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Background: Most studies of systematic drug repositioning have used drug-oriented data such as chemical structures, gene expres-
sion patterns, and adverse effect profiles. As it is often difficult to prove repositioning candidates’ effectiveness in real-world clinical 
settings, we used patient-centered real-world data for screening repositioning candidate drugs for multiple diseases simultaneously, 
especially for diabetic complications.
Methods: Using the National Health Insurance Service-National Sample Cohort (2002 to 2013), we analyzed claims data of 43,048 
patients with type 2 diabetes mellitus (age ≥40 years). To find repositioning candidate disease-drug pairs, a nested case-control 
study was used for 29 pairs of diabetic complications and the drugs that met our criteria. To validate this study design, we conducted 
an external validation for a selected candidate pair using electronic health records.
Results: We found 24 repositioning candidate disease-drug pairs. In the external validation study for the candidate pair cerebral in-
farction and glycopyrrolate, we found that glycopyrrolate was associated with decreased risk of cerebral infarction (hazard ratio, 
0.10; 95% confidence interval, 0.02 to 0.44).
Conclusion: To reduce risks of diabetic complications, it would be possible to consider these candidate drugs instead of other drugs, 
given the same indications. Moreover, this methodology could be applied to diseases other than diabetes to discover their reposition-
ing candidates, thereby offering a new approach to drug repositioning.
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INTRODUCTION

Drug repositioning is a drug development strategy that discovers 
new indications that differ from the original indication for ap-

proved or investigational drugs [1]. Drug repositioning research 
has increased in popularity in recent years, given its many ad-
vantages over traditional drug development strategies, such as 
lower investment requirements and a higher success rate [1-3]. 
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In particular, systematic drug repositioning studies have re-
ceived considerable attention. By screening multiple diseases or 
drugs simultaneously, this approach suggests multiple reposi-
tioning candidate drugs simultaneously. Cheng et al. [4] quanti-
fied the proximity between disease genes and drug targets based 
on a protein interaction network to discover new indications for 
900 U.S. Food and Drug Administration-approved drugs. Xuan 
et al. [5] discovered new disease-drug associations by calculat-
ing the similarities between drugs using drug structure, target 
protein, and side effects, and integrating them with the similari-
ties between diseases. As these systematic strategies make it 
possible to discover numerous repositioning candidates simulta-
neously, they can reduce time and costs for drug repositioning.

However, most studies of systematic drug repositioning have 
used drug-oriented data such as chemical structures, gene ex-
pression patterns, and adverse effect profiles. Thus, it is often 
difficult to demonstrate candidate drugs’ effectiveness in real-
world clinical settings [6]. 

Therefore, this study used claims data, which represent pa-
tient-centered real-world data (RWD), to screen repositioning 
candidate drugs for multiple diseases simultaneously. As a 
proof-of-concept study, we targeted type 2 diabetes mellitus 
(T2DM), which has many complications [7-9]. We sought can-
didate repositioning drugs that could prevent or treat diabetic 
complications, using temporal trajectories of T2DM constructed 
by Jeong et al. [10].

METHODS

Data source
We obtained data from the National Health Insurance Service-
National Sample Cohort (NHIS-NSC), which is a representative 
population-based cohort database in South Korea [11]. As the 
National Health Insurance Service (NHIS) covers virtually the 
entire South Korean population [12], NHIS-NSC was construct-
ed by stratified random sampling for an accurate representation 
of the population. It contains socioeconomic data, health exami-
nation data, and medical treatment data for 2.2% of the total eli-
gible Korean population [11]. We used data collected from 2002 
to 2013 (11 years).

This study was approved by the Ajou University Hospital In-
stitutional Review Board (AJIRB-MED-EXP-20-427), which 
waived the requirement for informed consent.

The overall scheme of this study
We conducted the study in three steps: selection of target dis-

eases, selection of cases and controls for each disease, and sta-
tistical analysis. Fig. 1 demonstrates these steps and the overall 
scheme of this study.

In the first step, we selected target diseases. Complications of 
T2DM were selected as target diseases based on the temporal 
trajectories of accompanying comorbidities of T2DM construct-
ed by Jeong et al. [10]. We describe the details of these trajecto-
ries in the “Temporal trajectories of accompanying comorbidi-
ties” sub-section. Second, we extracted the cases and controls 
for each target disease from patients with T2DM to conduct a 
nested case-control study for each disease-drug pair. Finally, 
conditional logistic regressions were conducted for each pair, 
which comprised all target diseases and prescribed drugs, ex-
cept for topical drugs, fluids, and drugs prescribed for less than 
30 days in patients. A candidate repositioning drug was selected 
when the P<0.05 and the upper limit of the 95% confidence in-
terval (CI) for the odds ratio (OR) was less than 0.99.

Study population
We extracted the patients with T2DM aged over 40 years, who 
had first developed the condition after 2003 (Fig. 2). Type 
T2DM was defined as any T2DM-related diagnostic codes 
(E11–E14) with any prescription of anti-diabetic medications 
within 1 year of diagnosis. The anti-diabetic medications in-
cluded metformin, insulin, glimepiride, glibenclamide, glicla-
zide, glipizide, chlorpropamide, gliquidone, acarbose, voglib-
ose, miglitol, rosiglitazone, pioglitazone, nateglinide, repa-
glinide, mitiglinide, vildagliptin, gemigliptin, sitagliptin, saxa-
gliptin, linagliptin, alogliptin, and exenatide. To determine the 
exact diagnosis date for T2DM among the extracted patients, 
we excluded patients who were diagnosed with T2DM before 
2003, who entered the cohort after 2003, or who were initially 
diagnosed with T2DM coded E14.9. Of those who were initially 
diagnosed as E14.9, we observed a tendency toward the E14.9 
code being assigned to patients whose diagnosis of T2DM mel-
litus was not confirmed at the first visit. In addition, those who 
were less than 40 years of age or who had died during the cohort 
period were also excluded.

Temporal trajectories of accompanying comorbidities
To select target diseases, we used the temporal trajectories of 
accompanying comorbidities constructed by Jeong et al. [10]. 
These trajectories were constructed using NHIS-NSC, which 
was also used in this study, to determine diabetic complications, 
the pattern of their development, and differences in the pattern 
by gender and age group. These trajectories provided progres-
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sion patterns (temporal trajectories) and relative risk for comor-
bidities of T2DM, which helped us delineate candidate diabetic 
complications according to their relative risk. Several diseases 
were determined to be significant but commonly not considered 
diabetic complications, such as epilepsy and mental and behav-
ioral disorders due to use of alcohol. Therefore, the term “co-
morbidities” was adopted rather than “complications” in our 
previous study [10], but these could be candidate complications. 
In this context, we used the term “complications” generally. 

Among three temporal trajectories, namely (Type 2 diabetes 
→ First complication), (First complication → Second complica-
tion), and (Second complication → Third complication), we only 
considered the (Type 2 diabetes → First complication) stage. For 
this stage, we selected the top 30 diabetic complications (trajec-
tories) with the highest relative risk. Among those, we excluded 
the (Type 2 diabetes → Type 1 diabetes) trajectory, as it was not 
a diabetic complication. In this case, patients might have had la-

tent autoimmune diabetes in adults, which is often initially mis-
diagnosed as T2DM [13], and then correctly diagnosed as type 1 
diabetes mellitus. Therefore, we selected 29 diabetic complica-
tions as the target diseases. Diagnoses are listed in descending 
order by their relative risks in Supplemental Table S1.

Matching cases and controls in each trajectory
To conduct a nested case-control study for each disease-drug 
pair, cases who had developed a complication at least a year af-
ter T2DM were obtained. Next, controls who did not develop a 
complication throughout the observational period (2002 to 
2013) were matched in a ratio of 1:2 to the cases in each trajec-
tory. Matching was conducted in two steps (Fig. 1). First, to re-
duce the error related to the duration of diabetes, controls with 
the same diagnosis date of T2DM (year and month) were se-
lected. Then, a disease risk score was used to finally match the 
most similar controls to cases in a ratio of 1:2 [14]. Disease risk 

Fig. 1. The overall scheme of the methodology. It consisted of three steps: selection of target diseases; selection of cases and controls for 
each disease; and statistical analysis. NHIS-NSC, National Health Insurance Service-National Sample Cohort; T2DM, type 2 diabetes mel-
litus; Comp, complication. aMatching variables: gender, age group, days classes of anti-diabetic medications were prescribed as a proportion 
of the assessment period (from the day first diagnosed with T2DM to a year thereafter), comorbidities, and Charlson comorbidity index 
(CCI).
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score showed statistically better values than exact matching for 
multiple factors in a nested case-control study [15]. 

To match variables by disease risk score, we considered gen-
der, age group, the number of days each class of anti-diabetic 
medications were prescribed as a proportion of the assessment 
period (from the day first diagnosed with T2DM to a year there-

after), comorbidities, and Charlson comorbidity index (CCI) 
[16]. The classes of anti-diabetic medications were defined as 
insulin, biguanides, others (sulfonylureas, thiazolidinediones, 
meglitinides, alpha-glucosidase inhibitors, dipeptidyl pepti-
dase-4 inhibitors, and glucagon-like peptide-1 receptor ago-
nists), and a combination of two or more of the classes (insulin, 

Fig. 2. The flowchart of selecting the study population and cases/controls. aAnti-diabetic medications: insulin, metformin, others (sulfonyl-
ureas, alpha-glucosidase inhibitors, thiazolidinediones, meglitinides, dipeptidyl peptidase-4 inhibitors, and glucagon-like peptide-1 receptor 
agonist), and combinations; bComorbidities: hypertension, diabetes with complications, arrhythmia, acute myocardial infarction, congestive 
heart failure, peripheral vascular disease, cerebrovascular disease, dementia, and renal disease.
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biguanides, sulfonylureas, thiazolidinediones, meglitinides, al-
pha-glucosidase inhibitors, dipeptidyl peptidase-4 inhibitors, 
and glucagon-like peptide-1 receptor agonists). For the comor-
bidities, we selected macrovascular and microvascular-associat-
ed diseases, as the development of diabetic complications is 
strongly associated with macrovascular and microvascular dis-
orders [17]. Therefore, we selected hypertension, diabetes with 
complications, arrhythmia, acute myocardial infarction, conges-
tive heart failure, peripheral vascular disease, cerebrovascular 
disease, dementia, and renal disease as covariates. After the 
matching, the index dates of controls were assigned as the index 
dates of the matched cases. We tried to exclude trajectories for 
which the number of the cases and controls matched was fewer 
than 100, to ensure statistical power. However, no trajectory 
was excluded as the number of cases and controls matched was 
greater than 100 in all 29 trajectories.

Statistical analysis
To discover candidate drugs for drug repositioning that could 
prevent a complication in each trajectory, the number of days 
each drug was prescribed was calculated from the diagnosis 
date of T2DM to the index date as a proportion of that period. 
We excluded topical drugs, fluids, and drugs prescribed for few-
er than 30 days for the patients.

We conducted a conditional logistic regression using the cal-
culated proportion of the prescription days for each drug as an 
independent variable. As covariates, we used the prescription 
days for classes of anti-diabetic medications as a proportion of 
the assessment period (from the first day of T2DM diagnosis to 
a year thereafter), comorbidities, and CCI. The classes of anti-
diabetic medications and the comorbidities were defined as 
above (see “Matching the cases and controls in each trajectory” 
sub-section). Finally, a disease-drug pair with P<0.05 and up-
per limit of the 95% CI for the OR <0.99 was selected as a re-
positioning candidate.

External validation
To validate this methodology, an external validation study was 
conducted using an electronic health record (EHR) dataset from 
Ajou University Hospital. Among the disease-drug pairs, a can-
didate pair was selected with two criteria: (1) a drug that could 
be taken in the relatively long term and (2) among those, a drug 
that was prescribed most in the EHR dataset. In accordance with 
these two criteria, we selected the (cerebral infarction–glyco-
pyrrolate [Anatomical Therapeutic Chemical (ATC) Classifica-
tion System code “A03AB02” or “R03BB06”]) candidate pair. 

Next, we chose comparable drugs to glycopyrrolate, which 
were used for the same indications as glycopyrrolate. The other 
anticholinergics for peptic ulcer or obstructive airway diseases 
(drugs with an ATC code that started with “A03AB” or 
“R03BB”) were selected as comparator drugs.

As the study population, we selected the patients with T2DM 
who had first developed the condition after 1999. Then, we ex-
tracted the patients who had taken glycopyrrolate and one of the 
comparator drugs from the patients with T2DM. Next, three ex-
clusion criteria were applied: (1) patients who had taken both 
glycopyrrolate and one of the comparator drugs; (2) patients 
whose index date, which was the first prescription date of the 
drug (glycopyrrolate or one of the comparator drugs), was with-
in 180 days of the diagnosis date of T2DM; and (3) patients 
whose index date was after the date cerebral infarction was di-
agnosed. After applying exclusion criteria, extracted patients 
who had taken glycopyrrolate or one of the comparator drugs 
were considered as treated or non-treated, respectively. To ad-
just for confounding factors, treated and non-treated cases were 
then matched in a ratio of 1:1 using propensity score matching. 
Matching variables used were gender, age group, and comor-
bidities. 

A Cox proportional hazards model was used to test whether 
the treated and non-treated groups differed in the development 
of cerebral infarction. Covariates consisted of hypertension, dia-
betes with complications, acute myocardial infarction, cardiac 
arrhythmia, peripheral vascular disease, cerebrovascular dis-
ease, and renal disease.

RESULTS

Candidate disease-drug pairs for drug repositioning 
drawn from RWD
From the NHIS-NSC dataset, 43,048 patients were extracted as 
the study population. After excluding topical drugs, fluids, and 
drugs prescribed for fewer than 30 days in the study population, 
29,270 disease-drug pairs with 29 trajectories were analyzed. 

Of these, 24 pairs with 13 trajectories were identified as candi-
dates for drug repositioning (Table 1). Among these, the top five 
pairs with the lowest ORs were: mental and behavioral disorders 
due to use of alcohol–pyridostigmine (OR, 0.51; 95% CI, 0.31 to 
0.85); hypertensive renal disease–ondansetron (OR, 0.61; 95% 
CI, 0.37 to 0.99); sequelae of cerebrovascular disease–lysozyme 
(OR, 0.66; 95% CI, 0.46 to 0.95); heart failure–pyridostigmine 
(OR, 0.69; 95% CI, 0.57 to 0.84); and sequelae of cerebrovascu-
lar disease–kanamycin (OR, 0.81; 95% CI, 0.69 to 0.95).
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External validation using electronic health records from a 
tertiary hospital
To validate this methodology, we selected a candidate pair using 
two criteria described in the Methods section. By applying 
them, we selected the (cerebral infarction–glycopyrrolate [ATC 
code “A03AB02” or “R03BB06,” which is anticholinergics for 
peptic ulcer or obstructive airway diseases]) candidate pair with 
10,428 prescription records in the EHR dataset. 

After the matching, the number of treated and non-treated pa-
tients was 596 in each case. Comparison of their baseline char-
acteristics (Table 2) revealed that the treated group was younger 
and had a higher proportion of females. In terms of comorbidi-
ties, the treated group had a higher proportion of hypertension 
and diabetes with complications. However, the former had a 

lower proportion of acute myocardial infarction, cardiac ar-
rhythmia, peripheral vascular disease, cerebrovascular disease, 
and renal disease. 

The Kaplan-Meier curve showed a significant difference be-
tween the glycopyrrolate-treated and comparator drugs-treated 
group (Fig. 3). In the Cox proportional hazards model, glyco-
pyrrolate was associated with decreased risk of cerebral infarc-
tion compared to the comparator drugs (hazard ratio, 0.10; 95% 
CI, 0.02 to 0.44), consistent with our study results.

DISCUSSION

In this study, we presented a methodology to identify candidate 
disease-drug pairs for drug repositioning. To do this, we used 

Table 1. Twenty-Four Candidate Disease-Drug Pairs for Drug Repositioning

Diabetic complication (ICD-10 code) Drug OR (95% CI) P valuea

Atherosclerosis (I70) Methylprednisolone 0.93 (0.88–0.99) 0.017

Atherosclerosis (I70) Bisacodyl 0.94 (0.89–0.99) 0.016

Atherosclerosis (I70) Hemocoagulase 0.95 (0.90–0.99) 0.014

Atrial fibrillation and flutter (I48) Melilotus extract+proxyphylline 0.89 (0.80–0.99) 0.032

Cerebral infarction (I63) Ondansetron 0.82 (0.70–0.97) 0.018

Cerebral infarction (I63) Glycopyrrolate 0.86 (0.78–0.95) 0.004

Glomerular disorders in diseases classified elsewhere (N08) Methylphenidate 0.94 (0.89–0.99) 0.011

Heart failure (I50) Pyridostigmine 0.69 (0.57–0.84) <0.001

Hemiplegia (G81) Aluminum hydroxide gel+magnesium silicate 0.92 (0.87–0.98) 0.014

Hemiplegia (G81) Chlorpheniramine+phenylephrine 0.95 (0.91–0.99) 0.010

Hypertensive heart disease (I11) Guaifenesin 0.89 (0.80–0.98) 0.018

Hypertensive renal disease (I12) Ondansetron 0.61 (0.37–0.99) 0.044

Hypertensive renal disease (I12) Haloperidol 0.83 (0.70–0.99) 0.037

Hypertensive renal disease (I12) Mirtazapine 0.84 (0.72–0.98) 0.023

Hypertensive renal disease (I12) Aluminum magnesium silicate 40 mg and etc.b 0.87 (0.78–0.97) 0.013

Mental and behavioral disorders due to use of alcohol (F10) Pyridostigmine 0.51 (0.31–0.85) 0.010

Mental and behavioral disorders due to use of alcohol (F10) Amoxicillin+clavulanate 0.90 (0.83–0.98) 0.015

Nephrotic syndrome (N04) Cefazedone 0.89 (0.82–0.97) 0.009

Polyneuropathy in diseases classified elsewhere (G63) Iopromide 0.88 (0.84–0.93) <0.001

Polyneuropathy in diseases classified elsewhere (G63) Midazolam 0.95 (0.91–0.99) 0.011

Retinal disorders in diseases classified elsewhere (H36) Nadroparin 0.89 (0.80–0.99) 0.029

Retinal disorders in diseases classified elsewhere (H36) Flavin adenine dinucleotide+liver extract 0.95 (0.91–0.99) 0.009

Sequelae of cerebrovascular disease (I69) Lysozyme 0.66 (0.46–0.95) 0.026

Sequelae of cerebrovascular disease (I69) Kanamycin 0.81 (0.69–0.95) 0.012

ICD-10, International Classification of Diseases, 10th Revision; OR, odds ratio; CI, confidence interval.
aP value of conditional logistic regression; bAluminum magnesium silicate 40 mg and etc. a combination drug of biodiastase-2000+lipase AP6+magne-
sium metasilicate aluminum+powdered glycyrrhiza+precipitated calcium carbonate+scopolia extract+sodium carbonate hydroxide+trimebutine. 
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temporal trajectories of accompanying comorbidities in patients 
with T2DM established in a previous study [10], based on a 
claims dataset. 

Using a nested case-control study for each disease-drug pair, 
we analyzed 29,270 disease-drug pairs with 29 trajectories. As a 
result, we identified 24 candidate pairs with 13 trajectories. 
Most candidate drugs had original indications that were com-
pletely different from the predicted indications. For example, 

pyridostigmine is currently used for myasthenia gravis; howev-
er, our results revealed its effectiveness at reducing alcohol-use-
related heart failure incidence and mental and behavioral disor-
ders. Amoxicillin and clavulanic acid, which is a combination 
of antibiotics, was associated with decreased incidence of men-
tal and behavioral disorders due to alcohol use. In contrast, mir-
tazapine, an antidepressant, was associated with decreased inci-
dence of hypertensive kidney disease.

To validate a candidate pair using an external dataset, we per-
formed a retrospective cohort study on the (cerebral infarction–
glycopyrrolate) pair using the EHR dataset from a tertiary hos-
pital in South Korea. The Cox proportional hazards model 
found a hazard ratio of 0.10 (95% CI, 0.02 to 0.44), which en-
abled us to support the association of this candidate pair.

Moreover, to determine whether our results were consistent 
with other studies, we conducted a literature review for the can-
didate pairs. Several studies corresponded with our results. Re-
garding the (heart failure–pyridostigmine [used for myasthenia 
gravis]) pair, which had the lowest OR in this study, it was 
shown to be effective in double-blind randomized clinical trials, 
which is a highly reliable study design. It was effective at reduc-
ing the incidence of ventricular arrhythmia and improving heart 
rate variability in patients with heart failure [18]. Further, it was 
equally effective at reducing heart rate when compared to iv-
abradine, which was proven effective at reducing hospitaliza-
tion and mortality due to chronic heart failure [19]. In a study 
related to the (atherosclerosis–methylprednisolone [a steroid]) 

Table 2. Baseline Characteristics of Treated and Non-Treated Patients 

Characteristic Non-treated Treated P value Standardized 
mean difference

Gender

   Male 340 (57.1) 263 (44.1) <0.001 0.261

   Female 256 (43.0) 333 (55.9)

Age, yr 67.51±11.38 46.86±9.43 <0.001 –1.975

Hypertension 182 (30.5) 236 (39.6) 0.001 0.191

Diabetes with complication 195 (32.7) 254 (42.6) 0.001 0.205

Acute myocardial infarction 31 (5.2) 7 (1.2) <0.001 –0.231

Cardiac arrhythmia 26 (4.4) 6 (1.0) <0.001 –0.209

Peripheral vascular disease 20 (3.4) 8 (1.3) 0.034 –0.133

Cerebrovascular disease 31 (5.2) 9 (1.5) 0.001 –0.206

Renal disease 92 (15.4) 59 (9.9) 0.005 –0.167

Cerebral infarction 13 (2.2) 2 (0.3) 0.007 –0.166

Values are expressed as number (%) or mean±standard deviation.

Fig. 3. Kaplan-Meier curves of the time to the first event (cerebral 
infarction) in the external validation study. The glycopyrrolate 
group (blue line) and the comparator drugs group (red line) showed 
different patterns; the P value of the log-rank test (P in the graph) 
was less than 0.0001. This indicates that the incidence of cerebral 
infarction was significantly different between the groups.
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pair, the group exposed to the inhaled steroid had a lower inci-
dence of atherosclerosis compared with the non-exposed group, 
suggesting its effectiveness in preventing atherosclerosis [20]. 
Studies of the (hypertensive kidney disease–mirtazapine [an an-
tidepressant]) pair confirmed that rats treated with mirtazapine 
were protected against kidney damage caused by ischemia-re-
perfusion [21,22].

Contrary to our study, most studies of systematic drug reposi-
tioning have utilized drug-oriented data such as chemical struc-
tures, gene expression patterns, and adverse effect profiles. 
Moreover, to the best of our knowledge, most repositioning 
studies using RWD targeted either a drug or a disease instead of 
targeting multiple drugs and diseases simultaneously [3,23]. 
Therefore, there was a need for systematic drug repositioning 
studies using RWD to analyze multiple disease-drug pairs.

Several systematic drug repositioning studies have used RWD. 
Using the EHR dataset, Wu et al. [24] screened non-antineoplas-
tic drugs effective at increasing the survival rate for cancers. Ret-
rospective cohort studies conducted of 146 non-antineoplastic 
drugs using the EHR dataset of 43,310 cancer patients at a uni-
versity medical center found 22 candidate drugs [24]. However, 
as this study used an EHR dataset of a single hospital, there was 
a limitation that it is unknown whether the patients had taken tar-
get drugs in other hospitals. Further, as this study analyzed over-
all survival rate for cancers, the association between a specific 
cancer type and a drug could not be identified. In contrast, our 
study had the advantage of having available relatively accurate 
prescription records by using claims data and identifying the as-
sociation between a specific disease and a drug.

Our study has several limitations. First, given the nature of 
retrospective studies, it was difficult to determine whether other 
confounding factors were present in this study. Second, in the 
external validation study, we could not determine whether pa-
tients had been diagnosed with T2DM or prescribed glycopyr-
rolate (or comparator drugs) from other hospitals. Using addi-
tional datasets for validation would improve reliability.

In summary, we suggested a new methodology for systematic 
drug repositioning using RWD. We found 24 repositioning can-
didate disease-drug pairs and validated the (cerebral infarction–
glycopyrrolate) pair using EHR. The study results suggest the 
possibility of using the candidate drugs to lower risks of diabetic 
complications, instead of other drugs, given the same indica-
tions. Moreover, this methodology could be applied to other 
diseases beyond diabetic complications, to discover their repo-
sitioning candidates, thereby offering a new approach to drug 
repositioning.

CONFLICTS OF INTEREST 

Dukyong Yoon is an employee of BUD.on Inc. BUD.on Inc. did 
not have any role in the study design, analysis, decision to pub-
lish, or the preparation of the manuscript. There are no patents, 
products in development, or marketed products to declare. The 
other authors declare that they have no competing interests.

ACKNOWLEDGMENTS 

This work was supported by the Korea Medical Device Devel-
opment Fund grant funded by the Korea government (the Min-
istry of Science and ICT; Ministry of Trade, Industry and Ener-
gy; Ministry of Health & Welfare; and Ministry of Food and 
Drug Safety) (Project Number: 1711138152, KMDF_
PR_20200901_0095). This work was also supported by a Gov-
ernment-wide R&D Fund project for infectious disease research 
(GFID), Republic of Korea (grant number: HG18C0067).

AUTHOR CONTRIBUTIONS

Conception or design: N.P., E.J., D.Y. Acquisition, analysis, or 
interpretation of data: N.P., J.Y.J., S.K. Drafting the work or re-
vising: N.P., J.Y.J., D.Y. Final approval of the manuscript: J.Y.J., 
D.Y.

ORCID

Namgi Park  https://orcid.org/0000-0002-2161-5093
Ja Young Jeon  https://orcid.org/0000-0002-3877-0479
Dukyong Yoon  https://orcid.org/0000-0003-1635-8376

REFERENCES

1.  Ashburn TT, Thor KB. Drug repositioning: identifying and 
developing new uses for existing drugs. Nat Rev Drug Dis-
cov 2004;3:673-83.

2.  Hurle MR, Yang L, Xie Q, Rajpal DK, Sanseau P, Agarwal P. 
Computational drug repositioning: from data to therapeu-
tics. Clin Pharmacol Ther 2013;93:335-41.

3.  Pushpakom S, Iorio F, Eyers PA, Escott KJ, Hopper S, Wells 
A, et al. Drug repurposing: progress, challenges and recom-
mendations. Nat Rev Drug Discov 2019;18:41-58.

4.  Cheng F, Desai RJ, Handy DE, Wang R, Schneeweiss S, 
Barabasi AL, et al. Network-based approach to prediction 
and population-based validation of in silico drug repurpos-



Drug Repositioning for Diabetic Comorbidities

Copyright © 2022 Korean Endocrine Society www.e-enm.org 73

ing. Nat Commun 2018;9:2691.
5.  Xuan P, Cao Y, Zhang T, Wang X, Pan S, Shen T. Drug repo-

sitioning through integration of prior knowledge and projec-
tions of drugs and diseases. Bioinformatics 2019;35:4108-
19.

6.  Cavalla D. Using human experience to identify drug repur-
posing opportunities: theory and practice. Br J Clin Pharma-
col 2019;85:680-9.

7.  World Health Organization. Global report on diabetes. Ge-
neva: World Health Organization; 2016. p. 86.

8.  Sautin M, Suchkov S. Opportunities of predictive medicine 
at the treatment of diabetes mellitus complications. EPMA J 
2014;5(Suppl 1):A73.

9.  Abhari S, Niakan Kalhori SR, Ebrahimi M, Hasannejadasl 
H, Garavand A. Artificial intelligence applications in type 2 
diabetes mellitus care: focus on machine learning methods. 
Healthc Inform Res 2019;25:248-61.

10.  Jeong E, Park N, Kim Y, Jeon JY, Chung WY, Yoon D. Tem-
poral trajectories of accompanying comorbidities in patients 
with type 2 diabetes: a Korean nationwide observational 
study. Sci Rep 2020;10:5535.

11.  Lee J, Lee JS, Park SH, Shin SA, Kim K. Cohort profile: the 
National Health Insurance Service-National Sample Cohort 
(NHIS-NSC), South Korea. Int J Epidemiol 2017;46:e15.

12.  Lee D, Park M, Chang S, Ko H. Erratum to: Protecting and 
utilizing health and medical big data: policy perspectives 
from Korea. Healthc Inform Res 2020;26:251.

13.  Nambam B, Aggarwal S, Jain A. Latent autoimmune diabe-
tes in adults: a distinct but heterogeneous clinical entity. 
World J Diabetes 2010;1:111-5.

14.  Arbogast PG, Ray WA. Use of disease risk scores in phar-
macoepidemiologic studies. Stat Methods Med Res 2009; 
18:67-80.

15.  Desai RJ, Glynn RJ, Wang S, Gagne JJ. Performance of dis-

ease risk score matching in nested case-control studies: a 
simulation study. Am J Epidemiol 2016;183:949-57.

16.  Charlson M, Szatrowski TP, Peterson J, Gold J. Validation 
of a combined comorbidity index. J Clin Epidemiol 1994; 
47:1245-51.

17.  Forbes JM, Cooper ME. Mechanisms of diabetic complica-
tions. Physiol Rev 2013;93:137-88.

18.  Behling A, Moraes RS, Rohde LE, Ferlin EL, Nobrega AC, 
Ribeiro JP. Cholinergic stimulation with pyridostigmine re-
duces ventricular arrhythmia and enhances heart rate vari-
ability in heart failure. Am Heart J 2003;146:494-500.

19.  Villacorta AS, Villacorta H, Caldas JA, Precht BC, Porto 
PB, Rodrigues LU, et al. Effects of heart rate reduction with 
either pyridostigmine or ivabradine in patients with heart 
failure: a randomized, double-blind study. J Cardiovasc 
Pharmacol Ther 2019;24:139-45.

20.  Otsuki M, Miyatake A, Fujita K, Hamasaki T, Kasayama S. 
Reduced carotid atherosclerosis in asthmatic patients treated 
with inhaled corticosteroids. Eur Respir J 2010;36:503-8.

21.  Tok A, Sener E, Albayrak A, Cetin N, Polat B, Suleyman B, 
et al. Effect of mirtazapine on oxidative stress created in rat 
kidneys by ischemia-reperfusion. Ren Fail 2012;34:103-10.

22.  Sener MT, Sener E, Tok A, Polat B, Cinar I, Polat H, et al. 
Biochemical and histologic study of lethal cisplatin nephro-
toxicity prevention by mirtazapine. Pharmacol Rep 2012;64: 
594-602.

23.  Jensen PB, Jensen LJ, Brunak S. Mining electronic health 
records: towards better research applications and clinical 
care. Nat Rev Genet 2012;13:395-405.

24.  Wu Y, Warner JL, Wang L, Jiang M, Xu J, Chen Q, et al. 
Discovery of noncancer drug effects on survival in electron-
ic health records of patients with cancer: a new paradigm for 
drug repurposing. JCO Clin Cancer Inform 2019;3:1-9.


