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Abstract. Conversational AI tools are being increasingly integrated into online search and browsing interfaces. To understand how

such tools affect user behavior and search outcomes, we run a pre-registered, incentivized online experiment in which participants

search a catalog of several thousand events scraped from a major live-events platform. We compare three interfaces: a classic,

attribute-based filter interface (Filter), a GenAI chat interface (Chat), and a combined interface offering both (Hybrid). In both

AI conditions, AI output is restricted via retrieval-augmented generation (RAG). Our main result is that, relative to the other

two conditions, the Chat condition performs the worst. The effect is robust across AI models (gpt-4.1-mini, gpt-5.2 and

gpt-5.4) and is driven mainly by users who perform open-ended exploration (as opposed to users searching for a specific artist,

venue or sports team). Furthermore, there are no significant differences on any metrics between Filter and Hybrid. We also document

two mechanisms. First, Chat creates an echo chamber: without a visible menu, users construct queries based on what they think

is contained in the catalog. As a result, they frequently search for event types that are not available in the catalog, and they search

too narrowly. Second, Chat leads to prompting fatigue: it shifts effort towards prompting, and away from inspecting and evaluating

the output. As a result, users often pick one of the first displayed suggestions rather than examining the list more carefully. Taken

together, our results suggest that AI is best used as a complementary tool to existing filter-based search rather than as a replacement.

1. Introduction

Digital platforms have traditionally helped consumers navigate large inventories of products and

services through attribute-based filters and text-based keyword search. A typical example is the

search page of Ticketmaster, a leading live-events platform (Figure 1). The page is organized around

category tabs, a location filter, a date filter, and a keyword box. To find an event users must translate

their preferences into some combination of these predefined fields. More recently, platforms have

started experimenting with a different design, in which users type their queries in natural language.

These conversational (AI-based) interfaces are built on generative language models that have

become sufficiently capable for routine commercial use. The promise of conversational (AI-based)

search is that it can accommodate open-ended queries and preferences that are difficult to express

through pre-defined filters. As KAYAK’s CEO Steve Hafner puts it, “Travelers aren’t limited to

preset entry fields anymore. Just tell us what you’re looking for in plain language, and we’ll answer
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Figure 1 Search interface of Ticketmaster.

the same way.”1 Indeed, KAYAK, Expedia,2 and Booking.com3 have all deployed or are actively

piloting AI tools on their platforms.

Despite widespread enthusiasm among industry leaders, it is an open question whether AI

adds value to consumer search and exploration, and how this value differs for specific use

cases and implementations. On the one hand, the classic argument from the search literature

(Stigler 1961, Bakos 1997, Brynjolfsson et al. 2003) is that a less-constrained search should pro-

duce greater value for the consumer. This suggests that AI should improve search outcomes as

it relaxes the hard constraints of attribute-based filters and keyword-based search and lets users

express moods and occasions that cannot be easily codified. For example, on an events platform, a

chat user can simply ask for “a fun night out with friends” or “something romantic for date night”,

which cannot be expressed through any combination of filter categories. On the other hand, AI may

increase search frictions: forming and typing natural-language queries and iterating with the AI may

demand more time and effort than using filters to select a subset of the available options. Indeed, a

2026 survey found that 58% of US consumers are open to AI-assisted shopping but only 6% have

tried it, with conversational tools gaining traction only for simpler, repeat purchases (Choudhary

2026). Thus, in this paper, we ask:

(i) How does conversational AI affect search outcomes (value of the chosen alternative, search

costs) relative to conventional search?

While it is easy to think of AI adoption as a binary decision, platforms must also decide how

AI should be integrated with existing search tools. Should AI be treated as a substitute for or a

complement to conventional search? Having access to both modalities may be especially valuable

when consumers can specify some preferences precisely but can express others only in broad or

subjective terms. For example, filters may be well-suited to handle the codifiable part of search,

1 KAYAK AI search: https://www.kayak.com/news/ai-mode/
2 Expedia AI search: https://techcrunch.com/2024/05/14/expedia-starts-testing-ai-powered-fea
tures-for-search-and-travel-planning/

3 Booking.com AI features: https://news.booking.com/bookingcom-enhances-travel-planning-with-n
ew-ai-powered-features--for-easier-smarter-decisions/

https://www.kayak.com/news/ai-mode/
https://techcrunch.com/2024/05/14/expedia-starts-testing-ai-powered-features-for-search-and-travel-planning/
https://techcrunch.com/2024/05/14/expedia-starts-testing-ai-powered-features-for-search-and-travel-planning/
https://news.booking.com/bookingcom-enhances-travel-planning-with-new-ai-powered-features--for-easier-smarter-decisions/
https://news.booking.com/bookingcom-enhances-travel-planning-with-new-ai-powered-features--for-easier-smarter-decisions/
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such as a date or a genre, while AI can handle more open-ended preferences such as a mood or an

occasion. This leads to our second, more practical question:

(ii) Should AI tools replace conventional search or be shown alongside it?

The answer to (i) and (ii) may further depend on two factors. First, the value of conversational

search may depend on the capability of the underlying AI model. A state-of-the-art model may be

better able to synthesize the information in the retrieved listings and communicate this to the user

than an older, less capable model. Second, search itself can range from targeted retrieval where the

user knows exactly what they are looking for to broader, more open-ended browsing and exploration

(Marchionini 2006, Moe 2003). For example, a user on a live-events platform may search for “NY

Knicks” or “Hamilton”, whereas a more exploratory search might be “something fun to do this

Friday” or “a romantic date-night idea”. We therefore ask:

(iii) Does the value of conversational AI in search depend on the capabilities of the model? Does

it depend on whether the user is performing targeted retrieval or broad exploration?

1.1. Research Design

We address questions (i)-(iii) in the context of experiential goods such as live events, video stream-

ing, travel and lodging, and dining. A defining feature of this setting is that it often includes an

exploration stage where users need to browse the available options in order to understand the search

space and identify their preferred alternatives (Slovic 1995, Bettman et al. 1998, Moe 2003). Within

the experiential goods category, we use a live-event ticketing platform (ticketmaster.com)

as our empirical setting.

We begin by compiling a catalog of several thousand events scheduled in New York City over

a two-month window.4 We then recruit New York and New Jersey residents to participate in the

experiment. Participants’ task is to search the inventory of events with the goal of selecting the

event that they find most appealing. To make the choice consequential, incentives are tied to the

search outcome: at the end of the study, a randomly selected subset of participants has a chance to

receive real tickets to the event they chose, so every participant is incentivized to find an event they

would actually attend. We measure how much each participant values their selected event using the

Becker-DeGroot-Marschak (BDM) mechanism (Becker et al. 1964), which has the advantage of

4 In particular, we scrape all Ticketmaster events with available tickets that occur in the two month period that starts approximately
two weeks after the end of our experimental data collection. We choose NYC because it is the market with the largest inventory of
events on Ticketmaster.

ticketmaster.com
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being incentive-compatible.5 Additional outcome measures capture the search process (time spent

searching, number of iterations, interaction patterns) and self-reported satisfaction with both the

search process and the selected event.

We conduct three between-subjects treatments. In the first treatment, which we will refer to as

Filter, participants use a classic, attribute-based interface with drop-downs for event date and type

(Sports, Arts & Theater, Music) and a search box. The search box performs simple text matching: it

returns events whose text contains the exact string of characters entered by the user. This reproduces

the dominant design used on most experiential good search platforms such as Ticketmaster and

Eventbrite.6 In the second treatment, which we will refer to as Chat, participants use a chat interface

backed by a large language model (LLM) that has been given access to the same inventory of events

as the filter-based search through Retrieval Augmented Generation (RAG), and that returns events

with the closest match (“closest match” will be defined later). Finally, in the third treatment, which

we will refer to as Hybrid, participants see the same interface as the Filter treatment with the search

box now powered by an LLM. That is, Hybrid includes design elements of both Filter and Chat

treatments.

A key feature of our design is the RAG architecture used in the Chat and Hybrid conditions. RAG

restricts the AI to respond only based on the event listings that exist in our database. This has two

advantages. First, it ensures that all three experimental conditions draw from the same set of events.

Prior to conducting the experiment, we verify that, for the same query, all our treatments produce

the same list of results. This allows us to trace any potential differences in participants’ behavior and

outcomes to the interface and the retrieval process, rather than to differences in the event lists being

displayed. Second, RAG reflects state-of-the-art deployment of AI-based conversational search in

practice (Gao et al. 2023, NVIDIA 2023, AWS 2024, Song et al. 2025). Our experiment therefore

reproduces the realistic deployment conditions of an AI-assisted search platform while maintaining

experimental control. Furthermore, to test whether the results are caused by any particular model

behavior, language or personality, we also vary the model used to translate RAG output into

conversational output in the Chat treatment. In particular, we test both an older, legacy model

(gpt-4.1-mini), as well as two state-of-the-art models available during the data collection

(gpt-5.2 and gpt-5.4).

5 Under the BDM mechanism the dominant strategy is to report one’s true valuation (see also Ding et al. 2005, Lee and Donohue
2026, for similar elicitation methods in consumer-choice experiments).
6 For representative examples of this interface design, see https://www.ticketmaster.com, https://www.stubhu
b.com, https://www.seatgeek.com, and https://www.vividseats.com.

https://www.ticketmaster.com
https://www.stubhub.com
https://www.stubhub.com
https://www.seatgeek.com
https://www.vividseats.com
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1.2. Preview of Results

Our main result is that the value of conversational AI search depends on its implementation.

Regarding Research Question (i), we find that the treatments are ranked as follows in terms of

search performance: Hybrid ≈ Filter > Chat. In particular, Chat is significantly outperformed by

both Hybrid and Filter on three of the four main outcome measures. Participants value their chosen

event about 22% more under Hybrid than under Chat and 12% more under Filter and than under

Hybrid. By contrast, Filter and Hybrid are statistically indistinguishable. Furthermore, the costs of

search (time spent interacting with the system) are ranked as follows: Chat > Hybrid ≈ Filter. That

is, Chat is not only the lowest performing, but also the costliest (from the consumer’s perspective)

interface. On average, Chat participants spend 26% more time in a session than those in Filter or

Hybrid. Their ratings of both the search process and of the search outcome are also significantly

lower than those of the other two treatments.

The treatment comparisons together answer our Research Question (ii): using conversational

tools in tandem with conventional tools (our Hybrid arm) is close to costless, whereas replacing

the filter with chat lengthens search and lowers search performance. Furthermore, with respect

to Research Question (iii), we find that search intent is a moderator of the treatment effects. In

particular, users performing open-ended exploration value their choices significantly less in the

Chat arm relative to the other two arms, whereas users performing retrieval (looking for a specific

artist, venue, or team) do just as well under Chat as they do in the other conditions. Finally, our

results do not depend on which model powers the chat: whether the responses are generated by

our legacy model (gpt-4.1-mini), or by newer models (gpt-5.2 and gpt-5.4) does not

significantly predict any of the outcome variables.

Why does the Chat condition perform poorly, while the Hybrid condition performs on par with

the traditional filter-based search? We trace this back to two mechanisms: the echo chamber effect

and the prompting fatigue effect. The echo chamber effect occurs because Chat users, unlike those

in Filter and Hybrid, do not see a menu of available event types. They must instead compose

queries from what they believe is available in the catalog, and the model reflects those beliefs back

in the form of search results. Search results are therefore limited to the part of the catalog the

user already had in mind, or the user finds that the searched events are not in the catalog at all.

Searching too narrowly and searching out-of-catalog are both associated with lower valuations. The

prompting fatigue effect occurs because the Chat interface redirects the user’s effort and attention

away from carefully examining the retrieved events and towards constructing effective queries and
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waiting for the system to return a list of events. This causes users to pick results near the top of

the list, which in turn is associated with lower valuations. Together, the mechanisms suggest that

structured interfaces provide consumers with a map of the feasible choice space, whereas a blank

conversational interface makes users construct that choice space themselves, which can lead to poor

search outcomes.

1.3. Contributions

We make three contributions:

(i) Empirically, we provide evidence that adding a conversational LLM to a filter-based interface

does not affect search costs or search performance, while removing structured filters can leave

consumers worse off, particularly when they explore broadly rather than search for a specific

target. This adds to the behavioral literature on human-AI interactions, which largely studies

AI agents that provide advice (e.g., Dietvorst et al. 2015, Logg et al. 2019), perform customer

service (e.g., Luo et al. 2019, Adam et al. 2021, Song et al. 2025, Kagan et al. 2026) or generate

product or price comparisons (Spatharioti et al. 2025, Lin et al. 2025). In contrast, we study

AI as the interface through which consumers search.

(ii) Practically, our results offer guidance for deploying AI as a search tool. Because filters and chat

have complementary strengths, and because even the lightweight, legacy gpt-4.1-mini

performs on par with frontier models, platforms are better advised to invest in the design of

the search interface rather than in more capable, and more costly, AI models. Furthermore,

we show that BDM valuations and survey-based satisfaction scores agree on most measures.

Platforms (for whom satisfaction surveys are standard practice while BDM-style elicitation is

not) can thus evaluate the costs and benefits of deploying AI tools from survey data alone.

(iii) Methodologically, we develop the first (to our knowledge) behavioral experiment that leverages

retrieval-augmented generation (RAG). The advantage of RAG is that it reconciles realism

with experimental control in studying human-AI interactions. A RAG-based system ensures

that output is verifiably consistent across model runs and across users given the same inputs

(as opposed to using an LLM system prompt, which may produce stochastic output even for

identical inputs). Our work thus provides a template for future experimental studies, particularly

ones that involve information retrieval.

2. Hypothesis Development and Literature
We begin by reviewing the literature that is most closely related to our research questions and use it

to motivate our hypotheses (§2.1). Additionally, we survey different LLM customization approaches
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because a key component of our experimental approach is a customized LLM (RAG) (§2.2), and

discuss broader behavioral work related to human-AI interactions (§2.3).

2.1. Hypothesis Development

We formulate hypotheses related to two outcomes: the value that conversational AI adds to consumer

search and the cost at which that value is obtained.

2.1.1. Value of Search To measure the value of search, we use the participant’s valuation

(also sometimes called “willingness to pay” in the literature) of their chosen event, elicited via the

Becker-DeGroot-Marschak (BDM) mechanism (Becker et al. 1964). See Wertenbroch and Skiera

(2002) and Ding et al. (2005) for the validation of this method in consumer choice experiments. In

addition, we elicit users’ satisfaction with the chosen event on a 7-point Likert scale. Prior work

suggests that monetary valuation and subjective evaluations capture related but distinct aspects of

user preferences (Homburg et al. 2005). Collecting both measures thus gives us a fuller picture of

the value of search in each interface.

Studies in economics and marketing have examined consumer choice in the presence of decision

aids. Classic economic reasoning suggests that AI should be helpful. This is because search is costly

(Stigler 1961, Weitzman 1979) and consumers typically evaluate only a limited consideration set

(Hauser and Wernerfelt 1990). Tools that lower search cost and widen the set of options should thus

increase consumer welfare (Bakos 1997, Häubl and Trifts 2000). Since any query that can be posed

through a filter can also be expressed in natural language (but not vice versa), the Chat interface

should be more helpful at finding relevant events. The gains should be largest in the long tail of

niche options, which may be difficult to reach with filters. Indeed, earlier technologies that lowered

search costs, from online catalogs to search and recommendation tools, shifted consumption toward

niche products and created substantial consumer surplus simply by making more of the catalog

reachable (Brynjolfsson et al. 2003, 2011). Furthermore, our Hybrid treatment, which offers both

filter and chat modalities, should further increase the set of reachable events by allowing users

to choose the modality (filters, chat or both) that they deem more useful or easy to use. These

arguments motivate our first pre-registered hypothesis:

H1: Valuations and satisfaction with the chosen event are ranked as Hybrid > Chat > Filter.

However, some prior work also speaks against H1. Castelo et al. (2019) show that consumers trust

algorithms for objective tasks with a verifiable answer but resist them for subjective, taste-based

tasks. Longoni and Cian (2022) formalize this as the word-of-machine effect: consumers prefer AI
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for utilitarian attributes and humans for hedonic, experiential ones (also see Longoni et al. 2019,

Puntoni et al. 2021). Live events are hedonic and experiential (Batra and Ahtola 1990, Dhar and

Wertenbroch 2000), so this literature would predict that AI may perform poorly in our setting.

2.1.2. Cost of Search We measure search costs through the time the user spends interacting

with the system. Search theory treats time as the main resource that people give up when searching

(Stigler 1961, Becker 1965), and empirical work shows that time and effort costs differ across

channels (e.g., Brynjolfsson and Smith 2000, Hann and Terwiesch 2003, Chintagunta et al. 2012).

In addition to measuring time spent, we capture users’ subjective perception of search costs by

asking them to evaluate their satisfaction with the search process on a 7-point Likert scale. We

add this measure both because perceived duration may differ from actual duration (Antonides et al.

2002) and because the evaluation of the process may depend on the content of the wait rather than

its duration alone (Maister 1984, Buell and Norton 2011).

A sizable human-computer interaction (HCI) and information retrieval literature studies how the

design of a search interface affects search effort. Conversational search starts with an empty box,

so the user must recall what they want and put it into words (Radlinski and Craswell 2017). The

process of composing a natural-language query has been shown to be effortful relative to menu

choices (Zamfirescu-Pereira et al. 2023, Subramonyam et al. 2024). By contrast, filter-based search

requires a single selection from a drop-down menu which requires minimal effort. Furthermore, the

Hybrid treatment falls in between because composing text is optional rather than being required.

Users can perform most of their search through low-effort menu selections and incur the cost of

formulating a query only when they expect it to be worth the effort. We therefore hypothesize:

H2: Search time is ranked Filter < Hybrid < Chat. Satisfaction with the search process is ranked

Filter > Hybrid > Chat.

A competing view is that conversational AI reduces search costs rather than increasing them since

the model requires fewer iterations to get to a good set of options (Bakos 1997, Häubl and Trifts

2000). Whether the added cost of composing a query is offset by a better match (produced by a

given query), which may lead to fewer queries per user, is ultimately an empirical question and is

one of the questions that we address in this paper.

2.2. Customized LLM Models

There are three main approaches that researchers have used to build custom LLMs: system prompt-

ing, model fine-tuning and RAG models. A set of representative studies using each approach and



Allu and Kagan: Can AI Chat Replace Traditional Search? 9

Table 1 LLM Customization in the Experimental Literature.

Task/Domain Experimental Studies Approach

Judgment & decision-making Chen et al. (2024, 2025); Binz and Schulz (2023); Horton (2023); Hagendorff et al.
(2023); Suri et al. (2024) Prompting

Market research Brand et al. (2023) Prompting, fine-tuning
Wang et al. (2025) Prompting

Content and idea generation Chen and Chan (2024); Girotra et al. (2023) Prompting
Reisenbichler et al. (2022) Fine-tuning

Workplace productivity Noy and Zhang (2023); Dell’Acqua et al. (2023); Peng et al. (2023) Prompting

Customer service Brynjolfsson et al. (2025) Fine-tuning
Song et al. (2025) RAG

Product search & selection Spatharioti et al. (2025); Lin et al. (2025) Prompting
This paper RAG

the corresponding domains in which they are used are summarized in Table 1. Most studies that

examine how humans interact with LLMs rely on system prompting to augment the LLM. This

approach has been used in experimental settings such as judgment and decision-making (e.g., Chen

et al. 2024, 2025, Binz and Schulz 2023, Horton 2023, Hagendorff et al. 2023, Suri et al. 2024),

market research (Brand et al. 2023, Wang et al. 2025), content and idea generation (Chen and Chan

2024, Girotra et al. 2023) and workplace productivity (Noy and Zhang 2023, Dell’Acqua et al. 2023,

Peng et al. 2023). Fewer studies use model fine-tuning: Brynjolfsson et al. (2025) and Reisenbichler

et al. (2022) examine the effects of fine-tuned models in customer-service conversations and mar-

keting content, respectively. The only RAG-based study that we are aware of is Song et al. (2025),

a field experiment in the customer service domain.

In consumer search, the setting closest to ours, Spatharioti et al. (2025) study how LLM mistakes

affect consumers’ product purchase decisions. Their LLM generates responses from parametric

memory, so it can hallucinate on factual queries; the authors build their task around an item the

model reliably gets wrong to show that users accept its answer even when it is incorrect. Relatedly,

Lin et al. (2025) study how an AI chatbot affects online shopping on an Amazon-style platform.

In their setting, the AI is a summarization and comparison technology (rather than a search tool)

which helps summarize product descriptions, so the relevant context is small and can be passed

directly in the prompt. In contrast to these studies on consumer search, our study requires a RAG

approach because our chatbot needs to draw on a large catalog of heterogeneous events and return

a set strictly within the catalog that best matches the query. In particular, our study is the first

behavioral experiment that we are aware of to use the RAG approach. In §EC.1 we provide a more

detailed comparison of the three approaches to building custom LLMs.
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2.3. Human-AI Interactions Beyond Consumer Search

An extensive behavioral literature studies how people respond to algorithmic advice. Typically, in

this literature algorithmic behavior is set by the experimenter and delivered in a fixed, structured

form, e.g., a numeric estimate or a short recommendation. Findings range from algorithm aversion,

in which people discount algorithmic advice after seeing the algorithm err even when it outperforms

humans (Dietvorst et al. 2015), to algorithm appreciation in other settings (Logg et al. 2019).

This literature also examines factors that determine users’ uptake of AI-advice. For example,

Balakrishnan et al. (2026) find that decision-makers with private information weigh AI advice

naively; DosSantos DiSorbo et al. (2025) find that warning and endorsement cues help decision

makers adjust AI forecasts for outliers, and Longoni and Cian (2022) find that the uptake of advice

is domain-dependent.

A separate stream of literature studies the deployment of conversational AI in customer support

settings. In settings where AI acts as an aid to the customer service agent, Brynjolfsson et al.

(2025), Zhang and Narayandas (2025), Ni et al. (2026) find that GenAI suggestions improve

agent performance and customer sentiment in both B2B and B2C settings. In settings where AI is

customer facing, Luo et al. (2019) find that a chatbot sells as well as a professional human agent

but purchases fall once it discloses being a machine, Adam et al. (2021) find that anthropomorphic

design cues raise task compliance among consumers to chatbot requests, and Song et al. (2025)

find that LLM chatbots outperform rule-based chatbots. Kagan et al. (2026) document the sources

of aversion to customer service chatbots. Different from this work, where the AI acts as an advisor

or a service agent whose output (a forecast, a recommendation, or a resolution) is presented to a

human decision-maker, we study AI as a tool that helps the user perform search and exploration.

3. Experiment Design
To study the effects of conversational search tools on search behavior and search performance (value

obtained by the user), we conduct an online experiment in which participants are asked to search

an inventory of live events and select the one they find most appealing. This section introduces our

experimental methodology and treatments.

3.1. Sample and Exclusions

A total of 389 participants were recruited through CloudResearch Connect, with the recruitment

pool being restricted to adults residing in New York or New Jersey.7 Participants were required

7 Our pre-registration, which describes the subject pool, recruitment criteria, sample sizes and hypotheses, is available at https:
//aspredicted.org/zm499g.pdf. We used CloudResearch Connect, because this platform allows nonmonetary incentives

https://aspredicted.org/zm499g.pdf
https://aspredicted.org/zm499g.pdf
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to use a desktop device to complete the study. We applied three pre-registered exclusion criteria:

(i) participants who did not return a valid CloudResearch completion code (5 participants), (ii)

participants who answered four or more comprehension-quiz questions incorrectly (12 participants),

and (iii) participants whose total time spent on the task was less than a third of the median (2.7

minutes, 12 participants), or more than three times the median (24.1 minutes, 12 participants).

The median session length in the analysis sample was 8 minutes (average: 9.3 minutes). Because

the criteria are not mutually exclusive, 27 unique participants were excluded. This yields a final

sample of 362 participants (𝑛 = 104 in Filter, 𝑛 = 156 in Chat, and 𝑛 = 102 in Hybrid), which is

approximately equal to the pre-registered sample sizes of 100, 150 and 100, respectively. The mean

age in the analysis sample is 37.8 years (median 35), 53% of participants identify as female, 31%

hold a four-year college degree or higher, and 79% (resp.: 21%) reside in New York (resp.: New

Jersey). Balance tests are reported in §EC.2. Participants receive a fixed payment of $4.00, plus a

potential payment/prize based on the BDM mechanism (as will be explained in §3.4).

3.2. Event Catalog and AI Models

Our search inventory includes all live events scheduled in NYC over the course of two months. All

events were scraped from Ticketmaster. Each event is characterized by a set of attributes provided

by Ticketmaster: name, date, start time, venue, NYC borough, a segment which takes three values

(Music, Sports, or Arts & Theater) and event description (genre and subgenre). We drop all free

events and keep only events that have available tickets priced below $200.8

Our choice of the empirical setting has three advantages. First, Ticketmaster is the largest live-

events platform in North America, and New York City has the largest event inventory on the

platform. Therefore, the set of events in the catalog is large enough to allow extensive browsing

and exploration, which is the behavior that we want to study. Second, the set of events is het-

erogeneous enough that learning its contents requires effort, making search aids such as Filter or

Chat consequential (the catalog includes 725 distinct event names and 136 venues, and spans 42

genres and 107 subgenres). Third, our pilots (§EC.3) confirmed that the NY/NJ region provides a

sufficiently large number of eligible participants on CloudResearch Connect and that the majority

of the subjects live within reasonable travel distance to most venues.

as well as allows communication with participants outside of the experiment, which was necessary to deliver event tickets to selected
participants. Many other platforms (e.g., Prolific) do not allow participants to receive non-monetary gifts outside of the platform’s
payment system. We had originally planned to recruit New York residents only, but the CloudResearch pool of NY-based subjects
was too small to reach our pre-registered sample sizes. We therefore extended recruitment to New Jersey residents (Residence is
controlled for in the analysis).
8 The cap limits our cost of fulfilling tickets to BDM lottery winners.
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The experiment was conducted in two waves. Wave 1 was run in March 2026 and was based

on a catalog of NYC events scheduled over April and May 2026 (4,066 events total). Wave 2 was

run in April 2026 with the catalog refreshed to cover May and June 2026 (3,836 events total). In

both waves, participants in the Chat condition were randomly assigned to one of three AI models:

gpt-4.1-mini, gpt-5.2, or gpt-5.4. The retrieval pipeline (embedding model, FAISS

index, similarity cutoff, temporal pre-filter, retrieval cap, router LLM, and system prompts) was

held fixed across both waves and across all three model conditions; only the AI model varied. The

two waves of data collection and the three AI models allow us to test whether search outcomes

depend on the performance of the AI model powering the chat, or on the interaction between a

given model and the particular set of event listings being searched.

We administered three between-subjects treatments, implemented as an oTree-hosted web appli-

cation (Chen et al. 2016).9 Figure 2 shows the search page in each treatment.

• Filter Treatment. In this treatment participants are presented with a structured filter panel and

a paginated results list. Filters include drop-down menus for date, segment, as well as a text

input for free-text search across event names and venues. The search box performs simple

text matching and returns events whose text contains the exact string of characters entered by

the user. The results list shows ten events per page. This interface mirrors exactly the design

currently used on real-world experiential-good platforms, such as https://www.ticket

master.com, https://www.stubhub.com, https://www.seatgeek.com,

and https://www.vividseats.com. Displayed results are ordered chronologically (by

event date, then start time) and then alphabetically. See Figure 2a for a screenshot.

• Chat Treatment. In this treatment participants are presented with a chat window. They can type

queries in natural language and receive responses from a large language model that accesses the

catalog through retrieval-augmented generation (§3.3). Each response includes a short natural-

language summary and a list of recommended events drawn from the catalog, paginated at ten

events per page as in the Filter treatment. The interface contains no structured filter panel:

all interaction with the catalog occurs through the chat. Displayed results are ordered by 𝐿2

distance and, for events with identical 𝐿2 distances, chronologically (see §3.3 for details). See

Figure 2b for a screenshot.

9 The experiment design was first tested in two pilots (𝑁 = 72 in total), both run on CloudResearch with NY/NJ residents and based
on the same Ticketmaster catalog as the main experiment. §EC.3 provides an overview of the pilots and summarizes the main
takeaways. The pilots were used to validate the BDM and satisfaction scales and to examine potential issues with the conversational
interface. Neither pilot is included in the final analysis sample.

https://www.ticketmaster.com
https://www.ticketmaster.com
https://www.stubhub.com
https://www.seatgeek.com
https://www.vividseats.com
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• Hybrid Treatment. In this treatment participants are presented with the structured filter panel

from Filter and the chat window from Chat side by side. Participants are free to use either or

both modalities at any point in the session. See Figure 2c for a screenshot.

3.3. Retrieval-Augmented Generation (RAG)

A key feature of our design is that the system in the Chat and Hybrid conditions can recommend

only events from our catalog. To implement this restriction we use retrieval-augmented generation

(Lewis et al. 2020, Gao et al. 2023), wherein the LLM is paired with a fixed knowledge base.

RAG is the standard way commercial platforms keep an AI assistant within the scope of the data

(Song et al. 2025), and it has been shown to substantially reduce factual hallucination relative to

general-purpose AI tools that rely on the model’s training data alone (Shuster et al. 2021).

Figure 3 shows how the RAG architecture is implemented in our experiment. When the user

sends a message, a router LLM turns it, together with the recent conversation history, into a short

search query. The backend retrieves the nearest neighbors to this query based on 𝐿2 distance from

the knowledge base (our scraped list of events with event details) and ranks them, again based on 𝐿2

distance.10 The generation LLM sees these events and their relative ranking and writes a response

based on that information; the oTree app then displays to the user the AI-generated response as

well as the ranked event list. See Figure 3 for the process flow and Figure EC.1.2 in §EC.1.4 for an

illustration of how retrieval works using two example queries. Within the Chat treatment, routing

and retrieval are identical across the three model conditions (gpt-4.1-mini, gpt-5.2, and

gpt-5.4); only the generation step varies, so all three models see the same retrieved events and

differ only in the wording of the reply.

The main advantage of our RAG-based design is that it combines realism with experimental

control. In particular, it reproduces the open-ended, conversational search that consumers face when

interacting with commercial GenAI tools while also holding the search results fixed and consistent

across treatments and model runs. To further verify the latter claim, we performed a benchmark

test in which we examined the responses to 1,000 queries per wave across all three treatments. In

particular, we performed a Monte-Carlo simulation wherein we picked a date and an event name at

random (from our database) and used that information to construct a query and test it in each of our

treatments. The simulation confirmed that the returned listings are accurate and consistent across

10 Nearest-neighbor retrieval by 𝐿2 distance over embedding vectors is the standard approach in dense retrieval (Johnson et al.
2021). Because the embedding vectors are unit-normalized (§EC.1.2), ranking by 𝐿2 distance is equivalent to ranking by cosine
similarity.
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Figure 2 Search Interface in Each Treatment

(a) Filter Treatment

(b) Chat Treatment

(c) Hybrid Treatment
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Figure 3 RAG Architecture in the Chat and Hybrid Treatments.

User oTree
application

Knowledge base
(event catalog,
vector store)

LLM
message query

events ranked
by distance

LLM response + relevant event IDs

LLM response + event list

all treatments for over 95% of the simulated queries (see §EC.1.6 for details). Thus, any potential

differences in search performance between treatment arms can be attributed to how consumers

respond to the interface, rather than to stochasticity or hallucination in the underlying model.

3.4. Experimental Flow, Measures & Variables

Figure 4 summarizes the experimental protocol. After consenting, subjects were randomly assigned

to one of three treatments. They then completed the main experimental task, i.e., finding the event

that is most attractive to them, in their assigned treatment. There was no limit on the number

of queries they could make or the time they could spend searching; the search ended when they

selected an event. After that, we elicited their valuation of the selected event, which was followed

by survey questions. §EC.4 reproduces the instructions and comprehension questions.

Our primary outcome is the participant’s valuation of the chosen event, elicited via the BDM

mechanism (Becker et al. 1964), implemented as a multiple price list (Figure EC.4.1 shows the

elicitation screen). We use a multiple-price-list implementation rather than asking participants

to enter a single dollar amount because the format is known to be easier to understand and to

produce more reliable estimates than direct elicitation (Holt and Laury 2002, Andersen et al. 2006,

Figure 4 Experimental Flow and Treatment Assignment

Consent Random
assignment Chat treatment

Filter treatment

Hybrid treatment
(gpt-5.4)

Random
assignment gpt-5.2

gpt-4.1-mini

gpt-5.4

BDM
valuation

Demographics and
satisfaction survey
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Cason and Plott 2014); see also Ding et al. (2005), Lee and Donohue (2026) for related incentive-

compatible elicitation in consumer-choice experiments. The price list ran from $0 to $50 in $5

intervals. One in 20 participants was selected to receive the prize (money or a ticket to the event

they selected, depending on their choice in the randomly selected row of the price list). See §EC.3

for the description of the pilots in which we validated the lower/upper bound used in the BDM

elicitation.

We collect three additional outcome measures: the time spent searching (as a measure of search

costs), as well as two satisfaction measures collected via post-task survey, both on a 1–7 Likert

scale: process satisfaction (with the search experience) and outcome satisfaction (with the chosen

event). Additionally, participants are asked about their search intent (whether they had a specific

event in mind, or not), which will give us more insight into the usefulness of conversational search

for different types of search processes. We also log search process data, including the content and

timestamp of every filter change, text search, chat messages, and the events displayed in each result

set. We use these logs to perform mechanism analyses in §5.

4. Results

We begin by presenting summary statistics for the four main outcome measures introduced in

§3.4. After that we test H1 and H2. For H1, we focus on examining treatment effects on the BDM

valuation of the chosen event and on self-reported satisfaction with the chosen event. For H2, we

focus on examining treatment effects on the total time spent searching and on the self-reported

satisfaction with the search process.11

4.1. Summary Statistics

Figure 5 shows the distribution of each of the four primary outcomes by treatment. Valuation

(panel a) is bimodal in every arm, with a large share of participants at the low end ($0-$5) and at the

top of the scale ($50 or above). In the Chat treatment, however, a greater share of participants have

the lowest valuation and fewer have the highest valuation. Mean valuations are $27.93 in Filter,

$24.97 in Chat, and $30.44 in Hybrid. Chat valuations are significantly lower than Hybrid (rank

sum test, 𝑝 = 0.024), while Filter is statistically indistinguishable from either treatment (𝑝 = 0.232

vs. Chat, 𝑝 = 0.316 vs. Hybrid). Search time (panel b) is right-skewed everywhere, but the Chat

distribution has a visibly heavier right tail suggesting that a subset of participants continue iterating

11 Our pre-registration also lists other process measures: the number of distinct queries (filter changes or chat messages), number of
words typed, number of resets, and the number of events viewed. We present all variables in Table EC.6.1 in §EC.6.2.
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Figure 5 Distribution of each primary outcome by treatment arm
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Note. The red vertical line in each panel indicates the treatment mean. In panel (a), to compute the mean, we use the midpoint of each $5
bucket, with participants who never accepted cash (always preferred the event over cash) entering as $52.50.

with the LLM for a long time to find an event they like. Chat subjects spend 3.57 minutes on

average, which is about 30% longer than Filter (2.75 min; 𝑝 < 0.001) and about 22% longer than

Hybrid (2.91 min; 𝑝 < 0.001), while Filter and Hybrid do not differ significantly (𝑝 = 0.836).

We observe similar results for satisfaction scores. For satisfaction with the chosen event (panel c),

the Chat distribution is shifted towards lower ratings. Chat subjects rate their selected event

significantly lower than Filter (5.32 vs. 5.88; 𝑝 = 0.014) and lower still than Hybrid (6.04; 𝑝 <

0.001), while Filter and Hybrid are statistically indistinguishable (𝑝 = 0.315). Satisfaction scores

for the process (panel d) are similar. In sum, pure Chat appears to be the worst-performing arm,

while the differences between Filter and Hybrid are minimal on every measure. This provides

some initial evidence that layering a conversational interface on top of the structured filter does not

improve outcomes relative to filters alone, but it also does no harm. In contrast, a conversational

interface alone leads to lower valuations, longer search times, and lower satisfaction with both the

outcome and the experience. We next present formal tests of our hypotheses.

4.2. Regression Results

We regress each of the four main outcome variables (valuation, outcome satisfaction, search time,

and process satisfaction) on the treatment and a vector of covariates (age, gender, education, income,
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Table 2 Treatment Effects

Dep. var.: Valuation Outcome
Satisfaction Search Time Process

Satisfaction

Estimator: Interval OLS OLS OLS
(1) (2) (3) (4)

Filter Treatment Omitted Omitted Omitted Omitted

Chat Treatment −4.203 −0.635∗∗∗ 61.914∗∗∗ −0.699∗∗∗
(3.576) (0.191) (23.216) (0.200)

Hybrid Treatment 3.518 0.182 21.200 −0.230
(3.875) (0.173) (26.741) (0.198)

Hybrid Treatment − Chat Treatment 7.721∗∗ 0.817∗∗∗ −40.714 0.469∗∗
(3.527) (0.185) (24.865) (0.206)

Demographic controls Yes Yes Yes Yes
Session FE Yes Yes Yes Yes
Experimental Wave FE Yes Yes Yes Yes
Observations 362 362 362 362
𝑅2 (adj.) — 0.069 0.032 0.053

Notes: Standard errors in parentheses (HC3 robust for OLS). Column 1 is an interval regression. Columns 2–4 are OLS. Demographic
controls are age, gender, income, education, NYC proximity, and NY/NJ residence. ∗∗∗𝑝 < 0.01, ∗∗𝑝 < 0.05, ∗𝑝 < 0.1.

travel distance to NYC, and NY/NJ residence) and session and experimental wave controls. The

results are in Table 2.

Column (1) shows that valuation in neither Chat nor Hybrid differs from Filter at conventional

significance levels, but Hybrid produces higher valuation than Chat. Column (2) shows that Chat

participants are significantly less satisfied with their chosen event than both Filter and Hybrid

participants, who are indistinguishable from each other. Column (3) indicates that users in the Chat

treatment take about 62 seconds longer than Filter, while Hybrid is statistically indistinguishable

from Filter. Column (4) shows that Chat participants are significantly less satisfied with the search

process than both Hybrid and Filter, which are again indistinguishable. In sum, Hybrid significantly

outperforms Chat on all outcomes except search time and Filter significantly outperforms Chat on

all outcomes except valuation. Furthermore, there are no significant differences between Filter and

Hybrid.

Since our only incentivized outcome measure is valuation, it is worth examining the treatment

effect on this measure more closely. In particular, recall that in Table 2, col. (1) we used an interval

regression.12 The interval specification is well-suited for our multiple-price list elicitation approach

given that we do not observe precise valuation, but instead observe the smallest monetary amount

12 We do not report OLS and other censored variable regression (e.g., Tobit) estimates for brevity, but note that they are similar in
magnitude and have the same significance levels as the estimates reported in the main text.
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Figure 6 Post-Estimation Results (All Based on Table 2, Col. 1)
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that would prompt a decision-maker to accept money over a ticket to their chosen event. Interval

regression is the standard approach for this elicitation format (Cameron and Huppert 1989, Harrison

and Rutström 2008). Furthermore, given the censoring of the dependent variable at the left and the

right tail of the distribution, it is informative to examine the latent treatment effects (the effects that

would be observed in the absence of censoring), as well as examine the treatment effects on the

probability of censoring.

Panels (a) and (b) of Figure 6 report the latent effects and the observed effects; panels (c) and

(d) report the treatment effects on the probability of being censored (i.e., being at the lower or at

the upper bound of the valuation scale). Consistent with Table 2, only the contrast between Hybrid

and Chat is significantly different from zero. In particular, Hybrid increases the latent valuation by

$7.72 and the observed valuation by $4.44 (the observed effect is smaller because a large proportion

of valuations are at the upper bound). Panel (c) of Figure 6 shows that the probability of minimal

valuation ($0-$5) is 8.0 percentage points higher in Chat than in Hybrid. Vice versa, the probability

of being above $50 is 7.9 percentage points lower in Chat than in Hybrid. That is, the Hybrid

interface moves the entire distribution of valuations including the lower bound, the interior and the

upper bound to the right. In contrast, neither Chat nor Hybrid differs from Filter on any margin.

Result 1: H1 is partially supported. Consistent with H1, Hybrid valuations and outcome satisfaction

are higher than in Chat. Contrary to H1, Chat does not outperform Filter. Furthermore, Filter

performs similarly to Hybrid.

Result 2: H2 is partially supported. Consistent with H2, Chat requires the most search time

and yields the lowest process satisfaction. Contrary to H2, Filter and Hybrid are statistically

indistinguishable on both measures.
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In addition to making treatment comparisons, we briefly report which search modalities partic-

ipants use when more than one is available (i.e., in the Filter and Hybrid conditions) and how the

use of these modalities is related to valuations. In Filter, 45% of participants used only filters, 52%

combined filters with text entry, and 3% used only text-entry. The corresponding shares in Hybrid

are 51%, 45%, and 4%. Valuation differences are minimal between the two large subgroups within

Filter ($25.9 for filters only versus $29.6 for both, rank sum 𝑝 = 0.30), and within Hybrid ($30.9

versus $29.2, 𝑝 = 0.74). This is also true for each subgroup comparison across the two arms: par-

ticipants who only used filters have similar valuations under Filter and Hybrid ($25.9 versus $30.9,

𝑝 = 0.20), and also for those who combined filters with text entry ($29.6 versus $29.2, 𝑝 = 0.96).

4.3. Model Performance and Search Intent

We next address Research Question (iii). In particular, we test (1) whether the treatment effects

depend on which AI model powers the chat and (2) whether the treatment effects depend on the

user’s search intent.

4.3.1. AI Model Performance Our first analysis concerns model performance. In particular,

recall that within the Chat treatment arm, the AI model was randomized: each participant was

randomly assigned either to an older, legacy model (gpt-4.1-mini, released in 4/2025) or to

one of two frontier models (gpt-5.2, released in 12/2025, and gpt-5.4, released in 3/2026).

Recall that the router and retrieval stages were identical across models (§3.3), so any difference in

outcomes would arise from the text generation step alone.

Figure 7 reports the pairwise contrasts between the three models on each primary outcome,

estimated from the regressions in Table EC.5.1 (95% confidence intervals). The three models are

statistically indistinguishable on every outcome: every interval includes zero. Search time is closest

to being significantly different between models, with gpt-4.1-mini being the slowest. Note,

however, that this model also leads to directionally higher valuations than the more recent models;

see panel (a). Overall, there is no evidence that a more capable model improves search performance

or reduces search costs in our setting.

4.3.2. Search Intent Our second analysis concerns the role of search intent. In particular, in

the exit survey, participants reported whether they approached the task with no particular event

in mind (open-ended, 35% of the sample), somewhere in between (in-between, 47%), or with a

specific event in mind (specific, 18%). We add the treatment interactions with this three-level intent
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measure to the regression specification in Table 2. We focus on valuation as our outcome measure,

but results are broadly consistent across all our dependent variables.

Figure 8 plots the three pairwise treatment contrasts on valuation at each intent level (See

Appendix §EC.5.2 Table EC.5.2 for the regression table). The figure shows that the treatment

differences are found only among open-ended searchers, for whom Chat is $15.89 below Filter

and $21.14 below Hybrid (both 𝑝 < 0.01). In contrast, for in-between and specific searchers,

treatment effects are not statistically different from zero. That is, the conversational interface hurts

the consumers who want to explore, rather than those who are trying to retrieve a specific event.

Result 3: The effects of conversational AI do not depend on the AI model (gpt-4.1-mini,

gpt-5.2, orgpt-5.4). Chat lowers valuations among users performing open-ended exploration,

whereas users retrieving a specific target do just as well under Chat as in the other conditions.

5. Mechanisms

We document two mechanisms that help explain behavior and performance in the Chat treatment.

The first mechanism builds on the idea of an echo chamber, popularized in the research on news

Figure 7 Pairwise AI-model contrasts (within the Chat treatment).
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Figure 8 Treatment Effects on Valuation by Search Intent
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and social media consumption (Cinelli et al. 2021). Consistent with this idea, we show that the Chat

interface does not provide the user with sufficient exposure to the catalog. The second mechanism,

which we will refer to as prompting fatigue, builds on the idea that, to be useful, generative AI

requires the user to spend an appropriate amount of effort and attention on inspecting the output

of the AI model (Dell’Acqua et al. 2023, Spatharioti et al. 2025). We show that the Chat interface

reallocates effort and attention away from inspecting results and towards composing queries and

waiting for responses, and that underinvestment of effort leads to poor search outcomes.13

5.1. Chat Creates an Echo Chamber : It Reduces Search Breadth and Increases
Out-of-Catalog Queries

The echo chamber metaphor is most often used in the context of news and social media, where

personalized sorting and recommendations have been shown to reinforce the beliefs held by the user

rather than expose them to new, sometimes conflicting opinions or ideas (Cinelli et al. 2021). More

recently, this concept has also been used to describe interactions with Generative AI, mainly for

queries related to political content (Sharma et al. 2024). Different from social media, our platform

does not have user profiles, nor does it attempt to make an inference about user intent. Instead,

it is programmed to simply return the list of events with the best match to the users’ queries (as

well as accompanying text). Nonetheless, an echo chamber can still arise in our setting. This is

because users compose queries based on what they believe is contained in the catalog, and retrieval

reflects those beliefs back as search results. The AI output can therefore limit what the user sees

by showing them a narrow slice of the catalog that includes the types of items the user already had

in mind. Furthermore, because the user is not sufficiently familiar with the contents of the catalog,

their queries may land outside the catalog altogether.

To examine the echo chamber effect in our data we focus on two outcomes: search breadth and

out-of-catalog search. We define search breadth as the number of distinct segments (among Music,

Sports, Arts & Theater) that a user searches within a session. We define out-of-catalog search as

the number of instances in which a user searches for an event, venue, artist, sports team, genre,

subgenre, or segment that does not appear in the list of events scraped from the platform. We use the

interaction logs collected from the experiment to construct these variables, and present a detailed

description of their construction in §EC.6.1.

Figure 9 summarizes the analysis: panel (a) shows the mean for each measure by treatment arm,

and panels (b) and (c) show mean valuation by binned level of each measure, together with the

13 In §EC.6.2, we present a detailed list of process variables and their correlations with valuation.
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Figure 9 Echo Chamber Mechanism
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pooled valuation effects based on interval-regression specifications (Appendix Table EC.6.2 reports

the regression estimates). Panel (a) shows that participants in the Chat arm score differently from

the other two treatments on both process measures. Chat participants search 1.10 distinct segments

on average, compared with 1.87 in Filter and 1.62 in Hybrid (rank sum tests of Chat against each of

the other arms, both 𝑝 < 0.001). Conversely, if we examine out-of-catalog search, Chat participants

submit 1.17 out-of-catalog queries on average, compared with 0.60 in Filter and 0.36 in Hybrid

(rank sum tests of Chat against each arm, 𝑝 = 0.002 and 𝑝 < 0.001). These differences suggest that

the AI interface exposes users to a narrower slice of the catalog, and more of their queries concern

events (or event types) that are not available in the catalog.

Panels (b) and (c) tie these process measures to valuations. Valuations increase monotonically

with search breadth, from $25.9 among participants who explore at most one segment to $28.8 at two

segments and $30.8 at three. Conversely, valuations decline with out-of-catalog search, from $28.4

among participants with no out-of-catalog queries to $26.2 for one or two such queries and $23.2

for three or more. Exploring each additional segment is associated with a $2.1 higher valuation

(𝑝 = 0.047) and each additional out-of-catalog query with a $1.3 lower valuation (𝑝 = 0.028) when

pooled across treatments. See Table EC.6.2 for estimation details.

5.2. Chat Leads to Prompting Fatigue: It Shifts Time from Inspecting Results to
Composing Queries

We next examine our second mechanism, which we refer to as prompting fatigue. In particular, we

show that the search interface can affect search outcomes by changing how users allocate their effort
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and attention across different activities of the search process, i.e., composing queries, waiting for AI

responses, and inspecting results. Prompting fatigue builds on the idea that attention is depletable

and deteriorates as a task is prolonged (Mackworth 1948). In our setting the depletion happens

because the chat interface prolongs the search by requiring users to spend more time on composing

and waiting; users therefore reach the results later and more depleted. As a result, they are more

likely to select one of the first events displayed, which is in turn associated with lower valuations.

Figure 10 presents the evidence supporting this mechanism. For simplicity, we split each session

into two types of activities: composing queries and waiting for AI responses (CW), and inspecting

the returned results. The CW share is the fraction of the session spent composing queries and

waiting rather than examining results. We then examine how CW share affects the extent to which

a participant chooses one of the first few events displayed to them.14 Figure 10(a) reports the mean

CW share and the share of participants whose final choice is one of the first 10 displayed events,

by treatment arm.15 Notably, in Filter, composing and waiting takes up only 2.6% of the session,

compared with 36.8% in Chat (rank sum tests of Chat against each arm, both 𝑝 < 0.001), with

Hybrid being in between. The treatments also differ in how often participants choose from the top

of the list. In particular, the right side of panel (a) shows that the probability of choosing an event

in a top ten position is 49.0% in Filter vs. 62.8% in Chat, with Hybrid at 52.9% (rank sum tests of

Chat against Filter and Hybrid, 𝑝 = 0.028 and 𝑝 = 0.116).

Panel (b) shows that the share of participants choosing from the top ten increases from 44%

among those with CW shares below 10%, to 61% for CW shares between 10% and 30%, and to

72% above 30%. Pooled across arms, the probability of choosing one of the first 10 events increases

by 0.58 per unit of CW share (𝑝 < 0.001). Furthermore, Panel (c) shows that choosing one of the

first few events displayed reduces valuations with the average estimated gap of $4.2 (𝑝 = 0.013).

While our analysis of prompting fatigue focuses on relative time allocation, examining the

absolute times spent on each activity helps better understand this mechanism. In particular, each

additional minute of composing and waiting increases the probability of the chosen event being in

14 We focus on the share of time spent on different activities (as opposed to absolute durations) because our primary interest is in
how the interface affects the allocation of a user’s attention across activities. Absolute durations can reflect both the differences
caused by the interface and variation in users’ overall time budgets, while shares normalize the time budgets. Formally, let 𝑡𝑐 , 𝑡𝑤 ,
and 𝑡𝑖 denote the time spent composing queries, waiting for responses, and inspecting results, which together account for the session;
the CW share is 𝑠 = (𝑡𝑐 + 𝑡𝑤)/(𝑡𝑐 + 𝑡𝑤 + 𝑡𝑖). Composing time 𝑡𝑐 is approximated as typed characters divided by a typing rate of three
characters per second, waiting time 𝑡𝑤 is the measured response time of the AI, and inspecting time 𝑡𝑖 is the residual of the session.
In Filter, 𝑡𝑤 = 0 mechanically, since a drop-down returns results instantly.
15 The specific choice of 10 events is based on pagination in the experiment – recall that up to 10 events can be displayed on each
page of returned results and to continue to the next 10 events the user must click on the “next 10 events” button. However, the results
are robust to an alternative specification where we focus on the top three events instead of the top 10.
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Figure 10 Prompting Fatigue Mechanism
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Note. Panel (a) shows mean CW share (the share of the session spent composing queries and waiting) and the share of participants
choosing one of the top ten displayed events. Panel (b) shows the effect of CW share on choosing from the top ten. Panel (c) shows
mean valuation by the position of the chosen event in the displayed list (error bars 95% CI). The annotated effects are based on
linear-probability slopes in panel (b) and the pooled average marginal effect in panel (c), both estimated with the demographic
controls, pooled across arms (see §EC.6.4 for complete regression results). ∗ 𝑝 < 0.1, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.

the top 10 displayed events (+0.10 within Chat, 𝑝 = 0.014), while the time spent inspecting has

no significant effect (𝑝 = 0.46 within Chat). This suggests that the main driver is the effort spent

before the results are reached, rather than a shortage of time spent inspecting them. In other words,

participants who accumulate composing and waiting time reach the results with depleted patience

and choose one of the first events shown. Moreover, both components contribute to the fatigue, as

both the composing share (+0.76, 𝑝 = 0.007) and the waiting share (+0.58, 𝑝 = 0.044) predict a top

ten choice about equally within Chat. In other words, the mechanism is driven not only by passively

waiting for AI to generate results but also by the effort required to build queries.

5.3. Discussion

The two discussed mechanisms provide plausible explanations for the observed treatment effects,

but each raises questions about what the data does and does not show.

First, the effects of breadth and out-of-catalog queries on valuations should be interpreted with

care. This is because the treatments differ in the cost of learning about the catalog. Under Filter

and Hybrid, the drop-down lists the event categories offered by the platform, and moving between

them takes a single click. In contrast, under Chat, to explore a new category one needs to produce

a new query (i.e., pivot away from the current conversation). Breadth therefore does not mean the

same across treatment arms as it can be achieved nearly for free in one case but requires costly

effort in the other. We thus read the treatment effects on the process measures (breadth, out-of-

catalog searches) as causal, since they are caused by random treatment assignment, whereas the link
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between these measures and valuations may be non-causal as it combines the returns to exploration

with differences in effort and engagement across users. For example, our data cannot tell whether

exogenously increasing a Chat user’s breadth would improve this user’s valuation. The interface

does determine, however, how a user can respond once a query lands outside the catalog. The

menu lets Filter and Hybrid users redirect their search immediately, while Chat users are likely

to continue querying variations of their initial target. Indeed, visibility into the catalog makes an

out-of-catalog query less likely in the first place. For example, one user in our sample searched

for “food related events” in Chat; had the drop-down shown that the catalog contains only Music,

Sports, and Arts & Theater, this search would likely not have occurred.

Our second mechanism (prompting fatigue) may, at first glance, appear counterintuitive. Con-

ventionally, a ranked list displays the best matches first, and participants who choose from the

top ten should do at least as well as those who search deeper. Unlike traditional recommendation

systems where the rank reflects the relative value of the alternative (Allu and Gaur 2025), RAG-

based interfaces such as ours order results by similarity to the query (see §3.3 and §EC.1.4). As

a result, the position of an event in the retrieved list does not always provide much information

about its relative value to the user. This is particularly true for queries that are more exploratory.

For example, for a query like “something fun this weekend”, the first ten positions are, in value

terms, an arbitrary subset of the results. Therefore, for these types of queries, the larger the set of

events a user considers, the higher the chance of finding a good match. To test this logic, in §EC.6.5

we split the sample by query specificity (did the participant ever name a specific event, artist, or

team?) and find that the valuation gap is only observed among exploratory searchers (+$6.7 for

choosing beyond the top ten, 𝑝 = 0.001) while being insignificant among specific searchers (+$2.1,

𝑝 = 0.48). Prompting fatigue is therefore particularly harmful for exploration.

Just as with our first mechanism, prompting fatigue should be interpreted with care. The effect

of treatment on CW share is causal as it results from random assignment, whereas the effects of

CW share on choosing a top ten event, and from that choice to lower valuations, need not be.

In particular, our data cannot tell a participant who is fatigued and simply picks one of the first

displayed results from a participant who rationally spends minimal effort on inspecting the results

because the retrieved list contains nothing better beyond the first few positions. In the latter case,

choosing from the top may be the best strategy, and the low valuation is simply due to the retrieved

event list rather than due to how attention was allocated.
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Finally, while the two mechanisms (echo chamber and prompting fatigue) are based on different

measurements, we believe that they share a common root. With a menu-based interface, the user

needs only a few clicks to narrow down a choice set from a large catalog of heterogeneous events.

But, with a conversational interface, the user must produce the choice set by describing what they

want and wait for the results. This strains the consumer’s limited attention in two ways. First, in

terms of the content seen, the choice sets can only be as good as the queries that generate them,

which are composed from what the user already has in mind; this is the echo chamber mechanism.

Second, in terms of the search process, the need to produce results absorbs attention that would

otherwise be spent examining them; this is the prompting fatigue mechanism. Both mechanisms

are, in other words, costs of making the user become the producer of their own search.

6. Practical Implications and Outlook

Our experiment compared three versions of an event-discovery platform: a traditional interface

with filters and keyword search, a conversational AI interface, and a hybrid offering both. Our

results help explain the differences in AI adoption observed across platforms in practice and offer

prescriptive guidance for those still deciding, which we discuss in §6.1. Moreover, our results point

to several open questions, which we discuss in §6.2.

6.1. Practical Implications

Our comparison of the three interfaces was motivated by the rapid deployment of conversational

search across digital platforms, and, just as in our experiment, the value of these tools in practice

depends on how they are implemented and in what settings they are used. Indeed, as some platforms

have embraced conversational search (as described in §1), others have been more hesitant to move

forward with it. For example, Airbnb decided against conversational search, with the reasoning

that structured filters are better suited to help users explore their catalog than free-form chat.16

Similarly, Netflix has piloted conversational search for over a year without a broad rollout, citing

limited customer comfort with the modality.17

We believe that the divide between platforms that have successfully deployed AI tools and those

that have not is not coincidental. Rather, it is consistent with the moderating effects of search intent

16 Airbnb rejects AI chatbot: https://skift.com/2024/11/21/airbnbs-ai-plan-no-chatbot-more-perso
nalization/.
17 See https://about.netflix.com/en/news/unveiling-our-innovative-new-tv-experience for the
initial announcement, and https://toomuchtv.substack.com/p/too-much-tv-netflixs-effort-to-imp
rove for commentary on its adoption.

https://skift.com/2024/11/21/airbnbs-ai-plan-no-chatbot-more-personalization/
https://skift.com/2024/11/21/airbnbs-ai-plan-no-chatbot-more-personalization/
https://about.netflix.com/en/news/unveiling-our-innovative-new-tv-experience
https://toomuchtv.substack.com/p/too-much-tv-netflixs-effort-to-improve
https://toomuchtv.substack.com/p/too-much-tv-netflixs-effort-to-improve
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identified in our experiment. Travel booking platforms that have moved quickly tend to serve users

who have a specific target, such as booking a hotel in a specific location or finding a flight for a

specific route. These use cases are defined by a well-defined, pre-conceived target – precisely the

scenarios where we find conversational AI to do little harm. In contrast, the platforms that have

been hesitant to deploy AI serve users who are more interested in open-ended exploration. Both

Netflix and Airbnb sell experiences, and experiences are found by browsing, which is exactly the

type of search where chat appears to perform worst.

In addition to providing a plausible explanation for some of the AI adoption patterns observed in

practice, our results can be used to make several prescriptive recommendations. In particular, our

results suggest that the relevant question for platforms is not whether but how to deploy the chat

modality. Layering a conversational interface on top of a structured filter, as in our Hybrid condition,

has no detectable cost. In contrast, replacing the filter with chat lengthens search, narrows the portion

of the catalog users see, and lowers the value of what they choose. Importantly, platforms need

not invest in state-of-the-art LLMs to offer this functionality. Our results show that valuations are

invariant to the model powering the chat (gpt-4.1-mini,gpt-5.2,gpt-5.4). In other words,

users are not sensitive to the specific language used by the AI to describe its search results. This

suggests that retrieval quality (as opposed to response generation) is what drives success or failure

in the deployment of these AI systems, and even a lightweight AI model, such as gpt-4.1-mini,

can perform RAG-based retrieval effectively.

As a final, methodological takeaway, we show that incentivized elicitation methods (such as the

BDM method, popularized in behavioral science) and survey-based satisfaction scores agree on

most measures when it comes to evaluating AI search performance. Platforms (for whom satisfaction

surveys are standard practice while incentive-compatible elicitation is not) can thus evaluate the

costs and benefits of deploying AI tools from survey data alone.

6.2. Outlook

Our results suggest several potential follow-up questions. First, the design space between a bare chat

window and a structured menu is largely unexplored. Our mechanisms point to plausible candidates

for future study, such as displaying the catalog’s structure inside the conversation, reducing the

time cost of composing and waiting (e.g., through prompt suggestions), or routing queries to the

modality that suits them best. Second, our participants used the interfaces once. Regular users

may learn to compose better queries and use AI recommendations more effectively. Finally, search

interfaces may perform differently depending on the device, and our study only focused on desktop
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devices. A mobile device with a smaller screen may be less useful for menu-based search and more

suited to chat-based interactions.

The RAG architecture used in our experiment also offers a more general template for studying

AI-assisted decision-making in both settings traditionally examined by OM scholars and emerging

settings motivated by recent developments in practice. An example of the former is the problem

of a production planner who makes inventory ordering decisions (e.g., Schweitzer and Cachon

2000, Bolton and Katok 2008) or forecasts demand based on past sales (Kremer et al. 2011,

Moritz et al. 2014). An important (but understudied) step in this process is choosing which past

products and periods are sufficiently comparable to serve as a reference class for the forecast.

Prior work has shown that managers make errors in choosing such data (DosSantos DiSorbo et al.

2025). Conversational AI tools can make this recommendation to managers in natural language,

which raises the question of whether such assistance improves the quality of forecasts. In emerging

settings, firms are increasingly giving employees access to conversational AI tools that can be

used to query internal data, often via RAG-based protocols.18 Whether such tools improve the

decisions they support, and how their interfaces should be designed, is an open question. RAG-

based experimental designs provide a way to study both these questions where an experimenter

can control the output of the AI tool (unlike a standard LLM which can produce stochastic outputs

even for the same prompt). RAG-based designs can thus help advance future behavioral work by

improving experimental control without sacrificing realism.
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Häubl G, Trifts V (2000) Consumer decision making in online shopping environments: The effects of interactive decision aids.

Marketing Science 19(1):4–21.

Hauser JR, Wernerfelt B (1990) An evaluation cost model of consideration sets. Journal of Consumer Research 16(4):393–408.

Holt CA, Laury SK (2002) Risk aversion and incentive effects. American Economic Review 92(5):1644–1655.

Homburg C, Koschate N, Hoyer WD (2005) Do satisfied customers really pay more? a study of the relationship between customer

satisfaction and willingness to pay. Journal of marketing 69(2):84–96.

Horton JJ (2023) Large language models as simulated economic agents: What can we learn from Homo Silicus? NBER Working

Paper 31122.

Johnson J, Douze M, Jégou H (2021) Billion-scale similarity search with GPUs. IEEE Transactions on Big Data 7(3):535–547.

Kagan E, Hathaway B, Dada M (2026) Why are customers averse to service chatbots? Manufacturing & Service Operations

Management Forthcoming.

Kremer M, Moritz B, Siemsen E (2011) Demand forecasting behavior: System neglect and change detection. Management Science

57(10):1827–1843.

Lee Y, Donohue K (2026) Nudging green-but-slow shipping choices in online retail. Management Science Articles in Advance.
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Electronic Companion
This companion includes the following:

EC.1 RAG architecture, system prompts, and retrieval-accuracy validation (Supplementing §2.2 and §3.3)

EC.2 Balance tests (Supplementing §3.1)

EC.3 Pilot studies (Supplementing §3.2)

EC.4 Experimental interface and instructions (Supplementing §3.4)

EC.5 Model performance and search intent (Supplementing §4.3)

EC.6 Mechanism Analysis (Supplementing §5)
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EC.1. Retrieval-Augmented Generation (RAG): Architecture, System
Prompts, and Validation

This appendix supplements §3.3 with details on the RAG implementation. §EC.1.1 discusses our choice of RAG relative

to the alternative approaches for customizing an LLM. §EC.1.2 describes the pipeline in detail. §EC.1.3 provides

diagrams for each of the three RAG stages. §EC.1.4 illustrates retrieval in the embedding space with two example

queries. §EC.1.5 reproduces the verbatim system prompts of both LLMs. §EC.1.6 reports a Monte Carlo simulation

that validates the system’s retrieval accuracy.

EC.1.1. Choice of Customization Approach

RAG is one of three standard approaches for customizing an LLM; the others are system prompting and fine-tuning.

The main difference between these approaches is in how they treat the model’s weights (the numerical parameters set

during pretraining that determine the model’s outputs). Table EC.1.1 compares the three approaches on the properties

relevant to our study: the amount of factual knowledge they add, whether they can be updated without retraining,

and whether they expose a retrieval step that can be inspected. System prompting puts instructions and context inside

the prompt (Brown et al. 2020). While this approach is flexible and allows us (in principle) to achieve our goals of

adding event information to the LLM’s knowledge base, the context window is typically limited in terms of how much

information the prompt can hold. Fine-tuning updates the weights on labeled examples (Wei et al. 2022), which means

that the knowledge it adds is stored in the weights and can be changed only by retraining. Furthermore, the retrieval

step is not verifiable, as the new information is essentially blended with the original training data of the LLM in a

“black-box” manner. RAG pairs the LLM with an external knowledge base and retrieves matching entries at query time

(Lewis et al. 2020, Gao et al. 2023). RAG can add a large amount of factual knowledge, is updated by re-indexing the

knowledge base, and produces a retrieval step that can be inspected and validated separately from the LLM, which we

do in our analysis.

We choose RAG because our application requires: (i) accurate knowledge of a specific catalog of events, (ii) the

ability to refresh the catalog across data-collection waves without retraining, and (iii) a retrieval step that we can inspect

and validate independently of the LLM (§EC.1.6). Prompting does not satisfy (i) at our scale: placing thousands of

events in every prompt is costly, slows each reply, and degrades retrieval quality, and a refreshed catalog can exceed the

model’s context window. Fine-tuning satisfies neither (ii) nor (iii), since updating the catalog would require retraining

and the model exposes no separable retrieval step to audit. Notably, system prompting still plays a role in our design,

but only for instructions and tone (§EC.1.5); it is not how the LLM learns the catalog.

Table EC.1.1 Comparison of LLM Customization Approaches
System Prompting Fine-tuning RAG

Changes the model’s weights? No Yes No
Adds new factual knowledge? Limited Not reliably Yes
Best suited for. . . Instructions, tone Consistent behavior Domain knowledge
Updatable without retraining? Yes No Yes (re-index)
Inspectable retrieval step? — No Yes
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EC.1.2. Pipeline
The RAG service runs as a separate FastAPI process. The oTree front end posts each user message to the service via a

JSON endpoint and receives back a natural-language reply together with a list of event ids to render in the panel below

the chat. The service exposes a single /query endpoint that takes the user message, the recent conversation history,

and an optional model identifier (used to randomize the generation model across participants in the Chat arm), and

returns the model’s reply together with the event ids it selected.

Internally, the service runs the following four stages.

(i) Indexing. On startup, the service loads the experimental catalog (a CSV with one event per row) and computes

an embedding of each event’s textual record. Each record is a key-value serialization of the event’s structured

attributes (event id, name, date, time, venue, NYC borough, segment, genre, subgenre).

A standard RAG deployment requires the researcher to choose how to split the source document(s) into smaller

indexable units (“chunks”); typical settings include chunk size (200–500 tokens), chunk overlap (10–20% of

chunk size), and the number of chunks to retrieve per query (Gao et al. 2023). In our setting, this design problem

collapses. The source “document” is a single CSV file with one row per event, and each row is short (< 200

tokens) and self-contained. We therefore treat each row as a single indexable record; chunk size, overlap, and

chunk boundaries are all dictated by the structure of the data rather than chosen by the researcher. The only

retrieval parameters that remain to be tuned are the similarity threshold and top-𝑘 , both of which we calibrated

in the pilots (§EC.3).

We use OpenAI’s text-embedding-ada-002 model to embed each record. The embedding vectors are

unit-normalized, so nearest neighbors by 𝐿2 distance coincide with nearest neighbors by cosine similarity. The

resulting vectors are stored in a FAISS (Johnson et al. 2021) index that is persisted to disk and reused across

sessions; the catalog is hashed and the index is rebuilt only when the catalog changes. The index is identical

across all participants and across all model conditions.

(ii) Routing. When the front end posts a user message, the service first invokes a deterministic router LLM

(gpt-5.2, temperature 0.1, max 800 tokens). The router LLM has access to the same retrieval tool described

below as a function call but is instructed to invoke it only when the user message is an event-search request.

For greetings or thanks, the router replies conversationally; for vague requests, it asks a clarifying question; for

unrelated questions, it returns a fixed redirection. The router is held fixed across all model conditions, so the

binary decision of whether to retrieve, and (if so) the rewritten query passed to retrieval, are identical regardless

of which generation model is used downstream.

(iii) Retrieval. If the router invokes the retrieval tool, the service embeds the rewritten query with the same embedding

model used at indexing time and queries the FAISS index. We retain all candidates whose 𝐿2 distance to the

query embedding is at most 1.2 (chosen empirically during pilots to balance recall and precision). The retained

set is then narrowed by a deterministic temporal pre-filter: any day-of-week or month names mentioned in the

query (parsed via a regular-expression dictionary) are converted to date constraints, and events whose dates fall

outside those constraints are dropped. The result is then capped at the top 500 events ranked by similarity. If the

LLM passes an explicit date in YYYY-MM-DD format as a tool argument, the similarity cutoff is bypassed and

the entire catalog is filtered exactly to that date instead.
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(iv) Generation. The retained candidates, the user message, and the last six conversational turns are passed to the

generation LLM (the model that varies across participants in the Chat arm: gpt-4.1-mini, gpt-5.2, or

gpt-5.4; temperature 0.2, max 800 tokens, 30-second timeout). The generation system prompt instructs the

model to ground its reply in the supplied events, to keep the reply concise (one to two sentences), to never

mention prices, and, importantly, to generate a tagged list of event ids it considers relevant at the end of its

response. The service then parses this tagged list, intersects it with the catalog’s id set (so any id the model

invents is silently dropped), caps the list at 100 ids, and returns the cleaned reply and id list to the front end. The

front end renders the corresponding events in a paginated list of ten per page.

EC.1.3. Pipeline Diagrams

Figure EC.1.1 summarizes the three RAG stages.

Figure EC.1.1 RAG architecture: the three stages of the pipeline.
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Note. Indexing runs once at service startup; retrieval and generation run on every user message. §EC.1.2 details each
stage, including the router LLM that precedes retrieval.

EC.1.4. Retrieval in the Embedding Space: Two Examples

Figure EC.1.2 illustrates how retrieval works, using two example queries in panels (a) and (b). The triangle at the center

represents the user query and the dashed circle in each panel marks the retrieval cutoff of the 𝐿2 distance, i.e., events

within the dashed circle are retrieved and shown to the user. For this illustration, we set this distance to 0.45.19 In panel

(a), a user searches for “live jazz music”. A traditional search box would return only events whose names contain those

words: for example, it would find the event The Birdland Latin Jazz Orchestra. Our RAG-based AI search also finds

this event and assigns it a relatively small distance. However, because AI search matches based on meaning (rather than

19 In the experiment we use a more generous cutoff of 1.2. Because results are paginated (ten results per page), weaker matches can
still be included in the results rather than being dropped, so a user who keeps browsing and scrolling through the pages can still
reach them.
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Figure EC.1.2 Retrieval as nearest-neighbor search in the embedding space
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on string matches), it also returns events like Jim Caruso’s Cast Party, a weekly live-music night at a New York jazz

club that shares no words with the query but that the embedding has learned to associate with it. Showing these types

of matches is the main advantage of AI-based search over a string-based filter.

Panel (b) of Figure EC.1.2 shows that the same mechanism can exclude an event that would be included with a

string-based search but that does not match well the intent of the query. In particular, for “Hamilton musical”, the system

retrieves Hadestown, which shares no words with the query, but omits Mexodus the Musical, even though Mexodus

matches both the segment (Arts & Theater) and the word “musical.” This is because Hadestown, like Hamilton, is a

prominent Broadway show, whereas Mexodus is an off-Broadway show and therefore has a higher 𝐿2 distance.

EC.1.5. System Prompts

The prompts reproduced below are those used in Wave 2, which served events scheduled in May and June 2026. The

Wave 1 prompts were identical except for the month references (“April and May” rather than “May and June”).

The router LLM is instantiated with the following system prompt:

You are an event-search assistant for NYC events in May and June 2026. If the

user is asking about events, entertainment, or things to do, call the retrieve

tool. If the user sends a greeting or thanks (e.g. ‘hi’, ‘hello’, ‘thanks’),

respond conversationally WITHOUT calling retrieve. If the query is vague (e.g. ‘fun

things’, ‘something cool’, ‘what should I do’), ask a brief clarifying question

WITHOUT calling retrieve.

REFINEMENTS & FOLLOW-UPS: When the user refines a previous search (e.g. ‘sports’

after asking about a date, ‘not jazz’, ‘only comedy’, ‘remove the classical ones’),

ALWAYS call retrieve again with a combined query that captures the FULL intent.

For example: previous query ‘may 6’ + follow-up ‘sports’ → retrieve(‘sports events

on may 6’). Previous query ‘jazz’ + follow-up ‘not blues’ → retrieve(‘jazz events

excluding blues’). Always combine the conversation context into a single clear

retrieve query.

For ANY other non-event question, respond ONLY with: ‘‘I can only help you find

events. What events are you interested in?’’. Do NOT answer general knowledge

questions, trivia, opinions, or anything unrelated to events.
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The generation LLM is instantiated with the following system prompt:

You are an event search assistant for NYC events in May and June 2026. Use the

provided events to answer the user’s question. NEVER invent events or details

not in the data. NEVER mention anything related to prices, money, budget, cost,

or fees. Be concise (1--2 sentences max). The user can see the events in a panel

below---do NOT list specific events in your response. Do NOT list event names,

dates, or venues. Just summarize what you found. Refer the user to the events panel

to browse details.

IMPORTANT: From the candidate events, decide which ones are RELEVANT to the

user’s current request. At the very end of your response, on a new line, output

exactly: [RELEVANT IDS: id1, id2, id3, ...] listing only the event ids that match.

Include at most 100 IDs. If the user asks for exclusions (e.g. ‘not latin’, ‘only

knicks’), apply those strictly. When the user specifies a date range, ONLY include

events within that exact range. Do NOT include events outside the requested dates.

This tag controls which events the user sees---missing a relevant event means the

user won’t see it.

EC.1.6. Validation: Monte Carlo Retrieval Accuracy
In this section, we validate the retrieval quality of the system via a Monte Carlo simulation against each wave’s catalog.

In each of 1,000 iterations, we sample one event uniformly at random from the catalog and construct a structured

natural-language query of the form “⟨segment⟩ event on ⟨date⟩ ⟨keyword⟩,” where the date is the event’s calendar date

and the keyword is one or two distinctive words extracted from the event title (subtitles after a colon or em-dash are

stripped, and stopwords are excluded). We then submit the same query to all three retrieval systems and record whether

the sampled event’s id appears (i) anywhere in the returned result set (“in set”) and (ii) within the first ten results

(“top-10”). The three systems mirror their main-experiment counterparts: Filter applies a deterministic substring filter

on segment, date, and keyword over the catalog; Chat posts the full query to the live RAG service and uses the model’s

tagged [RELEVANT IDS] list; and Hybrid returns the union of the two id streams.

Figure EC.1.3 summarizes the results. The deterministic filter recovers every sampled event in both metrics across

both catalogs, as does the hybrid system. The conversational system retrieves the target event in 96.9% of Wave 1

iterations and 98.5% of Wave 2 iterations on the “in set” metric, and in 95.4%/95.1% of iterations on the “top-10”

metric. The remaining gap reflects two sources of error: the generation model occasionally truncates its tagged id list

before reaching the target, and the retriever’s similarity cutoff and date pre-filter can drop the target when the query

phrasing departs from the indexed event’s tokens. Because the hybrid system pools the two retrieval streams, it inherits

the filter’s perfect baseline.
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Figure EC.1.3 Monte Carlo retrieval accuracy by treatment.
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Note. Each iteration draws one event at random from the wave’s catalog and submits a structured natural-language query (segment,

date, and one or two distinctive title words) to each of the three systems. “In set” records whether the target event appears anywhere

in the system’s result list; “top-10” restricts to the first ten results. Filter is the deterministic substring filter; Chat is the live RAG

service (model: gpt-5.2); Hybrid returns the union of the two. Both waves use 𝑁 = 1,000 iterations.
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EC.2. Balance Tests
Table EC.2.1 reports means by treatment for pre-treatment covariates measured in the post-task demographic survey. The

treatments are well balanced on age, gender, income, NYC proximity, residence in New Jersey, and quiz performance.

The only pairwise difference significant at the 5% level is on the share of participants holding at least a four-year

college degree, which is higher in Chat (37.8%) than in Filter (24.0%). All regression specifications in the main text

include education as a control.

Table EC.2.1 Balance tests across treatments (analysis sample, 𝑁 = 362).
Variable Filter𝑎 Hybrid𝑏 Chat𝑐 𝑁

Age (years) 38.73 37.05 37.78 362
Share female 0.606 0.510 0.494 362
Share with Bachelor’s degree or higher 0.240𝑐 0.265 0.378𝑎 362
Share with graduate degree 0.096 0.108 0.141 362
Income category (1–6) 2.442 2.618 2.385 362
NYC proximity (1 = closest) 2.269 2.157 2.353 362
Share NJ resident 0.202 0.206 0.231 362
Total quiz errors 0.635 0.696 0.538 362
𝑁 per treatment 104 102 156

Notes: Cell entries are means by treatment. A superscript on a cell indicates that
the cell differs from the corresponding-letter treatment at 𝑝 < 0.05 in a two-sided
𝑡-test (a = Filter, b = Hybrid, c = Chat). Income is coded on a six-point scale from
< $25,000 to > $150,000. NYC proximity is coded on a four-point scale where 1 =
“in New York City” and 4 = “outside the New York metropolitan area.”
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EC.3. Pilot Studies (Detail)
The final design was developed through two pilot studies. Both were run on CloudResearch with NY/NJ residents and

used the same scraped Ticketmaster catalog as the main study.

Pilot 1 (February 27, 2026; 𝑁 = 40, Filter = 21, Chat = 19). The first pilot served three purposes. First, it allowed

us to validate the BDM elicitation scale. The median switching point in the pilot was $25 and fewer than 10% of

participants hit the upper bound, indicating that a $0–$50 range was wide enough to avoid systematic ceiling effects

without producing a long, sparsely populated upper tail. Second, the pilot stress-tested the conversational interface. We

logged every user message and AI response, identified five recurring failure modes, and tightened the RAG service to

address each. The five failure modes were: (i) broad-topic queries (e.g., “indie”) returning padded irrelevant results; (ii)

brittle handling of negation and exclusion (e.g., “not including museums or theater”); (iii) no support for borough-level

constraints; (iv) weak handling of team and venue abbreviations (e.g., “NYK” for the Knicks); and (v) occasional

confident misstatements when the retrieved candidates did not actually match the request (e.g., the model claiming to

have found soccer events when the candidates were basketball games). The post-pilot fixes included a stricter relevance

cutoff in the retrieval step, an explicit team-and-venue alias dictionary, a borough pre-filter, and a strengthened system

prompt instructing the model to acknowledge near-empty result sets rather than mischaracterize them. Third, the pilot

allowed us to assess the structured filter. Participant feedback (e.g., requests for a borough filter and a calendar-style

date selector) led us to expand the filter panel for the main study.

Pilot 2 (March 19, 2026; 𝑁 = 32 completers, Filter = 8, Chat = 11, Hybrid = 13). The second pilot was the first

to include the new Hybrid interface. Sample sizes were intentionally small, since this pilot was designed to validate

the post-pilot-1 fixes, confirm that the combined interface was usable, and provide a final read on session timing,

comprehension-quiz difficulty, and exclusion-rule calibration. Pilot 2 confirmed that the AI fixes deployed after Pilot 1

had eliminated the most salient failure modes, and that participants in Hybrid were able to use both modalities without

confusion.
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EC.4. Experimental Interface and Instructions
This section reproduces the participant-facing text and the interface used in the Chat treatment. The text used in the

Filter and Hybrid treatments is identical in the welcome and consent pages and differs only in the treatment-specific

instructions and comprehension quiz, which are adapted to describe the relevant interface.

Welcome and Consent
After clearing a brief bot-detection screen and a New York / New Jersey residency screen, participants are shown the

following welcome and consent page (instructions 0):

Welcome to this decision-making study. The study takes around 15–20 minutes to complete. Please note that this

study cannot be completed on the Safari browser.

Please pay close attention to the instructions. To ensure that you understand the instructions we will ask you

several questions as we go along. You will only be allowed to proceed to the task if you can answer those questions.

If you complete this study you will receive a payment of $4. In addition, one of the study participants will

be selected using a random draw at the end of this session (which consists of 20 participants). That person will

receive an additional bonus, which will be explained later.

To continue please review the consent form below.

Informed Consent Information. Title: Decision-Making Study.

You are being invited to participate in a research study examining decision-making in consumer search.

Your participation will involve performing a search task over several experiential products, which will take

approximately 15–20 minutes. Participation is voluntary, your responses will be kept confidential and de-identified,

and you may withdraw at any time without penalty. This study involves minimal risk and has been determined

exempt from ongoing IRB review. You will receive a payment of $4. In addition, one person in this session will

be selected at random and will receive the experience they select, or a monetary amount of up to $50. By clicking

“Next” below, you agree to participate in this study. For questions, contact (author email redacted for review) or

the IRB at (institution redacted for review).

If you are 18 years of age or older, understand the statements above, and freely consent to participate in the

study, click on the “I Agree” button to begin the experiment.

Task Instructions (Chat)
After consent, participants in the Chat treatment see the following task instructions (A01 Instructions):

Overview. In this study, you will search through a collection of events taking place in New York City in May

and June 2026. These events include concerts, theater, sports, and more.

Your Task. The number of events is very large and you will not be able to explore all of them. Your goal is

to find and select your favorite event from this collection. You can search as many times as you want. Once you

find an event you like, select it and proceed.

What Happens After You Select an Event? After completing the study, you will receive:

• A guaranteed payment of $4.00.
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• Entry into a lottery where you have a chance to win either a ticket to the event you selected, or some amount

of money (up to $50).

Each session consists of 20 participants. One winner will be drawn at the end of the session. If you win the

event option, we will provide the cheapest available ticket for your selected event.

This is real! The lottery winner will actually receive either the event ticket or money. This is not hypothetical.

Important Notes.

• Think carefully about which event you would most want to attend—you might actually win a ticket to that

event.

• Take your time exploring the options before making your final selection.

Comprehension Quiz

Participants then complete a three-question comprehension quiz (P01 Instructions). Participants who answer four or

more questions incorrectly across all three items are excluded from analysis (§3.1). Correct answers are marked in

bold.

Q1: I will be able to explore all of the available events. True or False?

a) True.

b) False, I will only get three events to choose from.

c) False, the number of available events is very large and I will only see a subset of them.

d) False, I will only get ten events to choose from.

Q2: The task is entirely hypothetical and I will only receive a fixed payment at the end of the experiment.

True or False?

a) True.

b) False, I will also receive the event I selected.

c) False, I will also be entered into a drawing to receive some amount of money (up to $50).

d) False, I will also be entered into a drawing to receive either the event I selected or some amount of

money (up to $50).

Q3: I can only perform the search once. True or False?

a) True.

b) False, I will be allowed to perform the search twice.

c) False, I will be allowed to go back to the initial search as much as I want.

Subsequent Pages

After the quiz, participants proceed to the search task itself (Figure 2b), then to a confirmation page where they

review the selected event, and then to the BDM valuation elicitation. The valuation screen is shown in Figure EC.4.1:

each participant sees the event they just selected at the top, followed by an 11-row multiple price list comparing that

event against cash amounts ranging from $0 to $50 in $5 increments. After the elicitation, participants are shown a
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lottery-outcome page, a post-task survey collecting demographics and self-reported satisfaction, and a completion page

that returns the CloudResearch validation code.

Figure EC.4.1 Valuation elicitation screen (multiple-price-list implementation of BDM).
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EC.5. AI Model Performance and Search Intent (Detail)
This section supplements §4.3: §EC.5.1 examines robustness to the AI model, and §EC.5.2 reports the treat-

ment× search-intent interaction models.

EC.5.1. Robustness to the AI Model
The bar charts in Figure 7 compared the three AI models within the Chat arm using means and rank tests. Table EC.5.1

reports the regression analogue: each outcome is regressed on indicators for the two frontier models (relative to the

legacy gpt-4.1-mini) and the same controls as the main specification, estimated on the Chat subsample (𝑁 = 156);

Figure 7 in the main text plots the three pairwise model contrasts for each outcome. No model coefficient is significant,

the model indicators are jointly insignificant for every outcome, and all pairwise contrasts include zero.

Table EC.5.1 Outcomes by AI model (within the Chat arm)

Dep. var.: Valuation Outcome
Satisfaction Search Time Process

Satisfaction

Estimator: Interval OLS OLS OLS
(1) (2) (3) (4)

gpt-4.1-mini Omitted Omitted Omitted Omitted

gpt-5.2 −4.896 −0.104 −28.898 0.020
(5.395) (0.363) (36.951) (0.399)

gpt-5.4 −5.135 −0.104 −40.939 0.307
(5.414) (0.364) (32.209) (0.358)

Controls Yes Yes Yes Yes
Observations 156 156 156 156
𝑅2 (adj.; †pseudo) 0.026† -0.022 0.089 -0.011
Joint 𝑝 (model = 0) 0.56 0.95 0.44 0.59

gpt-5.4 − gpt-5.2 −0.238 0.001 −12.041 0.287
(5.419) (0.349) (32.459) (0.340)

Notes: Estimated within the Chat arm (𝑁 = 156), with the AI model randomized across participants. Omitted model
is gpt-4.1-mini. Standard errors in parentheses (HC3 robust for OLS; model-based for the interval regression).
Column 1 is an interval regression (each price-list response enters as the interval it revealed; the top category is
censored above $50); columns 2–4 are OLS. Controls match Table 2. ∗∗∗𝑝 < 0.01, ∗∗𝑝 < 0.05, ∗𝑝 < 0.1.
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EC.5.2. Treatment Effects by Search Intent

Table EC.5.2 reports the treatment× search-intent interaction models for valuation and the two satisfaction measures

(§4.3.2). Column 1 uses the same interval-regression specification as the valuation column of Table 2; columns 2–3 are

OLS. The upper block gives the main effects and the interaction coefficients; the lower block gives the three pairwise

treatment contrasts at each of the three intent levels.

Table EC.5.2 Treatment × search-intent interaction: valuation and satisfaction

Dep. var.: Valuation Outcome
Satisfaction Process Satisfaction

Estimator: Interval OLS OLS
(1) (2) (3)

Chat −15.894∗∗∗ −0.685∗∗ −0.487
(5.776) (0.308) (0.325)

Hybrid 5.248 0.313 −0.121
(6.593) (0.274) (0.343)

Specific −3.992 0.935∗∗∗ 1.059∗∗∗
(7.624) (0.271) (0.349)

In-between −0.290 −0.026 0.214
(5.980) (0.275) (0.305)

Chat × Specific 24.243∗∗ −0.326 −0.604
(10.087) (0.506) (0.565)

Chat × In-between 17.225∗∗ 0.297 −0.164
(7.617) (0.400) (0.424)

Hybrid × Specific −2.336 −0.612 −0.251
(10.690) (0.456) (0.544)

Hybrid × In-between −2.221 −0.049 −0.180
(8.594) (0.381) (0.454)

Demographic Controls Yes Yes Yes
Observations 362 362 362
𝑅2 (adj.; †pseudo) 0.037† 0.086 0.071

Pairwise treatment contrasts:
Open-ended intent: Chat − Filter −15.89∗∗∗ −0.68∗∗ −0.49

(5.78) (0.31) (0.33)
Open-ended intent: Hybrid − Filter 5.25 0.31 −0.12

(6.59) (0.27) (0.34)
Open-ended intent: Hybrid − Chat 21.14∗∗∗ 1.00∗∗∗ 0.37

(5.94) (0.30) (0.35)
In-between intent: Chat − Filter 1.33 −0.39 −0.65∗∗

(5.03) (0.27) (0.28)
In-between intent: Hybrid − Filter 3.03 0.26 −0.30

(5.51) (0.26) (0.30)
In-between intent: Hybrid − Chat 1.70 0.65∗∗ 0.35

(5.04) (0.26) (0.30)
Specific intent: Chat − Filter 8.35 −1.01∗∗ −1.09∗∗

(8.36) (0.41) (0.47)
Specific intent: Hybrid − Filter 2.91 −0.30 −0.37

(8.42) (0.37) (0.41)
Specific intent: Hybrid − Chat −5.44 0.71 0.72

(8.01) (0.48) (0.49)

Notes: Column 1 is an interval regression (each price-list response enters as the interval it revealed; the top
category is censored above $50) with model-based standard errors; columns 2–3 are OLS with HC3 robust
standard errors. Standard errors in parentheses. Controls match Table 2. The lower block reports the three
pairwise treatment contrasts at each search-intent level. ∗∗∗𝑝 < 0.01, ∗∗𝑝 < 0.05, ∗𝑝 < 0.1.
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EC.6. Mechanisms
EC.6.1. Variable Definitions

Interaction logs Each participant’s session is captured as a chronological log of every action taken inside the

search interface. We use three running examples throughout this section to illustrate the variables we construct from

these logs. Figure EC.6.1 shows a Filter session, where 𝑡 is the time in seconds from the start of the session. The

participant first narrows the catalog to Music events using the genre drop-down, refines by typing radio city

(potentially looking for events at Radio City Music Hall), adds a date constraint of 2026-05-07, then types mitski to

look up a specific performer, before pivoting to Arts & Theater and searching for hamilton, the Broadway show.

Figure EC.6.1 Example of a Filter session

t=0 update_filters genre="Music"
t=21 text_search genre="Music" text="radio city"
t=31 update_filters genre="Music" date="2026-05-07"
t=36 text_search genre="Music" text="mitski" date="2026-05-07"
t=53 update_filters genre="Arts & Theater" date="2026-05-07"
t=72 text_search genre="Arts & Theater" text="hamilton" date="2026-05-07"

Figure EC.6.2 shows a Chat session. The participant first asks for Concert, then narrows by genre and date with

the request Rock or alternative concerts in April or May 2026, then sends a near-duplicate refinement restricted to May.

Figure EC.6.2 Example of a Chat session
t=0 chat_message role="user" text="Concert"
t=1 chat_response ...
t=34 chat_message role="user" text="Rock or alternative concerts in April or May 2026"
t=39 chat_response ...
t=113 chat_message role="user" text="Rock or alternative concerts in May 2026"

Figure EC.6.3 shows a Hybrid session, which combines the filter and chat interfaces. The participant first narrows to

Arts & Theater via the drop-down, uses the chat to ask about painting and drawing (neither of which corresponds

to any catalog event), then returns to the drop-down to pivot to Music and back to Arts & Theater.

Figure EC.6.3 Example of a Hybrid session

t=0 filter_change genre="Arts & Theater"
t=59 chat_message role="user" text="painting"
t=101 chat_message role="user" text="drawing"
t=138 filter_change genre="Music"
t=237 filter_change genre="Arts & Theater"

Constructing the variables We construct three counts: search breadth, the number of distinct seg-

ments searched (Music, Sports, or Arts & Theater); granularity, the number of distinct subgenres searched; and

out-of-catalog, the number of distinct out-of-catalog searches. We label each search action along three dimen-

sions: T if it initiates a search in a new segment; S if it initiates a search in a new subgenre (e.g. Rock or MLB); and

O if it refers to an event, venue, or a concept that matches no catalog entry. We read segment labels directly from the

drop-down in Filter and Hybrid, but infer them from free text in Chat; we infer subgenre and out-of-catalog labels from

free text in all three arms.

The distinction between a subgenre concept (S) and an out-of-catalog concept (O) is determined by looking the

input up against the event catalog. We check each typed Filter query or chat-message phrase against four fields:

(i) the 725 distinct event names (e.g. Hamilton, Mitski, The Lion King); a match resolves directly to the event’s

(segment, subgenre) pair;
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(ii) the 136 distinct venue names (e.g. Radio City Music Hall, Citi Field); for venues hosting events across multiple

subgenres, the lookup returns the modal subgenre, with an alphabetical tie-break;

(iii) the 107 subgenres (e.g. Musical, Rock, Jazz); and

(iv) the three top-level segments (Arts & Theater, Music, Sports).

A fuzzy match at any of (i)–(iii) resolves the input to a subgenre and yields an S label; an input that fails all four

lookups yields an O label and is recorded as out-of-catalog.

Applying these rules to the running examples clarifies the construction. In the Filter session, radio citymatches

no event name, does not resolve through the venue lookup as a standalone string, and matches no subgenre or segment,

so it is out-of-catalog; mitskimatches the event name Mitski at (i), resolving to (Music, Alternative); and hamilton

matches Hamilton at (i), resolving to (Arts & Theater, Musical). The session therefore yields search breadth = 2

(the drop-down selections Music and Arts & Theater), granularity = 2 (Alternative from mitski and Musical

from hamilton), and out-of-catalog = 1 (radio city). In the Chat session, Concert matches the Music

segment at (iv) and contributes a segment, while Rock and Alternative match at (iii) and contribute subgenres.

In the Hybrid session, the two drop-down selections give search breadth = 2 (Arts & Theater, Music), the

two chat messages give out-of-catalog = 2 (painting, drawing), and no subgenre-level content is added

(granularity = 0).

In summary, each count tallies the distinct concepts a participant expressed along one catalog dimension over the

session: search breadth counts distinct T labels, granularity distinct S labels, and out-of-catalog

distinct O labels. Note, however, that out-of-catalog intent is only partially observed under Filter and Hybrid,

because we observe it only when a participant types a missing item into the search box or chat. A participant looking

for “Taylor Swift” under Filter may scan the Music drop-down, find nothing matching, and settle for an alternative

without ever typing the artist’s name. The Filter and Hybrid counts of out-of-catalog are therefore lower bounds.

EC.6.2. Search-Process Measures: Full Set
Table EC.6.1 reports the full set of search-process measures by interface, together with tests of treatment differences

and each measure’s raw correlation with valuation. Panels A1–A2 show how participants use different features of

each interface, and how the results returned by each interface differ. The differences between the interfaces align with

intuition: in the Chat treatment users make a larger number of queries (since they lack the filter option), but the number

of events, segments and subgenres displayed to them is smaller. However, with the exception of the use of the filter

menu (which is nearly perfectly correlated with treatment assignment), none of these measures is predictive of event

valuation.20

EC.6.3. Search-Process Margins: Full Specification
Table EC.6.2 reports the interval regressions underlying Figure 9. For each process measure we estimate a valuation

interval regression on the measure in its original units, pooled across treatment arms, with the same demographic

controls as the main valuation regressions. The table reports the latent-scale coefficient and the implied average marginal

effect on expected valuation; the latter are the effects annotated in Figure 9.

20 We focus on valuation because it is our only incentivized measure. However, similar results hold if we examine other dependent
variables (our self-reported satisfaction measures).
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Table EC.6.1 Search process measures by interface

Filter Chat Hybrid 𝑝 Corr. with
(𝑁 = 104) (𝑁 = 156) (𝑁 = 102) (across arms) valuation

G
en

er
al

pr
oc

es
s

M
ea

su
re

s

Panel A1: User Behavior
Used filter menu 97% 0% 96% < 0.001 +0.09∗
Number of filter changes 4.61 0.00 3.54 < 0.001 +0.04
Used text/chat queries 55% 100% 49% < 0.001 −0.04
Number of text or chat queries 1.72 3.91 1.20 < 0.001 −0.03
Number of words 1.98 18.15 3.44 < 0.001 −0.09
Reset their search 13% 10% 11% 0.577 +0.03

Panel A2: Results Returned
Events displayed 36.4 25.0 32.2 0.002 +0.04
Distinct segments displayed 2.47 2.10 2.33 < 0.001 +0.02
Distinct subgenres displayed 14.49 7.69 12.95 < 0.001 +0.04

Ec
ho

ch
am

be
r

m
ec

ha
ni

sm

Panel B1: Breadth/Granularity of search
Distinct segments searched 1.87 1.10 1.62 < 0.001 +0.13∗∗
Distinct subgenres searched 0.59 1.02 0.48 < 0.001 +0.06

Panel B2: Out-of-catalog search
Any out-of-catalog query 29% 49% 19% < 0.001 −0.08
Out-of-catalog queries 0.60 1.17 0.36 < 0.001 −0.09∗

Pr
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sm

Panel C1: Time allocation
Session time (Seconds) 165 214 175 < 0.001 −0.04
Composing queries (Seconds) 3.8 33.2 6.1 < 0.001 −0.08
Waiting on AI (Seconds) 0.0 40.0 11.7 < 0.001 −0.09∗
Inspecting results (Seconds) 161 141 157 0.559 −0.01

[Composing queries]/[Session Time] 3% 15% 3% < 0.001 −0.09∗
[Waiting on AI]/[Session Time] 0% 21% 6% < 0.001 −0.07
[Inspecting results]/[Session Time] 97% 63% 91% < 0.001 +0.09∗

Panel C2: Position of the chosen event
Stayed on first 10 results 49% 63% 53% 0.068 −0.14∗∗∗
Stayed on first 3 results 31% 46% 34% 0.036 −0.11∗∗
Stayed on first result 12% 23% 14% 0.030 −0.06

Notes: Cells are treatment arm means. Segments are the three top-level categories (Sports, music, etc.). Subgenres are
finer categories (e.g., Jazz or Blues within Music); 𝑝-values are based on tests of equality across treatment arms (𝜒2 for
shares, Kruskal–Wallis for means); Corr. shows pairwise Pearson correlation coefficients between each process measure and
valuation. In the time-allocation rows (Panel C1), waiting is the measured AI response time, composing is typed characters
divided by a typing rate of 3 characters per second, and inspecting is the remainder of the session. In Panel C2, “stayed on
first 𝑘” means the chosen event was among the first 𝑘 positions of the results list it was chosen from. ∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05,
∗∗∗ 𝑝 < 0.01.

EC.6.4. Prompting Fatigue: Underlying Regressions
Table EC.6.3 reports the regressions displayed in Figure 10: a linear probability model of choosing an event from the

first ten positions of the results list on the CW share of the session (the slope annotated in panel b), and an interval

regression of valuation on an indicator for choosing beyond the first ten positions (the effect annotated in panel c). Both

specifications are pooled across treatment arms and include the demographic controls of Table 2.

EC.6.5. Prompting Fatigue and Query Specificity
This section examines how the consequences of prompting fatigue depend on whether the participant’s queries name a

specific target. To this end, we first manually construct a variable that denotes search specificity. To do this, we examine
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Table EC.6.2 Regressions underlying Figure 9

Dep. var.: Valuation

Process measure: Segments Out-of-catalog

(1) (2)

Process measure (latent) 3.50∗∗ −2.28∗∗
(1.76) (1.04)

AME on 𝐸 [valuation] 2.05∗∗ −1.34∗∗
(1.03) (0.61)

Demographic controls Yes Yes
Observations 362 362

Notes: Interval regressions of valuation (each price-list response enters as the
interval it revealed; the top category is censored above $50) on each process
measure in original units, pooled across treatment arms (no treatment terms).
Standard errors in parentheses (model-based). AME denotes the latent coefficient
scaled by the mean probability of an interior observation; the AMEs are the effects
annotated in Figure 9. ∗∗∗𝑝 < 0.01, ∗∗𝑝 < 0.05, ∗𝑝 < 0.1.

Table EC.6.3 Regressions underlying Figure 10

Dep. var.: Chose from top 10 Valuation

(1) (2)

CW share of session 0.58∗∗∗
(0.11)

Chose beyond top 10 (latent) 7.17∗∗
(2.88)

AME on 𝐸 [valuation] 4.21∗∗
(1.69)

Demographic controls Yes Yes
Observations 362 362

Notes: Pooled specifications without treatment terms. Column (1): linear probability
model of choosing an event from the first ten positions on the CW share of the session
(HC1 standard errors); this slope is annotated in Figure 10(b). Column (2): interval
regression of valuation (each price-list response enters as its revealed interval; the
top category is censored above $50) on an indicator for choosing beyond the first ten
positions (robust standard errors). ∗∗∗𝑝 < 0.01, ∗∗𝑝 < 0.05, ∗𝑝 < 0.1.

each free-text query submitted during the task and code it as specific if it names a concrete entity, that is, an artist,

band, performer, team, or a show, musical, play, or film title, and as broad if it uses only genres, categories, activity

types, moods, or attributes such as date, location, or price; queries naming only a venue are coded broad. For example,

“Hamilton” and “Yankees game” are specific, while “jazz concert” and “something fun this weekend” are broad. All

911 free-text queries in the logs were coded, and every label was manually verified. A participant is labeled specific

if at least one of their queries is specific (36% of the sample) and exploratory otherwise; participants who never enter

free text are labeled exploratory, since filter selections are category-level by construction.

Table EC.6.4 re-estimates the two specifications of Table EC.6.3 with the specificity indicator in place of treatment.

Column (1) shows that the reallocation of choices toward the top of the list is not confined to either group. The

probability of choosing from the top ten rises with the CW share of the session among exploratory participants (0.68
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per unit of CW share, 𝑝 < 0.001) and, marginally, among specific participants (0.29, 𝑝 = 0.094), with the difference

between the two slopes itself only marginally significant (𝑝 = 0.088). Column (2) shows that the valuation consequences

of ending in the top ten differ sharply. Among exploratory participants, events chosen beyond the top ten are valued

$6.7 higher (𝑝 = 0.001); among specific participants the difference is small and insignificant ($2.1, 𝑝 = 0.48), although

the interaction itself is not significant (𝑝 = 0.21). This is consistent with §5.2. A specific query results in the desired

event being located near the top of the results list, so choosing within the first page is harmless. But with a broad query,

position may be uninformative about value, and choosing one of the first results means missing out on potentially better

results further down the list. Thus, prompting fatigue is costly when the search is exploratory.

Table EC.6.4 Prompting Fatigue and Query Specificity

Dep. var.: Chose from top 10 Valuation

(1) (2)

CW share of session 0.68∗∗∗
(0.15)

Chose beyond top 10 11.47∗∗∗
(3.58)

Specific queries 0.23∗∗∗ 12.84∗∗∗
(0.08) (4.10)

CW share × Specific −0.39∗
(0.23)

Beyond top 10 × Specific −7.90
(6.21)

Observations 362 362

Within-group effect (col. 1: probability per unit of CW share; col. 2: $, AME):

Exploratory queries 0.68∗∗∗ 6.69∗∗∗
(0.15) (2.09)

Specific queries 0.29∗ 2.12
(0.18) (2.99)

Pooled 0.58∗∗∗ 4.21∗∗
(0.11) (1.69)

Notes: Both specifications mirror Table EC.6.3, with the specificity indicator in place of
treatment. Column (1): linear probability model of choosing an event from the first ten
positions of the results list on the CW share of the session, interacted with the specific-
queries indicator (HC1 standard errors in parentheses). Column (2): interval regression
of valuation (each price-list response enters as its revealed interval; the top category is
censored above $50) on an indicator for choosing beyond the first ten positions, interacted
with the specific-queries indicator (robust standard errors); AME denotes the average
marginal effect on 𝐸 [valuation]. ∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.
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