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Abstract

The increasing digitalization of information behaviors has created new opportunities in public health,
promoting the development of infodemiology and infoveillance as complements to traditional
epidemiological surveillance. This study aimed to assess the correlation and temporal association
between official measles surveillance data published by the Italian National Institute of Health (ISS),
Google Trends search volumes, and Wikipedia page views related to measles in Italy. A cross-
sectional analysis was conducted using measles cases reported in Italy from January 2013 to
November 2025. Monthly data from Google Trends and Wikipedia were aggregated and compared
with the monthly incidence reported in ISS bulletins. Cross-correlation analyses and linear
regressions were performed to evaluate associations. The results showed a statistically significant
and strong correlation (r=0.81) between Google Trends search volume for “Morbillo” and reported
measles cases. Linear regression analyses demonstrated significant associations between digital
indicators and official surveillance data, suggesting that online user activity closely reflects measles
epidemiological trends. These findings indicate that Google Trends and Wikipedia may serve as
useful and timely tools to complement traditional measles surveillance. Although caution is needed
due to methodological limitations and potential information bias, integrating digital data could
enhance early outbreak detection and support more rapid public health responses.

Keywords: infodemiology; infoveillance; epidemiological surveillance; measles; google trends;
Wikipedia; infectious diseases; Italy

1. Introduction

In recent years, public healthcare has undergone a profound transformation driven by the
progressive digitalization of the population’s information behaviour, with increasing use of online
platforms for health-related information searches. Within this context, infodemiology and
infoveillance have emerged as important tools for digital public health surveillance, two innovative
approaches that apply the principles of epidemiology to the study of the production, dissemination,
and use of health information in digital environments. Infodemiology, introduced by Gunther
Eysenbach in the early 2000s, is defined as the science that analyses the distribution and determinants
of information in digital contexts with the aim of supporting policy making and decision-making
processes in public health [1,2]. It is based on the assumption that online information flows
significantly influence individual and collective behaviour, with potential direct impacts on
population health outcomes. Within this theoretical framework, infoveillance represents the most
operational dimension of infodemiology, configuring itself as a continuous and real-time information
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surveillance system, based on the analysis of online searches, social media and digital contents [2].
Numerous studies have demonstrated how these data sources can anticipate the progress of health
events compared to traditional surveillance systems, offering timely indicators relating to infectious
diseases, health behaviours and risk perception in the general population [3-5]. The COVID-19
pandemic has further highlighted the crucial role of these tools in monitoring and combating the
“infodemic”, i.e., the overabundance of information, often inaccurate or misleading, which can
compromise the effectiveness of institutional healthcare responses [6]. At the same time, the evolution
of digital platforms and the availability of large volumes of user-generated data from search engines
like Google and social networks have expanded the application possibilities of digital
epidemiological surveillance. Tools such as Google Trends allow the analysis of relative search
volume (RSV) of specific terms or topics, providing indirect proxies for the population’s attention,
interest, and concerns [7,8]. Several studies have highlighted a statistically significant correlation
between online search trends and data from official surveillance systems for numerous infectious
diseases [9-11], especially in contexts characterised by delays or incompleteness of traditional
reporting systems. From this perspective, measles represents a particularly relevant case study.
Despite the availability of a safe and effective vaccine, measles remains one of the most contagious
infectious diseases and a significant cause of childhood morbidity and mortality globally, especially
when vaccination coverage is insufficient [10,12]. In Europe and Italy, where the disease is subject to
mandatory notification, epidemic outbreaks persist, particularly associated with poor adherence to
vaccinations [12-14]. Measles continues to represent a substantial public health threat in Italy,
particularly in regions with suboptimal vaccination coverage. Notably, recent outbreaks, including
those observed in 2017-2018, highlight the critical need for robust and timely surveillance systems to
mitigate the spread of the disease [15]. Traditional measles surveillance, based on clinical and
laboratory reports, is often burdensome and characterized by a time delay in data availability; for
this reason, the integration with digital data from the web and social media appears to be a promising
strategy to improve early detection and monitoring of the disease progression [9-11,16,17]. Overall,
infodemiology and infoveillance emerge as key tools for digital public health, capable of
complementing traditional epidemiological surveillance systems, improving institutional
communication, and strengthening the capacity to respond to health emergencies. However, their
use requires careful consideration of methodological limitations, algorithmic biases, data
representativeness, and ethical implications related to privacy protection and the responsible use of
information [18]. In this scenario, harmonizing analysis methods and multidisciplinary integration
are fundamental steps to fully exploit the potential of these innovative public health tools. This study
was conducted with the primary objective of evaluating the correlation and temporal association
between data from Google Trends (GT), Wikipedia searches, and conventional surveillance data
relating to measles infection, reported in the bulletins of the Italian National Institute of Health (ISS).
Specifically, the study aims to explore the applicability of digital surveillance tools as a support to
traditional systems for monitoring communicable diseases, with specific reference to measles

2. Materials and Methods

This study employs a time-series epidemiological approach, analyzing monthly data from 2013
to 2025 to examine trends in measles cases alongside digital indicators. Measles cases were selected
between January 2013 and November 2025. The ISS publishes a monthly bulletin containing the
number of measles cases reported as possible, probable, and confirmed in the previous months [15].
Internet search data were obtained from GT [11]. Data were extracted on December 31, 2025 using
the Italian terms in the “Health” category: “Morbillo” as topic (Measles in English) and “Sintomi
Morbillo” as search term (Measles Symptoms in English), in the time period between January 1, 2013
(since data became available) and November 30, 2025; data were aggregated on a monthly basis. The
file was downloaded in “.CSV” format. Google Trends provides a relative search volume (RSV),
calculated as the percentage of queries related to a given term for a specific location and time period,
normalized on a scale from 0 to 100. From Wikipedia Trends [19] it is possible to obtain information
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on the number of views of a specific page by users. The data were extracted as daily data and then
aggregated on a monthly basis. The following pages were therefore considered: “Morbillo” (Measles
in English), “Vaccino del Morbillo” (Measles vaccine in English), “Vaccinazione MPR” (MMR
Vaccination in English), “Esantema” (Exanthema in English) and “Macchie di Koplik” (Koplik spots
in English), for the period between 1 July 2015 (since data became available) and 30 November 2025.
Data from Wikipedia and GT have been temporally aligned with the monthly incidence of cases
reported in the ISS epidemiological bulletins. Then a cross-correlation analysis was done. In order to
allow direct comparison with the Wikipedia data and with the corresponding subset of the ISS data,
and therefore make the time intervals superimposable, a second dataset was created containing the
GT data relating to the keywords “Morbillo” and “Sintomi Morbillo” for the period 1 July 2015 — 30
November 2025, conventionally called “GT15”. The cross-correlation results were obtained as
product-moment correlations between the time series. The main advantage of this approach lies in
the ability to consider the temporal dependence between the analysed variables. Statistical analyses
were performed using the Pearson correlation coefficient (r). Correlation coefficients were interpreted
based on commonly accepted thresholds (strong if >0.7, moderate if between 0.3 and 0.7, and weak if
<0.3 [20]. Linear regressions were also performed, considering as dependent variables the Wikipedia
searches for the page “Morbillo”, the Google Trends RSV values for the term “Morbillo” and the ISS
cases; as independent variables, the GT search terms, the Wikipedia pages analyzed and, where
applicable, the ISS cases were used. The results are expressed as regression coefficients with 95%
confidence intervals (95% CI). Potential autocorrelation was ascertained through the calculation of
the Durbin-Watson (DW) statistics. The DW test is a statistic test used to detect the presence of
autocorrelation in the residuals (prediction errors) from a regression analysis [21]. The DW test
statistic or d always lies between 0 and 4. If the d is substantially less than 2, there is evidence of
positive serial correlation, while values greater than 2 suggest no autocorrelation. Linear and
exponential models were also estimated for the graphical representation of the associations,
calculating the coefficient of determination (R?), the data are reported in supplementary materials,
Figure S1. The statistical significance level was set at 0.05. Analyses were conducted using STATA
statistical software, version 14.

3. Results

The findings demonstrate a strong association between ISS-reported measles cases and online
search activity, particularly as captured through Google Trends (Figure 1la—c, Table 1). Broad search
terms, such as “morbillo” and “sintomi morbillo”, exhibited the highest correlations with ISS cases (r
= 0.81-0.89, p<0.001; Table 1), indicating that public online interest closely mirrors epidemiological
trends. In contrast, Wikipedia pages addressing more specific symptoms, such as “Esantema Wiki”
and “Macchie di Koplik Wiki,” showed moderate correlations with ISS cases (r = 0.44-0.74, p<0.001;
Table 1). This likely reflects lower search volume and more targeted interest in these topics, which
are primarily consulted during epidemic peaks or periods of heightened media coverage. Linear
regression analyses further support the predictive potential of online search data for measles
incidence. For instance, Google Trends queries for “Morbillo GT15” and “Sintomi Morbillo GT15”
were strongly associated with ISS cases (coef. 9.34 and coef = 10.03, respectively; p<0.001; Table 2),
while Wikipedia page views also showed significant, albeit smaller, effects (coef. 0.012-0.22; p<0.001;
Table 2, Figure S1). Durbin-Watson statistics suggest some residual autocorrelation, indicating that
models accounting for temporal structure may enhance predictive accuracy. Overall, these results
indicate that digital search behavior can serve as a complementary indicator of measles activity, while
highlighting the limitations of interpreting searches for more specific and less frequently consulted
topics.
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Figure 1. Raw data for the number of ISS and RSV measles cases from GT (a). Raw data for the number of ISS

cases and the number of searches for the measles Wikipedia page (b). Raw RSV measles data from GT15 and the
number of searches for the measles Wikipedia page (c).
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Table 1. Correlations between GT terms, Wikipedia pages, and ISS cases. Strong correlations are shown in green, moderate correlations are shown in yellow.

ISS Morbillo Morbillo Sintomi Sintomi Morbillo Vaccino del Vaccino MPR Esantema Macchie di
cases GT GT15 Morbillo GT Morbillo GT15 Wikipedia Morbillo Wiki Wiki Wiki Koplik Wiki
Correlation 1
ISS cases p-value -
Observations 155
Correlation 0.8105 1
Morbillo GT p-value <0.001 -
Observations 155 155
Correlation 0.8879 1 1
Morbillo GT15 p-value <0.001 <0.001 -
Observations 125 125 125
Correlation 0.8247 0.8532 0.8738 1
Sintomi Morbillo GT p-value <0.001 <0.001 <0.001 -
Observations 155 155 125 155
Correlation 0.8856 0.8738 0.8738 1 1
Sintomi Morbillo GT15 p-value <0.001 <0.001 <0.001 <0.001 -
Observations 125 125 125 125 125
Correlation 0.7402 0.8312 0.8312 0.6634 0.6634 1
Morbillo Wikipedia p-value <0.001 <0.001 <0.001 <0.001 <0.001 -
Observations 125 125 125 125 125 125
Correlation 0.8131 0.8870 0.8870 0.7185 0.7185 0.9001 1
Vaccino del Morbillo Wiki p-value <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 ] -
Observations 125 125 125 125 125 125 E 125
Correlation 0.7370 0.7920 0.7920 0.6331 0.6331 0.8375 0.9271 1
Vaccino MPR Wiki p-value <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 -
Observations 125 125 125 125 125 125 125 125
Correlation 0.4369 0.3965 0.3965 0.2870 0.2870 0.5974 0.5299 0.6108 1
Esantema Wiki p-value <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 -
Observations 125 125 125 125 125 125 125 125 125
Correlation 0.7405 0.6834 0.6834 0.5807 0.5807 0.7547 0.7895 0.7770 0.8318 1
Macchie di Koplik Wiki p-value <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 -

Observations 125 125 125 125 125 125 125 125 125 125

The moderate correlations observed between ISS cases and certain Wikipedia pages (e.g., “Esantema Wiki” and “Macchie di Koplik Wiki”) may be attributed to the more specific nature of these search terms, which are

less frequently consulted by the general population compared to broader topics such as “Morbillo” (Measles) or “Vaccino del Morbillo” (Measles Vaccine). This specificity results in relatively lower search volumes and

less widespread public engagement. Furthermore, terms related to specific symptoms of measles, such as exanthem and Koplik spots, are likely to attract attention primarily during more apparent epidemic events or

heightened media coverage. As such, online interest in these topics tends to be less consistent and more susceptible to seasonal variations or media-driven peaks, thereby influencing the strength of the correlation

observed
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Table 2. Linear regression models.
Independent variable: Morbillo GT
Dependent variable Coef. C.I. 95% p-value Durbin Watson
ISS cases 8.86 7.84-9.98 <0.001 0.56
Independent variable: Morbillo GT15
Dependent variable Coef. C.I. 95% p-value Durbin Watson
ISS cases 9.34 8.48-10.21 <0.001 0.93
Independent variable: Sintomi Morbillo GT
Dependent variable Coef. C.I. 95% p-value Durbin-Watson
ISS cases 9.72 8.66-10.79 <0.001 0.67
Independent variable: Sintomi Morbillo GT15
Dependent variable Coef. C.I1.95% p-value Durbin-Watson
ISS cases 10.03 9.09-10.98 <0.001 0.92
Independent variable: Morbillo Wikipedia
Dependent variable Coef. C.I1.95% p-value Durbin-Watson
ISS cases 0.012 0.010-0.014 <0.001 0.43
Independent variable: Vaccino del Morbillo Wikipedia
Dependent variable Coef. C.I1.95% p-value Durbin-Watson
ISS cases 0.18 0.16-0.21 <0.001 0.44
Independent variable: Vaccino MPR Wikipedia
Dependent variable Coef. C.I1.95% p-value Durbin-Watson
ISS cases 0.04 0.03-0.05 <0.001 0.37
Independent variable: Esantema Wikipedia
Dependent variable Coef. C.I1.95% p-value Durbin-Watson
ISS cases 0.02 0.01-0.03 <0.001 0.21
Independent variable: Macchie di Koplik Wikipedia
Dependent variable Coef. C.I1.95% p-value Durbin-Watson
ISS cases 0.22 0.18-0.26 <0.001 0.25
Independent variable: ISS cases
Dependent variable Coef. C.1.95% p-value Durbin-Watson
Morbillo GT 0.07 0.06-0.08 <0.001 0.82
Independent variable: Sintomi Morbillo GT
Dependent variable Coef. C.1.95% p-value Durbin-Watson
Morbillo GT 0.92 0.83-1.01 <0.001 1.06
Independent variable: ISS cases
Dependent variable Coef. C.1.95% p-value Durbin-Watson
Morbillo GT15 0.08 0.07-0.09 <0.001 1.22
Independent variable: Sintomi Morbillo GT15
Dependent variable Coef. C.I. 95% p-value Durbin-Watson
Morbillo GT15 7.93 0.94-1.03 <0.001 1.05
Independent variable: Morbillo Wikipedia
Dependent variable Coef. C.I. 95% p-value Durbin-Watson
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Morbillo GT15 0.001 0.0011-0.0015 <0.001 0.51
Independent variable: Vaccino del Morbillo Wiki
Dependent variable Coef. C.I1.95% p-value Durbin-Watson
Morbillo GT15 0.019 0.017-0.021 <0.001 0.52
Independent variable: Vaccino MPR Wiki
Dependent variable Coef. C.I1.95% p-value Durbin-Watson
Morbillo GT15 0.004 0.003-0.004 <0.001 0.55
Independent variable: Esantema Wiki
Dependent variable Coef. C.I1.95% p-value Durbin-Watson
Morbillo GT15 0.002 0.001-0.003 <0.001 0.51
Independent variable: Macchie di Koplik Wiki
Dependent variable Coef. C.I1.95% p-value Durbin-Watson
Morbillo GT15 0.019 0.015-0.023 <0.001 0.66
Independent variable: ISS cases
Dependent variable Coef. C.I1.95% p-value Durbin-Watson
Morbillo Wikipedia 44.62 37.39-51.86 <0.001 0.73
Independent variable: Morbillo GT15
Dependent variable Coef. C.I1.95% p-value Durbin-Watson
Morbillo Wikipedia 527.67 464.67-590.67 <0.001 0.52
Independent variable: Sintomi del Morbillo GT15
Dependent variable Coef. C.I1.95% p-value Durbin-Watson
Morbillo Wikipedia 453.25 362.01-544.49 <0.001 0.61
Independent variable: Vaccino del Morbillo Wiki
Dependent variable Coef. C.I. 95% p-value Durbin-Watson
Morbillo Wikipedia 12.38 11.31-13.45 <0.001 0.84
Independent variable: Vaccino MPR Wiki
Dependent variable Coef. C.I. 95% p-value Durbin-Watson
Morbillo Wikipedia 292 2.58-3.26 <0.001 0.81
Independent variable: Esantema Wiki
Dependent variable Coef. C.I. 95% p-value Durbin-Watson
Morbillo Wikipedia 2.34 1.78-2.91 <0.001 0.64
Independent variable: Macchie di Koplik Wiki
Dependent variable Coef. C.I1.95% p-value Durbin-Watson
Morbillo Wikipedia 13.78 11.64-15.92 <0.001 0.83

4. Discussion

The study of the application of GT and Wikipedia in the surveillance of communicable diseases
in Italy has a high relevance for public health, as suggested by numerous previous studies [7,8].
Measles outbreaks remain a global health problem, and surveillance is an essential tool for their
control. However, traditional monitoring approaches based on conventional reporting systems
present some critical issues, including time lags in data availability and potential underestimation of
cases due to underreporting.

In 2009, Eysenbach defined infodemiology and infoveillance as “the science of the distribution
and determinants of information in an electronic medium, especially the Internet, or in a population,
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with the ultimate goal of informing public health and public policy.” [1]. This emerging approach has
been widely used to explore public interest in communicable diseases, such as influenza. [3], and for
the early detection of infectious epidemics [22]. Previous studies have shown that digital platforms,
such as Google Trends, can effectively anticipate influenza activity and provide early signals of
epidemic dynamics [3,23]. During the COVID-19 pandemic, infodemiology and infoveillance
approaches successfully captured population concern, risk perception, and health-seeking behaviors,
complementing conventional surveillance and informing timely public health responses [24]. These
observations highlight the potential of online data to reflect both epidemic trends and public
information-seeking behavior. Consistent with these findings, our study demonstrates that Google
Trends and Wikipedia can capture public attention toward measles and correlate with official
epidemiological data in Italy [25,26]. Searches for general terms, such as “morbillo” and “sintomi
morbillo,” showed strong correlations with ISS-reported cases, while symptom-specific searches,
such as “esantema” and “macchie di Koplik,” displayed moderate correlations. This pattern aligns
with prior work suggesting that search term specificity and frequency influence the reliability of
digital surveillance signals [18,25]. Integrating multiple digital sources may enhance infoveillance by
capturing complementary dimensions of public interest. While Google Trends provides quantitative
measures of search activity, Wikipedia page views may reflect deeper engagement with health
information, offering additional insights into public awareness and concern. This multi-source
approach is particularly useful where traditional surveillance is delayed or incomplete, providing
near real-time proxies to guide timely public health actions [18,24]. Overall, our results underscore
the broad applicability of infodemiology and infoveillance for monitoring communicable diseases.
Beyond rapidly spreading infections like influenza and COVID-19, digital surveillance can
complement traditional systems for vaccine-preventable diseases such as measles, particularly in
regions with suboptimal vaccination coverage and recurrent outbreaks. By integrating digital and
conventional data, early warning capabilities, public health communication, and disease control
strategies can be strengthened [23-26].

Measles is one of the most contagious vaccine-preventable diseases (RO = 12-18). The inherent
delays in traditional surveillance systems can limit the ability of health authorities to intervene
promptly. Data from Google Trends and Wikipedia are collected and processed in near real time,
allowing for significantly faster information availability than traditional systems [9]. In this study,
statistical analyses highlighted a clear temporal correlation between ISS surveillance data and search
trends on Google and Wikipedia. In particular, a strong correlation was observed on a monthly basis,
suggesting that this approach could provide a useful time frame for more timely public health
interventions. However, it cannot be ruled out that a weekly or daily analysis could allow for even
earlier case reporting, as reported in other studies [26,27]. Although the Durbin-Watson test suggests
some potential autocorrelation in the residuals of the regression models (DW values <2), the impact
on the model’s validity is limited, as the correlations between digital indicators and measles cases
remain statistically significant.

This study has some limitations. First, the influence of mass media (television, radio, and print)
may lead to an increase in online searches regardless of actual case trends [28]. Furthermore, Google
Trends does not provide sufficiently granular data to accurately identify the geographic location of
outbreaks. Further limitations arise from changes over time in the GT interface and algorithms, which
are not fully documented and could influence the results. Therefore, the interpretation and
generalization of the results should be made with caution.

Previous experiences, such as Google Flu Trends, have shown how the use of big data for
epidemiological forecasting can lead to significant overestimations, as occurred in the 2012-2013
influenza season [29]. In the case of measles, online search volume is likely influenced more by media
attention than by direct patient experience, given the relative rarity of cases. This makes digital
surveillance potentially more sensitive, but also more susceptible to bias. A prudent and integrated
use of these tools, alongside traditional surveillance systems, is therefore necessary.
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5. Conclusions

In summary, the Italian healthcare system operates in a context characterized by limited
resources, which necessitates the adoption of innovative strategies to improve efficiency and
sustainability. Investing in technological innovation represents a strategic lever to strengthen the
National Health Service and improve its capacity to respond to the population’s needs. The results
of this study suggest that surveillance systems based on Google Trends and Wikipedia could play a
complementary role in public health by providing dynamic, near-real-time indicators of the spread
of infectious diseases. The integration of these tools with traditional surveillance systems could
support policymakers in implementing preventive measures and targeted communication strategies
[30,31]. Although this field of research is still relatively young, its rapid expansion is expected,
facilitated by the increasing availability of data and increased computational power [32]. Online
searches, conducted in real time, could serve as an early warning system, signalling sudden changes
in the population’s interests and therefore deserving attention from health authorities [33]. Looking
ahead, this approach could be used as a supplementary tool for epidemic forecasting and for a more
efficient allocation of health resources [34-36].

Supplementary Materials: The following supporting information can be downloaded at the website of this
paper posted on Preprints.org, Figure S1: Exponential and linear regression models between Wikipedia searches,
GT’s RSV, and ISS cases. The dashed line shows the model. The equation and corresponding R? are shown in the

figures.
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