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Abstract 
 

Information epidemiology (infodemiology) approaches are increasingly employed in 

exploring online behavior and in predicting/forecasting diseases/epidemics, providing real 

time information and the revealed instead of the stated users’ interests/preferences that are 

not otherwise accessible, thus tackling issues of traditional data collection and monitoring.  

This Thesis examines how users’ Google behavior towards health topics can be 

useful in public health epidemiology and surveillance. Studying the state of the art in 2017, 

gaps identified included an up-to-date systematic review, a methodology framework for 

rigorous data collection and reporting, as well as limited number of approaches in 

predictions/forecastings and several public health topics that had not been studied before.  

To fill the gaps and advance the topic, this Thesis, consisting of 8 interconnected 

papers, includes: a systematic review of Google Trends in health/medicine categorized by 

methodology approaches; a methodology framework for rigorous data collection and 

reporting; six research papers in public health topics, namely COVID-19, STIs, Measles, 

and asthma, employing basic statistical tools to explore associations, predictability, and 

forecastings. Several factors limiting the applicability of this approach were also identified 

and discussed, e.g., lack of small interval health data, misspellings, sudden events. 

The collective results could have significant implications for effective policy 

making, suggesting how multidisciplinary approaches in public health epidemiology and 

surveillance could make full use of the information and web tools that are available. The 

latter was especially evident during the COVID-19 pandemic -with open access to real time 

data- when such approaches were employed for epidemiology and surveillance. During 

chaotic conditions like in pandemics/epidemics, when policy makers are required to make 

fast and important decisions, it is vital to proceed with a statistical understanding of Google 

Trends time series and the users’ behavior in accordance with its real determinants, 

combining medical and non-medical parameters from a variety of research fields, that also 

take into account the public’s awareness and online behavior towards the explored topics. 
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1. Information epidemiology and surveillance 
 

 

Infodemiology, i.e., information epidemiology, is defined as “the science of distribution 

and determinants of information in an electronic medium, specifically the Internet, or in a 

population, with the ultimate aim to inform public health and public policy” [1]. The first 

official mention of the term infodemiology according to PubMed, i.e., baring the term on 

the title of the article, was by Gunther Eysenbach in 2002 in the American Journal of 

Preventive Medicine [2]. However, infodemiology studies, i.e., assessment of health-related 

topics using Web-based data [3], can be traced back to 1996, while also two more studies 

in the mid ‘00s use the term (PubMed); one in 2004 where the quality of hospitals’ websites 

was assessed [4], and one in 2006 showing that flu data from Google correlated with 

influenza cases [5]. 

Infodemiology approaches include nowcasting epidemics and outbreaks, 

surveillance of infectious diseases, and assessment of chronic conditions. Social media and 

search queries are the most popular sources for retrieving information from Web-based 

sources. The use of social media is constantly expanding [7], including more features and 

users, while search query data are of significant value, as they take into account the revealed 

and not the stated preferences [8-9], though methodology should be designed with caution 

to ensure the validity of the results [10]. 

How can the Internet assist in providing accurate as well as real-time assessment of 

health issues? According to infodemiology, Internet data can be used to inform public 

health and policy by monitoring the public’s online behavior towards diseases, selecting 

the relevant available information, as well as exploring how the public reacts to health 

marketing campaigns. Popular social media data sources in infodemiology include Twitter 

[11-17], Facebook [18-22], Instagram [23-24], while queries from search engines are 

mostly retrieved by Google Trends [25-32], as well as Yandex [33-35], Baidu [36-37], Bing 

[38], Yahoo [39], and Daum [40-41]. Other popular sources include websites and platforms 

[42-45], blogs, forums, and online communities [46-52], while, what has also received 

attention lately, is mobile apps of certain health categories, e.g., asthma [53] and heart 

failure self-care management [54]. Several studies have combined two or more sources, as, 

for example, Facebook and Instagram [55], Facebook and Twitter posts [56], US newspaper 

media and Facebook [57], and Google and Wikipedia [58]. 
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Internet (real-time) data have been shown to contribute to the analysis and 

prediction of diseases’ outbreaks and epidemics. In particular, one of the most studied 

topics is that of influenza, where several data sources have been employed to predict and 

assess flu related topics [39-40, 59-76]. Epidemics and infectious diseases that have been 

analyzed and assessed using infodemiology and infoveillance approaches include 

HIV/AIDS [77-79], measles [80-83], and the Zika virus [84-87].  

Infodemiology topics have also been the subject of research for several reviews such 

as in curable sexually transmitted diseases [88] and mental health disorders [89], and for 

individual data sources, like for search queries and social media [6], mobile phone apps 

[90], Twitter [91], and Google Trends [92]. Such analyses of several health topics and 

diseases cover a wide range, including conditions/diseases, epidemics/outbreaks, drugs, 

mental health, infectious diseases, and cancer.  

Popular categories include drugs [39, 93-94] and cannabis/marijuana [95-97], 

depression/suicide [98-108], as well as smoking/tobacco [109-116], e-cigarette [117-126], 

and Hookah [127-130]. As far as chronic diseases are concerned, infodemiology and 

infoveillance studies have been useful in the assessment of diabetes [131-136] and multiple 

sclerosis [137-138], while other topics include breast cancer [139-142], fitness and diet 

[143-146], health care performance, evaluation and dissemination [147-148], and HPV 

[149-154]. 

Table 1 features an indicative list of health topics and subtopics that have been 

explored in the fields of infodemiology and infoveillance, and Table 2 consists of selected 

publications indicating popular data sources, i.e., Google, Twitter, Facebook (FB), 

Instagram (Insta), Other Social Media (Social), Blogs-Forums-Communities (Blogs), and 

Websites/Platforms (Websites). 

Google and Twitter are very popular sources, with Twitter’s advantage being that it 

can be also used for qualitative analysis, since it is an outlet for official reports and news 

(e.g., governmental, politicians, celebrities etc.). However, Twitter is not used by all 

Internet users (profiles, tweets, retweets etc.), contrary to search traffic data, as almost all 

users employ search engines. Furthermore, there is a significant rise in publications using 

data from other social media, e.g., Facebook and Instagram, indicative of the younger 

Internet users’ preferences in social media. Researchers in this field should closely follow 

any future shift in the trends of use of Internet sources.  
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Table 1. Indicative topics in infodemiology and infoveillance 

Category Topics References 

Cancer 

Breast Cancer 139-142 

Skin Cancer 27 

Lung Cancer 155 

Conditions/Diseases 

Diabetes 131-136 

Multiple Sclerosis 137-138, 156 

Epilepsy 157-158 

Drugs 

Drug Abuse/Misuse 23, 93-94, 159-160 

Cannabis/Marijuana 95-97 

Adverse Drug Reactions 77, 161-162 

Illicit Drugs 33, 163 

Pharmaceutical Drugs 68, 164 

Epidemics/Outbreaks 

Influenza 39-40, 59-76 

Zika 84-87 

Measles 80-83 

Dengue  165-166 

H1N1 67, 167 

H7N9 65, 72 

Norovirus 168 

Infectious Diseases 

HIV/AIDS 77-79 

HPV 149-154 

STDs 30, 169-170 

Mental Health 

Depression 98-103 

Suicide 104-108 

Schizophrenia 13, 18, 171 

Stress 172-174 

Miscellaneous 

Radiation 175-176 

Obamacare 177-178 

Abortion 38 

Sudden Infant Death Syndrome 179 

Perinatal Deaths 180 

Fitness and Diet 143-146 

Physical Activity 181-183 

Smoking 

Smoking/Tobacco 109-116 

Electronic Cigarette/Vaping 117-126 

Hookah 127-130 
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Table 2. Selected infodemiology and infoveillance studies categorized by data source 

 Authors Google Twitter FB Insta Social Blogs Websites 

1 

 
Abbe & Falissard [46]      ✔  

2 Abdellaoui et al. [48]      ✔  

3 Adawi et al. [184] ✔       

4 Allem et al. [118]    ✔    

5 Anderson et al. [185]      ✔  

6 Balls-Berry et al. [186]  ✔ ✔  ✔   

7 Baltrusaitis et al. [63]       ✔ 

8 Berlinberg et al. [29] ✔       

9 Bousquet et al. [187]      ✔ ✔ 

10 Carrotte et al. [188] ✔ ✔  ✔ ✔   

12 Cherian et al. [160]    ✔    

13 Colditz et al. [189]  ✔      

14 Edney et al. [144]  ✔ ✔ ✔    

15 García-Díaz et al. [190]  ✔      

16 Genes et al. [191]  ✔      

17 Gianfredi et al. [192] ✔       

18 Hendriks et al. [55]   ✔ ✔    

19 Huesch et al. [141]   ✔     

20 Jones et al. [142]      ✔  

21 Jung et al. [193]       ✔ 

22 Kaminski et al. [194]        

23 Kandula et al. [69] ✔       

24 Konheim-Kalkstein et al. [52]      ✔  

25 Kurzinger et al. [195]      ✔  

26 Madden et al. [145] ✔       

27 Madden et al. [196] ✔       

28 Martinez-Millana et al. [197] ✔ ✔ ✔  ✔   

29 Martins-Filho et al. [198] ✔       

30 Matsuda et al. [199]      ✔  

31 Mejova et al. [22]   ✔     

32 Mowery et al. [200]  ✔      

33 Mukhija et al. [201] ✔       

34 Muralidhara & Paul [24]    ✔    

35 Noll-Hussong [202] ✔       

36 Odlum et al. [14]  ✔      

37 Oser et al. [133]      ✔  

38 Park & Hong [203]       ✔ 

39 Phillips et al. [25] ✔       

40 Rabarison et al. [204]  ✔      

41 Radin & Sciascia [26] ✔       

42 Ricard et al. [98]    ✔   ✔ 

43 Roccetti et al. [56]   ✔     

44 Samaras et al. [75] ✔       

45 Sanz-Lorente et al. [88]  ✔ ✔ ✔ ✔   

48 Seidl et al. [27] ✔       

49 Shi & Salmon [205]     ✔   

50 Sinnenberg et al. [134]  ✔      

51 Staal et al. [116]       ✔ 

52 Tafti et al. [206]      ✔ ✔ 

53 Tana et al. [100] ✔       

54 Tougas et al. [207]  ✔ ✔ ✔    

55 Vasconcellos-Silva et al. [140] ✔       

57 Vickey & Breslin [143]  ✔      

58 Winchester et al. [208] ✔ ✔   ✔   

59 Wood et al. [209] ✔       

60 Zhang et al. [129]    ✔    
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2. Aims and Motivation 
 

2.1. Google Trends in Infodemiology 

Internet data can provide a large amount of information that could not be accessed through 

traditional surveillance methods such as surveys and registries. New methods and 

approaches are constantly explored in order to take full advantage of online sources. As 

infodemiology data can be retrieved in real time and thus allow the nowcasting of the users’ 

search patterns and online behavior, the detection, monitoring, and prediction of epidemics 

and outbreaks can benefit from the analysis of Google queries, which is the topic of this 

thesis, i.e., using Google Trends data in infodemiology and infoveillance. 

Google Trends [210] is popular in addressing health issues and topics. It is an open 

online tool that mainly shows what was and is trending, providing both real-time and 

archived information on Google queries from 2004 onwards. Google Trends data have been 

employed to analyze the users’ behavior towards various health topics, seasonal diseases, 

and outbreaks, as well as forecast disease prevalence and epidemics. Google Trends main 

advantage is that it uses the revealed and not the stated users’ preferences [8-9], so we can 

obtain information that would be difficult or impossible to retrieve otherwise. In addition, 

as data are available in real time, it solves issues that arise with traditional, time-consuming, 

survey methods.  

2.2. Gaps in literature  

The first step towards implementing this Thesis, was studying the state of the art of the 

field. As identified by reviewing the existing literature, Google Trends, despite its 

limitations, was suggested to be a promising tool for the monitoring of the users’ search 

patterns and online behavior, with studies having explored methods of assessing 

seasonality, and also showing that Google query data correlate with official health data on 

several health topics. However, proceeding with the prediction/forecasting of diseases and 

outbreaks had not been assessed much.  

Up to 2017 when this Ph.D. started, the only systematic review in the literature in 

this topic was that of Nuti et al. [211], which considered publications published until 2013 

(in specific, January 3rd, 2014), and consisted of the systematic reporting of the existing 

publications and presenting the standard information for each selected article. As identified 

by Nuti et al. [211], the publications from 2009 to 2013 had increased seven-fold, indicating 
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the trend in Google Trends literature, and suggesting that the topic was promising in health 

informatics research. However, what the international literature lacked, was a review that, 

apart from recording the relevant publications and their basic information, also proceeded 

with an in-depth reporting of the approaches, methods, and tools used when employing 

Google Trends data in health research. The latter is the topic of the first publication of this 

Thesis, a systematic review entitled ‘Assessing the Methods, Tools, and Statistical 

Approaches in Google Trends Research: Systematic Review’ [A] and published in the 

Journal of Medical Internet Research.  

An important gap identified when reviewing the Google Trends literature was the 

lack of a uniform data collection and reporting methodology framework, which had resulted 

in differences and mistakes in the procedure of data selection and collection, like incorrect 

keyword selection, and appropriate region and period selection, which are crucial for a 

sound methodology basis. This gap was addressed in the second publication of this Thesis, 

entitled ‘Google Trends in Infodemiology and Infoveillance: Methodology Framework’ 

[B]. This paper, published in JMIR Public Health and Surveillance, consists of a concise 

overview of how Google Trends data are retrieved and adjusted along with the available 

features, followed by a step-by-step framework for the key data collection methodology 

points (keyword(s), region(s), period, and category) when using Google Trends data in 

infodemiology, where a sound data collection methodology is necessary and crucial for 

ensuring the validity of the results. 

Reviewing the literature also identified several gaps that existed in Google Trends 

research up to 2016. At first, the quantitative analysis of the selected articles in Google 

Trends showed that the forecasting of diseases and epidemics was still not assessed in many 

publications; in specific in only 9 out of 104 examined articles. Though official health data 

and online search traffic data correlate, the most important step towards health assessment 

using Google Trends is that of finding methods of predicting, forecasting, and nowcasting 

diseases’ prevalence, outbreaks, and epidemics. 

Furthermore, the Systematic Review paper [A] identified several ideas that could 

be further explored in order for the topic to be brought forward. For example, exploring the 

association of Google Trends time series with other Google Trends times series, how to use 

real time Google queries for monitoring outbreaks and epidemics, how to proceed with 

prediction/forecasting, and the limitations of Google Trends research based on data 

collection. 
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Towards these directions, six research papers have been published. Two of these 

papers considered data from EU (and UK) countries, while the rest (four) considered data 

from the US. The US, as identified in the Systematic review paper [A], is the most popular 

country in terms of publications in Google Trends health research. The reasons are 

threefold. First, USA has a very detailed regional breaking down of Google queries, 

meaning that the assessment by state is possible. Second, it is an English-speaking country. 

Third, the official governmental health organization, i.e., the Centers for Disease Control 

and Prevention (CDC), has a wide variety of freely accessible official health data.  

In the first research paper, entitled ‘Integrating Smart Health in the US Health Care 

System: Asthma Monitoring in the Google Era’ [C] and published in JMIR Public Health 

and Surveillance, an alternative method for monitoring asthma in the US using Google 

Trends data is proposed.  

The measles outbreak in Europe in 2017, provided an opportunity for exploring how 

to monitor the users’ online behavior towards the disease, and examine its relationship with 

the increase in measles cases, also exploring if the rise of the Anti-Vaccine Movement is 

associated with the decrease in immunization. It is entitled “The internet and the Anti 

Vaccine Movement” and is published in Big Data and Cognitive Computing [D].   

The next two research papers explore the relationships between Google Trends data 

and the prevalence of the infectious diseases included in CDC’s Atlas Plus: ‘Forecasting 

AIDS Prevalence in the United States using Online Search Traffic Data’ [E], and 

‘Infoveillance of Infectious Diseases in USA: STDs, Tuberculosis, and Hepatitis’ [F], both 

published in the Journal of Big Data. These two publications, following the same 

methodology, identify both successful cases of monitoring, as well as cases for which this 

specific methodology approach is not successful, along with factors that can generally 

affect the validity of the methods or the results. 

Finally, during the COVID-19 pandemic, it was essential to explore novel methods 

for early disease detection, taking advantage of the opportunity of having daily and openly 

available data. Two papers addressing the challenges of COVID-19 monitoring and 

predictability in Europe and the US, respectively, are included in this Thesis, namely 

‘Tracking COVID-19 in Europe: Infodemiology Approach’ that is published in JMIR Public 

Health and Surveillance [G], and ‘COVID-19 predictability in the United States using 

Google Trends time series’ that is published in Scientific Reports [H]. 
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2.3. Objectives  

The overarching aim of the research is to explore how users’ Google behavior towards 

health topics can be useful in public health epidemiology and surveillance, which can 

further build towards multidisciplinary approaches and policy making. 

In specific, the main aim of this Thesis is to fill in the gaps in the state of the art, 

and explore new topics, approaches, and limitations in this line of research, as detailed 

above. The measurable objectives of this Thesis include:  

 

1. Comprehensive state of the art and methods used up to that point -addressed in the 

Systematic Review paper [A] 

2. Methodology framework for rigorous data collection and reporting -addressed in the 

Methodology Paper [B]  

3. Exploring forecasting online behavior (as measured by Google queries) -addressed in 

the Asthma paper [C] 

4. Calculating or modelling associations between online search traffic data and official 

health data -addressed in the rest of the research papers [D], [E], [F], [G], and [H] 

5. Limitations and pitfalls in this line of research like lack of small interval health data, 

misspellings, sudden events -mainly addressed in [C], [D] and [F] 
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3. Main Findings 
 

 

As mentioned in the Aims and Motivation section, this Thesis consists of eight 

interconnected publications, forming a structured presentation of the topic, i.e., a systematic 

literature review paper, a methodology paper, and six research papers. Towards 

implementing this Ph.D. and considering the gaps identified when reviewing the literature 

in early 2017, the overall findings of this Thesis indicate that Google Trends data are 

valuable in assisting with the monitoring and forecasting of the online behavioral changes 

towards health topics.  

 In specific, this Thesis presents an up-to-date systematic review of the topic, along 

with in-depth reporting of the approaches employed in this line of research up to the end of 

2016, identifying the main methodology directions and research/statistical approaches, e.g., 

seasonality, correlations, modelling, and forecasting. Moreover, this Thesis presents a 

Google Trends in infodemiology data collection and reporting methodology framework, 

that filled in the gap of a solid data selection methodology basis that could affect the results 

and conclusions reached if data selection and collection is not performed appropriately. 

Gaps in methodology (e.g., forecasting) as well as topic-wise (e.g., asthma, measles) that 

were identified in the beginning of this Ph.D., are also addressed in this Thesis, while 

factors, like misspellings and sudden events, that could compromise the validity of the 

results, are also presented and discussed. Finally, during the COVID-19 pandemic, an 

opportunity to explore the potential of Google Trends time series in early disease detection 

and monitoring when daily data are available was presented, and COVID-19 monitoring 

and predictability approaches in the US and Europe were explored.  

The papers of this Ph.D. Thesis are concisely presented in the following subsections, 

including a brief background, methodology, and main results and conclusions for each of 

them. 

3.1. Assessing the Methods, Tools, and Statistical Approaches in Google Trends 

Research: Systematic Review [A] 

In the Systematic Review paper [A] -which is an extension to the first Systematic Review 

in Google Trends by Nuti et al. in 2014 [211]-, a systematic reporting of the selected 

publications is presented, along with an in-depth reporting of the methods, statistical tools, 

and approaches used in Google Trends studies in health-related topics up to the end of 2016. 
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The difference in retrieved number of publications for the same years between the two 

reviews, lies in the different search strategy and inclusion/exclusion criteria (refer to Figure 

1 in the Systematic Review paper [A] and to Figure 1 in Nuti et al., [211], for a detailed 

overview of the criteria). 

Following the Preferred Reporting Items for Systematic Reviews and Meta-

Analyses guidelines for selecting studies, we searched for the term “Google Trends” in the 

Scopus and PubMed databases from 2006 to 2016, applying specific criteria for types of 

publications and topics. A total of 109 published papers were extracted, excluding 

duplicates and those that did not fall inside the topics of health and medicine or the selected 

article types. We then further categorized the published papers according to their 

methodological approach, namely, visualization, seasonality, correlations, forecasting, and 

modeling. A detailed description of the methods, tools, and analyses used in the selected 

publications is provided, categorized by approach (Tables 2-6 in [A]).  

All the examined papers consisted of some form of time series analysis, and all but 

two included data visualization. A total of 23.1% (24/104) studies used Google Trends data 

for examining seasonality, while 39.4% (41/104) and 32.7% (34/104) of the studies used 

correlations and modeling, respectively. Only 8.7% (9/104) of the studies used Google 

Trends data for predictions and forecasting in health-related topics; therefore, it is evident 

that a gap exists in forecasting using Google Trends data. 

In this paper, the gaps in Google Trends research in health and 

medicine were identified, indicating that, though data on reported cases 

on various health topics and the respective Google Trends data had been 

correlated in a large number of studies, only few had proceeded with 

forecasting using online search traffic data.  

3.2 Google Trends in Infodemiology and Infoveillance: Methodology Framework 

[B] 

An issue with Google Trends research that was identified when reviewing the literature on 

the topic, was that of the lack of a uniform data collection and reporting methodology 

framework, which had resulted in differences or inconsistencies amongst publications in 

the topic. The Methodology paper [B] provides data collection overview and data collection 

guidance in using Google Trends in infodemiology, which is crucial for ensuring that the 

results are not compromised.  
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Towards this direction, and since as the analysis of online data is based on empirical 

relationships, and thus, a solid methodological basis of any Google Trends study is crucial 

for ensuring the value and validity of the results, this paper aimed at presenting, what 

parameters/features should be considered as well as what steps that should be followed to 

ensure the validity of the data collection procedure. Observed inconsistencies mainly 

include incorrect keyword(s) selection, as was in the case of Google Flu Trends, while other 

factors, like region or period selection that do not match the official health data availability, 

can compromise the analysis given the normalization of the data.  

This paper consists of a concise overview of how Google Trends data are retrieved 

and adjusted along with the available features, and a step-by-step framework for the key 

data collection methodology points, i.e., keyword(s), region(s), period, and category. First, 

we provide an overview of how the data are retrieved and adjusted along with the available 

features, followed by the methodology framework for choosing the appropriate parameters, 

along with examples that can also help the new generation of researchers on the topic. 

3.3 Integrating Smart Health in the US Health Care System: Infodemiology Study 

of Asthma Monitoring in the Google Era [C] 

In the Asthma paper [C], we aimed at forecasting the online behavior toward asthma and 

examined the correlations between queries and reported cases to explore the possibility of 

nowcasting asthma prevalence in the United States using online search traffic data. 

Google Trends time series in term “asthma” in the US from 2004 to 2016 were 

analysed, in order to explore new ways of monitoring the public’s online interest in the 

topic. At first, the seasonality of the search queries was analyzed, with the results indicating 

that the queries exhibit similar seasonality for the years included in the examined period. 

Our analysis shows that search queries exhibit seasonality within each year and the 

relationships between each 2 years’ queries are statistically significant (P<.05).  

Moreover, using Holt-Winters exponential smoothing to the retrieved Google 

Trends time series, five-year forecasting models in all US states for the online behavioral 

variations of the interest in the term “asthma”, as measured by Google Trends, were 

estimated, and validated against available Google query data from January 2016 to June 

2017. Said forecasting models performed well, indicating that the monitoring of Google 

queries -providing real time regional information- could assist with increasing and 

complementing the responsiveness of the US health care system at metro or city level. 
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Online behavior toward asthma can be accurately predicted, and this method of  

forecasting Google queries can be potentially used by health care officials to nowcast 

asthma prevalence by city, state, or nationally, subject to future availability of daily, 

weekly, or monthly data on reported cases. This method could therefore be used for 

improved monitoring and assessment of the needs surrounding the current population of 

patients with asthma. 

3.4 The Internet and the Anti-Vaccine Movement: Tracking the 2017 EU 

Measles Outbreak [D] 

In addressing the issue of misinformation due to information overload available nowadays, 

and given the Measles outbreak in Europe in 2017, in the Measles paper [D] we examine 

the behavioral changes in terms related to Measles and the Anti-Vaccine Movement from 

2004 to 2017, as well identify any associations between online search traffic data on said 

queries and the Measles cases and immunization percentages. This is especially important 

for Measles, since it requires the highest immunization percentage out of the vaccine 

preventable diseases, and since it has been suggesting that conspiracist ideation is related 

to the rejection of scientific propositions. 

We retrieved normalized Google Trends data from 1 January 2004 to 31 August 

2017 for the (then) 28 EU countries, for both the English and the respective translated terms 

(independent searches). For the Worldwide assessment, the keywords ‘Measles’, ‘Mumps’, 

‘Rubella’, ‘MMR’, and ‘Anti Vaccine’ were used, as the term ‘Anti Vaccine’ exhibited the 

highest relative search volumes compared to other variations of the term/topic. Following, 

we brifly presented the 1st and 2nd MMR doses immunization percentages in Europe as 

well as for the EU28, and proceeded with examining the association (by calcualting the 

Pearson correlation coefficients) between online activity, vaccine population coverage and 

reported cases of Measles in each of the EU28 countries, 

The results show that statistically significant positive correlations exist between 

monthly Measles cases and Google queries in the respective translated terms in most EU28 

countries from January 2011 to August 2017. Furthermore, a strong negative correlation (p 

< 0.01) exists between the online interest in the term ‘Anti Vaccine’ and the Worldwide 

immunization percentages from 2004 to 2016, meaning that , as the online interest in the 

term ‘Anti Vaccine’ increases, the immunization percentages decrease,  which could be 

indicative of the role that the Internet plays in the spreading of misinformation. 
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3.5 Forecasting AIDS Prevalence in the United States using Online Search Traffic 

Data [E] 

In the AIDS paper [E], we aimed at exploring the association of online search traffic data 

on selected keywords and categories with AIDS Prevalence data from the CDC Atlas Plus 

from 2004 to 2015.  

The results indicate that statistically significant correlations exist at both national 

and US state level between Google Trends data and ‘AIDS Prevalence’, while said 

relationship, i.e., Google queries in the ‘AIDS’ search term and illness (topic) against CDC 

data on the variable ‘AIDS Prevalence’, seems to follow a logarithmic relationship over the 

examined period.  

This paper also points to the direction of taking advantage of the anonymity that the 

Internet offers, in order to retrieve information and increase awareness and targeted actions 

(online assistance, awareness, information, etc.) in sensitive topics, like AIDS, HIV, and 

sexually transmitted infections (STIs), as also identified in the Infectious Diseases [F] 

paper, and could further assist with health assessment in the US and in other countries and 

regions with valid and available official health data. 

3.6 Infoveillance of Infectious Diseases in USA: STDs, Tuberculosis, and 

Hepatitis [F] 

In the Infectious Diseases paper [F] we aimed at exploring the possibility of using data from 

Google Trends to identify any associations of online search activity with the STIs included 

in the CDC AtlasPlus (excluding AIDS), i.e., in Chlamydia, Gonorrhea, Syphilis, 

Tuberculosis, and Hepatitis in the United States.The data retrieved for Hepatitis are from 

January 1st, 2004 to December 31st, 2015, while for the rest of the examined diseases, the 

examined time frame is from January 1st, 2004 to December 31st, 2016.  

First, we provide an overview of the online interest variations on each of these 

diseases for the respective examined periods. Next, we visualize the geographical 

distribution of the online interest in each disease for all states for each individual year, 

followed by calculating the Pearson correlations between Google Trends data and the 

respective CDC data on each disease’s cases. Finally, we estimate linear regressions for the 

examined diseases at both national and state level, in order to examine the possibility of 

forecasting said diseases using Google Trends data. 
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The correlations between Google Trends data and CDC data on Chlamydia cases 

are statistically significant at a national level and in most of the states, while the forecasting 

exhibits good performing results in many states. For Hepatitis, significant correlations are 

observed for several US States, while forecasting also exhibits promising results. On the 

contrary, several factors can affect the applicability of this forecasting method, as in the 

cases of Gonorrhea, Syphilis, and Tuberculosis, where the correlations are statistically 

significant in fewer states. 

Our results indicate that Google Trends data can assist in the monitoring of the 

users’ online interest and awareness on the subject, as depicted in the geographical 

distribution of the behavioral variations in the US for the five examined STIs, i.e., 

Chlamydia, Gonorrhea, Syphilis, Tuberculosis, and Hepatitis.  

This study supports previous findings suggesting that the analysis of real-time 

online data is important in health assessment, as it tackles the long procedure of data 

collection and analysis in traditional survey methods, and provides us with information that 

could not be accessible otherwise. Another important finding with serious implications is 

that said method is neither trivial nor universal, as several factors can affect its applicability 

and the validity of the results. The main issues arising from this study, are, as discussed in 

the Methodology paper [B], the incorrect keyword selection (as, for example, in Gonorrhea 

due to a misspelling), as well as how a sudden and short-lasting event (like in Hepatitis) or 

low disease rates (like in Tuberculosis) can be factors that affect the generalization of the 

conclusions.  

3.7 Tracking COVID-19 in Europe: Infodemiology Approach [G] 

In the COVID Europe paper [G], a preliminary analysis of monitoring the online behavior 

towards the new coronavirus using Google Trends data in the five most affected Europe 

countries at the time (Italy, Spain, France, Germany, and the UK) was performed.  

Data from Google Trends were retrieved, spanning from January to March 2020 on 

the Topic (Virus) of “Coronavirus” (which was selected instead of COIVD-19 due to the 

time of retrieval when the latter term was not widely used yet). First, the interest in the term 

worldwide and in the aforementioned countries was examined, while regional analysis is 

then performed for Italy and the Pearson correlation coefficients between COVID-19 cases 

and deaths and Google Trends time series are calculated. For the detailed European 

countries’ correlation analysis, case and death data from March 2 to 17 were used. 
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The results indicate that there is a relationship between query and COVID-19 data, 

and we also identify that a time point exists where said relationship declines, In specific, a 

critical point, up to which regions not severely affected exhibit the strongest relationship 

between Google and COVID-19 data, was identified. This suggests that focus should shift 

towards these regions to make full use of what real time data assessment can offer. The 

latter is essential for increasing the preparedness and responsiveness of local health 

institutions, which is the most important aspect in handling the COVID-19 pandemic. 

Overall, supporting previous research on the topic, this preliminary approach indicates that 

Google Trends data can be employed for the detection of early outbreaks. 

3.8 COVID-19 predictability in the United States using Google Trends time series 

[H] 

Building on [G] in exploring methods of monitoring and detecting early outbreaks of the 

disease, in the COVID USA paper [H], we assess the predictability of COVID-19 in the US 

at state level using Google Trends time series.  

For Google Trends data retrieval, we used “coronavirus (virus)”, again due to the 

term “COVID-19” not being so widespread at the time. As a preliminary investigation, 

Pearson and Kendall rank correlations between the ratio (COVID- 19 deaths)/(COVID-19 

cases) and Google Trends data are examined to explore the relationship between Google 

Trends data and COVID-19 data on cases and deaths in the US, using data from a subset of 

periods from March 4th to April 15th for the individual state analyses, depending on data 

vaialblibily on cases (i.e.,timeframe for each state starting after March 4th was the date for 

whichthe first confirmed state case was identified. Next, COVID-19 predictability analysis 

is performed, with the employed model being a quantile regression that is bias corrected 

via bootstrap simulation.  

The results indicate that there are statistically significant correlations between 

Google Trends and COVID-19 data, while the estimated models exhibit strong COVID-19 

predictability.  In line with previous work that has suggested that online real-time data are 

valuable in the monitoring and forecasting of epidemics and outbreaks, it is evident that 

such infodemiology approaches can assist public health policy makers in addressing the 

most crucial issues: flattening the curve, allocating health resources, and increasing the 

effectiveness and preparedness of their respective health care systems. 
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4. Discussion 

 

4.1. Time series analysis, correlation, and forecasting 

What the use of Internet sources has to offer, is real-time information. For health data 

retrieved through traditional methods, such as registries, surveys, etc., analysis and 

assessment can take quite some time to be performed. Thus, monitoring, prediction, and 

nowcasting using said methods is not trivial, and it requires up to several months or even 

years to be completed and made publicly available.  

One of the main limitations in the Google Trends statistical analysis, is the lack of 

availability of respective official health data. Even when such data are available, they are 

not available in small intervals, meaning that there are cases where researchers need to 

perform the analysis with very few observations. Therefore, an outlier or leaving out a 

single point, for example, could make an explored relationship from significant to non-

significant and vice versa. Though this is a critical limitation of these approaches, it can be 

addressed by obtaining small interval official health data, since Google Trends also 

provides small time interval data, and modeling the relationship would be more efficient 

and robust. 

Nevertheless, Google Trends data have been successfully employed for the 

monitoring, detection, and prediction of conditions, diseases, and outbreaks, as identified 

in Tables 2-6 in the Systematic Review paper [A].  However, for forecasting, the literature 

at the point of writing was scarce (refer to the Systematic Review [A], Table 4), with only 

nine publications having been identified as proceeding with prediction/forecasting. 

Approaches mainly included the Autoregressive Integrated Moving Average (ARIMA), 

Holt-Winters, and cross correlations, while linear and non-linear regressions, that are also 

standard methods in forecasting [212], along with multivariate regressions and fit lines, 

were also identified in Google Trends statistical modeling at that point (refer to the 

Systematic Review [A], Table 5). 

For exploring the relationship between variables, the Pearson correlation is the most 

widely used method in Google Trends research, which was also employed in the six 

research papers [C-H]. Popular methods in exploring correlations, are the Spearman 

correlation, auto-correlations, and cross-correlations (refer to the Systematic Review paper 

[A], Table 3). Even in cases where very limited data in terms of observations are available, 

correlations can assist in obtaining an understanding of the relationship. For example, in 
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the Measles paper [D], where the correlations of different sets of years (with same starting 

and consecutive ending points) were explored, the results were supportive of our 

hypothesis, in terms of showing that a negative relationship existed that was significant 

only after a number of years; the latter could be also possibly explained by an outlier or a 

single point’s effect, but, since the relationship is constantly changing towards the same 

direction, we were able to extract some preliminary findings and conclusions. 

In these approaches, when more than one variable is included, cofound parameters 

could be considered. For example, as mentioned in the limitations of the Asthma paper [C], 

this study has not accounted for state-by-state confounders that could influence search 

patterns, such as the socioeconomic status and demographics of different states that might 

be relevant to asthma prevalence, as this would exceed the scope of this paper.  

However, more complicated analyses (for example, using multiple keywords) 

should consider the relationships between keyword selection, in order for incorrections, like 

the ones in the Google Flu Trends case, to be avoided. Moreover, it should be noted that 

both statistical coherence and interpretation of the modeled results could be increased, if 

the respective dependent variable, based on each individual case, is modeled using rate data 

(e.g., cases per 100,000 population) or also be normalized (given that Google Trends data 

are normalized from 0-100), which would also assist in not having very large coefficients. 

However, even in cases that do not proceed with modeling the relationship rather than 

correlating the data and normalization would not add to the interpretation of the statistical 

analysis, such data adjustment could provide a more understandable and easier to visualize 

presentation of the results.  

This line of research is based on empirical relationships that are defined as 

relationships or correlations supported by experiments or observations, but not necessarily 

by theory. Thus validation, along with what is suggested in causal inference in 

epidemiology, may need a large number of studies that cover a wide variety [215]. 

Nevertheless, the effect in validating the results that small interval data have, has become 

evident during the COVID-19 pandemic, where daily data are freely and publicly available 

in real-time, and forecasting and predictability methods using Google Trends data have 

indicated their potential. 

In time series forecasting, the two most widely used methods are exponential 

smoothing and ARIMA [212], with Holt-Winters exponential smoothing (as employed in 

the Asthma paper [C]) being regarded as having motivated some of the most successful 

forecasting methods. Exponential smoothing assigns weights to more recent observations, 
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in order to consider that data ‘get old’; thus, a more recent observation is assigned a higher 

weight than an older observation.  

Due to the latter, Holt Winters can provide reliable forecasts for a wide variety of 

time series, which Hyndman and Athanasopoulos [212] regard as a “great advantage and 

of major importance to applications in industry”. While exponential smoothing models are 

based on a description of trend and seasonality in the data, ARIMA models aim at 

describing the autocorrelations in the data and at addressing the possible stationarity issues 

that could arise with seasonal time series. Therefore, ARIMA and Holt-Winters should be 

regarded as complimentary approaches in forecasting [212]. 

4.2. Causality and causal inference 

It is essential to understand that correlation does not imply causation, or, as Pearl [213] puts 

it, “one cannot substantiate causal claims from associations alone, even at the population 

level—behind every causal conclusion there must lie some causal assumption that is not 

testable in observational studies”. It should be noted that, as the possibility of biased 

strategies exists [214], information retrieved from Web-based data should be very carefully 

analyzed and interpreted. In addition, causality does not necessarily imply that one variable 

causes the other, rather than that they just are related, possibly even through their individual 

relationships with another variable. Nevertheless, establishing causality from just one study 

is almost impossible; it is essential to understand that, in order to answer causal questions, 

the latter need to be asked in many studies covering a wide range of diversity and “not 

within studies, but between them” [215]. In Google Trends studies, which aim at 

establishing empirical relationships based on statistical findings as, e.g., in observational 

epidemiology studies, the exploring of the predictability of certain variables is possible. 

However, it is important to note that causal relationships are classified as such only when 

prediction under intervention employing said relationships is possible [216]. 

While in most cases causality can be argued by changing variables and studying 

their effect, this is not always applicable due to ethical, cost, or pragmatical reasons [217-

218]. If only observational data are available, distinguishing cause from effect is a crucial 

issue. Inferring causality from such data is regarded as a very important topic [218] and is, 

in many cases, the only way to explore causal relationships [217]. This has been a matter 

of heated discussions in research, while several approaches have been made in order to 

understand and model how such relationships, i.e., making assumptions on data coming 

from observation rather than experiment [219], could be explored [213, 217-218, 220-221]. 
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According to Hoyer [218], linear causal models are mostly used; however, does not imply 

that the relationships are indeed linear, but are employed because such modeling 

approaches are less complicated.  

However, unlike exact/formally modelled/formulated sciences (like pure 

mathematics or theoretical physics), disciplines like social sciences or epidemiology that 

do not provide numerically precise results and where the latter can also significantly depend 

on human behavior and thus have unpredicted outcomes or high levels of uncertainty, it is 

crucial to adopt a very wide range of tools and approaches [222]. However, it is crucial to 

note that, though the appropriate statistical tools and tests are important for the rigor of 

analysis, interpretation of formal results should be performed with caution -as all formal 

modeling/methods have their limitations-, while, at the same time, making sure that 

interpretation is not treated as a “black box” [222]. 

Causal inference in epidemiology can be categorized as a case of scientific 

reasoning, that aims at establishing a cause-effect relationship with time order.  As Rothman 

and Greenland argue about causal inference in epidemiology, it “is better viewed as an 

exercise in measurement of an effect rather than as a criterion-guided process for deciding 

whether an effect is present or not” [223]. Nevertheless, specific criteria establishing the 

data/evidence validity, do not exist, and measuring said effects are subject to measurement 

errors [223]. Approaches have explored causal inference by observational data based on 

their availability and that have not necessarily been collected in controlled manners, mainly 

considering continuous or discrete numerical data and not applicable in binary data [224]. 

Despite that scientific work, independent of nature (i.e., experimental or 

observational), is always incomplete and could be changed/modified or even contradicted 

in the future [225], exploring and building on our current knowledge is essential for the 

advancement of research. As Greenland [222] argues, all methodologies have limits or 

flaws; however, one methodology is not essential for every application, while even a flawed 

methodology could provide good performance in some cases [222].   

In Google Trends studies, however, one of the main issues that rise and is different 

in each individual case, is identifying the time-order factor of causal inference mentioned 

above. Though in some cases the time-order (which comes first) for the observational data 

correlation is easy to determine (e.g., in elections/voting), this is not always the case with, 

for example, health/disease data.  

Nevertheless, as mentioned above, even though monotonically 

increasing/decreasing trends will tend to exhibit a high correlation, it is important to note 



 

 35 

that, even if no causal relationship between two variables can be identified, correlations are 

useful for forecasting [212]. In this context, results using Google Trends data are mainly 

based on empirical relationships, i.e., relationships or correlations that are supported by 

experiments or observations but not necessarily by theory.  

To elaborate, observational studies, including ones that use data that already been 

collected -as in these cases of Google Trends-, mainly try to address the research question 

by using only what can be observed, i.e., without trying to change the parameters. This, by 

definition, results in difficulties -if at all possible- to show causal inference, which is even 

more true for online search traffic data, where the studied population is completely 

unknown -contrary to other observational studies that may be drawing their conclusions by 

other, known or more well-defined populations, e.g., from surveys.  

Taking into account the limitations posed by the very nature of data and the study 

design, observational studies in general and from Google Trends in specific, deal with real-

word problems, with the ultimate aim to inform public health and policy, either providing 

general assessments of the public interest and behavior or preliminary approaches 

identifying issues/topics which can be further studied in more controlled environments.  

4.3. The Asthma paper [C] 

In the Systematic Review [A], several approaches exploring seasonal diseases were 

identified. However, monitoring asthma had not been explored up to that point. In the US, 

CDC surveillance of asthma in order to gather more information on asthma prevalence, is 

based on the Behavioral Risk Factor Surveillance System (BRFSS) Prevalence Data 

(telephone survey) and on the National Health Interview Survey (NHIS) Prevalence Data 

(probability sample survey). In the Asthma paper [C], accounting for the (then) current 

asthma surveillance methods/tools and taking into account that the aforementioned methods 

of asthma monitoring are based on qualitative data and take too long to assess, an alternative 

way to those surveillance methods is proposed, suggesting that such approaches can assist 

officials with raising awareness, and that city-level analysis of online queries could have a 

positive effect in the health care system’s preparedness at local level, provided the 

availability of small interval data (e.g., daily).  

This paper’s novelty and contribution, points to the direction that, throughout the 

years, the behavioral users’ patterns are consistent and can be well forecasted. However, 

this was only the first step. Future approaches should model the relationship with official 

small interval data (e.g., admissions, hospitalizations), which, when modelled would, in 
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turn, provide the opportunity for Google queries to be monitored independently and 

possible nowcast asthma regionally/locally.  

As mentioned above, the Holt-Winters exponential smoothing forecasts are 

weighted averages of past observations, with weights decaying exponentially as the 

observations get older, i.e., the older observations are assigned smaller weights than the 

recent observations. In the Asthma paper [C], we used the additive Holt-Winters 

exponential smoothing with trend and additive seasonal component, in order to explore the 

time series’ seasonality as well as estimate five-year forecasts for the asthma Google 

queries at both national and state level. As shown in Figures 8-11, (the models’ parameters 

and coefficients can be found in Appendix 1, Tables A3 and A4), the states forecasting 

models (depicted in the respective red lines) perform well.  

Furthermore, additional analysis was performed in order to a) provide a visual 

representation of the seasonality of the online queries on asthma (see Figure 4 in the Asthma 

paper [C]), and b) to argue on the similarity and the significance of the correlation of the 

(individually retrieved weekly data of 52 observations each, one for each examined year) 

queries’ time series amongst the examined years (Table 1). Alternatively, an autocorrelation 

function can be employed to explore the seasonality as well as to provide visual 

representations of the effect, which, in this paper, are present in the 52 figures (USA, 50 

states, DC) that depict the respective initial time series along with the estimated forecasts. 

Asthma is a seasonal disease, thus, to be able to proceed with any sort of 

prediction/forecasting (not in Google Trends queries but in general), we need short-interval 

data on asthma admissions, hospitalizations, or prescriptions. If, for example, daily data 

were available, lag analysis could be performed to model the response period, from Google 

search to admission and vice versa. This is important especially for asthma, given the 

limited data availability and the current methods for asthma surveillance methods. 

Currently, the literature consists of other approaches in the wider topic of exploring the 

online behavior towards aspects of asthma or its seasonality [226-228], while Souza Pinto 

et al. [229] performed a similar approach of exploring the Google Trends data predictability 

in asthma (along with four other respiratory diseases) for 54 countries, suggesting that this 

approach has found ground to be further explored.  

Since asthma is a seasonal disease that is linked to particular seasons of the year and 

peaks in asthma exacerbations, as mentioned in the Asthma paper [C] and is also supported 

by previous work on the topic [230-233], various climatic contexts as well as other related 

keywords can be used in order to provide alternative approaches to monitoring the online 
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behavior towards asthma, as identified in this paper, along with not accounting for state-to-

state confounders that could influence the online users’ behavior in the topic. However, the 

aim of this paper was to explore if Google queries exhibit seasonality and if forecasting 

them is possible, for providing insight for future research, while it also suggests that this 

approach could be valuable in future research and policy makers, if small interval data are 

available.  

Several other associations can be explored. For example, since prior work has 

suggested that racial characteristics have been identified as significant in asthma prevalence 

and syphilis as noted in the Asthma [C] and Infectious Diseases [F] papers, respectively, 

future infodemiology approaches could test this association. Nevertheless, and as Google 

Trends does not provide demographic information/profiles on the users’ searches, this 

hypothesis can be further explored by either changing the parameters or by using other 

sources/tools, like, for example, Twitter or other social media platforms, which offer more 

qualitative data and demographics from the users’ profiles (although only the users’ stated 

data are provided). 

However, it should be noted that correlations with small number of observations, 

as, for example, between NHIS & BRFFS data and Google Trends data in the Asthma paper 

[C] where further analysis could not be performed despite the statistical significance of the 

correlations, should be carefully interpreted. Apart from single points due to sudden events 

or outliers that could affect the correlation, the relationship’s strength could be also affected 

if even one point is removed.  

In this paper, since only yearly NHIS and BRFSS data are available and as asthma 

is a seasonal disease, in order to be able to model the relationship between asthma incidence 

or prevalence and then proceed with any sort of prediction/forecasting (not only in Google 

Trends, but in general), short-interval data on asthma are needed; regional/local daily data 

would be ideal. Such data are very hard to obtain and are not freely available in most cases. 

If, for example, daily data were available, lag analysis could be performed in order to model 

the response period, from Google search to admission or vice versa (as the time-order 

relationship could be hard to identify). The latter highlights the need for data to be open 

and available in short intervals and not only on an annual basis, in order to take full 

advantage of the very detailed breaking down of Google Trends data, both in time as well 

as regionally.  
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4.4. The Measles paper [D] 

In the Measles paper [D], a preliminary investigation and identification of the topic is 

presented, also providing an overview of how Internet data can be used to address the issue 

of monitoring the Measles outbreaks as well as the rise of the Anti-Vaccine movement. 

However, this analysis cannot go to the root of the issue, as country analysis can only be 

performed by native (or, at least, fluent) speakers. For example, in Greek, the translated 

measles term with the accent is not used for online searching, thus a time series retrieved 

would be a time series of zeros with very few exceptions of single non-zero values/points. 

Not only would this not add to the analysis, but it could be more complicated and also affect 

its replicability. This paper is merely identifying the issue, presenting the relationship, and 

proposing an idea of how future country-specific analyses can further investigate the topic. 

This has been identified as a limitation of this paper; however, future approaches have 

provided both country- [234] and language-specific [235-236] analyses.   

4.5. The AIDS paper [E] 

In the AIDS paper [E], data on the variables ‘AIDS Prevalence’, ‘AIDS Diagnoses’, and 

‘AIDS Deaths’ were retrieved from the CDC AtlasPlus. Said data were only available for 

12 years, thus this paper provides a preliminary analysis of how data on the ‘AIDS 

Prevalence’ variable can be plotted against Google Trends data in order to explore their 

potential relationship.  

In this paper, modeling only the relationships between the respective dependent and 

independent variables based on the significance of their respective calculated Pearson 

correlation coefficients is performed. As mentioned in the paper, the linear and polynomial 

relationships between the variables were at first explored, and indeed it was the case that 

some states exhibited higher R2 for these relationships. Nevertheless, as in both the US as 

well as in most states the relationship was tending to logarithmic, the estimated models for 

all categories and all individual states were presented following a logarithmic relationship 

independent of which relationship (linear, polynomial, logarithmic) exhibited the highest 

R2, in order to have a consistent presentation, suggesting that this relationship will be more 

evident moving forward in time.  

However, and given, as in the Asthma paper [C], the limited availability of small 

interval data, it should be noted that these approaches are sensitive to correlation analyses, 

as a single point could change both the nature as well as the significance of the relationship, 

as discussed above. Nevertheless, as depicted in Figures 1 and 2 in the AIDS paper [E], the 
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online interest, which is based on monthly data (144 observations), show that the online 

interest in the topic is high and remains relatively high throughout the examined period 

(meaning that very low relative search volumes are not observed) and that the interest in 

the topic can be monitored using online search traffic data. Nevertheless, the spikes 

observed in the early years in November are due to the World AIDS Day on December 1st, 

and do not affect the results, as they are only very few observations within a large dataset. 

The visual representation of the time series, though, could be confusing as to the seasonality 

of the series, which afterwards becomes smoother. 

Regional and small interval data availability, as indicated in the Asthma paper [C], 

is crucial in this line of research. During the COVID-19 pandemic, however, where daily 

(and regional) data were available, this issue could be overcome. Early research on the topic 

suggested that, though statistically significant correlations between Google Trends data and 

COVID-19 data exist, the relationship between the two tends to decrease in both strength 

and significance in regions that have been affected by COVID-19 moving forward in time, 

because the interest in the virus decreases. Thus, the critical point, after which the online 

interest starts declining, should be identified in each individual case to proceed with 

regional nowcasting. This effect, though not particularly evident in the Asthma [C] and 

AIDS [E] papers given the lack of availability for short intervals, is the case with several 

Google Trends cases, which can also be seen in the negative correlations or several models’ 

negative coefficients signs.  

4.6. The Infectious Diseases paper [F] 

Another important issue discussed in this collection of papers, is including and present cases 

with non-successful results, in order to elaborate on the fact that some methodologies may 

not be as simple to design, and any results should be very carefully interpreted. In the 

Infectious Diseases paper [F], it is suggested that the applicability of this method is not that 

trivial or universal, and that several factors need to be taken into account when using online 

data in this line of research. In this analysis, examples of cases where simple approaches in 

disease forecasting and surveillance do not work, are highlighted. In fact, what is 

emphasized in this paper is how the suitability of this method along with the respective 

forecasting results can be affected by low rates or other factors, therefore being a good 

example of why the selection of keywords and the interpretation of the results when using 

online search traffic data are crucial for the robustness of the analysis.  
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Overcoming the keyword selection issue is detailed in the Methodology paper [B], 

in the Keyword Selection subsection of the Methodology Framework section, along with 

examples on how to use the “+” feature (Figure 4), translations (Figure 5), and quotes 

(Figure 6). In this paper, the aim was to show how, contrary to the Asthma paper [C] for 

example, simple approaches (i.e., single search term keywords) and inappropriate keyword 

selections (along with other identified factors, like sudden events) can affect the results.  

In the Gonorrhea case, for example, selecting “Topic” (or “Disease”, “Condition”, 

“Illness”, depending on the selected topic) instead of “Search term”, would include the 

related to the topic Google queries, and thus overcome the issue of misspellings. In the 

AIDS paper [E], towards this direction, we proceeded with the analysis of both ‘AIDS 

(Illness)’ and ‘AIDS (Search term)’, in order to provide a more detailed assessment; 

however, these two analyses in this particular case did not significantly differ. Another 

feature that could be used in similar cases, like the one of Gonorrhea identified in the 

Infectious Diseases paper [F], the “+” feature could be used in order to choose an 

appropriate set of keywords that could provide successful results. However, in this case, 

the analysis would become unnecessarily complicated, and thus selecting the ‘Topic’ would 

be more sensible. Finally, what is also important though not always assessed in Google 

Trends research papers, is making a qualitative mention or analysis based on the top/rising 

related queries/topics, as well as discuss peaks and spikes that are attributed to incidents or 

events and that can affect the results. 

Nevertheless, in the Infectious Diseases paper [F] we wanted to provide examples 

where the simple methodological approach we used in the AIDS paper [E] does not work, 

and to indicate how non-appropriate data collection can affect the results. In this paper [F], 

Tuberculosis was identified as a low-rates case and thus the simple approach of modeling 

employed method could provide some forecasting opportunities.  

Previous approach of providing successful modeling for Tuberculosis can be found 

in Zhou et al. [237] (referenced in [A], [D], [E], and [F]. In addition, Kostova et al. [238] 

(referenced in [A]) explored how media can influence online health information in several 

infectious diseases, including Tuberculosis. Finally, a more recent approach in Tuberculosis 

forecasting using a combination of keywords, can be found in the paper entitled 

“Forecasting tuberculosis using diabetes-related google trends data” [239].  

However, future approaches could, building on what is suggested above, 

adjust/normalize the data in order to compare the coefficients in such analyses, aiming at 

exploring if underlying causal relationships exist. Finally, it should be noted that each case 
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is different and there is no universal threshold to determine, for example, which rates can 

be considered high enough to proceed with the analysis, as in the case of Tuberculosis, 

especially when not regional/local analysis is performed. What threshold holds in one 

approach, may not hold in the other. 

Given the above, along with cases of incorrect or not appropriate factors of the data 

collection procedure, like in Google Flu Trends (refer to the Limitations section) where 

overestimation of flu cases was performed [240] due to inappropriate keyword selection, it 

was essential to a) provide a methodology framework for Google Trends data collection (as 

provided in the Methodology paper [B]), and b) elaborate on case examples of how to 

identify that the search strategy may not be appropriate (as elaborated on in the Infectious 

Diseases paper [F]). 

4.7. The COVID-19 papers [G, H] 

As identified in this Thesis, one of the main issues is the availability of small interval 

official health data, that pose serious limitations to how the relationship between the two, 

i.e., Google Trends with actual health data, can be modeled. However, during the COVID-

19 pandemic, were detailed regional data for daily cases and deaths were immediately and 

publicly available, modeling using infodemiology sources for the monitoring and 

forecasting of several aspects of the pandemic, has shown its potential.  

Moreover, during the COVID-19 pandemic, and apart from predictability and 

forecasting approaches, what has also been evident is how social media platforms can 

provide more qualitative data that can shift the focus of monitoring and tracking aspects of 

the pandemic. Such approaches include sentiment analysis, educational purposes, and 

efforts to measure and raise public awareness, as detailed in the COVID-19 USA paper [H]. 

In order to explore the characteristics of the Google Trends studies in recent 

research and, in comparison with the previous approaches as identified in the Systematic 

Review paper [A], a concise systematic reporting of COVID-19 in this topic is presented. 

A search in PubMed for ((covid[Title/Abstract]) AND ('google trends'[Title/Abstract])) 

yields 120 results in 2020 alone. Figure 1 depicts the flow diagram for the procedure of 

selecting the publications.  

Per the exclusion criteria for the article types, letters to the editor, correspondence, 

preprints, viewpoints, and editorials (26 in total) were not included in further analysis and 

categorization. Furthermore, 11 papers were not relevant to the topic in discussion, or the 

use of Google Trends was not significant (e.g., exploring financial aspects of the pandemic 
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or only employed Google Trends to identify related keywords). Removing the above 

publications based on article type and content, a total of 83 publications were included for 

further analysis. Note that research letters and brief reports were included in the analysis. 

 

 

Figure 1. Flow diagram for retrieving the 2020 COVID-19 publications 

 

A systematic reporting of the retrieved publications (in alphabetical order based on 

the first author) is included in Table 3. Analyses with more than 10 countries are marked 

as “multicountry analysis” and the respective detailed list of countries are included as notes 

under the table.  
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Table 3. Systematic reporting of the selected 2020 COVID-19 publications 

First Author Region Period Analysis 

Adelhoefer [241] USA Aug 1, 2016-

Aug 1, 2020 

Pearson correlation; ARIMA; Explore the relationship between GT and 

COVID-19 data 

Ahmad [242] USA Jan 20-April 20, 
2020 

Time-lagged cross correlations to gauge the association between GT and 
COVID-19 data   

Arshad Ali [243] Multicountry analysis1 Jan 21-July 21, 

2020 

Spearman’s correlation coefficient (ρ); explore the relationship between GT 

and COVID-19 data 

Asseo [244] USA, Italy March 4-Aug 

25, 2020 

Pearson correlations   

Ayyoubzadeh 

[245] 

Iran Feb 10-March 

18, 2020 

Linear regression and long-short memory models to estimate COVID-19 

cases 

Azzam [246] USA Jan 1, 2004- 

20 July 2020 

Unpaired t-test among GT data; Multivariable regression analysis to 

examine the relationship among GT data 

Badell-Grau [247] Australia, Germany, 

Italy, Spain, UK, USA 

Nov 1, 2019-

April 17, 2020 

Spearman rho correlation to explore the relationship between GT data and 

COVID-19 data  

Bento [248] USA Jan 1-March 18, 

2020  

Poisson models to examine the effect of the first COVID-19 case 

announcements on Google queries 

Bettencourt-Silva 
[249] 

Worldwide  Feb-June 2020 Explore trends in queries related to social determinants of health  

Boserup [250] USA, Puerto Rico, 

Guam 

Sept 29, 2019-

April 5, 2020 

Assessment of public awareness in COVID-19 

Brodeur [251] USA, UK, Austria, 
Belgium, France, 

Ireland, Italy, 

Luxembourg, Portugal, 

Spain 

Jan 1-April 10, 
2020 

Exploring the online interest in related to wellbeing terms, in order to 
examine the effects of the lockdowns 

Burnett [252] Multicountry analysis2 Feb 14, 2020-
May 13, 2020 

Correlation analysis; Mann Kendall test; among GT data on suicide and 
COVID-19 

Cherry [253] USA, Brazil, Spain, 

Italy, France 

January-May 

17, 2020 

Spearman correlation between GT data and COVID-19 new daily cases per 

million  

Choi [254] USA, South Korea June 2019-June 

2020 

Explored shift towards cultural and creative enrichment during COVID-19 

lockdowns 

Ciofani [255] USA Jan 1-May 24, 

2020 

Time-lag correlation analysis between the increase in COVID-19 cases and 

the utilization of Google for medical information 

Cousins [256] Multicountry analysis3 Jan 21-April 2, 
2020 

Univariate regression; Pearson correlation; root-mean-square error 
(RMSE); explore the predictability of regional COVID-19 case rates  

Du [257] USA, UK, Canada, 

Australia 

Jan-March 24, 

2020  

Predictability analysis between prevalence rates of COVID‐19 and GT data 

in fear‐related emotions, seeking health‐related knowledge etc.  

Effenberger [258] Multicountry analysis4 Dec 31, 2019-

April 1, 2020 

Pearson correlation with lag between GT data and COVID-19 data 

Englund [259] USA Jan 1-Aug 1, 

2020 

Time series analysis to see how interest in hydroxychloroquine changes 

relative to media and news 

Gazendam [260] Worldwide  Feb 5-April 22, 

2020 

Relationship between public interest in hydroxychloroquine and 

chloroquine with the related active clinical trials of COVID-19 therapies 

Ghosh [261] India   March 10-May 

23, 2020 

Independent sample t-test, locally weighted scatterplot smoothing 

LOWESS, linear regression; relationship of GT data with policy measures  

Greiner [262] USA  March 1-April 

5, 2020 

Pearson correlations between GT and COVID-19 cases. Bivariate 

correlations between interest in preventive measures and SAH order delay 

Gupta [263] Worldwide  2004-2020 Epidemiological and hair restoration surgical data were combined with 
Google Trends data to analyze behavioral variations in trends  

Halford [264] USA March 3, 2019-

April 18, 2020 

ARIMA for 18 related to suicide terms during the COVID-19 pandemic 

Hamulka [265] Worldwide, Poland Jan 1-Oct 31, 

2020 

Spearman rank correlation between GT data and COVID-19 cumulative 

cases and deaths 

Hartwell [266] USA May 1-May 31, 

2020 

Bivariate correlations between public interest in preventive measures (GT 

data), changes in confirmed COVID-19 cases after policy measures’ 
expirations, COVID-19 case-fatality rates, and by-state presidential voting 

Higgins [267] Worldwide, Italy, Spain, 

USA 

Jan 9-April 6, 

2020 

GT were compared to real-world confirmed cases and deaths of COVID-19 

Hoerger [268] USA April 21, 2019-

Aprill 19, 2020 

Using Google Trends to track population-level mental health-related 

Google searches in the United States, Mann Whitney U test 

Hong [269] USA Jan 21-March 
18, 2020 

Assessment of interest in telehealth and telemedicine; Pearson correlations 
of GT data with cumulative COVID-19 cases 

Hou [270] Multicountry analysis5 Dec 1, 2019-

April 11, 2020  

Assessment of real-time public awareness and behavioral responses to the 

COVID-19 epidemic using GT data 

Hu [271] USA, UK, Canada, 

Ireland, Australia 

Dec 31-Feb 24, 

2020 

Dynamic series analysis to explore the change in trend of the online interest 

in COVID-19; Spearman correlations with COVID-19 infections 
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Husain [272] USA Dec 31-March 

24, 2020 

Monitor the public interest in COVID-19 using GT data 

Husnayain [273] South Korea Dec 5, 2019-

May 31, 2020 

Spearman time-lag correlations between GT data and new COVID-19 

cases; Single and multiple regressions; Prediction model with lags of new 
COVID-19 cases with GT as one of the variables 

Husnayain [274] Taiwan Dec 5-Feb 8, 

2020 

Correlation of handwashing and mask related GT data with COVID-19 

cases with lags 

Jimenez [275] Spain Feb 20-May 20, 

2020 

Linear relationship between Google Trends data on COVID-19 cases with a 

lag; Pearson correlations; time lag correlations 

Kardeş [276] USA March 15-

August 29, 

2020 

To monitor the interest in 78 drugs and substances search terms related to 

COVID-19 

Kardeş [277] USA Jan 1,2016-Sept 

6, 2020 

Generalized estimating equations with gamma distribution to examine the 

change in online interest in rheumatology related terms 

Knipe [278] Worldwide, Italy, USA, 

UK, Spain 

Jan 1-March 30, 

2020 

Explore the online interest in COVID-19 related impact: mental distress, 

social and economic stressors, and mental health treatment-seeking 

Kurian [279] USA Jan 22-April 6, 
2020 

Lag and lead Pearson correlations between Google Trends data 

Kutlu [280] Turkey, Italy March 31, 

2019-June 1, 

2020 

Pearson correlations of GT and COVID-19 cases 

Landy [281] USA Dec 13, 2019-
May 14, 2020 

Explore public interest (using GT data) during the COVID-19 pandemic 

Li [282] China Jan 2-Feb 12, 

2020 

Lag correlation between GT and confirmed/suspected COVID-19 cases 

Lim [283] Malaysia Jan 22-March 
26, 2020 

Spearman’s rank correlation with the number of new and total cases and 
total deaths 

Lin [284] Multicountry analysis6 Dec 20, 2019-

April 19, 2020 

Spearman rank-order correlations between GT data in insomnia, depression, 

and suicide related keywords, and COVID-19 cases and deaths and the 

number of days with increases in search volume for insomnia; forecasting 

future values with bootstrap CIs 

Lippi [285] Italy Feb-May 2020 Spearman correlations between GT data and newly diagnosed COVID-19 

cases with lags 

Mavragani [286] Italy, Spain, France, 

Germany, UK 

January-March, 

2020 

Pearson correlations between Google Trends data and COVID-19 cases and 

deaths 

Mavragani [287] USA March-April, 
2020 

Pearson correlation, Kendall rank correlation, between Google Trends and 
COVID 19 data, quantile regression predictability models 

Mayasari [288] Worldwide Dec 31, 2019-

April 15, 2020 

Spearman rank between to measure the relationships between Google 

Trends and COVID 19 data 

Muselli [289] Worldwide, Italy  Dec 1, 2019-

March 16, 2020 

Spearman’s rho correlation between GT data with Health Communication 

Strategies and official COVID-19 data 

Niburski [290] USA March 1-April 
30, 2020 

Twitter, Google Trends, and amazon purchases in substances related to 
Trump's statements 

Niu [291] Italy Jan 1-April 10, 
2020 

Prediction model using GT data on mask, pneumonia, thermometer, ISS, 
disinfection 

Nsoesie [292] Nigeria, Kenya, South 

Africa, UK, USA, India, 

Australia, Canada 

Dec 2019-

October 2020 

Exponential growth model to characterize and compare the start, peak, and 

doubling time of COVID-19 misinformation topics 

Paguio [293] Worldwide Dec 30, 2019-
March 30, 2020 

Pearson correlation between global online interest in COVID-19 and 
interest in CDC-recommended routine vaccines. 

Pang [294] Worldwide Jan 1-April 30, 

2020 

Trend analysis of search terms for exploring the public interest in facial 

rejuvenation‐related issues.  

Panuganti [295] USA Jan 1-April 8, 

2020 

Spearman correlations of GT data (and Twitter data) related to smell 

symptoms, with COVID-19 incidence 

Peng [296] Multicountry analysis7 Jan 10-April 23, 
2020 

Proposed model with Google Trends data and Random Forest Classification 
for the prediction of the epidemic alert levels 

Pier [297] USA   March 29-May 

16, 2020 

t-test to explore the increase in the online interest in otolaryngology related 

terms 

Prasanth [298] India, USA, UK Feb 24-May 20, 
2020 

Forecasting trends in daily and cumulative cases using long short term 
memory network optimized by GWO; compared results with ARIMA 

Rajan [299] USA Oct 1, 2019-

June 15, 2020  

Correlations using moving averages of GT data on gastrointestinal 

symptoms and confirmed COVID-19 case count and daily new cases  

Rokhmah [300] Indonesia  Jan 1, 2019-

June 6, 2020 

Time lag correlations; Spearman rank correlations; between GT data on 

alternative and herbal medicine and practical activity with COVID-19 cases 

Rovetta [301] Worldwide Feb 20-May 6, 
2020 

Explore behavior related to the COVID-19 pandemic (infodemic, 
conspiracies, etc.) 

Rovetta [302] Italy January-March, 

2020 

Exploring interest in infodemic monikers 

Rovetta [303] Italy June 11-Aug 2, 

2020  

Correlations between GT data and COVID-19 cases; Model using Support-

Vector Machine (SVM) model, linear regression (LR), and Decision Tree 

(DT) to evaluate breakout prediction 
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Schnoell [304] Australia, Brazil, 

Canada, Germany, Italy, 

South Africa, South 
Korea, Spain, UK, USA  

Jan 1-June 19, 

2020 

Spearman rank correlation analysis between GT and COVID-19 data; 

Intraclass correlation for reliability analysis of the selected keywords 

Senecal [305] USA, UK, Spain, Italy June 1-May 31, 

2020 

Correlation of GT data on chest pain symptoms and the reported decrease in 

ACS presenting 

Singh [306] India February 1-

April 27, 2020 

GT data distribution check by Q–Q plots; one‐way analysis of variance (or 

non‐parametric Kruskal–Wallis test) to compare GT datasets 

Sinyor [307] Worldwide, USA April 5, 2015-

April 4, 2020 

Generalized linear model to explore the change between GT datasets; 

interrupted time series regression using separate models for each keyword  

Sousa-Pinto [308] Multicountry analysis8 May 2015-May 

2020 

Compare GT data related to COVID-19; ARIMA to predict GT data on four 

diseases (asthma, COPD, diabetes, hypertensions, Chronhs disease)  

Sousa-Pinto [309] France, Germany, Italy, 

USA, Portugal, Spain, 

UK, Brazil,  

2015-2020 Pearson correlations between COVID-19 data and GT data in several terms 

Strzelecki [310] Portugal, Poland Jan 20-June 15, 

2020 

Visualization to measure the online interest; Pearson correlations between 

GT and COVID-19 spread 

Subhash [311] USA May 2015-May 

2020 

Time series analysis to explore the relationship between sports related GT 

data and the (timing of the) COVID-19 pandemic 

Sulyok [312] Multicountry analysis9 Jan 23-Mar 13, 
2020 

Spearman rank cross‐correlation analyses with lag between GT data and 
COVID-19 cases; Generalized additive models for COVID-19 cases 

Sycinska-

Dziarnowska 

[313] 

USA, UK, Poland, Italy, 

Sweden 

Jan 1-Aug 23, 

2020 

Descriptive comparison between GT data; Spearman correlations for GT 

keywords 

Szmuda [314] Multicountry analysis10 Dec 31, 2019-
April 13, 2020 

Spearman correlations of GT data with news and COVID-19 cases and 
deaths 

Tijerina [315] USA Jan 1, 2015-

May 21, 2020 

Two-sample t-tests to compare GT datasets; Percentage changes in interest 

between GT datasets 

Uvais [316] India March 12- June 

13, 2020 

Bivariate correlations between mental health GT data and COVID-19 cases 

Venkatesh [317] India Jan 23-April 15, 
2020 

Spearman and lag correlations between COVID 19 cases and GT data 

Walker [318] France, Spain, Iran, UK, 

USA, Netherlands, 

Germany, Italy,  

Dec 1, 2019-

March 25, 2020 

Spearman rank correlations for loss of smell queries with daily COVID-19 

cases and deaths 

Walker [319] UK Jan 31-April 12, 
2020 

Spearman's rank correlations; cross-correlation with lag; explore the 
relationship between GT data and COVID-19 cases 

Xie [320] China Jan 10-Feb 29, 

2020 

Kendall’s Tau-B rank test to check the bivariate correlation between 

epidemic trends and rumors 

Younis [321] USA March 5-April 
5, 2020 

Pearson correlations; cross-correlations were performed between the time-
varying reproduction number and social media activity or mobility 

Yuan [322] USA March 1-April 

15, 2020 

Pearson correlations and general linear model to correlate and predict 

trends, respectively 

Zattoni [323] Worldwide Jan 9-May 25, 

2020 

Joint point regression analysis; paired t-test to compare the change in 

interest in pornography  

Notes 
1South Africa, USA, Brazil, Peru, Chile, Mexico, Iran, Pakistan, Saudi Arabia, Russia, UK, Spain, Italy, Turkey, Germany, India, 

Bangladesh 
2Australia, Austria, Belgium, Canada, France, Germany, Ireland, Italy, the Netherlands, New Zealand, Portugal, Russia, Spain, Sweden, 

UK, USA 
3from 50 states and 166 county-based designated market areas 
4China, Korea, Japan, Iran, Italy, Austria, Germany, UK, USA, Egypt, Australia, Brazil 
5Japan, South Korea, Singapore, Italy, France, Spain, UK, USA Brazil, South Africa, India 
6Iran, Spain, Italy, USA, France, Brazil, UK, Germany, Turkey, Canada, Russia, Japan, South Korea, Australia, Thailand, New Zealand, 

Singapore, Taiwan, Hong Kong 
7202 countries 
8Austria, Belgium, Bulgaria, Czech Republic, Denmark, Finland, France, Germany, Greece, Hungary, Ireland, Italy, Netherlands, Norway, 

Poland, Portugal, Spain, Sweden, Switzerland, Ukraine, United Kingdom, Egypt, South Africa, Canada, USA, Argentina, Brazil,  Chile, 

Colombia, Ecuador, Peru, Venezuela, India, Israel, Japan, Philippines, Turkey, Australia, New Zealand 
9Belgium, France, Germany, Hungary, Ireland, Italy, Netherlands, Norway, Spain, Sweden, Switzerland, UK 
10Albania, Andorra, Austria, Belarus, Belgium, Bosnia and Herzegovina, Bulgaria, Croatia, Czechia, Denmark, Estonia, Finland, 

France, Germany, Greece, Holy See, Hungary, Iceland, Ireland, Italy, Latvia, Liechtenstein, Lithuania, Luxembourg, Malta, Moldova, 

Monaco, Montenegro, Netherlands, North Macedonia, Norway, Poland, Portugal, Romania, Russia, San Marino, Serbia, Slovakia, 

Slovenia, Spain, Sweden, Switzerland, Ukraine and the United Kingdom 

 

 

The region popularity in terms of number of analyses is (>10), as expected, USA 

(50), Italy (27), UK (23), Spain (19), France (12), and Germany (12), and Australia (10), 

while Worldwide analysis (including those where the number of countries was very large, 
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i.e., >100) was also performed in several publications. Note that a country can appear in the 

analysis of more than one publication. These findings are consistent with the region 

popularity identified in the Systematic Review [A], which identified USA, UK, Australia, 

Canada, Germany, and Italy as the most popular countries for Google Trends analyses. 

Spain, the only differentiation evident in these lists, is added in the COVID-19 popularity 

most probably due to that it was one the first and most affected EU countries during the 

first wave of the pandemic. 

Most of the selected papers, as depicted in Table 3, proceed with correlations, 

mainly between Google Trends data and COVID-19, or Google Trends time series with 

other Google Trends times series on selected queries. Spearman and Pearson correlations 

are the most popular approaches, while bivariate and cross-correlations have also been 

performed in several analyses.  

Moreover, given the availability of daily data for COVID-19 cases and deaths, lag 

analysis was performed in numerous approaches. Furthermore, modeling, forecastings, and 

predictions have also been conducted in several cases, indicating the usefulness of Google 

Trends data when official health data are available in short time-intervals, with such 

approaches including linear models, linear and multivariate regressions, and ARIMA. 

As evident by the above systematic reporting of the COVID-19 Google Trends 

studies, the analysis methods and approaches of these publications are consistent with the 

findings of the Systematic Review paper [A]. The two COVID papers included in this 

Thesis [G, H], had a significant contribution to the international literature on the topic, 

identifying -and confirming- not only the relationship and predictability potential that has 

been suggested to exist between Google Trends and health data, but also indicating and 

elaborating on the behavioral “turning point” in the online interest, which also provides a 

behavioral explanation on negative correlations or coefficients that have been observed in 

modeling Google Trends against diseases in general. 

4.8. On the negative relationship between health data and Google Trends 

In Google Trends time series analysis, the calculated correlations are merely indicative of 

the relationship of Google Trends data with health data, as, for example, in the Asthma 

paper [C]. The online interest is not always a monotonic function, nor does a Google Trend 

time series need to exactly follow the time series of a disease’s cases/prevalence/deaths. 

The point in most of these approaches is not to identify which comes first, i.e., search or 

case (which, given the nature of empirical relationships, the time-order relationship may be 
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hard or even impossible to identify), rather than correlate data and then try to model the 

relationship.  

Though counterintuitive in several cases (e.g., with negative correlations), Google 

searches and diseases/outbreaks do not always have a positive correlation, nor is this 

correlation constant throughout the weeks/months/years examined. What is suggested in 

the Asthma paper [C] is that Google queries can be well forecasted by state, but we cannot 

proceed with any further correlation or modelling, as actual small interval state, metro, or 

city level asthma data are not available. The correlation is merely calculated in order to see 

if a relationship exists. The next step is to proceed with modelling, as identified in the four 

steps of Google Trends research in the Systematic Review paper [A]. Once a relationship 

has been established, it is easier to explore any further statistical analysis and modelling, as 

suggested by Hyndman & Athanasopoulos [212]. 

The latter does not mean that a statistically insignificant correlation indicates that 

no modeling can be performed (as in the case of Tuberculosis in the Infectious Diseases 

paper [F] where other approaches have successfully proceeded with the monitoring of this 

disease), nor that all significant correlations can be modeled. Any further statistical analysis 

is case specific, and there is no universal way to determine how to proceed, before a 

preliminary investigation is performed (either with correlations or with basic time series 

analysis). 

From a behavioral point of view, and as identified in the COVID papers [G, H], this 

can be explained as follows. First, online interest starts to increase and reaches a peak as 

the number of cases/deaths become high. However, after a certain period, the interest has 

an inverse course, which could also indicate that the public is overwhelmed by information 

overload and decreases its information “intake”.  

The latter is a dynamic relationship that can change back and forth, with spikes in 

Google queries simultaneously observed with a decline in diseases cases, incidence, 

prevalence, and vice versa. When daily (or weekly) official health data are openly and 

immediately available, like in the case of COVID-19, focus shifts towards regional analysis 

in order to make full use of what real time data assessment can offer, and identify early 

outbreaks or increase the preparedness and responsiveness of local health institutions. 

The decrease in interest is counterintuitive, and can also be observed with a lag 

before (or after) the case/deaths/incidence time series start exhibiting a downward trend. 

This can also partly explain the differences in signs among states, but a more in-depth 

explanation is that the outliers could affect the estimation of the results, especially in the 
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case of a small sample. In general, linear regression, Pearson correlation, or the Kendall 

rank correlation, are not as resistant to outliers, as, for example, quantile regressions.  

Another example of the above is the negative relationships between AIDS 

prevalence and retrieved Googe Trends data in the AIDS paper [E]. Since prevalence 

measures the part of the population that is already living with AIDS, the negative 

relationship could be attributed to the decreasing interest in online searches as time 

progresses, as discussed in the COVID-19 Europe paper [G] in which said effect exhibited 

quicker due to the nature of such a pandemic. Other parameters affecting the sign of the 

relationship, as shown in the Asthma paper [C] could be the availability of yearly data, 

which does not only offer a smaller number of observations, but also significantly limits 

the options for further analysis using Google data since asthma is a seasonal disease and 

any possible variations would more probably exhibit amongst months than amongst years. 

Taking into account that exploring epidemics or even seasonal diseases that may be 

affected by other (external) factors, the relationship between Google Trends data and 

official incidence/prevalence data should be regarded as a dynamic process that constantly 

evolves, and it is probable that there exist several data anomalies (e.g., due to campaigns, 

raising awareness, sudden events, or other external factors); therefore, formal statistical 

tools such as the Pearson and Kendall rank correlations should be carefully interpreted.  

4.9. Multidisciplinarity in epidemiology and surveillance 

As Salathe argued back in 2018 and as is now widely known, traditional epidemiology’s 

and digital epidemiology’s aims align [324], which essentially are to use available 

information for disease prevention and to inform public health and policy. The difference 

is that in digital epidemiology the focus is on the “why” data are generated rather than the 

data’s format, defining the topic as “epidemiology that uses data that was generated outside 

the public health system, i.e., with data that was not generated with the primary purpose 

of doing epidemiology” [324], urging us to examine the processes from a more wide and 

overall perspective as to what all this increasingly available information has to offer to 

epidemiology and surveillance.  

The main aim of digital epidemiology would be for its routine implementation from 

the public health authorities’ side [324]. Digital epidemiology in general and Big Data 

sources in specific, despite having provided successful approaches and insights over the 

past years during emergency conditions, and given that we are now in an excessive and 
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continuous data generating era, analysis and interpretation should be done with caution in 

order to avoid “ill-informed decision making” [325].  

Therefore, public health should not be viewed solely as a medical field of research, 

rather than a combination of a wide variety of topics and expertise in order to obtain a 

broader understanding of what drives successful epidemiology and surveillance 

approaches. Multidisciplinary approaches mainly aim at addressing real word problems by 

providing different perspectives and achieving consensus amongst health/medical and 

other disciplines [326].  

Though more focus on quantitative methods has been given in epidemiology and 

surveillance, Smith et al. argue that different methods and study designs are not “superior 

in obtaining evidence” to one another, that public health challenges should be approached 

by a multidisciplinary point of view, and that different methods and expertise should be 

viewed as complimentary to each other [327].  

The role of political, social, and legal variables being incorporated into 

epidemiology and surveillance is essenital in order to achieve successful implementation 

of public health and surveillance research. It is important to understand, as Rayner notes, 

that public health should be interdisciplinary with “strong understanding of political 

process” [328]. Moreover, as argued by Kivits et al., in order to address health inequalities, 

approaches need to also consider “social, territorial, economic and political perspectives” 

[329], as also supported by Eckmanns et al. that further note that “key ethical, legal, 

political and societal concerns must not be sidelined in contemporary efforts to accrue 

maximal data reserves” [325]. What is also imperative to note is that, as evident during the 

COVID-19 pandemic, multidisciplinary approaches involving medicine, healthcare, 

economics, diplomacy and policy are critical [330], while, supporting the above, Kivits et 

al. note that other non traditional medical/health fields of research, like social, political, 

and legal sciences are also needed in order to understand and interpret health related 

research [329]. 

Can the same epidemiology model work in all regions if social and political 

variables are not considered? The short answer is no. There are overpopulated parts in the 

world where social distance is at least challenging, there are developing countries with 

serious economic inequalities, there are regions where people do not have the luxury of 

self-isolating, citizens in less privileged regions who must go out to work every day. There 

are Low- and Middle-Income Countries in South America or Asia, where the models that 

work for Europe or North America would not.  
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Interesting such examples could come from the COVID-19 pandemic. Even for 

countries that are amongst the more privileged ones, cultural differences can play a 

significant role in how epidemiology models should be built, as, e.g., Scandinavia vs. 

southern Europe, which would need different approaches for epidemiology models to be 

successfully implemented given the diversity in, e.g., social distancing. Modeling the 

spread of the disease by examining how far the aerosol can travel in controlled 

environments and how many meters of distance in between us we need to minimize the 

spread of the virus, may work in some regions; however, not incorporating social, societal, 

and cultural differences in said models may deem them unsuccessful in other regions. 

In sense, when building epidemiology models, we cannot leave out the human 

factor and proceed with solely health/medical variables. During COVID-19 is when we 

understood in full scale why multidisciplinarity is what public health needs in chaotic times 

like in a pandemic, when other than strictly health and medical variables needed to be 

incorporated into epidemiology and surveillance model in order to address the situation in 

a quick and effective way. Another very important aspect, as noted above, is factoring in 

the macroeconomic variable in public health and surveillance. What happens in less 

privileged settings than what we have experienced in western countries, affects us all. 

Global health is essentially referring to what is happening now rather than a location [330]. 

Or, as Hinchman et al. interestingly put it, “Global health is local health” [330]. 

As previously outlined as the main goal of this Thesis, multidisciplinary approaches 

are indeed what we need in order to make better sense of how online behavior and official 

health data are related, and what multidisciplinary analyses have to offer to public health 

and surveillance. However, as noted above, these approaches are to be considered as 

supplemental in epidemiology and surveillance, highlighting, again, the multidisciplinary 

nature of public health, while interpretation of the results should be done with caution.  

As a takeaway message, for more effective policy making and thus successful 

epidemiology and surveillance approaches to be implemented, all different perspectives, 

approaches, and -in sense- available information should be considered when making 

informed decisions. Public health officials should incorporate social, political, and 

technological on top of strictly medical aspects when building policies for increased 

preparedness and successful implementation of epidemiology and surveillance in the 

future. 
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5. Limitations 
 

5.1. General limitations 

Despite the advantages that Internet data sources have to offer, several limitations have 

been identified in this Thesis concerning the Google Trends research like the necessary 

openness and availability of official health data in order to take full advantage of said data. 

Even in countries with strong open data policies, retrieving and analyzing data on diseases’ 

prevalence is time consuming and involving several health officials before they are fully 

accessible. This means that data are not available in real time and can even take more 

several months or years for the final official analysis to be publicly available. Even when 

data have become available, they do not usually consist of short time interval data, e.g., 

daily, thus the analysis and forecasting of diseases and conditions becomes even trickier.  

Moreover, the sample cannot be shown to be representative. In this sense, the use 

of a search engine is almost universal, i.e., employed by almost all Internet users, and the 

representation is becoming less of an issue as Internet penetration and age of users increase, 

as we are moving forward in time.  

In addition, even there are more than one (worldwide) search engines available, and 

thus not all queries (data) on the respective selected topic can be retrieved. Apart from this, 

several countries have their own search engines, like Yandex (Russia), Daum (South 

Korea), and Baidu (China). Thus, the analysis of online search traffic data from these 

countries is not trivial.  

Another limitation of using Web-based sources is that data can be affected by 

sudden incidents or events, which, especially in nowcasting or when the number of 

observations is low, could provide biased results. The latter needs special caution during 

the analysis process and geographical representation of the data, as, for example, 

identifying any outliers, as in the case of Hepatitis [F], which was due to a food poisoning 

incident in Hawaii.  

In addition, as per the correlation investigation, it should be noted that careful 

analysis is required in order to ensure that association is not inferred by correlation, as it is 

likely that two monotonic functions could exhibit statistically significant correlation but 

without association. Nevertheless, as mentioned in the Discussion section, correlations are 

useful in forecasting even if no causal relationship between two variables exists [212], 

which is crucial in analyses like in Google Trends research, that are based on empirical 

relationships. 
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Furthermore, the forecasting results and interpretation may likely benefit from using 

a ratio-based scale of official population data rather than count data. All the above call out 

for multidisciplinarity for this part of health informatics to move forward, and to also 

minimize any incompleteness that may arise from single-focus data analyses. 

 

5.2. Google Trends normalization 

A factor that should be considered, is the normalization of Google Trends data over the 

selected time frame, which is rather a limitation as to the analysis approach. Though a 

descriptive data overview can be found in the Methodology paper [B] of this Thesis, i.e., 

on filtering, eliminations, etc., the entire algorithm for the data adjustment is not reported, 

as Google Trends does not officially disclose more detailed information on the procedure.  

The “Trends Help” section of the platform, describes the procedure as follows 

[331]: “Google Trends normalizes search data to make comparisons between terms easier. 

Search results are normalized to the time and location of a query by the following process: 

Each data point is divided by the total searches of the geography and time range it 

represents to compare relative popularity. Otherwise, places with the most search volume 

would always be ranked highest. The resulting numbers are then scaled on a range of 0 to 

100 based on a topic’s proportion to all searches on all topics. Different regions that show 

the same search interest for a term don't always have the same total search volumes.”. 

The normalization of the data can be explained as follows. Exploring Google queries 

in a term/topic is, in sense, the interest in said term/topic in terms of its proportion of all 

Google queries in all terms/topics for the selected region and period. Likewise, the Google 

queries in a term/topic in a specific region, is the interest in said term/topic in terms of its 

proportion of all Google queries in all terms/topics for the same region and period [332]. 

The latter is also evident in the Hepatitis case in the Infectious Diseases paper [F], 

where the 2016 low relative interest in all other states in Hepatitis apart from the state of 

Hawaii, is probably due to this Hawaii raw scallops incident in August 2016. This example 

is important to have a better understanding of the regional aspect of the data adjustment, as 

it indicates that the procedure is indeed not affected by population (Hawaii ranks 41st in the 

US in terms of population) rather than relativity of queries, indicating that the Google queries 

sampling can be significantly affected by increased queries in a topic in even low population 

regions. The latter’s effect as represented in Figure 10 (2016) in the Infectious Diseases 

paper [F], also makes evident why heat maps, like the ones used in this paper, apart from 

providing visualizations that make the paper reader friendly, they also provide a visual and 
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easy way of understanding -and even to a wider audience- how a sudden event or incident 

can affect the results. 

As the Google queries time series retrieved on a term/topic are normalized over the 

selected period and region taking values between 0 and 100, for any further correlation or 

statistical analysis and modeling, the region and period selection should exactly match that 

for which health data are available/used. Respectively, when correlating (or modeling) 

Google queries on different terms or topics or regions, the selected time frame should, again, 

be exactly the same. However, though normalization can be helpful in cases like the one 

mentioned above, it limits the range of selection of analyses, as it does not provide exact 

volumes rather than normalized values. In sense, the normalization, though making the 

analysis approach trickier, provides the researcher with the opportunity of looking into the 

respective examined topic with a different scope, meaning that the comparison of regions 

and periods is more trivial.   

 

5.3. Anonymity and revealed data 

Since Google Trends data provide us with the revealed and not the stated users’ preferences, 

patterns, and behavior, they have an advantage over traditional data collection methods in 

terms of anonymity, as identified in the AIDS paper [E]. For example, it is more probable 

to search for AIDS information or testing online before being diagnosed, than to seek 

information from the GP.  

Moreover, this has a significant effect in mental health issues, where several such 

topics are still considered taboo and where individuals that suffer from mental illness may 

not seek help from a professional, rather than online self-help. As identified in the 

Systematic Review [A] as well as in Table 1 of this Context Chapter consisting of indicative 

topics in infodemiology and infoveillance, Internet data have been valuable in exploring or 

predicting suicidal behaviors or pointing to the direction of increasing awareness of “hot” 

topics in the subject.  

Since Internet penetration is increasing and since querying is universal, it is 

understandable that online information is the first step/action people take towards this 

direction (contrary to filling in a questionnaire, for example). Even in popular social media 

like Twitter, Facebook, or Reddit, for example, though many users exist and though there 

are ways to achieve anonymous interaction (liking, commenting, following, etc.), the latter 

is made in lower volumes that querying.  
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Nevertheless, there are some cases where the anonymity that Google querying 

provides will not hold, as, for example, in cases of drug trafficking where law enforcement 

officials can have access to user logs. However, the latter is not the case with soft drugs, 

for individual users (not dealers), or prescription drugs, where general interest in aspects of 

drugs (legal or illegal) can be explored and monitored (refer to Table 1 of this Chapter for 

topics including drug abuse, cannabis, illicit drugs, pharmaceutical/prescription drugs). 

Nevertheless, governmental/official access to personal data is not the same in every 

country’s legislation, and this is one of the reasons why in countries with severe 

governmental internet monitoring, restrictions, censorship, or where internet penetration is 

low, Google Trends data may not provide accurate results [8]. 

 

5.4. Additional features and techniques 

Another issue for discussion that arises and that should be considered in future research, is 

how new approaches, like Natural Language Processing (NLP) or Autocomplete, could have 

an impact on Google querying. Autocomplete is, in some cases, assistive to Google 

querying, as it indicates how the keyword/sentence can be completed based on real, 

common, and trending queries, making it less possible to make spellings mistakes for 

example, while it could also group together similar searches, if its prediction is correct. 

However, in cases like Gonorrhea, where the misspelled term is more often used than 

the correct one, Autocomplete could have an impact on the Google Trends querying, since 

it bases its predictions in real previous searches made by the users, also taking into account 

the location and continuing towards the direction of selecting the incorrect spelling, for 

example, is possible.  

Nevertheless, previous research in flu prediction using Google Trends, indicates that 

basic NLP techniques (including word removal and stemming) does not improve the models’ 

performance, highlighting “the quality of the signal enclosed in the data”, also arguing that 

text processing has a negative effect on information [334]. Nevertheless, all such tools and 

sources, like Google Trends, are dynamic, meaning that they change constantly, providing 

with us with additional features, and research up to this point has adapted to such changes, 

and, most probably, this will be the case in the future as well.  

 

5.5. Google Flu Trends and Controversies 

A serious case of controversy due to the overestimation of flu cases, as mentioned in the 

Methodology [B] and AIDS [E] papers, was the case of Google Flu Trends [240], a tool 
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provided by Google (2008-2015), similar to Google Trends, that only focused on flu related 

Google query data to estimate influenza like illness incidence. The issue with said 

overestimation was the data collection methodology and the keyword selection in specific, 

which was (and still is) the case with many approaches using Google Trends data. However, 

this was short afterwards addressed by Lampros et al. [334], who qualitatively explained 

the shortcomings of the previous approach, identifying the incorrect choice in keywords 

and providing a more successful approach to forecasting flu cases. 

The issue of incorrect or incomplete data methodology that can affect or even 

compromise the results, as with the Google Flu Trends, along with several such cases being 

identified when studying the current state of the art, is what showed that the literature was 

lacking a framework in order to ensure that the basis of any Google Trends approach, i.e., 

the data collection, is performed correctly, and also that it is reported in detail and uniformly 

so that all studies can be replicated.  

Though Google Flu Trends is not available now and there have been some 

controversies on the subject several years ago, research on the topic has since then 

progressed. Moreover, recent research has indicated that use of a combination of variables 

(electronic health records and Google Trends time series) can successfully predict flu 

incidence [333], while previous work has also included, apart from health and Google 

Trends data, also confounding parameters, like weather data [335], that could affect the 

development of the disease. Nevertheless, in epidemics, where historical data are not 

available, such analyses could be assisted by assigning weights on observations [335], as 

also suggested by recent work on the topic comparing forecasting methods (including 

ARIMA, Holt Winters, and multiple linear regressions), that indicate that smoothing (Holt 

Winters) performs well for forecasting aspects related to the COVID-19 pandemic.  

Over the years, the use of Internet sources in general and Google Trends in specific, 

especially after the lack of success of the Google Flu Trends project, has been the case of 

controversial discussions. However, this is quite common for new/emerging research 

topics, especially in cases like Google Trends, where discussion about its potential success 

at its first stages exceeded what the first results had to exhibit in terms of immediate success 

and was therefore quickly negatively judged. For example, in syndromic surveillance, that 

uses a combination of clinical and non-clinical (alternative) data for early disease detection 

and spread minimization, it has been indicated that such alternative sources, including 

Internet sources (and Google Trends data), can present crucial issues for the analysis, 

influenced by factors that cannot be predicted or quantified, and could potentially be 
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irrelevant to the topic in interest [337]. However, it is suggested that optimal approaches 

may be the ones incorporating data from a variety of sources [337], which is also supportive 

of several approaches so far in the topic of infectious diseases syndromic surveillance 

methods using Internet data [338].  

Research on the topic is still relatively young and constantly evolving, and, despite 

shortcomings, like the case in every new research area, Big Data in health informatics have 

come a long way over the past decade and have indicated very promising results. 

Nevertheless, and as mentioned in the Asthma [C] and Infectious Diseases [F] papers, 

multidisciplinary approaches combining traditional data with Big Data [240, 326, 335, 339] 

can further explore the potential that real time assessment can provide. In sense, future 

research in forecasting infectious diseases should incorporate different methods, data 

sources, and structures [335], to take full advantage of what such combinations can offer. 

As noted by Vandenbroucke et al. [215], in public health decision making, the value of 

causal inference theory is evident, as it is essential that all available evidence is considered; 

however also indicating the need for “pluralistic views of causality” and its assessment 

[215]. 
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6. Thesis Contribution 
 

This Thesis has suggested that the monitoring of search traffic data from Google can help 

improve our understanding and analysis of online behavior and behavioral changes and 

patterns towards diseases and health topics. The collection of the Thesis’ publications 

closely follows the IMRD structure, i.e., consisting of an introductory paper dealing with 

systematically reviewing the relative literature, methods, and approaches; one methodology 

paper outlining the available features and proposing the appropriate procedure for data 

collection; and six research papers in using Google Trends data in various contexts and 

diseases/conditions, while the Context Chapter summarizes and analyzes several aspects, 

collective findings, and limitations that could not be part of the papers. Based on the above, 

the synthesis of this Chapter along with the publications, forms a coherent and structured 

approach of the examined topic.  

The collective contribution of this thesis to the international literature can be 

summarized as follows. The Review [A] and Methodology [B] papers have a significant 

novel contribution to the progressing of infodemiology and infoveillance research using 

Google Trends data. The former provided an updated systematic reporting of Google 

Trends publications, along with a reporting and analysis of the employed tools and methods, 

and a quantitative identification of the gaps that acts as a guide for current and future 

research. The Methodology [B] paper was the first guide for the appropriate building and 

reporting of a sound Google Trends data collection methodology, so that results are not 

compromised, and has provided useful guidance for other researchers to follow. The 

research papers [C], [D], and [E], using methods or combinations of approaches identified 

in the Systematic Review paper [A] and in novel topics, have contributed to suggesting how 

to monitor the users’ online behavior and exploring if said data can be further employed for 

the prediction and nowcasting of seasonal conditions/diseases and outbreaks/epidemics, 

while [F] also provided specific cases and examples as to how to detect factors that affect 

the applicability using Google query data in health assessment. The two COVID-19 papers 

and with daily data being available, suggest novel approaches of monitoring epidemics, that 

further elaborate on the usefulness of Google Trends data in disease surveillance. 

Said publications have received over 1,300 citations in Google Scholar as of April 

2025. A detailed presentation of the contribution of the publications of this Thesis to the 

international literature in the topic in terms of citations, is presented in the Appendix.   
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7. Concluding Remarks - Future Research 
 

 

Using Internet sources in information epidemiology and disease surveillance is indicated to 

be of value over the past decade, and the results of this Thesis also point to this direction. 

Data sources cover a wide variety of tools, social media, platforms, websites, blogs, and 

search engines, while the studied topics vary from chronic or seasonal disease prevalence 

to nowcasting epidemics and outbreaks. Despite the limitations that arise when using online 

search traffic data, Google query data present benefits that can tackle several of the issues 

that arise with time-consuming traditional assessment methods and examine the users’ 

online behavioral patterns. The analysis of online search traffic data is universal, in the 

sense that Internet penetration has increased to a point where the majority of people have 

access to and use the world wide web, and querying is one of the most frequently used 

Internet features, and thus health informatics research benefits from the use of said sources. 

Empirical relationships have been shown to exist between Internet data and official 

data, with infodemiology using the vast amount of information available online for the 

assessment of public health and policy matters. Internet sources also have the benefit of the 

assessment of larger populations, in contrast to most traditional methods that are based on 

data retrieved from significantly smaller groups, as, for example, surveys. 

In order to take full advantage of the benefits of Google Trends data, a wide variety 

of approaches/analyses and studies are required. For example, exploring seasonal diseases 

or chronic conditions to increase awareness and the responsiveness of the health system, 

would benefit from the assessment per city or metropolitan area, as discussed in [C]. 

However, this can only be possible subject to official data intervals and availability, which 

are also very important for nowcasting outbreaks and epidemics. For the latter, as evident 

during the COVID-19 pandemic, Internet sources can actively participate in the procedure 

of tracking the spread of the disease and have been suggested to be valuable in also 

monitoring other aspects of the pandemic. 

Furthermore, there is a significant rise in publications from other (than Twitter) 

social media such as Facebook and Instagram. This could be showing the younger Internet 

users’ preferences in the use of social media and could be revealing a trend of the use of 

said platforms. Researchers in this field should closely follow any potential shifts in Internet 

usage along with the correspondence with age of users, to ensure -to the point that this is 
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possible with Web-based data- that the sample is representative, and that research aims 

change along with what is trending.  

As research on the subject is expanding very quickly and new researchers are getting 

involved in research in the topic, what is necessary is to focus on reviews (both systematic 

and scoping), to act as guides to both the experienced as well as new researchers. As the 

search by source yields many results, focus should be given to future reviews that focus not 

only in infodemiology and infoveillance in general, but also on source employed (e.g., 

systematic reviews on Facebook research), topic explored (e.g., cancer in infodemiology), 

and even more specific combination, i.e., source and topic/disease (e.g., mobile apps for 

asthma).  

What is also important, is the analysis of the methods that have been employed up 

till now. Though this has been addressed in review paper [A] of this Thesis, the period 

covered was until the end of 2016, and, since the large corpus of literature is after this point, 

a more in-depth categorization is needed, to further assess the successfulness and diversity 

of the new approaches over the years. Finally, though several papers with combination of 

sources exist, what the international literature lacks are studies aiming at combining 

infodemiology data, methods, and approaches, as identified in the Systematic Review paper 

[A]. This, however, this would require a higher number of researchers and resources. Apart 

from the required significant work towards the direction of exploring novel aspects and 

approaches of monitoring Internet data in digital epidemiology, it is essential that a unified 

methodology checklist and reporting for all Google Trends studies to follow is developed, 

to minimize incorrections and inconsistencies. 

Present results could have significant implications for effective policy making, 

while multidisciplinary analyses are crucial to understand the nature of the relationship 

between Internet and health data. Considering that policy makers are required, as in the case 

of the COVID-19 pandemic, to make important decisions during periods with chaotic 

conditions, it is vital to progress with a statistical understanding of Google Trends time 

series and the users’ behavior in accordance with its real determinants. In a sense, such 

approaches should not be strictly medical to estimate robust prediction models, rather than 

a combination of medical and non-medical parameters from several research fields, that 

also take into account the public’s awareness and online behavior towards the explored 

topics.  



 

 60 

 

 

 

 

Chapter 2: Publications 
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As mentioned in the Context Chapter, this Thesis consists of a portfolio of eight (8) 

interconnected published papers in the field of infodemiology and infoveillance using 

Google Trends data.  

 

[A] Mavragani A, Ochoa G, Tsagarakis KP. Assessing the Methods, Tools, and Statistical 

Approaches in Google Trends Research: Systematic Review. Journal of Medical 

Internet Research, 2018;20(11):e270 

 

[B] Mavragani A, Ochoa G (2019) Google Trends in Infodemiology and Infoveillance: 

Methodology Framework. JMIR Public Health and Surveillance, 2019;5(2):e13439 

 

[C] Mavragani A, Sampri A, Sypsa K, Tsagarakis KP. Integrating Smart Health in the US 

Health Care System: Infodemiology Study of Asthma Monitoring in the Google Era. 

JMIR Public Health and Surveillance, 2018;4(1):e24 

 

[D] Mavragani A & Ochoa G (2018) The Internet and the Anti-Vaccine Movement: 

Tracking the 2017 EU Measles Outbreak. Big Data and Cognitive Computing, 

2018;2(1):2 

 

[E] Mavragani A, Ochoa G. Forecasting AIDS Prevalence in the United States using Online 

Search Traffic Data. Journal of Big Data, 2018;5:17 

 

[F] Mavragani A, Ochoa G. Infoveillance of Infectious Diseases in USA: STDs, 

Tuberculosis, and Hepatitis. Journal of Big Data, 2018;5:30 

 

[G] Mavragani A. Tracking COVID-19 in Europe: Infodemiology Approach. JMIR Public 

Health and Surveillance, 2020;6(2):e18941 

 

[H] Mavragani A, Gkillas K. COVID-19 predictability in the United States using Google 

Trends time series. Scientific Reports, 2020;10:20693 

 

The Multimedia Appendices for [A], [B], and [C] can be found in the Appendix. 
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Abstract

Background: In the era of information overload, are big data analytics the answer to access and better manage available
knowledge? Over the last decade, the use of Web-based data in public health issues, that is, infodemiology, has been proven
useful in assessing various aspects of human behavior. Google Trends is the most popular tool to gather such information, and it
has been used in several topics up to this point, with health and medicine being the most focused subject. Web-based behavior
is monitored and analyzed in order to examine actual human behavior so as to predict, better assess, and even prevent health-related
issues that constantly arise in everyday life.
Objective: This systematic review aimed at reporting and further presenting and analyzing the methods, tools, and statistical
approaches for Google Trends (infodemiology) studies in health-related topics from 2006 to 2016 to provide an overview of the
usefulness of said tool and be a point of reference for future research on the subject.
Methods: Following the Preferred Reporting Items for Systematic Reviews and Meta-Analyses guidelines for selecting studies,
we searched for the term “Google Trends” in the Scopus and PubMed databases from 2006 to 2016, applying specific criteria for
types of publications and topics. A total of 109 published papers were extracted, excluding duplicates and those that did not fall
inside the topics of health and medicine or the selected article types. We then further categorized the published papers according
to their methodological approach, namely, visualization, seasonality, correlations, forecasting, and modeling.
Results: All the examined papers comprised, by definition, time series analysis, and all but two included data visualization. A
total of 23.1% (24/104) studies used Google Trends data for examining seasonality, while 39.4% (41/104) and 32.7% (34/104)
of the studies used correlations and modeling, respectively. Only 8.7% (9/104) of the studies used Google Trends data for
predictions and forecasting in health-related topics; therefore, it is evident that a gap exists in forecasting using Google Trends
data.
Conclusions: The monitoring of online queries can provide insight into human behavior, as this field is significantly and
continuously growing and will be proven more than valuable in the future for assessing behavioral changes and providing ground
for research using data that could not have been accessed otherwise.

(J Med Internet Res 2018;20(11):e270)   doi:10.2196/jmir.9366

KEYWORDS
big data; health assessment; infodemiology; Google Trends; medicine; review; statistical analysis

Introduction

Big data are characterized by the 8 Vs [1]: volume
(exponentially increasing volumes) [2], variety (wide range of
datasets), velocity (high processing speed) [3], veracity, value

[4,5], variability, volatility, and validity [1]. Big data have shown
great potential in forecasting and better decision making [1];
though handling these data with conventional ways is inadequate
[6], they are being continuously integrated in research [7] with
novel approaches and methods.
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The analysis of online search queries has been of notable
popularity in the field of big data analytics in academic research
[8,9]. As internet penetration is continuously increasing, the use
of search traffic data, social media data, and data from other
Web-based sources and tools can assist in facilitating a better
understanding and analysis of Web-based behavior and
behavioral changes [10].

The most popular tool for analyzing behavior using Web-based
data is Google Trends [11]. Online search traffic data have been
suggested to be a good analyzer of internet behavior, while
Google Trends acts as a reliable tool in predicting changes in
human behavior; subject to careful selection of the searched-for
terms, Google data can accurately measure the public’s interest
[12]. Google Trends provides the field of big data with new
opportunities, as it has been shown to be valid [13] and has been
proven valuable [14,15], accurate [16], and beneficial [17] for
forecasting. Therefore, great potential arises from using
Web-based queries to examine topics and issues that would
have been difficult or even impossible to explore without the
use of big data. The monitoring of Web-based activity is a valid
indicator of public behavior, and it has been effectively used in
predictions [18,19], nowcastings [20], and forecasting
[17,21,22].

Google Trends shows the changes in online interest for time
series in any selected term in any country or region over a
selected time period, for example, a specific year, several years,
3 weeks, 4 months, 30 days, 7 days, 4 hours, 1 hour, or a
specified time-frame. In addition, different terms in different
regions can be compared simultaneously. Data are downloaded
from the Web in “.csv” format and are adjusted as follows:
“Search results are proportionate to the time and location of a
query: Each data point is divided by the total searches of the
geography and time range it represents, to compare relative
popularity. Otherwise places with the most search volume would
always be ranked highest. The resulting numbers are then scaled
on a range of 0 to 100 based on a topic’s proportion to all
searches on all topics. Different regions that show the same
number of searches for a term will not always have the same
total search volumes ” [23].

Healthcare is one of the fields in which big data are widely
applied [24,25], with the number of publications in this field
showing a high increase [26]. Researchers have placed a
significant focus on examining Web-based search queries for
health and medicine related topics [27]. Data from Google
Trends have been shown to be valuable in predictions, detection
of outbreaks, and monitoring interest, as detailed below, while
such applications could be analyzed and evaluated by
government officials and policy makers to deal with various
health issues and disease occurrence.

The monitoring and analysis of internet data fall under the
research field of infodemiology, that is, employing data collected
from Web-based sources aiming at informing public health and
policy [28]. These data have the advantage of being real time,
thus tackling the issue of long periods of delay from gathering
data to analysis and forecasting. Over the past decade, the field
of infodemiology has been shown to be highly valuable in
assessing health topics, retrieving web-based data from, for

example, Google [29,30], Twitter [31-34], social media [35,36],
or combinations of ≥2 Web-based data sources [37,38].

As the use of Google Trends in examining human behavior is
relatively novel, new methods of assessing Google health data
are constantly arising. Up to this point, several topics have been
examined, such as epilepsy [39,40], cancer [41], thrombosis
[42], silicosis [43], and various medical procedures including
cancer screening examinations [44,45], bariatric surgery [46],
and laser eye surgery [47].

Another trend rising is the measurement of the change in interest
in controversial issues [48,49] and in drug-related subjects, such
as searches in prescription [50] or illicit drugs [51,52]. In
addition, Google Trends data have been used in examining
interest in various aspects of the health care system [53-55].

Apart from the above, Google Trends data have also been useful
in measuring the public’s reaction to various outbreaks or
incidents, such as attention to the epidemic of Middle East
Respiratory Syndrome [56], the Ebola outbreak [57], measles
[58], and Swine flu [59], as well as the influence of media
coverage on online interest [60]. Google queries for the
respective terms have been reported to increase or peak when
a public figure or celebrity is related [61-65].

Google Trends has also been valuable in examining seasonal
trends in various diseases and health issues, such as Lyme
disease [66], urinary tract infection [67], asthma [30], varicose
vein treatment [68], and snoring and sleep apnea [69].
Furthermore, Deiner et al [70] showed that indeed there exists
the same seasonality in Google Trends and clinical diagnoses.
What has also been reported is that seasonality in Google
searches on tobacco is correlated with seasonality in Google
searches on lung cancer [71], while online queries for allergic
rhinitis have the same seasonality as in real life cases [72]. Thus,
we observe that, apart from measuring public interest, Google
Trends studies show that the seasonality of online search traffic
data can be related to the seasonality of actual cases of the
respective diseases searched for.

As mentioned above, Google queries have been used so far to
examine general interest in drugs. Taking a step further, Schuster
et al [73] found a correlation between the percentage change in
the global revenues in Lipitor statin for dyslipidemia treatment
and Google searches, while several other studies have reported
findings toward this direction, that is, correlations of Web-based
searches with prescription issuing [74-76]. The detection and
monitoring of flu has also been of notable popularity in health
assessment. Data from Google Flu Trends have been shown to
correlate with official flu data [77,78], and Google data on the
relevant terms correlate with cases of influenza-like illness [79].

In addition, online search queries for suicide have been shown
to be associated with actual suicide rates [80,81], while other
examples indicative of the relationship between Web-based data
and human behavior include the correlations between official
data and internet searches in veterinary issues [82], sleep
deprivation [83], sexually transmitted infections [84],
Ebola-related searches [85], and allergies [86,87].

Furthermore, Zhou et al [88] showed how the early detection
of tuberculosis outbreaks can be improved using Google Trends
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data; while suicide rates and Google data seem to be related,
the former are suggested to be a good indicator for developing
suicide prevention policies [89]. In addition, methamphetamine
criminal behavior has been shown to be related to meth searches
[90]. Finally, recent research on using Google Trends in
predictions and forecasting include the development of
predictive models of pertussis occurrence [91], while online
search queries have been employed to forecast dementia
incidence [92] and prescription volumes in ototopical antibiotics
[93].

Given the diversity of subjects that Google Trends data have
been used up for until this point to examine changes in interest
and the usefulness of this tool in assessing human behavior, it
is evident that the analysis of online search traffic data is indeed
valuable in exploring and predicting behavioral changes.

In 2014, Nuti et al [27] published a systematic review of Google
Trends research including the years up to 2013. This review
was of importance as the first one in the field, and it reported
Google Trends research up to that point. The current review
differs from Nuti et al’s in two ways. First, it includes 3 more

full years of Google Trends research, that is, 2014, 2015, and
2016, which account for the vast majority of the research
conducted in this field for the examined period based on our
selection criteria. Second, while the first part of our paper is a
systematic review reporting standard information, that is,
authors, country, region, keywords, and language, the second
part offers a detailed analysis and categorization of the methods,
approaches, and statistical tools used in each of this paper. Thus,
it serves as a point of reference in Google Trends research not
only by subject or topic but by analysis or method as well.

Methods

The aim of this review was to include all articles on the topics
of health and medicine that have used Google Trends data since
its establishment in 2006 through 2016. We searched for the
term “Google Trends” in the Scopus [94] and PubMed [95]
databases from 2006 to 2016, and following the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses
guidelines (Figure 1), the total number of publications included
in this review was 109.
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Figure 1. Preferred Reporting Items for Systematic Reviews and Meta-Analyses flow diagram of the selection procedure for including studies.

First, we conducted a search in Scopus for the keyword “Google
Trends” in the “Abstract-Title-Keywords” field for “Articles,”
“Articles in press,” “Reviews,” and “Conference papers” from
2006 to 2016. Out of the available categories, we selected
“Medicine,” “Biochemistry Genetics and Molecular Biology,”
“Neuroscience,” “Immunology and Microbiology,”
“Pharmacology, Toxicology, and Pharmaceuticals,” “Health
Profession,” “Nursing,” and “Veterinary.” The search returned
102 publications. Second, we searched for the keyword “Google
Trends” in PubMed from 2006 to 2016, which provided a total
of 141 publications. Excluding the duplicates, which numbered
84 in total, 159 publications met our criteria. Excluding the ones
that did not match the criteria for article type (10 publications)
and the ones that did not fall inside the scope of health and
medicine (40 publications), a total of 109 studies were included
in this review. Note that 5 studies were written in a language
other than English and were therefore not included in the

quantitative part or in the detailed analysis of the methods of
each study. Figure 2 depicts the number of publications by year
from 2009 to 2016: 2 in 2009, 3 in 2010, 2 in 2011, 1 in 2012,
12 in 2013, 21 in 2014, 28 in 2015, and 40 in 2016.

The selected studies are further analyzed according to their
methodologies, and the gaps, advantages, and limitations of the
tool have been discussed so as to assist in future research. Thus,
we provide a more detailed categorization of the examined
papers according to the main category that they belong to, that
is, visualization and general time series analysis, seasonality,
correlations, predictions or forecasting, modeling, and statistical
method or tool employed. Note that a study can fall into >1
category. The categorization by individual medical field is not
applicable due to the high number of individual topics. Table
1 consists of the description of each parameter used to classify
each study.
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Figure 2. Google Trends' publications per year in health-related fields from 2009 to 2016.

Table 1. Description of the parameters used for classification.

DescriptionParameter

Includes the surname of the authors, date of publication, and link to the reference list (eg, Smith et al, 2016 [57]).Authors

Refers to the time-frame for which Google Trends data were retrieved and used in the study (eg, 2004-2015).Period

Refers to the country or countries or region (eg, USA; Worldwide; Oceania) that Google Trends data were extracted for.Region

Refers to the language in which the Google Trends search was conducted (eg, search for the Italian word Si).Language

Basic keywords are included in this category, mostly referring to the health topic examined and important keywords used to
describe it.

Keywords

Includes any form of visualization, that is, figures, maps, and screenshots (eg, screenshots of the Google Trends website).Visualization (V)

Studies that have explored the seasonality of the respective topic are included.Seasonality (S)

Studies that have examined correlations are included in this category. Correlations may be between Google Trends data and
official data, among Google Trends time series, or between Google Trends and other Web-based sources’ time series.

Correlations (C)

This category includes studies that conducted forecasting of either Google Trends time series or diseases, outbreaks, etc, using
Google Trends data, independent of the method used.

Forecasting (F)

Studies in this category conducted some form of modeling using Google Trends data.Modeling (M)

This category includes the studies that used statistical tools or tests, eg, t test. Tools and methods for statistical modeling, (eg,
regression), are not included in this category but only in the category of Modeling.

Statistical Tools (St)
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Results

Multimedia Appendix 1 consists of the first classification of the
selected studies [27,39-57,59-93,96-144]; there are 104 in total,
as the studies of Kohler et al [145], Orellano et al [146], Cjuno
et al [147], Tejada-Llacsa [148], and Yang et al [149] are written
in German, Spanish, or Chinese, and thus are not included in
the more detailed categorization and analysis.

All the examined papers involve, by definition, time series
analysis, and almost all include some form of visualization.
Only 8.7% (9/104) studies used Google Trends data for
predictions and forecasting, and 23.1% (24/104) used them for
examining seasonality, while correlations and modeling were
performed in 39.4% (41/104) and 32.7% (34/104) studies,
respectively. As the category of forecasting and predictions
exhibits the least number of studies, it is evident that a gap exists
in the literature for forecasting using Google Trends in health
assessment.

As is evident in Multimedia Appendix 1, Google queries have
been employed up to this point in many countries and several
languages. Figure 3 shows a worldwide map by examined
country for assessing health and medicine related issues using
Google Trends data up to 2016. Worldwide, the studies that
explore topics related to the respective terms number 23 in total.
As far as individual countries are concerned, US data have been
employed in the most (60) studies, while other countries that
have been significantly examined include the United Kingdom
(15), Australia (13), Canada (9), Germany (8), and Italy (7).

The four most examined countries are English-speaking ones.
The reasons for this could include that Google Trends, though
not case-sensitive, does take into account accents and spelling
mistakes; therefore, for countries with more complicated
alphabets, the analysis of Web-based data should be more
careful. In addition, other factors that could play a significant
role and are taken into account when choosing the countries to

be examined using online search traffic data are the availability
of official data, the openness of said data, any internet
restrictions or monitoring in countries with lower scores in
freedom of press or freedom of speech, and internet penetration.

The rest of the analysis consists of the further breaking down
of the initial categorization to include the respective methods
that were used for examining seasonality, correlations,
forecasting, and performing statistical tests and estimating
models, along with a concise introduction to each of these
methods and how they were used to assess health issues.

Table 2 shows the methods used to explore seasonality; Tables
3 and 4 present the methods used to examine correlations and
perform predictions and forecasting, respectively. Finally, Tables
5 and 6 list the modeling methods and other statistical tools
employed in health assessment using Google Trends.

The most popular way to explore seasonality is to use visual
evidence and examine and discuss peaks, as shown in Table 2.
Furthermore, several studies have used cosinor analysis
[8,69,134,138,142], which is a time series analysis method for
seasonal data using least squares.

Apart from seasonality [122], analysis of variance (ANOVA)
has been also used for geographical comparisons between
regions or countries [49,51,68,93] and between differences in
monthly data [41]. It is a test used for examining if significant
differences between means exist. In the case of 2 means, t test
is the equivalent to ANOVA.

The Kruskal-Wallis test is also a popular method for examining
seasonality using Google Trends [57,68,113]. It is a
nonparametric, independent of distribution test, for continuous
as well as ordinal-level dependent variables, employed when
the one-way ANOVA assumptions do not hold, that is, for
examining statistically significant differences between ≥3
groups. It uses random sample with independent observations,
with the dependent variable being at least ordinal.

Figure 3. Countries by number of Scopus and PubMed publications using Google Trends.
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Other methods of exploring seasonality include the
nonparametric tests (independent of distribution) Wilcoxon
signed rank [18,113] and Mann-Whitney U test [67], which are
used for comparing data in different seasons or time periods
when the equivalent parametric t tests cannot be used. The latter
has been also used by some studies to compare weekly data
[105] and differences among regions [113].

For examining correlations (Table 3), the vast majority of the
studies used the Pearson correlation coefficient, which examines
the strength of association between 2 quantitative, continuous
variables, employed when the relationship is linear. The
Spearman rho (rank-order) correlation, the second most used
method, is the nonparametric version of the Pearson correlation,
has also been used to explore seasonality between time series
[70]. Spearman correlation coefficient (denoted by ρ or rs)
measures the levels to which 2 ranked variables (ordinal,
interval, or ratio) are related to each other.

Cross-correlations are used for examining the relationship of 2
time series, while simultaneously exploring if the data are
periodic. It is often employed in correlating Google Trends data
with observed data [50,82,90,135] and between different Google
search terms [80], while it can be also used for examining linear
and temporal associations of seasonal data [71].
Cross-correlations have been also used in forecasting, where
Wang et al [92] showed that cross-correlations of new dementia
cases with Google Trends data can assist with the forecasting
of dementia cases, and Solano et al [80] forecasted the suicide
rates 2 years ahead using Google queries. The autocorrelations
are basically cross-correlations for one time series, that is, a
time series cross-correlated with itself.

The Kendall’s tau-b test correlation coefficient is a
nonparametric alternative to Pearson and Spearman correlations
and is used to measure the strength and direction of the
relationship between 2 (at least ordinal) variables. It has been
employed by 1 study [138] to examine the correlations between
Google Trends data and the results of a paper interview survey.

The Spearman-Brown prediction (or prophecy) formula is used
to predict how reliable the test is after changing its length. It
has also been employed by only 1 study [65] to explore the
relationship between railway suicide and Google hits.

The generalized linear model estimates the linear relationship
between a dependent and ≥1 independent variables. It was used
by Domnich et al [79] to predict influenza-like illness morbidity,
with the exploratory variables being “Influenza,” “Fever,” and
“Tachipirin search volumes,” along with the Holt-Winters
method and the autoregressive moving average process for the
residuals. Holt-Winters is a method employed in exploring the
seasonality in time series, and for predictions, the autoregressive
moving average (also called the Box-Jenkins model) is a special
case of the autoregressive integrated moving average, used for
the analysis of time series and predictions.

Autoregressive integrated moving average is a commonly used
method for time series analysis and predictions
[55,63,86,92,141], the latter having also been assessed by linear
regressions and modeling [88,91]. Multivariable regressions
are used to estimate the relationship of ≥2 independent variables
with a dependent one. In Google Trends, they have been used
to relate Ebola searches, reported cases, and the Human
Development Index [85] and to study the relationship between
climate and environmental variables and Google hits [125].

Hierarchical linear modeling is a regression of ordinary least
squares that is employed to analyze hierarchically structured
data, that is, units that are grouped together, and it has been
employed by 1 study so far [83].

The Mann-Kendall test, which is the nonparametric alternative
test to the independent sample, has been used to show the
statistical differences of peaks [43] and to detect trends [140].
Finally, the t test is used to compare 2 sample means of the same
population, and it has been employed for comparing Google
searches with the baseline period [105] and to examine the
statistical differences of peaks [41].
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Table 2. Methods for exploring seasonality with Google Trends in health assessment.

DescriptionMethodAuthorsNumber

To test the seasonality of Google Trends data in the examined
countries

Morlet Wavelet AnalysisBakker et al, 2016 [96]1

N/AaVisual evidenceBraun and Harreus, 2013 [104]2

N/ASeasonal peaksCrowson et al, 2016 [93]3

Correlating the seasonality of clinical diagnoses with Google
Trends data

Spearman correlationDeiner et al, 2016 [70]4

To show seasonality for different monthsKruskal-Wallis testEl-Sheikha, 2015 [113]5

Variability in outcomes (supported also from a comparison
with searches in Australia)

Least-squares sinusoidal modelGarrison et al, 2015 [116]6

Seasonal (monthly) comparisonsKruskal-Wallis testHarsha et al, 2014 [68]7

Seasonal (monthly) comparisonsKruskal-Wallis testHarsha et al, 2015 [119]8

To examine seasonal variations across symptomsPearson correlationHassid et al, 2016 [120]9

To test the seasonal variation of the normalized Google Trends
data; to compare the seasonal increase among the examined
countries

Cosinor analysis; analysis of varianceIngram and Plante, 2013 [122]10

To test the seasonal variation of the normalized Google Trends
data

Cosinor analysisIngram et al, 2015 [69]11

N/AVisual observationKang et al, 2015 [72]12

Showing correlations among the 4 seasons for the 39 examined
terms

CorrelationsLeffler et al, 2010 [125]13

Seasonality explained the searches significantly better with
an F-test

Seasonal model and a null modelLiu et al, 2016 [127]14

Visual interpretation for exploring seasonal peaksCorrelograms (autocorrelations plots)Phelan et al, 2016 [133]15

To test the seasonal variation of the normalized Google Trends
data

Cosinor analysisPlante and Ingram, 2014 [134]16

Comparison of summer vs winter hits; evaluation of seasonal-
ity

Mann-Whitney U test; Harmonic
Product Spectrum

Rossignol et al, 2013 [67]17

N/AVisual evidenceSeifter et al, 2010 [66]18

To test the seasonal variations of the Google Trends dataCosinor analysisSentana-Lledo et al, 2016 [138]19

N/AVisual evidenceTakada, 2012 [139]20

To explore differences between winter and summerTwo-way Wilcoxon signed rank testTelfer and Woodburn, 2015 [140]21

To identify differences in seasonality between countriesVisual evidence; cosinor analysisToosi and Kalia, 2015 [142]22

N/AVisual evidenceWillson et al, 2015 [86]23

To study the periodograms; to extract seasonal componentsPeriodograms; ideal pass filterZhang et al, 2015 [71]24

aN/A: not applicable.

Many studies have employed Google Trends for visualizing the
changes in online interest or discussing peaks and spikes
[60,62,123,124]. Brigo and Trinka [40] and Brigo et al [39]
have studied the search volumes for related terms, Chaves et al
[109] and Luckett et al [128] have explored terms related to the
studied topic, and Davis et al [110] have examined related
internet searches. Other approaches include the reporting of the
polynomial trend lines [46] and investigation of statistically
significant differences in yearly increases [119]. In addition,
“Google Correlate” has been used to explore related terms
[91,138].

Finally, several studies have used other sources of big data,
namely, Google News [43,63,80], Twitter [43,54,61,63,108],
Yandex [52], Baidu [121], Wikipedia [43,63], Facebook and
Google+ [54], and YouTube [43,54,63]. Google is the most
popular search engine. However, other Web-based sources are
used or even preferred to Google in some regions; therefore,
many studies use data from these sources to examine general
interest in the respective subjects, compare them to Google
Trends data, or use them together as variables.
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Table 3. Methods of exploring correlations using Google Trends in health assessment.

DescriptionMethodAuthorsNumber

Ebola-related Google Trends data with Ebola casesPearson correlationAlicino et al, 2015 [85]1

Suicide search activity vs official suicide rates (and per age)Spearman correlationArora et al, 2016 [81]2

Between Google Trends data and reported casesCorrelationsBakker et al, 2016 [96]3

Between Google Trends data and epidemiological dataPearson correlationBragazzi et al, 2016 [99]4

For the time series for multiple sclerosis (MS); between MS
terms

Autocorrelation; Pearson correlationBragazzi, 2013 [98]5

To compute correlation of the time series with its own valuesAutocorrelation; Partial Autocorrela-
tion

Bragazzi et al, 2016 [101]6

Status epilepticus terms with etiology and management related
terms

Pearson correlationBragazzi et al, 2016 [102]7

Google searches for Silicosis with Normalized Google News,
Google Scholar, PubMed Publications, Twitter traffic,
Wikipedia

Pearson correlationBragazzi et al, 2016 [43]8

Among Google Trends data and other data generating sourcesPearson correlationBragazzi et al, 2016 [63]9

Nonsuicidal self-injury and related terms; nonsuicidal self-
injury plots showed regular cyclical pattern

Pearson correlation; autocorrelation
and partial autocorrelation

Bragazzi, 2014 [103]10

Among Google Trends data for noncigarette tobacco and
prevalence

Pearson correlationCavazos-Regh et al, 2015 [107]11

Google flu-related queries with surveillance data for different
influenza seasons

Pearson correlationCho et al, 2013 [78]12

Between the selected keywords. Between medical prescriptions
data and Google Trends data

Pearson correlationCrowson et al, 2016 [93]13

For correlating seasonality of clinical diagnoses with Google
Trends data

Spearman correlationDeiner et al, 2016 [70]14

Among the examined search terms and influenza-like illnessPearson correlationDomnich et al, 2015 [79]15

For search volumes; for the search volumes for cancer; for the
weekly search volumes between countries

Rank correlations; cross-country corre-
lations; Pearson correlations

Foroughi et al, 2016 [115]16

Among annual prescription volumes and Google Trends dataPearson correlationGahr et al, 2015 [75]17

Cross-correlations between search volumes and crime statisticsCross-correlationsGamma et al, 2016 [90]18

To relate health insurance ratesMultinomial Logit ModelsGollust et al, 2016 [117]19

Correlating the examined search terms with notifications of
tick paralysis cases record; with lag values from −7 to +7
months

Spearman correlation; cross-correlationGuernier et al, 2016 [82]20

Between Google Trends data and National Inpatient Sample
data

Pearson correlationHassid et al, 2016 [120]21

Pearson correlations to explore the relation of Google Trends
data and sexually transmitted infection reported rates

Pearson correlationJohnson et al, 2014 [84]22

To explore the association of (and among) search terms with
surveillance data

Pearson correlationKang et al, 2013 [77]23

Google Trends data for allergic rhinitis and related Google
Trends terms and real world epidemiologic data for the United
States

Spearman correlationKang et al, 2015 [72]24

To explore relations among Google Trends data and railway
suicides

Spearman-Brown correlationKoburger et al, 2015 [65]25

Between disease prevalence and Google Trends dataPearson correlationLing and Lee, 2016 [126]26

Between Google Trends data and published papers and Google
Trends data with prescriptions

Pearson correlationMavragani et al, 2016 [76]27

To examine if there is significant correlation between searches
and time

Linear RegressionPhelan et al, 2016 [133]28
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DescriptionMethodAuthorsNumber

Between Google Trends data and number of alerts published
by ProMED mail and the number of Disease Outbreak News
published by the World Health Organization

Pearson correlationPoletto et al, 2016 [56]29

To shortlist related search terms to pertussisPearson correlationPollett et al, 2015 [91]30

For the diseases examined; correlations between diseases and
the investigated search metrics; to identify best lags

Spearman rank correlations; Spearman
correlation; cross-correlations

Rohart et al, 2016 [135]31

Between Google Trends data and the number of confirmed
cases of Middle East Respiratory Syndrome and for quaran-
tined cases of Middle East Respiratory Syndrome

Spearman correlationShin et al, 2016 [137]32

Between Respiratory Syncytial Virus and Behavioral Risk
Factor Surveillance System prevalence data for 5 cancer
screening tests

Pearson correlationSchootman et al, 2015 [45]33

Lipitor Google Trends data and Lipitor revenuesCorrelationsSchuster et al, 2010 [73]34

To explore the correlation of Google Trends data with paper
interview survey results

Kendall’s Tau-b testSentana-Lledo et al, 2016 [138]35

Between Google Trends data for drugs and drug utilization,
to see changes in search volumes following knowledge events

Cross-correlationsSimmering et al, 2014 [50]36

Between Google Trends data for suicide and national suicide
rates; between different search terms

Correlations; cross-correlationsSolano et al, 2016 [80]37

Between Google Trends data and new dementia casesPearson correlationWang et al, 2015 [92]38

Between Google Trends data and observed data for aeroaller-
gens

Spearman correlationWillson et al, 2015 [86]39

To examine linear and temporal associations of the seasonal
data

Cross-correlationsZhang et al, 2015 [71]40

To study pairwise comparisons among searches for different
terms in Google Trends

Pearson correlationZhang et al, 2016 [51]41

Table 4. Forecasting and predictions using Google Trends in health assessment.

DescriptionMethodAuthorsNumber

For forecasting chicken poxforce of infection, that is, monthly per
capita rate of infection of children 0-14

Statistical modelBakker et al, 2016 [96]1

Query-based models to predict influenza-like illness morbidity, with
the exploratory variables: Influenza, Fever, Tachipirin; compared
for forecasting power with Holt-Winters based on the real data (hold
out set)

Generalized least squares (maximum
likelihood estimates); Holt-Winters

Domnich et al, 2015 [79]2

For forecasting deaths for 1 year in advance (2015)Statistical modelParker et al, 2016 [132]3

Tested the predicted model with a left-out dataset for prediction ac-
curacy

Prediction modelPollett et al, 2015 [91]4

To forecast with 1 or 2 weeks stepLinear modelsRohart et al, 2016 [135]5

Forecasting for suicides for 2 years without data (2013-14) based
on Google Trends data of those years

Cross-CorrelationsSolano et al, 2016 [80]6

To investigate forecasting with lags of 0-12 monthsCross-CorrelationsWang et al, 2015 [92]7

To predict Respiratory Syncytial Virus for “dabbing”Autoregressive Moving AverageZhang et al, 2016 [51]8

To provide real time estimations by correcting the forecasting with
the new morbidity data when published

Dynamic modelZhou et al, 2011 [88]9
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Table 5. Statistical modeling using Google Trends in health assessment.

DescriptionMethodAuthorsNumber

For relating Ebola Google Trends data, number of Ebola Cases,
and the Human Development Index

Multivariate regressionAlicino et al, 2015 [85]1

For forecasting chicken poxforce of infection, that is, monthly per
capita rate of infection

Statistical modelBakker et al, 2016 [96]2

Established social model for engaging a new behavior for Web-
based searching for flu terms

Maximum likelihood estimationBentley and Ormerod, 2009
[59]

3

Three levels: 3 Mondays, 6 years, 47 search termsHierarchical linear modelingBarnes et al, 2015 [83]

To confirm multiannual long-term trendsMultiple linear regressionBragazzi, 2013 [98]4

Query volume-based models to predict influenza-like illness mor-
bidity

Generalized linear model, autoregres-
sive moving average process

Domnich et al, 2015 [79]5

To show the global, regional, and country level interest for the
search term

Linear regressionEl-Sheikha, 2015 [113]6

Google Trends data as a variable in predicting loses in flightsMoving average, generalized linear
model

Fenichel et al, 2013 [114]7

Best fit combination of a straight line and a sinusoidSeasonal modelGarrison et al, 2015 [116]8

To relate health insurance ratesMultinomial logit modelsGollust et al, 2016 [117]9

Radiology residency interestARIMAaHaney et al, 2014 [55]10

Statistical justification of annual increase in search volumesLinear modelHarsha et al, 2014 [68]11

Statistical justification of annual increase in search volumes and
of the Web-based interest related to applications for interventional
radiology

Linear modelHarsha et al, 2015 [119]12

For studying the effect of climatic and environmental variables to
internet searches

Multivariable Linear RegressionsLeffler et al, 2010 [125]13

Fitted spline polynomial trend lines per time without statistical
reporting

Polynomial trend linesLinkov et al, 2014 [46]17

Best fit combination of a straight line and a sinusoidSeasonal modelLiu et al, 2016 [127]18

To adjust HealthMap to using Google Trends, model fitsLinear SmoothingMajumder et al, 2016 [129]19

To estimate the slope coefficient for changes in the magnitude of
the effect size of Google Trends data and media search increases

Linear RegressionNoar et al, 2013 [64]20

To build a model for forecasting deaths in each stateL1-regularization on Google TrendsParker et al, 2016[132]21

To estimate the relation between news reports and search activityLinear RegressionPhelan et al, 2014 [49]22

To examine if there is a significant correlation between searches
and time

Linear RegressionPhelan et al, 2016 [133]23

Prediction model for pertussis cases based on Google Trends data
of the most related terms

Linear RegressionPollett et al, 2015 [91]24

To forecast with 1 or 2 weeks stepLinear modelsRohart et al, 2016 [135]25

Google Trends data is a measure of awareness, along with other
sources

Epidemic modelScatà et al, 2016 [136]26

Google Trends data for the examined drugs, Google Trends data
and changes in annual revenues, and Google Trends data vs re-
source utilization

Generalized Linear modelsSchuster et al, 2010 [73]27

To examine differences in queriesRegression Fit LinesStein et al, 2013 [47]28

Figures 4, 6 and 8; regression-based decomposition of the time
series for the search terms

Visual decomposition; local regressionTelfer and Woodburn, 2015
[140]

29

To account for dependency between data points in time series for
“quit smoking” searches

ARIMATroelstra et al, 2016 [141]30

To quantify the effect of the observed (pollen) counts with the
levels of search activity

ARIMAWillson et al, 2015 [86]31
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DescriptionMethodAuthorsNumber

To quantify the effect of the observed (pollen) counts with the
levels of search activity

ARIMAWillson et al, 2015 [87]32

To predict influenza-like illnessPrediction model (ARGOb)Yang et al, 2015 [144]33

For forecasting tuberculosis incidents using Google Trends dataDynamic ModelingZhou et al, 2011 [88]34

aARIMA: autoregressive integrated moving average.
bARGO: autoregression with Google search data.

Table 6. Statistical tests and tools using Google Trends in health assessment.

DescriptionMethodAuthorsNumber

To show the statistical difference of peaks from the remaining
period

Mann-Kendall testBragazzi et al, 2016 [43]1

To show increased web searches due to an event, and correct
seasonality

ARIMAaBragazzi et al, 2016 [63]2

For comparing searches with baseline period; for multiple
weekly data comparisons

Independent samples t test; Mann-
Whitney U test with Bonferroni correc-
tion

Campen et al, 2014 [105]3

To compare grouped geographical federal regions of the
United States (Northeast, Midwest, South, West)

ANOVAb (Post-hoc Tukey test)Crowson et al, 2016 [93]4

To study the change of interest at different time periods; to
compare Web-based interest between the Northern and
Southern hemispheres

Wilcoxon rank test; Mann-WhitneyEl-Sheikha, 2015 [113]5

To determine the amount of variability between annual pre-
scription volumes and Google search terms

Coefficients of determinationGahr et al, 2015 [75]6

For the comparisons of US regionsANOVA (Tukey-Kramer post hot test)Harsha et al, 2014 [68]7

To explore differences in months’ means per year; for the
statistical differences of peaks compared with the remaining
hits

ANOVA; t testMurray et al, 2016 [41]8

To test for nonstationarity of the time seriesAugmented Dickey-Fuller testsNoar et al, 2013 [64]9

To explore differences among countriesANOVAPhelan et al, 2014 [49]10

To assess prediction accuracyMean Square Error for PredictionRohart et al, 2016 [135]11

To detect trends significantly larger than the variance in the
data for search terms

Mann-Kendall trend testsTelfer and Woodburn, 2015 [140]12

Studied the effect of smoking cessation policies with ARIMA
interrupted time series modeling (Multimedia Appendix 1)

ARIMATroelstra et al, 2016 [141]13

To detect whether or not the extracted seasonal components
of the studied trends were stationary

Augmented Dickey-Fuller testZhang et al, 2015 [71]14

To examine the search interest for dabbing between groups
of legal status states in the United States

ANOVAZhang et al, 2016 [51]15

aARIMA: autoregressive integrated moving average.
bANOVA: analysis of variance.

Discussion

Principal Findings
With internet penetration constantly growing, users’ Web-based
search patterns can provide a great opportunity to examine and
further predict human behavior. In addressing the challenge of
big data analytics, Google Trends has been a popular tool in
research over the past decade, with its main advantage being

that it uses the revealed and not the stated data. Health and
medicine are the most popular fields where Google Trends data
have been employed so far to examine and predict human
behavior. This review provides a detailed overview and
classification of the examined studies (109 in total from 2006
through 2016), which are then further categorized and analyzed
by approach, method, and statistical tools employed for data
analysis.
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Figure 4. The four steps toward employing Google Trends for health assessment.

The vast majority of studies using Google Trends in health
assessment so far have included data visualization, that is,
figures, maps, or screenshots. As discussed in the analysis, the
most popular way of using Google Trends data in this field is
correlating them with official data on disease occurrence,
spreading, and outbreaks. The assessment of suicide tendencies
and (prescription or illegal) drug-related queries has been of
notably growing popularity over the course of the last years. As
is evident, the gap in the existing literature is the use of Google
Trends for predictions and forecasting in health-related topics
and issues. Though data on reported cases of various health
issues and the respective Google Trends data have been
correlated in a large number of studies, only a few have
proceeded with forecasting incidents and occurrences using
online search traffic data.

In research using Google Trends in health and medicine from
2006 to 2016, the ultimate goal is to be able to use and analyze
Web-based data to predict and provide insight to better assess
health issues and topics. The four main steps, based on the
presentation of the papers published up to this point in assessing
health using Google Trends, are as follows (Figure 4):

1. Measure the general Web-based interest.
2. Detect any variations or seasonality of Web-based interest,

and proceed with examining any relations between actual
events or cases.

3. Correlate Web-based search queries among them or with
official or actual data and events.

4. Predict, nowcast, and forecast health-related events,
outbreaks, etc.

Limitations
This review followed the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses guidelines for selecting
the examined papers from the Scopus and PubMed databases.

Though this includes the majority of papers published on the
topic from 2006 to 2016, the studies that are not indexed in
these databases or are not indexed based on the selection criteria
used in this review were not included in further analysis. In
addition, as is evident in Figure 2, research using Google Trends
data has shown a significant increase from each year to the next
since 2013. This review included studies published in Google
Trends research through 2016. However, there are several
studies published in 2017 and 2018 that are not included. This
review provides, at first, an overall description of each examined
study, which is standard review information. The second part
is a classification and assessment of the methodology, tools,
and results of each study. Though the first part mainly reports
what is included in the methodology of each study, the second
part could include a bias, as it is the authors’ assessment and
categorization of the methods employed based on the results
obtained after a very careful and thorough examination of each
individual study.

Conclusions
This review consists of the studies published from 2006 to 2016
on Google Trends research in the Scopus and PubMed databases
based on the selected criteria. The aim of this review was to
serve as a point of reference for future research in health
assessment using Google Trends, as each study, apart from the
basic information, for example, period, region, language, is also
categorized by the method, approach, and statistical tools
employed for the analysis of the data retrieved from Google
Trends. Google Trends data are being all the more integrated
in infodemiology research, and Web-based data have been
shown to empirically correlate with official health data in many
topics. It is thus evident that this field will become increasingly
popular in the future in health assessment, as the gathering of
real time data is crucial in monitoring and analyzing seasonal
diseases as well as epidemics and outbreaks.
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Abstract
Internet data are being increasingly integrated into health informatics research and are becoming a useful tool for exploring human
behavior. The most popular tool for examining online behavior is Google Trends, an open tool that provides information on trends
and the variations of online interest in selected keywords and topics over time. Online search traffic data from Google have been
shown to be useful in analyzing human behavior toward health topics and in predicting disease occurrence and outbreaks. Despite
the large number of Google Trends studies during the last decade, the literature on the subject lacks a specific methodology
framework. This article aims at providing an overview of the tool and data and at presenting the first methodology framework in
using Google Trends in infodemiology and infoveillance, including the main factors that need to be taken into account for a strong
methodology base. We provide a step-by-step guide for the methodology that needs to be followed when using Google Trends
and the essential aspects required for valid results in this line of research. At first, an overview of the tool and the data are presented,
followed by an analysis of the key methodological points for ensuring the validity of the results, which include selecting the
appropriate keyword(s), region(s), period, and category. Overall, this article presents and analyzes the key points that need to be
considered to achieve a strong methodological basis for using Google Trends data, which is crucial for ensuring the value and
validity of the results, as the analysis of online queries is extensively integrated in health research in the big data era.

(JMIR Public Health Surveill 2019;5(2):e13439)   doi:10.2196/13439

KEYWORDS
big data; health; infodemiology; infoveillance; internet behavior; Google Trends

Introduction
The use of internet data has become an integral part of health
informatics over the past decade, with online sources becoming
increasingly available and providing data that can be useful in
analyzing and predicting human behavior. This use of the
internet has formed two new concepts: “Infodemiology,” first
defined by Eysenbach as “the science of distribution and
determinants of information in an electronic medium,
specifically the Internet, or in a population, with the ultimate
aim to inform public health and public policy” [1], and
“Infoveillance,” defined as “the longitudinal tracking of
infodemiology metrics for surveillance and trend analysis” [2].

The main limitation of validating this line of research is the
general lack of openness and availability of official health data.
Data collection and analysis of official health data on disease
occurrence and prevalence involve several health officials and
can even take years until the relevant data are available. This
means that data cannot be accessed in real time, which is crucial
in health assessment. In several countries, official health data
are not publicly available, and even in countries where data are
available, they usually consist of large time-interval data (eg,
annual data), which makes the analysis and forecasting of
diseases and outbreaks more difficult.

Nevertheless, data from several online sources are being widely
used to monitor disease outbreaks and occurrence, mainly from
Google [3-7] and social media [8-12]. Twitter has become
increasingly popular over the past few years [13-19], while
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several other studies have combined data from different online
sources such as Facebook and Twitter [20] or Google, Twitter,
and electronic health records [21].

Currently, the most popular tool in addressing health issues and
topics with the use of internet data is Google Trends [22], an
open online tool that provides both real-time and archived
information on Google queries from 2004 on. The main
advantage of Google Trends is that it uses the revealed and not
stated users’ preferences [23]; therefore, we can obtain
information that would be otherwise difficult or impossible to
collect. In addition, as data are available in real time, it solves
issues that arise with traditional, time-consuming survey
methods. Another advantage is that, as Web searches are
performed anonymously, it enables the analysis and forecasting
of sensitive diseases and topics, such as AIDS [24], mental
illnesses and suicide [25-27], and illegal drugs [28,29].

Despite the limitations of data from traditional sources and
owing to the fact that online data have shown to be valuable in
predictions, the combination of traditional data and Web-based
data should be explored, as the results could provide valid and
interesting results. Over the past few years, the diversity of
online sources used in addressing infodemiology topics is
increasing. Indicative recent publications of online sources and
combinations of sources are presented in Table 1.

As discussed above, many studies have used Google Trends
data to analyze online behavior toward health topics and to
forecast prevalence of diseases. However, the literature lacks a
methodology framework that provides a concise overview and
detailed guidance for future researchers. We believe such a
framework is imperative, as the analysis of online data is based
on empirical relationships, and thus, a solid methodological
basis of any Google Trends study is crucial for ensuring the
value and validity of the results.

Table 1. Recent indicative infodemiology studies.

Other
search
engines
(Baidu)

Databases,
electronic
health
records

Blogs, forums,
news outlets,
Wikipedia

Other social
media (eg,
YouTube)

FacebookTwitterGoogle
Trends

KeywordsAuthor(s)

✓Drug treatmentAbdellaoui et al [30]

✓Tobacco waterpipeAllen et al [31]

✓Herpes, VaccinationBerlinger et al [32]

✓Plague, MadagascarBragazzi and
Mahroum [33]

✓Zika epidemicChen et al [18]

✓CancerForounghi et al [34]

✓PertussisGianfredi et al [35]

✓Psychological analysis, AutismHswen et al [36]

✓CancerJones et al [37]

✓InfluenzaKandula et al [38]

✓✓✓Bowel disease, Pregnancy, Medica-
tion

Keller et al [39]

✓AsthmaMavragani et al [7]

✓Health monitoringMejova et al [40]

✓HIV/AIDSOdlum et al [41]

✓CancerPhillips et al [42]

✓✓Influenza, HospitalsPoirier et al [43]

✓Systematic Lupus ErythematousRadin et al [44]

✓✓Crohn’s diseaseRoccetti et al [20]

✓Depression, FinlandTana et al [25]

✓CancerVsconcellos-Silva et
al [45]

✓InfluenzaWakamiya et al [46]

✓ObesityWang et al [47]

✓✓✓West Nile VirusWatad et al [48]

✓Cancer, ChinaXu et al [49]
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We proceed in a step-by-step manner to develop the
methodology framework that should be followed when using
Google Trends in infodemiology. First, we provide an overview
of how the data are retrieved and adjusted along with the
available features, followed by the methodology framework for
choosing the appropriate keyword(s), region(s), period, and
category. Finally, the results are discussed, along with the
limitations of the tool and suggestions for future research.

Methodology Framework
Data Overview
Google Trends is an open online tool that provides information
on what was and is trending, based on actual users’ Google
queries. It offers a variety of choices, such as Trending Searches,
Year in Search, and Explore. Table 2 describes the features
offered by Google Trends and their respective descriptions.

When using Google Trends for research, data are retrieved from
the “Explore” feature, which allows download of real-time data
from the last week and archived data for specific keywords and
topics from January 2004 up to 36 hours before the search is
conducted. The data are retrieved directly from the Google
Trends Explore page in .csv format after the examined
keyword(s) is entered and the region, period, and category are
selected. By default, the period is set to “Worldwide,” the time
frame is set to “past 12 months,” and the category is set to “All
categories.”

The data are normalized over the selected time frame, and the
adjustment is reported by Google as follows:

Search results are proportionate to the time and
location of a query by the following process: Each
data point is divided by the total searches of the
geography and time range it represents to compare
relative popularity. Otherwise, places with the most
search volume would always be ranked highest. The
resulting numbers are then scaled on a range of 0 to
100 based on a topic’s proportion to all searches on
all topics. Different regions that show the same search
interest for a term don't always have the same total
search volumes [50]

The normalization of data indicates that the values vary from 0
to 100. The value 0 does not necessarily indicate no searches,
but rather indicates very low search volumes that are not
included in the results. The adjustment process also excludes

queries that are made over a short time frame from the same
internet protocol address and queries that contain special
characters. Google does not have a filter for controversial topics,
but it excludes related search terms that are sexual. However,
it allows retrieval of queries’ normalized hits for any keyword
entered, independent of filters.

Google Trends allows one to explore the online interest in one
term or the comparison of the online interest for up to five terms.
It allows a variety of combinations to compare different terms
and regions as follows:

• For one term in one region over a specific period, such as
for “Asthma” in the United States from January 2004 to
December 2014 (Figure 1a)

• For the same term in different regions over the same period,
such as for “Tuberculosis” in the United States and United
Kingdom from March 24, 2007, to April 7, 2011 (Figure
1b)

• For different terms (up to five) in the same region for the
same period, such as for the terms “Chlamydia,”
“Tuberculosis,” and “Syphilis” in Australia from October
5, 2012, to December 18, 2012 (Figure 1c)

• For different terms (up to five) for different regions over
the same period, such as comparing the term “Asthma” in
the United States, “AIDS” in the United Kingdom, and
“Measles” in Canada from June 1, 2017, to July 15, 2018
(Figure 1d)

When the term(s), region(s), period(s), and category are defined,
the outputs are a graph of the variations of all examined terms
in the online interest over the selected time frame (Figure 1)
and their respective heat maps, which are presented separately
for all examined regions (Figure 2); all datasets can be
downloaded in .csv format.

Apart from the graph, the .csv with the relative search volumes,
and the interest heat maps, Google Trends also shows and allows
one to download .csv files of (1) the “Top related queries”,
defined as “Top searches are terms that are most frequently
searched with the term you entered in the same search session,
within the chosen category, country, or region” (Figure 3a); (2)
the “Rising related queries”, defined as "terms that were
searched for with the keyword you entered...which had the most
significant growth in volume in the requested time period”
(Figure 3b); (3) the “Top Related Topics” (Figure 3c); and (4)
the “Rising Related Topics” (Figure 3d).

Table 2. Google Trends Features and Descriptions.

DescriptionFeature

Provides an overview of what is searched for in a selected region (default: United States)Homepage

Allows exploration of the online interest for specific keywords over selected periods and regions (default: worldwide, 12
months)

Explore

Shows the trending queries for (1) daily search trends and (2) real-time search trends in a selected region (default: United States)Trending Searches

Show what was trending in a specific region in a specific year (default: United States, previous year)Year in Searches

Allows subscription for (1) a specific topic in a specific region and sends updates for noteworthy events (via email either once
a week or once a month) and (2) trending searches and sends updates about trending searches (via email either as it happens,
or once a day, or once a week and includes either “Top Daily Searches,” “Majority of Daily Search Trends,” or “All Daily
Search Trends”)

Subscriptions
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Figure 1. Graphs of the variations in the online interest for the examined terms over the selected time frame in Google Trends.

Figure 2. Heat map for (a) “Asthma” in the United States from Jan 2004 to Dec 2014; (b) “Tuberculosis” in the United States and United Kingdom
from March 24, 2007, to April 7, 2011; (c) “Chlamydia,” “Tuberculosis,” and “Syphilis” in Australia from Oct 5, 2012, to Dec 18, 2012; (d) “Asthma”
in the United States, “AIDS” in the United Kingdom, and “Measles” in Canada from June 1, 2017, to July 15, 2018.
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Figure 3. Google Trends’ (a) top related queries, (b) rising related topics, (c) top related topics, and (d) rising related queries for “Asthma” in the United
States from Jan 1, 2004, to Dec 31, 2014.

Keyword Selection
The selection of the correct keyword(s) when examining online
queries is key for valid results [51]. Thus, many factors should
be taken into consideration when using Google Trends data in
order to ensure a valid analysis.

Google Trends is not case sensitive, but it takes into account
accents, plural or singular forms, and spelling mistakes.
Therefore, whatever the choice of keywords or combination of
keywords, parts of the respective queries will not be considered
for further analysis.

To partly overcome this limitation, the “+” feature can be used
to include the most commonly encountered misspellings, which
are selected and entered manually; however, we should keep in
mind that some results will always be missing, as all possible
spelling variations cannot be included. In addition, incorrect
spellings of some words could be used even more often than
the correct one, in which case, the analysis will not be trivial.
However, in most of the cases, the correct spelling is the most
commonly used, and therefore, the analysis can proceed as usual.
For example, gonorrhea is often misspelled, mainly as
“Gonorrea,” which is also the Spanish term for the disease. As
depicted in Figure 4a, both terms have significantly high
volumes. Therefore, to include more results, both terms could
be entered as the search term by using the “+” feature (Figure
4b). In this way, all results including the correct and the incorrect
spellings are aggregated in the results. Note that this is not
limited to only two terms; the “+” feature can be used for

multiple keywords or for results in multiple languages in a
region.

In the case of accents, before choosing the keywords to be
examined, the variations in interest between the terms with and
those without accents and special characters should be explored.
For example, measles translates into “Sarampión,” “ošpice,”
“mässling,” and “Ιλαρά” in Spanish, Slovenian, Swedish, and
Greek, respectively. As depicted in Figure 5, in Spanish and
Greek, the term without the accent is searched for in higher
volumes; in Slovenian, the term with the accent is mostly used;
and in Swedish, the term without the accent is almost
nonexistent. Thus, in Greek searches, the term without accent
should be selected, in Slovenian and Swedish searches, terms
with accents should be used, while for Spanish, as both terms
yield significant results, either both terms using the “+” feature
or the term without the accent should be selected.

Another important aspect is the use of quotation marks when
selecting the keyword. This obviously applies only to keywords
with two or more words. For example, breast cancer can be
searched online by using or not using quotes. To elaborate, the
term “breast cancer” without quotes will yield results that
include the words “breast” and “cancer” in any possible
combination and order; for example, keywords “breast cancer
screening” and “breast and colon cancer” are both included in
the results. However, when using quotes, the term “breast
cancer” is included as is; for example, “breast cancer screening,”
“living with breast cancer,” and “breast cancer patient.” As
shown in Figure 6a, the results are almost identical in this case.
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However, this is not always the case. As depicted in Figure 6b,
this is clearly different for “HIV test.” When searching for HIV
test with and without quotes, the results differ in volumes of
searches, despite the trend being very similar but not exactly
the same.

Finally, when researching with Google Trends, the options of
“search term” and “disease” (or “topic”) are available when
entering a keyword. Although the “search term” gives results

for all keywords that include the selected term, “disease”
includes various keywords that fall within the category, or, as
Google describes it, “topics are a group of terms that share the
same concept in any language.”

Therefore, it is imperative that keyword selection is conducted
with caution and that the available options and features are
carefully explored and analyzed. This will ensure validity of
the results.

Figure 4. Use of the “+” feature for including misspelled terms for (a) "Gonorrhea" compared to "Gonorrea"; (b) both terms by using the “+” feature.

Figure 5. Selection of the correct keyword for measles based on the use of accents in the respective translated terms in (a) Spanish, (b) Slovenian, (c)
Swedish, and (d) Greek.
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Figure 6. Differences in results with and without quotation marks for (a) “Breast Cancer” and (b) “HIV test.”.

Region Selection
The next step is to select the geographical region for which
query data are retrieved. The first level of categorization allows
data download for the online interest of one or more terms
worldwide or by country. The list available includes all
countries, in most of which interest in smaller regions can be
explored.

For example, in the United States, it is possible to compare
results even at metropolitan and city levels. Figure 7a shows
the regional online interest in the term “Flu” worldwide, where
the United States is the country with the highest online interest
in the examined term, followed by the rest of the 33 countries
in which the examined term is most popular. Figure 7b shows
the heat map of the interest by state in the United States in the
term “Flu” over the past 5 years; either as a new independent
search or by clicking on the country “USA” in the worldwide
map. As shown in the right bottom corner of Figure 7, Google
Trends provides the relative interest for all 50 US states plus
Washington DC.

In the case of the United States, it is possible to examine the
online interest by metropolitan area, as depicted in Figure 8
with the examples of California, Texas, New York, and Florida.
The option for examining the online interest at the metropolitan
level is not available for all countries, where from the state (or
county) level, the interest changes directly to the city level. This
includes fewer cities than regions with available metropolitan
area data, as, for example, in countries with very large
populations like India (Figure 9e) or with smaller populations
like Greece (Figure 9f).

Figure 9 depicts the online interest by city in the selected
metropolitan areas of Los Angeles in California, Dallas in Texas,
New York in New York, and Miami in Florida.

At metropolitan level, by selecting the “include low search
volume regions,” the total of the included cities is 123 in Los
Angeles, 67 in Texas, 110 New York, and 50 in Miami, while
in India and Greece, the number of cities remains 7 and 2,
respectively.

Figure 7. Online interest in the term “Flu” over the past 5 years (a) worldwide and (b) in the United States.
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Figure 8. Regional online interest in the term “Flu” at metropolitan level over the past 5 years in (a) California, (b) Texas, (c) New York, and (d)
Florida.

Figure 9. Regional online interest in the term “Flu” at city level over the past 5 years in (a) Los Angeles, (b) Dallas, (c) New York, (d) Miami, (e)
India, and (f) Greece.
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Period Selection
As the data are normalized over the selected period, the time
frame for which Google Trends data are retrieved is crucial for
the validity of the results. The selection of the examined time
frame is one of the most common mistakes in Google Trends
research. The main guideline is that the period selected for
Google data should be exactly the same as the one for which
official data are available and will be examined. For example,
if monthly (or yearly) official data from January 2004 to
December 2014 are available, then the selected period for
retrieving Google Trends data should be January 2004 to
December 2014. Neither 15 datasets for each individual year
nor a random number of datasets arbitrarily chosen should be
used; a single dataset should be compiled including the months
from January 2004 to December 2014. Note that data may
slightly vary depending on the time of retrieval; thus, the date
and time of downloading must be reported.

Depending on the time frame, the interval for which data are
available varies significantly (Table 3), which includes the data

intervals for the preselected time frames in Google Trends. Note
that the default selection is 12 months.

The time frame can be customized at will; for example, March
24, 2007, to November 6, 2013 (Figure 10 a). Furthermore,
there is an option to select the exact hours for which data are
retrieved, but only over the past week; for example, from
February 11, 4 am, to February 15, 5 pm (Figure 10 b).

Finally, an important detail in the selection of the time frame is
when the data retrieval changes from monthly to weekly and
weekly to daily. For example, from April 28, 2013, to June 30,
2018, the data are retrieved in weekly intervals, while from
April 27, 2013, to June 30, 2018, the data are retrieved in
monthly intervals. Hence, the data from monthly to weekly
changes in (roughly) 5 years and 2 months. For daily data, we
observe that, for example, from October 4, 2017, to June 30,
2018, the data are retrieved in daily intervals, while from
October 3, 2017, to June 30, 2018, the data are retrieved in
weekly intervals; as such, the data interval changes from daily
to weekly in (roughly) 10 months.

Table 3. Data intervals and number of observations for the default options in period selection.

Number of observationsData intervalsSelected period

>187Monthly2004 to present

260WeeklyPast 5 years

52WeeklyFull year (eg, 2004 or 2008)

52WeeklyPast 12 months

90DailyPast 90 days

30DailyPast 30 days

168HourlyPast 7 days

1808 minPast day

2401 minPast 4 hours

601 minPast hour

Figure 10. Customized time range (a) from archive and (b) over the past week.
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Search Categories
When exploring the online interest, the selected term can be
analyzed based on a selected category. This feature is important
to eliminate noisy data, especially in cases where the same word
is used or can be attributed to different meanings or events. For
example, the terms “yes” and “no” are very commonly searched
for, so, when aiming at predicting the results of a referendum
race, the search must be limited to the category “Politics” or
“Campaign and elections” in order to retrieve the data that are
attributed to the event. However, selecting a category is not
required when the keyword searched is specific and not related
to other words, meanings, and events.

The available categories are listed in Table A1 of Multimedia
Appendix 1. Note that most of these categories have
subcategories, which, in turn, have other subcategories, allowing
the available categories to be as broad or as narrow as required.

In this paper, we focus on the category of “Health” (first level
of categorization). The main available subcategories (second
level of categorization) of “Health” along with all available
subcategories (third and fourth levels) are presented in Table
A2 of Multimedia Appendix 1.

Finally, another feature is the type of search conducted when
entering a keyword, which consists of the options of “Web
Search,” “Image Search,” “News Search,”“Google Shopping,”
and “YouTube Search.” Apart from very specific cases, the
“Web Search,” which is also the default option, should be
selected.

Discussion
Over the past decade, Web-based data are used extensively in
digital epidemiology, with online sources playing a central role
in health informatics [1,2,52]. Digital disease detection [53]
consists of detecting, analyzing, and predicting disease
occurrence and spread, and several types of online sources are
used, including mainly digital platforms [54,55]. When
addressing infodemiology topics, a concept first introduced by
Eysenbach [1], Google Trends is an important tool, and research
on the subject is constantly expanding [56]. Most studies on
Google Trends research are in health and medicine, focusing
mainly on the surveillance and analysis of health topics and the
forecasting of diseases, outbreaks, and epidemics. As Google
Trends is open and user friendly, it is accessed and used by
several researchers, even those who are not strictly related to
the field of big data, but use it as a means of exploring
behavioral variations toward selected topics. The latter has
resulted in differences in methodologies followed, which, at
times, involve mistakes.

Despite the large number of studies in this line of research, there
was a lack of a methodology framework that should be followed.
This has produced differences in presentation, and, more
importantly, in crucial mistakes that compromise the validity
of the results. In this article, we provided a concise overview
of the how the tool works and proposed a step-by-step
methodology (ie, the four steps of selecting the
correct/appropriate keyword, region, period, and category) to
ensure the validity of the results in Google Trends research. We

also included research examples to provide guidance not only
to the experienced eye, but also to new researchers.

As is evident by the findings of this study, there are several
limitations to the use of Google Trends data. First, despite the
evident potential that Google data have to offer in epidemiology
and disease surveillance, there have been some issues in the
past, where online search traffic data at some point failed to
accurately predict disease spreading, as in the case of Google
Flu Trends [57], a Google tool for the surveillance of
influenza-like illness (the flu) that is no longer available.
Regardless, Google Flu Trends has been accurate in the past in
predicting the spread of flu, as suggested by several studies and
reports [58-60].

The latter could be partly attributed to the fact that, when
researching with Google Trends, the sample is unknown and it
cannot be shown to be representative. Despite this and
considering the increasing internet penetration, previous studies
have suggested that Web-based data have been empirically
shown to provide valuable and valid results in exploring and
predicting behavior and are correlated with actual data [61-66].
However, recent research has suggested that online queries do
not provide valid results in regions with low internet penetration
or low scorings in freedom of speech [67].

Furthermore, the data that are retrieved are normalized over the
selected period; thus, the exact volumes of queries are not
known, limiting the way that the data can be processed and
analysis can be performed. Therefore, the data should be
analyzed in the appropriate way, and the results should be
carefully interpreted.

In addition, the selection of keyword(s) plays a very important
role in ensuring the validity of the results. In some cases, the
noisy data (ie, queries not attributed to the examined term) must
be excluded, which are not always trivial. This can be partly
overcome by selecting a specific category, which always bares
the risk of excluding results that are needed for analysis.

The analysis of Google Trends data has several other limitations,
as examining Web data can bear threats to validity. Careful
analysis should be performed to ensure that news reporting and
sudden events do not compromise the validity of the results. In
addition, as the sample is unknown, several other demographic
factors such as age and sex cannot be included in the analysis.

Finally, as this field of research is relatively new, there is no
standard way of reporting, resulting in the same meaning of
different terms, different meanings of the same term, and
different abbreviations. For example, Google Trends data are
referred to as relative search volumes, search volumes, online
queries, online search traffic data, normalized hits, and other
terms. Thus, future research should focus on developing specific
coding for Google Trends research, so that a unified way of
reporting is followed by all researchers in the field.

In the era of big data, the analysis of Google queries has become
a valuable tool for researchers to explore and predict human
behavior, as it has been suggested that online data are correlated
with actual health data. The methodology framework proposed
in this article for researching with Google Trends is much
needed to provide guidance for using Google Trends data in
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health assessment, and, more importantly, to help researchers
and health officials and organizations avoid common mistakes
that compromise the validity of the results. As research on the

subject is expanding, future work should include the coding in
Google Trends research and extend this framework along with
changes in the tool and the analysis methods.
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Abstract

Background: With the internet’s penetration and use constantly expanding, this vast amount of information can be employed
in order to better assess issues in the US health care system. Google Trends, a popular tool in big data analytics, has been widely
used in the past to examine interest in various medical and health-related topics and has shown great potential in forecastings,
predictions, and nowcastings. As empirical relationships between online queries and human behavior have been shown to exist,
a new opportunity to explore the behavior toward asthma—a common respiratory disease—is present.
Objective: This study aimed at forecasting the online behavior toward asthma and examined the correlations between queries
and reported cases in order to explore the possibility of nowcasting asthma prevalence in the United States using online search
traffic data.
Methods: Applying Holt-Winters exponential smoothing to Google Trends time series from 2004 to 2015 for the term “asthma,”
forecasts for online queries at state and national levels are estimated from 2016 to 2020 and validated against available Google
query data from January 2016 to June 2017. Correlations among yearly Google queries and between Google queries and reported
asthma cases are examined.
Results: Our analysis shows that search queries exhibit seasonality within each year and the relationships between each 2 years’
queries are statistically significant (P<.05). Estimated forecasting models for a 5-year period (2016 through 2020) for Google
queries are robust and validated against available data from January 2016 to June 2017. Significant correlations were found
between (1) online queries and National Health Interview Survey lifetime asthma (r=–.82, P=.001) and current asthma (r=–.77,
P=.004) rates from 2004 to 2015 and (2) between online queries and Behavioral Risk Factor Surveillance System lifetime (r=–.78,
P=.003) and current asthma (r=–.79, P=.002) rates from 2004 to 2014. The correlations are negative, but lag analysis to identify
the period of response cannot be employed until short-interval data on asthma prevalence are made available.
Conclusions: Online behavior toward asthma can be accurately predicted, and significant correlations between online queries
and reported cases exist. This method of forecasting Google queries can be used by health care officials to nowcast asthma
prevalence by city, state, or nationally, subject to future availability of daily, weekly, or monthly data on reported cases. This
method could therefore be used for improved monitoring and assessment of the needs surrounding the current population of
patients with asthma.

(JMIR Public Health Surveill 2018;4(1):e24)   doi:10.2196/publichealth.8726
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Introduction

Health informatics is the field where information technology,
computer science, social sciences, and health care meet [1].
Recently, with the use of big data (ie, large data volumes
characterized by high speed and wide dataset variety [2-4])
being all the more applied in research in general, health
informatics provides fertile ground for big data applications.

According to Gu et al [5], big data health care research consists
of 3 research stages: disease, life and health, and nursing. Focus
is being given to various aspects of diseases, technology, and
health care services in areas such as epidemics, data mining,
machine learning, and customized service [5]. Big data is being
increasingly integrated in health care informatics [5-6] and has
been used in the past in smart city management.

Over the last few years during the integration of the health pillar
in smart cities, where big data is being continuously gathered
and analyzed [7], the concept of smart health has been rising
[8-10]. Smart health as a concept is derived from the intersection
of medical informatics, public health, and business, where large
volumes of social media data, payer-provider big data,
genomic-driven big data, and biomedical data are being used
for the monitoring and evaluation of patients’ conditions [10].
As life expectancy increases, so does the cost of health care,
and thus innovative methods are required to achieve improved
cost-effective quality services. The use of big data in smart
health can assist in P4 medicine (preventive, participatory,
predictive, and personalized) [8], in the detection, prediction,
and prevention of diseases [5], and in the health industry in
general [10] while also taking into account the cost, data sources
and quality, and population [4].

What has been of notable popularity in big data analytics is the
analysis of online search queries [11-12], mainly using Google
Trends [13], a popular open tool that has been widely integrated
in scientific research over the course of the past decade, mainly
focused on health-related topics [6]. Examples include analysis
of online interest in multiple sclerosis [14], epilepsy [15-16],
silicosis [17], dementia [18], urinary tract infection [19], Ebola
[20], the flu [21-23], tobacco and lung cancer [24], epidemics
[25-26], and even in illegal drugs such as dabbing [27], krokodil
[28], and methamphetamine [29]. This use of big data has
formed the cornerstone of a new concept, the science of
infodemiology, which uses the vast variety of data available on
the internet such as online queries, publications, or posts on
blogs and websites for real-time data analysis with the aim of
informing public health and public policy, thus providing a
viable alternative to the time-consuming traditional methods of
gathering health care data such as population surveys and
registries. The use of infodemiology data for surveillance
purposes is called infoveillance and could potentially allow for
more timely and targeted health care interventions [30].

In this study, online queries for the term “asthma” in the United
States were analyzed in order to explore the possibility of

nowcasting (ie, forecasting the present) asthma prevalence using
Google Trends. Asthma was selected because it is a common
chronic respiratory disease characterized by exacerbations, also
known as asthma attacks; therefore, the reported cases are bound
to show seasonality as well as constant interest.

Asthma is a chronic condition characterized by airway
inflammation and hyper-responsiveness that causes airways to
constrict in response to exercise, infection, exposure to allergens,
and occupational exposures [31]. In 2014, it was estimated that
approximately 7.4% of the adult US population and 8.6% of
US children lived with asthma [32]. During childhood, asthma
is more prevalent in males, whereas in adulthood prevalence
shifts toward females. Black and multirace people also have a
higher prevalence than white people [33-34].

Asthma presents with coughing, wheezing, and chest tightness
that seem to be worse during the night and early mornings.
These symptoms, along with a family history of asthma or atopic
dermatitis, can prompt investigations to confirm an asthma
diagnosis. Exacerbation of normal asthma symptoms is more
common in patients with uncontrolled asthma or in high-risk
patients [35]. Certain types of asthma exacerbations are linked
to particular seasons of the year with those caused by pollen
and mold being truly seasonal [36]. It has been shown that
pediatric patients experience a peak of asthma exacerbations
during the fall and spring months [37], whereas adult patients
experience a peak of asthma exacerbations at year end [38].

The management of asthma usually involves the use of several
inhalers, leading to a rather complicated treatment regime that
presents difficulties in terms of patient compliance because it
interferes with their daily living activities. Poor compliance can
lead to increased morbidity as well as increased cost of treatment
[39]. Apart from treatment compliance, another important factor
that weighs in the success of the treatment is inhaler technique,
as improper inhaler use is linked to poor asthma control. Studies
have shown that 33% to 94% of patients do not receive any
training regarding proper inhaler technique, which leads to a
great number of patients using inhalers incorrectly [40]. Asthma
self-management education and personalized advice can improve
a patient’s asthma control and quality of life, along with
reducing asthma exacerbations and hospital admissions [41].

Asthma has several social complications such as limiting
patients’ activity levels [42], which has an economic impact on
the country’s health care system. It was estimated that in 2007,
medical expenses, missed work and school days, and early
deaths due to asthma cost the United States $56 billion [43].

Google Trends data have been previously shown to be valid by
many studies [44], and work on the subject has shown the tool’s
contribution to forecasting [45-46] and analysis of online
behavior, provided careful selection of the examined terms [47].
The aim of this paper is to examine if nowcasting asthma
prevalence in the United States is possible using online search
traffic data.
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Methods

Monthly time series from Google Trends for the keyword
“asthma” from 2004 to 2015 in the United States and by
individual state were used. The data were normalized by Google
and downloaded in .csv format on July 7, 2017, between 12:47
and 13:02 for the United States and on July 18 between 14:03
and 14:33 for each of the 50 states and the District of Columbia.
The data adjustment procedure is reported by Google as follows
[48]: “Search results are proportionate to the time and location
of a query: Each data point is divided by the total searches of
the geography and time range it represents, to compare relative
popularity. Otherwise places with the most search volume would
always be ranked highest. The resulting numbers are then scaled
on a range of 0 to 100 based on a topic’s proportion to all
searches on all topics. Different regions that show the same
number of searches for a term will not always have the same
total search volumes.”

The seasonality of asthma queries was explored followed by
the estimation of the forecasts for the online interest in the term
from 2016 through 2020 for the country as well as for each state.
The additive method for the Holt-Winters exponential smoothing
(using the statistical programming language R) is employed.
The Holt-Winters equations [49] can be seen in Figure 1.

In order to further elaborate on the seasonality, the Pearson
correlations for Google Trends data for the term “asthma”
between each 2 years from 2004 to 2015 in the United States
were calculated. Finally, the Pearson correlations between
Google queries and the National Health Interview Survey
(NHIS) prevalence data [50] from 2004 to 2015 and Behavioral
Risk Factor Surveillance System (BRFSS) prevalence data [51]
from 2004 to 2014 were examined.

Asthma is not included in the list of diseases with a Centers for
Disease Control and Prevention (CDC) surveillance case
definition, defined as “a set of uniform criteria used to define
a disease for public health surveillance. Surveillance case
definitions enable public health officials to classify and count
cases consistently across reporting jurisdictions. They provide
uniform criteria of national notifiable infectious and
non-infectious conditions for reporting purposes” [52]. Thus,
nationwide surveys are used to gather information regarding
asthma prevalence, including additional information on asthma
control, medications, and hospitalizations [53]. The BRFSS is
a “state-based, random-digit–dialed telephone survey designed
to monitor the prevalence of the major behavioral risks among
adults associated with premature morbidity and mortality,” and
the NHIS is a “multistage probability sample survey designed
to solicit health and demographic information about the
population, conducted annually with face-to-face interviews in
a nationally representative sample of households” [54].

In 2011, the BRFSS changed its weighting methodology in
addition to also including mobile phone respondents. Therefore,
any comparisons between years before and after 2011 should
be carefully interpreted. In this study, no such comparisons are
made, as each year’s online queries are compared with the
respective year’s asthma reported cases, thus including no
cross-year comparisons. For this study, we used the CDC
definition of asthma prevalence, based on affirmative responses
to the following NHIS questions: (adults) “Have you ever been
told by a doctor or other health professional that you had
asthma?” and “Do you still have asthma?” and (children) “Has
a doctor or other professional ever told you that [sample child]
had asthma?” and “Does [sample child] still have asthma?” [55].

Figure 1. Equations for Holt-Winters exponential smoothing, where yx and ŷx denote the initial series and the forecasts, respectively. The lx, bx, and
sx denote the level, the trend, and seasonal estimates for month x, respectively, with m denoting the period of the seasonality (ie, 12 in this case), and

h+
m=⌊(h–1)mod m⌋+1. The level, trend, and seasonal change smoothing factors are denoted by constants α, β*, and γ, respectively. The estimated values

for the coefficients for the level and trend are denoted by a and b, respectively, while the seasonal coefficients are denoted by s1,...,s12, for month 1,...,12,
respectively.

Results

Online Interest in the United States
Figure 2 shows a heat map of the United States classified into
5 groups of interest in the term “asthma” from 2004 to 2015 (ie,
0 to 20, 21 to 40, 41 to 60, 61 to 80, and 81 to 100; light blue
to darker blue).

Out of the 50 states and District of Columbia, 29 fall into the
81 to 100 group, 21 in the 61 to 80 group, only 1 (Oregon) in
the 41 to 60 group, and none in the 21 to 40 and 0 to 20 groups.
This classification indicates that the examined term is of high
interest to the population of the United States. The detailed data
for Figure 2 are available in Multimedia Appendix 1, Table A1.

Figures 3 and 4 depict the changes in online interest in the term
“asthma” for the period 2004 to 2015 and the seasonal changes
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for each year from 2004 to 2015, respectively. As is evident,
the data follow a seasonal trend. All years’ data, as presented
in Figure 4, follow a similar pattern during a full year,
supporting our hypothesis that the seasonality of asthma
prevalence in the United States is depicted in online searches.

Figure 5 consists of the changes by state in online interest in
the term “asthma” by year from 2004 to 2015. All data are
available in Multimedia Appendix 1, Table A2.

There has been a significant increase in searches for the term
“asthma” in the states from 2004 to 2015, with the lowest count
of states in the 81 to 100 group being in 2007 and the highest

in 2012. The top asthma-related queries in the United States
from January 2004 to December 2015 include “allergy asthma”
(100), “asthma symptoms” (45), “asthma attack” (35), “what is
asthma” (25), “asthma inhaler” (20), “asthma children” (15),
“exercise asthma” (15), “asthma medications” (10), and “allergy
and asthma center” (10).

As is evident, online behavioral changes toward the term
“asthma” depict behavior toward said disease. The next steps
are to examine if forecasting online interest in the United States
is possible and identify existing relationships between online
search traffic data and reported asthma cases.

Figure 2. Online interest by state in the term "asthma" from 2004 to 2015.
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Figure 3. Monthly changes in online interest in the term "asthma" from 2004 to 2015.

Figure 4. Weekly changes in online interest in the term "asthma" for each year from 2004 to 2015.
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Figure 5. Online interest by state in the term "asthma" per year from 2004 to 2015.

Forecasting Online Interest in the United States
Figure 6 depicts changes in online interest over the period 2004
to 2015 and estimated forecasts from 2005 to 2020. The
estimated model closely approximates the actual Google queries
for the term “asthma” in the United States over the examined
period.

The smoothing parameters for the additive Holt-Winters
exponential smoothing with trend and additive seasonal
component are α=.33, β*=0, and γ=.65. The estimated values
for the coefficients for the level, trend and season are as follows:
a=69.54, b=–.07, s1=–.94, s2=1.44, s3=3.37, s4=7.84, s5=2.51,
s6=–5.68, s7=–8.51, s8=–7.20, s9=1.89, s10=4.67, s11=1.11, and
s12=–3.53.

In order to elaborate on the robustness of the forecasting model,
the estimated values are validated against the available Google
queries for the term “asthma” from January 2016 to June 2017,

as is shown in Figure 7. It is evident that the forecasts follow
the same curve and well approximate the actual Google Trends
data for the aforementioned period.

It is therefore suggested that the online behavior exhibits
seasonality and can be predicted. The last step in exploring if
nowcasting of asthma prevalence in the United States is possible
using Google Trends is to examine the correlations between
Google Trends data and reported lifetime and current asthma.

Google Trends Versus Reported Asthma
As shown in Figure 4, each examined year’s online interest
seems to follow a similar seasonal trend from January to
December. To elaborate on the seasonal trend, the Pearson
correlations between each 2 years’ queries are calculated (Table
1). The monthly Google Trends data between each 2 years from
2004 to 2015 exhibit high correlations, while all comparisons
are statistically significant, with P<.05.
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Figure 6. Google Trends (2004 to 2015) versus forecasts (2005 to 2020) in the United States.

Figure 7. Google Trends (2004 to 2015) versus forecasts (January 2016 to June 2017) in the United States.
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Table 1. Pearson correlations between each 2 years’ normalized Google asthma queries in the United States from 2004 to 2015.

20142013201220112010200920082007200620052004

——————————.892005

—————————.89.862006

————————.77.85.772007

———————.78.81.93.942008

——————.80.89.64.76.792009

—————.81.92.82.87.94.882010

————.93.91.93.87.85.93.942011

———.91.98.82.90.81.85.90.882012

——.90.92.89.93.90.89.72.87.842013

—.92.86.83.82.78.87.77.68.82.752014

.93.98.90.92.88.93.92.86.69.85.862015

Table 2. Total lifetime and current asthma National Health Interview Survey (2004 to 2015) and Behavioral Risk Factor Surveillance System (2004
to 2014) prevalence data.

BRFSSbNHISaYear

Asthma hitscCurrent asthmaLifetime asthmaAsthma hitscCurrent asthmaLifetime asthma

83.1720,422,38533,084,18381.4120,54530,1892004

80.3319,453,97430,661,47679.5822,22732,6212005

73.9222,853,57035,107,59972.5822,87634,1322006

68.1723,556,04836,832,79865.6622,87934,0082007

66.9224,521,00538,050,50565.0023,33338,4502008

67.9224,051,24538,033,37165.8324,56739,9302009

62.8325,069,37339,005,33861.4125,71039,1912010

66.4222,605,96134,759,10664.5825,94339,5042011

67.6725,954,77139,085,74465.9125,55339,9822012

67.0026,227,48441,030,77765.2522,64837,3282013

68.7526,957,91840,706,40166.5824,00940,4612014

———68.1624,63340,1532015

aNHIS: National Health Interview Survey.
bBRFSS: Behavioral Risk Factor Surveillance System.
cValues slightly vary due to the different time frame: 2004 to 2015 for NHIS and 2004 to 2014 for BRFSS.

To further explore the relationships between online searches
and asthma prevalence in the United States, data on the yearly
cases of lifetime and current asthma for all ages from the NHIS
prevalence data from 2004 to 2015 [50] and the BRFSS
prevalence data [51] from 2004 to 2014 (Table 2) are used.

The Pearson correlations of the annual NHIS prevalence data
with the annual averages of the normalized Google Trends data
from 2004 to 2015 show high correlations between lifetime
asthma (r=–.82, P=.001) and current asthma (r=–.77, P=.004).
BRFSS prevalence data also exhibit high correlations with
Google Trends data for lifetime (r=–.78, P=.003) and current
asthma (r=–.79, P=.002). The Spearman correlations for the
aforementioned pairs of variables all exhibit the same negative
relationship, although not all are statistically significant.

Although statistically significant, all Pearson correlations are
negative, and lag analysis should be employed to identify the
time interval of response between asthma online interest and
case reporting or vice versa. Although Google Trends data for
the term “asthma” in the United States over the examined period
are monthly, the data on lifetime and current asthma are yearly;
until weekly or monthly data are available, further analysis
cannot by done.

Forecasting Online Interest by State
In order to show that the method of nowcasting asthma
prevalence in the United States using Google queries is possible,
this methodology is applied in each of the 50 states and the
District of Columbia and exhibits good forecasting results.
Figures 8 to 11 depict the changes in online interest in the term
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“asthma” from 2004 to 2015 and forecasts from 2016 to 2020
for the 4 most populated states (ie, California, Texas, Florida,
and New York), and the graphs for all states can be found in
Multimedia Appendix 2, Figures B1-B51. The values of the
smoothing parameters α, β*, and γ and the coefficients for each
state’s forecasts can be found in Multimedia Appendix 1, Tables
A3 and A4, respectively. As online behavioral changes can be
predicted and data on asthma cases are correlated with online
queries, nowcasting of asthma could be possible provided
short-interval data (eg, monthly, weekly, or even daily) are
available.

According to the results, online interest in Alaska, Nebraska,
New Hampshire, Oklahoma, and Tennessee exhibits increasing
forecast trends from 2016 to 2020. On the contrary, online
interest in Delaware, Kansas, Oregon, and Virginia exhibits

decreasing forecast trends from 2016 to 2020. Overall, the states
of Arizona, California, Connecticut, Florida, Georgia, Illinois,
Indiana, Maryland, Michigan, Missouri, New Jersey, New York,
North Carolina, Pennsylvania, Texas, and Washington show
high interest in the term “asthma” throughout the examined
period, while in Hawaii and Wyoming, interest is low. Virginia
is the only state where online interest exhibits very significant
variations from 2004 to 2016.

Our study indicates that analysis of online behavior toward
asthma by state can assist with nowcasting asthma prevalence.
Since search queries and reporting of asthma are shown to
correlate in the United States, if short-interval data (eg, weekly
or monthly) were made available, a robust nowcasting model
could be developed.

Figure 8. Google Trends (2004 to 2015) versus forecasts (2005 to 2020) in California.
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Figure 9. Google Trends (2004 to 2015) versus forecasts (2005 to 2020) in Texas.

Figure 10. Google Trends (2004 to 2015) versus forecasts (2005 to 2020) in Florida.
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Figure 11. Google Trends (2004 to 2015) versus forecasts (2005 to 2020) in New York.

Discussion

Principal Findings
In addressing integration of smart health into smart city
management, monitoring of search traffic data could be useful
in predictions and nowcastings, as has also been suggested by
previous work on the subject. This study shows that online
interest can be predicted nationally and by state. Therefore,
governments, policy makers, and health care officials have the
ability to use these data to better address the responsiveness of
the US health care system at national, regional, state, or even
city level in order to nowcast asthma prevalence. Google Trends
also provides detailed regional US data, and this method can
be applied in other countries as well.

Empirical relationships between Google Trends and human
behavior have been suggested, therefore nowcasting asthma
prevalence in the United States is possible using online search
traffic data, subject to availability of daily, weekly, or monthly
data. In this study, it was shown that online search traffic data
are highly correlated between each 2 years during the examined
period and that Google Trends data are correlated with reported
cases of lifetime and current asthma in the United States from
2004 to 2015.

After analyzing changes in online interest in the United States
over the examined period, the next step was to identify any
seasonal similarities between each 2 years’ (monthly) search
queries. As the hits between each 2 years from 2004 to 2015 on
the term “asthma” were highly correlated, the seasonal effect
was evident; using Holt-Winters exponential smoothing, 5-year

forecasts for online interest in the term from 2016 to 2020
nationally and in each state were estimated. Validated against
available data from January 2016 to June 2017, the forecasts
were well fitted and accurately approximated the actual Google
Trends data for the same period, suggesting seasonal behavioral
changes over the course of a year can be accurately predicted
using the proposed method. Google Trends data are correlated
with reported cases of lifetime and current asthma, and thus
nowcasting asthma prevalence in the United States is suggested
to be possible using online search traffic data. As the calculated
correlations are negative at this point and there is a lag between
internet queries and asthma reporting and vice versa,
short-interval data (eg, monthly, weekly, and daily—not
available at this point) are required in order to identify said lag.

Limitations
This study has limitations. It cannot be assumed that each hit
corresponds to an asthma case and vice versa because hits could
be also attributed to academic or research reasons or general
interest on the subject, and they could be influenced by news
reports or social media. Queries related to asthma could be also
influenced by factors such as changes of health insurance and
weather or environmental conditions that trigger similar
symptoms. This is a general limitation when examining online
queries, despite the empirical relationships that have been shown
to exist between Google Trends and health data.

The sample is not representative, although as internet penetration
increases, so does the possibility of higher volumes of online
queries being related to asthma cases. Additionally, nowcasting
asthma prevalence using online search queries is not possible
at this point because the available data on reported lifetime and
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current asthma are yearly. If monthly, weekly, or daily data on
past asthma prevalence were available and the correlations
between search traffic data and reported asthma are validated,
the possibility of nowcasting asthma could be further explored.

This study has not accounted for state-by-state confounders that
could influence search patterns, such as the socioeconomic
status and demographics of different states that might be relevant
to asthma prevalence, as this exceeds the scope of this paper.
The latter, along with the impact of socioeconomic and cultural
differences on asthma reporting and online search patterns, are
of interest for further investigation. In addition, more search
terms related to asthma symptoms such as “breathlessness” and
“wheezing” could be included in future research on asthma
monitoring in the United States.

Conclusion
The findings of this study support previous work on the subject
and highlight the value of online data in health and medical
informatics. Google Trends data have been shown to be useful
and valuable in the monitoring, surveillance, or prediction of
epidemics and outbreaks [20,25-26,56], as have been various
other internet sources such as Twitter [57], medical portals [58],
and Baidu [59]. Google queries provide us with the revealed
and not the stated user interest contrary to traditional survey
methods [60], and the use of Web data will benefit the

exploration of behavior in medical issues [61]. Data from
traditional sources and big data should be combined in order to
take full advantage of all available information [62]. When
daily, weekly, or monthly data on reported asthma cases are
made available, data from online sources like Google Trends
could be used centrally and then applied by state or used by
each city or state individually, assisting with the integration of
the smart health concept in smart city management.

Internet behavior can be measured by infodemiology metrics
as information patterns and population health are related [30].
Surveillance of asthma is mainly assessed through nationwide
surveys and interviews, and data on asthma prevalence are only
available long after the cases of asthma are reported. Nowcasting
Google queries on selected terms related to asthma could assist
health officials at both national and state levels to detect any
behavioral variations toward the disease, providing
time-effective allocation of resources and a more cost-effective
approach to asthma assessment. This study suggests a
relationship between asthma prevalence and Google Trends
data. In the future, analysis of online queries could be valuable
in the monitoring and evaluation of the responsiveness of the
US health care system to asthma patient admissions and
prescription drug needs, as well as assisting with the
implementation of targeted health interventions and campaigns
during periods when increased asthma admissions are predicted.
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Abstract: In the Internet Era of information overload, how does the individual filter and process
available knowledge? In addressing this question, this paper examines the behavioral changes in the
online interest in terms related to Measles and the Anti-Vaccine Movement from 2004 to 2017, in order
to identify any relationships between the decrease in immunization percentages, the Anti-Vaccine
Movement, and the increased reported Measles cases. The results show that statistically significant
positive correlations exist between monthly Measles cases and Google queries in the respective
translated terms in most EU28 countries from January 2011 to August 2017. Furthermore, a strong
negative correlation (p < 0.01) exists between the online interest in the term ‘Anti Vaccine’ and
the Worldwide immunization percentages from 2004 to 2016. The latter could be supportive of
previous work suggesting that conspiracist ideation is related to the rejection of scientific propositions.
As Measles require the highest immunization percentage out of the vaccine preventable diseases,
the 2017 EU outbreak could be the first of several other diseases’ outbreaks or epidemics in the near
future should the immunization percentages continue to decrease. Big Data Analytics in general
and the analysis of Google queries in specific have been shown to be valuable in addressing health
related topics up to this point. Therefore, analyzing the variations and patterns of available online
information could assist health officials with the assessment of reported cases, as well as taking the
required preventive actions.

Keywords: anti-vaccine; anti-vaccine movement; Google Trends; Internet; measles; MMR; online
behavior; vaccination

1. Introduction

It was in 1998 when Wakefield et al. [1] published a paper in the Scientific Journal ‘The Lancet’,
suggesting that they identified “a chronic enterocolitis in children that may be related to neuropsychiatric
dysfunction. In most cases, onset of symptoms was after measles, mumps, and rubella immunisation”. This study
was conducted on a sample of 12 children, with the overall interpretation of the results being—in simple
words—that autism is associated with the Measles-Mumps-Rubella (MMR) vaccine [2]. The claims
of this study have since been proven to be false, with over 20 epidemiologic studies showing that no
causality or relationship exists between vaccination and autism [3]. Said studies were methodologically
solid, i.e., conducted in several countries and by different researchers, while employing epidemiologic
and statistical methods for large population sizes. Furthermore, a meta-analysis of more than 40 studies
showed that no links between vaccination and autism exist [4].

After the panel hearing where Andrew Wakefield lost his medical license in January 2010 [5],
‘The Lancet’ retracted the paper, stating that: “Following the judgment of the UK General Medical Council’s
Fitness to Practise Panel on Jan 28, 2010, it has become clear that several elements of the 1998 paper by
Wakefield et al. are incorrect, contrary to the findings of an earlier investigation. In particular, the claims in the
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original paper that children were “consecutively referred” and that investigations were “approved” by the local
ethics committee have been proven to be false. Therefore we fully retract this paper from the published record” [6].

It was at that point when the Anti-Vaccine Movement started to become publicly known, while
the retraction of the paper and Wakefield losing his license was the beginning of one of the most
well-known conspiracy theories, i.e., that the MMR vaccine causes autism and thus vaccination should
be avoided. Said Anti-Vaccine skepticism does not only refer to the MMR, but has been widened to
include vaccines in general. This reaction comes not as a surprise, as it has been shown in the past that
the rejection of scientific propositions and conspiracist ideation are related [7].

Was the rise of the Anti-Vaccine Movement a result of the public’s attraction to conspiracy
theories? Was it a result of the past years’ increased Internet penetration? Was it a combination of
the two? In any case, what can now be observed is a decrease of the immunization coverages in
most of the EU countries, resulting in the recent EU Measles outbreak. Specifically, despite that the
reported Measles cases decreased in 2009, they experienced an increase by “a factor of four between
2010 and 2011” [8]. Out of the vaccine preventable diseases, Measles require the highest immunization
percentage coverage [9]. If the EU28 immunization percentages continue to drop, how long will it be
before we are talking about an epidemic?

Almost 20 years have passed since Wakefield’s [1] study was published, but we are only now
able to clearly see the effects of the Anti-Vaccine Movement on public health. Though over the past
decades we as a society managed through vaccination to significantly decrease death rates caused by
the respective diseases, the spreading of such bogus arguments has resulted in the reappearance of
several vaccine preventable diseases, as is the case of Measles. Before the age of the Internet, news
channels, newspapers, and other forms of official information sources would not so easily and with
such high speed reproduce studies and claims that were not proven to be correct. This is unfortunately
the case today in blogs, forums, and social media, constituting a perfect example of how a great
life-changing discovery like the World Wide Web could be used to negatively affect public health.

In order to investigate the behavior towards Measles and the Anti-Vaccine Movement, we use data
from Google Trends [10], a popular open tool for examining online behavior in Big Data Analytics [11,12].
Subject to careful selection of the examined terms for robust results [13], online queries have been
suggested to be beneficial in analyzing behavioral changes [14], while the value and validity of
Google Trends’ data have been highlighted by previous work on the subject [15,16]. Over the past
decade, data from Google Trends have been used to examine the behavior towards several health
related topics [17]. As Google Trends’ data provide information on the revealed and not the stated
users’ preferences, they have been shown to assist with the assessment of human behavior in health
issues, and that empirical relationships between online search traffic data and official health data
exist. For example, Google queries on the respective selected terms have been shown to correlate
with suicide rates [18,19], prescription drugs issuing [20,21] and revenues [22], and influenza [23,24].
In addition, online queries have also been shown to be valuable in predicting, detecting, and assessing
epidemics and outbreaks [25–27].

Google Trends’ data have been effectively employed up to this point in the fields of health and
medicine in assessing behavioral changes and in examining relationships that exist between online
behavior and human behavior. Towards contributing to the discussion of how online search traffic data
can be used in order to analyze and predict human behavior, we first examine the online behavioral
variations towards Measles and the Anti-Vaccine Movement from January 2004 to August 2017,
Worldwide and in the EU28. Furthermore, we identify the relationships between Google queries and
immunization percentages, and investigate the Internet’s role in the 2017 EU Measles outbreak—caused
by decreased immunization—in relation to the overall Anti-Vaccine skepticism.

The rest of the paper is structured as follows: Section 2 covers the methodology and the procedure
of the data collection, the results are presented in Section 3 and discussed in Section 4, while Section 5
consists of the overall concluding remarks.
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2. Data and Methods

Data from Google Trends are downloaded online in ‘.csv’ format and are normalized over the
selected period. Google reports the adjustment procedure as follows: “Search results are proportionate to
the time and location of a query: Each data point is divided by the total searches of the geography and time range
it represents, to compare relative popularity. Otherwise places with the most search volume would always be
ranked highest. The resulting numbers are then scaled on a range of 0 to 100 based on a topic’s proportion to all
searches on all topics. Different regions that show the same number of searches for a term will not always have
the same total search volumes” [28]. Depending on the retrieval time, data may slightly vary.

In this study, the examined period is from 1 January 2004 to 31 August 2017. The retrieved
normalized data are monthly, with the number of observations being N = 164 (months), i.e., 13 years ×
12 months + 8 months for each examined dataset. The datasets are 59 in total, i.e., 28 countries (English
term) + 26 countries (translated terms excluding Ireland and the UK) + 5 Worldwide. The examined
keywords are the English term ‘Measles’ and the respective translated terms, retrieved separately
(independent searches, not comparisons) for each of the examined terms and for each of the examined
EU countries. For the Worldwide assessment, the keywords ‘Measles’, ‘Mumps’, ‘Rubella’, ‘MMR’,
and ‘Anti Vaccine’ were used.

The selected countries are the EU28 (translation of the term ‘Measles’ in the respective language
in the parenthesis, obtained via Google Translate [29]): Austria (masern), Belgium (rougeole/mazelen),
Bulgaria (дребна шарка), Croatia (ospice), Cyprus (ιλαρά), Czech Republic (spalničky), Denmark
(mæslinger), Estonia (leetrid), Finland (rougeole), France (rougeole), Germany (Masern), Greece
(ιλαρά), Hungary (kanyaró), Ireland (measles), Italy (morbillo), Latvia (masalas), Lithuania (tymai),
Luxembourg (rougeole/mëllech), Malta (h̄osba), Netherlands (mazelen), Poland (odra), Portugal
(sarampo), Romania (pojar), Slovakia (osýpky), Slovenia (ošpice), Spain (sarampión), Sweden
(mässling), and the UK (measles).

Google Trends is not case-sensitive, but it does take into account accents. Thus, for each country
that is not English speaking and the respective term for Measles contains accents or any letter
variations, relevant differentiation of terms were compared, and the term with the most search
volumes was selected. Only Spain, Greece, and Cyprus exhibited highest interest in the respective
translated term without accents, i.e., sarampion, ιλαρα, and ιλαρα, respectively; thus, the latter
were used for the analysis. For the rest of the countries, the terms are used exactly as written above.
Furthermore, the English term’s online interest in each of the EU28 countries was examined, as the
term ‘Measles’ exhibited high search volumes in many countries, and could, therefore, not be excluded
from the analysis.

In order to analyze the interest in the Anti-Vaccine Movement, the following terms were compared:
‘anti vaxx’, ‘anti-vaxx’, ‘anti vacc’, ‘anti-vacc’, ‘anti vax’, ‘anti-vax’, ‘anti vaccine’, and ‘anti-vaccine’.
For the analysis to be robust, the term should be carefully selected; thus, as the term with significantly
higher search volumes was ‘Anti Vaccine’, it is the one used in order to assess the Worldwide interest
in the Anti-Vaccine Movement. For this study, the analysis consists of the following steps:

(a) Assessment of the Worldwide changes in the online interest in the the terms ‘MMR’ and the
repsective diseases, i.e., ‘Measles’, ‘Mumps’, and ‘Rubella’,

(b) Analysis of the online interest in the English and the respective translated terms for ‘Measles’ for
the selected period in all EU28 countries,

(c) Concise presentation and analysis of the 1st and 2nd MMR doses immunization percentages in
Europe and the EU28,

(d) Examining of the relationships between online activity, vaccine population coverage (obtained
through the WHO website [30]), and reported cases of Measles in each of the EU28 countries,
by calculating the Pearson Correlation coefficients.



Big Data Cogn. Comput. 2018, 2, 2 4 of 18

Data on country immunization percentages and reported Measles cases are obtained by the World
Health Organization (WHO) [30], and defined by WHO as “laboratory confirmed, epidemiologically linked,
and clinical cases as reported to the World Health Organization” [31].

3. Results

This section consists of the analysis of the Worldwide and the EU28 countries’ online interest
in terms related to Measles and the Anti-Vaccine Movement, followed by the examining of the
relationships between Google Trends’ data, vaccine population coverage, and reported cases.

3.1. Worldwide Online Interest

Figure 1 depicts the online interest in the terms ‘Measles’, ‘Mumps’, ‘Rubella’, and ‘MMR’ from
1 January 2004 to 31 August 2017. Note that for the term ‘MMR’, the results may be increased at points
due to the same abbreviation shared with online gamers, though this does not affect the results, as the
peaks and overall interest variations of the ‘MMR’ term are similar to the aforementioned diseases.

The related queries from 2004 to 2017 for the term ‘Measles’ include ‘measles symptoms’ (100),
‘measles vaccine’ (75), ‘measles rash’ (75), ‘measles outbreak’ (45), ‘symptoms of measles’ (30), ‘mmr’ (25),
‘measles vaccination’ (20), ‘vaccination’ (20), and ‘measles treatment’ (20). For the term ‘Mumps’,
the related queries for the same period include ‘symptoms mumps’ (100), ‘measles mumps’ (65),
‘mumps vaccine’ (35), ‘mumps adults’ (25), ‘mumps treatment’ (20), ‘mmr’ (20), ‘mumps disease’ (15),
and ‘mumps outbreak’ (15). For Rubella, the related queries include ‘measles rubella‘ (100), ‘rubella
vaccine’ (85), ‘rubella virus’ (70), ‘rubella pregnancy’ (50), ‘what is rubella’ (40), ‘rubella rash’ (35),
‘rubella symptoms’ (35), ‘rubella test’ (30), ‘mmr’ (25), ‘measles rubella vaccine’ (20), ‘congenital
rubella’ (20), ‘rubella syndrome’ (20), and ‘rubella in pregnancy’ (20). For the MMR vaccine, the related
queries from 2004 to 2017 include ‘mmr vaccine’ (100), ‘autism’ (20), ‘what is mmr’ (20), ‘autism
mmr’ (20), ‘mmr side effects’ (15), ‘mmr vaccination’ (10), ‘vaccination’ (10), ‘check mmr’ (10),
‘vaccines’ (10), ‘mmr vaccines’ (10), ‘mmr vaccine autism’ (10), and ‘mmr shot’ (10).
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All four examined terms exhibit similar behavior during the examined period, i.e., from January
2004 to August 2017. The interest peaks at several points during this time, while increased interest
is evident in January 2015. This can be attributed to the 2015 Measles outbreak in Disneyland with
32 confirmed cases, most of them regarding unvaccinated people [32,33].

Figures 2–5 depict the Worldwide interest by country over the examined period for the terms
Measles, Mumps, Rubella, and MMR, respectively. Note that the gray color indicates no significant
results in search volumes, i.e., the score is zero.
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Figure 3. Worldwide Interest by Country in Mumps from 2004 to 2017 (gray indicates zero scoring).

In all terms, moderate interest is exhibited in Europe, Asia, and Northern America. However, the
highest interest is observed in some countries in Africa, despite the fact that most countries have zero
scoring, i.e., the search volumes are not high enough to be examined. The following African countries
show constant interest in the three diseases: South Africa scores 89 in Measles, 100 in Mumps, 19 in
Rubella, and 12 in MMR. Kenya exhibits high interest in Measles (67) and Mumps (72), and lower in
Rubella (21); Ghana also exhibits higher interest in Measles (70) and Mumps (70), and lower in Rubella
(22); Nigeria scores 67 in Measles, 53 in Mumps, and 11 in Rubella. Note that South Africa is the only
country in the continent to have search volumes for the term ‘MMR’ high enough to be analyzed.
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for online information about anti-vaccination. What should be noted at this point is that the public 
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Figure 6 depicts the changes in the online interest in the term ‘Anti Vaccine’ from 1 January 2004
to 31 August 2017. The country with the highest search volumes is Canada (100), followed by Australia
(96) and USA (93). The related queries include ‘anti vaccine movement’ (100), ‘anti vaccination’ (30),
‘why anti vaccine’ (20), ‘measles’ (15), ‘anti vaccine doctors’ (15), ‘anti vaccine arguments’ (15), ‘anti
vaccine celebrities’ (10), ‘anti vaccine websites’ (5), ‘andrew wakefield’ (5), and ‘measles outbreak’ (5).

The online interest in the Anti-Vaccine Movement is rising, as all the more Internet users look
for online information about anti-vaccination. What should be noted at this point is that the public
searched for the terms ‘anti vaccine arguments’ and ‘anti vaccine celebrities’ in large volumes, which
could be a worrying statement about how people choose to inform themselves in such crucial matters
for public health.

A peak is observed in January 2010, which coincides with Wakefield losing his license [5], while
the peak over the whole examined period, i.e., from 2004 to 2017, is observed in 2015, which could
be attributed to the Measles outbreak in Disneyland [33]. This peak is during the same time that the
online interest for the terms ‘Measles’, ‘Mumps’, ‘Rubella’, and ‘MMR’ also peaks (Figure 1). Overall,
as depicted in Figure 6, the online interest for the term ‘Anti Vaccine’ has significantly increased over
the past 13 years, with the average interest in 2017 being more than 10 times higher than what it was
in 2004.
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In order to explore the links between the Anti-Vaccine Movement and the immunization
percentages Worldwide, the Pearson Correlation coefficients are calculated. The yearly averages
for the normalized Google queries for the term ‘Anti Vaccine’ (Worldwide) and the global population
coverage of the 2nd dose of the vaccine for Measles from 1 January 2004 to 31 December 2016 exhibit a
high negative correlation (r = −0.7627, p < 0.01).

For the years 2004–2015 and 2004–2014, Google queries and the 2nd dose population coverage are
also highly (negatively) correlated (r = −0.71 with p < 0.01, and r = −0.7076 with p < 0.05, respectively).
This indicates that the immunization coverage decreases as the online interest in the term ‘Anti Vaccine’
increases. Though statistically significant differences are not observed for the periods from 2004 to
2013 and from 2004 to 2012, the relationship is still negative. Correlations between the population
coverage for the 1st dose of the Measles vaccine and the Worldwide online interest in the term ‘Anti
Vaccine’ were not observed, which could be attributed to the time gap for the suggested age between
the 1st and 2nd dose of the Measles vaccine.

3.2. EU28 Online Interest

Figure 7 depicts the monthly normalized (measured in a scale from 0 to 100) Google Trends’ data
in the English term ‘Measles’ (blue) and its respective translations (red) in all EU28 countries from
January 2004 to August 2017 (independent searches, not comparisons).

Most countries exhibit increased interest in early 2015, thus supporting the argument that the
Disneyland Measles outbreak in 2015 [33] affected Google searches for said disease. The countries that
have increased and shown consistent interest throughout the examined period, i.e., that do not have
many zeros, for either the English or the translated term, include Austria, Belgium, Denmark, Finland,
France, Germany, Ireland, Italy, the Netherlands, Poland, Romania, Spain, Sweden, and the UK.
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3.3. Measles EU Immunization Coverage

Figure 8 depicts the average of the population coverage percentages in the EU28 from 1980 to 2016
for the 1st dose of the Measles vaccine, and the average of the population coverage percentages for the
2nd dose of the Measles vaccine from 2000 to 2016. For the 1st dose, data for all EU28 countries from
1994 to 2017 are available, while datasets are not complete from 1980 to 1993. For the 2nd dose, data
are only partly available for Belgium, Cyprus, Finland, France, Greece Italy, and Luxembourg, and no
data are available for Ireland, while for the remaining EU28 countries full datasets are available.

The average percentage coverage has significantly increased since 1980, though it has experienced
a drop in the past few years. The overall peaks in population coverage in Europe since 1980 are in 2013
and 2012 for the 1st and 2nd dose, respectively. In the EU28, the respective peaks are in 2013 and 2012.
The percentages of the 2nd dose of the Measles vaccine in the EU28 are decreasing, even dropping
below 90% in 2016. In order to be fully immunized, both doses of the Measles vaccine are required.
As only 88.96% and 89.48% of the population in Europe and the EU28, respectively, are immunized,
the current Measles outbreak can be explained, while the fear of an epidemic is justified.

Table 1 consists of the average percentage coverages of Europe and the EU28 for the 1st and the
2nd dose of the Measles vaccine from 2000 to 2016 [30].

Figures 9 and 10 map the EU28 population coverage for the Measles vaccine for the 1st and 2nd
dose in 2016, respectively. Note that no data are available for Ireland for the 2nd dose.

For the 1st dose, Italy and Romania exhibit very low population coverage percentages, i.e., below
90%, while only 12 out of the 28 EU countries are above the 95% safety threshold. For the 2nd dose,
the countries with the lowest immunization percentages in the Measles vaccine, i.e., less than 80%,
are France and Romania, with Greece and Italy closely following similar attitude towards said vaccine,
with immunization percentages of 83% in both countries. In the EU28, only Croatia, Hungary, and
Slovakia are above the 95% safety threshold recommended by WHO.
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Table 1. Europe and EU28 Average Population Coverage Percentages (%) from 2000 to 2016.

Year Europe 1st Dose Europe 2nd Dose EU 1st Dose EU 2nd Dose

2000 90.40 87.00 90.43 85.57
2001 91.02 85.91 90.68 86.88
2002 91.04 87.62 91.07 88.11
2003 92.06 88.68 92.68 85.37
2004 92.87 90.51 92.89 87.85
2005 93.12 90.95 92.89 90.00
2006 93.51 91.02 93.93 91.86
2007 93.98 90.30 93.57 90.48
2008 93.77 90.45 93.75 90.74
2009 93.38 88.94 93.36 90.57
2010 93.28 89.83 93.39 89.88
2011 93.94 90.63 93.82 90.13
2012 94.34 91.48 94.50 91.08
2013 94.51 91.08 94.86 90.15
2014 93.06 91.30 94.61 90.46
2015 92.58 90.96 94.18 90.27
2016 91.64 88.96 93.86 89.48

France and Greece exhibit the highest rates of vaccine skepticism in the EU28, with Romania and
Italy being in the 5th and 7th place, respectively [34]. As is depicted in Figure 10, these countries are
the four countries with the lowest 2nd dose immunization percentages. Note that Romania poses
a special case, where there are large populations of Romani people not being vaccinated, which was,
however, the case in the past as well.

The EU countries are at an eminent risk of a Measles epidemic given the low immunization
percentages and the high number of reported Measles cases, as has been supported by actions
taken by several EU countries. For example, the Italian government has issued new legislation
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making vaccination mandatory, with parents of unvaccinated children facing fines [35]. In Germany,
kindergarten administrators have to report parents that refuse to be advised by doctors about
vaccination [36], while Romania is preparing to issue a similar mandatory vaccination law [37].Big Data Cogn. Comput. 2018, 2, 2  13 of 19 
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3.4. Confirmed EU Measles Cases

Table 2 consists of the total confirmed Measles cases from 2011 to (September) 2017 in the EU28
(by country code). In 2017, the countries with the most cases of Measles are Italy with 4204, followed
by Romania with 3117, Germany with 796, Belgium with 359, and France with 352. Portugal, Hungary,
Greece, Slovakia, Cyprus, and Luxembourg all had zero (0) cases in 2016, while they had several
reported cases of Measles in 2017. Bulgaria had a high increase in reported cases (from 1 to 166), while
Belgium and Czechia experienced significantly increased reporting of Measles cases, from 5 to 359
and from 7 to 134, respectively. Ireland, Lithuania, Poland, and the UK had significantly less reported
Measles cases in 2017 compared to 2016, while Latvia and Malta had no cases in both 2016 and 2017.

Table 2. Total Confirmed Measles Cases in the EU28 from 2011 to 2017 [30].

Code 2011 2012 2013 2014 2015 2016 2017 Code 2011 2012 2013 2014 2015 2016 2017

AUT 219 35 79 119 300 28 80 ITA 5189 607 2256 3286 265 863 4204
BEL 1163 101 46 75 126 5 359 LVA 0 3 0 36 0 0 0
BGR 155 1 14 0 0 1 166 LTU 7 2 35 11 51 22 2
HRV 7 3 1 17 218 4 7 LUX 6 2 0 1 0 0 3
CYP 0 1 0 10 0 0 3 MLT 4 0 1 0 1 0 0
CZE 18 21 15 223 8 7 134 NLD 95 10 2640 144 7 6 11
DNK 84 2 17 29 9 3 1 POL 38 73 83 109 48 138 28
EST 7 4 2 0 4 2 1 PRT 2 7 1 0 0 0 34
FIN 29 4 2 2 1 5 5 ROU 4170 6164 1158 59 8 2432 3117
FRA 15,214 859 272 267 373 79 352 SVK 2 1 0 0 0 0 4
DEU 1600 167 1781 525 2383 328 796 SVN 22 2 1 52 19 1 6
GRC 40 3 2 1 1 0 11 ESP 3508 1210 131 153 55 38 141
HUN 0 1 1 0 0 0 25 SWE 26 31 51 26 22 3 24
IRL 193 104 51 35 13 43 12 GBR 1083 1903 1900 137 92 571 112

The 25% of the EU28 countries (7 in total) that score lowest in vaccination trust are France, Greece,
Belgium, Romania, Slovenia, Bulgaria, and Italy [34]. All seven countries have reported increased
cases of Measles in 2017 compared to 2016. At this point, it is interesting to note that all four countries
in the EU28 that had a 2nd dose vaccination coverage in 2016 less than 85% (France, Romania, Italy,
and Greece) are included in the list with the seven most vaccine-skeptical EU countries. The rest
of the countries included in the list, namely Slovenia, Bulgaria, and Belgium, have a 2016 2nd dose
population coverage of 93%, 88%, and 85%, respectively, all lower than the 95% safety threshold.

In order to explore the relationship between reported Measles cases and Google queries, the Pearson
correlations for monthly data from January 2011 to August 2017 (N = 78) are calculated. For the
respective translated terms, statistically significant positive correlations are observed for most of the
EU28 countries, i.e., in Austria (r = 0.4783, p < 0.01), Belgium (r = 0.5604, p < 0.01), Croatia (r = 0.65,
p < 0.01), Czechia (r = 0.7410, p < 0.01), Finland (r = 0.7332, p < 0.01), France (r = 0.8908, p < 0.01), Germany
(r = 0.5730, p < 0.01), Italy (r = 0.5555, p < 0.01), Latvia (r = 0.6253, p < 0.01), Lithuania (r = 0.6429, p < 0.01),
Netherlands (r = 0.8725, p < 0.01), Portugal (r = 0.8508, p < 0.01), Romania (r = 0.4884, p < 0.01), Slovakia
(r = 0.5997, p < 0.01), Slovenia (r = 0.5890, p < 0.01), Spain (r = 0.7734, p < 0.01), Sweden (r = 0.3459,
p < 0.01), Denmark (r = 0.2418, p < 0.05), Estonia (r = 0.2433, p < 0.05), Luxembourg (r = 0.2553, p < 0.05),
and Hungary (r = 0.2213, p < 0.10).

Statistically significant positive correlations were also observed between the online interest in the
English term and monthly reported Measels cases from January 2011 to August 2017 in several EU28
countries, namely in Austria (r = 0.2594, p < 0.05), Croatia (r = 0.5825, p < 0.01), Czechia (r = 0.3112,
p < 0.01), Germany (r = 0.5041, p < 0.01), Ireland (r = 0.3580, p < 0.01), Italy (r = 0.2368, 0.05), Portugal
(r = 0.6211, p < 0.01), Slovakia (r = 0.2215, p < 0.10), Slovenia (r = 0.3348, p < 0.01), and the UK (r = 0.6307,
p < 0.01).

4. Discussion

This study’s first aim was to track the 2017 EU Measles outbreak using online search traffic data
from Google Trends. Given the rise of the Anti-Vaccine Movement over the past years that could be
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attributed to false evidence that the MMR vaccine is associated with autism, the relations between
Google queries related to anti vaccination and the recent outbreak in Measles are explored.

The results of this study suggest that there is a relation between the online interest in the
Anti-Vaccine Movement and the decrease in vaccination percentages, and that the online queries
for the term ‘Measles’ are potively correlated with Measles reported cases in most EU28 countries.
Previous work has also suggested similar relationships between online data and reported cases of
disease epidemics or outbreaks. Though this study considered data up to fall 2017, the serious issue
of the EU Measles outbreak continues to exist and is showing increasing trends. In October 2017,
the European Centre for Disease Prevention and Control stated that Measles could be further spread in
Europe [38]. Greece faces a serious issue of Measles outbreak, with a total of 215 cases reported from
17 May 2017 to 1 October 2017 [38], while two children were admitted in the ICU with Measles-related
complications [39]. Since the beginning of 2017, Italy has reported 4617 cases, four of which resulted to
death, while in Romania, 34 deaths have been reported since January 2017 [38].

Measles require the highest immunization percentage compared to the other vaccine preventable
diseases [9], and are one of the main causes of infant mortality that could have been vaccine-
prevented [40]. The EU countries are facing an outbreak, which could result in an epidemic if the
immunization percentages do not increase. Implications will also be evident from an economic point
of view, as the treatment for Measles is higher than the cost of vaccination. Finally, other ‘forgotten’
diseases could soon resurface due to the Anti-Vaccine Movement, despite the scientists’ and health
officials’ ‘cry’ for vaccination. As one to two out of 1000 diagnosed Measles cases in children result to
death [41], in the case of an epidemic the casualties will be numerous.

As indicated by the results, online search traffic data could be proven a valid and valuable data
source for governments and health officials for the monitoring of the behavior towards Measles and the
Anti-Vaccine Movement. An interesting factor to be examined would be the degree of association of the
Anti-Vaccine Movement with the overall recent political, social, and economic changes occurring in the
EU at the moment. It has been suggested that advocacy and communication play a significant role in
increasing Measles vaccination [8], while the measure of mandatory vaccinations is also considered or
already enforced in several European countries [42]. However, governmental populism can negatively
affect measures that should be taken in order to prevent disease spreading [43], while websites with
available information on ‘vaccine myths’ and anti-vaccination are more than the ones discussing the
benefits of vaccination [44]. All the above add to the important factor influencing individuals to
dismiss information about the positive effects of vaccines is that the communication of scientific issues
is negatively affected by conspiracist ideation [7].

This study has some limitations. At first, the Measles outbreak practically occurred in 2017, with
an increasing trend after September, which is out of this study’s examined time-frame. Furthermore,
the sample is not representative, as not all queries for the term ‘Measles’ correspond to reported
cases and vice versa, and not all Anti-Vaccine searches correspond to not vaccinating and vice versa.
Despite that, empirical correlations between Google Trends and official health data in various topics
have been previously shown to exist. The ‘Anti Vaccine’ term is highly correlated (p < 0.01) with the
Worldwide population coverage of the 2nd dose of the Measles vaccine; thus, future research on the
subject could explore and further elaborate on the relationship between the Anti-Vaccine Movement
and the decrease of the immunization percentages in Measles and other vaccine preventable diseases.
Towards this direction, the relationships between the online interest in an extended list of English and
translated terms related to the Anti-Vaccine Movement, the countries’ immunization percentages, and
reported cases of Measles, as well as other vaccine preventable diseases for individual countries, could
be investigated.

The decrease in immunization percentages for Measles is a serious issue that negatively affects
public health, while the impact could have been foreseen with the monitoring of the online behavior
towards the Anti-Vaccine Movement over the last years. Exploring patterns of available information
—that are related to population health as suggested by the science of infodemiology [45]—is increasingly
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employed to effectively deal with topics related to public health. Epidemics and outbreaks may not
exhibit seasonality, cycles, or long-term patterns, and thus the commonly used statistical tools and
methods of analyzing seasonal diseases, such as asthma of the flu, may not be appropriate. Therefore,
it is essential to effectively visualize these large amounts of data in order to explore and detect the
trends and variations in interest over time, identify underlying patterns, and relate peaks to real-life
events. This is highlighted by the results of this study that suggest that monitoring the changes
in the online interest in selected terms could provide valuable information in behavioral variations
and patterns. Said patterns could assist with the analysis of human behavior in public health issues,
all the while providing health officials with valuable information to assess these issues and take
preventive measures.

5. Conclusions

In the era of online information overload, can the use of the Internet affect public health?
To address this question, this study aimed at tracking the 2017 EU Measles outbreak, by analyzing the
online behavioral variations in terms related to Measles and the Anti-Vaccine Movement. The results
suggest that statistically significant positive correlations exist between the monthly reported cases of
Measles and the online interest in the respective translated term in most of the EU28 countries from
January 2011 to August 2017. Furthermore, the term ‘Anti Vaccine’ is highly negatively correlated with
the Worldwide immunization percentages from 2004 to 2016, i.e., as the online interest in the term
‘Anti Vaccine’ increases, the immunization percentages decrease.

This finding is supportive of previous research suggesting that conspiracist ideation is related
to the rejection of science, as the negative relationship between online interest in the term ‘Anti
Vaccine’ and the immunization percentages could be indicative of the role that the Internet plays in
the spreading of false information, consequently affecting public health. In the case of Measles, the
results are now starting to show, with reported Measles cases taking a sudden upturn over the past
year in the EU, as immunization percentages (2nd dose) have significantly dropped since 2012—in
most countries below the 95% safety threshold.

During the past few years, Big Data Analytics in general and the analysis of Internet behavior
in specific have been shown to be effective at assessing various public health topics, as it has been
suggested that patterns of available information are related to population health. Measles could be
just the first of many to follow to exhibit such increase in reported cases, given that Measles require
the highest immunization percentage out of the vaccine preventable diseases. Therefore, continuous
monitoring is required for nowcasting the new cases that occur daily in relation to the variations in
online interest, in order for the respective countries’ Health Care Systems to be prepared, and for
health officials to deal with reported cases in a timely manner and take the appropriate preventive
measures, especially in countries and regions of high risk.
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Introduction
Big Data, characterized by large volumes, high processing speed, and wide variety of 
datasets [1–3], have been shown to be very valuable in health care research, with Health 
Informatics being the field in which big data analytics have been extensively applied [4]. 
A popular way of addressing the challenge of Big Data is the analysis of online search 
traffic data [5, 6], mainly with data from Google Trends [7]. Over the past decade, this 
field of research, i.e., analyzing online search traffic data, has been widely used and is 
growing in popularity for assessing various topics, though it has mostly focused on the 
fields of Health and Medicine [8].

Many studies on the subject have empirically shown that Google Trends’ data are 
related to public health data. Topics that have been explored up to this point include the 
analysis, assessment, and prediction of epidemics and outbreaks, as, for example, Ebola 
[9, 10], Measles [11], the Bed-Bug epidemic [12], and Tuberculosis [13]. A much studied 
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topic is that of influenza like illness (the flu), which is a seasonal disease and has shown 
well performing results in the past [14–17].

Recently, more topics on relating Google data with official health data have been vis-
ited, as in the case of suicide rates, where it has been show that Google queries can be 
used to monitor the risk of suicide [18, 19]. On a different direction, there has been 
shown that correlations exist between Google Trends data and prescription drugs issu-
ing [20, 21] and revenues [22]. Apart from prescription drugs, focus has been given to 
illegal drugs as well, with notable examples including the tracking of dabbing in the US 
[23], Krokodil in Russia [24], and Methamphetamines in Central Europe [25].

According to Infodemiology [26], data available on the Internet can be used to inform 
public health and policy by monitoring the public’s behavior towards diseases, selecting 
the relevant available information, as well as monitoring how the public reacts to health 
marketing campaigns. Though it is widely supported and evident that official health data 
and online search traffic data are correlated, the most important step towards health 
assessment using Google Trends is that of finding methods of predicting and nowcasting 
diseases’ occurrence and outbreaks, as well as forecasting seasonal diseases’ prevalence.

Though seasonality has been assessed in various cases, such as, for information on 
tobacco and lung cancer [27], the restless legs syndrome [28], and in sleep-disordered 
breathing [29], studies developing methods towards the direction of forecasting and 
nowcasting exhibit significantly lower numbers. Despite that, recent research has exhib-
ited promising results in the forecasting of various diseases and outbreaks, as, for exam-
ple, Tuberculosis [13], influenza like illness [17], pertussis [30], suicide risk [18], and 
dementia [31].

As Infodemiology data can be retrieved in real time and thus allow the nowcasting of 
human behavior based on Internet data, the detection, monitoring, and prediction of 
epidemics and outbreaks can be much assisted by the analysis of Google queries. A topic 
that is of high significance and interest is that of AIDS (Acquired Immune Deficiency 
Syndrome) and HIV (Human Immunodeficiency Virus). HIV is a virus that is mainly 
transmitted via sexual intercourse and needle/syringe use [32]. The treatment for HIV 
consists of the antiretroviral therapy, which controls the HIV virus. If the HIV remains 
without treatment, it affects the immune system, which worsens as time passes. The 
HIV infection consists of 3 stages: (1) acute HIV infection, (2) clinical latency, and (3) 
AIDS; the latter being the most severe stage of the HIV infection [33], which leads to an 
increased number of ‘opportunistic infections’ [32].

People would more easily search for information online than consult a doctor in gen-
eral. In the case of AIDS, as it is a sensitive subject, the anonymity provided by the Inter-
net allows people to search for information online. Thus the monitoring of Internet data 
is essential in the overall assessment of AIDS prevalence in regions where Internet pen-
etration is high, as in the case of the United States. Novel methods of assessment are 
needed, as data on ‘AIDS Prevalence’, ‘AIDS Diagnoses’, and ‘AIDS Deaths’ provided by 
the Centers for Disease Control and Prevention (CDC) are not available in real time, as 
gathering, analyzing and making these data available is a long process that takes over a 
year.

AIDS is categorized as an epidemic [34], and as such it needs constant assessment. 
The aim of this paper is to analyze the online interest in AIDS related terms and estimate 
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forecasting models for AIDS prevalence in the US using data from Google Trends. The 
rest of this paper is structured as follows: the “Research methodology” section consists of 
the procedure of the data collection and methodology followed to analyze and forecast 
AIDS prevalence, in  the “Results” section the results of the analysis are presented,  the 
“Discussion” section consists of the discussion of the analysis, while the “Conclusions” 
section consists of the overall conclusions and future research suggestions.

Research methodology
Data

Data from Google Trends are downloaded online in ‘.csv’ format and are normalized 
over the selected time-frame as follows: “Search results are proportionate to the time and 
location of a query: Each data point is divided by the total searches of the geography and 
time range it represents, to compare relative popularity. Otherwise places with the most 
search volume would always be ranked highest. The resulting numbers are then scaled 
on a range of 0–100 based on a topic’s proportion to all searches on all topics. Differ-
ent regions that show the same number of searches for a term will not always have the 
same total search volumes.” [35]. Google Trends is not case-sensitive, though takes into 
account spelling errors and accents. In this study, this effect is minimized, as the exam-
ined term, i.e. AIDS, is universal, not translated, and difficult to misspell. Note that data 
may slightly vary when retrieved at different time points.

Methods

The choice of terms is crucial for the robustness of the results when using online data 
[36]. In Google Trends, the four options below are available when retrieving data for 
the examined disease. The term’s online interest can be retrieved in the ‘Search Term’ 
form, i.e. include all queries that had the respective term, thereafter referred to as ‘AIDS 
(Search Term)’. In addition, Google Trends groups related queries under other search 
terms as well, which in this case are ‘AIDS (Illness)’. Finally, Google Trends also gives the 
option of including terms related to the topics of ‘Management of AIDS/HIV (Topic)’, 
and ‘Diagnosis of HIV/AIDS (Topic)’.

Analysis stages

At first, an overall assessment of all four available terms and topics’ variations in online 
interest is provided, so as to identify the option that would increase the validity of fur-
ther analysis on the subject. The next step towards examining the possibility of fore-
casting AIDS prevalence and incidence, is to identify any existing correlations between 
Google data on related terms and topics and official health data for AIDS. In this study, 
data on ’AIDS Prevalence’ (2004–2015) are retrieved by the CDC website [37]. Depend-
ing on the significance of the calculated Pearson correlations, the possibility of fore-
casting AIDS prevalence in the US will be assessed. Finally, forecasting models of AIDS 
prevalence based on Google Trends’ data for the US as well as for each 50 States plus DC 
are estimated.



Page 4 of 21Mavragani and Ochoa ﻿J Big Data  (2018) 5:17 

Results
At first, an overall assessment of the online interest towards AIDS in the US is per-
formed, followed by the exploring of the correlations between AIDS prevalence and 
Google Trends data in the US and each US State individually. Finally, forecasting models 
for AIDS prevalence in the US are estimated, at both national and State level, so as to 
elaborate on the usefulness of the tool in health assessment in the US.

AIDS online interest in the US

Figure 1 consists of the changes in the online interest in ‘AIDS (Search Terms)’ and ‘AIDS 
(Illness)’ from January 2004 to December 2015, while Fig. 2 depicts the monthly normal-
ized online interest in the ‘Google Trends’ topics of ‘Diagnosis of HIV/AIDS’ and ‘Man-
agement of HIV/AIDS’ from January 2004 to December 2015.

The top related queries for ‘AIDS (Search Term)’ include ‘aids hiv’ (100), ‘hearing aids’ 
(99), ‘hiv’ (97), ‘aids symptoms’ (33), ‘aids and hiv’ (25), ‘aids day’ (24), ‘africa aids’ (22), 
‘aids cure’ (16), ‘aids test’ (11), ‘aids statistics’ (11), and ‘aids virus’ (10). For ‘AIDS (Ill-
ness)’, the top related queries include ‘aids’ (100), ‘hiv’ (26), ‘aids hiv’ (14), ‘hiv/aids’ (6), 
‘aids symptoms’ (5), ‘africa’ (4), ‘aids day’ (4), ‘hiv symptoms’ (3), ‘aids cure’ (2), ‘hiv infec-
tion’ (2), ‘hiv transmission’ (2), and ‘aids statistics’ (2).

For the topic of ‘Diagnosis of HIV/AIDS’, the top related queries include ‘hiv’ (100), 
‘hiv test’ (53), ‘hiv testing’ (50), ‘free hiv testing’ (13), ‘test for hiv’ (11), ‘hiv symptoms’ 
(9), ‘hiv home test’ (7), ‘aids’ (6), ‘hiv aids’ (6), ‘hiv rapid test’ (4), ‘free hiv test’ (4), ‘hiv 
positive’ (4), ‘hiv test results’ (4), ‘positive hiv test’ (3), ‘rapid hiv testing’ (3), ‘hiv test kit’ 
(3), and ‘oraquick hiv test’ (2). For the topic ‘Management of HIV/AIDS’, the top related 
queries include ‘antiretroviral’ (100), ‘hiv’ (86), ‘aids’ (59), ‘antiretroviral therapy’ (58), 
‘aids drugs’ (38), ‘antiretrovirals’ (28), ‘hiv treatment’ (23), ‘antiretroviral treatment’ (22), 

Fig. 1  Monthly Normalized Google Trends’ Data for ‘AIDS (Search Term)’ and ‘AIDS (Illness)’ from January 2004 
to December 2015
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‘hiv aids’ (20), ‘antiretroviral drugs’ (16), ‘hiv management’ (12), ‘highly active antiretro-
viral therapy’ (7), and ‘hiv medications’ (4).

Figure 3 consists of the heat maps of the online interest by US State from January 2004 
to December 2015 for ‘AIDS (Search Term)’, ‘AIDS (Illness)’, ‘Diagnosis of HIV/AIDS 
(Topic)’, and ‘Management of HIV/AIDS (Topic)’.

It is evident that the terms related to AIDS exhibit high and constant interest from 
2004 to 2015. The topics of ‘Diagnosis of HIV/AIDS (Topic)’ and ‘Management of HIV/
AIDS (Topic)’ cover a narrow range of AIDS related terms and will thus not be included 
in further analysis.

AIDS prevalence vs. Google Trends

In order to examine the possibility of forecasting AIDS prevalence in the US, the rela-
tionships between online search traffic data from Google and official health data on 
AIDS prevalence are at first examined, by calculating the respective correlations at both 
national and State level. Depending on the significance of the correlations, the possibil-
ity of forecasting AIDS prevalence in the US will be examined. For the analysis of AIDS 
related queries, both Google Trends categories, i.e. ‘AIDS (Search Term)’ and ‘AIDS (Ill-
ness)’, are analyzed. Data for the categories ‘AIDS Deaths’, ‘AIDS Diagnoses’, and ‘AIDS 
Prevalence’ are available for 12 years, i.e. from January 2004 to December 2015.

Statistically significant correlations are observed between ‘AIDS Prevalence’ with both 
‘AIDS (Search Term)’ (r = − 0.9508, p < 0.01) and with ‘AIDS (Illness)’ (r = − 0.9615, 
p < 0.01) in the US. For ‘AIDS (Search Term)’, statistically significant correlations are 
observed with ‘AIDS Diagnoses’ (r = 0.8743, p < 0.01), and with ‘AIDS Deaths’ (r = 0.9343, 
p < 0.01). Significant correlations are also identified for ‘AIDS Diagnoses’ with ‘AIDS 
(Illness)’ (r = 0.8945, p < 0.01), and for ‘AIDS Deaths’ with ‘AIDS (Illness)’ (r = 0.9423, 

Fig. 2  Monthly normalized Google Trends’ Data for ‘Diagnosis of HIV/AIDS (Topic)’ and ‘Management of HIV/
AIDS (Topic)’ from January 2004 to December 2015
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p < 0.01). Therefore, we proceed to the next step of identifying correlations between 
online and health data in each US State.

Table 1 consists of the Pearson correlation coefficients (r) between ‘AIDS Prevalence’ 
and (a) ‘AIDS (Search Term)’ and (b) ‘AIDS (Illness)’ from January 2004 to December 
2015, while Table  2 consists of the Pearson correlation coefficients (r) between ‘AIDS 
Diagnoses’ and a) ‘AIDS (Search Term)’ and b) ‘AIDS (Illness)’ from January 2004 to 
December 2015. Table  3 consists of the Pearson correlation coefficients (r) between 
‘AIDS Deaths’, and a) ‘AIDS (Search Term)’ and b) ‘AIDS (Illness)’ from January 2004 to 
December 2015.

For ‘AIDS Prevalence’, all correlations are statistically significant. Therefore it is evident 
that the online behavior towards AIDS follows that of ‘AIDS Prevalence’. Thus the States 
that exhibit statistically significant correlations are further selected for the forecasting of 
AIDS in the US.

For ‘AIDS Diagnoses’, the States with significance of correlation of p < 0.01 in both 
examined terms are Arkansas, California, Connecticut, Delaware, DC, Florida, Illinois, 
Indiana, Maine, Maryland, Massachusetts, Michigan, Minnesota, Missouri, Nevada, 
New Hampshire, New Jersey, New York, Oklahoma, Oregon, Pennsylvania, Rhode 
Island, South Carolina, Washington, and West Virginia. For ‘AIDS Deaths’, the respective 
States are Arizona, California, Connecticut, Delaware, DC, Florida, Georgia, Illinois, 
Louisiana, Maryland, Massachusetts, Michigan, Mississippi, Missouri, New Jersey, New 
York, Pennsylvania, Tennessee, Texas, Utah, and Washington.

Fig. 3  Online Interest by State for ‘AIDS (Search Term)’, ‘AIDS (Illness)’, ‘Diagnosis of HIV/AIDS (Topic)’, and 
‘Management of HIV/AIDS (Topic)’ from January 2004 to December 2015
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Forecasting AIDS prevalence in USA

As ‘AIDS Prevalence’ data are highly correlated with both ‘AIDS (Search Term)’ and with 
‘AIDS (Illness)’ in all 50 States (plus DC), the next step is to examine the relationships 

Table 1  Pearson correlation coefficients between  ‘AIDS Prevalence’ and  ‘AIDS (Search 
Term)’ and ‘AIDS (Illness)’ from January 2004 to December 2015

All correlations reported in this table are statistically significant with p < 0.01

AIDS (search 
term)

AIDS (illness) AIDS (search 
term)

AIDS (illness) AIDS (search 
term)

AIDS (illness)

AL − 0.8731 − 0.9099 KY − 0.9521 − 0.9302 ND − 0.7700 − 0.8425

AK − 0.8568 − 0.9003 LA − 0.8049 − 0.8713 OH − 0.9231 − 0.9311

AZ − 0.8319 − 0.8386 ME − 0.8993 − 0.9376 OK − 0.8958 − 0.9137

AR − 0.9096 − 0.9223 MD − 0.9554 − 0.9519 OR − 0.9316 − 0.9040

CA − 0.9716 − 0.9710 MA − 0.9577 − 0.9550 PA − 0.9713 − 0.9909

CO − 0.9289 − 0.9570 MI − 0.9894 − 0.9936 RI − 0.9830 − 0.9572

CT − 0.8418 − 0.8244 MN − 0.9335 − 0.9460 SC − 0.8690 − 0.9142

DE − 0.9022 − 0.8641 MS − 0.8308 − 0.8752 SD − 0.8308 − 0.8227

DC − 0.9174 − 0.9164 MO − 0.9627 − 0.9651 TN − 0.9034 − 0.9340

FL − 0.9463 − 0.9444 MT − 0.8317 − 0.8975 TX − 0.9135 − 0.9174

GA − 0.8951 − 0.8851 NE − 0.9429 − 0.8986 UT − 0.8004 − 0.8384

HI − 0.8978 − 0.8976 NV − 0.8408 − 0.9104 VT − 0.8266 − 0.8376

ID − 0.8227 − 0.8233 NH − 0.9074 − 0.9626 VA − 0.8710 − 0.9375

IL − 0.9689 − 0.9714 NJ − 0.9794 − 0.9804 WA − 0.9575 − 0.9530

IN − 0.9290 − 0.9265 NM − 0.8858 − 0.8354 WV − 0.7816 − 0.8241

IA − 0.9550 − 0.9519 NY − 0.9890 − 0.9926 WI − 0.9298 − 0.9313

KS − 0.9396 − 0.9191 NC − 0.9308 − 0.9402 WY − 0.9393 − 0.8585

Table 2  Pearson correlation coefficients between  ‘AIDS Diagnoses’ and  (a) AIDS (Search 
Term)’ and (b) ‘AIDS (Illness)’ from January 2004 to December 2015

* p < 0.1, ** p < 0.05, *** p < 0.01

AIDS (search 
term)

AIDS (illness) AIDS (search 
term)

AIDS (illness) AIDS (search 
term)

AIDS (illness)

AL 0.3785 0.3723 KY 0.4961 0.4486 ND − 0.3019 − 0.4416

AK 0.6703** 0.6781** LA 0.5913** 0.6127** OH 0.6162** 0.6225**

AZ 0.5407* 0.5409 ME 0.7369*** 0.7805*** OK 0.8091*** 0.8007***

AR 0.7417*** 0.7218*** MD 0.9548*** 0.9485*** OR 0.8570*** 0.7947***

CA 0.7892*** 0.8752*** MA 0.9188*** 0.9088*** PA 0.7548*** 0.7885***

CO 0.7025** 0.7475*** MI 0.8174*** 0.8500*** RI 0.9306*** 0.9414***

CT 0.9073*** 0.9342*** MN 0.8772*** 0.8971*** SC 0.8078*** 0.8680***

DE 0.8683*** 0.8952*** MS 0.4497 0.3353 SD 0.197 0.0973

DC 0.8876*** 0.8767*** MO 0.7687*** 0.7644*** TN 0.6986** 0.7114***

FL 0.9141*** 0.9203*** MT 0.4793 0.5216* TX 0.6832** 0.6678**

GA 0.6711** 0.6613** NE 0.6527** 0.6290** UT 0.0594 0.1989

HI 0.6668** 0.6412** NV 0.7547*** 0.7992*** VT 0.3291 0.2394

ID 0.037 0.0295 NH 0.8076*** 0.7846*** VA 0.4242 0.5301*

IL 0.8934*** 0.8830*** NJ 0.8755*** 0.8797*** WA 0.8275*** 0.8204***

IN 0.8090*** 0.7757*** NM 0.5913** 0.5266* WV 0.7553*** 0.8062***

IA 0.2429 0.184 NY 0.9462*** 0.9479*** WI 0.6826** 0.7132***

KS 0.6121** 0.5699* NC 0.3724 0.402 WY − 0.1721 − 0.2062
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between Google data and AIDS data and estimate the forecasting models. The relation-
ship is logarithmic and of the form y = αln(x) + β , where y (y-axis-dependent variable) 
denotes the ‘AIDS Prevalence’, x (x-axis-independent variable) denotes the respective 
Google Trends’ data, namely ‘AIDS (Search Term)’ and ‘AIDS (Illness)’, and α and β are 
constants. To elaborate on the robustness of the estimated models, the R2 is selected, as 
it is the statistical measure by which the variable variation is explained. R2 takes values 
between 0 and 1 (i.e. 0% to 100%), and the higher the percentage, the better the fit.

Table  4 consists of the coefficients for the estimated logarithmic models for ‘AIDS 
Prevalence’ for both the examined Google Trends’ terms, i.e. ‘AIDS (Search Term)’ and 
‘AIDS (Illness)’, while Figs. 4, 5, 6 and 7 depict the respective relationships in the US and 
in each individual State.    

In the US, the estimated models for ‘AIDS Prevalence’ based on the two examined 
terms have an R2 of 0.9695 and 0.9844, which shows that the relationship between AIDS 
prevalence and Google Trends data is well described using the estimated equations and 
that AIDS prevalence can be predicted based on online search traffic data from Google. 
Furthermore, most States’ models exhibit high R2 in at least one Google Trends’ cat-
egory, which is indicative of the significance of the estimated forecasting models of AIDS 
prevalence in the US States.

Though in several States the R2 is higher for the respective linear or polynomial fore-
casting model, the relationship is overall logarithmic as clearly shown in the case of the 
US. Therefore, all estimated models for all categories and all individual States are calcu-
lated based on a logarithmic relationship independent of the value of R2, as this will be 
more evident when more years’ data are available.

Table 3  Pearson correlation coefficients between ‘AIDS Deaths’ and (a) AIDS (Search Term)’ 
and (b) ‘AIDS (Illness)’ from January 2004 to December 2015

* p < 0.1, ** p < 0.05, *** p < 0.01

AIDS (search 
term)

AIDS (illness) AIDS (search 
term)

AIDS (illness) AIDS (search 
term)

AIDS (illness)

AL 0.6079** 0.7163*** KY 0.4357 0.3921 ND 0.1693 0.2203

AK 0.2352 0.0614 LA 0.7166*** 0.7977*** OH 0.6211** 0.6414**

AZ 0.9078*** 0.8694*** ME 0.3963 0.3518 OK − 0.0216 − 0.0309

AR 0.3168 0.3696 MD 0.9157*** 0.9153*** OR 0.429 0.4976*

CA 0.9748*** 0.9272*** MA 0.9528*** 0.9503*** PA 0.8666*** 0.8707***

CO 0.6677** 0.6843** MI 0.7982*** 0.8343*** RI 0.6301** 0.6834**

CT 0.9486*** 0.9502*** MN 0.1207 0.1212 SC 0.6050** 0.7163***

DE 0.7248*** 0.8979*** MS 0.7318*** 0.7766*** SD 0.2726 0.2971

DC 0.8975*** 0.8842*** MO 0.8488*** 0.8431*** TN 0.8685*** 0.9143***

FL 0.8923*** 0.9059*** MT 0.0672 0.2129 TX 0.8428*** 0.8314***

GA 0.7522*** 0.7388*** NE − 0.0976 − 0.1354 UT 0.8202*** 0.8492***

HI 0.48 0.5338* NV 0.4519 0.4493 VT 0.2404 0.4347

ID − 0.0062 − 0.1231 NH 0.1343 0.2082 VA 0.6974** 0.7303***

IL 0.8944*** 0.8869*** NJ 0.9643*** 0.9694*** WA 0.7672*** 0.7778***

IN 0.3926 0.3771 NM − 0.2418 − 0.1415 WV 0.3769 0.4425

IA − 0.3386 − 0.3144 NY 0.9536*** 0.9545*** WI 0.3208 0.3706

KS 0.0073 0.0024 NC 0.4551 0.4577 WY 0.3951 0.3269



Page 9 of 21Mavragani and Ochoa ﻿J Big Data  (2018) 5:17 

Table 4  Regression coefficients and  R2 for  the  estimated forecasting models for  ‘AIDS 
Prevalence’

AIDS (search term) AIDS (illness)

α β R2 α β R2

USA − 100,000 881,002 0.9695 − 100,000 830,816 0.9844

Alabama − 2483 12,707 0.8661 − 2370 11,734 0.9207

Alaska − 90.42 625.04 0.7216 − 78.32 586.9 0.8248

Arizona − 3851 17,270 0.8075 − 3334 15,114 0.8137

Arkansas − 667 3962.2 0.8775 − 573.6 3870.6 0.9132

California − 11,677 99,283 0.9684 − 10,780 96,113 0.9239

Colorado − 1619 9209.8 0.7248 − 1508 8592.7 0.7922

Connecticut − 370 7634 0.6253 − 278 7301 0.5456

Delaware − 406 3222 0.8132 − 320 2901 0.813

DC − 1313 12,424 0.7864 − 1212 12,059 0.7763

Florida − 17,848 105,055 0.955 − 14,942 97,677 0.9571

Georgia − 13,963 63,863 0.893 − 12,276 5852 0.8835

Hawaii − 456.2 2903.5 0.8666 − 442 2802.8 0.8842

Idaho − 292.3 1311.6 0.7561 − 209.2 1057 0.7494

Illinois − 4563 29,922 0.9783 − 4151 29,124 0.9865

Indiana − 1899 10,401 0.9330 − 1545 9239.8 0.9463

Iowa − 622.2 3106.6 0.9292 − 548.7 2671.5 0.9462

Kansas − 516.1 2834 0.9193 − 442.2 2589.8 0.9246

Kentucky − 1604 8141.1 0.9557 − 1173 6561.5 0.9468

Louisiana − 3661 20,818 0.7518 − 2882 17,158 0.8707

Maine − 343 1787.7 0.8870 − 257.4 1419.5 0.9540

Maryland − 4325 28,920 0.9663 − 3755 26,973 0.9788

Massachusetts − 2369 17,052 0.9828 − 2102 16,120 0.9848

Michigan − 2349 14,054 0.9853 − 2010 13,066 0.9752

Minnesota − 1453 7419.2 0.9426 − 1286 6450.5 0.9704

Mississippi − 2446 12,186 0.7234 − 2259 12,064 0.8157

Missouri − 1824 10,892 0.9658 − 1565 10,104 0.9723

Montana − 140.4 687.7 0.7816 − 125.7 596.03 0.8817

Nebraska − 438.2 2148.4 0.9400 − 367.3 1954.6 0.9042

Nevada − 2109 10,090 0.7889 − 2151 10,041 0.8836

New Hampshire − 156.7 995.89 0.9123 − 157.5 1003.1 0.9437

New Jersey − 2052 24,339 0.9535 − 1771 23,254 0.9361

New Mexico − 770.7 3825.1 0.8517 − 632.1 3155.7 0.7478

New York − 8477 97,596 0.9246 − 7652 94,878 0.9283

North Carolina − 6723 31,000 0.9409 − 5705 26,921 0.9588

North Dakota − 74.1 312.72 0.7160 − 75.35 302.53 0.7879

Ohio − 4158 20,794 0.9309 − 3499 18,605 0.957

Oklahoma − 1158 6162.9 0.8817 − 923.4 5001.5 0.9097

Oregon − 1354 6969.1 0.9189 − 1247 6570.4 0.9129

Pennsylvania − 4376 30,222 0.9891 − 3825 28,372 0.9914

Rhode Island − 224 1942 0.9389 − 177 1824 0.8333

South Carolina − 3917 20,557 0.7879 − 3277 18,920 0.8652

South Dakota − 94.71 460 0.7941 − 72.61 361.2 0.7471

Tennessee − 3760 19,372 0.8981 − 3136 17,266 0.949

Texas − 17,403 88,900 0.9182 − 16,260 85,188 0.9207

Utah − 314.3 2121.8 0.7112 − 285.2 1983.4 0.8525

Vermont − 107 583.73 0.7082 − 91.13 545.91 0.8386
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Table 4  (continued)

AIDS (search term) AIDS (illness)

α β R2 α β R2

Virginia − 2376 15,862 0.8017 − 2530 16,430 0.9206

Washington − 1696 11,095 0.9594 − 1464 10,179 0.9652

West Virginia − 327.7 1857.3 0.6888 − 339.3 1727.3 0.7492

Wisconsin − 1207 5836.5 0.9428 − 956.5 5201.9 0.9594

Wyoming − 58.9 316.91 0.9289 − 49.8 253.69 0.8337

Fig. 4  ‘AIDS Prevalence’ vs. Google Trends ‘AIDS (Search Term)’ and ‘AIDS (Illness)’ from January 2004 to 
December 2015 (USA; Alabama–Idaho)



Page 11 of 21Mavragani and Ochoa ﻿J Big Data  (2018) 5:17 

The categories ‘AIDS Diagnoses’ and ‘AIDS Deaths’, though significant correlations 
with Google data are identified, are not included in further analysis, as the results are 
not significant for all States, though  the respective analyses on said categories can be 
found in Appendix 1 and Appendix 2.

Fig. 5  ‘AIDS Prevalence’ vs. Google Trends ‘AIDS (Search Term)’ and ‘AIDS (Illness)’ from January 2004 to 
December 2015 (Illinois–Montana)
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Discussion
The AIDS epidemic is a serious health issue and needs immediate and constant atten-
tion. In the Internet age, new methods for the monitoring and assessment of AIDS are 
required, so as to decrease the numbers of AIDS prevalence and deaths around the 
globe, and especially in developing countries. In this study, we provide a novel approach 

Fig. 6  ‘AIDS Prevalence’ vs. Google Trends ‘AIDS (Search Term)’ and ‘AIDS (Illness)’ from January 2004 to 
December 2015 (Nebraska–South Carolina)
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of monitoring online search traffic data retrieved from Google Trends in order to 
develop forecasting models for AIDS prevalence in the US.

Both examined Google terms, i.e. ‘AIDS (Search Term)’ and ‘AIDS (Illness)’, exhibited 
significant correlations with official data on ‘AIDS Prevalence’, ‘AIDS Diagnoses’, and 
‘AIDS Deaths’, especially in the States where the AIDS rates are higher. Despite previ-
ous concerns on the reliability of Google Trends data [38], our results support research 
over the last decade showing that empirical relationships widely exist between Google 
Trends’ data and public health data records [5, 6, 9, 11, 20–22, 26, 39–42]. Therefore, the 
forecasting of AIDS prevalence is possible, as the estimated models for several States are 
robust despite the limitation of data being available for only 12 years. For ‘HIV (Search 
Term)’ and ‘HIV (Illness)’, though search volumes are high throughout the examined 
period, the correlations with official HIV data were not as statistically significant as in 
the case of AIDS, and were identified in fewer US States, which is an interesting topic to 
be examined in future research on the subject.

Table 5 consists of the coefficients and the R2 for the estimated forecasting logarithmic 
forecasting models of the form y = αln(x) + β for States that exhibit high significance 
in all three categories, i.e. ‘AIDS Prevalence’, ‘AIDS Diagnoses’, and ‘AIDS Deaths’.

Fig. 7  ‘AIDS Prevalence’ vs. Google Trends ‘AIDS (Search Term)’ and ‘AIDS (Illness)’ from January 2004 to 
December 2015 (South Dakota–Wyoming)
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This study has some limitations. The estimated forecasting models are based on only 
12  years’ data, thus the robustness of the models will increase when more years or 
smaller interval data are made officially available. In addition, we do not argue that each 
hit on the AIDS related keywords corresponds to an AIDS case and vise versa, as hits 
can also be attributed to general or academic interest, or increased interest due to an 
event, incident, or public figure that announces something related to the disease. Over-
all, the online interest towards AIDS increases according to the rates of AIDS prevalence 
(Appendix 3), thus it is expected for the forecasting models to be robust in the States for 
which the rates—and the online interest—are increased. Therefore, when more data are 
available, the significance will most probably increase.

Overall, this study highlights the importance of the analysis of online queries in order 
to better and more timely assess various issues in the US Health Care System. The esti-
mated forecasting models on AIDS prevalence have very good performance, indicating 
that Google data can be of value in dealing with this sensitive subject, as we can this 
way have access to data that would not easily or at all been accessed with conventional 
methods.

Table 5  Estimated Logarithmic forecasting models for USA and selected states

AIDS AIDS (search term) AIDS (illness)

α β R2 α β R2

USA Prevalence − 100,000 881,002 0.9695 − 100,000 830,816 0.9844

Diagnoses 16,068 − 20,481 0.8548 14,525 − 15,399 0.8982

Deaths 5859 − 2738 0.9452 5186 − 553.58 0.9524

California Prevalence − 11,677 99,283 0.9684 − 10,780 96,113 0.9239

Diagnoses 1670.7 − 1852 0.7151 1733.9 − 1962.9 0.8622

Deaths 559.95 − 168.21 0.942 481.76 87.41 0.7806

Florida Prevalence − 17,848 105,055 0.955 − 14,942 97,677 0.9571

Diagnoses 2822.4 − 5025 0.8862 2396.1 − 3962 0.9133

Deaths 970.62 − 961.25 0.8457 828.81 − 610.55 0.8816

Illinois Prevalence − 4563 29,922 0.9783 − 4151 29,124 0.9865

Diagnoses 587.39 − 713.99 0.8688 530.2 − 598.58 0.8625

Deaths 207.83 − 107.81 0.8635 187.74 − 67.41 0.8586

Maryland Prevalence − 4325 28,920 0.9663 − 3755 26,973 0.9788

Diagnoses 764.14 − 1357.2 0.9226 658.98 − 999.93 0.9223

Deaths 323.92 − 410.32 0.8647 281.24 − 264.71 0.8762

Massachusetts Prevalence − 2369 17,052 0.9828 − 2102 16,120 0.9848

Diagnoses 363.09 − 566.12 0.9204 319.15 − 414.72 0.9053

Deaths 92.75 − 19.36 0.8951 81.7 18.84 0.8841

New Jersey Prevalence − 2052 24,339 0.9535 − 1771 23,254 0.9361

Diagnoses 633.68 − 928.47 0.8535 555.61 − 618.92 0.8651

Deaths 377.47 − 468.44 0.9657 328.49 − 276.84 0.9642

New York Prevalence − 8477 97,596 0.9246 − 7652 94,878 0.9283

Diagnoses 3085.9 − 6020.5 0.9607 2794.8 − 5058.3 0.9709

Deaths 978.44 − 877.45 0.9683 885.23 − 569.63 0.9765
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Conclusions
This study aimed at introducing a novel approach in forecasting AIDS prevalence in the 
US using data from Google Trends on related terms. The results, exhibiting significant 
correlations between Google Trends’ data and official health data on AIDS (2004–2015) 
and high significance of the estimated forecasting models in several US States, support 
previous work on the subject suggesting that Google Trends’ data have been shown to 
be empirically related to health data and that they can assist with the analysis, monitor-
ing, and forecasting of several health topics. This study, however, also addresses a more 
important issue; that of anonymity. A Google Trends important advantage is that it uses 
the revealed and not the stated data [37] in general, but in the case of AIDS the latter is 
even more important. As HIV and AIDS testing, diagnosis, and treatment is a sensitive 
subject, people may less easily go to the hospital or consult a doctor, health official, espe-
cially before testing and diagnosis.

Therefore, the monitoring of the interest towards States with increased rates of AIDS 
prevalence is essential, so that health officials can a) make relative information available 
on the Internet at time point e.g. with advertisements, b) take preventive measures, e.g. 
organizing event etc., and c) prepare the Health Care System accordingly, e.g. organize 
free testing outside of the hospitals. AIDS and HIV are terms that are not translated, not 
easily misspelled, and do not include accents or special characters. Thus, future research 
can include the application of this method in other countries and regions, as well as tak-
ing into consideration data retrieved by other online sources.
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Appendix 1
AIDS diagnoses vs. Google Trends

Figure  8 depicts the scatterplots between ‘AIDS Diagnoses’ and both the exam-
ined Google terms, i.e. ‘AIDS (Search Term)’ and ‘AIDS (Illness)’, in the US and in the 
25 States for which significant correlations with p < 0.01 were observed between AIDS 
and Google data. The States are Arkansas, California, Connecticut, Delaware, DC, Flor-
ida, Illinois, Indiana, Maine, Maryland, Massachusetts, Michigan, Minnesota, Missouri, 
Nevada, New Hampshire, New Jersey, New York, Oklahoma, Oregon, Pennsylvania, 
Rhode Island, South Carolina, Washington, and West Virginia.

Table  6 consists of the coefficients for the estimated logarithmic models for ‘AIDS 
Diagnoses’ for both the examined terms, namely ‘AIDS (Search Term)’ and ‘AIDS (Ill-
ness)’. As in ‘AIDS Prevalence’, the relationship between Google Trends and health data is 
logarithmic and of the form y = αln(x) + β.

For ‘AIDS Diagnoses’, the estimated forecasting models for ‘AIDS (Search Term)’ and 
‘AIDS (Illness)’ in the US have an R2 of 0.8548 and 0.8982, respectively. It is therefore 
evident that the forecasting model for ‘AIDS Diagnoses’ in the US performs well, though 

Fig. 8  ‘AIDS Diagnoses’ vs. Google Trends ‘AIDS (Search Term)’ and ‘AIDS (Illness)’ from January 2004 to 
December 2015



Page 17 of 21Mavragani and Ochoa ﻿J Big Data  (2018) 5:17 

not as well as in the ‘AIDS Prevalence’ category, which could be attributed to the more 
narrow –compared to AIDS prevalence—field that said category covers, which is also 
supported by the correlations in Table 2, which show that the ‘AIDS Diagnoses’ are not 
as significantly and in less States correlated with Google Trends’ data.

Appendix 2
AIDS Deaths vs. Google Trends

Figure 9 depicts the relationship between ‘AIDS Deaths’ and both the examined Google 
terms, i.e. ‘AIDS (Search Term)’ and ‘AIDS (Illness)’, in the US and in the 21 States for 
which significant correlations with p < 0.01 between AIDS data and Google Trends’ data 
were observed. These States are Arizona, California, Connecticut, Delaware, DC, Flor-
ida, Georgia, Illinois, Louisiana, Maryland, Massachusetts, Michigan, Mississippi, Mis-
souri, New Jersey, New York, Pennsylvania, Tennessee, Texas, Utah, and Washington.

Table  7 consists of the coefficients for the estimated logarithmic models for ‘AIDS 
Deaths’ for both the examined Google Trends’ terms, i.e. ‘AIDS (Search Term)’ and 
‘AIDS (Illness)’ for the aforementioned States.

Table 6  Coefficients α and  β, and  R2 for  the  estimated forecasting models for  ‘AIDS 
Diagnoses’

AIDS (search term) AIDS (illness)

α β R2 α β R2

USA 16,068 − 20,481 0.8548 14,525 − 15,399 0.8982

Arkansas 66.22 − 29.35 0.5501 54.641 − 13.149 0.5269

California 1670.70 − 1852 0.7151 1733.90 − 1962.90 0.8622

Connecticut 235.88 − 412.74 0.8485 195.81 − 251.63 0.9036

Delaware 81.88 − 171.42 0.7702 68.34 − 119.06 0.8612

DC 490.36 − 1245.00 0.8745 451.06 − 1103.10 0.8577

Florida 2822.40 − 5025.00 0.8862 2396.10 − 3962.00 0.9133

Illinois 587.39 − 713.99 0.8688 530.20 − 598.58 0.8625

Indiana 112.76 − 33.04 0.7622 88.92 44.56 0.7261

Maine 23.68 − 46.86 0.6465 18.11 − 22.50 0.7223

Maryland 764.14 − 1357.20 0.9226 658.98 − 999.93 0.9223

Massachusetts 363.09 − 566.12 0.9204 319.15 − 414.72 0.9053

Michigan 272.70 − 304.44 0.7383 241.81 − 215.23 0.7847

Minnesota 69.68 − 18.47 0.7487 62.60 25.53 0.7937

Missouri 177.82 − 186.27 0.6939 152.91 − 110.45 0.7018

Nevada 84.23 − 23.00 0.5873 84.29 − 16.08 0.6334

New Hampshire 23.28 − 33.43 0.7263 21.90 − 30.47 0.6578

New Jersey 633.68 − 928.47 0.8535 555.61 − 618.92 0.8651

New York 3085.90 − 6020.50 0.9607 2794.80 − 5058.30 0.9709

Oklahoma 72.37 − 57.96 0.6557 56.03 19.55 0.6372

Oregon 101.12 − 96.98 0.8577 88.18 − 53.71 0.7636

Pennsylvania 655.13 − 927.11 0.6999 587.89 − 694.56 0.7392

Rhode Island 65.89 − 119.03 0.8694 55.05 − 92.83 0.8557

South Carolina 371.79 − 642.02 0.7354 318.21 − 511.42 0.8456

Washington 192.94 − 267.10 0.8056 167.26 − 165.03 0.8176

West Virginia 24.03 − 15.52 0.5608 25.54 − 7.69 0.6431
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Thus, as in the case of ‘AIDS Diagnoses’, when the AIDS data category is narrow, the 
forecasting results are robust in less States. Despite this, the forecasting models for the 
‘AIDS Prevalence’ category exhibit significant results. Therefore, as more years’ data 
become available, the forecasting of AIDS Diagnoses and Deaths will be possible in more 
States.

Appendix 3
Forecasting model significance vs. AIDS rates in the US

Figure 10a maps the following five groups of significance of modeling by State: the first 
level—denoted by NC-consists of the States for which the correlations between health 
and Google data were not significant in all pairs of categories and thus not included for 
further analysis. The second group—denoted by C(0)-consists of the States for which 
significant correlations were identified in all categories, but the forecasting models had 
an R2 lower than 0.85 in all AIDS data categories. The third, forth, and fifth groups—
denoted by C(1), C(2), and C(3), respectively- consist of the States for which significant 
correlations were identified in all categories, and the forecasting models’ R2 was above 
0.85 in one (1), two (2), and three (3) AIDS data categories, respectively.

Fig. 9  ‘AIDS Deaths’ vs. Google Trends ‘AIDS (Search Term)’ and ‘AIDS (Illness)’ from January 2004 to December 
2015
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In order to elaborate on why some States exhibit low correlations and not significant 
forecasting models and why some others show very high correlations in addition to very 
significant forecasting models, we calculate the average of the AIDS prevalence yearly 
Rates for all US States excluding DC from 2004 to 2015 and divide them into 5 classes 
of equal intervals. Figure 10b maps said 5 classes of AIDS prevalence Rates’ in each US 
State. As is evident, a correspondence exists between the 1st class of AIDS prevalence 
rates, i.e. the group with the States that do not exhibit significant correlations between 
Google data in AIDS related terms with official data on AIDS prevalence, Diagnoses, 
and Deaths. In particular, the 1st class, i.e. with average yearly rates on AIDS prevalence 
from 2004 to 2015 of 16.81 to 99.10, consists of 29 out of the 51 States, namely Oregon, 

Table 7  Coefficients α and β, and R2 for the estimated forecasting models for ‘AIDS Deaths’

AIDS (search term) AIDS (illness)

α β R2 α β R2

USA 5859 − 2738 0.9452 5186 − 553.58 0.9524

Arizona 82.79 − 5778 0.8031 68.27 − 1.97 0.7339

California 559.95 − 168.21 0.9420 481.76 87.41 0.7806

Connecticut 117.33 − 141.80 0.9481 94.35 − 53.21 0.9474

Delaware 33.22 − 38.50 0.5379 31.87 − 31.08 0.7946

DC 176.46 − 357.37 0.8566 161.04 − 301.91 0.8267

Florida 970.62 − 961.25 0.8457 828.81 − 610.55 0.8816

Georgia 209.60 99.15 0.6421 182.93 183.64 0.6259

Illinois 207.83 − 107.81 0.8635 187.74 − 67.41 0.8586

Louisiana 189.47 − 213.67 0.6370 148.89 − 23.65 0.7357

Maryland 323.92 − 410.32 0.8647 281.24 − 264.71 0.8762

Massachusetts 92.75 − 19.36 0.8951 81.70 18.84 0.8841

Michigan 91.73 − 10.15 0.6962 82.42 16.64 0.7596

Mississippi 96.25 − 153.79 0.5226 88.01 − 145.31 0.5765

Missouri 73.36 − 45.40 0.7740 62.78 − 13.22 0.7753

New Jersey 377.47 − 468.44 0.9657 328.49 − 276.84 0.9642

New York 978.44 − 877.45 0.9683 885.23 − 569.63 0.9765

Pennsylvania 224.11 − 85.79 0.8285 195.35 10.60 0.8257

Tennessee 164.41 − 237.24 0.8190 139.23 − 152.07 0.8921

Texas 378.75 48.21 0.8020 347.21 149.30 0.7741

Utah 23.82 − 37.38 0.6919 20.70 − 24.59 0.7611

Washington 44.27 13.46 0.6295 38.75 35.80 0.6516

Fig. 10  US states categorized by (a) correlations-estimated models’ significance and (b) AIDS rates
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New Mexico, Arkansas, Indiana, Michigan, Ohio, Kentucky, Minnesota, Kansas, Utah, 
Alaska, Nebraska, West Virginia, Maine, New Hampshire, Wisconsin, Vermont, Iowa, 
Idaho, Montana, Wyoming, South Dakota, and North Dakota. Of those, only two exhibit 
significant correlations between public health and Google data, namely Michigan and 
Ohio. It is thus evident that the online interest towards AIDS increases according to the 
rates of AIDS prevalence, thus it is expected for the forecasting models to be robust in 
the States for which the rates are increased.
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Infoveillance of infectious diseases in USA: 
STDs, tuberculosis, and hepatitis
Amaryllis Mavragani*   and Gabriela Ochoa 

Introduction
Over the past years, with Big Data Analytics being all the more integrated in Health 
Informatics research, the analysis of Internet data has become a valuable way for moni-
toring and analyzing the behavior towards health topics. Using data from online sources 
in order to inform public health and policy is called ‘Infodemiology’, derived from the 
words ‘Information’ and ‘Epidemiology’ [1]. Infodemiology and Infoveillance (informa-
tion and surveillance) studies using various online sources, such as Google, Twitter, and 
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other Social Media [2–6], show the importance of having access to real-time data in 
health assessment.

Google Trends [7], the most popular tool for retrieving online information, is highly used 
in health care research [8]. Google Trends data main advantages are that they are real-time 
data, and that they provide us with the revealed and not the stated preferences [9]. Google 
Trends has been a useful tool for the analysis, monitoring, forecasting, and nowcasting of 
many health topics; in seasonal [2, 10], chronic [11–14], and infectious diseases [15–17], 
as well as in outbreaks and epidemics, such as in AIDS [18], Measles [19], Ebola [20, 21], 
MERS [22], and the Zika Virus [23–25]. Online queries have been much employed up to this 
point for the analysis and forecasting of Influenza Like Illness, i.e., the flu [6, 26–28], while 
an emerging interest in analyzing Google queries for vaccination related topics has been 
increasing over the last couple of years [19, 29–31]. Other topics that Google Trends data 
have found significant applicability, include the monitoring of cancer types and screenings 
[32–35], the relation between online queries and suicide rates [36–39], as well as the analysis 
of the online interest and its association with both legal [40–42] and illegal drugs [43, 44].

Though Google Trends data have been much employed in forecasting, a gap exists in 
forecasting diseases’ cases using said data. This gap could be mainly attributed to low offi-
cial health data openness and availability, as well as regional limitations that are due to 
Internet penetration and restrictions. Τraditional methods, e.g., surveys and question-
naires, are time consuming for both collecting and analyzing data, therefore the results 
are available long after the period to which they refer. In addressing this drawback, online 
data have exhibited promising results up to this point in this line of research, i.e., showing 
that Internet data correlate with official health data and further examining the possibility 
of monitoring and forecasting diseases using data from online sources.

Towards the direction of examining novel, alternative methods of disease surveillance, 
this study provides an overview of the Infoveillance of five diseases, i.e., Chlamydia, 
Gonorrhea, Syphilis, Tuberculosis, and Hepatitis, using Google Trends data. Following, 
we explore the possibility of forecasting said diseases cases in the US at both national 
and state level. All examined diseases are in the 2018 list of National Notifiable Condi-
tions for Infectious Diseases, i.e., included in the CDC list for Surveillance Case Defini-
tions [45], defined as: “a set of uniform criteria used to define a disease for public health 
surveillance. Surveillance case definitions enable public health officials to classify and 
count cases consistently across reporting jurisdictions” [46].

For the diseases included in the National Notifiable Infectious Diseases list, the moni-
toring and analysis of the effects and trends of said diseases is achieved via public health 
surveillance. Despite provisional data being available in shorter time frames, the official 
data on the diseases are published annually. This is a long procedure involving a chain of 
several health officials; hence the data are far from being real time [45].

Out of the notifiable diseases, Chlamydia is the most common one, and is also the 
most common sexually transmitted disease (STD). It is most frequently met amongst 
young females, while most of infected people have no symptoms. Chlamydia can have 
serious effects in a woman’s health, even  causing infertility. There are increased risks 
with Chlamydia, such as getting HIV infection, or passing the disease to the baby dur-
ing delivery. There is a lack of awareness on the subject, while testing does not reach as 
many women as it should [47].
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Gonorrhea is a very common STD, transmitted through the reproductive male and 
female parts, but also through the mouth and anus. As in the case of Chlamydia, Gonor-
rhea is mostly asymptomatic, can be passed from mother to child during childbirth, and 
could even result in infertility. It is prevalent in young adults and African Americans. 
Gonorrhea also increases the risk of getting HIV [48].

Syphilis is an STD with very serious effects on human health, mainly transmitted 
through sexual contact or direct contact with infected genitals, anus, and mouth. Con-
genital Syphilis, i.e., passing the disease from mother to baby, mostly occurs in black and 
hispanic mothers, which is a very serious complication of the disease and can result in 
stillbirth or death of the baby. As in Chlamydia and Gonorrhea, the infection of Syphilis 
increases the risk of HIV transmission. As the symptoms can point to several other dis-
eases, diagnosis of Syphilis can take several months, or even years. The progression of 
the disease consists of three stages, i.e., Primary Stage. Secondary Stage, and the Latent 
Stage. Tertiary Syphilis can occur even 30 years after the initial infection and could result 
in death, while Neurosyphilis and Ocular Syphilis can occur at any stage of the infection, 
causing serious complications [49].

Tuberculosis (TB) is an infectious disease that mainly affects the lungs and could result 
in serious complications or death. The risk of TB is higher amongst those with weakened 
immune systems, as, for example, those with HIV. Tuberculosis is divided in the TB dis-
ease and the latent TB infection, i.e., the disease does not develop [50].

Hepatitis is an infectious disease resulting in the inflammation of the liver. It is mainly 
caused by one of the three most common viruses, i.e., Hepatitis A (HAV), Hepatitis B 
(HBV), or Hepatitis C (HCV). Hepatitis A is a vaccine preventable, highly contagious 
disease, and can be transmitted through food, drinks, stool, or through close contact 
with an infected person. It cannot result in a chronic disease, while it is usually not fatal. 
On the contrary, Hepatitis B and Hepatitis C can be either acute or chronic, while they 
can result in serious health issues, even death. Hepatitis B is also vaccine preventable, 
while for Hepatitis C there is no vaccine yet. Hepatitis B is most commonly transmit-
ted through blood, semen, sexual contact, and needles, while Hepatitis C is most com-
monly met amongst those who share needles or other drug related equipment [51].

The rest of the paper is structured as follows: In “Data and methods”, the data col-
lection procedure and analysis are detailed, and in “Results”, the results are presented. 
“Discussion” consists of the discussion of the analysis, while “Conclusions” presents the 
overall conclusions and further research suggestions.

Data and methods
Data used in this study are retrieved online by Google Trends [7] and are normalized 
over the selected period as follows: “Search results are proportionate to the time and 
location of a query: Each data point is divided by the total searches of the geography and 
time range it represents, to compare relative popularity. Otherwise places with the most 
search volume would always be ranked highest. The resulting numbers are then scaled 
on a range of 0–100 based on a topic’s proportion to all searches on all topics. Different 
regions that show the same number of searches for a term will not always have the same 
total search volumes” [52].
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Data on diseases cases and rates are retrieved by CDC’s AtlasPlus [53]. This database 
contains data for 6 infectious diseases, i.e., HIV/AIDS, Chlamydia, Gonorrhea, Syphi-
lis, Tuberculosis, and Hepatitis. Following the well performing forecasting results for 
AIDS [18], in this study we use data on the rest of the diseases included in AtlasPlus. The 
data retrieved for Hepatitis are from January 1st, 2004 to December 31st, 2015, while for 
the rest of the examined diseases; the examined time frame is from January 1st, 2004 to 
December 31st, 2016. Note that the data may very slightly vary depending on the time of 
retrieval.

The steps towards examining the possibility of forecasting said diseases using Google 
Trends data are as follows: First, we provide an overview of the online interest variations 
on each of these diseases for the respective examined periods. Next, we visualize the 
geographical distribution of the online interest in each disease for all states for each indi-
vidual year from 2004 to 2017. Following, we calculate the Pearson correlations between 
Google Trends data and the respective CDC data on each disease’s cases. Finally, we 
estimate linear regressions for the examined diseases at both national and state level, in 
order to examine the possibility of forecasting said diseases using Google Trends data.

Results
This section consists of the analysis of the results for the five examined diseases, i.e., 
Chlamydia, Gonorrhea, Syphilis, Tuberculosis, and Hepatitis.

Chlamydia

Figure 1 consists of the heat map of the online interest for the term ‘Chlamydia’ by state 
from January 2004 to December 2016, while Fig. 2 depicts the online interest by state for 
each year from 2004 to 2017 (Additional file 1: Tables S1 and S2).

Fig. 1  Heat map of the online interest in the term ‘Chlamydia’ by state (2004–2016)
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It is evident that the online interest in the term ‘Chlamydia’ is significant throughout 
the examined period, i.e., from 2004 to 2017. In the US, the top related searches for the 
term ‘Chlamydia’ from 2004 to 2016 include: ‘chlamydia symptoms’ (100), ‘chlamydia 
gonorrhea’ (50), ‘symptoms of chlamydia’ (38), ‘chlamydia men’ (36), ‘std chlamydia’ (34), 
‘std’ (33), ‘chlamydia treatment’ (33), ‘treatment chlamydia’ (33), ‘chlamydia in men’ (28), 
‘chlamydia infection’ (26), ‘chlamydia in women’ (25), ‘what is chlamydia’ (24), ‘chlamydia 
test’ (22), ‘chlamydia symptoms women’ (19), ‘chlamydia symptoms men’ (18), ‘chlamydia 
symptoms in women’ (16), ‘chlamydia symptoms in men’ (16), ‘chlamydia discharge’ (15), 
‘chlamydia signs’ (14), ‘chlamydia cure’ (13).

Table 1 consists of the Pearson correlation coefficients between Google Trends data on 
the term ‘Chlamydia’ and official Chlamydia cases in each US State from 2004 to 2016. 

Fig. 2  Online interest heat maps for the term ‘Chlamydia’ by state by year (2004–2017)
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At national level, the correlation between the yearly averages of Google Trends  data 
and yearly cases of Chlamydia from 2004 to 2016 is statistically significant (r = 0.9096, 
p < 0.01). The correlations are also statistically significant for all states, apart from Arkan-
sas, Mississippi, Hawaii, North Dakota, and West Virginia.

The next step is to identify the relationship between Chlamydia cases and the online 
interest on the term. Table 2 consists of the coefficients α, β, and the respective R2 for 
each of the linear regressions of the form y = αx + β estimated for the relationships 

Table 1  Correlations between Google Trends data and Chlamydia cases by state

* p < 0.1, ** p < 0.05, *** p < 0.01

State r State r State r

Alabama 0.8373*** Kentucky 0.8864*** North Dakota 0.2555

Alaska 0.7691*** Louisiana 0.8771*** Ohio 0.8742***

Arizona 0.8784*** Maine 0.6600** Oklahoma 0.9208***

Arkansas 0.2461 Maryland 0.7906*** Oregon 0.7691***

California 0.8779*** Massachusetts 0.8744*** Pennsylvania 0.9131***

Colorado 0.8469*** Michigan 0.6276** Rhode Island 0.8776***

Connecticut 0.7919*** Minnesota 0.7699*** South Carolina 0.6456**

Delaware 0.8278*** Mississippi − 0.1721 South Dakota 0.7496***

DC 0.6606** Missouri 0.8484*** Tennessee 0.8973***

Florida 0.8845*** Montana 0.7411*** Texas 0.9033***

Georgia 0.9223*** Nebraska 0.9001*** Utah 0.9111***

Hawaii 0.3736 Nevada 0.8578*** Vermont 0.6280**

Idaho 0.8663*** New Hampshire 0.6281** Virginia 0.7852***

Illinois 0.8585*** New Jersey 0.8305*** Washington 0.8578***

Indiana 0.9119*** New Mexico 0.7714*** West Virginia 0.3165

Iowa 0.6445** New York 0.8423*** Wisconsin 0.8183***

Kansas 0.8172*** North Carolina 0.9306*** Wyoming 0.5874**

Table 2  Coefficients α, β, and R2 of the linear regressions for Chlamydia cases

State α β R2 State α β R2 State α β R2

AL 253 12,263 0.7012 KY 241 2096 0.7856 ND 30 2023 0.0653

AK 88 3805 0.5915 LA 473 13351 0.7694 OH 310 31,751 0.7642

AZ 227 14,831 0.7715 ME 37 1431 0.4356 OK 183 7631 0.8479

AR 78 10,713 0.0606 MD 173 15,209 0.6250 OR 285 2630 0.5915

CA 886 103,581 0.7706 MA 215 7437 0.7646 PA 456 22,216 0.8338

CO 132 11,942 0.7172 MI 171 36,168 0.3939 RI 122 1587 0.7701

CT 148 6320 0.6272 MN 232 4976 0.5927 SC 169 17,417 0.4168

DE 47 2943 0.6852 MS − 17 21,242 0.0296 SD 87 1853 0.5619

DC 4 3887 0.4364 MO 122 19,103 0.7198 TN 151 20,748 0.8052

FL 784 22,622 0.7824 MT 62 1800 0.5493 TX 1040 46,987 0.8159

GA 351 27,004 0.8507 NE 78 3079 0.8103 UT 101 2519 0.8301

HI 34 5146 0.1396 NV 114 5152 0.7358 VT 27 745 0.3944

ID 88 1509 0.7505 NH 38 1343 0.3945 VA 259 17,559 0.6166

IL 293 45,209 0.7370 NJ 374 7834 0.6897 WA 20 11,299 0.7359

IN 309 10,914 0.8315 NM 135 5801 0.5951 WV 50 2774 0.1002

IA 132 4686 0.4154 NY 704 44,661 0.7094 WI 145 15,033 0.6696

KS 140 4467 0.6678 NC 525 11,489 0.8660 WY 43 934 0.3451
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between Chlamydia cases (dependent variable) and Google Trends data (independent 
variable). For the US, the equation describing the relationship is y = 9012x + 681655 
with an R2 of 0.8277. Most of the respective models at state level are also performing 
well, indicating that the forecasting of Chlamydia cases is possible using online search 
traffic data.

Gonorrhea

Figure 3 depicts the heat map of the online interest in the term ‘Gonorrhea’ in the US 
from 2004 to 2016. Figure 4 consists of the heat maps for the online interest of said term 
for each year from 2004 to 2017 by State (full datasets available in Additional file  1: 
Tables S3 and S4). As shown in Fig. 4, the online interest by state by year is increasing 
from 2004 to 2017, with no states in the ‘0–20’ interest group from 2008 on, and with the 
most states in the interest groups ‘81–100’ and ‘61–80’ being observed after 2014.

The top related searches for the term ‘Gonorrhea’ in the US from 2004 to 2016 include: 
‘gonorrhea symptoms’ (100), ‘symptoms’ (98), ‘chlamydia’ (97), ‘chlamydia gonorrhea’ 
(97), ‘std’ (41), ‘gonorrhea std’ (40), ‘treatment gonorrhea’ (35), ‘syphilis’ (30), ‘gonorrhea 
men’ (28), ‘herpes’ (25), ‘what is gonorrhea’ (24), ‘gonorrhea in women’ (23), ‘chlamydia 
and gonorrhea’ (22), ‘gonorrhea in men’ (22), ‘gonorrhea symptoms women’ (19), ‘gonor-
rhea discharge’ (19), ‘gonorrhea symptoms men’ (18), ‘gonorrhea test’ (15), ‘throat gonor-
rhea’ (15), ‘stds’ (15).

Table 3 consists of the Pearson correlation coefficients between Google Trends data 
on the term ‘Gonorrhea’ from 2004 to 2016 and data on Gonorrhea cases from the 
CDC for the same period. Contrary to Chlamydia, no statistically significant correla-
tion is observed for USA (r = 0.0974, p > 0.1), while significant correlations are only 
observed in the states of Michigan, South Carolina, Alabama, California, Kentucky, 

Fig. 3  Heat map of the online interest in the term ‘Gonorrhea’ by State (2004–2016)
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Mississippi, South Dakota, Texas, Wisconsin, Arizona, Arkansas, Illinois, Louisiana, 
New York, and Pennsylvania.

Table  4 consists of the coefficients α, β, and the respective R2 for each of the lin-
ear regressions. For the US, the estimated model is y = 325.28x + 334069 with an 
R2 of 0.0095. In the three States for which significant correlations with p < 0.01 are 
observed, i.e., in Illinois, Michigan, and South Carolina, the respective R2 for the lin-
ear regressions for Gonorrhea cases are 0.6867, 0.5966, and 0.6556.

The R2 of the estimated equations are not very high even in the states with signifi-
cant correlations between online and official data on Gonorrhea, while for the US, 
the results are significantly low. Thus the forecasting of Gonorrhea cases using this 
method cannot be performed at this point.

Fig. 4  Online interest heat maps for the term ‘Gonorrhea’ by state by year (2004–2017)
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Syphilis

Figure 5 depicts the heat map of the online interest in the term ‘Syphilis’ by state from 
January 2004 to December 2016, while Fig.  6 consists of the heat maps of the online 
interest in the term ‘Syphilis’ by state by year from 2004 to 2017 (Additional file 1: Tables 
S5 and S6).

Table 3  Correlations between Google Trends data and Gonorrhea cases by state

* p < 0.1, ** p < 0.05, *** p < 0.01

State r State r State r

Alabama − 0.5996** Kentucky 0.5928** North Dakota − 0.1005

Alaska 0.2957 Louisiana − 0.5142* Ohio − 0.7490

Arizona 0.4903* Maine 0.4675 Oklahoma 0.2069

Arkansas 0.5430* Maryland − 0.2098 Oregon 0.2629

California 0.5540** Massachusetts 0.2573 Pennsylvania 0.5140*

Colorado − 0.1122 Michigan − 0.7357*** Rhode Island − 0.4736

Connecticut − 0.0825 Minnesota − 0.0228 South Carolina − 0.8040***

Delaware 0.0856 Mississippi − 0.5825** South Dakota 0.5805**

DC 0.3097 Missouri − 0.3413 Tennessee − 0.4391

Florida − 0.1847 Montana 0.0953 Texas 0.5624**

Georgia − 0.3326 Nebraska − 0.0830 Utah 0.3331

Hawaii − 0.0990 Nevada 0.1814 Vermont 0.1045

Idaho 0.1987 New Hampshire − 0.0086 Virginia − 0.0348

Illinois − 0.7933* New Jersey 0.2843 Washington 0.3453

Indiana − 0.4479 New Mexico − 0.0052 West Virginia − 0.4462

Iowa 0.3235 New York 0.5312* Wisconsin − 0.6704**

Kansas − 0.0925 North Carolina − 0.0271 Wyoming 0.2684

Table 4  Coefficients α, β, and R2 of the linear regressions for Gonorrhea cases

State α β R2 State α β R2 State α β R2

AL − 68.71 11,175 0.3595 KY 50.69 2881 0.3515 ND − 5.10 422 0.0101

AK 26.94 637 0.0874 LA − 36.98 11,268 0.2645 OH − 164.46 23,450 0.5609

AZ 59.98 2852 0.2404 ME 13.77 − 42 0.2186 OK 15.80 4761 0.0428

AR 32.26 3944 0.2948 MD − 24.73 7773 0.0440 OR 30.32 853 0.0691

CA 344.22 15,916 0.3069 MA 17.81 2196 0.0662 PA 96.82 9535 0.2642

CO − 9.02 3688 0.0126 MI − 193.86 19,933 0.5413 RI − 10.07 715 0.2243

CT − 2.23 2620 0.0068 MN − 2.07 3402 0.0005 SC − 99.84 11,208 0.6464

DE 3.17 1107 0.0073 MS − 148.05 8439 0.3394 SD 17.29 226 0.3370

DC 5.91 2176 0.0959 MO − 54.90 10,334 0.1165 TN − 28.08 9489 0.1928

FL − 43.93 23,410 0.0341 MT 3.95 208 0.0091 TX 188.73 25,163 0.3163

GA − 47.51 18,229 0.1106 NE − 3.52 1518 0.0069 UT 22.724 321 0.1109

HI − 3.97 965 0.0098 NV 19.12 2326 0.0329 VT 0.528 71 0.0109

ID 6.50 141 0.0395 NH − 0.10 181 0.0001 VA − 3.43 8073 0.0012

IL − 124.49 23,886 0.6293 NJ 44.35 5337 0.0808 WA 46.32 1716 0.1192

IN − 49.10 9292 0.2006 NM − 0.64 1857 0.0000 WV − 13.93 1098 0.1991

IA 11.08 1499 0.1046 NY 151.28 13,546 0.2821 WI − 80.09 7863 0.4494

KS − 3.07 2513 0.0086 NC − 5.83 16,119 0.0007 WY 4.29 72 0.0720
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The top related queries for the term ‘Syphilis’ from 2004 to 2016 in the US include: 
‘symptoms syphilis’ (97), ‘herpes’ (37), ‘gonorrhea’ (36), ‘symptoms of syphilis’ (34), ‘chla-
mydia’ (33), ‘std syphilis’ (33), ‘std’ (32), ‘what is syphilis’ (31), ‘syphilis pictures’ (28), 
‘syphilis treatment’ (27), ‘tuskegee’ (25), ‘tuskegee syphilis’ (25), ‘syphilis rash’ (24), ‘syph-
ilis test’ (21), ‘hiv’ (17), ‘tuskegee syphilis study’ (16), ‘syphilis penis’ (15), ‘syphilis disease’ 
(15), ‘syphilis in men’ (14), ‘stds’ (14), ‘gonorrhea symptoms’ (13), ‘chlamydia symptoms’ 
(12), ‘herpes symptoms’ (12).

Table 5 consists of the Pearson correlation coefficients between Google Trends data 
and numbers of Syphilis cases for each examined state. Data on Syphilis cases for cal-
culating the Pearson correlations are retrieved from CDC AtlasPlus [30] by adding the 
‘Primary and Secondary Syphilis’ cases to ‘Early Latent Syphilis’ cases. Congenital Syphi-
lis’ cases are not included, as data are not available for most of the states for most of the 
years. However, by adding the Congenital Syphilis cases to the analysis, the correlations 
and the respective results remain significant in the same states. For the years where data 
for Early Latent Syphilis are not available, only data from ‘Primary and Secondary Syphi-
lis’ cases are used.

For the US, the correlation between online data and Syphilis cases is statistically sig-
nificant (r = 0.6478, p < 0.05). At state level, significant correlations are only observed 
in California, Illinois, Massachusetts, Utah, in Arkansas, Colorado, DC, Minnesota, 
Nevada, New Hampshire, North Carolina, Iowa, Michigan, New York, Ohio, and Wash-
ington. The states of North Dakota, South Dakota, and Wyoming are excluded from fur-
ther analysis due to lack of complete datasets in all Syphilis subcategories.

Fig. 5  Heat map of the online interest in the term ‘Syphilis’ by state (2004–2016)
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Table  6 consists of the coefficients α, β, and the respective R2 for each of the linear 
regressions for Syphilis cases. For the US, the equation describing the linear relationship 
between online data and official Syphilis cases is y = 748.65x − 26929 with an R2 of 
0.4196, which is indicating that, though at this point the model is not performing well, 
we could see promising results in the future when more data are available.

The states where the estimated models perform relatively well are Illinois and Mas-
sachusetts, for both of which the estimated correlations between online and official data 
were high (p < 0.01). It is thus evident that, as in the case of Gonorrhea, Syphilis cases 
cannot be forecasted using this method at this point.

Fig. 6  Online interest heat maps for the term ‘Syphilis’ by state by year (2004–2017)
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Table 5  Correlations between Google Trends data and Syphilis cases by state

* p < 0.1, ** p < 0.05, *** p < 0.01

State r State r State r

Alabama − 0.2414 Kansas 0.2949 New York 0.5173*

Alaska 0.4024 Kentucky 0.1182 North Carolina 0.6114**

Arizona 0.4722 Louisiana 0.0551 Ohio 0.5523*

Arkansas 0.5739** Maine − 0.065 Oklahoma 0.4253

California 0.7465*** Maryland 0.2001 Oregon 0.2134

Colorado 0.5662** Massachusetts 0.8250*** Pennsylvania 0.1238

Connecticut − 0.0757 Michigan 0.4983* Rhode Island − 0.1962

Delaware 0.1988 Minnesota 0.5806** South Carolina 0.5695**

DC 0.5640** Mississippi − 0.0481 Tennessee 0.0385

Florida 0.4942* Missouri 0.3284 Texas 0.5704**

Georgia 0.5154* Montana 0.3894 Utah 0.7218***

Hawaii 0.0962 Nebraska 0.1133 Vermont 0.2731

Idaho 0.0983 Nevada 0.6802** Virginia 0.4594

Illinois 0.7757*** New Hampshire 0.5888** Washington 0.5350*

Indiana 0.1794 New Jersey 0.1485 West Virginia 0.2697

Iowa 0.5081* New Mexico − 0.0188 Wisconsin 0.0476

Table 6  Coefficients α, β, and R2 of the linear regressions for Syphilis cases

State α β R2 State α β R2 State α β R2

AL − 6.43 759.73 0.0583 KY 2.70 142.52 0.0140 ND − 0.11 10.44 0.0003

AK 0.57 5.89 0.1619 LA 2.63 920.28 0.0030 OH 15.85 − 102.13 0.3050

AZ 12.71 5.18 0.2230 ME − 0.26 25.71 0.0042 OK 8.617 30.39 0.1809

AR 14.56 − 94.78 0.3294 MD 5.16 488.30 0.0400 OR 8.14 6.60 0.0455

CA 178.81 − 5271.90 0.5572 MA 19.09 − 259.86 0.6807 PA 16.51 363.47 0.0153

CO 11.33 − 156.14 0.3206 MI 14.48 − 251.17 0.2484 RI − 1.58 95.88 0.0385

CT − 1.10 145.91 0.0057 MN 12.77 − 353.58 0.3371 SC 21.97 − 103.92 0.3244

DE 0.81 39.98 0.0395 MS − 2.01 488.04 0.0023 SD 1 8.25 0.0381

DC 5.97 77.35 0.3181 MO 12.77 − 7.54 0.1079 TN 1.12 542.05 0.0015

FL 72.64 − 908.29 0.2443 MT 0.33 3.42 0.1516 TX 45.87 680.43 0.3253

GA 47.28 − 226.06 0.2656 NE 0.60 8.66 0.0128 UT 2.80 − 44.59 0.5210

HI 0.94 38.57 0.0093 NV 25.81 − 138.21 0.4627 VT 0.04 8.58 0.0003

ID 0.49 22.62 0.0097 NH 1.93 − 14.70 0.3467 VA 7.33 139.54 0.2110

IL 51.56 − 1385.40 0.6016 NJ 7.25 449.55 0.0221 WA 17.93 − 289.54 0.2862

IN 6.47 74.26 0.0322 NM − 0.17 155.34 0.0004 WV 2.06 4.12 0.0728

IA 6.54 − 108.68 0.2582 NY 104.91 − 2924.50 0.2676 WI 0.54 125.34 0.0023

KS 2.74 27.68 0.0870 NC 39.93 − 1288.80 0.3738 WY − 0.0029 2.73 0.00001
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Tuberculosis

Figure 7 consists of the heat map of the online interest by state from January 2004 to 
December 2016 for the term ‘Tuberculosis’, while Fig. 8 consists of the respective heat 
maps by state for each year from 2004 to 2017 (Additional file 1: Tables S7 and S8).

The top related searches for the term ‘Tuberculosis’ from 2004 to 2016 include 
‘symptoms tuberculosis’ (77), ‘tb’ (72), ‘tuberculosis test’ (65), ‘mycobacterium tuber-
culosis’ (38), ‘tuberculosis treatment’ (32), ‘symptoms of tuberculosis’ (29), ‘tubercu-
losis disease’ (29), ‘tb test’ (19), ‘tuberculosis vaccine’ (18), ‘tuberculosis causes’ (14), 
‘who tuberculosis’ (13), ‘tuberculosis skin test’ (13).

Table 7 consists of the Pearson correlation coefficients (r) between Google Trends data 
and Tuberculosis cases for each of the states, while Table 8 consists of the coefficients α, 
β, and the respective R2 for each of the linear regressions for Tuberculosis cases.

For the US, statistically significant correlations are observed (r = 0.5672, p < 0.05) 
between the online interest on the term ‘Tuberculosis’ and official Tuberculosis cases. 
Statistically significant correlations with p < 0.01 are observed for the states of DC, Loui-
siana, and Wisconsin, with p < 0.05 for Illinois, Kentucky, Maryland, New Hampshire, 
Rhode Island, and Virginia, and with p < 0.1 for Alabama and California. Based on the 
calculated correlations, the respective estimated models are not expected to perform 
well in most of the states.

Fig. 7  Heat map of the online interest in the term ‘Tuberculosis’ by state (2004–2016)
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For the US, the relationship between Google Trends data and Tuberculosis cases is 
described by y = 147.51x + 3787 with an R2 of 0.3217. The only state that shows prom-
ising results that forecasting could be possible at this point is Michigan, with an R2 of 
0.6840. Therefore, as in the case of Gonorrhea and Syphilis, Tuberculosis forecasting is 
not possible at this point using this method in all states.

Fig. 8  Online interest heat maps for the term ‘Tuberculosis’ by state by year (2004–2017)
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Hepatitis

Figure 9 consists of the heat map of the online interest by state from January 2004 to 
December 2015 for the term ‘Hepatitis’, while Fig. 10 consists of the respective heat maps 
by state for each year from 2004 to 2017 (Additional file 1: Tables S9 and S10).

The top related queries include ‘symptoms hepatitis’ (100), ‘hepatitis vaccine’ (91), 
‘what is hepatitis’ (66), ‘hepatitis b vaccine’ (56), ‘hepatitis treatment’ (44), ‘symptoms 

Table 7  Correlations between google trends data and Tuberculosis cases by state

* p < 0.1, ** p < 0.05, *** p < 0.01

State r State r State r

Alabama 0.5290* Kentucky 0.5891** North Dakota 0.4649

Alaska 0.0859 Louisiana 0.7141*** Ohio 0.4079

Arizona 0.3347 Maine 0.0915 Oklahoma 0.3842

Arkansas 0.3801 Maryland 0.6761** Oregon 0.3230

California 0.5454* Massachusetts 0.0513 Pennsylvania 0.6732**

Colorado 0.3382 Michigan 0.8271*** Rhode Island 0.5800**

Connecticut 0.5413* Minnesota 0.1527 South Carolina 0.3933

Delaware − 0.2075 Mississippi 0.1090 South Dakota 0.2435

DC 0.7382*** Missouri 0.3436 Tennessee 0.2710

Florida 0.1885 Montana 0.2888 Texas 0.3996

Georgia 0.4886* Nebraska − 0.3154 Utah 0.0570

Hawaii − 0.4057 Nevada − 0.0080 Vermont 0.3065

Idaho − 0.1846 New Hampshire 0.6565** Virginia 0.5887**

Illinois 0.6608** New Jersey 0.2505 Washington 0.1680

Indiana 0.2221 New Mexico 0.0315 West Virginia − 0.0706

Iowa 0.2460 New York 0.5450* Wisconsin 0.7275***

Kansas − 0.0543 North Carolina 0.3604 Wyoming 0.4667

Table 8  Coefficients α, β, and R2 of the linear regressions for Tuberculosis cases

State α β R2 State α β R2 State α β R2

AL 4.40 77.90 0.2799 KY 2.74 41.20 0.3470 ND 1.06 − 0.64 0.2161

AK 0.21 53.38 0.0074 LA 5.38 66.08 0.5100 OH 2.78 105.32 0.1664

AZ 2.31 173.65 0.1120 ME 0.10 13.17 0.0084 OK 2.54 36.46 0.1476

AR 0.99 65.08 0.1445 MD 4.49 91.71 0.4571 OR 0.79 60.60 0.1043

CA 25.45 905.03 0.2975 MA 0.30 214.18 0.0026 PA 5.21 50.41 0.4531

CO 1.388 50.28 0.1144 MI 5.23 − 30.65 0.6840 RI 0.99 10.47 0.3364

CT 2.38 31.79 0.2931 MN 1.36 137.97 0.0233 SC 3.412 52.04 0.1547

DE − 0.14 25.61 0.0431 MS 0.38 89.77 0.0119 SD 0.21 10.01 0.0593

DC 1.64 − 15.24 0.5449 MO 1.41 65.58 0.1180 TN 3.17 123.19 0.0735

FL 4.09 617.84 0.0355 MT 0.23 5.92 0.0834 TX 7.78 1022.40 0.1597

GA 6.80 158.32 0.2387 NE − 0.71 42.07 0.0995 UT 0.04 30.23 0.0033

HI − 0.67 132.59 0.1646 NV − 0.02 94.25 0.0001 VT 0.07 4.17 0.0940

ID − 0.20 18.59 0.0341 NH 0.58 0.25 0.4310 VA 5.12 85.23 0.3466

IL 7.90 48.48 0.4366 NJ 3 283.90 0.0628 WA 0.93 194.91 0.0282

IN 0.40 97.48 0.0493 NM 0.04 45.84 0.0010 WV − 0.08 19.07 0.0050

IA 0.22 40.66 0.0605 NY 17.78 198.30 0.2970 WI 1.69 15.99 0.5293

KS − 0.21 55.58 0.0030 NC 4.28 126.48 0.1299 WY 0.19 0.78 0.2178
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hepatitis c’ (43), ‘symptoms of hepatitis’ (41), ‘hep’ (38), ‘hepatitis a vaccine’ (35), 
‘hepatitis test’ (30), ‘hepatitis virus’ (27), ‘hepatitis c treatment’ (26), ‘what is hepatitis 
c’ (26), ‘what is hepatitis a’ (23), ‘hepatitis b symptoms (22), ‘viral hepatitis’ (21), ‘what 
is hepatitis b’ (20), ‘hepatitis a symptoms’ (20), and ‘hepatitis transmission’ (17).

Table 9 consists of the Pearson correlation coefficients (r) between Google Trends 
data and Hepatitis cases for each of the states. For calculating the correlations, the 
sum of the cases for Hepatitis A, Hepatitis B, and Hepatitis C are used. Where data 
are not available for a category, the sum of the remaining ones is used.

For the US, statistically significant correlation was observed between Hepatitis cases 
and Google Trends data (r = 0.9583, p < 0.01). For Hepatitis A, statistically significant 
correlations were observed between Google data in the US (r = 0.9045, p < 0.01); the 
same for Hepatitis B (r = 0.8922, p < 0.01). On the other hand, for Hepatitis C cases, 
no correlation was observed with Google Trends data (r = − 0.3089, p > 0.1), indicat-
ing that the latter does not contribute significantly to the high correlation between all 
Hepatitis cases and Google data.

Table 10 consists of the coefficients α, β, and the respective R2 for each of the linear 
regressions for Hepatitis cases for all US States, apart from DC where full datasets are 
not available.

For the US, the equation describing the linear relationship between Hepatitis cases 
and Google Trends data is y = 261.44x − 8197.4 with an R2 of 0.9184. The states of 
Arizona, Florida, Hawaii, New York, Pennsylvania, and Wisconsin exhibit good per-
forming forecasting results. Several other states have R2 that are relatively high, indicat-
ing that they will exhibit better results once more years’ data are available.

Fig. 9  Heat map of the online interest in the term ‘Hepatitis’ by state (2004–2015)
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As depicted in Fig. 10, in 2016 the online interest in all states but Hawaii is very low. 
This can be attributed to the Hepatitis A outbreak in Hawaii in August 2016, possibly 
linked to raw scallops that were served at a Hawaiian restaurant [54]. This is why the 
interest is so low in the rest of the states, constituting a good example of how an unex-
pected event can (negatively) affect this method of forecasting, but also how real life 
events are immediately and accurately depicted in online searches. The latter is very sig-
nificant for the real-time examining of epidemics and outbreaks.

Fig. 10  Online interest heat maps for the term ‘Hepatitis’ by state by year (2004–2017)
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Discussion
The surveillance of diseases using information available online, i.e., Infoveillance, has 
become an integral part of Health Informatics over the past years. Internet data can 
provide a large amount of information that could not be accessed through traditional 
surveillance methods, such as questionnaires, surveys, and registries. New methods and 
approaches are constantly discovered and used in order to take advantage of what the 
Internet has to offer.

Table 9  Correlations between Google Trends data and Hepatitis cases by state

* p < 0.1, ** p < 0.05, *** p < 0.01

State r State r State r

Alabama 0.0012 Louisiana 0.4745 Ohio 0.4040

Alaska 0.1039 Maine 0.3873 Oklahoma − 0.4900

Arizona 0.9207*** Maryland 0.5980** Oregon 0.7944***

Arkansas 0.7377*** Massachusetts 0.8010*** Pennsylvania 0.8759***

California 0.8333*** Michigan 0.5740* Rhode Island 0.3977

Colorado 0.7206*** Minnesota 0.5583* South Carolina 0.2419

Connecticut 0.7561*** Mississippi 0.6715** South Dakota − 0.3825

Delaware − 0.3014 Missouri 0.6581** Tennessee 0.3609

Florida 0.9151*** Montana 0.1725 Texas 0.8163***

Georgia 0.7010** Nebraska 0.5650* Utah 0.3074

Hawaii 0.8513*** Nevada 0.5200* Vermont 0.2253

Idaho 0.3770 New Hampshire 0.5045* Virginia 0.8309***

Illinois 0.5267* New Jersey 0.7993*** Washington 0.6129**

Indiana − 0.2965 New Mexico − 0.4728 West Virginia 0.2579

Iowa 0.3598 New York 0.8631*** Wisconsin 0.8844***

Kansas 0.5213* North Carolina 0.7576*** Wyoming 0.6561**

Kentucky − 0.0950 North Dakota 0.4797

Table 10  Coefficients α, β, and R2 of the linear regressions for Hepatitis cases

State α β R2 State α β R2 State α β R2

AL 0.01 134.60 0.000002 LA 1.50 56.25 0.2252 OH 10.63 − 351.75 0.1632

AK 0.06 7.01 0.0108 ME 0.50 12.88 0.1500 OK − 5.16 321.44 0.2401

AZ 25.80 − 674.83 0.8477 MD 6.45 − 141.22 0.3576 OR 5.13 − 113.01 0.6311

AR 4.11 − 29.01 0.5442 MA 24.98 − 694.28 0.6416 PA 19.06 − 740.71 0.7673

CA 58.75 − 1762.5 0.6944 MI 7.47 − 102.27 0.3295 RI 1.18 − 20.87 0.1582

CO 2 9.47 0.5192 MN 1.98 15.78 0.3117 SC 1.79 23.98 0.0585

CT 3.75 − 53.98 0.5716 MS 4.37 − 78.62 0.4509 SD − 0.30 15.12 0.1463

DE − 1.42 78.13 0.0909 MO 3.55 − 86.62 0.4331 TN 6.21 81.14 0.1303

FL 19.75 − 373.34 0.8374 MT 0.31 9.82 0.0298 TX 44.73 − 1423.4 0.6663

GA 8.28 − 155.43 0.4914 NE 1.01 − 5.35 0.3192 UT 1.29 − 3.21 0.0945

HI 1.41 − 6.58 0.7248 NV 3.08 15.25 0.2704 VT 0.42 0.13 0.0508

ID 0.38 15.24 0.1421 NH 2.59 − 46.34 0.2545 VA 10.11 − 283.41 0.6905

IL 4.10 19.74 0.2775 NJ 10.99 − 237.27 0.6389 WA 1.73 60.33 0.3757

IN − 3.87 360.46 0.0879 NM − 0.85 70.28 0.2235 WV 6.34 − 19.29 0.0665

IA 2.19 − 35.28 0.1295 NY 19.72 − 859.60 0.7450 WI 4.80 − 121.40 0.7821

KS 0.75 6.01 0.2718 NC 6.62 − 56.20 0.5739 WY 0.41 − 0.86 0.4305

KY − 1.81 322.09 0.0090 ND 0.22 0.28 0.2302
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Table 11  CDC reported cases for the infectious diseases included in AtlasPlus in 2016

Disease Reported cases

Chlamydia 1,598,354

Gonorrhea 468,514

Primary and Secondary Syphilis 27,814

Tuberculosis 9272

Hepatitis (A, B, and C) 7170

In this study, we assessed the online interest in the US at both national and state level 
in five infectious diseases, in order to show how Internet data can be used in the Info-
veillance of said diseases, and explore the possibility of forecasting cases using online 
search traffic data.

Yearly Data from the Atlas CDC website [53] were used, which are available for up 
to 2015 or 2016 (depending on the disease) for Chlamydia, Gonorrhea, Syphilis, Tuber-
culosis, and Hepatitis. In the case of AIDS, the estimated forecasting models of AIDS 
Prevalence in the US exhibited very good performance [18], supporting previous work 
on the subject suggesting that empirical relationships between online data and official 
health data exist, and highlighting the usefulness of this tool in health assessment.

As is evident from the geographical distribution of the online interest towards the 
examined diseases in each state per year since 2004, Google Trends data are an accu-
rate and valuable way to measure public interest and awareness on the subject. This is 
essential especially for STDs, since new innovative public surveillance methods, preven-
tive measures, and increased public information via traditional and new channels can 
increase awareness, particularly in the regions where said diseases’ rates are higher.

Table 11 consists of the US CDC reported cases for the diseases included in Atlas 
for the year 2016, apart from Hepatitis for which data refer to the year 2015. As is 
evident, Chlamydia cases are by far the most. The latter could explain why statistically 
significant correlations are observed between Google Trends data and reported Chla-
mydia cases in most US States, and the forecasting models are performing well. All 
diseases apart from Tuberculosis are experiencing an increase since the previous year, 
indicating that probably better- and for more diseases- forecasting will be possible in 
the future using this method.

Table  12 consists of the USA yearly rates (per 100,000) for Chlamydia, Gonorrhea, 
Syphilis, Tuberculosis from 2004 to 2016, and Hepatitis from 2004 to 2015. For Hepati-
tis, the reported rate is the sum of rates from Hepatitis A, Hepatitis B, and Hepatitis C, 
while for Syphilis, the rate is the sum of Primary and Secondary Syphilis, Early Latent 
Syphilis, and Congenital Syphilis.

As shown in Table 12, Chlamydia rates in the US are significantly higher than the rates 
for the rest of the examined diseases. This partly explains why Chlamydia cases exhibit 
so high correlations with online search traffic data and why the forecasting of Chlamydia 
is possible in many states using Google Trends data. For Syphilis and Tuberculosis, the 
rates included in Table 12 show that said diseases have very decreased rates, with Tuber-
culosis showing a downward trend since 2004. The low rates can partly explain why this 
method does not apply to these diseases. This is contrary to the case of Hepatitis, which 
may have the lowest numbers of reported cases (Table 11) and a downward rate trend 
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(Table  12), but it shows more promising results in forecasting. Based on the observa-
tions for Tuberculosis and Syphilis, however, and as in 29 out of 50 states significant 
correlations are observed for Hepatitis cases and online queries, there is a slight pos-
sibility that what is observed is a decrease in significance of the reported results instead 
of a projected increase in the future. For Gonorrhea, the online behavioral assessment 
is not trivial, as it is a word that is often misspelled, mostly for ‘Gonorrea’, contrary to 
e.g., AIDS, which is a word that is not misspelled, and for which the forecasting results 
exhibit good performance.

Many factors should be taken into account when using online search traffic data in 
health assessment, and the results should be interpreted carefully. This study is an 
overview of how infoveillance methods can be applied in monitoring and forecasting 
diseases cases using online search traffic data. In this analysis, we highlight not only 
what studies in this field normally highlight, i.e., the usefulness of Internet data in 
the monitoring and forecasting of diseases’ prevalence, but also provide examples of 
cases where this method does not work. In fact, we emphasize on how the suitability 
of this method along with the respective forecasting results can be affected by low 
rates or other factors.

However, despite previous concerns on the reliability using Google data as a means 
for disease monitoring [55], including the case of Google Flu Trends [56] which is now 
not available [57], the use of Google Trends data in health and medicine has exhib-
ited very promising results so far. Nevertheless, it is essential to understand that this 
method cannot be applied in every case, and, more importantly, that the methodol-
ogy should be designed cautiously and that the results must always be interpreted 
accordingly. Taking into account these limitations, future research should focus 
on employing more detailed and complicated mathematical modeling in order to 
improve diseases’ and epidemics’ forecasting, as, in order for all available information 
to be integrated in health research, both online data and data from traditional sources 
should be combined [56].

The overall assessment of the diseases examined in this study indicate the usefulness 
of Google Trends as a tool for disease surveillance, providing real-time data and thus 

Table 12  CDC reported yearly rates in USA for the examined diseases from 2004 to 2016

Chlamydia Gonorrhea Syphilis Tuberculosis Hepatitis

2004 317.3 112.7 14.5 5 4.3

2005 330.3 114.9 14 4.8 3.5

2006 345.4 120.1 15.1 4.6 3.1

2007 367.7 118.1 17.5 4.4 2.8

2008 398 110.7 19 4.2 2.4

2009 405.7 98.2 19.3 3.8 2

2010 422.8 100 18.6 3.6 1.9

2011 453.2 103.2 17.8 3.4 1.7

2012 453 106.6 18 3.2 2

2013 443 105.2 20.1 3 2.1

2014 452.1 109.8 24 3 2

2015 475 123 27.2 3 2.2

2016 497.3 145.8 33.4 2.9 –
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tackling the disadvantage of time consuming traditional data collection and analysis 
methods.

Conclusions
Over the past decade, the analysis of online search traffic data has been shown valuable 
and useful in the assessment of public health issues. In this study, by examining the geo-
graphical distribution of the online behavioral variations towards Chlamydia, Gonor-
rhea, Syphilis, Tuberculosis, and Hepatitis in the US by year since 2004, we showed how 
Infoveillance can explore public awareness and accurately measure the behavior towards 
said diseases. Next, we examined the correlations between Google Trends data and CDC 
data for the reported diseases. For Chlamydia, statistically significant correlations were 
observed for the US as a whole and most of the states, while their relationship was well 
described by the linear regressions estimated for many states. For Hepatitis, significant 
correlations were observed in 29 states, while forecasting seems to be exhibiting promis-
ing results at this point. On the contrary, for Syphilis and Tuberculosis the correlations 
were statistically significant in less states, which can be partly explained by the very low 
rates of said diseases in the US. For Gonorrhea, however, though rates are high in the 
US, the results were not significant as well. The latter could be due to the high volumes 
of Internet users that search for the disease with incorrect spelling, highlighting one of 
the main limitations of the tool, and being a good example of why the selection of key-
words and the interpretation of the results when using online search traffic data are cru-
cial for the robustness of the analysis. Overall, this study indicates that the analysis of 
real time data of diseases is important for obtaining information that cannot be acces-
sible through traditional survey methods. Future research on the subject could focus on 
developing new methods of monitoring and analysis of health issues, as well as overcom-
ing the limitations highlighted in this study.
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Abstract

Background: Infodemiology (ie, information epidemiology) uses web-based data to inform public health and policy.
Infodemiology metrics have been widely and successfully used to assess and forecast epidemics and outbreaks.

Objective: In light of the recent coronavirus disease (COVID-19) pandemic that started in Wuhan, China in 2019, online search
traffic data from Google are used to track the spread of the new coronavirus disease in Europe.

Methods: Time series from Google Trends from January to March 2020 on the Topic (Virus) of “Coronavirus” were retrieved
and correlated with official data on COVID-19 cases and deaths worldwide and in the European countries that have been affected
the most: Italy (at national and regional level), Spain, France, Germany, and the United Kingdom.

Results: Statistically significant correlations are observed between online interest and COVID-19 cases and deaths. Furthermore,
a critical point, after which the Pearson correlation coefficient starts declining (even if it is still statistically significant) was
identified, indicating that this method is most efficient in regions or countries that have not yet peaked in COVID-19 cases.

Conclusions: In the past, infodemiology metrics in general and data from Google Trends in particular have been shown to be
useful in tracking and forecasting outbreaks, epidemics, and pandemics as, for example, in the cases of the Middle East respiratory
syndrome, Ebola, measles, and Zika. With the COVID-19 pandemic still in the beginning stages, it is essential to explore and
combine new methods of disease surveillance to assist with the preparedness of health care systems at the regional level.

(JMIR Public Health Surveill 2020;6(2):e18941)  doi: 10.2196/18941
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Introduction

In December 2019, Chinese researchers identified a novel
coronavirus in humans that caused acute respiratory
syndrome—officially called coronavirus disease (COVID-19)
as of February 11, 2020 [1]. China reported its first death on
January 11, 2020, and Wuhan in the Hubei province, which was
identified as the epicenter of the epidemic, was cut off by
Chinese authorities on January 23, 2020 [2].

COVID-19 quickly surpassed the death toll of the severe acute
respiratory syndrome (SARS) pandemic on February 9, 2020
[2]. The virus had already spread to several other Chinese
regions, quickly affecting many neighboring countries as well,
like the Philippines and South Korea [2]. Several cases of

COVID-19 were reported throughout Europe over the next days
without causing any regional epidemic at the time; although
this did not last long, with Italy having its first death on February
21, 2020 [3], which in a short time spread to all European
countries, resulting in the World Health Organization declaring
it a pandemic on March 11, 2020 [4].

As of March 25, 2020, COVID-19 cases have surpassed 471,000
worldwide, with more than 335,000 still active, and with more
than 21,000 deaths. The country with the most confirmed
COVID-19 cases is the United States with 81,864, almost half
of which are in the state of New York. Italy is the most affected
country in number of deaths as of March 25, with 74,386 cases
and 7503 deaths. Lombardy, the origin of the Italy epidemic,
is the most affected region, followed by Emilia-Romagna,
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Veneto, Piedmont, Marche, Tuscany, and Liguria. In Europe,
Spain is unfortunately following Italy’s curve, with 49,515 cases
and 3647 deaths. Both countries have surpassed China’s 3287
reported COVID-19 death toll. France and Germany are also
facing a difficult situation, with more than 29,155 and 43,646
confirmed cases, respectively. All European countries have
COVID-19 cases, and most countries have at least one death.

However, there is a clear geographical distribution of COVID-19
cases in Europe, with central and southwest Europe being the
most affected. Figure 1 depicts the current situation in
COVID-19 cases worldwide up to March 25, 2020, while Figure
2 shows the COVID-19 (total cumulative, not per capita) deaths
by country up to March 25, 2020. All data on COVID-19 cases
and deaths were retrieved from Worldometer [5].

Figure 1. Worldwide heat map for total COVID-19 cases by country (as of March 25, 2020).

Figure 2. European heat map for total COVID-19 deaths by country (as of March 25th, 2020).

Italy is the first country facing serious issues and a large number
of deaths due to COVID-19 in Europe, followed by Spain,
France, Germany, and the United Kingdom [5]. The main issue
in all affected countries is that of the health systems’ capabilities
and performance. Toward this direction and based on early
Italian data about the spread of the disease, all European
countries have taken measures aiming at “flattening the curve”
[6], meaning to spread the cases—and, consequently, the patients
that need to be admitted to the intensive care unit—over a longer
period of time.

Said measures mainly consist of flight restrictions, borders
closing, shutting down cafes and restaurants, closing of schools,
and self-isolation at first and restriction of movement afterwards,
with a total lockdown being the last resort, which has
unfortunately been taken in several cases, like that of Lombardy
and Spain. The United Kingdom and the Netherlands followed
a different approach at first, despite the Imperial College’s
Response Team’s reports led by Prof Ferguson [7-9], with many
claiming that they were aiming at herd immunity, which also
posed several ethical concerns. Even these two countries,
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however, resorted to some measures and restrictions at the end
[10,11].

As Gunther Eysenbach, who first proposed the concept of
infodemiology (ie, information epidemiology [12-14]),
suggested during the SARS pandemic, the use of population
health technologies such as the internet can assist with the
detection of diseases during an early stage [15]. Given the
serious impact of the novel coronavirus and toward the direction
of using new methods and approaches for the nowcasting and
forecasting of this pandemic, in this paper, Google Trends data
are used to explore the relationship between online interest in
COVID-19 and cases and deaths in severely affected European
countries (ie, Italy, Spain, France, Germany, and the United
Kingdom). During these times, infodemiology metrics,
especially if combined with traditional data, can be an integral
part of the surveillance of the virus at the regional level.

Methods

Data from Google Trends [16] are normalized and retrieved
online in .csv format. Note that data may slightly vary based
on the time of retrieval. Time series from Google Trends for
various time intervals from January to March 2020 on the Topic
(Virus) of “Coronavirus” are used, combined with official data
on COVID-19 cases and deaths retrieved from Worldometer
[5]. The aim is to track the spread of the disease in the European
countries that have been affected the most (ie, Italy, Spain,
France, Germany, and the United Kingdom). Regional analysis
is performed in Italy (data from the Ministry of Health [17]),
and the Pearson correlation coefficients between COVID-19

cases and deaths and Google Trends time series are calculated.
The Topic of “Coronavirus” was selected instead of the
“COVID-19” search term, as the latter was not widely used up
to the point of the analysis.

For the general worldwide interest and correlation analysis, the
period was set from January 22 to March 17, 2020, while for
the rest of the European countries it was set from February 15
to March 17. For the detailed European countries’ correlation
analysis, case and death data from March 2 to 17 were used. A
new data set was retrieved for each time frame, which matched
the official COVID-19 case data. The default “All categories”
and “Web search” were selected. Note that each country, region,
and county were examined individually, and no comparisons
between countries in COVID-19 data or Google data were made.
The heat maps are based on absolute numbers for COVID-19
cases and deaths, and not according to the respective population.
The methodology was designed based on the Google Trends
methodology framework in infodemiology and infoveillance
[18].

Results

Table 1 consists of the Pearson correlation coefficients (r)
between Google Trends data and the respective categories of
total (cumulative) and daily cases and deaths (where applicable),
worldwide (January 22 to March 17) and in the five most
affected European countries (February 15 to March 17) (ie,
Italy, Spain, France, Germany, and the United Kingdom). Note
that for the total worldwide cases excluding China, the Pearson
correlation coefficient (r) is .9430, with P<.001.

Table 1. Pearson correlation coefficients (r) between Google Trends and COVID-19 data.

United KingdomGermanyFranceSpainItalyWorldwideVariables

P valuerP valuerP valuerP valuerP valuerP valuer

<.0010.8956<.0010.674<.0010.8709<.0010.7363.070.3301<.0010.8293Total cases

Ν/ΑΝ/ΑΝ/ΑΝ/Α<.0010.8542Ν/ΑΝ/Αa.120.2837<.0010.8917Total deaths

<.0010.8479Ν/ΑΝ/ΑΝ/ΑΝ/Α<.0010.8342.030.3931<.0010.7575Daily new cases

Ν/ΑΝ/ΑΝ/ΑΝ/Α<.0010.8554Ν/ΑΝ/Α.050.3474<.0010.8536Daily new deaths

aN/A: not applicable.

Based on the results, high statistical significance was observed
for the correlations between Google and COVID-19 data for all
countries and all applicable categories, apart from Italy, where
Google data and COVID-19 total deaths were not correlated.
In Italy, total cases and daily deaths were statistically significant
but with lower significance, which is not in line with the results

for the rest of the countries. The latter could be due to Italy’s
current special circumstances; it is the first European country
to experience such severe consequences from COVID-19 and
is further along the line compared with the rest of the countries.
Figure 3 depicts the cumulative and daily cases, recoveries, and
deaths from February 15 to March 24 in Italy.
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Figure 3. (a) Cumulative and (b) daily cases, recoveries, and deaths (Italy; February 15-March 24).

Thus, what is essential at this point is to examine if there had
been periods for which COVID-19 cases and deaths in Italy
correlated with Google query data. The following time frames
were selected: March 2-9, March 2-10, March 2-11, March
2-12, March 2-13, March 2-13, March 2-14, March 2-15, March
2-16, and March 2-17.

Table 2 consists of the correlations between Google Trends data
and cases, deaths, daily new cases, and daily new deaths in Italy
for the aforementioned time frames. Tables 3-4 consist of the
individual regions’ correlations between COVID-19 cases and
Google data.
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Table 2. Pearson correlation coefficients (r) between COVID-19 cases and deaths and Google Trends data in Italy.

Daily DeathsaDaily CasesaDeathsCasesTime frames

P valuerP valuerP valuerP valuer

.020.8097<.0010.9574<.0010.9336<.0010.9484March 2-9

.010.7901.0020.8796.0030.8593<.0010.9157March 2-10

.0060.7979.0020.8473.0030.8261<.0010.8951March 2-11

.0050.7792.0060.7644.010.7279.0040.7942March 2-12

.030.6401.020.6768.060.5605.030.6357March 2-13

.020.6223.060.5394.120.4537.080.5067March 2-14

.060.5071.080.4828.160.3949.110.4417March 2-15

.180.3678.130.4065.390.2410.290.2944March 2-16

.330.2624.890.0388.700.1036.560.1588March 2-17

aRefers to daily new cases and deaths.

Table 3. Pearson correlation coefficients (r) between COVID-19 cases and Google Trends data in the 20 Italian regions for March 2-9; March 2-10;
March 2-11; March 2-12.

March 2-12March 2-11March 2-10March 2-9Region

P valuerP valuerP valuerP valuer

.0080.7502.0010.8625.0010.8876.0020.8987Lombardia

.0020.8292<.0010.8798.0020.8839.0020.9017Emilia-Romagna

.0030.7960<.0010.9139<.0010.9230.0020.9117Veneto

.0070.7537.0020.8545.0020.8690<.0010.9494Piedmont

.0070.7551.0020.8384.0060.8301.0050.8770Marche

.020.6810.0050.8042.0040.8451.0020.8739Liguria

<.0010.8616<.0010.9175<.0010.9289<.0010.9506Campania

.0070.7529.0030.8274.0060.8279.0020.9073Toscana

.0050.7712<.0010.8883<.0010.9243<.0010.9458Lazio

<.0010.8493<.0010.9284<.0010.9407<.0010.9310Friuli

.020.6978.020.7364.010.7934.0050.8722Trento

.0040.7894.0020.8573<.0010.9005.0020.9092Apulia

<.0010.8604<.0010.9510<.0010.9691<.0010.9725Sicily

.040.6261.0010.8685.0040.8523.0050.8720Abruzzo

.010.7104.0040.8158.0030.8636.0040.8775Umbria

.070.5679.0070.7870.0070.8179.0050.8704Aosta

.010.7268.0090.7676<.0010.9047.0010.9170Sardinia

.010.7197.0020.8413<.0010.9004.0020.9054Calabria

.020.6764.020.7160.020.7382.0480.7101Molise

.0020.8278.0030.8306.010.7884.0030.8881Basilicata
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Table 4. Pearson correlation coefficients (r) between COVID-19 cases and Google Trends data in the 20 Italian regions for March 2-13; March 2-14;
March 2-15; March 2-16; March 2-17.

March 2-17March 2-16March 2-15March 2-14March 2-13Region

P valuerP valuerP valuerP valuerP valuer

.800.0693.550.1676.220.348.150.4216.0450.5864Lombardia

.600.1406.320.2773.110.442.080.5013.020.6471Emilia-Romagna

.390.2286.200.3542.080.4900.090.4931.020.6557Veneto

.900.0329.630.1341.270.3181.180.3969.060.5599Piedmont

.47–0.1932.76–0.0869.560.1687.390.2615.110.4817Marche

.670.1166.420.2237.270.3145.160.4111.050.5682Liguria

.770.0789.350.2611.090.4668.060.5285.010.7073Campania

.670.115.430.2228.160.396.130.4447.0470.5822Toscana

.78–0.0746.810.0683.350.27.290.3157.130.4665Lazio

.510.1774.300.2872.130.4274.0970.4791.030.6211Friuli

.89–0.0388.850.0553.360.2652.230.3592.110.4813Trento

.880.0419.370.2495.210.3555.130.4421.020.6426Apulia

.090.4332.040.5398.020.6291.0070.7055.0030.7720Sicily

.530.1717.310.2808.120.4362.120.4495.060.5535Abruzzo

.810.0649.460.2063.210.3501.140.4299.040.6088Umbria

.670.114.490.1942.340.2761.200.3779.090.5123Aosta

.240.3125.130.4049.030.5808.0490.5551.030.6188Sardinia

.360.2467.120.4234.050.5310.0470.5594.030.6272Calabria

.390.232.150.3883.120.4498.0980.4785.0080.7222Molise

.0970.4291.020.5945.020.6253.0050.7239.0050.7522Basilicata

As is evident, the strength of the correlation decreases as the
time frame includes days when the disease was already
widespread, both for cumulative and daily cases and deaths.
This is due to the critical point during the spreading of the
disease, after which the online interest in the virus starts
declining. This is apparent especially for the cumulative cases
and deaths, where one function is monotonous (increasing),
while the other starts exhibiting a decrease after reaching a peak.
Thus, said critical point should be identified in countries and
regions with fewer cases to examine the possibility of using
Google Trends data to nowcast the spread of COVID-19.

Figures 4 and 5 depict the changes in the Pearson correlation
coefficients (r) between Google Trends data and COVID-19
cases and deaths for the aforementioned time periods in Italy
and Lombardy, respectively. Graphs for the respective changes
in the Pearson correlation coefficients for the 20 Italian regions
can be found in Multimedia Appendix 1.

Based on these results, it is suggested that regional nowcasting
of COVID-19 is possible by simply monitoring Google Trends
data until that critical point. This is of high significance if it is
applied locally, as it could indicate the regions that will exhibit
an increase in COVID-19 cases, thus increasing the preparedness
of the health care systems, while, most importantly, taking the
needed measures to minimize disease spreading.

In Europe, the countries experiencing the highest case and death
counts (after Italy) are Spain, France, Germany, and the United
Kingdom, with Spain being in an extremely difficult position
with plane traffic being restricted and the army regulating local
and regional movement. Thus, for the same time frames as for
the Italian regions, the correlations between COVID-19 cases
and deaths (where applicable) and the online interest in
COVID-19 were calculated. Figures 6-8 depict the changes in
the Pearson correlation coefficients for the selected time frames
for Spain, Germany, and France.
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Figure 4. Changes in the Pearson correlation coefficients (r) for Italy.

Figure 5. Changes in the Pearson correlation coefficients (r) for Lombardy.
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Figure 6. Changes in the Pearson correlation coefficients (r) for Spain.

Figure 7. Changes in the Pearson correlation coefficients (r) for Germany.
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Figure 8. Changes in the Pearson correlation coefficients (r) for France.

For Spain, which is closely following Italy in COVID-19 cases
and deaths, the Pearson correlation coefficient starts declining
after March 13, 2020, which is when Spain’s death toll reached
100. In France, the curve still has an increasing trend (150 total
deaths as of March 16, 2020), while Germany’s curve has started
declining since March 15, which is when the country’s casualties
from COVID-19 passed 10.

Next, the most affected European country (ie, the United
Kingdom with more than 10,000 cases) was selected to elaborate

on the relationship between COVID-19 cases and deaths and
the online interest in the topic. The United Kingdom followed
a different approach than most European countries, by not taking
preventive measures at an early stage. Figure 9 depicts the
changes in the Pearson correlation coefficients for the same
time frames selected previously. As is evident, the United
Kingdom is still exhibiting high and statistically significant
correlations (Table 5).

Figure 9. Changes in the Pearson correlation coefficients (r) for the United Kingdom.
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Table 5. Pearson correlation coefficients (r) between COVID-19 cases and deaths and Google Trends data for the United Kingdom.

Daily CasesDeathsCasesTime Frames

P valuerP valuerP valuer

.330.4008.040.7241.080.6470March 2-9

.0970.5863.0030.8629.0080.8144March 2-10

.020.7021<.0010.9244<.0010.8811March 2-11

<.0010.8907<.0010.9229<.0010.9053March 2-12

<.0010.8689<.0010.9408<.0010.9177March 2-13

<.0010.8091<.0010.8742<.0010.8896March 2-14

<.0010.8470<.0010.8145<.0010.8878March 2-15

<.0010.8010<.0010.8110<.0010.9083March 2-16

<.0010.8100<.0010.7878<.0010.8920March 2-17

The relationship between COVID-19 cases and deaths shows
an increasing trend over the examined period and stays high
afterwards. Note that the United Kingdom had zero deaths
March 2-4, 2020. The decrease is also evident in Table 5, which
consists of the Pearson correlation coefficients and their
significance, the latter also exhibiting increased rates as time
moves forward, contrary to Italy, Spain, and all Italian regions.

Therefore, it is evident that a correlation between COVID-19
and Google Trends data exists, but the critical point, after which
the online interest starts declining, should be identified in each
individual case to proceed with regional nowcasting. Toward
this direction, the data period should be shortened and applied
to regions that have not yet been as severely affected. Google
Trends provides a detailed regional break down for most
countries, as well as real time and 1-hour interval data over the
past week; this gives the opportunity of nowcasting users’ search
patterns and online behavior toward the disease.

Discussion

Principal Findings
Infodemiology metrics and approaches are an integral part of
health informatics, with the most popular sources being Twitter
and Google [19,20], which have been successfully employed
in the past to track and forecast outbreaks and epidemics (eg,
Middle East respiratory syndrome [21], measles [22,23], Ebola
[24,25], the swine flu [26], and the Zika epidemic [27,28]).

However, the case of the new coronavirus is somewhat different
both in terms of the qualitative and quantitative approach than
the previously examined epidemics. COVID-19 has been the
subject of several controversial discussions. Since China’s first
death report on January 11, 2020 [2], there have been several
controversies regarding how China has handled the epidemic.
There are ongoing debates as to whether there had been an
attempt to hide the beginning of the outbreak, which became
public by whistleblower Dr Li Wenliang who was reported dead
as of February 7 due to COVID-19 complications [29]. There
has been information about reporters being expelled from China
as brought forward by New York Times reporter Amy Qin [30].
Most importantly though, there have been doubts about the
accuracy of the data and results that the Chinese authorities and

scientists have provided, with a much discussed incident being
the announcement that “Preliminary investigations conducted
by the Chinese authorities have found no clear evidence of
human-to-human transmission of the novel #coronavirus
(2019-nCoV) identified in #Wuhan, #China” [31].

However, the case of Italy, which is the country with the highest
death toll and should perhaps be treated as the first case of what
to expect from the virus spread, shows that the epidemic is far
more serious than what the officials originally suggested, with
a record daily death toll of 919 reported on March 27 [32] and
total deaths slightly less than 10,000. Based on Italy’s data,
many European countries acted fast in imposing measures for
slowing down the spread of the disease, and the next 2-3 weeks
could exhibit nonexponential curves in terms of daily casualties.

Toward the direction of finding new methods for nowcasting
COVID-19 to increase the preparedness of health care systems,
this study suggests that Google Trends data strongly correlates
with COVID-19 cases and deaths worldwide and in the
examined countries. Most importantly though, there is a critical
point, after which the relationship’s strength (in almost all cases)
monotonously decreases, even if the correlation remains
statistically significant, with Italy having the sharpest downward
curve.

Limitations
This study has limitations. First, since the pandemic not only
is ongoing but has not reached its peak yet, the data are limited;
thus, the correlations are based on fewer observations, and the
results are only preliminary and subject to change as we move
forward. Second, only a few countries provided, at the time of
writing, sufficient data for analysis or a regional break down of
the cases and deaths. Third, only the interest in the ”Coronavirus
(Virus)” Topic was explored, but future reports should also
elaborate on more complicated search patterns, especially using
the official name of the disease (ie, COVID-19) once it is used
by a significant part of the population. Fourth, there are
significant changes in cases, deaths, and rates even between 2
consecutive days in many regions and countries; even at the
time of writing, the data can significantly vary from those at
the time of retrieval.
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Conclusions
In line with previous studies that have indicated that Google
Trends data can assist with the tracking and nowcasting of
epidemics and outbreaks, the results of this paper show that
online search traffic data are highly correlated with COVID-19
cases and deaths in the examined countries and regions.
Furthermore, a critical point, up to which regions not severely
affected exhibit the strongest relationship between Google and
COVID-19 data, was identified. This suggests that focus should
shift towards these regions to make full use of what real time
data assessment can offer. The latter is essential for increasing
the preparedness and responsiveness of local health institutions,
which is the most important aspect in handling the current
pandemic.

As of March 27, the center of the COVID-19 pandemic is the
United States, with New York being the most affected, and it
is imperative to perform similar analyses regionally, at state,
metro, and city levels. Data from the disease spread and
casualties in Europe will provide a better picture as to the
characteristics of the virus as well as detailed data—both
traditional and infodemiological—to estimate nowcasting
models.

Despite the limited data availability at this stage of the
pandemic, it is essential that all results are shared and rapid
publications on the topic of infodemiology are accessible.
Infodemiology results from various sources such as Google,
Twitter, Facebook, or other social media are valuable variables
in epidemiology. It is crucial to use such preliminary findings
to build novel approaches that make use of real time data for
the tracking and nowcasting of COVID-19.
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COVID‑19 predictability 
in the United States using Google 
Trends time series
Amaryllis Mavragani1* & Konstantinos Gkillas2

During the unprecedented situation that all countries around the globe are facing due to the 
Coronavirus disease 2019 (COVID-19) pandemic, which has also had severe socioeconomic 
consequences, it is imperative to explore novel approaches to monitoring and forecasting regional 
outbreaks as they happen or even before they do so. To that end, in this paper, the role of Google 
query data in the predictability of COVID-19 in the United States at both national and state level is 
presented. As a preliminary investigation, Pearson and Kendall rank correlations are examined to 
explore the relationship between Google Trends data and COVID-19 data on cases and deaths. Next, 
a COVID-19 predictability analysis is performed, with the employed model being a quantile regression 
that is bias corrected via bootstrap simulation, i.e., a robust regression analysis that is the appropriate 
statistical approach to taking against the presence of outliers in the sample while also mitigating 
small sample estimation bias. The results indicate that there are statistically significant correlations 
between Google Trends and COVID-19 data, while the estimated models exhibit strong COVID-19 
predictability. In line with previous work that has suggested that online real-time data are valuable 
in the monitoring and forecasting of epidemics and outbreaks, it is evident that such infodemiology 
approaches can assist public health policy makers in addressing the most crucial issues: flattening 
the curve, allocating health resources, and increasing the effectiveness and preparedness of their 
respective health care systems.

In December 2019, a novel coronavirus of unknown source was identified in a cluster of patients in the city of 
Wuhan, Hubei, China1. The outbreak first came to international attention after the World Health Organization 
(WHO) reports said that there was a cluster of pneumonia cases on Twitter on January 4th2, followed by the 
release of an official report on January 5th3. China reported its first COVID-19-related death on January 11th, 
while on January 13th, the first case outside China was identified4. On January 14th, the World Health Organiza-
tion (WHO) tweeted that Chinese preliminary investigations reported that no human-to-human transmission 
had been identified5. However, the virus quickly spread to other Chinese regions and neighboring countries, 
while Wuhan, identified as the epicenter of the outbreak, was cut off by authorities on January 23rd, 20206. On 
January 30th, the WHO declared the epidemic to be a public health emergency1, and the disease caused by the 
virus received its official name, that is, COVID-19, on February 11th7.

The first serious COVID-19 outbreak in Europe was identified in northern Italy during February, with the 
country recording its first death on February 21st8. The novel coronavirus was transmitted to all parts of Europe 
within the next few weeks, and as a result, the WHO declared COVID-19 to be a pandemic on March 11th, 2020. 
As of 16:48 GMT on April 18th, 20209, there were 2,287,369 confirmed cases worldwide, with 157,468 confirmed 
deaths and 585,838 recovered patients. The most affected countries with more than 100 k cases (in absolute 
numbers, not divided by population) were the US, with 715,105 confirmed cases and 37,889 deaths; Spain, with 
191,726 confirmed cases and 20,043 deaths; Italy, with 175,925 confirmed cases and 23,227 deaths; France, with 
147,969 confirmed cases and 18,681 deaths; Germany, with 142,614 confirmed cases and 4405 deaths; and the 
UK, with 114,217 confirmed cases and 15,464 deaths. The worldwide geographical distribution of COVID-19 
cases and deaths by country is depicted in Fig. 1.

As shown, Europe has been severely affected by COVID-19. However, the spread of the disease now indicates 
that the center of the epidemic has moved to the US, with the state of New York counting more than 240 k cases 
and 17 k deaths. Figure 2 shows the distribution of COVID-19 cases and deaths in the United States by state as 
of April 18th, 202010.
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To find new methods and approaches for disease surveillance, it is crucial to take advantage of real-time 
internet data. Infodemiology, i.e., information epidemiology, is a concept that was introduced by Gunther 
Eysenbach11,12. In the field of infodemiology, internet sources and data are employed to inform public health and 
policy13,14. These approaches have been suggested to be valuable for the monitoring and forecasting of outbreaks 
and epidemics15, such as Ebola16, Zika17, MERS18, influenza19, and measles20,21.

During the COVID-19 pandemic, several research studies using web-based data have been published. Google 
Trends, the most popular infodemiology source along with Twitter, has been widely used in health and medicine 
for the analysis and forecasting of diseases and epidemics22. As of April 20, 2020, seven (7) papers on the topic 
of monitoring, tracking, and forecasting COVID-19 using Google Trends data had already appeared online in 
PubMed (advanced search: covid AND google trends)23 for several regions: Taiwan24, China25,26, Europe27,28, 
the US28,29, and Iran 28,30. Note that for Twitter publications related to the COVID-19 pandemic, eight papers 
(8) published from March 13, 2020 to April 20, 202031–38 are available online (PubMed advanced search: covid 
AND twitter23). Table 1 systematically reports these COVID-19 Google Trends studies, in order of the reported 
publication date.

In this paper, Google Trends data on the topic of “Coronavirus (virus)” in the United States are employed at 
both the national and state levels to explore the relationship between COVID-19 cases and deaths and online 
interest in the virus. First, a correlation analysis between Google Trends and COVID-19 data is performed; then, 
the role of Google Trends data in the predictability of COVID-19 is explored. To the best of our knowledge, this 
paper is the first attempt of this kind performed for the United States.

The rest of the paper is structured as follows. The Methods section details the data collection procedure and 
the statistical analysis tools and methods. The Results section consists of the correlation analysis and of the 
forecasting models at both national and state levels. The Discussion section presents the main findings of this 
work, along with the limitations of this paper and future research suggestions.

Methods
Data from the Google Trends platform are retrieved in .csv39 and are normalized over the selected period. Google 
Trends reports the adjustment procedure as follows: “Search results are normalized to the time and location of a 
query by the following process: Each data point is divided by the total searches of the geography and time range it 
represents to compare relative popularity. Otherwise, places with the most search volume would always be ranked 

Figure 1.   Geographical distribution of worldwide COVID-19 cases and deaths as of April 18th (Chartsbin43).

Figure 2.   Geographical distribution of COVID-19 cases and deaths in the US as of April 18th (Pixelmap42).
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highest. The resulting numbers are then scaled on a range of 0 to 100 based on a topic’s proportion to all searches 
on all topics. Different regions that show the same search interest for a term don’t always have the same total search 
volumes”40. The data collection methodology is designed based on the Google Trends Methodology Framework 
in Infodemiology and Infoveillance41. Note that the data may slightly vary based on the time of retrieval.

For keyword selection, the online interest in all commonly used variations is examined, and the variations are 
compared, i.e., “coronavirus (virus)”; “COVID-19 (search term)”; “SARS-COV-2 (search term)”; “2019-nCoV 
(search term)”; and “coronavirus (search term)”. Only “coronavirus (virus)” and “coronavirus (search term)” 
yield, as expected, considerably high online interest. Between the two, i.e., the topic (virus) and the search term, 
“coronavirus (virus)” is selected for further analysis.

Data on the worldwide distribution of COVID-19 cases and deaths are retrieved from Worldometer9. Data 
for the United States analysis of COVID-19 are retrieved from “The COVID Tracking Project”, which provides 
detailed structured data on COVID-19 cases and deaths nationally and at state level10. Maps of COVID-19 cases 
and deaths and online interest are created by the authors using the free online tools Pixelmap42 and Chartsbin43, 
with data from the respective sources9,10, while graphs, spider web charts, and maps of the correlation coefficients 
are created by the authors using Microsoft Excel (version 16.39).

As Google Trends data are normalized, the timeframe for which search traffic data are retrieved should 
exactly match the period for which COVID-19 data are available. Therefore, the timeframes for which analysis 
is performed are different among states, starting either on March 4th (for most cases) or on the date on which 
the first confirmed case was identified in each state, as shown in Table 2.

Each variable used in this study is divided by its full-sample standard deviation, estimated or calculated 
based on the basic formula of the standard deviation of a variable. By doing so, the inherent variability of each 
variable was moved, and thus, all variables have a standard deviation equal to 1. This equivalence makes it pos-
sible to compare the strength of the impact of the explanatory variables used on the dependent variable. The 
nonparametric44 unit root test is also applied to reveal whether or not the variables are stationary. The results 
suggest that both variables can be used directly in the present analysis without further transformation.

The first step in exploring the role of Google Trends in the predictability of COVID-19 is to examine the 
relationship between Google Trends and the incidence of COVID-19. As Pearson correlation analysis is the 
benchmark analysis in this kind of approach, the Pearson correlation coefficients (r) between the ratio (COVID-
19 deaths)/(COVID-19 cases) and Google Trends data are calculated. In particular, a minimum variance bias-
corrected Pearson correlation coefficient45,46 via a bootstrap simulation is applied to deal with the limited number 
of observations and, therefore, small sample estimation bias (also see45,47). The bias-corrected bootstrap coefficient 
∼
ρ
b
 for the Pearson correlation is given as follows:

Table 1.   Systematic reporting of publications on COVID-19 using Google Trends as of April 20th, 2020.

Authors Date Region Objective Publisher Journal

Husnayain et al.24 March 12 Taiwan Analyzing COVID-19 related searches Elsevier International Journal of Infectious Diseases

Li et al.25 March 25 China Correlating Internet searches with COVID-19 cases Eurosurveillance Eurosurveillance

Mavragani27 April 2 Europe Correlating Google Trends data with COVID-19 
cases and deaths JMIR JMIR Public Health and Surveillance

Hong et al.29 April 7 USA Relationship between telehealth searches and 
COVID-19 JMIR JMIR Public Health and Surveillance

Walker et al.28 April 11 USA, Iran, Europe Exploring of the online activity related to loss of 
smell Wiley International Forum of Allergy and Rhinology

Ayyoubzadeh et al.30 April 14 Iran Prediction of COVID-19 cases JMIR JMIR Public Health and Surveillance

Effenberger et al.26 April 16 China Correlation between Google Trends data and 
COVID-19 cases Elsevier International Journal of Infectious Diseases

Table 2.   Timeframes for which Google Trends data are retrieved by state.

March 4th–April 15th USA; Arizona; California; Florida; Georgia; Illinois; Massachusetts; New Hampshire; New York; North Carolina; 
Oregon; Texas; Washington; Wisconsin

March 5th–April 15th Nevada; New Jersey; Tennessee

March 6th–April 15th Colorado; Indiana; Maryland; Pennsylvania

March 7th–April 15th Hawaii; Kentucky; Minnesota; Nebraska; Oklahoma; Rhode Island; South Carolina; Utah

March 8th–April 15th Connecticut; District of Columbia; Kansas; Missouri; Vermont; Virginia

March 9th–April 15th Iowa; Louisiana; Ohio

March 11th–April 15th Delaware; Michigan; New Mexico; South Dakota

March 12th–April 15th Arkansas; Maine; Mississippi; Montana; North Dakota; Wyoming

March 13th–April 15th Alabama; Alaska

March 14th–April 15th Idaho

March 18th–April 15th West Virginia
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where B corresponds to the length of the bootstrap samples; in this case, it is set equal to 99948. Note that the 
terms “COVID-19 deaths” and “COVID-19 cases” refer to the cumulative (total) COVID-19 deaths and cases 
in the United States and that this terminology is used hereafter unless otherwise stated.

Next, secondary correlation analysis is performed using the Kendall rank correlation, which is a nonpara-
metric test that measures the strength of dependence between two variables. The Kendall rank correlation is 
distribution free and is considered robust in ratio data. Considering two samples with sample sizes n , the total 
number of pairings is 12n(n− 1) . The following formula is used to calculate the value of the bias-corrected Ken-
dall rank correlation:

where τ is given by τ =
nc−nd
1
2 n(n−1)

 , nc is the concordant value, and nd is the discordant value.
Following, a COVID-19 predictability analysis approach based on Google Trends time series for the United 

States and all US states (plus DC) is performed. The predictability model is a quantile regression, which is con-
sidered to be a robust regression analysis against the presence of outliers in the sample; it was introduced by49. 
Building on the study conducted by46, a quantile regression that is bias corrected via balanced bootstrapping is 
employed. Such a model is the appropriate statistical approach for mitigating small sample estimation bias and 
the presence of outliers in the dataset, as it combines the advantages of bootstrap standard errors and the merits 
of quantile regression. Additional knowledge on quantile regression can be found in the studies conducted by50 
and51, while recent applications of quantile regression can be found in52,53. More recently54 introduced uncon-
ditional quantile regression, while the study by55 provides further insights into robust estimates of regressions.

Let Yt , with t ∈ T , be a time series that represents the dependent variable, supposing a bivariate specification. 
Quantile regression estimates the impact of the explanatory variable Xt , with t ∈ T , on the variable Yt at different 
points of the conditional q-quantile, with q ∈ (0, 1) , of the conditional distribution. A value of the q-quantile 
close to zero and a value of the q-quantile close to one represent the left (lower) and right (upper) tails of the 
conditional distribution, respectively. The conditional quantile function is defined as follows:

Given the distribution of Yt , the estimation of the conditional quantile functions βq can be obtained by solv-
ing the following minimization problem:

where ρq
(
y
)
= y

(
q− 1{y<0}

)
 represents the loss function.

By minimizing the sample analog 
{
y1, . . . , yn

}
 that corresponds to a qth quantile sample, the estimator βq 

takes the following form:

where βXt is an approximation of the conditional q-quantile of the variable Yt.
In our analysis, Yt stands for the ratio (COVID-19 deaths)/(COVID-19 cases), Xt−1 is the respective Google 

Trends value in lag order, and t = 1, . . . ,T , with T being the respective number of observations. A linear trend 
is used as well.

Finally, the bias-corrected parameter is estimated as follows:

where b̂ias
(
β̂
(
q
))

 is given by B−1
∑B

j=1β̂
∗
j

(
q
)
− β̂

(
q
)
 and q ∈ (0, 1) denotes the quantile considered and, in this 

case, is set equal to 0.5 (median). Median regression is considered more robust to outliers than, for example, 
least squares regression. Finally, it also avoids assumptions about the error parametric distribution56.

Αll estimation results reported in this paper were computed in the R programming environment57. In par-
ticular, we employed the R packages "quantreg" and "boot" to compute the quantile regression estimates and to 
perform the bootstrapping, respectively. The code is available in a “Supplementary Online Material file”.

Results
Figure 3 depicts the worldwide and US online interest in terms of Google queries in the “coronavirus (virus)” 
topic from January 22nd to April 15th, 2020. It shows that this topic is very popular, especially in Europe and 
North America. Specifically, interest in the United States is considerably high (above 70) for all US states.

∼
ρ
b
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To perform a first assessment of the relationship between Google Trends and COVID-19 data, the Pearson 
and Kendall rank correlations between the two variables are calculated, and the results are further compared. 
Tables 3 and 4 present the results of the Pearson and Kendall correlation analysis by state, respectively.

As reported in Table 3, statistically significant correlations are observed for the United States and for the states 
of Alabama, Arkansas, California, Colorado, Florida, Georgia, Illinois, Kentucky, Massachusetts, Minnesota, 
Nebraska, Nevada, New Hampshire, New York, North Carolina, Oregon, Pennsylvania, South Dakota, Tennessee, 
Vermont, Virginia, Washington, Wisconsin, and Wyoming as well as DC. The states of Iowa, Louisiana, Maine, 
Mississippi, Missouri, North Dakota, South Carolina, and Utah do not marginally reach the p < 0.1 threshold of 
statistical significance, i.e., p ∈ (0.1, 0.2).

Based on the Kendall correlation analysis, statistically significant correlations are observed for the United 
States and for the states of Alaska, Arizona, Arkansas, California, Connecticut, Florida, Georgia, Hawaii, Iowa, 
Kentucky, Louisiana, Maine, Maryland, Massachusetts, Michigan, Minnesota, Missouri, Montana, Nebraska, 
Nevada, New Hampshire, New Mexico, New York, North Carolina, North Dakota, Ohio, Oklahoma, Oregon, 
Pennsylvania, Tennessee, Utah, Vermont, Virginia, Washington, and Wisconsin as well as DC. Figure 4 depicts 

Figure 3.   Heat maps of the worldwide and US online interest in “Coronavirus (Virus)” (Chartsbin43).

Table 3.   Pearson correlation analysis by state. *p < 0.1; **p < 0.05; ***p < 0.01.

State Pearson correlation Standard error Wald test (r = 0) p-value State Pearson correlation Standard error Wald test (r = 0) p-value

USA − 0.7054*** (0.0536) [13.1672] < 0.0001 Missouri − 0.2627 (0.1608) [1.6333] 0.1024

Alabama − 0.6896*** (0.0748) [9.2185] < 0.0001 Montana − 0.063 (0.1727) [0.3651] 0.7151

Alaska − 0.1162 (0.1276) [0.9107] 0.3625 Nebraska − 0.2763* (0.1503) [1.8381] 0.0661

Arizona − 0.313** (0.1292) [2.4225] 0.0154 Nevada − 0.3452** (0.1519) [2.273] 0.0230

Arkansas 0.4282*** (0.1105) [3.8742] 0.0001 New Hampshire − 0.406*** (0.1432) [2.8349] 0.0046

California − 0.4123*** (0.1300) [3.1711] 0.0015 New Jersey − 0.065 (0.2013) [0.3227] 0.7469

Colorado 0.435** (0.1761) [2.4694] 0.0135 New Mexico − 0.1474 (0.1367) [1.0783] 0.2809

Connecticut − 0.1266 (0.1895) [0.668] 0.5041 New York − 0.5925*** (0.0790) [7.5016] < 0.0001

Delaware 0.182 (0.2004) [0.908] 0.3639 North Carolina − 0.3172** (0.1561) [2.032] 0.0421

DC − 0.3464** (0.1632) [2.1219] 0.0338 North Dakota 0.2567 (0.1705) [1.5056] 0.1322

Florida − 0.3171** (0.1559) [2.034] 0.0420 Ohio − 0.1645 (0.1979) [0.8311] 0.4059

Georgia − 0.3467** (0.1462) [2.3708] 0.0178 Oklahoma − 0.1703 (0.1713) [0.9944] 0.3200

Hawaii − 0.1591 (0.1692) [0.9405] 0.3470 Oregon 0.4605*** (0.1432) [3.2154] 0.0013

Idaho 0.0614 (0.1436) [0.4276] 0.6689 Pennsylvania − 0.3645** (0.1446) [2.5218] 0.0117

Illinois 0.2501* (0.1512) [1.6541] 0.0981 Rhode Island − 0.0366 (0.1805) [0.2031] 0.8391

Indiana 0.0162 (0.1884) [0.086] 0.9314 South Carolina − 0.2094 (0.1400) [1.4958] 0.1347

Iowa − 0.2172 (0.1539) [1.4112] 0.1582 South Dakota 0.3518* (0.1920) [1.8323] 0.0669

Kansas 0.1141 (0.1748) [0.6531] 0.5137 Tennessee − 0.3878*** (0.1495) [2.5937] 0.0095

Kentucky − 0.2789* (0.1663) [1.677] 0.0935 Texas 0.0223 (0.1931) [0.1157] 0.9079

Louisiana − 0.2422 (0.1713) [1.4141] 0.1573 Utah − 0.2135 (0.1448) [1.4749] 0.1402

Maine − 0.1811 (0.1387) [1.3062] 0.1915 Vermont − 0.3255** (0.1549) [2.1007] 0.0357

Maryland − 0.0385 (0.2045) [0.1884] 0.8505 Virginia − 0.286** (0.1414) [2.0228] 0.0431

Massachusetts − 0.4285*** (0.1421) [3.0152] 0.0026 Washington − 0.5805*** (0.0835) [6.9492] < .0001

Michigan − 0.1045 (0.1757) [0.5949] 0.5519 West Virginia 0.0033 (0.0426) [0.0781] 0.9378

Minnesota − 0.3513** (0.1550) [2.2657] 0.0235 Wisconsin − 0.3972*** (0.1285) [3.09] 0.002

Mississippi 0.308 (0.1975) [1.5599] 0.1188 Wyoming 0.396** (0.1840) [2.1524] 0.0314
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the heat map of the (a) Pearson and (b) Kendall correlation coefficients in the United States by state over the 
period examined.

As depicted in the heat maps and in the spider web charts for the respective correlation analyses in Fig. 5, 
visual comparison of the two approaches indicates that the results are consistent in both analyses.

However, the main purpose of this study is to explore the predictability of COVID-19 using Google Trends 
data in the United States. Proceeding with the results of the predictability analysis, Fig. 6 depicts the heat map 
for β1 by state, while Table 5 presents the quantile regression estimated predictability models for the US and for 
each US state (plus DC). As shown, the estimated Google Trends models exhibit strong COVID-19 predictability.

Note that due to the low number of observations, the states of Maine, Montana, North Dakota, West Virginia, 
and Wyoming are not included in the predictability analysis results, but they are given the value “zero (0)” to be 
included in the heat map for purposes of uniformity.

Table 4.   Kendall rank correlation analysis by state. *p < 0.1; **p < 0.05; ***p < 0.01.

State Kendall correlation Standard error Wald test (r = 0) p-value State Kendall correlation Standard error Wald test (r = 0) p-value

USA − 0.6230*** (0.0780) [7.9891] 1.36E−15 Missouri − 0.2919** (0.1187) [2.4585] 0.0140

Alabama − 0.0679 (0.1389) [0.4887] 0.6251 Montana − 0.2903** (0.1405) [2.0660] 0.0388

Alaska − 0.2713** (0.1279) [2.1218] 0.0339 Nebraska − 0.3589*** (0.1216) [2.9517] 0.0032

Arizona − 0.3372** (0.1313) [2.5684] 0.0102 Nevada − 0.2989** (0.1424) [2.0996] 0.0358

Arkansas 0.4083*** (0.1497) [2.7278] 0.0064 New Hampshire − 0.3397*** (0.1313) [2.5884] 0.0096

California − 0.2801** (0.1285) [2.1794] 0.0293 New Jersey − 0.0690 (0.1451) [0.4759] 0.6342

Colorado 0.0510 (0.1459) [0.3498] 0.7265 New Mexico − 0.2851** (0.1184) [2.4070] 0.0161

Connecticut − 0.3060** (0.1371) [2.2320] 0.0256 New York − 0.4379*** (0.0871) [5.0283] 0.0000

Delaware − 0.0095 (0.1545) [0.0618] 0.9507 North Carolina − 0.2817** (0.1305) [2.1582] 0.0309

DC − 0.4986*** (0.1119) [4.4565] 0.0000 North Dakota 0.2737* (0.1507) [1.8160] 0.0694

Florida − 0.3247** (0.1323) [2.4538] 0.0141 Ohio − 0.4007*** (0.1350) [2.9683] 0.0030

Georgia − 0.3262** (0.1290) [2.5291] 0.0114 Oklahoma − 0.2902** (0.1400) [2.0725] 0.0382

Hawaii − 0.2372* (0.1262) [1.8805] 0.0600 Oregon 0.2751** (0.1320) [2.0830] 0.0373

Idaho − 0.1065 (0.1435) [0.7425] 0.4578 Pennsylvania − 0.4173*** (0.1192) [3.5013] 0.0005

Illinois − 0.1379 (0.1369) [1.0077] 0.3136 Rhode Island − 0.1088 (0.1497) [0.7266] 0.4675

Indiana − 0.0738 (0.1344) [0.5491] 0.5830 South Carolina − 0.1900 (0.1172) [1.6215] 0.1049

Iowa − 0.4162*** (0.1172) [3.5507] 0.0004 South Dakota − 0.1255 (0.1641) [0.7645] 0.4446

Kansas − 0.0851 (0.1480) [0.5752] 0.5651 Tennessee − 0.3333*** (0.1236) [2.6974] 0.0070

Kentucky − 0.3496*** (0.1275) [2.7423] 0.0061 Texas 0.0202 (0.1346) [0.1502] 0.8806

Louisiana − 0.3701*** (0.1345) [2.7529] 0.0059 Utah − 0.3029*** (0.1138) [2.6617] 0.0078

Maine − 0.3012** (0.1388) [2.1690] 0.0301 Vermont − 0.3658*** (0.1298) [2.8179] 0.0048

Maryland − 0.2630** (0.1301) [2.0218] 0.0432 Virginia − 0.4270*** (0.1141) [3.7409] 0.0002

Massachusetts − 0.3833*** (0.1377) [2.7829] 0.0054 Washington − 0.4560*** (0.0909) [5.0152] 0.0000

Michigan − 0.3908*** (0.1466) [2.6658] 0.0077 West Virginia − 0.0733 (0.1126) [0.6515] 0.5147

Minnesota − 0.3785*** (0.1383) [2.7372] 0.0062 Wisconsin − 0.3506*** (0.1191) [2.9441] 0.0032

Mississippi 0.0992 (0.1486) [0.6679] 0.5042 Wyoming − 0.0416 (0.1481) [0.2811] 0.7786

Figure 4.   Heat map of the (a) Pearson and (b) Kendall correlation coefficients by state (Microsoft Excel).
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Discussion
As of July 29th, 2020, there were 16,920,857 COVID-19 recorded cases worldwide, with the reported death toll 
at 664,141 and the number of recovered patients at 10,485,3169. In light of the COVID-19 pandemic and to find 
new ways of forecasting the spread of the disease, infodemiology approaches have provided valuable input in 
monitoring and forecasting the development of the COVID-19 pandemic over time and in measuring and ana-
lyzing the public’s awareness and response. Google Trends and Twitter have been identified as the most popular 
infodemiology sources, while other social media, such as Facebook and Instagram, exhibit promising results in 
analyzing users’ online behavioral patterns13.

Figure 5.   Radar chart of the (a) Pearson and (b) Kendall correlation coefficients by state (Microsoft Excel).

Figure 6.   Heat map of β1 of the predictability analysis models by state (Microsoft Excel).
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Social media platforms can provide us with more qualitative data that can shift the focus to other directions. 
Such approaches include sentiment analysis, educational purposes, and efforts to measure and raise public 
awareness. Recent approaches to analyzing aspects of the COVID-19 pandemic using social media data include 
monitoring the Twitter usage of G7 leaders58, monitoring self-reported symptoms on Twitter59, and analyzing the 

Table 5.   Predictability analysis by state. The numbers in parentheses report the standard errors; the t-statistics 
are given in brackets. ***, ** and * indicate statistical significance at the 0.01, 0.05 and 0.1 levels, respectively. 
The corresponding critical values are 2.575, 1.96 and 1.645.

β0 β1 β2

USA − 0.0509 (0.4339) [− 0.1172] − 0.7506*** (0.2197) [− 3.4173] − 0.0014 (0.0169) [− 0.0831]

AL 0.8944*** (0.2176) [4.1099] − 0.5961*** (0.1160) [− 5.1383] − 0.0413*** (0.0070) [− 5.8850]

AK − 1.4528*** (0.2003) [− 7.2539] − 0.2449** (0.1006) [− 2.4341] 0.0663*** (0.0087) [7.6030]

AZ − 1.4183*** (0.1309) [− 10.8362] − 0.2429*** (0.0817) [− 2.9745] 0.0637*** (0.0049) [12.8777]

AR − 0.2565 (0.4658) [− 0.5507] 0.2785 (0.2531) [1.1004] 0.0023 (0.0124) [0.1825]

CA − 1.4274*** (0.0936) [− 15.2521] − 0.1634*** (0.0539) [− 3.0325] 0.0642*** (0.0046) [13.8481]

CO − 0.9688*** (0.1916) [− 5.0561] 0.3007 (0.2587) [1.1623] 0.0290*** (0.0074) [3.9132]

CT − 1.7866*** (0.0654) [− 27.3353] − 0.1645*** (0.0470) [− 3.4989] 0.0782*** (0.0026) [30.6221]

DE − 2.0415*** (0.4639) [− 4.4003] − 0.2687 (0.2446) [− 1.0987] 0.0715*** (0.0110) [6.4873]

DC − 1.3077*** (0.1980) [− 6.6064] − 0.1548* (0.0849) [− 1.8228] 0.0578*** (0.0094) [6.1513]

FL − 1.5483*** (0.0766) [− 20.2209] − 0.2128*** (0.0431) [− 4.9412] 0.0715*** (0.0024) [29.3170]

GA − 1.5727*** (0.0808) [− 19.4690] − 0.2047*** (0.0570) [− 3.5898] 0.0721*** (0.0042) [17.2658]

HI − 1.6732*** (0.0873) [− 19.1647] − 0.2083*** (0.0470) [− 4.4343] 0.0758*** (0.0041) [18.3027]

ID − 1.8929*** (0.1465) [− 12.9167]] − 0.2686*** (0.0663) [− 4.0507] 0.0866*** (0.0067) [12.8631]

IL − 1.4466*** (0.1404) [− 10.3063] 0.3943*** (0.0707) [5.5764] 0.0680*** (0.0056) [12.2022]

IN − 1.4674*** (0.2157) [− 6.8020] 0.0977 (0.1624) [0.6018] 0.0693*** (0.0065) [10.7392]

IA − 1.5912*** (0.1402) [− 11.3507] − 0.2957*** (0.0733) [− 4.0346] 0.0732*** (0.0042) [17.3342]

KS − 1.5579*** (0.2298) [− 6.7799] 0.0463 (0.1101) [0.4204] 0.0635*** (0.0106) [5.9774]

KY − 1.5530*** (0.1396) [− 11.1222] − 0.2415*** (0.0599) [− 4.0291] 0.0719*** (0.0062) [11.5292]

LA − 1.6432*** (0.0602) [− 27.2763] − 0.2050*** (0.0357) [− 5.7381] 0.0751*** (0.0026) [28.6534]

MD − 1.1066*** (0.2339) [− 4.7306] 0.1135 (0.1008) [1.1255] 0.0550*** (0.0088) [6.2834]

MA − 1.6424*** (0.0771) [− 21.3061] − 0.1757*** (0.0538) [− 3.2668] 0.0742*** (0.0034) [21.8651]

MI − 1.7657*** (0.0813) [− 21.7133] − 0.1884*** (0.0406) [− 4.6375] 0.0800*** (0.0032) [25.2349]

MN − 1.6085*** (0.0773) [− 20.7963] − 0.2344*** (0.0521) [− 4.4970] 0.0728*** (0.0027) [26.9966]

MS − 1.3047*** (0.2959) [− 4.4088] 0.1773 (0.1600) [1.1086] 0.0570*** (0.0082) [6.9200]

MO − 1.5382*** (0.0883) [− 17.4271] − 0.2326*** (0.0478) [− 4.8610] 0.0718*** (0.0051) [14.0987]

NE − 1.4875*** (0.1909) [− 7.7908] − 0.2192*** (0.0746) [− 2.9375] 0.0717*** (0.0063) [11.3935]

NV − 1.6778*** (0.0862) [− 19.4683] − 0.1872*** (0.0348) [− 5.3846] 0.0763*** (0.0037) [20.4946]

NH − 1.6586*** (0.0723) [− 22.9526] − 0.1515*** (0.0365) [− 4.1562] 0.0741*** (0.0025) [30.0037]

NJ − 1.8518*** (0.2428) [− 7.6277] − 0.2395 (0.2427) [− 0.9867] 0.0688*** (0.0060) [11.3949]

NM − 1.2414*** (0.1640) [− 7.5679] − 0.1188 (0.0803) [− 1.4805] 0.0593*** (0.0066) [8.9371]

NY − 1.2201*** (0.0468) [− 26.0596] − 0.1482*** (0.0562) [− 2.6358] 0.0482*** (0.0043) [11.2916]

NC − 1.6575*** (0.0953) [− 17.3914] − 0.1613*** (0.0476) [− 3.3848] 0.0722*** (0.0038) [18.8471]

OH − 1.8408*** (0.1464) [− 12.5751] − 0.1758** (0.0750) [− 2.3436] 0.0790*** (0.0048) [16.3817]

OK − 1.7038*** (0.0544) [− 31.2986] − 0.2463*** (0.0318) [− 7.7497] 0.0767*** (0.0026) [29.5090]

OR − 0.7953*** (0.2019) [− 3.9392] 0.4395*** (0.1362) [3.2257] 0.0293*** (0.0069) [4.2697]

PA − 1.3917*** (0.1279) [− 10.8769] − 0.1845** (0.0758) [− 2.4348] 0.0716*** (0.0041) [17.5561]

RI − 1.4924*** (0.0752) [− 19.8418] − 0.1461*** (0.0408) [− 3.5844] 0.0588*** (0.0049) [12.1036]

SC − 1.2889*** (0.0941) [− 13.7030] − 0.1816*** (0.0513) [− 3.5395] 0.0520*** (0.0069) [7.5216]

SD − 1.1230*** (0.2939) [− 3.8212] 0.2815** (0.1388) [2.0277] 0.0537*** (0.0084) [6.4280]

TN − 1.5098*** (0.0658) [− 22.9294] − 0.2157*** (0.0524) [− 4.1179] 0.0676*** (0.0020) [33.1730]

TX − 1.4766*** (0.3041) [− 4.8557] 0.2749 (0.1903) [1.4442] 0.0660*** (0.0077) [8.5342]

UT − 1.4381*** (0.1399) [− 10.2768] − 0.1586** (0.0723) [− 2.1944] 0.0720*** (0.0069) [10.3640]

VT − 1.5359*** (0.1854) [− 8.2848] − 0.2499*** (0.0848) [− 2.9476] 0.0770*** (0.0081) [9.5352]

VA − 1.5878*** (0.2504) [− 6.3400] − 0.3147*** (0.1021) [− 3.0837] 0.0767*** (0.0106) [7.2484]

WA − 1.3476*** (0.1540) [− 8.7488] − 0.2236** (0.1007) [− 2.2212] 0.0660*** (0.0101) [6.5118]

WI − 1.3407*** (0.0992) [− 13.5142] − 0.2143*** (0.0698) [− 3.0711] 0.0618*** (0.0053) [11.6287]
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public perception of the disease through Facebook60. Moreover, infodemiology sources have provided valuable 
input in recruiting online survey participants through Facebook to measure individuals’ COVID-19 confidence 
levels61 and in assessing the behavioral variations in COVID-19-related online search traffic in more than one 
search engine62. Finally, commentaries that make recommendations on the integration of other social media 
platforms, such as Facebook, Reddit, and TikTok, for disseminating medical information to inform public health 
and policy have been published63.

Google Trends offers a solid foundation for quantitative analysis with respect to the monitoring and predict-
ability of COVID-19, as in the analysis presented in this study, where Google Trends data on the “coronavirus 
(virus)” topic were used to explore the predictability of COVID-19 in the United States at both national and 
state level. First, for a preliminary assessment of the relationship between Google Trends and COVID-19 data, 
Pearson correlation and Kendall rank correlation analyses were performed. Statistically significant correlations 
were observed for the United States and for several US states, which is in line with previous studies that argue 
that there is a relationship between Google Trends and COVID-19 data.

The COVID-19 predictability analysis, which used a quantile regression approach, exhibits very promising 
results and indicates the most important contribution of this study to the international literature: detecting and 
predicting the early spread of COVID-19 at the regional level. This contribution can be a substantial supple-
ment in further assisting local authorities in taking the appropriate measures to handle the spread of the disease.

Figure 7 illustrates a graph of the COVID-19 deaths/cases ratio, daily COVID-19 deaths, daily COVID-19 
cases, and the respective Google Trends normalized data in the United States from March 4th to April 15th, 
2020. For purposes of consistency in the graph, the COVID-19-related time series are normalized on a 0–100 
scale. As depicted in the graph and confirmed by the predictability analysis, the two variables are not linearly 
dependent. Instead, they exhibit an inversely proportional relationship, meaning that as COVID-19 progresses, 
the online interest in the virus decreases.

From a behavioral point of view, this result can be explained as follows. First, online interest starts to increase 
and reaches a peak as the number of confirmed cases becomes high and as the deaths rates start to show that 
the pandemic does indeed have severe consequences. However, after a certain period, the interest has an inverse 
course, which could also indicate that the public is overwhelmed by information overload and decreases its 
information “intake”. The spike in Google queries and the decline in the ratio of COVID-19 deaths/cases could 
be attributed to the spread of the virus over these days and the “delay” in deaths. Regarding this latter point, this 
means that cases increase while the total number of deaths has not yet started to considerably increase.

The latter point is in line with previous work on the topic27 suggesting that although significant correlations 
between COVID-19 and Google data are observed, the relationship tends to decrease in both strength and sig-
nificance in regions that have been affected by COVID-19 as we move forward in time because the interest in 
the virus decreases. This decrease is counterintuitive and occurs before the case and death curves start to exhibit 
a downward trend, i.e., when a region is being heavily affected, independent of whether or not it has reached 
its peak. However, it would be interesting for future investigators to explore the relationship from this point 
onwards since, as shown in Fig. 7, the lines converge, with this convergence being indicative of a future change in 
the relationship dynamics when deaths peak at a later point and when they start their downward course as well.

The above can partly explain the differences in signs among states in both the Pearson and Kendall rank cor-
relation coefficients, but a more in-depth explanation from a statistical perspective is that the Pearson correla-
tion coefficient is estimated as the average of the deviations of observations from the sample mean. The weights 

Figure 7.   COVID-19 and Google Trends data from March 4th to April 15th in the US (Microsoft Excel).
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of observations in the tails of the distribution are equal to the weight of other observations, and therefore, the 
outliers could affect the estimation of the results, especially in the case of the small sample. In consideration of 
ties, this study employs a bootstrap bias-corrected approach, but the main conclusions are based on quantile 
regressions. Unlike linear measures of dependency, quantile regression is considered superior in a sampling 
situation and more resistant to outliers than linear regressions, the Pearson correlation, or the Kendall rank 
correlation64. Taking into account that the current pandemic is a dynamic process that constantly evolves and 
has a serious social impact, it is very probable that there now exist—or, at a later stage, could develop—several 
data anomalies (e.g., due to non-pharmaceutical interventions); therefore, formal statistical tools such as the 
Pearson and Kendall rank correlations should be carefully interpreted.

This study has limitations. First, data from only one search engine are considered. Although Google Trends is 
the most popular search engine, some data on the coronavirus topic from other search engines were not included 
in this analysis. Second, the data at this point are very limited, and the results are based on few observations. 
Third, the 50 (+ 1) states exhibit diversity in terms of confirmed cases and deaths. Therefore, any conclusions 
drawn from this analysis refer to each case individually. Despite the known limitations of online search traffic 
data, the use of infodemiology metrics for informing public health and policy in general and for monitoring 
outbreaks and epidemics in particular has received wide attention.

To dynamically find the determinants of COVID-19, the predictability analysis in this study provides insights 
into how online search traffic data can play a considerable role in forming public health policies, especially in 
times of epidemics and outbreaks, when real-time data are essential. With the COVID-19 pandemic, the world 
is in uncharted territory socially, economically, and socially. This situation calls for immediate action and open 
research and data, and the term “multidisciplinary” has never before been more important. To that end, the role 
of big data in providing “opportunities for performing modeling studies of viral activity and for guiding individual 
country healthcare policymakers to enhance preparation for the outbreak” has been acknowledged65, and current 
research on the subject should focus on both exploring the role of other infodemiology variables in the predict-
ability of COVID-19 and combining infodemiology sources with traditional sources to explore the full potential 
of what online real-time data have to offer for disease surveillance.

Data availability
The COVID-19 and query datasets analyzed during the current study are available on the COVID-19 Tracking 
Project website10 and on the “Google Trends” explore page39, respectively.
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Appendix 1 
 

Table S1 provides an overview of the metrics of the Journals that the papers are published in, as 
well as an overview of the citations that the papers have received up to April 15, 2025. 
 
Table S1. Metrics of the journals and citations of the published papers in the Thesis (2018-2025). 

Titl   Title Journal Publisher Year Impact 

Factor 

CiteScore 

(Scopus) 

Quartile Percentile 

(Scopus) 

Citations 

GS [19] 
Assessing the Methods, Tools, 

and Statistical Approaches in 

Google Trends Research [1] 

Journal of Medical 

internet Research [9] 

JMIR 

Publications 

2018 5.8 11.4 [14] Q1 95th percentile in Health 

informatics [14] 

385  

Google Trends in 

Infodemiology and 

Infoveillance: Methodology 

Framework [2] 

JMIR Public Health and 

Surveillance [10] 

JMIR 

Publications 

2019 3.5 6.3 [15] Q1 97th percentile in Public 

Health, Environmental and 

Occupational Health [15] 

441 

Integrating Smart Health in the 

US Health Care System: 

Infodemiology Study of 

Asthma Monitoring in the 

Google Era [3] 

JMIR Public Health and 

Surveillance [10] 

JMIR 

Publications 

2018 3.5 6.3 [15] Q1 97th percentile in Public 

Health, Environmental and 

Occupational Health [15] 

29 

The Internet and the Anti-

Vaccine Movement: Tracking 

the 2017 EU Measles Outbreak 

[4] 

Big Data and Cognitive 

Computing [11] 

MDPI 2018 3.7 9.2 [16] Q2 76th percentile in Computer 

Science Applications [16] 

67 

Forecasting AIDS prevalence in 

the United States using online 

search traffic data [5] 

Journal of Big Data [12] Springer Nature 2018 8.6 21.1 [17] Q1 97th percentile in Computer 

networks and communications 

[17] 

36 

Infoveillance of infectious 

diseases in USA: STDs, 

tuberculosis, and hepatitis [6] 

Journal of Big Data [12] Springer Nature 2018 8.6 21.1 [17] Q1 97th percentile in Computer 

networks and communications 

[17] 

24 

Tracking COVID-19 in Europe: 

infodemiology approach [7] 

JMIR Public Health and 

Surveillance [10] 

JMIR 

Publications 

2020 3.5 6.3 [15] Q1 97th percentile in Public 

Health, Environmental and 

Occupational Health [15] 

201  

COVID-19 Predictability in the 

United States using Google 

Trends time series [8] 

Scientific Reports [13] Nature 

Publishing 

Group 

2020 3.8 6.6 [18] Q1 92nd percentile in 

Multidisciplinary [18] 

153  
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Multimedia Appendix 1. Publication details and categorization. 
 Authors Period Region Keywords V S C F M St Languages 

1 Alicino et al 2015 2013-2015 

Guinea, Sierra 

Leone, Liberia, 

Nigeria, Mali, 

Senegal, USA, 

Spain, UK, Italy 

Ebola ✔  ✔  ✔  
English, African 

languages (no data) 

2 Arora et al 2016 2004-2013 UK Suicide ✔  ✔    English 

3 Bakker et al 2016 2004-2015 
Worldwide (36 

Countries) 

Chicken Pox, Varicella 

Zoster Virus, 

Vaccination 

✔ ✔ ✔ ✔ ✔  Multiple Languages 

4 Barnes et al 2015 2008-2013 USA 
Sleep, Moral 

Awareness 
✔    ✔  English 

5 
Bentley & Ormerod, 

2009 
2005, 2009 Worldwide Bird Flu, Swine Flu ✔    ✔  English 

6 Borron et al 2016  2009-2015 USA Loperamide ✔      English 

7 Bragazzi, 2013 2004-2012 Italy Multiple Sclerosis ✔  ✔  ✔  Italian 

8 Bragazzi et al 2016 2004-2010 USA Silicosis ✔  ✔    English 

9 Bragazzi et al 2016  2004-2015 Worldwide Vaccination ✔      English 

10 Bragazzi et al 2016 2004-2015 Italy West Nile Virus ✔  ✔    Italian 

11 Bragazzi et al 2016  2004-2015 Worldwide Epilepsy ✔  ✔    English 

12 Bragazzi et al 2016  2004-2015 Worldwide Silicosis ✔  ✔   ✔ English 

13 Bragazzi et al 2016  2004-2016 Worldwide, USA 

Vasculitis, 

Autoimmune Diseases, 

Celebrity 

✔  ✔   ✔ English 

14 Bragazzi, 2014  2004-2012 Italy 
Non-Suicidal Self 

Injury (NSSI) 
✔  ✔    Italian 

15 
Braun & Harreus, 

2013 
2005-2012 Germany 

Otolaryngology, 

Sinusitis 
✔ ✔     German 

16 Brigo & Trinka, 2015  2004-2014 Worldwide Epilepsy ✔      English 

17 Brigo et al 2014 2004-2013 Worldwide Epilepsy ✔      English 

18 Brigo et al 2014  2004-2013 Worldwide 
Multiple Sclerosis, 

Epilepsy, Dementia 
✔      English 

19 
Van Campen et al 

2014   
2004-2013 

Netherlands, 

USA, UK 
Epilepsy, Seizures ✔     ✔ English, Dutch 



2	
	

 Authors Period Region Keywords V S C F M St Languages 

20 
Carneiro & 

Mylonakis, 2009 
2004-2009 Worldwide, USA 

Influenza, Flu, West 

Nile virus, Bird Flu, 

Respiratory Syncytial 

Virus (RSV), Bird Flu 

✔      English 

21 
Cavazos-Regh et al 

2015 
2011 USA Tobacco  ✔  ✔    English 

22 Cha & Stow, 2015 2004-2014 USA 
Toledo Water Crisis, 

Algae 
✔      English 

23 Chaves et al 2015 2004-2012 Worldwide 
Tele-health, Newborn 

Hearing Screening 
      Portuguese 

24 Cho et al 2013 2007-2012 South Korea 

Influenza (Flu, New 

Flu, Swine Flu, New 

Influenza, Fever, 

Tamiflu) 

✔  ✔    Korean 

25 Crowson et al 2016  2008-2015 USA 

Otitis Externa, 

Ototopicals, Ciprodex, 

Cortisporin, Ofloxacin 

✔ ✔ ✔   ✔ English 

26 Davis et al 2015  2005-2015 Worldwide 

Interstitial Cystitis, 

Painful Bladder 

Syndrome 

✔      English 

27 Fazeli et al 2014 2004-2014 USA 
Breast Cancer, Dense 

Breast 
✔      English 

28 Deiner et al 2016 2012-2014 USA, Australia 

Pink Eye, Eye Allergy, 

Flu, Eye Drops, Eye 

Diseases 

✔ ✔ ✔    English 

29 
DeVilbiss & Lee, 

2014  
2004-2014 USA 

Autism Awareness, 

Autism, Asperger’s, 

ADHD 

✔      English 

30 Domnich et al 2015  2011-2015 Italy 

Influenza, Fever, 

Cough, Tachipirina, 

Paracetamol 

✔  ✔ ✔ ✔  Italian 

31 El-Sheikha, 2015  2006-2013 
Worldwide, 

44 countries 

Varicose Vein 

Syndrome  
✔ ✔   ✔ ✔ 

English, 

32 languages 

32 Fenichel et al 2013 2008-2010 USA 
Pandemic Influenza, 

Swine Flu 
✔    ✔  English 

33 Fond et al 2015 2005-2014 Worldwide 
Suicide, Depression, 

Bipolar 
✔      English 

34 Foroughi et al 2016  2004-2015 

Australia, Canada, 

New Zealand, 

UK, USA 

Cancer ✔  ✔    English 

35 
Gafson & 

Giovannoni, 2014 
2008-2012 Worldwide 

Chronic Cerebrospinal 

Venous Insufficiency 
✔      English 
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 Authors Period Region Keywords V S C F M St Languages 

36 Gahr et al 2015 2004-2013 Germany 
Antidepressants, 

Prescriptions 
✔  ✔  ✔  German 

37 Gamma et al 2016 2004-2016 
Switzerland, 

Germany, Austria 

Drugs, 

Methamphetamine 

Crime 

✔  ✔    
German (same in 

English) 

38 Garrison et al 2015 2004-2012 USA, Australia Leg cramps ✔ ✔   ✔  English 

39 Gollust et al 2016 2013-2014 USA 

Affordable Care Act, 

Health Insurance, 

Obamacare 

✔  ✔  ✔  English 

40 Guernier et al 2016  2011-2013 Australia 
Veterinary Diseases, 

Tick Paralysis 
✔  ✔    English 

41 Haney et al 2014 2004-2013 USA 
Radiology Residency, 

Radiology Salary 
✔    ✔  English 

42 
Harorli & Harorli, 

2014  
2004-2014 Worldwide Oral problems ✔      English 

43 Harsha et al 2014  2004-2012 USA  
Varicose Vein 

Syndrome 
✔ ✔   ✔ ✔ English 

44 Harsha et al 2015  2006-2013 USA 

Interventional 

Radiology, 

Fellowships 

✔ ✔   ✔  English 

45 Hassid et al 2016  2008-2011 USA 
Gastrointestinal 

Symptoms 
✔ ✔ ✔    English  

46 Hossain et al 2016  2014 

Guinea, Liberia, 

Sierra Leone, 

USA, UK 

Ebola, Flu ✔      English 

47 Huang et al 2013  2009-2011 China 

Smoking, Smoking 

Ban, Electronic 

Cigarette 

✔      Chinese 

48 Huesch et al 2014  2012-2013 USA 
Public Hospitals, 

Quality, Ratings 
✔      English 

49 
Ingram & Plante, 

2013  
2004-2012 

USA, Australia, 

UK, Canada, 

Germany 

Restless Legs 

Syndrome 
✔ ✔     English 

50 Ingram et al 2015 2006-2012 USA, Australia  
Breathing Sleep 

Disorder 
✔ ✔     English 

51 Jha et al 2015 2004-2015 USA 

Oral Bisphosphonate, 

Prescriptions, Hip 

Fractures, Fosamax 

✔      English 

52 Johnson et al 2014 2005-2011 USA 
Sexually Transmitted 

Infections 
✔  ✔    English 

53 Kadry et al 2011 2010 USA Physician Rating       English 

54 Kang et al 2013 2008-2011 China 
Influenza, ILI, Flu, 

H1N1 
✔  ✔    Chinese 
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 Authors Period Region Keywords V S C F M St Languages 

55 Kang et al 2015 2008-2013 
USA, UK, 

Australia 

Allergic Rhinitis, 

Allergic Rhinitis, 

Pollen count, Claritin, 

Zyrtec 

✔ ✔ ✔    English 

56 Koburger et al 2015 2009-2010 

Germany, Austria, 

Hungary, 

Netherlands, 

Slovenia 

Suicide, Robert Enke ✔  ✔    
German, Hungarian, 

Dutch, Slovenian 

57 Kostkova et al 2013  2006-2010 UK 

Infectious diseases, 

Clostridium difficile, 

MRSA, Tuberculosis, 

Meningitis, Norovirus, 

Influenza 

✔      English 

58 
Lawson McLean et al 

2016 
2004-2014 

Worldwide, 

Germany 
Neurosurgery ✔      English 

59 Leffler et al 2010  2004-2008 
USA, UK, 

Canada, Australia 
Ophthalmology ✔ ✔   ✔  English 

60 Ling & Lee, 2016  2004-2015 Canada 

Health Campaigns, 

HIV, AIDS, Stroke, 

Colorectal Cancer, 

Marijuana use 

✔  ✔    English 

61 Linkov et al 2014  2004-2012 Worldwide, USA Bariatric Surgery ✔    ✔  English 

62 Liu et al 2016  2004-2016 USA, Australia Ankle Swelling ✔ ✔   ✔  English 

63 Luckett et al 2016 2015 Worldwide 
Chronic 

Breathlessness 
      English 

64 Majumder et al 2016  2015-2016 Colombia Zika Virus ✔    ✔  Spanish 

65 Mattin et al 2014  2007-2013 

France, Greece, 

Italy, Portugal, 

Spain 

Canine Leishmaniosis ✔      

French, Greek, 

Italian, Portuguese, 

Spanish 

66 Mavragani et al 2016  2004-2014 UK, Worldwide 

Drugs, Prescriptions, 

Diclofenac, Estradiol, 

Macrolide Antibiotics 

✔  ✔    English 

67 Murray et al 2016 2010-2013 Ireland 
Mouth Cancer, Oral 

Cancer 
✔     ✔ English 

68 Myers et al 2016  2004-2015 USA 
Psychogenic Non- 

Epileptic Seizures 
✔      English 

69 Noar et al 2013 2006-2011 USA 
Pancreatic Cancer, 

Public Figure 
✔    ✔ ✔ English 

70 Nuti et al 2014 2004-2014 Worldwide Review - - - - - - - 
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 Authors Period Region Keywords V S C F M St Languages 

71 Pandey et al 2014  2004-2013 USA 

Heart Transplant, 

Ventricular Assist 

Devices, Breast 

Cancer, Pulmonary 

Embolism, Bipolar 

Disorder, Sjogren 

Syndrome, Multiple 

Sclerosis 

✔      English 

72 Parker et al 2016   2010-2014 USA 

Premature Deaths, 

Alcohol, Drugs, 

Suicide 

✔   ✔ ✔  English 

73 Phelan et al 2014  2009-2012 
USA, UK, 

Australia, Ireland 
Metal-on-Metal Hip ✔    ✔ ✔ English 

74 Phelan et al 2016  2010-2015 USA Anatomy, Education ✔ ✔ ✔  ✔  English 

75 
Plante & Ingram, 

2014  
2004-2013 

USA, Australia, 

Germany, UK, 

Canada, Sweden, 

Switzerland 

Tinnitus 

Symptomatology 
✔ ✔     

English, German, 

Swedish, French, 

Italian 

76 Poletto et al 2016  2013-2015 Worldwide 

Middle East 

Respiratory Syndrome 

(MERS) 

✔  ✔    English 

77 Pollett et al 2015  2009-2014 USA Pertussis ✔  ✔ ✔ ✔  English 

78 Rohart et al 2016  2009-2013 Australia  Disease Surveillance ✔  ✔ ✔ ✔ ✔ English 

79 
Rosenkrantz & 

Prabhu, 2016  
2004-2014 USA 

Imaging-Based Cancer 

Screening, Breast 

Cancer, Lung Cancer, 

Colon Cancer, Prostate 

Cancer 

✔      English 

80 Rossignol et al 2013  2004-2012 

France, Germany, 

Italy, USA, China, 

Australia, Brazil, 

South Africa 

Urinary Tract 

Infection, Cystitis 
✔ ✔     

English, French, 

German, Italian, 

Chinese, Portuguese 

81 Scatà et al 2016 2015-2016 

56 countries in 

South America, 

Europe, Oceania 

Epidemics, Zika Virus ✔    ✔  
N/A. The term is the 

same 

82 Scheres et al 2016 2009-2015 
Netherlands, 

Worldwide 

Thrombosis, Venous 

Thrombosis 
✔      English, Dutch 

83 Shin et al 2016 2015-2016 Korea MERS ✔  ✔    Korean 

84 Schootman et al 2015 2004-2014 

50 US States and 

DC, Puerto Rico, 

US Virgin Islands, 

Guam, American 

Samoa, Palau 

Cancer Screening ✔  ✔    English 
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 Authors Period Region Keywords V S C F M St Languages 

85 Schuster et al 2010  2004-2009 USA 
Statins, Lipitor, 

Simvastatin 
✔  ✔  ✔  English 

86 Seifter et al 2010  2004-2009 USA Lyme Disease ✔ ✔     English 

87 
Sentana-Lledo et al 

2016 
2004-2014 USA Bed bugs ✔ ✔ ✔    English 

88 Simmering et al 2014 2004-2014 USA 
Drugs, Prescriptions, 

Antibiotics  
✔  ✔    English 

89 Skeldon et al 2015 2004-2007 USA 

Drugs, Prostatic 

Hyperplasia, Avodart, 

Flomax 

✔      English 

90 Solano et al 2016  2008-2012 Italy Suicide ✔  ✔ ✔   Italian 

91 Stein et al 2013  2007-2010 
USA, UK, 

Canada, India 
Laser Eye Surgery ✔    ✔  English 

92 Takada, 2012  2004-2011 Japan Fireflies, Beetles ✔ ✔     Japanese 

93 
Telfer & Woodburn, 

2015  
2004-2014 

UK, USA, 

Canada, Australia 

Foot pain, Ankle pain, 

Heel pain 
✔ ✔   ✔ ✔ English 

94 Troelstra et al 2016 2004-2013 
Netherlands, 

Belgium 
Tobacco Control ✔    ✔ ✔ Dutch 

95 Toosi & Kalia, 2015  2004-2013 
Canada, USA, 

Australia 
Tanning ✔ ✔     English  

96 Wang et al 2015  2009-2011 Taiwan 

Dementia, 

Alzheimer’s Disease, 

Neurology 

✔  ✔ ✔   Chinese 

97 Warren & Wen, 2016 2004-2015 USA 
Measles, MMR, 

Vaccine 
✔      English  

98 Willson et al 2015  2011-2012 USA 
Aeroallergens, 

Allergies, Pollen 
✔ ✔ ✔  ✔  English 

99 Willson et al 2015  2011-2014 USA 
Pollen, Mountain 

Cedar 
✔    ✔  English 

100 Yang et al 2015  2009-2015 USA Influenza, Epidemic ✔    ✔  English 

101 Zhang et al 2015 2004-2014 

USA, Canada, 

UK, Australia, 

China 

Tobacco, Lung Cancer ✔ ✔ ✔   ✔ English, Chinese 

102 Zhang et al 2016 2004-2015 USA 
Drugs, Dabbing, 

Cannabis Smoking 
✔  ✔ ✔  ✔ English 

103 Zheluk et al 2014  2009-2013 Russia 

Drugs, Krokodil, 

Desomorphine, 

Codeine 

✔      Russian 

104 Zhou et al 2011 2004-2009 USA Tuberculosis ✔   ✔ ✔  English 
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Multimedia	Appendix	
	

	
Google	Trends	in	Infodemiology	and	Infoveillance:	

Methodology	Framework	
	

Amaryllis	Mavragani	and	Gabriela	Ochoa	

	
	
	
	
	
The	available	categories	in	Google	Trends	are	listed	in	Table	A1.	The	available	subcategories	
(2nd	level	of	categorization)	of	“Health”	and	all	available	subcategories	of	these	subcategories	
(3rd	and	4th	level)	are	listed	in	Table	A2.	
	

	
	

Table	A1.	Available	Category	Selection	in	Google	Trends	
Arts	&	Entertainment	 Health	 People	&	Society	
Autos	&	Vehicles	 Hobbies	&	Leisure	 Pets	&	Animals	
Beauty	&	Fitness	 Home	&	Garden	 Property	
Books	&	Literature	 Internet	&	Telecom	 Reference	
Business	&	Industrial	 Jobs	&	Education	 Science	
Computers	&	Electronics	 Law	&	Government	 Shopping	
Finance	 News	 Sports	
Food	&	Drink	 Online	Communities	 Travel	
Games	 	 	
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Table	A2.	All	levels	of	Available	Categories	and	Subcategories	of	the	“Health”	Category	
2nd	level	 3rd	level	 4th	level	
Ageing	&	Geriatrics	ð	 Alzheimer's	Disease	 	
Alternative	&	Natural	Medicine	ð	 Acupuncture	&	Chinese	Medicine	 	
	 Cleansing	&	Detoxification	 	
Health	Conditions	ð	 AIDS	&	HIV	 	
	 Allergies	 	
	 Arthritis	 	
	 Cancer	 	
	 Cold	&	Flu	 	
	 Diabetes	 	
	 Ear,	Noise	&	Throat	 	
	 Eating	Disorders	 	
	 Endocrine	Conditions	ð	 Diabetes	
	 	 Thyroid	Conditions	
	 Genetic	Disorders	 	
	 GERD	&	Digestive	Disorders	 	
	 Heart	and	Hypertension	 	
	 Infectious	Diseases	ð	 Cold	&	Flu	
	 	 Parasites	&	Parasitic	Diseases	
	 	 Sexually	Transmitted	Diseases	
	 	 Vaccines	&	Immunization	
	 Injury	 	
	 Neurological	Disorders	ð	 Alzheimer's	Disease	
	 Obesity	 	
	 Pain	Management	ò	 Headaches	&	Migraines	
	 Respiratory	Conditions	ò	 Asthma	
	 Skin	Conditions	 	
	 Sleep	Disorders	 	
Health	Education	&	Medical	Training	 	 	
Health	Foundations	&	Med.	Research	 	 	
Health	News	ò	 Health	Policy	 	
Medical	Devices	&	Equipment	ò	 Assistive	Technology	 	
Medical	Facilities	&	Services	ò	 Doctor's	Offices	 	
	 Hospitals	&	Treatment	Centers	 	
	 Medical	Procedures	 	
	 Physical	Therapy	 	
Medical	Literature	&	Resources	ò	 Medical	Photos	&	Illustrations	 	
Men's	Health	ò	 Erectile	Dysfunction	 	
Mental	Health	ò	 Anxiety	&	Stress	 	
	 Depression	 	
	 Learning	&	Development	Disabilities	ò	 ADD	&	ADHD	
Nursing	ò	 Assisted	Living	&	Long	Term	Care	 	
Nutrition	ò	 Special	&	Restricted	Diets	ò	 Cholesterol	Issues	
	 Vitamins	&	Supplements	 	
Oral	&	Dental	Care	 	 	
Pediatrics	 	 	
Pharmacy	ò	 Drugs	&	Medications	 	
Public	Health	ò	 Health	Policy	 	
	 Occupational	Health	&	Safety	 	
	 Poisons	&	Overdoses	 	
	 Vaccines	&	Immunisations	 	
Reproductive	Health	ò	 Birth	Control	 	
	 Erectile	Dysfunction	 	
	 Infertility	 	
	 OBGYN	ò	 Pregnancy	&	Maternity	
	 Sex	Education	&	Counseling	 	
	 Sexual	Enhancement	 	
	 Sexually	Transmitted	Diseases	ò	 AIDS	&	HIV	
Substance	Abuse	ò	 Drug	&	Alcohol	Testing	 	
	 Drug	&	Alcohol	Treatment	 	
	 Smoking	&	Smoking	Cessation	 	
	 Steroids	&	Performance-Enhancing	Drugs	 	
Vision	Care	ò	 Eye	Glasses	&	Contacts	 	
Women's	Health	ò	 OBGYN	ò	 Pregnancy	&	Maternity	

 



Multimedia Appendix 1:  State data tables 

Table A1 consists of the States by declining interest in the term ‘Asthma’ from 2004 to 2015, Table A2
consists of the normalized values for the online interest by State for each year from 2004 to 2015,
and  Tables  A3 and  A4  present  the  smoothing  parameters  and  coefficients  for  the  Holt-Winters
forecasting by State, respectively.

Table A1. Online Interest for ‘Asthma’ by State in USA from January 2004 to December 2015
State Score State Score State Score State Score
Delaware 100 South Carolina 89 Massachusetts 81 Arizona 78
West Virginia 97 Indiana 88 Oklahoma 81 Wisconsin 77
North Carolina 95 Colorado 87 New Jersey 81 Texas 76
Kentucky 95 Alabama 87 Montana 80 Hawaii 73
Maine 94 Georgia 86 Washington 80 Utah 72
Tennessee 93 South Dakota 86 New York 80 Iowa 72
Connecticut 92 New Mexico 85 Kansas 79 Louisiana 71
Maryland 92 Vermont 85 Alaska 79 Florida 69
Mississippi 92 Missouri 85 New Hampshire 78 Nevada 67
Pennsylvania 91 Minnesota 84 Ohio 78 California 67
Nebraska 91 Arkansas 84 North Dakota 78 Virginia 61
Idaho 89 District of Columbia 83 Wyoming 78 Oregon 55
Rhode Island 89 Michigan 83 Illinois 78



Table A2. Online Interest for ‘Asthma’ by State by Year from 2004 to 2015
State 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015
Alabama 38 58 76 50 52 73 80 83 90 77 82 88
Alaska 67 73 100 52 44 77 70 88 86 86 79 93
Arizona 48 52 58 39 47 67 64 72 83 66 70 78
Arkansas 45 76 80 51 54 63 74 85 82 80 78 79
California 40 45 53 35 36 44 37 61 65 56 57 63
Colorado 48 54 62 52 53 73 75 83 87 73 72 81
Connecticut 54 63 76 48 59 81 75 93 91 78 87 90
Delaware 78 79 95 100 100 100 82 93 95 100 100 100
DC 52 52 68 43 45 68 64 78 82 71 74 78
Florida 37 41 49 34 40 57 55 65 68 56 61 65
Georgia 48 54 67 50 51 73 68 83 89 73 71 79
Hawaii 58 62 52 43 48 63 67 71 80 62 64 66
Idaho 81 73 65 52 58 89 77 95 97 80 87 85
Illinois 52 56 67 42 49 69 64 69 75 64 66 72
Indiana 59 69 82 45 51 77 71 81 88 70 76 78
Iowa 55 62 68 43 47 75 73 73 75 61 60 67
Kansas 51 57 68 47 48 64 77 79 85 69 67 62
Kentucky 67 72 79 52 64 94 80 96 98 83 83 94
Louisiana 64 49 63 40 44 58 57 69 71 59 61 63
Maine 58 83 88 66 56 83 83 99 100 89 93 87
Maryland 53 58 78 52 55 85 82 82 85 74 77 91
Massachusetts 57 55 69 45 54 73 67 77 79 68 71 80
Michigan 44 59 72 49 53 73 68 79 76 68 68 77
Minnesota 51 62 74 47 52 75 78 78 81 69 72 78
Mississippi 54 83 68 41 45 65 64 84 92 75 79 99
Missouri 56 59 71 46 52 75 73 80 80 68 69 81
Montana 49 62 81 56 47 81 67 95 89 81 77 81
Nebraska 78 73 79 49 55 87 80 87 98 79 85 86
Nevada 39 42 51 35 44 64 59 60 65 65 61 68
New Hampshire 60 49 78 41 50 69 68 79 79 67 67 82
New Jersey 51 56 66 41 47 67 63 76 78 69 71 75
New Mexico 75 69 64 47 61 79 95 76 86 77 74 85
New York 49 57 65 46 49 69 64 70 77 66 65 72
North Carolina 55 63 79 51 62 85 82 91 95 82 80 82
North Dakota 91 91 94 54 69 99 79 86 85 84 73 74
Ohio 48 54 68 44 46 68 68 73 78 66 67 72
Oklahoma 46 64 63 46 48 62 71 77 87 72 71 74
Oregon 48 50 68 43 50 71 69 74 79 46 34 38
Pennsylvania 52 61 74 48 55 75 75 88 91 78 77 84
Rhode Island 64 49 80 52 61 72 84 94 93 85 84 89
South Carolina 61 54 73 46 51 82 70 77 89 80 78 79
South Dakota 100 97 89 57 64 73 71 88 96 70 80 98
Tennessee 48 58 70 45 48 76 76 87 96 78 81 88
Texas 45 52 64 41 47 64 60 70 73 63 66 70
Utah 43 52 66 37 42 53 59 70 69 65 66 67
Vermont 63 95 74 67 44 70 55 93 85 91 76 92
Virginia 40 48 63 40 35 37 33 76 82 67 55 53
Washington 46 52 65 46 51 70 66 78 77 70 68 74
West Virginia 86 81 67 75 69 95 100 100 98 94 81 93
Wisconsin 57 61 71 43 50 67 71 74 73 64 63 68
Wyoming 85 100 88 50 55 52 84 91 86 90 78 80



Table A3. Smoothing Parameters for the Holt-Winters’ Forecasting by State 
State alpha (α) beta (β*) gamma (γ)
Alabama 0.1050 0.0162 0.7013
Alaska 0.0491 0.0877 0.4980
Arizona 0.1491 0.0381 0.4310
Arkansas 0.0426 0.0882 0.6637
California 0.2817 0.0000 0.6552
Colorado 0.0685 0.0000 0.3896
Connecticut 0.1059 0.0000 0.4359
Delaware 0.1665 0.0208 0.4038
District of Columbia 0.0923 0.0000 0.5157
Florida 0.1447 0.0195 0.6686
Georgia 0.2049 0.0321 0.4613
Hawaii 0.0146 0.6730 0.6628
Idaho 0.0090 1.0000 0.5640
Illinois 0.1829 0.0274 0.4946
Indiana 0.0525 0.0334 0.5058
Iowa 0.1160 0.0540 0.5406
Kansas 0.0701 0.0122 0.4871
Kentucky 0.0604 0.0494 0.4764
Louisiana 0.0893 0.1310 0.4797
Maine 0.0274 0.1580 0.3866
Maryland 0.0263 0.0000 0.4569
Massachusetts 0.0841 0.0554 0.5767
Michigan 0.1009 0.0239 0.6195
Minnesota 0.1291 0.0088 0.5211
Mississippi 0.1009 0.0000 0.6027
Missouri 0.0972 0.0000 0.5170
Montana 0.0954 0.0783 0.3634
Nebraska 0.0566 0.1721 0.2803
Nevada 0.0321 0.0490 0.6138
New Hampshire 0.0902 0.0775 0.4581
New Jersey 0.1657 0.0260 0.4642
New Mexico 0.1470 0.0072 0.3644
New York 0.1818 0.0245 0.5085
North Carolina 0.1209 0.0098 0.4294
North Dakota 0.0459 0.0485 0.4518
Ohio 0.0997 0.1281 0.3487
Oklahoma 0.2460 0.0389 0.5948
Oregon 0.1868 0.0000 0.5835
Pennsylvania 0.1784 0.0215 0.5000
Rhode Island 0.1205 0.0124 0.5135
South Carolina 0.0805 0.0851 0.2857
South Dakota 0.1044 0.0957 0.4531
Tennessee 0.0779 0.0372 0.5314
Texas 0.1822 0.0000 0.4703
Utah 0.0448 0.0430 0.4546
Vermont 0.0945 0.0330 0.4606
Virginia 0.5253 0.0000 0.8483
Washington 0.1281 0.0209 0.4646
West Virginia 0.0755 0.0453 0.4634
Wisconsin 0.1103 0.0241 0.6439
Wyoming 0.0826 0.1182 0.4289



Table A4. Coefficients for the Holt-Winters’ Forecastings by State
a b s1 s2 s3 s4 s5 s6 s7 s8 s9 s10 s11 s12

AL 27.42 -0.03 6.89 8.01 7.80 8.62 3.85 5.88 -0.34 2.91 5.36 12.26 2.44 4.88

AK 40.03 0.25 18.27 5.19 1.36 12.3
9

22.14 6.02 5.59 5.90 8.89 8.78 13.97 3.01

AZ 69.21 0.15 10.48 19.51 9.27 14.7
7

0.40 -3.72 -10.33 -0.01 -2.12 8.94 5.75 6.45

AR 32.11 0.08 11.38 10.28 8.23 11.0
1

2.22 -1.70 2.75 -1.77 14.8
2

7.41 8.68 1.56

CA 67.85 0.11 4.71 1.43 4.29 4.19 2.15 -10.63 -13.96 -12.67 -5.53 -1.71 -0.40 -3.70

CO 54.69 -0.08 -2.42 4.61 8.37 9.81 4.61 -0.35 -1.59 1.27 3.21 5.99 0.83 -2.45

CT 58.75 0.01 -2.08 0.88 0.08 7.65 0.51 -3.06 -8.06 -7.41 3.88 1.24 -1.54 -4.23

DC 58.46 -0.09 -2.35 -3.71 0.45 4.03 7.67 -6.60 -6.42 -3.51 1.25 2.11 -4.05 2.25

DE 21.62 -0.15 3.10 6.64 7.49 4.81 6.08 3.14 4.57 3.89 7.41 9.57 4.92 8.63

FL 70.72 0.06 -3.60 -0.12 -0.05 -2.19 -6.04 -8.45 -8.75 -10.65 -4.73 -0.48 -1.97 -7.95

GA 71.98 0.10 -5.87 -3.70 6.21 11.0
1

-4.32 -10.44 -9.74 -6.82 -1.93 -0.18 -1.72 -5.00

HI 15.87 0.06 4.97 9.97 10.18 9.70 2.19 6.44 2.52 0.43 8.84 7.21 2.48 5.21

ID 28.41 0.01 2.77 1.29 5.85 5.20 3.58 2.32 3.66 6.95 8.46 9.85 4.85 2.67

IL 55.00 0.00 0.57 1.09 2.85 7.97 4.34 -2.93 -2.40 -2.49 4.16 10.01 5.10 -1.56

IN 60.80 -0.02 -2.92 -5.85 0.56 6.84 -1.90 -9.62 -13.63 -6.00 -0.92 2.18 -1.71 -6.39

IA 35.73 0.06 -8.69 -6.07 1.02 -1.72 -2.74 -8.36 -8.67 -7.87 -5.42 -0.24 -6.21 -6.19

KS 29.79 -0.13 2.03 5.58 6.96 7.19 4.50 4.38 -0.43 6.63 6.57 10.74 0.60 -7.72

KY 39.66 0.04 5.51 3.14 4.30 5.31 6.17 2.29 4.65 2.76 9.29 6.25 6.65 0.89

LA 38.63 -0.05 8.32 9.87 11.57 6.96 2.77 0.58 -4.60 3.40 1.11 10.80 8.72 -0.06

ME 52.14 0.12 7.53 5.14 17.53 11.5
9

5.48 1.57 -5.89 -1.72 9.17 12.08 13.91 7.92

MD 64.07 0.01 -4.38 -2.99 -1.80 7.94 1.47 -10.15 -5.29 -8.14 2.58 5.83 2.85 -3.81

MA 45.67 0.05 2.61 3.99 5.96 6.61 8.90 -1.26 -3.03 -1.90 7.41 6.26 6.35 3.95

MI 64.56 0.04 -8.75 -3.33 0.59 2.26 -1.66 -6.55 -13.19 -11.45 -2.61 -0.14 -4.01 -4.58

MN 56.21 -0.19 4.86 8.46 4.26 11.8
8

8.08 -1.28 -3.49 -1.41 7.16 11.42 7.37 5.21

MS 43.92 -0.22 -0.27 2.54 11.47 14.9
5

3.34 -5.71 0.86 -1.29 1.73 15.53 4.36 -0.29

MO 61.87 0.01 0.02 -1.09 -3.40 4.83 -0.57 -8.90 -9.70 -7.99 -1.50 2.06 -1.30 -3.40

MT 41.50 -0.04 0.46 7.20 10.72 4.97 6.30 6.63 2.03 -1.68 10.6
1

5.85 2.58 1.58

NE 41.78 0.18 -2.37 2.35 3.91 9.18 3.38 -1.05 2.72 3.74 3.91 6.07 -0.02 -2.02

NV 35.65 0.08 13.62 21.59 19.62 14.7
3

11.32 5.52 -2.01 2.55 3.11 5.61 8.26 2.12

NH 39.74 0.20 9.90 3.84 8.49 8.16 11.15 -5.53 0.35 -0.09 7.76 18.00 6.88 2.66

NJ 73.25 0.10 -3.38 -4.18 -1.22 7.08 3.99 -9.22 -10.01 -16.13 -4.15 5.06 -1.75 -3.62

NM 51.18 0.07 -0.53 1.35 1.93 1.52 -5.30 -6.87 -11.80 -8.40 -6.07 3.24 1.32 -9.66

NY 57.21 0.00 3.08 3.44 5.12 7.45 7.69 -2.12 -7.03 -9.90 0.23 7.17 6.13 4.04

NC 74.44 0.04 -5.21 -2.60 1.13 5.15 -5.03 -9.10 -9.61 -10.47 -2.49 0.94 0.77 -5.73

ND 8.29 -0.05 6.22 0.05 4.50 5.17 3.01 0.71 3.06 6.29 1.92 2.27 7.73 4.79

OH 50.09 0.05 -0.61 1.45 4.15 10.0
0

2.10 -2.71 -2.57 -2.66 2.57 6.42 3.27 -1.41

OK 47.43 0.13 7.67 9.41 7.08 9.96 2.45 3.14 3.14 7.37 12.1
7

11.51 7.66 2.27

OR 41.00 -0.23 -1.71 0.42 6.73 3.92 11.57 11.82 -0.56 -0.65 6.15 2.78 0.88 -3.18

PA 66.30 0.10 -4.80 -2.94 -1.10 4.99 1.12 -6.37 -8.97 -9.78 -0.76 5.71 -0.21 -6.30

RI 52.70 0.08 -14.61 -5.99 -2.57 4.28 -3.41 -13.80 -10.98 -16.87 -6.07 1.10 -9.84 -10.82

SC 41.38 -0.08 2.31 5.67 6.36 8.23 2.60 -3.13 -5.09 -4.33 1.37 5.68 3.29 0.66

SD 13.80 -0.03 2.91 3.66 9.35 7.16 4.73 4.23 1.56 2.18 2.26 3.29 3.51 -0.33

TN 65.42 0.08 -11.31 -6.03 -6.32 8.95 -7.26 -10.38 -13.09 -6.63 -0.82 -6.65 -6.78 -9.28

TX 73.10 -0.10 4.56 2.22 4.96 13.6
2

1.65 -9.83 -10.45 -6.94 2.25 6.22 4.11 -2.04

UT 56.92 0.05 -3.00 -5.14 3.93 -0.90 -4.96 -6.57 -11.50 -7.32 -3.27 1.85 -6.75 -8.76

VT 29.90 -0.04 12.23 10.60 0.83 11.5
2

6.20 0.49 -1.66 -3.09 5.08 11.63 20.28 5.04

VA 77.71 -0.32 -2.12 -0.68 5.15 12.8
0

7.04 -3.16 2.38 -1.00 7.60 3.32 -0.06 -0.78

WA 72.27 0.03 -3.31 0.71 4.07 5.81 2.07 -3.52 -8.45 -11.27 -5.87 -2.82 -6.01 -11.25

WV 35.61 0.08 3.74 8.13 14.29 13.0
2

5.31 4.06 5.54 2.53 7.07 11.44 9.41 6.47

WI 37.06 -0.09 3.57 6.21 2.00 13.5
5

3.93 0.47 0.40 -3.24 2.58 14.99 7.85 2.24

WY 13.31 0.07 9.10 5.16 7.87 6.86 3.00 3.92 3.04 6.00 1.38 8.21 5.36 4.46



Multimedia	Appendix	2:		'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	by	
US	State.	
	
	
Figures	B1	to	B51	depict	the	changes	in	online	interest	in	the	term	“asthma”	from	2004	to	2015	
and	forecasts	from	2016	to	2020	in	each	US	State	(and	DC)	in	alphabetical	order.	
	
	

	
Figure	B1.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Alabama.	

	



	
Figure	B2.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Alaska.	

	

	
Figure	B3.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Arizona.	

	
	



	
Figure	B4.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Arkansas.	

	

	
Figure	B5.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	California.	

	



	
Figure	B6.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Colorado.	

	

	
Figure	B7.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Connecticut.	

	



	
Figure	B8.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Delaware.	

	

	
Figure	B9.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	DC.	

	



	
Figure	B10.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Florida.	

	

	
Figure	B11.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Georgia.	

	



	
Figure	B12.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Hawaii.	

	
	

	
Figure	B13.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Idaho.	

	



	
Figure	B14.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Illinois.	

	

	
Figure	B15.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Indiana.	

	



	
Figure	B16.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Iowa.	

	

	
Figure	B17.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Kansas.	

	



	
Figure	B18.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Kentucky.	

	

	
Figure	B19.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Louisiana.	

	



	
Figure	B20.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Maine.	

	

	
Figure	B21.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Maryland.	

	



	
Figure	B22.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	

Massachusetts.	
	

	
Figure	B23.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Michigan.	

	



	
Figure	B24.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Minnesota.	

	

	
Figure	B25.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Mississippi.	

	



	
Figure	B26.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Missouri.	

	

	
Figure	B27.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Montana.	

	



	
Figure	B28.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Nebraska.	

	
	

	
Figure	B29.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Nevada.	

	



	
Figure	B30.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	New	

Hampshire.	
	

	
Figure	B31.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	New	Jersey.	

	
	



	
Figure	B32.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	New	Mexico.	

	

	
Figure	B33.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	New	York.	

	



	
Figure	B34.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	North	Carolina.	

	

	
Figure	B35.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	North	Dakota.	

	



	
Figure	B36.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Ohio.	

	

	
Figure	B37.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Oklahoma.	

	



	
Figure	B38.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Oregon.	

	

	
Figure	B39.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Pennsylvania.	

	



	
Figure	B40.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Rhode	Island.	

	

	
Figure	B41.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	South	Carolina.	

	
	



	
Figure	B42.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	South	Dakota.	

	

	
Figure	B43.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Tennessee.	

	



	
Figure	B44.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Texas.	

	

	
Figure	B45.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Utah.	

	



	
Figure	B46.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Vermont.	

	
	

	
Figure	B47.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Virginia.	

	



	
Figure	B48.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Washington.	

	

	
Figure	B49.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	West	Virginia.	

	



	
Figure	B50.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Wisconsin.	

	

	
Figure	B51.	'Asthma'	Google	Trends	(2004-2015)	vs.	forecasts	(2005-2020)	in	Wyoming	
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