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INTRODUCTION

Comorbidity relates to the simultaneous presence of two or 
more medical conditions at the same time.1 In psychiatry, co-
morbidity is pervasive and of great importance in both clini-
cal and theoretical aspects.2 Clinicians are increasingly aware 
of the importance of physical comorbidities in the treatment of 
mental illnesses.1 A study done in Korea reported that patients 
with any mental disorder have an increased risk of chronic 
physical conditions by an odds ratio of 1.5 to 2.8.3 A recent 
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comprehensive study in Denmark estimated the hazard ratio 
for suffering physical illness after a diagnosis of mental illness 
to be 1.37.4 These ratios are expected to be even higher in pa-
tients with severe mental illnesses (SMIs) considering that they 
do not seek medical services on their own.5 

Physical comorbidity impedes recovery and restricts func-
tional independence.6,7 Patients with SMIs even have a reduced 
lifespan,8 which is partly attributed to comorbid medical con-
ditions.9 Therefore, it is clinicians’ responsibility to detect co-
morbid conditions and effectively manage them.10 

However, the fact that someone has been given multiple di-
agnostic labels does not entail that he/she is actually suffering 
from all those illnesses. An understanding of the phenomenon 
of comorbidity cannot be completed without considering indi-
vidual health-seeking behavior and regional healthcare systems. 
Patients with anxiety or depression often seek consultation from 
medical specialists before receiving proper psychiatric diag-
nosis. This is one of the main reasons behind treatment delays 
and inefficient usage of healthcare resources.11 Patients’ own 
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denial, limited medical information, and the clinicians’ narrow 
perspective limited to their own specialties could extend the 
list of unnecessary diagnostic labels.

So far, studies on physical comorbidity have mainly focused 
on depression and SMIs.12 They have emphasized the elevated 
risk of so-called lifestyle diseases, such as metabolic syndrome, 
cardiovascular diseases, and cerebrovascular accidents. The 
common data sources for existing studies were cohort studies, 
epidemiological catchment area survey or review of admission 
records. These studies were able to calculate relatively accurate 
comorbidity rates for preselected pairs of diagnoses because 
they employed well-designed survey tools or laboratory tests.13-15 
Despite this, they failed to address all the combinatorial pairs of 
diagnoses that were not included in the study design.

Second, comorbidity in a strict biological sense is not the 
same as comorbidity in the sociomedical dimension. The lat-
ter deals with what problems patients with a certain disease 
mainly complain about, how they interpret them, which medi-
cal specialists they consult and what diagnoses they receive in 
this process.16-18 Finally, the results obtained from traditional 
studies only describe a dyadic relationship in which one disease 
increases the risk of another. However, according to the concept 
of triadic closure from graph theory, if the connections A-B 
and B-C exist, there is a tendency for the new connection A-C 
to be formed. Therefore, to understand the triadic or multi-adic 
relationship among the assorted set of diagnoses, it is advan-
tageous to borrow the technique of network analysis.19

To facilitate such research, large-scale epidemiological data 
and detailed quantitative analysis is mandatory. Health insur-
ance claim database is a useful data source with a long history 
and a solid theoretical foundation.20,21 The number of studies 
utilizing such big data is steadily increasing. Comorbidity rates 
are being aggregated for millions or tens of millions of individ-
uals with the aid of national registry or claims data. However, 
since such datasets are not readily accessible in most countries, 
the published results are confined to some European nations.2,4,22 
Large-scale studies investigating comorbidity patterns are still 
scarce in Asia.12

In this study, we sought clues to the following clinically rel-
evant questions by analyzing the health insurance claims da-
taset in Korea: Is the physical comorbidity in psychiatric pa-
tients more extensive than in other disease categories? Which 
psychiatric diagnoses are associated most closely (or least close-
ly) to physical conditions? What are the physical conditions 
they have? Are there specific physical conditions associated 
with each psychiatric diagnosis? Does the extensive physical 
comorbidity reflect the health-seeking behavior of neurotic 
patients or the actual health risk of patients with SMIs?

The obtained result will provide supporting data to help un-
derstand the complex nature and extent of physical comorbid-

ity in psychiatric patients. In addition, by revealing the personal 
traits of Korean patients, cultural influence they receive and 
the limitations of the current healthcare delivery system, it will 
pose challenges for Korean psychiatrists to design better ways 
to help patients with mental illnesses.

METHODS

Data source
In Korea, the National Health Insurance System (NHIS) is 

a mandatory social insurance service. The health insurance 
claim data were collected and archived by the Health Insur-
ance Review and Assessment Service (HIRA). A part of this 
huge dataset is annually published to facilitate the openness 
of governmental data. This dataset is freely accessible without 
restriction at a government operated data portal (https://data.
go.kr/data/15007115/fileData.do).

This annual data consisted of crude demographic informa-
tion and the medical claims records for randomly sampled 1 
million subscribers. A sufficiently large sample size and the 
random sampling procedure assure the representativeness of 
the dataset. It was carefully anonymized, and personal identi-
fiable information had been erased. It contains diagnoses, the 
start and end date of medical consultation and the number of 
prescription days. The diagnoses were coded in the Korean 
Standard Classification of Disease, version 7 (KCD-7), which 
is an adapted version of the International Classification of Dis-
eases, version 10 (ICD-10). Due to privacy concerns, the de-
tailed code of the psychiatric diagnosis is no longer provided 
since 2016. Therefore, this study was conducted based on data 
from 2015.

The study design and the data analysis protocol were re-
viewed and approved by Institutional Review Board of Eulji 
University Hospital (EMC 2021-04-025).

Data processing
The raw data was imported into a database management 

system called Neo4J. Neo4j is a database specifically designed 
to store and query graph type datasets. Recently, with the em-
phasis on the graph properties of biological data, Neo4J is be-
ing widely used in biomedical research.23-25 

Neo4J provides a structured query language-inspired que-
ry language called Cypher to navigate the stored data. Several 
in-house Cypher queries were written by authors to address 
the research questions. In the raw data, each record indicated 
the patient’s single claim for the medical consultation. If the 
patient had sought treatment for different problems, another 
record for a separate claim had been added. Each record con-
tained a couple of diagnoses made by the treating physician. 
Thus, each patient has multiple records of medical claims and 
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each record has multiple diagnoses. These patient-diagnosis 
links were stored as a bipartite graph with two types of nodes 
(patient and diagnosis). A comorbidity network was built by 
projecting the bipartite graph into a unipartite graph with Jac-
card similarity coefficients as their link weights.

Calculation of the degree of comorbidity
The degree of comorbidity at the individual level was rep-

resented by the number of distinct diagnoses each patient had 
during the study period. Since this study mainly focused on 
the physical comorbidity in psychiatric patients, additional psy-
chiatric diagnoses were excluded when counting the comor-
bid conditions. 

All patients were classified into separate disease categories. 
In Table 1, the KCD-codes were mapped to conveniently cho-
sen disease categories used in the study. As subjects had been 
diagnosed with one or more conditions, he or she could be-
long to more than one category. The individual degree of co-
morbidity was averaged to obtain the degree of comorbidity 
at the disease category level. After that, the disease categories 
were ranked according to their degree of comorbidity. Simi-
larly, F-code diagnoses (psychiatric diagnoses) were ranked 

according to the diagnosis level degree of comorbidity.

Evaluation of disease-disease association
The likelihood of two diagnoses being associated can be 

affected by many confounding factors including their overall 
prevalence. Therefore, simply counting the number of comor-
bid conditions for each psychiatric diagnosis could not provide 
an unbiased estimate of comorbidity. As the data contained 
only sex and age as the available demographic variables, pair-
wise logistic regression was conducted for all possible diagnos-
tic pairs (between psychiatric and physical diagnoses) with sex 
and age as confounding variables.

The magnitude of the adjusted odds ratios (AORs) and as-
sociated p-values were used to select significant associations. 
Since the number of required pairwise logistic regression was 
over one million, the level of significance was adjusted by Bon-
ferroni correction (p<10-7 since the usual p-value 0.05/106= 
5×10-7) to ensure that spurious associations were not consid-
ered significant solely due to the huge sample size.26

We paid attention not only to the positive comorbidity 
(AOR>1), but also to the negative comorbidity (AOR<1).27 It 
is unconvincing to argue that the negative comorbidity im-
plies that a certain disease affords protection to another set of 
diseases. However, the negative comorbidity obtained in health 
claims data may be indicative of systemic under-recognition 
or ignorance of a certain set of physical conditions.

Construction of a comorbidity network 
A comorbidity network was built by projecting a bipartite 

network (patient-disease association) into an unipartite net-
work (disease-disease association).28 Jaccard coefficient was 
used for the edge weight which represented the comorbidity 
(=similarity) of the two diseases. Existing literature disagrees 
on what indicators are the most appropriate for representing 
the similarity of a pair of nodes. Recommended indicators in-
clude 2×2 contingency table-based measures such as odds ra-
tio, relative risk, or observed-to-expected ratio (O/E ratio).26,29,30 
However, these indicators have some disadvantages when try-
ing to construct and visualize a network. First of all, they are 
not bounded and can extend to positive infinity. Although log-
arithmic transformation could in part remedy this problem, it 
still is unbounded and permits few large values.31 In networks, 
few larger values of similarity may dominate the layout and 
prevent the global structure from emerging. 

Another issue is the lack of information in the data source. 
In a pre-planned study, rating scales, structured interviews, or 
laboratory tests would be used to unequivocally determine the 
presence or absence of a target disease. From these, all four cells 
of the contingency table and thus the marginal distribution 
could be known without any uncertainty. On the other hand, 

Table 1. Disease categories used in the study and their corre-
sponding KCD-7 codes 

Disease category KCD-code
Infectious disease A00–B99
Neoplastic disease C00–D89
Endocrine disease E00–E89
Psychiatric disease F01–F99
Neurologic disease G00–G99
Ophthalmologic, ENT disease H00–H95
Cardiovascular disease I00–I99
Respiratory disease J00–J99
Gastrointestinal disease K00–K95
Dermatologic disease L00–L99
Musculoskeletal disease M00–M99
Urologic disease N00–N99
Conditions originating in the perinatal period P00–P96
Congenital malformations Q00–Q99
Injury, poisoning S00–T88
Others O00–O9A, 

R00–R99, 
U00–Y99

Top level KCD-7 codes (A to Y) are conveniently grouped into 16 
disease categories to suit research purpose. KCD-7 codes are es-
sentially the same as those in ICD-10 with only minor exceptions. 
KCD-7, Korean Standard Classification of Disease, version 7; ENT, 
ear, nose and throat; ICD-10, International Classification of Dis-
eases, version 10
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claim based data like ours do not provide any information on 
individuals who did not seek medical consultation. Since not 
receiving medical treatment and not having a disease are two 
separate issues, the marginal distribution cannot be known ex-
actly. Therefore, any contingency table-based measures had to 
suffer from this lack of information. By contrast, overlap-based 
measures, such as Jaccard coefficient, do not require the mar-
ginal distribution, which is why they are commonly used in 
gene-sharing networks. Such networks have been traditionally 
called Comorbidity Network, Phenotype Disease Network, Hu-
man Disease Network, or Disease Similarity Network.32-36 

The distribution of the obtained Jaccard coefficients was 
highly right-skewed, such that over 90% of them were almost 
zero. In addition, the number of edges in the whole network 
was too large (=381,714), so neither the backbone structure ex-
traction nor the visualization were possible. To make it work, 
it was arbitrarily decided that the size of the network had to be 
reduced to less than 1%. So, the weak links with the coefficient 
less than 1 percentile of the whole distribution (Jaccard coef-
ficient=0.025) were discarded. The reduced network was vi-
sualized by the quadrilateral backbone layout algorithm.37 It 
tries to reflect the relative edge strength as much as possible 
and uncover the potential community structures. Undoubted-
ly, it is not recommended to regard the 2D layout distance as 
the literal measure of connectedness, but it is still possible to 
interpret that closely positioned nodes are more similar and 
belong to the same community. In this way, the global struc-
ture of the network can emerge and provide a birds-eye view 
of disease-clustering patterns. Diseases within close proximi-
ty can potentially share important characteristics such as risk 
factors, pathophysiology, or treatment strategy.34

All the statistical analyses were conducted by the open source 
statistical package R version 4.0.5 (R Foundation for Statistical 
Computing, Vienna, Austria). Network analysis and visualiza-
tion were specifically aided by the R packages “tidygraph” and 
“ggraph.”

RESULTS

Characteristic of the dataset
The dataset contained the health claim data for 1,017,024 

individuals (486,725 males and 530,299 females). The total 
number of medical claims was 11,231,930, such that each in-
dividual received, on average, 11 outpatient or inpatient treat-
ment. The sex and age distribution of the subjects were shown 
in Table 2. The percentage of subjects with one or more psy-
chiatric diagnoses (F00–F99) was 7.6% (77,447). Their age and 
the proportion of female subjects were greater than the rest. 
A total of 77 distinct psychiatric diagnoses had been made to 
these patients. The most prevalent psychiatric diagnoses were 
depressive episodes (26.4%), other anxiety disorders (25.9%) 
and sleep disorders (9.2%).

The degree of comorbidity in various disease 
categories

The included subjects had an average of 7.5 distinct diag-
noses (8.2 for females and 6.7 for males) regardless of disease 
category. For psychiatric patients, the mean number of distinct 
diagnoses was 11.7 (12.4 for females and 10.6 for males). Apart 
from the index diagnosis (an arbitrarily chosen single psychi-
atric diagnosis), additional diagnoses were separated into 1) 
other psychiatric diagnosis (F-code) and 2) diagnoses related 
to physical conditions (non–F-code). While the average number 
of additional F-code diagnosis was only 0.5, that of comorbid 
physical diagnosis was 11.2 (11.8 for females and 10.1 for males).

In order to determine whether psychiatric patients had a 
higher number of comorbid diagnoses than the rest, the mean 
numbers of comorbid diagnoses (including index diagnosis) 
across different disease categories were compared and displayed 
in Figure 1.

The category with the largest number of comorbid diagno-
ses was neurological disease, which was closely followed by 
psychiatric disease. Compared to them, other disease catego-

Table 2. The demographic profile and age distribution of 1) all the included subjects and 2) subjects with one or more psychiatric diagnoses 
(F-codes) 

All subjects Subjects with psychiatric diagnoses
Female Male Total Female Male Total

Number 530,299 (52.1) 486,725 (47.9) 1,017,024 (100) 71,200 (61.0) 45,537 (39.0) 116,737 (100)
Age (yr) 41.3±21.8 39.3± 1.3 40.3±21.6 59.2±19.1 53.2±21.5 56.9±20.3
Age group (yr)

0–20 102,344 (19.3) 108,089 (22.2) 210,433 (20.7) 2,158 (3.0) 4,192 (9.2) 6,350 (5.4)
21–40 141,749 (26.7) 128,656 (26.4) 270,405 (26.6) 9,861 (13.8) 7,902 (17.4) 17,763 (15.2)
41–60 171,743 (32.4) 159,214 (32.7) 330,957 (32.5) 21,355 (30.0) 13,360 (29.3) 34,715 (29.7)
61–100 114,463 (21.6) 90,766 (18.6) 205,229 (20.2) 37,826 (53.1) 20,083 (44.1) 57,909 (49.6)

The average age and the female-to-male ratio of the subjects with psychiatric diagnosis are significantly higher than the rest. Values are pre-
sented as number (%) or mean±standard deviation
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ries had a relatively fewer number of comorbid diagnoses. To 
confirm this difference, Poisson regression was performed. 
The presence of psychiatric diagnosis significantly elevated the 
number of comorbid diagnoses (b=0.47; t(1,017,019)=229.85; 
p<10-7; 95% confidence interval, 1.60 to 1.61) adjusted for sex 
and age. According to this model, having psychiatric diagno-
ses increases the number of comorbid diagnoses by 1.6 times. 

The number of comorbid diagnoses in each 
psychiatric diagnoses

The average number of comorbid physical diagnoses for each 
psychiatric diagnosis was displayed in Figure 2. Other mood 
disorders (F38), other mental disorders due to brain damage 
(F06), other neurotic disorders (F48), somatoform disorders 
(F45), unspecified mood disorder (F39), and other anxiety 
disorders (F41) were the diagnoses with the highest degree 
of physical comorbidity. In contrast, mental retardation (F70, 
F71), schizophrenia (F20), habit and impulse disorders (F63), 
schizoaffective disorders (F25) were the diagnoses with the 
lowest degree of comorbidity.

Physical diagnoses of which prevalence is increased 
or decreased by comorbid psychiatric diagnosis

The number of physical conditions which had at least once 
been co-diagnosed with any psychiatric illness was 820. As 
there were 77 F-code diagnoses, the total number of unique 
combinations to be examined was 63,140 (=77×820). For each 
combination, a logistic regression was performed controlling 
for the effect of age and sex to obtain AORs. Some of the main 
findings of the result were listed in Table 3. The leftmost col-
umn listed representative psychiatric diagnoses. The middle 

column listed the physical diagnoses that had a positive comor-
bidity relationship with the former. Up to 5 diagnoses with the 
highest odds ratios were selected among the comorbid com-
binations that had passed statistical significance (p<10-7). The 
fourth column presented the physical disorders that were less 
likely to be found with each psychiatric diagnosis (negative co-
morbidity). As before, up to 5 diagnoses with the smallest odds 
ratio were selected among the statistically significant connec-
tions. Some of the cells contained less than 5 diagnoses or noth-
ing because the majority of the comorbid combinations for that 
particular diagnosis didn’t pass the statistical tests.

Comorbidity network
The comorbidity network is visualized in Figure 3. Accord-

ing to a visual inspection, two groups of psychiatric diagnoses 
could be discerned: 1) On the left side of the figure, a group of 
child/adolescent psychiatric diagnoses was positioned near the 
perinatal and congenital conditions. In the central area, another 
group of psychiatric diagnoses was located intermingled with 
other physical conditions. Closer inspection suggested that they 
could be divided into two sub-groups. The first one (numbered 
2-1) included both SMIs and various types of dementia. These 
diagnoses displayed close connections with cardiovascular and 
neurological conditions. The second (numbered 2-2) was main-
ly composed of depression (F32, F33), anxiety (F41) and or-
ganic mental disorder (F06). They were closely linked with 
musculoskeletal, gastrointestinal (GI) and injury related con-
ditions. Those injuries included minor ones like sprain, fall-
down and fracture and were not related to suicidal attempts.

Figure 1. The average number of comorbid diagnoses in subjects belonging to different disease categories. The largest number of comor-
bid diagnoses was associated with neurological diseases. Common to all categories (except urologic disease), female subjects had a lot 
more comorbid diagnosis. ENT, ear, nose and throat.
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DISCUSSION

In the present study, the comorbidity relations between psy-
chiatric illnesses and physical conditions were explored using 
large-scale health claims data. Patients with psychiatric diag-
noses had the second highest number of comorbid physical 
conditions, surpassed by neurological diseases. The high co-
morbidity was mainly driven by mood/anxiety disorders, so-
matoform disorders, and organic mental disorders. The degree 
of comorbidity was deeply influenced by age and sex. After 
adjusting the effect of age and sex, lists of physical conditions 
with significantly elevated or lowered odds ratio for each psy-
chiatric diagnosis were obtained. Several noticeable associa-
tions were 1) neurotic illnesses with GI and pain disorders, 2) 
dementia with fracture, Parkinson’s disease and cerebrovascu-
lar accidents, 3) schizophrenia and bipolar disorder with epi-
lepsy, and 4) alcohol use disorder with liver and pancreatic 
diseases. As to the negative comorbidity, schizophrenia was 
associated with a much lower prevalence of type 2 diabetes 
mellitus, quite contrary to prior expectation.

The phenomenon of comorbidity is often interpreted as co-
morbid diseases sharing a common pathophysiology or over-
lapping risk factors.38 Chronic stress induces proinflammato-

ry state, overactivation of the hypothalamic-pituitary-adrenal 
axis, or elevation of sympathetic tone, thus causing depression 
as well as various lifestyle diseases.39-41 It helps to explain why 
the most frequent physical diagnosis with depression and neu-
rotic illnesses were common GI troubles and musculoskeletal 
pain disorders. The connection between neurotic illnesses and 
GI trouble may be explained by the tight connection between 
emotion and GI. According to a Swedish study exploring the 
predictors of GI symptoms in a large sample of young psychi-
atric patients, the severity of depressive symptoms, trait anxi-
ety and stress susceptibility were the independent predictors of 
the Gastrointestinal Symptom Rating Scale for Irritable Bowel 
Symptom.42 The author attributed this finding to the bidirec-
tional connection between the gut and brain via vagus nerve, 
enteric nervous system and alteration of gut flora, commonly 
referred to as gut-brain axis.

Neurotic illnesses can also lower the threshold of pain per-
ception and promote hypochondriacal worries. In a long-term 
follow-up study of a community sample, depression was found 
to be the precursor to future back pain diagnoses.43 Patients with 
somatoform disorder often exhibit a heightened focus on their 
own bodies, and catastrophically interpret their bodily sensa-
tion as a separate illness requiring urgent intervention.44 Some 

Figure 2. The number of comorbid physical diagnoses associated with each psychiatric diagnosis.
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Table 3. Specific physical diagnoses in positive or negative comorbidity relationship with each psychiatric diagnosis 

Psychiatric diagnosis Physical diagnoses with positive comorbidity AOR Physical diagnoses with negative comorbidity AOR
F00: Dementia in Alzheimer’s disease

Fracture of femur 37.82

Fracture of lumbar spine and pelvis 30.11

Parkinson’s disease 25.63

Cerebral infarction 19.43

Transient cerebral ischemic attacks and related  
  syndromes

18.90

F01: Vascular dementia

Hemiplegia 21.20 Dislocation, sprain and strain of joints and  
  ligaments at ankle and foot level

0.16

Intracerebral hemorrhage 11.69 Chronic rhinitis, nasopharyngitis, and pharyngitis 0.19

Other disorders of fluid, electrolyte, and acid-base  
  balance

7.13 Nonsuppurative otitis media 0.22

Subarachnoid hemorrhage 5.32 Hordeolum and chalazion 0.22

Other disorders of thyroid 4.82 Dislocation, sprain and strain of joints and  
  ligaments of knee

0.23

F02: Dementia in other diseases classified elsewhere

Parkinson’s disease 1.88 Irritable bowel syndrome 0.03

Synovitis and tenosynovitis 0.03

Headache 0.03

Gastro-esophageal reflux disease 0.04

Vasomotor and allergic rhinitis 0.04

F06: Other mental disorders due to brain damage and dysfunction and to physical disease

Other degenerative diseases of nervous system NEC 11.82

Presence of other functional implants 8.00

Other symptoms and signs involving cognitive  
  functions and awareness

7.40

Other peripheral vascular diseases 6.11

Other intervertebral disc disorders 5.95

F10: Mental and behavioral disorders due to use of alcohol

Alcoholic liver disease 21.63 Osteoporosis without pathological fracture 0.10

Acute pancreatitis 5.04 Bacterial pneumonia, NEC 0.18

Fibrosis and cirrhosis of liver 4.66 Disorders of vestibular function 0.19

Chronic hepatitis, NEC 3.97 Migraine 0.19

Fracture of skull and facial bones 3.56 Other headache syndromes 0.20

F20: Schizophrenia

Epilepsy 2.87 Disorders of lacrimal system 0.01

Gonarthrosis [arthrosis of knee] 0.01

Dorsalgia 0.01

Type 2 diabetes mellitus 0.01

Acute upper respiratory infections of multiple and  
  unspecified sites

0.01
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neuroimaging studies even provided a neurobiological basis 
for this somatosensory amplification phenomenon.45,46

Apart from these biological explanations, it is necessary to 
consider psychological, social, and cultural factors, especially 
when interpreting comorbidity in claims data.26 The claims data 
kept the record only if the patient was aware of the problem 
and sought medical consultation. Therefore, it may reflect how 
the patient perceived and interpreted the problem, and which 
specialists he/she wanted to consult. It is not uncommon for 
general practitioners and medical specialists to overlook the 
possibility of mental illness and diagnose somatic accompani-
ments of a mental illness as physical diseases.47,48 It may lead to 

an inflated rate of comorbidity.49 The observation that patients 
with neurotic illnesses had an unusually large number of co-
morbid diagnoses indicate that they might have erroneously 
recognized their somatic symptoms as physical problems.50-52 
Some of the comorbid diagnoses might actually be misdiag-
nosed and contribute to treatment delays or inefficient use of 
healthcare resources. Underrepresentation of serious condi-
tions like hypertension, metabolic and neoplastic diseases gave 
weight to this interpretation. Regardless of the specific psychi-
atric diagnosis, nonspecific GI, respiratory, musculoskeletal and 
sleep-related symptoms are often the primary cause of medical 
consultations and also the predominant reason why these pa-

Table 3. Specific physical diagnoses in positive or negative comorbidity relationship with each psychiatric diagnosis (continued)

Psychiatric diagnosis Physical diagnoses with positive comorbidity AOR Physical diagnoses with negative comorbidity AOR
F31: Bipolar affective disorder

Epilepsy 4.90 Abnormalities of heartbeat 0.37
Other extrapyramidal and movement disorders 3.17 Other headache syndromes 0.46
Heartburn 2.85 Disorders of vestibular function 0.51
Candidiasis 2.30 Migraine 0.52
Neuromuscular dysfunction of bladder, NEC 2.03 Spondylosis 0.59

F32: Depressive episode
Gastritis and duodenitis 11.83
Gastro-esophageal reflux disease 10.59
Vasomotor and allergic rhinitis 10.58
Acute bronchitis 10.17
Dorsalgia 10.15

F41: Other anxiety disorders
Gonarthrosis [arthrosis of knee] 19.04
Gastritis and duodenitis 18.27
Pain in throat and chest 17.79
Gastro-esophageal reflux disease 17.26
Disorders of vestibular function 17.10

F45: Somatoform disorders
Other intervertebral disc disorders 6.05
Abdominal and pelvic pain 5.86
Candidiasis 5.60
Keratitis 5.52
Other gastroenteritis and colitis of infectious and  
  unspecified origin

5.51

F48: Other neurotic disorders
Dizziness and giddiness 4.77
Peptic ulcer, site unspecified 4.76
Other intervertebral disc disorders 4.59
Other joint disorders, NEC 4.23
Abdominal and pelvic pain 4.20

Positive (negative) comorbidity means that presence of a certain psychiatric diagnosis increases (decrease) the likelihood of receiving another 
physical diagnosis. NEC, not elsewhere classified; AOR, adjusted odds ratio
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tients visit primary care physicians. A lot of these symptoms 
are medically unexplained and an assortment of diagnostic la-
bels are attached reflecting this inexplicability. 

This distorted situation was also evidenced by the finding 
that the odds ratios of metabolic and cardiovascular diseases 
were not elevated but even lower than expected (negative co-
morbidity) in patients with SMIs. Crump et al.53 reported that 
patients with schizophrenia were three times more likely to die 
of ischemic heart disease or cancer, but the diagnosis rate of 
these conditions was not elevated in nonfatal cases. Even in fatal 
cases, these patients were less likely to have been previously di-
agnosed with these conditions. This issue of under-recognition 
and under-treatment had also been discussed in a study with 
the Scottish population.5 Although patients with schizophre-
nia had a higher number of physical morbidities, the recorded 
rates of hypertension and cardiovascular diseases in them were 
lower than the control group. People with mood and anxiety 
disorders reported significantly more contact with medical spe-

cialists for somatic diseases, but patients with schizophrenia did 
not receive enough care.54 Notably, it depends much on the cul-
ture and healthcare delivery system of each region. Our results 
indicated that the current status of the medical system in Korea 
is not ideal for serious conditions that can compromise phys-
ical health and life expectancy of patients with SMIs.

Korea provides better access to health care than other coun-
tries, because the government-sponsored health insurance 
system (NHIS) covers most expenses. As the referral process 
from a primary physician to a large university hospital is nei-
ther complicated nor regulated, patients can receive whatever 
service they desire from any specialist. While such a system 
may seem ideal, the higher affordability and accessibility can 
result in overdiagnosis and overtreatment, exemplified by the 
recent epidemic of thyroid cancer in Korea.55 Another issue is 
that in order to be reimbursed by the insurance system, a pleth-
ora of ad-hoc diagnoses must be made. Therefore, even if the 
primary physician notices that it is an incidental symptom ac-

Figure 3. The network structure of comorbidity relationships among the diagnoses belonging to different disease categories. Psychiatric di-
agnoses were marked with larger violet circles and labeled with corresponding KCD-7 codes. They were also divided into three distinct 
groups (1, 2-1 and 2-2) according to their comorbid relationship with other diagnoses: 1) Group 1 consisted mainly of child-adolescent dis-
eases, 2) group 2-1 of severe mental illnesses and dementia, and 3) group 2-2 of neurotic illnesses. The insert is a magnified view of the 
region containing severe mental illnesses (schizophrenia, schizoaffective disorder, and bipolar disorder etc.). In this magnified view, several 
endocrine diseases can be discerned (E10: type I diabetes mellitus, E14: unspecified diabetes mellitus).
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companying depression, he/she has to make a separate physi-
cal diagnosis. 

In contrast, Korean patients with SMIs are less likely to use 
mental health services due to social prejudice, stigma, as well as 
lack of insight. Korea’s mental health system does not yet offer 
mature community services, and inpatient treatment is over-
used, leaving patients with delayed diagnoses hospitalized for 
an extended period of time and disconnected from society as a 
result.56 Even after discharge, they are not seamlessly integrated 
into the local community, and unless managed by case man-
agers, they are less likely to receive multifaceted treatment other 
than just antipsychotic treatment. A possible explanation for 
the unexpectedly low rate of seeking treatment for lifestyle dis-
eases in SMI patients may be related to their being isolated from 
society and sequestered in a blind spot of the healthcare system.

Mental health professionals working in the community also 
need to be alert. In particular, middle-aged and older patients 
with chronic mental illness are at risk of losing the attention 
of clinicians because their psychiatric symptoms are not prom-
inent. Caretakers are also getting older and cannot afford to 
provide proper care for them. For example, it was reported that 
the rate of medical check-ups of patients with SMIs was much 
lower than that of the healthy control.57 It may have been due 
to their low level of health literacy, but not enough recommen-
dations or encouragement from mental health professionals 
may have also played a part.

We included a comorbidity network for a more advanced 
analysis of comorbid relations. It showed that there was differ-
ential connectedness between diagnoses, resulting in a com-
plex grouping structure. Diagnoses belonging to the same dis-
ease category tended to cluster together. However, this was not 
always the case, and there were many regions where diagnoses 
belonging to different categories mingled together to form a 
group of heterogeneous components. The two prominent find-
ings were 1) SMIs and dementia are closely located with cardio-
vascular and neurological conditions and 2) neurotic condi-
tions such as depression, anxiety, and somatoform disorder 
were tightly linked with musculoskeletal, GI, and injury related 
conditions. Also of interest was the finding that these latter 
diagnoses (musculoskeletal, GI, and injuries) were insepara-
bly linked. 

Findings from the network analysis generally correspond-
ed with the results obtained from pairwise comorbidity anal-
ysis. Even so, the indirect links between psychiatric and met-
abolic disorders could be discerned only in network analysis. 
The sub-group 2-1) had three diabetes diagnoses (E10: type 1 
diabetes mellitus, E13: other diabetes mellitus, E14: unspecified 
diabetes mellitus; Figure 3), while the sub-group 2-2) had two 
adult-onset metabolic diseases (E11: type 2 diabetes mellitus, 
E78: dyslipidemia). By any measure, such links with endocri-

nological diagnoses could not be found in pairwise analysis. 
Patients’ unwillingness, especially patients with SMIs, to seek 
treatment on their own may have obscured latent comorbidi-
ties in the pairwise analysis. 

Examining comorbidity from a network perspective may 
present a different picture than from a pairwise analysis. One 
such difference is that the latter cannot not address the indirect 
comorbidity mediated by intervening associations with other 
diseases.58 The comorbidity network can deepen the under-
standing of multi-dimensional aspects of disease-disease cor-
relation, such as exposure to risk factors, diagnosis and treat-
ment, health psychology, and determinants of better or worse 
prognosis.34

The limitation of this study came from the nature of avail-
able data. The claim data only recorded the patients’ seeking 
treatment voluntarily or inevitably. Therefore, omission in the 
data did not necessarily mean the absence of disease. Although 
the dataset provided insight into patients’ health-seeking be-
havior and physicians’ diagnosis practice, it was not suitable 
for the precise calculation of comorbidity. In addition, the di-
agnostic label used in this study may not reflect the actual pa-
tients’ condition. In Korean medical systems, diagnostic labels 
are assigned for various purposes. For example, KCD codes for 
epileptic syndromes may have been given to avoid reduction 
in insurance reimbursement for mood stabilizers and, like-
wise, codes for depressive disorders may have been used to jus-
tify antidepressant prescriptions.

Another shortcoming was that the data were only a snap-
shot of a fixed period. Cross-sectionally measured comorbidi-
ties may not have much meaning in itself. It cannot answer the 
questions as to which set of diagnoses in the present lead to 
which set of diagnoses in the future. Analyzing the temporal 
order of the diagnoses with longitudinal data may provide evi-
dence for the cause-effect relationship. Several studies addressed 
this issue and tried to delineate the pattern of disease progres-
sion.29,30,59,60 They are challenging tasks since access to sensi-
tive datasets is restricted and the methodology to analyze dy-
namic networks is refined. Besides, temporal order does not 
necessarily guarantee the causal relationship. The authors of 
a nation-wide longitudinal study, which examined the diag-
nostic history of patients over many years, could not deter-
mine whether mental illness had been the cause of the fol-
lowing physical illnesses.4 With this indeterminacy of the causal 
or temporal direction, it was also hard to decide whether the 
physical conditions accompanied the psychiatric disorders or 
vice versa. The result in this study could also be interpreted as 
psychiatric comorbidities in medical patients. Analysis from 
this alternate perspective would need a separate study.

In this study, we quantitatively analyzed the degree and na-
ture of physical comorbidity in psychiatric patients. With the 
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help of large-scale health claims data and network-based anal-
ysis methods, we could derive several insights from the analysis 
results. The results obtained are expected to remind psychiatrists 
that patients are receiving treatment for somatic symptoms from 
various medical specialists with diverse interpretations. In ad-
dition, they would help policy makers to formulate the effi-
cient use of medical resources and medical delivery systems.
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