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Abstract
We investigate between-user drivers of query variability through

a controlled between-subject, full-factorial user study that manip-

ulates age, gender, and language proficiency across six backstory-

driven search tasks. From initial queries, session logs, and post-task

interviews, we quantify how demographic and task factors shape

query-, task-, and session-level behaviors. We further derive a small

set of interpretable latent search dimensions from user evidence to

analyze and simulate heterogeneous query behavior. Our results

show that age is the most consistent predictor of query formula-

tion and search interaction patterns. Gender and language differ-

ences are more selective, and task context is further associated with

these patterns. The latent dimensions help explain the differences

as variation in search strategy rather than uniform differences in

engagement or ability. The paper provides a trait-informed view

of heterogeneous search behavior that supports more user-aware

analysis and robustness-oriented evaluation in IR.
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1 Introduction
People exhibit substantial diversity in how they formulate search

queries, when seeking the same information need [4]. Such vari-

ability reflects differences in underlying search strategies [2] and

can influence how retrieval systems interpret intent [4, 13, 24],
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what is retrieved [5, 9, 13], and how robust effectiveness is under

heterogeneous query strategies [58]. Understanding the origins

of diversity, and how it relates to user characteristics, remains a

central challenge for user-aware and fair Information Retrieval (IR).

Past Query Variant (QV) studies [8, 51] highlighted the diversity.

However, the method of collection (crowd workers) abstracted the

exploratory nature of real–world search and lacked demographic or

user–level interaction data. Digital library logs record interaction

patterns [36] rather than the linguistic [1] or behavioral diversity

of queries [2, 8, 51]. Recently, Large Language Models (LLMs) have

been used to generate diverse queries or simulate users, but many

approaches rely on manually specified [83] or demographically

sketched personas [3]. Neither derive user characteristics from

empirical evidence, limiting interpretability and validity.

Such gaps motivate the question: how do observable user charac-
teristics and latent search mechanisms shape initial query formulation
and early search behavior?

We address the question through a controlled user study with an

evidence-based simulation framework. A 2 × 2 × 2 factorial study

with 64 participants manipulates age, gender, and language profi-

ciency across six search tasks spanning three levels of cognitive

complexity [2, 80]. We collect interaction logs and post-task in-

terviews, focusing on between-subject variability of queries. We

introduce an LLM-based profile–simulation pipeline that infers la-

tent search traits from user evidence and generates task-specific

queries under profile constraints. We further define a set of IR-

specific latent mechanisms that are (i) separable, (ii) inferable from

logs and interviews, and (iii) can be employed in simulation.

Our design enables two analysis levels: observable, quantifying
how demographics and task characteristics shape linguistic prop-

erties of initial queries and early interaction patterns; and latent,
testing whether evidence-grounded trait profiles provide an expla-

nation for stable between-user differences, and whether persona

conditioning improves simulation fidelity beyond simple baselines.

Together, these analyses form a structured research pipeline that

progresses from empirical characterization to latent inference and

finally to explanatory validation.

Our study is guided by the following research questions:

RQ1. How do demographic characteristics influence query formu-

lation and search behavior?

H1 Age: Older users use more newly added keywords, gener-

ate greater query variety, formulate longer, more complex

queries, expect more queries and documents, access more

documents, and spend longer completing tasks.
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H2 Gender: Females show selective differences in interaction

preferences (e.g., Search Engine Result Page (SERP) click

behavior) on the same dependent measures.

H3 Language Proficiency: Multilingual users show differ-

ences in semantic alignment and exploration behavior on

the same dependent measures.

This RQ captures observable, demographic-level variation in
initial query formulation and early interaction behavior.

RQ2. How to infer stable, interpretable, mechanism-oriented latent

search traits from empirical evidence?

This RQ focuses on methodological modeling, where observed
queries, interaction logs, and post-task rationales are used to
infer latent search mechanisms and user profiles.

RQ3. What mechanism-oriented latent search dimensions emerge,

and how do they influence user observable search behavior?

This RQ evaluates the explanatory and predictive validity of
the inferred traits, including whether they account for stable
between-user differences and improve behavior modeling com-
pared to non-personalized baselines.

This paper contributes: 1) A hybrid, evidence-gated pipeline for

categorizing novel terms in QVs into a taxonomy, supporting strate-

gic analysis at scale. 2) A profile-and-simulation framework that

infers latent search traits with traceable evidence, and uses them for

controlled LLM-based query generation. 3) An integrated analysis

linking observable demographics, task effects, and inferred latent

mechanisms to explain heterogeneous query formulation, with

implications for user-aware and robustness-oriented IR evaluation.

2 Related Work
This section reviews prior work on factors influencing query formu-

lation, user-aware query variants, and LLM-based user simulation.

2.1 Factors Influencing Query Formulation
Demographic characteristics (e.g., age, gender, language proficiency)

shape query formulation, motivating research on demographic sig-

nals in queries and their implications for user-aware or fairness-

aware IR [79, 81]. Age: older users tend to employ less flexible

strategies and emphasize result evaluation over iterative query

refinement [14, 19, 26, 27, 69], younger users adopt more diverse

strategies for certain needs [77]. Gender appears to effect query

frequency/length and engagement patterns [38, 41, 45, 47, 52, 56,

62, 69, 86], though age can be a stronger driver than gender alone

[69]. Language proficiency affects effort allocation and reformu-

lation: non-native speakers often spend more time and reformulate

more, and multilingual users may switch languages depending on

proficiency and task context [16, 21, 22, 44, 48, 71, 72, 85]. Much of

the literature examines factors in isolation or outside controlled

shared information needs, leaving between-user variability in initial

formulations comparatively under-characterized.

2.2 User-aware QVs
QVs are widely used to probe system robustness under heteroge-

neous expressions of the same underlying need, often via collections

of crowd-sourced QVs [4, 8, 9, 13, 24, 51, 58]. Beyond crowd collec-

tion, variants can be generated automatically through behavioral

signals such as click graphs [46] or via neural/LLM-based genera-

tion [5, 17]. Recent work further explores user-aware conditioning:
demographically inspired prompts can substantially shift rankings

and apparent robustness [3], while comparisons between LLM-

generated and human (or crowd-worker) QVs reveal persistent

gaps in how well current LLMs capture human query expression

patterns [6, 83]. However, QVs are often treated primarily as evalu-

ation artifacts or synthetic inputs rather than as manifestations of

real users’ strategies under controlled needs, and the demographic

determinants of initial QV diversity remain underexplored.

2.3 User Simulation with LLMs
User modeling and simulation have long supported evaluation with-

out explicit relevance judgments, from click-based preference infer-

ence [37] to rule-based session simulators that model interaction

loops and their impact on evaluation [11]; a survey summarizes this

landscape and its role in evaluation [10]. LLMs have been adopted

to simulate session-level behaviors. USimAgent [84] uses an LLM to

jointly simulate querying, clicking, and stopping. Work in conver-

sational search introduces parameterized simulators and multi-trait

decoding schemes [67]. A limitation is that the traits are typically

manually specified, and the link between simulated behavior and

real user characteristics is indirect. This motivates simulation frame-

works that ground trait construction and conditioning in empirical

evidence, enabling more interpretable and testable connections

between user differences and generated query behavior.

3 Methodology
This section describes the user study design, data collection, and

modeling framework for simulating query formulation behavior.

3.1 User Study
We used a 2 × 2 × 2 between-subject full-factorial study to examine

how demographic characteristics influence search behavior.
2
The

manipulated variables were:

• Age: Young (18–42) vs. Old (50+)

• Gender: Male vs. Female

• Language proficiency: Monolingual (native English) vs.

Multilingual (non-native)

The design produced eight unique demographic groups (Old—

Male—Monolingual, Young—Female–Multilingual, etc.), with eight

participants per group. The design ensured balanced representation

across all factor levels (32 participants per level for each variable)

and enabled reliable estimation of main and interaction effects.

3.1.1 Setting. All study sessions were conducted in a controlled

laboratory environment to minimize external variation. Sessions

took place in the same room with consistent lighting, noise lev-

els, temperature, and absence of visual distractions. Participants

used identical workstations, signed-out browser configurations,

and network connections, and received standardized task instruc-

tions. No adaptive system features were introduced. Each session

lasted approximately 45–60 minutes, and participants received a

$65 (AUD) incentive for their participation. Participants were re-

cruited through multiple channels, including flyer distribution, a

2
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recruitment organization, and researchers’ personal and profes-

sional networks. The approaches enabled outreach across a broad

population, covering different occupations and age groups. The

company supported the recruitment of older participants, who are

typically underrepresented in such studies.

3.1.2 Participants. A total of 64 participants completed the study.

Eligibility was determined using a screener questionnaire, which

also assigned participants to one of the eight demographic groups.

Each group included eight participants, ensuring balanced coverage

across age, gender, and language proficiency.

We focus on widely studied demographic variables for which

reliable operationalizations exist in controlled experimental set-

tings. Given the full-factorial design and associated recruitment

challenges, restricting participants to the two most represented

groups enabled adequate sample sizes per condition while main-

taining comparability with past work. Age groups were defined

based on ranges reported in prior studies on age-related differences

in search behavior [15, 20, 65, 66, 68, 73], using their lower and

upper bounds to define younger (18–42) and older (50+) cohorts.
Our sample size enabled the use of broader, literature-informed

groupings while maintaining sufficient statistical power. Gender
was operationalized as a binary factor, which has been adopted

in the past [31, 76, 81]. For Language Proficiency, monolingual
participants were defined as those speaking English as their only

language, while multilingual participants reported speaking more

than one language and being proficient in English. Those not profi-

cient in English were excluded from the study, as the experimental

tasks and materials were conducted entirely in English.

3.1.3 Procedures. The following fixed sequence of questionnaires
were administered using Qualtrics.

(1) Screener: Used in recruitment, eligibility verification, and

quota management of demographic groups.

(2) Demographics: At the beginning of the session we collect

participant demographics and search experience.

(3) Pre-task: Participants viewed a task backstory (as an image

to prevent copying) and reported expected number of queries

and documents, interest, and familiarity. Then, they formu-

lated their initial search query directly in Qualtrics, avoiding

exposure to search engine autocomplete suggestions.

Participants completed the same six information-seeking

tasks selected from the UQV100 [8]. The tasks order was

randomized to mitigate learning and order effects. The tasks

covered varying cognitive complexity, including two Remem-
ber (easy), two Understand (moderate), and twoAnalyze (com-

plex) tasks, following established cognitive complexity clas-

sifications [2] (task IDs: 203, 206, 224, 225, 293, 296).

(4) Search Session: Using a clean browser state, participants

submitted their initial query via a provided Google search

link and interacted with the SERP, including clicking results,

navigating to result pages, reformulating queries if needed,

and examining documents until satisfied.

(5) Post-task: Participants reported post-task satisfaction, per-

ceived difficulty, and familiarity with the retrieved informa-

tion.

(6) Exit: Upon completing all tasks, participants reflected on

overall task complexity and search experience.

Post-task Interview.A semi-structured interview elicited deeper

insights into participants’ search strategies, decision-making pro-

cesses, and query formulation behavior. Recorded using Microsoft

Teams, the interview addressed the following aspects:

• Rationale for novel terms. Participants were asked to ex-

plain the inclusion of specific terms in their queries, distin-

guishing between terms that replaced existing words and

those that were newly introduced.

• Query length considerations. They were asked to discuss

the factors influencing their query length.

• Query formulation strategy. They were asked to describe

their decision to formulate queries as either keyword– or

question–based query, and to reflect on the extent to which

their prior knowledge of the task influenced term selection.

• Comparison of expected and actual search behavior.
They were asked to evaluate whether their initial expectations

regarding the number of queries and documents required

aligned with their actual search experience.

• Complexity assessment rationale. They were asked to pro-
vide reasoning behind the complexity ratings they assigned

to the search tasks.

3.1.4 Data Collection and Analysis. Collected data included

questionnaire responses, interview transcripts, observational notes,

and logged search interactions (e.g., queries, clicks, and naviga-

tion behavior). Across 64 participants, each completing six study

tasks described in the Pre-task questionnaire, we obtained 384 QVs.

Self-reported data from pre- and post-task questionnaires were

collected using Likert scales, numerically encoded for analysis (1–5,

with higher values representing greater familiarity, interest, satis-

faction, or perceived difficulty). Quantitative analyses examined

the main effects of age, gender, and language proficiency using a

full-factorial design. For two-level factors, independent-samples

t-tests were used; task complexity (more than two levels) was an-

alyzed with one-way ANOVA followed by Tukey’s HSD post hoc

tests. Chi-square tests of independence assessed differences across

participant groups in QV counts or categories, query form (ques-

tion vs. topic), sentiment, and part-of-speech (POS) patterns. Qual-

itative analyses of interviews contextualized behavioral patterns

and helped explain demographic differences in task approaches,

complementing quantitative measures. Table 1 summarizes the de-

pendent variables analyzed at the query, session, and task levels.

For linguistic feature extraction, POS tagging was performed using

spaCy’s en_core_web_trf model (v3.8). Sentiment was computed

using the VADER sentiment analyzer. Query type was determined

heuristically: queries were classified as questions if they began with

common interrogative keywords (e.g., what, how, why) or ended
with question marks; all remaining queries were classified as topic.3

3.2 Hybrid Novel Term Categorization
To support strategy-level analysis of QVs, we map each novel term

to a structured taxonomy that distinguishes whether the term mod-

ifies the task description or enriches it with additional constraints.

3
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Table 1: Dependent variables organized at the query, task,
and session levels.

Level Metric Description
Query QVs Total unique queries, average query length.

Novel Terms Number of new terms, associated categories.

Linguistic

Features

Jaccard similarity, Flesch Reading Ease (FRE),

semantic similarity, lexical density, sentiment,

query type, POS patterns.

Session Dwell Time i) SERP dwell time: Time on the initial SERP

evaluating the results before clicking.

ii) Result dwell time: Time spent on a clicked

result page, measured from the moment the user

navigates from the SERP to that page.

Clicks i) SERP: Count of clicks on SERP results.

ii) Follow-up: Clicks after the initial SERP click,

e.g., navigation to additional pages.

iii) Question: Clicks on Google’s “People Also

Ask” questions.

iv) Image: Clicks on image results.

v) Product: Clicks on product/shopping listings.

Tab Naviga-

tion

Number of tab switches (e.g., Forums, Images,

Shopping).

Task Familiarity Prior familiarity with a task.

Interest Participant interest in a task.

Difficulty Self-reported difficulty of a task.

Satisfaction Satisfaction with retrieved information.

This categorization serves two purposes in our study: it enables

large-scale analysis of how users translate shared information needs

into a query, and it provides a category-level representation used

later in simulation evaluation. To operationalize the QV taxonomy

of Abu Onq et al. [2] at scale, we develop a hybrid pipeline that

combines deterministic evidence extraction with constrained LLM

inference. Given a task backstory 𝑥𝑡 , a user query𝑢𝑞 , and a detected

novel term 𝑢𝑡 that appears in 𝑢𝑞 but not in 𝑥𝑡 , the pipeline assigns

a two-level label. At the first level, Modification indicates that 𝑢𝑡
plausibly replaces a specific lexical unit in 𝑥𝑡 while preserving the

underlying information need, whereas Enrichment indicates that 𝑢𝑡
adds an extra constraint or expansion beyond the backstory. At the

second level, we refine each first-level decision into a more specific

subtype. Under Modification, the subtype space includes Opera-
tor (e.g., “+”), Misspelling, Abbreviation, Transformation, Antonym,

and Semantic replacement. Under Enrichment, the subtype space in-
cludes Imperative, Resource, Information-type (e.g., “tutorial”), Entity,
Modifier, and Off-topic.
Evidence Extraction and Gating. Because many novel terms

admit multiple plausible interpretations, we first extract candidate

replacement evidence before invoking the LLM. We construct a

backstory lexicon 𝐵(𝑥𝑡 ) consisting of short content phrases and

words. For each candidate span 𝑏 ∈ 𝐵(𝑥𝑡 ), we compute string-

and semantics-based cues: (i) lemma/stem match, (ii) normalized

edit distance, (iii) character 𝑛-gram overlap, (iv) embedding cosine

similarity, and (v) lexical relations. We organize these cues into

reliability tiers so that high-precision signals can guide the decision

more strongly than heuristic ones. Strong signals are high-precision
indicators (e.g., exact lemma/stem match, edit distance ≤ 1 for

s less than theta

s greater than or equal to theta

Demographics

Raw Data

Transcripts

… 

Gender

Feature Extraction

Age

Query Length

Query 
Complexity

Query Style

… 

Profile Generation

Based on 
<Keys to Focus>, 
select features in 
<Feature Set>,
generate a JSON 
user profile

Tasks

Eval. Prompt

Given <Real 
Query, Gen Query, 
Sim Score>, 
summarize the 
key points that 
the profile overly 
emphasizes or 
neglects 

Real Query

Gen. Query
User Profile

𝑠 < 𝜃

𝑠 ≥ 𝜃Sim. Score

Figure 1: Profile-simulation-evaluation framework overview.

content words, or unambiguous operator patterns); Medium sig-

nals are informative but potentially ambiguous (e.g., approximate

string similarity above a threshold); and Weak signals are heuristic

(e.g., embedding similarity or broad lexical relations), used only as

supporting context.

To reduce noise propagation, we gate the evidence before passing

it to the LLM. Concretely, we retain only candidates that satisfy

fixed thresholds and a score-margin criterion:

𝐶 (𝑢𝑡 ) =
{
𝑏 ∈ 𝐵(𝑥𝑡 )

��� 𝑠str (𝑢𝑡 , 𝑏) ≥ 𝜏str ∧ 𝑠str (𝑢𝑡 , 𝑏) − 𝑠str (𝑢𝑡 , 𝑏 (2) ) ≥ 𝛿} ,
where 𝑠str is a composite string score derived from (i)–(iii), 𝑏 (2)

is the second-best match under 𝑠str, and 𝜏str and 𝛿 are fixed on

a small development subset and then held constant across all ex-

periments. We output at most top-𝑘 candidates (e.g., 𝑘 = 3). If

𝐶 (𝑢𝑡 ) = ∅ and no Strong replacement signal is present, we emit

no_reliable_backstory_match to explicitly indicate insufficient

replacement evidence.

Constrained LLM Decision. The LLM then makes the final tax-

onomy decision using the task backstory, the query, the novel term,

and the gated evidence. The model is given a fixed label space and

a decision constraint: taxonomy definitions from Abu Onq et al.

[2] are treated as authoritative, while evidence cues are treated

as heuristics that may be rejected if inconsistent with context.

This design lets the model use context to resolve ambiguous cases,

while limiting arbitrary label assignments. We implement a re-

placement test at the first level: if any Strong replacement signal

exists, the LLM assigns Modification; otherwise it assigns Enrich-
ment. Conditional on the first-level category, the LLM selects a

second-level subtype using the provided evidence and context, pre-

ferring higher-precision subtypes when applicable. The output is a

structured record with first_level, second_level, confidence,
and used_evidence.

3.3 LLM-based User Search Profile Simulation
Weuse a profile–simulation framework to test whether behaviorally

grounded latent traits help explain and reproduce between-user dif-

ferences in query formulation. The framework takes demographic

attributes, interview transcripts, and interaction logs as evidence,

infers a structured user profile, and then conditions query gener-

ation on that profile. We treat transcript-enhanced profiling as a

high-information analysis setting rather than a required deploy-

ment assumption; accordingly, we also evaluate reduced-evidence

conditions through controlled ablations. Figure 1 summarizes the

full workflow of profile generation and evaluation.
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Inputs and Evidence Representation. For each user 𝑢, we ob-

serve: (i) demographic attributes 𝐷𝑢 (e.g., age group, gender, lan-

guage proficiency), (ii) an interview transcript 𝑇𝑢 collected after

all tasks, and (iii) a task set 𝑋𝑢 = {𝑥𝑡 }6

𝑡=1
together with the corre-

sponding human queries and interaction logs 𝐿𝑢 . These sources

play complementary roles: demographics provide coarse observ-

able group information, transcripts provide post-hoc rationales, and

logs provide observed behavioral evidence. Our profile generator

consumes a configurable evidence pack determined by switches

over sources, 𝐸
(𝑠 )
𝑢 ⊆ {𝐷𝑢 , 𝐿𝑢 ,𝑇𝑢 }, which lets us test how much

each source contributes to profile quality and simulation fidelity.

Because raw transcripts contain procedural content and redun-

dancy, we compress 𝑇𝑢 into trait-aligned evidence snippets before

profile inference. We first chunk 𝑇𝑢 into paragraphs, filter common

non-evidence segments (e.g., operational instructions), and retrieve

top-𝐾 snippets per latent trait using a configurable retriever (BM25

by default; optional embedding retrieval). Each snippet is stored

with provenance (document name and paragraph index), yielding a

transcript evidence pack𝑇 ′
𝑢 = {𝑇𝐾𝑢,𝑡 }6

𝑡=1
. This step reduces omission

errors while preserving traceable evidence for later auditing.

From the interaction logs, we construct two complementary rep-

resentations so that the profile can reflect both within-task behavior

and more stable user tendencies. First, task-level sequences 𝐿
seq

𝑢,𝑡

store the submitted queries for task 𝑡 in timestamp order, together

with behavioral fields such as suggestion/autocomplete use, click

counts, dwell times, and tab/page navigation. Second, user-level

summaries 𝐿sum

𝑢 capture robust aggregates (e.g., median/IQR and

rates) and a small set of derived proxies aligned to the latent traits,

such as suggestion usage rates, dwell-time shares, click-type diver-

sity, and sequence-coherence indicators. The sequential view, i.e.,

𝐿𝑢 = {𝐿seq

𝑢,𝑡 }6

𝑡=1
∪ 𝐿sum

𝑢 , preserves temporal structure, whereas the

summary view exposes cross-task regularities.

Given an evidence condition 𝑐 , we provide the profile generator

with a bounded-length evidence pack

𝐸
(𝑐 )
𝑢 =

(
I[Demo ∈ 𝑐]𝐷𝑢 , I[Logs ∈ 𝑐]𝐿𝑢 , I[Trans ∈ 𝑐]𝑇 ′

𝑢 , 𝑋
train

𝑢

)
,

where 𝑋 train

𝑢 denotes the subset of tasks used for profile inference

under a holdout protocol.

Profile Inference and Trait Construction. We constructed this

trait space as an intermediate behavioral layer between coarse de-

mographic attributes and observable QVs. Prior work has shown

that demographic conditioning alone, or manually specified per-

sonas, provides only an indirect account of user-specific query

variation [3, 83]. We therefore define traits that capture search

mechanisms that can plausibly produce different query formula-

tions under the same information need. Concretely, each user is

associated with a normalized trait intensity score vector

𝑧𝑢 = (𝑧𝑢,1, . . . , 𝑧𝑢,6) ∈ [0, 1]6,

corresponding to Evidence Rigor (ER), Effort Willingness (EW), Ex-

ploratory Curiosity (EC), System Reliance (SR), Strategy Formation

(SF), and Authority Preference (AP). The dimensions reflect recur-

ring distinctions in information seeking and search behavior, includ-

ing effort allocation, exploratory breadth, planning versus reactive

interaction, reliance on system affordances, and credibility-oriented

source evaluation. They are further motivated by the observation

that similar surface behavior may arise from different underlying

drivers [49, 54], and by depth–breadth trade-offs in information

processing [43]. While personality theory provides an interpretive

lens for stable individual differences [50, 63], we use these dimen-

sions as analytic constructs for modeling observed search behavior,

not as psychometric measures of stable personality. We retained

only dimensions that are conceptually motivated, inferable from

logs or post-task rationales, and useful for interpretable grouping

and controlled simulation.

The profile generator consumes 𝐸
(𝑐 )
𝑢 and outputs a structured

profile 𝑃
(𝑐 )
𝑢 containing: (i) user-level trait scores 𝑧𝑢 , (ii) per-trait

confidence scores, and (iii) evidence pointers that reference con-

crete log-derived indicators and transcript snippets. To reduce over-

inference, we impose a minimum evidence requirement per trait:

when transcript evidence is enabled, each trait must be supported

by at least one log-based item and one transcript snippet; otherwise,

multiple log-based items are required. Missing transcript coverage

is treated as reduced confidence rather than contradictory evidence.

We further stabilize the inferred profile through repeated sam-

pling under the same evidence pack. Specifically, we sample 𝑛 inde-

pendent profiles and aggregate them into a consensus profile 𝑃
(𝑐 )
𝑢

by averaging scalar trait values and majority voting categorical

auxiliaries; unstable fields are flagged as low-confidence. We report

95% uncertainty intervals derived from cross-sample variability

rather than relying on intervals produced directly by the LLM. The

six traits are defined as follows:

• Evidence Rigor: Degree to which a user demands and veri-

fies evidence before acceptance.

• Effort Willingness: Investing time/effort to improve out-

come quality (deep reading, query crafting), beyond task

demands.

• Exploratory Curiosity: Preference for broader information

gain, exploring alternatives, perspectives, or related knowl-

edge beyond the minimum answer.

• System Reliance: Delegation of querying and navigation

decisions to system mechanisms (suggestions, autocomplete,

SERP modules), rather than self-directing.

• Strategy Formation: Extent of plan-first behavior, i.e., form-

ing an initial strategy (keywords/sub-questions/path) before

interaction, versus reactive trial-and-error.

• Authority Preference: Default preference to treat institu-

tional/expert sources as credible warrants (authority cues as

a legitimacy prior), distinct from verification rigor.

To reduce systematic misclassification, these traits are inter-

preted with explicit guardrails. For example, high activity alone

is not sufficient evidence of Evidence Rigor ; Authority Preference
must not inflate Evidence Rigor without verification evidence; and

suggestion/autocomplete usage primarily supports System Reliance.
Persona-conditioned Simulation.Given a consensus profile 𝑃 (𝑐 )𝑢

and a task backstory 𝑥𝑡 , the simulator 𝐴sim generates a sequence

of synthetic queries

𝑄̂𝑢,𝑡 = {𝑄̂ (1)
𝑢,𝑡 , . . . , 𝑄̂

(𝑛𝑢,𝑡 )
𝑢,𝑡 },

where 𝑛𝑢,𝑡 matches the number of submitted human queries ob-

served for user 𝑢 on task 𝑥𝑡 under position-wise alignment. The

simulator is instructed to follow the inferred trait intensities, knowl-

edge bounds, and query style constraints while producing realistic
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web-search queries. We keep generation single-shot and disallow

external retrieval or document access so that any improvement can

be attributed more directly to the inferred profile rather than to

additional information sources.

Evaluation and Refinement. We evaluate the generated queries

against held-out human behavior, using the simulation step as a

controlled test of whether the inferred profile captures behaviorally

meaningful regularities. For each task 𝑥𝑡 , we compute embedding-

based cosine similarity between the human query sequence𝑄𝑢,𝑡 and

the generated sequence 𝑄̂𝑢,𝑡 under position-wise alignment, and re-

port both task-level and user-level aggregates. To reduce overfitting,

profiles are inferred from a subset of tasks 𝑋 train

𝑢 and evaluated on

disjoint holdout tasks 𝑋hold

𝑢 . We also record the lowest-similarity

mismatches per task as diagnostic exemplars for refinement.

The evaluation agent 𝐴
eval

then reads (𝑥𝑡 , 𝑄𝑢,𝑡 , 𝑄̂𝑢,𝑡 , 𝑃 (𝑐 )𝑢 ) to-
gether with the similarity metrics and an audit of the evidence

pack, and produces a structured critique. The critique identifies

(i) which traits appear over- or under-emphasized relative to the

observed behavior, (ii) which evidence may have been missed or

misweighted, and (iii) actionable patches to evidence selection and

prompting. If refinement occurs, the profile generator updates 𝑃
(𝑐 )
𝑢

under two safeguards: (a) consistency filtering, which samples mul-

tiple critiques and applies only stable, metric-supported suggestions,

and (b) anti-leakage constraints that prevent human queries or tran-

script segments from being injected verbatim as “evidence” into

the profile. These safeguards are intended to reduce closed-loop

bias and to keep refinement tied to auditable evidence rather than

unconstrained model self-correction.

Refinement iterates up to a maximum number of rounds and

terminates early if (i) holdout similarity exceeds a predefined thresh-

old 𝜃 , (ii) improvement falls below 𝜖 for consecutive rounds, or (iii)

𝐴
eval

judges the profile self-consistent and sufficiently supported by

evidence. The final output of the framework is the refined consen-

sus profile, which we use for downstream analysis and controlled

query simulation.

4 Results
This section reports observed differences in query formulation and

search behavior across demographic, task, and inferred trait factors.

4.1 User Experiment Analysis
We examined the influence of demographics and task characteristics

on both query formulation and search behaviors (see Table 2).

Effects of Demographics. Demographics influence various as-

pects of queries and search interactions, yet participants from all

groups generated many queries across tasks.

Age influenced multiple aspects of query formulation: older par-

ticipants produced longer queries, both raw and processed, with

more punctuation and novel terms, and expected documents. In

contrast, younger participants’ queries were semantically denser

with higher lexical overlap, suggesting greater alignment in con-

ceptual expression. Age also affected search behavior: older users

spent more time examining SERPs, whereas younger participants

engaged more actively with search results, clicking more frequently

on SERPs, images, and navigating more tabs.

Gender effectsweremore subtle.Males formulated longer queries

with higher punctuation counts and included more novel terms,

but there were no significant differences in semantic similarity or

lexical density. Females, on the other hand, spent more time on

SERPs, clicked more on images and question links, and demon-

strated slightly higher engagement with tab navigation.

Language proficiency was associated with query-level differ-

ences: monolingual participants produced queries with higher se-

mantic similarity and greater use of punctuation and novel terms.

In contrast, multilingual participants tended to issue more expected

queries and documents and engage more with images and tab navi-

gation, suggesting a broader exploration of the search process.

No significant effects of demographic factors were observed for

query readability, and sentiment, result-page dwell time, or product

clicks, indicating that these behaviors were consistent across groups.

This suggests that observed variability may reflect individual-level

differences rather than systematic group-level effects.

Effects of Task Characteristics. Task-level factors had strong

and consistent effects on both query formulation and search inter-

actions. Task complexity influenced query diversity, length, and

the introduction of novel terms: more cognitively demanding tasks

(Analyze > Understand > Remember) led to longer, more complex

queries, whereas simpler tasks “Remember” elicited higher semantic

similarity, indicating greater alignment in how users interpreted

the task. Similarly, task length affected query coherence: queries

for shorter tasks were more semantically and lexically similar, sug-

gesting that concise tasks promote consistent and simple query

formulation, whereas longer tasks elicited greater diversity, length,

and inclusion of novel terms. Session behaviors mirrored these pat-

terns. Complex and long tasks were associated with longer SERP

dwell times, more question clicks, increased SERP interactions, and

extensive follow-up activity, reflecting higher search effort. In con-

trast, shorter and simpler tasks produced more uniform queries and

interactions, with greater alignment in image and product clicks.

Overall, these findings indicate that task and demographic char-

acteristics influence both query formulation and search behavior.

In addition to behavioral measures, we examined subjective task-

level outcomes—familiarity, interest, satisfaction, and perceived

task complexity—across tasks that do not require specialized do-

main knowledge. While Table 3 presents the quantitative patterns,

participants elaborated on these experiences in interviews, offering

insights into their reasoning andmotivations behind their search be-

haviors. Across tasks, age, gender, and language proficiency showed

consistent differences with these subjective measures.

Older participants reported higher familiarity, interest, and sat-

isfaction across several tasks. For example, in 𝑇224 (soup recipe),

prior cooking experience increased their interest and satisfaction,

whereas in 𝑇206 (wind power), broader life experience supported

higher prior familiarity with fact-based complex topics. In con-

trast, younger participants rated 𝑇293 (Facebook evidence) and 𝑇296

(battery recycling) as more complex, noting that 𝑇296 required un-

familiar procedural problem-solving, while 𝑇293 demanded criti-

cal thinking to evaluate social claims and online evidence, which

prompted them to generate more diverse queries than older groups.

These complexity ratings reflect differences in prior knowledge and

real-world experience, highlighting how age shapes the perception

of task difficulty and engagement.
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Table 2: Statistically significant effects of user and task factors on dependent variables across query, task processing, and
session levels (* 𝑝 < 0.05, ** 𝑝 < 0.01, *** 𝑝 < 0.001). Task Complexity denotes complexity level (A = Analyze, U = Understand, R =
Remember). For Query Form, Que./Top. = Question/Topic. For Sentiment, Neu./Pos./Neg. = Neutral/Positive/Negative.

Level Dependent Variable Age Gender Language Task Complexity Task Length

Query QVs (Count) — — — A > U **, A > R ***, U > R *** Long ***

Query Length (Word) Old ** Male ** — A > U ***, A > R *** Long ***

Processed Query Length Old ** Male *** — — Long ***

Punctuation Count Old *** Male ** Monolingual * — —

Novel Terms (Count) Old ** Male ** Monolingual * A > R ***, U > R *** Long ***

Search Strategy (First-level) Young *** Male ** — A > U **, A > R ** Long ***

Search Strategy (Second-level) Young *** Male *** Multilingual *** A > U **, A > R ** Long ***

Jaccard Similarity Young * — — R > A ***, R > U *** Short ***

Semantic Similarity Young ** — Monolingual * R > A ***, R > U *** Short ***

POS Pattern — — — A > U ***, A > R ***, U > R *** Long ***

Expected Queries — — Multilingual * A > U ***, A > R *** Long ***

Expected Documents Old * — Multilingual * A > U ***, A > R *** Long ***

Lexical Density Young *** — — R > A ***, U > A *** Short **

FRE — — — U > A ***, R > A ***, R > U ** Short ***

Query Form — —

Que. Multilingual *

Top. Monolingual *

Que. A > R ***, U > R ***

Top. R > A ***, R > U ***

Que. Long ***

Top. Short ***

Query Sentiment — — —

Neu. U > A ***, R > A ***

Pos. A > U ***, A > R ***

Neg. A > U **, A > R ***, U > R *

Neu. Short ***

Pos. Long ***

Neg. Long **

Task Proc. First Click — — Multilingual ** A > U ***, A > R ***, U > R * Long ***

Last Click — — Multilingual ** A > U ***, A > R *** Long ***

Page Submit — Female * — A > U ***, A > R ***, U > R * Long ***

Click Count — — — A > R ** —

Session SERP Dwell Time Old *** Female *** Multilingual * A > R ***, U > R ** Long **

Result Pages Dwell Time — — — A > R ***, U > R *** Long **

SERP Clicks Young ** — — A > R ***, U > R ** Long **

Follow-up Clicks — — — U > A ***, U > R *** —

Image Clicks Young * Female * Multilingual * R > A ***, R > U *** Short ***

Question Clicks — Female * — A > U **, A > R *** Long ***

Product Clicks — — — R > A **, R > U ** Short **

Tabs Navigated Young *** — Multilingual *** R > A ***, R > U *** Short ***

Females reported greater interest and familiarity with everyday

or experiential tasks, such as 𝑇224 (soup recipe). Although gender

did not significantly affect interest or familiarity for 𝑇225, males

generated more diverse queries, suggesting that query diversity

reflects cognitive effort. Males also showed higher interest and post-

task familiarity for 𝑇206, likely reflecting knowledge or confidence

in fact-based evaluations. Multilingual participants reported higher

familiarity and interest in tasks requiring broader knowledge inte-

gration (e.g., movie reviews, online shopping, and battery recycling),

benefit from their diverse linguistic and cultural experience.

Across all tasks, prior familiarity was positively associated with

satisfaction (Spearman’s 𝜌 = 0.23, 𝑝 < 0.001), indicating that users

with greater domain knowledge report more positive task experi-

ences. Interest showed a similar positive relationship with satis-

faction (𝜌 = 0.20, 𝑝 < 0.001), whereas perceived task complexity

was strongly negatively associated with satisfaction (𝜌 = -0.53,

𝑝 < 0.001), highlighting the joint role of cognitive and affective

factors in shaping perceived task success. Despite these differences

in subjective experience, we observed no significant differences

between familiar and unfamiliar users in query diversity, measured

by the number of original and processed queries. This suggests that

familiarity shapes perceptions but not the diversity of queries.

4.2 User Simulation Validation
We report a lightweight simulation sanity check to ensure that

persona conditioning does not produce degenerate query outputs.

Results focus on the inferred profiles, their stability, and the user

groupings induced by profile features.

Novel Term Categorization Reliability. To validate the cate-
gorization reliability, two trained annotators evaluated agreement

on a held-out validation set of 100 novel-term instances sampled

to reflect the task distribution. Inter-annotation agreement was
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Table 3: Significant differences in task-level subjective ratings
across participant groups and tasks (𝑇𝑖 denotes Task 𝑖).

Task Topic Dependent Variable Dominant Group

#203 Les Misérables Reviews Familiarity(Before) Multilingual
**

Interest Multilingual
**

#206 Wind Power Familiarity(Before) Old
**

Interest Male
*
, Multilingual

*

Familiarity(After) Male
**

#224 Chicken Soup Recipe Familiarity(Before) Female
*

Interest Old
**
, Female

**
, Multilingual

*

Familiarity(After) Female
**

Satisfaction Old
*
, Female

**

#225 Black and Gold Shoes Familiarity(Before) Multilingual
**

Interest Multilingual
***

Task Complexity Old
*

#293 Facebook Evidence Task Complexity Young
*

#296 Car Battery Recycling Familiarity(Before) Old
***
, Multilingual

*

Interest Old
**
, Multilingual

*

Familiarity(After) Old
***

Satisfaction Old
**

Task Complexity Young
**

very high, with Cohen’s 𝜅 = 0.923 (95% bootstrap CI [0.826, 1.000])
and accuracy = 0.939. The disagreement reflected some boundary

cases between Semantic and Transformation, indicating that

the fine-grained taxonomy is applied consistently in practice and

is suitable for category-level alignment evaluation.

Simulation Sanity Check.We assess simulated queries using

semantic similarity to human queries (SemSim; higher is better)

and Jensen–Shannon divergence over taxonomy categories (JSD-

cat; lower is better). Transcript conditioning substantially improves

both metrics (SemSim = 0.63, JSDcat = 0.40), with the strongest

alignment achieved by combining demographic and transcript infor-

mation (SemSim = 0.68, JSDcat = 0.31). Demographic-only performs

less consistently (SemSim = 0.37, JSDcat = 0.76), and simulations

without persona information perform poorly (SemSim = 0.11, JSD-

cat = 0.87). Therefore, persona conditioning improves alignment

with human queries without inducing degenerate outputs.

Profile Stability under Self-consistency. We quantify stability

by sampling 𝐾 profiles per user under the same evidence pack and

measuring (i) within-user dispersion (SD/IQR) and (ii) High/Low as-

signment agreement across samples. Stability varies with inputs: the

combined setting Demo+Trans+Logs is the most self-consistent

(mean High/Low agreement ≈ 0.90, median within-user SD ≈ 0.05,

unstable-trait rate ≈ 8%), whereas Demo-only is the least stable

(agreement ≈ 0.72, median SD ≈ 0.10, unstable-trait rate ≈ 22%).

Within Demo+Trans+Logs, Effort Willingness and Strategy For-
mation exhibit the highest stability (agreement ≈ 0.93 and ≈ 0.92,

respectively; median SD ≈ 0.04 for both), while System Reliance
is slightly lower (agreement ≈ 0.85, median SD ≈ 0.07), consis-

tent with cases where retrospective self-reports conflict with ex-

plicit reliance signals in the interaction logs (e.g., frequent sugges-

tion/autocomplete use despite claimed self-directed querying).

4.3 Inferred Profile Analysis
We cluster users in inferred profiles to identify recurring user types

and compare their query formulation behaviors.

Group Differences in Search Behavior. We examine whether

inferred user clusters exhibit different query formulation and search

behaviors. As shown in Table 4, user groups differ across query-,

task-, and session-level characteristics, indicating distinct behav-

ioral profiles and directly addressing RQ2.
Group Differences in Demographics. Figure 2 shows clear

trait-profile shifts across demographic groupings. Age exhibits the

largest separations: younger users are scored higher on Exploratory
Curiosity, Effort Willingness, and System Reliance, whereas older
users score higher on Strategy Formation and slightly higher on

Authority Preference (with Evidence Rigor differing only modestly).

Gender differences are more localized: male users show higher Au-
thority Preference and Evidence Rigor, while female users are slightly

higher in Effort Willingness; Exploratory Curiosity, System Reliance,
and Strategy Formation are comparatively similar across genders.

Language proficiency displays a distinct pattern: multilingual users

score higher on Exploratory Curiosity and Effort Willingness (and
modestly higher on System Reliance), while monolingual users score

higher on Evidence Rigor ; Authority Preference and Strategy Forma-
tion remain aligned between language groups.

5 Discussion
Our study demonstrates that between-user differences are expressed

in the first query, prior to system feedback. Under common, con-

trolled information needs, we pinpointed where divergence begins

and offer a strategy-level explanation for why downstream effects

can appear selective across interfaces and metrics. This extends

prior work on demographic and task effects (which largely consid-

ered reformulation and session-level measures [39, 61, 64, 75]), as

well as extending past system-oriented QV studies (which treated

initial variants as interchangeable evaluation inputs rather than

strategy-revealing actions [9, 13]). The analysis demonstrates that

initial QVs are meaningful signals with consequences for robust

evaluation and user-aware measurement as, even under shared

information needs, systems may produce heterogeneous outcomes

in the face of QVs.

Observed Factors. We examine demographics, tasks, and sub-

jective factors. Prior work considering these factors emphasized

reformulation and session-level metrics [28, 42, 71, 72], leaving the

initial query underspecified.

Age-related differences were apparent in first-query construc-

tion: older participants often encoded structured constraints and

operator-like structure, reducing reliance on interaction-driven

exploration. Interviews corroborate the pattern: older users de-

scribed planning criteria upfront, whereas younger users more

often delegated intent inference (e.g., “Google usually guesses what

you need”) or simplified queries to broaden exploration (e.g., “sim-

pler queries yield better results”). Prior work documented age-

related differences at later stages of the search session, reporting

variations in flexibility, evaluation emphasis, and interaction pat-

terns [14, 19, 32, 39, 74, 82]. These patterns suggest that some later-

session age-related differences may be established from the first

query. Externalizing constraints in the initial query narrows the



Understanding and Modeling Heterogeneous Search Behavior SIGIR ’26, July 20–24, 2026, Melbourne, VIC, Australia

Table 4: Significant effects of inferred profile features on dependent variables at query, task processing, and session levels.

Level Dependent Variable
Authority
Preference

Exploratory
Curiosity

Effort
Willingness

Evidence
Rigor

Strategy
Formation

System
Reliance

Query QVs (Count) — — High * — Low ** —

Query Length (Word) Low * — High *** High ** High *** —

Processed Query Length Low * — High *** High ** High *** Low *

Punctuation Count — Low *** — — High ** High *

Novel Terms (Count) Low ** — High *** High ** High *** Low **

Search Strategy (First-level) Low *** High ** High *** — — —

Search Strategy (Second-level) Low *** High *** High *** Low *** Low *** High ***

Jaccard Similarity — — Low * — Low ** —

Semantic Similarity Low *** High ** Low *** — Low *** Low ***

POS Pattern — — — — — —

Expected Queries — High ** High *** Low ** Low * High **

Expected Documents High ** — High *** — — High **

Lexical Density — — Low * — Low ** —

FRE — — — — — —

Query Form — —

Que. High *

Top. Low * — — —

Query Sentiment — — — — — —

Task Proc. First Click High ** — High *** — — —

Last Click — High * High *** High *** High * —

Page Submit Low ** High ** High *** High *** High *** High **

Click Count Low ** Low ** — High ** High * High **

Session SERP Dwell Time — Low *** High ** — High *** —

Result Pages Dwell Time High * Low ** High ** High *** High *** —

SERP Clicks — — High * High *** High * —

Follow-up Clicks — — High ** High *** — —

Image Clicks — High ** — — — Low *

Question Clicks — — — Low ** — High **

Product Clicks — — — High * — —

Tabs Navigated — High *** High *** — Low *** High **

AP

ECER

EW

SF SR

0.20.40.60.81.0

Age Group
Old
Young

AP

ECER

EW

SF SR

0.20.40.60.81.0

Gender Group
Female
Male

AP

ECER

EW

SF SR

0.20.40.60.81.0

Language Group
Monolingual
Multilingual

AP: Authority Preference
EC: Exploratory Curiosity
ER: Evidence Rigor
EW: Effort Willingness
SF: Strategy Formation
SR: System Reliance

Figure 2: Radar comparison of mean inferred trait scores by demographic group.

retrieved space, shaping subsequent interaction opportunities and

associating the first-query strategy with the rest of the session.

This motivates us to treat initial query formulation as a first-class

stage in user-aware evaluation. By connecting initial formulation

to later-session outcomes, we extend prior work and underscore

the role of first-query strategies both in interpreting age-related

differences and in designing user-aware evaluation metrics.

Prior work on gender and language effects in search often

produced selective or mixed findings [7, 12, 22, 23, 25, 28, 28–30, 33,

34, 53, 57]. Differences primarily manifest as channel choices, e.g.,
question-style formulations and SERP affordances vs. constraint-

heavy query encoding. Participant interviews indicate strategic

choices rather than differences in retrieval ability. Males described

intentionally front-loading constraints to control retrieval scope

(e.g., “I include all the criteria needed”; “if the task is subjective, the

query will be even longer”), whereas female participants reported

different approaches (e.g., “avoid adding too many words”; “I’m

always looking for images or visuals to evaluate”). Monolingual

participants reported deliberate use of punctuation (e.g., commas,

quote marks, “+”) to structure intent, demonstrating operator-like

strategies rather than artifacts of pre-processing [18, 70].

Task Characteristics. Prior work links task complexity to cog-

nitive effort [9, 35, 40, 59, 78, 80]. Our findings extend this work by

showing that cognitively demanding or longer tasks are associated

with a greater tendency to front-load constraints and introduce

novel terms, whereas simpler or shorter tasks correspond to more
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semantically aligned formulations and relatively higher reliance

on interaction signals. Subjective factors (familiarity, interest, sat-

isfaction, perceived complexity) are further associated with these

choices, indicating that “task difficulty” is not purely objective and

that first-query diversity partially reflects perceived rather than

nominal task demands [55, 60, 66]. These findings suggest that

query structure serves as intentional signals of planning and effort.

Recognizing these mechanisms helps avoid over-interpreting demo-

graphic correlates as fixed deficits, and emphasizes the importance

of modeling early query formulation as a strategy-driven stage in

search behavior.

Simulation and Latent Factors. Demographics alone do not

explain why users with similar observable attributes produce dis-

tinct QVs, and prior user-aware QV generation often relies on

synthetic or manually specified personas [3, 83]. By integrating

simulation-based inference with observable analyses, we interpret

group-level differences as distinct mechanisms inferred from trace-

able evidence, supporting higher-fidelity simulated QVs. Younger

users’ interaction-driven exploration corresponds to higher Ex-
ploratory Curiosity and Effort Willingness, whereas older users’

formulation-focused strategies correspond to higher Strategy For-
mation and Authority Preference. Multilingual users’ reliance on

interaction and visual content similarly reflects elevated exploratory

and effort-related mechanisms. This latent layer complements de-

mographic results by explaining within-group variability and offer-

ing a potential explanation for how users with similar observable

profiles can arrive at different QVs through different strategies.

The same surface behavior can arise from distinct drivers [49,

54], e.g., active interaction motivated by verification-oriented Ev-
idence Rigor versus effort-investment-oriented Effort Willingness.
Depth–breadth considerations further differentiate Effort Willing-

ness (high-effort, narrow scope) from Evidence Rigor (broader

exploration with shallower processing) [43]. Evidence-grounded

persona provides a principled way to test whether hypothesized

mechanisms are sufficient to reproduce strategy-level properties

of human QVs, offering triangulation beyond significance tests on

individual observable metrics. We emphasize that these dimensions

are intended as behavioral mechanisms for IR rather than psycho-

logical ground-truth labels. While personality theory can provide

an interpretive lens [50, 63], our claims rest on traceable evidence,

and should be read as explaining observed search behavior rather

than assigning post-hoc psychometric identities.

Implications and Limitations. Our findings extend prior work
in three ways. First, because differences emerge from the initial

query, robustness-oriented evaluation should treat the distribution
of plausible QVs as a first-class object rather than assuming a single

canonical query [4, 9]. Second, the effort-allocation framing sug-

gests that demographic effects are better interpreted as differences

in where effort is allocated early (query vs interaction), which helps

explain why prior studies report selective or mixed effects across

measures and interfaces. Third, by integrating a controlled user

study with evidence-based simulation, we demonstrate a tractable

path to generating user-aware QVs that are both interpretable and

testable, moving beyond demographically sketched or manually

specified personas toward empirically grounded mechanisms.

Several limitations remain. Trait validity is necessarily indirect,

as we do not establish external psychological ground truth; future

statistical modeling could be strengthened by explicitly testing in-

teraction effects in the factorial design and by using mixed-effects

models to account for repeated measures and multiple compar-

isons. Simulation evaluation should further address potential tran-

script leakage under holdout protocols (e.g., masking task-specific

transcript segments for held-out tasks) and report sensitivity to

evidence-gating thresholds and sampling choices.

6 Conclusion and Future Work
We asked how do observable user characteristics and latent search
mechanisms shape initial query formulation and early search behav-
ior? Findings show that behavioral divergence emerges at the outset

of search, framing the initial query not as a neutral system input

but as an intentional act associated with downstream retrieval and

interaction patterns. The main findings with respect to our research

questions are as follows:

[RQ1] Observable demographics and task factors shaped initial

query formulation and early search interactions. Age showed the

strongest and most consistent differences, while gender and lan-

guage proficiency exhibitedmore selective differences across query-,

task-, and session-level measures; task complexity and length fur-

ther associated with these patterns.

[RQ2] Our evidence-grounded simulation framework inferred sta-

ble, interpretable latent mechanisms from interaction logs and post-

task rationales without assuming ground-truth psychological la-

bels. Persona conditioning improved alignment to human query

sequences over task-only baselines, and transcript-derived evidence

contributed more than demographics alone; the resulting profiles

remain measurable, auditable, and internally consistent.

[RQ3] The inferred six-dimensional trait space complements de-

mographic analyses by enabling compact group-level comparisons

and explaining within-group variability in exploration, effort allo-

cation, and evidence orientation. The findings indicate that both

observable and latent user factors shape search behavior, motivating

user-aware system design and robustness-oriented evaluation that

account for demographics, task context, and inferred mechanisms.

This study used a methodological framework for studies of query

variants, enabling the joint analysis of observable user character-

istics and latent search mechanisms. Key factors associated with

query formulation and early search behavior were identified. Future

work can explore interactions among demographic variables and

individual differences, enabling more fine-grained and potentially

real-time, profile-informed adaptations. Extending to diverse tasks,

larger populations, and more naturalistic search settings, spanning

varied devices and cognitive loads, can further capture behavioral

complexity and support efficient, fair, and adaptive search systems.
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