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Abstract
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Background Long COVID, the persistent iliness following COVID-19 infection, has emerged
as a major public health concern since the outbreak of the pandemic. Effective disease
surveillance is crucial for policymaking and resource allocation.

Methods We investigated the potential of utilizing Google Trends data to enhance long
COVID symptoms surveillance. Though Google Trends provides freely available search
popularity data, limitations in data normalization and retrieval restrictions have hindered its
predictive capabilities. In our study, we carefully selected 33 search terms and 20 related
topics from the long COVID symptoms list provided by the Centers for Disease Control and
Prevention and the database “scite”, and calculated their merged search volumes from
Google Trends data using our developed statistical method for analysis.

Results We identify four related topics (ageusia, anosmia, chest pain, and headaches) that
consistently exhibit increased search popularity before that of “long COVID.” Additionally,
nine related topics (aching muscle pain, anxiety, chest pain, clouding of consciousness,
dizziness, fatigue, myalgia, shortness of breath, and hypochondriasis) show increased
search popularity following that of “long COVID.” We demonstrate that the merged search
volume (MSV), derived from the relative search volume data downloaded from Google, can
be used to forecast the prevalence of long COVID in a prediction study, supporting the use of
the methodology in risk management regarding the prevalence of long COVID.
Conclusions By utilizing a comprehensive list of search terms and sophisticated statistical
analytics, our study contributes to exploring the potential of Google Trends data for
forecasting and monitoring long COVID prevalence. These findings and methodologies can
be used as prior knowledge to inform future infodemiological and epidemiological
investigations.

Long COVID is a persistent illness that follows
COVID-19 infection. It has emerged as a sig-
nificant public health concern since the out-
break of the pandemic. Effective disease
surveillance is crucial for policy making and
resource allocation. We investigate the
potential of using the number of searches of
long COVID symptoms in Google to enhance
surveillance and improve the predictability of
long COVID prevalence. We found searches
for several specific symptoms increased both
before and after searches for long COVID,
demonstrating that numbers of searches can
predict long COVID prevalence. Google
search results could therefore be used to
monitor disease prevalence.

The coronavirus disease (COVID-19) has become the most devastating
pandemic in recent history'. Caused by the SARS-CoV -2 viral infection, the
highly transmissible disease has resulted in substantial morbidity and
mortality worldwide™. As of July 7, 2024, the number of confirmed
COVID-19 cases has surpassed 776 million, claiming the lives of seven
million individuals’. The emergence of long COVID, characterized by
persistent illness following recovery from an acute COVID-19 infection, has
further exacerbated the severity of the ongoing outbreak’. With the con-
tinued global spread of COVID-19, long COVID has increasingly been

recognized as a public health concern. To address this issue, accurate real-
time surveillance for long COVID is essential in facilitating policymaking,
the timely implementation of health measures, and resource allocation to
promote recovery.

During acute COVID-19 infection, symptoms commonly manifest
within 4-5 days. These symptoms, which typically include a fever, sore
throat, cough, muscle aches, loss of taste/smell, and diarrhea, can range from
mild to severe’. Most patients appear to recover from the acute illness within
four weeks’. However, a substantial proportion of acute COVID-19
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survivors develop persistent or new symptoms that can last for months or
even years, in a condition now known as “long COVID” (also known as
“post COVID-19 condition” or “post-Acute Sequelae of SARS-CoV-2
infection (PASC)”).

Long COVID is considered to be the sequelae of COVID-19, although
its precise definition is still under discussion®. Research on long COVID was
initially sparked by Paul Garner, an infectious disease professional, who
highlighted the lingering symptoms following acute COVID-19 infection’. It
is now known that long COVID is a multisystem disorder with a spectrum of
mild to severe illness'*"". Symptoms of long COVID vary widely from person
to person and can be confusing for patients and healthcare professionals.
Individuals with long COVID usually experience one or more persistent
symptoms. Common physical symptoms include fatigue, shortness of breath,
dyspnea, palpitations, muscle pain, chest pain, chest tightness, headaches,
dizziness, joint pain, and loss of taste and smell’. In addition to physical
ailments, psychosocial health issues are commonly observed, such as brain
fog, difficulty concentrating, confusion, cognitive impairment, poor memory,
insomnia, and even mental illnesses such as anxiety, depression, and post-
traumatic stress disorder™'™". It is believed that these psychosocial and
mental symptoms are likely related to immune system alteration after acute
COVID-19, inducing systemic inflammation and changing the cortical
thickness of the brain'*"”. Long COVID patients commonly experience
exercise intolerance, impaired daily function, and lowered quality oflife. Long
COVID can also increase the risk of organ damage'®. In severe cases, it often
disrupts individuals’ ability to work and leads to disability".

The estimated prevalence of long COVID varies widely across studies™.
According to the WHO, 10% to 20% of individuals who have recovered
from acute COVID-19 develop long COVID?*. However, the UK Office for
National Statistics reports a lower prevalence of 3% for long COVID in the
UK. A study conducted in Italy found that 87% of hospitalized COVID-19
patients exhibited at least one persistent symptom even 60 days after
recovering from an acute infection”. Furthermore, in a meta-analysis
encompassing 194 studies worldwide, involving 735,006 participants with
an average follow-up of 126 days, it was estimated that 45% of COVID-19
survivors experienced at least one unresolved symptom™. Yao et al.”®
reviewed the findings reported by O’Mahoney et al.** and found consider-
able discrepancies between the data in the systematic review by O’Mahoney
et al.”* and the original studies; they argue that the rate of long COVID is
~20%. Despite the considerable variation in estimating long COVID cases,
the available information highlights a substantial portion of individuals
suffering from long COVID. Therefore, it is crucial to explore and imple-
ment effective disease monitoring and management strategies.

Previous studies that have aimed to track long COVID rely heavily on
medical records containing self-reported symptoms from patients™>**”.
However, these records are limited to individuals who sought medical
attention, posing a challenge in accurately determining the true prevalence
of long COVID. It is important to note that the prevention and control of
COVID-19 has moved to a phase whereby patients do not need to be
hospitalized (for isolation) unless they have severe symptoms. Hence,
patients with mild symptoms may not seek medical care and may instead
adopt a self-management approach, further complicating the estimation of
the prevalence of long COVID. Additionally, the diagnosis of long COVID
presents difficulties. Patients with long COVID exhibit a wide diversity of
symptoms, ranging in severity from mild to severe. Currently, there are no
specific biomarkers or diagnostic tests that can reliably confirm a long
COVID diagnosis. Furthermore, the lack of a consistent definition of long
COVID adds to this challenge. The WHO defines long COVID as a con-
dition that occurs in individuals with a history of probable or confirmed
SARS-CoV-2 infection, typically manifesting three months after the onset of
COVID-19 symptoms and lasting for at least two months, with no alter-
native explanation for the symptoms®'. In contrast, the Centers for Disease
Control and Prevention’ defines long COVID as an umbrella term for a
range of health consequences that persist for four or more weeks after
COVID-19 infection. More definitions of long COVID by different public
health bodies have been summarized in a comprehensive interdisciplinary

review by Greenhalgh et al.". These challenges contribute to the consider-
able variation in long COVID prevalence rates observed across studies,
empbhasizing the way in which relying solely on limited medical records
might not provide accurate information in terms of monitoring long
COVID. Therefore, it is crucial to explore complementary approaches to
enhancing long COVID surveillance.

Internet use has become a prevailing human behavior, as is evident
from the rapidly growing number of internet and social media users
worldwide™. This widespread adoption has given rise to the development of
an innovative approach in public health surveillance, referred to as info-
demiological studies, which leverage information obtained from the internet
to track various health issues”. The internet has emerged as an important
source of healthcare information in recent years, with individuals frequently
turning to online searches to gather information about their symptoms and
illnesses before seeking medical care’. Consequently, data from internet
searching activities have become a valuable resource in monitoring disease
prevalence at the community level.

Google Trends’ is a website that provides insights into everyday
searches made on Google, which is the most popular search engine in the
world, capturing nearly 92% of the global search market”. Google Trends
aggregates data from multiple sources within the Google search system,
including web searches, image searches, news searches, Google shopping,
and YouTube searches. This comprehensive data collection allows for the
analysis of search query popularity and provides real-time search patterns of
internet users worldwide’'. Over the past decade, there has been increasing
interest in the use of Google Trends for public health and epidemiological
research™. Previous studies have demonstrated the reliability of analyzing
search volumes of internet queries in order to forecast and monitor various
pathogenic infections, including Ebola®, Middle East respiratory
syndrome”, and Dengue™. During the COVID-19 outbreak, Google Trends
proved to be a valuable tool for monitoring the population’s health concerns
and forecasting COVID-19 prevalence”, indicating the potential use of
Google Trends data for long COVID surveillance.

Although Google Trends provides free access to data, there are certain
limitations associated with retrieving information. Instead of providing the
exact number of searches for a specific search term, Google Trends presents
“interest over time”, using relative search volume (RSV) time series data,
which are normalized on a scale ranging from zero to 100. While this
normalization facilitates easy comparisons, it may restrict researchers’
ability to accurately track actual search behaviors. To overcome this lim-
itation, in our previous research, we devised a statistical methodology that
enhances the extraction of data from Google Trends®. This approach
improves the resolution of the RSV, enabling a more accurate reflection of
search trends as they manifest in the population.

This research aims to analyze the online search patterns of the public in
regard to information about long COVID using a sophisticated statistical
analysis of Google Trends data. The goal is to leverage this data to enhance
long COVID surveillance. We identified the commonly used search terms
(keywords) and related topics for online searches related to long COVID.
The search popularity data of these search terms and related topics was
retrieved from Google Trends. These original Google Trends data were then
analyzed using statistical methods developed in our previous research, in
order to better understand actual long COVID-related search behaviors and
explore the potential use of an infodemiological approach to com-
plementinglong COVID surveillance in the community. We also conducted
a prediction study to explore the usefulness of forecasting long COVID
prevalence using the search volumes of the symptoms’ related topics. We
also studied the evolution of long COVID symptoms using the estimated
parameters in the prediction model, as the symptoms may have changed
over time, as evidenced by a study conducted by Wynberg et al.” that
analyzed the evolution of symptoms listed by The International Severe
Acute Respiratory and Emerging Infection Consortium® by following a
cohort of patients for 12 months.

In this study, we address the limitations of resolution and scope in the
RSV data by calculating the merged search volume (MSV) for our analysis.
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We identify topics that consistently show increased search popularity before
and after the topic of “long COVID” by comparing their time series plots
and polar projection plots. In a prediction study, we demonstrate that these
MSVs can be used to forecast the prevalence of long COVID. We support
the use of this methodology in risk management related to the prevalence of
long COVID based on our findings.

Methods

Search terms and topic discovery

Accurately identifying the search terms related to long COVID is crucial in
understanding the search activity associated with this condition. Research
suggests that individuals often use symptoms as search terms when seeking
information about diseases online, and previous studies have shown an
increase in the search popularity of terms representing long COVID
symptoms as awareness of the condition grows'. Therefore, we focused on
identifying search terms based on reported long COVID symptoms. To
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compile a list of search terms related to long COVID that internet users may
enter into the search bar, we referred to the long COVID symptoms list
provided by the Centers for Disease Control and Prevention’. We also
determined possible search terms by searching the database “scite™, which
is an Al-powered platform for discovering and evaluating scientific articles.
Twenty-five peer-reviewed publications were found by asking the database
for “literature related to Tong COVID”. Through this process, we estab-
lished a list of 33 long COVID-related search terms. The literature refer-
enced and the extracted search terms are listed in Supplementary Data 1.
Subsequently, these search terms were entered into Google Trends to ana-
lyze their respective search popularity.

Upon entering the search terms into Google Trends, there were two
options in terms of specifying the search term: “related queries” and “related
topics”. Related queries are words or phrases related to a search term,
whereas related topics are pre-categorized sets of search terms recom-
mended by Google Trends based on the entered search terms. Figure 1
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Fig. 1| A screenshot of the Google Trends webpage (Google, 2024). The parts marked with a, b, ¢, d, and e are, respectively, the search term, the four additional parameters
used to specify our analysis preferences, interest over time, related topics, and related queries.
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contains an example of a search on Google Trends using the search word
“COVID-19” (marked (a) in Fig. 1). The related topics (marked (d) in Fig. 1)
contain broad categories related to COVID-19; in contrast, the related
queries (marked (e) in Fig. 1) contain only text or phrases associated with
COVID-19. While previous studies have often used “related queries” to
broaden their search coverage, we chose to utilize “related topics™ in our
analysis. Each topic is assigned a Google Trends internal tag and represents a
specific target, such as a person, object, company, symptom, or disease. The
webpage for a specific topic can be reached by searching the corresponding
internal tag on Google Trends. Selecting related topics is more suitable for
our study due to their unambiguous characteristics and the inclusion of
translations of the same concept in other languages. For example, when
studying the search volume for Apple Inc., the technology company,
entering the search term “Apple” alone would include the search popularity
of everything related to the term “apple,” such as the fruit. To specifically
focus on the technology company, researchers can choose the appropriate
related topics, such as “Apple (Technology Company)”, which filters out
irrelevant information. In our study, we selected 20 related topics to specify
the 33 search terms to be compared against the topic “long COVID”. All 20
related topics and their Google Trends internal tags are listed in Supple-
mentary Data 1.

After entering the search terms and related topics into Google Trends,
we input four additional parameters to specify our analysis preferences
(marked (b) in Fig. 1). As our focus was on a global analysis, we selected
“worldwide” as the location of interest. We specified the search period from
the outbreak of the COVID-19 pandemic (January 1, 2020 to December 31,
2023). To encompass diverse categories of interest, such as health and
people and society, we chose “All categories.” Additionally, we selected
“Web search” as the type of online search of interest.

In conducting this research, we affirm that our study did not involve
human participants or animals; therefore, IRB approval was not required.

Data from Google Trends

After entering the search terms, selecting the appropriate related topics, and
specifying the four parameters using geographical location, search duration,
search category, and search engine, Google Trends initiated the analysis and
provided us with time series data known as “interest over time” (marked (c)
in Fig. 1). We downloaded this data as the relative search volume (RSV) for
further analysis. RSVs can be downloaded for free from Google Trends. The
values of interest over time, ranging from zero to 100, represent the search
interest relative to the highest point for the defined filtering region and
period. It is important to note that, according to Google’s definition, a value
of 50 indicates that the search term is half as popular, while a value of zero
signifies a low search volume (i.e., less than 1% of the searches attributed to
the most searched term in the search list’"). Thus, the interest over time can
be considered as a transformation of the actual search volume. Since the data
are heavily normalized, this introduces some degree of noise.

Empirical evaluations, as well as results from other studies, have
highlighted limitations of Google Trends data. These limitations include
resolution limitations (e.g., data available only in weekly or even monthly
form, instead of daily form, when requesting prolonged data, such as in the
work of Olson et al.”’, and Borup and Schiitte*') and scope limitation (e.g.,
high-resolution data only available when requesting data for a short dura-
tion, as in the work of Li et al.” and Mavragani and Ochoa*). To address
these limitations, we employed our previously developed statistical
method™ to calculate MSV based on the RSV data obtained from Google
Trends. This approach helped us mitigate the hindrances posed by the
resolution and scope limitations.

Calculating the merged search volume (MSV)

To calculate the MSV using the RSV data, we downloaded the RSV data
from Google Trends, which are the “interest over time” data for each related
topics from January 1, 2020 to December 31, 2023 (T = 1461 days). Fol-
lowing the approach used in Chu et al.”, let zf? be the RSV of the i th related

topics on day s, normalized using the correction factor C ;. (tobeintroduced

later),fori = 1,..., 21, wherei = 1 corresponds to the related topics “long
COVID” and i = 2, ..., 21 correspond to the related topics of the symp-
toms, and s and ¢ can take values from 1, 2, . . ., T. Using a window size of n
days, let

T
(t) (t) (t) (t)
Z,, = <Ztﬂt7n+17zi,t7n+2’ s 7Zi¢71:zi,z) o)

be a vector containing the most recent n days of RSV for the i th search term,
normalized using the common correction factor C;,. We further let Z; , be
the actual search volume of the i th search term on day ¢, and

T
Zi,t = (Zi,t—nJrlei,tfnJrZ? s 7Zi‘r—17Zi‘t) . )

By assuming that Google Trends applied a common correction factor
C;, for normalizing the i th search term, z;, and Z; , are related via

T
Z, Z.
IR ”_lvi =LZU7 (3)
Ciy Gy Ciy Ciy "

S Zz:,z—n+1 Zitnin
it ’
Clﬂt

which implies
Zi,t = CLtzi,t' (4)

Consider Z; . ,, the vector containing actual search volumes of the
most recent n days, as of day t + 1. The actual search volume on day ¢
should be the same in Z;, and Z; , ;, and thus we have

(t) (t+1)
Citziy = CirnZiy ©)
and thus

(t)
Zig Cz‘,t+1
z(t+1) Ci,t

it

= \CLH—I\N (6)

where C; ,, ,, is defined as the adjustment factor. An estimator of C, , , , is
obtained through the moment estimation, using the data on overlapping
(n—1)daysinz;, andz;,.,:

—2 (1)
R 1 n—2 Z .
Ci,t+1\t = (l,_,_l) s (7)

n—1
7=0 “it—1

where zg?_r / zft: Y js set to 1 if the denominator is zero. Then, we adjust the

RSV on day t + 1 by

5(1) a (t+1)
Zit+1 = Ci,t+1|t " Zittl (8)

In general, we adjust the RSV on day ¢ + k by

0 7 (t+k)
Zittk = Citrne - Zitvks &)
where
EDINT)
P 1 28,
Ci,r+k|t = n—1 (t+k) ) (10)

=0 “j t+k—1-7

for integer k > 1, where 25? ko1-e/ Zth is set to 1 if the denominator is

ijt+k—1—1
zero, and 25? = zf? fort=1,...,t
We choose day 7 as the baseline day. By iteratively applying the esti-

mation starting at t = n, we can obtain a merged time series for the i th
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search term
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where 25"7) = zg? fort =1,...,n Wepickn = 29 in this paper. We write

25’? = 2” to further simplify the formula.
Assessing the reliability of the data

There are several known problems with Google Trends, including RSV
stability associated with repeated requests and Google improvements*, and
potential confounding factors™.

RSV stability associated with repeated requests

According to Rovetta”, repeating requests on Google Trends at different
times or from different addresses could return different time series. To assess
the RSV stability associated with repeated requests, similar to Rovetta”, for
each related topic, we repeatedly downloaded ten RSV's over the interval from
January 1, 2020, to December 31, 2023, each obtained every 36 h. We cal-
culated the intra-correlation residuals (IC) from the ten RSV, (i.e., the cor-
relation coefficients between all possible pairs of the ten RSV time series). An
IC between any two time series smaller than 1 indicates the deviation between
the two time series. Detailed results can be found in Supplementary Note 1.

RSV stability associated with Google improvements

Google Trends made three improvements in January 2011, 2016, and 2022,
which changed the geographical allocation and data collection systems,
making the RSVs before and after the improvements incomparable”. Fol-
lowing Rovetta®, we calculated the percentage coefficients of variation in the
RSVs before and after January 2022 to explore the impact of the improve-
ment made on 1 January 2022. The detailed results are contained in Sup-
plementary Note 1.

Confounding factors

Following Sato et al.*, we conducted confounding factor tests between the
MSVs of each symptom and “long COVID”. The potential confounding
factors include mass media influence, pharmacological interventions (for
example, vaccination policies), non-pharmacological interventions (for
example, closure policies), and local communication policies. We downloaded
financial news from Reuters and counted the daily numbers of news stories
containing the search terms for each related topic. The financial news data is
licensed and requires a subscription for download. The numbers were used as
proxies for testing if mass media influence is a significant confounding factor.
We also used data from the Oxford COVID—19 Government Response
Tracker (OxCGRT)*, which contains information on which and when pan-
demic response measures were enacted by governments over the world, as
proxies of pharmacological and non-pharmacological interventions, and local
communication policies. The OxCGRT dataset is available for free download
from the website of the corresponding author. The methods used to test
confounding factors are detailed in Supplementary Note 2. Additionally, the
results of the analyses regarding the confounding effects of local commu-
nication policies, pharmacological interventions, and non-pharmacological
interventions are presented in Supplementary Note 3, while the findings
related to media coverage can be found in Supplementary Note 4.

Visualization of the MSVs in polar projection plots

To better visualize and evaluate the trends of the MSVs, we constructed
polar projection plots by projecting each MSV inside the unit circle and
observing the projected shapes and the corresponding centroids. The
methodology of polar projection plots is discussed in Supplementary Note 5.

Methodology for predicting the prevalence of long COVID and
analysis of the evolution of symptoms

In this section, we illustrate that we can use Google Trends data to obtain
accurate forecasts for the prevalence of long COVID. Following the

approach used in Kumar and Susan®, which modeled and evaluated the
prediction of the evolution of the COVID—19 outbreak using an auto-
regressive integrated moving average (ARIMA) time series forecasting
model, we evaluated the predictive performance, based on the root mean
square errors and the mean absolute percentage errors, of two candidate
models: (1) the ARIMA(p, d, q) model™', which predicts the prevalence of
long COVID using only the past MSVs of “long COVID” and (2) the vector
autoregressive with a LASSO penalty”, including the past MSVs of the
symptoms as the predictors.

In addition, we analyzed the estimated parameters in the lasso-VAR
over time. A non-zero parameter for a related topic in the lasso-VAR
indicates that the MSV of the related topic is useful in explaining the var-
iation of the MSV of “long COVID”. Therefore, we can consider the related
topic as a potential symptom of long COVID. Details on the methods used
and the results can be found in Supplementary Note 6. Figure 2 presents an
overall methodology flowchart for this paper.

Statistics and reproducibility

Python (Python 3) and R (version 4.2.2) were employed for all analyses.
Python was used for the analyses contained in the main text while R was
used for the additional analyses contained in the Supplementary
Information.

First, we collected the RSVs through web scraping. We employed a
moving-window approach, beginning with the download of RSVs from
January 1, 2020, to January 29, 2020 (n = 29 days). We then proceeded to
download RSVs from January 2, 2020, to January 30, 2020. This process
continued iteratively until we reached the end date of December 31, 2023.
Given the substantial volume of the RSVs, the downloaded data was stored
in MongoDB (Banker et al., 2016). We then calculated the MSVs from the
downloaded RSVs. For analytical purposes, we produced time series plots
and polar projection plots of the MSVs.

The additional analyses in the Supplementary Information were con-
ducted using R. We first divided the interval from January 1, 2020 to
December 31,2023 into 17 windows, each containing 3 months of RSV data.
We assessed the stability of the Google Trends by repeatedly downloading
the RSV's 10 times in each window. Then, we computed the intra-correlation
residuals for each related topic. These intra-correlations were visualized
using boxplots. To assess the effects of the Google improvements imple-
mented on January 1, 2022, we calculated the coefficients of variations
before and after the Google improvements for comparison.

Granger causality tests were conducted to test for confounding factors
between the MSVs of long COVID and the Symptoms. We use the financial
news and the Oxford COVID—19 Government Response Tracker data*’ as
proxies for respectively the mass media influence and governmental inter-
ventions. Before the Granger causality test, the stationarity of the time series
of these proxies and MSVs was tested using the augmented Dicky-Fuller
test. If a time series was non-stationary, we stabilized it by differencing it.

To show that we can use Google Trends data to forecast the prevalence
of the Long COVID, we fitted the MSV's of long COVID using the MSV's of
the symptoms as predictors in vector autoregressive regression models with
LASSO penalty. The models were fitted using a moving-window approach
with a window size of 180 days. We evaluated the h-day ahead predictive
performance (h = 1, ..., 21 days) using root mean square errors and mean
absolute percentage errors. We also visualized the non-zero parameters in a
heatmap to assess the dynamics of potential symptoms of long COVID.

Results

Reliability of the data

The instability of the RSV and the existence of confounding factors can
make data unreliable. The stability of the RSV is crucial for ensuring that the
data accurately reflect consistent trends over time. Increased variability may
lead to inaccurate results, thus making it difficult to draw meaningful
conclusions or to compare trends across different periods. On the other
hand, the existence of confounding factors may create spurious correlations
between the search volumes of the symptoms and the prevalence of long
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Fig. 2 | An overall methodology flowchart for this
paper. The flowchart illustrates the progression of
our research. We start by preparing the RSV data,
which is then merged with the MSV data. Next, we
conduct statistical analyses. In this phase, we first
assess the reliability of the data, followed by an
exploratory analysis, and finally, we proceed to a
prediction study.

Data downloading: We downloaded the relative
search volume (RSV) time series of the search terms
of the symptoms and “long COVID” from Google
Trends. A time series with n = 29 days of obser-
vations was downloaded for each search term, with
each having the end day from January 29, 2020, to
December 31, 2023.

Merging time series: For each search term, we
combined its RSV time series to form a single merged
search volume (MSV) time series of T' = 1,461 days.

Assessing the reliability of the data: We assessed
the stability of the data downloaded from Google
Trends and conducted confounding variable tests.

Exploratory analysis: We examined the lead-lag
relationship between the MSVs of each symptom and
“long COVID” using time series plots and polar pro-
jection plots.

Prediction study: We developed a time series
model to forecast the long COVID prevalence from

Data preparation

Statistical analyses

the historical time series of the symptoms.

COVID, and then may result in false positive findings. Therefore, it is
important to assess the stability of RSV and account for confounding factors
to enhance the reliability of the data.

We conducted analyses of RSV stability associated with repeated requests
and Google improvements” and tested for potential confounding factors™. We
provide the analysis results in this section. Detailed methodologies and results
for the analyses below can be found in Supplementary Notes 1 to 4.

Regarding the RSV stability associated with repeated requests, we
provide a detailed analysis in Supplementary Note 1. The analysis indicates
that three of the related topics, “aching muscle pain”, “clouding of con-
sciousness”, and “hypochondriasis” have low ICs, indicating the instability
in repeat requests of these related topics. We note that we need to be careful
in interpreting the results based on these three related topics. The results
suggest that most RSVs are stable and thus reliable for the analysis.

The analysis results of the RSV stability associated with Google
improvements is also provided in Supplementary Note 1. The results show
that, for most of the related topics, the CVs before and after the improve-
ments are quite different and have non-overlapping confidence intervals.
This indicates that the improvements can induce extra uncertainty in the
long-term analysis of related topics. Although we do not know the severity of
the impact this has had on the data, we further assess the usefulness of the
RSVs in explaining and predicting the long COVID prevalence in “Meth-
odology for predicting the prevalence of long COVID and analysis of the
evolution of symptoms” section for the methodology and “Results for
predicting the prevalence of long COVID and analysis of the evolution of
symptoms” section for the results in this paper.

Furthermore, we present the confounding factor test results in Supple-
mentary Notes 3 and 4. There are seven related topics with confounding
factors that significantly affect the Granger-causality test results between the

related topics and “long COVID”. The related topics “clouding of con-
sciousness”, “hypochondriasis”, and “lightheadedness” have confounding
factors from both governmental policies and interventions, and media cov-
erage. “Ageusia” and “chest pain” have confounding factors from govern-
mental policies and interventions. “Headache” and “sleep disorder” have
confounding factors from media coverage. Extra caution has been taken when
analyzing the relationship between these related topics and “long COVID”.
As the confounding factors are identifiable, the issue can be addressed
by analyzing the filtered MSVs (i.e., the MSVs that control for the effects of
the confounding factors), and thus are manageable. To maintain the focus of
this paper and streamline the analysis, we do not consider the use of filtered
MSVs in this paper. The analysis in this section instead has identified the
confounding factors and can guide future research toward a more com-
prehensive analysis that takes the confounding factors into account.

Close-up inspection of the search popularity of “long COVID”
To initiate our analysis, we conducted a thorough examination of the merged
search volumes for the focal topic of our study, which is “long COVID.” The
MSV time series for “long COVID” is depicted in Fig. 3. During the
observation period, we observed many different patterns in the related topics
“long COVID.” However, we noticed two substantial peaks in particular that
stand out, namely: (1) a gradually converging trend from November 20, 2021
to February 6, 2022, which closely resembles the outbreak of the COVID-19
Omicron variant™ globally and locally; and (2) a rise and a fall from June 20,
2022 to October 1, 2022, which correlate with the popularization of the
Omicron variant and the BA.5 and BA.6 subvariants of COVID—19°"*, as
well as increases in confirmed COVID-19 cases across many European
countries™. Because of the substantial volume changes and the correlations
with real-world events, we focus our study on these two periods.
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Fig. 3 | The merged search volume (MSV) of “long COVID” during the COVID-
19 pandemic. The MSV of the related topics “long COVID” was plotted against
time. The sharp and sudden spike in MSV occurred in late November 2021 and
gradually converged until early February 2022. This section of MSV is highlighted in

orange and is identified as the first study period (marked “Study Period 17). Addi-
tionally, a parabolic peak in the “long COVID” MSV was also observed from late
June 2022 to early October 2022, and is highlighted in green. We identified it as the
second study period (marked “Study Period 2”).

Search popularity of “long COVID” and the other related topics:

the first study period

The MSV time series for the selected related topics were compared with that
of “long COVID” during the first study period. related topics that exhibited a
sharp MSV peak before, during, or after the peak observed in “long COVID”
were classified as Class 1. After the comparison, 16 related topics were
identified as belonging to Class 1. The time series plots displaying the MSV
time series for each of these related topics and that of “long COVID” are
presented in Fig. 4. Class 1 related topics demonstrated a similar MSV time
series pattern to that of the related topic “long COVID” during the first study
period by sharing at least one of the sharp peaks in close proximity to the
three characteristic peaks of the related topic “long COVID”; hence, the
related topics indicate their potential to be used in infodemiological studies
oflong COVID. Note that the related topics “aching muscle pain”, “clouding
of consciousness”, and “hypochondriasis” were shown to be unstable on
Google Trends, and may be subject to larger uncertainties. Caution is
warranted in interpreting these related topics.

Search popularity of “long COVID” and the other related topics: The
second study periodComparisons were conducted against the “long
COVID” MSV to identify related topics in any comparable time series
patterns during the second study period. However, we noticed that the raw
MSVs of all the related topics, including “long COVID”, fluctuate quite
rapidly in the second study period. For the sake of clarity, we have included
the one-week moving average (MA) of the MSVs of the related topics and
“long COVID” in Figs. 5 and 6. The rolling window width was determined
experimentally. After three moving average smoothings were applied to the
data, with durations of one week, two weeks, and three weeks, we observed
no drastic difference between the smoothed data. Hence, we pick the
smallest MA duration of one week.

The results indicate that 17 related topics demonstrated a similar MSV
pattern to that of “long COVID” during the second study period. Notably,
all of these related topics also displayed a similar MSV time series pattern to
that of “long COVID” during the first study period. These 17 related topics
were classified as Class 2. Among these related topics, some have their MSV
peak leading (preceding) the MSV peak of “long COVID,” while others have
their MSV peak lagging behind (following) it. The eight related topics with
their MSV peaks leading that of “long COVID” are classified as Class 2a,
which includes ageusia, anosmia, chest tightness, headaches, hip pain,
mental health, insomnia, and major depressive disorder. The time series
plots for these related topics are presented in Fig. 5. On the other hand, the
nine related topics in Fig. 6 with an MSV peak lagging behind that of “long

COVID” are classified as Class 2b, which includes aching muscle pain,
anxiety, chest pain, clouding of consciousness, dizziness, fatigue, myalgia,
shortness of breath, and hypochondriasis.

We noticed that Class 2a contains two related topics of the most
prominent COVID-19 symptoms, ageusia and anosmia, as well as con-
taining psychosocial wellness-oriented related topics—namely, insomnia,
major depressive disorder, and mental health. Nonetheless, we also noticed
several related topics for non-characteristic symptoms, such as chest
tightness, headaches, and hip pain. On the other hand, related topics in Class
2b are dominated by search terms related to COVID-19 and long COVID
symptoms, except for the related topic “anxiety”, which is not specific to
COVID-19/long COVID.

Based on the observations between Class 2a and Class 2b, there may be
a change in the public’s search priorities and thus in interest. We believe the
public showed collective interest in symptoms related to COVID-19/long
COVID, such as related topics in Class 2a, for self-diagnosis purposes.
However, after noticing the spread of the Omicron sub-variants, the public
also regained their interest in COVID-19.

We emphasize that the symptom-related topics in Class 2a do not show
a drastic drop in search volume after the spike in “long COVID”, which
further supports our interest-focusing theory.

Polar projection and centroids
To further examine the MSV pattern within the entire COVID-19 pan-
demic period, we projected the four-year MSV time series from January
2020 to December 2023 onto a polar plane within a unit circle. This method,
unlike the one used in “Search popularity of “long COVID” and the other
related topics” section, which cross-compares the MSV pattern against the
movement of “long COVID”, enables us to compare the MSV fluctuations
among related topics. The polar projection of “long COVID” and its pro-
jection centroid is shown in Fig. 7. Similar to the MSV time series plot in
Fig. 3, the projections of “long COVID” show increases during the time of
the first study period and the second study period. Additionally, the centroid
of the projection was deduced using the method described in “Visualization
of the MSVs in polar projection plots” section to indicate the overall public
attention paid to “long COVID” over the four-year period. The polar pro-
jection and centroid plots for the other 19 related topics are also shown in
Fig. 8, following the same method.

By comparing the shapes and positions of the polar projections of each
related topic with that of “long COVID”, we observe that nine related topics
had their first projection increase around April 2020, which is much earlier
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than that of “long COVID.” The projections and centroids of these related  after that of “long COVID”. These three related topics were classified as

topics are shown in Fig. 8. These nine related topics were classified as Class ~ Class 3b. Among them, anxiety was included in both Class 2b and 3b,

3a. Among them, headaches, ageusia, anosmia, and chest tightness were  indicating that the search popularity for this related topics increased after

included in both Class 2a and 3a, which further indicates that the search  that of “long COVID”.

popularity of these related topics increased ahead of “long COVID”. Finally, we summarized the MSVs of “long COVID” and the other 20
On the other hand, the polar projection plots in Fig. 9 show that the  related topics by plotting their centroids on the same graph, as shown in

three related topics had their first projection increase at the same time or  Fig. 10. Note that the centroid for “long COVID” is near January 2022. This
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Fig. 5 | The merged search volume (MSV) time series plots of “long COVID” and  represent the seven-day moving average time series of the MSVs of the symptoms
the related topics classified as Class 2a. Subfigures a-h present time series plots of ~ and “long COVID”, to better enable visualization. The vertical blue dotted lines show
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for comparison. The light blue and gray lines respectively represent the MSV time  vertical dashed lines show the period maxima of the “long COVID” MSV.

series for the symptoms and “long COVID”, and the blue and black lines respectively
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and “long COVID?, to better enable visualization. The vertical blue dotted lines show
the period maxima of the MSV’s of the corresponding related topics, while the black
vertical dashed lines show the period maxima of the “long COVID” MSV. The
symptoms marked with * indicate that the RSVs were shown to be unstable on
Google Trends, and may be subject to larger uncertainties.

observation suggests that the search popularity of “long COVID” was
strongest at that time, which correlates with the outbreak of the COVID-19
Omicron variant. Certain related topics, such as ageusia, anosmia, chest
pain, headaches, light-headedness, chest tightness, palpitations, and short-
ness of breath, had their highest search popularity appear earlier than that of
“long COVID”. Conversely, other related topics, including aching muscle
pain, clouding of consciousness, anxiety, mental health, major depressive
disorder, hip pain, and insomnia, had their highest search popularity appear
after that of “long COVID”. This indicates a relationship between the search
popularity of different related topics and that of “long COVID.”

Results for predicting the prevalence of long COVID and analysis
of the evolution of symptoms

We evaluated whether the search volumes of the symptoms downloaded
from Google Trends can help to improve the predictive performance of the
prevalence of COVID-19. We considered two candidate models: (1) the
ARIMA(p, d, q) model®, which predicts the prevalence of long COVID
using only the past MSVs of “long COVID”; and (2) the vector auto-
regressive with LASSO penalty (lasso-VAR)™, including the past MSVs of

the symptoms as the predictors. We use the lasso-VAR model because there
are many predictors (21 MSVs of symptoms), and the least absolute
shrinkage and selection operator (LASSO) can help to select important
variables for prediction. The predictive performances were evaluated based
on the root mean square error (RMSE) and the mean absolute percentage
error (MAPE), for h = 1, ... 21 day-ahead predictions. More details about
the methodology can be found in Supplementary Note 6.

Supplementary Table 8 shows the RMSEs and the MAPEs of two
candidate models. The RMSEs and MAPE:s of the lasso-VAR are all smaller
than those using ARIMA(p, d, q). Furthermore, the RMSEs and MAPEs of
the lasso-VAR remain stable (RMSEs <500 and MAPE:s are all smaller than
10%) when the prediction horizon 4 increases up to 21 days, whereas those
of the ARIMA(p, d, q) dramatically increase as h increases.

The results suggest that including the MSVs of the symptoms can help
to improve the predictive performance of the prevalence of long COVID.
Google Trends data can be used to forecast and monitor the future pre-
valence of long COVID.

Wealso analyzed the estimated parameters in the lasso-VAR over time.
A non-zero parameter for a related topic in the lasso-VAR indicates that the

Communications Medicine | (2025)5:179

10


www.nature.com/commsmed

https://doi.org/10.1038/s43856-025-00896-6

Article

Long COVID (Condition)

January
Apr 2021 Oct
2021 2020
Jul Jul
2021 2020
Oct Apr
2021 2020
January January
2022 2020
Apr Oct
2022 2023
Jul Jul
2022 2023
Oct Apr
2022 January 2023
2023

Fig. 7 | The rescaled polar projection of the merged search volume (MSV) for the
topic “long COVID”. The projection pattern is shown with a blue line, while the
centroid is marked with a red dot.

MSV of the related topic is useful in explaining the variation of the MSV of
“long COVID”. Therefore, we can consider the related topic as a potential
symptom of long COVID. The results are presented in Supplemen-
tary Note 6.

Discussion

The diverse manifestations of long COVID and the absence of definitive
diagnostic tests to confirm the condition often lead to frustrations among
long COVID patients when seeking help from healthcare providers®*. This
frustration can reduce the likelihood of individuals seeking medical assis-
tance for their long COVID symptoms™”, further exacerbating the limita-
tions and potential errors associated with relying solely on medical records to
estimate long COVID prevalence. The feelings of “medical gaslighting”, as
well as medical imparity®', are detrimental to the trusting relationship
between patients and medical professionals, and further hamper patients’
health. Consequently, many individuals turn to online searches to find
information about long COVID and potential solutions for their condition®.
Therefore, tracking online search activity can serve as an alternative method
to reveal the prevalence of long COVID in the population.

The proposed methodology in this study aims not to complicate nor
replace the current practice of ascribing ill-defined symptoms to long
COVID. Instead, we aim to provide an alternative method for monitoring
long COVID. This methodology can be employed for risk management
regarding the prevalence of long COVID. The findings from Google Trends
can also help educate and raise awareness among the wider community
about the prevalence of various symptoms. Future research can apply
clinical methods to validate these findings. Furthermore, our methodology
can inform risk assessments regarding long COVID, prompting individuals
to seek medical confirmation and treatment, as well as to develop plans for
health rehabilitation.

Note that, as the prevalence of long COVID would be affected by the list
of symptoms used, in addition to the CDC guidelines, it is possible to extend
the list of symptoms with the symptoms listed in the National Institute for
Health and Care Excellence (NICE)” and the WHO guidelines* to obtain a
more comprehensive result. We compare the proposed 33 search terms in this
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Fig. 8 | Polar projection plots of “long COVID” and the related topics classified as
Class 3a. For each polar projection plot, the projection pattern is shown with a
blue line, the centroid is marked with a red dot, and the peak is highlighted in
orange. The related topics “clouding of consciousness” and “hypochondriasis”
were shown to be unstable on Google Trends, and may be subject to larger
uncertainties.
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paper with the NICE and the WHO guidelines in Supplementary Note 7. We
observed that, whereas there were some overlaps between the search terms
proposed in this paper and the NICE and the WHO guidelines, there were
some symptoms we did not include. The 32 search terms selected in this paper
are based on the CDC guidelines and 25 highly relevant publications identified
from the database “scite”, representing a set of most common symptoms for
analysis. This approach aims to streamline the analysis and focus on the most
relevant symptoms. Although we presented a methodology for utilizing
Google Trends data to forecast and monitor long COVID prevalence using
this set of most common symptoms, we also acknowledge the potential to
extend the analysis by including additional symptoms listed in Supplemen-
tary Data 2.

The analysis of MSV time series patterns of “long COVID” revealed
two distinct study periods of increased search popularity. The first study
period occurred from late November 2021 to early February 2022, while the
second study period occurred from late June 2022 to early October 2022.
These peaks in search popularity were found to be associated with the
prevalence of acute COVID-19 cases. Specifically, the first study period of
increased “long COVID” search popularity coincided with the fifth wave of
acute COVID-19 cases, while the second study period occurred during the
rise of the Omicron sub-variants™* as well as notable surges in COVID-19
cases across Europe™. Previous studies have documented that a substantial
proportion of individuals develop long COVID following acute COVID-19
infection”"*, Therefore, it is reasonable to observe an increase in search
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popularity of “long COVID” following the peak of acute COVID-19
infection. These findings align with previous observations of information-
seeking behavior in relation to various health conditions™**.

However, relying solely on the search popularity of “long COVID” may
not provide a comprehensive representation of long COVID surveillance, as
the condition is still not well-defined in terms of its definition and clinical
manifestations. To enhance the infodemiological study of long COVID, it is
crucial to investigate the search popularity of symptoms related to long
COVID. By exploring the search popularity of these specific symptoms, a
more comprehensive understanding of long COVID can be achieved.

We investigated the lead-lag relationship between the search popula-
rities of “long COVID” and related topics in “Search popularity of “long
COVID” and the other related topics” and “Polar projection and centroids”
sections under the Results section by comparing the time series plots and
polar coordinates plots of the MSVs. These findings suggest that physical
symptoms garnered the most attention when long COVID initially
emerged. On the other hand, as the awareness of long COVID grew, there
was an increased focus on psychosocial and mental health conditions
associated with long COVID. Monitoring the search popularity of all of
these related topics can provide valuable information for long COVID
surveillance, enabling a comprehensive understanding of the evolving
landscape of symptoms and public concerns related to long COVID. We
conducted a prediction study in “Results for predicting the prevalence of
long COVID and analysis of the evolution of symptoms” section and ana-
lyzed the patterns of the fitted parameters to assess the evolution of the
symptoms. The study shows that the related topic is useful in improving the
predictability of the MSV of “long COVID”, and thus can be used to
accurately assess the possible future prevalence of long COVID for risk
management purposes. The prediction can provide valuable insights into
emerging trends and shifts in the population’s perception of long COVID,
enabling healthcare providers and policymakers to respond proactively.

Several limitations are present in our study. First, while the selected
search terms related to long COVID symptoms were commonly used by
individuals seeking information online and were chosen through a com-
prehensive search of the CDC guidelines and existing literature, it is possible
that our list of selected search terms may not encompass all of the search
terms related to long COVID, or are not what stakeholders related to long
COVID, such as patients and their family, will search for. For instance, search
terms related to medications used to treat COVID-19, such as ritonavir, were
not included. Furthermore, we can extend the list of symptoms with the
symptoms listed in the National Institute for Health and Care Excellence™
and the WHO guidelines™ to obtain more comprehensive results.

Even when the list of related topics was built based on a comprehensive
literature review, some were shown to be unstable in relation to Google
Trends, making it difficult to accurately analyze the relationship between
these related topics and the prevalence of long COVID. Discarding these
related topics simply due to the instability of the search volumes, however,
may not be a rigorous approach. More research is needed to build meth-
odologies in order to obtain stable search volumes for these related topics.
Furthermore, there is a need to distinguish between searches made by people
with the symptoms and those made by others who are merely interested in
knowing more about the disease or for other reasons that do not necessarily
mean they have the symptoms. It is also possible that the impact of other
conditions and situations may be confused with long COVID by patients,
including undesired effects of pharmacological and non-pharmacological
interventions, such as vaccinations and lockdown policies. Although we
cannot directly identify searches made by people with long COVID
symptoms in comparison with people who are simply interested in knowing
more about the disease for other reasons, we can filter the search volume
using a linear regression. More specifically, our current methodology can be
extended by considering the filtered MSVs (i.e., the residuals in the
regression models regressing search volumes on the potential confounding
factors). By repeating a similar analysis as that presented in this paper using
the filtered MSVs, we can compare the two results to provide more com-
prehensive findings.

In addition, while Google is the dominant search engine used world-
wide, with approximately 92% of the global search market share™, its
popularity and availability vary across different regions around the world.
As a result, data obtained from areas where Google is more popular may be
more representative of these areas, compared to regions such as China,
where other search engines are commonly used. This discrepancy in search
engine usage can impact the generalizability of the findings, highlighting the
need for caution when interpreting and extrapolating results from infode-
miological studies conducted primarily using Google search data.

Conclusion

In this study, we examined the potential of using online search data to track
the prevalence of long COVID symptoms. Analysis of search activities for
33 search terms and 20 related topics revealed potential findings. Eight
related topics (ageusia, anosmia, chest tightness, headaches, hip pain,
insomnia, mental health, and major depressive disorder) consistently pre-
ceded “long COVID” in search popularity, suggesting their potential as
predictors for long COVID surveillance. Conversely, nine related topics
(aching muscle pain, anxiety, chest pain, clouding of consciousness, dizzi-
ness, fatigue, myalgia, shortness of breath, and hypochondriasis) appeared
after “long COVID”, representing long-lasting symptoms and suggesting
their potential for monitoring long COVID effects. Polar projections and
centroids analysis highlighted the increased attention paid to psychosocial
and mental illnesses as long COVID persists. We also conducted a pre-
diction study, showing that the prediction of the prevalence of long COVID
can be improved by including the MSVs of the symptoms in a regression
model. The fitted parameters in the prediction models can also be used to
assess the evolution of the symptoms of long COVID. Monitoring the search
activities of these related topics can help us to understand trends in long
COVID-19 symptoms surveillance and in turn predict long COVID pre-
valence, which will provide necessary data for the public, especially in the
context of the government’s primary healthcare reforms focusing on
prevention.

Data availability

The relative search volume data used in this study are freely available on the
Google Trends website. The generated data, including the merged search
volumes, are available in the Zenodo repository with the identifier https://
doi.org/10.5281/zenodo.14997721%. The Oxford COVID-19 Government
Response Tracker dataset is available online from the repository® as refer-
enced in the research conducted by Hale et al.”’. However, the financial news
data used in this study are not publicly available due to the license of these
datasets. A subscription to Reuters is required to access the data.

Code availability

The source code files used in this study are available in the Zenodo repo-
sitory with the identifier https://doi.org/10.5281/zenodo.14997721%,
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