2.0e-4, see Materials and methods). According to the ICD10 system, diseases
belonging to the circulatory system diseases can be divided into 10 main categories (Table 2). In this study, diseases belonging
to 8 categories were recognized to possess comorbidity relations with each other (Figure 4).
A part of the comorbidity relationships exist in two diseases belonging to same categories. Comparing to all other associations,
we can observe that some of these in-category comorbidities like the association between I87.201 (venous insufficiency in
lower extremity) and I80.303 (venosclerosis), or the association between I67.903 (cerebrovascular disease, unspecified) and
I63.902 (cerebral infarction), are much stronger. This may lie in the anatomical or functional similarity for diseases belonging to
same ICD10 category. These highly-associated in-category pairs seem to be trivial and uninteresting as they are just the direct
reflections of the taxonomy of the ICD10 system.
However, there are even more comorbidity relations between different categories (Figures 4 and 5) for example, the
comorbidities between ischemic heart diseases (Category 4) and cerebrovascular diseases (Category 7), as well as the
comorbidities between hypertensive diseases (Category 3) and cerebrovascular diseases (Category 7). Among them, the most
significant associations are between Category 7 and Category 8, especially the association between I70.902 (arteriosclerosis
obliterans) and I87.201 (venous insufficiency in lower extremity). This implies that disorders on cerebrovascular may be comorbid
with the problems on veins of lower extremity, and the reason for the comorbidity may lie in that both diseases share the common
pathological mechanism that structural changes happen on the blood vessel wall [29,30]. These cross-category comorbidity relations
suggest that most of the circulatory system disorders are not isolated: one disorder of the circulatory system may accompany with
another lesion on the other location of the circulatory system [31-34].
In addition, according to the node degrees, some high-degree diseases, like I10.X02 (hypertension), I25.101 (coronary
heart disease), I63.902 (cerebral infarction), and I87.201 (venous insufficiency in lower extremity) can form comorbidity relations
with multiple diseases covering different categories. These diseases may be the primary problem in comorbidity conditions, and
patients with such disease should pay more attention to the prevention and detection of their potential comorbidities in time.
Table 2. Main categories in ICD10 Chapter IX-Diseases of circulatory system.
Category
1
2
3
4
5
6
7
8
9
10

ICD10 codes
I00-I02
I05-I09
I10-I15
I20-I25
I26-I28
I30-I52
I60-I69
I70-I79
I80-I89
I95-I99

Name
Acute rheumatic fever
Chronic rheumatic heart diseases
Hypertensive diseases
Ischemic heart diseases
Pulmonary heart disease and diseases of pulmonary circulation
Other forms of heart disease
Cerebrovascular diseases
Diseases of arteries, arterioles and capillaries
Diseases of veins, lymphatic vessels and lymph nodes, not elsewhere classified
Other and unspecified disorders of the circulatory system

Figure 4. A disease comorbidity networks.
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Diseases represented by ICD10 codes were shown as nodes. Two diseases are connected if they are estimated to have
comorbidity relations. Node colors represent the corresponding ICD10 classifications as shown on the right. Nodes with the same
colors are connected by black edges, while nodes with different colored are linked by brown edges. Node size is proportional
to the node degree in the network. Edge width is proportional to the Chi-square value (χ2) calculated for the disease-disease
associations.

Figure 5. A category association networks for circulatory system diseases.

Labels on the nodes represent the categories as identified in Table 2. Different categories are distinguished by different
colors as Figure 4. Edge width is proportional to the category-association score: score(Ci , C j ) = 2 N ij / N i / N j , where Ci, Cj are two
different categories, Ni and Nj are the number of members belonging to Ci and Cj respectively, Nij is the number of comorbidity
associations between the members from Ci and the members from Cj in the DICN.
Disease-drug network
To reflect the complex associations among diseases and drugs comprehensively, a disease-drug network (DDN) was
constructed based on three types of associations including disease-disease associations, disease-drug associations and drugdrug associations. In the DDN (Figure 6), there were 436 edges among 75 diseases, 7326 edges among 536 drugs, and 2186
edges between 40 diseases and 563 drugs (Tables 3-5). There are so many drugs being applied in treating circulatory system
diseases: some drugs are highly specific, and can only treat one type of diseases, while the others can be utilized on various
diseases. What’s more, some drugs can be combined to treat the same diseases. The miscellaneous associations in the DDN
make it difficult to obtain knowledge about the general treatment strategies for disease comorbidities, yet, they provide a valuable
basis for the further study of disease comorbidity medication patterns.

Figure 6. A disease-drug networks for circulatory system diseases.

Blue triangle nodes represent drugs, and red circle nodes represent diseases. There are complex associations among
different diseases and drugs. A further analysis is essential to obtain meaningful knowledge from this network.
Motif Analysis
Networks offer a very intuitive representation of different kinds of interactions underlying complex systems. However, the
great number of nodes in the network makes it difficult to understand some functional features hidden in the complex network
directly. Since the DDN (Figure 6) consists of a relatively large number of nodes, it is hard to understand the comorbidity treatment
strategies. Network motif (NM), which represents the significantly recurrent sub graph structures, can provide an effective way
RRJPPS | Volume 5 | Issue 3 | September, 2016
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to review on the local properties in a big network [35]. Consequently, network motifs were applied to discover meaningful patterns
underlying in the DDN. However, some NMs in the DDN, like those with only one disease or no disease cannot explain the
medication patterns for disease comorbidities. Further, a comorbidity medication motif (CMM) was defined (see Materials and
methods) to reflect the general medication strategies for comorbidities. The CMMs with 3 or 4 nodes were generated and their
frequencies were evaluated based on the DDN (Table 3). The three-node CMM suggests that some comorbidity can be cured by
the same drug. The four-node CMM listed out 6 candidate forms of 2 diseases-2 drugs medication strategies.
Table 3. Candidate CMM scores.
Size

ID

Graph

Frequency

Z-score

p value

Frequency

0.045

43.6

0

0.045

0.025

73.6

0

0.025

0.17

17.7

0

0.17

0.05

10.89

0

0.05

0.06

0.09

0.468

0.06

0.001

-1.28

0.92

0.001

0.010

-6.4

1

0.010

Dis1

3

3_1*

Dr1
Dis2
Dis1

4_1*
Dis2

Dis1

Dr2

Dr1

Dr1

4_2*
Dis2
Dis1

Dr2
Dr1

4_3*
Dis2

4

Dis1

Dr2

Dr1

4_4
Dis2

Dis1

Dr2

Dr1

4_5
Dis2

Dr2

Dis1

Dr1

Dis2

Dr2

4_6
*

: Significant CMMs

The CMM was designed to mine the possible medication forms for disease comorbidity. In the CMMs, different kinds of
connections describe the basic relations among diseases and drugs. Connections between two disease nodes represent the
comorbidity relations. Connections between one drug and one disease suggest that this disease can be cured by this drug. Two
connected drugs mean that these drugs can be prescribed simultaneously. On the contrary, two drugs without connections should
not be co-administered, but can be applied in accordance with the sequence of disease progress. These motifs were evaluated
by Z-scores and the corresponding p-values which can reflect whether certain motif is with more recurrent subnetworks than
random conditions [28], only those with p-values less than 0.01 were considered as significant ones. According to the results, high
frequencies are not necessary for certain motifs; most motifs (like CMM 4_1 and CMM 4_3) are only with lower frequencies.
According to the Z-score of each CMM, among 6 candidate CMMs, only three are significant, and the most significant (z-score=73.6)
4-node CMM is CMM 4_1. This CMM (CMM 4_1) suggests certain disease comorbidity conditions can be handled by two drugs
in combination and each individual drug has therapeutic effects for both diseases. This strategy accords with the TCM theory
of “treating different diseases by the same drugs” and “compatibility of medicines”. To be more concrete, when two comorbid
diseases “Dis1” and “Dis2” co-occur on certain patient, doctors can first use a “Dis1”-specific drug “Dr1” on this patient, and then
substitute “Dr1” by another drug “Dr2” which can treat both diseases, or in an adverse order considering the disease progress.
Next to the most significant CMM, the second one, covering 17% of all four node sub graphs, is with larger frequency than other
candidate CMMs, the difference between it and the most significant CMM lies in that these two drugs are not co-administrated,
and each drug is with specific effect for only one disease. This strategy may pay more attention to the specificity of each disease.
In addition, comparing CMM 4_1 and CMM 4_2 with CMM 4_3, we can discover that there are more medications strategies
including one drug which can treat both diseases than applying only disease-specific drugs. These significant motifs, although not
necessarily, are more likely to reflect the practical medication strategy.
Comorbidity Medication Patterns
CMMs have revealed the general comorbidity medication formations. However, different types of disease comorbidities
may need different kinds of drugs during the medication management. To further understand the medication rules, we made
an additional effort to mine the comorbidity medication patterns (CMPs) which are more explicit than the CMMs by including the
category information for diseases and drugs (see Materials and methods). Since the EHRs were from a TCM hospital, most of
the recorded drugs belong to TCM categories, like the blood-regulating agents, tonics and meridians-relieving agents (Table 4).
The recognized CMPs can help us to comprehend the therapeutic principles for disease comorbidities in the main context of TCM
theory. The top-10 scored CMPs for three most frequent motifs were shown in Table 5.
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For CMM 3_1, the top-ranked CMPs (CMP 3_11-CMP 3_15) show that blood-regulating agents, which are with the main
functions of adjusting human body's blood generation and operation, can be used to treat comorbidity conditions among
hypertension diseases, ischemic heart diseases and cerebrovascular diseases. This is consistent with the TCM theory of “the
same treatment for different disease” [36] which means that the same method can be used to treat different diseases in their
development process if there are evidences for the existence of common pathological nature. According to the TCM theory,
hypertensive diseases, ischemic heart diseases and cerebrovascular diseases belong to "vertigo", "obstruction", "stroke"
respectively. Though the disease locations and clinical manifestations are different, "blood stasis" is the main common syndrome
[37]
. Therefore, blood-regulating agents can achieve the therapeutic effects for these different diseases through promoting blood
circulation and remove blood stasis which is the common pathological factors for these diseases.
For CMM 4_1, some CMPs like CMP 4_11, CMP 4_12, CMP 4_14 and CMP 4_17 show that when two drugs are taken
into consideration, two different blood-regulating agents can be applied successively on patients with comorbidities among
hypertension diseases, ischemic heart diseases or cerebrovascular diseases. Compared to the three-node CMPs, the inclusion
of another blood-regulating agent can help to promote blood circulation and remove blood stasis in a different way, and thus to
adapt to the comorbidity dynamic developing process. What’s more, there can also be another tonic to be in succession with one
certain blood-regulating agent for the comorbidity conditions (CMP 4_13, CMP 4_15 and CMP 4_110). According to the basic
theory of TCM, Qi is the commander of the blood and Qi could quicken the blood circulation [38,39]. Therefore, Qi-supplementing
agents, like the tonics can be used to enhance the regulation effects of the blood-regulating agents on the treatment of the
comorbidities among these “blood stasis” diseases.
Table 4. Main drug category information.
Drug Category
24
104
106

English Name
Meridians-relieving agent
Heat-clearing agent
Dispelling-wind agent

107

Dampness-eliminating agent

114
115
117

Blood-regulating agent
Tonic
Sedative and tranquilizing
Orthopedics
and traumatology agent
Calcium antagonist
Hypo tensor
Blood tonics
Vitamin B drug
Oral hypoglycemic agent

128
404
406
1104
1402
130302

Main Functions
Dredge channels and collaterals, circulate Qi and blood
Clear heat, purge fire, relieve toxicity
Dissipate external wind, extinguish internal wind, check convulsion
Eliminate dampness, promote dieresis, free strangury and discharge
turbidity
Stop bleeding, activate blood, resolve stasis, replenish blood
Replenish Qi, strengthen the body
Relieve uneasiness of mind and body
Promote blood circulation and remove blood-stasis, relieve pain, remove
masses, relieves welling with pain
Inhibit inflow of calcium and reduce of calcium overload.
Control blood pressure
Replenish blood, treat blood deficiency syndrome
Supplement vitamin B
Control blood glucose

For CMM 4_2, the top-scored CMP (CMP 4_21) suggests that one blood-regulating agent can be combined with a blood tonic
to treat comorbidities among hypertensive and ischemic heart diseases (CMM4_21). Blood stasis will hinder the generation of
new blood. Therefore, blood tonics can be combined with blood-regulating agents to promote blood production in the comorbidity
of ischemic heart diseases and hypertensive diseases. Considering CMP 4_22, though cerebrovascular diseases and diseases of
arteries, arterioles and capillaries emerge on different locations, these diseases can co-occur [40-43], and the medications for such
comorbidities can be composed of blood-regulating agents and meridians-relieving agents.
Table 5. Top-10 comorbidity medication patterns for three CMMs.
CMM ID

CMM Information
CMM

Dis1

3_1

Dr1
Dis2

Rank
1
2
3
4
5
6
7
8
9
10
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CMP ID
3_11
3_12
3_13
3_14
3_15
3_16
3_17
3_18
3_19
3_110

Comorbidity Medication pattern(CMP)
Dis1*
Dis2*
Dr1*
7
7
114
7
4
114
3
4
114
7
3
114
4
7
114
3
4
406
7
3
406
3
7
114
7
7
404
7
3
404

Dr2*
-------------------------------------------------------------

Score
32.24
25.29
20.66
20.13
13.71
10.51
9.26
8.73
7.84
7.12
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1
4_11
3
7
114
114
37.26
2
4_12
4
7
114
114
34.05
3
4_13
4
4
115
114
33.09
4
4_14
4
4
114
114
28.59
Dis1
Dr2
5
4_15
4
7
115
114
26.66
4_1
6
4_16
3
4
106
114
25.05
Dr1
Dis2
7
4_17
3
4
114
114
23.77
8
4_18
4
7
106
114
22.81
9
4_19
3
7
114
115
21.52
10
4_110
3
7
115
114
21.52
1
4_21
4
3
114
1104
14.44
2
4_22
8
7
24
114
12.51
3
4_23
4
4
115
104
11.07
Dis1
Dr1
4
4_24
3
7
107
106
10.11
4_2
5
4_25
4
4
115
107
9.63
Dr2
Dis2
6
4_26
3
7
107
117
9.15
7
4_27
3
7
128
106
8.66
8
4_28
9
4
1402
114
8.66
9
4_29
3
3
130302
104
8.66
10
4_210
8
3
106
114
8.66
*: Dis1 and Dis2 represent the disease categories for each CMP; while Dr1 and Dr2 represent the drug categories for each CMP. See Table 2
and Table 4 for the concrete information for disease and drug categories.

Furthermore, the CMPs have also indicated that the same kind comorbidity can be managed by different medication
strategies. Taking the CMP 4_11, CMP 4_19, CMP 4_110, CMP 4_26, and CMP 4_27 as examples, we can find that they all
refer to the same pair of disease categories: hypertensive diseases (Category 3) and cerebrovascular diseases (Category 7), but
the medication modes are different. This manifests the diversity of medication strategies on comorbidities. However, different
patterns should not be regarded as equals: the high-scored CMPs may be more commonly adopted than low-scored ones, i.e.,
comorbidities between hypertension and cerebrovascular diseases are more likely to be intervened by the medication pattern of
CMP 4_11.

CONCLUSION
Disease comorbidity is one common and important health issue during medical practice. Special attention need be paid
on the medication management of patients with certain comorbidity. The EHRs provide a previous data resource for medical
researches, some studies have discovered potential comorbidity associations based on the EHRs. However, less attention has
been paid on the corresponding medication modes for diseases comorbidities. Here we take a step forward to recognize the
comorbidity medication patterns after we obtained the comorbidity associations. Understanding the comorbidity medication
patterns will facilitate treatment on patients with comorbidities, and improve the proper use of appropriate drugs.
First, we estimated on three types of associations: disease-disease associations, drug-disease associations, and drug-drug
associations, and represented the significant associations by the DDN. Next, we recognized the comorbidity medication patterns
from the DDN by a motif-based analysis. Taking the diseases of circulatory system as examples, we utilized our method and
illustrated both the general medication forms and the explicit medication pattern in the context of specific disease and drug
categories. Generally speaking, drugs which are with therapeutic effects for multiple diseases are widely adopted for comorbidities.
Moreover, the high-score comorbidity medication patterns help us comprehend the medical principles for comorbidities, and
provide some references on the medication rules for comorbidities in the context of circulatory system. For example, different
blood-regulating agents can be applied successively on comorbidities between different “blood stasis”-centered diseases. Since
these patterns are based on motifs with more recurrent subgraphs than random network, they are likely to be generated by some
latent law in treating comorbidities. However, they can only describe the medication principle to some degree. It still needs further
evaluation on the practical function of each motif, and we will make great efforts on this issue in future study. Even so, these
findings may assist the medical staffs to make better medical decisions and managements for patients with comorbidities.
In our study, we only utilized motifs with 3 and 4 nodes to describe the comorbidity medication pattern. The 3-node motif
helps us to understand the co-treatment for different diseases by the same drug, while the 4-node motifs consider the pair-wise
drugs as a basic unit to see the combination rules. Although in clinical practice there are often more drugs in one prescription
for patients with comorbidities, these drugs can be divided into a group of pair-wise drugs and single drugs. Consequently, the
3-node and 4-node motifs are capable to describe the most basic comorbidity medication patterns. To make a specific and explicit
evaluation on the comorbidity situations and comorbidity treatment modes for one major type of disease, only circulatory system
diseases were taken into account in this study. However, our model is not limited to these diseases; it can also be applied to make
estimations on the comorbidity associations among different types of diseases, like endocrine, nutritional and metabolic diseases
(ICD10 Chapter IV), mental and behavioral disorders (ICD10 Chapter V), and diseases of the nervous system (ICD10 Chapter VI),
if there are enough EHRs for these diseases.
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One limitation of this work is that we cannot discriminate the primary disease and the comorbid disease for two associated
disease. At present, it can be hypothesized that disease with larger degree on the DRCN may be a primary disease. However,
it is not persuasive enough. Therefore, a future study will be conducted to make clear the causal relations and recognize the
corresponding medication patterns by taking more information in the EHRs into consideration. Besides, given that all the EHRs
were from the Dongfang hospital which is a hospital of TCM, the recognized comorbidity medication patterns are more suitable
to reflect the medical experience of TCM practitioners and can be served as references, but they are inadequate to represent the
golden standards for comorbidity interventions.
One limitation of this work is that we cannot discriminate the primary disease and the comorbid disease for two associated
disease. At present, it can be hypothesized that disease with larger degree on the DRCN may be a primary disease. However,
it is not persuasive enough. Therefore, a future study will be conducted to make clear the causal relations and recognize the
corresponding medication patterns by taking more information in the EHRs into consideration. Besides, given that all the EHRs
were from the Dongfang hospital which is a hospital of TCM, the recognized comorbidity medication patterns are more suitable
to reflect the medical experience of TCM practitioners and can be served as references, but they are inadequate to represent the
golden standards for comorbidity interventions.
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