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Abstract
Autocomplete is a search feature that algorithmically generates information cues
for any keywords entered in the search bar. While this feature makes the search
process more efficient, it also frequently produces biased, misleading, offensive, or
otherwise inappropriate suggestions. To address this problem, commercial search
systems like Google Search now moderate Autocomplete information cues. However,
we know relatively little about how users perceive this moderation process. Conducting
interviews with 20 users of web search systems, I examine user attitudes toward
the ethical tradeoffs in enacting moderation, reliance on search systems for making
regulation decisions, and users’ own role in moderating autocomplete information. My
findings show that users desire greater visibility into the autocomplete moderation
process. They also see flags and personal moderation mechanisms as promising
avenues for themselves to exert greater agency within contemporary information
infrastructures. My analysis bridges the fields of content moderation and search engine
critiques, and lays the groundwork for enacting fair, accountable, and transparent
search moderation.
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Introduction

Search systems play a central role in shaping how people satisfy their information
needs in everyday life (Cole 2011). Beyond returning ranked results, almost all
mainstream search interfaces surface query autocomplete suggestions (Berget
and Sandnes 2016) that structure users’ sensemaking before any documents are
accessed. These algorithmically generated cues function as informational signals
that influence perceptions of relevance, credibility, and legitimacy (Markham 2024;
Miller and Record 2017), yet how users interpret the control practices that shape
their quality remains poorly understood. As search autocompletes become ever
more widely deployed, understanding how users perceive their opaque production
process is critical for theories of information behavior, trust, and accountability
in search infrastructures.

While users highly trust search outputs, autocompletes can include
inappropriate suggestions, such as misinformation, biases against specific groups,
and stereotypes (Baker and Potts 2013; Leidinger and Rogers 2023; Lin et al.
2023). This is concerning because prior research has shown that across several
writing tasks, exposure to biases in automated text suggestions tends to shift
people’s attitudes in the direction of the bias (Arnold et al. 2018; Jakesch et al.
2023; Williams-Ceci et al. 2024). Such shifts in attitude occur irrespective of
users’ awareness of the bias (Williams-Ceci et al. 2024). Thus, there is a need to
“moderate”, i.e., prevent inappropriate autocompletes from appearing before the
users. In fact, search systems do moderate Autocomplete outputs, as I describe
in the next section, yet the complexities of these moderation procedures usually
remain hidden.

The prospect of moderating Autocomplete suggestions raises a range of
ethical, technical, and political questions, such as how to distinguish between
appropriate and inappropriate suggestions, who should have the power to
make such distinctions, and how these decisions should be communicated to
end-users. This paper takes a user-centered approach to interrogating these
questions. By conducting semi-structured interviews with 20 regular users of
commercial web search systems, I examine how users make sense of Autocomplete
moderation, what concerns they have about its procedures, and how they seek
to assert greater agency within the information retrieval process. This study
contributes to information science by highlighting the perceived role of reporting
mechanisms in shaping Autocomplete cues, capturing reflections regarding user
control over the retrieved information, and exploring the distribution of curation
responsibility (alongside the associated digital labor) across stakeholders. It
advances understanding of users’ transparency and accountability concerns about
search moderation, and offers design and governance recommendations for how
search systems can foster greater user trust.
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Controlling Algorithmic Information Cues in Search Systems

General-purpose web search systems are essential mediators of information online.
The frequent use of these systems can reinforce prevailing norms and narratives,
showing them in a way that feels familiar and trustworthy to users. Unfortunately,
a large body of prior research has documented that these narratives are prone to
inaccuracies and biases (Graham 2022; Kay et al. 2015; Noble 2018). Seeing biased
search results over and over can distort how people view the world (Noble 2018).
Crucially, evidence suggests that exposure to identity-based stereotypes in search
outputs can lead users to behave in ways that reinforce societal inequalities (Roy
and Ayalon 2020).

Prior examinations of the outputs of Autocomplete, the feature I focus on for
this article, have also reported derogatory suggestions for queries about gender
identity, sexual orientation, race, women, old men, and religions (Baker and
Potts 2013; Leidinger and Rogers 2023; Lin et al. 2023). Failure to identify and
remove such information cues can harm not only searchers who develop skewed
beliefs, but also the target(s) of the query, whose dignity and autonomy may be
compromised by suggestions spreading false information about them (Miller and
Record 2017). On the other hand, excessive or misused regulation could amount
to censorship, as seen in authoritarian regimes that tightly control local search
engines (Makhortykh et al. 2022). This emphasizes the need for conducting fair
and efficient moderation of search outputs, including autocomplete suggestions.

Research on content moderation has traditionally focused on social media
sites (Jhaver et al. 2023; Morrow et al. 2022; West 2018), but scholarly interest in
search moderation has recently been growing. While the regular content curation
and ranking practices of search engines would always reduce (or amplify) the
visibility of some search outputs over others, search moderation is concerned
with specific algorithmic configurations that regulate (i.e., remove, downgrade,
or warn against) certain search outputs due to their inappropriate (e.g., offensive,
misleading) content (Urman et al. 2024). Search engines employ information
moderation in an even more opaque fashion than social media sites (Gorwa et al.
2020). Yet, previous content and policy analyses have highlighted that search
systems regularly remove problematic content, inform users about potentially
dangerous websites, downgrade inappropriate outputs, and place warning banners
at the top of questionable search results (Robertson et al. 2025; Urman et al. 2024).

Search systems moderate not just search results but also Autocomplete
suggestions. Up until 2016, Google enacted emergency takedowns or patches of
inappropriate information cues and offered public explanations of its actions,
usually in response to press reports (Gibbs 2016). In 2017, Google implemented a
‘Direct feedback’ or ‘flag’ feature, that allows end-users to report autocompletes
under one of the categories: “hateful,” “sexually explicit,” “violent or includes
dangerous and harmful activity,” or “other” (Gomes 2017).1 Over the following
years, Google also developed an Autocomplete moderation policy that, in its
current form, prevents predictions violating its overall content policies (which
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block content that is dangerous, harassing, hateful, vulgar, etc.), and additionally
omits suggestions that are election-related, health-related, disparage named
individuals, or make unsubstantiated accusations against any groups (Google
2025). I contrast these search engine-directed framings of ‘inappropriate’
suggestions with what regular users deem should be moderated in Autocomplete
outputs.

Recent theoretical analyses have highlighted the challenges of moderating search
autocompletes. For example, Graham (2023) raised a range of ethical questions
regarding legally permissible suggestions, including whether search systems have
a duty to regulate group stereotypes and aggregated patterns of discrimination,
and whether users must be allowed to influence autocomplete suggestions. I
examine how regular users consider these ethical dimensions of autocomplete
moderation. Hazen et al. (2022) have described the social and technical challenges
of moderating autocomplete cues at scale. They especially note the difficulty
of setting the boundary between problematic and non-problematic cases, and
ask whether suppressing inappropriate suggestions is a form of censorship. I
explore regular users’ perspectives on these challenges in my analysis. Another
relevant strand of search engine critique—although not specifically focused on
search autocompletes so far—has considered how the prevalent ‘service-for-
profit’ business model and users’ information dependencies serve the “capital
accumulation cycle” (Fuchs 2011) of search platforms (Mager 2012). I assess how
users perceive platforms’ capitalist spirit (Boltanski and Chiapello 2005) in the
context of using search autocompletes.

Previous empirical research on autocomplete moderation has focused on
documenting the extent of search moderation across different content categories,
largely relying on algorithmic audits. For example, Leidinger and Rogers (2023)
used stereotype-eliciting queries to compare moderation of societal biases across
three search systems—Google, Yahoo!, and DuckDuckGo. They found that age-
and gender-related stereotypes remain under-moderated in autocompletes across
all three sites. Liu et al. (2024) compared the moderation practices on Google and
Baidu by collecting over 2,000 autocompletes for 146 unique social groups. They
concluded that both search systems under-moderate negative stereotypes across
a wide range of social categories.

These prior empirical efforts help establish the current state of what
autocomplete moderation achieves in practice. However, we know relatively little
about how regular users, i.e., the intended audience of these moderation attempts,
perceive the procedures and outcomes of autocomplete moderation, and how they
evaluate the ethical questions that such moderation raises. The current article
seeks to fill this crucial gap.

User Perspectives on Information Moderation

Prior research on user perspectives of search moderation is scarce. One notable
exception is a recent article by Urman et al. (2024) that surveyed users to analyze
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the relationships between user characteristics (e.g., demographic markers, political
leaning) and support levels for search moderation. The current article builds
upon that research by qualitatively exploring users’ understanding of and complex
concerns about search moderation. While Urman et al. (2024) focus on moderation
of search results, my investigation centers moderation of Autocomplete outputs.
Following Urman et al. (2024), I draw from user-centered research on social media
moderation to shape my inquiry, as I detail below.

Discussions of user perspectives often include questions about who bears the
responsibility for information moderation. For example, Riedl et al. (2021a)
conducted a survey to examine user attitudes about who should intervene against
problematic comments on the social media pages of online news outlets. They
found that users largely attribute this responsibility to social media sites and
news organizations, rather than law enforcement or themselves. In another
survey study, Jang et al. (2024) showed that users with anti-establishment
beliefs are more likely to hold individual users, rather than the government or
platforms, responsible for social media content. Building upon these studies, I
examine how users perceive the responsibilities of various stakeholders, including
search systems, website providers, lawmakers, and users, regarding autocomplete
moderation.

User attitudes toward content moderation are often shaped by third-person
effects, i.e., a perception that media messages will be be more impactful or
persuasive to others than to oneself (Davison 1983). Multiple studies have shown
that presumed effects of inappropriate social media content on others significantly
predict users’ support for information moderation (Jhaver and Zhang 2023; Jhaver
2025a; Riedl et al. 2021b). I explore how concerns about the impact of search
autocompletes on others shape users’ attitudes toward autocomplete moderation.

Enacting content moderation involves making trade-offs between two
fundamental values: upholding free speech and preventing harm caused by
exposure to inappropriate content. Using a survey experiment, Kozyreva et al.
(2023) showed that a majority of users prefer removing social media posts
containing harmful misinformation over protecting free speech. On the other
hand, support for free speech does not necessarily indicate aversion to content
moderation (Guo and Johnson 2020; Jhaver 2025a). In the context of search
autocompletes, while users’ own speech is not at stake, they may still desire to
preserve access to relevant autocompletes during search even if they represent
norm-violating information cues. Therefore, I analyze how end-users conceive
the dilemma of protecting free speech while preventing harms in autocomplete
moderation.

Search platforms provide users an option to flag or report inappropriate
autocompletes. However, flags are not unique to search. Indeed, all popular digital
platforms offer flags as a feature that lets users directly request site administrators
to take down any content (Zhang et al. 2023). The availability of flags introduces a
novel ‘rights-obligations’ tension in content moderation, where users feel they have
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a democratic right to flag but also experience flagging as a moral burden (Zhang
et al. 2023).

Prior research has shown that users are motivated to flag inappropriate content
due to an inclination to nurture their communities and a belief in generalized
reciprocity (Zhang et al. 2023). Yet, users have reservations about the cognitive
burden of flagging and the misuse of flags by bad actors attempting to remove
otherwise appropriate content. Flagging interfaces require users to select one
of the pre-defined categories of policy violations (e.g, “hate speech,” “violent
content”) sustained by the flagged item. However, Kou and Gui (2021) found
that the conception of what makes an item “flaggable” for users may differ from
platforms’ definitions of what is inappropriate. Chipidza and Yan (2022) show
that flagging inappropriate content posted by prominent individuals might be
even counterproductive in curbing its spread. Investigations of procedural fairness
in flagging mechanisms show that users feel frustrated with platforms’ lack of
feedback after reporting, need justifications for flag outcomes, and desire greater
transparency in each stage of the flag review process (Shim and Jhaver 2026;
Zhang et al. 2023). I build upon this research to study users’ expectations of
flagging procedures regarding search autocompletes.

On social media sites, flags are often accompanied by a variety of personal
moderation tools that allow users to “configure content moderation of the posts
they see to align with their content preferences” (Jhaver and Zhang 2023). This
includes tools that let users mute configured keywords (Jhaver et al. 2022), block
offensive accounts (Geiger 2016), remove NSFW (not safe for work) content, and
indicate their sensitivity to specific topical categories, such as hate speech and
sexually explicit content (Jhaver et al. 2023). By empowering users to make their
own moderation choices, these tools respond to a frequent platform critique that
a centralized, one-size-fits-all approach to shaping content cannot serve the varied
moderation needs of all users (Jiang et al. 2021).

Studies on user interactions with personal moderation tools have found that
they provide users greater control over their social media feeds (Jhaver et al.
2018, 2022), yet fear of missing out on relevant posts makes users wary of
using them (Jhaver et al. 2023; Jhaver 2025c). Jhaver and Zhang (2023) showed
that both third-person effects and free speech support predict support for using
personal moderation to regulate inappropriate content. While search platforms
do not currently provide any personal moderation tools, I evaluate users’ appetite
for the customization that such tools could enable in moderating autocompletes.

Methods

This article is part of a larger project examining regular search engine users’
understanding of how autocompletes are (1) produced and (2) moderated. In
an earlier article (Jhaver 2025b), I have described users’ mental models of how
autocompletes are produced, and how these mental models raise critical concerns
about user privacy, data manipulation, and reproduction of societal biases. During
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my analysis, it became apparent that a separate group of findings, centered around
users’ understanding of how autocompletes are moderated, need to be explored in
their own right. The current article documents these latter findings.

The data for this project are drawn from 20 semi-structured interviews
conducted with regular users of commercial search systems. I recruited interview
participants using a pre-screening survey that was circulated both online
and through word-of-mouth, and received 161 responses. This survey asked
for respondents’ demographic details, experience with using search platforms,
awareness of search autocompletes, and proficiency in information fields (i.e.,
whether they have worked or been educated in information technology (IT)-
related fields). In line with prior research on this topic (Juneja et al. 2024),
this study sought to understand the viewpoints of users who are not IT-experts.
During recruitment, I drew on a theoretical sampling approach (Wengraf 2001)
to guide my participant selection. This involved examining emerging insights and
identifying gaps, attending to survey respondents’ experiences and perceptions of
Autocomplete feature, and seeking variation rather than representativeness. All
participants resided in the US at the time of the interview. Table 1 (in Supplement)
shows the demographic details of interview participants.

Data collection occurred between March–July, 2025. Each interview began
with asking participants which search systems they use. Everyone (except P9)
listed Google Search as their most frequently used search engine. Next, I asked
interviewees to list the factors that they believe influence the production of
autocomplete suggestions. My findings related to the discussions about these
factors are captured in a separate article (Jhaver 2025b). In summary, participants
listed three main factors: (1) searcher’s personal search history and profile
(including geographic location), (2) aggregate population-wide queries, and (3)
commercial advertising.

Following this discussion, I asked participants questions (detailed below)
related to the moderation of inappropriate search autocompletes for the rest
of the interview. Participants’ responses to these moderation-related questions
constitute the findings for the current article. Given the widespread assumption
that population-wide queries influence autocomplete production, my questions
about autocomplete moderation began with the following prompt:

Would you prefer to see suggested queries submitted by other users
even when they are biased, offensive, untrue, or problematic in other
ways, or would you prefer search platforms to remove such problematic
suggestions? Explain why.

Next, to contextualize discussions about autocomplete moderation, I showed
participants a few illustrations of problematic autocompletes (e.g., suggestions
displaying negative stereotypes of Europeans, Democrats, and transgender people)
that have been documented in prior research (Olteanu et al. 2020). I questioned
participants who they blamed for such autocompletes appearing in search, and
whether (and how) platforms should review and remove such information cues.
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Following this, I asked questions about flagging (or reporting) as a defense
mechanism against problematic suggestions: should platforms offer flags, whether
all users have a duty to report inappropriate autocompletes, how they believe flag
review process works, and what they expect of post-flagging outcomes. Finally,
I inquired participants about the design and policy solutions search systems can
enact to increase their trust in autocomplete suggestions. At the conclusion of
each interview, participants were compensated for their time with a $20 Amazon
gift card.

All interview transcripts were recorded, transcribed, cleaned, de-identified,
and then uploaded to Dedoose, a qualitative analysis software. Once it became
clear that I needed to investigate my findings about autocomplete moderation
separately, I copied my Dedoose project, deleted existing codes, and restarted the
coding process to prepare this article. I began with identifying relevant excerpts—
those pertaining to search moderation—and then performed a reflexive thematic
analysis on them using an inductive approach (Braun and Clarke 2006).

I adopted an experiential orientation to data interpretation and prioritized
semantic (rather than latent) codes (Clarke and Braun 2014). Through an iterative
coding process, memo-writing, and continual comparisons of codes with one
another and with interview data, I allowed the codes to emerge and refine
organically. My coding was informed by a constructionist epistemology: while
I considered recurrence, I primarily based code development and application
on participants’ expressed significance of the issues discussed, alongside my
interpretation of their meaningfulness and a reflexive analysis of my positionality.
I did not seek inter-rater reliability with a second coder because my codes were
merely an interim product in an iterative process that evolved over multiple cycles,
and not a final result requiring testing (McDonald et al. 2019). Next, I refined and
consolidated my codes, which resulted in four key themes. I engaged in negative
case analysis, i.e., I looked for data that contradicted my themes and revised my
themes to account for them. I conducted member checking to further increase the
validity of my findings, i.e., I shared my manuscript drafts with participants, and
confirmed that my interpretations resonated with their views and experiences.

Findings

Perceived Necessity of Autocomplete Moderation

Many participants observed that their general perception of search systems, and
especially Google, as fact-finders makes them consider Autocomplete suggestions,
at least at a first glance, as factually correct. For example, P17 felt that most
people today equate Googling to “looking for truth,” and thus would expect any
information that appears in Google autocompletes to be credible. Similarly, P13
shared that she tends to take autocompletes at face value:

“There are certain things about which we’re trained to be critical —
like the opinion page [of newspapers]. It feels often as if a search bar
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is a neutral technology, so it flies under the radar, like okay, well, this
isn’t the time when I need to have my critical thinking hat on.” – P13

Given this expectation, participants sensed a danger in Autocomplete affirming
incorrect or biased ideas by including them in its suggestions. Many worried that
autocompletes that show negative associations for vulnerable groups (e.g., racial,
sexual, or gender minorities) can “subconsciously brainwash” (P8) searchers to
categorize those groups negatively. For instance, P9 shared:

“There is affinity for people to get associated with negative views a
lot more easily compared to positive views, so perpetuating negative
opinions about any identity group [via autocompletes] will make those
opinions stick.” – P9

Some participants felt that children and digitally illiterate users are particularly
vulnerable to the effects of such risks, and should therefore be protected. For these
participants, offering such protections requires that Autocomplete production
regulates the display of inappropriate information cues. For instance, P8 feared
that an absence on such regulation would flood autocompletes with fake news and
misinformation. P10 emphasized that autocompletes should especially exclude any
biased or offensive keywords when her search query does not pertain to any overtly
political or ideologically charged topics.

When asked which suggestions should be omitted from appearing in
autocompletes, participants reflected that any information that is not “true” or
“decent” should be moderated. Specifically, they argued that any instances of
stereotypes, false information, illegal content, and hate speech should be regulated.
For instance, P5 noted:

“If it’s abusive or inappropriate, it shouldn’t appear. For example, if
a teenager [is] typing “teenagers are...” and then sees something like
“horrible,” “lazy,” or “disrespectful,” then in one way or the other, it
might affect or trigger the emotion or mentality of the person typing,
so Google should avoid such suggestions.” – P5

P5 further mentioned that autocompletes “should be relevant to what
you’re typing,” and not “unrelated or expected.” Similarly, P13 felt that any
autocompletes that suggest “irrelevant stuff that’s not nice or that are hurtful or
disturbing” should not be shown to the users. P3 concurred that autocompletes
that derogate any demographic or interest groups, such as Europeans or
transgender individuals, could be upsetting for searchers from that group and
lower their self-esteem, and should therefore be removed:

“I think, literally almost everyone uses Google to search, and it’s used
for many reasons, so it’s important that Google maintains the decency
[in its outputs] for its users. It shouldn’t be a platform that promotes
hate, that promotes discrimination, or promotes crime.” – P3
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Despite recognizing the need to moderate autocompletes, many participants
also observed the potential pitfalls of such regulation, as I discuss next.

Tradeoffs in Moderating Search Autocompletes

Almost all participants felt that there are certain types of information—notably,
child pornography and other illegal content—that are “beyond the pale” (P13) or
directly “cause harm” (P11) and should not be suggested by autocompletes. Thus,
the need for a baseline level of autocomplete moderation was broadly recognized.
However, many participants hesitated to moderate autocompletes that fall in a
“gray area” (P13, P17) of what could be considered misinformation or offensive
speech.

These hesitations often connected to the perceptions of how search engines
produce Autocomplete suggestions. For instance, most participants assumed that
autocompletes at least partially reproduce population-wide searches, and thus
they offer a lens into understanding society. Given this assumption and a desire to
learn what others are thinking, some participants saw autocomplete moderation as
a distortion of popular search trends, and therefore, opposed it. For instance, P11
described herself as a “curious person” who appreciates knowing uncomfortable
or problematic truths about about any search topic, and disapproved of receiving
“over-sanitized” autocompletes. P13 framed this as a free speech issue, arguing
that “in a healthy democracy, users should be able to find a range of opinions
[on any topic] if they are looking for it on the internet.” P2 considered himself
as capable of distinguishing truth from subjective opinions when consuming
autocompletes, and felt that he would not be swayed by biased autocompletes.
Similarly, P19 objected to regulating autocompletes that stereotype any groups
by observing:

“I think that if we are told that people don’t believe others are evil,
then that’s disingenuous. People do believe that, and they live that,
they walk that, they search for that and share that. Of course, it’s
wrong to pick a group based on their thoughts or identifications, and
then demonize them. But that’s what humans are doing. And unless
we’re clear and open about it, it’s not going to improve. You can’t just
censor it into oblivion.” – P19

On the whole, participants wished that search moderation would achieve an
appropriate balance between making relevant information available (i.e., not
censoring it) and ascertaining information quality (e.g., ensuring public safety)
within Autocomplete outputs. However, they also acknowledged the difficulty of
attaining this balance. P7 admitted that everyone has different views on where
search engines should draw the line for regulating any candidate suggestion, and
even an individual’s views may evolve over time. P1 considered it impossible for
search engines like Google to “review every single piece of information that’s put
on their search platform” and determine whether autocompletes derived from
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it deserve moderation. P1 further remarked that different countries (or legal
jurisdictions) likely put pressure on search companies to moderate as per their
(potentially conflicting) priorities. Thus, it could be challenging to enact consistent
and broadly satisfying search moderation. P9 offered:

“If you want to implement this properly, there is going to be a lot
of political debate of what exactly constitutes things worth removing.
And let’s say that you come up with the idea of ‘these specific things
are bad.’ Now, how do you go about implementing that? I mean,
there would be technological challenges, societal challenges, political
challenges, and feasibility challenges.” – P9

While participants appreciated these varied challenges of moderating
autocompletes, they were also keenly aware of search systems’ central role in
enacting such moderation, and expressed nuanced views on it as I describe next.

Reliance on Search Systems to Moderate Autocompletes

Many participants trusted search platforms to be relatively objective and unbiased
when curating autocomplete suggestions. P17 commented on the aesthetics of the
Google Search homepage, noting that “the simplicity of it and the lack of forward
facing advertising makes me feel that I’m going to get a truthful result out of it.”
P10 felt that Google Search just shows “what is most popular without applying its
own judgment” in its autocompletes, and thus considered them to be politically
neutral. Participants frequently compared search moderation with social media
moderation and expressed a much more favorable view of the former. For example,
P1 estimated that search system outputs derive from websites of organizations
and agencies as opposed to what regular social media users might say, and are
therefore, more reliable.

On the other hand, participants felt uneasy about ceding the information
authority of making search moderation calls to platforms alone. Many reported
having confidence in commercial search systems like Google a decade ago, but
losing trust in their outputs in recent years. They evoked the commercial
motivations and market monopoly of these systems as the reasons for their distrust
in their moderation practices. For example, P19 referred to search platforms as
“very highly capitalized companies” whose “algorithms are financially motivated”
and expressed skepticism about their search outputs.

While these participants did not fully trust search systems with moderation,
they also could not point to any other entity whose decisions would be
unimpeachable in the current political climate. For example, P9 desired to see
search moderation being conducted or at least overseen by a “trusted third party
whose decisions are going to be unbiased,” but admitted that such a third party
would be “very hard to find.” Similarly, P1 said:

“It would be great if there was some kind of like a pure organization
that you could hundred percent trust to be neutral, to be intelligent, and
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to be thoughtful and really thorough. But I don’t think that something
like that exists quite yet. So I don’t totally trust Google. But I also
don’t know who else I would trust to do this.” – P1

When considering responsibility allocation for inappropriate suggestions, most
participants recognized that search systems hold the most power in shaping
autocompletes, and thus held them responsible. For example, P6 blamed Google
Search for biased Google autocompletes “because they’re ultimately the ones
that are relaying that information.” Given this perceived responsibility, P17
desired search systems to publicly profess their commitment to actively reduce
hate speech and misinformation in autocomplete suggestions. On this point, P2
presumed that search systems strategically avoid taking an overt public stance on
or responsibility for moderation:

“I don’t think they [search systems] should be so trusted to curate
everything and moderate everything, which I think is consistent with
the view of these companies themselves, right? They don’t want to
tread into that territory. I think it would, you know, cause them more
trouble for them to accept that liability.” – P2

Some participants noted that policymakers can play a crucial role as a
counterbalancing agent by instituting minimum requirements on search systems,
such as regulating extremist content and enacting greater transparency in
autocomplete moderation. However, many worried about government overreach,
arguing that policymakers themselves may be biased. For instance, P18 feared:

“I’m afraid the lawmakers we have now would not be trustworthy
anyway, so they would just look at it as a way to take advantage and
get the autocompletes they want.” – P18

While platforms were often blamed for inappropriate autocompletes, many
participants argued that users also have a responsibility to recognize that search
outputs may contain misinformation or biases, and thus, they must do their due
diligence (e.g., verifying sources, consulting different viewpoints) before forming
beliefs, especially on ideologically charged topics. For example, P11 said:

“I think, in general, like on and off the Internet, we are responsible
for what we believe in and I think it is really important, whether it’s
an autocomplete or a search result, that we take everything with, you
know, some critical thinking.” – P11

A few participants felt that search systems should not be held responsible
for fact-checking information shown in autocompletes because they did not
create this information themselves, but rather rely on external sources to
populate Autocomplete suggestions. Thus, as per these participants, it is
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the responsibility of these underlying sources—such as news websites—to
provide reliable information. However, the absence of source data accompanying
autocomplete suggestions made it difficult for participants to evaluate their
reliability or ascribe responsibility for their inappropriateness to the sources used.
To address this, participants desired search systems to be more transparent about
how they curate and moderate autocompletes, and especially reveal which source
each autocomplete derives from. For example, P17 reflected:

“I came from a time when we searched for books in libraries. We were
taught to find the source material and then evaluate the validity of that
source material. So based just on these autocompletes, I know I’m only
getting a partial picture. I mean, it gives me some concern that I don’t
know the source. It may be a news source or, you know, some crazy
guy’s blog.” – P17

Besides search systems, participants felt that end-users themselves could also
be a significant stakeholder in autocomplete moderation, as I next describe.

Searchers’ Role in Moderating Autocompletes

Participants discussed two key avenues in which users can play an active
role in moderating or shaping search autocompletes: reporting (i.e., flagging)
inappropriate suggestions and configuring controls that customize (i.e.,
personalize) suggestions. I describe each in turn below.

Reporting Autocompletes. Many participants desired to have a flag functionality
that would allow them to report inappropriate autocomplete suggestions. They
saw the value of this feature in empowering end-users to object and apprise search
systems of norm-violating information cues. They hoped that search systems’
actions on these reports could prevent other users from being exposed to similar
suggestions. P9 supported the availability of reporting function, but characterized
it as a “last stop-gap solution”; he wanted search systems to additionally institute
systemic defensive mechanisms that proactively detect and remove inappropriate
autocompletes.

None of my participants were aware that Google Search already provides
an option to flag inappropriate autocompletes. Once they saw its current
implementation, participants uniformly felt that the flag feature is inconspicuous
by design and wanted Google to present it more prominently. When asked
whether everyone has a responsibility to report norm violations they encounter,
all participants (except P3) felt that it should be a right but not a duty for users
to report inappropriate autocompletes. For example, P7 said:

“I don’t think anybody should feel obligated to report. But if somebody
feels strongly about it, they should have the ability to report stuff if
they want to.” – P7
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In contrast to the above-mentioned supportive views of flags, some participants
did not see any benefit in search systems offering flags, positing that very few
users would ever use them, especially if flag submission is labor-intensive. Others
felt that providing flags would actively cause harm. Notably, both P15 and P19
expressed similar concerns about flag abuse, observing that some users may report
otherwise appropriate suggestions just because of their ideological objections, and
possibly disrupt the neutrality of autocompletes.

Participants usually had low expectations of post-reporting outcomes based
on their experiences with using flags on social media platforms. Many of them
expected reports to be ignored and felt that an autocomplete will need to have
multiple reports lodged against it to trigger any platform reviews. Some desired to
receive regular updates about different stages of the flag review, review outcome,
and an explanation of that outcome, but they did not expect search systems to
offer such updates. P19 considered the flagging feature “a facade” that gives users
“a sense of control that you don’t actually have.” Similarly, P17 shared:

“I think it makes you feel good in that moment. But in reality, we’ve
all seen, you know, that two days later, where the platform is like,
‘no, we didn’t take this down,’ even though it’s, you know, obviously
something that’s terrible.” – P17

Reflecting on flag reviews, participants appreciated search systems’ challenge
with scaling up the review process as the number of flag reports increases. They
expected that search systems address this challenge by deploying a coordinated
mix of human moderators, AI tools, and moderation policies to enact flag reviews.
For example, P13 estimated:

“There should be some basic stuff that the AI can catch, but the more
complicated political questions—and there are probably many of them
that are much more complicated than what I’m even thinking about—
those probably do require human review.” – P13

Customizing Autocompletes. Again and again during the early interview sessions,
my participants kept bringing up their need to customize search autocompletes,
even though search systems do not currently offer such facility. Therefore, I
extended my inquiry to understand this need and explore what this customization
could look like within the search feature.

First, many participants objected to the fact that search systems do not
allow turning off autocompletes altogether. For instance, P3 sometimes find
autocompletes “just annoying” and wanted a search setting that could temporarily
turn them off. Additionally, participants desired the ability to toggle on/off or
customize their search outputs along a range of dimensions, including negativity,
controversiality, toxicity, presence of pornographic content or swear words, and
search location. These ideas mirrored the design of personal moderation tools
available on social media platforms, such as the binary toggles for viewing sensitive
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content on Twitter and 3-level (Show/Blur/Hide) controls for viewing violent and
sexual content on Tumblr (Jhaver et al. 2023). For example, P7 pointed out:

“The user should be able to customize their search in any way that
they want. I don’t see a problem with just telling Google like, Hey,
don’t show me autocompletes based on my location. Don’t show me
autocompletes based on my own personal search history. Or maybe
you know, you could even go so far as to say, like, only show me
autocomplete suggestions based on XYZ.” – P7

Many participants acknowledged that a majority of users tend to never change
the default search settings, and they therefore considered it vital that search
moderation ensures appropriate outputs even without any customization. Still,
participants wanted the freedom to further shape search outputs for different use
contexts. Participants’ desire to customize often derived from their motivation to
protect vulnerable groups, especially children. For example, P7, P11 and P12 saw
search customization as a form of “parental control” that could prevent children
from being exposed to inappropriate suggestions. P11 offered:

“I think if parents had more control over it like, you know, specific
things that they wouldn’t want their child to encounter on Google. I
think that could be helpful.” – P11

Interview data also revealed the potential drawbacks of customizing
autocompletes. Some participants appreciated the plainness and simplicity
of Google Search interface and feared that customization would make their
search experience more complicated. Others felt concerned that enabling search
customization would lead to information insularity. For example, P16 worried that
this customization would lead people to see “only part of the story.” Similarly,
P17 said:

“I think that the hard part is that you’re only going to find what you’re
looking for, and the downside of that is, it limits discovery. And so I
think, doing that, you’re not going to maybe find an enriching path
that you would not have thought of.” – P17

Discussion

My analysis shows a broad consensus for instituting at least a baseline level of
search moderation to detect and remove overtly inappropriate autocompletes,
e.g., those that lead to illegal content. Similar to social media users (Jiang et al.
2023; Kozyreva et al. 2022; Zhang et al. 2023), my participants relied on their
ethical values (i.e., a desire for “truth” and “decency”) and prior media use to
conceive of additional content types (e.g., fake news, identity-based stereotypes)
that should be regulated within search information cues. These user conceptions
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of what moderation ought to achieve only partially aligns with search systems’
moderation policies. For example, Google Search—in alignment with user needs—
seeks to moderate hateful and vulgar suggestions, but it additionally regulates
other content types, e.g., all election-related suggestions, which indicates its focus
on avoiding litigation rather than serving end-users.

My participants recognized that suggestions that fall in the gray area of
moderation pose the challenge of determining where (and how) to draw the lines
for information removal. They viewed search moderation as a compromise between
ascertaining information quality and having access to diverse viewpoints, yet they
found it challenging to envisage how such compromise can be achieved or what
steps it would entail. This relates to the tension between upholding free speech
and preventing content-based harms that has been explored in prior social media
moderation research (Guo and Johnson 2020; Jhaver 2025a; Kozyreva et al. 2023).

Relatedly, the question of agency looms large in my interview data: who exactly
should have the authority and responsibility to draw the lines for autocomplete
removals? On this question, in line with prior research (Riedl et al. 2021a),
participants largely held platforms responsible for inappropriate autocompletes,
and expected them to make sensible decisions, e.g., removing instances of hate
speech and misinformation. Indeed, participants reported a higher expectation of
search moderation as compared to social media moderation.

On the other hand, participants appreciated the political, technological, and
scaling challenges that search systems face in enacting autocomplete moderation.
They also realized the pivotal roles that other stakeholders, including website
providers, lawmakers, and users themselves, must play to improve the quality of
search outputs. This aligns with a “pluralist model of speech regulation” (Balkin
2017), and a growing recognition that moderation must now occur in a multi-
stakeholder fashion (Jang et al. 2024; Riedl et al. 2021a). At the same time, it is
important to recognize the power asymmetries between search engines and other
stakeholders, especially users—it is search systems’ responsibility to institute
processes that allow and encourage other stakeholders to help regulate search
outputs.

My interview data show that users are increasingly losing confidence in
search moderation, especially in more recent years. While participants still put
greater trust in search engines as compared to social media platforms, this
growing mistrust may reflect a response to the capitalist logics (Mager 2012) of
search systems that are getting increasingly visibilized through news reports and
academic research. This is concerning, especially given the outsized dependency
that almost everyone has today on commercial search systems as information
intermediaries for almost every topic. My findings also suggest that users feel
a sense of resignation regarding autocomplete moderation because they do not
see any viable alternatives to the current reliance on search systems, neither
do they view lawmakers as necessarily trustworthy. This predicts a difficult
sociotechnical challenge in negotiating the balance between online safety and
information access (Kozyreva et al. 2023).
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My analysis extends prior research on how third-person effects shape users’
moderation preferences (Lim et al. 2025; Riedl et al. 2021b). I found that
concerns for vulnerable groups, especially children and digitally illiterate
users, strengthened participants’ support for autocomplete moderation and
their motivation to report inappropriate autocompletes. Further, their desire
for autocomplete customization also often derived from their need to enact
parental controls in search outputs. Future work can build upon these findings
by conducting a more focused exploration of how anxieties about children’s
information behaviors shape parents’ and non-parents’ search moderation
preferences.

Participants deemed flagging mechanisms as a valuable regulation approach
that can empower end-users to have a voice in search moderation. However,
all participants agreed that the discoverability of flags is severely limited within
popular search interfaces. This is clearly a conscious choice on the part of search
systems, and it reflects their stark lack of transparency or investment in user
education regarding search moderation. This design choice is perhaps an attempt
by search systems to reduce the burden of flag reviews. Yet, it leaves harmed
individuals and groups without a clear avenue to complain about problematic
autocompletes. Further, in line with prior research (Bäumler et al. 2025), my
participants admitted that the cognitive labor required to submit flags would be
a key consideration in their decision to flag inappropriate suggestions. Participants
also worried about the exploitation of flags by bad actors. Thus, search systems
must design their autocomplete flags to be more noticeable and easy to use, and
defend against false flagging.

Echoing prior findings on the user-needs of social media flags (Bäumler
et al. 2025; Shim and Jhaver 2026; Zhang et al. 2023), my participants desired
to receive regular updates about flag reviews and an explanation of review
outcomes. Additionally, participants wanted more visibility into the autocomplete
moderation process, including access to sources behind each suggestion.
This indicates that the principles of procedural fairness, accountability, and
transparency, which have so frequently guided recent social media moderation
efforts (Schoenebeck et al. 2021; Shim and Jhaver 2026; Vaccaro et al. 2021)
continue to be relevant for search moderation as well.

Besides procedural transparency, my participants also frequency evoked a need
for greater control and customizability in autocomplete moderation. This became
most apparent in their frequent demand for personal moderation tools to configure
search autocompletes. In line with prior research (Heung et al. 2025; Jhaver et al.
2023; Jhaver 2025c), fear of missing out on relevant information and concerns
about being placed within information bubbles deterred interviewees’ interest
in such tools. It would be valuable to investigate further how such concerns
are shaped by searchers’ information-seeking goals, and how a more granular
customization could assuage such concerns. Similar to findings from prior research
on social media content (Heung et al. 2025; Jhaver et al. 2023), my participants
expected a baseline level of system review that would detect and remove blatantly



18 JASIST XX(X)

inappropriate autocompletes for all users, regardless of their personal moderation
configurations. On the whole, my analysis suggests that introducing personal
moderation within search systems could be a fruitful avenue for search engines to
empower their users and foster trust.

From an information science perspective, my findings extend existing accounts
of information behavior (Cole 2011; Huvila and Gorichanaz 2025) by highlighting
how users engage in pre-retrieval sensemaking when interacting with algorithmic
nudges within search systems. Rather than treating autocomplete suggestions
as neutral conduits to information, users interpret them as opaquely derived
system outputs that may carry institutional intent, conceive of situations when
these outputs are inappropriate, and derive from their use of social media sites
to envision how such outputs should be moderated. This study contributes to
research on human–algorithm interaction and information retrieval (Chen and
Tang 2025; Jiang et al. 2025) by showing how user imaginaries of algorithmic
moderation influence their trust in search systems and shape expectations about
their own role in shaping search infrastructures.

Limitations and Future Work

The recruitment channels and theoretical sampling approach used in this study
shaped the composition of the participant sample. In particular, this sample is
more highly educated than the general population and may therefore possess
greater training in critical analysis and ethical reasoning. Moreover, this sample
comprises only the users living in the US, and its societal values and media
climate could have influenced my findings regarding users’ perspectives on
free speech, platform responsibilities, and Autocomplete customization. Note,
however, that the goals of this study did not call for constructing a representative
sample. Instead, I sought to develop a nuanced understanding of the key
concepts and concerns in Autocomplete moderation rather than to achieve broad
generalizability. Further research would be helpful to assess the extent to which
the perspectives and mental models surfaced in my findings transfer to different
countries and demographic groups.

Conclusion

This article has presented an empirical analysis of how users make sense of
Autocomplete moderation, how their concerns for vulnerable others shape their
attitudes, and how they view search systems’ and their own responsibilities within
this moderation process. The nuanced insights presented here offer first steps
toward creating a blueprint for building more fair, accountable, and transparent
search moderation.

Given the ubiquitous use of search engines and the emerging popularity of
generative AI tools, I propose that Autocomplete moderation is a promising
research site to examine the ethics of knowledge production within human-AI
interactions. For example, it would be valuable to investigate whether (and how)
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to regulate information cues that derive from emerging news stories, that are not
politically neutral, or that present inter-regional inconsistencies due to algorithmic
localization. More broadly, I call for studies that involve end-users in designing
content moderation for systems that serve as conversation partners.

Declarations
No use of Generative AI occurred in any stage or process of conducting and writing
this research.

Notes

1. These flagging categories have evolved multiple times since 2017.
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