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    Abstract

    The integration of generative AI into web search delivers synthesized answers to user queries, changing how people navigate and assess information, while raising concerns about the downstream impacts on publishers who supply the underlying content. We conduct a preregistered field experiment (N=1,100) on Google Search, the dominant online search platform, to estimate the causal effects of AI Overviews and AI Mode on user behavior, perceptions, and publisher traffic. We show that removing AI Overviews and AI Mode increases click-through rates to publishers, while an AI Mode-only experience reduces click-through rates and erodes user experience and trust in information found on Google. These findings show that integrating generative AI into web search reshapes online attention, with economic consequences for the online publishers that sustain both search platforms and the overall information ecosystem.

    Keywords: generative AI, search engines, information ecosystems, human-AI interaction

    Significance statement. Generative AI is fundamentally changing search and how billions of people access information online. In a preregistered randomized controlled trial with participants using Google Search in their everyday browsing, we find that removing AI features in Google Search increases clicks to third-party publishers, while Google’s conversational AI search reduces clicks and worsens user experience. Our findings show how integrating generative AI into search can reshape how users engage with the broader web, providing more information directly in search while reducing engagement with external sources, with implications for the economic sustainability of online publishers.

    1 Introduction

    Google Search has come a long way since its early days as a list of “ten blue links.” In May 2024, Google introduced AI Overviews (AIO), which use large language models (LLMs) to synthesize sources and generate summary answers to search queries directly on the results page [1]. One year later, Google launched AI Mode, a conversational search experience powered by Gemini that generates direct AI responses to queries and supports multi-turn, follow-up questions [2].
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    The design of the search engine results page (SERP) matters because it shapes how users assess the credibility of information sources [3] and distributes clicks and attention between third-party publishers and Google’s own properties [4, 5]. The introduction of AI into search has raised these stakes and increasingly strained the relationship between Google and third-party publishers: publishers view AIO and AI Mode as substitutes for their content and report falling referral traffic from Google Search [6, 7, 8, 9]. Google disputes these claims, arguing that AI features are complements that have kept overall referral traffic steady, improved click quality, and expanded opportunities for websites to be surfaced through longer, more complex queries [10]. On the other hand, users may benefit from the convenience of having their questions answered directly on the search results page in what is known as “good abandonment” [11, 12], creating a three-way tension in which user convenience, publisher sustainability, and Google’s consolidation of informational authority do not easily align.

    This dynamic of AI substituting for third-party content is not unique to search. Beyond search specifically, generative AI summaries have been shown to substitute for engagement with particular third-party publishers: ChatGPT’s release coincided with significant declines in Stack Overflow visits and questions, particularly for topics ChatGPT excels at and with no corresponding drop in post quality, suggesting genuine displacement rather than a culling of low-quality content [13, 14], while Wikipedia articles overlapping with ChatGPT’s content saw similar declines in editing and viewership [15].

    Observational studies about the effect of LLM adoption on search activity and engagement with online sources more broadly have found mixed effects. Some find substitution, where LLM use replaces traditional web search, leading to a net decrease in search activity and downstream web traffic [16]. Others find complementarity, where LLM use augments rather than displaces traditional search, increasing the number of websites visited and occurring alongside rather than instead of traditional search [17]. Evidence on AI features embedded directly in search remains comparatively scarce: one study finds that AIOs reduced English Wikipedia traffic by 15% [18], with findings consistent with substitution being strongest when short answers satisfy users’ informational intent. AI Mode, Google’s fully conversational search experience, remains understudied despite representing the most significant departure yet from traditional Google Search design.

    A related body of work examines the properties of generative search outputs themselves and their effects on users. Generative search outputs answer queries with fluency and a sense of credibility, yet reduce transparency and sourcing ability [19, 20]. These systems produce consequential errors in high-stakes domains [21, 22], exhibit systematic source-selection biases [23, 24, 25], and reduce hedging language, making responses appear more informative and confident than their sources warrant [25, 26, 27]. These properties of generative search have motivated studies examining downstream effects on user trust [28], belief formation [29, 30], and general satisfaction [31, 32]. An RCT found that users trust GenAI search answers less than traditional search; notably, citations increased trust even when hallucinated, while uncertainty highlighting reduced it [28]. This tracks with a separate finding that users prefer responses with more citations regardless of their credibility [33]. The incongruence between model confidence and source credibility has motivated experiments on uncertainty-highlighting interventions, which reduce over-reliance on incorrect responses [34, 35, 31]. AI summaries have been shown to affect attitudes and behavioral intentions [29], and AI search can increase selective exposure and reinforce pre-existing beliefs [30]. LLM-based search has also been found to increase overall satisfaction with the search experience [31, 32].
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    Research Questions and Hypotheses

    Existing work documents meaningful consequences of generative AI in search for users, publishers, and platforms, but relies primarily on observational data and controlled laboratory experiments. How, and to what extent, generative AI in search shapes user behavior, perceptions, and publisher traffic in naturalistic, real-world settings remains an open question. In particular, it is unclear whether AI in search primarily facilitates users’ discovery of third-party publishers or increasingly substitutes for it. To address this gap, we conduct a preregistered field experiment [36] in which participants are randomly assigned to one of three conditions via a browser extension [37, 38, 39] that manipulates the availability of AI in search features [40] and captures behavioral and attitudinal outcomes: 1) No AI Search, which hides AI Overviews and AI Mode; 2) Current Search, which makes no changes; and 3) AI Mode Search, which redirects all searches to AI Mode.

    We preregistered three primary hypotheses (H1–H3) and four secondary hypotheses (H4–H7), each predicting an effect of AI Mode Search and No AI Search relative to Current Search. Our first three hypotheses focus on outcomes with direct relevance to users, publishers, and Google:

    Hypothesis 1. AI Mode Search will decrease overall trust in responses relative to Current Search, while No AI Search will increase it. This prediction builds on prior work documenting reduced trust in AI-generated search responses [28].

    Hypothesis 2. AI Mode Search will decrease click-through rate to external sites relative to Current Search, while No AI Search will increase it. This prediction is motivated by publisher reports of declining referral traffic [6] and observational data on AI Overviews [8].

    Hypothesis 3. AI Mode Search will increase the number of search sessions relative to Current Search, while No AI Search will decrease it. This prediction is based on Google’s own public claims that AI features increase search engagement [10].

    Beyond these primary outcomes, we examine four secondary hypotheses related to user experience and search behavior:

    Hypothesis 4. AI Mode Search will increase perceptions of responses as personalized and relevant relative to Current Search, while No AI Search will decrease these perceptions, motivated by Google’s own claims about AI-driven personalization [41]. In the context of news-related search, AI Mode Search will decrease preference for and trust in AI Mode relative to Current Search, while No AI Search will have no impact on these outcomes. We did not have directional priors for how AI Mode Search and No AI Search affect satisfaction with, usefulness of, and agency over search responses, relative to Current Search.

    Hypothesis 5. AI Mode Search will decrease total outbound clicks, clicks to news sites, Wikipedia [18] and Reddit, and ads relative to Current Search, while No AI Search will increase these outcomes.

    Hypothesis 6. AI Mode Search will increase minutes per session and the fraction of questionform searches relative to Current Search, while No AI Search will decrease them. We did not have a directional prior for how AI Mode Search and No AI Search affect the number of searches per session, relative to Current Search.
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    Hypothesis 7. AI Mode Search will increase substitution to other search engines (Bing, DuckDuckGo, Yahoo) relative to Current Search, while No AI Search will have no impact on substitution.

    2 Experimental Methods and Data

    We recruited participants from two channels: research recruitment platform Prolific, and Northeastern students enrolled in a work-study program with one of the authors. Participants were recruited in waves between March 17 and March 19, 2026. We limited recruitment to US-based participants, and screened for individuals who (1) were 18 years or older, (2) used Google Chrome as their primary browser, and (3) used Google Search as their primary search engine. After giving informed consent, participants completed a pre-survey (Section S7.2) that elicited their familiarity with and sentiment towards LLM applications, as well as perceived trust, usefulness, satisfaction, agency, and personalization/relevance of information-seeking on Google. Participants then installed our browser extension and experienced three days of the baseline, Current Search condition. This period allowed us to measure pre-treatment versions of behavioral outcomes like search sessions per day and click-through rate.

    After three days, participants were randomly assigned to one of our three search conditions: (1) No AI Search, (2) Current Search, or (3) AI Mode Search. The No AI condition hid Google’s AI Overviews, including those at the top of the results page, in the middle of the results page, and nested within People Also Ask components. AI Mode searches were also redirected to general search. The Current Search condition made no modifications to Google Search: AI Overviews may be present and AI Mode is accessible. The AI Mode condition redirected all searches to AI Mode. Participants experienced their assigned conditions for seven days. At the end of the seven-day period, we sent participants a post-survey that asked about perceptions of information-seeking on Google (Section S7.3) and presented head-to-head comparisons of AI Mode and Current Search responses in the context of news queries (Figure S1).

    Our preregistration specified a target sample size of 1,200 participants, based on power analyses conducted using data from a pilot experiment [36]. To reach this target, a total of 1,444 participants (1,387 from Prolific and 57 from Northeastern) were enrolled, each completing the pre-survey and installing our browser extension. Of these, N = 1, 100 made at least one search during the 7-day experiment period and were invited to take the post-experiment survey. A total of N = 956 participants completed the post-experiment survey, 343 of whom were in the No AI Search condition, 304 in Current Search, and 309 in AI Mode Search. Treatment groups and the control group were balanced across covariates, and there was no evidence of differential attrition across the three conditions (Section S5). Following our pre-registration, treatment effects on behavioral outcomes are estimated among participants eligible for the post-experiment survey (N = 1, 100). Treatment effects on survey outcomes are estimated among participants who completed the survey (N = 956).

    Prolific participants received $10 upon completing the study and Northeastern work-study students were paid $17 per hour. The analysis sample (i.e., participants who qualified for the postsurvey) skewed younger (75% under 45), highly educated (87% with at least some college), and left-leaning (58% Democrat vs. 20% Republican). Race and ethnicity and gender distributions were similar to the US Census [42]. 50% of participants identified as women, 48% as men, and 2% as another gender. Participants were predominantly white (68%), followed by Black or African American (14%), Hispanic or Latino (11%), and Southeast or East Asian (11%). Race and ethnicity was multiple-choice. During the baseline period, participants averaged 9.2 searches per day (sd =
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    14.3), 4.0 search sessions per day (sd = 4.7), and 4.1 clicks per day (sd = 7.0). The SI Appendix (Section S6.1) describes how we grouped searches into sessions, and validates that results are robust to different definitions. We observed that 36% of searches triggered AI Overviews (Figure S3) and participants used AI Mode for 0.6% of their searches (Figure S7).

    3 Results

    This section presents our findings about the impacts of AI search features on user behaviors and user perceptions. For each outcome variable, we first describe the impact of AI Mode Search and then the impact of No AI Search.

    Each result is labeled with its corresponding pre-registered [36] hypothesis. The section ends with a qualitative exploration of open-ended feedback from participants in our AI Mode condition.

    Compliance and Attrition

    During the experiment period, 94.7% of searches in the AI Mode group were successfully routed to AI Mode. In the No AI condition, 90% of AI Overviews were successfully hidden on the first intervention day, but the success rate declined to 0% as the experiment progressed (Figure S4). The cause of this breakdown was a change to AI Overview HTML rolled out by Google during the study period that broke our extension’s logic for identifying and hiding AI Overviews. Overall, 51.1% of AI Overviews were successfully hidden and the median participant in this condition had 50% of AI Overviews hidden (Figure S5). Our pre-registration specified that we would report local average treatment effect (LATE) estimates in the case of non-compliance. In the No AI Search condition, we measure compliance as the fraction of AI Overviews that were successfully hidden for each participant. In the AI Mode Search condition, we measure compliance as the fraction of searches that were routed to AI Mode.

    A related concern for causal interpretation is differential attrition across conditions: if assignment to AI Mode caused higher participant attrition than other conditions, our AI Mode estimates would reflect a selected subsample rather than the full randomized population, and would be better treated as descriptive than causal. We do not find evidence of this in our study: survey noncompletion (36.6% vs. 32.3 – 32.5% in the other conditions, p = 0.292) and zero-search attrition (26.5% vs. 20.7 – 24.0%, p = 0.109) were both directionally higher but not statistically significant in the AI Mode group (Section S5.3).

    Throughout the rest of this section, we reference intent-to-treat (ITT) effects when discussing AI Mode Search (i.e., “assignment to AI Mode”) and local average treatment effects (LATEs) when discussing No AI Search (“exposure to No AI”). The corresponding figures and tables show both estimates. Each result is labeled with its corresponding pre-registered hypothesis.

    Effects on User Behaviors

    Click-Through Rate (H2). Assignment to AI Mode Search significantly reduced click-through rate by -18.8 percentage points (pp) [95% CI: -22.2pp, -15.3pp; p < 0.001], consistent with H2a (Figure 1 and Table S1). Conversely, exposure to No AI Search increased click-through rate by 8.8pp [95% CI: 2.3pp, 15.3pp; p = 0.008], consistent with H2b. Our pre-registered robustness check analyzing click-through rate at the search-level also shows a positive impact of No AI Search (Figure S8, top panel).
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    Figure 1: Effects of AI Mode Search and No AI Search on Primary Outcomes.

    Search Sessions per Day (H3) Assignment to AI Mode Search significantly reduced search sessions per day by -0.92 sessions [95% CI: -1.30, -0.55; p < 0.001], contrary to H3a, which predicted an increase. We do not find evidence that exposure to No AI Search impacted search sessions per day [95% CI: -0.55, 1.24; p = 0.175], failing to support H3b.

    Clicks to Specific Domains (H5) Assignment to AI Mode Search significantly reduced the fraction of users clicking through to news sites (-12.5pp [95% CI: -18.7, -6.3; p < 0.001]), Reddit (-21.2pp [95% CI: -27.5, -14.8; p < 0.001]), Wikipedia (-9.9pp [95% CI: -14.7, -5.0; p < 0.001]). The fraction of users clicking on ads decreased by -42.7pp because AI Mode did not surface ads at the time of our experiment. These results are consistent with H5a (Figure 2 and Table S2), and are robust to using clicks per day instead of fraction of users clicking (Figure S9) and to an alternative classification of news domains (Table S10). In partial support of H5b, exposure to No AI Search increased the fraction of users clicking through to news sites, though we find no evidence of impacts on Reddit, Wikipedia, or ad clicks; the news-site effect is not robust to using clicks per day or an alternative domain classification.

    Session Characteristics (H6) Assignment to AI Mode Search significantly increased minutes per session by 0.43 minutes [95% CI: 0.20, 0.66; p = 0.001], consistent with H6a (Figure 3 and Table S3). This is corroborated by our session-level robustness check (Figure S10, left panel). We do not find evidence of impacts on searches per session (H6c) or the fraction of queries with question words (i.e., “who”, “what”, “where”, “why”, “when”, or “how”; H6a). Exposure to No AI Search decreased minutes per session by -0.59 minutes [95% CI: -1.01, -0.18; p = 0.015], consistent with H6b; the session-level estimate is directionally consistent but not statistically significant. We find
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    Estimand
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    Figure 2: Effects of AI Mode Search and No AI Search on Secondary Click Outcomes. Effects on Clicks per Day not shown because other click outcomes are on the same, interpretable scale.

    no evidence of impacts of No AI Search on searches per session (H6d) or question-form queries (H6b).

    Search Engine Substitution (H7) Assignment to AI Mode Search significantly increased the fraction of users searching on a competitor engine (Bing, DuckDuckGo, or Yahoo) by 11.2pp [95% CI: 6.4, 16.0; p < 0.001] and intention to switch to Bing by 1.25 points on a 7-point scale [95% CI: 0.96, 1.55; p < 0.001], consistent with H7a (Figure 4 and Table S4). Consistent with H7b, we do not find evidence that exposure to No AI Search impacted substitution to competitor engines or long-term intention to switch.

    Effects on User Perceptions

    Trust (H1) Assignment to AI Mode Search significantly decreased trust in information on Google by -0.34 points on a 7-point scale [95% CI: -0.47, -0.20; p < 0.001], consistent with H1a (Figure 1 and Table S1). We do not find evidence that exposure to No AI Search impacted trust [95% CI: -0.10, 0.38; p = 0.107], failing to support H1b.

    Satisfaction, Usefulness, and Agency (H4) Assignment to AI Mode Search significantly reduced perceived usefulness (-0.59 sd [95% CI: -0.74, -0.44; p < 0.001]), satisfaction (-0.73 sd [95% CI: -0.88, -0.59; p < 0.001]), and agency (-0.66 sd [95% CI: -0.81, -0.51; p < 0.001]), resolving H4a in the direction of negative perceptions of AI Mode Search (Figure 5 and Table S5). We do not find evidence that exposure to No AI Search impacted any of these outcomes (H4b).
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    Figure 3: Effects of AI Mode Search and No AI Search on Secondary Search Outcomes.

    Personalization and Relevance (H4) Assignment to AI Mode Search significantly decreased perceived personalization/relevance of responses by -0.42 sd [95% CI: -0.58, -0.27; p < 0.001], contrary to H4c, which predicted an increase. We do not find evidence that exposure to No AI Search impacted this outcome, failing to support H4d.

    News Context (H4) We do not find evidence that assignment to AI Mode Search significantly impacted preference for AI Mode in the head-to-head news comparison [95% CI: -0.25, 0.01; p = 0.102] or trust in AI Mode in the news context [95% CI: -0.21, 0.05; p = 0.241], only partially supporting H4e. Consistent with H4f, exposure to No AI Search had no detectable impact on these outcomes.

    Heterogeneous Treatment Effects

    We test for heterogeneous effects on our primary outcomes across two pre-registered moderators: (1) pre-treatment familiarity with LLMs and (2) pre-treatment number of Google Search sessions. After correcting for multiple comparisons, only one moderator-outcome pair is significant: AI Mode reduces the number of sessions per day (H3) significantly more for heavy Google users (i.e., more
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    Figure 4: Effects of AI Mode Search and No AI Search on Secondary Substitution Outcomes.

    than 4 daily sessions) (estimate = -2.01 sessions per day, p = 0.005).

    Qualitative Feedback about AI Mode

    At the end of the study, in the post-experiment survey, participants in the AI Mode condition responded to the open-ended question: “What was your overall impression of Google’s AI Mode after one week of using it?”. We qualitatively coded each response (N=309), assigning each response 1–4 codes to describe its theme. We developed codes inductively, continuing until saturation was reached at 17 distinct codes across six dimensions: overall sentiment, search preference, usability, information quality, trust and credibility, and autonomy and control.

    Expressed sentiment towards AI Mode was heterogeneous, with negative responses predominating (33.6%, n = 103), followed by positive (29.3%, n = 90); mixed responses, in which participants expressed both favorable and unfavorable views, comprised 13.7% of responses (n = 42).

    Specific codes point to several drivers of negative experience. Usability issues were prominent: participants expressed a loss of control and user agency (17.6%, n = 54); as one participant noted, “I like to choose when I use AI”. Difficulty navigating to specific websites was also common (15.3%, n = 47) with one participant describing how, “when I just wanted to land on the webpage I would type in, it would tell me about the website instead”. Limited links and/or source diversity was noted in 13.4% of responses (n = 41). Participants also noted that AI outputs were too verbose (6.2%, n = 19; e.g., “it gives way too much info for easy searches”) and raised hallucination and accuracy concerns (4.6%, n = 14; e.g., “the AI mode provided a lot of inaccurate and inconsistent information”). An explicit preference for traditional search, and UI bugs also appeared but less frequently.

    Positive experiences included efficiency and time saving (14.0%, n = 43; e.g., “the AI does a strong job of pulling exactly what I was looking for, saving time”) and faithful summarization
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    Figure 5: Effects of AI Mode Search and No AI Search on Secondary Survey Outcomes. Trust Scale shown for reference. Effects are presented in standardized units because some scales have 7 points (trust, agency, and personalization/relevance), some scales have 5 points (usefulness, satisfaction), and some questions are binary (news comparisons).
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    (6.2%, n = 19). Fewer participants expressed trust in AI results (1.6%, n=5), a preference for AI summarization over traditional search (1.6%, n = 5), or adaptation to AI Mode over time (3.6%, n = 11; e.g., “at first the AI Mode threw me off, but I got used to it quickly”).

    4 Discussion

    Our study provides causal evidence about the effects of integrating generative AI into web search. Leveraging an in-situ browser experiment that manipulated users’ access to AI Overviews and AI Mode in Google Search over a 10-day study period, we show that the current trajectory of AImediated search presents a clear tradeoff: as Google increasingly answers users’ questions directly, referral traffic to the broader web declines substantially, yet these changes do not currently yield commensurate improvements in users’ trust or overall search experience.

    At the time of our study, AI Overviews had already become a standard component of Google Search. Removing AI Overviews increased external click-through by 8.8 percentage points, with suggestive evidence of even greater referral traffic to news publishers.

    Looking ahead, Google positions AI Mode as the future of search, and its effects on traffic were greater and broader across domains: relative to standard Google Search, enforcing AI Mode reduced external click-through by 18.8 percentage points, reduced daily search sessions, and reduced the fraction of users clicking through to news sites, Reddit, and Wikipedia alike (H5a). Notably, AI Mode increased minutes per session even as it reduced click-through and search sessions per day, showing users spent more time within the AI-mediated search experience while visiting the broader web less often. This reduction in search sessions was significantly larger among heavy Google users.

    Our findings about impacts on click-through rates are consistent with publisher-reported traffic declines since AI features launched [6, 8] and observational evidence that AI Overviews reduced Wikipedia traffic by 15% [18], and our experimental estimates suggest the impact generalizes well beyond Wikipedia and news. Taken together, these results suggest that AI Mode’s design, at least as implemented at the time of our study, may compound the traffic pressures of AI Overviews that we document here and that publishers have separately reported, with direct consequences for revenue models, including advertising models [43], that are dependent on traffic.

    Despite these significant effects on traffic, we find few corresponding gains for users. Removing AI Overviews produced no detectable change in perceived trust in information found on Google, nor on measures of search experience, suggesting that benefits of AI Overviews are not reflected in these outcomes. AI Mode’s effects, relative to current Google Search, decreased perceived trust in information on Google, usefulness, satisfaction, agency and relevance, and increased substitution to competing search engines. Qualitative responses help explain these effects: although some participants appreciated faster access to answers, they more frequently described feeling less in control of their search process, encountered difficulty in reaching desired sites, and saw fewer and less diverse sources. Taken together, these results suggest that in its current form, conversational AI search is viewed less favorably by both publishers and searchers.

    Our estimates reflect an early snapshot of Google’s AI Mode: at the time of our study, AI Mode did not yet surface ads or rely on other traditional ad-revenue mechanisms. How Google chooses to monetize AI Mode will be worth monitoring, particularly given the publisher dynamics we document. As they inevitably do so — through advertising, sponsored results, or other mechanisms — we anticipate user satisfaction and other measures will shift away from this pre-monetization baseline.

    Our results also point to a tension for Google. AI Mode is designed to help Google compete with other AI chatbot products like ChatGPT for the growing share of queries handled through
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    conversational interfaces [44], which also serves Google’s interest in keeping users on its site. Yet many users remain unconvinced. Our findings showed that AI Mode drove significant substitution toward competing search engines (an 11.2% increase in competitor search use, H7a), along with substantial intent among these users to switch to Bing if AI Mode were required over the longer term. If users remain firm in their mistrust and dislike of AI Mode, Google will face a tension between pushing the product on users (to acclimate them as much as for its other benefits), and risking alienation that could cost it ground to competitors in a search market that today is nearly monopolistic.

    Importantly, the introduction of AI features in search shift Google away from serving as an intermediary that connects users to external sources (the canonical definition of a search engine) and into a destination for answers unto itself. This shift already carries regulatory consequences: a recent German court ruling held that Google’s AI Overviews cause it to function as a content provider rather than a neutral intermediary, on the grounds that “AI-produced summaries amounted to the company’s own content rather than a mere display of third-party information” [45]. This determination turns on the same distinction to which our results speak: whether AI in search primarily facilitates users’ discovery of third-party publishers, or increasingly substitutes for it.

    Given these implications, high stakes for Google, publishers, and users alike, we argue that AI-mediated search should be evaluated not only in terms of the quality of answers generated, but also in terms of how these systems reshape the relationship between users, publishers, and the broader web—from the sustainability of publishers, to Google’s status as an intermediary, to users’ own right to control their discovery, evaluation, and engagement with with information.

    Limitations Our study has several limitations, which also point to areas for future work. Compliance in the No AI Search condition degraded over the study period due to a Google interface change, falling to roughly 50% overall. Therefore, we report LATE estimates (Section 3), which rely on the assumption that assignment only affected outcomes through AI Overview exposure (i.e., the exclusion restriction). If the interface change altered participants’ experience more broadly, that assumption may not hold.

    We do not find evidence of differential attrition by condition, which supports treating our AI Mode estimates as causal rather than descriptive (Section 3); we note, however, that this does not rule out the possibility that unfamiliarity with the interface affected participant behavior in other ways.

    Our sample was recruited from Prolific and a university work-study program, and skewed younger, more highly educated, and more left-leaning than the general US population (Figure S2); effects may differ in magnitude or direction in a more representative sample.

    Our experiment spanned seven days of treatment exposure, which allows us to detect shortterm behavioral and attitudinal shifts but not longer-run adaptation—it is possible that some effects would attenuate, or that new ones would emerge, over a longer exposure period; future work should examine the impacts of longer-term adjustment on behavior and beliefs. Baseline AI Mode usage was minimal (0.6% of searches) prior to our intervention, meaning our AI Mode condition reflects a forced, full-adoption scenario rather than the gradual, opt-in uptake most users would experience in practice; effects of organic AI Mode adoption may differ from the effects of the enforced assignment we study here.

    Our design intentionally measured effects across the distribution of real-world search tasks; future work should measure effects for specific high-stakes contexts and search tasks (e.g., health, legal, or financial information-seeking), where the consequences of reduced trust or click-through may differ. Finally, we were not powered to detect small effects on secondary click and search
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    outcomes, and null effects on these outcomes should not be interpreted as evidence of no effect. The same caution applies to secondary survey outcomes, which have fairly wide confidence intervals.
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    9 Data availability

    The repository with aggregated data and code necessary to reproduce the results in this paper are available on Harvard Dataverse [46]. The preregistration of the study is available on OSF [36].

    10 Ethics statement

    The study was approved by the Institutional Review Boards of both participating universities. All participants provided informed consent prior to installing the browser extension and enrolling in the study. Consent materials outlined the types of data to be collected and stated that participants might experience modifications to their Google Search interface during the study period. Participants were informed that browsing history and HTML snapshots of Google Search result pages would be collected solely for research purposes, stored securely, accessible only to the research team, and anonymized prior to analysis. Participation was entirely voluntary. Participants could withdraw consent, discontinue participation, or request deletion of their data at any time.

    To protect participant privacy, we stripped all collected data of identifiers where possible. However, because browsing data lacks a fixed structure, it is not possible to systematically remove all

    13

  
    Page 14

    
      View original page, including figures and equations
    

    Draft

    identifying information; collected URLs may contain embedded identifiers, and HTML snapshots may include personal details such as names or email addresses appearing in dynamic locations. Given these limitations, raw browsing data and HTML snapshots will not be publicly released.

    At the conclusion of the study, participants were financially compensated through the recruitment platform and debriefed via a statement shown in the web app after submitting the post-survey. The debriefing explained the study’s purpose, details about the three conditions, and the rationale for withholding this information from participants in order to minimize demand effects.
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    Supplementary Materials

    This document provides supplementary methods, tables, and figures accompanying the main manuscript. Tables and figures are numbered with an “S” prefix (e.g., Table S1, Fig. S1) to distinguish them from those in the main text.

    S1 Full Results: Main Text Tables

    The tables in this section are results referenced in the main manuscript’s Results section.

    Table S1. Treatment Effect Estimates for Primary Outcomes.

    Outcome Comparison Estimand N Estimate SE 95% CI p p adjusted

    Trust Scale AI Mode vs. Current ITT 613 -0.337 0.068 [-0.471, -0.203] <0.001 <0.001 Trust Scale AI Mode vs. Current LATE 613 -0.359 0.073 [-0.502, -0.215] <0.001 <0.001 Trust Scale No AI vs. Current ITT 647 0.070 0.056 [-0.040, 0.180] 0.211 0.145 Trust Scale No AI vs. Current LATE 541 0.144 0.122 [-0.097, 0.384] 0.241 0.107 Click-Through Rate AI Mode vs. Current ITT 714 -0.188 0.018 [-0.222, -0.153] <0.001 <0.001 Click-Through Rate AI Mode vs. Current LATE 714 -0.199 0.019 [-0.236, -0.163] <0.001 <0.001 Click-Through Rate No AI vs. Current ITT 742 0.027 0.018 [-0.007, 0.062] 0.124 0.103 Click-Through Rate No AI vs. Current LATE 615 0.088 0.033 [0.023, 0.153] 0.008 0.006 Sessions per Day AI Mode vs. Current ITT 714 -0.920 0.192 [-1.296, -0.545] <0.001 <0.001 Sessions per Day AI Mode vs. Current LATE 714 -0.978 0.204 [-1.379, -0.577] <0.001 <0.001 Sessions per Day No AI vs. Current ITT 742 0.100 0.197 [-0.287, 0.487] 0.612 0.257 Sessions per Day No AI vs. Current LATE 615 0.345 0.453 [-0.545, 1.236] 0.446 0.175

    Table S2. Treatment Effect Estimates for Secondary Click Outcomes.

    Outcome Comparison Estimand N Estimate SE 95% CI p p adjusted

    Clicks per Day AI Mode vs. Current ITT 714 -2.273 0.257 [-2.777, -1.770] <0.001 <0.001 Clicks per Day AI Mode vs. Current LATE 714 -2.415 0.275 [-2.954, -1.876] <0.001 <0.001 Clicks per Day No AI vs. Current ITT 742 0.386 0.277 [-0.157, 0.929] 0.163 0.100 Clicks per Day No AI vs. Current LATE 615 1.072 0.641 [-0.186, 2.330] 0.095 0.044 Fraction of News Clickers AI Mode vs. Current ITT 714 -0.125 0.032 [-0.187, -0.063] <0.001 <0.001 Fraction of News Clickers AI Mode vs. Current LATE 714 -0.133 0.034 [-0.199, -0.067] <0.001 <0.001 Fraction of News Clickers No AI vs. Current ITT 742 0.071 0.033 [0.006, 0.137] 0.033 0.029 Fraction of News Clickers No AI vs. Current LATE 615 0.202 0.073 [0.058, 0.346] 0.006 0.005 Fraction of Reddit Clickers AI Mode vs. Current ITT 714 -0.212 0.032 [-0.275, -0.148] <0.001 <0.001 Fraction of Reddit Clickers AI Mode vs. Current LATE 714 -0.225 0.035 [-0.293, -0.157] <0.001 <0.001 Fraction of Reddit Clickers No AI vs. Current ITT 742 -0.016 0.033 [-0.080, 0.049] 0.633 0.267 Fraction of Reddit Clickers No AI vs. Current LATE 615 -0.049 0.072 [-0.190, 0.092] 0.495 0.145 Fraction of Wikipedia Clickers AI Mode vs. Current ITT 714 -0.099 0.025 [-0.147, -0.050] <0.001 <0.001 Fraction of Wikipedia Clickers AI Mode vs. Current LATE 714 -0.105 0.027 [-0.157, -0.053] <0.001 <0.001 Fraction of Wikipedia Clickers No AI vs. Current ITT 742 0.024 0.027 [-0.029, 0.076] 0.376 0.185 Fraction of Wikipedia Clickers No AI vs. Current LATE 615 0.059 0.062 [-0.062, 0.180] 0.336 0.139 Fraction of Ad Clickers AI Mode vs. Current ITT 714 -0.427 0.026 [-0.477, -0.377] <0.001 <0.001 Fraction of Ad Clickers AI Mode vs. Current LATE 714 -0.454 0.027 [-0.507, -0.400] <0.001 <0.001 Fraction of Ad Clickers No AI vs. Current ITT 742 0.024 0.033 [-0.040, 0.088] 0.470 0.206 Fraction of Ad Clickers No AI vs. Current LATE 615 0.098 0.071 [-0.041, 0.237] 0.166 0.071
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    Table S3. Treatment Effect Estimates for Secondary Search Outcomes.

    Outcome Comparison Estimand N Estimate SE 95% CI p p adjusted

    Searches per Session AI Mode vs. Current ITT 714 0.138 0.076 [-0.011, 0.286] 0.070 0.096 Searches per Session AI Mode vs. Current LATE 714 0.146 0.080 [-0.012, 0.304] 0.070 0.095 Searches per Session No AI vs. Current ITT 742 -0.077 0.064 [-0.203, 0.049] 0.229 0.224 Searches per Session No AI vs. Current LATE 615 -0.198 0.136 [-0.464, 0.069] 0.146 0.162 Minutes per Session AI Mode vs. Current ITT 714 0.429 0.116 [0.201, 0.657] <0.001 0.001 Minutes per Session AI Mode vs. Current LATE 714 0.456 0.123 [0.214, 0.697] <0.001 0.001 Minutes per Session No AI vs. Current ITT 742 -0.217 0.098 [-0.409, -0.025] 0.027 0.057 Minutes per Session No AI vs. Current LATE 615 -0.593 0.212 [-1.009, -0.176] 0.005 0.011 Fraction of Question Searches AI Mode vs. Current ITT 714 0.004 0.009 [-0.014, 0.022] 0.667 0.578 Fraction of Question Searches AI Mode vs. Current LATE 714 0.004 0.010 [-0.015, 0.023] 0.667 0.333 Fraction of Question Searches No AI vs. Current ITT 742 0.000 0.009 [-0.018, 0.019] 0.990 0.591 Fraction of Question Searches No AI vs. Current LATE 615 0.012 0.021 [-0.028, 0.052] 0.561 0.317

    Table S4. Treatment Effect Estimates for Secondary Substitution Outcomes.

    Outcome Comparison Estimand N Estimate SE 95% CI p p adjusted

    Fraction of Bing/DDG/Yahoo Users AI Mode vs. Current ITT 714 0.112 0.024 [0.064, 0.160] <0.001 <0.001 Fraction of Bing/DDG/Yahoo Users AI Mode vs. Current LATE 714 0.119 0.026 [0.068, 0.170] <0.001 <0.001 Fraction of Bing/DDG/Yahoo Users No AI vs. Current ITT 742 0.017 0.019 [-0.020, 0.055] 0.357 0.312 Fraction of Bing/DDG/Yahoo Users No AI vs. Current LATE 615 0.008 0.039 [-0.070, 0.085] 0.843 0.728 Intention to Switch to Bing AI Mode vs. Current ITT 613 1.254 0.149 [0.962, 1.546] <0.001 <0.001 Intention to Switch to Bing AI Mode vs. Current LATE 613 1.333 0.159 [1.022, 1.645] <0.001 <0.001 Intention to Switch to Bing No AI vs. Current ITT 647 0.015 0.115 [-0.211, 0.240] 0.897 0.814 Intention to Switch to Bing No AI vs. Current LATE 541 0.098 0.247 [-0.388, 0.583] 0.692 0.728

    Table S5. Treatment Effect Estimates for Secondary Survey Outcomes. Effects are presented in standardized units.

    Outcome Comparison Estimand N Estimate SE 95% CI p p adjusted

    Usefulness Scale AI Mode vs. Current ITT 613 -0.587 0.076 [-0.736, -0.438] <0.001 <0.001 Usefulness Scale AI Mode vs. Current LATE 613 -0.624 0.081 [-0.783, -0.464] <0.001 <0.001 Usefulness Scale No AI vs. Current ITT 647 0.065 0.050 [-0.033, 0.164] 0.191 0.230 Usefulness Scale No AI vs. Current LATE 541 0.141 0.110 [-0.076, 0.357] 0.203 0.184 Satisfaction Scale AI Mode vs. Current ITT 613 -0.733 0.073 [-0.877, -0.589] <0.001 <0.001 Satisfaction Scale AI Mode vs. Current LATE 613 -0.779 0.079 [-0.933, -0.624] <0.001 <0.001 Satisfaction Scale No AI vs. Current ITT 647 0.013 0.049 [-0.083, 0.110] 0.789 0.487 Satisfaction Scale No AI vs. Current LATE 541 0.010 0.110 [-0.206, 0.227] 0.926 0.419 Agency AI Mode vs. Current ITT 613 -0.657 0.078 [-0.809, -0.505] <0.001 <0.001 Agency AI Mode vs. Current LATE 613 -0.699 0.082 [-0.860, -0.537] <0.001 <0.001 Agency No AI vs. Current ITT 647 0.095 0.059 [-0.021, 0.211] 0.108 0.161 Agency No AI vs. Current LATE 541 0.188 0.128 [-0.063, 0.439] 0.141 0.165 Personalization/Relevance AI Mode vs. Current ITT 613 -0.423 0.078 [-0.576, -0.270] <0.001 <0.001 Personalization/Relevance AI Mode vs. Current LATE 613 -0.450 0.083 [-0.613, -0.287] <0.001 <0.001 Personalization/Relevance No AI vs. Current ITT 647 0.066 0.060 [-0.051, 0.184] 0.269 0.243 Personalization/Relevance No AI vs. Current LATE 541 0.229 0.130 [-0.026, 0.484] 0.078 0.111 Preference for AI Mode (News) AI Mode vs. Current ITT 1836 -0.123 0.066 [-0.252, 0.006] 0.061 0.102 Preference for AI Mode (News) AI Mode vs. Current LATE 1836 -0.131 0.070 [-0.268, 0.006] 0.060 0.099 Preference for AI Mode (News) No AI vs. Current ITT 1938 -0.065 0.063 [-0.189, 0.058] 0.301 0.251 Preference for AI Mode (News) No AI vs. Current LATE 1623 -0.158 0.139 [-0.430, 0.113] 0.253 0.184 Trust in AI Mode (News) AI Mode vs. Current ITT 1836 -0.078 0.067 [-0.209, 0.053] 0.243 0.241 Trust in AI Mode (News) AI Mode vs. Current LATE 1836 -0.083 0.071 [-0.222, 0.056] 0.241 0.184 Trust in AI Mode (News) No AI vs. Current ITT 1938 -0.061 0.065 [-0.188, 0.067] 0.351 0.275 Trust in AI Mode (News) No AI vs. Current LATE 1623 -0.151 0.142 [-0.429, 0.128] 0.289 0.184
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    S2 Materials and Methods

    S2.1 Participant Recruitment

    We recruited participants from two channels: Prolific and Northeastern students enrolled in a workstudy program with one of the authors. Participants were recruited in waves between March 17 and March 19, 2026. We limited recruitment to US-based participants, and screened for individuals who (1) were 18 years or older, (2) used Google Chrome as their primary browser, and (3) used Google Search as their primary search engine. After giving informed consent, participants completed a pre-experiment survey which elicited their familiarity with and sentiment towards LLM applications, as well as perceived trust, usefulness, satisfaction, agency, and personalization/relevance of information-seeking on Google. Participants then installed our browser extension. Prolific participants were compensated $2 for completing the screening, pre-experiment survey and installing the browser extension, and $8 for finishing the study. Northeastern students were paid $17 per hour through their work-study program.

    S2.2 Interventions

    Our study implemented three search conditions via a Chromium browser extension:

    1. No AI Search: Hides Google’s AI Overviews, including those at the top of the results page, in the middle of the results page, and nested within People Also Ask components. AI Mode searches are redirected to general search at the network level. The “AI Mode” tab on the Google Search page is hidden. The “AI Mode” prompt on the Google home page is hidden. Unfortunately, browser extensions cannot hide the “AI Mode” prompt in the Chrome browser’s address bar.

    2. Current Search: No interventions are applied, so this is the default experience of Google Search. AI Overviews may be present, AI Mode is accessible, and “AI Mode” tabs/prompts are visible.

    3. AI Mode Search: All Google searches are redirected to AI Mode at the network level. The “All” and “Web” tabs on the Google search page are hidden, which direct to general search and web results, respectively. Search verticals (e.g., news, shopping, images) are still accessible.

    S2.3 Experimental Platform

    We developed a custom experimental platform that enabled us to collect participants’ web browsing behavior, deploy custom surveys, and make in-situ changes to their Google Search experience.

    Browser extension The browser extension handles enforcing the three Google Search conditions and logging browsing activity, HTML snapshots of no AI, Current and AI Mode results, and click events that originate from Google Search, Gemini and ChatGPT. The extension is compatible with all Chromium-derived browsers, including Google Chrome, and is published on the Chrome Web Store (https://chromewebstore.google.com/detail/cedfhkdnooeicfiaheamppdckbidiaah). The extension manages enforcing the conditions by injecting a content script into Google Search pages, which detected and modified the rendered DOM in real time. Participants were randomly assigned to one of three conditions managed through a field stored in the extension’s local storage. Upon each Google Search page load, the extension retrieved this assignment and applied the corresponding
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    intervention. In the No AI Search condition, the extension continuously monitored DOM mutations via a MutationObserver. When an AI Overview container was detected, its CSS ‘display’ property was set to ‘none’. The ‘AI Mode’ search tab was similarly hidden to prevent participants from navigating to it. In the AI Mode condition, the extension suppressed the default ‘All’ and ‘Web’ search tabs, and redirected all Google searches to AI Mode at the network level (i.e., URL parameter udm=50). Participants in this condition received a one-time disclosure modal on their first exposure to AI Mode, informing them that they would be using AI-driven search for the study duration. The Current Search condition received no DOM modifications. The extension passively recorded participants’ interactions across Google Search, Google AI Mode, Google Gemini and ChatGPT. On Google Search pages, the extension captured the full HTML of the results page, along with the AI Overview container. On AI Mode, Gemini and ChatGPT, a MutationObserver tracked each AI response, capturing HTML and the sequential conversational turn order. Across all platforms, outbound link clicks were logged.

    Web application The study’s web application was built with Django and deployed on a server hosted by Northeastern University, backed by a PostgreSQL database. The application managed participant onboarding, accounts, condition assignment, survey administration, and data collection from the browser extension. Upon enrollment, participants were directed to the web application and guided through an onboarding flow: providing informed consent, authenticating via Google social auth using their Prolific or other email address, completing a demographic survey and pre-survey, installing the browser extension from the Chrome Web Store, and verifying the extension was active before beginning the study. During the study period, the extension communicated with the web application via dedicated endpoints to store scraped data, retrieve condition assignments, and manage authenticated sessions. All communication occurred over HTTPS, with scraped HTML, click events, and URLs stored in the database for later analysis. At the conclusion of the study period, participants were directed to the web application via a URL sent to their Prolific inbox or email to complete the post-survey.

    S2.4 Outcome Measures

    Primary Outcome Measures

    • Trust. We measure trust in Google responses using a validated 5-item scale [47] that has been used in recent work evaluating AI search [28]. The five items are: “Over the last 7 days, how [believable / trustworthy / accurate / biased / complete] was the information you found searching on Google?” Each item is measured on a 7-point Likert scale (not at all to extremely). The bias item is reverse-coded.

    • Click-Through Rate. The total number of external clicks originating from Google divided by the total number of Google searches. The numerator excludes clicks to google.com (e.g., follow-up searches). The denominator excludes searches on Google’s vertical search pages (e.g., images, news, shopping). Each turn of a conversation in AI Mode is counted as a separate search. This is a user-level metric.

    • Search Sessions. Searches on Google’s vertical search pages are excluded. Searches are grouped into sessions such that if the inter-arrival time between two searches exceeds 5 minutes, the second query is considered a new session. When evaluated against 100 randomly sampled, manually annotated query pairs from the pilot, this method produced an F1 score of 0.84.
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    Figure S1. Head to head survey for a news-related query, prompting users to answer questions comparing Response A (AI Mode result for news query) to Response B (Current search result for news query).
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    Secondary Survey Outcome Measures

    • Usefulness. We measure usefulness using a validated 5-item scale [30, 48]. The five items are: “Over the last 7 days, information-seeking on Google was:” [useless vs. useful; bad vs. good; ineffective vs. effective; worthless vs. helpful; sleep-inducing vs. stimulating]. Each item is measured on a 5-point scale.

    • Satisfaction. We measure satisfaction using a validated 4-item scale [30, 48]. The four items are: “Over the last 7 days, information-seeking on Google was:” [unpleasant vs. pleasant; annoying vs. nice; irritating vs. likeable; undesirable vs. desirable]. Each item is measured on a 5-point scale.

    • Agency. Measured through a single statement: “Over the last 7 days, I had agency over the information-seeking process on Google,” on a 7-point Likert scale (strongly disagree to strongly agree).

    • Personalization. Measured through a single statement: “Over the last 7 days, informationseeking on Google led to results that were personalized and relevant to me,” on a 7-point Likert scale (strongly disagree to strongly agree).

    • Preference for AI Mode (News Context). We show participants head-to-head comparisons of responses from AI Mode Search and Current Search, asking “Which of the two responses do you prefer?” (Figure S1). Each participant is shown the results of three queries randomly sampled from 10 pre-defined trending news queries, manually selected from Google Trends the day before the final survey is released. The order of responses is randomized.

    • Trust in AI Mode (News Context). Using the same design as above, participants are asked “Which of the two responses do you find more trustworthy?”

    The selected trending news queries were (1) “tsa agents government shutdown”, (2) “iran israel war ceasefire”, (3) “laguardia plane crash”, (4) “us treasury insolvency”, (5) “us army enlistment age”, (6) “meta social media addiction trial”, (7) “retirement benefits social security”, (8) “no kings protest near me”, (9) “covid 19 cicada variant”, and (10) “ice at airports”.

    Secondary Click Outcomes

    All secondary click outcomes except total clicks are binary user-level variables (e.g., did user X ever click through to a news site).

    • Clicks. Total external clicks originating from Google, excluding clicks to [www.google.com](https://www.goog

    • Clicks to news websites > 0. News domains are identified using a comprehensive, actively curated list of news domains [49].

    • Clicks to specific domains > 0. Any domain receiving at least 5% of total clicks originating from Google during the baseline period. During the pilot, only reddit.com and wikipedia.org met this criterion.

    • Ad clicks > 0. Ad clicks are identified using the gclid URL parameter [50].
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    Secondary Search Outcomes

    All variables in this section exclude searches on Google’s vertical search pages. All are user-level metrics.

    • Searches per session. Total searches divided by total sessions. Each turn of a conversation in AI Mode is counted as a separate search.

    • Minutes per session. Total active minutes on Google Search pages divided by total sessions. Time is only accumulated when a Google Search page is in the browser’s foreground.

    • Fraction of question searches. The fraction of searches beginning with “who”, “what”, “where”, “why”, “when”, or “how”.

    Secondary Substitution Outcomes

    • Competing search engine use > 0. A binary user-level variable indicating whether the user ran any searches on Bing, Yahoo, or DuckDuckGo.

    • Intention to switch to Bing. Measured by asking “If your search experience from the last 7 days remained permanent, how likely would you be to switch to Bing?” on a 7-point Likert scale (extremely unlikely to extremely likely).

    S2.5 Hypotheses

    Primary Hypotheses

    H1 (Trust): Based on existing work on trust in AI search responses [28].

    H1a: AI Mode Search will decrease overall trust in responses compared to Current Search.

    H1b: No AI Search will increase overall trust in responses compared to Current Search.

    H2 (Click-Through Rate): Based on reports from publishers [6] and observational data [8].

    H2a: AI Mode Search will decrease click-through rate to external sites compared to Current Search.

    H2b: No AI Search will increase click-through rate to external sites compared to Current Search.

    H3 (Search Sessions): Based on Google’s claims about the impact of AI features [10].

    H3a: AI Mode Search will increase the number of search sessions compared to Current Search.

    H3b: No AI Search will decrease the number of search sessions compared to Current Search.

    Secondary Hypotheses: Survey Outcomes

    H4 (Satisfaction, Usefulness, Agency): We don’t have a strong hypothesis (H4a). AI Mode Search could decrease [satisfaction with, usefulness from, agency over] responses compared to Current Search because of information quality concerns. It could also increase these outcomes because of perceived efficiency, personalization, and/or relevance. Analogous reasoning for No AI Search (H4b).
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    H4 (Personalization/Relevance): Based on Google’s claims [41].

    H4c: AI Mode Search will increase perceptions of responses being personalized and relevant.

    H4d: No AI Search will decrease perceptions of responses being personalized and relevant.

    H4 (News Context):

    H4e: AI Mode Search will decrease preference for and trust in AI Mode in the context of news

    search.

    H4f: No AI Search will have no impact on these outcomes.

    Secondary Hypotheses: Click Outcomes

    H5 (Clicks to domains):

    H5a: AI Mode Search will decrease total clicks, clicks to news sites, clicks to specific domains, and

    ad clicks compared to Current Search.

    H5b: No AI Search will increase these outcomes compared to Current Search.

    Secondary Hypotheses: Search Behavior

    H6 (Session Characteristics):

    H6a: AI Mode Search will increase minutes per session and the fraction of question-form searches

    compared to Current Search.

    H6b: No AI Search will decrease these outcomes compared to Current Search.

    H6 (Searches per Session): No strong hypothesis; AI Mode Search could increase or decrease searches per session depending on whether it encourages follow-up queries or resolves them preemptively (H6c), with analogous reasoning for No AI Search (H6d).

    Secondary Hypotheses: Search Engine Substitution

    H7 (Substitution):

    H7a: AI Mode Search will increase substitution to other search engines (Bing, DuckDuckGo, Yahoo)

    compared to Current Search.

    H7b: No AI Search will have no impact on substitution to other search engines.

    S3 Participant Demographics

    Of the 956 participants who completed the final survey, 50% identified as women, 48% as men, and 2% as another gender. Politically, participants leaned Democratic, as 59% identified as Democrat (30% strong, 13% weak, 16% leaning), 21% as Independent, and 20% as Republican (10% leaning, 4% weak, 6% strong). Figure S2 presents the demographic composition of the survey analysis sample across four other characteristics: age, race, education, and income. Table S6 summarizes
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    the demographic composition of the enrolled sample (N = 1, 444), the behavioral analysis sample (N = 1, 100) and the survey analysis sample (N = 956).
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    Figure S2. Distribution of demographics among participants who completed the post-survey.
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    Table S6. Participant Demographics. Demographic composition of the enrolled sample, the behavioral analysis sample, and the survey analysis sample.

    Enrolled (N=1444) Behavioral (N=1100) Survey (N=956)

    Age: 18-24 (%) 0.222 0.212 0.196 Age: 25-34 (%) 0.298 0.309 0.320 Age: 35-44 (%) 0.235 0.231 0.236 Age: 45-54 (%) 0.142 0.145 0.142 Age: 55-64 (%) 0.075 0.075 0.075 Age: 65-74 (%) 0.024 0.025 0.026 Age: 75-84 (%) 0.005 0.005 0.004 Age: 85+ (%) 0.000 0.000 0.000 Education: Less than high school degree (%) 0.013 0.010 0.012 Education: High school graduate (%) 0.126 0.120 0.118 Education: Some college, no degree (%) 0.329 0.335 0.318 Education: Bachelor’s degree (%) 0.357 0.357 0.374 Education: Master’s degree or higher (%) 0.175 0.178 0.178 Income: <25k (%) 0.151 0.145 0.144 Income: 25-49k (%) 0.219 0.219 0.220 Income: 50-99k (%) 0.350 0.359 0.357 Income: 100-199k (%) 0.228 0.230 0.238 Income: 200k+ (%) 0.053 0.046 0.041 Political Party: Strong Democrat (%) 0.278 0.292 0.298 Political Party: Weak Democrat (%) 0.115 0.124 0.132 Political Party: Lean Democrat (%) 0.166 0.165 0.159 Political Party: Independent (%) 0.234 0.222 0.214 Political Party: Lean Republican (%) 0.098 0.100 0.099 Political Party: Weak Republican (%) 0.043 0.039 0.038 Political Party: Strong Republican (%) 0.066 0.058 0.060 Gender: Woman (%) 0.513 0.499 0.500 Gender: Man (%) 0.467 0.480 0.477 Gender: Nonbinary (%) 0.018 0.020 0.022 Race/Ethnicity: White (%) 0.669 0.679 0.684 Race/Ethnicity: Black or African American (%) 0.159 0.145 0.135 Race/Ethnicity: Hispanic or Latino (%) 0.107 0.109 0.115 Race/Ethnicity: Southeast/East Asian (%) 0.103 0.106 0.108 Race/Ethnicity: Indian subcontinent (%) 0.022 0.025 0.025 Race/Ethnicity: American Indian or Alaska Native (%) 0.023 0.024 0.022 Race/Ethnicity: Middle Eastern (%) 0.017 0.017 0.015 Race/Ethnicity: Native Hawaiian/Pacific Islander (%) 0.006 0.006 0.007 Race/Ethnicity: Other (%) 0.006 0.006 0.007

    S4 Analysis Plan

    S4.1 Randomization

    Participants were randomly assigned to one of three experimental conditions at the time of extension installation, whereby each participant was independently assigned with equal probability and no constraints imposed on group balance.

    S4.2 Power analysis

    To determine minimum detectable effects (MDEs) at various sample sizes, we ran a power analysis based on a pilot study with N = 72 participants (61 from Prolific and 11 from a paid, undergraduate work-study program at Northeastern). The power analysis used power = 0.8, alpha = 0.05 / H hypothesis tests, and the residual outcome variance after adjusting for the pre-treatment outcome. H came from our pre-registered multiple testing plan for different groups of covariates (e.g., for primary outcomes, H = 3 outcomes * 2 contrasts = 6 hypothesis tests). The residual outcome variance was calculated as the unadjusted outcome variance * (1 - out-of-sample R2). Out-of-
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    sample R2 was estimated using OLS regression and 10-fold cross validation. We used out-of-sample R2 to estimate residual variance conservatively with a small pilot. Our pre-registration reported MDEs corresponding to N = 1200 total participants. Our final analysis sample contains N = 1100 participants with behavioral data and N = 956 participants with survey data. Therefore, we report MDEs with respect to these realized sample sizes here. Note that MDEs are still calculated using pilot data, just assuming a smaller sample size. We were powered to detect minimum effects of 0.24 (4%) on searcher trust, 0.07 (16%) on click-through rate, and 0.61 (16%) on search sessions per day. For secondary survey outcomes, we were powered to detect minimum effects of 0.19 (5%) on satisfaction, 0.16 (4%) on usefulness, and 0.42 (10%) on agency. We did not measure personalization/relevance, preference for AI Mode in the context of news search, and trust in AI Mode in the context of news search during the pilot. For secondary click outcomes, we were powered to detect minimum effects of 1.3 (35%) on clicks per day, 0.13 (28%) on the proportion of users clicking to Reddit, 0.12 (40%) on the proportion of users clicking to Wikipedia, 0.13 (35%) on the proportion of users clicking to news sites, and 0.14 (33%) on the proportion of users clicking on ads. For secondary search outcomes, we were powered to detect minimum effects of 0.26 (12%) on searches per session, 0.42 (33%) on minutes per session and 0.02 (34%) on the fraction of question searches. For secondary substitution outcomes, we were powered to detect a minimum effect of 0.08 (79%) on the proportion of people using a competing search engine. We did not measure long-term intention to switch to Bing during the pilot.

    S4.3 Main Analyses

    Following our pre-registration, for all user-level outcomes, we run an OLS regression of the outcome on participants’ treatment assignment, controlling for the baseline value of the outcome and recruitment channel. We use HC2 robust standard errors. For the news-related survey outcomes, each participant answered questions about three queries that are randomly sampled from a set of 10. Following our pre-registration, for these two outcomes, we run an OLS regression of the outcome on participants’ treatment assignment at the question-level, with fixed effects for question ID. We control for baseline trust and recruitment channel and cluster standard errors at the user-level. Our pre-registration did not specify how we would estimate LATEs in the case of non-compliance. We run a two-stage least squares (2SLS) regression of the outcome on participants’ treatment exposure (i.e., compliance rate), instrumented by treatment assignment, controlling for the baseline value of the outcome and recruitment channel. We use HC1 robust standard errors, which are supported in Python’s linearmodels package. Following our pre-registration, we recode any missing covariate values to the overall mean from the baseline period. Following our pre-registration, we also truncate behavioral measures (sessions per day, clicks per day, click-through rate, searches per session, and minutes per session) at the 99th percentile to deal with possible outliers. We calculate 99th percentiles using data from the baseline period. We do not truncate behavioral proportions. We also truncate the focus duration of individual searches at the 99th percentile (24.4 minutes).

    Multiple Comparisons

    We implement False Discovery Rate (FDR) adjustment using the method in [51] with the following groups of variables:

    • For K1 = 3 primary outcomes: Sharpened FDR-adjusted p-values with K1 ∗2 hypothesis tests (multiplied by 2 because 2 condition contrasts)

    • For K2 = 6 survey-related secondary outcomes: Sharpened FDR-adjusted p-values with (K2 + 1) ∗2 hypothesis tests, where the extra outcome is the primary trust outcome
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    Table S7. Covariate Balance. Baseline covariate means across treatment groups.

    No AI Current Search AI Mode

    Sessions Per Day 2.896 3.465 3.183 Clicks Per Day 3.130 3.455 3.332 Trust 4.432 4.384 4.425 Satisfaction 3.884 3.887 3.900 Usefulness 4.169 4.132 4.132 Agency 4.632 4.659 4.671 Personalization/Relevance 5.087 5.031 4.992 LLM Familiarity 5.195 5.071 5.150 LLM Overall Sentiment 3.772 3.646 3.698 LLM Use Frequency 3.638 3.512 3.637 Race/Ethnicity: White (%) 0.685 0.644 0.676 Race/Ethnicity: Black or African American (%) 0.140 0.169 0.168 Race/Ethnicity: Southeast/East Asian (%) 0.083 0.127 0.103 Race/Ethnicity: Hispanic or Latino (%) 0.120 0.094 0.107 Race/Ethnicity: Other (%) 0.031 0.045 0.041 Gender: Woman (%) 0.518 0.514 0.507 Gender: Man (%) 0.467 0.463 0.472 Gender: Nonbinary (%) 0.016 0.022 0.021 Age: 18-24 (%) 0.219 0.207 0.238 Age: 25-34 (%) 0.307 0.303 0.283 Age: 35-44 (%) 0.240 0.236 0.230 Age: 45-54 (%) 0.124 0.149 0.154 Age: 55+ (%) 0.110 0.105 0.094 Education: High school graduate (%) 0.144 0.143 0.131 Education: Some college, no degree (%) 0.339 0.327 0.320 Education: Bachelor’s degree (%) 0.354 0.330 0.384 Education: Master’s degree or higher (%) 0.163 0.200 0.164 Political Party: Democrat (%) 0.541 0.543 0.591 Political Party: Independent (%) 0.258 0.227 0.216 Political Party: Republican (%) 0.201 0.229 0.193 Income: <25k (%) 0.167 0.167 0.119 Income: 25-49k (%) 0.230 0.205 0.220 Income: 50-99k (%) 0.352 0.356 0.341 Income: 100k+ (%) 0.250 0.272 0.320 Channel: NEU (%) 0.047 0.033 0.037 Channel: Prolific (%) 0.953 0.967 0.963

    • For K2 = 5 click-related secondary outcomes: Sharpened FDR-adjusted p-values with (K2+ 1) ∗2 hypothesis tests, where the extra outcome is the primary CTR outcome

    • For K2 = 3 search-related secondary outcomes: Sharpened FDR-adjusted p-values with (K2 + 1) ∗2 hypothesis tests, where the extra outcome is the primary sessions outcome

    • For K2 = 2 substitution-related secondary outcomes: Sharpened FDR-adjusted p-values with K2 ∗2 hypothesis tests

    • For L1 = 4 (i.e., 2 moderators * 2 levels): Sharpened FDR-adjusted p-values with K1∗L1∗2 hypothesis tests.

    For each group of variables, we adjust the set of ITT and LATE estimates separately because they represent the same group of hypothesis tests.
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    S5 Validity Checks

    S5.1 Covariate balance

    Following our pre-registration, we use randomization inference to test whether observed covariate imbalances are larger than would be expected by chance[52]. Specifically, we fit a multinomial logistic regression of treatment assignment on baseline covariates and calculate a heteroskedasticityrobust Wald statistic for the hypothesis that all coefficients are equal to zero. We use randomization inference with 10,000 random assignments to calculate the p-value associated with the test statistic. Following our pre-registration, we included the following covariates: recruitment channel, demographics (race/ethnicity, gender identity, age, education, political party, household income), baseline survey measures (trust, satisfaction, usefulness, agency, personalization/relevance, LLM familiarity, LLM sentiment, and LLM use frequency), and baseline outcomes (search sessions per day and clicks per day). We coarsened all demographic covariates except for gender identity. We do not find evidence of covariate imbalance (p = 0.305). Table S7 shows covariate means in each treatment group.

    S5.2 Compliance and manipulation checks
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    Figure S3. Fraction of Searches with AI Overviews Across Experiment Days. The fraction of searches with an AI Overview across conditions and experiment days.

    Following our pre-registration, we measure the success of the No AI Search intervention by looking at the proportion of AI Overview HTML elements that were successfully hidden. We measure the success of the AI Mode intervention by looking at the proportion of Google searches routed to AI Mode according to URL parameters. Figure S4 shows the fraction of AI Overviews successfully hidden across experiment days (i.e., time relative to onboarding) in the No AI group. On the first experiment day, around 90% of AI Overviews were successfully hidden. However, the success rate declined linearly as the experiment continued and was close to 0% by the tenth experiment day. The reason for the declining success rate is that Google rolled out a change to the AI Overview HTML during the experiment. This broke our extension’s logic for identifying and hiding AI Overviews. Figure S5 shows the fraction of AI Overviews that were successfully hidden across
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    Figure S4. Fraction of AI Overviews Hidden Across Experiment Days. The fraction of AI Overviews hidden in the No AI group on each experiment day.

    participants. Overall, 51.1% of AI Overviews were successfully hidden and the median participant had 50% of AI Overviews hidden. Figures S6 and S7 show the fraction of searches routed to AI Mode across treatment conditions at the user-level and search-level, respectively. During the baseline period, usage of AI Mode was extremely sparse across groups (0.6% of searches). During the experiment, 94.7% of searches in the AI Mode group were successfully routed to AI Mode. Six participants successfully accessed web search results (i.e., google.com/search?q=testing&udm=14) by using a non-standard URL structure (i.e., google.com//search) on which our intervention did not fire. As expected, 0.4% of searches went to AI Mode in the Current Search group, where AI mode remained accessible, and 0% of searches went to AI Mode in the No AI group. Our pre-registration specified that we would report local average treatment effect (LATE) estimates if we detected noncompliance, where individual compliance was defined as receiving the assigned treatment on at least 90% of searches. However, due to the breakdown of our No AI intervention, we instead measure compliance continuously, i.e., as the fraction of AI Overviews that were successfully hidden for each participant (see Figure S5). We measure compliance analogously in the AI Mode intervention, i.e., as the fraction of searches that were routed to AI Mode for each participant. Although not preregistered, we exclude users who did not run any searches that would have triggered an AI Overview from our LATE estimate comparing No AI Search to Current Search. Exposure is undefined for these users, and other than losing access to AI Mode, they could not have been affected by the No AI intervention. This subset constitutes 17.9% of the No AI group and 16.3% of the Current Search group. Using the same differential attrition tests that we use in the following section, we do not find evidence of differential rates (p = 0.564) or patterns (p = 0.693) among this subset.

    S5.3 Differential attrition

    Following our pre-registration, we use randomization inference to test for differential attrition rates [52]. Specifically, we fit an OLS regression of attrition indicator on treatment assignment and calculate a heteroskedasticity-robust F-statistic for the hypothesis that all coefficients are equal to zero. We use randomization inference with 10,000 random assignments to calculate the p-
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    Figure S5. Fraction of AI Overviews Hidden Across Participants. The fraction of AI Overviews successfully hidden across participants in the No AI group.

    value associated with the test statistic. We also use randomization inference to test for differential attrition patterns [52]. Specifically, we fit an OLS regression of attrition indicator on treatment assignment, covariates, and treatment-covariate interactions and calculate a heteroskedasticityrobust F-statistic for the hypothesis that all interaction coefficients are equal to zero. We use the same set of covariates as in the covariate balance test. We use randomization inference with 10,000 random assignments to calculate the p-value associated with the test statistic. Following our pre-registration, we measured attrition in two ways: (1) participants who did not complete the final survey and (2) participants with zero searches during the experiment period. The fraction of participants who did not complete the final survey was 32.5% in the No AI group, 32.3% in the Current Search group, and 36.6% in the AI group. We do not find evidence of differential attrition rates (p = 0.292) or patterns (p = 0.591). The fraction of participants with zero searches during the experiment period was 24.0% in the No AI group, 20.7% in the Current Search group, and 26.5% in the AI group. The difference between these rates is marginal (p = 0.109), but not significant at the 0.05 threshold [52], and we do not find evidence of differential attrition patterns (p = 0.208).
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    Figure S6. Fraction of Searches Routed to AI Mode (User-Level). Each user is given equal weight.

    S6 Supplementary Results

    S6.1 Robustness Checks
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    Figure S12. Analysis of Primary Behavioral Outcomes among Subset that Completed the Final Survey (N = 956).

    We conduct the following pre-registered robustness checks:
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    Figure S7. Fraction of Searches Routed to AI Mode (Search-Level). Each search is given equal weight.

    • The effect of AI Mode on click-through rate is robust to counting each AI Mode conversation as one search, rather than counting each AI Mode prompt as one search (Table S8).

    • The effects of AI Mode and No AI on click-through rate are robust to analysis at the searchlevel instead of the user-level (Figure S8, top panel). We analyzed click-through rate at the search-level by running OLS regression using the same controls and clustering standard errors at the user-level.

    • The effects of AI Mode and No AI on sessions per day are robust to defining sessions using 3-minute boundaries and 10-minute boundaries instead of 5-minute boundaries (Table S9).

    • The effect of AI Mode on clicks to news sites is robust to using Google’s Topics API (taxonomy 2, version 5) to classify news domains instead of [49] (Table S10).

    • The effect of No AI on clicks to news sites is not robust to using Google’s Topics API (taxonomy 2, version 5) to classify news domains instead of [49] (Table S10).

    • The effects of AI Mode on clicks to news sites, Reddit, Wikipedia, and ads are robust to using clicks per day instead of fraction of users who clicked (Figure S9, left panel).

    • The effect of No AI on clicks to news sites is not robust to using clicks per day instead of fraction of users who clicked (Figure S9, right panel). Effects on Wikipedia clicks per day and ad clicks per day are still null, while the effect on Reddit clicks per day is slightly positive.

    • The effect of AI Mode on minutes per session is robust to analysis at the session-level instead of the user-level (Figure S10, bottom-left panel). We analyzed minutes per session at the sessionlevel by running OLS regression using the same controls and clustering standard errors at the user-level.

    • The effect of No AI on minutes per session is somewhat robust to analysis at the sessionlevel instead of the user-level (Figure S10, bottom-right panel). Point estimates are still negative, but are no longer statistically significant.
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    Figure S8. Analysis of Click-Through Rate and Fraction of Question Searches using Search as the Analysis Unit.
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    Figure S9. Analysis of Secondary Click Outcomes using Clicks per Day.
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    Figure S10. Analysis of Searches per Session and Minutes per Session using Session as the Analysis Unit.

    • The effects of AI Mode and No AI on searches per session are also null when analyzed at the session-level instead of the user-level (Figure S10, top panel).

    • The effects of AI Mode and No AI on fraction of question searches are also null when analyzed at the search-level instead of the user-level (Figure S8, bottom panel).

    • The effect of AI Mode and No AI on primary outcomes is robust to using additional controls selected via Lasso regression (Figure S11).

    • The effect of AI Mode and No AI on primary behavioral outcomes is robust to restricting to the subset of participants (N = 956) that completed the final survey (Figure S12).

    Table S8. Click-Through Rate Estimates Using Different Definitions of AI Mode Searches.

    Outcome Version Comparison Estimand N Estimate SE 95% CI p

    Click-Through Rate 1 conversation = 1 search AI Mode vs. Current ITT 714 -0.149 0.018 [-0.185, -0.113] <0.001 Click-Through Rate 1 prompt = 1 search AI Mode vs. Current ITT 714 -0.188 0.018 [-0.222, -0.153] <0.001 Click-Through Rate 1 conversation = 1 search AI Mode vs. Current LATE 714 -0.158 0.019 [-0.196, -0.120] <0.001 Click-Through Rate 1 prompt = 1 search AI Mode vs. Current LATE 714 -0.199 0.019 [-0.236, -0.163] <0.001

    S6.2 Heterogeneous Treatment Effects

    We test for heterogeneous effects on our primary outcomes across two pre-registered moderators: (1) pre-treatment familiarity with LLMs (coarsened) and (2) pre-treatment number of Google sessions (coarsened). We also test for heterogeneous effects across one exploratory moderator:
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    Figure S11. Analysis of Primary Outcomes using Additional Controls Selected via Lasso.
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    Table S9. Sessions per Day Estimates Using Different Session Length Boundaries.

    Outcome Version Comparison Estimand N Estimate SE 95% CI p

    Sessions per Day 10 minutes AI Mode vs. Current ITT 714 -0.669 0.151 [-0.964, -0.374] <0.001 Sessions per Day 3 minutes AI Mode vs. Current ITT 714 -1.122 0.224 [-1.562, -0.683] <0.001 Sessions per Day 5 minutes AI Mode vs. Current ITT 714 -0.920 0.192 [-1.296, -0.545] <0.001 Sessions per Day 10 minutes AI Mode vs. Current LATE 714 -0.711 0.161 [-1.026, -0.396] <0.001 Sessions per Day 3 minutes AI Mode vs. Current LATE 714 -1.192 0.239 [-1.661, -0.723] <0.001 Sessions per Day 5 minutes AI Mode vs. Current LATE 714 -0.978 0.204 [-1.379, -0.577] <0.001 Sessions per Day 10 minutes No AI vs. Current ITT 742 0.115 0.152 [-0.183, 0.413] 0.449 Sessions per Day 3 minutes No AI vs. Current ITT 742 0.097 0.233 [-0.360, 0.553] 0.677 Sessions per Day 5 minutes No AI vs. Current ITT 742 0.100 0.197 [-0.287, 0.487] 0.612 Sessions per Day 10 minutes No AI vs. Current LATE 615 0.366 0.347 [-0.316, 1.049] 0.292 Sessions per Day 3 minutes No AI vs. Current LATE 615 0.349 0.537 [-0.705, 1.403] 0.516 Sessions per Day 5 minutes No AI vs. Current LATE 615 0.345 0.453 [-0.545, 1.236] 0.446

    Table S10. Fraction of Users Clicking to News Using Different News Domain Labels.

    Outcome Version Comparison Estimand N Estimate SE 95% CI p

    Fraction of News Clickers Topics API AI Mode vs. Current ITT 714 -0.081 0.017 [-0.114, -0.048] <0.001 Fraction of News Clickers Yang (2026) AI Mode vs. Current ITT 714 -0.125 0.032 [-0.187, -0.063] <0.001 Fraction of News Clickers Topics API AI Mode vs. Current LATE 714 -0.086 0.018 [-0.121, -0.051] <0.001 Fraction of News Clickers Yang (2026) AI Mode vs. Current LATE 714 -0.133 0.034 [-0.199, -0.067] <0.001 Fraction of News Clickers Topics API No AI vs. Current ITT 742 0.001 0.019 [-0.036, 0.037] 0.967 Fraction of News Clickers Yang (2026) No AI vs. Current ITT 742 0.071 0.033 [0.006, 0.137] 0.033 Fraction of News Clickers Topics API No AI vs. Current LATE 615 0.003 0.043 [-0.082, 0.088] 0.940 Fraction of News Clickers Yang (2026) No AI vs. Current LATE 615 0.202 0.073 [0.058, 0.346] 0.006

    age. We analyze heterogeneous effects by running OLS regression of the outcome on participants’ treatment assignment, moderator, and treatment-moderator interactions. We run one regression per moderator and report treatment-moderator coefficients. We control for the baseline value of the outcome and recruitment channel, and use HC2 standard errors. We coarsen LLM familiarity into three groups: not familiar at all, slightly familiar, somewhat familiar, and moderately familiar (N = 343), very familiar (N = 312), highly familiar and extremely familiar (N = 445). We coarsen pre-treatment daily search sessions into three groups: up to one daily session (N = 366), 1-4 daily sessions (N = 374), more than 4 daily sessions (N = 360). We coarsen age into four groups: 18–24 (N = 233), 25–34 (N = 340), 35-44 (N = 254), and 45+ (N = 273). Figure S13 shows the results for LLM familiarity: no interactions are significant. Figure S15 shows the results for baseline daily sessions. AI Mode reduces the number of sessions per day significantly more for heavy Google users (i.e., more than 4 daily sessions) (estimate = -2.01 sessions per day, P = 0.005). All other interactions are insignificant after adjusting for multiple comparisons. Figure S14 shows the results for age: no interactions are significant after adjusting for multiple comparisons.
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    Figure S13. Heterogeneous Effects of AI Mode Search and No AI Search on Primary Outcomes Across Baseline Levels of LLM Familiarity.
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    Figure S14. Heterogeneous Effects of AI Mode Search and No AI Search on Primary Outcomes Across Age Groups.
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    Figure S15. Heterogeneous Effects of AI Mode Search and No AI Search on Primary Outcomes Across Baseline Number of Daily Search Sessions.
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    S7 Survey Questionnaires

    S7.1 Onboarding

    Informed Consent

    1. I am living in the United States. (checkbox)

    2. I am 18 years old or older. (checkbox)

    3. My main web browser is Google Chrome. (checkbox)

    4. My main search engine is Google Search. (checkbox)

    5. I have read the above information and consent to participate. (checkbox)

    6. Please enter your 24 character Prolific ID. (free text)

    Demographics

    1. What’s your age?

    • 18 – 24

    • 25 – 34

    • 35 – 44

    • 45 – 54

    • 55 – 64

    • 65 – 74

    • 75 – 84

    • 85 or older

    2. What’s your gender identity?

    • Woman

    • Man

    • Non-binary/third gender

    • Prefer not to say

    3. What’s your race and/or ethnicity? Select all that apply:

    • American Indian or Alaska Native

    • Black or African American

    • Hispanic or Latino

    • Indian Subcontinent

    • Middle Eastern or North African

    • Native Hawaiian or Pacific Islander

    • Southeast Asian or East Asian

    • White

    42
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    • Other/Not listed

    4. What’s your level of education?

    • Less than high school

    • High school graduate

    • Some college

    • Bachelor’s degree

    • Master’s degree or higher

    5. What’s your annual household income before taxes?

    • Less than $25,000

    • $25,000 – $49,999

    • $50,000 – $99,999

    • $100,000 – $199,999

    • $200,000 or more

    6. What’s your political party identification?

    • Strong Democrat

    • Not very strong Democrat

    • Lean Democrat

    • Independent

    • Lean Republican

    • Not very strong Republican

    • Strong Republican

    7. What is your 5 digit zip code? (free text)

    S7.2 Pre-Experiment Survey

    1. How familiar are you with LLM applications such as ChatGPT, Claude, and Gemini?

    • Not familiar at all

    • Slightly familiar

    • Somewhat familiar

    • Moderately familiar

    • Very familiar

    • Highly familiar

    • Extremely familiar

    2. How often do you use LLM applications such as ChatGPT, Claude, and Gemini?

    • Never

    • At least once per month

    43
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    • At least once per week

    • At least once per day

    • Multiple times per day

    3. Overall, how do you feel about LLM applications such as ChatGPT, Claude, and Gemini?

    • Negative

    • Somewhat negative

    • Neutral

    • Somewhat positive

    • Positive

    4. When you search on Google, how believable is the information you find?

    • Not at all

    • Slightly

    • Somewhat

    • Moderately

    • Very

    • Highly

    • Extremely

    5. When you search on Google, how trustworthy is the information you find? (same 7-point scale as above)

    6. When you search on Google, how accurate is the information you find? (same 7-point scale as above)

    7. When you search on Google, how biased is the information you find? (same 7-point scale as above)

    8. When you search on Google, how complete is the information you find? (same 7-point scale as above)

    9. Please select ‘Slightly’ for this question. (attention check; same 7-point scale as above)

    10. I have agency over the information-seeking process on Google.

    • Strongly disagree

    • Disagree

    • Somewhat disagree

    • Neither agree nor disagree

    • Somewhat agree

    • Agree

    • Strongly agree
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    11. Information-seeking on Google leads to results that are personalized and relevant to me. (same 7-point agreement scale as above)

    12. In general, information-seeking on Google is: (9 semantic differential items, 5-point scale, no intermediate labels)

    • Useless – Useful

    • Unpleasant – Pleasant

    • Bad – Good

    • Annoying – Nice

    • Ineffective – Effective

    • Irritating – Likeable

    • Worthless – Helpful

    • Undesirable – Desirable

    • Sleep-inducing – Stimulating

    S7.3 Post-Experiment Survey

    1. (For each head-to-head comparison sample, response order randomized as Response A/B)

    (a) Which of the two responses do you prefer?

    (b) Which of the two responses do you find more trustworthy?

    (c) Why did you find Response A more trustworthy? (free text)

    2. What was your overall impression of Google’s AI Mode after one week of using it? (AI Mode participants only; free text)

    3. Over the last 7 days, how believable was the information you found searching on Google?

    • Not at all

    • Slightly

    • Somewhat

    • Moderately

    • Very

    • Highly

    • Extremely

    4. Over the last 7 days, how trustworthy was the information you found searching on Google? (same 7-point scale as above)

    5. Over the last 7 days, how accurate was the information you found searching on Google? (same 7-point scale as above)

    6. Over the last 7 days, how biased was the information you found searching on Google? (same 7-point scale as above)

    7. Over the last 7 days, how complete was the information you found searching on Google? (same 7-point scale as above)
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    8. Over the last 7 days, I had agency over the information-seeking process on Google.

    • Strongly disagree

    • Disagree

    • Somewhat disagree

    • Neither agree nor disagree

    • Somewhat agree

    • Agree

    • Strongly agree

    9. Over the last 7 days, information-seeking on Google led to results that were personalized and relevant to me. (same 7-point agreement scale as above)

    10. In general, information-seeking on Google is: (9 semantic differential items, 5-point scale, no intermediate labels)

    • Useless – Useful

    • Unpleasant – Pleasant

    • Bad – Good

    • Annoying – Nice

    • Ineffective – Effective

    • Irritating – Likeable

    • Worthless – Helpful

    • Undesirable – Desirable

    • Sleep-inducing – Stimulating

    11. If your search experience from the last 7 days remained permanent, how likely would you be to switch to Bing?

    • Extremely unlikely

    • Unlikely

    • Somewhat unlikely

    • Neither likely nor unlikely

    • Somewhat likely

    • Likely

    • Extremely likely

    12. Did you search on a browser other than this one in the past week?

    • Yes

    • No

    46
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(6.2%, n = 19). Fewer participants expressed trust in Al results (1.6%, n=>5), a preference for A
summarization over traditional search (1.6%, n = 5), or adaptation to Al Mode over time (3.6%,
n=11; e.g., “at first the Al Mode threw me off, but I got used to it quickly”).

4 Discussion

Our study provides causal evidence about the effects of integrating generative Al into web search.
Leveraging an in-situ browser experiment that manipulated users’ access to Al Overviews and Al
Mode in Google Search over a 10-day study period, we show that the current trajectory of Al-
mediated search presents a clear tradeoff: as Google increasingly answers users questions directly,
referral traffic to the broader web declines substantially, yet these changes do not currently yield
commensurate improvements in users’ trust or overall scarch experience.

At the time of our study, Al Overviews had already become a standard component of Google
Search. Removing Al Overviews increased external click-through by 8.8 percentage points, with
suggestive evidence of even greater referral traffic to news publishers.

Looking ahead, Google positions Al Mode as the futiire of search; and its effects on traffic were
sreater and broader across domains: relative to standard Google Seateh, enforcing AT Mode redc
external click-through by 18.8 percentage points, reducedsdailyy searh, sessious, and reduced the
fraction of users clicking through to news sites, Reddit, and Wikipedia alike (H5a). Notably, AT
Mode increas per session even as it reduced click-thtough and s ions per day,
showing users spent more time within the Al-mediated scarch expetience while visiting the broader
web less often. This reduction in search sessions was significantly larger among heavy Google use

Our findings about impacts on click-through rates are consistént with publisher-reported traffic
declines since Al features launched [6, 8] and observational evidence that Al Overviews reduc
Wikipedia traffic by 15% [18], and our experimental estimates suggest the impact generalizes w
beyond Wikipedia and news, Taken together, these results suggest that Al Mode’s design, at least
as implemented at the tihe of our study, may compound the traffic pr of AI Overviews
that we document here and that publishers have separately reported, with direct consequences for
revenue models, including advertising models 43}, that are dependent on traffic.

Despite these significant effects on traffic, we find few corresponding gains for users, Removing
Al Overviews produced no detectable change in perceived trust in information found on Google,
nor on measures of search experience, suggesting that benefits of Al Overviews are not reflected in
these outcomes. Al Mode's effects, relative to c nt Google Search
information on Google, usefulness, satisfaction, agency and relevance, and increased substitution
to competing search engines. Qualitative responses help explain these effects: although some
participants appreciated faster access to answers, they more frequently described feeling les
control of their search process, encountered difficulty in reaching desired sites, and saw f
less diverse sources. Taken together, these results suggest that in its current form, conversational
Al searc less favorably by both publishers and searchers.

Our estimates reflect an early snapshot of Google’s AT Mode: at the time of our study, AT Mode
did not yet surface ads or rely on other traditional ad-revenue mechanisms. How Google chooses
to monetize AT Mode will be worth monitoring, particularly given the publisher dynamics we
document. As they inevitably do so — through advertising, sponsored results, or other mechanisms
 we anticipate user satisfaction and other measures will shift away from this pre-monetization
baseline.
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Our results also point to a tension for Google. AT Mode is designed to help Google compete

with other AL chatbot products like ChatGPT for the growing share of queries handled through
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conversational interfaces [44], which also serves Google's interest in keeping users on its site. Yet
many users remain unconvinced. Our findings showed that AI Mode drove significant substitution
toward competing search engines (an 11.2% increase in competitor search use, H7a), along with
substantial intent among these users to switch to Bing if AI Mode were required over the longer
term. If users remain firm in their mistrust and dislike of Al Mode, Google will face a tension
between pushing the product on users (to acclimate them as much as for its other benefits), and
risking alienation that could cost it ground to competitors in a scarch market that today is nearly
monopolistic

Tmportantly, the introduction of Al features in search shift Google away from serving as an in-
termediary that connects us (the canonical definition of a search engine;
into a destination for answers unto itself. This shift already carries regulatory consequences: a re-
cent German court ruling held that Google's Al Overviews cause it to function as a content provider
rather than a ne ary, on the grounds that “Al-produced summaries amounted to the
company’s own content rather than a mere display of third-party information” [45]. Thi
nation turns on the same distinction to which our results speak: whether Al in search primarily
facilitates users discovery of third-party publishers, or increasingly substitutes for it.

Given these implications, high stakes for Google, publishers, and users alike, we argue that
Al-mediated search should be evaluated not only in terms of the quality of answers generated, but
also in terms of how these systems reshape the relationship between wsers, publishers, and the
broader web—from the sustainability of publishers, to Google's status as an intermediary, to users’
own right to control their discovery, evaluation, and engagement with with information.
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Limitations Our study has several limitations, which also point o areas for future work.

Compliance in the No Al Search condition dégraded over-the study period due to a Google
 change, falling to roughly 50% overall. Therefore, we report LATE estimates (Section 3),
which rely on the assumption that assignment only affected otitcomes through AT Overview exposur
(i.e., the exclusion restriction). If the interface change altered participants’ experience more broadly,
that assumption may not hold.

We do not find evidence of diffe
Mode estimat

interfa

ential attrition by condition, which supports treating our AL
es as causal rather than deseriptive (Section 3); we note, however, that this do
possibility that unfamiliarity with the interface affected participant behavior in other

es not

rule out the
ways.

Our sample was recruited ffom Prolific and a university work-study program, and skewed
younger, more highly educated, and tnore left-leaning than the general US population (Figure $2);
effects may differ in magnitude or direction in a more representative sample.

Our experiment of treatment exposure, which allows us to detect short-
term behavioral and attitudinal shifts but not longer-run adaptation—it is possible that some effects
would attenuate, or that new ones would emerge, over a longer exposure period: future work should
examine the impacts of longer-term adjustment on behavior and belicfs. Bascline AT Mode usage
was minimal (0.6% of searches) prior to our intervention, meaning our AT Mode condition reflect
forced, full-adoption scenario rather than the gradual, opt-in uptake most users would experience in
practice; cffects of organic AT Mode adoption may differ from the effects of the enforced assignment
we study here

Our design intentionally measured effects across the distribution of real-world search tasks
futur sure effects for specific high-stakes contexts and search tasks (e.g., health,
legal, or financial information-secking), where the consequences of reduced trust or click-through
may differ. Finally, we were not powered to detect small effects on sccondary click and search

spanned seven days

work should m
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of no effect. The
same caution applics to secondary survey outcomes, which have fairly wide confidence intervals.

outcomes, and null effects on these outcomes should not be interpreted as eviden
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Table S5. Treatment Effect Estimates for Seeondary Survey Outcomes. Effects are presented in
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Outco Comparison Etimand N Btimate  SE_95% CF b padjusted
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Supplementary Materials

This document provides supplementary methods, tables, and figures accompanying the main manuse
Tables and figures arc numbered with an “S” prefix (c.g., Table S1, Fig. S1) to distinguish them
from thos

in the main text

S1 Full Results: Main Text Tables

‘The tables in this section are results referenced in the main manuscript’s Results section.

Table S1. Treatment Effect Estimates for Primary Outcomes.

Outcome Comparison Btimand N Estimate  SE_93% CI b padjusted
Trust Seale AT Mode vs. Current ITT 615 083 0068 [0471,0203 <0001 <0000
Trust Seale AlModevs. Curent LATE 613 0350 0073 [0502-0215 <0001 <0.001
Trust Seale NoAlvs Carrent ITT 647 007 0086 [00w0 0180 0211 0.145
Trust Scale NoAlvs Curemt  LATE 541 0144001423 [0097 0384] 0241 0.107
AT Mode ve. Current 1T T 0d8S 0018 {0222 0153 <0001 <000
AlModevs. Cument LATE 714 0199 0019 | £023 0163 <0001 <0001
No Alvs. Current ITT T2 002 0018 L0.007,0062 0121 0.103
NoAlvs Carremt  LATE 615 0.058 003 [0.023.0.53 | 0.008 0.006
Sessions per Day Al Mode ve. Current  ITT T 0020 0192 [1206 0345 <0001 <0001
Sesions per Day Al Modove Cument  LATE 714 0078 0304 [L370, 0571 <0001 <0001
Sessions per Day  No ALvs. Current  ITT T2 0400 0197 L0287 0487 0612 0257
Sessions por Day  NoAlvs Cument  LATE 6150315 0453 [0515,1236] 0446 0.1

Table S2. Treatment Effect Estimates for Seeondary Click Outcome:

Outcomne Comparison Estimand N Bstimate 5% b poadted
Clicks per Day ATNiode v Quzent ITT) 73 LT <0001 <0001
Clicks per Day AT Mode vs. Cusrent  LATE 115 1876 <0001 <0001
Clicks per Day No Alvs. Current  ITT 0.3 002 063 0.100
Clicks per Day No Al vs. Carrent | LATE Lo72 F0.186. 2350]  0.095 0014
Fenction of News Clickéts Al Mode vs. Current | ITT 0125 (0187, 0063 <0001 <0001
Fraction of News Clickers AL Mode vs. Current | LATE 0133 (0199, 0.067] <0001 <0001
Fenction of News Clickers NoAlvs. Current | ITT o0.071 [0.006. 0137 0.033 0020
Feaction of News Clickers No Alys. Carrent | LATE 0202 [0.058, 0346 0.006 0.005
Fraction of Reddit Clickers AT Mod@ys. Curren  ITT 0212 (0275 0.148 <0001 <0001
Fraction of Reddit Clickers AT Mode vs. Cufent  LATE 0225 (0293 0157 <0001 <0001
Fraction of Reddit Clickers  No Alvs, Cuent T 0016 [o0s0. 0019 0.633 0267
Fraction of Reddit Clickers  No Alvs, Curent  LATE 0019 [0100.0092]  0.495 0145
Fraction of Wikipedia Clickers Al Mode vs. Current  ITT 0.0% F0147.-0.050] <0001 <0.001
Fraction of Wikipodia Clickers AL Mode vs. Current  LATE, 0105 [0157, 0.053] <0001 <0001
Fraction of Wikipedia NoAlvs Curent ITT 0.021 [00200076] 0375 0185
Fraction of Wikipedia NoAlvs Curent  LATE 0.059 [0062 0180 0336 0.130
Fraction of Ad Clickers AT Mode vs. Current  ITT. 0427 [0477, 0377 <0001 <0001
Fraction of Ad Clickers Al Mode vs. Current  LATE 0451 [0507. 0.400] <0001 <0001
Fraction of Ad Clickers NoAlvs. Corrent ITT. 0021 (0010, 008 0.470 0206
Fraction of Ad Clickers No Alvs, Current  LATE 0008 [Fo0il 0237 065 0071
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‘Which of the two responses doyou prefer?

Response A
Response B

Which of the two responses do you find more trustworthy?

Response A
O ResponseB

Why did you find Response Amore trustworthy?

Figure S1. Head to head survey for a news
comparing Response A (AI Mode result for ne
news query).

related query, prompting users to answer questions
¢s query) to Response B (Current scarch result for
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Secondary Survey Outcome Measures

« Usefulness. We measure usefulness using a validated 5-item scale [30, 48]. The five items are:
“Over the last 7 days, information-secking on Google was:” [useless vs. uscful; bad vs. good;
ineffective vs. cffective; worthless vs. helpful; sleep-inducing vs. stimulating]. Each item is
measured on a 5-point scale.

« Satisfaction. We measure
are: “Over the last 7 days, information-secking on Google wa
annoying vs. nic
a 5-point scale.

satisfaction using a validated 4-item scale [30, 48]. The four items
[unpleasant vs. pleasant;
irritating vs. likeable; undesirable vs. desirable]. Each item is measured on

« Agency. Measured through a single statement: “Over the last 7 days, I had agency over
the information-secking process on Google,” on a 7-point Likert scale (strongly disagree to
strongly agree).

« Personalization. Measured through a single statement: *Over the last 7 days, information-
seeking on Google led to results that wa
Likert scale (strongly disagree to strongly agr

personalized and felevant to me,” on a 7-point

« Preference for AI Mode (News Conteat). We show partic
responses from AT Mode Search and Current Search, asking “Which of the two responses do
you prefer?” (Figure S1). Each participant is shown the results of three querics randomly
sampled from 10 pre-defined trending news qiieries, manually selected from Google Trends

. The order of responscs

pants head-to-head comparisons of

the day before the final survey is releas randomized.

« Trust in AI Mode (News Context). Using the same design as above, participants are asked
“Which of the two responses do you find more trustworthy?”

[he

clected trending néws queries were (1) “tsa agents government shutdown”, (2) “iran isracl
war ceasefire”, (3) “laguardia plane crash”, (4) “us freasury insolvency”, (5) “us army enlistment
age”, (6) “meta social media addiction trial”, (7) “retirement benefits social security”, (8) “no kings
protest near me”, (9) “covid 19 cicada varfant”, and (10) “ice at airport

Secondary Click Outcomes

All sccondary click outcomes except total clicks are binary user-level variables (e.g., did user X
ever click through to & news sitc).

« Clic

s. Total external clicks originating from Google, excluding clicks to [www.google.com] (https: / /wyww.goog

o Clicks to news websites > 0. News domains are identified using a compreh
curated list of news domains [49].

ensive, actively

o Clicks to specific domains > 0. Any domain receiving at least 5% of total clicks originating
from Google during the bas period. During the pilot, only reddit.com and wikipedia.org
met this criterion.

line

« Ad clicks > 0. Ad clicks are identified using the gelid URL parameter [50].
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S2 Materials and Methods

S$2.1 Participant Recruitment

We recruited participants from two channels: Prolif
study program with one of the authors. Participants were recruited in waves between Mareh 17 and
March 19, 2026. We limited recruitment to US-based participants, and screened for individuals who
(1) were 18 years or older, (2) used Google Chrome as their primary browser, and (3) used Google
Search as their primary scarch engine. After giving informed consent, participants completed a
pre-experiment s cited their familiarity with and sentiment towards LLM applica-
tions, as well as perceived trust, uscfulness, satisfaction, agency, and pe ation/relevance of
information-secking on Google. Participants then installed our browser extension. Prolific partici-
pants were compensated $2 for completing the screcning, pre-experiment survey and installing the
browser extension, and $8 for finishing the study. Northeastern students were paid $17 per hour
through their work-study program.

and Northeastern students enrolled in a work-

urvey which ¢

onali

S2.2 Interventions

nented three

Our study impler carch conditions via a Chromium browser extension:

1. No AI Search: Hides Google's Al Overviews, including those at-the top of the results
page, in the middle of the results page, and nested within People Also Ask components. AL
Mode searches are redirccted to general searcheat, the network level. The “Al Mode” tab
on the Google Search page is hidden. The AT Mode” prompt on the Google home page is
hidden. Unfortunately, browser extensions cannot hide the “AI Mode” prompt in the Chrome
browser’s address bar

2. Current Search: No interyentiofis ate applied, 6 this is the default experience of Googl
AT Overviess may be present, A Mode is accessible, and “Al Mode” tabs/prompts
ble.

are vi

3. AI Mode Search: All Google seatches are redirected to AT Mode at the network level.
The “All” and “Web? tabs on the Google search page arc hidden, which direct to general
search and web results, respectively. Scarch verticals (c.g., news, shopping, images) are still

accessible.

$2.3 Experimental Platform

We developed a custom experimental platform that enabled us to collect participants’ web browsing
behavior, deploy custom surveys, and make in-situ changes to their Google Search exper

Browser extension The browser extension handles enforcing the three Google Search conditions
and logging browsing activity, HTML snapshots of no AL, Current and AT Mods
cvents that originate from Google Search, Gemini and ChatGPT. The extension is compatible with
all Chromium-derived browsers, including Google Chrome, and is published on the Chrome W
Store (https://chromewebstore.google . com/detail/cedfhkdnooeicfiaheamppdckbidiaah). The
extension manages enforeing the conditions by injecting a content script into Google Search pages,

which detected and modified the rendered DOM in real time. Participants were randomly assign
to one of three conditions managed through a field stored in the extension’s local storage. Upon cach
Google Search page load, the extension retrieved this assignment and applied the corresponding

esults, and click
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intervention. In the No AI Scarch condition, the extension continuously monitored DOM muta-
ed, its CSS “display
arly hidden to prevent participants
ating to it. In the Al Mode condition, the extension suppressed the default “All’ and
“Web’ search tabs, and redirected all Google searches to Al Mode at the network level (i.c., URL
parameter udm=>50). Participants in this condition reccived a one-time disclosure modal on their
first exposure to AT Mode, informing them that they would be using Al-driven search for the study
ived no DOM modifications. The extension passively
recorded participants’ interactions across Google Search, Google AI Mode, Google Gemini and
ChatGPT. On Google Search pages, the extension captured the full HTML of the results page,
along with the Al Overview container. On Al Mode, Gemini and ChatGPT, a MutationObserver
tracked cach Al response, capturing HTML and the sequential conversational turn order. Across
all platforms, outbound link clicks were logged.

tions via a MutationObserver. When an Al Overview container was detecte

property was set to ‘none’. The ‘Al Mode’ scarch tab was simil
from na

duration. The Current Search condi

on re

Web application The study’s web application was built with Django and deployed on a server
hosted by Northeastern University, backed by a PostgreSQL databasc. The application managed
participant onboarding, accounts, condition assignment, surve
from the browser extension. Upon enrollment, participants were directed to the web application and
guided through an onboarding flow: providing informed consent, authenticating via Google social
anth using their Prolific or other email address, completitig a demographic Survey and pre-survey,
installing the browser ext > Chrome Web Store, and verifying the extension was
ive before beginning the study. During the study period, the extension communicated with the
web application vi aped data, retrieve condition assignments, and
manage anthenticated sessions. All communication océurred over HTTPS, with scraped HTML,
click events, and URL stored in the databasc for later analysis. At the conclusion of the study
period, participants were directed to the web applicationvia a URL sent to their Prolific inbox or
email to complete the post-survey.

¢ administration, and data collection

ension from th

act

dedicated endpoints to store

S$2.4 Outcome Measures

Primary Outcome Measures

« Trust. We measure trust in Google responses using a validated 5-item scale [47] that has
been used in recent work evaluating Al search [28]. The five items are: “Over the last 7
days, how [believable / trustworthy / accurate / biased / complete] was the information you
found searching on Google?” Each item is measured on a 7-point Likert scale (not at all to

extremely). The bias item is reverse-coded.

« Click-Through Rate. The total number of external clicks originating from Google divided
by the total number of Google s to google.com (e.g.,
follow-up scarches). The denominator excludes searches on Google’s vertical scarch pages

(e.g.. images, news, shopping). Each turn of a conversation in AI Mode is counted as a

separate search. This is a user-lovel metric.

arches. The numerator excludes

uded.  Searches are

« Search Sessions. Searches on Google’s
grouped into s
utes, the second query is considered a new session. When evaluated against 100 randomly
sampled, manually annotated query pairs from the pilot, this method produced an F1 score
of 0.84.

vertical search pages are c
nter-arrival time between two searches exceeds 5 min-

ssions such that if the
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the demographic composition of the enrolled sample (N = 1,444), the behavioral analysis sample
(N = 1,100) and the survey analysis sample (N = 956).
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Figure §2. Distribution of domograpl

ong participants who completed the
post-survey. .
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Table S6. Participant Demographics. Demographic compositi
behavioral analysis sample, and the survey analysis sample.

ion of the enrolled sample, the

Enrolled (N=1141) _Behavioral (N=1100) _Survey (N=036)
Age: 1824 (%) 0.222 0212 0196
Age: 25-34 (%) 0.208 0309 0320
Age: 3544 (% 0235 0236
Age: 4554 (% o 0112
Age: 5564 (%) 0.075 0075
Age: 6574 (%) o021 002
Age: 7584 (%) 0.005 0004
Age: 854 (%) 0.000 0.000 0.000
Bducation: Less than high school degree (%) 0013 0010 0012
Education: High schoal geaduate (%) 0126 0.120 0118
Bducation: Some college, no degee (%) 0329 0.335 018
Education: Bachelor's degree (%) 0357 0.857 0374
jucation: Master's degree or higher (%) 0175 0178 0178
Income: <25k (%) 0.151 0145 0144
Income: 25-19 (%) 0219 0219 0220
Income: 50-99% (%) 0.350 0350 03
Incomes 100-199% (%) 0.228 0.230 0238
Income: 200K+ (%) 0053 0016 001
Pl rong Democrat (%) 0278 0.292 0208
Pol ¢: Weak Democrat (%) 0.115 0121 0132
Pl Lean Democrat (%) 0166 0.165 0.150
Pl ¢ Independent (%) 0.281 0223 0214
Pl v Lean Republican (%) 0095 0100 0099
Pl v Weak Republican (%) 0013 0,039 0038
Pl v: Strong Republican (%) 0066 0.058 0.060
Gender: Woman (%) 0513 0.499 0500
Gender: Man (%) 0467 0.450 0.4
Gender: Nowbinary (%) 0018 0.020 0022
Race/Ethuicity: White (%) 0.669 0679 068t
Race/Ethnicity: Black o Afsican American (%) 0150 0145 0.135
Race/Ethuicity: Hispanic or Latino (%) 0.107 0109 0115
Race/Ethnicity: Sontheast /Bast Asian (%) 0,105 0.106 0.108
Race/Ethicity: Indian subeontisient (%) 002 0025 0025
Race/Ethicity: American Jndian or Alsska Native (%) 002 0.021 0022
Race/Ethicity: Middle Enstern (%) 0017 0017 0015
Race /Ethuicity: Native Hasiian, Pacific Islander (%) 0006 0.006 0007
Race/Ethucity: Qther (5) 0.006 0.006 0007

S4 Analysis Plan

S4.1 Randomization

Participants were randomly assigned to one of three experimental conditions at the time of extension
installation, whercby cach participant was independently assigned with equal probability and no
constraints imposed on group balance.

S4.2  Power analysis

To determine minimum detectable effects (MDE) at various sample sizes, we ran a power analysis
based on a pilot study with N = 72 participants (61 from Prolific and 11 from a paid, undergraduate
work-study program at Northeastern). The power analysis used power = 0.8, alpha = 0.05 / H
hypothesis tests, and the residual outcome variance after adjusting for the pre-treatment outcom

H came from our pre-registered multiple testing plan for different groups of covariates (e.g., for
primary outcomes, H = 3 outcomes * 2 contrasts = 6 hypothesis tests). Th
variance was caleulated as the unadjusted outcome variance * (1 - out-of-sample R2). Out-of-

esidual outcome
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Secondary Search Outcomes

All variables in this section exclude searches on Google’s vertical search pages. All are user-level
metrics.

ons. Each turn of a conversation in

iion. Total searches di

« Searches per ses ded by total s
AI Mode is counted as a separate search.

« Minutes per session. Total active minutes on Google Search pages divided by total sessions.
Time is only accumulated when a Google Search page is in the browser’s foreground.

« Fraction of que The fraction of searches beginning with “who”, “what”,

where”, “why”, “when”, or “how’

stion searc)

Secondary Substitution Outcomes

« Competing search engine use > 0. A binary user-level variable indicating whether the user
ran any searches on Bing, Yahoo, or DuckDuckGo,

from the la

« Intention to switch to Bing. Measured by asking “If your seareh expériens t 7
days remained permanent, how likely would you be to switch to Bing?” jon a 7-point Likert
scale (eatremely unlikely to catremely likely).

$2.5 Hypotheses
Primary Hypotheses

HI (Trust): Based on existing work on trust in Al search responses [28].

Hla: Al Mode Search will deerease overall trust in responses compared to Current Search.

Hi1b: No AI Search will increase overall trust in tesponses compared to Current Search.

H2 (Click-Through Rate): Based on report

s from publishers [6] and obscrvational data [3].
H2a: AIMode Search will dectease click-through rate to external sites compared to Current Search.

H2b: No Al Search will increase elick-through rate to external sites compared to Current Search.

H3 (Search Sessions): Bascd on Google’s claims about the impact of Al features [10].

H3a: Al Mode Search will increase the number of search sessions compared to Current Search.

H3b: No Al Search will decrease the number of search sessions compared to Current Search.

Secondary Hypotheses: Survey Outcomes

Hd (Satisfaction, Usefulness, Agency): We don't have a strong hypothesis (Hia). AI Mode
Search could decrease [satisfaction with, uscfulness from, ay ] responses compared to Cur-
rent Search because of information quality concerns. It could also increase these outcomes because
of pere cy, personalization, andfor relevance. Analogous reasoning for No Al Sea
(Hab).

erns
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H4 (Personalization/Relevance): Based on Google's claims [11].

H

AI Mode Search will increase perceptions of responses being personalized and relevant.

Had: No Al Search will decrease perceptions of responses being personalized and relevant.

H4 (News Context):

Hde: Al Mode Search will decrease preference for and trust in AI Mode in the context of news

search.

H4f: No Al Search will have no impact on these outcomes.

Secondary Hypotheses: Click Outcomes
H5 (Clicks to domains):

Hb5a: Al Mode Search will decrease total clicks, clicks tofiews sites, elicks to specific domains, and
ad clicks compared to Current Search.

H5b: No Al Search will increase these outcomes compared to Current Search.

Secondary Hypotheses: Search Behavior

H6 (Session Characteristics):

Hea: AT Mode Search will increas
compared to Current Search.

: minutes per session’and the-fraction of ques

H6b: No Al Search will decrease these outcomes compared to Current Search.

H6 (Searches per Session): No strong hypothesis; Al Mode Scarch could inerease or decrease
searches per session depending on whether it encourages follow-up queries or resolves them pre-
emptively (H6c), with analogous reasoning for No AI Search (H6d).

Secondary Hypotheses: Search Engine Substitution
H7 (Substitution):

H7a: AIMode Search will increase substitution to other search engines (Bing, DuckDuckGo, Yahoo)
compared to Current Search.

H7b: No Al Search will have no impact on substitution to other se:

ch engines.

S3 Participant Demographics

Of the 956 participants who completed the final survey, 50% identified as women, 48% as men, and
2% as another gender. Politically, participants leancd Democratic, as 59% identified as Democrat
(30% strong, 13% weak, 16% leaning), 21% as Independent, and 20% as Republican (10% leaning,
4% weak, 6% strong). Figure S2 presents the demographic composition of the survey analysis
age, race, education, and income. Table $6 summarizes

sample across four other characteristics:
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sample R? was estimated using OLS regression and 10-fold cross
R? to esidual variance conservatively with a small pilot. Our pre-registration reported
MDES corresponding to N = 1200 total participants. Our final analysis sample contains N = 1100
participants with behavioral data and N = 956 participants with survey data. Therefore, we report
MDESs with respect to these realized sample sizes here. Note that MDEs are still caleulated using
pilot data, just assuming a smaller sample size. We were powered to deteet minimun effects of
0.24 (4%) on search . 0.07 (16%) on click-through rate, and 0.61 (16%) on search sc
per day. For secondary survey outcomes, we were powered to detect minimum effects of 0.19
(5%) on satisfaction, 0.16 (4%) on usefulness, and 0.42 (10%) on agency. We did not measure
personalization /relevance, preference for Al Mode in the context of news search, and trust in AT
search during the pilot. For secondary click outcomes, we were pow
to detect minimum effects of 1.3 (35%) on clicks per day, 0.13 (28%) on the proportion of us
clicking to Reddit, 0.12 (40%) on the proportion of users clicking to Wikipedia, 0.13 (35%) on the
proportion of users clicking to news sites, and 0.14 (33%) on the proportion of users clicking on
ads. For secondary search outcomes, we were powered to detect minimum effects of 0.26 (12%) on
searches per session, 0.42 (33%) on minutes per session and 0.02,(34%) on the fraction of question
searches. For secondary substitution outcomes, we were powered to detect a minimum effect of 0.08
(79%) on the proportion of people using a competing search engine. We did ot measure long-term
intention to switch to Bing during the pilot.

alidation. We used out-of-sample

estimate n

ons

er trus

Mode in the context of ne

$4.3 Main Analyses

Following our pre-registration, for all user-level outéomes, e run an OLS regression of the outcome
on participants’ treatment assignment, controlling for the baseline value of the outcome and recruit-
ment channel. We use HC2 robust standard errors. For the news-related survey outcomes, cach
participant answered questions about three querics that are randomly sampled from a set of 10.
Following our pre-registration; for thesé two outcomes, we run an OLS regression of the outcome
on participants’ treatment assignment at the question-level, with fixed effects for question ID. We
control for bascline trust and recruitment channel and cluster standard errors at the user-level. Our
pre-registration did ot specify how we would e We
run a two-stage least squares (2SLS) regression of the outcome on participants’ treatment exposure
(i.e., compliance rate), instrumented by treatment assignment, controlling for the bascline value of
the outcome and recruitment channcl. We use HC1 robust standard errors, which arc supported in
Python’s linearmodels package. Following our pre-registration, we recode any missing covariate
values to the overall mean from the ba period. Following our pre-registration, we also trun-
casures (sessions per day, clicks per day, click-through rate, searches per session,
and minutes per session) at the 99th percentile to deal with pos We caleulate 99th
percentiles using data from the baseline period. We do not truncate behavioral proportions. We
also truncate the focus duration of individual scarches at the 99th percentile (24.4 minutes).

imate LATESs in the case of non-compliance.

cate behavioral me

ble outlier;

Multiple Comparisons

We implement False Discovery Rate (FDR) adjustment using the method in [51] with the following
groups of variable

« For K1 = 3 primary outcomes: Sharpened FDR-adjusted p-values with K12 hypothesi
tests (multiplied by 2 because 2 condition contrasts)

« For K2 = 6 survey-related secondary outcomes: Sharpened FDR-adjusted p-valt
(K2 + 1) 2 hypothesis tests, where the extra outcome is the primary trust outcome

s with
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Table S87. Covariate Balance. Bascline covariate means across treatment groups.

wrrcat Search AL Mode.

Sessions Per Day sa65 3183
Clicks Per Day 3455 3832
Trust 1381 a4
Satisfaction S58T 3000
Usefulness 113

Agency w0 et
Personalization Relevance s 4o
LLA Familiarity 50T S50
LIA Overall Sentiment. 3646 3608
LIA Use Frequency 3512 3637
Race/Etbnicity: White (%) [T
Race/Ethnicity: Black or African American (%) 0160 0168
Race/Ethicty: Southeast/East Asian (%) 0083 017 008
Race/Ethnicity: Hispanic or Latino (%) 0120 oo 007
Race/Etbnicity: Other (%) 0031 005 oo
Gender: Woman (%) 0518 051 0507
Gender: Man (%) 0467 Ga6s 0am
Gender: Nonbinary (%) 0016 002 oo
Age: 1821 (%) 0219 027 02
Ase: 2534 (%) o7 0303 023
Age: 3514 (%) 0210 0236 0230
Age: 4554 (%) 0121 Ol 015t
Age: 554 (%) 0110 0105, 00
Education: High school graduate (%) 0144 0143 0051
Education: Some college. no degree (%) 033 030
Education: Bachelor’s degree (%) 0351 0381
Education: Master's degee or higher (%) 0.163 0161
Political Party: Democrat (%) [ 0501
Political Party: Independent (%) 0258 0216
Palitical Party: Repubican (%) 0201 0193
Income: <25k (%) 0167 a1
Income: 25-40k (%) 0230 020
Income: 50:00k (%) 052 0311
Income: 100k + (7). 0950 030
Channel: NEU (%) 0017 0057
Channel; Proliic (%) 0953 0963

For K2 = 5 click-related secondary outcomes: Sharpened FDR-adjusted p-values with (K2 -+
1) # 2 hypothesis tests where the extra outcome is the primary CTR outcome

For K2 = 3 search-related secofidary outcomes: Sharpened FDR-adjusted p-values with
(K2 + 1) 2 hypothesis tests, where the extra outcome is the primary sessions outcome

For K2 = 2 substitution-related secondary outcomes: Sharpened FDR-adjusted p-values with
K22 hypothesis tests

For L1 = 4 (i.e, 2 moderators * 2 levels): Sharpened FDR-adjusted p-values with K1+ L1+2
hypothesis tests.

For each group of variables, we adjust the sct of ITT and LATE estimates scparately because they
represent the same group of hypothesis tests.
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Al Mode vs. Current No Al vs. Current
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Figure 2: Effects of AT Mode Search and No AI Search on Secondary Click Outcomes.
Effects on Clicks per Day not shown because other click outcomes are on the same, interpretable
scale.

10 evidence of impac
(H6b).

of No Al Search o searches per session (H6d) or question-form queries

Search Engine Substitution (H7) Assignment to Al Mode Search significantly increased the
fraction of users searching on a competitor engine (Bing, DuckDuckGo, or Yahoo) by 11.2pp [95%
CIL: 6.4, 16.0; p < 0.001] and intention to switch to Bing by 1.25 points on a 7-point scale [95% CI:
0.96, 1.55; p < 0.001], consistent with H7a (Figure 4 and Table S4). Consistent with H7b, we do
not find evidence that expostire to No Al Search impacted substitution to competitor engines or
long-term intention to switch.

Effects on User Perceptions

Trust (H1) Assignment to Al Mode Search significantly decreased trust in information on Google
by -0.34 points on a 7-point scale [95% CI: -0.47, -0.20; p < 0.001], consistent with Hla (Figure 1
and Table S1). We do not find evidence that exposure to No Al Search impacted trust [95% CI:
-0.10, 0.38; p = 0.107], failing to support H1b.

Satisfaction, Usefulness, and Agency (H4) Assignment to Al Mode Search significantly
reduced perceived usefulness (-0.59 sd [95% CI: -0.74, -0.44; p < 0.001]), satisfaction (-0.73 sd [95%
CI -0.88, -0.59; p < 0.001]), and agency (-0.66 sd [95% CI: -0.81, -0.51; p < 0.001]), resolving Hia
in the direction of negative perceptions of Al Mode Search (Figure 5 and Table S5). We do not
find evidence that exposure to No Al Search impacted any of these ontcomes (Hdb)
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Figure 1: Effects of AT Mode Search and No Al Search on Primary Outcomes.

Search Sessions per Day (H3) Assignment to Al Mode Scarch significantly reduced search
ssions per day by -0.92 sessions [95% CI: -1.30, -0.55; p <0:001], contrary to H3a, which predicted
an inc; do not find evidence that exposure to No Al Search impacted scarch sessions per
day [95% CI: 055, 1.24; p = 0.175], failing to support H3b.

Clicks to Specific Domains (H5) Assignment to AI Mode Search significantly reduced the
fraction of users clicking through to news sites (-12.5pp [95% CI: -18.7, -6.3; p < 0.001]), Reddit
(-21.2pp [95% CI: -27.5, -14.8: p < 0.001]), Wikipedia (-9.9pp [95% CI: -14.7. p < 0.001]). The
fraction of users clicking on ads decreased by -42.7pp because AT Mode did not surface ads at the
time of our experiment. These results are consistent with Hba (Figure 2 and Table $2), and are
robust to using clicks per day instead of fraction of users clicking (Figure $9) and to an alternative
classification of news domains (Table $10). In partial support of H5b, exposure to No Al Search
inereased the fraction of users clicking through to news sites, though we find no evidence of impacts
on Reddit, Wikipedia, or ad clicks; the news-site ffect is not robust to using clicks per day or an
alternative domain classif

cation.

Session Characteristics (H6) Assignment to Al Mode Search significantly increased minutes
pers ion by 0.43 minutes [95% CI: 0.20, 0.66; 0.001], consistent with H6a (Figure 3 and Table
§3). This is corroborated by our session-level robustuess check (Figure S10, left panel). We do
not find evidence of impacts on searches per session (H6c) or the fraction of quer
words (i.c why”, “when”, or “how”; H6a). Exposure to No Al Search
decreased minutes per session by 59 minutes [95% CI: -1.01, -0.18; 0.015], consistent with
H6b: the session-level estimate is directionally consistent but not statistically significant. We find

“who”, “what”, “where
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Figu Effects of AT Mode Search and No Al Search on Secondary Substitution
Outcomes.

than 4 daily sessions) (estimate = -2.01 sessious per day, p = 0.005)

Qualitative Feedback about AI Mode

At the end of the study; in the post-experiment survey, participants in the AT Mode condition
responded to the opentended question: *What was Your overall impression of Google’s Al Mode
after one week of usingit?”. We qualitatively coded cach response (N=309), assigning cach response
1-4 codes to describe its theme. We developed codes inductively, continuing until saturation was
reached at 17 distinct codes across six dimensions: overall sentiment, search preference, usability,
information quality, trust and credibility; and autonomy and control.

Expressed sentiment towards Al Méde was heterogencous, with negative responses predominat-
ing (33.6%, n = 103), followed by positive (20.3%, n = 90): mixed responses, in which participants
expressed both favorable and unfavorable views, comprised 13.7% of responses (n = 42).

Specific codes point to several drivers of negative exp Usability isstes were prominent:
participants expressed a loss of control and user agency (17.6%, n as one participant noted,
“Ilike to choose when I use AI”, Difficulty navigating to specific websites was also common (15.3%,
n = 47) with one participant describing how, “when I just wanted to land on the webpage 1 would
type in, it would tell me about the website instead”. Limited links and/or source diversity was
noted in 13.4% of responses (n = 41). Participants also noted that Al outputs were too verbose
(6.2%, n = 19; e.g., “it gives way too much info for easy searches”) and raised hallucination and
racy concerns (1.6%, n = 14; e.g., “the Al mode provided a lot of inaccurate and inconsistent
information”). An explicit preference for traditional search, and UI bugs also appeared but I
frequently.

Positive experien

a

included efficiency and time saving (14.0%, n = 43: e.g., “the Al does
a strong job of pulling exactly what I was looking for, saving time”) and faithful summarization
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Figure 3: Effects of AI Mode Search and No Al Search on Secondary Search Outcomes.

Personalization and Relevance (H4) Assignment to Al Mode Search significantly decreased
perceived personalization/relevance of Tesponses by -0.42 sd [95% CI: -0.58, -0.27; p < 0.001],
contrary to Hie, which predicted ant increase. We do not find evidence that exposure to No AL
Search impacted this ontcome, failing to support Had

News Context (H4) We do not find evidence that assignment to Al Mode Search significantly
impacted preference for AI Mode in the head-to-head news comparison [95% CI: -0.25, 0.01; p =
0.102] or trust in AT Mode in the news context [95% CI: -0.21, 0.05: p = 0.241], only partially
supporting Hie. Consistent with HAf, exposure to No AT Search had no detectable impact on these
outcomes.

Heterogencous Treatment Effects

We test for heterogeneous effects on our primary outcomes across two pre-registered moderators:
(1) pre-treatment familiarity with LLMs and (2) pre-treatment number of Google Search sessions.
After correcting for multiple comparisons, only one moderator-outcome pair is significant: Al Mode
reduces the number of sessions per day (H3) significantly more for heavy Coogle users (i.c., more
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Research Questions and Hypotheses

Existing work documents meaningful consequences of generative Al in search for users, publishe
and platforms, but relies primarily on observational data and controlled laboratory experiments
How, and to what extent, generative Al in search shapes user behavior, perceptions, and publisher
traffic in naturalistic, real-world settings remains an open question. In particular, it is unclear
whether Al in search primarily facilitates users’ discovery of third-party publishers or increasingly
substitutes for it. To address this gap, we conduct a preregistered field experiment [36] in whi
participants are randomly assigned to one of three conditions via a browser extension [37, 38,
39] that manipulates the availability of Al in search features [40] and captures behavioral and
attitudinal outcomes: 1) No Al Search, which hides Al Overviews and Al Mode; 2) Current Search,
which makes no changes; and 3) AI Mode Search, which redirects all searches to Al Mode.

We preregistered three primary hypotheses (H1-H3) and four secondary hypotheses (HA-HT),
each predicting an effect of Al Mode Search and No Al Search relative to Current Search. Our first
three hypotheses focus on outcom nce to users, publishers, and Google:

s,

with direct rele

relative to Current Search,

Hypothesis 1. Al Mode Search will decrease overall triust in respons
while No A Search will increase it. This prediction builds on prior work documenting reduced trust
in Al-generated search responses [28].

Hypothesis 2. Al Mode Scarch will decrease click-through rate to external sites relative to
Current Search, while No Al Scarch will increase iteThis prediction’is motivated by publisher
reports of declining referral traffic [6] and observational data on AT Overviews [8]

e the ntmber of search sessions relative to Current.

Hypothesis 3. Al Mode Search will incréa
Search, while No Al Search will decrease it. This prediction is based on Google’s own public claims
that Al features increase seateh engagement [10].

Beyond these primary ontcomes, wé examing four s
ence and search behavior:

ccondary hypotheses related to use

experi-

Hypothesis 4. Al Mode Search will increase perceptions of respons
vant relative to Current Search, while No Al Search will decrease these perceptions, motivated by
Google’s own claims about Al-driven personalization [41]. In the context of news-related scarch,
AI Mode Search will decrease preference for and trust in AI Mode relative to Current Search, while
No AI Search will have no impact on these outcomes. We did not have dircctional priors for how
AI Mode Search and No AI Search affect s of, and agency over seard
responses, relative to Current Search.

as personalized and rele-

isfaction with, usefulne:

Hypothesis 5. Al Mode Search will decrease total outbound clicks,
and Reddit, and ads relative to Current Search, while No Al S

icks to news sites, Wikipedia [18]
carch will increase these outcomes.

Hypothesis 6. Al Mode Search will increase minutes per session and the fraction of question-

form searches relative to Current Search, while No Al Search will decrease them. We did not have

a directional prior for how Al Mode Search and No Al Search affect the number of searches per

session, relative to Current Search.
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The design of the search engine results page (SERP) matters b
redibility of information source

use it shapes how users ass
th [3] and distributes clicks and attention between third-party
publishers and Google’s own properties [, 5. The introduction of Al into scarch has raised these
stakes and increasingly strained the relationship between Google and third-party publishers: pub-
lishers view AIO and Al Mode as substitutes for their content and report falling referral traffic from
Google Search [6, 7, 8, 9]. Google disputes these claims, arguing that Al features are complements
that have kept overall referral traffic steady, improved click quality, and expanded opportunities
for websites to be surfaced through longer, more complex queries [10]. On the other hand, users
may benefit from the convenience of having their questions answered dircctly on the search results
page in what is known as “good abandonment” [11, 12], creating a threc-way tension in whi
convenience, publisher sustainability, and Googles consolidation of informational authority do not
casily align.

This dynamic of AT substituting for third-party content is not unique to scarch. Beyond search
specifically, generative Al summaries have been shown to substitute for engagement with particular
third-party publishe ChatGPT’s release coincided with significant declines in Stack Overflow
visits and questions, particularly for topics ChatGPT excels at and with no corresponding drop in
post quality, suggesting genuine displacement rather than a culling of low-quality content [13, 14],
while Wikipedia articles overlapping with ChatGPT’s content gaw similar declines in editing and
viewership [15].

Observational studies about the effect of LLM adoption on search activity and engagement
with online sources more broadly have found mixed effects. Some find substitution, where LLM
use replaces traditional web h, leading to a net decrease in search activity and downstream
web traffic [16]. Others find complementarity, where LLM use augments rather than displaces
traditional search, increasing the number of websites yisited and occurring alongside rather than
instead of traditional search [17]. Evidence on Al features embedded directly in search remains
comparatively scarce: one study finds that AIOs reduced English Wikipedia traffic by 15% [18], with
findings consistent with substitution being strongest when short answers satis
intent. Al Mode, Google’s fully conversational search experience, remains understudied despite
representing the most significant departure yet from traditional Google Search design.

A related body of work examines the properties of generative search outputs themselves and
their effects on users. Generative search outputs answer queries with fluency and a sense of credi-
bility, yet reduce transpareney.and sourcing ability [19, 20]. These systems produce consequential
errors in high-stakes domains [21,22], exhibit systematic source-selection biases 23, 24, 25], and re-
duce hedging language, making responses appear more informative and confident than their sources
warrant [25, 26, 27]. These properties of generative search have motivated studies examining down-
stream effects on user trust (28], belief formation [29, 30], and general satisfaction [31, 32). An RCT
found that users trust GenAl search answe 'ss than traditional search; notably, citations increas
tainty highlighting reduced it [28]. This tracks with a
separate finding that users prefer responses with more citations regardless of their credibility [33].
The incongruence between model confidence and source credibility has motivated experiments on
uncertainty-highlighting interventions, which reduce over-reliance on incorrect responses [34, 35, 31].
have been shown to affect attitudes and behavioral intentions [29], and Al search
o exposure and reinforce pre-existing beliefs [30]. LLM-based scarch has also
been found to increase overall satisfaction with the search experience [31, 32].

ch user

users’ informational

trust even when hallucinated, while unce
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14.3), 4.0 search sessions per day (sd = 4.7), and 4.1 clicks per day (sd = 7.0). The SI Appendix
(Section $6.1) describes how we grouped searches into sessions, and validates that results are robust
to different definitions. We observed that 36% of searches triggered AT Overviews (Figure $3) and
participants used AT Mode for 0.6% of their searches (Figure 7).

3 Results

This section presents our findings about the impacts of Al scarch features on user behaviors and
user perceptions. For each outcome variable, we first deseribe the impact of Al Mode Search and
then the impact of No AT Search.

Each result is labeled with its corresponding pre-registered [36] hypothesis. The scct
with a qualitative exploration of open-cnded feedback from participants in our AI Mode condition.

ion ends

Compliance and Attrition

During the experiment period, 94.7% of searches in the Al Mode group were ¥
to Al Mode. In the No Al condition, 90% of Al Overviews were successfully hidden on the first
s rate declined to 0% as the experiment progressed (Figure S4).
e to Al Overview HTML rolled out by Google during
the study period that broke our ext logic for identifying and hiding AT Overviews. Overall,
51.1% of Al Overviews were successfully hidden and the median participant in this condition had
50% of AT Overviews hidden (Figure S5). Our pre-registration specified that we would report local
average treatment cffect (LATE) estimates in the case of non-compliance. In the No AT Scarch
condition, we measure compliance as the fraction of Al Overviews that were successfully hidden
for each participant. In the Al Mode Search condition, we nleasure compliance as the fraction of
searches that were routed to Al Mode.

A related concern for catisal interpretation is differential attrition across conditions: if assign-
ment to Al Mod used higher participant attrition than other conditions, our Al Mode estimates
would reflect a selected subsample rather than the full randomized population, and would be
better treated as descriptive than causal. We do not find evidence of this in our study: survey non-
completion (36.6% vs. 32.3— 32.5% in the other conditions, p = 0.292) and zero-search attrition
(26.5% vs. 20.7 ~ 24.0%, p = 0.109) were both directionally higher but not statistically significant
in the AT Mode group (Section $5.3).

Throughout the rest of this section, we reference intent-to-treat (ITT) effects when discussing
AT Mode Search (i.e., “assignment to Al Mode”) and local average treatment effects (LATEs) when
discussing No Al Search (“exposure to No AI”). The corresponding figures and tables show both
imates. Each result is labeled with its corresponding pre-registered hypothesis.

intervention day, but the su

The cause of this breakdown was a chany
nsion’

Effects on User Behaviors

Click-Through Rate (H2). Assignment to AT Mode Search significantly reduced click-through
rate by -18.8 percentage points (pp) [95% CL: -22.2pp, -15.3pp; p < 0.001], consistent with H2a
(Figure 1 and Table S1). Conversely, exposure to No Al Search increased click-through rate by
8.8pp [95% CL: 2.3pp, 15.3pp; p = 0.008], consistent with H2b. Our pre-registered robustn
check analyzing click-through rate at the search-level also shows a positive impact of No AT Search
(Figure S8, top panel).

s
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Hypothesis 7. Al Mode Search will increase substitution to other search engines (Bing, Duck-
DuckGo, Yahoo) relative to Current Scarch, while No AT Search will have no impact on substitu-
tion.

2 Experimental Methods and Data

We recruited participants from two channels: resea
castern students enrolled in a work-study program with one of the authors. Participants werc
recruited in waves between March 17 and March 19, 2026. We limited recruitment to US-based
participants, and s for individuals who (1) were 18 years or older, (2) used Google Chrome
as their primary browser, and (3) used Google Search as their primary search engine. After giving
informed consent, participants completed a pre-survey (Section S7.2) that elicited their familiarity
with and sentiment towards LLM applications, as well as perceived trust, s
agency, and personalization /relevance of information-secking on Google. Participants then installed
our browser extension and experienced three days of the bascline, Current Search condition. This
ons of hehavioral outcomes like ions per

h recruitment platform Prolific, and North-

crecne

ulness, satisfaction,

period allowed us to measure pre-treatment ves
day and click-through rate.

After three days, participants were randomly assigned to 6ne of our three search conditions
(1) No AI Search, (2) Current Scarch, or (3) Al Mode Search. The No AL condition hid Google’s
Al Overvi uding those at the top of the results page,iin the middle of the results page,
and nested within People Also Ask components. Al Mode searches were also redirected to general
search. The Current Search condition made no modifications to Google Search: Al Overviews may
be present and Al Mode is accessible. The Al Mode condition redirected all searches to AT Mode.
Participants experienced their assigned conditions for' seven days. At the end of the seven-day
period, we sent participants a post-survey that asked about per ccking on
Google (Section $7.3) and presented head-to-head comparisons of Al Mode and Current Search
responses s queties (Figure S1).

Our preregistration specified a target sample size/6f 1,200 participants, based on power analyses
conducted using data from a pilot experiment [36]. To reach this target, a total of 1,444 participants
(1,387 from Prolific and 57 from Northeastern) were enrolled, cach completing the pre-survey
and installing our browser extension. Of these, ) 1,100 made at least one scarch during
7-day experiment period and were invited to take the post-experiment survey. A total of
956 participants completed the post-experiment surve in the No Al Search
condition, 304 in Current Search, and 309 in Al Mode Search. Treatment groups and the control
group were balanced across covafiates, and there was no evi
the three conditions (Section S5). Following our pre-registration, treatment effects on behavioral
estimated among participants eligible for the post-experiment survey (N = 1,100).
Treatment effects on survey outcomes are estimated among participants who completed the survey
(N = 956).

Prolific participants received $10 upon completing the study and Northeas ndy stu-
dents were paid $17 per hour. The analysis sample (i.c., participants who qualified for the post-
survey) skewed younger (75% under 45), highly educated (87% with at least some college), and
left-leaning (58% Democrat vs. 20% Republican). Race and ethnicity and gender distributions
were similar to the US Census [12]. 50% of participants identified as women, 48% as men, and
2% as another gender. Participants were predominantly white (68%), followed by Black or African
American (14%), Hispanic or Latino (11%), and Southeast or East Asian (11%). Race and ethnicity
was multiple-choice. During the baseline period, participants averaged 9.2 searches per day (sd =

ews, inc

tions of information-

in the context_of ney

v, 343 of whom we

of differential attrition across

outcomes are

ern work-
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Abstract

‘The integration of generative Al into web search delivers synthesized anisw
changing how people navigate and assess information, while raising concerns about the down-
stream impacts on publishers who supply the underlying content;, We conduct a preregistered
field experiment (N=1,100) on Google Search, the dominant online searéh platform, to estimate
the causal effects of A Overviews and Al Modé on user behavior, perceptions, and publisher
traffic. We show that removing AT Overviews and A Mode iereases click-through rates to pub-
lishers, while an AT Mode-only experience reditces click-through rates and erodes user experience
and trust in information found on Google, These findings show that integrating generative Al
into web search reshapes online attention, with economie consequences for the online publishers
that sustain both searéh platformsand the overall information ecosyst

Keywords: generative Al scarch engines, information ccosystems, human-Al interaction

Significance statement. Generative Al is fundamentally changing search and how billions of
people access information online. In a preregistered randomized controlled trial with participants
using Google Search in their everyday browsing, we find that removing Al features in Google
Search increases clicks to third-party publishers, while Google’s conversational Al s
clicks and worsens user experience. Our findings show how integrating generative Al into
can reshape how users engage with the broader web, providing more information directly in
while reducing engagement with external sources, with implications for the economic sustainability
of online publishers.

1 Introduction

Google Search has come a long way since its carly days as a list of “ten blue links” In May 2024,
Google introduced Al Overviews (AIO), which use large language models (LLMs) to synthesize
sources and generate summary answers to search queries directly on the results page [1]. One
year later, Google launched AT Mode, a conversational search experience powered by Gemini that
generates direct Al responses to queries and supports multi-turn, follow-up questions [2].
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S5 Validity Checks

S$5.1 Covariate balance

Following our pre-registration, we use randomization inference to test whether observed covari-
ate imbalances are larger than would be expected by chance[52). Specifically, we fit a multinomial
logistic regression of treatment assignment on baseline covariates and calculate a heteroskedasticity
robust Wald statistic for the hypothesis that all coefficients are equal to zero. We use randomization
ence with 10,000 random assignments to caleulate the p-value associated with the test statis-
Following our pre-registration, we included the following covariates: recruitment channel,
demographics (race/ethnicity, gender identity, age, education, political party, houschold income),
bascline survey measures (trust, satisfaction, usefulness, agency, personalization /relevance, LLM
familiarity, LLM sentiment, and LLM use frequency), and bascline outcomes (scarch sessions per
day and elicks per day). We coarsencd all demographi pt for gender identity. We
do not find evidence of covariate imbalance (p = 0.305). Table S7 shows covariate means in cach
treatment group.
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$5.2  Compliance and manipulation checks
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Figure S3. Fraction of Searches with AI Overviews Across Experiment Days. The
fraction of searches with an Al Overview across conditions and experiment days.

s of the No Al Search intervention by
fully hidden. We

arches

Following our pre-registration, we measure the succe
looking at the proportion of Al Overview HTML elements that were succ
measure the success of the Al Mode intervention by looking at the proportion of Google s
routed to Al Mode according to URL parameters. Figure S4 shows the fraction of Al Overview
sfully hidden across experiment days (i.c., time relative to onboarding) in the No AT group.
On the first experiment day, around 90% of AT Overviews were successfully hidden. However,
th experiment continued and was close to 0% by the
experiment day. The reason for the declining success rate is that Google rolled out a change to the AT
Overview HTML during the experiment. This broke our extension’s logic for identifying and hiding
Al Overviews. Figure S5 shows the fraction of Al Overviews that we ully hidden across

suce

enth

success rate declined linearly as the

suce
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Figure S6. Fraction of Searches Routed to AI Mode (User-Level). Each user is given
equal weight

S6 Supplementary Results

$6.1 Robustness Checks

A Mode vs. Current No Al vs, Current
g
CickTvoush ate
.
S e e o o2 w2 2 estimand
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Figure S12. Analysis of Primary Behavioral Outcomes among Subset that
Completed the Final Survey (N = 956).

We conduct the following pre-registered robustness checks:
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Figure S7. Fraction of Searches Routed to AI Mode (Search-Level). Each search is

given equal weight.

« The effect of AT Modc on click-through rate is robust to cotting each AI Mode conversation
as one search, rather than counting cach AI Mode prompt as one-search (Table S8).

« The effects of AI Mode and No Al on click-through rate are robust to analysis at the search-
level instead of the user-level (Figure S8 top panel). Weamalyzed click-through rate at the
search-lovel by running OLS regression using the same controls and clustering standard errors
at the user-level.

« The effects of Al Mode and No Al on scssions per day are robust to defining sessions using
3-minute boundarics and 10-minute boundaries instead of 5-minute boundaries (Table S9).

« The effect of AT Mode on clicks to news sites is robust to using Google’s Topics API (taxonomy
2, version 5) to classify news domains instead of [19] (Table $10).

« The effect of No AL on elicks to'news sites is not robust to using Google’s Topics APL
(taxonomy 2, version 5) to classify news domains instead of [49] (Table $10).

« The effects of AT Mode on clicks to news sites, Reddit, Wikipedia, and ads are robust to using
clicks per day instead of fraction of users who clicked (Figure S9, left panel).

« The effect of No Al on clicks to news sites is not robust to using clicks p
cked (Figure 9, right panel). Effects on Wikipedia ¢
re still null, while the effect on Reddit

day instead of
cks per day and
ks per day is slightly po

fraction of users who
ad clicks per da

itive.

« The effect of AT Mode on minutes per session is robust to analysis at the session-level instead of
the user-level (Figure S10, bottom-left panl). We analyzed minutes per session at the session-
level by running OLS regression using the same controls and clustering standard errors at the
user-level.

« The effect of No Al on minutes per session is somewhat robust to analysis at the session-
level instead of the user-level (Figure S10, bottom-right panel). Point estimates arc still
negative, but are no longer statistically significant.
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Figure S4. Fraction of AI Overviews Hidden Across Experiment Days. The fraction of
Al Overviews hidden in the No AT group on cach experimient day.

participants. Overall, 51.1% of Al Overviews were succe
hiad 50% of Al Overviews hidden. Figures S6 and"S7 show the fraction of scarches routed to
AI Mode across treatment conditions at the user-level and search-level, respectively. During the
bascline period, usage of Al Mode was extremely sparsé across groups (0.6% of scarches). During
the experiment, 94.7% of searches in the AI'Mode group were successfully routed to AT Mode. Six
participants successfully accessed web scatch results (i.c., google. con/search?q=testingkudm=14)
by using a non-standard URL striicture (i.c., google. com//search) on which our intervention did
not fire. As expected, 0.4% of searches went to ALMode in the Current Search group, where Al mode
sible, aind 0% of searches went to AIMode in the No Al group. Our pre-registration
specified that we would report local average treatment effect (LATE) estimates if we detected non-
compliance, where individual compliance was defined as receiving the assigned treatment on at least
90% of searches. However, dite to the breakdown of our No Al intervention, we instead measure
compliance continuously, i.c., as the fraction of AI Overviews that wi
participant (sce Figure S5). We measture compliance analogously in the Al Mode intervention, i
as the fraction of searches that were routed to AI Mode for each participant. Although not pre-
registered, we exclude users who did not run any searches that would have triggered an AT Overview
from our LATE estimate comparing No Al Search to Current Search. Exposure is undefined for
these users, and other than losing access to Al Mode, they could not have been affected by the
No Al intervention. This subset constitutes 17.9% of the No AI group and 16.3% of the Current
Search group. Using the same differential attrition tests that we use in the following s
not find evidence of differential rates (p = 0.564) or patterns (p = 0.693) among this

ully hidden and the median participant

remained ac

e successfully hidden for ea

ion, we do

subs

S$5.3 Differential attrition

Following our pre-registration, we use randomization inference to test for differential attrition
rates [52]. Specifically, we fit an OLS regression of attrition indicator on treatment assignment
and calculate a heteroskedasticity-robust F-statistic for the hypothesis that all coefficients are
cqual to zero. We use randomization inference with 10,000 random assignments to caleulate the p-
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Figure S5. Fraction of AI Overviews Hidden Across Participants. The fraction of Al
Overviews successfully hidden across participants in the No Al group.

value associated with the test statistic. We also use randomization inference to test for differential
attrition patterns [52]. Specifically, we fit an OLS regression of attrition indicator on treatment
assignment, covariates, and treatment-covariate interactions and ealculate a heteroskedasticity-
robust F-statistic for the hypothesis that all intefaction coefficients are equal to zero. We use
the same set of covariates as in the covariate balance test. We use randomization inference with
10,000 random assignments to caleulate/the p-value associated with the test statistic. Following
our pre-registration, we meastred attrition in two ways: (1) participants who did not complete the
final survey and (2) participants with zero searches during the experiment period. The fraction of
participants who did not complete the final survey was 32.5% in the No Al group, 32.3% in the
Current Search group, and 36.6% in the Al group. We do not find evidence of differential attrition
rates (p = 0.292) or patterns (p = 0.591). The fraction of participants with zero searches during the
experiment period was 24.0% in the No AT group, 20.7% in the Current Search group, and 26.5%
in the Al group. The difference betweer these rates is marginal (p = 0.109), but not significant at
the 0.05 threshold [52], and we do 1ot find evidence of differential attrition patterns (p = 0.208).
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Figure S11. Analysis of Primary Outcomes using Additional Controls Selected via
Lasso.
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Table S9. Sessions per Day Estimates Using Different Session Length Boundaries.

Outcomne Verson_ Comparison Estimand N Estimate 3% CI v
Sessions per Day 10 mimates Al Modo ve. T 0660 0961, 0574 <0.001
essions per Day 8 minutes Al Modo vs. Current  ITT L [1562. 0683 <0.001
essions per Day 5 minutes Al Mode va. Current  ITT TR [1296 0545 <0.001
essions per Day 10 minates Al Mode vs. Current  LATE 714 0711 (1026, -0.306]  <0.001
essions per Day 3 minutes Al Modove, Cuent  LATE 714 -1192 [L661, 0723 <0.001
cssions per Day 5 minutes Al Mode ve. Current  LATE 714 0978 (1379 0577 <0001
Sessions per Day 10 mimutes No ALvs. Current T w0 [0.183. 0413 0.440
essions per Day 3 minutes  No ALvs. Current T w000 [0360. 0553 0.677
cssions per Day 5 minutes  No ALve, Current T > o000 Fo2s7, 0487 0612
essions per Day 10 mimutes No Alve Cuent  LATE 615 0366 [o316. Lot 0.202
Sesions per Day 3 minutes  No Alve Cument  LATE 615 0319 [0.705, 1403 0516
essions per Day 5 minutes  No ALvs Current  LATE 615 0345 0453 [0545, 1236 0445

Table S$10. Fraction of Users Clicking to News Using Different News Domain Labels.

Outcome Version Comparison Estimand N _Estimate  SE_03% CI ®

< Current ITT U 0081 0017 [0111,0.088 <0000

Fraction of News Clickers Topics APL Al Mode

Finction of News Clickers Yang (2026) Al Mode ve, Current 1T 71450125 0032 (o187, 0063 <0001
Fracton of News Clickers  Topics API Al Modo ve. Coment LATE (| 711 ) 0086 0018, [0121,-0.051] <0001
Finction of Nows Clickers Yang (2026) LATE 71107 0188, 0031 (0109 0067 <0001
Fraction of News Clickers Topics APT T w2’ oot oo foos oo 067
Fenction of Nows Clickors Yang (2026) T _m2 oom Oga 00060137 003
Fenction of Nows Clickers Topies API e Cois 0 oo 006 [o0s2, 008 090
Finction of Nows Clickers_Yang (2026) LATE 615 022 0073 (0058, 0316 0006
age. We analyze heterogencous effects by running OLS fegression of the outcome on participants

treatment assignment, moderator, and treatient-moderator interactions. We run one regression
per moderator and report treatment-moderator cocfficients./ We control for the baseline value of
the outcome and recruitment channel, and tise HC2 standard errors. We coarsen LLM familiarity
into three groups: not familiar at all, slightly familiar, somewhat familiar, and moderately familiar

(N = 343), very familiar (N = 312), highly familiar and extremely familiar (N = 445). We coarsen
pre-treatment daily search sessions into three grotips: up to one daily session (N = 366), 1-4 daily

sessions (N = 374), more than 4 daily sessions (N = 360). We coarsen age into four groups: 18-24
(N = 233), 25-34 (N = 340),,35-44 (N = 254), and 45+ (N = 273). Figure S13 shows the results
for LLM familiarity: no interactions are significant. Figure S15 shows the results for baseline daily
sessions. AT Mode reduces the tumber of sessions per day significantly more for heavy Goog
ers (., more than 4 daily sessions) (estimate = -2.01 sessions per day, P = 0.005). All other
interactions are insignificant after adjusting for multiple comparisons. Figure S14 shows the results
for age: no interactions are significant after adjusting for multiple comparisons.

us

38





EPUB/images/page-35.jpg
Al Mode vs. Current No Al vs. Current

—— 41
CleeTvoush Rate |
—— N
o m o @ T 768 e
) o
| o O
—
rocion o Queton Searches
-

-0o4 002 000 002 004 -004 002 000 002 004
Effect Effect

Figure S8. Analysis of Click-Through Rate and Eraction of Question Searches using
Search as the Analysis Unit.
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Figure $9. Analysis of Secondary Click Outcomes using Clicks per Day.






EPUB/images/page-36.jpg
Al Mode vs. Current No Al vs. Current

—
Seenes per sesion |
—_—
53 52 81 ob 01 ©2 ©3 03 82 81 0 01 03 03 stimand
o
| * LaTE
i —_——
Wit pr esson 3
| —.—

075 —050 025 000 025 050 075 -075 050 025 000 025 050 075
Effect Effect

Figure S10. Analysis of Searches per Session and Minutes per Session using Session
as the Analysis Unit.

The effe
sion-level instead of the u:

s of A Mode and No AT on searches per session ate also null when analyzed at the
el (Figure $10, top panel).

s

The effects of Al Mode.and No Al on fraction of question searches are also null when analyzed
at the search-levelinstead of the user-level (Figure S8, bottom panel).

The effect of AT Mode and No Al o1t primary outcomes is robust to using additional controls
selected via Lasso tegression (Figure S11).

The effect of Al Mode aind No AT on primary behavioral outcomes is robust to restricting to
the subset of participants (V = 956) that completed the final survey (Figure $12).

Table S8. Click-Through Rate Estimates Using Different Definitions of Al Mode
Searches.

Outcome Nersion Comparison Estimand N Estimate SE_ 9% CI P

Click Through Rate 1 conversation = 1 search Al Mode vs. Current 1T T 009 0018 [0185, <0001
Click Through Rate 1 prompt. = 1 scarch Al Mode vs. Current ITT T 0SS 0018 [0.222, <0001
Click Through Rate 1 conversation = 1 search  AIMode vs. Current  LATE 714 0158 0.019  [0.195 <0001
Click-Through Rate 1 prompt = 1 scarch Al Mode vs. Cument LATE 714 0199 0019 [0.236, 0.163] <0001

$6.2 Heterogeneous Treatment Effects

W

(1) pre-treatment familiarity with LLMs (coarsened) and (2) pre-treatment number of Google
sessions (coarsened). We also test for heterogencous effects across one

st for heterogeneous effects on our primary outcom

across two pre-registered moderators

ploratory moderator:

36





EPUB/images/page-39.jpg
Al Mode vs. Current (ITT) No Al vs. Current (ITT)

— T PEE—
1avss ; ]
675 i i
—_—t - —
52 62 oo oz o4 4 6z oo oz oa
Trust Scale Trust Scale
S _ R S
2 Lavss I ]
] i ]
£ ! i
2 67uss i :
3 —_— —_—
010 005 o0 o005 00 610 —dos o000 005 010
Click-Through Rate Click-Through Rate
_—
2 1avss I
= |
2 67vss !
= -
s 3 Y o T 3
Sessions per Day Sessions per Day
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