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A B S T R A C T

Researchers increasingly use aggregated search data from Google Trends to study a wide range of
phenomena. Although this new data source possesses some important practical and methodo-
logical benefits, it also carries substantial challenges with respect to internal validity, reliability,
and generalizability. In this paper, we describe and assess the existing applied research with
Google Trends data in the social sciences. We conduct a systematic literature review of 360
studies using Google Trends data to (1) illustrate habits and trends and (2) examine whether and
how researchers take the identified challenges into account. The results show that the large
majority of the literature fails to test the internal validity of their Google Trends measure, does
not consider whether their data are reliable across samples, and does not discuss the generaliz-
ability of their results. We conclude by stating practical recommendations that will help re-
searchers to address these issues and properly work with Google Trends data.

While surveys are still the most commonly used data collection method in the social sciences (Sturgis and Luff, 2021), declining
response rates (Schober et al., 2016) and concerns about erroneous responses (Jun et al., 2013) have led researchers to experiment
with novel digital data about human thoughts and behavior (Salganik, 2017). One of these novel data sources is Google Trends. For any
term of interest, Google Trends provides aggregated information on the relative frequency of searches across regions and over time
based on a randomly drawn sample of all queries conducted on Google (Google, 2024; Google News Initiative, 2024b). The data are
available at much more fine-grained time and geographic units than survey data (Ettredge et al., 2005; Jun et al., 2017). They are free
of charge and can be retrieved immediately by everyone. Additionally, information from Google Trends is less prone to recall errors
and social desirability, which can substantially bias traditional survey data, especially in the case of sensitive topics (DiGrazia, 2015;
Stephens-Davidowitz, 2014, 2017). On the downside, some researchers point to issues of transparency and reliability of the sampling
procedure and potential limitations in the generalizability of the obtained information (e.g., Behnen et al., 2020). It is also often
unclear how validly the selected search terms reflect the constructs of interest (e.g., Mellon, 2013, 2014). Failing to account for these
issues casts doubt on the accuracy and robustness of the results obtained from Google Trends.

Despite these severe concerns, little systematic research has been conducted on how researchers use Google Trends data in the
social sciences, whether they account for the accompanying methodological challenges, and how they do so. Jun et al. (2017),
Mavragani et al. (2018), and Nuti et al. (2014) take valuable steps in this direction though. Jun et al. (2017) provide a general overview
of the topics examined with Google Trends data. Mavragani et al. (2018) and Nuti et al. (2014) review the use of Google Trends data in
health studies. Nuti et al. (2014) additionally discuss the replicability of findings derived from Google Trends data in health research
and create a checklist on what researchers should include and report so that their results can be replicated.
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In this paper, we combine these approaches and extend them in several ways. In particular, we examine the following research
questions:

RQ1: What are the main methodological challenges researchers face when using Google Trends data?
RQ2: How are Google Trends data used in the social sciences?
RQ3: How does the existing social science literature treat the methodological challenges of Google Trends data?
RQ4: What solutions can be implemented to address the limitations of Google Trends data?

In answering these questions, we contribute to the literature in four ways: (1) We describe in detail how Google Trends works, how
its data can be retrieved, what benefits the data provide, and what problems emerge when doing research with it. (2) We conduct a
systematic literature review of 360 English-language studies published until 2021 that use Google Trends data to answer social science
research questions. The review documents the growing use of Internet search data in the social sciences and provides an overview of
the current state of research. (3) Our review comprehensively and systematically examines how researchers (fail to) deal with the
methodological challenges regarding keyword selection, construct validity, reliability, and generalizability. The results show that the
large majority of Google Trends studies suffer from critical problems with respect to transparency and methodological rigor. Finally,
we (4) use the findings of the systematic review and previous methodological work to develop recommendations on the proper use of
Google Trends data to help researchers draw more reliable and valid conclusions in future applications. In sum, our paper should
sensitize researchers to the challenges of Google Trends data and provide them with the necessary tools to deal with these challenges.

In the following paper, we start by outlining the main benefits and pitfalls of Google Trends data for the social sciences. We then
describe the methodological approach for our systematic literature review and discuss its findings. We derive our recommendations
from these results and present a step-by-step checklist for researchers who plan to work with Google Trends data. Eventually, we
summarize our findings and point out areas where future research on the data quality of Google Trends is needed.

1. Description of Google Trends and its features

Google Trends provides aggregated data on the relative search frequencies of selected keywords for regions worldwide, going back
to 2004. Researchers can retrieve search frequencies for up to five keywords or topics simultaneously. While selecting individual
keywords only displays data for searches on this exact term, data for topics also encompass acronyms, misspellings, translations of the
term in other languages, and other conceptually related terms (Google News Initiative, 2024b; Trends Help, 2024a). Data retrieved for
individual keywords and for topics will therefore differ and may even produce different results and conclusions (see Online Appendix A
for details). If enough people searched for a term in the selected region and time period, the search data can be grouped by location at
the country, regional, and city level and by time at minute, hour, day, week, and monthly intervals (Google News Initiative, 2024a,b).
Researchers can additionally see ‘related searches’ for their term of interest showing what other terms users frequently looked for in
the same search session and which search terms had the highest growth rate in the respective time period (Trends Help, 2024b, 2024c).
For more detailed information on the different functions of Google Trends see Online Appendix A.

According to the documentation provided by Google, the search data reflect the popularity of a keyword as the “search interest in a
particular topic, in a particular place, and at a particular time” (Google News Initiative, 2024b). When retrieving the relative search
frequencies for the keywords “Obama” as depicted in Fig. 1, researchers obtain data on the worldwide interest of Google users in the
former U.S. president from 2004 until 2024.

Individuals can access and download the data via Google’s official website (google.com/trends). For automated access to the
website, researchers can use a statistical software package such as pytrends for Python (DeWilde and Hogue, 2022) or gtrendsR for R
(Massicotte and Eddelbuettel, 2022).

Importantly, Google provides the aggregated data not as absolute but relative search volume in the form of a normalized index from
0 to 100, the Relative Search Index (RSI).1 According to the company, Google provides the normalized index to allow for the comparison
of a topic’s popularity over time without being biased by the overall massive growth of search queries since 2004 (Google News
Initiative, 2024b; Rogers, 2016). Each data point of the index is adjusted to the absolute number of searches of a given day in the region
of interest to account for seasonality in the number of queries. The maximum value of 100 gets assigned to the data point with the
highest search interest for the selected time period, location, and keywords (when comparing multiple keywords simultaneously).
Google then divides the search frequencies of all other data points by this maximum andmultiplies the result by 100. As a consequence,
each data point reflects the percentage of the search intensity relative to the maximum (a) within a specific time period (time series
data, see Fig. 1 for an example), (b) for specific subregions (regional comparison data), or (c) of one term in comparison to other terms
(Google News Initiative, 2024b; Rogers, 2016).

Google reports data points that have search volumes below a specific, unknown threshold as values of 0. According to Google, the
company follows this approach to ensure the anonymity of their users (Google News Initiative, 2024b; Rogers, 2016). Thus, values of
0 can either mean that nobody searched for a specific term or that the search volume was too low to be depicted. Terms with overall
low search volume therefore produce time series or geographic maps with many values of 0.

1 Google does not provide a specific name for its index. Authors also use other terms to describe the index provided by Google Trends, including
(Google) Search Volume Index (e.g., Jun et al., 2017; Lorenz et al., 2022), Google Search Index (Caporin and Poli, 2017), or Google Trends Index (e.g.,
Böhme et al., 2020; Golenvaux et al., 2020).
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1.1. Benefits of Google Trends data for social science research

1.1.1. Practical benefits: Easy access, wide availability, long reach, and high frequency
Using Google Trends data for research provides several practical advantages. With a share of over 90 percent of Internet searches

worldwide, Google holds a dominant position in the search engine market since 2009 (Statcounter, 2021; Timoneda and Wibbels,
2022). Compared to most surveys, Google Trends data are freely and immediately available at much finer-grained geographic levels
and time units. Additionally, the search engine data can provide information on a wide range of topics (Ettredge et al., 2005; Jun et al.,
2017). Researchers can thus use Google Trends to obtain insights on the societal salience of a wider array of issues in a more timely
manner and for smaller subregions than surveys (e.g., Mellon, 2013, 2014).

Böhme et al. (2020) present an example of taking advantage of the immediate availability of Google Trends data to predict in-
ternational migration flows. The authors forecast offline behaviorswith trends for searches that they think represent the corresponding
intent to behave. These trends include queries for “visa” or “immigration” as an indicator for migration. Other studies make use of the
wide range of topics that can be examined with Google Trends. Gummer and Oehrlein (2022) monitor the interest in the survey FReDA
by checking the search trends for the survey name after they sent out more than 50,000 letters inviting potential participants. Fang
et al. (2021) also exploit Google Trends data for survey methodology by examining the time-varying salience for various events on
survey non-response. Olzak (2021) augments her theoretical argument that protests on police brutality generate widespread public
and media attention by the fact that the search volume on police violence rapidly increased following such demonstrations. We would
not have been able to gain any of these insights without Google Trends providing prompt information on such a wide variety of topics.

1.1.2. Methodological benefits: Great honesty and low cognitive demand
Apart from these practical benefits, Google Trends comes with additional methodological advantages as the data are collected in a

passive, non-reactive way. That is, they are based on the direct observation of individuals’ search behavior. In consequence, Internet
search data do not suffer from cognitive biases that may arise during the response process in surveys as they do not rely on individuals’
comprehension of questions, accurate memories, or general willingness to provide a thoughtful answer (Salganik, 2017; Tourangeau
et al., 2000).

Most importantly, however, Internet search data also do not suffer from social desirability bias (DiGrazia, 2015; Jun et al., 2013).
This type of bias arises when survey respondents are hesitant to disclose their true beliefs or behaviors to researchers, particularly in
face-to-face interviews and regarding sensitive topics. Instead, respondents provide socially acceptable or pleasing answers to present
themselves in a more favorable light. In consequence, surveys frequently underestimate the prevalence of attitudes and behaviors that
are considered socially undesirable (DiGrazia, 2015; Jun et al., 2013; Krumpal, 2013).

By contrast, people are assumed to be mostly alone and feel anonymous and unobserved when conducting a query on Google. They
can therefore express taboo thoughts and honest feelings on socially sensitive topics more easily (DiGrazia, 2015; Stephens-Davido-
witz, 2014, 2017). Users even have an incentive to tell Google the truth to retrieve the desired information from the search engine. As a
result, we can observe frequent queries for sensitive topics related to pornography and health-related information
(Stephens-Davidowitz, 2014). Making use of this unfiltered byproduct of human behavior is particularly interesting for attitudes
research, where topics such as xenophobia, sexism, or homophobia are prone to social desirability bias and social censoring.

Of course, not all people conducting a particular query share the same specific mindset. However, individuals holding certain
attitudes or planning a certain behavior are expected to be more likely to google for specific terms. By this means, the observed
variation in aggregated search frequencies can hold a “high signal-to-noise ratio” (Stephens-Davidowitz, 2014:27) on the area level
even if some individuals google for reasons unrelated to the construct of interest.2

The probably best-known study making use of Google Trends as honest data to measure attitudes is Stephens-Davidowitz (2014). In

Fig. 1. Example trend for the intensity of worldwide Google searches for the term “Obama” from 2004 to today. Note: Screenshot of the output
provided by the Google Trends tool on the monthly search intensity (y-axis) of the term “Obama” searched worldwide in all categories from January
1, 2004, to October 11, 2024 (x-axis). Text displayed when hovering over the two “Notes”: “An improvement to our data collection system was
applied from January 1, 2016 [January 1, 2022].” Source: Retrieved from the Trends tool provided by Google (Google Trends, 2024) accessed from
Germany on October 11, 2024.

2 Stephens-Davidowitz (2014), for instance, finds that an area’s search interest in the term ‘God’ highly correlates with the level of religiosity of
that area. This correlation holds even though a large number of queries were made for the combined search for the video game ‘God of War’
(Stephens-Davidowitz, 2014).
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this paper, the author uses search frequencies for the N-word, a common racial slur against Blacks in the U.S., to examine the impact of
an area’s racial animus on Obama’s state-level vote shares in the 2008 presidential election. The crucial assumption here is that regions
with more individuals holding racist opinions have higher search frequencies for the term. Following this logic, the author assumes
that an area’s aggregated search volume for the racial slur reflects that area’s level of racism. While data from the General Social
Survey show only a small racism effect on Obama’s vote share, the Google Trends measure reveals a much larger impact of an area’s
racism level. Stephens-Davidowitz (2014) attributes this finding to the assumption that respondents identifying as Democrats do not
disclose their Anti-African-American prejudices in a survey. In contrast, racist Democrats show their true beliefs on Google in the same
way as racist Republicans do. Several studies have since used and validated Stephens-Davidowitz (2014) honest Google Trends
measure of racism to examine the impact of racism on racial economic disparities (DiBartolomeo et al., 2021) and racial physical and
mental health disparities (Chae et al., 2015; Isoya and Yamada, 2021; McKetta et al., 2017). Others made use of the indicator to
investigate the effect of economic conditions on racial animus (Anderson et al., 2020; Connor et al., 2019).

In an even more recent example, Liu et al. (2023) demonstrate Google Trends’ benefit of providing honest data in a very different
research field. The authors estimate the incidence of traditionally underreported crimes including rape and theft. Their findings
suggest that Internet search data depict these crime incidences more accurately compared to traditional data sources that are prone to
considerable underestimation such as official records and surveys. Finally, researchers such as Brodeur et al. (2021) combine the
timeliness and honesty benefits of Google Trends and use the data to assess levels of well-being within the population before and after
COVID-19 lockdowns. The researchers assume that the promptly available search trends for terms such as loneliness, worry, or stress
represent how well the public is feeling at a certain point in time.

1.2. Potential challenges of Google Trends data for social science research

Google Trends not only promises large benefits for social science research, but the data also come with certain challenges with
respect to both internal and external validity (see Fig. 2). In this subsection, we discuss these challenges in more detail.

1.2.1. Challenge 1: Questionable internal validity
The use of Google Trends as an indicator of public interest, attitudes, and behavior raises concerns about internal validity, specifically

construct validity. Does a selected keyword measure what it is supposed to measure? Or put differently: What does the search fre-
quency for a specific term really tell us? It seems intuitive to see googling a term as a statement of interest as individuals searching
information on a topic clearly want to knowmore about it. And if many individuals google the same term at the same time, the topic at
first glance appears to be salient in society at that time. Mellon (2013, 2014), for instance, discovers that Google Trends can be used to
measure the salience of a number of issues such as immigration, terrorism, and macroeconomics using carefully validated keywords.
However, he also finds that many search terms that initially seemed plausible to measure public interest in a specific topic did not
prove to be a valid measurement for salience of that issue in the end, as words often have multiple meanings and different terms can be
used to search for the same topic. For instance, individuals wanting to know more about the COVID-19 pandemic might google either
“coronavirus” or “covid” or “pandemic”. Using just one of these terms to measure the public’s interest in this issue over time may thus
produce misleading conclusions if there is a shift in the way people talk about and search the phenomenon.

Establishing construct validity becomes even more challenging when researchers use Google Trends data to measure attitudes and
behavior instead of mere interest. In this case, two major issues arise. First, researchers cannot determine the intent or motivation of the
individuals behind the queries from Google Trends data alone. For instance, not everyone googling a racist slur is necessarily a racist.
Maybe the person just wants to knowwhat a wordmeans or wants to find information on the history of the term. Individuals can google
terms that are completely unrelated to their attitudes and intended behavior. Different groups of users may even search the same term
for different and potentially opposing reasons (Fenga, 2020; Mukherjee and Jansen, 2017; Shahzad et al., 2017).

Second, Internet search behavior can also be impacted by various exogenous factors such as specific events, media coverage, or
trends on social media (Fenga, 2020; Mukherjee and Jansen, 2017; Shahzad et al., 2017). Google Trends data therefore frequently
show large fluctuations in search volume, while attitudes remain relatively stable over time (Kiley and Vaisey, 2020).

In light of these two problems, selecting the right search terms that validly measure the construct of interest poses a major chal-
lenge. In particular, for researchers to be able to measure attitudes or behavior with search data the following condition must hold: the
variation in search volume over time or across regions must stem from individuals conducting a specific query because they themselves
hold the attitude of interest or intend to behave in that way. If researchers simply select keywords ad-hoc, test numerous (combinations
of) keywords, and decide on the one that best predicts their attitude or (offline) behavior of interest, there is a high probability of
cherry-picking and spurious correlations (Memon et al., 2020; Stephens-Davidowitz and Varian, 2015).

1.2.2. Challenge 2: Intransparency and sample instability jeopardizing reliability
Google states that every time series retrieved from the tool represents a “random unbiased sample of Google searches” (Google

News Initiative, 2024b). The company, however, does not disclose any information on the size of the sample, the exact sampling
procedure, or the reference value used to scale the relative search index (RSI).3 This intransparency leads to three interlinked major
complications seriously questioning the reliability of the data source.

3 We inquired at Google Trends via email about the details of the sampling procedure but did not receive a response.
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(1) Since the RSI is based on a sample of all Google searches, sampling variance can produce unreliable estimates from Google Trends. We
have to interpret the values of the RSI as a mere estimation of the true search volume and need to take its variation into account for
statistical inference. However, Google Trends does not provide any measures of uncertainty such as standard errors or confidence
intervals. Further complicating matters, the exact sampling procedure and underlying sampling algorithm are not transparent and
might have changed (several times) over the years. Retrieving Google Trends data for the exact same parameters but on different days
can therefore produce samples with widely different RSI values that may even trend in opposite directions (Behnen et al., 2020;
Eichenauer et al., 2022; Franzén, 2023; Gummer and Oehrlein, 2022; Mavragani and Ochoa, 2019).4

The severeness of the sample instability seems to depend on the search volume for a specific term. Samples tend to produce
consistent results for terms with a large search volume covering a time span of at least five years. For scarcely searched terms, however,
large inconsistencies between samples retrieved at different points in time occur more frequently and impact the results more strongly.
The values of the obtained RSI and conclusions derived from these samples may thus completely depend on the particular sample
drawn on a certain day (Behnen et al., 2020). The same issue emerges for regions with low Internet penetration rates (Mavragani and
Ochoa, 2019) and for searches from small countries (Eichenauer et al., 2022).

If researchers cannot obtain consistent values for many countries and subregions in the world or for many terms with only low
search volume, some of the great benefits of Google Trends become obsolete. In that case, researchers cannot use the data at fine-
grained regional and temporal units, for regions worldwide, and for such a wide range of topics. Sample inconsistencies thus pose
a major obstacle for reliably using Google Trends data in research.

(2) Changes in Google’s internal algorithms represent further risks to the stability and comparability of the retrieved trends over time. In
2008, Google introduced a feature that automatically recommends how a search request could be completed (Sullivan, 2008). These
suggestions are partly based on what other users have already googled, leading to possible search externalities and making individual
queries dependent on others’ searches (Lazer et al., 2014). After the introduction of this feature, recommended queries potentially
experienced a large surge in searches as people might have simply followed the suggestions. The auto-complete function therefore
makes the comparison of search trends before and after 2008 difficult. In 2011, the company also substantially improved their geo-
location algorithm, meaning that queries are mapped to a specific location more accurately (MacInnis and Gordon, 2015).

Google Trends also points to additional changes in the Google search algorithm in the time-series graphs it produces on their
website (see Fig. 1). The two most recent changes concerned the improvement of their data collection system in 2016 and 2022
(Google, 2024). However, Google does not provide any further information on the specific details of these changes, and it is thus
unclear how they affect any comparison over time or region. Importantly, we also do not know whether changes in the data retrieval
algorithm at a certain point in time only influence the Google Trends numbers for searches conducted afterwards or for the whole time
series. The latter would additionally hamper the replicability of results derived from Internet search data in the past. It is similarly
intransparent how and based on which terms Google Trends calculates the RSI values when selecting a topic instead of a keyword and
whether the calculation and search terms included have changed over time. Changes in the calculation of topics’ RSI values would

Fig. 2. Benefits and challenges of using Google Trends data for social science research.

4 Researchers might also obtain different RSI values when downloading the data from different regions of the world or when using a VPN-
connection. We conducted a small test using the same parameters to access Google Trends data on the popularity of the search term “Barack
Obama” from IP addresses in the U.S., Germany, and Austria using a VPN. We found that the results differ especially for searches on more recent
data (“Past day” vs. “2004-present”) and when restricting the search to smaller markets (Austria vs. worldwide). We also do not know whether the
samples include searches conducted in incognito mode.
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further impede the replicability of Google Trends research when examining topic search trends instead of individual keywords.5

(3) The intransparent scaling of Google Trends data leads to difficulties for comparisons across both time and region. Google releases
relative search frequencies scaled in reference to the maximum, namely the data point with the largest search volume for the selected
term in the selected time range and region. Depending on the reference frame, the data are scaled based on the region or the time point
with the highest number of searches. Researchers, however, cannot retrieve both regional comparison and time series data with the
same reference maximum simultaneously. Google Trends also does not provide precise information on how they calculate the RSI and
how the different trends relate to one another. If researchers thus wish to make a comparison across both regions and time simulta-
neously, they need to find a way to scale the data themselves by adjusting the regional and time reference frame relative to each other.
A similar issue arises when researchers want to retrieve data for more than five keywords simultaneously or for small time units over a
long time span. For example, Google restricts retrieval of daily time series to a maximum of about nine months.6 Researchers thus need
to adequately combine several monthly data sets if they are interested in a longer observation window of daily data (see, for example,
Caporin and Poli, 2017).

1.2.3. Challenge 3: Unknown generalizability
Even if search frequencies prove to be a valid measure for a certain construct (salience, attitude, or behavior) and the retrieved

samples are consistent, it is still unclear whether researchers can generalize the results beyond the population of Google users. Despite
its extremely large user base, Google Trends data may, for instance, not generalize to the whole population in a specific region. Not
everybody has access to or uses the Internet, and not every Internet user relies on Google (Lorenz et al., 2022; Schober et al., 2016).
Google users thus represent a selective population and the frequency of searching information via Google depends on sociodemo-
graphic factors such as age and economic status (Mellon, 2013). As we do not know anything about the individuals conducting the
queries, directly controlling for this selection is impossible. Likewise, we cannot obtain precise percentage estimates of how many
individuals hold a certain view, because Google only provides aggregate and relative search frequencies instead of absolute numbers
(DiGrazia, 2015). These issues of selection bias and relative aggregate data are even more problematic in regions with low Internet
penetration rates (Koehler-Derrick, 2013).

Making matters worse, the composition of Google’s user base has not remained constant over time. Instead, Google users represent
“an always changing, self-selecting population of Internet users” (Fenga, 2020:282) whose exact composition is unknown and un-
stable. Without any information on the individuals conducting the searches and their unknown probability to be included in the
sample, it is therefore impossible to adjust for the lack of population coverage and the selection bias of the data (Lorenz et al., 2022;
Mavragani and Ochoa, 2019; Schober et al., 2016).

In conclusion, Google Trends have the potential to reflect people’s interest in an issue and even certain attitudes and behaviors (e.
g., DiGrazia, 2015; Schober et al., 2016; Stephens-Davidowitz, 2014). Howwell Internet search data reflect what a population thinks or
does depends on the internal validity of the selected search terms, the reliability of the measure, and the generalizability of the results
beyond Google users in each particular case.

2. Systematic literature review: Data collection

In the next step, we turn to the existing literature to get an overview of how researchers in the social sciences use Google Trends
data in their studies and whether and how they deal with the above-mentioned challenges. To this end, we conduct a systematic
literature review on the use of Google Trends closely following the PRISMA guidelines and recommendations for systematic reviews
laid out by Page et al. (2021a).7

To get a comprehensive collection of existing studies using Google Trends data in the social sciences, we applied two search
strategies. First, we conducted a systematic search for all English-language papers that contain the terms “Google Trends” or “Google
search” in the title, abstract, or keywords,8 on the databasesWeb of Science, ProQuest, ScienceDirect, ArXiv, andOSF. Second, we applied
a snowball approach to check for completeness. Specifically, we went through the reference list of the papers that we found via the
automated search and cross-checked on Google Scholar for related papers. With this approach, we retrieved other relevant papers that
were not already included in our sample but fulfill the same inclusion criteria.

The data collection process took place in the first half of December 2021. Our corpus thus consists of papers that were published

5 In an exploratory test conducted thanks to a reviewer suggestion (see Figure A.1 in Online Appendix A for details), we noticed another issue with
the use of topics instead of keywords. When comparing the trends for the same term (i.e., using Google Trends’ “+ Add Comparison”) - once
included as a topic and once as a single keyword - the topic’s RSI values were in parts lower than the RSI values for the single keyword. This
difference in the RSI values should not be possible as the RSI for topics should always entail more searches, i.e., searches for the term itself,
misspellings, and translations, than the RSI for single keywords that should only entail the searches for this specific keyword.
6 Similarly, Google Trends currently limits access to minute-level data to the past 4 hours, hourly data up to the past seven days, daily data up to

about nine months, and weekly data up to five years.
7 We rely on the PRISMA guidelines as they facilitate the comprehensive and transparent reporting of our reasoning behind the review, our

methodological approach and decisions, and our results, so that other researchers can easily understand and replicate our work (Page et al., 2021a,
b).
8 This restriction of our analytical sample increases the probability that we capture papers that use Google Trends as a data source in their

analysis. Please note, however, that other papers in the social sciences also use Google Trends as an addition to their main analysis without
mentioning the data source in their abstract (see, e.g., Olzak 2021; Vasi et al., 2015).
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online in peer-reviewed (e.g., articles in peer-reviewed journals) and non-peer-reviewed formats (e.g., preprints or working papers)
from the introduction of the Google Trends tool in 2006 until mid-December 2021. Including both peer-reviewed and non-peer-
reviewed papers in our review has several advantages. It enables us to (1) present the broadest possible picture of the quality of
research using Google Trends data, (2) make an effort to avoid publication bias, and (3) incorporate more recent studies for
completeness that have not (yet) been published in peer-reviewed journals at the time of our search.

Fig. 3 illustrates the detailed steps of our data collection process. In the screening phase, we applied the following inclusion criteria:
(1) English-language studies that (2) use Google Trends as a data source in their empirical analysis to (3) address a core social science
topic. More specifically, we removed all papers concerned with issues such as the prediction of stock market returns, the spread of
diseases, and the analysis of geolocation images. The final corpus consists of 344 papers containing a total of 360 individual studies as
some researchers conducted multiple distinct studies using Google Trends within the same paper (for details of our data collection and
screening process, see Online Appendix B9).

We manually coded these studies with respect to the following categories10: characteristics of the publication outlet, field of study,
constructs measured with Google Trends data, search strategy, combination with additional data sources, the type of statistical an-
alyses, keyword selection, checks for construct validity and sample stability, and considerations of generalizability (see our Online
Supplemental Material for the complete coding manual, the coded data set of all studies, and further replication material of our an-
alyses). With these variables, we can describe the development and current state of the literature and contrast the methodological
approaches used in different subgroups of studies, such as those using Google Trends data to measure salience, attitudes, and be-
haviors. For each paper, we looked at the main text as well as its footnotes, endnotes, and supplementary material. To test interrater
reliability, we double coded a random set of 20 papers (21 studies). We calculated the resulting interrater reliability using Krippen-
dorff’s alpha. Across all variables, we achieved a value of 0.82 which is above the required threshold of α = 0.67 for satisfactory
agreement (Krippendorff, 2004). Only the category assessing whether Google Trends was used to compare search frequencies across
time or region (α = 0.60) and the category classifying the study’s statistical approach as forecasting or modeling (α = 0.36) were below
this threshold. Due to its particularly low value, we excluded the latter category from our analyses.11

Lastly, we added information at the journal-level for those papers in our database that are published in peer-reviewed publication
outlets. Specifically, we included information on the impact factor of the journal in the respective publication year and the journal’s
field of study based on the classification on Clarivate Analytics’ (2020) Web of Science website.12 For the non-peer-reviewed papers
and any missing values for the peer-reviewed papers, we manually coded the fields of study based on the same categories and
subcategories.

3. Results

By now, we discussed the main methodological challenges researchers face when using Google Trends data (RQ1). In this section,
we first show descriptive statistics on how Google Trends data are used in the social sciences (RQ2). Next, we report how the existing
literature treats the methodological challenges of Google Trends data (RQ3). Based on these results, we provide recommendations and
best-practice examples based on our analyses in the next section to help researchers who want to work with Google Trends data reduce
their limitations (RQ4).

3.1. How are Google Trends data used in the social sciences?

3.1.1. Growth of Google Trends usage in the social sciences
Fig. 4 documents the use of Google Trends as a data source for research in the social sciences since the introduction of the tool.

Despite its introduction already back in 2006, the first papers using Google Trends in the social sciences were only published in 2010
and few authors worked with the aggregate search data in the following years. After 2014, the tool became increasingly popular with a
steady increase from 17 papers published in 2014 to 40 papers published in 2019. In the last two years of our observation window,
2020 and 2021, Google Trends experienced a sharp increase in applications with 100 papers being published in 2021 alone.13 This
rapid rise in popularity points to the growing importance of Internet search data in the social sciences, especially during the pandemic.
The increased usage also underlines the need for a systematic review of what has been done so far and how well the existing research
accounts for the challenges that come along with using Google Trends data.

9 Online Appendix B also provides the complete list of all papers included in the review.
10 We partly based our coding scheme on the categories used by Mavragani et al. (2018). The majority of the coding was done by the first author,
supported by two research assistants who obtained specific training for this task. When a paper consisted of multiple distinct studies using Google
Trends, we coded each study separately.
11 The particularly low value of this category results from the fact that Krippendorff’s alpha is very sensitive to disagreement in minority cases
where the large majority of observations take on the same value. In this case, the large majority of double coded studies did not use Google Trends
for forecasting and the coding discrepancy resulted from disagreement whether a single study did do so or not.
12 To better represent the range of journals, we added the categories Forecasting, Multidisciplinary Sciences, and Political Science to the list of
fields of study provided by Clarivate Analytics’ (2020) Web of Science website.
13 Five papers in our sample were forthcoming at the time of our literature collection efforts in December 2021 and have been officially published
and assigned a later publication year in the meantime. For the sake of consistency and comparability, we assigned these papers to 2021.
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3.1.2. Google Trends research across publication outlets and fields of studies
Table 1 describes the 344 papers included in our review in more detail. The large majority of papers are published in peer-reviewed

journals (85 percent), with an average impact factor of 3.15 at the time of publication. The outlets with the highest numbers of
publications in our database are (in descending order) PLoS One, the Journal of Medical Internet Research, the Journal of Affective
Disorders, Social Science Quarterly, IEEE Access, and the Journal of Public Economics. This selection of journals demonstrates that
although all papers in our database cover a generic social science topic in the broader sense, they often appear in journals that are
classified as belonging to other academic disciplines (for a detailed description of these fields of studies see Online Appendix B).

Fig. 3. PRISMA 2020 flow diagram for systematic reviews which include searches of databases and other sources. Source: Page et al. (2021a). For
more information, visit: http://www.prisma-statement.org. Note: Individual reports (papers) can contain multiple distinct studies using Google
Trends data.

Fig. 4. Development of the number of papers using Google Trends data to examine a social science topic. Note: The bars indicate the distribution of
English-language papers using Google Trends data for applied research in the social sciences (y-axis) from 2010 to 2021 (x-axis). Given that we
searched the papers in late 2021, we assigned papers with an already scheduled publication in 2022 to 2021. N = 344.
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3.1.3. Constructs measured with search data: Salience, attitudes, or behavior?
Next, we leave the paper level and look at the specific content of each individual study. Table 2 reports the constructs researchers

want to measure with Google Trends data. We distinguish between three main categories in our coding: (1) issue salience, (2) attitudes,
and (3) behavior. In the case of issue salience, researchers used Google Trends as a general measure of public awareness or interest in a
specific topic. As an indicator for attitudes or other internal states, Google Trends is intended to measure positive or negative feelings
and sentiments towards, for instance, a topic, person, or issue. Lastly, the behavior indicator is supposed to show the proportion of a
population actually doing something offline or intending to do something offline (behavior in the form of factual outcomes). Studies
can measure several constructs simultaneously if they retrieve data from Google Trends to measure several variables such as the
dependent and independent variable of onemodel.14 Given the close relation between Internet searches and interest in the object of the
enquiry, it is not surprising that more than half of the studies included in our literature review (60 percent) uses search data to measure
issue salience (e.g., Pan and Siegel, 2020 studying interest of the Saudi Arabian public in imprisoned opinion leaders). A substantial
fraction of studies attempts to go further than measuring mere issue salience, however. Specifically, 22 percent of the studies examine
attitudes such as racism and sexism, and another 24 percent try to measure or predict behavior such as voting (see, for instance,
Stephens-Davidowitz, 2014; Owen and Wei, 2021; and Askitas, 2015a,b). Fig. 5 depicts the trends in research with respect to these
three constructs from 2010 to 2021. The general increase in the usage of Google Trends data over this period is equally driven by rising
numbers of studies in each of the three categories. Additionally, we see that issue salience tops the list in all but one of the years. While
researchers aimed for observing behavior earlier than for measuring attitudes, the number of studies examining attitudes overtook the
respective number of studies focusing on behavior in 2018 and has remained as runner-up ever since.

3.1.4. Approach to collecting Google Trends data
Table 3 presents the details of how authors collect and analyze Google Trends data in their studies. Starting with the time and

regional units15 examined, we find that researchers primarily use Google Trends to retrieve monthly or weekly data (36 and 26
percent, respectively), either at the country level (61 percent) or the subregional level such as U.S. states (20 percent). With respect to
the number of countries considered, two thirds of all studies look at single-country cases, 14 percent compare data for multiple
countries, and 21 percent examine worldwide Google searches. The country receiving by far the most attention is the United States,
with 47 percent of all studies either focusing exclusively on the U.S. or including them in multi-country analyses. For comparison, the
second and third most frequently examined countries are the UK and Italy, which both appear in a bit less than nine percent of the
studies in our dataset. In 48 percent of the studies, the researchers use Google Trends data to compare search frequencies across time, in
10 percent across regions, and in 40 percent simultaneously across both region and time. In accordance with the high prominence of
the US and the UK among the examined countries, the majority of studies search for keywords in English (59 percent). The distant
second and third most frequent languages are Spanish and German, for which keywords are retrieved in eight percent and six percent
of the studies, respectively. No other language was found in more than six percent of studies. In 12 percent of studies, researchers do
not extract data for a term in a specific language but download the trends for a topic so that the data include the search volume for that
topic in all languages and with all possible spellings. Interestingly, almost half of the studies extract data either for a single keyword
only (17 percent) or for a large number of 10 or more individual keywords (29 percent). Finally, we could not find the complete

Table 1
Descriptive statistics of papers included in the systematic literature review.

Publication outlet (N ¼ 344): Broad WoS categories (N ¼ 344):a 
 Non-peer reviewed 53 (15%)  Social Sciences 211 (61%)
 Peer-reviewed 291 (85%)  Life Sciences & Biomedicine 100 (29%)

 Total 344 (100%)  Technology 59 (17%)
     Multidisciplinary Sciences 22 (6%)
Impact factor of peer-reviewed papers (N ¼ 291):  Physical Sciences 20 (6%)
 Mean (Minimum, Maximum) 3.2 (0.1, 13.1)  Arts & Humanities 5 (2%)
      
Top outlets of peer-reviewed papers (N ¼ 291): WoS subfields within the social sciences (N ¼ 211):a 
 PLoS One 18 (6%)  Business & Economics 58 (27%)
 Journal of Medical Internet Research 10 (3%)  Sociology 43 (20%)
 Journal of Affective Disorders 6 (2%)  Political Science 37 (18%)
 Social Science Quarterly 5 (2%)  Psychology 36 (17%)
 IEEE Access 4 (1%)  Communication 34 (16%)
 Journal of Public Economics 4 (1%)  Other Social Sciences 95 (45%)

Note: English-language papers using Google Trends data for applied research in the social sciences. Percentage values rounded to natural numbers.
a As each journal can be associated with up to four categories or subfields in Web of Science, the numbers add up to more than 344 (all papers) and

211 (all papers in the Social Sciences category) and 100 percent, respectively.

14 In cases of ambiguity about which construct the studies measured with Google Trends, all three authors discussed and decided together on the
final coding.
15 In cases where researchers downloaded Google Trends data for several regional or time units within the same study, we always coded the
smallest unit.
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information about these basic parameters of data collection in 24 percent of the studies in our review, which is a worrying sign for the
transparency and replicability of research conducted with Google Trends.

3.1.5. Statistical analyses researchers conduct with Google Trends data
In their statistical analysis, 70 percent of all studies combine Google Trends data with information from other sources. These other

data sources include administrative data (29 percent) such as the official number of COVID-19 cases (e.g., Ma and Ye, 2021), survey data
(21 percent) like the American Community Survey (e.g., Chae et al., 2018; Stephens-Davidowitz, 2014), and data from social media
platforms (eight percent) such as Twitter/X (e.g., Rossouw et al., 2021). Additionally, almost half of the studies (48 percent) rely on a
wide range of other sources of third-party information, chief among them, data obtained from private websites. Such third-party
websites include Wikipedia (e.g., Bail et al., 2019), Google Ads (e.g., Behnen et al., 2020), or America’s Health Rankings (e.g., Isoya
and Yamada, 2021). Regarding the role of Google Trends in the analyses, the vast majority of reviewed studies (94 percent) use Google
Trends data as one of their main data sources. That is, these studies include a variable based on Google Trends data as the dependent,
independent, or control variable in their main analysis of interest and not to merely check the validity of another data source (e.g.,

Table 2
Constructs measured with Google Trends data - Descriptions and examples.

Issue salience/Public interest Attitude Behavior

N (%) 215 (60%) 80 (22%) 86 (24%)
Description Google Trends data used as a general

measure of the population’s interest in a
specific topic or search term.

Google Trends data used as a measure of
positive or negative feelings and sentiments
towards a topic.

Google Trends data treated as an indicator
for offline behavior (factual outcomes).
Assumed to show the proportion of people
doing something offline or having the
intention to do something offline.

Typical examples Searches for “coronavirus” as public
awareness of the COVID-19 pandemic
(Hou et al., 2020).

Searches for the n-word as an indicator for
an area’s prevalence of racial animus
(Stephens-Davidowitz, 2014).

Searches for “birth control” as an indicator of
prevalence of contraceptive methods used in
society (Guendelman et al., 2020).

 Searches for “global warming” as
salience of climate change (Anderegg
and Goldsmith, 2014).

Searches for “depression” or “anxiety” as an
indicator for mental wellbeing (Banerjee,
2018).

Searches for “vote yes” and “vote no” as
indicators for voting behavior (Askitas,
2015b).

Note: N = 355 (English-language studies using Google Trends data for applied research in the social sciences). Individual papers can contain multiple
distinct studies using Google Trends data. Percentage values rounded to natural numbers. We leave out 5 studies for which we could not determine the
construct the author(s) of the paper tried to measure with Google Trends. Individual studies can be categorized in more than one construct if the
author(s) used Google Trends data to measure more than one distinct variable. For that reason, the absolute and relative frequencies can add up to
more than 355 and 100 percent, respectively.

Fig. 5. Measurement of salience, attitudes, and behavior with Google Trends over time. Note: Bar chart indicating the distribution of studies
measuring salience, attitudes, and behavior with Google (y-axis) from 2010 to 2021 (x-axis). Given that we searched the papers in late 2021, we
assigned studies with an already scheduled publication in 2022 to 2021.
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Twitter data) by comparing it to Google Trends data. In the latter cases, Google Trends data serve as an additional data source (e.g., Rill
et al., 2014; Shahzad et al., 2017). From the studies using Google Trends as one of their main data sources, around a quarter each
conducts univariate and bivariate analyses, while a bit more than half run multivariate models. In 33 percent of these multivariate
models, Google Trends is included as the dependent variable, in 40 percent as the independent variable, and in around 25 percent as
both.

In conclusion, the systematic review shows that researchers increasingly leverage the practical and methodological benefits of
Google Trends data to examine a wide variety of research topics at different regional levels, taking advantage of the immediate
availability and high frequency of the data, as well as the honesty of search queries. In the next subsection, we examine whether and

Table 3
Data collection and analysis.

A. Data collection parameters:
Time unit: Region:a 
 Minute 2 (1%)  US 170 (47%)
 Hourly 9 (3%)  UK 32 (9%)
 Daily 69 (19%)  Italy 31 (9%)
 Weekly 92 (26%)  Worldwide 75 (21%)
 Monthly 128 (36%)  Unclear 23 (6%)
 Yearly 10 (3%)    
 Unclear 50 (14%) Level of comparison: 

 Total 360 (102%)  Region 36 (10%)
     Time 171 (48%)
Regional unit:  Both region and time 143 (40%)
 City 10 (3%)  Across terms 2 (1%)
 Metro 15 (4%)  Unclear 8 (2%)

 Subregion 73 (20%)  Total 360 (101%)
 Country 218 (61%)    
 Worldwide 20 (6%) Search term language:a 
 Unclear 24 (7%)  English 211 (59%)

 Total 360 (101%)  Spanish 28 (8%)
     German 20 (6%)
     Topic 42 (12%)
Number of countries:  Unclear 17 (5%)
 1 236 (66%)    
 2 13 (4%) Number of keywords: 
 3 8 (2%)  1 61 (17%)
 4 6 (2%)  2–9 184 (51%)
 ≥5 22 (6%)  ≥10 104 (29%)
 Worldwide 75 (21%)  Unclear 11 (3%)

 Total 360 (101%)  Total 360 (100%)
       
Missing information on at least one data collection parameter: 87 (24%)
       
B. Statistical analyses:    
Combination with another data source:a Univariate, bivariate, or multivariate analysis (N ¼ 338):b

 Administrative data 105 (29%)  Univariate 74 (22%)
 Survey data 76 (21%)  Bivariate 84 (25%)
 Social media data 27 (8%)  Multivariate 179 (53%)
 Other third party data 171 (48%)  Unclear 1 (0.3%)

 Any combination with another data source 252 (70%)  Total 338 (100%)


Google Trends as (one of) the main data source: Google Trends as the dependent or independent
variable in multivariate analyses (N ¼ 179):c



 Main data source 338 (94%)  Dependent 59 (33%)
 Additional data source 22 (6%)  Independent 72 (40%)

 Total 360 (100%)  Independent & dependent 44 (25%)
     Does not applyd 4 (2%)

     Total 179 (100%)

Note: Descriptive statistics of studies included in the systematic literature review.
N = 360 (English-language studies using Google Trends data for applied research in the social sciences) if not indicated differently in the table note.
Individual papers can contain multiple distinct studies using Google Trends data. Percentage values rounded to natural numbers.
a Each study could be assigned to more than one category.
b Variable only coded if Google Trends is used as (one of) the main data sources (N = 338).
c Variable only coded for multivariate analyses (N = 179).
d In these papers, another multivariate analysis was applied such as exploratory factor analysis.
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how well researchers acknowledge and address the associated methodological challenges of internal validity, reliability, and gener-
alizability, which are the necessary conditions for deriving meaningful conclusions from the obtained results.

3.2. How does the existing research treat the methodological challenges of Google Trends data?

3.2.1. Challenge 1: Do researchers check the internal validity of their Google Trends measure?
Downloading data from Google Trends is simple, but knowing what the data actually tell us is difficult. To systematically document

and assess authors’ efforts to choose appropriate search terms and verify that their selected keywords actually reflect what they want to
measure, we code two separate aspects for each study in our review: (1) Did authors justify their choice of keywords ex ante? And (2),
did authors check the validity of the selected keywords in any statistical way ex post? The upper half of Table 4 reports the results for
these two categories of construct validity. The findings show a bleak picture of the state of the literature. Despite the importance of
keyword selection, only 58 percent of included studies provide any reasoning (independent of the quality of that reasoning) for why
the authors chose these keywords and why they think these keywords reflect their construct of interest. Maybe even more alarming,
only a third (35 percent) conducted any checks for internal validity in the attempt to support their keyword selection and verify that
their keywords actually measure the intended theoretical construct. Thus, almost two thirds fail to validate their selected terms at all,
potentially severely restricting the meaningfulness of the obtained results. Thus, a large number of studies implicitly require the
readers to simply trust the presented measurement and derived conclusions.

Looking more closely at the strategies the authors used to justify their keyword selection, the single most frequent explanation in
our review is the popularity of the keyword (16 percent of all studies). In this approach, researchers tested several potential keywords
and decided for the most popular search term with the highest search frequency and the lowest number of values of 0. In second place,
14 percent of the studies adopted the operationalization from previous studies by selecting the same search terms other researchers had
used to measure the same construct with Google Trends. Another popular way to find inspiration for keywords is to make use of the
‘related searches’ feature provided by Google Trends (10 percent). Few studies based their decision on theoretical considerations or
items in existing surveys (seven and two percent, respectively). The lion’s share of explanations, however, consists of a large variety of
types of qualitative reasoning (39 percent). For instance, Barnes et al. (2015) rely on thesaurus.com to search for synonymous key-
words. Baram-Tsabari and Segev (2015) argue that they decided for Nobel laureates’ names to study their global prominence as the
authors assume that the names are written the same in every language. In other studies, the authors simply stated that they deemed the
selected keywords relevant for their construct of interest (e.g., Barros et al., 2019).

In regards to the type of validity check conducted, 21 percent of all studies compare the results coming from Google Trends with
measurements of the same phenomenon or theoretical construct from another data source (criterion validity).16 Mellon (2013, 2014),
for instance, tests several Google Trends indicators for the salience of certain topics against responses to a Gallup survey question about
the most important problem the country currently faces. To this end, the author correlates the time series from Google Trends with the
repeated cross-sectional survey data using OLS regressions after checking for time series stationarity and seasonality and determining
validity based on the regression coefficient’s significance and the model’s overall R2. Another eight percent of the studies in our review
simply deem their search terms as valid, for instance, by looking at what else individuals googled when searching for their selected
keyword. Seven percent of the studies compare the Google Trends measurements with indicators from another data source for a
different (social) phenomenon that is thought to be theoretically related to the Google Trends construct of interest (another form of
criterion validity). One example here is Hamamura and Chan (2018), who examine whether Google Trends data can be used to
measure anxiety levels within the Japanese population. The authors apply a regression discontinuity design by comparing
anxiety-related searches before and after an earthquake and use the resulting effect size and significance of the discontinuity variable
as an indicator for validity. Finally, two percent of the studies check the selected keywords’ discriminant validity, for instance, by
testing whether their correlations with an external benchmark are stronger than the correlations of a set of random keywords with that
same benchmark (e.g., Lorenz et al., 2022). Eight percent conduct other validity checks.

Unfortunately, we do not see any trend of improvement over the years and across constructs. The proportion of studies providing
any reasoning for their keyword selection stays relatively stable over time while the number of studies conducting validity checks even
declines over the years. Whereas 44 percent of studies checked the internal validity of their keywords in 2014, only 33 percent did so in
2021. Likewise, we cannot attribute this lack of reasoning for keyword selection and validity checks solely to the subgroup of studies
that aim to measure issue salience. In this group of studies, indeed only 47 percent explain their decision for specific keywords and as
few as 22 percent conduct any validity check. However, we also only find any reasoning for keyword selection in 75 and 68 percent of
studies measuring attitudes and behaviors, respectively, and validity checks in about half of the studies examining one of these two
constructs. These findings show that there is much room for improvement across all constructs of interest.

3.2.2. Challenge 2: Do researchers ensure that their measures are reliable?
For reliability, the picture that emerges from our systematic literature review is even more troubling (see lower left corner of

Table 4).17 Only 26 studies, or seven percent of our database, try to account for potential instability of their Google Trends sample by
downloading several samples and, for example, taking their average for the analyses (e.g., Adamczyk et al., 2021; DiBartolomeo et al.,

16 Note that researchers can conduct more than one validity check in a study.
17 As researchers have no influence on, for instance, any changes of Google’s search algorithm or the way Google calculates the RSI, we focus on
what researchers can do here, namely, somehow account for the variance of the samples drawn from Google Trends.
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2021; Lui et al., 2011; Medeiros and Pires, 2021). More specifically, nine studies retrieve less than seven samples, 11 studies download
seven and more samples, and six studies use multiple samples but do not state the exact number. The large majority, however, does not
consider the issue of reliability at all. The only bright spot is an improvement over time: In the earlier years, not a single study checked
the stability of its sample. This changed in 2014, when Anderegg and Goldsmith (2014) were the first to do so by collecting several
samples on the same parameters within one month. In 2020 and 2021, we already observe nine and 10 studies, respectively, that
examine the stability of their sample. This increase constitutes a statistically significant rise compared to the period up to 2019 (p-value
<0.01).18 Overall, however, research using Google Trends still shows large deficits when it comes to ensuring the stability of the
samples used.

3.2.3. Challenge 3: Do researchers consider the (lacking) generalizability of their data?
Regarding issues of generalizability of Google Trends data, the situation is slightly better than for reliability, but still highly

concerning. As can be seen in the lower right corner of Table 4, only 77 studies or 21 percent of our database talk about the external
validity of their Google Trends data (or lack thereof) at all.19 Out of these 77 studies, only 55 (15 percent of all studies considered)
acknowledge that their results may not extrapolate to the general population due to the characteristics of Google’s user base. The other
22 studies, however, state that they see the Internet search data as generalizable without any further concerns. Similarly to what we
found for the issue of keyword validation, we also do not observe a clear positive trend with respect to generalizability over the years.

3.2.4. Overall assessment of how the literature deals with the methodological challenges
Fig. 6 sums up the findings of our systematic review with respect to the specific challenges of using Google Trends data. Many

studies do not provide any reasoning for why they selected specific keywords, do not conduct any checks on whether these keywords
actually measure what they are supposed to measure (internal validity), rarely ever undertake steps to ensure that their samples are
stable (reliability), and do not discuss the generalizability of their data. More specifically, only 208 studies (58%) explain their
keyword selection reasoning, 125 (35%) check the validity of these keywords, 26 (7%) retrieve several samples to check their sample
reliability, and 55 (15%) studies see Google Trends’ generalizability as an issue of the data.20 Overall, of the 360 studies in our review,
only four (!) pay attention to all methodological challenges presented (Connor et al., 2019; Kalmoe, 2017; Knipe et al., 2020; Lee,
2020). We also do not have much reason to assume that this situation will improve by itself: Although slightly more studies explain
their keyword selection and account for the stability of their sample over time, we do not see such a trend for keyword validation and
considerations around the generalizability of the data.

Table 4
How researchers deal with the methodological challenges of Google Trends data.

A. Construct validity:    
Reasoning:a Validity checks:a

 GT ‘related searches’ function 36 (10%)  On the same construct 77 (21%)
 Popularity of the keyword 59 (16%)  On another construct 25 (7%)
 Theoretical considerations 25 (7%)  Face validity 30 (8%)
 Survey items 6 (2%)  Discriminant validity 8 (2%)
 Previous literature’s GT keywords 52 (14%)  Other validity check 29 (8%)

 Other reasoning 140 (39%)  Any validity check 125 (35%)

 Any reasoning 208 (58%)    

B. Reliability: C. Generalizability:
Sample stability checks:  Considerations of generalizability:  
 Fewer than seven samples 9 (3%)  Representativeness mentioned 77 (21%)
 Seven samples or more 11 (3%)  Representativeness explicitly not seen

as a concern
22 (6%)

 Multiple samples, but exact number
unclear

6 (2%)  Representativeness seen as a problem 55 (15%)

 Any sample stability check 26 (7%)    

Note: Descriptive statistics of studies included in the systematic literature review.
N = 360 (English-language studies using Google Trends data for applied research in the social sciences). Individual papers can contain multiple
distinct studies using Google Trends data. Percentage values rounded to natural numbers.
a Each study could be assigned to more than one category.

18 To check for time trends on how studies dealt with the identified methodological challenges, we conducted two-sided t-tests comparing studies
published up to 2019 with those appearing in 2020/21. With the exception of sample stability, we do not find any statistically significant differences
on the 5 percent level (see also Online Appendix C).
19 Specifically, we checked whether studies mention the terms “represent*“, “generaliz*“, “self-select”, “select*“, “external validity,” and

“coverage” in the proper context.
20 Readers interested in seeing which studies accounted for the challenges in what way can find more information in our data set provided in the
Online Supplemental Material on OSF.
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Interestingly, we also do not find any significant differences in dealing with these methodological issues between peer-reviewed
and non-peer-reviewed studies in our data set (see Online Appendix C for details), which suggests that reviewers and editors may
not be deeply familiar with Google Trends data and its features and pitfalls.

The four studies that do account for all the identified challenges of Google Trends, however, show that it is possible to do both:
advance social science research on a wide range of topics by making use of the data source’s benefits while also exhibiting method-
ological rigor. For the field of political communication, Kalmoe (2017) finds evidence on the impact of high-profile events on public
news attention at the example of drone strikes. Coming from psychology, Connor et al. (2019) shed more light on a long contested
research field as they find only a small association between income inequality and racial animus within a state. In the field of Life
Sciences and Biomedicine, Google Trends shows particular relevance paired with methodological rigor by being able to track the
public’s mental health concerns. Here, Knipe et al. (2020) examine the impact of the COVID-19 pandemic and the subsequent public
health measures on the public’s mental health and financial worries as expressed in their Google searches. Similarly, Lee (2020) makes
use of search queries to predict suicide rates potentially advancing suicide prevention. These four studies are the glaring exception in
the overall picture of the studies examined in the review. It is therefore high time for a comprehensive debate about rigorous standards
for using Google Trends data in the social sciences.

4. How to use Google Trends data better for research: Practical recommendations

Table 5 presents a first suggestion for such standards, presented as a list of practical aspects researchers should consider when
working with Google Trends data and our recommendations on how they can account for these aspects. The recommendations are
derived from our assessment of the challenges of Google Trends data, the findings of our systematic literature review, and previous
methodological work on the use of the search volume data, for example, by Behnen et al. (2020), Nuti et al. (2014), and Ste-
phens-Davidowitz and Varian (2015). Table 5 also includes Nuti et al.’s (2014) guidelines to ensure the replicability of results based on
Google Trends data. Furthermore, we highlight papers that provide examples of how to address issues of keyword selection, internal
validity, reliability, and generalizability.21

Before we dive into the details, however, a final note of caution: Even if researchers follow all the recommendations as presented in
this chapter, they still need to be careful when their aim is to draw causal conclusions. In this case, researchers need to implement an
appropriate identification strategy that allows for causal inference and we would like to refer interested researchers to the work by
Angrist and Pischke (2009), Antonakis et al. (2010, 2014), and Wooldridge (2010) at this point.

Fig. 6. Number of studies considering the challenges. Note: Bar chart indicating the distribution of studies that consider a specific challenge, namely
providing reasoning for the selected search terms, checking whether the Google Trends measure is a valid measure of the construct of interest,
ensuring the reliability of the retrieved data from multiple samples, and considering the potentially lacking generalizability of the data.

21 In our recommendations, we focus on how researchers can deal with the methodological peculiarities of Google Trends to ensure that their
measures are transparent, replicable, reproducible, and valid. Researchers interested in a step-by-step introduction on the basics of how to download
data from the Google Trends website should consult the instructions on the use of Google Trends provided by the Google News Initiative (2024c).
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4.1. Getting started: Make sure that your research using Google Trends is replicable, reproducible, and transparent!

Scientists need to ensure that consumers of their work can understand their decisions, replicate their results, and scrutinize their
conclusions. To make the data collection transparent and replicable, researchers should retrieve their Google Trends samples using a
statistical software package such as pytrends for Python (DeWilde and Hogue, 2022) or gtrendsR for R (Massicotte and Eddelbuettel,
2022) and provide the code instead of manually downloading the data from the Google Trends website. In particular, researchers need
to provide information on when and where they retrieved their sample(s), for which categories, time range(s), and time unit(s), and for
which region(s) and regional unit(s) (see also Nuti et al., 2014). They should further present details on the keyword or topic selection
process by clearly stating which keywords or topics they retrieved, in which language and ‘category’ from Google Trends (e.g., “All
categories” or “Food and Drink”), whether and how they combined several keywords, and why they chose these specific keywords or
topics. We strongly encourage researchers to select keywords instead of topics as it is unknown how and based on which searches
Google combines the search volume of different terms into the RSI for topics as well as whether the aggregation method has changed
over time. As there are multiple options for specifying keywords, researchers should also report their full search string in detail (Nuti
et al., 2014). This way, decisions become fully transparent with respect to either using quotation marks to restrict the results to exact
search phrases or including every search that contains the keywords in any order. Likewise, researchers need to indicate the use of
options like plus and minus signs to include or exclude specific terms from the search string (Google News Initiative, 2024a,b;

Table 5
Checklist - Recommendations on using Google Trends for research.

Topic Recommendation Potential values/examples

Replicability and
reproducibility

Access date(s) Provide the date(s) of last accessing Google Trends
and downloading the sample(s) (Nuti et al., 2014).

Day, month, year

Location(s) of
access

State the location(s) from where Google Trends data
have been accessed. If you used a VPN connection,
state that, too.

City, country; VPN-connection to City, country

Time period State the precise time frame(s) for which you
retrieved the data (Nuti et al., 2014).

Day, month, year

Time unit State the time unit for which you retrieved the data. Every minute, hourly, daily, monthly, yearly
Region State the country or region for which you retrieved

the data.
Name of the country or region; worldwide

Regional unit State for which regional unit/level you retrieved the
data.

City, media market level, subregion, country,
worldwide

Query category State whether you downloaded the sample for your
keyword searched for across all categories or whether
you restricted your download to specific categories (
Nuti et al., 2014).

“All query categories were used” (Nuti et al., 2014:45);
Specific category name (e.g., News).

Full search input State the full search input (all keywords or topics and
their combinations, use of quotation marks, minus or
plus signs) (Nuti et al., 2014).

“term 1 + term 2 - term 3″

Data and code
dissemination

Make the retrieved data and code publicly available. FAIR principles (Wilkinson et al., 2016).

Challenges Internal validity  
Rationale for
keyword selection

Provide the reasoning behind your choice of keywords
or topics. Per default, use keywords instead of topics.

Keyword selection based on theoretical considerations
on the latent construct of interest; based on the
operationalization and validation of previous studies
using Google Trends to measure the same construct.

Construct State the theoretical (latent) construct you want to
measure with Google Trends.

Salience, attitude, or behavior.

Validity check Check the validity of your construct (Mellon, 2013,
2014).

Using another data source to compare Google Trends
data to, such as survey or administrative data; checking
the search terms’ discriminant validity via a comparison
with a set of random keywords.

Reliability Download samples from Google Trends several days
in a row for the exact same parameters and compare
the time series you retrieve. Seriously reconsider
using Google Trends as a data source for your research
application if the samples largely differ between
download times. If the samples differ only slightly
from each other, take the average of the retrieved
samples and provide information on the magnitude of
variation among the samples (Behnen et al., 2020;
Mavragani and Ochoa, 2019; Medeiros and Pires,
2021).

Samples downloaded on 20 consecutive days and use of
average values from the samples for further analyses.
Confidence intervals have been calculated using
bootstrapping.

Generalizability Consider for whom your data might be generalizable
(see e.g., Schober et al., 2016).

Google Trends data only generalizable to searches of
Google users in the specific region and at the time of
interest.
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Stephens-Davidowitz and Varian, 2015).
Finally, as for all data sources, researchers should adhere to the FAIR (Findable, Accessible, Interoperable, Reusable) principles in

their management and dissemination of Google Trends data to make their analyses reproducible (for a detailed overview on how to
apply the FAIR principles, see Wilkinson et al., 2016). As Google Trends is operated by a private company and given the data source’s
reliability issues, researchers cannot simply trust that the service will continue to provide the data in the same way in the future. It is
thus ever more important that researchers make the information on their data collection parameters publicly available together with
their retrieved data in an easily findable, accessible, interoperable, and reusable format.

4.2. Refine the data appropriately for the planned analysis!

Google Trends data come in a specific structure and with several technical limitations. Depending on their intended analysis,
researchers may therefore need to employ a particular strategy to circumvent problems of values of 0, to compare more than five search
terms at the same time, or to rescale and refine the data downloaded from Google Trends. In this section, we list suggestions from the
literature that appear plausible to us on how to deal with these issues that may arise in the data collection process with Google Trends.
Note, however, that these approaches have not been thoroughly examined so far, which means that we know only little about their
potential impact on the results. It is therefore even more important that researchers are transparent about what they do, why they do it,
and how that may affect their findings.

(1) Analysis of data with values of 0: One problem researchers might face in their data collection process is samples with many values
of 0, as Google assigns a 0 to data points that have low search volumes below a specific, unknown threshold. In this case, researchers
can either choose another search term or try to circumvent the problem with an approach suggested by Stephens-Davidowitz (2014)
and refined by DiGrazia (2015). They propose to combine the search terms of interest with a benchmark word such as ‘noodle’ or
‘weather’. The benchmark term should have relatively consistent search frequencies over time andmeet the minimum search threshold
throughout the whole observation period. Researchers should download the data for a search string with just the benchmark term and
another time series for the combined search term of interest and the benchmark term using the “+” sign. The difference between the
combined time series and the one just for the benchmark term approximates the time series for the search term of interest without
values of 0 (see DiGrazia, 2015 for the details of this method, including the necessary intermediate steps and final adjustments).22

(2) Analysis of more than five search terms: When researchers want to simultaneously compare the search trends of more than the five
terms allowed by Google Trends, they need to extract multiple separate data sets (e.g., for eight keywords at least two) and combine
them. Because Google Trends scales the RSI values of each data set relative to the search term with the highest frequency within the
data set, the results are not directly comparable across data sets. To bring them on a common scale, one can retrieve the trends on all
terms of interest in comparison to a control term (e.g., two data sets including four keywords of interest each and the same benchmark;
see Fowle, 2020). Importantly, this control term should not only have a stable trend but also greater popularity than any of the terms of
interest so that the maximumwithin each data set gets assigned to the control term. In that case, the values of all terms of interest now
share the same relative scale and are comparable.23

(3) Analysis of high frequency data over longer periods of time: Google Trends also limits the availability of high frequency data to
certain maximum time periods (e.g., daily data for up to around nine months). If the goal is to retrieve higher frequency data for a
longer time span than Google Trends currently allows, researchers can implement the approach proposed by Caporin and Poli (2017).
The authors use two sets of time series data as starting points: the disjoint one-month time series with the daily RSI values they want to
combine (e.g., one data set for each calendar month of 2022) and the single time series covering the complete time frame of interest
with monthly RSI data (in our example, the 12 monthly values for 2022). Next, researchers need to follow a three-step procedure: First,
calculate the daily share of searches within each month. Second, weight them by the RSI value of the respective month within the
whole observation period. Third, normalize the resulting data points by dividing each data point by the highest overall value and
multiplying themwith 100. The calculated values represent a daily time series comparable across the complete observation window (e.
g., the 365 days of 2022) with onemaximum as the reference point on the typical scale from 0 to 100. For a more detailed description of
this approach, we refer interested readers to the original paper by Caporin and Poli (2017) where the authors provide easy to follow
step-by-step instructions. Similarly, researchers can expand data at the minute, hour, or week level beyond the limits Google Trends
sets per default.

Specifically for daily data, Eichenauer et al. (2022) provide the trendecon package in R that offers researchers an easy alternative to
retrieve consistent daily time series from weekly and monthly Google Trends data by applying a disaggregation routine. Korab (2022)
presents a step-by-step example on how to use this package.

(4) Analysis of panel data: As another limitation, Google Trends does not offer a full-fledged panel option that allows researchers to
directly compare search frequencies across both time and regions. Researchers interested in panel analysis therefore again need to
extract and match different data sets with different relative scales, in this case, regional and time series data. To do so, researchers can
use the same approach as suggested for high frequency time series (see Caporin and Poli, 2017), just with different inputs: on the one
hand, separate data sets for each individual region for the same time period (e.g., each U.S. state from 2010 to 2020), and on the other
hand, a single data set comparing the average search intensities across regions over the time period under consideration (e.g., regional

22 However, at the time of submission, the feature to use the plus sign as a Boolean “OR” in a query does not seem to work. This approach to deal
with values of 0 is therefore at least temporarily not possible.
23 To facilitate the implementation of this approach, Fowle (2020) provides the Python code used in her article.
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comparison data for the U.S. also from 2010 to 2020).
Another option to build panel data is the spatio-temporal approach presented in Memon et al. (2020). This method additionally

takes differences across regions in the distribution and growth of population and Internet access into account. As this information is
often not available, though, its applicability is limited to special circumstances.

If the aim of the examination is more targeted towards relative changes of search volume rather than overall highest search fre-
quencies, researchers could apply the approach used by Algan et al. (2016, 2019). Here, each regional value is normalized to have a
mean of zero and a standard deviation of one.

4.3. Provide the reasoning for your keyword selection!

In line with a replicable description of the data collection and refinement process, researchers need to be clear about what
theoretical construct their Google Trends indicator is supposed to measure and based on which criteria they selected their keywords.
Additionally, researchers should provide information on whether they checked for and why they discarded other possible keywords
along the way.

As the existing research has not yet systematically evaluated the quality of the various approaches of keyword selection, there is no
general consensus on how to best select search terms for a specific research purpose. To us, a good starting point is to generate a list of
potential keywords from various sources including previous literature, relevant theories, websites on the topic, the online thesaurus
(www.thesaurus.com), the website Semantic Link (www.semantic-link.com), qualitative interviews, or Google services such as Google
Correlate, Google’s search recommendations, and the ‘related searches’ feature (see, for example, Askitas, 2015a; Böhme et al., 2020;
El Ouadghiri et al., 2021; Owen and Wei, 2021; Wilde et al., 2020). In a second step, one can narrow this list of keyword candidates by
using appropriate external information. Banerjee (2018) and Moshontz et al. (2019), for instance, conduct surveys asking respondents
which keyword(s) on the list they would insert into Google if they had a specific search interest. If researchers want to do international
comparisons and need to obtain equivalent keywords for different languages in a transparent and replicable manner, a good way is to
use a common and accessible translation software that includes all these languages (Lin et al., 2020).

4.4. Ensure that your Google Trends indicator validly measures the construct of interest!

After having carefully selected their keywords, researchers need to test whether the chosen terms actually reflect their construct of
interest. If researchers aim at measuring society’s interest in a topic, the theoretical link between searching for a specific keyword and
the measured construct is rather direct and plausible. As the motivation behind a query is unknown, that connection is much more
questionable and needs more credible validation if we want to interpret the action of searching for a keyword as the intent to behave or
holding an attitude.

To validate their keywords, researchers should compare the search data to an indicator for the same or a related phenomenon
coming from an external data source. Probably the most systematic approach using survey data is a step-by-step procedure originally
proposed byMellon (2013, 2014). In this approach, researchers manually check whether the chosen term corresponds with the concept
of interest by looking at Google’s top related searches associated with the keyword test. Keywords that pass this test for content validity
are then used to predict the survey measure in an out-of-sample data (having accounted for issues of time series data including sea-
sonality and non-stationarity). If they do so reasonably well,24 they are considered valid keywords. Arguably, validation against survey
data has its limitations for sensitive behaviors and attitudes, as we cannot know whether observed differences between the Google
Trends measure and the external indicator stem from actual differences or social desirability and other forms of measurement error in
the survey (Stephens-Davidowitz, 2014).

As an alternative to survey data, researchers can also compare their Google Trends measure to indicators from other external
sources. For issue salience, such an external validation source could be media coverage (e.g., Adam-Troian et al., 2022; Ripberger,
2011; Scharkow and Vogelgesang, 2011; Yeung, 2019). For the validation of Google Trends as an indicator of behavior, the most direct
way is to predict the offline behavior of interest, for instance, suicide attempts and migration decisions (e.g., Avramescu and
Wísniowski, 2021; Chai et al., 2021; Fantazzini, 2014; Lee et al., 2016; McCarthy, 2010; Nakamura and Suzuki, 2021). Likewise,
researchers might use external behavioral data to validate Google Trends measures for attitudes if they can make a strong theoretical
argument for that relationship.

As a robustness check, researchers can additionally determine discriminant validity by comparing the correlations of their key-
words of interest with the external data to the correlations of a set of random keywords with the same external data. To be deemed
valid, the selected keywords should show stronger correlations with the external benchmark data than the random keywords. This
approach helps to assess the chance of spurious correlations (see, for example, Yeung, 2019).

Once a search term is validated to measure a certain construct with one or several of the suggested approaches, researchers can
continue to use the indicator also at the more fine-grained temporal and geographical units than the initial comparison data.

24 Mellon (2013, 2014) uses the significance of regression coefficients and the regressions’ R2 to determine a keyword’s validity. There are
currently no general standards, however, that specify at what threshold a keyword can be considered valid. At the least, researchers should thus set
the threshold used in their validation approach before conducting the analysis and make their chosen threshold transparent.
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4.5. Account for potentially low reliability of your data!

Previous work has shown that both single values and time trends of Google Trends samples retrieved for the same parameters but at
different points in time can vary substantively (Behnen et al., 2020; Mavragani and Ochoa, 2019). To increase the stability of Google
Trends data, we follow the lead of several authors and recommend retrieving multiple samples for keywords with high search volume
on different days and averaging the search frequencies of the individual samples (see Behnen et al., 2020; Eichenauer et al., 2022;
Mavragani and Ochoa, 2019; Stephens-Davidowitz and Varian, 2015; and a particularly diligent application with 28 different samples
for the same time range and search terms by Medeiros and Pires, 2021). The mean value of samples downloaded at multiple points in
time may still contain some error, but the more samples are drawn, the more likely their mean approximates the true population value.
As every sample retrieved fromGoogle Trends comes with sampling variation to some extent, however, researchers should not only use
the average value of their samples but also indicate the dispersion around this mean value, for example, by calculating confidence
intervals via bootstrapping. And if the values differ strongly between samples or even trend in opposite directions, researchers should
seriously reconsider using Google Trends as a data source at all.

Finally, researchers need to pay attention to any changes in Google’s algorithm that might have occurred during their observation
window. We recommend, for instance, to be particularly careful when comparing search trends before and after 2008 as Google
introduced the “recommended searches” feature in 2008.

4.6. Be aware of the (lack of) generalizability of your data!

Researchers need to be aware that the user base of Google does not represent the general population, most likely not even the
population of all Internet users. In addition, Google Trends only provides aggregate instead of individual data, which makes it
impossible to control for and weigh the samples based on individual-level characteristics. Nevertheless, big data sources can have topic
coverage instead of population coverage if the trends depicted in the search frequencies represent the salient topics in a society at a
specific point in time (Schober et al., 2016). Researchers thus need to decide from case to case whether Google Trends data can be used
to draw conclusions about the general population. However, we advise against using Google Trends to infer point estimates for regions
with low overall Internet penetration rates or a small market share of Google. Due to the change of Google’s user base over time, we
also recommend being cautious with the interpretation of long-term trends in the search index (see also Stephens-Davidowitz and
Varian, 2015).

5. Conclusions

In this paper, we presented the benefits and challenges of using Google Trends data for scientific work and critically assessed how
the existing literature in the social sciences deals with the identified challenges. Google Trends provides immediate and free access to
honest data on a wide range of topics across regions worldwide going back to 2004. The tool thus has the potential to complement
traditional data sources like surveys and administrative records. However, Google Trends also comes with severe limitations. First,
aggregated Internet search data do not tell us anything about the intent behind an individual query. Researchers therefore cannot
easily determine what the search for a specific keyword can actually tell us beyond mere interest in a topic. Second, the values from
Google Trends are based on a sample of Google searches. The resulting sample instability raises severe concerns about the reliability of
Google Trends data for research, especially regarding keywords with overall low search volumes, for countries with low Internet
penetration rates, and for small regions. Third, results from Google Trends might not be generalizable as not everyone has access to and
uses the Internet, and not every Internet user relies on Google to search for information online. Results based on the frequencies of
Google enquiries may therefore not extrapolate to other groups of individuals. In summary, researchers need to carefully weigh the
benefits and challenges of using Google Trends data for each specific project.

To document and critically assess the usage of Google Trends data in the social sciences, we conducted a systematic review of the
existing literature up until the end of 2021. Our results show a large increase in the use of Google Trends for research purposes over the
past decade. The reviewed studies take advantage of the different benefits of Google Trends data to examine a large variety of topics,
geographical regions, and time periods. The large majority, however, fails to adequately account for or at least acknowledge the
methodological challenges inherent to Google Trends data. In total, only four out of the 360 studies examined (just 1.1 percent of our
database!) deal with all of the issues discussed above in a satisfactory way.

Given the sobering findings of our systematic review, we call for the discipline to take a step back and try to improve the work with
Google Trends data in three directions. First, before using Google Trends to answer substantive research questions, researchers should
focus on laying the methodological groundwork to assess under what circumstances Google Trends provides reliable and valid
measures. For instance, a systematic evaluation of the different ways of selecting and validating keywords as an indicator for attitudes
would be a great step forward in this respect. We also need more systematic research on how different factors affect the reliability of
Google Trends measures, including potential inconsistencies of samples depending on the location of data retrieval and how many
samples are necessary to obtain stable mean search frequencies. Finally, researchers need to develop strict quality standards for future
applications.25

25 Another important step in this direction would be more transparency from Google Trends itself on the way the search enquiries are stored and
the sampling algorithm used for the Trends tool.
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Second, applied researchers should only consider Google Trends as a data source for their work if they are confident that they can
satisfactorily address all the challenges presented in this paper (see our checklist in Table 5) and comply with further emerging quality
standards. Researchers need to carefully select and validate their keywords of choice, especially when measuring attitudes and
behavior. They should retrieve Google Trends data across multiple days and average the results to account for instability in samples.
Finally, they have to consider the generalizability of Google search data in the interpretation of their findings. When following the
recommendations presented in this paper, measuring issue salience may be possible if the specific conditions of stable and general-
izable samples are met. Even then, we are still concerned about the valid measurement of behavior and especially attitudes with
Internet search data.

Third, journals should support and enforce this direction by looking more closely at how authors deal with the identified challenges
when they assess the quality of submitted papers working with Google Trends data. The recommendations put forth in this paper may
serve as a helpful tool for researchers, editors, and reviewers along this way.
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