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Article history: Background: Large-scale diagnostic testing has been proven ineffective for prompt monitoring of the spread
Received 11 October 2024 of COVID-19. Electronic resources may facilitate enhanced early detection of epidemics. Here, we aimed to
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retrospectively explore whether examining trends in the use of emergency and healthcare services and the
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Google search engine is useful in detecting Severe Acute Respiratory Syndrome Coronavirus outbreaks early
compared with the currently used swab-based surveillance system.

Ié‘g&"{gf‘lj; Methods: Healthcare Utilization databases of the Italian region of Lombardy and the Google Trends website
Exponentially weighted moving average were used to measure the weekly utilization of emergency and healthcare services and determining the
control chart volume of Google searches from 2020 to 2022. Improved Farrington algorithm (IMPF) and Exponentially
Google trends Weighted Moving Average (EWMA) control chart were both fitted to detect outliers in weekly searches of
Healthcare utilization data nine syndromic tracers. AND/OR Boolean operators were tested aimed for joint using tracers and models.
Improved farrington algorithm Signals that occurred during periods labelled as free from epidemics were used to measure positive pre-
Syndromic surveillance dictive values (PPV) and false negative values (FNV) in anticipating the epidemic wave.

Results: Out of the 156 weeks of interest, 70 (45 %) were affected by epidemic waves. Overall, 54 syndromic
signals were obtained from any one of the 7 healthcare or Google tracers, generating an outlier from both
the EWMA and IMPF models. PPV values of 0.95, 1.00, 0.96 admitting a delay of 0, 1, and 2 weeks, re-
spectively, between signal and epidemic wave. The values of FNP ranged from 0.19 to 0.21.
Conclusions: High predictive power for anticipating COVID-19 epidemic waves, even two weeks ahead of
the official reports, was obtained from electronic syndromic tracers of healthcare-seeking trends and
Google search engine use. Following verification via a prospective approach, public health organizations are
encouraged to take advantage of this free forecasting system to anticipate and effectively manage re-
spiratory outbreaks.
© 2024 The Author(s). Published by Elsevier Ltd on behalf of King Saud Bin Abdulaziz University for Health
Sciences. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/li-
censes/by-nc-nd/4.0/).

Introduction

Syndromic surveillance involves tracking conditions of public

health interest based on non-specific tracers (e.g., symptoms and
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syndromic surveillance and the rapid data collection enable makes it
timely, sensitive, and flexible enough for addressing different si-
tuations/scenarios, including infectious outbreaks [2]. When syn-
dromic surveillance systems were first established in the mid-1990s
[3,4], there was a particular emphasis on monitoring influenza ac-
tivity. Such surveillance systems received further impetus because of
their potential utility for the early detection of bioterrorist events in
the wake of the terrorist attack in the USA in September 2001 [5].

Emerging evidence has suggested that syndromic surveillance
systems can predict outbreaks of COVID-19 with high spatial and
temporal resolution [6-9]. The recent COVID-19 epidemic arrived in
Italy earlier than in any other western country, and then spread
exponentially [10]. The most severely affected part of Italy, by far,
was Lombardy—a northern region in which SARS-CoV-2 infected
several millions of patients and has been associated with a high rate
of hospitalizations for intensive care and mortality [11]. To ensure
preparedness for a new epidemic wave, the Regional Health Au-
thority of Lombardy implemented a syndromic surveillance system
of transmissible diseases based on promptly available electronic data
to complement the conventional sources. High uncertainty is asso-
ciated with early prediction of the start of epidemic waves using
syndromic tracers and/or overburdened health services. Therefore,
we gradually proceeded by verifying the properties of data gener-
ated from the out-of-hospital utilization of healthcare [12] and
emergency services [13], and web-based platforms [14]. However,
the predictive power obtained by combining these methods with
tracers remains unknown. Furthermore, there has been considerable
emphasis in the literature on the statistical methods used to un-
derpin syndromic surveillance systems, with much of this work
based on synthetic and modelled data [15-19]. However, few studies
have been published on the practical experience of establishing and
operating such systems—for example, by empirically investigating
how tracers and models may be combined into formulating wider
and prompter public health response [20].

In this study, we investigated how the syndromic data behaved in
predicting the COVID-19 epidemic waves that occurred from
February 2020 to December 2022. To this end, we explored the
possibility of combining data on the usage of emergency and
healthcare services with internet search data. Furthermore, because
statistical models for early and accurately detecting the onset of
epidemics are based on different assumptions, the performance of
their combined use has been investigated. The principal objective
was to obtain information on the best way to process syndromic
data in order to maximize timeliness and predictivity of alert signals,
whilst minimizing the risk of false positive signals.

Methods
Target population and data sources

Residents in Lombardy who were beneficiaries of the Regional
Health Service formed the target population (just over 10 million
people, around 16 % of the Italian population). Italian citizens have
equal access to essential healthcare services provided by the National
Health Service (NHS)— in Lombardy, this has been associated with an
automated system of databases that collect a variety of information
including, among others, ICD-CM-9 codes of inpatient diagnoses and
services supplied by public or private hospitals as well as ATC codes of
outpatient dispensation of drugs for a variety of treatments that are
reimbursed to the pharmacies after filing doctors’ prescriptions.

Outcomes
SARS-CoV-2 infection was the main outcome of interest.

Infections were diagnosed by real-time reverse transcription-poly-
merase chain reaction (RT-PCR) assay of nasopharyngeal swabs
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processed at a laboratory accredited by Regional Health Authorities
between January 2020 and December 2022 (monitored period). In
addition, the weekly number of all-cause ICU admissions was con-
sidered the secondary outcome.

Potential tracers

Three families of tracers were tested. The first comprises two
indicators of emergency services usage. The first of these indicators
was the proportion of Emergency Department (ED) visits diagnosed
as respiratory syndrome in a given week out of the total number of
ED visits made in that week (note that the use of a proportion rather
the absolute number overcomes the problem of the reduction of
patients going to an ED during the pandemic). The second was the
absolute number of calls to an Emergency Medical Communication
Center recognised as respiratory or infective syndrome [21]. Both
tracers are defined as conventional in Lombardy, given they were
systematically used throughout the pandemic crisis period.

The second family includes tracers generated from data for the
usage of out-of-hospital healthcare attributable to respiratory syn-
drome. Four tracers were considered. One, the proportion of chest X-
rays performed in a given week among the total number of X-rays
performed in that week was considered. Two, because azithromycin
has both anti-inflammatory and antiviral properties and has been
hypothesized to have activity against SARS-CoV-2 [22], the propor-
tion of azithromycin dispensed in a given week among the total
number of antibiotics dispensed in that week was considered. (Note
that chest X-ray and azithromycin were again expressed as propor-
tions in order to overcome the observed reduction in performing X-
rays and administering antibiotics throughout the pandemic crisis
period). The third and fourth healthcare syndromic tracers were the
absolute number of dispensed non-steroidal anti-inflammatory
drugs (NSAIDs) and corticosteroids.

Finally, Google Trends [23] was used to search for the weekly
usage of a set of non-specific COVID-19-related terms that, according
to a recent study by us, better capture the phenomenon under
consideration [14]. The relevant terms were “cough”, “fever” and
“sore throat”. Google Trends does not provide absolute search
numbers, but instead provides a measure known as ‘interest over
time’ that ranges from 0 to 100, with 0, 50, and 100 respectively
indicating that there is insufficient use for the term, the term is half
as popular, and the term is at its peak popularity [24].

Warning algorithms

To identify weekly excesses in the use of emergency, healthcare
and google services, the Exponentially Weighted Moving Average
(EWMA) control chart and the improved Farrington (IMPF) algo-
rithm were applied to the nine tracers separately. Details of the
current application of the two algorithms can be found in
Supplementary Appendix S1, while readers interested in further
details may consider the methodological literature [25,26]. Briefly,
both algorithms allow the identification of unusually high values (i.e.
syndromic outliers) in count time series that can present temporal
trends and seasonality. This is done by comparing the counts (or the
proportion) observed in the monitored period (the period between
January 2020 and December 2022 in the present application) with
those expected by applying a prediction model to historical data.
Whenever an unusual value is detected, the algorithms generate a
warning signal. While both algorithms can detect abrupt changes in
the time series, EWMA was developed as an extension of cumulative
sum control charts, enabling the identification of small but constant
changes. In contrast, IMPF automatically reweights historical ob-
servation to reduce the influence of past outlying counts. Being the
considered algorithms based on different assumptions, their
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concordance in generating weekly warning signal was estimated
using Cohen’s Kappa.

Looking for joint use of predictors and models

The weekly incidence rate of SARS-CoV-2 infections detected by
the conventional surveillance system during the monitored period
was plotted. To identify the subperiods that were affected by an
outbreak wave, a nine-week period was defined as being impacted
by the epidemic. This period consists of four weeks preceding the
peak of the epidemic, the week in which the peak occurred, and the
four weeks following the peak, including the peak week itself. The
remaining weeks, which fall outside of this nine-week timeframe,
were classified as outbreak-free.

Syndromic outliers generated from EWMA and IMPF for each of
the nine tracers were identified by including two months prior the
starting observation period (i.e., from January 2020 onwards) to
enable the syndromic signal to be anticipated.

We employed Boolean operators (AND/OR) to simplify the sta-
tistical process. Based on visual inspection of plots, two questions
were asked. First, how may individual tracers be combined within
each family of potential tracers? Second, how may statistical algo-
rithms be combined? For example, we verified the behaviour of
emergency services in generating alarm signals in the case of both
visits and calls (AND operator) or at least one of the two (OR op-
erator), to generate a syndromic outlier. Analogously, we verified the
behaviour of a given tracer in generating alarm signals in the case of
both EWMA and IMPF (AND operator) or at least one of two (OR
operator), to generate a syndromic outlier.

Syndromic signals accuracy and timeliness

To investigate whether a syndromic signal could correctly predict
an outbreak wave, we computed the proportion of weeks labelled as
affected by “syndromic outliers” that fell in a week affected by an
epidemic wave out of the total number of weeks affected by syn-
dromic outliers. This measure was denoted as the positive predictive
value (PPV) of a syndromic outlier. In addition, to assess whether the
absence of a signal is falsely associated with an epidemic wave, we
computed the proportion of weeks free from a signal that fell in a
week affected by an epidemic wave out of the total number of
outbreak-free weeks based on syndromic outliers. This measure (i.e.,
the complementary to unit of the negative predictive value) was
denoted as false negative value (FNV) of the absence of a syndromic
outlier.

The ability of syndromic outliers to detect the onset of an epi-
demic wave early was investigated by setting a time gap between
the syndromic signal and the epidemic event corresponding to lags
of 0, 1, and 2 weeks.

Finally, the association between combined tracers (predictors)
and the rate of ICU admission (response) was investigated by mul-
tivariable Poisson regression model. Predictors were indexed as 1 or
0 according whether the syndromic outlier was detected in a given
week or not. The response rate was allocated in the same week of the
predictor or moved forward by 1 or 2 weeks to assess whether
tracers could anticipate the onset of an epidemic wave. The number
of ICU admissions expected whether (i) no syndromic outlier was
detected, (ii) only one tracer was detected, or (iii) all predictors
generated a syndromic outlier was estimated from the model
parameters associated with the main terms (positivity to a syn-
dromic signal alone) or the interaction term (positivity to all syn-
dromic signal). Note that the model used ICU admission (secondary
outcome) rather that SARS-CoV-2 infection (principal outcome)
because only a small proportion of infections were detected at the
beginning of the epidemic (a period when governments were not
ready to face the emergency). Furthermore, the ability to measure
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Fig. 1. Observed weekly trends in the number of confirmed SARS-CoV-2 infections
and Intensive Care Unit (ICU) admissions. Grey vertical bands indicate the weeks
affected by epidemic wave. Lombardy, Italy, January 2020 - December 2022.

the performance of syndromic tracers in predicting when essential
health services—such as intensive care units—reach capacity, adds
value to our approach.

Results

From February 23, 2020, to December 31, 2022, 4,065,829 con-
firmed cases of SARS-CoV-2 were detected in Lombardy (with an
incidence rate of 2.6 infections per 1000 person-week), and 35,500
patients were admitted to ICUs (with an incidence rate of 2.3 ad-
missions per 100,000 person-month).

Fig. 1 depicts the weekly trends in the number of SARS-CoV-2
infections (and epidemic waves appointed periods) and of ICU ad-
missions. According to our criteria, of the 156 weeks of interest, 70
(45 %) were affected by epidemic waves, and seven epidemic waves
occurred during the monitored period.

Fig. 2 depicts the weeks affected by the syndromic signal according
to individual tracers and models. Overall, 448 syndromic outliers were
detected from EWMA (253) and IMPF (195). The PPV ranged from 70 %
(corticosteroids/EWMA) to 100 % (all emergency and some healthcare
tracers). The FNV ranged from 32 % (sore throat/IMPF) to 45 % (X-ray/
EWMA and corticosteroids/IMPF). Between-models Cohen’s Kappa
coefficients ranged from 0.11 (95 % confidence interval -0.11-0.43) to
0.75 (0.57-0.93), respectively, for corticosteroids and X-ray. Cohen’s
Kappa quantifies the agreement between two tools when classifying
data into nominal categories, considering the possibility of chance
agreement, with values ranging from -1-1: a coefficient of 1 indicates
perfect agreement, 0 indicates no better agreement than expected by
chance (random agreement), values less than 0 suggest worse than
chance agreement (systematic disagreement), and values greater than
0 indicate agreement better than chance.

Fig. 3 compares the behaviour of combining individual tracers
within each setting of tracers, by AND/OR operators. Combining tracers
with the AND operator: (i) generated 16 and 13 weeks interested to
outliers belonging to emergency setting with EWMA and IMPF, re-
spectively; (ii) did not generate any signal of outlier belonging to the
healthcare setting; and (iii) generated 12 and 14 weeks interested to
outliers belonging to the Google Trends setting with EWMA and IMPF,
respectively; (iv) although all outliers fell during the epidemic waves
(PPV = 100%), FNV had values around 42-47 %. As expected, a very
higher number of syndromic outliers was generated by combining
tracers with the OR operator being the weeks interested 45 and 29 for
emergency tracers generated with EWMA and IMPF, 68 and 35 for
healthcare tracers, and 48 and 57 for Google tracers. The PPV ranged
from 78% (healthcare/EWMA) to 93 % (emergency/IMPF). The FNV
ranged from 23 % (healthcare/EWMA) to 37 % (emergency/IMPF).
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Fig. 2. Weekly syndromic outliers generated from individual emergency, healthcare and google trend tracers. Grey vertical bands indicate the weeks affected by epidemic wave.
Red and green horizontal lines respectively indicate outliers generated by the EWMA chart and the IMPF model. Lombardy, Italy, January 2020 - December 2022. PPV and FNV
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Fig. 4 compares the behaviour of combining EWMA and IMPF
models by using AND/OR operators and further combining syn-
dromic tracers with the OR operator. Including all syndromic tracers
available, 59 and 93 outliers were observed by combining EWMA
and IMPF models with the AND/OR operators respectively. Positive
predictive and false negative values, respectively, were 95 % and 20 %
with the AND operator and 70% and 13 % with the OR operator.
Stable figures were observed by allowing a lag of one and two weeks
between syndromic signals and the onset of the outbreak wave. No
substantial change in these figures was observed on combining
healthcare and Google Trend syndromic tracers (i.e., omitting
emergency signals). Alerts are generated in the same areas regard-
less of whether all three tracer groups (Emergency, Healthcare,
Google Trends) are included or, for example, if the "Emergency”
group is excluded. This is evident when comparing the top and
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bottom sections of the graph. Finally, the combination of tracers/
models and lag to be preferred is the one that goes to ensure high
positive predicted values and low false negative values so as to be
able to anticipate any epidemic waves by avoiding false negatives.

Fig. 5 shows that, at baseline—i.e., in the absence of any syndromic
outlier—228 ICU admissions were expected. The occurrence of syn-
dromic outliers generated from Google, and even more from healthcare
usage figures and Google in combination, entailed a significant increase
in expected ICU admissions, even with a two-week delay.

Discussion
In this paper, we explored the possibility of combining re-

spiratory syndromic data and warning algorithms for early and ac-
curate detection of the onset of epidemics caused by airborne
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Fig. 3. Weekly syndromic outliers generated from emergency, healthcare and google trend tracers jointly considered by using the AND (upper boxes) and the OR (bottom boxes)
Boolean operators. Grey vertical bands indicate the weeks affected by epidemic wave. Red and green horizontal lines respectively indicate syndromic outliers generated by the
EWMA chart and the IMPF model. Lombardy, Italy, January 2020 - December 2022. PPV and FNV respectively denote positive prediction and false negative values.
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Fig. 5. Expected number of all-cause intensive care unit admissions associated with
no syndromic tracers (baseline), syndromic outliers belonging to either healthcare
seeking or search google engines, or syndromic outliers belonging to both healthcare
seeking and search google engines. Lombardy, Italy, January 2020 - December 2022.

pathogens. Our findings suggest that a surveillance system ‘infra-
structure’ that is fed, in real time, with real-world data on the usage
of healthcare, as well as on keyword searches in Google, can an-
ticipate the signal of an epidemic wave even two weeks in advance.
The system showed acceptable detection capability, i.e., good posi-
tive predictivity (a syndromic outlier was followed by an epidemic
wave in 96 % of cases) and tolerable false positive proportion (the
absence of a syndromic outlier was followed by an epidemic wave in
21% of cases).

Our study shows that despite being widely used during the re-
cent COVID-19 pandemics in Lombardy, the performance of con-
ventional syndromic tracers, such as those encompassing emergency
services usage data, were rather disappointing. These findings are
consistent with those from a recent paper showing that a syndromic
surveillance system encompassing emergency data from 12
European countries successfully identified only one in 147 outbreaks

[27]. Similar findings were reported even more recently from a UK
study [28]. Consistent with other reports, we observed that tracers
generated from both healthcare-seeking data [12,29] and use of
Google search engines [14,30] exhibited better performance than
tracers based on emergency services usage.

As a novel and original message, our study showed that it is
sufficient that one of the seven healthcare/google tracers turns on
with from both the EWMA chart and the IMPF model for generating
an alarm signal. In the absence of consolidated evidence explaining
these results, our speculative reasoning is as follows. First, because
every individual syndromic tracer is the response of the system
(emergency), doctors (healthcare), and citizens (Google) to the
spread of the epidemic, and because responses vary over time and
between countries, the inclusion of any outlier should allow the
identification of any emerging anomalous situation. Second, because
the two algorithms for detecting outliers are based on different as-
sumptions [25,26], the imposition of the AND operator allows
greater caution against the risk of generating unjustified alarms.

Implications for public health authorities

In this paper, we provide an assessment of the detection cap-
ability of algorithms to help decision makers perform weekly sur-
veillance based on three non-hierarchical needs (i) timeliness:
anticipating, as far as possible, the warning signal, (ii) detection
capability: probability that the triggering of a syndromic alarm
signal is suggestive of the imminent occurrence of an epidemic
wave, for early initiation of preventive actions aimed at controlling
its spread (and to promptly adapt treatment services to ensure the
provision of appropriate medical assistance), and (iii) avoiding false
positive syndromic alarms that could cause the system to lose
credibility.

Limitations and future work

The retrospective design as well as the lack of a validation setting
are the main limitations of our study. These limitations notwith-
standing, implementation of the present prototype infrastructure for



G. Corrao, A.S. Bonaugurio, G. Bagarella et al.

the early detection of respiratory outbreaks should enable pro-
spective validation of the syndromic surveillance algorithm.

Owing to the specific cultural, social, and behavioural factors
relevant to this study, our findings likely reflect the Italian (and
perhaps Mediterranean) setting; this must be considered when de-
signing syndromic surveillance systems. In general, surveillance
based on healthcare seeking and Google Trends search is circum-
scribed to the health system and to the internet user behaviour ty-
pical of the investigated population. Thus, the wider generalizability
of its utility in syndromic surveillance, spatially and temporally, is
questionable.

Conclusions

The use of syndromic tracers to identify outliers of healthcare
seeking and Google searches has high predictive power for antici-
pating COVID-19 epidemic waves, even two weeks ahead of the of-
ficial reports. Although the period considered was almost exclusively
affected by the spread of the COVID-19 epidemic due to the SARS-
CoV-2 virus, because of the non-specific nature of the syndromic
tracers used, the results could be extended to the total respiratory
virus detections (RVDs) in Lombardy, including influenza, re-
spiratory syncytial virus (RSV), severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2), and other respiratory viruses [31]. The
system described herein can provide valuable buffer time to take
early preventive actions and allocate the necessary supplies and
personnel to hospitals. Upon verification by prospective approaches,
public health organizations are encouraged to take advantage of this
free forecasting system to anticipate and effectively manage
COVID-19 outbreaks.
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