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Background: Nonsteroidal anti-inflammatory drugs (NSAID) are currently among the most prescribed medications worldwide to 
relieve pain and reduce inflammation, especially in patients suffering osteoarthritis (OA). However, NSAIDs are known to have 
adverse effects on the gastrointestinal system. If a gastric ulcer occurs, planned OA treatment needs to be changed, incurring ad-
ditional treatment costs and causing discomfort for both patients and clinicians. Therefore, it is necessary to create a gastric ulcer 
prediction model that can reflect the detailed health status of each individual and to use it when making treatment plans.
Methods: Using sample cohort data from 2008 to 2013 from the National Health Insurance Service in South Korea, we developed 
a prediction model for NSAID-induced gastric ulcers using machine-learning algorithms and investigated new risk factors associ-
ated with medication and comorbidities.
Results: The population of the study consisted of 30,808 patients with OA who were treated with NSAIDs between 2008 and 
2013. After a 2-year follow-up, these patients were divided into two groups: without gastric ulcer (n=29,579) and with gastric ulcer 
(n=1,229). Five machine-learning algorithms were used to develop the prediction model, and a gradient boosting machine (GBM) 
was selected as the model with the best performance (area under the curve, 0.896; 95% confidence interval, 0.883–0.909). The 
GBM identified 5 medications (loxoprofen, aceclofenac, talniflumate, meloxicam, and dexibuprofen) and 2 comorbidities (acute 
upper respiratory tract infection [AURI] and gastroesophageal reflux disease) as important features. AURI did not have a dose-re-
sponse relationship, so it could not be interpreted as a significant risk factor even though it was initially detected as an important 
feature and improved the prediction performance.
Conclusions: We obtained a prediction model for NSAID-induced gastric ulcers using the GBM method. Since personal prescrip-
tion period and the severity of comorbidities were considered numerically, individual patients’ risk could be well reflected. The 
prediction model showed high performance and interpretability, so it is meaningful to both clinicians and NSAID users. 
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Nonsteroidal anti-inflammatory drugs (NSAIDs) have 
been widely used to relieve pain, reduce inflammation, 
and lower the temperature of patients with osteoarthritis 
(OA).1) NSAIDs were proven to be very effective short-
term painkillers; specifically, the treatment group showed 
15.6% of pain relief compared to the placebo group within 
12 weeks.1) 

NSAIDs block the production of prostaglandins 
by inhibiting the two cyclooxygenase enzymes, cyclo-
oxygenase-1 (COX-1) and cyclooxygenase-2 (COX-2).2) 
Prostaglandins are key factors in many cellular processes, 
such as gastrointestinal cytoprotection, hemostasis and 
thrombosis, inflammation, renal hemodynamics, turnover 
of cartilage, and angiogenesis.2) NSAIDs are classified ac-
cording to their COX selectivity as non-selective NSAIDs 
and COX-2 selective NSAIDs.2) 

Lots of side effects have been reported for NSAIDs, 
many of which can be explained by these pharmacologi-
cal mechanisms.3) Gastrointestinal and cardiovascular side 
effects, which account for a large proportion of them, can 
be life-threatening.4-9) In particular, gastrointestinal side 
effects are known to occur in 10% to 60% of patients tak-
ing NSAIDs, and gastric or duodenal ulcers are known 
to occur in 20% to 30% of patients.10) Additionally, seri-
ous complications such as severe bleeding, perforation, 
and obstruction in patients with peptic ulcers occur in 
approximately 1% to 2% of patients.11) Taking into consid-
eration the characteristics of NSAIDs and patient risk fac-
tors, making appropriate prescriptions and ensuring good 
management are required to avoid high medical expenses 
and high mortality.11,12) To sum up, NSAIDs are commonly 
used for OA patients and biologically proven to induce 
gastric ulcers. Therefore, we regarded NSAIDs as a main 
risk factor for gastric ulcers in OA patients. 

Several studies have highlighted the risk factors for 
NSAID-induced peptic ulcers such as a history of peptic 
ulcer, high-dose NSAIDs, concomitant antiplatelet agents, 
anticoagulants, or corticosteroids.3,6,11) Patients with these 
risk factors are recommended to use COX-2 selective 

NSAIDs or non-selective NSAIDs in combination with 
gastrointestinal protective agents (such as proton pump 
inhibitors, H2 receptor antagonists, or misoprostol).3) 

In South Korea, 87.7% of arthritis patients took 
NSAIDs 3 months or more, and 47.2% of them took high 
doses.13) Considering the large proportion of the elderly 
in OA patients, long-term use of high-dose NSAIDs may 
greatly increase the possibility of gastric ulcers. If a gastric 
ulcer occurs, planned OA treatment needs to be changed, 
which incurs additional treatment costs and causes dis-
comfort for both patients and clinicians. Therefore, it is 
necessary to create a gastric ulcer prediction model that 
can reflect the detailed health status of each individual and 
to use it when making treatment plans. In summary, the 
gastric ulcer prediction enables prevention of unnecessary 
drug use and reduction of medical costs.

This study was divided into two main parts. First, 
we developed an NSAID-induced gastric ulcer prediction 
model using machine-learning (ML)-based algorithms. 
Second, we tried to discover risk factors among individual 
comorbidities during patient hospital visits and medica-
tion adherence during the observation period, controlling 
for covariates such as established risk factors, socioeco-
nomic variables, and Charlson comorbidity index (CCI).

METHODS
The protocol of the study was approved by the Institu-
tional Review Board of Seoul National University and 
was conducted in accordance with research ethics (No. 
E2011/003-002). In addition, the data used in this study 
were officially provided by National Health Insurance Ser-
vice (NHIS) after obtaining approval from NHIS Review 
Committee of Research Support (No. NHIS-2021-2-093).

Data Source
The NHIS is a health insurance program, and approxi-
mately 96% of the total population of South Korea are 
enrolled in the NHIS. Therefore, with the cohort provided 
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by NHIS public health researchers and policy makers with 
representatives, universally useful information regarding 
citizens’ utilization of health insurance and health exami-
nations could be generated.

This study used data from the NHIS National 
Sample Cohort (NHIS-NSC), a population-based cohort 
established by the NHIS. The NHIS-NSC was constructed 
based on data from the entire South Korean population 
collected in 2002. The NHIS-NSC contains approximately 
one million subscribers to the NHIS and the Medical Aid 
program extracted using stratified sampling methods in 
2002, comprising approximately 2% of all Koreans. NHIS-
NSC 1.0 comprises information from 2002 to 2013 (12-
year cohort), while NHIS-NSC 2.0 is extended to 2015 (14-
year cohort). A 14-year cohort (2002–2015) of the NHIS-
NSC 2.0 was tracked in terms of socioeconomic variables 
(residence location, year and month of death, and income 
level) and medical treatment details (health examinations 
and medical care history). Diseases in the NHIS-NSC 2.0 
are registered using the sixth edition of the Korean Clas-
sification of Disease, which was modified from the Inter-
national Classification of Disease, Tenth Revision (ICD-10) 
for use by the NHIS and medical care institutions in South 
Korea.

Study Population
This was a population-based and retrospective cohort 
study in Korea. We focused on patients with OA that were 
treated with NSAIDs, and we developed models to predict 
NSAID-induced gastric ulcers. We chose 2008 to 2013 as 
the index date, with a 1-year washout period for NSAIDs 
and a 2-year follow-up period for each patient (Fig. 1).

First, OA patients (ICD-10: M15-19) treated with 
NSAIDs and with at least the Anatomical Therapeutic 
Chemical (ATC) code of NSAIDs between 2008 and 2013 
were selected (n = 191,565). Next, previous NSAID users 
who had prescription records within 1 year of the index 
date were excluded (n = 152,012). We also excluded pa-
tients with any history of gastric cancer, ankylosing spon-
dylitis, and psoriatic arthritis during the washout period 
(n = 1,703).14) In addition, patients who died during the 
follow-up period (n = 3,298) and patients under 20 years 
of age (n = 3,735) at the index date were also excluded. 
Finally, 30,808 patients were used to train and validate the 
ML algorithms of the prediction model (Fig. 2).

Definition and Modeling Strategy
Patients with gastric ulcer diseases (GUD) were diagnosed 
with gastric ulcer (ICD-10: K25) using upper gastrointesti-
nal endoscopy (operational code of upper gastrointestinal 
endoscopy: E7611). The input features for the prediction 

1 yr + 1 yr + 2 yr

Diagnosis date of OA treated with
NSAIDs during 2008 2013

(= index date)

Washout period for NSAIDs

History of
comorbidity & medication

Follow-up ( 2 + yr or event date) Fig. 1. Observation period (follow-up 
year) and washout period for this study. 
OA: osteoarthritis, NSAID: nonsteroidal 
anti-inflammatory drug.

191,565 OA patients treated with
NSAIDs from 2008 to 2013

30,808 OA patients treated with
NSAIDs for at least once during

2008 2013

1,229 NSAIDs-induced
gastric ulcer (= A)

29,579 Not A

169,757 excluded
152,012 1-yr washout period

1,703 History of gastric cancer,
ankylosing spondylitis, psoriatic
arthritis

3,735 Age <20 yr
3,298 Death during follow-up period

9 Extreme outlier/missing value

Fig. 2. Flowchart of the study design.  
OA: osteoarthritis, NSAID: nonsteroidal 
anti-inflammatory drug.
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model were individual medical records, including the pa-
tient visit ratio for comorbidities and each NSAID medi-
cation adherence during the observation period. Twenty-
six types of NSAIDs, such as aceclofenac, diclofenac, and 
meloxicam, were selected and prescription periods for 
each drug within the observation period were calculated. 
To keep track of the medication records, we used medica-
tion adherence, measured by the medication possession 
ratio (MPR). Originally, the MPR measures the percent-
age of days a patient was given the medication during the 
observation period.15) Similarly, adherence of each NSAID 
was defined as follows: 

In addition, the patient visit ratio, the severity of 
each disease, and time from the index date to the event 
date or the end of the follow-up period was calculated 
for 12 comorbidities. All diagnostic records (ICD-10) 
were grouped by the first three digits, which indicate the 
main disease category. Detailed codes for each disease are 
shown in Table 1. The patient visit ratio for comorbidities 
was defined as follows:

The numeric value of each dimension represents the 
total number of occurrences of a specific code between 
the index date and the event date divided by the follow-up 
days. Before developing the prediction model, covariates 
that could cause a serious bias to the outcome variable 
must be controlled. Therefore, 1:1 propensity score match-
ing was performed on the training group. Covariates were 
divided into three parts: socioeconomic variables, well-
known risk factors, and CCI. Age, sex, and socioeconomic 
status at the time of the index date were considered as vari-
ables indicating the basic demographic characteristics of 
the patients. Income level and NHIS insurance type were 
used as socioeconomic variables. Income level ranged 
from 0 to 10. The lower the level, the weaker the socioeco-
nomic status. The NHIS insurance types were categorized 
as insured employees, insured self-employed individuals, 
and medical aid beneficiaries. All variables representing 
demographic characteristics are required to be in the con-
trolled covariates because they may act as confounders in 
the analysis. Risk factors for NSAID-related peptic ulcers 
include a previous history of peptic ulcer and concomi-
tant use of corticosteroids, anticoagulants, and antiplatelet 
agents. Patients with a previous history of peptic ulcer, 
including gastric and duodenal ulcers within the washout 
period, were defined as those with a diagnosis of the fol-
lowing codes (ICD-10: K25-28). The study population (n 
= 30,808) was randomly stratified into 75% training and 
25% test groups, and propensity score matching of socio-

Table 1. Detailed ICD-10 Codes for Comorbidities

Disease ICD code

Diabetes mellitus E10-E14

Dyslipidemia E78

Angina pectoris I20

Myocardial infarction I21-I23

Stroke I60-I69

End stage renal disease N18

Chronic obstructive pulmonary disease J44

Cirrhosis K74

Hypertension I10

Gastroesophageal reflux disease K21

Acute upper respiratory infection J00-J06

Mental and behavioral disorders F00-F99

ICD-10: International Classification of Disease, Tenth Revision.

Table 2.  The Number of Prescriptions for 10 Most Frequently 
Prescribed Anti-ulcer Agents in the Whole Study Popula-
tion

Medication No. (%)

Ranitidine 12,221 (11.2)

Cimetidine 12,016 (11.1)

Rebamipide 11,462 (10.6)

Almagate 11,013 (10.2)

Artemisiae Argyi Folium 95% ethanol extract (20→1) 9,693 (9.0)

Alibendol 8,915 (8.0)

Levosulpiride 8,002 (7.4)

Mosapride 5,870 (5.4)

Itopride 2,946 (2.7)

Trimebutine 2,538 (2.3)

Only anti-ulcer drugs prescribed on the same day as nonsteroidal anti-
inflammatory drugs were counted.

∑ Prescribed days of medicine

Total observation time

∑ Days of visiting hospital due to comorbidity

Total observation time
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economic variables, existing risk factors, and CCI was per-
formed in the training group with a ratio of 1:1 for GUD 
and non-GUD subjects. 

The use of anti-ulcer agents was not considered 
a covariate. In our data, 27,619 people (90%) were pre-
scribed NSAIDs and gastroprotective agents simultane-
ously, which indicates almost everyone used gastropro-
tective drugs prophylactically when taking NSAIDs. 
Statistically, it means the presence of multi-collinearity, 
and such imbalanced data can degrade the model perfor-
mance.16) Gastroprotective agents were defined as Korean 
Drug Classification codes 232, 233, 234, 235, 236, 237, 
238, and 239.17) Detailed prescription frequencies for anti-
ulcer agents are shown in Table 2.

Machine Learning
For this study, 38 features (variables), including 12 comor-
bidities and 26 types of NSAIDs, were available from the 
NHIS-NSC for model development. To predict the occur-
rence of NSAID-induced gastric ulcers, we applied five 
machine learning algorithms: logistic regression (LR), sup-
port vector machine (SVM), random forest (RF), gradient 
boosting machine (GBM), and eXtreme Gradient Boost-
ing (XGBoost). 

LR is a statistical model fitting the logistic curve to 
the data.18) LR is highly interpretable and computationally 
fast. However, it is vulnerable to multi-collinearity and 
requires large samples.18) SVM conducts classification by 
drawing boundaries between classes that maximize the 
distance between the boundary and classes.19) This can ef-
fectively perform a non-linear classification, but it is very 
complex and learning speed is slow.19) RF is an ensemble-

based method that operates based on several different 
decision trees.18) This is robust against noise and overfit-
ting, but is computationally intensive.18) GBM is also an 
ensemble-based method that uses small (shallow) trees.20) 
It is computationally less intensive than RF, but hyperpa-
rameter tuning is more difficult.20) XGBoost is another 
version for GBM in which the regularization method is 
added.21) However, still there are weaknesses related to 
tree-based algorithms, such as difficulty in interpretation. 
In summary, the advantages and disadvantages of each 
machine learning algorithm are very distinct, and those 
models were applied to find the best fit.

Data were split into train and test sets to minimize 
overfitting problems. The train data were used for devel-
oping the prediction model, and the test data were used 

Table 3.  Baseline Characteristics of GUD and Non-GUD Patients 
before Matching

Variable Non-GUD  
(n = 29,579)

GUD  
(n = 1,229) p-value

Age (yr) 55.44 ± 14.91 58.91 ± 13.59 < 0.001

Sex  0.428

   Male 12,803 (0.43.3) 546 (44.4)

   Female 16,776 (0.56.7) 683 (55.6)

Insurance type  0.153

   Self-employed 10,405 (35.2) 414 (33.7)

   Insured 18,087 (61.1) 758 (61.7)

   Medical aid 1,087 (3.7) 57 (4.6)

Income  0.644

   Low (0–2)  5,535 (18.7) 239 (19.4)

   Middle (3–6)  9,416 (31.8) 377 (30.7)

   High (7–10) 14,628 (49.5) 613 (49.9)

Risk factor

   Past PUD history 2,518 (8.5) 316 (25.7) < 0.001

   Corticosteroid     7 (0.02) 0  0.589

   Anticoagulants  147 (0.5) 10 (0.8)  0.146

   Antiplatelets 1,150 (3.9) 81 (6.6) < 0.001

  CCI 0.51 ± 0.94 0.96 ± 1.41 < 0.001

Values are presented as mean ± standard deviation or number (%). 
p-values were generated by two-sample t-tests for numerical variables, 
and chi-square or Fisher’s exact tests for categorical variables.
GUD: gastric ulcer disease, PUD: peptic ulcer disease, CCI: Charlson 
comorbidity index.

Fig. 3. Flowchart of the model evaluation strategy. GUD: gastric ulcer 
disease.

30,808 Study population

Random stratified sampling by event

23,106 Train group (75%)

22,201
Non-GUD

905 GUD

1:1 Propensity score
matching by covariates

Training group for
model development

7,702 Test group (25%)

Test group to
evaluate performance

7,378
Non-GUD

324 GUD
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for model evaluation.19) A flowchart of the model develop-
ment for our study is shown in Fig. 3.

Feature Selection, Cross-validation, and Visualization
Feature selection for the development of the gastric ulcer 
prediction model was performed by using the recursive 
feature elimination method. Feature selection tends to re-
duce computational costs and create a high-quality model. 
Model performance was evaluated by using 10-fold cross-
validation (CV). Ten-fold CV randomly divides the dataset 
into 10 subsets with the same or similar number of events. 
Then, nine subsets were used as train sets, and the other 
was used as a test set. The performance was measured by 
combining the results from 10 test sets, and the model 
with the best performance was determined.

In addition, feature importance and the direction 
for the selected features were visualized. We considered a 
partial dependence plot because feature importance could 

not accurately explain the direction of each variable’s effect 
on the outcome.22) In summary, feature selection and CV 
were for obtaining high predictability, and visualizing was 
for high interpretability.

Statistical Analysis
In this study, the comparison of continuous variables be-
tween the two groups was performed using a two-sample 
t-test with mean and standard deviation. Comparisons of 
categorical variables between the two groups were assessed 
using the chi-square or Fisher’s exact test and expressed as 
numbers and percentages. Drug adherence and medica-
tion frequency (the number of hospital visits for prescrip-
tions) were also compared between GUD and non-GUD 
groups.

The performance of the learning model developed 
using the ML algorithm was evaluated using the area un-
der the curve (AUC) of the receiver operating character-

Table 4. Baseline Characteristics of GUD and Non-GUD Patients for Training and Test Groups

Training group Test group

Non-GUD (n = 905) GUD (n = 905) p-value Non-GUD (n = 7,378) GUD (n = 324) p-value

Age (yr) 59.81 ± 13.4 59.11 ± 13.35 0.296 55.44 ± 14.8 58.2 ± 14.44 0.001

Sex 1 0.492

   Male 421 (46.5) 414 (45.7) 3,160 (42.8) 132 (40.7)

   Female 484 (53.5) 491 (54.3) 4,218 (57.2) 192 (59.3)

Insurance type 0.594 0.307

   Self-employed 290 (32.0) 309 (34.1) 2,560 (34.7) 105 (32.4)

   Insured 576 (63.6) 555 (61.3) 4,561 (61.8) 203 (62.7)

   Medical aid 290 (4.3) 41 (4.5) 257 (3.5) 16 (4.9)

Income 0.955 0.198

   Low (0–2) 163 (18.0) 168 (18.6) 1,354 (18.4) 71 (21.9)

   Middle (3–6) 286 (31.6) 284 (31.4) 2,367 (32.1) 93 (28.7)

   High (7–10) 456 (50.4) 453 (50.1) 3,657 (49.6) 160 (49.4)

Risk factor

   Past PUD history 242 (26.7) 242 (26.7) 1 628 (8.5) 74 (22.8) < 0.001

   Corticosteroid 0 0 - 2 (0) 0 1

   Anticoagulants 8 (0.9) 8 (0.9) 1 43 (0.6) 2 (0.6) 1

   Antiplatelets 64 (7.1) 68 (7.5) 0.786 272 (3.7) 13 (4.0)  0.878

CCI 0.84 ± 1.2 0.90 ± 1.32 0.417 0.50 ± 0.91 0.95 ± 1.42 < 0.001

Values are presented as mean ± standard deviation or number (%). Baseline characteristics for the train group were derived after propensity score 
matching. p-values were generated by two-sample t-tests for numerical variables, and chi-square or Fisher’s exact tests for categorical variables.
GUD: gastric ulcer disease, PUD: peptic ulcer disease, CCI: Charlson comorbidity index.
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istic analysis. In addition, basic epidemiological indices, 
such as sensitivity, specificity, positive predicted value 
(PPV), and negative predicted value (NPV), were calcu-
lated. Statistical significance was set at p < 0.05. All devel-
opment techniques were performed using the R software 
(ver. 3.3.3, R Foundation for Statistical Computing).

RESULTS
Baseline Characteristics of Study Population
This study included 30,808 patients after the exclusion 
process using specific criteria. The subjects were divided 
into GUD and non-GUD groups. Baseline characteristics 
of the 30,808 subjects before covariates matched by the 
propensity score matching method are presented in Table 3.

As all the covariates were categorical variables, ex-
cept age and CCI, the frequencies were summarized with 
these variables, and the descriptive statistics (mean and 
standard deviation) were summarized for age and CCI 
variables. The proportion of women was higher than that 
of men; however, there were no significant differences 
between the two groups (p = 0.428). Similarly, other so-
cioeconomic variables showed no significant difference 
between the two groups. In contrast, age, well-known risk 
factors, and CCI were significantly different between the 
two groups. The mean age of the GUD group (58.91 ± 
13.59) was significantly higher than that of the non-GUD 
group (55.44 ± 14.91, p < 0.001). Among the risk factors, 
patients with a history of peptic ulcers and concomitant 
use of antiplatelet agents were significantly different be-
tween the two groups (p < 0.001). In the non-GUD group, 
the proportion of patients with a history of peptic ulcer 
was 8.5%, whereas it was 25.7% in the GUD group (p < 
0.001). For antiplatelet drugs, the GUD group recorded a 
2.7% higher rate than the non-GUD group, and the differ-
ence was statistically significant (p < 0.001). 

Table 4 summarizes the baseline characteristics after 
propensity score matching of the training group and test 
group. The characteristics of the matched training group 
differed from those of the former training group. All co-
variates, including age, risk factors, and CCI, were evenly 
distributed between the two groups. In the test group, the 
prevalence of gastric ulcer was 4.2%, and significant dif-
ferences in age, past peptic ulcer disease history, and CCI 
existed between the two groups.

Performance of the Prediction Models
The GBM algorithm-based prediction model was selected 
as the best predictive model among the five ML algorithms 
(AUC, 0.896; 95% confidence interval [CI], 0.883–0.909). 
Table 5 and Fig. 4 show the performance of the respective 
algorithms with seven significant features after recursive 
feature selection. LR was found to have the worst classifi-
cation prediction performance at 0.636 (95% CI, 0.608–

0.25 0.50 0.75

1.00

0.75

0.50

0.25

1.00

S
e
n
s
it
iv

it
y

1-Specificity

0

GBM
LR
RF
SVM
XGBoost

Model

Fig. 4. Receiver operating characteristic curves comparing the area under 
the curve of each model. GBM: gradient boosting machine, LR: logistic 
regression, RF: random forest, SVM: support vector machine, XGBoost: 
eXtreme Gradient Boosting.

Table 5. Comparison of Model Performance to Predict NSAID-Induced Gastric Ulcer

Type AUC (95% CI) Sensitivity Specificity PPV NPV

LR 0.636 (0.608–0.663) 0.452 0.820 0.101 0.972

SVM 0.637 (0.609–0.664) 0.568 0.712 0.078 0.974

RF 0.862 (0.844–0.880) 0.886 0.839 0.195 0.994

GBM 0.896 (0.883–0.909) 0.944 0.847 0.214 0.997

XGBoost 0.893 (0.878–0.908) 0.923 0.863 0.201 0.996

After recursive feature selection, model performance was evaluated. 
NSAID: nonsteroidal anti-inflammatory drug, AUC: area under the curve, CI: confidence interval, PPV: positive predicted value, NPV: negative predicted 
value, LR: logistic regression, SVM: support vector machine, RF: random forest, GBM: gradient boosting machine, XGBoost: eXtreme Gradient Boosting.
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0.663). Overall, tree-based classification prediction models 
such as RF, GBM, and XGBoost performed significantly 
better than other models like LR and SVM.

The sensitivity and specificity of the GBM model 
were 0.944 and 0.847, respectively, indicating the screening 
ability of the prediction model. The sensitivity is higher 
than specificity in tree-based prediction models; in con-
trast, the opposite is true for the other models. PPV and 
NPV were 0.214 and 0.997, respectively, for the developed 
GBM model. In addition, other prediction models also 
showed a high NPV of > 0.97.

Table 6 presents the results of verifying whether 
there is a significant difference between the derived predic-
tion models. It can be confirmed that GBM is a significant-
ly better model as compared to other models, except XG-
Boost, which has similar model performance (p = 0.103). 
In addition, the performances of the LR and SVM models 
were similar, with no statistically significant difference.

Important Features
Seven important features were selected in the GBM model, 
and the number of important features and the combina-
tions which generate the best performance were chosen 
with a CV procedure. The patient visit ratios for acute up-
per respiratory tract infection (AURI) and gastroesopha-
geal reflux disease (GERD) and medication adherence 
for loxoprofen, aceclofenac, talniflumate, meloxicam, and 
dexibuprofen were selected as key variables, and their ef-
fect sizes are shown in Fig. 5. This indicates that these 
seven variables were highly associated with the occurrence 
of gastric ulcers. Five NSAIDs, selected as important fea-
tures, were also frequently used by the patients considered 
in this study. Meloxicam showed no significant difference 
in medication frequency, but represented a statistically sig-
nificant difference in medication adherence between the 
two groups (Table 7). 

Risk Factors 
Fig. 6 shows the incidence of gastric ulcers tended to in-
crease when the severity of the comorbidity (GERD) or 
the medication adherence (loxoprofen, aceclofenac, talni-
flumate, meloxicam, and dexibuprofen) increased despite 
non-smooth curves generated by the small sample sizes. 
AURI did not have a dose-response relationship, and it 
could not be interpreted as a significant risk factor even 
though it was initially detected as an important feature and 
improved the prediction performance. Finally, six factors, 
loxoprofen, aceclofenac, talniflumate, meloxicam, dexibu-
profen, and GERD, were found to be definite risk factors 
in terms of causality.

DISCUSSION
This study was based on representative Korean popula-
tion using data obtained from a well-established national 
cohort. Risk prediction models based on individual medi-

Table 6. The p-values for Testing the AUC in the Comparative Study of Two Diagnostic Tests

Model LR SVM RF GBM XGBoost

LR 1 0.592 < 0.001 < 0.001 < 0.001

SVM  0.592 1 < 0.001 < 0.001 < 0.001

RF < 0.001 < 0.001 1 < 0.001 < 0.001

GBM < 0.001 < 0.001 < 0.001 1 0.103

XGBoost < 0.001 < 0.001 < 0.001 0.103 1

p-values were generated by the Delong test.
AUC: area under the curve, LR: logistic regression, SVM: support vector machine, RF: random forest, GBM: gradient boosting machine, XGBoost: eXtreme 
Gradient Boosting.
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Fig. 5. Feature importance of seven variables in the best prediction 
model (gradient boosting machine). AURI: acute upper respiratory tract 
infection, GERD: gastroesophageal reflux disease.
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cal records can be easily implemented in medical practice, 
and we believe that our results are applicable to the general 
Korean population. NSAID-induced gastric ulcers are pre-
dictable, and individual patients could reduce their risks 
by modifying medication adherence and managing associ-
ated comorbidities. The prediction model proposed in this 
study was derived from a variety of candidate predictors, 
including the period of using NSAIDs and the severity of 
coexisting diseases during the observation period, while 
controlling for socioeconomic variables, established risk 
factors, and CCI. We developed a model for predicting 
the occurrence of NSAID-induced gastric ulcers and con-
structed a model that is most suitable for the patient by 
comparing the performance of all the models considered 
in this study using the AUC value. The results of this study 
confirmed that the ML-based prediction model could ac-
curately predict disease occurrence based on individual 
patient’s medical records. Other risk factors, including 
clinical measurement indices such as BMI and cholesterol, 
were not considered in this study because these indices 

could not represent the real-time status around the event 
date because of limitations of administrative data.

There are several distinctive features for the pro-
posed method in this study. First, the previous investiga-
tion focused on the severe gastric ulcer with bleeding,23,24) 
and we built a prediction model for an overall gastric ulcer. 
Second, NSAIDs are painkillers and their prescription pe-
riods differ by the degrees of symptoms. In order to reflect 
the dose-response relationship, the prescription day at 
the continuous scale was considered as a predictor. Third, 
hospital visit ratios for coexisting diseases were calculated 
and included as a measure of the severity of comorbidities. 
Such distinctiveness may allow us to obtain the prediction 
model with the best performance for NSAID-induced gas-
tric ulcers using population-based big data.

The results of this study revealed that the GBM 
algorithm had the best prediction performance (AUC, 
0.896; 95% CI, 0.883–0.909). In addition, loxoprofen, 
aceclofenac, talniflumate, meloxicam, dexibuprofen, and 
GERD were found to be significant risk factors. In this 

Table 7. Characteristics of NSAID Medication Frequency and Medication Adherence between GUD and non-GUD groups

Medication

Frequency of medication Medication adherence

Non-GUD  
(n = 22,201)

GUD  
(n = 905) p-value

Non-GUD  
(n = 22,201)

GUD  
(n = 905) p-value

Number (%) Probability

Aceclofenac 16,344 (55.3)  572 (46.5) < 0.001 0.021 0.054 < 0.001

Loxoprofen 14,360 (48.6)  439 (35.7) < 0.001 0.009 0.016 < 0.001

Talniflumate 11,286 (38.2)  371 (30.2) < 0.001 0.007 0.012 0.000

Meloxicam 9,115 (30.8)  399 (32.5) 0.220 0.014 0.048 < 0.001

Dexibuprofen 8,465 (28.6)  253 (20.6) < 0.001 0.003 0.007 0.002

Zaltoprofen 3,447 (11.7) 121 (9.9) 0.052 0.002 0.005 0.178

Ibuprofen 2,621 (8.9) 68 (5.5) < 0.001 0.001 0.001 0.142

Mefenamic 2,379 (8.0) 71 (5.8) 0.004 0.001 0.001 0.322

Celecoxib 2,034 (6.9) 101 (8.2) 0.070 0.007 0.013 0.035

Nabumetone 1,809 (6.1) 70 (5.7) 0.547 0.003 0.013 0.103

Morniflumate 1,347 (4.6) 53 (4.3) 0.691 0.001 0.006 0.033

Etodolac 918 (3.1) 26 (2.1) 0.049 0.001 0.001 0.203

Naproxen 774 (2.6) 17 (1.4) 0.007 0.000 0.001 0.604

Diclofenac 614 (2.1) 19 (1.6) 0.200 0.001 0.002 0.165

Piroxicam 289 (1.0) 11 (0.9) 0.774 0.000 0.001 0.305

NSAID: nonsteroidal anti-inflammatory drug, GUD: gastric ulcer disease.
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Fig. 6. Partial dependence plots for acute upper respiratory tract infection 
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the best prediction model (gradient boosting machine). 
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study, aceclofenac and meloxicam were known to be risk 
factors for gastric ulcer, and these medications were found 
to possibly cause upper gastrointestinal side effects in a 
previous study.25) Therefore, it seemed that the prediction 
model and risk factors developed in this study were reli-
able. However, in the PPVs of this study, the percentage of 
patients with a positive test for disease was lower than the 
sensitivity and specificity because of the imbalance of the 
outcome variable.

We used ML algorithms with excellent performance 
and investigated new risk factors. In our analysis, the 
proposed prediction model was developed based on indi-
vidual medical records and validated using a test group, 
and the proposed model showed excellent performance. 
We expect this study can contribute to the prediction of 
NSAID-induced gastric ulcers using patient-level medical 
information.

However, this study has a few limitations. First, we 
were unable to obtain many concomitant cases of NSAIDs 
owing to the small sample size of the NHIS-NSC. There-
fore, it was difficult to identify a significant correlation 
between the medications. Further studies using a full 
nationwide dataset are required to consider the correla-
tion between medications. Second, specific and accurate 
information about the gastric ulcer status could only be 
obtained by gastric endoscopy and other clinical charac-
teristics. To overcome this issue, we tried to utilize individ-
ual data as close to real-time as possible when performing 
predictive modeling. Although the NHIS-NSC data also 
include health screening data, it was insufficient to reliably 
utilize the data because the measurement period deviation 
from the onset of gastric ulcer or the end of the observa-
tion point varied depending on the patient. Therefore, it 
seems that it will be possible to construct a more accurate 

model for predicting gastric ulcer events using electronic 
medical records and lab data to fit each patient’s character-
istics.26-28) In addition, gastrointestinal endoscopy images, 
helicobacter pylori test values, and numerical data based 
on electronic medical records could also be proficient in 
future studies. 

In this study, we developed a high-quality predic-
tion model for NSAID-induced gastric ulcers, taking into 
account drug adherence and severity of comorbidities as 
well as known risk factors. This result indicates the practi-
cal value of the proposed method for both patients and 
clinicians, and it helps us to decrease the medical burden 
on our NSAID-induced gastric ulcers.
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