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Studies of information-seeking behaviour typically rely on task-based experiments or logs from a single platform, both of which limit
ecological validity and generalisability. We present a mobile tool that passively captures organic information-seeking behaviour by
analysing on-screen text collected through the AWARE framework. The tool uses regular expressions and platform-specific heuristics
to identify search queries on Google, Bing, and Yahoo, as well as prompts entered into ChatGPT, Claude, and Gemini. In a controlled
evaluation, the tool correctly identified 93.3% of search queries (42/45) and 82.4% of LLM prompts (14/17). These results show that
on-screen text analysis is a viable method for capturing naturalistic information-seeking, and provide a foundation for future work on
how people divide information-seeking between search engines and conversational AI in everyday mobile contexts.

1 INTRODUCTION

Search engines and Large Language Models (LLMs) now mediate most online information-seeking [6, 8]. Google
processes more than 5 trillion searches per year [8], and ChatGPT alone is estimated to have 700 million weekly
users [5]. Yet research on how people use these tools relies on data sources that are either outdated, restricted,
or unrepresentative. Early search studies analysed logs from Excite and AltaVista [2, 4], platforms that no longer
reflect contemporary use. More recent work either asks participants to perform pre-specified tasks [1, 7], or relies on
conversation datasets contributed by self-selected populations such as IT professionals and LLM enthusiasts [12, 13].
None of these capture organic behaviour from a broad population. As conversational AI systems become integrated into
everyday information-seeking workflows, understanding how people choose between traditional search engines and AI
assistants has become an important challenge for human-AI complementarity. However, existing datasets typically
examine these systems separately, limiting our ability to understand how they coexist in everyday use.

We address this methodological gap by developing and validating a mobile tool that uses the screen-text module of
the AWARE framework [3] to passively capture information-seeking events across search engines and conversational
AI applications. As a proof of concept, we report on the tool’s ability to recover query counts, prompt lengths, and
session-level patterns without interrupting user behaviour. The tool provides a foundation for naturalistic studies of
how people divide information-seeking between traditional search and conversational AI, a foundational question for
human-AI complementarity in everyday mobile contexts.

2 RELATEDWORK

Search query analysis. Search behaviour has been studied extensively through query logs. Broder analysed query intent
using AltaVista logs together with user surveys [2], and Jansen et al. characterised query terms and timing using logs

Authors’ addresses: Andy Luu, Swarthmore College, USA; Vassilis Kostakos, University of Melbourne, Australia.

Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not
made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for components
of this work owned by others than the author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post on
servers or to redistribute to lists, requires prior specific permission and/or a fee. Request permissions from permissions@acm.org.
© 2026 Copyright held by the owner/author(s). Publication rights licensed to ACM.
Manuscript submitted to ACM

Manuscript submitted to ACM 1



2 Andy Luu and Vassilis Kostakos

from the Excite engine [4]. Both platforms are now obsolete, motivating tools that capture queries on contemporary
search engines.

Task-based search. A separate line of work studies search behaviour under controlled tasks. Aliannejadi et al. asked
participants to install a logging app and complete assigned tasks, comparing query length across task types [1]. Such
designs constrain what participants search for, and therefore do not capture how people search in everyday contexts.
Our tool addresses this by passively logging queries without any assigned task.

Mobile sensing. The AWARE framework enables researchers to passively collect contextual data from smartphones
[3]. Its screen-text module captures text rendered on the device [10], which we use as the substrate for extracting
queries and prompts.

LLM conversation datasets. Recent datasets such as WILDCHAT [12] and LMSYS-Chat-1M [13] aggregate millions of
LLM conversations, but draw from self-selected populations of developers and LLM enthusiasts, limiting generalisability
to broader user populations. Our approach instead targets everyday smartphone users in naturalistic settings.

3 METHODOLOGY

We used the screen-text sensor of the AWARE framework to capture all text rendered on the device. To evaluate detection
accuracy under controlled conditions, we performed 45 searches across 13 sessions on Google, Bing, and Yahoo (the
three engines with the largest global market share [9]), and 17 prompts on ChatGPT, Claude, and Gemini [11]. All data
were collected on an Android emulator. The tool identifies which segments of the captured text correspond to queries
and prompts. For search engines, we use page-signature pattern matching together with time-window suppression to
remove consecutive duplicates and short flashback captures caused by rapid UI re-rendering. For LLM prompts, we use
accessibility heuristics specific to each app’s UI structure.

4 RESULTS

The tool correctly identified 42 of 45 search queries (93.3%). Per engine, it correctly identified 24 of 25 queries on Google,
and 9 of 10 on each of Bing and Yahoo. The three missed queries, distributed across all engines, exceeded 500 characters
in length. For LLMs, the tool correctly identified 14 of 17 prompts (82.4%), with errors concentrated in long prompts
(>500 characters) and duplicates.

5 DISCUSSION

The tool performs better on search engines than on LLM apps because search engines expose a consistent page signature
that anchors detection, whereas LLM apps require app-specific heuristics that are more fragile to UI changes. The
results indicate that on-screen text analysis is a viable substrate for studying information-seeking in the wild, reducing
dependence on server-side logs and browser history [1, 4]. Two limitations apply. First, we evaluated the tool on data we
generated ourselves rather than from real participants. Second, we have not tested non-Latin scripts such as Mandarin
or Arabic. Future work will deploy the tool in a participant study, and extend coverage to social media platforms.

6 CONCLUSION

We developed a tool that extracts search queries and LLM prompts from on-screen text captured by the AWARE
framework [3]. The tool reliably detects both, providing a foundation for naturalistic data collection in future studies
of how people divide information-seeking between search engines and conversational AI, a key open question for
human-AI complementarity research.
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