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This study models the spread of Covid-19 
based on internet search data at Hungary’s
NUTS 2 regional level. Using a modified
version of the search index composition
method proposed by Li et al. (2020), adapted
to Hungarian data, we explore the regional 
predictability of Covid-19 infections and 
examine its correlation with socio-economic 
variables. Our findings indicate significant
regional variations in the effectiveness of
internet search data for predicting coronavirus
case numbers. 
We identify key Covid-19-related Google 
search terms relevant to the Hungarian
context and assess their predictive power using
ordinary least squares and Bayesian vector
autoregression models, with the susceptible–
infectious–recovered model serving as a
benchmark. 
Our findings suggest that internet search data
can be a valuable tool for predicting the
regional spread of Covid-19, though 
predictability varies. Forecasting infection
numbers based on internet search data is more
successful in regions with high health 
awareness influencing internet search
behaviour. The case of Northern Hungary
demonstrates that internet search-based 
forecasting can also be effective in areas where
the population relies on the internet as an
alternative source for health-related 
information. 
This study highlights the importance of
regional analysis in pandemic forecasting,
offering new insights for public health
strategies and contributing to the literature on
the applicability of internet search data. 
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Introduction 

This study aims to predict the spread of the Covid-19 pandemic based on internet 
search data at the NUTS 2 regional level in Hungary. Our forecasting method is 
derived from a version of the search index composition created from internet search 
terms, as proposed by Li et al. (2020), and adapted to Hungarian data. The primary 
objective of this study is to examine the significance of regional differences in the 
predictability of Covid-19 spread. The study demonstrates that the effectiveness of 
using internet search data to predict the spread of the coronavirus can vary 
significantly across regions. These regional differences in predictability correlate with 
territorial patterns of healthcare coverage (such as the number of people per 
pharmacy, average length of hospital stays and number of doctors per capita), 
endemic disease incidences (most notably diabetes) and specific demographical 
properties (such as the ageing index and the proportion of people with reduced 
working capacity). 

Although we currently live without strict restrictions, future measures similar to 
those implemented during the Covid-19 pandemic may become necessary due to the 
emergence of a new Covid-19 variant or a virus strain with similar behaviour. In such 
cases, a tool capable of estimating virus spread at a regional level could be invaluable 
for determining the timing and severity of necessary interventions. 

In recent years, especially since the outbreak of the Covid-19 pandemic, Google 
Trends and other search engine search volume data received increasing attention and 
have been utilised in various studies to predict the spread of different infectious 
viruses (Ben et al. 2022, Fantazzini 2020). Our study uses internet search volume data 
from Hungarian Google Trends for forecasting. Unlike official statistics, internet 
search data are available almost in real-time, which is an advantage for forecasting 
purposes. Based on our review of Hungarian and international literature, this analysis 
using Hungarian data has not been conducted before, making this research unique 
domestically. Furthermore, the regional differences identified in the study could 
provide new insights into the international literature regarding the applicability of 
internet search data in predicting the spread of pandemics. 

In this study, the authors review the literature on internet search-based pandemic 
spread forecasting, focusing on the findings obtained in the case of the Covid-19 
pandemic. Studies examining regional inequalities in Covid-19 are also presented. 
Then, a detailed description of the data sources used in the research is provided. After 
this, the authors introduce their methods for statistical analysis, including the data 
transformations performed and the forecasting models applied, followed by a 
presentation of the findings of the study and the conclusions drawn from them. 
Finally, the most important findings of the research are summarized, highlighting the 
limitation of the analysis, and proposing further study directions based on the 
findings. 
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Literature review  

The application of internet search data to forecast the spread of various infectious 
diseases is well-documented in international literature. McGough et al. (2017) used 
internet search data to predict the spread of the Zika virus in Latin America, 
highlighting its potential as a supplementary real-time tracking tool. The study found 
that the effectiveness of search data varies by country, emphasising the need for 
region-specific evaluations in epidemic forecasting. 

Xu et al. (2019) observed that both the approach and method can impact the 
interpretability and usability of the findings. Their study on the relationship between 
Chinese citizens’ internet searches related to cancer and the number of cancer-related 
deaths did not apply lagged variables, limiting the reliability of the findings. 

Austys–Burneikaitė (2019) forecasted flu epidemics in Lithuania using Google 
Trends search volume indexes. They translated commonly used influenza-related 
search terms from studies in other languages into Lithuanian, determined cross-
correlations between search volumes and flu cases and built an ARIMA model 
incorporating lagged usage frequency of search terms as exogenous variables. 
Technically, weekly new infection numbers were used, and a 
SARIMAX(1,0,0)(0,1,0)[52] model was fitted to the latest infection numbers, with the 
exogenous variable being the search term frequency with the strongest cross-
correlation. Thus, the seasonal unit root arising from weekly seasonality in the number 
of infection cases was handled by seasonal differencing. Their findings suggest that 
Google Trends data could help predict the progression of flu epidemics, underscoring 
its potential utility for Hungary given its similar socio-economic background (HCSO 
2022, Mihályi 2014). Furthermore, Hungary’s larger population and land area allows 
for a sub-national regional examination of the forecasting accuracy of internet search 
data for epidemic spread, as more sub-national differences can be observed in socio-
economic status and Covid-19 infections (Oroszi et al. 2022a, 2022b, Uzzoli et al. 
2021). 

Huang et al. (2020) used the Baidu search index to predict cases of HIV/AIDS, 
syphilis and gonorrhoea in China. A search index composition was created and applied 
in a vector autoregression (VAR) model. The forecasts indicated that Baidu search data 
could predict new infections. This search index composition forms the basis for our 
approach to Google Trends data and is introduced in detail in chapter Methods. In this 
study, the VAR model is fitted over a more extended time period, from January 2011 
to October 2016. Monthly Baidu search frequencies for keywords related to 
HIV/AIDS, syphilis and gonorrhoea are considered for the search index composition, 
alongside the monthly number of new cases. The fitted VAR model is then used to 
forecast the number of new cases from November 2016 to October 2017. The out-of-
sample 𝑅ଶ  were all above 85%, demonstrating the strong fit and predictive 
performance of the Baidu-augmented VAR model. Similarly, Li et al. (2019) developed 
an ARIMAX model using Baidu search data to predict HIV/AIDS cases. The model is 
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fitted to the monthly number of new HIV/AIDS cases, with the exogenous variable 
being the search index composition derived from the search volume of HIV/AIDS-
related terms on Baidu. Technically, a SARIMAX(0,1,2(1,0,0)[12] model is fitted; thus, 
the unit root in the number of monthly new cases is accounted for by modelling the 
first differences. Their findings showed that incorporating search data improved in-
sample accuracy, measured by the Akaike information criterion (AIC), compared to 
traditional ARIMA models. 

Regarding the Covid-19 pandemic, studies on regional differences in internet 
search-based epidemic forecasting have also emerged. Saegner–Austys (2022) 
provides a detailed overview of research on Google Trends-based forecasting of 
Covid-19 spread. Based on 54 studies, they concluded that most found a positive 
correlation between internet interest in the coronavirus and the number of new 
infections. Specifically, 45 of the 54 reported a positive correlation between search 
frequencies for keywords such as ‘coronavirus’ and ‘Covid-19’ (with variations in 
keyword selection across studies), and the number of daily/weekly new coronavirus 
cases (with differences in time series frequencies across studies). The methods applied 
in these studies ranged from simple cross-correlations to machine-learning models 
(like random forest regressions). However, all employed some form of time series 
modelling, whether linear (ARIMAX, VAR) or non-linear (random forest regressions, 
long short-term memory neural networks). Notably, the positive findings were 
predominantly observed in high-income countries with high internet penetration. 
Negative findings were often attributed to modelling on very short time series during 
the early stages of the pandemic. At that time, Google searches related to the 
coronavirus focused more on media coverage than substantive information about the 
virus, which may explain the negative findings in the literature. 

Both Saegner–Austys (2022) and our literature review indicate that no study has 
substantially examined the applicability of Google Trends for predicting the spread 
of the coronavirus at a sub-country level using time series methods. For instance, 
using simple static correlation analysis, Mavragani–Gkillas (2020) assessed the 
applicability of Google Trends for predicting Covid-19 spread across different  
U.S. states. Moreover, their quantile regression analysis did not examine residual 
autocorrelation, which could lead to spurious regression. Rovetta (2021) 
demonstrated the time dependence of contemporaneous Pearson and Spearman 
correlation coefficients between Google search volumes for coronavirus-related 
terms and the number of infections using regional data from Italy. The study 
investigated the differences in contemporaneous correlation coefficients between 
search volumes and the number of new infections from 1 February–4 December 2020 
(period 1) and 20 February–18 May 2020 (period 2). The findings indicated that 
correlations changed significantly, at least at the 10% level, for regional search term 
volumes between the two periods but did not change significantly when worldwide 
search volumes of the same terms were examined. 
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Ben et al. (2022) analysed gastrointestinal symptom-related search terms to 
forecast Covid-19 outbreaks in the U.S., U.K., Australia and China, identifying 
varying optimal lags for forecasting across countries. The two symptoms for which 
volumes had the strongest correlation with daily newly confirmed Covid-19 cases  
– at lags 9 and 12 days at the global level – were ‘fever’ and ‘cough’. Meanwhile, 
‘diarrhoea’ and ‘loss of taste’ displayed the highest correlation with daily newly 
confirmed cases at lags of 12 and 5 days, respectively, at the global level. These 
symptoms exhibited similar lag correlation patterns with daily newly confirmed 
Covid-19 cases at the country level. However, the specific lag days varied across 
countries (see Table 2 of the study for country-specific lags). The authors also noted 
that their study did not account for the potential within-country heterogeneity of their 
findings. Our study aims to address this gap by examining within-country 
heterogeneity in Hungary. 

Fantazzini (2020) used data from 158 countries to forecast Covid-19 cases with a 
two-week forecasting lag, demonstrating the utility of Google Trends data. However, 
the study did not examine the shared characteristics of countries where Google 
Trends data improved forecasting accuracy. The authors developed Google Trends-
augmented ARIMAX and VAR models and simple ARMA, ETS and SIR models for 
benchmarking. Daily data from January to March 2020 were used as the training 
sample for model estimation, while April to May 2020 was reserved for out-of-sample 
forecasting. The mean squared errors show that Google-augmented time series 
models performed best for 86 out of 158 countries. Our study identifies the common 
socio-economic characteristics of Hungarian NUTS 2 regions, described using the 
variables introduced in chapter Data, where Google Trends data are effective for  
out-of-sample forecasting of coronavirus spread. 

Most studies on regional differences in the coronavirus pandemic focus on 
mortality. Using cluster analysis, Bucci et al. (2023) examined daily mortality time 
series for the coronavirus across European NUTS 2 regions. Their study confirms 
the importance of analysing coronavirus mortality patterns at a sub-country level, as 
these patterns can vary significantly within a country. Igari (2023) highlighted 
differences in excess mortality across European NUTS 3 regions during various 
pandemic waves. 

Numerous studies note that in Central and Eastern European regions, 
the population’s health status is generally poorer, and the healthcare system is less 
accessible, increasing the risk of excess mortality due to the coronavirus (Kovács–
Uzzoli 2020, Uzzoli et al. 2020, 2021, Kovalcsik et al. 2021). Generally, regional 
differences are primarily influenced by the phenomenon that regions with lower 
socio-economic status tend to have less developed healthcare systems (Bambra et al. 
2020, McGowen–Bambra 2022, Munford et al. 2022). 

In Hungary, coronavirus mortality patterns resemble the territorial trends 
observed in other Central and Eastern European countries (Karlinsky–Kobak 2021, 
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Tóth 2022). Studies have primarily focused on demographic and comorbidity factors 
(Bíró et al. 2021, Elek et al. 2022, Gombos et al. 2020). Kovács–Vántus (2022) 
highlighted the role of healthcare capacity, while Oroszi et al. (2022a, 2022b) and 
Uzzoli et al. (2021) noted that lower socio-economic regions face challenges in testing 
capacity and experience higher mortality risks. Páger et al. (2024) identified spatial 
autocorrelation of mortality with hotspots in less urbanised northeastern and central 
Hungarian regions. 

Almost all reviewed studies examining the territorial patterns of coronavirus 
mortality suggest regional level, localised rather than national epidemic management 
measures due to significant within-country differences in coronavirus mortality. 
Our study can effectively support such measures by conducting a regional 
examination of the predictability of case numbers based on internet search data. 
Our literature review shows no such regional study has been conducted in Central–
Eastern Europe. Furthermore, in the broader international literature, epidemic spread 
forecasting based on related internet searches primarily relies on static  
(cross-sectional), correlation-based methods that do not account for lagged effects or 
unit roots. Consequently, the regional characteristics of internet search-based 
epidemic spread forecasts revealed by this study can serve as a reference for further 
similar research in other countries. 

Data  

The data used in this study come from two primary sources. County-level internet 
search term volume data were obtained from the Google Trends website, while 
county-level daily new coronavirus case numbers were sourced from atlatszo.hu’s 
Koronamonitor application. The analysis focuses on the pandemic’s second, third and 
fourth waves, covering the period from 1 October 2020 to 28 February 2022. 
Following weekly aggregation, the datasets comprise 73 observations [1], [2]. The first 
wave was excluded from our analysis because strict epidemiological measures kept 
case numbers and mortality in Hungary significantly lower than in subsequent waves 
[1] (Igari 2023, Oroszi 2022b). Thus, including it would have introduced a structural 
break in the time series, necessitating a separate model. However, the weekly 
aggregated time series for the first wave would contain only 26 observations (from 31 
March 2020, to 30 September 2020), which is insufficient for reliable parameter 
estimation in a VAR model (Kirchgässner et al. 2013). 

Weekly aggregation was primarily necessary because, after 11 June 2021, daily new 
case numbers were unavailable on weekends [1]. Imputing the weekend data using an 
imputation method would have introduced the assumption that the number of new 
cases behaves similarly on weekdays and weekends or that these missing weekends 
behave equally to the weekend data observed in the first part of the time series. 
To avoid these assumptions, we opted to analyse the data every week. Furthermore, 
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sub-country Google Trends data can become quite noisy daily (e.g. consecutive 0 
periods), which can also be mitigated using weekly frequency. Alternatively, mixed-
frequency methods such as mixed-frequency data sampling regression (MIDAS) can 
be applied to retain a daily frequency for Google Trends data and/or a weekend-
imputed daily new infections data (Ghysels et al. 2016). However, this is not the 
approach adopted by the international literature on epidemic forecasting using 
Google Trends data. The studies reviewed all applied weekly or monthly aggregated 
time series for periods exceeding one year (McGough et al. 2017, Austys–Burneikaitė 
2019, Li et al. 2019, Huang et al. 2020, Fantazzini 2020, Saegner–Austys 2022, Ben et 
al. 2022, Llewellyn et al. 2023). Our study examines the differences in out-of-sample 
forecasting accuracy of these established methods at a sub-country level. That is why 
we have chosen to apply weekly aggregation. 

The socio-economic status of the regions was characterised using economic, 
demographic and health variables for the year 2021 from the Hungarian Central 
Statistical Office (HCSO) website [3]. The specific range of variables was determined 
based on literature examining the socio-economic factors influencing the spread and 
mortality of coronavirus in Hungary (Tóth 2022, Bíró et al. 2021, Elek et al. 2022, 
Páger et al. 2024). The variables include: 
 demographic variables 

o population density as of 31 December 2021 (people/km²) 
o ageing index (number of elderly individuals aged 65 years and over per 

100 individuals younger than 14 years) as of 31 December 2021 (%) 
o age-standardised mortality rate per 100,000 inhabitants in 2021 (per mille) 
o life expectancy at birth for women in 2021 (years) 
o life expectancy at birth for men in 2021 (years) 

 economic variables and internet penetration 
o gross domestic product per capita in 2021 (thousand HUF) 
o average monthly old-age pension per capita in 2021 (HUF/month) 
o internet subscriptions per 1,000 inhabitants in 2021 (units) 

 health status related variables 
o percentage of the population receiving benefits for reduced working 

capacity in 2021 (%) 
o proportion of hypertension patients registered with general practitioners 

per 10,000 inhabitants aged 19 and over in 2021 (cases/10,000 inhabitants) 
o proportion of ischaemic heart disease (I20–I25) patients registered with 

general practitioners per 10,000 inhabitants aged 19 and over in 2021 
(cases/10,000 inhabitants) 

o proportion of diabetes patients registered with general practitioners per 
10,000 inhabitants aged 19 and over in 2021 (cases/10,000 inhabitants) 

 healthcare system related variables 
o number of working doctors per 10,000 inhabitants in 2021 (persons) 
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o number of operational hospital beds per 10,000 inhabitants in 2021 
(units/person) 

o average length of hospital care in 2021 (days) 
o number of inhabitants per pharmacy in 2021 (persons/pharmacy). 

For Google search volume data, we used the search terms identified by Li et al. 
(2020) as a starting point. However, our findings indicated that only a fraction of the 
search terms from Li et al. (2020) generated interest among Hungarian internet users. 
These included coronavirus symptoms and Covid-19 symptoms. For other terms, 
only Budapest had sufficient data for analysis. Therefore, we used alternative Covid-
19-related terms that were more frequently searched across Hungary [2]. 

The most frequent Hungarian search terms in Google Trends for the studied 
period are as follows: 
 coronavirus symptoms/covid symptoms (hereinafter: symptom) 
 coronavirus testing/covid testing (hereinafter: test) 
 coronavirus incubation period/covid incubation period (hereinafter: incubation) 
 coronavirus news/covid news (hereinafter: news) 
 coronavirus medicine/covid medicine (hereinafter: medicine) 
 delta variant (hereinafter: delta) 
 post covid (hereinafter: post-covid) 
 PCR test (hereinafter: PCR). 
In the Hungarian language, ‘coronavirus’ and ‘covid’ are primarily used 

interchangeably; therefore, we treated such cases as identical terms. This means that 
when someone searches for ‘coronavirus symptoms’ and ‘covid symptoms’, they 
generally intend the same meaning. Consequently, the search volumes of these two 
separate search terms were combined. The search volume indices for each term, 
grouped by region, are presented in the appendices (see in Appendix Figure A1). 

County-level (NUTS 3) observations are available on Google Trends, 
Koronamonitor and the HCSO websites. For some search terms, certain counties either 
lacked sufficient search data for Google Trends to display them or had highly 
incomplete data at several time points. To avoid consistently zero search volume time 
series over long periods, we aggregated the search volume indices of the search terms 
to the NUTS 2 region level, treating Budapest as a separate unit. Mixed-frequency 
models for panel data, as proposed by Yang et al. (2023), can also be considered to 
address regional data observed at different frequencies. A decision to aggregate, such 
as in the case of weekly aggregation, aligns with the approach taken by most research 
using Google Trends data for epidemic forecasting (McGough et al. 2017, Austys–
Burneikaitė 2019, Li et al. 2019, Huang et al. 2020, Fantazzini 2020, Saegner–Austys 
2022, Ben et al. 2022, Llewellyn et al. 2023). 
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Methods  

In our study, we apply the search index composition proposed by Li et al. (2020) and 
Huang et al. (2020) to quantify Google search volume for the coronavirus topic across 
Hungarian regions. Li et al. (2020) examined the out-of-sample 𝑅ଶ of the search index 
composition concerning the Covid-19 pandemic using an ARIMAX(0,1,2) model. 
The method itself is mainly consistent with those used in studies forecasting the 
number of HIV/AIDS, syphilis and gonorrhoea cases (Huang et al. 2020, Li et al. 
2019). Thus, the method is robustly applicable to forecasting the spread of various 
epidemics based on internet searches. 

When compiling the composition, the goal is to include the most relevant search 
terms for the topic, in this case, Covid-19. In the study by Li et al. (2020), a 
combination of several methods was used to determine the appropriate terms. 
Primarily, potential keywords were collected from a Chinese website, with additional 
terms derived from a semantic correlation analysis. Examples of webpages used in 
the study include Baidu (the most popular search engine in China), Microblog, 
Wikipedia and WeChat. This approach enabled the collection of 14 terms reflecting 
search behaviour related to Covid-19. Since not all terms were directly related to the 
Covid-19 virus, the sample was further refined to relevant keywords in two steps. 

First, the Spearman rank correlation coefficient between the Baidu search index 
(as Baidu is the largest search engine in China, not Google) and the presumed case 
numbers were examined for each term. Based on the findings, terms with a rank 
correlation coefficient smaller than 0.4 were removed from the collection. Then, the 
cross-correlation between the different lags of the search terms and the coronavirus 
case numbers was analysed. The lag of each term that exhibited the highest correlation 
with the case numbers was selected (Huang et al. 2020). 

We examine the Google Trends search volume indices for the terms specified in 
chapter Data at the NUTS 2 level in Hungary, using the two filtering methods 
described above, from 1 October 2020, to 28 February 2022. 

In the study by Li et al. (2020), all the lags of the five selected search terms were 
used to construct the search index composition. The weight of each term was 
determined based on the highest absolute value of the correlation coefficient (ρ) for 
each term, measuring the effect size of a given term. 

Equation (1) shows the calculation of the weights: 𝑤𝑒𝑖𝑔ℎ𝑡௞௜  =  ఘೖ೔∑ ఘೖ೔೙೔ స భ                                             (1) 

where 𝑘 is the potential lag, 𝑛 is the number of keywords and 𝜌௞௜ is the correlation 
coefficient of the 𝑘th lag of the 𝑖th keyword (Huang et al. 2020). Equation (2) shows 
the search index composition: 𝑆𝑒𝑎𝑟𝑐ℎ𝐼𝑛𝑑𝑒𝑥௞  =  ∑ 𝑤𝑒𝑖𝑔ℎ𝑡௞௜  ×  𝑘𝑒𝑦𝑤𝑜𝑟𝑑௞௜௡௜ ୀ ଴                          (2) 
where 𝑘 is the potential lag, 𝑛 is the number of keywords, 𝑤𝑒𝑖𝑔ℎ𝑡௞௜ is the weight of 
the 𝑘th lag of the 𝑖th keyword and 𝑘𝑒𝑦𝑤𝑜𝑟𝑑௞௜ is the search volume index of the 𝑘th 
lag of the 𝑖th keyword for a given period (Li et al. 2020). 
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A bivariate VAR model describes the bivariate relationship between the internet 
search index and the weekly new coronavirus case numbers. This model is based on 
the concept that both time series are endogenous, meaning each has its own equation 
within the framework. In both equations, the lagged values of the explanatory 
variables are included up to a predetermined lag 𝑘 (Woodward et al. 2017). Thus, 
equations (3) and (4) show the bivariate VAR model: 𝑌௧  =  𝛽଴ +  𝛽ଵଵ𝑌௧ିଵ  +  𝛽ଵଶ𝑌௧ିଶ  +  …  + 𝛽ଵ௞𝑌௧ି௞ +  𝛽ଶଵ𝑋௧ିଵ +  𝛽ଶଶ𝑋௧ିଶ  +  …  
+ 𝛽ଶ௞𝑋௧ି௞ + 𝑢௧ (3) 𝑋௧  =  𝛼଴ +  𝛼ଵଵ𝑌௧ିଵ +  𝛼ଵଶ𝑌௧ିଶ +  … + 𝛼ଵ௞𝑌௧ି௞  +  𝛼ଶଵ𝑋௧ିଵ  +  𝛼ଶଶ𝑋௧ିଶ  +  … + 𝛼ଶ௞𝑋௧ି௞ + 𝑣௧ (4) 
where 𝑌௧  and 𝑋௧  are the internet search index and the time series of weekly new 
coronavirus cases, respectively, 𝑢௧  and 𝑣௧  are the residual or error terms, 𝑡  is the 
current time point and 𝑘 is the number of lags (Woodward et al. 2017). 

The model coefficients are first estimated using the ordinary least squares (OLS) 
method. According to the fundamental assumption of OLS estimation, the error 
terms (𝑢௧ and 𝑣௧) jointly behave as white noise. The Portmanteau test is appropriate 
for assessing this assumption, with the null hypothesis (𝐻଴) stating that the error 
terms can be considered white noise, which means that an error term is neither 
correlated with its lags nor the other error terms. The second assumption of the OLS-
based VAR model is that the input time series must be stationary. This condition is 
crucial for avoiding spurious correlations (Kirchgässner et al. 2013). The stationarity 
of the input time series is tested using the Kwiatkowski–Phillips–Schmidt–Shin 
(KPSS) and augmented Dickey–Fuller (ADF) tests. If a time series is non-stationary, 
it can often be rendered stationary through differencing. Additionally, the stability of 
the VAR models is assessed by examining the roots of the characteristic polynomials 
of the equations. The model is considered stable if all roots of the characteristic 
polynomial for each VAR equation lie within the unit circle (Hamilton 2020). 

The maximum lag 𝑘 of the model is determined using information criteria. 
The Akaike, Hannan–Quinn and Bayes–Schwarz information criteria are applied 
jointly and align with standard practice. During modelling, a lag is considered optimal 
if recommended by at least two criteria. In cases where all three criteria suggest 
different lags, the Hannan–Quinn criterion is adopted as a compromise, as it provides 
a balanced choice between the two extreme cases. 

To assess the robustness of the findings, model equations (3) and (4) with the 
optimal 𝑘  lags identified by the information criteria, are also estimated using a 
Bayesian approach. Weakly informative priors are employed to introduce 
regularisation, following the method proposed by Gelman–Hill (2007). Assuming that 
the error terms 𝑢௧~𝑁ሺ0,𝜎௨ሻ and 𝑣௧~𝑁ሺ0,𝜎௩ሻ are independent (jointly white noise), 
the posterior distribution of the model parameters, 𝑝(𝛼଴,𝛼,𝛽଴,𝛽,𝜎|𝑌௧,𝑋௧), s derived 
using Bayes’ theorem (5). 
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𝑝(𝛼଴,𝛼,𝛽଴,𝛽,𝜎|𝑌௧ ,𝑋௧)  =  ௣൫𝑌௧,𝑋௧ห𝛼଴,𝛼,𝛽଴,𝛽,𝜎൯∙௣(ఈబ,ఈ,ఉబ,ఉ,ఙ)௣(௒೟,௑೟)                   (5) 

where 𝛼 =  ሾ𝛼ଵଵ, … ,𝛼ଶ௞ሿ, 𝛽 =  ሾ𝛽ଵଵ, … ,𝛽ଶ௞ሿ and 𝜎 =  ሾ𝜎௨,𝜎௩ሿ. 𝑝(𝑌௧,𝑋௧|𝛼଴,𝛼,𝛽଴,𝛽,𝜎) 
is the model likelihood function, 𝑝(𝑌௧ ,𝑋௧) is the empirical distribution of our time 
series, and 𝑝(𝛼଴,𝛼,𝛽଴,𝛽,𝜎) is the prior distribution of parameters. These latter prior 
distributions are defined as weakly informative, following Muth et al. (2018). 𝜎௨ ~ 𝐸𝑥𝑝൫𝑠௬൯                                                         (6) 𝜎௩ ~ 𝐸𝑥𝑝(𝑠௫)                                                                (7) 𝛼௜௝ , ~ 𝑁൫0, 2.5 ∙  𝑠௫ 𝑠௬⁄ ൯ (8) 𝛽௜௝ , ~ 𝑁൫0, 2.5 ∙  𝑠௬ 𝑠௫⁄ ൯ (9) 𝛼଴ ~ 𝑁(𝑥̅, 2.5 ∙  𝑠௫)                                                         (10) 𝛽଴ ~ 𝑁൫𝑦ത, 2.5 ∙  𝑠௬൯                                                         (11) 
where 𝑠௬ and 𝑠௫ are the empirical standard deviations of the time series, applied to 
scale the priors for the observed data’s distribution. Definitions (6)–(11) are weekly 
informative, as the expected value of the model parameters is 0, with a moderately 
large standardised standard deviation of 2.5. Consequently, they provide some 
regularisation of the model effects reflected in the 𝛼,𝛽 parameters. The posterior 
distribution of (5) is determined numerically using Markov Chain Monte Carlo 
simulation. The empirical mean of the simulated posterior distribution can be used as 
the point estimate for the model parameters when predicting the number of 
infections. If the observed data do not support the hypothesis that the internet search 
index can help predict the number of infections, then the empirical mean of the 
simulated posterior parameter distribution will not differ substantially from 0. 

As a benchmark model for predicting the number of weekly new Covid-19 
infections without the internet search index, the susceptible–infectious–recovered 
(SIR) model is applied (Brauer–Castillo-Chavez 2012). The fundamental principle of 
the SIR model is that susceptible individuals (𝑆) become infected with a rate of 𝛽 as 
they encounter already infected individuals (𝐼). Thus, 𝛽 can be interpreted as the 
infectious contact rate. Additionally, infected individuals recover (𝑅) at a rate of 𝛾. 
This system is a set of differential equations, as given in equation (12). ௗௌௗ௧  =  −𝛽 ∙  𝐼 ∙  𝑆                                                (12) ௗூௗ௧  =  𝛽 ∙  𝐼 ∙  𝑆 −  𝛾 ∙  𝐼 (13) ௗோௗ௧  =  𝛾 ∙  𝐼                                                     (14) 

Once equations (12)–(14) are solved numerically, we can predict the number of new 
infections for any given 𝑡  time, denoted as 𝐼௧ , which can serve as a benchmark 
estimation for the number of new infections without using internet search data. 
However, this method assumes that the parameters 𝛽, 𝛾 are known. We can estimate 
these parameters with OLS by solving equation (15) on the observed time series of 
length 𝑇. 
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minఉ,ఊ ∑ ൫𝑋௧  −  𝐼௧(𝛽, 𝛾)൯ଶ௧் ୀ ଵ  (15) 

where 𝐼௧(𝛽, 𝛾) is the estimated number of new infections from the solved SIR system 
of equations (12)–(14) with given 𝛽, 𝛾 parameters (Harko et al. 2014). 

In our statistical analysis process, after preparing the data and examining basic 
assumptions such as stationarity, we first analyse cross-correlations between the 
Google search volume indices of individual terms and weekly new coronavirus cases 
for each region. We allow for a maximum of seven lags, while the number of 
observations permits a maximum of 73/5 = 14.6 ~ 14 variables in the VAR model. 
Beyond this, the model would become overfitted (too many parameters relative to 
the number of observations) and thus unusable for forecasting (Hamilton 2020). For 
example, in a VAR model with two endogenous variables and seven lags, each 
equation contains 14 explanatory variables. The search terms corresponding to the 
strongest cross-correlations (absolute value greater than 0.3) for a given region were 
included in the region’s search index composition. The search index composition and 
the weights of the individual terms were calculated for each region according to 
equations (1) and (2). 

After constructing the search index composition, we built models by region. 
In each case, we fitted our three models using the first 65 observations and used the 
last eight observations (two months) to assess forecasting accuracy with an expanding 
estimation window. For example, when forecasting the number of new infections on 
week 70, weeks 1–69 are used to estimate model parameters in all cases. Forecasting 
accuracy for the number of weekly new infections is measured using the 𝑅ଶ measure, 
defined as the squared correlation between the estimated and actual number of 
infections in the last eight weeks (Hastie et al. 2011). 

Diagnostic information for the OLS VAR models is reported using the entire time 
series. 

Results  

First, the stationarity of each time series is examined. The p-values of the ADF and 
KPSS tests for the levels and first differences of the time series included in our 
analysis for Budapest are presented in Table 1. The findings for other regions are 
provided in the appendices, which also include graphical representations of the time 
series for each region. 

Based on Table 1, the first difference transformed every time series to exhibit 
stationary behaviour according to the KPSS test at all common significance levels. 
However, the ADF test indicates that the time series of case numbers remains non-
stationary at every common significance level, even after first differencing. 
This finding may represent a type II error, given the KPSS test findings. Therefore, 
following the principle of parsimony, we do not apply further transformations to the 
time series. If these ADF test findings pose a problem for the stability of the VAR 
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models, it will be evident from the roots of the characteristic polynomials. Similar 
conclusions can be drawn for other regions based on the comparable tables in the 
appendices. 

Table 1 
The p-values of stationarity tests for the levels and first differences of 

the examined time series in Budapest 

Variable 
Levels First differences 

ADF  
p-value 

KPSS 
p-value 

ADF 
p-value 

KPSS  
p-value 

Cases 0.626 <0.01 0.367 >0.1 
Medicine 0.117 >0.1 <0.01 >0.1 
News 0.230 <0.01 <0.01 >0.1 
Incubation 0.024 >0.1 <0.01 >0.1 
Test 0.073 0.067 <0.01 >0.1 
Symptom 0.063 0.064 <0.01 >0.1 
Delta 0.523 0.026 <0.01 >0.1 
PCR 0.022 0.022 <0.01 >0.1 
Post 0.418 0.084 <0.01 >0.1 

After transforming the time series, the composition of the internet search index is 
determined, and the optimal OLS VAR and Bayesian VAR models for each region 
are constructed, along with the SIR model. Diagnostics for the OLS VAR models are 
summarised in Table 2. 

Table 2 
Model diagnostics of the regional OLS VAR models 

Region Optimal lag 
Portmanteau 

multivariate white noise 
test p-value 

Range of characteristic 
polynomial roots 

Budapest 3 0.517 0.017–0.778 
Pest 2 0.489 0.392–0.741 
Western Transdanubia 1 0.935 0.019–0.319 
Southern Transdanubia 2 0.824 0.317–0.635 
Central Transdanubia 2 0.681 0.480–0.705 
Northern Hungary 1 0.972 0.038–0.274 
Northern Great Plain 2 0.934 0.368–0.667 
Southern Great Plain 4 0.977 0.179–0.816 

Based on Table 2, the VAR model appears to be diagnostically adequate across all 
regions: the residuals can be considered white noise at all common significance levels, 
and the roots of the characteristic polynomials lie within the unit circle. Consequently, 
no second differencing in the case numbers is necessary. 

Out-of-sample 𝑅ଶ measures for the three models over the last eight weeks are 
reported for each region in Table 3. 
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Table 3 
Out-of-sample R-squared measures for all three models  

(%) 

Region OLS VAR Bayesian VAR SIR 

Gain of the  
best-performing 
VAR compared 

to SIR 

Budapest 22.86 24.00 1.33 +22.67 
Pest 8.03 9.19 79.99 −70.8 
Western Transdanubia 5.02 0.17 71.78 −66.76 
Southern Transdanubia 21.83 13.76 0.03 +21.8 
Central Transdanubia 5.29 12.91 59.83 −46.92 
Northern Hungary 14.53 11.79 8.48 +6.05 
Northern Great Plain 11.05 1.78 0.01 +11.04 
Southern Great Plain 33.26 11.14 0.47 +32.79 

Note: regions where the out-of-sample forecasting accuracy is higher for the VAR models are highlighted with 
grey background.  

The findings in Table 3 indicate that the VAR models enhanced with the internet 
search index outperform the classic SIR model in Budapest, Southern Transdanubia, 
Northern Hungary, Northern Plain and Southern Plain regions. Thus, in these 
regions, the volume of internet searches can be used to predict the number of 
infections more accurately. These findings are robust across estimation methods, as 
both OLS and Bayesian VAR models surpass the SIR model in these regions. 
Furthermore, we conclude that the SIR models perform generally poor in regions 
where VAR models overperform. One notable exception is Northern Hungary, 
where the out-of-sample performance of the SIR and VAR models is more similar 
(𝑅ଶ difference is within 10 percentage points). This suggests that the internet search 
index in Northern Hungary provides only a marginal predictive advantage for weekly 
new infections, or its effect may be non-linear, making this region an outlier. 

To identify common characteristics of the regions where the internet search index 
enhances infection prediction, we examined the Spearman rank correlation between 
the percentage-point gain in 𝑅ଶ(compared to the SIR model) of the best-performing 
VAR and 16 variables describing the socio-economic status of the regions. The rank 
correlation coefficient was used to detect potential non-linear relationships, whereas 
the classic Pearson correlation cannot (Zhang et al. 2016). Since Budapest exhibits 
extreme outliers in most socio-economic variables, we conducted the correlation 
calculations on a logarithmic scale. Our findings are presented in Table 4. 

Based on Table 4, the 𝑅ଶ gain for VAR models is strongly correlated (with an 
absolute correlation value of at least 0.7) with four variables: the number of people 
per pharmacy, the average length of hospital care and the number of doctors and 
diabetics per ten thousand people. Based on the signs of these correlations, it can be 
inferred that regions where internet search volume is a strong predictor of Covid-19 
infections are characterised by a low number of people per pharmacy, a short average 
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length of hospital care and a high proportion of doctors and diabetics. These findings 
are further supported by the regional distribution of these three variables, as shown 
in Appendix Figure A2. 

Table 4 
Rank correlations of Granger causality test p-values  

with socio-economic variables 

Variable Rank 
correlation 

Number of inhabitants per pharmacy in 2021 (persons/pharmacy) −0.786 
Average length of hospital care in 2021 (days) −0.779 
Number of working doctors per 10,000 inhabitants in 2021 (persons) 0.714 
Proportion of diabetes patients registered with general practitioners per 10,000 inhabitants 
aged 19 and over in 2021 (cases/10,000 inhabitants) 0.701 
Ageing index (number of the elderly aged 65 years and over per 100 individuals younger 
than 14 years) as of 31 December 2021 (%) 0.667 
Percentage of the population receiving benefits for reduced working capacity in 2021 (%) 0.643 
Proportion of hypertension patients registered with general practitioners per 10,000 
inhabitants aged 19 and over in 2021 (cases/10,000 inhabitants) 0.571 
Proportion of ischaemic heart disease (I20–I25) patients registered with general 
practitioners per 10,000 inhabitants aged 19 and over in 2021 (cases/10,000 inhabitants) 0.571 
Number of operational hospital beds per 10,000 inhabitants in 2021 (units/person) 0.524 
Average monthly old-age pension per capita in 2021 (HUF/month) −0.452 
Population density as of 31 December 2021 (people/km²) −0.429 
Age-standardised mortality rate per 100,000 inhabitants in 2021 (per mille) 0.192 
Internet subscriptions per 1,000 inhabitants in 2021 (units) −0.180 
Gross domestic product per capita in 2021 (thousand HUF) −0.167 
Life expectancy at birth for women in 2021 (years) −0.140 
Life expectancy at birth for men in 2021 (years) 0.001 

Note: arranged in descending order according to the absolute value of the rank correlation coefficient. 

Based on the maps in Appendix Figure A2, Budapest and the Southern Great 
Plain show the most significant improvement in infection forecasting when utilising 
the internet search index. These regions also have the lowest number of people per 
pharmacy (indicating a relatively low pharmacy workload) and the shortest average 
length of hospital care (indicating effective inpatient healthcare). The Southern Great 
Plain also has the highest number of diabetic cases, while Budapest has the highest 
number of doctors per 10,000 people. Southern Transdanubia and the Northern 
Great Plain exhibit similar trends, characterised by a low pharmacy workload, short 
hospital stays, high diabetes incidence and a relatively high number of doctors. 
Northern Hungary is an outlier, showing 𝑅ଶ gains when applying the internet search 
index despite having the lowest diabetes incidence, high pharmacy workload, 
extended hospital stays and few doctors. This anomaly aligns with Table 3, where 
Northern Hungary shows a significantly lower R² gain than other regions. Depicting 
the top correlations in the scatter plot of Figure 1 leads to similar conclusions. 
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Figure 1 𝑹𝟐 gain for VAR models*  

 

 

 
* As a function of the ageing index, the average length of hospital care, the number of doctors and diabetics per 

ten thousand people the number of people per pharmacy, and the percentage of people with reduced working capacity 
on a logarithmic scale. 
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Figure 1 exhibits tendencies similar to those in Appendix Figure A2, 
complemented by correlations between the R² gain with the internet search index and 
variables such as the ageing index and the percentage of people with reduced working 
capacity (Table 4). Pest is a notable outlier in three scatter plots for healthcare-related 
variables (people per pharmacy, diabetes incidence and doctors per 10,000 people), 
showing a significantly smaller R² gain than expected. This can be attributed to its 
younger population and the lowest percentage of people with reduced working 
capacity, suggesting a healthier population is less likely to search for disease symptoms 
online, leading to poorer VAR model performance than SIR. 

A similar outlier tendency can be observed in Western Transdanubia, albeit on a 
much smaller scale. The region generally exhibits a lower 𝑅ଶ gain with the internet 
search index, as indicated by most of the healthcare and demographic variables in 
Figure 1. Notably, Western Transdanubia has by far the highest number of people 
per pharmacy – the variable most strongly correlated with the 𝑅ଶ gain – suggesting 
that regional pharmacies with lower average workload may be particularly effective in 
raising health awareness, thereby increasing internet interest in diseases. 

While it is not as significant an outlier than Pest or Western Transdanubia, 
Northern Hungary exhibits a larger 𝑅ଶ gain than the healthcare and demographic 
variables in Figure 1 would suggest. This outlier behaviour can be attributed to the 
region having the country’s highest age-standardised mortality and lowest life 
expectancy. Moreover, given that it has some of the worst figures for the number of 
people per pharmacy and doctors per 10,000 people, it can be inferred that the region 
has a population with generally poor health and low healthcare efficiency. This may 
drive individuals to rely more on the internet for health information. 

Discussion and conclusions  

Overall, the findings presented in Tables 3 and 4, along with Figure 1 and Figure A2 
in Appendix, suggest that internet search data can effectively forecast infection 
numbers in regions where health awareness is prevalent and reflected in internet 
search behaviours. The four variables that are strongly correlated with the 𝑅ଶ gain of 
the VAR models underscore the importance of health awareness in enabling internet-
based epidemic forecasting. 

The strong correlation between the R² gain, the internet search index, and the 
number of people per pharmacy aligns with the literature, which highlights the crucial 
role of pharmacies in raising health awareness (Agomo–Ogunleye 2014, 
Hermawatiningsih et al. 2024, Eastwood et al. 2022, Agomo et al. 2018). A lower 
workload (fewer people per pharmacy) allows pharmacies to fulfil this role more 
effectively. 

While it may seem counterintuitive, a higher incidence of diabetes can indicate an 
effective healthcare system. Adequate healthcare resources facilitate the early 
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detection of diseases such as diabetes, as supported by multiple studies (Howard et 
al. 2010, Heuclin et al. 2009). This perspective is reinforced by the case of Northern 
Hungary, which has the lowest proportion of diagnosed diabetics despite its low 
socio-economic indicators. The literature suggests that this discrepancy may result 
from underdetection due to the region’s limited number of medical professionals. 

Additionally, managing diabetes requires active patient and environmental 
engagement (American Diabetes Association 2003, Nathan 2015), which likely 
translates into higher internet search volumes for health-related topics. Therefore, 
regions with a high proportion of diagnosed diabetics often demonstrate greater 
health awareness, contributing to the effective use of internet searches for subjects 
such as the coronavirus. 

In conclusion, regions where internet searches effectively predict new Covid-19 
cases tend to be characterised by high health awareness, supported by an effective 
healthcare system and an older population together with a significant proportion of 
people with reduced working capacity. In such populations, existing health issues and 
accessible healthcare encourage internet searches for information on emerging 
diseases like Covid-19, making these searches a reliable predictor. 

However, Northern Hungary presents an exception, where internet searches 
remain an effective predictor despite inadequate healthcare infrastructure and high 
age-standardised mortality. This suggests that, in the serious absence of a robust 
healthcare system, the region’s population turns to the internet as a crucial alternative 
source of health-related information, compensating for the lack of reliable medical 
guidance. 

These findings represent a novelty compared to the literature summarized in 
chapter Literature review, as those studies either did not examine the effectiveness of 
internet search-based epidemic forecasting in countries with lower socio-economic 
status (Saegner–Austys 2022) or only investigated the performance of internet search 
data in infection forecasting without exploring its correlation with socio-economic 
variables (Fantazzini 2020, Ben et al. 2022). Moreover, the studies reviewed that 
investigated intra-country heterogeneity typically employed static, contemporaneous 
correlation analyses rather than time series methods (Mavragani–Gkillas 2020, 
Rovetta 2021). 

Naturally, all these conclusions should be interpreted with notable limitations, as 
the raw number of new coronavirus infections and the internet search volumes of 
coronavirus-related terms needed to be aggregated on a weekly and NUTS 2 level to 
fit time series models. On the one hand, this approach aligns with the international 
literature using Google Trends data in epidemic forecasting on a cross-country level, 
demonstrating in which sub-country regions these methods can be effective (in terms 
of out-of-sample 𝑅ଶ). On the other hand, these simple aggregations lead to a loss of 
within-weekly and within-NUTS 2 level variance in the data. This may explain why 
the Google-augmented VAR models perform poorly in some regions compared to 
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the SIR model in out-of-sample forecasting. Ghysels et al. (2016) and Yang et al. 
(2023) proposed that mixed-frequency models could address this issue, presenting a 
fascinating new avenue for research in sub-country level epidemic forecasting using 
internet search data. 

Furthermore, our study focuses only on the eight Hungarian regions. Therefore, the 
correlations identified should not be generalised to other countries, as they are 
descriptive of the Hungarian context. Increasing the number of observations could be 
achieved by constructing VAR models at the county or district level rather than at the 
NUTS 2 regional level. However, our time series data (Google search volumes and 
weekly new coronavirus case numbers) already contain multiple contiguous periods 
with zero values, even at the county level, creating numerical parameter estimation 
issues. Consequently, the level of geographical aggregation cannot be reduced. 
A promising avenue for expanding the number of observations in correlation analysis 
would be to develop VAR models for all European NUTS 2 regions. 
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Appendix 
Figure A1 

Google Trends search volumes for our keywords in each Hungarian region 
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(Continued.) 
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(Continued.) 
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(Continued.) 
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Figure A2  
Regional distribution of 𝑹𝟐 gain for VAR models*  

Regional distribution of Google gain 

 
Regional distribution of  

pharmacy workload    the length of hospital care 

 
diabetic cases     the doctors 

 
* As well as the number of people per pharmacy, average length of hospital care and the number of doctors and 

diabetics per ten thousand people in Hungary. 
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Table A1 
Tests of stationarity for each Hungarian region 

Variable 
Levels First differences 

ADF p-value KPSS p-value variable ADF p-value 

 Pest county 
Cases 0.590 <0.01 0.388 >0.1 
Medicine 0.052 >0.1 <0.01 >0.1 
News 0.093 <0.01 <0.01 >0.1 
Incubation 0.021 >0.1 <0.01 >0.1 
Test 0.022 >0.1 <0.01 >0.1 
Symptom 0.093 0.088 <0.01 >0.1 
Delta 0.756 0.040 <0.01 >0.1 
PCR 0.020 0.046 <0.01 >0.1 
Post 0.025 >0.1 <0.01 >0.1 
 Southern Great Plain  
Cases 0.706 <0.01 0.399 >0.1 
Medicine 0.097 >0.1 <0.01 >0.1 
News <0.01 <0.01 <0.01 >0.1 
Incubation <0.01 >0.1 <0.01 >0.1 
Test 0.093 0.054 <0.01 >0.1 
Symptom 0.344 >0.1 <0.01 >0.1 
Delta 0.083 0.055 <0.01 >0.1 
PCR <0.01 <0.01 <0.01 >0.1 
Post 0.204 >0.1 <0.01 >0.1 

 Southern Transdanubia 
Cases 0.664 <0.01 0.529 >0.1 
Medicine 0.334 >0.1 <0.01 >0.1 
News 0.414 0.012 <0.01 >0.1 
Incubation <0.01 >0.1 <0.01 >0.1 
Test 0.096 >0.1 <0.01 >0.1 
Symptom 0.056 0.045 <0.01 >0.1 
Delta 0.261 >0.1 <0.01 >0.1 
PCR 0.025 0.027 <0.01 >0.1 
Post <0.01 >0.1 <0.01 >0.1 
 Western Transdanubia  
Cases 0.670 <0.01 0.493 >0.1 
Medicine 0.233 >0.1 <0.01 >0.1 
News 0.367 0.033 <0.01 >0.1 
Incubation 0.017 >0.1 <0.01 >0.1 
Test 0.050 >0.1 <0.01 >0.1 
Symptom 0.090 0.074 <0.01 >0.1 
Delta 0.231 >0.1 <0.01 >0.1 
PCR 0.028 >0.1 <0.01 >0.1 
Post 0.016 >0.1 <0.01 >0.1 

  (Table continues on the next page.) 
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(Continued.) 

Variable 
Levels First differences 

ADF p-value KPSS p-value variable ADF p-value 
 North Great Plain 
Cases 0.750 <0.01 0.465 >0.1 
Medicine <0.01 >0.1 <0.01 >0.1 
News 0.190 <0.01 <0.01 >0.1 
Incubation 0.084 >0.1 <0.01 >0.1 
Test 0.160 0.047 <0.01 >0.1 
Symptom 0.130 >0.1 <0.01 >0.1 
Delta 0.517 <0.01 <0.01 >0.1 
PCR 0.324 <0.01 <0.01 >0.1 
Post <0.01 >0.1 <0.01 >0.1 
 North Hungary 
Cases 0.672 <0.01 0.426 >0.1 
Medicine 0.091 >0.1 <0.01 >0.1 
News 0.338 0.013 <0.01 >0.1 
Incubation 0.392 >0.1 <0.01 >0.1 
Test 0.132 >0.1 <0.01 >0.1 
Symptom 0.165 0.093 <0.01 >0.1 
Delta 0.052 >0.1 <0.01 >0.1 
PCR 0.104 <0.01 <0.01 >0.1 
Post <0.01 0.040 <0.01 >0.1 
 Central Transdanubia 
Cases 0.588 <0.01 0.489 >0.1 
Medicine 0.018 >0.1 <0.01 >0.1 
News 0.358 <0.01 <0.01 >0.1 
Incubation 0.024 >0.1 <0.01 >0.1 
Test 0.069 >0.1 <0.01 >0.1 
Symptom 0.031 0.079 <0.01 >0.1 
Delta 0.486 <0.01 <0.01 >0.1 
PCR 0.184 0.062 <0.01 >0.1 
Post 0.172 0.026 <0.01 >0.1 
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