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Abstract
The quality of our local information ecosystem has degraded, lead-
ing communities to have poorer access to information. Now, cred-
ibly worded generative AI responses generated in local contexts
stand to potentially obscure underlying data quality. In this study,
we seek to understand the relationship between the localness of
sources available on the web and their likelihood to be featured
in locally relevant AI outputs. We conduct a large-scale audit of
Google’s AI Overviews feature, which provides searchers with a
generative AI summary aimed to quickly answer queries in nat-
ural language text. We construct a corpus of local and civically
relevant queries, which we simulate on Google across all 3,000+
counties in the United States. Our results show that Google fre-
quently relies on non-local sources, including aggregate databases,
to answer local queries. AI Overviews generated in response to
opinion-based queries rely proportionally more on localized social
media, as do queries about culture and crime. These findings suggest
that without targeted investments in local data quality and jour-
nalism, AI-mediated information access may exacerbate existing
inequalities in civic knowledge and community engagement.
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1 Introduction
Themental model for online search is changing. The introduction of
generative AI into popular search engines, and particularly Google,
is shifting the structural way that user queries are answered. With
generative AI — a set of tools that allow for the realistic on-the-fly
creation of new content — search engines can now generate human-
like responses to any query. While historically, query responses
were presented as an ordered set of links, new AI features enable
search engines to increasingly surface one authoritative summary
to answer user queries [22]. Experimental work on the topic found
that this change in search engine behavior may lead users to alter
the types of queries that they formulate, that users may perceive
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AI Overviews as more authoritative, may not apply the same criti-
cal thinking skills when evaluating information, and change their
interaction behaviors [15, 25, 26].

We focus this study on an audit of local information ecosystems
on Google Search. This area of focus is socially consequential, and
likely to significantly vary in different communities. Due to lack of
funding and increased siphoning of ad revenues to tech platforms,
the last decades have gutted the U.S. local news industry, leaving
many communities with no news at all [21]. These communities are
also termed “news deserts” [1]. The closure of local news outlets
is associated with many community-level harms, from increased
corruption to stronger polarization [2, 12, 13, 19]. In the face of
these changes to local news production, scholars have called to
widen our definition of what is considered local news [? ]. While
scholarly work has documented the consequences of shuttering
outlets on community-level outcomes, and tracked the production
of local newspapers, this current effort is the first to undertake the
mapping of online local information availability more broadly on
Google Search across the U.S.

In this study, we seek to understand the health of the local infor-
mation ecosystem on Google Search. In particular, since AI sum-
maries tend to homogenize underlying information quality, our
findings focus on the relationships between user queries and cited
website attributes.

Specifically, we answer the following questions:

(1) What types of websites are cited by Google’s AI Overviews
in local contexts?

(2) How does the type of user query influence the AI Overview
websites that Google cites?

To answer these questions, we conduct the largest audit of
Google’s new AI Overview feature to date. This work also rep-
resents one of the first search audits of local information on Google,
and the first audit of localized generative AI performance. We con-
struct a set of 115 queries which represent community critical
information needs and reflect real user searches. We then use a
distributed architecture to generate searches for these queries over
a three-month period, across all 3,000+ counties in the United States.
To evaluate the outcomes, we contribute a novel framework for
judging the localness of websites by content localness and source
localness.

Based on our analysis, we conclude that a majority of sources
(51.5%) that Google relies upon to construct local AI Overviews
are not created by local communities. We also find that more nu-
anced queries, and queries about safety, are particularly likely to
cite localized social media websites. Finally, Google relies most on
community-created content when users search about local “events
and news,” suggesting that there are still no true replacements for
local news provision in our online ecosystem. This study points to
the future of local information acquisition in an AI-mediated world.
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Figure 1: Ridge plots of the distributions of the source localness (x axis) vs the content localness (y axis) categories across all
sources cited in AI Overviews.

2 Data and Methods
In this section, we describe our approach to auditing Google’s AI
Overviews, including how we gathered data and the details of the
audit.

County-level Datasets
We leverage a few county-level datasets. First, we rely on past work
by Fischer et al. [10] which makes available a list of 3,143 counties
in the U.S. with their county seats and a latitude and longitude. We
complement this geographic information with census data from the
American Communities Survey (ACS). Finally, for the local news
data, we rely on the Northwestern Local News Initiative, which
remains the best available record of local paper newspapers [18].

Constructing local queries
Past auditing work has pointed to the necessity to gather multiple
queries when conducting location-based search engine audits [20],
and the need to gather realistic user queries [24]. We sought queries
that balanced representing civically important needs, and those
that represented real user requests.

Thus, we constructed a multi-step query generation pipeline. We
begin with the eight key community information needs identified
by Waldman [28]. For each community information need, we use
the description to create a set of relevant keywords [11, 29]. We
selected nine population-stratified cities/towns across the U.S. We
then used Google Search’s auto-complete function to recursively
search each location with each identified keywords for each commu-
nity information need. For example, we would search “Austin, TX
weather emergency”, retrieve all auto-complete results, and gather
the auto-complete results for each of the returned suggestions. This
auto-completion was conducted using the suggests package [23].

This search process returned 104,302 total queries, which we
further filtered according to specific criteria. Since we know that

AI Overviews are most commonly returned for queries posed as
questions, we retain only queries that are phrased as questions
(e.g. begin with how, do, or are). Queries were de-duplicated, and
only those including the searched-for location were maintained.
Following this process, 1,284 queries remain.

Since many queries had overlapping topics, we further grouped
these queries using hierarchical agglomerative clustering. This ap-
proach yielded 197 total clusters of queries. We manually removed
clusters that included specific location markers that would not be
appropriate for all counties. For each remaining cluster, we selected
the query that was the most general, using an automatic concrete-
ness metric [3]. In total, we finish this selection process with 115
queries that represent a broad set of community information needs.

Auditing AI Overviews
We then conduct a comprehensive audit of AI Overview results on
Google Search. We leverage AWS lambda functions to programmat-
ically search Google for each query for each county over a three-
month period, from March 22nd to June 4th, 2025. The retrieval
process was constructed such that search queries were conducted
in all counties in a short time period, and any new features intro-
duced to AI Overviews during the data collection time would not
impact between-county differences. Each browser instance was
launched using the county seat latitude and longitudinal parame-
ters to emulate specific locations. The python packages selenium,
beautifulsoup, and websearcherwere used to directly download
the HTML and store the AI Overview information. For each query,
we retrieve whether an AI Overview was generated, the top three
websites that the AI Overview cited, and the regular search engine
results.
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Figure 2: Bar graphs depict the source distributions for all (left), opinion-based (middle), and fact-based (right) queries. The
x-axis is the source parameter, which represents whether content was created by local sources, filtered through a platform, or
aggregated externally or through a dataset. Websites returned for opinion-based queries are significantly more likely to be
localized social media platforms, and significantly less likely to be indigenous local content.

Localness Framework
AI Overviews include references to specific websites, which Google
indicates support the information contained in the summaries. For
each AI Overview, we additionally compute a set of labels asso-
ciated with each source. These are aimed to capture two axes of
localness. The first axis is source localness, which represents how
the local information was created and by whom. We define three
categories of source localness: “indigenous local content,” “localized
platforms and crowdsourcing,” and “external or database-driven.”
The second category, content localness, defines the geographic scope
of the content of a website. This category has six labels, ranging
from “not relevant to any specific place” to relevant to a “specific
neighborhood or small community.”

Due to the large size of our dataset (with over 500,000 domains),
we deploy LLMs to assign these two categories to each source. We
used batch processing with gpt-4o-mini chat completions to label
websites, and included in the prompt the website url, title, and
text snippet for the specific query. For validation, one expert rater
labeled a set of one hundred URLs according to their source and
content localness. For both dimensions, exactly 90 out 100 websites
were correctly tagged, indicating a 90% raw accuracy. Figure 1
shows how the two axes capture related, yet distinct concepts
associated with localness. Higher source and content values demark
more local sources.

3 Findings
In this section, we report on differences in the localness of sources
that the AI overview cites, by different query types.

In total, 209,491 (66.7%) queries triggered an AI Overview. 7,856
(2.5%) queries triggered a banner saying “an AI Overview could not
be generated for this search,” and 7,345 (2.3%) queries did not load
before the page timed out. The word count is bi-modally distributed
with a long tail, a mean of 150 words and a median of 143 words.

AI Overviews by Query Type
Prior works have identified that query formulations significantly
influence web search results. We thus conduct analyses to identify
how two major query categories influence the sources cited in AI
Overviews. The first variable we look at is the query type, which
we manually label as opinion or factual, following prior work [7].
The second query-based variable we examine is query category.
These query categories are grounded in the community information
needs introduced by Waldman [28] and encompass safety, culture,
economy, civics, events, geography, health, education, politics, and
transportation.

Figure 2 shows all sources cited by the AI Overviews in our
dataset, and their distributions by source localness. Half of sources
cited by AI Overviews are external or database-driven(𝑁 = 250, 032
(50.8%)), followed by indigenous local content (199, 132(40.4%)),
and finally localized social platforms (𝑁 = 43, 241(8.8%)) These dis-
tributions vary significantly for opinion-based vs factual questions.
Specifically, AI Overviews that respond to opinion-based queries
cite localized platforms much more (14.7% 𝑣𝑠 2.1%) and indigenous
local content much less (35.5% 𝑣𝑠 45.9%), compared with factual
questions. Notably, the fraction of sources returned that are exter-
nal or database-driven remain relatively stable (51.0% 𝑣𝑠 51.9%). A
Mann-Whitney U test confirms that these differences in source local-
ness between fact-based and opinion-based queries are statistically
significant,𝑈 = 31, 351, 337, 916.5, 𝑝 < 0.0001.

AI Overviews by Query Category
Beyond the query type, we also evaluate how the source localness
varies by query category. Figure 3 displays the ten query categories
broken out by provenance source. AI Overviews in a few cate-
gories seem to specifically return different source distributions. The
economy category contains the largest percentage of external or
database-driven sources (69.5%), which is likely due to these queries
requesting specific numbers or costs. The second category that
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Figure 3: Bar graphs depict the source localness for each query category. The topic with the highest percentage of external or
database-driven websites is economy (69.5%, top middle-right), the topic with the highest percentage of indigenous local content
is events (65.2%, middle left), and the topics with the highest percentage of localized social platforms are culture (19.6%, top
middle left) and safety (18.2%, bottom left).

stands out is the events category, which is the only category that is
dominated by indigenous local content (65.2%). Finally, the culture
and safety categories both comparatively cite higher percentages
of localized social media platforms (19.6% and 18.2%, respectively).

4 Discussion
This study represents one of the first public audits of Google’s AI
Overview feature. The prevalence of AI Overviews was remarkably
high, with an AI summary being generated for 66.7% of queries.
While the queries we selected were specifically designed to be
phrased as questions, and thus to be more likely to trigger AI
Overviews, these results still exemplify the growing prevalence
of AI Overviews on Google. This study thus joins the ranks of
those that have measured AI prevalence across contexts including
in crowdworking [27], reviewing [17], and across workplaces [4].
We find that generative AI summaries on Google are pervasive for
question-based queries.

The current study also provides insights into the deployment of
local generative AI systems. One major finding from this study is
that half of citations that local AI Overviews rely on are produced
by people outside of the location: they may be non-local sources
or an aggregated database. Scholars observed people’s increased
reliance on data in local contexts, a trend that received attention
during the Covid-19 pandemic [8, 30]. This finding suggests that
local information exposure on Google is often unlikely to come from
the communities themselves. Prior work found that Google News
unfairly prioritizes national news over local news sources [10]: our
analysis suggests this inequality extends beyond the news domain.

We also provide evidence of the pivotal role of localized social
media in an AI-mediated information ecosystem. The percent of
AI Overviews that cite a localized social media website is heavily
dependent on the query type and category. In particular, our results
suggest that local Facebook or Reddit discussions are more likely to
be cited when people search opinion-based queries. Almost one fifth
of total sources cited by AI Overviews about local culture or safety
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and crime are localized social media platforms. This prevalence
suggests that people looking for local information about crimes are
highly likely to encounter discussions from localized social media.
While these can be productive, and provide searchers an insight
into local communities, prior work raised significant issues about
the potential biases of such conversations [5, 6, 14].

Of all query types, we find only one where the most frequently
cited websites are indigenous local content: the events and news cat-
egory. This findings suggests that, while technological and scalable
solutions exist for informing communities about many information
needs, communities must continue to rely upon indigenous local
content to receive up-to-date information about what is occurring
in their communities. Kovach and Rosenstiel [16] argue that one
of the key functions of journalism is “the system societies generate
to supply this information about what is and what’s to come.” These
findings suggest that while local news outlets have been financially
displaced, scalable technologies offer limited viability to replace
this function.

As AI systems increasingly mediate access to local information,
our findings suggest that communities may receive much of their
information from aggregate databases and non-local publishers
rather than local sources. The homogenization of tone in Google AI
Overviews is likely to obscure markers of answer quality, leading
people to overrely and be less critical of lower-quality or external
information [15, 25, 26]. This concern is particularly acute given that
the presence of citations, rather than their quality, drive trust in AI
generated answers [9]. This trend threatens to further weaken local
information ecosystems and potentially limits communities’ access
to the indigenous local content necessary for civic engagement.
Addressing these challenges will require coordinated investment
in local information production and advocacy for tech companies
to prioritize information quality.
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