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Abstract: COVID-19 rapidly spread across the world in an unprecedented outbreak with a massive number 
of infected and fatalities. The pandemic was heavily discussed and searched on the internet, which generated 
big amounts of data related to it. This led to the possibility of attempting to forecast coronavirus indicators 
using the internet data. For this study, Google Trends statistics for 124 selected search terms related to 
pandemic were used in an attempt to find which keywords had the best Spearman correlations with a lag, as 
well as a forecasting model. It was found that keywords related to coronavirus testing among some others, 
such as “I have contracted covid”, had high correlations (≥0.7) with few weeks of lag (≤4 weeks). Besides 

that, the ARIMAX model using those keywords had promising results in predicting the increase or decrease 
of epidemiological indicators, although it was not able to predict their exact values. Thus, we found that 
Google Trends data may be useful for predicting outbreaks of coronavirus a few weeks before they happen, 
and may be used as an auxiliary tool in monitoring and forecasting the disease in Brazil. 

Keywords: Google Trends; infodemiology; epidemiological predictions; digital health. 

INTRODUCTION 

COVID-19 was first identified in December 2019 in Wuhan, China, quickly spreading to the rest of the 
world in the following months [4, 24]. In Brazil, the first case of this contagious disease was reported on the 
26th of February, 2020 [23]. A month later there were already as many as 2,915 confirmed cases and 77 
deaths. As of the 18th of July 2021, the numbers grew much higher, to a total of 19,376,574 cases and 
542,214 deaths in the country [21]. Considering the fast growth of the disease in this part of the world, it is 
crucial to explore possible methods that might aid the prediction of the epidemic, in order to allow for better 
preparation to handle it. 

Web applications, such as online social networks and search engines, have become viable tools for the 
massive acquisition of data and the use of methods for monitoring and predicting events [1,2]. Several studies 
have shown that it is possible to provide information on the epidemiological evolution of certain diseases 
using these data, acting in a complementary way to traditional epidemiological surveillance [3]. 

The rapid spread of COVID-19 [4], coupled with the significant growth of the internet and social network 
usage [5], gave the epidemic the distinction of being heavily discussed and searched for on this medium [6], 
which in turn resulted in the generation of big amounts of data related to the disease. 

One of the platforms that have such relevant information is Google Search, as it is the most used and 
most relevant search engine in Brazil, with 97,06% of the total search engine market share as of June 2021 
[7]. As it has been shown that relative search volumes of COVID-19 related search terms can be used to 
predict epidemiological data in other countries [8,9], it is pertinent to analyze these statistics for Brazil to study 
the potential uses of search data for epidemiological prediction in the country.  

The aim of this study is to evaluate the temporal correlation between searches for certain terms on 
Google Search and variations in the epidemiological indicators of COVID-19 in Brazil. In addition to 
contributing to a better understanding of the web search behavior of the Brazilian population, this work aims 
to analyze the feasibility of using data obtained from the web to forecast peak cases and deaths in a given 
region, motivating a better allocation of resources during the pandemic. 

 

 

 

 

HIGHLIGHTS 
 

• Google Trends data could be useful for predicting COVID-19. 

• High correlations (>=0.7) were found between keywords and indications when using a lag. 

• ARIMAX model could help predict COVID-19 cases and deaths per week. 

https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=2ahUKEwjY_IyMpJjfAhXBqZAKHdazDawQFjAAegQIAxAC&url=http%3A%2F%2Fwww.scielo.br%2Fbabt&usg=AOvVaw08BojU0LuZNEI4C434jTD4
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MATERIAL AND METHODS  

Data 

Web search data 

Data related to web searches were collected using the Google Trends tool (https://trends.google.com), 
which provides information on the volume of searches for certain terms in different regions and time periods. 
124 pre-selected search terms were considered, all of them related to various topics pertinent to COVID-19, 
including symptoms, testing, means of prevention, vaccines, and medications. 

Google Trends does not provide absolute search numbers; it provides a measure from 0 to 100 that 
denotes the interest on a given keyword over time [10]. A score of 100 means peak popularity for the search 
term on a given timeframe, while other scores are in relation to this peak, meaning a measurement of X is 
X% as popular. If a keyword has a score of 0, it means that there was not enough data. 

Epidemiological data 

The epidemiological indicators evaluated here were the numbers of new cases and new deaths per week 
in Brazil. Since the data from the epidemiological indicators were in a very different scale when compared to 
the Google Trends data, for the sake of consistency they were normalized to a range from 0 to 100, where 
100 denotes the peak for that indicator. This was done by dividing the values of each measurement by its 
maximum value during the period analyzed and then multiplying by 100. For this study, the data pertains to 
the weeks from February 23, 2020 to May 8, 2021. Searching these data for different time frames may yield 
different results due to the nature of Google Trends data. 

Correlation 
We decided to use a correlation-based method to find the search terms that best predict the tendency of 

growth of COVID-19 in Brazil. For this, for each keyword, there was an attempt to find the number of weeks 
of lag between itself and the official indicators that yielded the highest correlation. For most keywords that 
reached a high correlation, the lag used was lower than a month, with a median of 2 weeks, which suggested 
a real possibility of predicting future COVID-19 related data by using Google Trends data [8]. 

We used the Spearman correlation method, as Pearson correlation only identifies linear relationships 
between data, which does not always happen in the real world. Spearman correlation can be used to measure 
any monotonic relationship between two variables, assigning different rank values for each [11]. It is 
calculated as the Pearson correlation between the rank values of the two variables: 

𝑟𝑠 =
𝑐𝑜𝑣(𝑟𝑔𝑋,𝑟𝑔𝑌)

𝜎𝑟𝑔𝑋𝜎𝑟𝑔𝑌
,       (1) 

where ρ denotes the usual Pearson correlation coefficient, but applied to the rank variables, Cov(rgx, rgy) is 
the covariance of the rank variables, σ rgx and σ rgy are the standard deviations of the rank variables. Its 
results range from -1 to 1, where a score with absolute value greater or equal to 0.7 is considered high. For 
the predictions, only positive highly correlated keywords were used in order to simplify the analysis and also 
because just one negative correlation was found. 

Forecast and prediction 
Given such a relationship, we also tested forecasting models, taking into account the lags 

aforementioned, in an attempt to find which ones could best be used for Google Trends data. The models 
tested were linear regression and ARIMA/ARIMAX. These models have been used in conjunction with Google 
Trends data in other studies [11-14]. Polynomial regression was also attempted but to no avail. 

While the linear regression does not take the time factor into account, the ARIMA and ARIMAX 
regression do. The ARIMA model predicts time series by using: AR (auto-regressive), I (integrated), MA 
(moving-averages) [15]. These translate to the parameters (p,d,q) of the model. ARIMAX introduces 
explanatory variables, which have been shown to work with Google Trends for the prediction of other 
diseases, such as Zika [16]. The (p,d,q) parameters were found using the pmdarima auto_arima function for 
both models. 

The metrics used to evaluate the performance of the models were Root Mean Squared Error (RMSE) 
and Mean Absolute Error (MAE). 

https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=2ahUKEwjY_IyMpJjfAhXBqZAKHdazDawQFjAAegQIAxAC&url=http%3A%2F%2Fwww.scielo.br%2Fbabt&usg=AOvVaw08BojU0LuZNEI4C434jTD4
https://trends.google.com/
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RESULTS 

Lag correlations 
The correlation calculations between the time series related to Google searches and the selected 

epidemiological indicators allowed us to identify which search terms are most related to the epidemiological 
data. We observed that, in some cases, the web search behavior predicts the temporal progression of the 
COVID-19 indicators: this is the case, for example, of the terms “taste and smell” and “covid symptoms”, 
whose peaks and valleys occur a few weeks before the peaks and valleys of new cases of COVID-19. This 
behavior, however, does not occur for all search terms related to symptoms, as evidenced by the term 
“tiredness”, which has a low correlation with the variation of indicators over the weeks. This demonstrates 
that the method employed has the potential to make predictions of the disease's behavior, but only if certain 
search terms are selected. Table 1 and Table 2 provide the lag correlation data of the keywords with the 
highest values, excluding those which are very similar, for the sake of variety, for example, as “pcr” was 
already in the table, “covid pcr“ was not shown. As it can be seen in Table 1 and Table 2, some terms have 
an extremely high correlation with the epidemiological indicators with the appropriate lag: for example, “I have 
contracted covid” with a correlation of 0.9 and “lockdown decree” with 0.86 in relation, respectively, to the 
new cases and new deaths per week. 

Table 1. Lag correlation between Google Trends search terms and new cases per week. Values in bold are the ones of 
the optimal lag for the search term. 

Weeks earlier I have contracted 
covid pcr I have covid covid 

examination swab test 

0 0.869 0.830 0.850 0.764 0.806 
1 0.893 0.852 0.868 0.809 0.830 
2 0.906 0.875 0.871 0.838 0.808 
3 0.889 0.865 0.863 0.825 0.787 
4 0.866 0.824 0.830 0.807 0.778 
5 0.839 0.800 0.824 0.769 0.737 

 

Table 2. Lag correlation between Google Trends search terms and new deaths per week. Values in bold are the ones 
of the optimal lag for the search term. 

Weeks earlier lockdown 
decree covid I have covid oximeter covid test 

0 0.744 0.688 0.750 0.608 0.642 
1 0.814 0.747 0.786 0.687 0.698 
2 0.843 0.789 0.803 0.738 0.743 
3 0.860 0.810 0.823 0.788 0.767 
4 0.847 0.829 0.816 0.806 0.760 
5 0.813 0.819 0.791 0.788 0.734 

 
The high correlations found suggest the possibility of using Google Trends data to attempt to predict 

epidemiological indicators. In fact, the curves observed for many of the keywords with a correlation greater 
than 0.7 and an optimal lag of at most a month are very similar to the indicators, as it can be seen in Figure 
1 and Figure 2. An interesting result was that most highly correlated search terms, such as “pcr“, “covid test”, 

“oximeter” and “igg reagent” were related to methods of testing for the presence of the coronavirus in an 
individual. 

https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=2ahUKEwjY_IyMpJjfAhXBqZAKHdazDawQFjAAegQIAxAC&url=http%3A%2F%2Fwww.scielo.br%2Fbabt&usg=AOvVaw08BojU0LuZNEI4C434jTD4
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Figure 1. Keywords highly correlated to new cases per week in blue, new cases per week in orange. The x axis 
represents time in weeks, while the y axis represents % of popularity of the search term in relation to the peak.  

https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=2ahUKEwjY_IyMpJjfAhXBqZAKHdazDawQFjAAegQIAxAC&url=http%3A%2F%2Fwww.scielo.br%2Fbabt&usg=AOvVaw08BojU0LuZNEI4C434jTD4
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Figure 2. Keywords highly correlated to new deaths per week in blue, new deaths per week in orange. The x axis 
represents time in weeks, while the y axis represents % of popularity in relation to the peak. 

Regressions 

Evaluation metrics 
As mentioned before, linear regressions, as well as ARIMA/ARIMAX models were used to attempt to 

predict official data by using GT. The evaluation metric of choice were the root mean squared error (RMSE), 
as well as the Mean Absolute Error (MAE) calculated as follows: 

𝑅𝑀𝑆𝐸 = √∑𝑛
𝑖=1

(𝑦�̂�−𝑦𝑖)
2

𝑛
,      (2) 

https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=2ahUKEwjY_IyMpJjfAhXBqZAKHdazDawQFjAAegQIAxAC&url=http%3A%2F%2Fwww.scielo.br%2Fbabt&usg=AOvVaw08BojU0LuZNEI4C434jTD4
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𝑀𝐴𝐸 =
1

𝑛
∑𝑛
𝑖=1 |𝑌𝑖 − 𝑌�̂�|,      (3) 

where 𝑌�̂� is the prediction and 𝑌𝑖 the true value. These metrics were chosen as both have been shown to be 
unambiguous and very useful when assessing models [17,18]. A split of 70% train and 30% test was used 
for the predictions. 

Comparing regressions 

For the linear regression, a 5-fold cross validation was used to evaluate the model, obtaining a mean 
RMSE of approximately 12.1 and 8, and a mean MAE of 10.4 and 6.1, for the prediction of new cases and 
new deaths, respectively, across the folds, which is a significant error, considering the values range from 0 
to 100. 

As the ARIMA model uses no explanatory variables, it is suitable for univariate datasets. The usage of 
this model was to evaluate whether or not the data is independent of other variables. The root squared errors 
and mean absolute errors were slightly better than the linear regression, with RMSE of 6.14 and 3.7, and 
MAE of 4.4 and 2, for the prediction of new cases and new deaths, respectively. Though, as can be seen in 
Figure 3 and Figure 4, the forecast was atrocious, which rules out the possibility of predicting the indicator by 
using only its past values. 

The ARIMAX model, using the keywords from GT, had great results. It had RMSE of 5.28 and 1.8 and 
MAE of 3.5 and 1.5, for the prediction of new cases and new deaths, respectively.  

Figure 3 and Table 4 summarize the performance of the forecast for the models, while Table 3 shows 
the training errors. 

 

 

(a) 
 

(b) 

 
Figure 3. Comparison of the forecast models (% in relation to peak value X date). (a) Forecast of new cases per week; 
(b) Forecast of new deaths per week. 

Table 3. Model errors (training) 

Model RMSE 
(new cases) 

RMSE 
(new deaths) 

MAE 
(new cases) 

MAE 
(new deaths) 

Linear Regression 12.15 8.06 10.49 6.14 
ARIMA 6.14 3.74 4.42 2.03 

ARIMAX 5.28 1.82 3.58 1.52 

 

Table 4. Model errors (forecast) 

Model RMSE 
(new cases) 

RMSE 
(new deaths) 

MAE 
(new cases) 

MAE 
(new deaths) 

Linear Regression 29.31 29.89 25.31 24.50 

ARIMA 32.72 46.30 30.28 38.6 

ARIMAX 25.31 27.48 24.24 22.59 

 

https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=2ahUKEwjY_IyMpJjfAhXBqZAKHdazDawQFjAAegQIAxAC&url=http%3A%2F%2Fwww.scielo.br%2Fbabt&usg=AOvVaw08BojU0LuZNEI4C434jTD4
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DISCUSSION 

In the last few years, internet data has been increasingly useful for predicting real disease outbreaks 
around the world [9,19,20]. This is related to the fact that it has been observed that people who contract a 
disease are prone to search for their symptoms, or their illness, on the internet, before going to a healthcare 
facility[19]. Thus, in the case of Google Trends, the number of people searching for a coronavirus related 
keyword should increase before the official indicators do, especially for the search terms with high lag 
correlations. 

Previous studies had found coronavirus and pneumonia as keywords with great correlation to the official 
indicators in India and China respectively [8,20]. In Brazil, the terms found by the analysis were mostly related 
to testing for COVID-19, with keywords such as “covid test”, “oximeter”, “igg reagent”, “swab test”, among 

others. This could suggest that people who contracted covid, start looking for ways to get tested. Some 
keywords similar to the ones found in previous studies were also identified with high correlations, such as 
“coronavirus symptoms“ and “I have contracted covid”. As the majority of optimal lags found are of 2 or 3 

weeks, it opens the possibility to predict the increase and decrease of cases and deaths up to 21 days before 
it happens. It is also interesting to note that while most optimal lags in relation to new cases are of 1 or 2 
weeks, most for new deaths are of 3 weeks, which is reasonable, as a person has to acquire a disease before 
passing away because of it. 

As for the forecasts, the ARIMAX model had the best results overall, with much better predictions for 
new cases per week in relation to the other models. Linear regression was able to capture the general 
tendencies of the new deaths per week, but failed for the other indicator, while ARIMA could not predict either 
of them. Besides that, even the predictions for the best performing model had significant errors, and, thus, 
the value predicted has been shown to not be reflective of reality. What the ARIMAX model did succeed in 
was following the general trend of the curve, showing an increase when the official indicator is higher than 
its previous value and showing a decrease if the opposite happens, for most weeks. 

It is important to note that, while Google Trends is useful for predicting real world occurrences, it should 
not replace traditional methods for predicting the spread of pandemics, but, rather, be used alongside it. 
Lastly, despite high correlations, GT data is susceptible to false alerts in case of an unusual event such as a 
drug recall for a popular cold or flu remedy [22]. 

For future studies, other models of forecasting could be attempted, such as those based on neural 
networks. Also, other internet data could also be used to make the system sturdier, such as Youtube, Twitter, 
and Facebook data. Lastly, the analysis could be done for each federative unit of Brazil individually, in an 
attempt to get more accurate results, as search engine results may vary depending on geographical location. 

CONCLUSION 
In a pandemic context, greater agility in providing information to public health institutions allows better 

allocation of resources, enhancing the capacity to contain the disease and resulting in a lower number of 
deaths. Given that, among the search terms evaluated in this study, some showed a high correlation with the 
selected epidemiological indicators, it demonstrates the potential of this method to analyze the space-time 
evolution of COVID-19 in Brazil and, eventually, to make epidemiological predictions with some days or even 
weeks in advance.  

Though the predictions explored in this article should still only be used as a supplementary tool, the high 
lag correlations shown by some search terms, especially those related to coronavirus testing, as well as the 
forecasting model, can be further explored for the prediction of coronavirus official indicators in Brazil, such 
as new cases per week and new deaths per week. 

Funding: This research was funded by the Brazilian National Council for Scientific and Technological Development 
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Cyber, and Atmosphere. 
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Post Scriptum 

The following terms words were investigated in Portuguese: 

Bed occupancy rate: taxa de ocupação de leitos 

Covid examination: exame covid 

Covid fast test: teste rápido covid 

Covid symptoms: sintomas do covid 

Covid test: teste covid 

Fingertip oximeter: oximetro de dedo 

Igg reagente: reagente igg 

I have contracted covid: peguei covid 

I have covid: estou com covid 

Lockdown decree: decreto lockdown 

Oximeter: oximetro 

Pcr covid test: pcr exame covid 

Swab test: exame cotonete 

Take ivermectint: tomar ivermectina 

Taste and smell: paladar e olfato 

Tiredness: cansaço 
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