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ABSTRACT

Background: Influenza and dengue are high-impact infectious diseases that continue to challenge health systems 

worldwide. Their control depends on identification of viral transmission patterns, but also on understanding human 

choices, including vaccine uptake, personal protection, and adherence to guidance. Classical reporting mechanisms, 

although reliable, often provide delayed or incomplete pictures of population behavior. In recent years, alternative infor-

mation streams, such as online searches, social platforms, and mobile-based tools have been explored as rapid proxies 

to capture preventive actions and community sentiment. This systematic review synthesizes evidence on the use of un-

conventional data to monitor preventive behaviors for influenza and dengue, assessing their validity, opportunities, and 

limitations, to determine whether they can enhance conventional surveillance and provide timelier behavioral insights. 

Methods: We performed a systematic review of the literature, according to PRISMA standards. Multiple databases 

(PubMed/MEDLINE, Scopus, EMBASE and PsycInfo) were queried. Eligible studies employed unconventional dig-

ital traces to capture prevention-related behaviors in the context of influenza or dengue. Extracted items included 

data source, infectious diseases explored, behavioral outcome and principal conclusions. 

Results: From 5,448 records, 44 articles met inclusion criteria. 33 studies addressed influenza vaccination interest 

and protective measures, 9 dengue-related prevention behaviors, and 2 both diseases. Internet search activity and 

microblogging platforms were most frequently used. Approaches ranged from straightforward frequency tracking to 

advanced predictive algorithms. Several studies demonstrated that these data sources could anticipate behavioral 

shifts ahead of official statistics; however, validation was inconsistent and representativeness remained a recurrent 

concern.
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Discussion: Unconventional data sources offer valuable potential to complement established monitoring systems, 

providing faster signals and broader situational awareness. Nonetheless, their utility is constrained by biases in 

digital participation, vulnerability to misinformation, and lack of standardized evaluation. When validated and ethi-

cally applied, such data can enrich prevention monitoring and strengthen behavioral intelligence for public health 

decision-making.
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Introduction

Infectious diseases remain a persistent global health 
challenge, particularly in the context of urbanization, 
global mobility, and climate change (1). Seasonal influ-
enza, a major contributor to annual respiratory morbidity 
and mortality, is estimated to cause up to 1 billion cases 
and 650,000 deaths worldwide each year (2). Dengue, by 
contrast, is a rapidly spreading arboviral infection, with 
transmission established in over 100 countries and nearly 
half the global population at risk, accounting for up to 
390 million annual infections, of which 96 million have 
clinical manifestations (3,4). Both diseases illustrate the 
dual need to monitor not only pathogen circulation but 
also the behaviors that determine exposure, prevention, 
and control. Conventional epidemiological surveillance, 
based on clinical, laboratory, and sentinel reporting, re-
mains the foundation of public health decision-making. 
Yet these systems are often constrained by time lags, 
underreporting, and resource demands, particularly in 
low and middle-income countries (5,6). To complement 
them, the field of digital epidemiology has emerged, 
leveraging unconventional data sources such as internet 
search queries, social media streams, wearable sensors 
and mobile applications (7). These sources, generated 
continuously and at scale, can provide near real-time in-
sights into disease dynamics and public sentiment at a 
population level, potentially reducing delays inherent 
in traditional reporting (8). While early work in digital 
epidemiology focused on forecasting case counts, most 
famously through platforms such as Google Flu Trends, 
a growing body of research has shifted attention toward 
behavioral determinants of epidemics (9). Behaviors such 
as vaccine uptake, vector control practices, mask use and 
information-seeking can critically influence transmission 
trajectories (10). Importantly, the COVID-19 pandemic 

underscored how misinformation, trust in institutions 
and risk perception can shape adherence to public health 
measures, thereby altering outbreak dynamics inde-
pendently of viral biology (11–13). Understanding and 
monitoring these behavioral patterns is thus as vital as 
tracking infections themselves.

Influenza and dengue provide complementary con-
texts in which to examine this question. Influenza, with 
its seasonal recurrences and established vaccination strat-
egies, highlights challenges of monitoring immunization 
intent and coverage. Dengue, a mosquito-borne infection 
with strong ecological and climatic drivers, underscores 
the importance of surveillance of vector-control behaviors 
and population awareness. Together, they exemplify how 
unconventional data might be harnessed to strengthen 
preparedness and response. This systematic review syn-
thesizes evidence on the use of unconventional data to 
monitor preventive behaviors for influenza and dengue. 
By assessing their validity, opportunities, and limitations, 
the review aims to inform whether such data streams can 
augment conventional systems, providing public health 
authorities with faster and richer behavioral insights. 
The work is conducted within the framework of the 
BEHAVE-MOD (Behavioral Modeling for Epidemic 
Decision Support) project, which seeks to develop a sus-
tainable system for integrating real-time behavioral data 
into predictive models to enhance the timeliness and ac-
curacy of epidemic responses. The review was supported 
by the INF-ACT Cascade Open Call for Research, 
Node 4 (CUP I83C22001810007).

Methods

This systematic literature review was conducted 
in accordance with the Preferred Reporting Items for 
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Systematic Reviews and Meta-Analyses (PRISMA) 
2020 (14). The review protocol was developed earlier 
and registered in the International Prospective Regis-
ter of Systematic Reviews (PROSPERO; registration 
number: CRD42024612121).

Search strategy

For the current systematic review, a comprehen-
sive literature search was conducted across PubMed/
MEDLINE, Scopus, EMBASE and PsycInfo on 9 
November 2024. The search strategy incorporated 
three key elements: unconventional data (and syno-
nyms), preventive behaviors (and synonyms) and the 
abovementioned infectious diseases, influenza and 
dengue (and synonyms). Relevant keywords, including 
both MeSH terms and Title/Abstract terms, were used 
in combination with the Boolean operators ‘AND’ and 
‘OR’ and ‘NOT’. The search strategy was first designed 
for PubMed/MEDLINE and then modified to suit 
Scopus, EMBASE, and PsycInfo databases. The full 
search strategy is detailed in Table S1. The reference 
lists of the included studies were manually reviewed to 
find any potentially relevant articles that might have 
been missed earlier. No time restrictions were applied.

Inclusion and exclusion criteria

Table S2 shows a detailed description of the in-
clusion criteria, defined according to the PICOS 
framework (Population, Intervention, Comparator, 
Outcome, Study design). Only studies involving un-
conventional ways to collect data on preventive behav-
ior towards influenza and dengue were included. No 
restrictions were applied regarding geographic location 
or demographic characteristics. Only original studies 
written in English in international and peer-reviewed 
scientific journals, with available full text and without 
any date filter, were considered eligible.

Study selection

All identified records were first imported into 
the Rayyan platform for reference management and 
removal of duplicates (15). The screening was in two 
phases: first, two couples of reviewers independently 
and blindly assessed titles and abstracts with Rayyan to 
identify potential studies (AA and GER, GC and RC). 
Then, full texts of selected articles were retrieved and 

evaluated twice, in blind, for final eligibility. Any dis-
crepancies between reviewers were discussed to reach 
consensus; when disagreements could not be resolved, 
a third reviewer was consulted. The selection process 
was systematically documented using a PRISMA flow 
diagram, detailing the number of records screened, ex-
cluded and included, along with justifications for ex-
clusions at the full-text level.

Data extraction and synthesis

Data extraction was carried out independently 
and in a blinded manner using a standardized Ex-
cel spreadsheet (Microsoft Excel® for Microsoft 365 
MSO, Redmond, WA, USA, 2019). The extraction 
template was pilot tested on a random sample of stud-
ies to ensure consistency and alignment among re-
viewers. Information collected included the following 
variables:

	- Study characteristics (author name, year of 
publication, country where the study took 
place, study design, time period of monitoring);

	- Population characteristics (target population);
	- Objective and context data (aim of the study, 

infectious diseases explored);
	- Unconventional data (data source, data access 

and amount of data collected and analyzed);
	- Preventive behaviours (monitored behaviour, 

indicators used, main findings, comparison 
with conventional data);

	- Outcomes (Identified benefits, challenges 
and limitations, practical application, authors’ 
conclusions).

Any discrepancies during the extraction process 
were resolved through discussion, with the involve-
ment of a third reviewer when necessary.

Quality assessment

The risk of bias in the included studies was inde-
pendently assessed by two reviewers (GER and AA)  
using validated critical appraisal tools, depending on 
the study design. Discrepancies were resolved by con-
sensus or by a third reviewer (RC) when necessary. 
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particularly in relation to influenza and dengue vaccina-
tion, misinformation, and online engagement. A third 
set evaluated digital interventions and communication 
strategies (n=5) (33,42,53,60,62), such as mobile ap-
plications, targeted messaging, or incentives (33,53,60). 
Finally, a smaller number of studies (n=4) were oriented 
towards methodological validation (25,47,56,61), test-
ing predictive models, exploring socio-spatial variations, 
and proposing alternative surveillance frameworks 
(61). The aims of the included studies are reported in  
Table 1.

Study design of the included studies

The study methodologies employed across the 
included articles were heterogeneous, as detailed 
in Table 1. Most studies adopted an ecological de-
sign (n = 27) (19-23,27,30,34,38-42,44-48,49,51, 
54-59,61), followed by cross-sectional studies (n = 13) 
(24-26,28,29,31,32,35,36,43,52,60,62), mixed-methods 
approaches (n = 3) (37,50,53), and, in one case, a ran-
domized controlled trial (n = 1) (33).

Country income and geographic distribution

Most included studies were conducted in high-
income countries (n = 32) (19–23,26–40,42–45,  
47–50,52,53,61,62). A smaller number were car-
ried out in upper-middle-income countries (n = 4) 
(24,25,51,56), and lower-middle-income countries 
(n = 3) (55,58,60). A few involved multiple income 
groups or countries not classified by the World 
Bank (23,41,46,57,59). As Taiwan is not listed sep-
arately by the World Bank, it was considered part of 
China and categorized as an upper-middle-income 
country.

With specific reference to influenza, the major-
ity originated from high-income countries, while 
dengue-related studies were more evenly distributed 
across different income groups. In terms of geographic 
distribution, influenza studies spanned 63 countries 
worldwide, with the United States and Canada most 
frequently represented, followed by several European 
countries. Dengue studies included 12 countries, most 
often the Philippines, Singapore, and Thailand. Full 
details are provided in Figure 1.

Cross-sectional studies and the randomized controlled 
trials (RCTs) were assessed using the Joanna Briggs 
Institute ( JBI) Critical Appraisal Tools (16), which 
allow structured evaluation across multiple meth-
odological domains. Ecological studies were assessed 
using the Risk Of Bias In Non-randomized Studies 
of Exposures (ROBINS-E) tool (17), which evalu-
ates potential biases across domains relevant for non-
randomized exposure studies. Mixed-method studies 
were assessed using the Mixed Methods Appraisal 
Tool - 2018 (MMAT) (18), which allows appraisal 
of studies integrating qualitative and quantitative  
components.

Results

Literature search

A total of 5,448 records were identified through 
four database searches (PubMed/MEDLINE, Scopus, 
EMBASE and PsycInfo). After removal of duplicates, 
4,563 records remained for title and abstract screening. 
Of these, 50 articles were retrieved for full-text evalu-
ation. Following full-text assessment, 11 publications 
were excluded due to wrong outcome (n = 11), conven-
tional data (n = 11), and wrong publication type (n = 1). 
Additional 17 studies were identified through manual 
reference checks. At the end, 44 articles met the prede-
fined inclusion criteria and were incorporated into the 
final synthesis. 33 articles focused on influenza (19–50), 
9 on dengue (51–59), and 2 addressed both influenza 
and dengue (60,61). The study selection process is il-
lustrated in the Supplementary Materials (Figure S1).

Aims of the included studies

The aims of the included studies were hetero-
geneous but could be grouped into 4 main domains. 
Several studies (n=17) focused on surveillance and 
early detection, assessing the potential of uncon-
ventional data sources to anticipate or complement  
traditional systems (21,22,29,30,34,38,39,43,46, 
48–51,54,55,58,59). A second group examined popu-
lation behaviors, perceptions, and attitudes (n=18) 
(19,20,23,24,26,28,31,32,35–37,40–42,44,45,52,57), 
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Table 1. Characteristics of the included studies

First Author, Year Study Design Aims of the study
Unconventional 
data Monitored behaviour

Baltrusaitis K 
[2022] (21)

Ecological study Validate healthcare-seeking 
behavior during influenza 
seasons.

Digital 
Crowdsourcing

Healthcare-seeking behavior of 
users reporting ILI symptoms

Berning P [2022] 
(20)

Ecological study Evaluate the association 
between online search trends 
and vaccination rates.

Search query 
data

Google searches for information 
about influenza and COVID-19 
vaccinations

Besculides M 
[2005] (22)

Ecological study Test school absenteeism 
monitoring for early outbreak.

School 
attendance data

School absenteeism for early 
outbreak detection

Chan MPS [2020] 
(23)

Ecological study Analyze how social media 
posts relate to vaccine attitudes 
and actual vaccination.

Social media Attitudes and actual vaccination 
against influenza

Chang YW [2020] 
(24)

Cross-sectional 
study

Examine the association 
between non-English queries 
and epidemic outbreaks.

Search query 
data

Google searches for information 
about influenza

Cook S [2011] (49) Ecological study Compare the composition and 
performance of the Google Flu 
Trends model with traditional 
influenza surveillance systems.

Search query 
data

Searches for differents query: 
Symptoms of an influenza 
complication, Influenza 
complication, Specific influenza 
symptom, General influenza 
symptoms, Cold/flu remedy, 
Term for influenza, Antibiotic 
medication, Related disease

Dai J [2023] (25) Cross-sectional 
study

Analyze sociospatial impact, 
spatiotemporal variations, and 
emotional orientations after 
the COVID-19 pandemic.

Social media Sentiment expressed in the posts

Dale LP [2019] (62) Cross-sectional 
study

Assess the effectiveness of an 
educational app and quizzes 
about vaccination.

App Engagement with influenza 
vaccine educational content  
(quiz completion). Use of app 
features (map, location services). 
Visits to sponsored pharmacies. 
Self-reported receipt of the 
influenza vaccine.

Davies GR [2003] 
(27)

Ecological study Determine whether over-the-
counter (OTC) drug sales can 
predict changes in clinical 
conditions.

Sales data for 
OTC

Self-medication using OTC 
pharmaceuticals

Dhaliwal D [2020] 
(28)

Cross-sectional 
study

Identify messages shared by 
websites on social media that 
may influence readers and 
consumers.

Social media Likes, shares, comments and 
discussions generated by the 
content

Dugas AF [2012] 
(29)

Cross-sectional 
study

Correlate Google Flu Trends, 
influenza cases, and crowding 
indices.

Search query 
data

Google searches for ILI 
symptoms

Eysenbach G 
[2006] (30)

Ecological study Predict influenza epidemics 
using online search trend 
analysis.

Google Ads 
Data

Google searches for flu or flu 
symptoms

Table 1 (continued)
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First Author, Year Study Design Aims of the study
Unconventional 
data Monitored behaviour

Guidry JPD 
[06/2020] (32)

Cross-sectional 
study

Examine misinformation about 
the flu vaccine on Pinterest.

Social media Attitudes and representations of 
the flu vaccine

Guidry JPD 
[10/2020] (31)

Cross-sectional 
study

Examine how users interact 
with tweets about the flu 
vaccine during the beginning 
and peak of the flu season.

Social media Health belief variables, including 
perceived susceptibility, 
severity, benefits, barriers, and 
self-efficacy

Huang X [2019] 
(26)

Cross-sectional 
study

Evaluate if tweets can identify 
real-time flu vaccination 
compared to traditional 
tracking systems.

Social media Influenza vaccination (intended 
or actual receipt)

Hulth A [2011] 
(50)

Mixed methods 
study

Assess web queries based 
model performance for the 
2009 flu pandemic.

Search query 
data

Submission of research queries 
related to influenza and flu 
symptoms

Lee WN [2020] 
(33)

Randomized 
Controlled Trial

Assess the impact of digital 
messaging and incentives on 
influenza vaccination rates.

App Adherence to flu vaccination

Magruder SF 
[2003] (34)

Ecological study Determine whether over-the-
counter (OTC) drug sales can 
predict changes in clinical 
conditions.

Sales data for 
OTC

Self-medication using OTC 
pharmaceuticals

Meyer SB [2019] 
(35)

Cross-sectional 
study

Explore how attitudes and 
beliefs about influenza 
vaccination are shared on Web.

Website Attitudes and beliefs about 
influenza vaccination

Nawa N [2016] (36) Cross-sectional 
study

Categorize public concerns 
about flu vaccination by 
analyzing a large dataset of 
online questions.

Online 
community

Concerns about flu vaccinations

Nougairède A 
[2010] (37)

Mixed methods 
study

Examine the willingness of 
different populations to accept 
vaccination against influenza.

Search query 
data

Google searches and PubMed 
searches about influenza topics

Ortiz RJ [2011] 
(38)

Ecological study Compare Google Flu Trends 
with national surveillance data.

Search query 
data

Public interest in information on 
flu symptoms

Polgreen PM [2008] 
(39)

Ecological study Examine the relationship 
between Internet searches 
for influenza and the actual 
occurrence of influenza cases.

Online 
community

Searches that contain the terms 
“influenza” or “flu” but do 
not contain the terms “bird”, 
“avian”, “pandemic”, “vaccine”, 
“vaccination” and “shot”

Powell GA [2016] 
(40)

Ecological study Compare the prevalence of 
negative sentiment and positive 
vaccine promotion.

Tool Sentiments about vaccines

Prieto Santamaría L 
[2021] (41) 

Ecological study Analyze Twitter posts to 
understand public sentiments 
regarding measles and flu 
vaccines.

Social media Sentiments about vaccines and 
flu

Saito S [2016]  
(42)

Ecological study Assess the effect of education 
on the influenza epidemic 
curve.

Search query 
data

Flu vaccine coverage, search 
trends about flu
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First Author, Year Study Design Aims of the study
Unconventional 
data Monitored behaviour

Salathé M [2011] 
(19)

Ecological study Monitoring sentiments 
towards the influenza vaccine 
during the 2009 pandemic.

Social media Sentiments about flu vaccine

Santangelo OE 
[2021] (43)

Cross-sectional 
study

Assess alignment between 
internet searches for 
influenza and national health 
surveillance systems.

Search query 
data

Search terms in the Health 
category: “Influenza” (Flu) and 
“sintomi influenza” (Symptoms 
of Flu)

Signorini A [2011] 
(44)

Ecological study Monitoring disease activity and 
public sentiment on Twitter 
during outbreaks.

Social media Public sentiment towards the 
infection (vaccines, transmission, 
countermeasures, symptoms ecc) 
and measure actual disease activity

Sycińska-
Dziarnowska M 
[2022] (45)

Ecological study Assess public interest in 
influenza and its vaccination 
using Google search data.

Search query 
data

Searches on influenza and 
influenza vaccine

Valdivia A [2010] 
(46)

Ecological study Correlate Google Flu Trends 
with sentinel physician 
estimates.

Search query 
data

Public interest in information on 
flu symptoms

Wagner M [2017] 
(47) 

Ecological study Reevaluate if statistical 
framework based on online 
user-generated content 
can form a valid source for 
influenza surveillance tasks.

Social media Vaccination to prevent influenza 
transmission

Wilson N [2009] 
(48) 

Ecological study Explore the possible utility 
of Google Flu Trends in 
the context of an influenza 
pandemic.

Search query 
data

Google searches for ILI 
symptoms

Meankaew P [2022] 
(60)

Cross-sectional 
study

Provide information on the 
prevalence and status of 
infectious diseases to travellers 
and evaluate system usability.

App The most requested information 
concerned dengue and malaria. 
This may reflect anxieties 
and vigilance regarding these 
diseases.

Milinovich GJ 
[2014] (61)

Ecological study Provide guidance for the future 
development of infectious 
diseases digital surveillance 
systems.

Search query 
data

Search terms related to diseases 
or pathogens (e.g., “dengue”, 
“influenza”), symptoms 
(e.g., “cough”), treatments or 
medications (e.g., “flu medicine”, 
“symptoms of dengue”), general 
health concerns (e.g., “flu and 
pregnancy”), and colloquial 
expressions. Some queries 
reflecting environmental or 
behavioural associations were also 
monitored.

Dengue

Althouse BM 
[2011] (51)

Ecological study Evaluate the effectiveness 
of internet search data in 
predicting the incidence of 
dengue infections.

Search query 
data

Searches for dengue terms 
(nomenclature, symptoms, 
treatment

Table 1 (continued)
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First Author, Year Study Design Aims of the study
Unconventional 
data Monitored behaviour

Bravo C [2022]  
(52)

Cross-sectional 
study

Identify traveller profiles and 
vaccination attitudes from 
online forums.

Website Attitude and behaviour toward 
vaccination and travel-related 
health information seeking 
activities

Carvajal P [2022] 
(53)

Mixed methods 
study

Describe outbreak mosquito-
borne disease prevention 
information via Facebook by 
federal health agencies.

Social media Trust in health agencies

Chan EH [2011] 
(54)

Ecological study Evaluate early detection of 
dengue epidemics from web 
search queries.

Search query 
data

Searches for dengue related 
words

Espina K [2017] 
(55)

Ecological study Integrate and accelerate 
surveillance data using social 
media.

Social media Searches related to behaviours 
associated with dengue and 
typhoid fever

Gluskin RT [2014] 
(56)

Ecological study Examine the relationship 
between Google Dengue 
Trends data and traditional 
surveillance data.

Search query 
data

Searches associated with dengue

Ho HT [2018] (58) Ecological study Assess the temporal 
relationship between Google 
Dengue Trends data and 
dengue incidence.

Search query 
data

Online search behavior related to 
dengue and its correlation with 
disease incidence

Jamora RDG 
[2023] (57)

Ecological study Investigate whether the 
dengue vaccine controversy is 
correlated with immunization 
coverage.

Search query 
data

Web-based interest in dengvaxia 
and other vaccines

Strauss RA [2017] 
(59)

Ecological study Evaluate the accuracy of 
Google Dengue Trends as an 
indicator of dengue spread.

Search query 
data

Searches for Spanish terms 
related to dengue (e.g., ‘el 
dengue’, ‘dengue síntomas’, 
‘síntomas dengue’, ‘qué es 
dengue’, ‘qué es el dengue’)

Unconventional data subgrouping

Unconventional data varied across the in-
cluded studies, as shown in (Table 1). The most 
frequently used were search query data (n = 19) 
(20,24,29,37,38,42,43,45,46,48–51,54,56–59,61), 
and social media data (n = 12) (19,23,25,26,28,31, 
32,41,44,47,53,56). Fewer studies relied on apps  
(n = 3) (33,60,62), online community data (n = 2) 
(36,39), OTC sales data (n = 2) (27,34), and web-
site analytics (n = 2) (35,52). Digital crowdsourc-
ing (21), Google Ads data (51), school attendance 
data (54), and dedicated tools were each reported in 
a single study (n = 1). Among the studies focusing 

on influenza, search query data emerged as the most 
frequently used unconventional source (n = 12) 
(20,24,29,37,38,42,43,45,46,48–50), followed by so-
cial media data (n = 10) (19,23,25,26,28,31,32,41,44, 
47). App-based data were used in 2 studies (33,62), 
and OTC sales data in 2 studies (27,34). Online com-
munity data were reported in 2 studies (36,39). Fewer 
studies relied on school attendance data (n = 1) (22), 
digital crowdsourcing (n = 1) (21), Google Ads data 
(n = 1) (19), dedicated tools (n = 1) or website ana-
lytics (n = 1) (35). Across studies investigating both 
influenza and dengue, 1 study used app-based data  
(n = 1) (60), while the other relied on search query data 
(n = 1) (61). Search query data represented the most 
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Figure 1. Geographic distribution of countries analyzed in the included studies on Influenza and Dengue.

commonly used unconventional source in studies on 
dengue (n = 6) (51,54,56–59), followed by social media 
data (n = 2) (53,55), and website analytics (n = 1) (52).

Monitored behaviour

Across the included studies, a wide range of 
population behaviours were monitored using uncon-
ventional data sources, as shown in (Table 1). In the 
studies focusing exclusively on influenza, monitored 
behaviours primarily involved health information-
seeking through online search engines such as Google 

(20,24,29,30,37,38,42,43,45,46,48–50), covering 
topics like influenza symptoms, complications, over-
the-counter treatments, and vaccination. Several stud-
ies also explored engagement with digital platforms, 
including interactions on social media (likes, shares, 
comments), sentiment expressed in user-generated 
content, and the use of mobile applications offering 
features such as geolocation and educational quizzes 
(19,21,23,25,28,31,32,35,36,39–41,44,47,62). Ad-
ditionally, many studies assessed attitudes and beliefs 
related to influenza vaccination, including intention to 
vaccinate, perceived susceptibility and severity, perceived 
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as one day (31), to as long as 13 years (42). Studies 
focusing on influenza, (Figure 2), displayed the great-
est heterogeneity. In contrast, studies investigating 
dengue, (Figure 3), more frequently relied on longer 
observation windows, typically covering multiple 
years. With regard to the earliest time points, the most 
temporally distant dataset for influenza dates back to 
1992, although this refers to a single study analyzing 
over-the-counter (OTC) pharmaceutical sales (27). 
Other early datasets include school attendance re-
cords (22), and an additional study using OTC data 
(34), both starting in 2001. When considering more 
commonly used sources, such as Google search data, 
the earliest analyses began later in 2002. For dengue- 
related studies, the earliest data collection period 
started in 2003 (n = 2) (54,56). (Table S3) provides a 
detailed overview of the monitoring periods and cor-
responding durations across the included studies.

Data access

Most of the included studies accessed data 
through Application Programming Interfaces (APIs), 
which are standardized software interfaces that allow 
automated and structured retrieval of data from digi-
tal platforms. APIs facilitate the extraction of large 
volumes of real-time or historical data in a reproduc-
ible and scalable manner, making them particularly 
useful in digital epidemiology. In this review, APIs 
were used in 24 out of 33 studies focused on influ-
enza (19,20,23,24,26,29–31,33,35–38,40–50), in both 
studies addressing influenza and dengue (60,61), and 
in 9 studies on dengue (51–59). Manual extraction of 
data from non-public sources was reported in 6 in-
fluenza studies (21,22,27,34,39,62), while 3 studies 
retrieved data manually from publicly available reposi-
tories or websites (25,28,31), as shown in (Table S3). 
No manual extraction was reported in the studies on 
dengue or on both dengue and influenza.

Target population

As shown in (Table S3), the target populations var-
ied considerably. In the majority of studies, the population 
was specific to a given geographical area or language group 
(21–24,26,29,30,34,36–39,43–46,48–50,52,55–62).  
These geolocated or language-defined populations 

benefits and barriers, and self-efficacy. Preventive and 
care-related behaviours were also frequently monitored, 
such as school absenteeism (22), self-medication with 
OTC pharmaceuticals (27,34), and actual or intended 
vaccine uptake (26,33). In the 2 studies addressing both 
influenza and dengue, monitored behaviours focused 
mainly on digital searches related to symptoms (e.g., 
cough), treatments (e.g., flu medicine), and general 
health concerns (e.g., flu and pregnancy) (60,61).

Among the studies focusing solely on dengue, the 
monitored behaviours included online searches related 
to dengue symptoms, treatments, and vaccines (such 
as Dengvaxia) (51,54,56–59), as well as behaviours re-
lated to health information-seeking in the context of 
travel (52,55). Other studies examined public trust in 
health authorities and sentiment expressed online (53).

Data source

The most frequently exploited were Google Trends 
(n = 12) (20,24,42,43,45,46,54,56–59,61), followed by 
Twitter (n = 8) (19,23,26,31,41,44,47,55), Google Flu 
Trends (n = 4) (29,38,48,49), Google Search (37,51), 
Yahoo (36,39), and Facebook (28,53), 2 studies each. 
Other studies relied on a variety of less commonly 
used data sources, which are detailed in (Table S3). 
For studies focusing on influenza, the most frequently 
used data source was Twitter, featured in seven studies 
(19,23,26,31,41,44,47). This was followed by Google 
Trends (n = 6) (20,24,42,43,45,46), Google Flu Trends 
(n = 4) (29,38,48,49), and Yahoo! (n = 2) (36,39). All 
other sources were each used in only 1 study. Among 
the studies that simultaneously investigated both in-
fluenza and dengue, 2 distinct data sources were em-
ployed: 1 study relied on Google Trends (61); the other 
utilized ThaiEpidemics (60), a national surveillance 
platform providing official case data from Thailand’s 
health authorities. Focusing solely on dengue-related 
studies, Google Trends was the most frequently used 
data source (n = 5) (54,56–59). Other sources, such as 
travel website forums (52), Twitter (55), Facebook (53), 
and Google Search (51), were each used in 1 study.

Time period of monitoring

The duration of data monitoring varied consider-
ably across the included studies, ranging from as little 
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Figure 2. Time periods of monitoring across studies focusing on influenza.
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volumes or social media activity. Among the 18 stud-
ies that did not perform correlation analyses, different 
approaches were adopted. Specifically, 8 studies ap-
plied quantitative statistical tests, such as Chi-square 
tests (n=6) (21,31,33,37,60,62), Mann-Whitney U 
test (n=2) (31,32), Wilcoxon signed-rank (n=1) (22), 
Student’s t-tests (n=1) (33), or logistic regression 
(n=1) (60). The remaining studies adopted a descrip-
tive or qualitative approach, focusing on the analy-
sis of the trends and sentiment of social media posts 
(25,28,35,40,41,45,52,53), or online discussions. Fi-
nally, 2 studies presented graphical comparisons (48), 
or predictive models (44), but without reporting ex-
plicit correlation coefficients.

Identified benefits, practical application and 
challenges

Table S5 provides a summary of the practical impli-
cations, benefits, and challenges. Across influenza stud-
ies, digital data streams, including online searches, social 

allowed for a closer alignment with local epidemiologi-
cal trends. In contrast, other studies relied on a broader 
and less specific population, such as general Google or 
Twitter users or followers of social media platforms, 
without restrictions to a particular area or demographic 
profile (19,20,25,27, 28,31–33,35,40–42,47,51,53,54).

Correlation analysis

Out of the 44 studies included, 26 performed cor-
relation analyses, whereas 18 did not (Table S4). Among 
the studies that conducted correlation analyses, the 
most commonly used tests were the Pearson correlation 
coefficient (n = 17) (19,24,26,27,30,36,38,42,47,49,51, 
53–59), and Spearman’s rho (n = 4) (20,43,46,61), 
with 3 studies reporting R-squared values from re-
gression models (39,50,51), and two studies employ-
ing cross-correlation tests (29,34). Additionally, 1 
study applied a Bayesian approach (54). These analyses 
were frequently applied to time-series data on influ-
enza or dengue incidence in relation to online search 

Figure 3. Time periods of monitoring across studies focusing on dengue.



Ann Ig. 2026; Vol. 38: 17959  DOI: 10.7416/ai.2026.17959 13

periods, limited raw data, and non-specific indica-
tors reduced accuracy; lack of contextual data limited 
validity. For social media and infodemiology, non- 
representative users, privacy issues, data loss, and au-
tomated analysis problems were common. Risks of 
misclassification, subjective interpretation, and lack of 
causality constrained findings. Platform features like 
character limits, algorithms, and transparency issues 
further hindered consistent monitoring. Dengue and 
multi-disease studies faced constraints like uneven in-
ternet access, variable case definitions, language and 
location issues, and crisis event impacts on search ac-
tivity. Predictive accuracy was lower in low-incidence 
areas, and nationwide data often lacked resolution for 
local interventions. Small sample sizes and missing 
data limited analysis robustness.

Comparison with conventional data

Among studies, 24 out of 33 compared their 
results with conventional data sources (19–23, 
26,27,29,30,34,36–39,42–50), while nine did not 
(25,28,31–33,35,40,41,62). The conventional sources 
included influenza incidence data, hospital admission 
records, and vaccination coverage data.

Of the 2 studies addressing both dengue and in-
fluenza, only 1 out of 2 performed a comparison with 
conventional data (61). Among studies focusing ex-
clusively on dengue, 7 out of 9 compared their results 
with dengue surveillance data (51,54–59), while 2 did 
not (52,53). A summary is provided in Table S5.

Quality assessment

The risk of bias of the retrospective ecologi-
cal studies was assessed using the ROBINS-E tool. 
Among the 19 influenza studies, 10 were rated as 
“Some Concerns” (19–22,27,30,40,46,47,49), 6 as 
“High” (34,39,41,44,45,48), and 3 as “Very High” risk 
of bias (23,38,42). The single study addressing both 
influenza and dengue was rated as “Some Concerns” 
(61). Of the 8 dengue studies, 4 were rated “Some 
Concerns” (54–56,58), 2 “High” (51,59), and 1 “Very 
High” (57). The methodological quality of the cross-
sectional studies was evaluated using the JBI Critical 
Appraisal Checklist for Analytical Cross-Sectional 
Studies. Among the 11 influenza studies, three were 

media, school absences, retail records, and mobile apps, 
offer timely, low-cost, behaviourally informative com-
plements to traditional surveillance. Query-based tools 
like Google Trends enabled early influenza detection, 
hospital demand prediction, and vaccination monitor-
ing, recommending integration with traditional data for 
better accuracy. Social media analysis added value by as-
sessing vaccine sentiment, misinformation, and barriers, 
aiding targeted communication through platforms like 
Twitter, Facebook, and Weibo, which helped map at-
titudes, identify misinformation, and evaluate interven-
tions. Alternative indicators such as school absenteeism 
and EPOS data provided early signals of community 
transmission and healthcare pressures, supporting plan-
ning and outbreak monitoring. Mobile health tools 
offered high engagement via push messages, geoloca-
tion, and campaign adjustments, especially for high-risk 
groups, though vaccine uptake remained modest.

For dengue and travel-related surveillance, 
Google search trends, web-scraped public perceptions, 
and social media monitoring showed strong predic-
tive performance, useful in high-burden and resource- 
limited settings. These tools enabled early outbreak 
forecasting, vaccine prioritisation, traveller risk ad-
vice, and rapid misinformation detection during cri-
ses. Adding environmental and meteorological data 
improved predictions, highlighting the value of multi-
source infodemiological systems for control. Overall, 
digital data sources provide actionable insights for sur-
veillance, risk communication, and vaccination, espe-
cially when combined with traditional systems.

Influenza studies faced challenges such as sam-
pling bias, limited representativeness, and unequal 
access to technology, often dominated by younger, 
urban, or motivated users. Many platforms lacked 
demographic or geographic detail, hampering sub-
group analyses and equity assessments. Self-reported 
symptoms, volunteer participation, and user-generated 
content added bias and inconsistency, especially when 
relying on single sources. Methodological and techni-
cal issues affected reliability. Search tools were sensi-
tive to keyword choice, media influence, seasonality, 
and behavioral changes, needing frequent recalibra-
tion. Google Flu Trends and similar models reflected 
influenza-like illness, not confirmed cases, with vari-
able performance by region and time. Short evaluation 
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epidemiology showing that web-based data can antici-
pate epidemic alerts. However, unlike previous reviews, 
that were primarily focused on disease surveillance, our 
work specifically addresses preventive behaviors, such 
as vaccination and health information-seeking (63,64). 
This perspective broadens the understanding of un-
conventional data, not only as proxies for incidence 
but also as tools to interpret the social and behavio-
ral dynamics that shape epidemic trajectories. In the 
context of existing literature, our findings confirm ear-
lier evidence from digital epidemiology showing that 
web-based data can anticipate epidemic alerts (65). 
Unlike prior reviews, which primarily concentrated on 
disease incidence or the application of machine learn-
ing and artificial intelligence for surveillance, diagno-
sis, and prognosis, our research specifically focuses on 
preventive behaviors (63,66). This includes examining 
vaccination uptake and the pursuit of health informa-
tion. This perspective broadens the understanding of 
unconventional data, positioning them not only as 
proxies for incidence but also as tools to interpret the 
social and behavioral dynamics that shape epidemic 
trajectories. The dual focus on influenza and dengue, 
two high-impact diseases with distinct epidemiologi-
cal profiles, allowed us to explore a wide range of con-
texts and behavioral patterns.

Strengths and limitations

Nevertheless, several limitations should be ac-
knowledged. Methodological heterogeneity among 
included studies, ranging from descriptive analyses 
to complex predictive models, prevented quantitative 
synthesis. The predominance of research from high-
income countries limits the generalizability of findings 
to low- and middle-income settings (67), where digital 
data could be particularly valuable, but internet access 
remains uneven, likely due to a lack of infrastructure or 
socio-political challenges (68). Additionally, reliance 
on private platforms (e.g., Google, Twitter) raises issues 
of accessibility, reproducibility, and long-term sustain-
ability (69). The evidence shows distinct patterns be-
tween the two diseases studied. For influenza, research 
largely focused on online information-seeking behav-
ior, engagement with preventive interventions, and 
attitudes toward vaccination captured through social 

judged to have a “Low” risk of bias (25,26,31), 6 a 
“Moderate” risk (28,29,32,35,36,43), and 2 “High” risk 
of bias (24,62). The study addressing both influenza 
and dengue (60), as well as the single study focusing ex-
clusively on dengue (52), were rated as “Moderate” risk. 
In addition, 1 randomized controlled trial was included 
and assessed using the JBI Critical Appraisal Tool for 
RCTs, which indicated a “Moderate” risk of bias. Fi-
nally, 3 mixed-methods studies, 2 on influenza (37,50), 
and 1 on dengue (53), were assessed using the Mixed 
Methods Appraisal Tool, all of which were judged to 
have a “Low” risk of bias. Detailed results are provided 
in Supplementary Materials (Table S6, S7, S8 and S9).

Discussion

Main findings

This systematic review shows how unconventional 
data sources, such as online search trends, social me-
dia content, mobile app interactions, and sales records, 
can provide timely and complementary insights to 
traditional epidemiological surveillance systems for 
diseases such as influenza and dengue. Among the 44 
studies analyzed, the majority reported positive cor-
relations between digital indicators (e.g., search que-
ries, social media engagement, mobile app usage, and 
over-the-counter medication sales) and conventional 
epidemiological measures (e.g., surveillance data, vac-
cination coverage, and emergency department visits). 
These findings show that digital data streams can im-
prove traditional surveillance systems by enhancing 
their forecasting abilities. They also provide important 
insights into how diseases spread, especially the social 
and behavioral factors that affect public health preven-
tion efforts. In other words, about one in four studies 
demonstrated a meaningful correlation between digi-
tal indicators and epidemiological measures, suggest-
ing that these sources may represent a valuable tool to 
support public health decision-making.

Comparison with existing literature

In the context of existing literature, our find-
ings confirm earlier evidence from the field of digital 
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heterogeneity across platforms, search terms, algo-
rithms, and analytical methods complicates compara-
bility and reproducibility. Access to raw data is often 
restricted, creating dependencies on commercial enti-
ties and raising sustainability concerns. Finally, ethical 
and legal considerations, including privacy, consent, 
and data ownership, are paramount, particularly given 
the sensitivity of health-related online behavior.

Practical implications and future directions

For influenza, monitoring online vaccination dis-
course could help identify areas with high hesitancy 
and guide targeted interventions (74). For dengue, 
digital monitoring of public trust in health authorities 
could inform strategies to address misinformation and 
strengthen risk communication, especially after vaccine 
controversies. Importantly, unconventional data should 
complement, not replace, traditional surveillance, pro-
viding an additional layer of intelligence for situational 
awareness (75,76). Future research should prioritize 
multicenter and longitudinal studies, particularly in 
low- and middle-income countries, where unconven-
tional data may offer the greatest benefit. Standardized 
protocols for data collection, analysis, and reporting 
are urgently needed to ensure comparability and re-
producibility. Advances in artificial intelligence and 
machine learning could enhance predictive capacity, 
but these methods must be transparent, interpretable, 
and rigorously validated (77,78). Ethical frameworks 
must evolve alongside technological developments, 
balancing public health benefits with individual rights, 
privacy, and equitable access to digital tools. Projects 
such as BEHAVE-MOD offer promising examples of 
integrating behavioral data into sustainable, interoper-
able systems, linking digital signals with predictive ep-
idemic models to support real-time decision-making. 
Cross-disciplinary collaboration among public health, 
computer science, behavioral science, and policy exper-
tise is essential to realize this potential.

Conclusion

In conclusion, unconventional data sources 
hold significant promise for monitoring preventive 

media. These digital traces were often strongly cor-
related with vaccination uptake and epidemic curves, 
suggesting that unconventional data can provide near 
real-time indicators of population behavior during 
seasonal epidemics. For dengue, studies emphasized 
search queries related to mosquito bites, symptoms, or 
vaccine controversies (e.g., Dengvaxia), as well as ex-
pressions of trust or mistrust toward health authorities. 
These findings highlight the ability of digital data to 
capture not only pathogen spread but also perceptions, 
misinformation, and institutional credibility, factors 
that are crucial for vector-borne diseases where com-
munity engagement drives the success of preventive 
measures. The broader literature in digital epidemiol-
ogy and infodemiology supports these observations 
(70). Experiences such as Google Flu Trends and 
analyses during the COVID-19 pandemic have shown 
both the potential and the pitfalls of digital surveil-
lance: while online signals can provide early, actionable 
insights, they are also vulnerable to external influences 
such as media coverage or political events (71). Our 
review synthesizes evidence across diseases with dif-
ferent transmission modes, demonstrating that digital 
approaches are versatile yet require careful validation, 
triangulation with traditional data, and contextual 
interpretation to avoid misleading conclusions (72). 
Timeliness is a key advantage of unconventional data. 
Unlike clinical or laboratory-based surveillance, which 
suffers from reporting delays, digital signals are gener-
ated in real time and can be continuously harvested at 
scale. This enables early detection of epidemic trends, 
dynamic monitoring of behavioral shifts, and rapid 
assessment of public reactions to health campaigns 
(73). Such behavioral insights are invaluable for public 
health, revealing how populations perceive risks, re-
spond to messages, and make preventive choices.

Challenges and considerations

However, important challenges remain. Digital 
data are prone to selection bias: populations under-
represented online such as older adults, children, rural 
communities, and people with limited internet access, 
may be excluded. Data can be influenced by media, po-
litical debates, or celebrity statements, generating peaks 
unrelated to epidemiological trends. Methodological 
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behaviors related to influenza and dengue, with po-
tential to complement and enhance traditional surveil-
lance. To fully leverage this potential, attention must 
be given to methodological rigor, validation, ethical 
standards, and global equity. Addressing these chal-
lenges may allow digital epidemiology to become a 
cornerstone of next-generation public health surveil-
lance, improving the timeliness, relevance, and effec-
tiveness of interventions worldwide.
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