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Monitoring OTC drug sales for
early detection of respiratory
infectious disease outbreaks

Junjie Lit, Chen Wu?, Kui Liu!, Qinbao Lu?, Xinyi Wang?,
Zheyuan Ding?, Tianying Fu?, Xuefeng Jiang?* and
Haocheng Wu'*

Zhejiang Provincial Center for Disease Control and Prevention, Hangzhou, Zhejiang, China, ?Pinghu
Center for Disease Control and Prevention, Pinghu, China

Background: In recent years, over-the-counter (OTC) drug sales have emerged
as a novel indicator for symptom monitoring, attracting widespread attention
in public health research globally. This study conducted weekly monitoring
of five OTC drug categories related to fever respiratory system diagnostic
cluster (FRSDC) — antitussive/expectorant drugs, cold medications, antibiotics,
pungent and cool exterior-relieving agents, and influenza medicine — in Pinghu
City, Zhejiang Province, from 2022 to 2024. Concurrently, weekly FRSDC cases
from Pinghu First People’'s Hospital were collected.

Methods: Spearman correlation analysis was used to quantify associations
between OTC sales and FRSDC cases, while decision tree models evaluated the
reliability of OTC data for early prediction of FRSDC trends.

Results: Results showed significant positive correlations between all five OTC
drugs and FRSDC cases, with synchronous seasonal peaks in winter and spring
(Spearman'’s correlation coefficients ranged from 0.36 to 0.80, all p value <
0.0001). Even when OTC drug sales preceded FRSDC cases by one or two weeks,
strong correlations persisted (Spearman'’s correlation coefficients ranged from
0.28 to 0.79, p value < 0.0001). Decision tree analysis revealed that combining
antitussive/expectorant drugs and influenza medications effectively predicted
FRSDC epidemics with 83.33% accuracy (adjusted p value < 0.05).

Conclusion: These findings suggest that monitoring OTC drug sales may serve
as a useful early warning indicator for FRSDC, potentially aiding public health
response and resource planning.

KEYWORDS

symptom monitoring, OTC drug sales, fever respiratory system diagnostic cluster,
early detection, early warning

1 Introduction

Winter-spring fever with respiratory diseases (FRDs) threaten public health, but
traditional surveillance has lags between symptom reporting and diagnosis—making timely
monitoring critical for early alerts (1, 2). Pharmaceutical sales monitoring, an innovative
approach used since the 1990s, has key gaps: few studies focus on county-level FRDs
surveillance via over-the-counter (OTC) drug sales, and no research validates OTC sales as an
early warning indicator for fever respiratory system diagnostic cluster (FRSDC) (3). FRSDC,
a standardized grouping of cases with both acute infection (body temperature >37.3 °C or
<36.0 °C, abnormal white blood cell counts or abnormal leukocyte distribution) and
respiratory symptoms (e.g., sore throat, cough, dyspnea).

Pinghu City, situated along the East China Sea coast within the Yangtze River Delta’s prime
economic zone. It administers six towns and three subdistricts, with a permanent resident
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population of 697,000 by 2024 (4). The abrupt temperature drops in
autumn and winter usher in a peak period for infectious disease
incidence (5). In 2022, Coronavirus Disease 2019 (COVID-19)
dominated respiratory disease in Pinghu. By 2023, respiratory
infections presented a complex landscape of multi-pathogen
involvement. The year 2024 saw pertussis and influenza emerge as the
primary respiratory ailments in the region (6). But lacking a robust
early monitoring system, hindering medical resource allocation (7, 8).

During the early stages of symptom onset or disease progression,
patients often seek self-treatment by purchasing medications from
pharmacies. This leads to a significant surge in the sales volume of
disease-specific symptomatic drugs compared to usual levels, enabling
earlier warnings about potential disease outbreaks (9, 10). However, not
all infectious diseases are amenable to early warning through
pharmaceutical sales monitoring. Generally, it is applicable to respiratory
infectious diseases such as influenza, which are characterized by distinct
infectious features, a high proportion of mild cases, and widespread
public awareness of appropriate medication use (11, 12). The monitored
drugs should also be commonly used by the public, affordable, and
widely available in the market (12). Additionally, the distribution of
monitored pharmacies should be extensive, with attention paid not only
to their quantity but also to the population they serve (13).

Fever represents the body’s most common immune response to
infection, and the respiratory tract, as an organ system directly connected
to the external environment, is a frequent source of infectious fever (14).
OTC drugs, which consumers can purchase directly from pharmacies
without a doctor’s prescription, are diverse in variety, with clear and
broad indications. They are often characterized by high safety profiles,
ease of use, and minimal side effects (15). However, the role of OTC drug
sales monitoring in predicting the epidemic intensity of FRSD in Pinghu
City remains poorly understood. From 2022 to 2024, we continuously
collected confirmed cases of FRSDC from Pinghu First People’s Hospital
every week, aiming to explore the correlation strength between the sales
volume of related OTC drugs and the epidemic trend of FRSDC.

Spearman correlation analysis can effectively assess the strength
of association between OTC drug sales and FRSDC, while revealing
any monotonic trends between them (16). As a tree-structured
machine learning algorithm, the decision tree is commonly used to
address classification or regression problems (17). It recursively
performs optimal division of input features, gradually splitting the
dataset into subsets of increasing purity, and ultimately uses “leaf
nodes” to represent decision outcomes and “internal nodes” to
represent feature judgment conditions (18). Decision trees play a vital
role in public health fields such as disease diagnosis and prediction of
infectious disease epidemic characteristics (19, 20). Therefore, this
study combined Spearman correlation analysis with decision trees to
explore the strength of association between OTC drug sales in Pinghu
pharmacies and FRSDC at the First People’s Hospital of Pinghu, and
to evaluate the reliability of using OTC drug sales for early monitoring
and warning of disease occurrence and epidemics.

Abbreviations: OTC, over-the-counter; FRSDC, fever respiratory system diagnostic
cluster; SARS, severe acute respiratory syndrome; COVID-19, coronavirus disease
2019; FRDs, fever with respiratory diseases; ROC, receiver operating characteristics;

Cl, confidence interval; AUC, the area under the ROC curve.

Frontiers in Public Health

10.3389/fpubh.2025.1661753

2 Materials and methods

2.1 Geographical information and
infectious disease overview of Pinghu City

Pinghu City, in northeast Zhejiang’s Yangtze River Delta, borders
Shanghai north and Hangzhou Bay south. A national top 100 county
(called “Golden Pinghu”) with developed economy, it covers 557 sq.
km (land) and 1,070 sq. km (sea), administering 6 towns and 3
subdistricts. By end-2024, its registered population was 519,000 and
permanent resident population 697,000.

In terms of infectious disease trends: Pinghu’s 2022 febrile
respiratory diseases were mainly COVID-19 (emerged in March, no
severe/fatal cases by Dec) and influenza (high in July, mostly type A;
Jiaxing’s influenza-like cases rose then). Pinghu had a respiratory
disease surge in winter 2023, with more pediatric outpatient/
emergency visits and acute respiratory infections in Dec; China saw
influenza as main respiratory disease, plus rhinovirus, Mycoplasma
pneumoniae, etc. In 2024, influenza was weaker than 2023 (due to
warm winter) and onset earlier.

2.2 Data collection

Weekly data, encompassing OTC drug sales and FRSDC cases,
were collected in alignment with the standard Gregorian calendar
week. Each week was defined as the period from Monday to Sunday,
and this cycle was consistently applied throughout the entire study
period to ensure temporal consistency of the data. From 2022 to 2024,
weekly cases of FRSDC that met the criteria of this study were selected
from the outpatient, emergency, and inpatient departments of the First
People’s Hospital of Pinghu (including admission records, medical
course records, and discharge records) through logical calculation or
structured keyword extraction. Meanwhile, weekly sales data of OTC
drugs related to FRSDC in Pinghu were continuously and
systematically collected over the 3 years via the database of pharmacy
online sales platforms.

2.3 Definition of OTC drugs

OTC drugs are medications that consumers can purchase directly
from pharmacies without a doctor’s prescription. This study
continuously collected the weekly sales volumes of five OTC drugs
closely related to FRSDC in all pharmacies (including independent
pharmacies, chain pharmacies and franchise pharmacies) within the
jurisdiction of Pinghu City from 2022 to 2024 through the
“Yunyaotong Digital-Intelligent Dual Map system of Pinghu
Municipal Bureau of Market Supervision and Administration” These
categories include antitussive/expectorant drugs, cold medications,
antibiotics, pungent and cool exterior-relieving agents (often used to
disperse wind-heat and relieve exterior syndromes), and influenza
medications. However, OTC sales data is susceptible to confounding
factors, including seasonal and climatic variations, public health
awareness, and pharmacy promotional activities.

Antitussive drugs refer to medications that reduce or suppress
coughing by inhibiting the cough reflex center or blocking the cough
reflex arc. Expectorant drugs are those that promote sputum excretion
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by thinning mucus, reducing sputum viscosity, or enhancing ciliary
movement in the respiratory tract. Cold medications are mostly
compound preparations, commonly used to relieve various symptoms
caused by the common cold or influenza (e.g., fever, headache, nasal
congestion, runny nose, cough, sore throat). Their core role is to
alleviate discomfort and improve quality of life; however, they do not
directly kill viruses or cure colds, functioning as symptomatic
treatments. Antibiotics are a class of chemical substances produced by
microorganisms (such as bacteria, fungi, and actinomycetes) or
synthesized artificially, which treat infectious diseases by inhibiting or
killing the growth and reproduction of pathogenic microorganisms.
Pungent and cool exterior-relieving agents are formulations primarily
composed of cooling, exterior-releasing herbs (e.g., mint, mulberry
leaves, chrysanthemum, and bupleurum). They function to dispel
wind-heat, relieve exterior symptoms, and clear internal heat.
Influenza medications are drugs used for the prevention and treatment
of acute respiratory diseases caused by influenza viruses (e.g., types A,
B, and C). Their core role is to inhibit viral replication, relieve
symptoms, and reduce the risk of complications.

2.4 Diagnostic definition of FRSDC

For inclusion in this study, FRSDC cases were defined as patients
who met both of the following two criteria concurrently:

Clinical symptoms of acute infection (patients must present with
at least one of the following): @ fever (body temperature >37.3 °C); ®
abnormal white blood cell count (either elevated or decreased) or
abnormal leukocyte distribution; ® elevated C-reactive protein (CRP)
levels; @ chills; ® hypothermia (body temperature < 36.0 °C).

Clinical symptoms of respiratory diseases (patients must present
with at least one of the following): ©® pharyngeal discomfort, dry
throat, or sore throat; @ nasal congestion or rhinorrhea; ® obvious
congestion and edema of the nose mucosa, pharynx, or larynx; @
cough (new onset or exacerbated); ® dyspnea; ® abnormal breath
sounds on auscultation (e.g., moist rales, dry rales, wheezing, or
dullness); @ chest pain.

2.5 Spearman’s correlation and decision
tree

Spearman’s correlation, also referred to as Spearman’s rank
correlation coefficient, is a non-parametric statistical method. It
quantifies the strength and direction of the monotonic relationship
between two variables, making it particularly suitable for data that do
not conform to a normal distribution.

Decision trees are machine learning models based on a tree-like
structure, designed to address both classification and regression tasks.
They recursively partition features to iteratively split datasets into
subsets with increasing purity, ultimately forming a decision
framework resembling a “flowchart” Each internal node represents a
judgment on a specific feature, branches correspond to the outcomes
of these judgments, and leaf nodes denote the final decision results.

In this study, Spearman’s correlation analysis was employed to
assess the strength of the association between OTC drug sales volumes
and FRSDC cases. Additionally, decision trees were used to evaluate
the effectiveness of sales data for the five OTC drug categories in
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classifying the epidemic intensity of FRSDC, as well as their potential
for early monitoring and warning. These analyses aim to provide
insights and a theoretical basis for the rational allocation of clinical
medical resources. All data analyses in this study were conducted
using R (version 4.5.0). All statistical tests were two-tailed, with a
p-value < 0.05 considered statistically significant.

2.6 Ethical approval and informed consent

This study was approved by the Ethics Committee of Zhejiang
Provincial Center for Disease Control and Prevention and Pinghu
Center for Disease Control and Prevention. All FRSDC cases from the
First People’s Hospital of Pinghu signed the informed consent form.

3 Results
3.1 Geographical location of Pinghu City

This study used ArcGIS software to draw the geographical
location map of Pinghu City (Figure 1). As shown in Figure 1, Pinghu
City is located in the northeastern part of Zhejiang Province.

3.2 Correlation between OTC drug sales
volumes and FRSDC cases

Spearman correlation analysis was conducted to examine the
relationship between the weekly sales volume of five OTC drugs in
Pinghu pharmacies and the weekly incidence of FRSDC cases over a
three-year period (2022-2024) (Figure 2). The results revealed a
significant positive correlation between these two variables. Notably,
during the winter and spring seasons of each year, the five OTC drugs
and the FRSDC cases exhibited nearly synchronous peak periods
(Spearman’s correlation coefficients: 0.36-0.80; p < 0.0001; Figure 2;
Table 1). Additionally, similar significant positive correlations were
observed between FRSDC cases and the sales volume of five OTC
drugs one or 2 weeks in advance (Spearman’s correlation coefficients:
0.28-0.79; p < 0.0001; Supplementary Figures S1, S2; Table 1).

3.3 Efficacy of combined antitussive/
expectorant and influenza medications in
identifying FRSDC epidemic intensity

In this study, the weekly FRSDC cases from the First People’s
Hospital of Pinghu and weekly sales volume of five OTC drugs
(antitussive/expectorant drugs, cold medications, antibiotics, pungent
and cool exterior-relieving agents, and influenza medications) in
Pinghu pharmacies were collected over the period 2022-2024 years
(Figure 3). Based on the median value, the 156 weeks of FRSDC cases
were divided into two groups: 78 weeks with a high epidemic trend
(“High”) and 78 weeks with a low epidemic trend (“Low”).
Subsequently, the efficiency of using the above OTC drugs alone or in
combination to distinguish between these FRSDC epidemic trends
was evaluated. Decision trees partition data into increasingly
homogeneous subsets through hierarchical feature-based splitting,
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FIGURE 1

generated using ArcGIS software.

Specific geographical location of Pinghu City, Zhejiang Province. The specific geographical location map of Pinghu City, Zhejiang Province was
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Overall epidemic trends: weekly sales of five OTC drug categories and weekly FRSDC cases (2022-2024). Line graphs were used to, respectively,
illustrate the overall trends of weekly sales volumes of the five OTC drug categories—antitussive/expectorant drugs (A), cold medications (B),
antibiotics (C), pungent and cool exterior-relieving agents (D), and influenza medications (E)—in relation to weekly FRSDC cases from 2022 to 2024.

essentially learning the “feature-target” mapping rules inherent in the
data. These models select optimal thresholds using purity metrics
(such as Gini impurity or information entropy) to maximize the
homogeneity of resulting child nodes after each split.

Decision tree analysis of this study demonstrated that the
combined use of antitussive/expectorant drugs and influenza
medications enables relatively efficient differentiation of FRSDC
epidemic intensity, with a discrimination efficiency of 83.33%

Frontiers in Public Health

(adjusted p < 0.05), indicating statistical significance (Figure 3A;
Tables 2, 3). The decision tree constructed in this study comprises 10
nodes (including 7 terminal nodes) with antitussive/expectorant drugs
and influenza medications as independent variables. The tree has a
depth of 2 layers, with splitting terminated when the number of cases
in both parent and child nodes fell below 5 (Supplementary Table S1).

To assess the potential clinical application of antitussive/
expectorant drugs and influenza medications for differentiating the
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TABLE 1 Spearman’s correlation between the five OTC drug categories and FRSDC.

OTC drugs Drugs correspond to symptoms A week in advance Two weeks in advance
Spearman’s p* value Spearman's p* value Spearman’s p* value
coefficient coefficient coefficient

Antitussive/

0.80 1.91E-35 0.74 5.84E-28 0.63 9.74E-18
expectorant

Cold medicine 0.79 3.53E-35 0.79 2.29E—33 0.68 2.24E-21

Antibiotics 0.36 3.00E—06 0.34 1.60E—05 0.28 6.54E—04

Pungent and cool

exterior-relieving 0.66 7.83E-21 0.63 1.63E—18 0.55 3.14E-13

agents

Influenza medicine 0.69 1.41E-23 0.74 2.43E-27 0.70 2.15E-23

All p* values were calculated by Mann-Whitney U test. Significant p values were in bold.
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FIGURE 3

Efficacy of combined antitussive/expectorant drugs and influenza medications in distinguishing FRSDC epidemic intensity. (A) The decision tree
analysis demonstrated the efficiency of combining antitussive/expectorant drugs and influenza medications in identifying the epidemic intensity of
FRSDC cases at the First People’s Hospital of Pinghu. The sales volume of antitussive/expectorant drugs and influenza medications were generated a
prediction probability. ROC analysis was conducted on the discriminatory power of the above two OTC drugs in differentiating the epidemic intensity
of FRSDC cases (B). The 95% Cl of the area under the curve was calculated by logistic regression with adjusted covariates.

TABLE 2 Decision tree analysis of OTC drugs and FRSDC.

OTC drugs Single drug Correct Two drugs Correct Two drugs Correct
percentage (%) percentage (%) percentage (%)

1-Antitussive/

1 80.81 12 80.82 24 80.12
expectorant
2-Cold medicine 2 80.12 13 80.83 25 81.41
3-Antibiotics 3 66.71 14 80.80 34 76.32
4-Pungent and cool
exterior-relieving 4 74.44 15 83.33 35 73.73
agents
5-Influenza medicine 5 73.72 23 80.11 45 80.14

The bold values represent the most effective OTC drug combination and their discrimination efficiency.
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TABLE 3 Decision tree analysis of OTC drugs and FRSDC.

10.3389/fpubh.2025.1661753

OTC drugs Three Correct Three Correct Four Correct All Correct
drugs percentage drugs percentage drugs percentage drugs percentage
(VA] (%) (VA] (%)
1-Antitussive/
123 80.81 145 83.32 1,234 80.82 12,345 83.33
expectorant
2-Cold medicine 124 80.83 234 80.14 1,235 83.31
3-Antibiotics 125 83.31 235 81.41 1,345 83.30
4-Pungent and
cool exterior- 134 80.82 245 81.42 1,245 83.32
relieving agents
5-Influenza
135 83.30 345 80.13 2,345 81.42
medicine

epidemic intensity of FRSDC cases, receiver operating characteristic
(ROC) curve analysis and binary logistic regression were performed.
The area under the ROC curve (AUC) was 0.92 with a 95% confidence
interval (CI) of 0.88-0.96. Additionally, the sensitivity and specificity
were 0.81 and 0.86, respectively (p < 0.0001) (Figure 3B).

4 Discussion

From 2022 to 2024, this study collected weekly sales data for five
OTC drugs across pharmacies in Pinghu, alongside weekly confirmed
cases of FRSDC at Pinghu First People’s Hospital. Spearman
correlation analysis revealed the sales volume of five OTC drugs in
Pinghu City is closely positively correlated with the cases of FRSDC,
and the epidemic peaks of both occur almost simultaneously in winter
and spring every year. It is worth noting that the above-mentioned
correlation still exists between FRSDC cases and OTC drug sales one
or 2 weeks in advance. The decision tree further shows that the
combined application of antitussive/expectorant drugs and influenza
drugs may predict the epidemic intensity of FRSDC.

In recent years, sudden infectious diseases have frequently
emerged and spread in China (21). Notable examples include the 2003
outbreak of Severe Acute Respiratory Syndrome (SARS), the first
reported case of human infection with highly pathogenic avian
influenza (H7N9) in 2013, and the late 2019 outbreak of Coronavirus
Disease 2019 (COVID-19) (22, 23). These events have severely
threatened human health, economic development, and national
security, underscoring the urgent need for timely and sensitive
monitoring indicators to enable early prediction and warning of
infectious diseases.

Respiratory diseases caused by various pathogens tend to surge
during winter and spring, often triggered by abrupt temperature drops
(24). For respiratory infectious diseases where the public has basic
knowledge of drug treatments, most patients with early symptoms
(e.g., fever, cough, runny nose, sore throat) first seek symptomatic
relief by purchasing medications at pharmacies (25). Only when
symptoms are complex or persistent do patients typically visit
hospitals for diagnosis and treatment to avoid delayed care (26).
Common OTC drugs used to manage respiratory diseases include
antitussive/expectorant drugs, cold medications, antibiotics, pungent
and cool exterior-relieving agents, and influenza medications (27, 28).
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These drugs effectively alleviate mild to moderate symptoms such as
colds, coughs, nasal congestion, and sore throats, with well-defined
indications and high safety profiles (29). Consequently, during
outbreaks of FRDs, sales of these related OTC drugs often rise
significantly (10).

FRDs are primarily characterized by symptoms such as fever
(body temperature >37.3 °C), cough, nasal congestion, and runny
nose (30, 31). Traditional monitoring of FRDs relies on data from
outpatient, emergency, and inpatient departments of sentinel
hospitals. However, such data often lags behind the actual onset of
symptoms in the population, resulting in a lack of timeliness (32). In
contrast, OTC drug sales monitoring involves systematically and
continuously collecting and analyzing the association between drug
sales volumes and disease incidence to predict future epidemic trends
(10, 33). As an emerging symptom monitoring approach in recent
years, OTC drug sales monitoring can enable early prediction and
warning of disease outbreaks prior to the availability of confirmed
hospital case data. This advantage has garnered widespread attention
and research interest among public health scholars (11, 34, 35).

Foreign studies have documented links between OTC drug sales
and disease outbreaks. For instance, during the 1993 waterborne
cryptosporidiosis outbreak in the United States, antidiarrheal OTC
drugs in local pharmacies were sold out (36). In 1996, New York
adopted OTC drug sales as a monitoring indicator for waterborne
diseases (37). Domestically, similar patterns emerged during the initial
phase of the COVID-19 epidemic in late 2019, when antiviral drugs
(oseltamivir, ribavirin, acyclovir), antipyretic-analgesic drugs
(ibuprofen, paracetamol), antibiotics (amoxicillin, cephalosporins),
and medical supplies (masks, alcohol, disinfectants) faced widespread
shortages (38-40). Numerous studies have confirmed a significant
positive correlation between OTC drug sales volumes and the number
of hospital-confirmed cases, supporting the use of OTC sales data as
an early warning indicator for sudden infectious diseases (41-43).
However, research on leveraging drug or medical supply sales
monitoring for early warning of disease outbreaks remains limited in
China. Against this backdrop, the present study focuses on the role of
OTC drug sales in the early monitoring and warning of FRSDC.

The sales volume of OTC drugs is closely related to the epidemic
trend of infectious diseases. In the early stage of an infectious disease
outbreak, people who show early symptoms will purchase the
corresponding OTC drugs, causing the sales of specific types of OTC
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drugs to change first. A continuous multiple increase in sales for
1-2 weeks often indicates an increase in the number of infections, and
the month-on-month growth rate may also coincide with the peak of
subsequent confirmed cases. OTC drug sales monitoring involves the
continuous, systematic collection of data via pharmacy platform
databases, offering advantages such as large sample sizes, ease of
access, and straightforward quality control (44).

However, this approach has inherent limitations: it focuses solely
on drug sales information, lacks specificity, and relies on a single data
source (45). Additionally, OTC sales data are susceptible to
confounding factors, including drug inventory levels, pre-holiday/
weekend stockpiling, seasonal and climatic variations, regional
economic conditions, healthcare insurance policies, public health
awareness, age-related differences in medication use (e.g., between
children and adults), and pharmacy promotional activities (46). To
address potential biases, in addition to tracking individual drug sales
volumes, it is necessary to collect total drug sales data and calculate
the proportion of individual drugs in total sales. This helps exclude the
possibility that increased sales are driven by population growth in the
pharmacy’s service area (27). Looking ahead, OTC drug sales
monitoring should be integrated with other symptom-based
surveillance data—such as school and factory absence records, online
and hospital disease-related search queries, and prescription drug
sales in medical institutions—to enhance early monitoring and
warning of infectious diseases. In addition, the Spearman correlation
is non-causal, and decision tree models often have limitations such as
easy overfitting, sensitivity to data, and insufficient stability.

5 Conclusion

This study found that the sales volume of five OTC drugs in
Pinghu was closely and positively correlated with FRSDC cases, and
their epidemic peaks almost occurred simultaneously in winter and
spring every year. Decision tree analysis could suggest that the sales
volume of antitussive/expectorant and influenza drugs may serve as
useful indicators for monitoring the epidemic trend of FRSDC disease.
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SUPPLEMENTARY FIGURE S1

Overall epidemic trends: weekly sales of five OTC drug categories (1 week in
advance) and weekly FRSDC Cases (2022—-2024). Line graphs were used to
illustrate the overall trends of weekly sales volumes of the five OTC drug
categories—antitussive/expectorant drugs (A), cold medications (B),
antibiotics (C), pungent and cool exterior-relieving agents (D), and influenza
medications (E)—1 week in advance, in relation to weekly FRSDC cases from
2022 to 2024.

SUPPLEMENTARY FIGURE S2

Overall epidemic trends: weekly sales of five OTC drug categories (2 weeks
in advance) and weekly FRSDC cases (2022—-2024). Line graphs were used to
illustrate the overall trends of weekly sales volumes of the five OTC drug
categories—antitussive/expectorant drugs (A), cold medications (B),
antibiotics (C), pungent and cool exterior-relieving agents (D), and influenza
medications (E)—2 weeks in advance, in relation to weekly FRSDC cases
from 2022 to 2024

frontiersin.org


https://doi.org/10.3389/fpubh.2025.1661753
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://www.frontiersin.org/articles/10.3389/fpubh.2025.1661753/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fpubh.2025.1661753/full#supplementary-material

Lietal.

References

1. Jia, HX, Jiang, LE, Wang, CL, Zhang, JN, Wei, YN, Lu, JF, et al. Establishment and
application of infectious disease monitoring, early warning and disposal system.
Zhonghua Yu Fang Yi Xue Za Zhi. (2024) 58:1620-4. doi: 10.3760/
cma.j.cn112150-20231206-00407

2. Li, K, Rui, ], Song, W, Luo, L, Zhao, Y, Qu, H, et al. Temporal shifts in 24 notifiable
infectious diseases in China before and during the COVID-19 pandemic. Nat Commun.
(2024) 15:3891. doi: 10.1038/s41467-024-48201-8

3. Pelat, C, Boélle, P-Y, Turbelin, C, Lambert, B, and Valleron, A-J. A method for
selecting and monitoring medication sales for surveillance of gastroenteritis.
Pharmacoepidemiol Drug Saf. (2010) 19:1009-18. doi: 10.1002/pds.1965

4. Ni, H, Miao, ], and Chen, J. Advanced machine learning did not surpass traditional
logistic regression in first-trimester gestational diabetes mellitus prediction: a
retrospective single-center study from Eastern China. Int ] Gen Med. (2025) 18:2263-74.
doi: 10.2147/IJGM.S513064

5. Kronfeld-Schor, N, Stevenson, TJ, Nickbakhsh, S, Schernhammer, ES, Dopico, XC,
Dayan, T, et al. Drivers of infectious disease seasonality: potential implications for
COVID-19. ] Biol Rhythm. (2021) 36:35-54. doi: 10.1177/0748730420987322

6. Zheng, ], Zhang, N, Shen, G, Liang, E, Zhao, Y, He, X, et al. Spatiotemporal and
seasonal trends of class A and B notifiable infectious diseases in China: retrospective
analysis. JMIR Public Health Surveill. (2023) 9:e42820. doi: 10.2196/42820

7. Ren, H, Ling, Y, Cao, R, Wang, Z, Li, Y, and Huang, T. Early warning of emerging
infectious diseases based on multimodal data. Biosaf Health. (2023) 5:193-203. doi:
10.1016/j.bsheal.2023.05.006

8. Yang, L, Yang, ], He, Y, Zhang, M, Han, X, Hu, X, et al. Enhancing infectious
diseases early warning: a deep learning approach for influenza surveillance in China.
Prev Med Rep. (2024) 43:102761. doi: 10.1016/j.pmedr.2024.102761

9. Wakamiya, S, Morimoto, O, Omichi, K, Hara, H, Kawase, I, Koshiba, R, et al.
Exploring relationships between tweet numbers and over-the-counter drug sales for
allergic rhinitis: retrospective analysis. JMIR Form Res. (2022) 6:€33941. doi:
10.2196/33941

10. Pivette, M, Mueller, JE, Crépey, P, and Bar-Hen, A. Drug sales data analysis for
outbreak detection of infectious diseases: a systematic literature review. BMC Infect Dis.
(2014) 14:604. doi: 10.1186/512879-014-0604-2

11. Sugawara, T, Ohkusa, Y, Shigematsu, M, Taniguchi, K, Murata, A, and Okabe, N.
An experimental study for syndromic surveillance using OTC sales. Kansenshogaku
Zasshi. (2007) 81:235-41. doi: 10.11150/kansenshogakuzasshil970.81.235

12. Jackson Allen, P, and Simenson, S. Management of common cold symptoms with
over-the-counter medications: clearing the confusion. Postgrad Med. (2013) 125:73-81.
doi: 10.3810/pgm.2013.01.2607

13. Shirdel, A, Pourreza, A, Daemi, A, and Ahmadi, B. Health-promoting services
provided in pharmacies: a systematic review. ] Educ Health Promot. (2021) 10:234. doi:
10.4103/jehp.jehp_1374_20

14.Kim, TH, Hong, KJ, Shin, SD, Park, GJ, Kim, S, and Hong, N. Forecasting
respiratory infectious outbreaks using ED-based syndromic surveillance for febrile ED
visits in a Metropolitan City. Am ] Emerg Med. (2019) 37:183-8. doi: 10.1016/j.
ajem.2018.05.007

15. Wozniak-Holecka, ], Grajek, M, Siwozad, K, Mazgaj, K, and Czech, E. Consumer
behavior in OTC medicines market. Przegl Epidemiol. (2012) 66:157-60.

16. Schober, P, Boer, C, and Schwarte, LA. Correlation coefficients: appropriate use
and interpretation. Anesth Analg. (2018) 126:1763-8. doi: 10.1213/
ANE.0000000000002864

17. Chetty, M, Kenworthy, JJ, Langham, S, Walker, A, and Dunlop, WCN. A systematic
review of health economic models of opioid agonist therapies in maintenance treatment
of non-prescription opioid dependence. Addict Sci Clin Pract. (2017) 12:6. doi: 10.1186/
s13722-017-0071-3

18. Manwani, N, and Sastry, PS. Geometric decision tree. IEEE Trans Syst Man Cybern
B Cybern. (2012) 42:181-92. doi: 10.1109/TSMCB.2011.2163392

19. Costa, A, Pais, M, Loureiro, J, Stella, F, Radanovic, M, Gattaz, W, et al. Decision
tree-based classification as a support to diagnosis in the Alzheimer’s disease continuum
using cerebrospinal fluid biomarkers: insights from automated analysis. Braz J
Psychiatry. (2022) 44:370-7. doi: 10.47626/1516-4446-2021-2277

20. Bellan, SE, Eggo, RM, Gsell, P-S, Kucharski, AJ, Dean, NE, Donohue, R, et al. An
online decision tree for vaccine efficacy trial design during infectious disease epidemics:
the InterVax-tool. Vaccine. (2019) 37:4376-81. doi: 10.1016/j.vaccine.2019.06.019

21. Frost, M, Li, R, Moolenaar, R, Mao, Q, and Xie, R. Progress in public health risk
communication in China: lessons learned from SARS to H7N9. BMC Public Health.
(2019) 19:475. doi: 10.1186/512889-019-6778-1

22. Zhou, YR. HIV/AIDS, SARS, and COVID-19: the trajectory of China’s pandemic
responses and its changing politics in a contested world. Glob Health. (2024) 20:1. doi:
10.1186/5s12992-023-01011-x

23.Liu, Y, Chen, Y, Yang, Z, Lin, Y, Fu, S, Chen, J, et al. Evolution and antigenic
differentiation of avian influenza a(H7N9) virus, China. Emerg Infect Dis. (2024)
30:1218-22. doi: 10.3201/eid3006.230530

Frontiers in Public Health

10.3389/fpubh.2025.1661753

24. Chopra, KK, and Arora, VK. Changing climate and respiratory diseases. Indian |
Tuberc. (2019) 66:431-2. doi: 10.1016/}.ijtb.2019.11.010

25. Eccles, R, Boivin, G, Cowling, BJ, Pavia, A, and Selvarangan, R. Treatment of
COVID-19 symptoms with over the counter (OTC) medicines used for treatment of
common cold and flu. Clin Infect Pract. (2023) 19:100230. doi: 10.1016/j.
clinpr.2023.100230

26. Qian, G-S, and Chen, B-Y. The progress in diagnosis and treatment of respiratory
diseases. Zhonghua Nei Ke Za Zhi. (2013) 52:112-3.

27. Smith, SM, Schroeder, K, and Fahey, T. Over-the-counter (OTC) medications for
acute cough in children and adults in community settings. Cochrane Database Syst Rev.
(2014) 2014:CD001831. doi: 10.1002/14651858.CD001831.pub5

28. Gaitonde, DY, Moore, FC, and Morgan, MK. Influenza: diagnosis and treatment.
Am Fam Physician. (2019) 100:751-8.

29. Czubak, ], Stolarczyk, K, Orzel, A, Fraczek, M, and Zatonski, T. Comparison of the
clinical differences between COVID-19, SARS, influenza, and the common cold: a
systematic literature review. Adv Clin Exp Med. (2021) 30:109-14. doi: 10.17219/
acem/129573

30. Bhatt, M, Soneja, M, and Gupta, N. Approach to acute febrile illness during the
COVID-19 pandemic. Drug Discov Ther. (2021) 14:282-6. doi: 10.5582/ddt.2020.03083

31. Schmiedel, S. Infections and fever. Z Rheumatol. (2024) 83:354-62. doi: 10.1007/
$00393-024-01503-0

32. Ghimire, M, Risal, UP, and Bhandari, R. Over-the-counter medication use among
patients presenting with fever in the emergency Department in a Tertiary Care Hospital.
JNMA ] Nepal Med Assoc. (2024) 62:30-3. doi: 10.31729/jnma.8401

33. Watanabe, K. Recent social background and consumer views on over-the-counter
drugs and self-medication. Yakugaku Zasshi. (2020) 140:423-34. doi: 10.1248/
yakushi.19-00117

34.Das, D, Metzger, K, Heffernan, R, Balter, S, Weiss, D, Mostashari, E et al.
Monitoring over-the-counter medication sales for early detection of disease outbreaks—
New York City. MMWR Suppl. (2005) 54:41-6.

35. Wei, H, and Liu, Y. Research on the selection of OTC drug supply chain sales
models: based on medical insurance policy. Front Public Health. (2025) 13:1484635. doi:
10.3389/fpubh.2025.1484635

36. Mac Kenzie, WR, Hoxie, NJ, Proctor, ME, Gradus, MS, Blair, KA, Peterson, DE,
et al. A massive outbreak in Milwaukee of cryptosporidium infection transmitted
through the public water supply. N Engl ] Med. (1994) 331:161-7. doi: 10.1056/
NEJM199407213310304

37. Heffernan, R, Mostashari, E Das, D, Karpati, A, Kulldorff, M, and Weiss, D.
Syndromic surveillance in public health practice, New York City. Emerg Infect Dis.
(2004) 10:858-64. doi: 10.3201/eid1005.030646

38. Saravolatz, LD, Depcinski, S, and Sharma, M. Molnupiravir and nirmatrelvir-
ritonavir: oral coronavirus disease 2019 antiviral drugs. Clin Infect Dis. (2023)
76:165-71. doi: 10.1093/cid/ciac180

39. Lee, C-S, Wang, M, Nanjappa, D, Lu, Y-T, Meliker, ], Clouston, S, et al. Monitoring
of over-the-counter (OTC) and COVID-19 treatment drugs complement wastewater
surveillance of SARS-CoV-2. J Expo Sci Environ Epidemiol. (2024) 34:448-56. doi:
10.1038/s41370-023-00613-2

40. Zheng, Y, Liu, ], Tang, PK, Hu, H, and Ung, COL. A systematic review of self-
medication practice during the COVID-19 pandemic: implications for pharmacy
practice in supporting public health measures. Front Public Health. (2023) 11:1184882.
doi: 10.3389/fpubh.2023.1184882

41. Green, TG, Silcox, J, Bolivar, D, Gray, M, Floyd, AS, Irwin, AN, et al. Pharmacy
staff-reported adaptations to naloxone provision and over-the-counter (OTC) syringe
sales during the COVID-19 pandemic: experiences across multiple states and 2
pharmacy chains. ] Am Pharm Assoc (2003). (2024) 64:71-8. doi: 10.1016/].
japh.2023.10.014

42. Klepser, ME. Socioeconomic impact of seasonal (epidemic) influenza and the role
of over-the-counter medicines. Drugs. (2014) 74:1467-79. doi: 10.1007/
$40265-014-0245-1

43. Liu, TY, Sanders, JL, Tsui, F-C, Espino, JU, Dato, VM, and Suyama, J. Association
of over-the-counter pharmaceutical sales with influenza-like-illnesses to patient volume
in an urgent care setting. PLoS One. (2013) 8:¢59273. doi: 10.1371/journal.pone.0059273

44. Magruder, SE, Lewis, SH, Najmi, A, and Florio, E. Progress in understanding and
using over-the-counter pharmaceuticals for syndromic surveillance. MMWR Suppl.
(2004) 53:117-22.

45.Csoke, E, Landes, S, Francis, MJ, Ma, L, Teotico Pohlhaus, D, and
Anquez-Traxler, C. How can real-world evidence aid decision making during the life
cycle of nonprescription medicines? Clin Transl Sci. (2022) 15:43-54. doi: 10.1111/
cts. 13129

46. Schifano, F, Chiappini, S, Miuli, A, Mosca, A, Santovito, MC, Corkery, JM, et al.
Focus on over-the-counter drugs’ misuse: a systematic review on antihistamines, cough
medicines, and decongestants. Front Psych. (2021) 12:657397. doi: 10.3389/
fpsyt.2021.657397

frontiersin.org


https://doi.org/10.3389/fpubh.2025.1661753
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://doi.org/10.3760/cma.j.cn112150-20231206-00407
https://doi.org/10.3760/cma.j.cn112150-20231206-00407
https://doi.org/10.1038/s41467-024-48201-8
https://doi.org/10.1002/pds.1965
https://doi.org/10.2147/IJGM.S513064
https://doi.org/10.1177/0748730420987322
https://doi.org/10.2196/42820
https://doi.org/10.1016/j.bsheal.2023.05.006
https://doi.org/10.1016/j.pmedr.2024.102761
https://doi.org/10.2196/33941
https://doi.org/10.1186/s12879-014-0604-2
https://doi.org/10.11150/kansenshogakuzasshi1970.81.235
https://doi.org/10.3810/pgm.2013.01.2607
https://doi.org/10.4103/jehp.jehp_1374_20
https://doi.org/10.1016/j.ajem.2018.05.007
https://doi.org/10.1016/j.ajem.2018.05.007
https://doi.org/10.1213/ANE.0000000000002864
https://doi.org/10.1213/ANE.0000000000002864
https://doi.org/10.1186/s13722-017-0071-3
https://doi.org/10.1186/s13722-017-0071-3
https://doi.org/10.1109/TSMCB.2011.2163392
https://doi.org/10.47626/1516-4446-2021-2277
https://doi.org/10.1016/j.vaccine.2019.06.019
https://doi.org/10.1186/s12889-019-6778-1
https://doi.org/10.1186/s12992-023-01011-x
https://doi.org/10.3201/eid3006.230530
https://doi.org/10.1016/j.ijtb.2019.11.010
https://doi.org/10.1016/j.clinpr.2023.100230
https://doi.org/10.1016/j.clinpr.2023.100230
https://doi.org/10.1002/14651858.CD001831.pub5
https://doi.org/10.17219/acem/129573
https://doi.org/10.17219/acem/129573
https://doi.org/10.5582/ddt.2020.03083
https://doi.org/10.1007/s00393-024-01503-0
https://doi.org/10.1007/s00393-024-01503-0
https://doi.org/10.31729/jnma.8401
https://doi.org/10.1248/yakushi.19-00117
https://doi.org/10.1248/yakushi.19-00117
https://doi.org/10.3389/fpubh.2025.1484635
https://doi.org/10.1056/NEJM199407213310304
https://doi.org/10.1056/NEJM199407213310304
https://doi.org/10.3201/eid1005.030646
https://doi.org/10.1093/cid/ciac180
https://doi.org/10.1038/s41370-023-00613-2
https://doi.org/10.3389/fpubh.2023.1184882
https://doi.org/10.1016/j.japh.2023.10.014
https://doi.org/10.1016/j.japh.2023.10.014
https://doi.org/10.1007/s40265-014-0245-1
https://doi.org/10.1007/s40265-014-0245-1
https://doi.org/10.1371/journal.pone.0059273
https://doi.org/10.1111/cts.13129
https://doi.org/10.1111/cts.13129
https://doi.org/10.3389/fpsyt.2021.657397
https://doi.org/10.3389/fpsyt.2021.657397

	Monitoring OTC drug sales for early detection of respiratory infectious disease outbreaks
	1 Introduction
	2 Materials and methods
	2.1 Geographical information and infectious disease overview of Pinghu City
	2.2 Data collection
	2.3 Definition of OTC drugs
	2.4 Diagnostic definition of FRSDC
	2.5 Spearman’s correlation and decision tree
	2.6 Ethical approval and informed consent

	3 Results
	3.1 Geographical location of Pinghu City
	3.2 Correlation between OTC drug sales volumes and FRSDC cases
	3.3 Efficacy of combined antitussive/expectorant and influenza medications in identifying FRSDC epidemic intensity

	4 Discussion
	5 Conclusion

	References

