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Abstract  

 

Interest in using internet search data, such as that from the Google Health Trends Application 

Programming Interface (GHT-API), to measure epidemiologically relevant exposures or health 

outcomes is growing due to their accessibility and timeliness. Researchers input search term(s), 

geography and time period, and the GHT-API returns a scaled probability of that search term, 

given all searches within the specified geo-time period. In this study, we detail a method for 

using these data to measure a construct of interest in five iterative steps: first, identify phrases the 

target population may use to search for the construct of interest; second, refine candidate search 

phrases with incognito Google searches to improve sensitivity and specificity; third, craft the 

GHT-API search term(s) by combining the refined phrases; fourth, test search volume and 

choose geographic and temporal scales; and fifth, retrieve and average multiple samples to 

stabilize estimates and address missingness. An optional sixth step involves accounting for 

changes in total search volume by normalizing. We present a case study examining weekly state-

level child abuse searches in the United States during the COVID-19 pandemic (January 2018-

August 2020) as an application of this method and describe limitations. 

 

Introduction 

 

There is growing interest in using internet search data to characterize epidemiological patterns of 

exposure and disease because they are accessible, free, and near-real-time. The Google Health 

Trends Application Programming Interface (GHT-API) is one source of such data. To access 

these data, after obtaining an API key (1), researchers specify the search term(s), geographic 

region, and time period of interest, and the GHT-API returns an estimated scaled probability of 

the search term(s) given a random sample of all Google searches within the specified geo-time 
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period. Google searches, which can be accessed through either the GHT-API or a separate, 

publicly available Google Trends website (GT) (2) (or its associated GT API) have been used to 

measure variables that are difficult to capture via traditional data sources, such as abuse (3–5), 

racism (6), and public sentiment around drinking water contamination and birth control (7, 8). 

These data can also be used to examine trends when real-time data are beneficial, such as during 

influenza seasons (9–11).  

 

The GHT-API is distinct from GT (2) and less cited in academic research — PubMed returned 

only 5 results for “Google Health Trends” compared to 780 results for “Google Trends”. While 

both extract a random sample of all Google searches and allow comparisons of multiple search 

terms over geographic-temporal periods, their outputs differ (12). GT rank-orders search 

volumes within the specified geo-time period and returns a search volume indexed between 0 

and 100 representing the relative popularity of the search term(s) (13); GHT-API returns the 

probability of the specified search terms, based on a random sample of all Google searches in the 

specified geo-time period, scaled by 10 million for readability (2020 Google Health Trends API 

Getting Started Guide [unpublished document provided with API key]). Note that Google does 

not disclose the total number of searches used to calculate this probability, and thus returned 

results can only be interpreted as relative volume with an unknown denominator. The GHT-API 

has advantages over the GT since values are not scaled to the highest result, permitting 

comparison of search data extracted across different points in time. In order to compare trends 

over time using the GT, the entire time period of interest needs to be extracted at once so that the 

scaling doesn’t change. In contrast, the GHT-API allows you to compare trends across different 

time periods, regardless of the time interval for which the data was extracted. This is useful for 

expanding the time period of interest at later points.  
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There is little formal guidance about how to craft a GHT-API search strategy to accurately 

measure a construct of interest (12,14–17). Searches that are too broad can yield high search 

volumes, but may capture many searches that are less relevant. Searches that are too narrow 

might be highly specific but result in missing values because the GHT-API suppresses data when 

the number of searches is below an undocumented threshold. Additionally, sampling variation 

needs to be considered as the GHT-API estimates probabilities from a random sample that is 

updated once per day (2020 Google Health Trends API Getting Started Guide [unpublished 

document provided with API key]).  

 

The objective of this paper is to describe best practices when using the GHT-API to measure a 

construct of interest, using a motivating case study. 

 

Case Study  

 

This manuscript builds on previous work by our team (18). In that study, we examined child 

abuse and neglect during the COVID-19 pandemic. Typically, abuse and neglect incidences are 

assessed locally through Child Protection Services data or nationally via the National Child 

Abuse and Neglect Data System. However, both datasets may be influenced by factors affected 

by the pandemic, including: opportunities for children to interact with mandated reporters (e.g., 

through schools); adequate budget for the child protection workforce; circumstances that allow 

child protection workers to thoroughly investigate reports (e.g., via in-home visits); and timely 

release of data. Pandemic-related school closures, recession-related budget and workforce cuts, 

and social distancing mandates that limit in-home visits may converge to reduce the number of 

child abuse and neglect cases detected through child welfare services during the pandemic, even 
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if incidence of abuse and neglect increased. We therefore investigated GHT-API as an alternate 

data source that may not be subject to these concerns. 

 

Methods  

 

To measure a construct of interest using GHT-API data, we recommend using the following 

iterative search strategy approach (Figure 1). 

 

Step 1: Identify how Google users search for the construct of interest 

 

The first step is to ascertain how target internet users might describe the construct of interest in 

their Google searches and generate a comprehensive list of potential search phrases. A literature 

search and expert opinions may be useful approaches for identifying relevant search phrases.  

 

Case Study Application: 

To determine how children might describe abuse and neglect in their searches, we 

performed a qualitative literature search and reviewed validated survey instruments (19, 

20) to identify first-hand descriptions of abuse and neglect. 

 

Next, we generated a list of specific verbs used to describe physical, emotional, and 

sexual abuse as well as neglect (e.g., 'hit', 'threaten', ‘molest’, ‘left alone’), and identified 

the most common and relevant abuse perpetrators. We then created a series of abuse 

phrases we thought were likely to be searched by children using the general format of 

‘[perpetrator] + [verb] + [victim]’ (e.g., 'mom hit me', 'dad threatened me', 'mom’s 

boyfriend molested me'). We opted for broader searches such as ‘mom hit me’ rather than 
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more specific searches like ‘mom hit me in the face’ to try to capture as many cases of 

abuse and neglect as possible. Since returned GHT-API results include searches that 

contain all words specified in each phrase in addition to other words (see Web Appendix 

1 for details), the results for the former phrase will encapsulate the latter, more specific 

phrase. We also included the term ‘child abuse hotline’ to capture searches from those 

looking to report or find child abuse resources. 

 

Step 2: Use incognito searches to improve sensitivity and specificity 

 

After enumerating a comprehensive list of phrases related to the construct of interest, the second 

step is to refine this list so that phrases are broad enough to encompass the intended construct but 

narrow enough to limit the number of false positives. It is up to the researcher to determine what 

level of specificity is desired, the degree to which false positives will impact interpretability, and 

ultimately which search phrases capture the construct they intend to measure based on context 

expertise and existing literature. One way to do this is to perform Google searches for each 

potential search phrase using a Google Chrome incognito browser (14). The incognito browser 

ensures that information about the researcher does not influence the search results, thereby 

presenting a more generalized set of results. By reviewing returned results, phrases with results 

that are not relevant to the desired construct can be identified. This strategy can also lead to the 

identification of additional phrases missed in the first step through Google’s autocomplete 

feature and through returned results. 

 

Case Study Application: 

For our outcome of interest, we wanted to capture searches motivated by child abuse or 

neglect incidence. We thus sought to minimize false positives by excluding search 
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phrases in which the searcher was not likely to be experiencing or witnessing abuse. We 

assessed the relevance of specific search phrases by performing an incognito search and 

examining their results; if the top results were unrelated to experienced or witnessed 

abuse, we deemed the phrase too broad for inclusion. Thus, broad terms like 'child abuse' 

were discarded because results revealed that they were used by people looking for 

general information on the topic, as well as those responding to child abuse coverage in 

mass media. In contrast, the phrase ‘child abuse hotline’ generated results consistent with 

those looking to report suspected or experienced child abuse (for example, results 

included resources and guidance for reporting child abuse), and thus we deemed it 

specific enough to retain.  

 

When trying to capture searches related to neglect, we considered phrases indicative of 

problematic levels of drug and alcohol use by a caregiver. We initially considered phrases 

ranging from ‘[perpetrator] is high on drugs’ to ‘[perpetrator] drinks wine’ to capture a 

broad spectrum of substance use. We discarded terms such as 'mom drinks wine' since it 

returned numerous articles relating to "wine mom” culture and merchandise. Most of the 

search phrases we identified to describe neglect were too broad in nature and we removed 

many of them from consideration due to misclassification concerns.  

 

Incognito searches also revealed additional perpetrators of abuse that we had not initially 

considered, including “parent”, “parents” and “babysitter.” We expanded our search 

phrases to include these additional perpetrators. 

 

Step 3: Craft search term(s) 
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After finalizing relevant search phrases (i.e., one phrase on its own, such as ‘mom hit me’), the 

third step is to determine how to combine them into a search term for querying the GHT-API. A 

search term is defined as: (1) A single search phrase on its own, or (2) a combination of search 

phrases combined using “+” and entered into the GHT-API (e.g., ‘mom hit me + mother hit me + 

stepmom hit me + stepmother hit me’ are the first four search phrases in the physical abuse 

search term). If a search phrase by itself is commonly searched and adequately captures the 

construct of interest, then it may not need to be combined with other phrases and can be used as a 

search term on its own. However, certain phrases may be rarely searched at the desired geo-time 

scale (see Step 4), potentially leading to suppressed data and the inability to answer the research 

question. Combining related search phrases into a more comprehensive search term may be 

necessary to obtain sufficient search volume. Researchers should weigh the benefits of 

combining search phrases such that zero-values no longer hinder analysis, with the risk that the 

meaning of the construct might be lost. Content expertise is again helpful for making these 

decisions, as are incognito searches to assure that search terms lead to results that are relevant to 

the outcome of interest. Note that when combining search phrases, the final GHT-API result will 

not distinguish search volume between the individual phrases. Further, GHT-API interprets 

spaces between individual words as Boolean AND, and the operator “+” as Boolean OR, with 

AND taking priority over OR; this syntax cannot be altered with parentheses. Web Appendix 1 

contains more details on how to combine search phrases into search terms for querying the GHT-

API (21).  

 

There does not appear to be a limit to the number of search phrases that can be combined into a 

search term, although the API is slower to return results when more than 100 phrases are 

included. It is possible that there is a limit to the number of words or characters, but this is not 

documented. 
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Case Study Application: 

In our setting, each search phrase on its own — with the exception of ‘child abuse 

hotline’ — did not return enough search volume to avoid significant missing data at the 

specified geo-temporal level. Since the number of zero-values precluded meaningful 

analysis, and state-weekly data was needed to answer our research question, we 

combined all abuse phrases within an abuse subtype (i.e., physical, emotional, sexual, 

neglect) into four GHT-API search terms using the Boolean OR operator “+”. These 

phrases included common misspellings as well as various conjugations and tenses of 

verbs. This left us with four mutually exclusive search terms corresponding to each abuse 

subtype, each comprising between 700 and 2,100 individual phrases, and a fifth search 

term consisting only of the single search phrase ‘child abuse hotline’. Combining phrases 

did not compromise measurement of our construct because we were interested in 

measuring the overall experience of abuse and neglect, and not in specific manifestations 

of abuse. 

 

Step 4: Determine feasible geographic and temporal scales 

 

The GHT-API allows researchers to specify both geographic and temporal resolutions. Within 

the US, queries can be made at the national, state, or designated market area (DMA) level, where 

DMAs are smaller geographic regions grouped by the Nielsen Company for television and radio 

ratings (22). Timescales include day, week, month, and year.  

 

When selecting a geographic and temporal resolution it is important to note that, to ensure 

anonymity, GHT-API suppresses values which fall below an unspecified threshold (2020 Google 

Health Trends API Getting Started Guide [unpublished document provided with API key]).  The 
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threshold value is not documented and may vary by geographic region and population size 

(Figure 2). Suppressed values are returned as zeros, thus any zeros may indicate no search 

volume at that geo-time scale or data suppression. A search term may return all zeros at the 

DMA-daily level (the smallest level of geo-time), but could return non-zero results for larger 

geographical or temporal units. Thus, to overcome a high degree of missing data, a larger 

geographic and/or time scale may be specified.  

 

The search term(s) may also need to be expanded by returning to steps 1 through 3 if zero-values 

are common at the desired geo-time scale. The goal is to identify a geo-time unit that is large 

enough to minimize suppression, without hindering the ability to study the research question of 

interest. Search terms can be tested by making a GHT-API query at the desired geo-time scale to 

assess sufficiency of data. Testing can also identify whether specific search phrases have enough 

volume to be used as a search term alone or in combination with other phrases. Iterate Steps 3 

and 4 as needed to achieve sufficient search volume at the desired geo-time scale, such that 

analysis is not hampered by the number of zero-values, the construct of interest can still be 

measured, and the geo-time scale chosen is granular enough to answer the research question. 

 

Case Study Application: 

For our application, we needed data at the state-week level (i.e., we could not shift to a 

larger time or geographic scale). To get an initial sense of the search volume, we queried 

each of our five search terms (i.e., physical abuse, emotional abuse, sexual abuse, neglect, 

child abuse hotline) as well as a combination term that included all search phrases except 

for neglect-related phrases, at the national-weekly level (Web Figure 1). We observed 

very low search volume for the neglect search term at the national level, which is a level 

larger than our desired state-level. Given this, and concerns about misclassification (see 
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Step 2), we excluded neglect search phrases from our analysis. We then tested the 

remaining four search terms at the state-week level and found missingness to be an issue 

for small population states, whose zero-values made up more than half of their state-week 

observations. Therefore, to overcome missingness, we combined all 3,484 separate abuse 

phrases, including ‘child abuse hotline’, into a single search term (the combination term) 

to capture overall child abuse for the analysis. Combining all abuse phrases into a single 

search term precluded us from studying individual domains of abuse (i.e., physical, 

emotional, and sexual). Our research question aimed to measure overall abuse 

experience, and this tradeoff in specificity was reasonable. Furthermore, while we 

intended to study neglect as part of abuse overall, this abuse domain could not be studied 

because of very low search volume and was subsequently dropped from the outcome of 

interest. 

 

Step 5: Retrieve and average multiple samples to stabilize estimates and address missingness 

 

GHT-API results are based on a unique-session-generated random sample which is cached for 24 

hours (14). This means that the same GHT-API query returns a different scaled probability when 

made on a different day. Performing multiple queries (over multiple days) and thus generating 

different random samples, which are then averaged, stabilizes estimation of the true underlying 

search probability. The number of samples needed will vary depending on search volume. For 

example, if the search term is popular or queried on a larger geo-temporal scale, fewer samples 

will be needed to obtain a stable average compared to a search term which has low volume or 

high variability. The goal is to draw additional samples until adding more samples does not 

materially change the estimated average. 
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Extracting multiple samples can also help to address data suppression not remedied by Steps 3 

and 4. Since GHT-API results are a scaled probability, missingness is a function of both how 

common the search term is (the numerator), as well as the total search volume (the denominator). 

The denominator varies according to the underlying population size for the unit of analysis. By 

leveraging the fact that GHT-API results that are close to, but below, the suppression threshold 

in one sample may fall above the threshold in another sample, averaging over multiple non-zero 

samples reduces suppressed geo-time data points. However, this approach requires caution 

because it only captures the portion of the underlying data distribution that falls above the 

suppression threshold, and thus the resulting estimate created by averaging non-zero samples is 

likely biased upwards compared with the true value if suppression were not applied. 

 

Case Study Application: 

We found that the proportion of suppressed observations across all ten samples of our 

final combination search term decreased with state population size (Figure 3). There was 

no suppression in the most populous states and substantial suppression in the least 

populous states (see Web Figure 2 for details on potential suppression thresholds). We 

decided to exclude states with more than 55% of their data missing due to concerns about 

validity, as we were worried about bias due to truncation. 

 

We determined that there was decreased utility in including more than ten samples by 

plotting averaged estimates across five, seven and ten samples for a subset of states to 

determine stability of sample averages (Web Figure 3). We also chose ten samples to 

balance measure stability with time constraints; since the GHT-API limits users to 5,000 

queries a day, and each state-week sample counts as a single query to draw 10 samples of 
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weekly-level data for 51 states (including DC), over 190 weeks required 96,900 queries. 

At the 5,000 per day query limit, it took 19.4 days to gather the GHT-API data.  

 

After dropping eight states that had more than 55% of their data missing, we calculated 

missingness for the remaining state-weeks: over all ten samples, search volume was 

missing for 4,874 of the 57,540 state-weeks (approximately 8%). After averaging over 

non-zero samples, only 62 of the 5,754 state-weeks remained missing (approximately 

1%). 

 

Step 6 (Optional): Normalize to account for changes in total search volume  

 

Since returned GHT-API values are an estimated scaled probability of the search term within the 

specified geo-time period, changes in the returned value over time can reflect changes in either 

the search term of interest (the numerator) or changes in total searches (the denominator). This 

may be problematic if the researcher suspects that the total number of Google searches, and thus 

the denominator of the search probability, may be changing over the study period. Normalization 

has been suggested as a way to reduce changes in the outcome measure due to changes in total 

search volume (4). The idea is to choose a normalizing search term for which searches would be 

expected to remain relatively constant in absolute number (the numerator of the probability) over 

the study period, and then divide the search volume for the term of interest by the search volume 

for the normalizing term; this “cancels out” the total (changing) search volume in the 

denominator, such that the search volume of interest becomes relative to the number of 

(constant) searches for the normalizing term (See Web Appendix 2 for details).   
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While normalization could be useful in theory, it is impossible in practice to determine if the 

absolute number of searches for a selected normalizing term remains constant over the study 

period, as GHT-API results for any candidate normalizing term are also scaled probabilities of 

total searches. Thus, it is not possible to disentangle search volume for the normalizing term 

from total search volume and ascertain whether it is constant over time. Further, normalization 

may cloud interpretations as results are now relative to a potentially arbitrary search term, 

making comparisons between similar studies challenging. For these reasons, normalization is not 

recommended as standard practice, but may be explored through sensitivity analyses 

 

Case Study Application: 

Our case study was focused on changes in child abuse-related searches during the 

COVID-19 pandemic — a time period during which Google searches overall may have 

increased in line with measured increases in internet traffic (23) and use of popular 

websites (24).  

 

While we hypothesized that total searches increased, and thus had a strong rationale for 

normalizing our data, it was difficult to identify a normalizing term that would not be 

affected by the pandemic. For example, we hypothesized that searches for “the” and “a” 

would increase proportionately with a change in total search volume. We conducted a 

sensitivity analysis in which we normalized by “and”, but were unable to determine 

whether it helped overcome the challenge introduced by potential major changes in 

search behavior due to the pandemic. 

 

Discussion  
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We have outlined a series of steps to craft an effective GHT-API search strategy that takes into 

account sensitivity, specificity, and missing data due to data suppression. We demonstrated these 

steps and their utility in a case study examining state-level Google searches for child abuse 

during the COVID-19 pandemic.  

 

There are several limitations to GHT-API data that should be considered. First, people who 

perform Google searches may not be representative of the target population. While Google is by 

far the most popular search engine, making up 94% of all worldwide online search queries in 

2020 (25), those who use Google may be systematically different from those who do not. 

Additionally, search phrases chosen for inclusion may further affect generalizability (e.g., due to 

language or dialect choices). With respect to our case study, we likely captured searches from 

children with higher rates of internet access (which varies by income and rurality), who may 

have English as a first language (since we restricted our search strategy to the English language), 

and who are older.  

 

Secondly, Google search volume is an indirect measure of the epidemiological quantity of 

interest - the prevalence or incidence of the condition or event under study. In our case study, we 

were interested in child abuse and neglect incidence, but our measure captured searches for 

phrases related to these constructs. We assumed that changes in search volume are indicative of 

changes in abuse and neglect incidence because the included search phrases were chosen based 

on existing literature; however, the plausibility of this assumption should be examined for the 

construct of interest, though this may be difficult when Google search volume because the 

construct is difficult to measure using traditional methods. Searches may not reflect the true level 

or patterning of the construct of interest if, for example, not all relevant search terms/phrases 

have been included or if the total number of Google searches (the denominator) is changing over 
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time. Koutaniemi et al. found that in Finland, seasonal patterns in Google searches related to 

domestic abuse paralleled domestic abuse-related calls to police, suggesting that Google searches 

may be a reasonable proxy for measures of household violence (5). Additionally, Google Trends 

data for searches related to loss of smell correlated strongly (Spearman’s rank coefficients 

between 0.633 and 0.952) with COVID-19 cases and deaths across 8 countries during December 

2019 to March 2020 (26). On the other hand, an earlier version of the GHT-API called Google 

Flu Trends API was criticized for its inability to accurately estimate influenza-like illnesses (27– 

29), and studies suggested its utility lies in being combined with additional surveillance data or 

as part of a machine learning algorithm (30-32), rather than on its own. Similarly, GT results 

have been found to be more reflective of media buzz than underlying epidemiological burden for 

six diseases (33). Thus, studies examining the relationship between measures based on Google 

searches and epidemiologic measures for specific outcomes of interest will be useful to assess 

the validity of Google searches across contexts. 

 

Third, missing data may be an issue. While averaging over multiple non-zero samples may help 

remedy missingness, the resulting estimate may be biased upwards since non-missing data points 

will over-represent samples that have relative volume falling above the GHT-API suppression 

threshold for the geo-time period. This is complicated by the fact that the suppression threshold 

is not released by Google and may vary by geographic and/or temporal scale. Note that because 

of this suppression threshold, values cannot be compared across geographic units. In our child 

abuse case study, missingness was an issue we overcame by forgoing examination of separate 

abuse domains, averaging across multiple samples, and excluding small states with high rates of 

missingness.  
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Lastly, returned values from the GHT-API are a probability so it is difficult to disentangle trends 

in the numerator (usually the quantity of interest) from trends in the denominator (total search 

volume). Therefore, it is important that findings are interpreted with respect to proportionate 

search volume and not to the underlying construct of interest. 

 

Despite its limitations, the GHT-API holds promise for the field of public health and could 

provide valuable and timely insights in many scenarios. GHT-API data has the potential to 

provide extremely early signals for certain phenomena for which other surveillance or reporting 

data are delayed, and for health outcomes that are difficult to measure by traditional mechanisms. 

The GHT-API has been used to gauge public concern around the Flint, Michigan water crisis (7), 

complement dengue surveillance activities in Brazil (30), and examine child abuse during an 

economic downturn (4). For our case study [under review; citation to be added], the GHT-API 

served as a timely resource for measuring changes in child abuse searches during a period when 

measurements based on traditional surveillance systems likely underestimated child abuse cases. 

 

Conclusion 

 

We provided a methodological framework alongside best practices for utilizing the GHT-API to 

study epidemiologically relevant constructs of interest. This framework systematically crafts a 

successful search strategy to accurately measure the construct of interest, optimizes sensitivity 

and specificity, improves estimate stability through multiple samples, and overcomes 

missingness resulting from insufficient volumes. Due to limitations of the GHT-API data, careful 

interpretation of results is advised.  
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Figures 

 

Figure 1: Google Health Trends API search strategy flowchart 

 

Figure 2: Potential suppression thresholds for the child abuse case study in California, Iowa, and 

New Hampshire, January 2018 – August 2020. Potential suppression thresholds, denoted by 

dashed lines, represent a threshold below which zero-values were always returned. These appear 

to vary by geographic unit and population size with large states like California (first panel) 

returning no zero-values, but smaller states such as Iowa and New Hampshire (second and third 

panel respectively) possessing higher thresholds and more missing data. Weekly search volumes 

are based on a single sample of the combination term; dashed lines representing the potential 

suppression threshold were calculated as the minimum non-zero value returned for that state pre-

2020; missing data points (equivalent to zero-value data points) are indicated by the tick marks 

directly above the x axis. It is clear the number of zero-values increases as the potential 

suppression threshold increases: Out of a total of 137 possible state-weeks, 0% (0/137) of weeks 

are missing for California whose minimum returned value is 25.4, 10.2% (14/137) of weeks are 

missing for Iowa whose minimum returned value is 110.7, and 40.9% (56/137) of weeks are 

missing for New Hampshire whose minimum returned value is 243.1. 

 

Figure 3: Percentage of state-week samples suppressed by state population, across all ten 

samples. Percentage of suppressed state-weeks was calculated for each state as the quotient of 

the number of state-weeks missing over all ten samples divided by the total number of distinct 

state-weeks in the study (1370); State populations were obtained from the American Community 

Survey for the years 2018 and 2019 and averaged. States with more than 55% of their data 

missing are excluded from this figure. 
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