Zdravotnicke listy, Ro¢nik 14, Cislo 2, 2026

ISSN 2644-4909

MEASLES RESURGENCE IN THE UNITED STATES OF AMERICA:
AN INFODEMIOLOGICAL STUDY FROM 2022 TO 2025
NAVRAT SPALNICEK VE SPOJENYCH STATECH AMERICKYCH:
INFODEMIOLOGICKA STUDIE Z LET 2022 AZ 2025

SANTANGELO Omar Enzo", PIZZAMIGLIO Anna Sole, VELLA Carlotta

Regional Health Care and Social Agency of Lodi, ASST Lodi, 26900 Lodi, Italy

* koreSpondencny autor / corresponding author: Omarenzosantangelo@hotmail.it

ABSTRACT

Introduction: A resurgence of measles has been observed in the
United States between 2022 and 2025, despite its declared elim-
ination in 2000. Vaccine hesitancy and misinformation are key
factors. Infodemiology allows us to analyze the trends of online
health information as a potential support for traditional surveil-
lance.

Material and Methods: A cross-sectional study of weekly mea-
sles cases reported by the CDC (2022 — 2025) and Google
Trends search volumes ("Measles") and Wikipedia views
("Measles," "Measles vaccine"). Correlation, cross-correlation,
and linear regression analyses were performed; significance
p<0.05.

Results: Raw data on CDC measles cases, Google Trends
searches for “Measles,” and views of the Wikipedia pages
“Measles” and “Measles Vaccine” show statistically significant
correlations (p < 0.001). Strong correlations emerged between
CDC cases and Google searches, moderate correlations be-
tween CDC cases and Wikipedia views, and strong correlations
between Google searches and Wikipedia pages. Linear regres-
sion models generally fit the data better than exponential mod-
els. All analyzed linear regressions were statistically significant
across variables.

Conclusions: A significant temporal association emerged be-
tween reported cases and digital indicators. Infodemiological
tools can complement epidemiological surveillance, improving
the early identification of outbreaks and supporting communi-
cation strategies and combating vaccine hesitancy.

Key words: Measles. Infodemiology. Google Trends. Wikipe-
dia. Digital epidemiology. United States.

ABSTRAKT

Uvod: V letech 2022 az 2025 byl ve Spojenych statech pozoro-
van opétovny vyskyt spalnicek, a to i ptes jejich deklarovanou
eliminaci v roce 2000. Kli¢ovymi faktory jsou vahani s ocko-
vanim a dezinformace. Infodemiologie nam umoziuje analyzo-
vat trendy online zdravotnich informaci jako potencidlni pod-
poru pro tradi¢ni sledovéni.

Material a metody: Prutezova studie tydennich piipadi spalni-
¢ek hlasenych CDC (2022 — 2025) a objemu vyhledavani v Go-
ogle Trends (,,Spalni¢ky) a zobrazeni na Wikipedii (,,Spal-
ni¢ky“, ,,Vakcina proti spalnickdm*). Byly provedeny kore-
la¢ni, kiiZzova korela¢ni a linearni regresni analyzy; vyznamnost
p<0,05.

Vysledky: Nezpracovana data o pfipadech spalnicek v CDC, vy-
hledavani vyrazu ,,Spalnicky” v Google Trends a zobrazeni
stranek Wikipedie ,,Spalnicky a ,,Vakcina proti spalni¢kdm*
vykazuji statisticky vyznamné korelace (p < 0,001). Mezi pii-
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pady CDC a vyhledavanim na Googlu se objevily silné kore-
lace, mezi pfipady CDC a zobrazenim Wikipedie mirné kore-
lace a silné korelace mezi vyhledavanim na Googlu a strankami
Wikipedie. Linearni regresni modely obecné 1épe odpovidaly
datim nez exponencialni modely. VSechny analyzované line-
arni regrese byly statisticky vyznamné napii¢ proménnymi.
Zavéry: Mezi hlasenymi ptipady a digitalnimi ukazateli se ob-
jevila vyznamna Casova souvislost. Infodemiologické nastroje
mohou dopliiovat epidemiologicky dohled, zlepSovat véasnou
identifikaci ohnisek nakazy, podporovat komunikacni strategie
a bojovat proti vahani s ockovanim.

Klicova slova: Spalnicky. Infodemiologie. Trendy Google. Wi-
kipedie. Digitalni epidemiologie. Spojené staty.

INTRODUCTION

The United States of America (USA) is facing
a public health challenge with the return of measles
especially from 2022 to 2025 [1]. Measles was once
eliminated in the US thanks to vaccination efforts
that were successful in 2000 [1, 2]. However, in
years there has been a worrying rise in measles
cases. Factors like hesitation to get vaccinated, mis-
information and gaps in vaccination coverage are
contributing to this resurgence putting both popula-
tion health at risk [2]. To understand these factors
and their role in public health crises we need to not
track the disease but also explore how the public
perceives it and how information about it spreads.
This is where the field of infodemiology comes in.
Infodemiology, a term introduced by Eysenbach in
2002 [3] is the study of how health-related infor-
mation's distributed and what determines its spread
within a population. It is a field that uses digital
tools to analyze how health information moves, in-
cluding through social media, search engines and
news outlets. Infodemiology looks at not the amount
of information but also its quality, credibility and
potential impact on public behaviors and health-re-
lated decisions. In the case of measles infodemio-
logical methods can track searches helping re-
searchers see how concerns about measles change
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how misinformation spreads and where public edu-
cation is needed. By analyzing search data, such as
how often people search for "measles vaccine " or
"measles" we can gain insights into what the public
thinks and knows about measles [4]. The period
from 2022 to 2025, when measles cases rose again
in the US is a time to study how public concerns
about measles and vaccination have shifted and how
these concerns relate to actual outbreaks. Infodemi-
ology is a tool for public health professionals
providing real-time data that can help inform tar-
geted interventions and communication strategies to
control measles and reduce vaccine hesitancy [5, 6].
This study was conducted with the primary objec-
tive of evaluating the correlation and temporal asso-
ciation between data from Google Trends (GT),
Wikipedia searches, and conventional surveillance
data relating to measles infection, reported in the
bulletins of the Centers for Disease Control and Pre-
vention (CDC) USA. 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

MATERIALS AND METHODS

A cross-sectional study was conducted. Measles
cases were selected between January 2, 2022 and
December 21, 2025. The CDC publishes a weekly
bulletin containing the number of measles cases
reported [1]. Internet search data were obtained
from GT [7]. Data was extracted on December 31,
2025 using the search terms in the “Health”
category: “Measles” of GT searches carried out in
the USA, in the time period between January 2,
2022 and December 27, 2025; data were aggregated
on weekly 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 [8] it is
possible to obtain information on the number of
views of a specific page by users. The data were
extracted as daily data and then aggregated on
weekly basis. The following pages were therefore
considered: “Measles” and “Measles vaccine”, for
the period between January 2, 2022 and December
27, 2025. Data from Wikipedia and GT have been
temporally aligned with the weekly incidence of
cases reported in the CDC epidemiological
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bulletins. Then a cross-correlation analysis was
done. 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). According to a commonly adopted
rule of thumb, a correlation is considered strong if
> (0.7, moderate if between 0.3 and 0.7 and weak if
< 0.3 [9]. Linear regression analyses were also
conducted, with Wikipedia searches for the
“Measles” page, Google Trends RSV values for the
term “Measles,” and CDC case counts treated as
dependent  variables; independent variables
included the Google Trends search terms, the
analyzed Wikipedia pages, and, where applicable,
CDC case counts. 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 [10]. 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 statistical significance level was set at 0.05.
Analyses were conducted using STATA statistical
software, version 14.

RESULTS

The raw data for the number of CDC cases, RSV
for the term “Measles” and the number of views of
the “Measles” page and “Measles Vaccine” on Wik-
ipedia are reported respectively in Figure 1. Table 1
shows the correlations between CDC cases, GT
searches for the terms “Measles’” and the number
of views of the Wikipedia pages “Measles”, and
“Measles Vaccine”. All the results reported in Table
1 are statistically significant with p-value <0.001.
Strong correlations emerged between CDC cases
and GT search for the terms "Measles", moderate
correlations between CDC cases and views of the
Wikipedia pages "Measles" and "Measles Vaccine".
Strong correlations emerged between GT search and
Wikipedia pages. Figure 2 shows, both graphically
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and mathematically, the linear and exponential re-
gression models of the scatterplots between the
CDC cases, the GT search term and the analysed
Wikipedia pages. In most cases, linear models
showed a better fit to the data than exponential mod-

estimated through linear regression, using as de-
pendent variables, alternatively, CDC measles
cases, GT term “Measles” and views of the "Mea-
sles" Wikipedia page. All the regressions analysed
were statistically significant.

els. Finally, Table 2 reports the associations
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Figure 1 Comparison between raw data for the number of CDC cases, RSV measles from GT and the number of
searches for the measles and measles vaccine Wikipedia pages
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Table 1 Correlations between GT term, Wikipedia pages, and CDC cases. Strong correlations are shown in green,
moderate correlations are shown in yellow

Parameter CDC cases Measles GT Me?SIes,Wl_ I,VIeaSI?S .Vac.-
kipedia cine Wikipedia
Correlation 1
CDC cases p-value -
observations 208
Correlation 0.7338 1
Measles GT p-value <0.001 -
observations 208 208
Correlation 0.6221 0.9277 1
Measles Wikipedia p-value <0.001 <0.001 -
observations 208 208 208
Correlation 0.6125 0.9378 0.9389 1
Measles Vaccine Wikipedia | p-value <0.001 <0.001 <0.001 -
observations 208 208 208 208

Table 2 Linear regression models

Parameter

Independent variable: Measles GT

Dependent variable Coef. C.1.95% p-value Durbin Watson
CDC case 1.51 1.32-1.71 <0.001 0.84
Independent variable: Measles Wikipedia
Dependent variable Coef. C.I. 95% p-value Durbin Watson
CDC case 0.001 0.0009-0.0014 <0.001 0.53

Independent variable: Measles Vaccine Wikipedia

Dependent variable Coef. C.1 95% p-value Durbin Watson
CDC case 0.007 0.006-0.008 <0.001 0.54
Independent variable: CDC cases
Dependent variable Coef. C.I.95% p-value Durbin Watson
Measles GT 0.35 0.30-0.40 <0.001 1.04
Independent variable: Measles Wikipedia
Dependent variable Coef. C.1.95% p-value Durbin Watson
Measles GT 0.0008 0.0008-0.0009 <0.001 0.25
Independent variable: Measles Vaccine Wikipedia
Dependent variable Coef. C.I.95% p-value Durbin Watson
Measles GT 0.005 0.005-0.006 <0.001 0.44
Independent variable: CDC cases
Dependent variable Coef. C.1.95% p-value Durbin Watson
Measles Wikipedia 323.32 267.41-379.22 <0.001 0.71
Independent variable: Measles GT
Dependent variable Coef. C.I1.95% p-value Durbin Watson
Measles Wikipedia 998.44 943.25-1053.62 <0.001 0.24
Independent variable: Measles Vaccine Wikipedia
Dependent variable Coef. C.I1. 95% p-value Durbin Watson
Measles Wikipedia 6.06 5.75-6.37 <0.001 0.45
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Figure 2 Exponential and linear regression models between Wikipedia searches, GT's RSV, and CDC cases. The lines
shows the model. The equation and corresponding R? are shown in the figures.
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DISCUSSION

The results confirm a significant correlation be-
tween CDC-reported measles cases and online
search volumes from Google Trends and Wikipedia,
supporting digital indicators as complementary
tools to traditional surveillance. These findings
align with the concept of infodemiology proposed
by Eysenbach [3, 11], emphasizing the epidemio-
logical value of online health information. Previous
research has shown similar correlations, while not-
ing methodological limitations such as reproducibil-
ity issues and the relative nature of search volumes
[12, 13]. Wikipedia page views have also demon-
strated strong associations with infectious disease
trends and near-real-time predictive potential [14].
Our findings are consistent with this evidence,
showing a temporal association between searches
for “Measles” and “Measles vaccine” and CDC-re-
ported cases. The resurgence of measles in the
United States has been linked to declining vaccina-
tion coverage and vaccine hesitancy. The 2019 out-
break the largest since 1992 primarily affected com-
munities with low vaccination rates [15]. In our
analysis, search peaks often preceded or coincided
with increases in reported cases, possibly reflecting
both outbreak dynamics and media influence, con-
sistent with evidence that digital platforms can am-
plify vaccine-related debates [16].

This study provides updated data for 2022 —
2025 and integrates Google Trends, Wikipedia, and
official surveillance using cross-correlation and re-
gression models with autocorrelation control,
strengthening methodological rigor compared with
descriptive analyses [12, 13]. The findings suggest
that digital data may function as an early warning
system, supporting timely interventions, vaccina-
tion campaigns, and risk communication strategies
[1, 12]. Monitoring searches related to the “measles
vaccine” may also offer indirect insight into vaccine
confidence and early signs of hesitancy or misinfor-
mation [15, 16], improving evidence-based commu-
nication approaches [3, 11].

However, limitations must be considered.
Google Trends data are expressed as Relative
Search Volume (RSV) and do not represent absolute
counts, limiting comparability across time and set-
tings [4, 12, 13]. Online interest may also be influ-
enced by media coverage, political events, algo-
rithm changes, or internet penetration [5, 13, 15].
The observational design precludes causal infer-
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ence, and increases in cases may drive search activ-
ity rather than the reverse. CDC data may be subject
to reporting delays, and national-level analysis does
not capture local heterogeneity, particularly in un-
der-vaccinated communities [15]. The study also
did not include qualitative analyses or other plat-
forms such as social media, which are central to vac-
cine misinformation dynamics [16]. Despite these
limitations, the findings strengthen the evidence
supporting infodemiology as a complement to tradi-
tional surveillance and highlight the importance of
rigorous, integrated use of digital tools in public
health to improve outbreak detection, preparedness,
and communication [6, 17].

CONCLUSIONS

Between 2022 and 2025, a significant temporal
association was observed between CDC measles
surveillance data and digital indicators from Google
Trends and Wikipedia. Although measles was de-
clared eliminated in the United States in 2000, re-
cent years have shown renewed increases in cases,
consistent with previous outbreaks [1, 12]. Search
volumes for “Measles” and ‘“Measles vaccine”
demonstrated moderate to strong correlations with
weekly CDC case incidence. Cross-correlation
analysis suggests that peaks in digital interest may
precede or accompany increases in reported cases,
supporting a potential predictive role for infodemi-
ological tools [3, 11]. These findings are consistent
with the growing literature supporting the use of
Google Trends and Wikipedia for digital disease
surveillance [4—6]. While digital indicators reflect
epidemiological dynamics, they must be interpreted
with caution due to media influence, internet pene-
tration variability, and the relative nature of RSV
data [4-6]. Integrating traditional surveillance with
infodemiological tools may improve outbreak de-
tection, enhance communication strategies, and help
monitor vaccine hesitancy — an important factor in
the reemergence of measles [15, 16].
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