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Abstract

Background: Norovirusisassociated with approximately 18% of the global burden of gastroenteritis and affects al age groups.
There is currently no licensed vaccine or available antiviral treatment. However, well-designed early warning systems and
forecasting can guide nonpharmaceutical approaches to norovirus infection prevention and control.

Objective: This study evaluates the predictive power of existing syndromic surveillance data and emerging data sources, such
asinternet searches and Wikipedia page views, to predict norovirus activity across arange of age groups across England.

Methods: We used existing syndromic surveillance and emerging syndromic datato predict laboratory dataindicating norovirus
activity. Two methods are used to evaluate the predictive potential of syndromic variables. First, the Granger causality framework
was used to assess whether individual variables precede changesin noroviruslaboratory reportsin agiven region or an age group.
Then, we used random forest modeling to estimate the importance of each variable in the context of others with two methods:
(1) change in the mean square error and (2) node purity. Finally, these results were combined into a visualization indicating the
most influential predictors for norovirus laboratory reportsin a specific age group and region.

Results: Our results suggest that syndromic surveillance data include valuable predictors for norovirus laboratory reportsin
England. However, Wikipediapage views arelesslikely to provide prediction improvements on top of Google Trendsand Existing
Syndromic Data. Predictors displayed varying relevance across age groups and regions. For example, the random forest modeling
based on selected existing and emerging syndromic variables explained 60% variance in the =65 years age group, 42% in the
East of England, but only 13% in the South West region. Emerging data sets highlighted relative search volumes, including “flu
symptoms,” “norovirus in preghancy,” and norovirus activity in specific years, such as “norovirus 2016.” Symptoms of vomiting
and gastroenteritis in multiple age groups were identified as important predictors within existing data sources.

Conclusions:  Existing and emerging data sources can help predict norovirus activity in England in some age groups and
geographic regions, particularly, predictors concerning vomiting, gastroenteritis, and norovirusin the vulnerable popul ations and
historical terms such as stomach flu. However, syndromic predictors were less relevant in some age groups and regions likely
due to contrasting public health practices between regions and health information—seeking behavior between age groups.
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Additionally, predictors relevant to one norovirus season may not contribute to other seasons. Data biases, such as low spatial
granularity in Google Trends and especialy in Wikipedia data, also play arole in the results. Moreover, internet searches can
provide insight into mental models, that is, an individual’s conceptual understanding of norovirus infection and transmission,
which could be used in public health communication strategies.

(J Med Internet Res 2023;25:€37540) doi: 10.2196/37540
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Introduction

Norovirus is the most prevalent agent causing intestina
infection, associated with approximately 18% of cases of acute
gastroenteritisworldwide[1]. Thishighly contagious pathogen
is mostly transmitted from person-to-person [2] but can also
spread via contaminated surfaces [3,4]. Outbreaks of norovirus
commonly occur in enclosed settings and can be particularly
disruptive in health care context, such as hospitals and care
homes [5]. A previous study suggested that norovirus causes
between 3.3 and 4.1 million infectionsin England annually [6].
Thereareno licensed vaccines| 7] or specific treatment available
for norovirusinfection [8].

Norovirus surveillance in England is conducted by the UK
Health Security Agency (UKHSA) and consists of routine
laboratory reporting of confirmed cases, suspected or confirmed
outbreak reporting, real-time syndromic surveillance, and
molecular surveillance of circulating strains.
Laboratory-confirmed norovirus infections are reported to the
Second-Generation Surveillance System (SGSS), which
routinely collectsinformation on infectious diseasesin England.
Norovirus is not a notifiable causative agent under the UK
Health Protection (notification) Regulations (2010) [9];
notwithstanding, it is recommended that laboratories report it
voluntarily [10]. This regulation is one of the reasons for
variation in levels of norovirus reporting across regions [11].
A prospective study conducted in 2009/2010 [12] demonstrated
that norovirus is widely underreported in the community.

Detection of increasing disease levels in the community by
syndromic surveillance is generally faster than traditional
surveillance approaches, though may not be pathogen-specific,
asit relies on symptoms rather than confirmed diagnosis [13].
In England, syndromic surveillance makes use of multiple health
data streams including National Health Service (NHS) 111, a
telephone and web-based health service whereby the public can
obtain advice on health issues via trained health advisors [14].
Additionally, data on general practice (GP) physician in-hours
and out-of-hours consultations are collected, among others.
These existing syndromic data sources [15] were previously
used in studies focused on defining early warning indicators
and algorithms for gastrointestinal illness [16] and norovirus
[17] and aso real-time predictions informing forecasts of
hospital admissions due to respiratory illness [18].

https://www.jmir.org/2023/1/€37540

In addition to existing syndromic surveillance systems, multiple
emerging syndromic data sources have been identified with the
potential to be used for public health benefits. One of the most
popular among researchers is relative search volumes (RSVs)
provided by Google Trends [19]. A systematic review [20]
suggested that many surveillance-focused studies using RSV
found moderate to strong correlations with the studied disease.
Further, Wikipedia, another emerging data source, was used
successfully to predict influenza-likeillnessin the United States
[21] and globally [9], even though the geographical relevance
is based only on the language spoken in the country. Such
studies demonstrated that emerging data could be used to predict
increasein illnessin the community ahead of other pre-existing
surveillance systems and indicators.

The focus of this study is to assess the value of existing and
emerging syndromic data sourcesin the prediction of confirmed
laboratory reports of norovirus infection captured by national
surveillance. Laboratory confirmation of cases containsabuilt-in
delay from sample collection to final reporting to the
computerized system, whereas existing syndromic data in
England are available on a near real-time, daily basis. A
short-term forecasting model that can providetimely predictions
of the number of norovirusreportswould be helpful in planning
and coping with winter pressures and mitigating the impacts of
norovirus on the health service.

Methods

Data

Laboratory Data

Data were acquired from the UKHSA SGSS, which routinely
collectsinformation on infectious diseases in England. Weekly
counts of norovirus laboratory reports were used as a proxy for
norovirus activity. Norovirus reports were aggregated for each
of 6 age groups—0-4, 5-14, 15-24, 25-44, 45-64, and =65 years
and each of 9 regions of England representing UKHSA
geographical areas. This grouping provides 15 dependent
variablesin total, addressed by individual models.

Existing Syndromic Data

We obtained weekly counts of GP in-hours consultations for
diarrhea, vomiting, and gastroenteritis, and NHS 111 calls for
diarrheaand vomiting. GPin-hours consultationsand NHS 111
calls are existing syndromic data sources and were provided in
an aggregated format for each region and age group. Regional
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datawere matched to the regions of noroviruslaboratory reports,
while age groups were considered as separate variables, for
example, NHS 111 calls of those aged 25-44 years; thisresulted
in 30 variables per model (see Multimedia Appendix 1).

Emerging Syndromic Data

Regarding emerging data sets, RSVs extracted from Google
Trends and English Wikipedia page views were analyzed.
Google Trends data were accessed via an open-source
application programming interface (API) implemented in R
cadled “gtrendsR” [22]. Google Trends provides
England-specific aggregation, but the weekly format begins
each Sunday, whichisnot in linewith theinternational standard
(I1SO 8601). Besides region, search volumes can be extracted
based on a specific category such as “Health” [23]. However,
this was not specified to avoid decreasing the variance of the
individual time series, as searches for norovirus and related
topics are aready low relative to all searches. Further details
about our search term selection process are described below.

Page views were extracted via public APl [24] from English
Wikipedia as data are unavailable regionally. Daily page views
were aggregated to weeks using zoo package of R software (R
Foundation for Statistical Computing) [25]. We identified 6
relevant Wikipedia pages—"Gastric flu,” “Stomach flu,’
“Norovirus,” “Gastroenteritis,” “Vomiting,” and “Diarrhoea.”

I nternet Search Terms Selection

To avoid introducing bias into the search term selection and
maximize the discovery of relevant search terms, the following
process was followed: (1) keywords for the initial search were
identified; (2) correlated search termsfor every keyword within
thelast 5 years were automatically downloaded with an R script
(seeMultimedia Appendix 2); (3) the current selection of search
terms was manualy reviewed to see whether any known
synonyms of norovirus are missing— if yes, another keyword
wasintroduced; (4) all the search termswere lagged by 1 week
and combined with norovirus reports for each age group and
region separately; and (5) correlation coefficients were
calculated, and search terms with coefficients under 0.20
signifying aweak relationship with the outcome variableswere
removed.

We began with theterms*“norovirus’ and “ gastroenteritis,” and,
following review, we added “ stomach flu” and “vomiting.” This
yielded 127 unique search terms in total (see Multimedia
Appendix 1).

Time Period and Data Preparation

Since Wikipedia page views for the topics of interest became
available via APl in July 2015, we restricted other data setsto
this starting point. Furthermore, considering the impact of the
COVID-19 pandemic on the laboratory data in the years 2020
and 2021 [26,27], we excluded the pandemic period by curtailing
the data analysis to 2019.

Combining the existing and emerging syndromic data resulted
in 163 variables (see Multimedia Appendix 1). To further reduce
irrelevant signals, we removed variableswith aweak correlation
coefficient (r<0.20) for each norovirus group (the syndromic
data were lagged by 1 week). In the case of the 5-14 years age
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group, this resulted only in 2 syndromic variables. For the rest
of the groups, the number of preselected variables ranged from
2510 65.

Ethical Consider ations

As only nonidentifiable data were used in this study, the
University of Liverpool Research Integrity and Ethic committee
confirmed that ethical approval was not required (Reference:
7489).

Statistical Analysis

Overall Approach

Dueto biasesthat can be introduced by a particular method, we
used 2 approachesto understand the predictive power of existing
and emerging syndromic data sources. The first approach was
based on the concept of Granger causality, emphasizing the
importance of flow of time, that is, cause precedes effect. The
second approach used random forest modeling, a machine
learning algorithm widely used for variable selection in the field
of data science. We used R [28] and RStudio [29] to perform
the analysis.

Granger Causality

The time series data were assessed for stationarity (ie,
seasonality and trend) as thisis assumed by Granger causality
[30]. After seasonality and trend were removed, all variables
required differencing, that is, a transformation of the original
time series to differences between consecutive values. The
augmented Dickey-Fuller test [31] was used to test stationarity.
We then fitted a vector autoregressive (VAR) model to every
combination of group-relevant syndromic variables and
norovirus reports for each age group and region separately. For
example, norovirus reports in London and “Gastroenteritis’
Wikipedia page views would create one combination. Both
variables in the combination were lagged, that is, delayed, by
5 weeks giving us 5 versions of the same variable from
consecutive time points. We used VAR implementation from
vars package of R software[32], which alsoincludesafunction
to check for model stability. For more detailed description of
VAR modelsand Granger causality inthe human health context,
see Bose et a [33].

The Wald test was then used to determine whether syndromic
datain the given category precede norovirusreports. It wasalso
possible to identify the opposite relationship, that is, norovirus
activity precedes syndromic data. Granger causality framework
refers to predictive relationships as “Granger-causing,” so
syndromic data can Granger-cause norovirus activity, conversely
norovirus activity can Granger-cause changes in syndromic
data

P values were corrected with the optimized fal se discovery rate
[34] due to multiple hypothesis testing. The target level of
significance was 5%.

Random Forest Modeling

Unlike the Granger causality framework, random forest
modeling does not require stationarity, and so variables were
not differenced. However, seasonality was removed, and data
normalized to range from O to 1. The normalization step is
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important in random forests since the concrete variable values
can impact the variable ranking and performance [35].
Additionally, syndromic variables were lagged by 1 and 2
weeks. We then fitted arandom forest model for every age and
regional category separately, which gave 15 models with
norovirus laboratory reports as the outcome, that is, dependent
variableand all group-relevant existing and emerging syndromic
variablesas predictors, that is, independent variables. Normally,
distributed random noi se was used to indicate which syndromic
variables add value; that is, syndromic variables had to achieve
better variable importance score than random noise. Explained
variance, root mean square error on the out-of-bag data, and
variable importance are reported based on 1000 trees. The
out-of-bag data refer to the data points reserved for model
validation only, and out-of-bag error isan estimate for predictive
performance. Explained variance and root mean square error
averaged over the 15 models determined whether to lag the
syndromic data by 1 or 2 weeks.

Two metrics were used to assess variable importance: (1)
decrease in the mean square error and (2) node purity. Mean
sguare error decrease is based on permutation of syndromic
variables, one at a time, in the out-of-bag section of the data.
The average decrease across the individua trees is reported.
Node purity isatree-specific variableimportance metric. In the
regression context, node purity indicates the total decrease in
node impurities from splitting on the variable measured by
residual sum of squares averaged over al trees. In other words,
node purity isameasure of how well agiven variable decreases
variancein the outcome. We used random forest implementation
from the rf package of R software [35] to fit the models and
assess variable importance.

Combining Approaches

The syndromic variables preceding norovirus laboratory reports
are considered influentia predictors in the Granger causality
framework. The precedenceis based on a significance test. On
the other hand, according to random forest modeling, influential
predictors are those syndromic variables that achieve higher
variable importance than the random noise, that is, no
significance test is performed.

https://www.jmir.org/2023/1/€37540
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The 2 random forest metrics are normalized to a0-1 scalewhere
values close to 1 represent high variable importance for a
particular model. Only the top 10 variablesin each method are
displayed, alowing for simpler interpretation. This provides
between 10 and 30 predictors per group or region. If avariable
was influential according to Granger causality framework, but
not in the random forest for the given age group or aregion, it
isassigned anegative value (—1) for random forest metrics. The
R code using ggplot2 [36], dplyr [37], and stringr [38] packages
to produce the figures is available (see Multimedia Appendix
3).

Results

Granger Causality

Based on the Granger causdity framework, mgjority of the
group-relevant syndromic variables were assigned to the “not
predicting” category, that is, there was no significant relationship
between the independent and the dependent variable in time.
Our anaysis highlighted 11 unique predictors across existing
(4) and emerging (7) syndromic data that preceded changesin
norovirus activity; 2 predictors were significant both ways, in
that they predicted norovirusactivity but norovirus activity also
predicted them (Table 1).

Additionally, 18 variables were Granger-caused by norovirus
activity including internet searches for “flu symptoms,” “how
long does norovirus last,” “norovirus incubation,” “symptoms
norovirus,” “vomiting bug,” Wikipedia page for diarrhea,
in-hour GP visits for gastroenteritis in those aged 25-44 and
=65 years, and NHS 111 calls due to vomiting in those aged
15-24 years.

Different predictors were significant for different age groups
and regions. For example, GP visits due to vomiting in small
children aged 0-4 years preceded norovirus activity only in the
45-64 years age group model. However, the views of the
Gastroenteritis Wikipedia page preceded norovirus reports in
the East of England, South East, and =65 years age group. The
Granger-causing was significant both ways in the South East
model.
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Table 1. Wald test: the most influential variables predicting norovirus laboratory reports in respective age- and region-specific models.

Syndromic data Norovirus activity P value

Variables Granger-causing norovirus laboratory reports
NHS? 111 calls due to vomiting among individuals aged 5-14 years Laboratory reports among individuals aged 25-44 years 002
NHS 111 calls due to vomiting among individuals aged 0-4 years Laboratory reports among individuals aged 0-4 years .001
GPP visits due to vomiting among individuals aged 0-4 years Laboratory reports among individuals aged 45-64 years 001
GP visits due to vomiting among individuals aged =65 years Laboratory reports from the West Midlands .001
Views of Wikipedia's Gastroenteritis page Laboratory reports among individuals aged =65 years <.001
Views of Wikipedia's Gastroenteritis page Laboratory reports from the East of England <.001
Search term “norovirus contagious’ Laboratory reports among individuals aged 25-44 years .002
Search term “norovirus first symptoms” Laboratory reports from the East of England .001
Search term “norovirus’ Laboratory reports from the East of England .002
Search term “norovirus incubation period” Laboratory reports from London .001
Search term “ stomach bug” Laboratory reports among individuals aged 0-4 years .002
Search term “stomach pain” Laboratory reports from the North East <.001

Granger-causing significant both ways
NHS 111 calls due to vomiting among individuals aged 25-44 years Laboratory reports among individuals aged 0-4 years .002
Views of Wikipedia's Gastroenteritis page Laboratory reports from the South East <.001

3NHS: National Health Service.
bGp: genera practice.

Random Forest

The predictive relationship in this section wasinvestigated only
oneway—whether existing and emerging syndromic data predict
norovirus laboratory reports. The random forest models with
syndromic data lagged by 1 and 2 weeks were mostly similar,
except North East, London, and South East (Table 2). The North
East model’s variance explained increases from ~8% to ~20%
in random forest with lag of 2 weeks. The highest percentage
of variance explained was in the 65+ years group (~60%, lag
2), 0-4 years group (~49%, lag 1), London (~47%, lag 1), and
East of England (~44%, lag 1). However, errors were slightly
lower in the random forest with lag 2.

Fitted values are presented for 5 age groups (Figure 1) and 9
regions (Figure 2). We were not able to fit a random forest
model to predict noroviruslaboratory reportsin 5-14 years age
group with the syndromic predictors. This was due to a low

https://www.jmir.org/2023/1/€37540

number of correlated syndromic variables and low variance of
the laboratory reports in this age group, with many weeks
reporting zero.

Similar to the Granger causality results, different predictors
were important in the individual models. For example,
vomiting-related NHS 111 callsin those aged 5-14 years were
important in all age groups and 4 regional models (North West,
Yorkshire and Humber, West Midlands, and East of England),
whilethe GPin-hour visitsdueto vomiting in 15-24 yearswere
an important variable only in the model predicting laboratory
reportsin 15-24 years age group. The internet searchesfor “flu
symptoms’ occurred in amost al of the 15 laboratory
reports—predicting models as an important predictor except 0-4
years age group where the syndromic data were lagged by 2
weeks. There was also a pattern of “flu symptoms” appearing
more important in older age groups (45+ years) compared to
younger groups.
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Table 2. Random forest (RF) performance comparison: predicting norovirus laboratory reports in specific age groups and regions—existing and
emerging syndromic variables were lagged by 1 or 2 weeks.

Predicting laboratory reports for each group  RF (lag=1) RF (lag=2)
and region
Explained % RMSE? (bootstrap) Explained % RMSE (bootstrap)
Agegroup (years)
0-4 488 8 43 8.2
5-14 b — _ _
15-24 13.14 22 6 23
25-44 25.18 4 20 4.3
45-64 32.16 6.6 33 6.5
265 55.69 40.5 60 36.6
Region
North East 7.50 6.6 19.91 6.2
North West 30.39 7.2 34.06 6.5
Yorkshire and Humber 29.79 113 26.41 10.9
East Midlands 39.42 6.9 42.19 7.1
West Midlands 3511 9.73 32.44 9.6
East of England 44.46 12 42 116
London 47.1 8.7 35.45 85
South East 18.1 8.8 12.6 8.3
South West 35 15.7 38.57 151

3RM SE: root-mean-square error.
bNot available.

Figure 1. Random forest fit for each age group (lag=2; no predictors were identified for the 5-14 years age group).
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Figure 2. Random forest fit for each region (lag=2).
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Combined Results

Both methodsindicated distinct syndromic predictorsin specific
laboratory-reporting models with some overlap. For example,
the methods are conflicting in the 0-4 years age group (Figure
3), where internet searches for “stomach bug” Granger-caused
norovirus laboratory reports but the variable was ranked as
unimportant by random forest modeling. On the other hand, the
most important predictor identified by random forest (internet
searches for norovirus 2016) is avariable that was preceded by
norovirus laboratory reports, that is, changes in the variable
occurred after changes in the norovirus activity. However, both
random forest and Granger-causality framework identified, and
NHS 111 vomiting calls concerning young children (0-4) asan
influential variable.

https://www.jmir.org/2023/1/€37540

RenderX

Norovirus activity in adults aged 25-44 years was predicted by
NHS 111 callson behalf of school children (5-14 years) in both
methods, while internet searches for “norovirus contagious”
was identified only by Granger causality.

Norovirus activity in the East of England was explained well
with the random forest model—58 variables selected as
important including the ones from the Granger causality
framework (Figure4). Internet search volumesfor theterm “flu
symptoms” was highlighted by both measures in the random
forest approach in 5 regions—West and East Midlands, East of
England, London, and South West, but the Granger causality
approach highlighted none of them as an influential predictor
of norovirus laboratory reports. The “flu symptoms” term was
significant only as being preceded by norovirus reports in
London. In contrast, the selected influentia variablesfrom both
methods seem to be more correlated in the East of England.
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Figure 3. The most influential variables predicting norovirus (NoV) laboratory reports in each age group. (The height of the bar indicates variable
importance based on node purity, and the position of the dark gray dot indicates mean square error. Variance explained by the random forest model is
shown as a percent value in the middle. Significance as judged by q value based on the Granger causality framework is marked in green and pink or
yellow if detected both ways. Only the top 10 variables per method are displayed, that is, between 10 and 30 predictors per group. When avariableis
not important based on random forest metrics, the bar pointsinward and the dot is at 0 position. Existing syndromic data sources are marked based on
the source, that is, NHS 111 and GP. Wikipedia pages are marked with “Wiki” and the rest of selected variables are rel ative search volumes from Google

Trends.) GP: general practice; NHS: National Health Service.
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Figure4. Themostinfluentia variables predicting norovirus (NoV) laboratory reportsin each region. (The height of the bar indicates variable importance
based on node purity, and the position of the dark gray dot indicates mean square error. Variance explained by the random forest model is shown asa
percent value in the middle. Significance asjudged by q value based on Granger causality framework is marked in green and pink or yellow if detected
both ways. Only top 10 variables per method are displayed, that is, between 10 and 30 predictors per group. When avariable is not important based on
random forest metrics, the bar pointsinward and the dot is at O position. Existing syndromic data sources are marked based on the source, that is, NHS
111 and GP. Wikipedia pages are marked with “Wiki” and the rest of selected variables are relative search volumes from Google Trends.) GP: general

practice; NHS: National Health Service.
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Discussion

Principal Results

Our findings suggest that both existing and emerging syndromic
surveillance data can predict the number of laboratory reports
of norovirus, but the success and specific variables vary across
age groups and regions of England. In other words, syndromic
data are less relevant for some age groups and regions than
others. For example, the combined existing and emerging
syndromic variables explained 60% variance in the =65 years
age group model, 42% in the East of England, and only 13%in
the South West. The variation can be due to contrasting public
health reporting, diagnostic testing practices, and resource
constraints between regions. Data biases in the laboratory and
syndromic surveillance data could have aso led to a poor

https://www.jmir.org/2023/1/€37540
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predictive performance. For example, we could not find any
influential predictorsfor thelaboratory reportsinthe 5-14 years
age group, which could be associated with the fact that the signal
inthese dataisweak and requires different statistical approaches
than those used here. Another factor is the population structure
of specific regions since health information—seeking behavior
differs across age groups [39].

Themost influential predictorsfrom emerging data setsincluded
search terms such as “norovirus contagious,” “norovirus first
symptoms,” “norovirus,” “norovirus incubation period,”
“stomach bug,” “stomach pain,” “norovirus in pregnancy,”’
“norovirus baby,” “flu symptoms’ and norovirus activity in
specific years, for example, “norovirus 2016.” The year-specific
search terms suggest instability of the relationship between
some of these variables and norovirus activity from year to year.
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In other words, predictorsrelevant in one norovirus season may
not substantially contribute in other seasons. This could be
linked to the stochastic nature of laboratory-confirmed numbers
of norovirus infections that are known to vary from season to
season. Additionally, the fluctuations in search term relevance
could be related to how and when the media cover norovirus
outbreaks [40].

Our analysis suggests that Wikipedia page views are lesslikely
to provide prediction improvements on top of Google Trends
and Existing Syndromic Data. The page views for
“Gastroenteritis’ were predictive of noroviruslaboratory reports
in East of England and the 65+ years age group only, and other
pages were on the lower end of the random forest variable
importance. One reason for the lower importance of Wikipedia
page views in the random forest is that the time series is
correlated with other variables that already provided similar
signals, so Wikipedia page views are ranked lower [35]. Also,
the page views data are only available based on language, so
the signal from other English-speaking countries brings
unnecessary noise, that is, false signal.

Additionally, the Granger causality framework and random
forest modeling results support the greater emphasis placed
upon vomiting as a predictor of norovirus activity compared
with diarrhea. Previous studies identified vomiting-related
syndromic surveillance as preceding norovirus activity.
Specifically, under 5 vomiting callsin the UK [17] and vomiting
calsin al age groups in Ontario, Canada [41]. Moreover, our
analysis showed that vomiting in the 5-14 years age group
precedes norovirus activity in the 25-44 and random forest
indicated this variable was a so influential in other age groups.
School-aged children were previously identified as a good
indicator of influenza activity [42], suggesting the importance
of social contact patternsin thisage group for person-to-person
transmission. This provides further support to the notion of
school-based surveillance of acute infectious diseases such as
norovirus [43].

Existing and Emerging Syndromic Dataand Norovirus
Surveillance

The main advantage of existing syndromic surveillance datais
the availability of grouping by age and region. This level of
granularity is crucial for a holistic view of norovirus activity.
For example, existing syndromic surveillance can indicate
increased gastrointestinal symptoms in the London region. If
the number of suspected or confirmed norovirus outbreaks
increases in the same region, this provides further evidence to
inform risk management and health protection actions.

In contrast, emerging syndromic data sets investigated in this
study are not presented at this level. Most internet search
volumes extracted from Google Trendsare available for England
only due to low norovirus-related volumes compared to other
topics. Further, the Google Trends system lacks transparency
about how the total searches are sampled, and extracting more
than 5 search terms is not straightforward. Despite these
challenges, RSV's can provide a relevant predictive signa for
specific age groups and regions and potentially overall.
However, these data are not well-suited for the triangulation of
norovirus activity per se, and statistical modeling isrequired to
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extract and clean the signal. For instance, a short-term
forecasting model can predict the number of confirmed cases a
few weeks ahead; this way, the limited signal in the data can
be leveraged. Since laboratory reporting is subject to delays,
such amodel based on Google Trends and other data sets could
provide a better estimate of the expected number of reports. The
forecasts could then be used in public health surveillance of
norovirus, as illustrated in the US influenza forecasting
competition [44].

Additionally, we found that the approaches assigned diverse
levels of importance to the syndromic variables across the age-
and region-specific models. This suggests that potential early
warning and forecasting systems should consider regularization
methods [45] that assign low weight to less relevant variables
rather than removesthem. Alternatively, to decrease the number
of variables, the principal component analysis could be used
[46].

Internet Searches and M ental M odels of Disease

Mental models and representations are well-studied
psychological concepts, yet they have been only recently
discussed in the context of risk communication [47] and public
health policy [48]. Briefly, mental model refers to the implicit
or explicit understanding of how something works. This study
highlights the unrestricted nature of internet searches, which
could provideinsight into mental models of norovirus and other
infections. Such insights could be used to guide qualitative
methodol ogies such as semistructured interviewswhen exploring
informational needs of health advice seekers on the internet
[49].

Our analysis indicated RSVs for “flu symptoms’ among the
best predictors of norovirus laboratory reports in multiple
regions. In other words, some people experiencing norovirus
infection could be searching for symptoms of flu or stomach
flu, among others. Thisisin line with a recent study from the
United States where the searches correlated with norovirus
activity included “ stomach flu” [50]. Peopl€e’s misunderstanding
of adisease is crucia because it guides their behavior while
experiencing the disease. For example, norovirus can survive
on contaminated surfaces [3] but by thinking they have flu,
people can underestimate the importance of cleaning and the
risk of food contamination by a symptomatic individual.
Furthermore, there seemsto be a pattern where the searchesfor
“flu symptoms” were moreimportant in those 45 years or ol der,
particularly those 65 years or older. The flu-like perception of
norovirus could be related to historic public health messaging,
and the fact that norovirus is a relatively recently discovered
pathogen [51].

Strengthsand Limitations

The main advantage of this study is that we use 2 approaches
to assess predictability. With thefirst approach based on Granger
causality and significance testing, we capture the predictive
potential of individual syndromic variables. The second
approach uses random forest regression as a popular prediction
algorithm, and this helps assess the predictive potential in the
context of other variables. Additionally, the analysis highlights
how different methods can highlight different explanatory
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variables and provide robust evidence of predictability when
theresults of both approaches are aligned. Future research could
explore predictability in higher moments via the quantile
dependence method [52] or test the predictive performance in
areal-time norovirus prediction context.

Furthermore, we foll ow an automated correl ation—based search
term selection process for Google Trends. This helps avoid
incorporating biases and assumptions about how the public
might think about norovirus infections and what words they
would useto describe symptoms. Automated selection has been
shown to achieve great predictive performance in previous flu
forecasting research [53]. Our approach also involved manual
inspection to ensure that the search terms were relevant. It may
have missed some norovirus-related search terms, but the goal
of this analysis is to assess whether Google Trends can offer
useful signals for norovirus prediction, not to provide an
exhaustive list of norovirus search terms in England.
Additionally, it is essential to note that the Google Trends tool
[19] provides RSV s based on asample of searches, not the total
number, which can vary with each request.

The main limitations of our analysis are in the data. Norovirus
infections or outbreaks often go unreported, leading to
underreporting in national surveillance systems, so confirmed
laboratory reports do not represent actual norovirus activity
[12]. Other sources of syndromic surveillance data, such as
health-based systems and web-based sources like Twitter, were
not considered and could add additional predictive signals.
Previousresearch also used datafrom a UK infection portal that
captures health professionals’ web-based behavior [40], and
such data could provide other signalsin a predictive modeling
context.

Ondrikovaet al

Conclusions

In conclusion, our study aimed to assess the predictive potential
of existing and emerging syndromic data for norovirus
prediction, focusing on individual time series assessment and
combined assessment of all variablesin random forest modeling.
The results show that existing and emerging data sources can
help predict norovirus activity in England in some age groups
and geographic regions, particularly with predictors concerning
vomiting, gastroenteritis, and norovirus in vulnerable
populations and historical terms such as stomach flu. However,
syndromic predictorswerelessrelevant in some age groupsand
regions, and those influential in one norovirus season may not
contribute to another. The variation can be due to contrasting
public heath practices between regions and health
informati on—seeking behavior between age groups.

In terms of public health surveillance, the critical advantage of
existing syndromic surveillance is the high granularity in age
and region. Asaresult, the data can be easily compared against
other surveillance systems and immediately inform risk
management. In contrast, emerging syndromic data are not
well-suited for the triangulation of norovirusactivity per seand
require statistical modeling to extract and clean the signal. Our
results emphasi ze the importance of automating the search terms
selection process and provideinsight into potentially successful
predictive approaches. Specifically, we recommend using
methods such as regularized regression that can handle high
numbers of independent variables or extracting variance with
principal component analysis.

Our findings have implications for public health surveillance
and policy regarding norovirus and possibly beyond. The
potential of mental models, such as those reflected in internet
searches, in developing targeted and effective communication
and knowledge mobilization strategies in the face of emerging
situationsis huge.

Acknowledgments

We thank syndromic surveillance data providers: National Health Service (NHS) 111 and NHS Digital and participating TPP
(The Phoenix Partnership) SystmOne practices supporting the general practitioner in-hours system. We acknowledge the UK
Health Security Agency (UKHSA) Real-time Syndromic Surveillance Team for technical expertisein providing the required data
extracts and the UKHSA Gastrointestinal |nfections and Food Safety (One Health) Division for providing the laboratory data.
Finally, we are grateful for the time and effort the editor and the reviewers put into their comments, hel ping usimprove the overall
quality of the paper.

Data Availability

Routine surveillance data cannot be shared publicly because the provision of the data is dependent on the intended use. Raw
norovirus data are available from UKHSA (EEDD@ukhsa.gov.uk). The R code generated during this study to find relevant
Google Trends and the code and data to produce the final circular visualization are available as Multimedia Appendices 2 and 3,
respectively. Public application programming interfaces to acquire Google Trends and Wikipedia are referenced [22,24].

Disclaimer

NO is funded by Engineering and Physical Sciences Research Council (EPSRC) and Economic and Social Research Council
(ESRC) Centre for Doctoral Training in Quantification and Management of Risk & Uncertainty in Complex Systems &
Environments (grant EP/L015927/1). The funders had no role in study design, data collection and analysis, decision to publish,
or preparation of the manuscript. NAC, RV, HEH, AJE, and NO are affiliated to and HEC is partialy funded by the National
Ingtitute for Health and Care Research (NIHR) Health Protection Research Unit (HPRU) in Gastrointestinal Infections at the
University of Liverpool, in partnership with the UK Health Security Agency, in collaboration with University of Warwick. AJE

https://www.jmir.org/2023/1/e37540 JMed Internet Res 2023 | vol. 25 | e37540 | p. 11

(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Ondrikovaet a

isaffiliated to the NIHR HPRU in Emergency Preparedness and Response based at the University of East Anglia. NACisaNIHR
Senior Investigator (NIHR203756). The views expressed are those of the authors and not necessarily those of the NIHR, the
Department of Health and Social Care, or the UK Health Security Agency.

Authors Contributions

NO designed the study, drafted the manuscript, prepared the Second-Generation Surveillance System dataand emerging syndromic
data, and performed the analysiswith HEC's supervision. HEH facilitated the data preparation for existing syndromic surveillance
systems. HEC, NAC, MIG, JPH, RV, AD, AJE, and HEH contributed to the interpretation of the results and revisions of the
manuscript.

Conflictsof I nterest
None declared.

Multimedia Appendix 1

List of al variables.
[PDE File (Adobe PDF File), 163 KB-Multimedia Appendix 1]

Multimedia Appendix 2

R script to automatically download the relative search volumes.
[ZIP File (Zip Archive), 1 KB-Multimedia Appendix 2]

Multimedia Appendix 3

R script code and data to produce the visualizations.
[ZIP File (Zip Archive), 10 KB-Multimedia Appendix 3]

References

1.  Ahmed SM, Hall AJ, Robinson AE, Verhoef L, Premkumar P, Parashar UD, et a. Global prevalence of norovirusin cases
of gastroenteritis: a systematic review and meta-analysis. Lancet Infect Dis 2014;14(8):725-730 [FREE Full text] [doi:
10.1016/S1473-3099(14) 70767-4] [Medline: 24981041]

2. deGraaf M, van Beek J, Koopmans MPG. Human norovirus transmission and evolution in a changing world. Nat Rev
Microbiol 2016 Jul;14(7):421-433. [doi: 10.1038/nrmicro.2016.48] [Medline: 27211790]

3.  BvansMR, Meldrum R, LaneW, Gardner D, Ribeiro CD, Gallimore Cl, et a. An outbreak of viral gastroenteritisfollowing
environmental contamination at aconcert hall. Epidemiol Infect 2002 Oct;129(2):355-360. [doi: 10.1017/90950268802007446]
[Medline: 12403111]

4.  Lopman B, Gastafiaduy P, Park GW, Hall AJ, Parashar UD, Vinjé J. Environmental transmission of norovirus gastroenteritis.
Curr Opin Virol 2012 Feb;2(1):96-102. [doi: 10.1016/j.coviro.2011.11.005] [Medline: 22440972]

5. InnsT, Clough HE, Harris JR, Vivancos R, Adams N, O'Brien SJ. Estimating the burden of care home gastroenteritis
outbreaksin England, 2014-2016. BMC Infect Dis 2019 Jan 05;19(1):12 [FREE Full text] [doi: 10.1186/s12879-018-3642-3]
[Medline: 30611217]

6.  Harris JP, IturrizaGomara M, O'Brien SJ. Re-assessing the total burden of norovirus circulating in the United Kingdom
population. Vaccine 2017 Feb 07;35(6):853-855 [FREE Full text] [doi: 10.1016/j.vaccine.2017.01.009] [Medline: 28094075]

7.  Esposito S, Principi N. Norovirus vaccine: priorities for future research and development. Front Immunol 2020;11:1383
[FREE Full text] [doi: 10.3389/fimmu.2020.01383] [Medline: 32733458]

8.  lturriza-GémaraM, Lopman B. Norovirusin healthcare settings. Curr Opin Infect Dis 2014 Oct;27(5):437-443 [ FREE Full
text] [doi: 10.1097/QCO.0000000000000094] [Medline: 25101555]

9.  Generous N, Fairchild G, Deshpande A, Del Valle SY, Priedhorsky R. Global disease monitoring and forecasting with
Wikipedia. PLoS Comput Biol 2014;10(11):e1003892 [ EREE Full text] [doi: 10.1371/journal.pchi.1003892] [Medline:
25392913]

10. Laboratory reporting to UKHSA: aguidefor diagnostic laboratories. UK Health Security Agency. 2022. URL: https.//assets.
publishing.service.gov.uk/government/upl oads/system/upl cads/attachment_datal/file/926838/PHE_L aboratory reporting_guide
lines October-2020-v3.pdf [accessed 2023-04-08]

11. OndrikovaN, Clough HE, Cunliffe NA, Iturriza-Gomara M, Vivancos R, Harris JP. Understanding norovirus reporting
patterns in England: a mixed model approach. BMC Public Health 2021 Jun 28;21(1):1245 [FREE Full text] [doi:
10.1186/s12889-021-11317-3] [Medline: 34182979

https://www.jmir.org/2023/1/e37540 JMed Internet Res 2023 | vol. 25 | €37540 | p. 12
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=jmir_v25i1e37540_app1.pdf&filename=e4270e1313cd13e1de6a361313c33c93.pdf
https://jmir.org/api/download?alt_name=jmir_v25i1e37540_app1.pdf&filename=e4270e1313cd13e1de6a361313c33c93.pdf
https://jmir.org/api/download?alt_name=jmir_v25i1e37540_app2.zip&filename=60096cd01dc24d76e151d70617c56294.zip
https://jmir.org/api/download?alt_name=jmir_v25i1e37540_app2.zip&filename=60096cd01dc24d76e151d70617c56294.zip
https://jmir.org/api/download?alt_name=jmir_v25i1e37540_app3.zip&filename=f16fc012f1e4823b203647b1ac81bc6e.zip
https://jmir.org/api/download?alt_name=jmir_v25i1e37540_app3.zip&filename=f16fc012f1e4823b203647b1ac81bc6e.zip
https://europepmc.org/abstract/MED/24981041
http://dx.doi.org/10.1016/S1473-3099(14)70767-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24981041&dopt=Abstract
http://dx.doi.org/10.1038/nrmicro.2016.48
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27211790&dopt=Abstract
http://dx.doi.org/10.1017/s0950268802007446
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12403111&dopt=Abstract
http://dx.doi.org/10.1016/j.coviro.2011.11.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22440972&dopt=Abstract
https://bmcinfectdis.biomedcentral.com/articles/10.1186/s12879-018-3642-3
http://dx.doi.org/10.1186/s12879-018-3642-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30611217&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0264-410X(17)30014-2
http://dx.doi.org/10.1016/j.vaccine.2017.01.009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28094075&dopt=Abstract
https://europepmc.org/abstract/MED/32733458
http://dx.doi.org/10.3389/fimmu.2020.01383
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32733458&dopt=Abstract
https://europepmc.org/abstract/MED/25101555
https://europepmc.org/abstract/MED/25101555
http://dx.doi.org/10.1097/QCO.0000000000000094
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25101555&dopt=Abstract
https://dx.plos.org/10.1371/journal.pcbi.1003892
http://dx.doi.org/10.1371/journal.pcbi.1003892
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25392913&dopt=Abstract
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/926838/PHE_Laboratory_reporting_guidelines_October-2020-v3.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/926838/PHE_Laboratory_reporting_guidelines_October-2020-v3.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/926838/PHE_Laboratory_reporting_guidelines_October-2020-v3.pdf
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-021-11317-3
http://dx.doi.org/10.1186/s12889-021-11317-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34182979&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Ondrikovaet a

12. Tam CC, Rodrigues LC, Viviani L, Dodds JP, Evans MR, Hunter PR, [1D2 Study Executive Committee. L ongitudinal
study of infectiousintestinal diseasein the UK (11D2 study): incidencein the community and presenting to general practice.
Gut 2012;61(1):69-77 [FREE Full text] [doi: 10.1136/gut.2011.238386] [Medline: 21708822]

13.  Henning K. What is syndromic surveillance? Morb Mortal Wkly Rep 2004;53:7-11. [doi: 10.1037/e307182005-001]

14. Harcourt SE, Morbey RA, Loveridge P, Carrilho L, Baynham D, Povey E, et al. Developing and validating a new national
remote health advice syndromic surveillance system in England. J Public Health (Oxf) 2016;39(1):184-192 [FREE Full
text] [doi: 10.1093/pubmed/fdw013] [Medline: 26956114]

15. Smith GE, Elliot AJ, Lakel, Edeghere O, Morbey R, Catchpole M, Public Health England Real-time Syndromic Surveillance
Team. Syndromic surveillance: two decades experience of sustainable systems: its people not just datal. Epidemiol Infect
2019;147:e101 [FREE Full text] [doi: 10.1017/S0950268819000074] [Medline: 30869042]

16. Todkill D, Elliot AJ, Morbey R, Harris J, Hawker J, Edeghere O, et al. What is the utility of using syndromic surveillance
systems during large subnational infectious gastrointestinal disease outbreaks? An observational study using case studies
from the past 5 years in England. Epidemiol Infect 2016;144(11):2241-2250 [EREE Full text] [doi:
10.1017/S0950268816000480] [Medline: 27033409]

17. Loveridge P, Cooper D, Elliot AJ, Harris J, Gray J, Large S, et a. Vomiting callsto NHS direct provide an early warning
of norovirus outbreaksin hospitals. JHosp Infect 2010;74(4):385-393. [doi: 10.1016/j.jhin.2009.10.007] [Medline: 20172625]

18. Morbey RA, Charlett A, Lake |, Mapstone J, Pebody R, Sedgwick J, et a. Can syndromic surveillance help forecast winter
hospital bed pressuresin England? PLoS One 2020;15(2):0228804 [ FREE Full text] [doi: 10.1371/journal.pone.0228804]
[Medline: 32040541]

19. Google Trends. URL: https://www.google.com/trends [accessed 2023-04-08]

20. Nuti SV, Wayda B, Ranasinghe |, Wang S, Dreyer RP, Chen Sl, et al. The use of google trends in health care research: a
systematic review. PL0S One 2014;9(10):e109583 [EREE Full text] [doi: 10.1371/journal.pone.0109583] [Medline:
25337815]

21. Mclver DJ, Brownstein JS. Wikipedia usage estimates prevalence of influenza-like illnessin the United Statesin near
real-time. PLoS Comput Biol 2014;10(4):€1003581 [FREE Full text] [doi: 10.1371/journal.pchi.1003581] [Medline:
24743682]

22. Massicotte P, Eddelbuettel D. gtrendsR: Perform and Display Google Trends Queries. 2021. URL: https://github.com/
PM assi cotte/gtrendsR [accessed 2023-04-08]

23. Mavragani A, Ochoa G. Google trends in infodemiology and infoveillance: methodology framework. JMIR Public Health
Surveill 2019;5(2):€13439 [FREE Full text] [doi: 10.2196/13439] [Medline: 31144671]

24. Wikimedia REST API. URL: https://wikimedia.org/api/rest_v1/#/ [accessed 2023-04-08]

25. ZeileisA, Grothendieck G. zoo?: S3infrastructure for regular and irregular time series. J Stat Soft 2005;14(6):1-27 [FREE
Full text] [doi: 10.18637/jss.v014.i06]

26. OndrikovaN, Clough HE, DouglasA, Iturriza-GomaraM, LarkinL, VivancosR, et al. Differential impact of the COVID-19
pandemic on laboratory reporting of norovirus and Campylobacter in England: a modelling approach. PLoS One
2021;16(8):e0256638 [ FREE Full text] [doi: 10.1371/journal.pone.0256638] [Medline: 34432849]

27. National norovirus and rotavirus bulletins 2021 to 2022: management information. UK Health Security Agency. 2022.
URL: https://www.gov.uk/government/stati sti cal -data-sets/nati onal -norovirus-and-rotavirus-bull etin-management-infor
mation--2 [accessed 2023-04-08]

28. R:alanguage and environment for statistical computing. R Core Team. 2020. URL: https.//www.eea.europa.eu/data-and-maps/
indi cators/oxygen-consuming-substances-in-rivers/r-devel opment-core-team-2006 [accessed 2023-04-08]

29. RStudio Team. RStudio: Integrated development environment for R (version 0.97.311). URL : https://www.r-project.org/
conferences/useR-2011/abstracts/180111-allairejj.pdf [accessed 2023-04-11]

30. Granger CWJ. Investigating causal relations by econometric models and cross-spectral methods. Econometrica
1969;37(3):424. [doi: 10.2307/1912791]

31. Trapletti A, Hornik K. tseries: Time Series Analysis and Computational Finance. 2012. URL: http://cran.r-project.org/
package=tseries [accessed 2023-04-08]

32. Pfaff B. VAR, SVAR and SVEC models: implementation within R package vars. J Stat Soft 2008;27(4):1-32. [doi:
10.18637/jss.v027.i04]

33. BoseE, Hravnak M, Sereika SM. Vector autoregressive models and granger causality in time series analysisin nursing
research: dynamic changes among vital signs prior to cardiorespiratory instability events as an example. Nurs Res
2017;66(1):12-19 [FREE Full text] [doi: 10.1097/NNR.0000000000000193] [Medline: 27977564]

34. Storey JD, Taylor JE, Siegmund D. Strong control, conservative point estimation and simultaneous conservative consistency
of false discovery rates: a unified approach. JR Stat Soc B 2004;66(1):187-205. [doi: 10.1111/].1467-9868.2004.00439.X]

35. Breiman L. Random forests. Mach Learn 2001;45(1):5-32. [doi: 10.1023/A:1010933404324]

36. Wickham H. ggplot2: Elegant Graphics for Data Analysis. New York: Springer-Verlag; 2009.

37.  WickhamH, FrancoisR, Henry L, Miiller K. dplyr: A Grammar of Data Manipulation. 2021. URL: https://cran.r-project.org/
package=dplyr [accessed 2023-04-08]

https://www.jmir.org/2023/1/e37540 JMed Internet Res 2023 | vol. 25 | e37540 | p. 13

(page number not for citation purposes)


http://gut.bmj.com/lookup/pmidlookup?view=long&pmid=21708822
http://dx.doi.org/10.1136/gut.2011.238386
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21708822&dopt=Abstract
http://dx.doi.org/10.1037/e307182005-001
https://europepmc.org/abstract/MED/26956114
https://europepmc.org/abstract/MED/26956114
http://dx.doi.org/10.1093/pubmed/fdw013
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26956114&dopt=Abstract
https://europepmc.org/abstract/MED/30869042
http://dx.doi.org/10.1017/S0950268819000074
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30869042&dopt=Abstract
https://europepmc.org/abstract/MED/27033409
http://dx.doi.org/10.1017/S0950268816000480
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27033409&dopt=Abstract
http://dx.doi.org/10.1016/j.jhin.2009.10.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20172625&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0228804
http://dx.doi.org/10.1371/journal.pone.0228804
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32040541&dopt=Abstract
https://www.google.com/trends
https://dx.plos.org/10.1371/journal.pone.0109583
http://dx.doi.org/10.1371/journal.pone.0109583
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25337815&dopt=Abstract
https://dx.plos.org/10.1371/journal.pcbi.1003581
http://dx.doi.org/10.1371/journal.pcbi.1003581
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24743682&dopt=Abstract
https://github.com/PMassicotte/gtrendsR
https://github.com/PMassicotte/gtrendsR
https://publichealth.jmir.org/2019/2/e13439/
http://dx.doi.org/10.2196/13439
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31144671&dopt=Abstract
https://wikimedia.org/api/rest_v1/#/
http://www.jstatsoft.org/v14/i06/
http://www.jstatsoft.org/v14/i06/
http://dx.doi.org/10.18637/jss.v014.i06
https://dx.plos.org/10.1371/journal.pone.0256638
http://dx.doi.org/10.1371/journal.pone.0256638
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34432849&dopt=Abstract
https://www.gov.uk/government/statistical-data-sets/national-norovirus-and-rotavirus-bulletin-management-information--2
https://www.gov.uk/government/statistical-data-sets/national-norovirus-and-rotavirus-bulletin-management-information--2
https://www.eea.europa.eu/data-and-maps/indicators/oxygen-consuming-substances-in-rivers/r-development-core-team-2006
https://www.eea.europa.eu/data-and-maps/indicators/oxygen-consuming-substances-in-rivers/r-development-core-team-2006
https://www.r-project.org/conferences/useR-2011/abstracts/180111-allairejj.pdf
https://www.r-project.org/conferences/useR-2011/abstracts/180111-allairejj.pdf
http://dx.doi.org/10.2307/1912791
http://cran.r-project.org/package=tseries
http://cran.r-project.org/package=tseries
http://dx.doi.org/10.18637/jss.v027.i04
https://europepmc.org/abstract/MED/27977564
http://dx.doi.org/10.1097/NNR.0000000000000193
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27977564&dopt=Abstract
http://dx.doi.org/10.1111/j.1467-9868.2004.00439.x
http://dx.doi.org/10.1023/A:1010933404324
https://cran.r-project.org/package=dplyr
https://cran.r-project.org/package=dplyr
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Ondrikovaet a

38.

39.

40.

41.

42.

43.

45,

46.

47.
48.

49,

50.

51.

52.

53.

Wickham H. stringr: Simple, Consistent Wrappers for Common String Operations. 2019. URL: https://cran.r-project.org/
package=stringr [accessed 2023-04-08]

Wagner LS, Wagner TH. The effect of age on the use of health and self-care information: confronting the stereotype.
Gerontologist 2003;43(3):318-324. [doi: 10.1093/geront/43.3.318] [Medline: 12810895]

Kostkova P, Fowler D, Wiseman S, Weinberg JR. Major infection events over 5 years: how is media coverage influencing
online information needs of health care professionals and the public? JMed Internet Res 2013;15(7):€107 [FREE Full text]
[doi: 10.2196/jmir.2146] [Medline: 23856364]

Hughes SL, Morbey RA, Elliot AJ, McEwen SA, Greer AL, Young I, et al. Monitoring telehealth vomiting callsas a
potential public health early warning system for seasonal norovirus activity in Ontario, Canada. Epidemiol Infect
2019;147:e112 [FREE Full text] [doi: 10.1017/S0950268818003357] [Medline: 30869009]

Cooper DL, Smith GE, Regan M, Large S, Groenewegen PP. Tracking the spatial diffusion of influenza and norovirus
using telehealth data: a spatiotemporal analysis of syndromic data. BMC Med 2008;6:16 [FREE Full text] [doi:
10.1186/1741-7015-6-16] [Medline: 18582364]

Donaldson AL, Hardstaff JL, Harris JP, Vivancos R, O'Brien SJ. School-based surveillance of acute infectious disease in
children: a systematic review. BMC Infect Dis 2021;21(1): 744 [FREE Full text] [doi: 10.1186/s12879-021-06444-6]
[Medline: 34344304]

Lutz CS, Huynh MP, Schroeder M, Anyatonwu S, Dahlgren FS, Danyluk G, et al. Applying infectious disease forecasting
to public health: a path forward using influenza forecasting examples. BMC Public Health 2019;19(1):1659 [FREE Full
text] [doi: 10.1186/s12889-019-7966-8] [Medline: 31823751]

Ogutu JO, Schulz-Streeck T, Piepho H. Genomic selection using regularized linear regression models: ridge regression,
lasso, elastic net and their extensions. BM C Proc 2012;6(Suppl 2):S10 [FREE Full text] [doi: 10.1186/1753-6561-6-S2-S10]
[Medline: 22640436]

Ringnér M. What is principal component analysis? Nat Biotechnol 2008;26(3):303-304. [doi: 10.1038/nbt0308-303]
[Medline: 18327243]

Morgan MG, Fischhoff B, Bostrom A, Atman CJ. Risk Communication. Cambridge: Cambridge University Press; 2001.
Holtrop JS, Scherer LD, Matlock DD, Glasgow RE, Green LA. Theimportance of mental modelsinimplementation science.
Front Public Health 2021;9:680316 [FREE Full text] [doi: 10.3389/fpubh.2021.680316] [Medline: 34295871]

LeeK, Hoti K, Hughes JD, Emmerton L. Dr Google and the consumer: a qualitative study exploring the navigational needs
and online health information-seeking behaviors of consumers with chronic health conditions. JMed Internet Res
2014;16(12):e262 [FREE Full text] [doi: 10.2196/jmir.3706] [Medline: 25470306]

Yuan K, Huang G, Wang L, Wang T, Liu W, Jiang H, et a. Predicting norovirus in the United States using Google Trends:
infodemiology study. J Med Internet Res 2021;23(9):€24554 [FREE Full text] [doi: 10.2196/24554] [Medline: 34586079]
Kapikian AZ. The discovery of the 27-nm Norwalk virus: an historic perspective. JInfect Dis 2000;181(Suppl 2):S295-S302
[FREE Full text] [doi: 10.1086/315584] [Medline: 10804141]

Mavragani A, Gkillas K, Tsagarakis KP. Predictability analysis of the Pound's Brexit exchange rates based on Google
Trends data. J Big Data 2020;7(1):79 [FREE Full text] [doi: 10.1186/s40537-020-00337-2] [Medline: 32963933]

Yang S, SantillanaM, Kou SC. Accurate estimation of influenza epidemics using Google search datavia ARGO. Proc Natl
Acad Sci U SA 2015;112(47):14473-14478 [FREE Full text] [doi: 10.1073/pnas.1515373112] [Medline: 26553980]

Abbreviations

API: application programming interface

GP: general practice

NHS: National Health Service

RSV: relative search volume

SGSS: Second-Generation Surveillance System
UKHSA: UK Health Security Agency

VAR: vector autoregressive

Edited by A Mavragani; submitted 22.05.22; peer-reviewed by N Parikh, V Ramos, | Lake, S Wei; comments to author 08.11.22;
revised version received 28.11.22; accepted 19.02.23; published 08.05.23

Please cite as:

Ondrikova N, Harris JP, Douglas A, Hughes HE, Iturriza-Gomara M, Vivancos R, Elliot AJ, Cunliffe NA, Clough HE
Predicting Norovirus in England Using Existing and Emerging Syndromic Data: Infodemiology Study

J Med Internet Res 2023;25:€37540

URL: https.//www.jmir.org/2023/1/e37540

doi: 10.2196/37540

PMID:

https://www.jmir.org/2023/1/e37540 JMed Internet Res 2023 | vol. 25 | e37540 | p. 14

RenderX

(page number not for citation purposes)


https://cran.r-project.org/package=stringr
https://cran.r-project.org/package=stringr
http://dx.doi.org/10.1093/geront/43.3.318
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12810895&dopt=Abstract
https://www.jmir.org/2013/7/e107/
http://dx.doi.org/10.2196/jmir.2146
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23856364&dopt=Abstract
https://europepmc.org/abstract/MED/30869009
http://dx.doi.org/10.1017/S0950268818003357
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30869009&dopt=Abstract
https://bmcmedicine.biomedcentral.com/articles/10.1186/1741-7015-6-16
http://dx.doi.org/10.1186/1741-7015-6-16
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18582364&dopt=Abstract
https://bmcinfectdis.biomedcentral.com/articles/10.1186/s12879-021-06444-6
http://dx.doi.org/10.1186/s12879-021-06444-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34344304&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-019-7966-8
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-019-7966-8
http://dx.doi.org/10.1186/s12889-019-7966-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31823751&dopt=Abstract
https://bmcproc.biomedcentral.com/articles/10.1186/1753-6561-6-S2-S10
http://dx.doi.org/10.1186/1753-6561-6-S2-S10
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22640436&dopt=Abstract
http://dx.doi.org/10.1038/nbt0308-303
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18327243&dopt=Abstract
https://europepmc.org/abstract/MED/34295871
http://dx.doi.org/10.3389/fpubh.2021.680316
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34295871&dopt=Abstract
https://www.jmir.org/2014/12/e262/
http://dx.doi.org/10.2196/jmir.3706
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25470306&dopt=Abstract
https://www.jmir.org/2021/9/e24554/
http://dx.doi.org/10.2196/24554
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34586079&dopt=Abstract
https://europepmc.org/abstract/MED/10804141
http://dx.doi.org/10.1086/315584
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10804141&dopt=Abstract
https://europepmc.org/abstract/MED/32963933
http://dx.doi.org/10.1186/s40537-020-00337-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32963933&dopt=Abstract
https://europepmc.org/abstract/MED/26553980
http://dx.doi.org/10.1073/pnas.1515373112
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26553980&dopt=Abstract
https://www.jmir.org/2023/1/e37540
http://dx.doi.org/10.2196/37540
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Ondrikovaet a

©Nikola Ondrikova, John P Harris, Amy Douglas, Helen E Hughes, Miren lturriza-Gomara, Roberto Vivancos, Alex J Elliot,
Nigel A Cunliffe, Helen E Clough. Originally published in the Journal of Medical Internet Research (https://www.jmir.org),
08.05.2023. This is an open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in the Journa of Medical Internet Research, is properly cited. The complete bibliographic

information, a link to the original publication on https://www.jmir.org/, as well as this copyright and license information must
be included.

https://www.jmir.org/2023/1/e37540 JMed Internet Res 2023 | vol. 25 | e37540 | p. 15
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

