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Abstract

Background: Diarrhea, a common symptom of gastrointestinal infections, can lead to severe complications and is a major cause
of emergency department (ED) visits.

Objective: This study explored the temporal association between internet search queries for diarrhea and its synonyms and ED
visits for diarrhea-related symptoms.

Methods: We used data from the National Emergency Department Information System (NEDIS) and NAVER (Naver Corporation),
South Korea’s leading search engine, from January 2017 to December 2021. After identifying diarrhea synonyms using ChatGPT,
we compared weekly trends in relative search volumes (RSVs) for diarrhea, including its synonyms and weekly ED visits. Pearson
correlation analysis and Granger causality tests were used to evaluate the relationship between RSVs and ED visits. We developed
an Autoregressive Integrated Moving Average with Exogenous Variables (ARIMAX) model to further predict these associations.
This study also examined the age-based distribution of search behaviors and ED visits.

Results: A significant correlation was observed between the weekly RSV for diarrhea and its synonyms and weekly ED visits
for diarrhea-related symptoms (ranging from 0.14 to 0.51, P<.05). Weekly RSVs for diarrhea synonyms, such as “upset stomach,”
“watery diarrhea,” and “acute enteritis,” showed stronger correlations with weekly ED visits than weekly RSVs for the general
term “diarrhea” (ranging from 0.20 to 0.41, P<.05). This may be because these synonyms better reflect layperson terminology.
Notably, weekly RSV for “upset stomach” was significantly correlated with weekly ED visits for diarrhea and acute diarrhea at
1 and 2 weeks before the visit (P<.05). An ARIMAX model was developed to predict weekly ED visits based on weekly RSVs
for diarrhea synonyms with lagged effects to capture their temporal influence. The age group of <50 years showed the highest
activity in both web-based searches and ED visits for diarrhea-related symptoms.
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Conclusions: This study demonstrates that weekly RSVs for diarrhea synonyms are associated with weekly ED visits for
diarrhea-related symptoms. By encompassing a nationwide scope, this study broadens the existing methodology for syndromic
surveillance using ED data and provides valuable insights for clinicians.

(J Med Internet Res 2025;27:e65101) doi: 10.2196/65101
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Introduction

The primary causes of admission to emergency departments
(EDs) in South Korea [1] and the United States [2] are
“gastroenteritis and colitis of infectious and unspecified origin.”
Diarrhea, a common symptom of gastrointestinal infections,
can lead to severe dehydration and hypovolemic shock [3]. The
Global Burden of Disease Study reports approximately 2.39
billion annual cases of diarrhea worldwide, resulting in
approximately 480,000 deaths among children younger than 5
years in 2019 [4].

The internet is a critical tool for analyzing health
information–seeking behaviors, including those related to
diarrhea [5]. Web-based surveillance tools effectively analyze
human behavior [6], gauge disease prevalence [7-11], and
forecast infectious disease outbreaks [12,13]. Previous
applications of artificial intelligence (AI) models in public health
surveillance used models that analyzed data from various
sources, including electronic health records, social media, and
travel data, to predict future incidences of respiratory infections,
such as COVID-19 and influenza, but not gastrointestinal
infections [14]. Gastrointestinal symptoms, such as abdominal
pain, diarrhea, and vomiting, are indicators for identifying
symptom outbreaks and monitoring public health trends [15].
However, many symptoms related to diarrhea have been
overlooked, and identifying appropriate keywords for
gastrointestinal symptoms remains challenging [9,16].

Many studies have explored large language models and their
applications in gastrointestinal diseases. However, only a limited
number of studies have focused on monitoring gastrointestinal
symptoms through web-based surveillance [17,18].
Advancements in AI have shown that large language models
such as OpenAI’s ChatGPT can understand human language
and address health-related research problems. Compared to
traditional expert-driven or systematic review–based methods
[17-19], ChatGPT is particularly well-suited for generating
synonyms, as it is trained on large-scale natural language data
and can recognize colloquial, idiomatic, and context-specific
expressions commonly used by the general public [20-22]. This
capacity enables the generation of search terms that more
accurately reflect how individuals describe symptoms in
real-world web-based searches. This study aimed to investigate
the association between real-time data on diarrhea-related
symptoms obtained from the National Emergency Department
Information System (NEDIS) and relative search volumes
(RSVs) of diarrhea and its synonyms on NAVER, South Korea’s
most widely used search engine. By examining these
relationships, the study seeks to enhance the potential of

web-based surveillance for predicting gastrointestinal outbreaks
and informing ED resource allocation.

Methods

Data Source and Setting
The NEDIS was established in 2003 under the Emergency
Medical Service Act to assess the quality of care delivered in
EDs across South Korea [23]. Data from each patient visit is
automatically transmitted from the visited EDs to a central
government server within 2 to 14 days after the patient leaves
the ED or hospital [24]. The transmitted data includes patient
demographics (sex, age, and insurance type), primary
complaints, vital signs, triage details, ED visit outcomes, and
diagnosis codes according to the Korean Standard Classification
of Diseases and Causes of Death 7th edition [25,26]. Between
January 2017 and December 2021, the NEDIS database included
information on 420,819 ED visits for diarrhea-related symptoms.
NAVER was selected as the primary search engine for this study
not only because it is the most dominant platform in South
Korea, but also due to its overwhelming market share relative
to alternatives. NAVER accounted for approximately 70% of
the domestic search engine market, far surpassing Google,
Daum, and other platforms [9,27]. This high penetration ensures
that NAVER-based data should reflect the majority of
population-level search behaviors in Korea, thereby providing
a robust foundation for syndromic surveillance. NAVER Data
Lab offers a search term trend service that tracks the longitudinal
trend of RSVs for various topics, starting from January 2016.
RSVs were standardized, with the highest search volume for a
subject term set to 100 during a specified period [28,29],
resulting in RSVs represented as relative percentages. This study
used weekly trend data from NAVER Data Lab, identifying 4
Korean search terms for diarrhea and their synonyms based on
GPT-4 (Figure S1 and Table S1 in Multimedia Appendix 1).
This study was granted a waiver by the Institutional Review
Board of Seoul National University Hospital (IRB No
E-2406-089-1544).

Diarrhea-Related Symptoms From NEDIS Data
In the NEDIS, Unified Medical Language System (UMLS)
codes were collected for chief complaints, with up to 3
complaints recorded per visit. Based on the chief complaint, we
selected UMLS-coded symptoms indicative of diarrhea
(C0011991), acute diarrhea (C0740441), watery diarrhea
(C0239182), and vomiting with diarrhea (C0474496). Based
on the data from the NEDIS database, 420,819 visits were for
diarrhea-related symptoms between January 2017 and December
2021. The data were divided into 5 age groups to compare
searching and ED visits: 0-18 years (83,425 visits), 19-29 years
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(67,638 visits), 30-39 years (56,513 visits), 40-49 years (44,223
visits), and >50 years (169,020 visits).

Data Acquisition of Diarrhea Synonyms From NAVER
GPT-4 was used on March 5, 2024, to identify Korean synonyms
for diarrhea (Figure S1 in Multimedia Appendix 1). To identify
synonyms related to diarrhea for use in this study, we used
ChatGPT to generate an initial list of potential terms. This list
was then reviewed collaboratively by all authors, including
physicians, to ensure that the terms met the following criteria:
(1) relevance to NEDIS data: the terms needed to correspond
to chief complaints recorded in the NEDIS database; (2) RSVs
viability: each term’s weekly RSV had to consistently exceed
zero. Through this rigorous process, we selected 4 terms that
aligned with these criteria, ensuring they were both clinically
relevant and representative of real-world users’ search behavior.
A total of 3 synonyms were chosen for comparison with the ED
visits for diarrhea-related symptoms based on UMLS
codes—upset stomach, watery diarrhea, and acute enteritis. An
upset stomach involves digestive discomfort, including nausea,
bloating, pain, and diarrhea. Watery diarrhea refers to loose
liquid bowel movements with high water content. Acute enteritis
means sudden inflammation of the small intestine, typically
causing diarrhea and abdominal pain. These terms were used
to collect weekly RSVs via the NAVER API from January 2017
through December 2021 (Table S1 in Multimedia Appendix 1).
Following the guideline that acute diarrhea lasts for less than
14 days [30], we subdivided the lag times into 1- and 2-week
intervals to account for the temporal relationship between RSVs
and ED visits for acute diarrhea. To validate the synonyms
generated by ChatGPT, we compared the RSVs of the general
term “diarrhea” with those of the ChatGPT-suggested synonyms
(“upset stomach,” “watery diarrhea,” and “acute enteritis”)
during the study period. We hypothesized that valid synonyms
would exhibit similar search patterns, evidenced by strong
correlations. The analysis statistically revealed significant
correlations (ranging from 0.4 to 0.7; P<.05) using the Pearson
method, supporting the validity of these synonyms in
representing similar search behaviors.

Statistical Analyses
To compare the trends between the mean of the total weekly
RSVs, including diarrhea and its synonyms, and total weekly
ED visits for diarrhea-related symptoms, we calculated total
weekly diarrhea-related symptoms based on chief complaints.
To calculate the mean of the total weekly RSV, we averaged
weekly RSVs for diarrhea and its synonyms obtained from the
NAVER API. The correlation between weekly ED visits for
diarrhea-related symptoms and weekly RSVs for diarrhea and
its synonyms was evaluated using Pearson correlation analysis.
The Granger causality test was used to determine the temporal
relationship between weekly RSVs, 1 and 2 weeks before
weekly ED visits for diarrhea-related symptoms. An
Autoregressive Integrated Moving Average with Exogenous
Variables (ARIMAX) model was developed to predict the
associations between weekly RSV for diarrhea synonyms and
weekly ED visits for diarrhea-related symptoms. The ARIMAX
model extends the ARIMA framework by incorporating

exogenous variables to improve prediction accuracy [31]. The
model is specified as ARIMAX(p, d, q)(P, D, Q)[s], where:

• p and P denote the nonseasonal and seasonal autoregressive
orders, respectively,

• d and D represent the nonseasonal and seasonal differencing
orders, respectively,

• q and Q indicate the nonseasonal and seasonal moving
average orders, respectively, and

• s corresponds to the seasonal period.

Unlike ARIMA, ARIMAX allows for the incorporation of
external variables (exposures) to predict the outcome variable.
In this study, weekly RSV for diarrhea synonyms, including
upset stomach, watery diarrhea, and acute enteritis, were used
as exposures to predict weekly ED visits for diarrhea and watery
diarrhea as outcomes. The ARIMAX model was fitted
automatically by selecting the optimal p, d, q, P, D, Q, and s
parameters using the Hyndman-Khandakar algorithm [32]. This
algorithm first determines the appropriate degree of differencing
(d) by applying repeated KPSS (Kwiatkowski-Phillips-
Schmidt-Shin) tests within the range 0-2 [33]. It then uses a
stepwise search to find the AR and MA orders (p and q), as well
as any seasonal components (P, Q, and seasonal period s), that
minimize the Corrected Akaike Information Criterion (AICc).
The procedure begins by fitting several initial candidate models,
selects the best-performing model (lowest AICc) as the “current
model,” and iteratively refines it by adjusting model orders and
the inclusion or exclusion of a constant term. This process
continues until no further improvement in AICc is achieved,
thus identifying the final model specification. The ARIMAX
model was first fitted on each weekly RSV for diarrhea
synonyms up to 2020, to establish the association between
weekly RSVs for diarrhea synonyms and weekly ED visits for
diarrhea and watery diarrhea. Subsequently, the model was used
to forecast weekly ED visits in 2021, using RSVs for diarrhea
synonyms. The predicted values were then compared with the
observed ED visits for diarrhea and watery diarrhea to evaluate
the model's predictive performance. Accuracy metrics, including
mean absolute percentage error and symmetric mean absolute
percentage error, were calculated to quantify prediction error.
To explore the potential lagged effects of weekly RSV for
diarrhea synonyms on ED visits for diarrhea and watery
diarrhea, sensitivity analyses were conducted by introducing
lag times of 0, 1, and 2 weeks. In addition, we compared the
age group-based distribution between ED visits for
diarrhea-related symptoms and RSVs for diarrhea and its
synonyms. All reported P values were 2-sided with a type I
error threshold of α<.05, and were considered statistically
significant. Statistical analyses were performed using SAS
version 9.4 (SAS Institute) and “forecast” R packages (R
software, version 4.4.1 R Core Team) [32].

Results

In Figure 1 the total weekly ED visits for diarrhea-related
symptoms from the NEDIS and the mean of the total weekly
RSVs, including diarrhea and its synonyms from NAVER, from
January 2017 to December 2021 has been illustrated. The trend
in the mean of the total weekly RSVs, including diarrhea and
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its synonyms, closely mirrored the trend in total weekly ED
visits for diarrhea-related symptoms.

Table S2 in Multimedia Appendix 1 shows the correlation
between weekly ED visits for diarrhea-related symptoms and
weekly RSVs for diarrhea and its synonyms. Weekly ED visits
for diarrhea had a significantly higher correlation with weekly
RSVs for “upset stomach,” “watery diarrhea,” and “acute
enteritis” than with those for “diarrhea” (r=0.41, P<.001; r=0.30,
P<.001; r=0.22, P<.001, respectively, versus r=0.20, P<.001).
The weekly RSV for “upset stomach” was significantly
correlated with weekly ED visits for diarrhea at lags of 1 and 2
weeks (P<.05). For weekly RSV for “acute enteritis,” only a
2-week previous correlation was significant (P=.02). Weekly
RSV for “watery diarrhea” strongly correlated with weekly ED
visits for watery diarrhea (r=0.51, P<.001), with significant
correlations at 1 and 2 weeks before the visits (1 week previous,
P=.002; 2 weeks previous P=.009). Weekly ED visits for
vomiting with diarrhea did not show a significant correlation
with weekly RSVs, except for “upset stomach” (r=0.21, P<.001;
1 week previous, P=.04).

Weekly RSVs for “upset stomach,” “watery diarrhea,” and
“acute enteritis” appear significantly associated with weekly
ED visits for diarrhea and watery diarrhea across lag times of
0 to 2 weeks in the ARIMAX models (Table S3 in Multimedia

Appendix 1 and Figure 2). The ARIMAX models with the best
fit and smallest error metrics based on root-mean-square error
and symmetric mean absolute percentage error vary by weekly
RSVs and lag times. In weekly RSV for “upset stomach” and
weekly ED visits due to diarrhea, the best-fitting model is
ARIMAX(0,1,3; 0,0,0) [52] at Lag 2, with a coefficient of
16.215 (SE 4.813, P<.001; Figure 2A). In weekly RSV for
“watery diarrhea” and weekly ED visits due to watery diarrhea,
ARIMAX(1,0,1; 0,0,0) [52] at Lag 1 demonstrates a strong
association with a coefficient of 1.848 (SE 0.153, P<.001; Figure
2B). Similarly, association between weekly RSV for “acute
enteritis” and weekly ED visits due to watery diarrhea shows
significant lag times at Lag 1 and Lag 2 using ARIMAX(3,0,2;
0,0,0) [52], with coefficients of 1.123 (SE 0.141; P<.001) and
1.034 (SE 0.200; P<.001; Figure 2C).

In Figure 3 the age group-based distribution of RSVs for
diarrhea and its synonyms from NAVER and ED visits for
diarrhea-related symptoms from NEDIS were presented, from
January 2017 to December 2021. The age group with the highest
proportion of RSV for diarrhea and its synonyms and ED visits
for diarrhea-related symptoms was over 50 years old. The RSVs
for “diarrhea” and “upset stomach” each accounted for 26% of
total search volume, which was higher than that of other diarrhea
synonyms. In comparison, the proportions of ED visits for acute
diarrhea and watery diarrhea were 46% and 40%, respectively.

Figure 1. Trends in the total weekly emergency department visits for diarrhea-related symptoms from NEDIS and the mean weekly relative search
volumes, including diarrhea and its synonyms from NAVER, from January 2017 to December 2021. ED: emergency department; NEDIS: National
Emergency Department Information System; RSV: relative search volume.
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Figure 2. Actual values (black line), fitted values (red line), and predicted values (blue line with 95% CIs) from Autoregressive Integrated Moving
Average with Exogenous models showing the associations between weekly relative search volumes for diarrhea synonyms—upset stomach, watery
diarrhea, and acute enteritis—and weekly emergency department visits for diarrhea and watery diarrhea across lag times of 0 to 2 weeks. (A) Weekly
relative search volumes for “upset stomach” associated with weekly emergency department visits with diarrhea. (B) Weekly relative search volumes
for “watery diarrhea” associated with weekly emergency department visits with watery diarrhea. (C) Weekly relative search volumes for “acute enteritis”
associated with weekly emergency department visits with watery diarrhea. ARIMAX: Autoregressive Integrated Moving Average with Exogenous
variables; ED: emergency department; RSVs: relative search volumes.

Figure 3. Age group–based distribution of relative search volumes for diarrhea and its synonyms from NAVER and emergency department visits for
diarrhea-related symptoms from the National Emergency Department Information System, from January 2017 to December 2021. (A) National Emergency
Department Information System (B) NAVER. ED: emergency department; NEDIS: National Emergency Department Information System; RSV: relative
search volume.
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Discussion

Principal Findings
Our study, conducted from January 2017 to December 2021,
revealed significant correlations between the mean of the total
weekly RSVs, including diarrhea and its synonyms, and total
weekly ED visits for diarrhea-related symptoms. The trend in
mean total weekly RSVs closely mirrored that of the total
weekly ED visits. Notably, the correlations between weekly ED
visits and weekly RSVs were stronger for synonyms such as
“upset stomach,” “watery diarrhea,” and “acute enteritis” than
for the general term “diarrhea.” The weekly RSV for “upset
stomach” was significantly correlated with weekly ED visits
for diarrhea at lags of 1 and 2 weeks. Similarly, the weekly
RSVs for “watery diarrhea” and “acute enteritis” were
significantly correlated with ED visits for watery diarrhea at
lags of 1 and 2 weeks. However, weekly ED visits with vomiting
and diarrhea showed no significant relationship with weekly
RSVs, except those with “upset stomach.” ARIMAX models
further confirmed the lag times between weekly RSVs for
diarrhea synonyms and weekly ED visits, demonstrating strong
predictive performance across weekly RSVs and lag times.
Along with that, search engine users older than 50 years showed
the highest proportion of both RSVs and ED visits for
diarrhea-related symptoms. Among the search terms, “diarrhea”
and “upset stomach” each accounted for 26% of the total search
volume. In comparison, ED visits for acute and watery diarrhea
accounted for 46% and 40%, respectively.

Many people prefer to search the internet for health information
before visiting EDs [34]. A previous study has shown that the
relative frequency of searches for gastrointestinal symptoms,
including diarrhea, closely mirrored the changing incidences of
cases in large inpatient datasets [17]. Our findings align with
those of previous studies, indicating that search trends for
diarrhea symptoms reflect ED visit trends. Google Trends
automatically compiles search terms related to each symptom
and other related search terms; however, the exact compilation
process and methodology are not publicly disclosed. Studies in
Korea have shown that representative keywords for foodborne
diseases, such as “Seol-sa” (diarrhea) [9], can track
population-level changes in the incidence of diarrhea through
search volumes [18]. This finding supports the idea that search
engine data can be used to monitor ED visits.

Our results showed that weekly ED visits for diarrhea had a
higher correlation with weekly RSVs for diarrhea synonyms,
including “upset stomach”, “watery diarrhea”, and “acute
enteritis”, than with those for “diarrhea”. Adults suffering from
diarrhea, particularly acute forms, commonly seek medical
evaluation in EDs [35]. The criteria for acute diarrhea include
volume depletion and 6 or more stools in 24 hours, making
“watery diarrhea” a more relevant term for acute diarrhea than
chronic diarrhea [36,37]. This explains why weekly RSVs for
“watery diarrhea” are related to weekly ED visits for
diarrhea-related symptoms, as acute diarrhea requires immediate
medical evaluation [38]. Similarly, “upset stomach” and “acute
enteritis” can be the terms used for acute diarrhea, supporting
the observation that searches for these keywords precede ED

visits. In addition, acute diarrhea lasts for less than 14 days,
while diarrhea lasting more than 14 days is termed “persistent”,
and those lasting over 1 month are termed “chronic” [30]. While
vomiting episodes are typically short in duration, they do not
correlate well with internet searches conducted 1–2 weeks before
ED visits. Therefore, our results showed that weekly RSVs
indicating acute diarrhea became notable within 1–2 weeks,
whereas weekly ED visits for vomiting with diarrhea did not
show a significant relationship with weekly RSVs for diarrhea
and its synonyms. In addition, the weak or nonsignificant
correlations between weekly ED visits for vomiting with
diarrhea, and weekly RSV for diarrhea and its synonyms may
reflect a discrepancy between actual symptom presentations in
ED visits and real-world search behaviors. While patients who
visit the ED with “vomiting with diarrhea” are experiencing
both symptoms concurrently, most internet users tend to search
for only one dominant symptom at a time rather than enter
queries that combine multiple symptoms [39]. As a result,
compound search phrases that include both vomiting and
diarrhea are rarely used, which may lead to lower relative search
volumes and weaker correlations with ED visit data, despite
their clinical relevance.

A previous study conducted in Germany reported that
individuals aged 36-55 years were the most active users of
search engines for health-related information, while those older
than 56 years demonstrated the lowest levels of engagement
[40]. In contrast, South Korea exhibits one of the highest internet
penetration rates globally, including among older adults, with
more than 90% of individuals aged 50 years and older using
the internet as of 2021. Recent national statistics show that
70.2% of Korean internet users search for health and medical
information, with comparable rates among men (70.7%) and
women (69.7%). Age-stratified data further indicate that
individuals in their 30s had the highest rate of health
information-seeking (80.3%), followed closely by those in their
40s (79.9%), 50s (78%), and 60s (75.7%) [41]. This upward
trend in digital engagement among older adults is supported by
previous research showing a narrowing digital health divide
and increasing internet use for health-related purposes in older
populations [42,43]. In the context of our study, individuals
older than 50 years not only exhibited the highest frequency of
diarrhea-related ED visits but also demonstrated the highest
levels of related web-based search activity. This may be
attributable to 2 converging factors: the higher symptom burden
in this age group and their growing reliance on internet-based
health resources. Whereas younger adults are more inclined to
seek health information through social media platforms [42],
older adults tend to prefer structured, one-way sources such as
search engines, further reinforcing their visibility in search
volume data.

The overlap of our study period with the early phase of the
COVID-19 pandemic (2020-2021) may have influenced both
internet search behavior and ED usage patterns. During this
time, public awareness of gastrointestinal symptoms, some of
which overlap with COVID-19 manifestations, may be
heightened due to widespread media coverage and health
messaging. This may have led to increased search volume for
symptom-related terms such as “diarrhea” or “upset stomach,”
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even in the absence of actual illness, thereby introducing
potential noise into search trends [44]. Furthermore, studies
have shown that many individuals delayed or avoided ED visits
for non–COVID-19 conditions due to fear of infection or
changes in health care access during the pandemic [45,46].
These behavioral shifts may have altered the typical relationship
between symptom occurrence, web-based search activity, and
clinical visits. As such, caution is warranted when interpreting
our results from the pandemic period, as search and health care
usage behaviors were likely atypical during this time.

Limitations
Our study has several limitations. First, RSVs may not fully
capture the motivations behind individual searches, as users
may be influenced by seasonal trends, media coverage, or
general health concerns rather than actual symptoms. While
social media platforms like YouTube are increasingly used by
younger populations for health-related information, our study
could not incorporate such data due to limitations in available
sources. Furthermore, potential confounding factors such as
pandemics or public health campaigns were not controlled for.
Nevertheless, previous research supports that individuals often
turn to search engines early in the symptom experience,
suggesting that, despite these limitations, RSVs remain a
valuable proxy for monitoring population-level health trends
when interpreted cautiously. Along with that, NAVER is the
dominant search engine in South Korea; our findings may not
be directly generalizable to other regions where different
platforms are more commonly used. However, the underlying
methodology—leveraging AI-generated symptom synonyms
and analyzing their temporal relationship with health
outcomes—can be adapted to platforms. Future cross-platform
comparative studies are warranted to examine the consistency
and reliability of search behavior across different sociotechnical
contexts. In addition, the study does not account for potential
misspellings or alternative phrasings, which could have resulted
in underestimating actual search volumes. These factors may
have affected the comprehensiveness of the data and the overall
accuracy of the findings. Second, using ChatGPT carries the
risk of providing incorrect information, exhibiting algorithmic
bias, and perpetuating biases present in its training data [21,47].
Nevertheless, GPT-4 demonstrated higher response validity
than other AI chatbots, with a correct answer rate of 82.2% in
medical knowledge, indicating its potential utility in medical
education [48,49]. This study used search terms suggested by
ChatGPT, rather than relying solely on scientific MeSH
(Medical Subject Headings) terms, to include a wide range of
potential search terms. ChatGPT uses a large language model
and the deep learning architecture developed by OpenAI to
search across an immense collection of real-time data and is
designed to respond to natural language queries with almost
identical words used by general people [22]. To address this
issue, we assembled a multidisciplinary team comprising AI
data scientists, epidemiologists, and a medical doctor as
coauthors for our study, fostering thorough discussions to
guarantee a balanced and thorough analysis of the data. Third,
the NEDIS database includes data from only 40% of EDs (211
out of 522), primarily large urban hospitals [50]. This coverage
may introduce a bias toward urban populations,

underrepresenting rural and smaller health care facilities. Patient
populations in rural areas tend to be older, with higher rates of
chronic conditions, which could result in different health-seeking
behaviors and diagnostic patterns compared to urban populations
[51]. In addition, rural EDs often rely on general emergency
physicians who may operate with few diagnostic resources and
less specialized equipment. These disparities could influence
the accuracy and completeness of data reported to NEDIS.
Consequently, the findings of this study may not fully reflect
health care usage trends in rural areas or smaller health care
facilities. Fourth, the 4-year gap between the data collection
period (2017–2021) and manuscript submission (2024) reflects
the rapidly evolving nature of digital health-seeking behaviors.
The emergence and widespread use of large language models,
such as ChatGPT, may have altered how individuals search for
health information on the web. As conversational AI tools
become more prevalent, future studies should investigate how
these shifts affect search engine usage patterns. While our
findings remain relevant for understanding pre-AI behaviors,
longitudinal comparisons with post-AI data could enhance
digital surveillance approaches. Fifth, the COVID-19 pandemic
has profoundly influenced health care usage and public health
awareness. Behaviors such as an increased reliance on
telemedicine, a heightened focus on infectious disease
symptoms, and a greater public familiarity with digital health
solutions have altered the generalizability of findings based on
pre- and early-pandemic data. However, as the pandemic
subsided, public interest in digital health solutions and symptom
searching did not sustain at peak levels, potentially impacting
the applicability of pre-2024 search patterns to current contexts
[44,52].

Despite these limitations, our study provides empirical evidence
supporting the utility of ChatGPT-generated search terms in
identifying colloquial synonyms that are not captured by MeSH
terms. By demonstrating strong correlations between the RSVs
of these terms, we highlight ChatGPT’s potential to complement
traditional search term generation methodologies in health
informatics. This approach addresses the limitations of
traditional methods, including Google Trends studies, which
often rely on static and predefined keywords. By contrast, our
approach uses ChatGPT to dynamically adapt to changes in
search behaviors and emerging terms. This not only reduces the
reliance on manual efforts but also ensures that the selected
terms are reflective of diverse and evolving search behaviors.
In addition, we incorporated a validation process using RSV
data to ensure the generated terms were both relevant and
representative of real-world users’ search behaviors. By
demonstrating significant correlations and timely associations
between specific diarrhea-related search terms and ED visits,
the study validates the potential of AI to enhance symptom
surveillance. Moreover, our analyses of the age-based
distribution of search engine users and ED visitors provide
valuable demographic insights, highlighting which age groups
are most likely to seek health information on the web and require
medical care. Unlike global platforms such as Google, NAVER
reflects local cultural and linguistic nuances, making it
particularly well-suited for capturing region-specific search
behaviors [53]. In addition, our study offers insights into how
internet-based syndromic surveillance may help address both
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the digital divide and rural underrepresentation in public health
data. Rural populations often face limited access to broadband,
digital tools, and clinical infrastructure, which can hinder both
their web-based health engagement and inclusion in clinical
surveillance systems [54]. However, symptom search data from
NAVER can serve as a supplementary data stream, particularly
in areas where ED data are incomplete or unavailable [55]. In
addition, by using ChatGPT to generate colloquial and culturally
relevant synonyms, our study enhances the inclusivity of
web-based surveillance. Previous research has shown that
laypeople, especially those in older or rural populations, often
use nonstandard language to describe symptoms [56].
ChatGPT’s ability to capture such expressions increases the
sensitivity of surveillance models across linguistic and
educational divides.

Conclusions
The study demonstrates that the RSVs for diarrhea synonyms
such as “watery diarrhea,” “upset stomach,” and “acute enteritis”
are significantly associated with ED visits for diarrhea-related
symptoms. These findings suggest that web search trends can
effectively serve as an early indicator for increased ED visits,
offering a valuable tool for real-time syndromic surveillance.
For clinicians, this methodology can be integrated into daily
practice to anticipate surges in diarrhea-related cases. By
monitoring search volumes for these key terms, health care
providers can better allocate resources, prepare for potential
outbreaks, and inform patient care strategies before an uptick
in physical visits occurs. Furthermore, this approach is adaptable
across different languages and countries by leveraging the
leading search engines in respective regions, making it a
promising tool for global health monitoring.
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