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Abstract
The digital divide refers to disparities in access to and use
of digital tooling across social and economic groups. This di-
vide can reinforce marginalization both at the individual level
and at the level of places, because persistent economic advan-
tages accrue to places where new technologies are adopted
early. To what extent are emerging generative artificial intel-
ligence (AI) tools subject to these social and spatial divides?
We leverage a large-scale search query database to character-
ize U.S. residents’ knowledge of a novel generative AI tool,
ChatGPT, during its first six months of release. We identify
hotspots of higher-than-expected search volumes for Chat-
GPT in coastal metropolitan areas, while coldspots are evi-
dent in the American South, Appalachia, and the Midwest.
Nationwide, counties with the highest rates of search have
proportionally more educated and more economically advan-
taged populations, as well as proportionally more technol-
ogy and finance-sector jobs in comparison with other coun-
ties or with the national average. Observed associations with
race/ethnicity and urbanicity are attenuated in fully adjusted
hierarchical models, but education emerges as the strongest
positive predictor of generative AI awareness. In the absence
of intervention, early differences in uptake show a potential
to reinforce existing spatial and socioeconomic divides.

Introduction
Generative artificial intelligence (AI) is a general-purpose
technology, an innovation that is affecting many sectors
of the economy (Eloundou et al. 2024). Previous general-
purpose technologies took decades to centuries to achieve
widespread adoption (Bresnahan and Trajtenberg 1995;
Lipsey, Carlaw, and Bekar 2005). By contrast, several gener-
ative AI models have now been made freely available, within
months of development, to people across the globe, so long
as they have access to a device with a stable internet connec-
tion (Gordon 2022). Hypothetically, then, a plurality of peo-
ple should be accessing these new tools. But adoption could
also be subject to the “digital divide”, differences between
those who do and do not benefit from digital tooling that can
reinforce social and economic marginalization in knowledge
economies (van Dijk. 2005; Hargittai 2018). Because persis-
tent economic advantages accrue to places where new tech-
nologies are adopted early (Saxenian 1996; Autor and Dorn
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2013; Moretti 2012, 2022), it is important to understand how
adoption differs across places as well as across groups.

There is extensive prior literature documenting digital di-
vides in knowledge and use of technologies including per-
sonal computers (Chakraborty and Bosman 2005), inter-
net (Scheerder, van Deursen, and van Dijk 2019), task-
specific AI (Lutz 2019), and algorithmic AI (Oeldorf-
Hirsch and Neubaum 2023; Wang et al. 2024). However,
little research has characterized the digital divide with re-
spect to generative AI, models that can create new con-
tent without explicit programming beyond initial guidelines
(prompts) (Solaiman et al. 2023; Khowaja et al. 2024).

Early differences in access to and use of new generative
AI tooling could have important and long-lasting social im-
plications. Experimental studies show that access to gener-
ative AI can have large effects on productivity (Noy and
Zhang 2023; Brynjolfsson, Li, and Raymond 2025; Peng
et al. 2023), creativity (Zhou and Lee 2023; Dell’Acqua
et al. 2023; Girotra et al. 2023; Doshi and Hauser 2024),
and performance (Choi and Schwarcz 2024; Brynjolfsson,
Li, and Raymond 2025; Dell’Acqua et al. 2023), with sev-
eral studies finding the largest benefits for the least-skilled
users (Noy and Zhang 2023; Brynjolfsson, Li, and Raymond
2025; Dell’Acqua et al. 2023). Disparities in adoption could
preclude these tools from actually reaching those who would
most benefit: several individual-level surveys find that gen-
erative AI’s adoption is higher among younger, more edu-
cated, and higher income people and lags in other popula-
tions (Bick, Blandin, and Deming 2024; Motyl, Narang, and
Fast 2024; Park and Gelles-Watnick 2023); at the level of
countries, researchers have observed strong positive associ-
ations between awareness of generative AI and human cap-
ital (Pahl 2024) or income (Khowaja et al. 2024; Liu and
Wang 2024). These patterns raise concerns about emerg-
ing social and geographic divides in access—but they may
also reflect genuine variation in perceived usefulness across
places with different industry and occupational structures.
There is thus a need for detailed within-country analysis to
better characterize these dynamics.

This study helps to address this research gap, using a
large-scale search log database to analyze awareness of gen-
erative AI across the United States. We take as a case study
the first six months after the release of ChatGPT, a simple
chat interface atop a powerful large language model, which
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saw rapid uptake after its initial public release on November
30, 2022 (Milmo 2023). We ask three core questions:
1. Where is awareness of generative AI, as proxied by

search interest in ChatGPT, most versus least concen-
trated?

2. What demographic and socioeconomic factors are asso-
ciated with higher versus lower levels of awareness?

3. To what extent are associations with socioeconomic fac-
tors accounted for by differences in sectoral makeup?

To answer these questions, we characterize the fraction
of internet searches for ChatGPT by county, documenting
statistically significant clustering in the counties with the
highest versus lowest rates of search for ChatGPT. Coun-
ties with the highest rates of search are proportionally more
urbanized, more educated, and have more technology and
creative sector jobs in comparison with counties with lower
rates of search or the U.S. overall. In fully adjusted hier-
archical models, associations with demographic factors and
sectoral makeup are attenuated after accounting for educa-
tional attainment—a finding that is consistent with prior lit-
erature on digital divides (Blank and Groselj 2016; Goel,
Hofman, and Sirer 2012; Van Deursen and Van Dijk 2014;
Elena-Bucea et al. 2021).

Through this work, we make three contributions:
• First, we use a large-scale search log database to charac-

terize emerging disparities with respect to awareness of a
major new digital tool in the first six months of its public
release.

• Second, we apply spatial clustering methods to identify
hotspots as well as to surface coldspots that could be pri-
oritized for intervention.

• Finally, we highlight educational attainment as a key dif-
ferentiating factor between places with high versus lower
search rates. This finding offers an early warning that dis-
parities in access are following the patterns established in
prior divides.

Related Research
The digital divide refers to social and economic dispari-
ties with respect to technology at multiple levels (Wei et al.
2011; Hargittai 2002; Van Dijk 2006, 2020; Robinson et al.
2020). The first, foundational level of the digital divide is
the question of access: whether a person has an internet con-
nection or the devices required to access it (OECD 2001).
Divides in access track preexisting social and economic dis-
parities with respect to factors like income, education, race,
age, and gender in the U.S. and globally (DiMaggio et al.
2004; Van Dijk 2006; Mubarak, Suomi, and Kantola 2020).
Mobile phones and reduced data costs have helped to bring
over two-thirds of the world’s population online (Interna-
tional Telecommunication Union 2023), however, and over
90% of U.S. adults are now estimated to have internet ac-
cess (Gelles-Watnick 2024).

Simply having access, however, is far from adequate
to ensure effective or beneficial use. Hargittai (2002) de-
scribes a second-level divide in skills and usage that re-
mains evident even in highly digitized societies (DiMaggio

et al. 2004; Van Dijk 2006; Hargittai 2018). Researchers
document significant disparities in skills, usage, and atti-
tudes toward digital technologies between social or eco-
nomic groups, with studies consistently showing that the
least skilled groups are older and less educated compared
to other groups (van Deursen and van Dijk 2019; Elena-
Bucea et al. 2021; Scheerder, Van Deursen, and Van Dijk
2017). Scheerder, Van Deursen, and Van Dijk (2017) further
emphasize the importance of a third-level divide in which
groups differentially experience benefits versus harms from
their use of digital tooling. Families with less versus more
education are more likely, for example, to struggle to cope
with fraud or scams online (Scheerder, van Deursen, and van
Dijk 2019) and people from minoritized racial groups are
more likely than majority groups to be inadequately served
or actively surveilled by emerging technologies (Zuboff
2019; Benjamin 2019; Noble 2018).

Despite this rich literature on prior digital divides, re-
search on disparities in generative AI’s adoption remains
limited. Scholars have documented significant disparities in
AI knowledge, attitudes, and impacts (Wang et al. 2024;
Ragnedda and Ragnedda 2020; Cotter and Reisdorf 2020;
Gran, Booth, and Bucher 2021; Zarouali, Helberger, and
De Vreese 2021; Park et al. 2022), but these studies have
tended to focus on AI as implemented via algorithmic rec-
ommender systems (Oeldorf-Hirsch and Neubaum 2023)
and interactive devices (Lutz 2019). It is unclear whether
the patterns they surface will be similar for the case of
generative AI—AI that creates new content in response to
user prompting (Solaiman et al. 2023)—given increasing
evidence of generative AI’s potential to reduce skill and
productivity gaps (Noy and Zhang 2023; Brynjolfsson, Li,
and Raymond 2025; Dell’Acqua et al. 2023). Racial or
ethnic digital divides due to differences in needs, norms,
and power are likely, in the absence of intervention, to be
self-reinforcing due to their encoding in training data and
model development (Raji et al. 2020; Noble 2018). More-
over, while the existing digital divide literature tends to em-
phasize social and economic divides, there is also a need
to examine differences in adoption across places because,
as economic development research shows, early differences
in the adoption of novel technologies across places can fos-
ter persistent differences in residents’ wealth and well-being
over time (Saxenian 1996; Autor and Dorn 2013; Moretti
2012, 2022).

Emerging evidence suggests strong associations between
adoption and economic advantage. Examining global di-
vides, Khowaja et al. (2024) document that nearly two thirds
of traffic to the ChatGPT website is sourced from high-
income countries. Within the U.S., Bick, Blandin, and Dem-
ing (2024) document positive individual-level associations
between adoption rates and income or education levels, a
finding that is consistent with the correlations observed in
other population-representative surveys (Motyl, Narang, and
Fast 2024; Park and Gelles-Watnick 2023). While these sur-
veys find that less than 20% of US adults reported using
AI-based text generation tooling in 2023, a study of profes-
sionals estimated that more than 90% of US-based computer
programmers in enterprise companies were using generative
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AI (Shani 2023)—offering a warning sign of uneven adop-
tion. To our knowledge, however, there have not yet been
systematic investigations of the spatial distribution of these
associations, or the extent to which associations persist after
accounting for confounding factors. This study seeks to fill
the research gap, documenting emerging evidence of signif-
icant spatial and socioeconomic disparities in awareness of
a major AI tool that are similar to the disparities that have
characterized past digital divides.

Methods
Data Collection
Our dataset comprises de-identified interactions from Mi-
crosoft’s Bing search engine. We analyze billions of
searches collected between December 1, 2022 and May 31,
2023 in the U.S., including both desktop and mobile query
search. All data were de-identified, aggregated to the ZIP
code and then to the county level, and securely stored. Data
were analyzed only after aggregation to preserve user pri-
vacy and in accordance with Bing’s privacy policy. The
study was reviewed and approved by the Microsoft Research
Institutional Review Board (Protocol ID 10590) prior to re-
search activities.

To construct our dataset, we first calculated the counts of
searches for ChatGPT as well as total search counts and user
counts by county. Each interaction includes the search query
string as well as a randomly generated client ID, a times-
tamp, and the associated ZIP code and state. We added an in-
dicator of whether the query referred to ChatGPT by a case-
insensitive search for the terms “chatgpt” or the similarly
common “chat gpt”. We then aggregated total counts and
unique user counts by ZIP code. We limited our keyword set
intentionally to maintain high precision, avoiding potentially
related terms like “chat” and “AI” that, upon initial inspec-
tion, included a high false positive rate. The ZIP code link-
age is provided via a proprietary location inference engine
that uses contextual and historical information to improve
upon accuracy over standard reverse IP lookup databases.
We linked ZIP codes with counties using the HUD-USPS
ZIP Code crosswalk files (Din and Wilson 2020). For any
ZIP code linked with multiple counties, we allocated queries
to counties proportionally to the ratio of all addresses in the
ZIP-county overlap to the total number of all addresses in
the ZIP code. Finally, we suppressed data from county-query
cells with fewer than 50 unique users to preserve anonymity.
Our final data set comprises 2,397 counties.1

We used Bing data because of its broad national cov-
erage. Using proprietary search engine data enabled us to
examine finer spatial geographies than those available us-
ing comparable, publicly available datasets, following Suh
et al. (2022). As a robustness check, we compared state-
level rates of search for ChatGPT with publicly available

1After suppression, our data set captured 76% of all U.S. coun-
ties, covering 98% of the total U.S. population (because the sup-
pressed counties were sparsely populated). We also aggregated
counts of overall and ChatGPT queries by state and month; at these
levels of aggregation, all cells meet the threshold for inclusion.

Google Trends query data (Google 2023). The two datasets
are highly correlated (Pearson’s Correlation = 0.86).

Finally, we obtained county-level socioeconomic, de-
mographic, and industry makeup from the 5-year Ameri-
can Community Survey for 2016-2020 using the National
Historical Geographic Information System (Manson et al.
2023). We used these data to construct socioeconomic vari-
ables including: percent college educated, calculated as the
fraction of the population over 25 with a college education
or higher; percent rural, or the fraction of the population liv-
ing in a rural area; median household income in the past 12
months; and the unemployment rate, or the fraction of the
civilian labor force 16 years and over that is unemployed. To
characterize demographic makeup, we first calculated His-
panic or Latino as a fraction of the total population; for the
other three common demographic groups (White, Black, and
Asian) we calculated the percent identifying with that group
only as a fraction of the total population. We additionally
calculated industry makeup as the percent of all people in
the adult employed civilian population who are employed in
technology, arts, finance, or service sector jobs.

Spatial Analysis

We first mapped logged rates of search for ChatGPT by
state. At this level of aggregation, we were also able to eval-
uate trends over time, examining rates over each month of
observation. We further assessed univariate associations of
search rates and county-level socioeconomic, demographic,
and industry makeup. Because county-level correlates have
skewed and non-normal distributions, we examined logged
rates of search for ChatGPT in comparison with counties’
percentile ranks for each variable, calculating medians and
interquartile ranges (IQRs) of search rates across counties,
weighted by population, in each percentile rank bin.

We evaluated spatial clustering of county-level search
rates using the Moran’s I statistic, which tests the extent to
which there is more spatial clustering of observed values rel-
ative to what would be expected if values were randomly
distributed (Moran 1950). The Moran’s I statistic is normal-
ized so that values fall between -1 and 1, with positive values
indicating that neighboring features tend to be both smaller
or both larger than the mean (clustering) and negative val-
ues indicating that features higher than the mean tend to be
located next to features with low scores (dispersal).

After confirming the presence of global spatial autocorre-
lation, we mapped local clustering patterns by calculating
the Getis-Ord G* statistic (Getis and Ord 1992). The G*
statistic can be used to test the null hypothesis that neigh-
boring counties have rates no more similar to one another
than would be expected by random chance. In contrast with
the Moran’s I, which is a global score across all counties,
the G* statistic can be calculated for each county individ-
ually (Anselin 1995). We thus mapped results using a two-
sided 5% cutoff, identifying “hotspots” as counties where
the G* statistic > 1.96 and “coldspots” as those counties
where the G* statistic < -1.96.
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Figure 1: Rates of Search for ChatGPT by State. Colors in-
dicate the number of ChatGPT references per 10k searches
in the first six months since the tool’s initial public release.

Hierarchical Modeling
We used multivariate negative binomial regression to esti-
mate the association of search rates with socioeconomic and
demographic factors net of the effects of industry makeup.
To account for the spatial autocorrelation in our data set, we
used a multilevel specification, allowing a random effect by
state.

We fit models with the sets of socioeconomic, demo-
graphic, and industry makeup variables separately; we then
fit a full specification including all covariates. We standard-
ized and scaled covariates to stabilize the model fit and
to facilitate comparison across coefficients. After observing
large changes in the full model in comparison with the sep-
arate specifications—consistent with confounding—we it-
eratively removed regressors to evaluate the change across
other covariates associated with each variable’s exclusion.
Finally, we assessed the fit of the final model by mapping the
predicted and residual values and again using the Moran’s I
statistic to test for residual spatial autocorrelation.2

Results
Over the six months of observation, we calculate a me-
dian rate of approximately 6.2 searches for ChatGPT per
10,000 total searches (IQR 4.5 - 7.7). Figure 1 shows rates
of search for ChatGPT by state. Search rates are highest in
Washington and California and lowest in states in the Gulf
(Louisiana, Alabama, Mississippi) and Appalachia (West

2We conducted our analyses in R 4.1.1 (R Core Team 2021),
using the sf (Pebesma 2018), usmap (Lorenzo 2023), hmisc (Jr and
Dupont 2023), and spdep (Roger Bivand 2022) packages for spatial
analysis and the glmmTMB (Brooks et al. 2017) and DHARMa
packages (Hartig and Lohse 2022) to fit and assess models.

Figure 2: Average monthly search rates for ChatGPT (per
10k searches). West Coast states with the highest rates—
Washington (WA), California (CA), Oregon (OR)—appear
in green. States with persistently low search rates are high-
lighted in purple for the Gulf South—Louisiana (LA), Al-
abama (AL), Mississippi (MS)—and blue for Appalachia—
Tennessee (TN), West Virginia (WV), Kentucky (KY).

Virginia, Kentucky and Tennessee), as well as New Mexico
and South Dakota.

These spatial differences emerge early and persist
throughout the observation period. Figure 2 shows state-
level search rates disaggregated by month. The West Coast
states rank in the top 10% of all state-period observations be-
ginning in February, and remain among the highest-ranked
regions through May.3 Although rates of search for Chat-
GPT do increase in Gulf and Appalachian states over this
period, these states persistently rank in the bottom 10 states
with respect to interest over each month of the six-month
observation period.

Figure 3: Detection of hot- and coldspots with the Getis-Ord
G* Statistic. Red indicates the presence of a statistically sig-
nificant hotspot (G* > 1.96) and blue indicates the presence
of a statistically significant coldspot (G* < -1.96).

3The remaining two places in the top five with respect to search
rates are the District of Columbia and Utah.
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Figure 4: Searches for ChatGPT in relation to socioeconomic, demographic, and sector makeup. Blue points indicate raw
observations; black points are medians and 75% interquartile ranges. Estimates are weighted by county population.

Examining rates of search at the county level, we observe
a moderate but statistically significant level of spatial clus-
tering (Moran’s I = 0.26, p < 0.001). This result suggests
that counties with higher rates of search for ChatGPT are
likely to be geographically clustered. The estimate is robust
to the exclusion of values from outlier counties: examining
winsorized rather than raw values, we see a similar result
(Moran’s I = 0.27, p < 0.001).

Figure 3 shows clusters of neighboring counties with
more elevated rates of search (hotspots) or lower rates of
search (coldspots) than would be expected if rates were dis-
tributed randomly; we note that the hotspots coincide with
major metropolitan areas in the West (Seattle, Portland, San
Francisco and Los Angeles); in the Mountain West (Salt
Lake City and Denver); on the East coast (Boston, New
York City, Philadelphia, and Washington D.C); and in Texas
(Houston, Austin, and Dallas) and Atlanta. Coldspots are
predominantly observed in the Gulf South, Appalachia, and
the rural Midwest, though several Midwestern metropolitan

areas do emerge as hotspots (Chicago, Minneapolis, and De-
troit).

We next examine the associations between rates of search
for chatGPT and socioeconomic, demographic, and industry
makeup respectively. In Figure 4, we see a strong positive
association between the fraction college-educated or median
incomes and logged rates of search. In particular, in counties
in the top 10% with respect to the fraction of residents who
are college-educated, population-weighted median rates of
search are approximately 7.7 per 10k searches (IQR 6.8 -
10.4) versus 2.8 (IQR 2.4-3.3) for the bottom 10% of coun-
ties. We also observe strong positive associations with me-
dian income and fraction Asian. Notably, Figure 4 offers ev-
idence of an inverse association with the fraction of the pop-
ulation that is non-Hispanic White, with counties with the
highest rates of search characterized by proportionally larger
Hispanic or Latino and Asian populations; the gradient with
respect to fraction Black is largely flat, albeit with some ev-
idence of lower rates of search at the top percentiles. These
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Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8
College Educated 1.39∗∗∗ 1.31∗∗∗ 1.44∗∗∗ 1.43∗∗∗

0.02 0.01 0.02 0.02
Median Income 1.11∗∗∗ 0.93∗∗∗ 1.05∗∗∗ 0.96∗∗∗

0.01 0.01 0.02 0.01
Rural 0.86∗∗∗ 0.98 0.93∗∗∗ 1

0.01 0.01 0.01 0.01
Unemployed 1 1.01 0.98 1.01

0.01 0.01 0.01 0.01
Black 0.99 1 0.99 0.99

0.01 0.01 0.01 0.01
Hispanic 0.99 1.04∗∗∗ 0.98∗∗∗ 1.04∗∗∗

0.01 0.01 0.01 0.01
Asian 1.28∗∗∗ 1.06∗∗∗ 1.16∗∗∗ 1.08∗∗∗

0.02 0.01 0.02 0.01
Tech Share 1.16∗∗∗ 0.94∗∗∗ 1.03 0.92∗∗∗

0.01 0.01 0.02 0.01
Arts Share 1.14∗∗∗ 1 1.1∗∗∗ 1

0.01 0.01 0.01 0.01
Finance Share 1.01 0.96∗∗∗ 0.99 0.97∗∗∗

0.01 0.01 0.01 0.01
Service Share 0.96∗∗∗ 1.03∗∗∗ 1 1.02

0.01 0.01 0.01 0.01
AIC 35782 35143 35735 35149 35756 35113 35535 35046
BIC 35817 35183 35769 35190 35797 35159 35610 35127
Log Likelihood −17885 −17564 −17861 −17567 −17871 −17548 −17754 −17509
Var: STATE (Intercept) 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02

Table 1: Results are exponentiated coefficients and standard errors from multilevel negative binomial models. Models predict
the count of searches for ChatGPT, with the total count of searches by county included as an offset. N = 2,397 counties across
50 states and the District of Columbia.∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05

associations should be interpreted with caution, however, as
they are likely confounded.

There is a strong and increasing association between the
percentile of fraction tech sector jobs in a given county and
its rate of search for ChatGPT. We also observe a positive as-
sociation with respect to finance sector jobs, though the gra-
dient is not as steep. Counties in the lowest ten percentiles
of arts sector jobs have lower rates of search (3.0, IQR 2.5 -
3.7) in comparison to other counties (6.3, 4.6 - 7.8); the trend
flattens across the upper percentiles. No similar gradient is
observed for service sector jobs.

We next estimate associations in fully adjusted models.
Before interpreting the coefficients, we assess model fit.
Likelihood ratio tests confirm a significant improvement in
fit from the inclusion of a random effect, as well as from the
use of negative binomial rather than simpler poisson models
to account for overdispersion; we also observe large reduc-
tions in AIC and BIC values for the multilevel negative bino-
mial specification in comparison with simpler approaches.
Residual tests show that observations do deviate from the
distribution expected given the model, but not severely; in
particular, we see no significant evidence of over- or under-
dispersion or of outliers. Finally, spatial autocorrelation in
the residuals is attenuated relative to that observed for the
raw values (Moran’s I = 0.18), though still statistically sig-
nificant (p < 0.001). These results indicate that, although

some correlation is still unaccounted for, state-level random
effects and included covariates explain a meaningful portion
of the data’s spatial structure.

Table 1 shows rate ratios from negative binomial mod-
els with state-level random effects. We first examine the ad-
justed assocations between socioeconomic factors and rates
of search for ChatGPT (columns 1 and 2). We continue to
see negative associations of fraction rural and rates of search
for ChatGPT after adjusting for median income (Column 1);
however, after including education as a covariate, the frac-
tion rural is no longer statistically significant and median
income is actually inversely associated with rates of search
for ChatGPT (Column 2).

Examining adjusted associations with demographic
makeup, Table 1 column 3 shows a strong positive associ-
ation with the fraction Asian. A county that has 1 standard
deviation (SD) higher fraction Asian would have approxi-
mately 1.3 times the rate of search for ChatGPT of a com-
parable county in the same state with the same Black and
Hispanic fractions (implying a reduction in fraction White,
which is excluded). This association remains positive and
significant, though it is attenuated, after the inclusion of ed-
ucation as a covariate (Column 4).4

Columns 5 and 6 offer evidence that education confounds
4Notably, there is a significant and negative association with the

fraction Black in univariate models as well as in robustness checks
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the association of industry makeup and search rates. In col-
umn 5, we observe a significant and positive effect of share
tech sector jobs, a smaller but still significant and positive
association with arts sector jobs share, and a small but sig-
nificant inverse association with the share of jobs in the ser-
vice industry. However, after adjusting for fraction college
educated, associations are attenuated or even inverted (Col-
umn 6).

Finally, fully adjusted models follow a similar pattern
(Columns 7 and 8). When education is excluded, we see
positive associations with median income, fraction Asian,
and arts share, and negative associations with fraction ru-
ral and fraction Hispanic. After accounting for education,
we continue to see positive associations with fraction Asian
and fraction Hispanic, but associations with median income,
tech share, and finance share are negative and other associa-
tions are no longer significant. Notably, the association with
education is both significant and large: holding other factors
constant, a county with 1 SD higher fraction college edu-
cated would have approximately 1.4 times more searches for
ChatGPT as a fraction of total searches. Our results are ro-
bust to the use of Google Trends rather than our proprietary
search engine (See Appendix for details).

Limitations
Our study is subject to several limitations. First, we recog-
nize that, as a proxy for actual usage, search rates may be
subject to confounding over time if users use search only for
initial discovery and then gradually select out of the data set.
We mitigate this challenge by examining a completely novel
tool (ChatGPT), and by limiting our analyses to only the first
six months after it became publicly available—a period for
which searches are the best available early data.

Second, we rely on data from a proprietary search engine
in order to obtain a sample size large enough for fine-grained
spatial analysis. Our findings could be subject to selection
bias due to the set of people who choose to use the particular
search provider from which we obtain our data. Moreover,
to protect the privacy of search users, data are suppressed
for some counties. However, results are similar when we
conduct analyses with the publicly available Google Trends
database, a search database with the highest rates of cover-
age nationally (StatCounter 2023), but for which the finest
available granularity is at the metropolitan-area level.

Third, we examine spatially aggregated outcomes that
may be subject to the modifiable areal unit problem in
which aggregate patterns do not correspond directly with
individual-level relationships (Openshaw 1984). However,
our findings are consistent with evidence from individual-
level surveys (Vogels 2023; Park and Gelles-Watnick 2023;

with Google Trends data (Appendix), but this association is not sig-
nificant in the main specifications after the inclusion of state-level
random effects. As a supplementary analysis, we fitted models with
percent White (excluding other demographic variables.) We find
that the monotonic negative relationship with percent White ob-
served in Figure 4 is robust to the inclusion of eduction but is no
longer significant, in adjusted models, after accounting for urban-
icity.

Motyl, Narang, and Fast 2024; McClain 2024; Bick,
Blandin, and Deming 2024).

Finally, our findings are not causally identified and focus
exclusively on a Global North context. To our knowledge,
however, this study is the first national-scale characteriza-
tion of geographic differences in uptake of generative AI,
a prospective new general-purpose technology. The findings
presented here support further research to better character-
ize and isolate the relevant processes of social and spatial
diffusion that produce these aggregate patterns.

Discussion
This study characterizes the digital divide with respect to
knowledge of generative AI in the U.S. Examining county-
and state-level rates of internet search for a popular new
technology, ChatGPT, we make three contributions. First,
we document emerging hot- and coldspots across the U.S.
with respect to generative AI awareness. Second, we ob-
serve that counties with the highest rates of search for
ChatGPT are relatively more urbanized, higher income,
more educated, more Asian, and have more technology
jobs relative to other counties. Finally, we show that edu-
cational attainment confounds individual-level associations
with search rates, emerging as the strongest predictor of
interest in fully adjusted models. These findings offer ev-
idence of a new, emerging set of disparities in generative
AI awareness that follows similar patterns to those of prior
digital divides (Van Dijk 2006; Hargittai 2002; Scheerder,
Van Deursen, and Van Dijk 2017). The stark differences
we observe in generative AI awareness across places should
be of particular concern to policymakers, given the strong
economic benefits associated with early adoption of novel
technologies (Saxenian 1996; Autor and Dorn 2013; Moretti
2012, 2022).

The spatial clustering we document aligns with usage
patterns one might expect of tooling designed for and pri-
marily used by highly educated, knowledge-economy work-
ers (Shani 2023). Our findings are also consistent with two
studies documenting similar emerging differences between
advantaged versus disadvantaged countries (Khowaja et al.
2024; Liu and Wang 2024). To our knowledge, however,
this study is the first to empirically characterize awareness
of generative AI across places within a country. By offer-
ing granular evidence of the regions and metropolitan areas
where awareness lags most (versus least), our spatial clus-
tering approach provides actionable insights to inform local
economic development. This geographic specificity can help
not only in understanding disparities, that is, but also in sup-
porting policymakers to target places for intervention.

We document associations between the uptake of a novel
technology that are expected (including positive associations
with urbanicity, median income, and fraction technology
jobs) and unexpected (including negative associations with
fraction White). These associations are confounded by edu-
cational attainment and urbanicity and should be interpreted
with caution, but they reflect noteworthy absolute differ-
ences in generative AI awareness across groups. We caution
against interpreting these findings with a deficit framework,
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in which differences in awareness are attributed to the short-
comings of the affected groups rather than to systemic and
structural factors (Noble 2018; Stewart, Park, and Ju 2024);
indeed, the importance of educational attainment as a predic-
tor of awareness points to the role of the systemic factors that
also underlie education divides. Finally, our study focuses
on the second-level divide in awareness and usage of a novel
technology. Further research is needed to shed light on third-
level divides in who benefits versus who is harmed by this
novel tooling. We note that search logs might offer insight
on third-level divides, enabling researchers to study e.g. how
people learn about beneficial versus potentially harmful use;
such disaggregations were not possible in our study given
that searches were still relatively rare and we needed to ag-
gregate data to protect privacy. Future research should go
beyond awareness to study actual use and its impacts either
with search logs or, preferably, logs of actual generative AI
interactions (Suri et al. 2024; Tamkin et al. 2024).

This analysis shows that early awareness of a major new
technology followed a similar path to that observed for prior
digital divides, in which differences in the uptake of new
technologies have tended to reinforce rather than remediate
socioeconomic disparities (van Dijk. 2005; van Deursen and
van Dijk 2019). That generative AI would follow these pat-
terns is not necessarily an inherent feature of the technology:
individual-level and experimental research show the poten-
tial of generative AI tooling to reduce performance and pro-
ductivity gaps between novices and experts (Noy and Zhang
2023; Brynjolfsson, Li, and Raymond 2025; Dell’Acqua
et al. 2023). Researchers have also noted generative AI’s
potential to support the “leapfrogging” by disadvantaged
places into positions of relative advantage: multilingual ca-
pabilities make generative AI tools more widely accessible
to non-English speakers in comparison with existing digi-
tal tooling (Ahuja et al. 2023) and the multi-modality of ad-
vanced models could support usage in places with low levels
of traditional literacy (Henneborn 2023). But active effort is
required on the part of the technology’s designers to miti-
gate differences in cost and quality between high- and low-
resource languages, to develop accessible interfaces, and to
ensure that the technology meets the needs of prospective
users beyond knowledge workers; as well as on the part of
advocates and policy makers, to raise awareness of the tool-
ing, to educate people with respect to its effective and bene-
ficial use, and to foster inclusive development that is tailored
to the needs and use cases of marginalized groups.

Decisions about technology design and policy will thus be
important in determining, over the longer run, whether gen-
erative AI reinforces versus mitigates prior divides. Improv-
ing access to computers and broadband has required mass
campaigns, including free resources at public libraries and
active interventions across schools (Norris 2001); a similar
effort may be called for in the context of the new generative
AI divide.
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de Vreese, C. H. 2024. The artificial intelligence divide:
Who is the most vulnerable? New Media & Society.
Wei, K.-K.; Teo, H.-H.; Chan, H. C.; and Tan, B. C. 2011.
Conceptualizing and testing a social cognitive model of the
digital divide. Information Systems Research, 22(1): 170–
187.
Zarouali, B.; Helberger, N.; and De Vreese, C. H. 2021. In-
vestigating algorithmic misconceptions in a media context:
Source of a new digital divide? Media and Communication,
9(4): 134–144.
Zhou, E.; and Lee, D. 2023. Generative AI, Human Creativ-
ity, and Art. PNAS Nexus, 3(3).
Zuboff, S. 2019. The Age of Surveillance Capitalism: The
Fight for a Human Future at the New Frontier of Power.
Public Affairs.

452



Paper Checklist
1. For most authors...

(a) Would answering this research question advance sci-
ence without violating social contracts, such as violat-
ing privacy norms, perpetuating unfair profiling, exac-
erbating the socio-economic divide, or implying disre-
spect to societies or cultures? Yes

(b) Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
Yes

(c) Do you clarify how the proposed methodological ap-
proach is appropriate for the claims made? Yes

(d) Do you clarify what are possible artifacts in the data
used, given population-specific distributions? Yes, see
limitations.

(e) Did you describe the limitations of your work? Yes,
see limitations.

(f) Did you discuss any potential negative societal im-
pacts of your work? Yes, we discuss and caution
against reinforcing deficit frameworks in the discus-
sion section..

(g) Did you discuss any potential misuse of your work?
No, this is an empirical analysis and has negligible po-
tential for misuse.

(h) Did you describe steps taken to prevent or mitigate po-
tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? Yes, we discuss measures taken to pro-
tect privacy in the Data section.

(i) Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes.

2. Additionally, if your study involves hypotheses testing...

(a) Did you clearly state the assumptions underlying all
theoretical results? Yes, see methods and results.

(b) Have you provided justifications for all theoretical re-
sults? Yes, see methods and results.

(c) Did you discuss competing hypotheses or theories that
might challenge or complement your theoretical re-
sults? Yes, see limitations and discussion.

(d) Have you considered alternative mechanisms or expla-
nations that might account for the same outcomes ob-
served in your study? Yes, see limitations.

(e) Did you address potential biases or limitations in your
theoretical framework? Yes, see limitations.

(f) Have you related your theoretical results to the existing
literature in social science? Yes, see introduction and
related literature.

(g) Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? Yes, see discussion.

3. Additionally, if you are including theoretical proofs...

(a) Did you state the full set of assumptions of all theoret-
ical results? NA

(b) Did you include complete proofs of all theoretical re-
sults? NA

4. Additionally, if you ran machine learning experiments...

(a) Did you include the code, data, and instructions
needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? NA

(b) Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? NA

(c) Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
NA

(d) Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? NA

(e) Do you justify how the proposed evaluation is suffi-
cient and appropriate to the claims made? NA

(f) Do you discuss what is “the cost“ of misclassification
and fault (in)tolerance? NA

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? Yes, see Data.

(b) Did you mention the license of the assets? No, the pri-
mary data are proprietary.

(c) Did you include any new assets in the supplemental
material or as a URL? No, because the search log data
in this study are proprietary.

(d) Did you discuss whether and how consent was ob-
tained from people whose data you’re using/curating?
Yes, see ethics statement.

(e) Did you discuss whether the data you are using/curat-
ing contains personally identifiable information or of-
fensive content? Yes, the de-identification is discussed
in the data section.

(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR
(see FORCE11 (2020))? NA

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset (see Gebru et al.
(2021))? NA

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots? NA

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? NA

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? NA

(d) Did you discuss how data is stored, shared, and dei-
dentified? NA

453



Ethical Statement
This study was reviewed and approved by the Microsoft
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Appendix: Comparison with Google Trends
Figure 5 compares state-level search trends in the Google
Trends Index with estimates constructed using the Bing
search data. Figure 6 shows univariate associations and Ta-
ble 2 reproduces the hierarchical models with the Google
Trends Index.
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Figure 5: Map of state-level searches for ChatGPT using the Google Trends Index. The inset shows that the Google Trends
Index is highly correlated with the rates of search calculated from Bing search data (Pearson’s Correlation = 0.86)

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8
(Intercept) 17.52∗∗∗ 17.1∗∗∗ 17.74∗∗∗ 17.26∗∗∗ 17.59∗∗∗ 17.18∗∗∗ 17.58∗∗∗ 17.28∗∗∗
(Intercept) 0.62 0.6 0.63 0.53 0.65 0.59 0.53 0.52
College Educated 1.34∗∗∗ 1.28∗∗∗ 1.32∗∗∗ 1.33∗∗∗

0.05 0.03 0.05 0.05
Median Income 1.25∗∗∗ 1.02 1.01 0.93

0.04 0.04 0.05 0.04
Rural 0.95 0.98 1.03 1.01

0.03 0.03 0.04 0.03
Unemployed 1 1.04 0.99 1.03

0.03 0.03 0.04 0.04
Black 0.93∗∗∗ 0.95 0.92∗∗∗ 0.92∗∗∗

0.03 0.03 0.03 0.03
Hispanic 1.01 1.07∗∗∗ 1.01 1.06

0.03 0.03 0.04 0.04
Asian 1.28∗∗∗ 1.1∗∗∗ 1.14∗∗∗ 1.12∗∗∗

0.03 0.03 0.04 0.03
Tech Share 1.3∗∗∗ 1.08∗∗∗ 1.22∗∗∗ 1.04

0.04 0.04 0.05 0.04
Arts Share 0.99 0.96 0.98 0.97

0.03 0.03 0.03 0.03
Finance Share 0.98 0.97 0.99 0.98

0.03 0.02 0.03 0.03
Service Share 0.97 1.06 1.01 1.01

0.04 0.04 0.05 0.04
AIC 1273 1213 1264 1193 1258 1211 1242 1200
BIC 1293 1236 1284 1216 1281 1237 1285 1246
Log Likelihood −631 −599 −17861 −17567 −17871 −17548 −17754 −17509
Var: STATE (Intercept) 0.03 0.03 0.02 0.02 0.02 0.02 0.02 0.02

Table 2: Results are exponentiated coefficients and standard errors from multilevel negative binomial models. Models predict
the searches for ChatGPT (Google Search Index). N = 198 metro areas across 48 states. ∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05
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Figure 6: Searches for ChatGPT in relation to socioeconomic, demographic, and industry makeup. Blue points indicate values
from the Google Trends Index; black points are medians and 75% interquartile ranges of metropolitan area ACS data, manually
linked to the closest designated market area. Observations and estimates are weighted by metro area population.
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