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Abstract

We examined whether additional questionnaire items improve prediction of self-reported 
artificial intelligence (AI)-enabled consumer service use. Models were developed with 
1565 Korean panel respondents who hesitated to shop online because their activity might 
be recorded. They were evaluated on 1520 such respondents one wave later. Item sets were 
selected under limits of 0–30 additional items, with or without prior use. All four original 
models using every candidate item had higher log loss (prediction error; lower is better) 
than their benchmarks: for ridge regression with prior use, 0.69961 versus 0.66062 for a 
benchmark based on prior use alone. Three models remained worse after adjustment for 
multiple comparisons, and no original budget policy established improvement. A single 
expected-benefit item gave favorable estimates, but its added value remained uncertain. 
Collapsing regional categories and retuning made demographic estimates slightly favorable; 
stronger regularization was associated with smaller excess losses, and random forests had 
favorable estimates. The full panel also included respondents outside the hesitation-defined 
group. Gains in that broader panel remained uncertain among people absent from model 
development. These findings concern particular fitted specifications. How information is 
encoded and regularized may matter as much as whether it is collected.

Keywords: electronic commerce; data minimization; questionnaire design; predictive analytics; 
temporal evaluation; privacy-related purchase hesitation; model selection uncertainty

1.  Introduction
Artificial intelligence (AI)-enabled consumer services, including shopping assistance 

and recommendations, create opportunities to tailor support to consumers. They also raise 
a practical question: which customer information is worth requesting for a prediction task? 
Disclosure depends on how information is requested and on its perceived use. Research on 
conversational interfaces and privacy policies illustrates the role of collection practices in the 
service experience [1,2]. We evaluate whether additional survey items improve prediction 
in a defined setting.

This study examines information collection in a panel-survey setting. We predict 
whether respondents subsequently report using a broad category of AI-enabled consumer 
services. We compare portfolios of demographics, expected benefits, privacy-related eval-
uations, consent responses, generative AI experience, and digital competence. The ques-
tionnaire item budget sets the maximum number of additional original items that may be 
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collected for a portfolio. This distinction matters because an index supplied to a model as 
one variable can require eleven answers from a respondent.

Two comparisons organize the analysis. Performance preservation asks whether a 
smaller portfolio has acceptably similar loss to a model using every candidate block. In-
cremental predictive value asks whether the portfolio improves on information already 
available. The second comparison is especially important if the full-information model 
itself predicts poorly. In that setting, preservation describes performance relative to the de-
graded reference, while a predictive rationale for additional collection requires improvement 
over the existing-information benchmark. We therefore report evidence of deterioration, 
uncertainty about improvement, and demonstrable reductions in loss separately.

We use the 2023–2025 Panel Survey of Intelligent Information Society Users provided 
by the Korea Information Society Development Institute (KISDI). The original population 
comprises respondents who report hesitating to purchase online because their activity 
may be recorded. The eligibility item directly connects purchase hesitation to information 
collection, making this a relevant population in which to assess the predictive return from 
additional questions. We compare this restricted cohort with the full linked panel and eval-
uate common trained models across hesitation groups. The outcome records respondents’ 
recalled use during the preceding year.

The study addresses three questions. RQ1: Which information portfolios are selected 
under different item budgets and existing-information assumptions? RQ2: How do selection 
uncertainty, within-period validation, and later-period performance alter the assessment 
of these portfolios? RQ3: Which portfolios improve, preserve, or worsen predictive per-
formance relative to explicit benchmarks, and how do those conclusions depend on the 
population, model, and inference procedure?

Our contribution is an empirical application of established prediction and feature-
acquisition methods to a documented collection decision. The analysis connects original-
item costs, an existing-information benchmark, later-period validation, and uncertainty 
from repeated selection. It also shows how conclusions vary with the target population 
and model specification. These comparisons provide evidence for reviewing questionnaire 
collection choices.

2.  Related Literature and Analytical Perspective
2.1.  Privacy, Consumer Trust, and Predictive Relevance

Privacy calculus examines disclosure decisions in relation to perceived benefits and 
risks, while the antecedents–privacy concerns–outcomes (APCO) framework organizes 
personal and contextual influences on privacy-related responses [3,4]. Awad and Krishnan 
associate a stronger preference for information transparency with lower willingness to accept 
online profiling for personalization [5]. Martin et al. show that transparency and control 
over firms’ data practices can alleviate the adverse effects of data vulnerability on customers 
and firms [6]. These perspectives motivate the study’s benefit, information-management, 
protection-expectation, and consent blocks.

Bleier et al. place data-based marketing within a contextual-integrity perspective: con-
sumer concerns depend on information flows and their use [7]. This perspective motivates 
evaluating collection in a specified service and consumer group alongside the predictive 
gains that additional information provides.

Recent e-commerce research examines privacy concerns and online-shopping self-
efficacy within an extended APCO model [8]. Longitudinal privacy research also dis-
tinguishes associations between people from changes within the same person [9]. This 
distinction matters for our eligibility rule: membership in the privacy-hesitant population 
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can change across waves, altering the distributions and predictive relationships available to 
a model.

Yin et al. examine experiential benefits, perceived privacy infringement, and clicking 
intentions for AI-personalized recommendations [10]. Together with the privacy-calculus 
and APCO perspectives [3,4], this research motivates considering benefit and privacy-
related information when defining candidate blocks. We assess the incremental predictive 
value of these blocks against existing-information benchmarks.

The present study distinguishes privacy-related purchase hesitation, which defines 
cohort eligibility, from annual self-reported AI-enabled consumer service use, which is the 
prediction outcome. This outcome covers a broader service category and recall period than 
a specific clicking or disclosure decision.

Trust research distinguishes cognitive evaluations from emotional responses and shows 
that transparency and experienced reliability operate differently across AI contexts [11]. 
Explainability can influence trust and acceptance [12]. Global predictive attribution instead 
allocates a model’s performance across inputs under a specified value function [13]. We use 
block attribution to describe contributions to held-out prediction loss and keep prediction 
quality and collection volume separate. This complements the substantive perspectives on 
disclosure [3,4], trust [11], and continued use [14].

The distinction between explanation and prediction is established in statistics and 
information-systems research [15,16]. Here, theoretical relevance defines a defensible 
candidate set, while incremental value is assessed against a benchmark that reflects available 
information. An association with service use can add little predictive value when prior use 
already captures the same signal. Conversely, a weak theoretical indicator can still reduce 
predictive error in a particular population.

2.2.  Questionnaire Item Budgets, Acquisition Costs, and Data Minimization
Research on data minimization evaluates how much information can be removed 

while preserving a defined level of utility. Examples include limiting the ratings used 
for personalization [17] and generalizing feature values before collecting data for model 
training and deployment [18]. Scaling-law approaches examine when additional collection 
produces diminishing returns, while cost-restricted feature selection explicitly incorporates 
acquisition costs [19,20]. Marketing research likewise treats privacy and analytical utility 
as distinct quantities to be assessed together [21].

Saar-Tsechansky et al. connect information acquisition to expected improvement in 
a predictive model, treating the choice of which feature values to obtain as an economic 
decision [22]. Our study applies this acquisition perspective to a simpler survey design: 
candidate blocks are evaluated for a defined population, and cost is counted in original 
questionnaire items.

Our acquisition-cost unit is one original questionnaire item. It provides a reproducible 
way to compare a one-item benefit measure with an eleven-item competence index. Research 
shows that collecting less data does not automatically improve privacy or fairness [23,24]. 
Survey research distinguishes objective burden from perceived burden and finds that 
higher perceived burden accompanies poorer response quality [25]. A questionnaire-length 
experiment found a small increase in response rates after shortening the survey, with broadly 
similar sample composition and data quality [26]. These findings motivate distinguishing 
the number of collected items from their burden and consequences.

Existing information changes the relevant acquisition problem. We examine prior use 
history as available information and additionally treat demographics as already available. 
A zero-cost input can still worsen predictions. The selection procedure therefore evaluates 
whether to use each available block, with a separate sensitivity analysis requiring history and 
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demographics to remain in every portfolio. These scenarios make the collection assumptions 
explicit for different organizational information settings.

2.3.  Selection Stability, Temporal Evaluation, and Accountability
Model selection can overfit a validation criterion, motivating nested assessment of 

the complete selection process [27]. Structured data also require validation designs that 
reflect dependence and the intended prediction setting [28]. Feature-selection stability 
describes sensitivity to changes in the training sample and algorithmic randomness [29]. 
We report how often the original portfolio is reselected, assess its later-period performance, 
and repeat selection and fitting at focal budgets to quantify uncertainty. Selection recur-
rence is an uncorrected frequency, distinct from the chance-corrected stability estimator of 
Nogueira et al. [29].

Prediction loss can change when input distributions, predictor–outcome relationships, 
or measurement change. Concept-drift research provides a vocabulary for distributional 
change [30]. The 2025 questionnaire altered the outcome instruction and added explanatory 
material. Our instrument audit, paired responses, and recalibration diagnostics examine 
the resulting changes in reported use and prediction.

Responsible AI auditing emphasizes documentation throughout the system lifecy-
cle [31]. The National Institute of Standards and Technology (NIST) AI Risk Management 
Framework connects governance with identifying, measuring, and managing AI risks [32]. 
For collection review, this record should connect an item’s purpose, representation, and 
cost to its predictive contribution and later performance. Our analysis provides an example 
of this evidence.

3.  Materials and Methods
3.1.  Data, Eligibility, and Temporal Design

We used the numeric microdata, questionnaires, and codebooks for KISDI survey 
waves conducted in 2023, 2024, and 2025 [33–35]. Annual files contained 4581, 4420, and 
4324 respondents, respectively. Identifiers were used only to link observations and define 
participant overlap. The development transition used baseline 2023 predictors and the 
2024 outcome; temporal evaluation used baseline 2024 predictors and the 2025 outcome. 
Baseline purchase-hesitation responses coded “always” or “sometimes” defined the original 
restricted population. The resulting samples contained 1565 and 1520 respondents. The full 
linked-panel sensitivity included respondents across all hesitation categories, with 3895 
and 3741 respondents with the defined outcome. The restriction retained 40.2% and 40.6% 
of the linked samples, respectively, reducing sample size and potentially limiting precision 
for detecting small incremental gains. Figure 1 summarizes the analysis workflow.

There are 641 participants in both restricted samples, representing 42.2% of the 
1520 evaluation respondents. We call the remaining 879 respondents the person-disjoint 
subset, meaning that they were absent from the corresponding development sample. This 
subset includes 728 people observed in 2023 who did not meet the earlier hesitation rule 
and 151 people absent from the 2023 file. In the full linked panel, 3333 of 3741 evaluation 
respondents overlap with its development sample (89.1%), leaving a person-disjoint subset 
of 408. Thus, overlap is defined relative to the development population used to train each 
model. Supplementary Section S1 documents linkage and composition.

This study is a retrospective, exploratory secondary analysis. The later-period outcomes 
were examined in the original analysis. All tuning and portfolio selection used development 
data; additional analyses reused the observed evaluation period. The original comparison 
families remain the primary comparisons, with exploratory and post hoc analyses reported 
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separately (Section 5.1). The estimands concern prediction of self-reported use, not causal 
privacy effects, logged behavior, or the effect of a collection policy on consumer welfare.

Figure 1. Study design and analysis workflow. The original cohorts are reconstructed from the 
2023–2025 KISDI panel. Models are selected using development data and scored in the later period. 
At budgets 1 and 4, bootstrap repetitions resample participants across both periods and repeat model 
development. Additional analyses examine calibration, population differences, wider model searches, 
regional coding, and adjacent-service responses. The later period was examined in the original 
analysis. HGB = histogram-based gradient boosting; P0 = history-based benchmark; NONE = overall-
rate benchmark. CV = cross-validation. Arrows show the wave transitions and the sequence of 
analysis steps. Blue boxes show development and model selection, peach boxes show temporal 
evaluation, and gray boxes show the survey, comparisons, and follow-up checks. H = prior use history. 
D = demographics.
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3.2.  Outcome, Information Blocks, and Measurement Audit
The outcome is reported use during the preceding year of intelligent services in the 

consumption domain, termed AI-enabled consumer services here. Codes 1–4 indicate any 
use; codes 5 and 9 indicate no use. Code 9 means never used and is retained as a valid 
response. Prior use history H is the same binary measure in the baseline year. Self-reported 
digital behavior can differ from recorded behavior [36].

Table 1 defines the eight information blocks. The seven optional blocks require 30 orig-
inal items. Protection expectations P and digital competence K each entered the model as 
one eleven-item mean, calculated when at least eight and nine items, respectively, were valid. 
These content-based indices summarize their constituent responses. All items needed for 
these indices were observed in the annual source data. Expected benefits B and information 
management M treated “do not know” as missing. In the restricted development/evaluation 
samples, B had 53/52 missing values, and M had 0/7. Numeric imputation and scaling, and 
categorical imputation and one-hot encoding, were fitted within each training partition for 
the original models; the CatBoost sensitivity used the categorical handling described in 
Section 3.6. Supplementary Section S2 provides source-variable names, permissible codes, 
item correspondence, and preprocessing.

Table 1. Information blocks and original-item acquisition counts.

Block Information Original Items Model Representation

H Prior self-reported use of consumer 
AI services 1 (0 if available) Binary numeric

D Sex, age group, education, region 4 Four categorical variables

B Expected benefit of consumer 
AI services 1 Single numeric item

M Personal-data management in 
online shopping 1 Single numeric item

P Expected provider safeguards 11 Mean; ≥8 valid answers

C Response to personal-data 
consent requests 1 Categorical

A Generative AI use experience 1 Numeric coded response
K Common digital competence items 11 Mean; ≥9 valid answers

Note: D–K total 30 optional original items. Item cost is determined before one-hot expansion. P and K are 
content-based indices. The incremental budget counts optional-block items added to the common screening and 
outcome questions. Supplementary Table S1 gives source-variable names; Supplementary Table S3 lists K items. 
AI = artificial intelligence. H = prior use history.

For generative-AI experience A, code 1 indicates prior experience, and code 2 indicates 
no experience. We summarized its prevalence and the next-year outcome rate within each 
response category in both restricted samples. Unadjusted odds ratios with pointwise 95% 
log-Wald intervals summarized the association in each period. These descriptive diagnostics 
and the cross-wave item audit appear in Supplementary Section S12.1 and Table S36.

The questionnaires retained the consumption-domain row label, past-year recall pe-
riod, and response-code scheme across waves. The 2025 Q1 instruction added the Korean 
word for “frequently,” and later pages expanded explanations of consumption, leisure, 
and work services. Leisure examples also changed between 2023 and 2024, while work 
examples changed between 2024 and 2025. The neighboring domains served as comparison 
outcomes with documented wording changes. We assessed paired response changes using 
participant resampling and exact McNemar tests [37]. Additional three-wave comparisons 
examined whether consumption changes differed from leisure and work. Logistic response 
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models adjusted for observed neighboring-domain response patterns, using participant-
cluster sandwich covariance corresponding to the generalized estimating equations (GEE) 
approach with an independent working correlation [38] (Supplementary Section S11). 
Logistic-regression differential item functioning (DIF) procedures compare item responses 
across groups conditional on a matching measure of the construct [39]. In this study, the 
models estimated conditional response change using neighboring-domain patterns as ob-
served covariates. The diagnostics therefore assessed differences in reported change under 
the documented instrument conditions. Section 5.4 addresses the measurement evidence 
needed to interpret these patterns.

Table 2 summarizes the reconstructed sample sizes and event counts.

Table 2. Reconstructed analytical samples.

Population and Transition Respondents Outcome Events Event Proportion

Restricted development, 2023 → 2024 1565 880 56.23%
Restricted evaluation, 2024 → 2025 1520 853 56.12%
All linked development, 2023 → 2024 3895 2215 56.87%
All linked evaluation, 2024 → 2025 3741 2125 56.80%

Note: Restricted samples require baseline purchase-hesitation codes 1–2. Their overlap is 641 respondents, leaving 
a person-disjoint subset of 879. The full linked-panel person-disjoint subset has 408 respondents. Event = reported 
any use in the follow-up year. These are linked analytical samples. An arrow links the baseline survey year to the 
year in which the outcome was measured.

3.3.  Item Budgets, Benchmarks, and Model Selection
For portfolio S, collection volume is the sum of original item counts for included 

optional blocks: D = 4, B = 1, M = 1, P = 11, C = 1, A = 1, and K = 11. H was assigned zero 
additional cost when available; the history-unavailable condition used the seven optional 
blocks. The budget b ranged from 0 to 30 and set the maximum number of additional items; 
eligible portfolios could use fewer items. This incremental budget counted optional-block 
items beyond the screening and outcome questions common to all portfolios.

The no-additional-collection benchmark P0 predicts a Laplace-smoothed development 
outcome rate separately for H = 0 and H = 1. NONE predicts the smoothed overall de-
velopment outcome rate. For a group with n observations and y events, the prediction 
is (y + 1)/(n + 2). P0 uses these smoothed rates directly; ridge and gradient-boosting 
models using H alone estimate their predictions through model fitting and tuning. When 
history was available, selection considered all 256 subsets of eight blocks, including subsets 
omitting H, plus P0. When history was unavailable, selection considered the 128 subsets of 
the seven optional blocks; the empty subset was NONE.

The original model families were ridge logistic regression and histogram-based gra-
dient boosting (HGB), implemented in scikit-learn 1.8.0 [40]. Ridge considered inverse 
penalty values 0.001, 0.01, 0.1, 1, and 10. HGB considered three or seven leaves, with 100 it-
erations, learning rate 0.05, minimum leaf size 20, L2 penalty 1, and early stopping disabled. 
Five-fold stratified out-of-fold log loss determined hyperparameters and the lowest-loss 
eligible portfolio at each budget. Ties favored fewer additional items and then lexical port-
folio order. We fitted the chosen configuration on the complete development sample for 
temporal evaluation. The full-information reference included all seven optional blocks, plus 
H when available. Selection at budget 30 followed the development-loss criterion and could 
yield a portfolio with fewer blocks.

The original repeated nested cross-validation used two repetitions of five outer folds, 
with five-fold tuning and portfolio selection inside each outer training set. Its stored results 
provided development diagnostics. The raw-data reconstruction refitted every frozen 
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temporal model, while retaining the complete nested-analysis results. Because the ten outer 
training sets overlap, recurrence across them describes selection within overlapping samples. 
Repeated holdouts and the full-process bootstrap further assessed selection variability.

3.4.  Prediction Loss, Comparison Families, and Precision
Log loss is the mean negative logarithm of the probability assigned to the observed 

binary outcome, a strictly proper scoring rule [41]. Lower values are better. For each obser-
vation, we subtracted the reference loss from the candidate loss and averaged these paired 
differences. Throughout, Δ denotes candidate log loss minus reference log loss: positive 
values indicate deterioration, and negative values indicate improvement. We report absolute 
losses alongside contrasts, the area under the receiver operating characteristic curve (ROC 
AUC) with confidence intervals, Brier scores, average precision, and calibration diagnostics.

For each original algorithm, history condition, and evaluation group, the primary 
simultaneous family included every distinct nonzero contrast of the 31 selected budgets 
against both the full-information model and P0 or NONE. Each distinct contrast appeared 
once. This gave 21, 25, 31, and 28 contrasts for ridge without H, ridge with H, HGB without 
H, and HGB with H, respectively. Including every budget protected inference across 
the displayed frontier but reduced precision for focal low-budget decisions. Section 5.1 
summarizes these primary families and the additional analyses.

We used a single-step joint confidence region based on the maximum centered, un-
studentized paired-bootstrap error over the family [42]. With 5000 evaluation-participant 
resamples, let e be a bootstrap contrast minus its observed contrast. The 95th percentile 
of the maximum negative e gives the upper-bound increment; the 95th percentile of the 
maximum e gives the lower-bound decrement. Two-sided 95% intervals used the 95th 
percentile of the maximum absolute e. Identity contrasts remained zero. These bounds 
are conditional on fitted predictions. The original 2000-repetition upper bounds (seed 
20260909) were independently reproduced. The primary simultaneous comparison families 
used 5000 repetitions and seed 20261020. Other contrast families used analysis-specific 
seeds documented in the Supplementary Materials and the public analysis scripts identi-
fied in Supplementary Table S26. Figure 2 used seed 2026102002 for pointwise percentile 
intervals around absolute log loss.

Improvement requires a one-sided simultaneous upper bound below zero; deteriora-
tion requires a lower bound above zero. Non-inferiority to a specified reference requires 
the upper bound to fall below an allowable increase δ. We used 0.0025, 0.005, and 0.01 as 
numerical sensitivity margins and reported δ = 0 separately as the superiority boundary. 
Non-inferiority at positive δ can coexist with evidence of deterioration, so the two judgments 
are recorded separately. Establishing collection benefit requires a favorable comparison 
with P0 or NONE, alongside any preservation relative to the full model.

We additionally examined benchmark-only families, budgets 0–4, and bounds stan-
dardized by a fixed bootstrap standard error for each contrast. The standard error was held 
constant across resamples, which distinguishes this scaling from a bootstrap-t procedure. 
These exploratory sensitivity analyses supplemented the original comparison family. The 
direct comparison of the four original full models with their respective benchmarks used a 
separate four-contrast family within each evaluation group. Approximate 80% minimum 
detectable effects combined the observed paired-loss standard error with a one-sided critical 
value and the 80th percentile of a standard normal distribution. These quantities summarize 
conditional precision under the stated normal approximation. Supplementary Section S4 
gives formulas and complete family-specific results.
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Figure 2. Development and temporal performance across item budgets. The orange development 
curve averages two retained nested cross-validation repetitions; its orange shaded range spans their 
means and is descriptive. The blue line shows temporal evaluation. Its blue bands are pointwise 
95% participant-bootstrap intervals for absolute log loss, with predictions fixed (5000 draws; seed 
2026102002). This differs from seed 20261020 used for the primary simultaneous comparison families 
in Section 3.4. Lower log loss is better. H denotes prior use history. The dashed line shows the 
temporal benchmark. The four panels share the same axis scales. P0 is the history-based benchmark; 
NONE is the overall-rate benchmark; HGB is histogram-based gradient boosting. Aggregate data for 
all 31 budgets are identified in the Data Availability Statement.

3.5.  Repeating Selection and Diagnosing Temporal Differences
We completed 1000 bootstrap repetitions of model development at budgets 1 and 4. In 

each repetition, we resampled the 2444 distinct participants in the restricted samples. A 
participant present in both periods received the same multiplicity in each, and all copies 
remained together in an inner fold. We repeated preprocessing, five-fold tuning, portfolio 
selection, and final fitting across the 34 eligible original portfolios plus P0. Full-information 
references were retuned and fitted separately. Pointwise percentile intervals summarized 
the complete procedure. Supplementary Section S5 and Table S12 compare percentile and 
basic intervals, bootstrap bias, and convergence [43]. With 1000 repetitions, approximately 
25 draws fall in each 2.5% tail, and the worst-case Monte Carlo standard error of a selection 
frequency is 1.58 percentage points. Supplementary Table S27 details the inferential scope.

We also repeated twenty stratified 70/30 splits of the development sample, using 1095 
training and 470 holdout observations. We repeated inner five-fold selection within training 
and evaluated the same fitted models on both the within-period holdout and the later cohort. 
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This held training size constant when comparing periods. Quantiles over overlapping splits 
provide descriptive summaries of split variability.

For calibration diagnostics, we fitted intercept-only or intercept-and-slope logistic 
recalibration to evaluation predictions. We reported apparent and five-fold cross-fitted 
recalibration separately. Empirical outcome entropy is the loss of a constant predictor equal 
to the evaluation event proportion. Affine resolution equals entropy minus apparent affine-
recalibrated loss; affine miscalibration equals raw loss minus apparent affine-recalibrated 
loss. Hence, raw loss equals entropy minus resolution plus miscalibration. The constant-
prevalence reference differs from intercept-only recalibration of the original score. The 
decomposition applies to affine recalibration. To obtain intervals, we refitted the recalibra-
tor in 500 bootstrap resamples while holding base predictions fixed. These retrospective 
diagnostics used evaluation outcomes.

3.6.  Expanded Models, Population Sensitivity, and Block Attribution
Additional analyses compared development-tuned ridge, HGB, random forests [44], 

and extra trees [45] in both restricted and full linked-panel samples. Ridge used 13 inverse-
penalty values from 10−4  to 102 . HGB used 24 combinations of learning rates 0.03, 0.05, 
and 0.1; 100 or 300 iterations; and 3, 7, 15, or 31 leaves. Each tree-ensemble family used six 
configurations with 200 trees. We evaluated eight fixed information representations in this 
exploratory comparison, fitting 64 models, evaluating 784 configurations, and completing 
3920 inner-fold fits. This comparison assessed robustness across the specified models, 
representations, and search grids.

A further comparison included XGBoost 3.4.1, LightGBM 4.7.0, and CatBoost 
1.2.10 [46–48]. Each used twelve configurations across the same eight representations 
and two populations, giving 48 final models and 2880 development-fold fits. Tuning 
minimized pooled five-fold development loss using the same folds as the expanded 
comparison. XGBoost and LightGBM used imputation, scaling, and one-hot encoding 
fitted within each training fold. CatBoost used imputed categorical strings and ordered 
boosting. These learners were evaluated at the eight specified representations; exhaus-
tive budget selection was performed for the original ridge and HGB models. The added 
full-model comparisons formed a separate six-contrast family within each population 
and evaluation group. Supplementary Section S7 gives the grids and results.

Within each population and evaluation group, 5000 paired bootstrap resamples pro-
vided simultaneous two-sided intervals across eight full-model contrasts: four algorithms 
with and without H. Original-model AUC intervals used 2000 participant-bootstrap resam-
ples; expanded-model AUC intervals used DeLong placement variances [49] and normal 
limits. Both are conditional on fitted models. We evaluated the same models trained on the 
full panel among hesitant respondents and other linked respondents, further separating rare-
or-never hesitation from no relevant experience. These comparisons describe predictive 
differences between observed groups. Supplementary Table S37 reports development-
participant overlap within each group.

A regional-encoding analysis compared the original 17 categories with a capital-region 
indicator: Seoul, Incheon, and Gyeonggi versus all other regions. The mapping was fixed 
geographically, and both encodings underwent the same development-only five-fold tun-
ing for demographic and full-information representations under the original Ridge/HGB 
grids. D retained its four-item cost. Within each evaluation group, separate simultaneous 
families covered eight paired encoding differences and sixteen original/coarsened model-
versus-benchmark contrasts. This retrospective diagnostic evaluated encoding and retuning 
together, retaining all demographic variables in the specified representations.
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The existing-H + D scenario assigned both blocks zero incremental cost, leaving at 
most 26 new items. We compared optional use with required inclusion of H and D, using 
the development-selected zero-cost model, fixed H + D, and P0 as references. Longitudinal-
weight sensitivity compared weighted and unweighted losses on the same 1369 respondents 
with valid weights. This analysis described prediction scores under alternative weighting 
of these respondents.

Exact Shapley allocation averages each optional block’s held-out loss reduction over 
all subsets of the other six blocks [13,50]. For attribution, H was fixed as present or absent; 
when H was available, budget selection considered portfolios with and without it. Positive 
allocation means improved prediction. We reported total allocation and allocation per 
original item. The per-item ratio was calculated after the original Shapley allocation by 
dividing each block’s allocation by its item count. It describes predictive efficiency within 
that game. Simultaneous intervals covered 56 block, algorithm, history, and evaluation-
group combinations with fitted predictions held fixed. Supplementary Materials give the 
sensitivity analyses, alternative outcome codings, and execution records.

3.7.  Reproducibility and AI Assistance
The reanalysis read the original workbooks from 2023 to 2025 and checked them 

against the instruments and codebooks. It reproduced all 512 frozen ridge/HGB temporal 
log-loss values exactly and the original simultaneous upper bounds to a maximum absolute 
difference of 1.1 × 10−15 . Source hashes, seeds, configuration grids, software versions, code, 
and aggregate outputs are identified in the Data Availability Statement and Supplementary 
Section S10. Scikit-learn 1.8.0 was used for model fitting [40]. We regenerated the initial 
200 bootstrap repetitions using the same archived fitting code and documented software ver-
sions as the remaining 800. All replicate-level results and reported summaries were identical 
(Supplementary Section S5). The bootstrap verification used Python 3.12.14, NumPy 2.3.5, 
pandas 2.2.3, SciPy 1.17.0, joblib 1.5.3, and threadpoolctl 3.6.0. The archived requirements 
specify openpyxl 3.1.5 for reading workbooks and Matplotlib 3.10.8 for plotting.

ChatGPT (OpenAI, San Francisco, CA, USA; 5.6 Sol in the initial preparation record) 
and ChatGPT Work Mode supported English translation; manuscript organization and 
language editing; analytical and plotting code; and numerical, citation, and narrative 
consistency checks. OpenAI Codex in ChatGPT Work Mode assisted with formatting, figure 
typography, and document checks in the present revision. The authors checked AI-assisted 
suggestions against the instruments and analytical evidence and retain responsibility for 
verification, scientific interpretation, and the final content. The service websites are https:
//chatgpt.com/ for ChatGPT and https://openai.com/codex/ for Codex (both accessed on 
8 November 2026).

4.  Results
4.1.  Sample Composition and Measurement Checks

The restricted development and evaluation event proportions were similar, at 56.23% 
and 56.12%. Among the 641 shared participants, however, any reported use decreased 
from 66.61% to 59.59%, a change of −7.02 percentage points (paired 95% interval −11.54 to 
−2.65). Monthly use decreased from 57.10% to 41.81%, or −15.29 points (−19.97 to −10.45). 
Both changes remained detectable after adjustment across the three outcome thresholds.

Three-wave adjacent-domain comparisons describe the specificity of these changes 
(Supplementary Tables S33–S35). Among the same 641 participants, the 2024–2025 change 
in consumer-service use was 9.05 percentage points below the leisure change (simultaneous 
95% interval −16.39 to −1.71) and 12.64 points below the work change (−20.42 to −4.85). 
The corresponding changes in these differentials relative to 2023–2024 were −12.32 points 
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(−25.52 to +0.87) and −10.61 points (−24.43 to +3.22). A logistic model adjusting for 
the observed leisure/work response pattern gave a 2025-versus-2024 odds ratio of 0.587 
(pointwise 95% interval 0.465–0.741; Holm-adjusted p = 0.000081 [51]). Results vary across 
thresholds and cohorts; in the full three-wave panel, a consumer–leisure differential was 
already present in 2023–2024.

The shared participants and person-disjoint subset also differed. Baseline use preva-
lence was 66.61% and 67.58%, respectively, whereas follow-up use was 59.59% and 53.58%. 
Table 3 compares demographics. Embedded codebooks define identical sex, age, education, 
and region categories across all three waves. The standalone codebooks omit the seventies 
age category, which is defined in the embedded codebooks but absent from all analytical 
baseline samples. Among the 641 shared participants, 82 moved to the next age group, and 
two changed recorded education categories between the 2023 and 2024 baselines. Recorded 
sex and region remained unchanged. Under ridge with H fixed, the demographic loss-
reduction allocation changes from +0.01761 in development out-of-fold scores to −0.04158 
in temporal evaluation. Both use the same seven-block game and a tuned H-only reference; 
development attribution reuses tuning folds and is descriptive.

Table 3. Baseline demographic distributions and coding audit (%).

Category Development
(n = 1565)

Evaluation
(n = 1520)

Overlap
(n = 641)

Person-Disjoint
(n = 879)

Sex: male 43.4 40.7 41.0 40.4
Sex: female 56.6 59.3 59.0 59.6
Age: 10s 4.5 4.3 2.7 5.6
Age: 20s 19.0 14.7 13.3 15.8
Age: 30s 22.7 23.9 24.6 23.3
Age: 40s 20.4 21.2 24.8 18.7
Age: 50s 20.1 20.7 21.5 20.0
Age: 60s 13.4 15.1 13.1 16.6
Education: middle school or less 1.5 2.0 0.8 3.0
Education: high school 32.6 33.1 30.6 34.9
Education: college < 4 years 19.1 19.3 19.3 19.3
Education: university 
≥ 4 years/graduate 46.8 45.5 49.3 42.8

Region: Seoul 17.0 26.9 19.0 32.7
Region: Incheon 5.9 1.7 2.5 1.1
Region: Gyeonggi 21.5 16.4 14.8 17.5
Region: other 55.6 55.0 63.7 48.7

Note: Embedded workbook codebooks contain identical code/label pairs in 2023–2025: sex 2 categories, age 7, 
education 8, region 17. Age category 7 (seventies) occurs in none of the four linked analytical baseline samples. 
Education and the remaining regions are grouped here for display; primary models retain all original categories. 
Seoul, Incheon and Gyeonggi are shown separately because their composition changes despite a similar combined 
capital-region proportion. Between the 2023 and 2024 baseline records, 82 of the 641 shared respondents (12.79%) 
had an age-category transition to the next group, and 2 (0.31%) had a change in recorded education category; 
recorded sex and region categories remained unchanged. Supplementary Table S2 gives every original category; 
Supplementary Table S32 examines regional coarsening.

The apparently stable capital-region share (44.4% in development and 45.0% in evalua-
tion) masks changes within that region: Seoul rises from 17.0% to 26.9%, Incheon falls from 
5.9% to 1.7%, and Gyeonggi falls from 21.5% to 16.4%. Table 3 displays these components 
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separately. The encoding analysis in Section 4.4 examines whether retaining all 17 regional 
categories contributes to the performance pattern.

4.2.  Original Full Models and Selected Collection Budgets
Table 4 places the original full-information models beside their benchmarks. All four 

full-model estimates are worse. With H available, ridge and HGB losses are 0.69961 and 
0.67063, compared with 0.66062 for P0. Without H, their losses are 0.70911 and 0.71281, 
compared with 0.68564 for NONE. A simultaneous comparison across these four contrasts 
supports deterioration for ridge with and without H and HGB without H; the interval for 
HGB with H included zero.

Table 4. Original full-information models versus no-additional-collection benchmarks.

Algorithm H Available Full-Model LL Benchmark LL 𝚫 Full − Benchmark Simultaneous 95% CI

Ridge Yes 0.69961 0.66062 +0.03899 [0.01620, 0.06178]

Ridge No 0.70911 0.68564 +0.02347 [0.00068, 0.04626]

HGB Yes 0.67063 0.66062 +0.01000 [−0.01279, 0.03279]
HGB No 0.71281 0.68564 +0.02716 [0.00437, 0.04995]

Note: Temporal n = 1520. Benchmark = P0 when H is available, otherwise NONE. Positive Δ indicates deterioration. 
Two-sided intervals use a separate exploratory family of the four displayed full-model contrasts, 5000 paired 
participant resamples, and the maximum absolute centered error. The bold contrasts have two-sided intervals 
above zero. These original-grid models differ from the expanded-grid models in Section 4.4; inference scope is 
defined in Section 3.4. P0 = history-based benchmark; NONE = overall-rate benchmark; HGB = histogram-based 
gradient boosting. LL = log loss; H = prior use history. CI = confidence interval.

At budget 1, all original conditions select B, with H included when available. At 
budget 4, all select D, again with H when available. Larger-budget selections can use fewer 
items than permitted: ridge selections at budget 30 use 29 items with H and 28 without H, 
compared with 30 optional items in the full-information references. Figure 2 compares the 
retained nested development results with temporal performance across the entire frontier. 
Supplementary Section S3 reports the portfolios. The repository identified in the Data 
Availability Statement provides the aggregate source data for Figure 2.

The one-item selections have favorable loss differences against their benchmarks, rang-
ing from −0.00820 to −0.00338, but every original-family upper bound remains above zero 
(Table 5). Relative to their respective benchmark losses, these point-estimated reductions 
are 0.51–1.20%; they describe the magnitude of the observed prediction differences. Three 
have negative upper bounds against their full-information reference; HGB H + B has an 
upper bound of +0.00667 and meets preservation only at a sufficiently permissive margin, 
including 0.01. None of the one-item policies meet non-inferiority against P0 or NONE at 
margins up to 0.01 under the primary unstudentized family. These comparisons show that 
performance preservation and benchmark-relative value depend on the chosen reference.

The four-item ridge H + D selection has Δ = +0.03571 against P0, with a one-sided 
simultaneous lower bound of +0.01369. Ridge D and HGB D have lower bounds of +0.00236 
and +0.00727 against NONE. Thus, deterioration is supported for these three frozen fitted 
portfolios. The HGB H + D lower bound is −0.00186, leaving deterioration uncertain at 
the same familywise level. Figure 3 reports two-sided simultaneous intervals, unlike the 
separate one-sided bounds in Table 5.

Across the full original frontier, simultaneous lower bounds support deterioration at 26 
of 31 budgets for ridge with H, 11 for ridge without H, 22 for HGB with H, and 26 for HGB 
without H. The corresponding counts in the person-disjoint subset are 27, 27, 25, and 27. 
None of the 248 budget, condition, and evaluation-group entries establishes improvement 
under its primary family. These are policy rows, including repeated portfolios, rather than 
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248 independent tests. Supplementary Tables S4–S7 report both bounds; Supplementary 
Table S29 summarizes the two evaluation groups.

Table 5. Focal original selections and separate one-sided simultaneous bounds against benchmarks.

Algorithm Budget Portfolio LL 𝚫 Lower 95% Upper 95% Harm

Ridge 1 H + B 0.65724 −0.00338 −0.02541 +0.01864 No
Ridge 4 H + D 0.69634 +0.03571 +0.01369 +0.05773 Yes
Ridge 1 B 0.67744 −0.00820 −0.03086 +0.01459 No
Ridge 4 D 0.71066 +0.02502 +0.00236 +0.04781 Yes
HGB 1 H + B 0.65687 −0.00375 −0.02394 +0.01667 No
HGB 4 H + D 0.67895 +0.01832 −0.00186 +0.03875 No
HGB 1 B 0.68190 −0.00375 −0.02636 +0.01862 No
HGB 4 D 0.71552 +0.02988 +0.00727 +0.05225 Yes

Note: Benchmark = P0 for H + B/H + D and NONE for B/D; n = 1520. Lower and upper each have separately 
calibrated one-sided 95% simultaneous coverage. Families retain all 31 budgets and both references within each 
algorithm/history condition (5000 resamples). Harm requires lower >0; benefit requires upper <0 (none here). 
Non-inferiority at δ = 0.01 against the benchmark also requires upper <0.01 (none here). Bold lower bounds and 
shaded Harm cells identify the three supported deterioration results. Preservation against the full reference is a 
different comparison. P0 = history-based benchmark; NONE = overall-rate benchmark; HGB = histogram-based 
gradient boosting; B = expected benefits; D = demographics. LL = log loss; H = prior use history. Δ = selected-
portfolio log loss minus benchmark log loss.

Figure 3. Temporal loss differences of focal original selections. A positive difference in log loss 
indicates higher loss than P0 (H available) or NONE (H unavailable). Bars are two-sided simultaneous 
95% bootstrap intervals based on the maximum absolute centered error, separately within each 
original algorithm × history-availability family containing all selected budgets and both references; 
5000 paired evaluation resamples, n = 1520. The eight displayed contrasts retain their original family 
memberships. Predictions are fixed. P0 = history-based benchmark; NONE = overall-rate benchmark; 
HGB = histogram-based gradient boosting. H = prior use history. B = expected benefit of consumer 
AI services. D = demographics. The dashed vertical line marks zero difference from the benchmark.

The one-item inference is sensitive to adjustment. For ridge B without H, the pointwise 
upper bound is −0.00284, the original-family unstudentized upper bound is +0.01459, and 
the standardized bound for the original family is +0.00015. Standardized benchmark-only 
families give upper bounds of −0.00109 across all budgets and −0.00145 across budgets 0–4. 
Approximate 80% detectable magnitudes for the four one-item contrasts are 0.00607–0.00946 
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pointwise and 0.02300–0.02557 under the primary families, compared with observed im-
provements of 0.00338–0.00820. Supplementary Table S11 gives the precision calculations.

4.3.  Selection Uncertainty, Within-Period Performance, and Calibration
Across 1000 repetitions of model development, the original one-item portfolio was 

selected in 65.6–84.3% of repetitions. At budget 4, demographic portfolios recurred in 92.6% 
of ridge repetitions with H, 80.8% of ridge repetitions without H, 79.9% of HGB repetitions 
with H, and 59.5% of HGB repetitions without H.

All eight complete-procedure percentile intervals for loss differences against P0 or 
NONE include zero (Figure 4). For ridge H + D, the original Δ of +0.03571 has a point-
wise 95% interval of −0.00618 to +0.07080 after repeating selection and fitting. For ridge 
H + B, Δ is −0.00338 with an interval of −0.00793 to +0.02974. Results vary with interval 
construction; Supplementary Section S5 and Table S12 give the basic-interval comparison 
and bootstrap bias.

Figure 4. Selection recurrence and uncertainty after repeating model development. (Left) Blue bars 
show how often the original portfolio was reselected across 1000 bootstrap repetitions. (Right) Orange 
points show the original contrasts and horizontal orange bars show the pointwise 95% percentile 
intervals against P0 (history-based benchmark) or NONE (overall-rate benchmark). Shared partici-
pants received the same multiplicity in both periods, and copies remained together in inner folds. 
Preprocessing, tuning, selection, and fitting were repeated at budgets 1 and 4. The exploratory inter-
vals summarize individual contrasts. HGB = histogram-based gradient boosting. Supplementary 
Table S12 reports sensitivity to interval construction. H denotes prior use history. The dashed vertical 
line marks equal model and benchmark loss.

The resampled development datasets contain, on average, 63.2% distinct participants 
relative to their row count. At budget 4, the original weakly regularized configuration 
recurs in only 12.4–24.9% of repetitions. Mean benchmark-relative losses are approximately 
+0.032 to +0.052 when that configuration is selected, compared with +0.004 to +0.014 under 
stronger regularization (Supplementary Table S30). These descriptive comparisons are 
conditional on the selected configuration, while the resampled participants, tuning, and 
portfolio selection also change.
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At matched training size, the within-period and later-period results still differ. 
For budget-4 ridge with H, mean within-period loss is 0.64616 versus 0.66522 for P0 
(Δ = −0.01906). The same fitted models give later-period loss of 0.69165 versus 0.66066 for 
P0 (Δ = +0.03099). For HGB, the corresponding differences are −0.01128 and +0.00726. 
Figure 5 presents the distributions across splits.

Figure 5. Within-period and later-period performance at matched training size. Twenty stratified 
70/30 development splits repeat five-fold tuning and budget-4 selection. Each model is applied to 
its 470-person holdout and the later cohort of 1520. Points are mean model-minus-benchmark loss 
differences; bars span the 2.5th–97.5th percentiles across overlapping splits and are descriptive. The 
benchmark is P0 (history-based rate) with H and NONE (overall rate) without H. HGB = histogram-
based gradient boosting. H = prior use history. The dashed vertical line marks equal budget-4 model 
and benchmark loss.

Affine recalibration removes part of the excess loss. Ridge H + D has a raw loss of 
0.69634. Its apparent affine-recalibrated loss is 0.67280, and its cross-fitted recalibrated 
loss is 0.67315. Its calibration slope is 0.411 (pointwise 95% interval 0.258–0.567). The 
cross-fitted loss still exceeds P0’s original 0.66062. For the full models with H, cross-fitted 
recalibration changes ridge loss from 0.69961 to 0.66889 and HGB loss from 0.67063 to 
0.66332. Ridge H + B changes little, from 0.65724 to 0.65708.

Demographic-only discrimination is weak: whole-sample AUC is 0.5384 for ridge 
and 0.5405 for HGB. In the person-disjoint subset, their AUCs are 0.4912 (95% interval 
0.4529–0.5300) and 0.4936 (0.4555–0.5335), and their calibration-slope point estimates are 
negative with intervals spanning zero. The diagnostics identify miscalibration together 
with limited ranking information in the loss pattern. Table 6 reports AUC intervals for the 
person-disjoint subset for the main original models, including low-budget selections and 
full references.

4.4.  Expanded Algorithms and the Full Linked Panel
Wider searches produced no supported improvement among the fourteen restricted-

cohort full-information contrasts: eight expanded-grid and six additional-boosting compar-
isons. Four supported deterioration under their respective simultaneous families. Random 
forests have favorable point estimates with H and without H (Δ = −0.00883 and −0.00968), 
but both intervals include zero. Expanded-grid ridge with H and HGB with and without H 
retain adverse intervals, as does LightGBM without H.
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Table 6. Temporal performance of original models in the person-disjoint subset (n = 879).

Model/Portfolio Log Loss ROC AUC Pointwise 95% AUC CI

P0 0.67930 0.5817 [0.5513, 0.6104]
NONE 0.69199 0.5000 [0.5000, 0.5000]
Ridge H + B 0.67548 0.5978 [0.5625, 0.6354]
HGB H + B 0.67312 0.6022 [0.5690, 0.6375]
Ridge B 0.68492 0.5587 [0.5261, 0.5941]
HGB B 0.68907 0.5585 [0.5261, 0.5937]
Ridge H + D 0.72918 0.5599 [0.5225, 0.5980]
HGB H + D 0.70886 0.5681 [0.5296, 0.6055]
Ridge D 0.74321 0.4912 [0.4529, 0.5300]
HGB D 0.74343 0.4936 [0.4555, 0.5335]
Ridge full with H 0.74190 0.5687 [0.5295, 0.6061]
HGB full with H 0.70846 0.5685 [0.5301, 0.6064]
Ridge full without H 0.75096 0.5344 [0.4964, 0.5727]
HGB full without H 0.75559 0.4966 [0.4590, 0.5363]
Ridge H + D + B + M + P + A + K 0.74194 0.5683 [0.5290, 0.6059]
Ridge D + B + P + A + K 0.74805 0.5383 [0.4997, 0.5763]
HGB H + D + M + P + C + A + K 0.72002 0.5581 [0.5192, 0.5952]
HGB D + M + P + C + A + K 0.76709 0.4806 [0.4411, 0.5188]

Note: AUC intervals use 2000 participant-bootstrap resamples conditional on fitted predictions. They are pointwise. 
NONE is constant and has AUC 0.5 in every valid resample. The final four rows are the budget-30 selected portfolios, 
which may contain fewer blocks than full information. AUC intervals spanning 0.5 leave ranking relative to chance 
uncertain. Brier scores, average precision, and calibration metrics are provided in the aggregate results. P0 
= history-based benchmark; NONE = overall-rate benchmark; HGB = histogram-based gradient boosting. H 
= prior use history. ROC AUC = area under the receiver operating characteristic curve. The portfolio letters 
denote demographics (D), expected benefit of consumer AI services (B), personal-data management in online 
shopping (M), expected provider safeguards (P), response to personal-data consent requests (C), generative AI 
use experience (A), and digital competence (K). CI = confidence interval.

In the full linked panel, seven of eight expanded-family contrasts favor improvement; 
the interval for HGB with H included zero (Figure 6). Expanded-grid ridge with H has a loss 
of 0.63143 versus 0.65171 for P0, giving Δ = −0.02029 (simultaneous 95% interval −0.03423 
to −0.00634). Ridge without H gives Δ = −0.04407 (−0.05802 to −0.03013). Random forests 
and extra trees with H give Δ = −0.01456 (−0.02850 to −0.00062) and −0.02260 (−0.03654 
to −0.00866), respectively.

Table 7 reports the direct XGBoost, LightGBM, and CatBoost comparison under the 
added six-contrast families. In the restricted cohort, LightGBM without H has higher loss 
than NONE (Δ = +0.03490; simultaneous 95% interval +0.01316 to +0.05664); the other 
five intervals include zero. In the full linked panel, XGBoost without H, LightGBM with-
out H, and CatBoost with and without H improve on their respective benchmarks. These 
four loss differences range from −0.04996 to −0.02751, whereas the other two intervals 
include zero. These results locate the gains within particular model and population specifi-
cations; the added-learner comparison evaluates fixed representations. In the full-panel 
person-disjoint subset (n = 408), only one of eight expanded-family intervals and none 
of the six added-boosting intervals exclude zero in favor of the full-information model 
(Supplementary Tables S16 and S18).
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Figure 6. Additional-information value varies by model and prediction population. Four algorithms 
use development-only expanded searches. Each panel contains a separate eight-contrast family: 
full with H versus P0 and full without H versus NONE, across four learners. Bars are two-sided 
simultaneous 95% paired-bootstrap intervals based on the maximum absolute centered error within 
each panel (5000 repetitions), conditional on fitted models. Development/evaluation n = 1565/1520 for 
the restricted population and 3895/3741 for all linked respondents. These are retrospective sensitivity 
comparisons. P0 = history-based benchmark; NONE = overall-rate benchmark; HGB = histogram-
based gradient boosting. H = prior use history. The dashed vertical line marks equal full-model and 
benchmark loss.

Table 7. Direct XGBoost, LightGBM, and CatBoost full-information comparisons.

Population Learner H Full LL Benchmark LL 𝚫 Simultaneous 95% CI

Restricted XGBoost Yes 0.66350 0.66062 +0.00288 [−0.01887, 0.02462]
Restricted XGBoost No 0.67412 0.68564 −0.01152 [−0.03326, 0.01022]
Restricted LightGBM Yes 0.66022 0.66062 −0.00040 [−0.02214, 0.02134]
Restricted LightGBM No 0.72054 0.68564 +0.03490 [0.01316, 0.05664]

Restricted CatBoost Yes 0.66753 0.66062 +0.00690 [−0.01484, 0.02864]
Restricted CatBoost No 0.70243 0.68564 +0.01679 [−0.00495, 0.03853]
Full linked XGBoost Yes 0.63923 0.65171 −0.01248 [−0.02701, 0.00204]
Full linked XGBoost No 0.65446 0.68386 −0.02940 [−0.04393, −0.01488]

Full linked LightGBM Yes 0.65078 0.65171 −0.00094 [−0.01546, 0.01359]
Full linked LightGBM No 0.65635 0.68386 −0.02751 [−0.04204, −0.01299]

Full linked CatBoost Yes 0.62295 0.65171 −0.02876 [−0.04329, −0.01423]

Full linked CatBoost No 0.63390 0.68386 −0.04996 [−0.06449, −0.03543]
Note: Whole temporal samples: restricted n = 1520; full linked n = 3741. Benchmark = P0 with H and NONE 
without H. Negative Δ favors the full-information model. Each population has its own six-contrast family (three 
additional learners × two history settings), with 5000 paired resamples and a two-sided maximum absolute 
centered-error interval. The added families are separate from the original four-model and expanded eight-model 
families. All tuning uses development folds. Bold contrasts have intervals excluding zero; Supplementary Table 
S18 also reports evaluation in the person-disjoint subset. P0 = history-based benchmark; NONE = overall-rate 
benchmark. LL = log loss; H = prior use history. CI = confidence interval.
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Using the same ridge model with H trained on the full panel, Δ is +0.00194 among 
hesitant respondents and −0.03550 among other linked respondents. Across the seven 
expanded or additional learners and two history conditions, none of the fourteen contrasts 
from models trained on the full panel supports improvement in the hesitant group, whereas 
thirteen support improvement among the other 2221 respondents. That comparison group 
combines 1995 rare-or-never-hesitant respondents and 226 reporting no relevant experience. 
Among the former alone, eleven of fourteen contrasts support improvement. Across the four 
original-grid contrasts, fourteen restricted-trained wider-model contrasts, and fourteen con-
trasts from models trained on the full panel evaluated in the hesitant group, there are zero 
supported improvements and seven supported deteriorations out of 32. The counts summa-
rize distinct analysis families rather than one joint 32-test family. Supplementary Section S7 
reports the group-specific comparisons.

Relative to the full-panel development sample of 3895, 1369 of 1520 hesitant evalu-
ation respondents overlapped (90.07%), compared with 1964 of 2221 other respondents 
(88.43%). The corresponding person-disjoint subsets contained 151 and 257 respondents 
(Supplementary Table S37). These proportions use the full-panel training population; the 
641 shared participants reported above use the restricted development population.

Within the restricted evaluation cohort, three of four original full-model estimates favor 
improvement among the 641 shared participants; however, their simultaneous intervals 
include zero. All four estimates are adverse in the person-disjoint subset of 879, and 
three support deterioration (Supplementary Table S31). Both groups received the same 
2025 instrument.

Coarsening region and retuning improve seven of eight demographic/full-model 
specifications over their original encoding in the whole cohort (Supplementary Table S32). 
For the four demographic representations, benchmark-relative point differences change from 
+0.01832–+0.03571 to −0.00679–−0.00132. All eight coarsened model-versus-benchmark 
simultaneous intervals include zero. This diagnostic identifies encoding sensitivity in the 
adverse demographic result; superiority over the benchmark remains uncertain for the 
revised encoding.

Treating H and D as existing information sets their incremental acquisition cost to 
zero while retaining the benchmark comparison. Optional-use and forced-H + D versions 
select the same portfolios across all 27 budgets in these data. At zero additional cost, 
selected H + D has loss 0.69634 for ridge and 0.67895 for HGB, both above P0’s 0.66062. 
Adding B to ridge H + D improves on H + D by 0.00570 but still has a loss of 0.69063, 
above P0. Comparison with the primary benchmark therefore shows excess loss even after 
improvement relative to H + D.

4.5.  Block Contributions and Additional Diagnostics
Figure 7 compares block allocations per item across development out-of-fold scores, 

the whole temporal cohort, and the person-disjoint subset. For ridge with H fixed, the 
demographic allocation in the whole cohort is −0.04158 in total and −0.01039 per item 
(simultaneous 95% per-item interval −0.01602 to −0.00477). B contributes +0.00317 per 
item; K contributes +0.01936 in total and +0.00176 per item across eleven responses. The B 
and K intervals include zero. Supplementary Table S21 gives all temporal intervals.

A had the largest negative per-item allocation in every temporal panel. Only its HGB-
with-H allocation in the person-disjoint subset had a simultaneous interval excluding 
zero (−0.02306; 95% interval −0.04557 to −0.00056). Generative-AI experience increased 
from 193/1565 respondents in development (12.33%) to 458/1520 in evaluation (30.13%), 
with complete responses for A. Among the 641 participants shared across the two periods, 
affirmative responses increased from 83 to 192, and all initially affirmative respondents re-
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tained that response (Supplementary Section S12.1). The prevalence increase therefore also 
occurred within repeat respondents. Next-year use was 69.43% among experienced respon-
dents versus 54.37% among others in development, but 56.33% versus 56.03% in evaluation. 
The unadjusted odds ratio accordingly changed from 1.91 (pointwise 95% interval 1.38–2.64) 
to 1.01 (0.81–1.26). The core question and yes/no codes were unchanged across 2023 Q23, 
2024 Q24, and 2025 Q20; however, examples were updated, including Bard to Gemini in 
2024. These diagnostics documented the prevalence shift; the point estimates suggested a 
weaker unadjusted prospective association (Supplementary Section S12.1 and Table S36).

Figure 7. Block contributions per original item. Panels show (a) ridge with H fixed, (b) ridge 
without H, (c) HGB with H fixed, and (d) HGB without H. Positive values indicate lower log loss. 
Development out-of-fold (OOF) allocations are descriptive; temporal allocations use fixed predictions. 
Black outlines mark simultaneous 95% intervals excluding zero across 56 temporal contrasts; all 
seven outlined cells indicate higher loss. All positive temporal allocations have intervals that include 
zero. Development, whole temporal, and person-disjoint sample sizes are 1565, 1520, and 879. H 
is fixed or absent. Supplementary Table S21 reports all temporal intervals; Figure S4 shows the 
person-disjoint subset. H = prior use history; HGB = histogram-based gradient boosting. Row labels 
give the information block and its number of original items: demographics (D, 4), expected benefit 
(B, 1), personal-data management (M, 1), expected provider safeguards (P, 11), response to consent 
requests (C, 1), generative AI experience (A, 1), and digital competence (K, 11). Cell values give the 
estimated log-loss reduction per original item. Blue indicates a reduction and red an increase in loss.
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Longitudinal weighting changes some conclusions. Of 1520 evaluation respondents, 
1369 have valid weights, with a descriptive effective sample size of 969.22. On this same 
subset, ridge full information without H changes from Δ = +0.01621 unweighted to −0.00094 
weighted. HGB full information with H changes from +0.00267 to −0.00736. Ridge full 
information with H and both H + D models remain adverse in point estimate. The estimates 
therefore depend in part on the supplied longitudinal weights.

Alternative monthly- and weekly-use thresholds are reported in Supplementary Section S9, 
including the retained fits and their original 2000-repetition inference. No policy establishes 
superiority in the person-disjoint subset under either threshold.

5.  Discussion
5.1.  What the Evidence Adds

The adverse headline concerns particular fitted specifications. With the original en-
coding and tuning grids, additional questionnaire information often increased loss for 
privacy-hesitant respondents. Yet combining the 17 region categories into a capital-region 
indicator and retuning changed all four demographic benchmark contrasts from positive 
to slightly negative. The bootstrap repetitions that selected stronger regularization also 
had much smaller excess losses; however, their mean contrasts remained positive. Ran-
dom forests produced favorable full-information point estimates in the restricted cohort. 
Together with the increase in Seoul’s sample share from 17.0% to 26.9%, these results make 
the interaction between regional representation, regularization, and changing composi-
tion a plausible contributor to the original deterioration. The evidence therefore points 
to specification-dependent predictive value, with encoding and regularization central to 
its evaluation.

The coding comparison evaluated representation and retuning jointly; the bootstrap 
comparison additionally varied participants and selected portfolios. Together, these analyses 
describe the sensitivity of predictive performance to the evaluated configurations. The orig-
inal frozen-model deterioration tests remain informative about those fitted models. Table 8 
separates this evidence from exploratory comparisons and post hoc diagnostics. A smaller 
portfolio can preserve performance relative to a weak full model; a collection rationale 
additionally requires improvement over a relevant existing-information benchmark.

Selection recurrence and transfer also measure different properties. Demographics 
are frequently reselected, yet the original fitted models perform poorly in the later period. 
Reporting selection recurrence alongside conditional performance and uncertainty from 
repeated model development makes this difference visible.

5.2.  Implications for Information-Systems and Privacy Research
Privacy calculus and APCO motivate benefits, concerns, management evaluations, and 

control-related responses as collection candidates [3,4]. Our results show that their incre-
mental predictive contribution depends on existing information, population composition, 
encoding, and regularization. This connects the theoretical rationale for considering a block 
with the empirical decision about how to measure and use it.

The group comparisons show that predictive value varies within the linked population. 
The same models trained on the full panel were used for hesitant respondents and other 
respondents. Their shares of participants present in full-panel development were similar 
and slightly higher in the hesitant group (90.07% versus 88.43%). The stronger gains among 
other respondents therefore occurred in the group with the slightly lower overlap proportion. 
Differences in composition and predictor–outcome relationships remain relevant to the 
group comparison.

https://doi.org/10.3390/jtaer21110420

https://doi.org/10.3390/jtaer21110420


J. Theor. Appl. Electron. Commer. Res. 2026, 21, 420 22 of 28

Table 8. Primary comparison families and additional analyses.

Evidence Status Analyses and Comparisons Uncertainty Scope of Inference

Primary families
Original ridge/HGB policies at 
budgets 0–30 versus the full 
model and P0/NONE

5000 paired draws; 
simultaneous bounds 
within each learner, history, 
and evaluation-group 
family

Performance of frozen 
selected policies; no 
supported benchmark 
improvement

Exploratory model 
comparisons

Original, expanded-grid, and 
added-boosting full models 
versus P0/NONE

Separate 4-, 8-, and 
6-contrast families; fitted 
predictions fixed

Differences by learner, 
population, and fitted 
specification

Exploratory repeated 
development

Original learners at budgets 1 
and 4; restricted whole cohort

1000 draws that resample 
participants across both 
periods; pointwise 
percentile intervals; 
basic-interval sensitivity

Training, tuning, and 
selection uncertainty at the 
two focal budgets

Exploratory diagnostics
Matched-size holdouts, 
calibration, block attribution, 
weighting, and group overlap

Procedure-specific 
intervals or descriptive 
summaries; full details in 
Supplementary Table S27

Predictive transfer and 
composition; conditional or 
descriptive evidence

Post hoc analyses

Regional coarsening, 
alternative outcome 
thresholds, adjacent-domain 
and generative-AI diagnostics

Separate contrast families 
or descriptive associations; 
evaluated period reused

Sensitivity to 
representation, 
measurement, and 
observed response patterns

Note: Primary identifies the original comparison families in this retrospective analysis. Simultaneous bounds 
controlled multiplicity within their specified contrast families; the table also identifies pointwise intervals and 
descriptive summaries. P0 = history-based benchmark; NONE = overall-rate benchmark; HGB = histogram-based 
gradient boosting. Supplementary Table S27 provides the full mapping.

Per-item attribution connects predictive explanation with feature-acquisition eco-
nomics. Global loss allocation asks which blocks contribute across combinations; dividing 
by item count describes the contribution per required answer. A collection decision also con-
cerns burden, trust, transparency, and sensitivity. The panel analysis makes the predictive 
part of that decision explicit.

Weighting reversed the sign of two full-model contrasts on the same respondents. 
Population-level interpretation is therefore sensitive to how respondents are weighted. 
The unweighted estimates characterize the analytical sample, and the weighted estimates 
characterize that sample under the supplied longitudinal weights.

5.3.  Implications for Questionnaire and Collection Design
Collection review should record each block’s purpose, item count, measurement, 

availability, and reference benchmark. It should then compare reasonable encodings and 
regularization settings using development data, before evaluating collection choices in a 
later period. For categorical blocks, this includes category frequencies, sparse levels, and 
changes in composition. Checking how a block is represented may be as important as 
deciding whether to collect it.

Portfolios should be compared with both the full-information reference and a relevant 
existing-information benchmark. Review should then examine selection variability, calibra-
tion, ranking, instrument changes, and performance among shared participants and the 
person-disjoint subset. Here, recalibration recovered some loss, while regional recoding 
and retuning changed the sign of the demographic contrasts. These diagnostics lead to 
different actions: modify the representation, strengthen regularization, revise measurement, 
or reconsider collection.

https://doi.org/10.3390/jtaer21110420

https://doi.org/10.3390/jtaer21110420


J. Theor. Appl. Electron. Commer. Res. 2026, 21, 420 23 of 28

B was the only block selected at the one-item budget in all four original learner/history 
conditions, and each selected policy had a favorable benchmark-relative point estimate. 
This makes B the clearest low-burden candidate for further questionnaire testing, while its 
incremental value remains uncertain under the primary simultaneous comparisons. This 
claim concerns selected one-item policies: K also had positive Shapley point estimates but 
required eleven items. In practical applications, existing customer relationship management 
(CRM) demographics should have a different incremental cost from new responses. The 
decision should also reflect service-specific error costs and thresholds, for example through 
net-benefit analysis [52].

5.4.  Limitations and Future Research
First, measurement comparability is a central limitation. The consumption, leisure, 

and work items changed wording across calendar years, so the observed response patterns 
combine temporal and instrument conditions. The outcome captures recalled annual use, 
and the single items and content-based means summarize their constituent responses. These 
measures support the predictive analyses reported here; behavioral attribution, psychomet-
ric matching, and longitudinal measurement equivalence require further validation. Such 
validation could use stable anchors or multi-item measures, a common service definition 
and recall period, a concurrent randomized wording comparison, and an external behav-
ioral criterion (Supplementary Table S28). Survey administration records would clarify 
respondents’ exposure to expanded explanations and presentation order.

Second, transfer evidence comes from two transitions within one Korean panel. Shared 
participants remained in the whole temporal samples, and the person-disjoint subsets 
shared the panel and instrument context. Group comparisons were observational, and 
composition, overlap, encoding, and tuning could jointly influence the observed differ-
ences. The weighting sensitivity described respondents with available longitudinal weights; 
national-population estimates would require survey-design-based inference and assessment 
of respondents with missing weights. Further waves and external populations can test 
transfer under these broader conditions.

Third, the uncertainty analyses address specified models and selection procedures. 
Fixed-prediction intervals describe developed models, whereas the complete-procedure 
bootstrap covers budgets 1 and 4, the original ridge/HGB grids, and the restricted whole 
cohort. The wider-model comparisons cover finite blocks, tuning grids, and eight represen-
tations. Configuration changes and differences between percentile and basic intervals show 
sensitivity to resampling and interval construction. Coverage for this discrete selection 
procedure remains an open validation question; simulation studies can assess it together 
with power. Further comparisons can extend complete-procedure uncertainty to additional 
learners and budget frontiers. The additional population, encoding, and measurement 
analyses reused an examined period. Prospective evaluations should specify the population, 
acquisition scenario, comparison family, and meaningful loss margin before observing new 
outcomes, with separate data for any calibration used in deployment.

Fourth, item count measures questionnaire volume. Operational evaluation should 
directly measure completion time, item sensitivity, privacy consequences, and monetary 
cost, and relate allowable loss margins to service-specific decisions. A prospective field study 
could test a prespecified collection policy using validated measures, operational outcomes, 
and a suitable existing-information benchmark. This would also permit evaluation of shorter 
competence measures and the consequences of the proposed collection-review process.
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6.  Conclusions
In this Korean panel, additional questionnaire information often worsened prediction 

for privacy-hesitant respondents under the original fitted specifications. The primary 
budget comparisons established no improvement over existing-information benchmarks. 
Wider searches also yielded no supported full-information gain in the restricted cohort; 
however, random forests had favorable point estimates. Broader-panel gains had much less 
support in the person-disjoint subset.

One-item benefits and four-item demographics were recurrent development selections. 
Regional recoding and retuning changed the demographic loss contrasts from adverse to 
favorable point estimates, while repetitions selecting stronger regularization showed smaller 
excess loss. These findings support treating deterioration as a property of the evaluated 
population, representation, and fitted procedure. B remains a useful low-burden candidate 
for further testing, with uncertain incremental value.

Collection review should assess encoding and regularization alongside item acquisi-
tion, compare performance with existing information, and examine transfer across partici-
pants and measurement contexts. A predictive rationale for additional collection rests on 
improvement over a relevant existing-information benchmark.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/jtaer21110420/s1. Sections S1–S12. Section S1. Data and Samples. 
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Measurement and Weighted Sensitivity. Section S10. Reproducibility and Evidence Scope. Section 
S11. Additional Diagnostics of Harm and Temporal Heterogeneity. Section S12. Generative AI Experi-
ence and Group Overlap. Table S1: Source-variable correspondence across survey years. Table S2: 
Complete original demographic category distributions (%). Table S3: Common digital competence 
items used in K. Table S4: Ridge budget frontier with history available. Table S5: Ridge budget 
frontier with history unavailable. Table S6: HGB budget frontier with history available. Table S7: 
HGB budget frontier with history unavailable. Table S8: Focal budget contrasts in the person-disjoint 
subset. Table S9: Conditional comparison families and critical values in the whole evaluation cohort. 
Table S10: One-item contrasts under different multiplicity specifications. Table S11: Paired preci-
sion and detectable magnitudes for the four one-item contrasts. Table S12: Full-process selection 
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and development-only search grids. Table S18: Added boosting full-model contrasts across popula-
tions and evaluation groups. Table S19: Performance heterogeneity under the same model trained 
on the full panel. Table S20: Full-panel-trained models among rare-or-never-hesitant respondents. 
Table S21: Exact block loss allocations and per-item efficiency. Table S22: Selected budgets when H 
and D are already available. Table S23: Paired reported-use changes among 641 shared respondents. 
Table S24: Matched unweighted and longitudinal-weighted scoring. Table S25: Retained alternative-
outcome superiority summaries. Table S26: Reproducibility map for the reported analyses. Table S27: 
Scope of uncertainty and the claims it supports. Table S28: Measurement diagnostics and conditions 
for interpreting temporal comparisons. Table S29: Supported harm across all original collection 
budgets. Table S30: Budget-4 configuration recurrence and conditional bootstrap loss differences. 
Table S31: Original full-model performance in shared participants and the person-disjoint subset. 
Table S32: Regional coarsening of demographic and full-information representations. Table S33: 
Reported use in adjacent service domains across three survey years. Table S34: Consumer-versus-
adjacent-domain changes and changes in those contrasts. Table S35: Year associations conditional 
on observed adjacent-service response patterns. Table S36: Generative AI experience and next-year 
consumer-service use. Table S37: Overlap with the full linked development sample by evaluation 
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group. Figure S1: Absolute losses of original full models and no-additional-collection benchmarks. 
Original configurations were refitted from the source workbooks. Temporal evaluation n = 1520. 
Bars are pointwise 95% participant-bootstrap intervals conditional on fitted predictions (2000 repeti-
tions). Paired contrast tests provide the inferential comparisons between models. H denotes prior 
self-reported use. P0 = history-based benchmark; NONE = overall-rate benchmark without prior use; 
HGB = histogram-based gradient boosting. Figure S2: Affine calibration and ranking diagnostics. 
Raw log loss equals empirical evaluation outcome entropy minus affine resolution plus affine mis-
calibration. Components are defined within the apparent intercept-and-slope logistic recalibration 
family. Bars are pointwise 95% percentile intervals from 500 resamples that refit the recalibrator while 
keeping base predictions fixed. Cross-fitted recalibration in Table S14 limits reliance on optimistic 
apparent gains. All diagnostics use evaluation outcomes. P0 = history-based benchmark; NONE 
= overall-rate benchmark without prior use; HGB = histogram-based gradient boosting. Figure S3: 
Hesitation-related predictive heterogeneity under common models trained on the full panel. Hesitant 
respondents (n = 1520; codes 1–2) are compared with other linked respondents (n = 2221; codes 
3, 4, and 9). Positive contrasts indicate less benefit or greater harm from full information in the 
hesitant group. Bars are two-sided simultaneous 95% intervals across eight full-model contrasts, 
using 5000 bootstrap resamples independently within each group. These intervals quantify condi-
tional predictive heterogeneity across the observed groups. P0 = history-based benchmark; NONE 
= overall-rate benchmark without prior use; HGB = histogram-based gradient boosting. Figure S4: 
Block contributions in the person-disjoint subset. Exact seven-block loss-reduction allocations in the 
879-person subset, in total and per-original-item units. Positive values indicate improved prediction. 
H is fixed present or absent. Bars use the same simultaneous 56-contrast family covering both evalua-
tion groups, algorithms, history settings, and blocks (5000 fixed-prediction resamples). Total and 
per-item panels use separate common scales; main Figure 7 compares development, whole temporal, 
and person-disjoint per-item values. P0 = history-based benchmark; NONE = overall-rate benchmark 
without prior use; HGB = histogram-based gradient boosting. References [33–35,38] are cited in the 
Supplementary Materials. Code, aggregate results, and figure source data are identified in the Data 
Availability Statement.
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