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Abstract

We present XCHOICE, an explainable frame-
work for evaluating Al-human alignment in
constrained decision making. Moving beyond
outcome agreement such as accuracy and F1
score, XCHOICE fits a mechanism-based deci-
sion model to human data and LLM-generated
decisions, recovering interpretable parameters
that capture the relative importance of deci-
sion factors, constraint sensitivity, and implied
trade-offs. Alignment is assessed by com-
paring these parameter vectors across mod-
els, options, and subgroups. We demonstrate
XCHOICE on Americans’ daily time allocation
using the American Time Use Survey (ATUS)
as human ground truth, revealing heteroge-
neous alignment across models and activities
and salient misalignment concentrated in sub-
groups defined by race (Black respondents)
and marital status (Spouse: Present). We fur-
ther validate robustness of XCHOICE via an
invariance analysis and evaluate targeted mit-
igation with a retrieval-augmented generation
(RAG) intervention. Overall, XCHOICE pro-
vides mechanism-based metrics that diagnose
misalignment beyond surface outcome match-
ing and make the effects of targeted interven-
tions measurable at the mechanism level. Code
and data access instructions are available at
https://github.com/WeihongQ/xchoice.

1 Introduction

As large language models (LLMs) are increasingly
used to assist, predict, or simulate human deci-
sions, understanding when and how their behav-
ior aligns with human decision making has be-
come a central concern. Recent work has explored
LLM-driven systems for multi-entity interaction
and strategic reasoning, as well as the dynamics
of LLM-LLM and LLM-human interactions (Xi
et al., 2025; Ruan et al., 2023; Wang et al., 2024;
Piatti et al., 2024; Duan et al., 2024; Zhang et al.,
2024a). Despite this progress, we still lack sys-
tematic metrics that explain why models align or

misalign with humans: which decision-relevant at-
tributes and constraints they consider, how those
factors are weighted, and how trade-offs are re-
solved.

Constrained decision making offers a natural set-
ting to study these questions. Individuals allocate
limited resources such as time, budget, or capacity
across competing options and make attribute-based
trade-offs under feasibility constraints (de Bekker-
Grob et al., 2012; Brock and Durlauf, 2001; Train,
2009; Berry, 1994). Examples include grocery
shopping under a budget, course selection under
time constraints, or allocating hours across work,
sleep, and leisure. Such decisions are ubiquitous
and increasingly relevant to LLM applications in
recommendation, forecasting, and behavior simu-
lation (Lyu et al., 2024; Jia et al., 2024; Park et al.,
2023; Dillion et al., 2023; Xie et al., 2024; Li et al.,
2024), and mis-specified trade-offs can propagate
to downstream outcomes and reduce the reliability
of decision-support systems. Constrained decision
making is also central to modern LLM agents them-
selves, where tool-using and planning pipelines
operate under explicit feasibility limits such as
bounded tool calls, context length, or budget caps,
making a mechanism-level diagnostic broadly ap-
plicable to evaluating LLM behavior, not only to
modeling human decisions.

Most existing alignment evaluations in choice
settings focus on outcome agreement, using met-
rics such as accuracy or F1 score (Qi et al., 2025;
Zhang et al., 2024b), aggregate replication (Hua
et al., 2023), or option distributions (Horton, 2023).
These measures do not reveal whether models and
humans rely on similar decision mechanisms, nor
identify which decision factors, and the subgroups
defined by them, account for observed discrepan-
cies.

We propose XCHOICE, an explainable frame-
work for evaluating Al-human alignment through
estimated decision mechanisms in constrained de-
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Table 1: Comparison of three alignment evaluation families. XCHOICE recovers interpretable latent preference
weights via an explicit choice mechanism, and supports generalization to decisions under new environments

Aspect Outcome Metrics Reduced-Form XCHOICE

Measurement Match rate on decisions  Associations between inputs Latent preference weights (trade-
(AI vs. human) and observed choices offs) in a utility model

Explainability Low (Black-box) Moderate (Correlational) High (Mechanistic / Causal)

Constraints Not applicable Must be imposed explicitly Built in via model structure

Generalizability =~ Not generalize beyond ob-  Sensitive to distribution shifts ~ Transfers to new environments;

served outcomes

stable preference weights

cision making. XCHOICE fits a mechanism-based
decision model to human and LL.M-generated de-
cisions, recovering interpretable parameters that
capture decision-factor weights, constraint sensitiv-
ity, and implied trade-offs; alignment is assessed by
comparing these parameters and resulting decision
patterns to enable diagnosis and the evaluation of
targeted interventions. Table 1 summarizes how
XCHOICE improves on outcome-based metrics and
reduced-form analyses through mechanism recov-
ery, fine-grained diagnostics, and robustness and
intervention evaluations.

Our work makes three contributions. First, we
formalize alignment in constrained decision mak-
ing as a mechanism-comparison problem rather
than outcome matching. Second, we introduce
structural, interpretable metrics that identify where
and how LLM decision mechanisms diverge from
human baselines. Third, using daily time alloca-
tion decisions from the American Time Use Survey
(ATUS) (Flood et al., 2025), we demonstrate how
X CHOICE diagnoses salient misalignment and eval-
uates targeted interventions at the mechanism level.

2 Related Work

2.1 Structural Estimation in Constrained
Decision Making

The Lucas critique argues that correlations between
observed variables and choices are fragile indica-
tors of behavior, since reduced-form relationships
can shift when policies or constraints change (Lu-
cas, 1976; Sims, 1980; Kaplan, 2009). Structural
estimation addresses this by estimating deep pa-
rameters that capture stable preferences, trade-
off weights, and constraints, supporting counter-
factual analysis and mechanism-based interpreta-
tion (McFadden, 1974, 1981; Rust, 1987; Keane
and Wolpin, 1997). This invariance motivates the
widespread use of structural models in labor eco-
nomics, industrial organization, and household de-
cision making (Berry, 1994; Berry et al., 1995;

Eckstein and Wolpin, 1989; Train, 2009). For
Al-human alignment, this perspective shifts the fo-
cus from matching observable outcomes to whether
an Al system captures the structure of human de-
cision making, providing a more robust basis for
assessing whether models generalize human-like
behavior across environments.

2.2 LLM-based Decision Making and
Evaluation

Recent work has explored LLMs’ ability to make
human-like decisions, particularly under discrete
or constrained settings (Eigner and Héndler, 2024;
Sun et al., 2025). Benchmarks such as Tempo-
ral Constraint-based Planning, PlanningArena, and
asynchronous planning environments evaluate time-
management and scheduling problems via con-
straint satisfaction, task completion, and efficiency
relative to optimal solutions (Ding et al., 2025;
Zheng et al., 2025); budget-constrained and partici-
patory budgeting tasks assess resource allocation
via feasibility, regret, and utility loss (Zheng et al.,
2024).

These evaluations focus primarily on aligning hu-
man and LLM outputs (Xiao and Wang, 2025; Jung
et al., 2025), leaving decision mechanisms opaque:
models may satisfy performance criteria while em-
ploying unstable or socially implausible reasoning.
This gap is particularly salient in socially situated
domains like time management and resource alloca-
tion, where the underlying rationale is as critical as
the choice itself, motivating methods that recover
decision motivations for interpretable insights into
LLM behavior.

3 Method

We present the three-step XCHOICE framework
for mechanism-based Al-human alignment eval-
uation: we first model decisions as constrained
optimization, then estimate interpretable parame-
ters from human and LLM decisions, and lastly
compare the resulting weights and decision pat-
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Figure 1: End-to-End Pipeline for XCHOICE Evaluation with ATUS Data

terns to diagnose misalignment and guide targeted
interventions. Figure 1 summarizes the end-to-end
workflow, illustrated with the ATUS instantiation.

3.1 Constrained Optimization Model

We model individual decision making as a con-
strained optimization problem. Each individual m
chooses a vector z by solving:
max fi,(x;0,)
xzeD (1)

st. gi(z) =c, hj(x) >dj,

where f,(+) is the objective function, 64 cap-
tures trade-off parameters, and g;, h; represent
equality and inequality constraints, respectively.
Solving this optimization yields the individual’s
optimal decision rule
xy, =y, (¢, dj; 04), 2

m

where x;, € X* is determined by trade-off param-
eters and constraints, and X * is the set of optimal
decisions across individuals. To analyze Al-human
alignment at the group level, we aggregate individ-
ual decisions via an operator F(-):

D =F(X"|c,d;0y). 3)

D is the aggregated decision by subgroup, en-
abling alignment to be examined by age, income,
or race, and helping reveal systematic differences
in how humans and LLM-based decision makers
allocate resources, resolve trade-offs, or exhibit
biases.

3.2 Statistical Estimation of Parameters

To recover the parameters 6, of f,,(z;64), we em-
ploy inverse optimization (Ahuja and Orlin, 2001;
Keshavarz et al., 2011), which estimates parame-
ters by identifying the values that render the ob-
served choices z;,, optimal given the constraints

and context. Formally, inverse optimization mini-
mizes ||zons — 2% (60)||?, where 2*(6) is the model-
implied optimal decision. When z*(0) is closed-
form, as in our ATUS instantiation in Section 4, this
reduces to a Non-Linear Least Squares problem;
for discrete decisions, it maps to likelihood-based
discrete-choice estimation. The full algorithmic
specification and a discrete-choice instantiation are
provided in Appendices B and J. We apply this pro-
cedure identically to human and LLM decisions,
so that comparing the resulting estimates evaluates
alignment based on underlying trade-off mecha-
nisms rather than surface-level outcomes.

3.3 Evaluating Alignment: Metrics,
Robustness, and Intervention

The estimated parameters 6 summarize the deci-
sion process by quantifying how decision-relevant
attributes shift the relative attractiveness of each
option under the constraint, so differences in 0 in-
dicate where an LLM reweights factors and alters
implied trade-offs compared with humans. We use
these estimates to diagnose model- and attribute-
specific misalignment, assess robustness via invari-
ance tests, and guide targeted interventions.

Alignment Metrics. We quantify Al-human
alignment by comparing each model’s estimated
parameter vector 6, with the human baseline 65
using model-level and attribute-level analyses.
At the model level, we report cosine similarity
CosSim(0y,0;) to measure whether the model
matches the human directional pattern of relative
weights, and we summarize overall discrepancy
magnitude by first defining feature-wise deviations
Ay = |01,y — 0u,¢| and then averaging them as
M, = % Z?:l Ay s on all F features. At the at-
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tribute level, we aggregate the same deviations
across L models as Ay = %Zle Ay ¢ to iden-
tify features whose weights systematically depart
from the human baseline, where larger Ay indi-
cates stronger and more consistent misalignment.
To avoid over-interpreting noisy estimates from
small subgroups, we report the within-group count
N, alongside A and restrict headline conclusions
to well-powered features with N, > 50; bootstrap
percentile intervals over respondents are provided
in Appendix L.5.

Structural Robustness. To ensure the alignment
assessment reflects stable mechanisms rather than
superficial correlations, we conduct an invariance
analysis. Motivated by the Lucas critique (Lu-
cas, 1976), we shift the distribution of observed co-
variates and measure how much 6 changes, bench-
marking against reduced-form baselines that are
expected to drift under environmental shifts. We
use three metrics: MAD (mean absolute coefficient
change), Rell.2 (relative change in ¢ magnitude),
and 1 — CosSim (directional rotation). Formal
definitions and counter-factual data shift details are
in Appendix G.

Targeted Mitigation. Finally, XCHOICE sup-
ports a diagnose-then-intervene loop. Using Ay to
localize misalignment, we inject decision-relevant
information to target the corresponding trade-off
distortions, instantiated with a retrieval-augmented
generation (RAG) intervention. We then re-
estimate parameters from post-intervention deci-
sions to quantify changes in alignment, whether
improvements or regressions.

4 Case Study: Time Allocation of
Americans

We apply XCHOICE to a concrete decision task:
the allocation of time across daily activities. We
formalize the decision structure, estimate param-
eters from human and LLM-generated decisions,
and compare the inferred mechanisms to identify
sources of alignment and discrepancy.

4.1 Dataset

We estimate model parameters using the Ameri-
can Time Use Survey (ATUS) (Flood et al., 2025),
a nationally representative dataset with rich de-
mographic and time-use measures. We partition
the 24-hour budget into four categories: work,
leisure, sleep and personal care, and other activ-
ities, with average daily allocations of 247, 266,

578, and 349 minutes respectively and substan-
tial cross-individual dispersion indicating heteroge-
neous trade-offs. Individual features include stan-
dardized age, education, and weekly earnings, plus
binary indicators for sex, spouse status, and race.
Our final sample contains 4,307 individuals; prepro-
cessing and summary statistics are in Appendices C
and D.

4.2 Modeling Optimal Time Allocation

We model daily time allocation as a continuous-
choice problem in which individuals distribute a
fixed amount of time across four discrete activ-
ity categories j € {L,W,S,0}: leisure, work,
sleep and personal care, and other activities. Each
individual 7 chooses an allocation vector h; that
maximizes utility:

> exp(6] Xi)-In(hij)
je{L,W,S5,0}
4)

subject to the time-budget constraint » j hij =T,
where 1" = 1440 mins. Although representing
a day as T' = 24 hours is more natural, we set
T = 1440 minutes to match the ATUS time unit
and to allow finer-grained variation in the generated
allocations. The vector X; contains demographic
and socioeconomic characteristics affecting how
the individual values each activity.
Solving this problem yields
exp(0) Xi)
>k ’3XP(9;;r Xi)

with time shares s;; = h;; /T =

max U;(h;;0) =
{his}

h;; =
. For empirical estimation, we work
exp(60] X;)
S exp(9y Xi)’
where the parameters 6; represent the relative
importance of attributes in determining time

allocation.

4.3 Parameter Estimation

Statistical Method. We estimate 6 =
(0r,0w,0s,00) by fitting model-predicted
shares to observed time-use data. Let s?}’s
denote the observed time share for activity j and
individual 7. Because the model is nonlinear in 6,

we use Non-Linear Least Squares:
2
exp(0] X;)
min PR B
DOACESS e

The estimated parameters provide an inter-
pretable representation of how individuals trade
off activities, conditioned on their demographic
attributes.
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Reference activity and interpretation. Because
shares depend on the relative values of QJ»TXZ- across
activities, parameters are identified up to a normal-
ization. We use Other Activities as the reference by
setting 8o = 0 and report coefficients for Leisure,
Work, and Sleep and Personal Care relative to this
baseline. Coefficients then capture how features
shift the propensity for each focal activity versus
Other with the daily time budget fixed, and dif-
ferences in éj (7 € L,W,S) reflect how humans
and LLMs reweight trade-offs relative to the same
reference. We verify in Appendix 1.1 that the di-
agnostic ranking is not an artifact of this choice:
re-estimating with g = 0 yields an identical Top-5
set with Spearman rank correlation 0.879.

Instantiating decision makers. We generate syn-
thetic decision makers by embedding individual
ATUS attributes such as age, education, and in-
come into a standardized prompt template (Ap-
pendix A). This conditions the LLMs to produce
time-allocation decisions reflecting realistic demo-
graphic profiles.

LLMs under evaluation. We evaluate a diverse
set of LLMs spanning closed- and open-source
families: GPT-40, Claude-3.7, Qwen-2.5, Llama-
3.3, and DeepSeek-V3. Model versions, endpoints,
and implementation details are in Appendix E.

S Experiments: Misalignment Analysis
and RAG-Based Mitigation

5.1 Misalignment Analysis

GPT-4o0 0.20 041 g 75 2

©

Claude-3.7 [N} (Wi |-050 E

(4]

DeepSeek V3 -0.15 018 025 g

2]

(o]
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Figure 2: Cosine Similarity Between LLM and Human
Estimated Parameter Vectors by Activity

Model-Level Misalignment Analysis. Figure 2
reports model-level alignment via cosine similarity
CosSim(8;,0g) for each activity-specific parame-
ter vector. The heatmap shows strong activity de-
pendence: Claude-3.7 is consistently best aligned,
especially for Work (0.78), while GPT-40 is moder-
ately positive across activities. Several open-source

models show mixed or sign-reversing alignment.
For example, DeepSeek-V3 is positive for Leisure
(0.42) but negative for Sleep and Personal Care
and Work, and Qwen-2.5 performs worst with nega-
tive similarity in all three activities. These negative
values indicate systematic differences in attribute
weighting, consistent with mismatched priors about
time-use patterns or difficulty capturing the con-
strained trade-offs in the human data of LLMs.

Table 2: Model-level alignment deviation between hu-
mans and LLM-based models. For each model I, M is
the mean absolute deviation of its coefficients from the
human baseline (lower is better); “Share” reports the
fraction of total deviation ) |, M; accounted for by each
model.

Model Mean M;  Share (%)
Qwen-2.5 0.189 26.4
Llama-3.3 0.180 25.1
GPT-40 0.128 17.8
DeepSeek-V3 0.126 17.6
Claude-3.7 0.094 13.1

Complementing cosine similarity, Table 2 re-
ports the model-level divergence score M;, which
captures the magnitude of coefficient gaps from
the human baseline. The ranking is broadly con-
sistent with the cosine-based results: Claude-3.7
has the smallest deviation (M; = 0.094), while
DeepSeek-V3 (0.126) and GPT-40 (0.128) show
moderate gaps. In contrast, Llama-3.3 (0.180) and
Qwen-2.5 (0.189) deviate the most and together
account for over half of the total divergence, indi-
cating systematically larger departures from human
trade-off weights.

Table 3: Feature-wise alignment deviation between hu-
man and LLM-based models. For each feature f, Ay is
the mean absolute deviation of model coefficients from
the human baseline; “Share” reports the fraction of total
deviation ) A accounted for by each feature.

Feature Mean Ay  Share (%)
Race: Pacific Islander 0.374 26.0
Race: Native American 0.223 15.6
Race: Black 0.194 13.5
Spouse: Present 0.171 11.9
Sex 0.098 6.8
Age 0.095 6.6
Earnings 0.076 53
Race: Asian 0.072 5.0
Spouse: Unmarried 0.070 4.9
Education 0.062 4.3

Attribute-Level Misalignment Analysis. To fur-
ther decompose and identify the sources of mis-
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Figure 3: Attribute-Level Comparison of Estimated Decision Weights Between Humans and LLMs
Table 4: Misalignment Analysis: Groups with Largest Deviation from Human Baseline
Activity  Group Human \ GPT-40 Claude-3.7 Deepseek-V3  Llama-3.3 Qwen-2.5
Work Race: Black 0.216+0.101 | 0.059+0033 0.075+0035 -0.008+0.073  0.163+0.071 0.002+0.043
Work Spouse: Present -0.236-+t0.065 | 0.046+0022 -0.11940023 -0.030+0.050  0.037+0.046 -0.036+0.029
Leisure  Race: Black 0.164+0.098 | -0.053+0.036 =-0.100+003 -0.119+0077 -0.02240.077 -0.051+0.045
Leisure ~ Spouse: Present -0.249-+o0.062 | -0.180+0.023 -0.210+0.025 -0.106+0.052 -0.017+0.049 -0.063+0.030
Sleep/PC  Race: Black 0.189+0072 | 0.040+0031 0.001+0034 -0.039+0072  0.019+0077 -0.039+0.044
Sleep/PC  Spouse: Present -0.187+0.044 | 0.049+0021 -0.105+0023 -0.023+0.049 -0.005+0.050 -0.035-£0.029

Notes: Sleep/PC denotes Sleep and Personal Care. Entries are estimated coefficients from the constrained time-allocation model, reported as estimate 4= 95%
confidence interval. Coefficients are interpreted relative to the reference activity (“Other”) under the normalization o = 0: a positive coefficient means the
subgroup tends to allocate more time to the listed activity (vs. “Other”) than the reference group; a negative coefficient means less time. We compare coefficients
across humans and models to diagnose which decision factors are over- or under-weighted by each LLM. Bold indicates statistical significance (p < 0.05).
Underline marks, within each activity, the model with the largest absolute deviation from the human coefficient for that group (worst alignment).

alignment between human and LLM decision mak-
ers, Figure 3 compares the estimated coefficients
feature by feature (with complete estimates in Ta-
ble 8 in Appendix F). We focus on (i) whether
models recover the same direction and statistical
salience of each weight and (ii) the magnitude of
divergence from the human baseline. For read-
ability, we omit the estimation results on Race:
Pacific Islander and Race: Native American as sub-
figures because the underlying sample sizes are
too small to support stable inference, even though
these features rank highly in the deviation sum-
mary as shown in Table 3'. Across most covariates,
the results do not reveal a single consistent align-
ment/misalignment pattern: models may track the

'The results with Race: Pacific Islander and Race: Native
American are shown in Figure 5 in Appendix F

human sign and significance for some attributes in
one activity while diverging in another, consistent
with the activity-dependent heterogeneity observed
in Figure 2.

Despite this overall heterogeneity, Figure 3 and
Table 3 highlight two attributes that exhibit par-
ticularly large and consistent deviations from the
human baseline across models: Race: Black and
Spouse: Present. Table 4 reports the largest de-
viation cases within each activity and motivates
our focus on these two groups in the main text,
while the full coefficient estimates are provided
in Table 8 Appendix F. For Race: Black, the hu-
man coefficients are positive and statistically sig-
nificant across all three activities (Leisure: 0.164,
Sleep and Personal Care: 0.189, Work: 0.216),
indicating that relative to the reference category

3838



Other, Black respondents allocate systematically
more time to each focal activity. In contrast, most
LLM:s substantially attenuate these effects and of-
ten reverse the sign, with the largest discrepan-
cies occurring in Leisure (DeepSeek-V3: —0.119,
Claude-3.7: —0.100, GPT-40: —0.053), suggest-
ing that the models encode qualitatively different
trade-offs for this group.

A similar pattern holds for Spouse: Present. In
the human baseline, this coefficient is negative and
significant across Leisure (—0.249), Sleep and Per-
sonal Care (—0.187), and Work (—0.236), imply-
ing that married individuals shift time away from
these activities toward the reference category. Sev-
eral models shrink these negative effects sharply
toward zero, and some nearly eliminate them. For
example, GPT-4o0 is close to zero for Work and
Sleep and Personal Care, producing the largest
deviations highlighted in Table 4.

Under the structural interpretation of coefficients
as attribute-dependent reweighting of constrained
trade-offs, these discrepancies indicate that LLMs
encode systematically different priorities for race
and marital status when allocating a fixed time
budget. These mechanism-level gaps are not ap-
parent from outcome agreement alone, but become
salient when alignment is evaluated through esti-
mated decision weights. Formal Wald tests on the
30 human-LLM coefficient differences for these
two attributes support this reading: 27 of 30 remain
significant after Holm correction (Appendix F).

5.2 Validating XChoice against
Reduced-Form Regression

104 Activity
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Figure 4: Coefficient Scatter Plot Comparing Reduced-
Form Regression and XCHOICE Estimates

Comparison to Reduced-Form Regressions.
Figure 4 compares reduced-form linear regres-
sion (OLS) coefficients (x-axis) with XCHOICE

Table 5: Parameter drift under mild covariate shifts
(lower is better). Bold indicates the smaller drift within
each shift (XCHOICE vs. OLS).

Shift Method  MAD RellL2 1-CosSim
Earmines lift XCHOICE  0.0045  0.0251  0.0003
g oLS 0.0380 0.0432  0.0008
. XCHOICE  0.0012  0.0055  0.0000
Age band lift oLS 0.0169 0.0240  0.0003
Recemixhip | XCHOICE  0.0374  0.1487  0.0111
‘ oLS 04716 0.7522  0.1881
Soouse mix shig XCHOICE  0.0205 01088 0.0059
pous oLS 0.2190 0.3724  0.0692

mechanism-based coefficients (y-axis) for the same
model-activity—feature tuples, with detailed OLS
estimation results reported in Table 9 in Ap-
pendix F. If the two approaches yielded similar
estimates, points would concentrate around the 45°
line; instead, we observe substantial dispersion and
a clear “shrinkage” pattern: many coefficients that
appear extreme under OLS map to much smaller
XCHOICE estimates, with points pulled toward
zero on the y-axis. This contrast is especially vis-
ible for several demographic features in the Work
category, where OLS produces large-magnitude ef-
fects (far right/left), while XCHOICE yields more
moderate values that reflect trade-offs under the
daily time-budget constraint. The most prominent
outliers, such as Llama-3.3 on Race: Asian and
Race: Black, highlight cases where OLS suggests
strong associations but the structural mechanism
implies weaker or qualitatively different reweight-
ing once substitution across activities is accounted
for. Overall, the figure suggests that reduced-form
regressions can amplify activity-specific correla-
tions, whereas XCHOICE produces more conser-
vative, mechanism-consistent weights that are less
driven by marginal correlations and more aligned
with constrained allocation structure.

Robustness/Invariance Analysis. To further as-
sess the robustness of XCHOICE under mild data
and policy drift, we conduct an invariance analysis
by introducing small shifts in the distributions of
earnings, age, race, and spouse status (data shift
details in Appendix G). Table 5 reports the invari-
ance analysis results with three different metrics.
Each row reports the drift between 8(9) (pre-shift
estimates) and o) (post-shift estimates) under one
shift; smaller values indicate stronger invariance.
Across all four shifts, the structural estimator ex-
hibits consistently lower MAD/RelL.2 and near-
zero 1 — CosSim relative to OLS, implying that
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Table 6: RAG mitigation results. Cosine similarity to
the human baseline.

Model Subgroup Baseline RAG A

GPT-40 Race: Black -0.827 -0.782  +0.045
Spouse: Present 0.276 0.741  +0.465

DeepSeek-V3  Race: Black -0.774 -0.673  +0.101
Spouse: Present 0.704 -0.015  -0.719

the direction of the estimated preference vector
(i.e., relative trade-offs across covariates) is largely
preserved under mild environmental perturbations.
This supports the interpretation that XCHOICE esti-
mation better captures stable latent “value weights,”
whereas OLS coefficients are more entangled with
sample-specific correlational structure and thus
drift more under covariate reweighting.

Beyond the environmental shifts above, we run
a suite of additional robustness checks that perturb
the modeling and identification choices themselves:
an equivalent reference-category re-normalization
(Appendix I.1), removal of one plausibly non-core
covariate (Appendix 1.2), € smoothing of corner
solutions (Appendix 1.3), a CES-style elasticity
sweep (Appendix 1.4), a non-parametric bootstrap
for sampling uncertainty (Appendix 1.5), a round-
number granularity check (Appendix 1.6), and a
diary-day reweighting that matches the human esti-
mand to the typical day elicited from LLMs (Ap-
pendix 1.7). The Top-5 most misaligned features
are stable across all checks, with rank correlations
of 0.88 or above, indicating that the diagnostic
conclusions are not driven by any single modeling
assumption.

5.3 Mitigating AI-Human Misalignment with
RAG

Guided by the diagnostics, we focus mitigation
on the two most consistently divergent attributes,
Race: Black and Spouse: Present, and target GPT-
40 and DeepSeek-V3 as representative closed- and
open-source models. As shown in Table 4, they are
the only models with worst-case misalignment in
two activities across the two focal subgroups. We
then apply a RAG intervention that conditions LLM
decisions on evidence retrieved—via embedding
similarity—from an academic-article knowledge
base built from domain-specific papers, containing
43 and 50 instances on time allocation by marital
status and race, respectively, and re-estimate pa-
rameters to measure changes in mechanism-level
alignment. Implementation details are provided in
Appendix H.

Table 6 summarizes how the RAG intervention
changes mechanism-level alignment for the two
targeted subgroups. Baseline and post-intervention
parameters are estimated on the same random
subsample of N = 431 respondents, and uncer-
tainty is quantified by paired bootstrap resampling
of respondents. The intervention yields one sta-
tistically credible improvement: for GPT-40 on
Spouse: Present, cosine similarity to the human
baseline rises from 0.37 to 0.84 (A = +0.47,
95% CI [0.09, 0.95]). The remaining cells are flat
(DeepSeek-V3 on Race: Black) or degrade (GPT-
40 on Race: Black and DeepSeek-V3 on Spouse:
Present); the degradations are directionally con-
sistent but imprecise at this subsample size, and
the two Race: Black cells rest on only N, = 42
respondents, below our N, > 50 threshold, so we
treat them as exploratory.

Evidence direction vs. quoted statistics. Many
retrieved passages quote explicit statistics (68% of
retrieved contexts overall and 93% in the marriage
condition), so a post-RAG shift could in princi-
ple reflect imitation of the quoted numbers rather
than an adjustment of trade-off weights. We there-
fore re-run the intervention with retrieval, prompts,
and decoding held fixed, replacing every quanti-
tative figure in the retrieved passages with a qual-
itative expression of the same directional finding
(Appendix H.7). The GPT-40 Spouse: Present gain
is almost fully retained without statistics (0.82 vs.
0.84, i.e., 96% of the gain; between-arm difference
95% CI [—0.13,0.11]), indicating that the shift is
driven by the direction of the evidence rather than
by replication of its numbers.

When does discrepancy-guided intervention
help or hurt? The results point to three failure
modes. (i) Persona—evidence mismatch. The two
GPT-4o0 cells start from nearly identical baselines
(0.37) yet diverge sharply: the marriage knowledge
base, whose evidence concerns adult households,
produces the credible gain, whereas the race knowl-
edge base produces a large degradation, and its
retrieved evidence includes findings on adolescent
populations retrieved for adult respondents (Ap-
pendix H.5). Evidence relevance, rather than the
size of the baseline gap, is the operative factor.
(ii) Intervening on already-aligned mechanisms.
DeepSeek-V3 on Spouse: Present starts close to
the human pattern (0.92) and falls to 0.09 after
RAG, suggesting that interventions should be gated
on the diagnostic signal A ¢ rather than applied uni-
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formly. (iii) Evidence format. In the same cell,
the qualitative arm restores most of the loss (0.82;
between-arm difference 95% CI [0.19, 1.34]), so
quoted statistics can distort trade-offs that a model
already encodes in a human-consistent way, even
though genuine gains do not require them. These
failures are visible only because alignment is re-
estimated at the mechanism level after the interven-
tion; we therefore view the RAG study as a proof of
concept of the diagnose-then-intervene loop rather
than a finished mitigation method.

6 Conclusions and Discussions

We propose XCHOICE, an explainable framework
for evaluating Al-human alignment in constrained
decision making via mechanism-based structural
metrics. Rather than relying on outcome agree-
ment alone, XCHOICE recovers and compares in-
terpretable decision parameters that capture how
humans and LLMs weight attributes, satisfy con-
straints, and resolve trade-offs. In our ATUS case
study, model alignment is highly heterogeneous
across activities and features, with salient discrep-
ancies concentrated in subgroups such as Race:
Black and Spouse: Present that are difficult to di-
agnose using accuracy-style metrics.

Beyond diagnosis, XCHOICE supports informed
mitigation: in a proof-of-concept RAG interven-
tion on GPT-40 and DeepSeek-V3 guided by the
discrepancy signals, retrieved evidence that is rel-
evant to the persona improves alignment, and the
gain persists when quoted statistics are removed,
whereas evidence that is mismatched to the per-
sona or that targets an already human-consistent
mechanism can degrade alignment, failures that
post-intervention re-estimation makes directly vis-
ible. An invariance analysis under environment
shifts further shows that the recovered 6 is more
stable than reduced-form baselines, consistent with
the Lucas-critique motivation. Beside continuous-
share allocation, a logistic-choice instantiation on
Anthropic HH-RLHF (Appendix J) recovers an in-
terpretable preference vector over thirteen text fea-
tures with significant directional signals on length,
formatting, politeness, and refusal markers, indi-
cating that XCHOICE extends naturally to discrete-
preference settings. Overall, alignment hinges on
whether models learn human-like trade-off weights
that encode stable priorities, not just whether they
match observed choices in a single context.

Limitations

Scope: descriptive, not normative. Through-
out this paper, “misalignment” refers to a descrip-
tive quantity, namely the behavioral divergence be-
tween an LLLM and an observational human base-
line under a shared feasibility constraint. It does
not imply that the human baseline is normatively
desirable, nor that closer alignment is always prefer-
able. We therefore view XCHOICE as a diagnostic
instrument, a “thermometer” that surfaces where
decision mechanisms diverge and makes implicit
trade-offs auditable, while normative judgments
about which trade-offs are desirable remain down-
stream and application-dependent. This distinc-
tion is particularly important for analyses involving
sensitive attributes such as race and marital status:
identifying that a model encodes systematically
different trade-off weights for a subgroup is infor-
mative for understanding model behavior, but does
not by itself dictate how the model should behave.

Methodological scope. XCHOICE is designed
for constrained decision making problems where
choices can be formalized with an explicit ob-
jective, a feasible set, and interpretable trade-
offs. While this class of decisions is common
and consequential, LL.Ms are deployed in a much
broader range of settings such as open-ended gen-
eration, multi-step reasoning, negotiation, and in-
teractive assistance, that may not admit a clean
constrained-optimization representation. Extend-
ing mechanism-based alignment metrics to those
contexts remains an open direction. Concretely,
applying XCHOICE requires observed decisions,
decision-relevant covariates, and a specifiable fea-
sible set. Such data are common (e.g., discrete
choice experiments in health economics, consumer
purchase panels, recommendation logs, and LLM
agent trajectories under explicit budgets), and the
HH-RLHF instantiation in Appendix J shows that
covariates can also be computed from the choice
objects themselves.

Estimation assumptions. Our approach inher-
its limitations from structural estimation. The re-
covered parameters depend on the assumed model
form and normalization choices, and they summa-
rize behavior within the scope of observed covari-
ates and constraints. Misspecification, omitted vari-
ables, or heterogeneity beyond what the model cap-
tures can bias estimates and complicate interpre-
tation. Moreover, invariance is best viewed as an
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empirical property rather than a guarantee: struc-
tural parameters may still drift under large regime
shifts or when preferences and institutions evolve.
These limitations motivate future work on more
flexible structural formulations, richer sources of
behavioral variation, and broader validation across
decision environments.

Human benchmark and elicitation. ATUS
records an individual-level diary for a single day,
so household joint decisions (e.g., spouse behav-
ior) and constraints such as commuting or care-
giving are only partially reflected in the covari-
ates. Because human and LLM estimates condi-
tion on the same covariate vector, XCHOICE com-
pares implied trade-offs given identical informa-
tion, but unobserved constraints shape what the
human benchmark represents. In addition, LLMs
are prompted for a typical day, whereas ATUS over-
samples weekend diaries. We align the two esti-
mands by reweighting (Appendix 1.7), but LLM
outputs elicited without day information are day-
invariant by construction and cannot reproduce the
weekday/weekend structure of human time use.

Mitigation study. The RAG intervention is a
proof of concept covering two models, two sub-
groups, and a subsample of respondents, and the
Race: Black cells are underpowered. Its outcome
depends strongly on whether retrieved evidence
matches the persona, so we do not present it as a
general-purpose mitigation method.

Risks of misuse. Although XCHOICE is intended
as an evaluation tool, mechanism-based diagnostics
could be misused to engineer models that better im-
itate human decision patterns for manipulative or
discriminatory purposes, especially when applied
to sensitive attributes or subgroups. Subgroup-level
analyses may also be over-interpreted as norma-
tive claims about how groups should behave, or
may reinforce stereotypes if reported without ap-
propriate context and uncertainty. To mitigate these
risks, we report uncertainty alongside subgroup
estimates and recommend avoiding deployment
decisions based solely on subgroup-specific coef-
ficients, without complementary qualitative and
domain review.
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Appendix
A Prompts to LLMs

System Instruction: You are an American making
daily time allocation decisions across three
activities: work, leisure, and other. Your
goal is to maximize overall happiness within
the 1,440 minutes available each day.

User Prompt Template: You are a {Gender
Identity}, {Age} years old, ethnically
identified as {Race}. Your highest level of
education is {Educational Level}, and your
weekly income is {Income}. Based on this
background, how would you allocate your time
across Work, Leisure, Sleep and Personal
Care, and Other in a typical day? Please
answer in the format: [Work, Leisure, Sleep
and Personal Care, Other], using numbers to
indicate minutes.

Listing 1: Prompt template for personalized LLM-based
agents.

B Algorithmic Details of XCHOICE

This appendix provides the full algorithmic specifi-
cation of the XCHOICE estimation pipeline sum-
marized in Section 3. The core idea is that inverse
optimization defines a single framework-level ob-
jective,

min £(0) = [[zops —2*O)[]", )

while the appropriate numerical solver depends on
the structure of x*(#). When z*(6) admits a closed
form, as in the Cobb—Douglas time-budget instan-
tiation of Section 4, Eq. (5) reduces directly to a
Non-Linear Least Squares problem in which the
closed-form x*(#) enters the objective and 6 is ob-
tained by standard numerical optimization. When
x*(0) has no closed form, x*(#) is computed nu-
merically inside the optimization loop while the
objective itself remains unchanged. For discrete
decisions, the same objective maps naturally to
standard discrete-choice estimators: x*(0) is re-
placed by the choice probability P(y | x;#), and 0
is recovered by maximum likelihood. We provide a
concrete discrete-choice instantiation on Anthropic
HH-RLHF in Appendix J. Algorithm 1 summarizes
the three-step pipeline used throughout the paper.

C Data Preprocessing

This section describes the data preprocessing pro-
cedures used to transform the raw survey data into
a structured format suitable for subsequent analysis.
The original ATUS extract contains 8,548 respon-
dents. We first restrict the sample to individuals
with non-missing information on key covariates,
dropping observations coded as “not in universe” or
with missing earnings (e.g., EARNWEEK = 99999.99).
After these restrictions, the final analytic sample
consists of 4,307 respondents.

We then construct a set of harmonized covari-
ates. Race is recoded from the original multi-
category RACE variable into four single-race indica-
tors (Black, Native American, Asian, and Pacific
Islander), using White-only respondents as the ref-
erence group. Educational attainment is collapsed
from the detailed EDUCYRS codes into an ordered
four-level variable (edu) distinguishing high school
or less, some college, bachelor’s degree, and any
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Table 7: Summary statistics for attributes and time-use variables (N = 4,307).

Variable Mean  Std. Dev. Min 25thpctl Median 75th pctl Max
Panel A: Continuous attributes (standardized)

Age 0.000 1.000 -2.054 -0.827 -0.077 0.809 2.718
Education (edu) 0.000 1.000 -1.347 -1.347 0.498 0.498 1.420
Weekly earnings (EARNWEEK) 0.000 1.000 -1.621 -0.765 -0.195 0.637 1.945
Panel B: Binary and indicator attributes

Male 0.507 0.500  0.000 - 1.000
Spouse present 0.542 0.498  0.000 - 1.000
Unmarried partner present 0.058 0.233  0.000 - 1.000
Race: Black 0.107 0.309  0.000 - 1.000
Race: Native American 0.008 0.089  0.000 - 1.000
Race: Asian 0.068 0.252  0.000 - 1.000
Race: Pacific Islander 0.002 0.043  0.000 - 1.000
Panel C: Time-use variables (minutes per day)

Work 246.97 260.66 0.00 0.00 135.00 488.00  1390.00
Leisure 266.33 197.41 0.00 120.00  225.00 385.00 1237.00
Sleep and personal care 578.16 136.48 0.00 500.00  570.00 645.00 1415.00
Other 348.53 210.83 0.00 185.00  305.00 480.00 1413.00

Note: Continuous predictors in Panel A are standardized to have mean zero and unit variance. For binary and indicator variables
in Panel B, we report mean, standard deviation, minimum, and maximum; quantiles are not reported (indicated by “-").

Algorithm 1 XCHOICE: Mechanism Recovery
and Alignment Diagnosis

Require: Observed decisions mgfg and xggs from human and

LLM [; constraints {g;, h; }; covariates X

Ensure: Estimated parameters 6z, 6; and alignment diagnos-
tics
Step 1: Forward solve. For a candidate 6, compute the
model-implied optimal decision

z*(0) = arg max f(z;0) st gi(z) =ci, hj(z) > d;.

Step 2: Inverse recovery. For each decision maker M €
{H, 1}, solve

Oom = argmein I mgﬁz) —z"(0) ||2

Use NLLS with the closed-form x*(6) when it is ana-
lytic, as in the continuous-share case. Otherwise compute
2™ (0) numerically inside the optimization loop, or use a
likelihood-based estimator maxy Y log P(y | ;) for
discrete choices. ) .

Step 3: Diagnostic comparison. Compare 0y and 6,
via the model-level metrics CosSim and M;, and the
attribute-level metric Ay, as defined in Section 3.3.

postgraduate education. Sex is recoded into a bi-
nary indicator for male (with female as the refer-
ence category), and household partnership status
is represented by two indicators for spouse present
and unmarried partner present (with no spouse or
partner as the reference category).

In addition to these attributes, we retain respon-
dents’ time allocation across four activity cate-
gories—work, leisure, sleep and personal care, and
other—each measured in minutes per day. The re-

sulting dataset provides a clean and interpretable
set of variables for the subsequent empirical analy-
sis and LLM-based simulations.

Sex. Respondents’ sex is recorded in the variable
SEX (01 = male, 02 = female, 99 = NIU). We ex-
clude observations coded as NIU (SEX = 99) and
recode this variable into a binary indicator. Specifi-
cally, we define a variable Male that takes the value
1 if the respondent is coded as male (SEX = 01) and
0 if coded as female (SEX = 02), treating female
as the reference category. This binary indicator is
used as the sex covariate in the subsequent analysis.

Race. The original dataset reports respondents’
race using the variable RACE, a multi-category code
that distinguishes single-race and multiracial com-
binations (e.g., @100 = White only, 110 = Black
only, @120 = American Indian/Alaskan Native,
0131 = Asian only, @132 = Hawaiian/Pacific Is-
lander only, and codes > 0200 for various mul-
tiracial combinations). To focus on clearly defined
single-race groups and avoid small, heterogeneous
multiracial cells, we restricted the sample to re-
spondents with a single reported race by dropping
all observations with codes greater than or equal
to 200 (drop if race >= 200 in Stata). We
then used “White only” as the baseline category
and constructed four binary indicator variables—
Race: Black, Race: Native American, Race: Asian,
and Race: Pacific Islander—which take the value
1 if the respondent belongs to the corresponding
single-race group and O otherwise. These indica-
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tors enter the subsequent models as race covariates,
with White as the omitted reference group.

Income. Weekly earnings are measured using
the variable EARNWEEK, which reports respondents’
usual weekly income. In the original data, missing
values are coded as 99999.99. We treat this code
as missing and drop all such observations from the
analysis (EARNWEEK = 99999.99). The resulting
non-missing values of EARNWEEK are used as the
weekly income covariate in our models.

Education. The survey records respondents’ ed-
ucational attainment using the variable EDUCYRS,
which distinguishes detailed schooling levels (e.g.,
grades 1-12, one to four years of college, bache-
lor’s degree, and various graduate degrees). For
ease of interpretation and to avoid sparsely pop-
ulated categories, we collapsed EDUCYRS into an
ordered four-level variable edu. Specifically, we
coded edu = 1 for respondents with at most a
high school education (EDUCYRS < 112, grades
1-12), edu = 2 for those with some college but
no bachelor’s degree (112 < EDUCYRS < 216),
edu = 3 for respondents with a bachelor’s degree
(EDUCYRS = 217), and edu = 4 for respondents
with any postgraduate education (EDUCYRS > 300),
including master’s, professional, and doctoral de-
grees. This four-level variable is used as the educa-
tion covariate in subsequent analyses.

Spouse/partner status. We measure household
partnership status using the variable SPOUSEPRES,
which indicates whether a spouse or unmarried part-
ner is present in the household (@1 = spouse present,
02 = unmarried partner present, @3 = no spouse
or unmarried partner present, 99 = NIU). We ex-
clude observations coded as NIU (SPOUSEPRES
= 99) and use “no spouse or unmarried partner
present” (SPOUSEPRES = 03) as the reference cat-
egory. We then construct two binary indicator
variables, Spouse present and Unmarried partner
present, which take the value 1 when SPOUSEPRES
equals 01 or 02, respectively, and 0 otherwise.
These indicators enter the models as covariates cap-
turing household partnership status.

Feature scaling and coding. Before estimation,
we standardize and encode all covariates in a con-
sistent way. On the continuous side, we treat re-
spondents’ age, educational attainment, and weekly
earnings as continuous predictors and include age,
the four-level education variable edu, and weekly
earnings EARNWEEK. These three variables are stan-

dardized to have mean zero and unit variance us-
ing the sample mean and standard deviation from
the final analytic sample. This scaling improves
numerical stability and makes the corresponding
coefficients more comparable in magnitude across
covariates.

Binary and categorical variables are kept on an
interpretable 0/1 scale and are not standardized.
Sex enters the models as a binary indicator Male,
coded as 1 for respondents coded as male in SEX
and O for those coded as female (the reference cat-
egory). Household partnership status, originally
recorded in SPOUSEPRES, is represented by two in-
dicator variables, Spouse present and Unmarried
partner present, with “no spouse or unmarried part-
ner present” serving as the baseline category. Race,
originally coded in RACE, is represented by four
single-race indicators—Race: Black, Race: Na-
tive American, Race: Asian, and Race: Pacific
Islander—with “White only” as the omitted refer-
ence group. All standardized continuous variables
and dummy-coded indicators are concatenated into
a single design matrix, and we include an explicit
intercept term for use in the subsequent empirical
analysis and LLM-based simulations.

D Descriptive Statistics

Table 7 reports descriptive statistics for respondent
attributes and time-use outcomes in the final an-
alytic sample of 4,307 individuals. By construc-
tion, the continuous attributes (age, education, and
weekly earnings) are standardized to have mean
zero and unit variance. The binary attributes indi-
cate that roughly half of the sample is male (mean
~ 0.51), just over half live with a spouse (= 0.54),
and a small fraction live with an unmarried part-
ner (= 0.06). The racial composition is predomi-
nantly White, with comparatively small shares of
Black, Asian, Native American, and Pacific Is-
lander respondents. On average, respondents al-
locate about 247 minutes per day to work, 266
minutes to leisure, 578 minutes to sleep and per-
sonal care, and 349 minutes to other activities, with
substantial cross-individual variation in both work
and non-work time.

E Additional Details of Experimental
Setup

LLMs under evaluation. We evaluate a diverse
set of LLMs to demonstrate that XCHOICE
applies across major model families and capa-
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Table 8: Estimated Coefficients by Activity and Model (Human Baseline vs. LLMs)
Feature Human | GPT-4o Claude-3.7 Deepseek-V3  Llama-3.3 Qwen-2.5
Activity: Leisure
Constant 0.326 £ 0102 | 1.035 £ 0041 1.344 £ 0043 1.704 0000  1.331 £ o00ss  1.752 & 0.0s1
Age 0.055 0029 | -0.146 0011 0.102 £ 0012 0.050 £ 0.024  0.066 £ 0.023  0.038 £ 0.014
Sex -0.324 40059 | -0.157 £ 0023 -0.225 + 0024  -0.186 £ 0050 -0.168 £ 0040 -0.141 = 0.028
Education  -0.025 £ 0.032 | -0.014 &= 0012 -0.044 £ 0013  0.044 = 0027  0.059 £ 0026  0.012 + 0.016
Earnings -0.060 + 0033 | 0.069 0013  0.045 £ 0014  -0.002 0029  0.040 £ 0020 -0.041 % 0016
Asian -0.072 £ 0118 | -0.132 = 0048 -0.103 = 0048 -0.075 £ 0100 0125 & 0122 -0.052 =% 0.055
Black 0.164 £ 0.09s | =0.053 £ 0036 -0.100 & 0.030 -0.119 40077 -0.022 + 0077 -0.051 = 0.045
Native Am. 0.027 £ 0321 | 0.088 £ 0139 -0.038 £ 0138  -0.154 0261 -0.299 + 0216 -0.574 + 0.108
Pac. Isl. 0.130 £ 0795 | 0.026 £ 0282 -0.005 £ 0297 -0.067 £ 0517 -0.164 &= 0470 -0.390 =+ 0.265
Married -0.249 4+ 0062 | -0.180 £ 0023 -0.210 0025 -0.106 £ 0052 -0.017 £ 0040 -0.063 £ 0.030
Unmarried  0.036 £ 0131 | -0.141 4= 0055 -0.122 £ 0054  0.036 &= 0.113  -0.030 £ 0.105  -0.051 == 0.061
Activity: Sleep and Personal Care
Constant 0.677 £ 0074 | 1.537 0036 1942 0030 2.273 £ 0085  1.112 0000 1.912 =+ 0.050
Age -0.011 £ 0.021 | -0.226 £ 0010 -0.014 £ 0011 -0.009 £ 0023 0.005 £ 0023 0.019 £ 0.014
Sex -0.064 £ 0042 | -0.089 £ 0.020 -0.130 £+ 0022 -0.127 0048 -0.076 £ 0.050 -0.116 =+ 0.028
Education  -0.038 £ 0023 | -0.021 = 0011 -0.053 £ 0012 0.049 £ 0026 0.037 £ 0027 0.006 £ 0015
Earnings -0.018 £ 0.023 | 0.108 0012 0.091 0013  0.008 £ 0027  0.028 £ 0030 -0.059 + 0.016
Asian 0.003 £ 0078 | =0.052 4= 0041 -0.019 0042 -0.036 £ 0094 0.081 £ 0.124  -0.021 == 0.054
Black 0.189 + 0.07 0.040 £ 0031 0.001 £ 0034 -0.039 0072 0.019 0077 -0.039 = 0.044
Native Am. 0.033 0228 | 0.089 £ 0123 0.031 £0.123 -0.082 £ 0243 -0.247 0217 -0.531 + 0.103
Pac. Isl. 0.433 £ 055 | 0.052 £ 0251 0.074 £ 0266 -0.031 0486 -0.081 £ 0468 -0.219 4 0.252
Married -0.187 £ 0044 | 0.049 £ 0.021  -0.105 0023 -0.023 £ 0049 -0.005 £ 0050 =0.035 £ 0.029
Unmarried  0.008 & 0096 | 0.006 4= 0048 =0.071 & 0045 -0.014 = 0107 -0.041 £ 0106 -0.051 = 0.060
Activity: Work

Constant 0.076 £ 0108 | 1.265 0038 1.741 0040 2127 £ 0086 2152 0082 2.043 £ 0.049
Age 0.009 £ 0031 | -0.353 £ 0010 -0.104 £ 0011 -0.115 £ 0023 -0.169 £ 0.021  -0.092 = 0.014
Sex -0.221 40063 | -0.109 £ 0021 -0.164 £+ 0022 -0.146 0048 -0.384 £+ 0046 -0.116 = 0.028
Education  -0.099 =& 0.034 | -0.029 £ 0011 -0.081 £ 0012 0.033 £ 0026 0.072 £ 0025 -0.011 £ 0.015
Earnings 0.112 0034 | 0.184 £ 0012 0.175 £ 0013 0.068 £ 0028  0.234 £ 0028  0.037 £ 0.015
Asian ~0.045 + 0120 | =0.074 + 0042 0.016 £ 0043 -0.013 + 0092 0371+ 0113 -0.038 + 0053
Black 0.216 +o0.101 | 0.059 + 0033  0.075 0035 -0.008 £ 0073 0.163 &= 0071 0.002 % 0.043
Native Am. 0.055 £ 0336 | 0.131 £ 0127 0.095 £ 0125 -0.051 0245 -0.331 £ 0197 -0.436 =% 0.100
Pac. Isl. 0.319 £ 0760 | 0.139 02 0.120 £ 0271 -0.213 £ 0497 -0.185 £ 0434 -0.256 =+ 0.250
Married -0.236 4= 0065 | 0.046 = 0022 -0.119 0023 -0.030 £ 0050 0.037 £ 0046 =0.036 = 0.029
Unmarried  0.031 £ 0135 | -0.011 £ 0050 -0.095 & 0040 0.006 &= 0.10s  -0.039 =+ 0.006  -0.056 = 0.059

Note: Coefficients significant at p < 0.05 are bolded. Margins denote 95% CI.

bility levels. For closed-source systems, we
include gpt-40-2024-08-06 (GPT-40) and
claude-3-7-sonnet-20250219 (Claude-3.7).
We also assess leading open source models,
including Qwen/Qwen2.5-72B-Instruct (Qwen-
2.5), meta-1lama/Llama-3.3-70B-Instruct
(Llama-3.3), and deepseek-ai/DeepSeek-V3
(DeepSeek-V3). When using provider-specific
endpoints, we report the underlying base model
name for clarity and reproducibility.

Generation and filtering protocol. For each
ATUS respondent profile, we issue a single query
to each LLM using the prompt template in Ap-
pendix A. Decoding parameters are held constant
across all five main-experiment models: tempera-
ture 0.1, top-p 1.0, and a maximum of 1,024 tokens,
matching the configuration used in the RAG inter-

vention in Appendix H. We do not fix a global
random seed across model calls; instead, robust-
ness to sampling variability is addressed by the
non-parametric bootstrap analysis in Appendix 1.5,
which directly quantifies uncertainty in the recov-
ered parameters and diagnostic rankings.

The prompt constrains the response to the struc-
tured format [Work, Leisure, Sleep and
Personal Care, Other] in minutes. Across all
N = 4,307 profiles and all five evaluated LLMs,
every returned response parses successfully and
strictly satisfies the time-budget constraint with
non-negative integer allocations summing to ex-
actly 1,440 minutes. No retries, repairs, or filter-
ing are required, yielding a retention rate of 100%.
Zero entries do occur for some respondents and
activities under both the human ATUS data and the
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LLM outputs; because such corner solutions inter-
act with the log specification in Eq. 4, we examine
their effect on the recovered parameters and diag-
nostic rankings via a small smoothing perturbation
in Appendix 1.3.

F Additional Experimental Results

Full coefficient estimates. Table 8 reports the
full coefficient estimates for each activity-specific
model, including the human baseline and all eval-
uvated LLMs. Coefficients are presented as point
estimates with 95% confidence intervals, and sta-
tistically significant estimates (p < 0.05) are bold-
faced. We include this table as supplementary ev-
idence for the attribute-level comparisons in the
main text (Figure 3 and Table 3), enabling readers
to inspect the exact magnitudes, signs, and uncer-
tainty of each demographic factor across activities
and models.

Formal tests of human—-LLM coefficient differ-
ences. To test the headline subgroup claims di-
rectly, we run Wald tests of Hy : 0, y = 0 5 for
every model [, activity, and the two focal features
Race: Black and Spouse: Present (30 tests), using

z = (él,f - QAH’f)/\/SEl2 + SEZ with standard
errors recovered from the 95% confidence-interval
margins in Table 8 (SE = margin/1.96). We apply
the Holm correction across all 30 tests. Table 10
reports the results: 27 of 30 differences remain
significant after correction, 16 of them at adjusted
p < 0.001. The three non-significant cells (GPT-
40 and Claude-3.7 on Spouse: Present X Leisure,
and Llama-3.3 on Race: Black x Work) are all
cells that Table 4 does not mark as worst-aligned,
while every worst-aligned cell is significant, so the
formal tests and the descriptive diagnostics agree.

Decision-weight profiles by model. Figure 5
complements Figure 3 by reorganizing the same
coefficient estimates at the model level. Each panel
corresponds to one decision maker (Human or an
LLM), and the x-axis lists features, while colors
indicate activities (Work, Leisure, and Sleep/Per-
sonal Care) with 95% confidence intervals. Unlike
the main-text attribute-level plot, we include Race:
Pacific Islander and Race: Native American here
for completeness; the wide intervals and unstable
estimates illustrate why these categories are omit-
ted from the main results due to limited sample
size and lack of meaningful statistical precision.
Overall, the model-level view makes it easier to

inspect how each model reweights attributes across
activities and where uncertainty or sign changes
concentrate.

Distributional view of misalignment identifica-
tion. Figures 6 and Figure 7 provide a distribu-
tional view of the misalignment identified by the
coefficient-based diagnostics. Across both race
and partnership-status strata, human time shares
(black curves) are noticeably more diffuse, with
heavier tails that reflect heterogeneous schedules
and constraints. In contrast, LLM-generated shares
are highly concentrated, showing clear heaping at
a few focal values, which is consistent with stereo-
typed allocations such as round-hour schedules.
A prominent pattern is that models systematically
under-allocate the residual category Other: com-
pared with the human distributions, LLM densities
collapse toward near-zero time shares and rarely
reproduce the wider support and long right tail ob-
served in the survey data. This suggests that models
tend to over-commit time to the salient categories
(Work/Leisure/Personal) while failing to capture
the diversity of non-core activities that occupy sub-
stantial portions of the day for many individuals.
The subgroup panels also highlight why Race:
Black and Spouse: Present emerge as salient diver-
gence sources in the mechanism estimates. In the
human data, the black curves shift in shape across
strata, indicating that demographic attributes are
associated with meaningful changes in how time is
distributed across activities (including tail behavior
and multimodality). By comparison, many LLM
curves vary only weakly across rows, implying
limited sensitivity to subgroup-specific trade-offs
even when demographic information is provided.
Put differently, the models often produce similar
“template” schedules across groups, compressing
within-group variation and attenuating cross-group
differences. This distributional evidence is consis-
tent with the coefficient misalignment results: the
models do not merely miss outcomes at the margin,
but encode different prioritization patterns for these
subgroups, especially in how they allocate resid-
ual time and how strongly demographic attributes
reshape the allocation trade-offs.

OLS estimation results. Table 9 reports reduced-
form OLS estimates for each activity and decision
maker, including the human baseline and LLM-
generated decisions. For each activity, we regress
the observed or model-produced time share on the
same set of demographic covariates (standardized
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Figure 5: Estimated Decision-Weight Profiles by Model (Across Activities and Attributes)

age, education, weekly earnings, plus indicators for
sex, spouse or partner status, and race), and report
coefficients with 95% confidence-interval margins.
These coefficients summarize conditional associa-
tions and do not enforce the time-budget adding-
up constraint across activities, so they should not
be interpreted as trade-off weights. Instead, we
use them as a conventional baseline to contrast
against XCHOICE’s mechanism-based estimates
and to support robustness checks under mild en-
vironment shifts. The table also highlights that
coefficients for sparsely represented groups, espe-
cially Native American and Pacific Islander, can be
highly variable and imprecise, which aligns with
our decision to omit these categories from the main-
text attribute-level visualization.

G Invariance Analysis Metrics and
Experimental Design

We test parameter invariance by comparing base-
line estimates #(?) to estimates §(!) obtained after
applying mild counterfactual data shifts. Drift is
quantified by three lower-is-better metrics:

L= [1) _ 4(0)
MAD:K;)@ s ‘ (6)

1y 60 =60,
Rell.2 = HQ(O)HQ , (7
L) . p(0)

1 — CosSim =1 ®)

(o1, 1161,

MAD measures average absolute coefficient
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Figure 6: Time-share distributions across activities by race group. Each column corresponds to one activity (Work,
Leisure, Personal, Other), and each row to a race group. Within each panel, we compare the empirical distribution
of human time shares (black) with time-share patterns produced by different LLM-based models, using a log-scaled

density axis.

change, Rell.2 measures relative change in {5 mag-
nitude, and 1 — CosSim measures directional rota-
tion (near 0 implies preserved relative trade-offs).

Data shift design. We implement four shifts that
emulate small policy-like perturbations and com-
positional changes:

* Earnings quantile lift (magnitude 0.5). Let ¢g 5
be the median of Weekly earnings (earnweek).
We only lift the bottom half by adding
0.5 - sd(earnweek) to all individuals with
earnweek < qo5, leaving the upper half un-
changed. This changes the shape of the earnings
distribution (not a pure location shift).

Age band shift (magnitude 0.1). We randomly
select a fraction p = 0.1 of individuals aged 25—
34 and increase their continuous age by 10 years,
effectively moving them into the 35-44 range.
This produces a localized age redistribution and
can modify correlations between age and other
covariates (e.g., spouse/education/earnings).

* Race mix shift (Asian +2pp, White —2pp).

3850

After discretizing age into age_band, we per-
form a mild raking-style resampling within each
(age_band, sex) stratum to increase race code
131 (Asian) by 0.02 in share and decrease race
code 100 (White; baseline) by 0.02, keeping
other categories unchanged up to normalization.
This is a small compositional (mixture) shift that
preserves the stratification structure.

Spouse mix shift (present —+3pp in
ages 30-44). Using age_band bins
(18,25, 30, 35,45, 55, 65, 100), we  apply
raking-style resampling only within age bands
covering 30-44 to increase spousepres= 1
(present) by 0.03 and decrease spousepres= 3
(baseline) by 0.03. Other age bands are left
unchanged. This creates a targeted, policy-like
compositional perturbation rather than a global
reweighting.
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Figure 7: Time-share distributions across activities by household partnership status. Each column corresponds to
one activity (Work, Leisure, Personal, Other), and each row to a spouse/partner status category (spouse present,
unmarried partner, no spouse/partner). Within each panel, we compare the empirical distribution of human time
shares (black) with time-share patterns produced by different LLM-based models, using a log-scaled density axis.

H RAG Design for Misalignment
Mitigation

To analyze alignment at the attribute (and sub-
group) level, we compare how each model weights
the same feature across activities. For a given fea-
ture f (e.g., Race: Black or Spouse: Present),
we form the activity-specific coefficient vector
Om. = (Qﬁb’f, 0y ;.05 ) for each model m, and
likewise 6 y for the human baseline. We then
quantify alignment using cosine similarity:

.

0H, fem,f

COSSZ.m(éH“f, ém’f) - —
162,711 161

This metric captures whether humans and LLMs
exhibit similar directional trade-off patterns for
feature f across activities, independent of overall
scale, and enables systematic diagnosis of which
attributes drive mechanism-level divergence.

We employ a Retrieval-Augmented Generation
(RAG) pipeline to enhance LLLM predictions of
time allocation by grounding model outputs in em-
pirical research findings. The following subsec-

tions describe the construction of our knowledge
base, the retrieval mechanism, and the prompt de-
sign.

H.1 Knowledge Base Construction

We construct domain-specific knowledge bases
from peer-reviewed research on time allocation
behavior. Each knowledge base contains struc-
tured instances extracted from empirical studies,
capturing findings about how demographic factors
influence daily time use patterns.

Marriage Knowledge Base. This knowledge
base comprises 43 instances derived from research
papers examining the relationship between marital
status and time allocation. Topics include house-
hold decision-making dynamics, work hours by
marital status, couple time and family activities,
the impact of children on time allocation, leisure
time patterns, personal care behaviors, and caregiv-
ing responsibilities.

Race Knowledge Base. This knowledge base
contains 50 instances from studies investigating
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Table 9: Estimated Coefficients by Activity and Model (Human Baseline vs. LLMs).
coefficients £+ 95% CI margin.

Values represent OLS

Feature Human | GPT-4o Claude DeepSeek Llama Qwen
Activity: Leisure
Age 0.061 + 0028 | 0.115 £ 0006  0.151 + 0006  0.110 &= 0008 0.190 £ 0010 0.096 £ 0.005
Sex -3.508 4 0541 | -0.894 £+ 0.185 -1.280 £ 0164 -0.805 0245 1.483 0280 -0.458 £ 0.135
Education  0.171 0425 | 0.131 = 0004  0.164 = 0083 0.048 0125 0.088 £ 0.146  0.255 4= 0.068
Earnings -0.001 £ 0001 | -0.001 = 0.000 -0.001 £ 0.000 -0.001 £ 0.000 -0.002 £ 0.000 -0.001 =+ 0.000
Asian -0.950 & 1641 | -1.079 £ 0362 -1.376 £ 0321 -0.783 £ 0483 -2.420 £ 0565 -0.465 = 0.264
Black 0.465 &£ 1335 | -1.509 £ 0204 -1.855 £+ 0261 -1.566 + 0393 -2.150 £ 0459 -0.658 + 0214
Native Am. 0.135 & 4581 | -0.134 £ 1000 -1.244 £ 0806 -1.355 &£ 1348 -0.443 £ 1575 -2.646 £ 0734
Pac. Isl. -2.182 & 9411 | -0.694 £ 2073 -1.283 £ 1820 0.400 & 2760 -0.684 £ 3236 -3.225 £ 1507
Married -1.600 =+ 0579 | -3.515 £ 0,194 -1.669 £ 0.172 -1.327 £ 0259 -0.793 £ 0302 -0.500 == 0.141
Unmarried 0.606 + 1518 | -2.175 £ 0401 -0.712 £ 0356  0.685 40537  0.042 0626  0.062 & 0.292
Activity: Sleep and Personal Care
Age -0.049 £+ 0019 | 0.010 = 0.00+  0.025 £ 0003 0.067 = 0.00s  0.101 £ 0011 0.079 =+ 0.005
Sex 2.001 £ 0575 | 0.599 £ 0112 0.471 £ 0084 0.652 £ 0235 3.415 0319 0.138 £ 0.163
Education  -0.023 4= 0201 | -0.008 £ 0057 0.166 &= 0042 0.301 0119 -0.364 = 0.162  0.139 £ 0.0%2
Earnings -0.001 £ 0.000 | -0.000 £ 0.000 -0.001 £ 0.000 -0.001 %= 0.000 -0.003 £ 0.000 -0.002 = 0.000
Asian 0.863 & 1124 | 0.654 £ 0219 -0.034 £ 0163 -0.100 & 0458 -3.022 £ 0624 0.419 £ 0319
Black 1.604 + 0914 | 0.681 £ 0.178 -0.336 £ 0133 0.144 £ 0373 -1.147 £ 0507 -0.457 £ 0258
Native Am. 0.244 £+ 3136 | -0.178 £ 0611 -0.426 £ 0456 -0.065 £ 1277 0.738 &= 1740 -1.945 = 0887
Pac. Isl. 7311 £ 6442 | -0.536 & 1255 0.047 £ 0936  2.563 £ 2624  1.467 £ 3574 1.180 £ 1522
Married -1.289 + 0602 | 2.234 0117 0.615 £ 0087 0.828 £ 0245 -0.282 0331 0.281 £ 0.170
Unmarried -0.563 &£ 1244 | 1.544 0243 0.435 £ 0.181 -0.621 £ 0500 -0.062 & 0692 0.055 &= 0353
Activity: Work
Age 0.000 £ 0038 | -0.272 0011 =0.191 &+ 0009 -0.200 + 0014 -0.329 £ 0023 -0.194 =+ 0.008
Sex -1.996 + 1115 | -0.147 £ 0316 -0.591 £ 0278 -0.166 £ 0402 -6.728 £ 0683 0.127 % 0.246
Education  -0.939 =+ 0504 | -0.288 £ 0.160 =0.769 £ 0.141 -0.304 £ 0203 0.622 £ 0346 -0.438 £ 0.125
Earnings 0.002 £ 0001 | 0.003 £ 0000 0.003 0000 0.002 £ 0000  0.006 £ 0.000  0.002 = 0.000
Asian -0.430 2177 | -0.144 £ 06135 1.144 £ 0543 0.768 £ 0784 6.669 £ 1335 -0.156 & 0.452
Black 1.285 £ 1770 | 1.145 0502 2.191 £ 0442 1.184 £ 0638 3.969 + 1084 1.051 £ 0391
Native Am. 0.387 6076 | 1.333 & 1724 1.896 &+ 1516 1.088 £ 2187 -2.419 £ 3720 1.265 % 1341
Pac. Isl. 0.798 & 12482 | 2.287 3541 1.595 3114 -4.069 + 4403 -1.736 & 7642 0.058 £ 2.755
Married -1.375 4+ 1166 | 1.525 £ 0331 0.020 £ 0201 0.359 0420 1.001 0714 0.197 £ 0257
Unmarried 0.117 2411 | 0.563 0684 -0.518 £ 0602 0.065 05871 -0.293 £ 1479 -0.226 £ 0533
racial and ethnic disparities in time use. Topics  template:

include leisure-time physical activity disparities,
work-related activity patterns, time penalties faced
by racial minorities, employment barriers, struc-
tural factors affecting time allocation, gender dif-
ferences in household activities, and sleep duration
variations across racial groups.

H.2 Embedding and Retrieval

We employ dense retrieval to identify relevant
knowledge instances for each respondent persona.

Embedding Generation. We generate em-
beddings for both knowledge instances
and respondent personas using OpenAl’s
text-embedding-3-large model, which
produces 3,072-dimensional dense vector repre-
sentations. Each knowledge instance is embedded
based on its textual content, while respondent

personas are embedded using a structured sentence

“A [age]-year-old [gender] [race] with
[education], [spouse status], earning
$[income] per week.”

Retrieval Mechanism. For each respondent, we
compute cosine similarity between the persona em-
bedding and all knowledge instance embeddings.
We retrieve the top-£ most similar instances, where
k = 3 in our experiments.

H.3 Demographic Variable Encoding

We encode demographic variables from the ATUS
dataset into natural language descriptions. Gender
is encoded as male or female. Education level is
categorized into four groups: no college education,
some college without a bachelor’s degree, bache-
lor’s degree, and advanced degree. Race categories
include White, Black, American Indian or Alaskan
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Table 10: Wald statistics z for human—LLM coefficient differences on the two focal features. Stars denote Holm-
adjusted significance across all 30 tests: *p < 0.05, **p < 0.01, ***p < 0.001. Sleep/PC denotes Sleep and

Personal Care.

Activity Feature GPT-40 Claude-3.7 DeepSeek-V3 Llama-3.3 Qwen-2.5
Leisure Race: Black —4.07"** —4.91*** —4.45"** —2.93" —3.91*"
Leisure Spouse: Present 2.05 1.14 3.46™" 5.75%* 5.29***
Sleep/PC  Race: Black —3.73*" —4.63*" —4.39"** -3.16 —5.30"""
Sleep/PC  Spouse: Present 9.49*** 3.24™" 4.88"* 5.36™"* 5.65""
Work Race: Black —2.90" —2.59* —3.52** —-0.84  —3.82""
Work Spouse: Present 8.05™** 3.33*" 4.927 6.72""* 5.51%**

Native, Asian, and Native Hawaiian or Pacific Is-
lander. Spouse presence is encoded as having a
spouse, having an unmarried partner, or having no
spouse or unmarried partner.

H.4 Model Configuration

We evaluate two LLMs in our experiments: GPT-
40 and DeepSeek-V3. Both models are configured
with a temperature of 0.1 to promote deterministic
outputs, a maximum token limit of 1,024, and top-p
sampling set to 1. These settings balance output
consistency with sufficient generation capacity for
the structured JSON response.

H.5 Illustrative Examples

We present examples demonstrating how the RAG
pipeline retrieves contextually relevant knowledge
for different demographic profiles. For each exam-
ple, we show the respondent’s demographic infor-
mation, the constructed persona sentence used for
embedding, and the full text of the three retrieved
knowledge instances.

H.5.1

Example 1: Married Individual. Demograph-
ics: 53-year-old Black male with an advanced de-
gree, married, weekly income of $1,173.

Persona sentence: “A 53-year-old male Black with
an advanced degree, a spouse, earning $1173.00
per week.”

Retrieved knowledge instances:

Marriage Experiment Examples

1. “Expected wage profiles at the time of mar-
riage strongly impact household decision-
making weights, favoring the spouse with a
higher expected wage.”

2. “Dual-earner households exhibit more fre-
quent adjustments in weights due to wage
shocks compared to single-earner house-

holds.”

3. “Understanding how marital status and
wage profiles affect intra-household decision-
making can inform interventions designed to
improve family welfare and resource alloca-
tion.”

Example 2: Unmarried Individual. Demo-
graphics: 39-year-old White female with some col-
lege education but no bachelor’s degree, no spouse
or unmarried partner, weekly income of $240.
Persona sentence: “A 39-year-old female White
with some college education but no bachelor’s de-
gree, no spouse or unmarried partner, earning
$240.00 per week.”

Retrieved knowledge instances:

1. “Married individuals, particularly husbands,
tend to work longer hours compared to their
unmarried peers.”

2. “Married individuals often have more stable
employment patterns, prioritizing job security
to support their families. Unmarried individu-
als tend to engage in more part-time work or
gig economy jobs, reflecting a more flexible
approach to employment.”

3. “Leisure hours are relatively similar between
genders, with slight differences in how they
allocate time to leisure activities.”

H.5.2 Race Experiment Examples

Example 3: Black Individual. Demographics:
53-year-old Black male with an advanced degree,
married, weekly income of $1,173.

Persona sentence: “A 53-year-old male Black with
an advanced degree, a spouse, earning $1173.00
per week.”

Retrieved knowledge instances:

1. “Leisure activities account for 53.8% of the
time for urban African American adoles-
cents, which is higher than in other postin-
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dustrial populations. Significant engage-
ment in leisure activities includes TV viewing
(17.5%) and talking (11.1%). Boys reported
more leisure time than girls among the urban
African American adolescents.”

2. “Urban African American adolescents spent
21.6% of their time on productive activities,
with only 4.5% dedicated to homework, which
is less than their suburban peers.”

3. “Urban African American adolescents spent
3.99% of their time on household chores and
7.89% on personal maintenance, with girls
reporting more time in these activities.”

Example 4: Non-Black Individual. Demo-
graphics: 30-year-old White female with a bache-
lor’s degree, unmarried partner, weekly income of
$1,730.76.

Persona sentence: “A 30-year-old female White
with a bachelor’s degree, an unmarried partner,
earning $1730.76 per week.”

Retrieved knowledge instances:

1. “Women, particularly Spanish-speaking His-
panics, report higher engagement in heavy
household chores compared to their White
counterparts, suggesting a gendered aspect
of time allocation in household responsibili-
ties.”

2. “Non-Whites report higher levels of work-
related physical activity (WRPA), with
Spanish-speaking Hispanics engaging in
strenuous job-related activities most fre-
quently. Whites report the lowest levels of
WRPA compared to other racial and ethnic
groups.”

3. “Urban African American adolescents spent
3.99% of their time on household chores and
7.89% on personal maintenance, with girls
reporting more time in these activities.”

H.6 Paired Estimation Protocol

RAG generation is run on a random 10% sub-
sample of the analytic sample (N = 431). To
separate the effect of the intervention from sam-
pling differences, baseline and post-intervention
parameters are estimated on the same respondents:
baseline parameters use the main-experiment out-
puts of the corresponding model for these 431 re-
spondents, post-intervention parameters use the

RAG outputs, and both use the covariate coding
of the main pipeline. The human reference is the
full-sample estimate. Cosine similarities are com-
puted on the focal-feature coefficient vector defined
above, and 95% percentile intervals are obtained
from B = 200 bootstrap replicates that resample
respondents jointly across arms.

H.7 Qualitative-Evidence Ablation

To test whether post-RAG shifts reflect imitation
of quoted statistics rather than adjustment of trade-
off weights, we construct a qualitative arm. Re-
trieval is held identical: each respondent receives
the same three retrieved passages as in the original
run. Within these passages, every quantitative ex-
pression (e.g., percentages, hours, and minutes) is
paraphrased into a qualitative statement conveying
the same directional finding, and passages with-
out quantitative content are left unchanged. The
prompt template, models, and decoding configura-
tion are identical across arms, so the passage text
is the only difference. We then estimate parame-
ters on the qualitative-arm outputs under the same
paired protocol and bootstrap the between-arm dif-
ference jointly with the other quantities.

Table 6 reports the results. In the one cell with a
credible gain (GPT-40 on Spouse: Present), the
qualitative arm retains 96% of the gain, and the
between-arm difference is indistinguishable from
zero (95% CI [—0.13,0.11)), so the gain does not
depend on quoted statistics. In DeepSeek-V3 on
Spouse: Present, removing statistics eliminates
most of the degradation (between-arm difference
95% CI [0.19, 1.34]), indicating that the statistics
themselves distort an already human-consistent
mechanism. In GPT-40 on Race: Black, the degra-
dation persists in both arms (between-arm differ-
ence 95% CI [—0.03, 0.15]), consistent with a fail-
ure driven by the content of mismatched evidence
rather than its format.

Output validity. Retrieval-augmented prompts
lower the rate of usable outputs relative to the main
experiment. Table 11 reports, for each condition,
the number of respondents whose output yields a
parseable allocation with a positive total; shares
are computed by normalizing each allocation by its
total. Post-intervention estimates use these respon-
dents, and baseline estimates use all 431 respon-
dents.
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Table 11: Usable post-intervention outputs out of N =
431 respondents per condition.

Model Subgroup RAG RAG (qual.)
GPT-40 Spouse: Present 424 (98.4%) 410 (95.1%)
GPT-40 Race: Black 344 (79.8%) 339 (78.7%)
DeepSeek-V3  Spouse: Present 393 (91.2%) 376 (87.2%)
DeepSeek-V3  Race: Black 379 (87.9%) 379 (87.9%)

I Robustness Checks and Additional
Validations

This appendix consolidates a series of robustness
checks that probe whether the diagnostic conclu-
sions in Section 4 depend on specific modeling or
identification choices. Throughout, we hold the
LLM estimates fixed and re-estimate the human
mechanism under alternative configurations, then
recompute the same feature-wise multi-model av-
eraged deviation

1 . .
Ap = le\ 05— Om.t4

)

where L is the number of LLMs and J1 is the set of
non-reference activities. Robustness is summarized
by Top-5 overlap, Jaccard, Spearman rank corre-
lation across all features, and the maximum rank
shift within the Top-K union, following Webber
et al. (2010).

I.1 Identification Sensitivity: Baseline Swap

The structural parameters in Eq. 4 are identified up
to a reference-category normalization. The main
text fixes 8o = 0 for Other Activities. To verify that
the misalignment ranking is not an artifact of this
specific choice, we re-estimate all parameters un-
der the equivalent normalization §g = 0 that uses
Sleep and Personal Care as the reference. We then
recompute Ay over the same set of demographic
features.

Table 12 reports the four robustness indicators. The
Top-5 set of most misaligned features is identical
across the two normalizations, with a Jaccard index
of 1.00. The Spearman rank correlation across all
ten features is 0.879 and the Kendall tau is 0.733,
indicating strong concordance. The maximum rank
shift on the Top-K union is 3 positions, reflect-
ing mild local reordering rather than substantive
instability. Table 13 provides the full Top-10 side-
by-side comparison: the same ten features appear
in both rankings, and the only reordering occurs
among adjacent positions inside two near-tie clus-
ters. We note that the absolute magnitude of Ay

Table 12: Robustness indicators for the baseline swap
from Other to Sleep and Personal Care as the reference
activity. Larger values indicate stronger concordance
for Top-K overlap, Jaccard, Spearman, and Kendall tau;
smaller values indicate stronger concordance for max
rank shift.

Indicator Value
Top-5 overlap 5/5

Jaccard (Top-5) 1.00
Spearman rank correlation (all features)  0.879
Kendall tau (all features) 0.733
Max rank shift (Top-K union) 3

differs across normalizations because the reference
category enters the subtraction, but the diagnos-
tic ranking, which is what drives the substantive
conclusions in Section 5.1, is preserved.

1.2 Covariate-Set Sensitivity

A natural concern is whether the diagnostic ranking
is sensitive to which covariates enter the structural
model. We test this by re-estimating the model un-
der a leaner specification that removes one plausi-
bly non-core covariate, weekly earnings, and keeps
all other modeling choices identical. The lean spec-
ification therefore retains age, education, sex, mar-
ital status, and the four race indicators, plus an
intercept. We re-estimate éH and él for all five
evaluated LLMs on the same lean design matrix,
then recompute the feature-wise multi-model aver-
aged deviation A on the intersection of features
common to both specifications.

Table 14 reports the four robustness indicators. The
Top-5 most misaligned features are identical across
the two specifications, with a Jaccard index of 1.00.
The Spearman rank correlation across the nine com-
mon features is 0.883, the Kendall tau is 0.722, and
the maximum rank shift within the Top-K union is
only 2 positions. Table 15 provides a Top-9 side-
by-side comparison: removing earnings produces
only mild local reordering, and the same set of
features dominates the ranking under both speci-
fications. We additionally verify sign stability on
the Human estimate across all 27 (activity, feature)
cells: 26 of 27 cells retain the same sign under
the lean specification, and the single nominal flip
(Race: Asian on Sleep and Personal Care) occurs
at a coefficient that is statistically indistinguishable
from zero in both specifications (Human estimate
0.003 in the full spec and —0.006 in the lean spec,
with confidence intervals straddling zero in both
cases). Taken together, the rankings, magnitudes,
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Table 13: Top-10 features ranked by multi-model averaged deviation A, under the two equivalent normalizations.
The same ten features appear in both rankings; differences in absolute Ay magnitudes are expected because the

reference category enters the subtraction.

Reference = Other (paper)

Reference = Sleep and PC

Rank  Feature Ay  Feature Ay
1 Race: Pacific Islander 0.374  Race: Pacific Islander 0.273
2 Race: Native American  0.223  Sex 0.132
3 Race: Black 0.194  Spouse: Present 0.108
4 Spouse: Present 0.171  Race: Native American  0.099
5 Sex 0.098  Race: Black 0.092
6 Age 0.095 Age 0.074
7 Earnings 0.076  Race: Asian 0.062
8 Race: Asian 0.072  Earnings 0.052
9 Spouse: Unmarried 0.070  Spouse: Unmarried 0.040
10 Education 0.062  Education 0.033

and signs are stable, indicating that the diagnostic
conclusions in Section 5.1 are not driven by the
inclusion of any single covariate.

LI.3 Corner Solutions and € Smoothing

A subtle concern is that the utility specification in
Eq. 4 involves In(h;;), which is undefined at zero
allocations. In our implementation, the softmax
baseline parameterization avoids this issue at the
model side, since predicted shares always lie in the
open interval (0, 1). However, observed shares can
be exactly zero when an individual or LLM allo-
cates no time to a given activity, and these corner
solutions could in principle influence the recovered
parameters through the residual term. We therefore
re-estimate the model after a minimal € smoothing
of observed shares.

Smoothing protocol. For each respondent and
each LLM output, any cell with zero share is re-
placed by ¢ = 1/1440, the share-level equivalent
of one minute, and the row is then re-normalized
to sum to one. Because one minute is 0.07% of the
daily time budget, the perturbation is small by con-
struction. We apply the same smoothing uniformly
to the Human ATUS data and to all five LLM out-
puts so that the comparison |6, — 67| is computed
under identical preprocessing on both sides.

Zero-cell distribution. Table 16 reports where
zero entries occur. The phenomenon is highly
asymmetric: 44.7% of human respondents report
zero Work minutes on the survey day, reflecting
non-work days, weekends, and retirement, while
LLM outputs almost never produce zero Work allo-
cations (mean 0.4% across the five models). Zero
entries in Leisure or Sleep and Personal Care are
rare on both sides. This asymmetry is itself a

mechanism-level signal: LLMs tend to produce
“template” schedules that always allocate some pos-
itive time to each major activity, attenuating the
long left tail observed in real human time use.

Robustness result. Table 17 reports the compari-
son between estimates with and without smoothing.
The ranking of features by A; is essentially un-
changed: Spearman rank correlation is 1.000, Top-
5 overlap is 5/5, and the maximum rank shift on
the Top-K union is 0. The full Top-10 side-by-side
comparison in Table 18 shows that every feature
retains its position and Ay values agree to three
decimal places. We conclude that the diagnostic
conclusions are not driven by corner solutions in
the observed data.

1.4 Elasticity Sensitivity: 7 Sweep

The utility specification in Eq. 4 corresponds
to a Cobb-Douglas form with activity weights
exp(GjTXi) and unit elasticity of substitution. To
test whether the diagnostic ranking is sensitive to
this assumption, we introduce a temperature param-
eter 7 into the softmax share function,

_ exp(6] X;/7)
> exp(0] Xi/7)’

and sweep 7 € {0.5,0.8,0.9,1.0,1.1,1.2, 1.5},
where 7 = 1.0 recovers the paper specification.
Smaller 7 pushes allocations toward concentrated
decisions, while larger 7 flattens them. While 7 is
not formally identical to a CES elasticity parame-
ter, it plays an analogous role in controlling how
sharply the optimal allocation concentrates around
its argmax, and therefore provides a practical CES-
style perturbation of the underlying decision sharp-
ness.

sij(T)
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Table 14: Robustness indicators for the covariate-set sensitivity check that drops Earnings from the design matrix.
Rank correlations are computed on the nine features common to both specifications.

Indicator Value
Top-5 overlap 5/5

Jaccard (Top-5) 1.00
Spearman rank correlation (common features) 0.883
Kendall tau (common features) 0.722
Max rank shift (Top-K union) 2

Sign consistency on Human 6

26/27 = 96.3%

Table 15: Top-9 features ranked by multi-model averaged deviation A under the full and lean specifications.
Earnings appears only under the full specification because it is removed in the lean run; the remaining nine features

form the common set used for the rank comparison.

Full specification (paper)

Lean specification (no earnings)

Rank  Feature Ay Feature Ay
1 Race: Pacific Islander 0.374  Race: Pacific Islander 0.340
2 Race: Native American  0.223  Spouse: Present 0.212
3 Race: Black 0.194  Race: Black 0.201
4 Spouse: Present 0.171  Race: Native American  0.190
5 Sex 0.098  Sex 0.150
6 Age 0.095 Age 0.104
7 Earnings 0.076  Spouse: Unmarried 0.069
8 Race: Asian 0.072  Education 0.066
9 Spouse: Unmarried 0.070  Race: Asian 0.053

Estimation protocol. For each T we re-estimate
0 7 and él for all five LLMs under the same 7, then
recompute the feature-wise multi-model averaged
deviation Ay. We do not constrain the scale of 6
across 7 values: the optimizer is free to absorb the
temperature into the magnitude of 6, so absolute
coefficient sizes vary with 7 while the relative or-
dering, which is what the rank-based diagnostic
depends on, is preserved.

Robustness result. Table 19 reports the compar-
ison between each 7 and the base 7 = 1.0. The
Top-5 most misaligned features form an identical
set across all seven values of 7, with Jaccard in-
dex 1.00 throughout. Spearman rank correlations
remain at 0.95 or above across the full sweep, and
the maximum rank shift within the Top-K union
is at most 2 positions. Table 20 provides the ex-
plicit Top-5 ranking at each 7: Race: Pacific Is-
lander is always rank 1 and Sex is always rank 5,
while the small reorderings at ranks 2 through 4
occur among three features (Race: Native Amer-
ican, Race: Black, Spouse: Present) whose Af
values are already close in the base specification,
consistent with a near-tie boundary rather than a
substantive instability. We conclude that the diag-
nostic ranking is robust to CES-style perturbations
of the elasticity assumption.

L5 Bootstrap Uncertainty for Feature-Wise
Deviation

Feature-level deviation rankings can in principle be
inflated by sampling noise from small-N subgroups.
To quantify this, we run a non-parametric bootstrap
over ATUS respondents with B = 200 replicates
and seed 45. Each replicate resamples N = 4,307
respondents with replacement, re-estimates ég) on
the resampled human data, and recomputes the

feature-wise multi-model averaged deviation A}b).

LLM estimates are held fixed throughout, so this
design isolates sampling variability on the human
side; LLM-side uncertainty is quantified separately
below. We report 95% percentile intervals for each
Ay and the probability that each feature appears in
the Top-5 deviation set across replicates.

Power classification. The bootstrap precision of
a race or partnership indicator depends primarily
on the size of the subgroup it identifies, so we
record the within-group count NN, for these indi-
cators in addition to the full sample size N. We
label a feature as well-powered when N, > 50 and
exploratory otherwise. Continuous and majority
binary covariates such as age, education, earnings,
and sex are estimated on the full sample and are
well-powered by construction. This labeling makes
the two small subgroup indicators (Race: Pacific
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Table 16: Zero-cell distribution by decision maker and activity. Counts indicate the number of respondents with
exactly zero allocation to the named activity; percentages are over total respondent-activity cells. Zero entries are
concentrated in human Work, reflecting non-work survey days.

Decision maker N  Total zero % Work Leisure Other
Human 4,307 2,220 12,9 1,927 284 7
GPT-40 4,307 12 0.07 12 0 0
Claude-3.7 4,307 20 0.12 20 0 0
DeepSeek-V3 4,295 20 0.12 20 0 0
Llama-3.3 4,302 31 0.18 26 0 5
Qwen-2.5 4,301 12 0.07 4 0 8

Table 17: Robustness indicators for the e-smoothing
check. Smoothing leaves the diagnostic ranking essen-
tially unchanged.

Indicator Value
Top-5 overlap 5/5
Jaccard (Top-5) 1.000
Spearman rank correlation (all features)  1.000
Kendall tau (all features) 1.000
Max rank shift (Top-K union) 0

Islander with N, = 8 and Race: Native Ameri-
can with N, = 34) explicit as exploratory, consis-
tent with the small-sample caveat already noted in
Section 5.1 when omitting them from the attribute-
level visualization.

Result. Table 21 reports the full bootstrap sum-
mary. The two exploratory features have very
wide intervals: Race: Pacific Islander has 95%
PI [0.170, 1.154], a width on the order of unity,
confirming that its apparent rank-1 magnitude is
dominated by estimation noise rather than a stable
signal. The two well-powered features that anchor
the paper’s substantive findings have tight intervals
and near-deterministic Top-5 inclusion: Spouse:
Present (N, = 2,333) has PI [0.145, 0.222] with
Top-5 inclusion 1.00, and Race: Black (N, = 460)
has PI [0.125, 0.288] with inclusion 0.99. We con-
clude that the headline conclusions in Section 5.1,
which focus on Race: Black and Spouse: Present,
are robust to sampling variability, while the ex-
ploratory race categories should be interpreted ac-
cordingly and not treated as ranked findings on
their own.

LLM-side uncertainty. LLM coefficients carry
their own estimation uncertainty, and decoding at
temperature 0.1 is not strictly deterministic. We
therefore run the mirror-image bootstrap (B =
100): we resample respondents, re-estimate 6, on
the resampled LLM outputs, and hold the human

estimate fixed. Across the five models, three activ-
ities, and the two headline features (Race: Black
and Spouse: Present), the bootstrap standard devi-
ations of the LLLM coefficients range from 0.008
to 0.028, whereas the corresponding human-LLM
gaps range from 0.04 to 0.31. The gap exceeds the
LLM-side standard deviation by more than a factor
of five in every headline cell except Llama-3.3 on
Race: Black x Work (factor 1.4), which is also non-
significant in the Wald tests of Appendix F; the two
other cells that are non-significant in those tests
are driven by human-side rather than LLM-side
uncertainty. The scope of generation variability
is further bounded by the strong concentration of
LLM outputs documented in Appendix 1.6: for ex-
ample, GPT-40 produces only 15 distinct nonzero
allocation values across all 17,228 generated en-
tries.

1.6 Round-Number Heaping and Granularity

LLMs are known to favor round numbers when gen-
erating quantities, so part of the measured human—
LLM difference could in principle reflect output
granularity rather than trade-off weights. Table 22
quantifies this directly. Between 58.7% and 100%
of nonzero LLM allocation entries are multiples
of 30 minutes, versus 32.1% for humans, and each
LLM uses only 15 to 45 distinct nonzero allocation
values across all 4,307 profiles and four activities,
versus 902 for humans. The statistics capture both
the round-number preference and the concentrated
“template” schedules visible in Figures 6 and 7. The
latter is not a confound to be removed but part of
the misalignment signal, since insensitivity of out-
puts to covariates is precisely what attenuated LLM
coefficients measure.

Robustness result. To test whether granularity
drives the diagnostics, we round every human al-
location to the nearest 30 minutes, so that both
sides share the same granularity, re-estimate O,
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Table 18: Top-10 features ranked by multi-model averaged deviation Ay, with and without ¢ smoothing. The
ranking and the A values are identical up to the third decimal place.

No smoothing (paper)

€ = 1/1440 smoothing

Rank  Feature Ay  Feature Af
1 Race: Pacific Islander 0.374 Race: Pacific Islander 0.373
2 Race: Native American  0.223  Race: Native American  0.223
3 Race: Black 0.194 Race: Black 0.195
4 Spouse: Present 0.171  Spouse: Present 0.171
5 Sex 0.098 Sex 0.098
6 Age 0.095 Age 0.095
7 Earnings 0.076  Earnings 0.076
8 Race: Asian 0.072 Race: Asian 0.072
9 Spouse: Unmarried 0.070  Spouse: Unmarried 0.070
10 Education 0.062 Education 0.062

Table 19: Robustness indicators across the 7 sweep.
Each row compares the ranking at the given 7 to the
base specification at 7 = 1.0. The Top-5 set is identical
at every 7, and rank correlations remain at 0.95 or above
throughout.

T Top-5 overlap  Jaccard Spearman Kendall 7 Max shift
0.5 5/5 1.00 0.952 0.867 1
0.8 5/5 1.00 0.964 0.911 0
0.9 5/5 1.00 0.952 0.867 2
1.0 5/5 1.00 1.000 1.000 0
1.1 5/5 1.00 0.988 0.956 0
1.2 5/5 1.00 0.988 0.956 0
1.5 5/5 1.00 0.988 0.956 0

and recompute Ay. Table 23 shows that the fea-
ture ranking is unchanged at every position, and
the human coefficients on Race: Black and Spouse:
Present move by at most 0.003. Together with
the e-smoothing check in Appendix 1.3, which ad-
dresses the corner-solution side of the same con-
cern, this indicates that the diagnostic conclusions
are not artifacts of numerical generation patterns.

LI.7 Diary Day versus Typical Day

ATUS records activities for one designated diary
day, whereas the LLM prompt asks for a typical day.
Merging the IPUMS diary-day variable shows that
this difference matters for the human benchmark,
because ATUS oversamples weekend diaries by
design: 48.4% of our analytic sample are weekend
days (versus 2/7 ~ 28.6% of a calendar week),
and the zero-work rate is 73.1% on weekend diaries
versus 18.1% on weekday diaries. Much of the
zero-work asymmetry in Table 16 therefore reflects
sample composition.

Estimand-matched reweighting. A typical day
corresponds to a day-of-week-unconditional ex-
pectation, i.e., a mixture of 5/7 weekday and 2/7
weekend days. We re-estimate 0 1 with observa-

tion weights that reproduce this mixture, holding
the LLM estimates fixed. Table 24 shows that the
diagnostic conclusions are preserved: the Top-5 set
is identical, the Spearman rank correlation is 0.939,
and the only rank change within the Top-K union
is a swap between the two exploratory race cate-
gories. The headline coefficients keep their signs:
Race: Black remains positive and Spouse: Present
negative in all three activities.

Weekday decomposition. Re-estimating on
weekday diaries only (N = 2,221) reveals gen-
uine day structure in human behavior: the Race:
Black coefficients on Sleep and Personal Care and
Work roughly halve, indicating that these human
differences concentrate on weekends, while Spouse:
Present remains negative across all activities. The
ranking correspondingly changes more (Table 24),
partly because the subsample is half the size. We
report this decomposition because it exposes an ad-
ditional dimension of misalignment: LLM outputs
elicited without day information are day-invariant
by construction and cannot reproduce this week-
day/weekend structure. Since a typical day is itself
ambiguous between an average day and a represen-
tative weekday, the two re-estimations correspond
to these two readings.

J Out-of-Domain Validation on
HH-RLHF

The main paper instantiates XCHOICE on a
continuous-share decision (daily time allocation).
To probe whether the framework extends beyond
this setting, we apply X CHOICE to a standard NLP
discrete-preference dataset, Anthropic HH-RLHEF,
in which each datum is a binary pairwise prefer-
ence between a chosen response ' and a rejected
response 4.
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Table 20: Top-5 features ranked by multi-model averaged deviation Ay at each 7. The set of Top-5 features is
identical across all 7, and the only reorderings occur at ranks 2 through 4 among three features whose A values are
close in the base specification.

Rank 7=0.5 7=0.8 7=0.9 7=1.0 T=1.1 7=1.2 7=1.5
1 Race: Pac. Isl. Race: Pac. Isl. Race: Pac. Isl. Race: Pac. Isl. Race: Pac. Isl. Race: Pac. Isl. Race: Pac. Isl.
2 Race: Nat. Am.  Race: Nat. Am. Race: Black Race: Nat. Am. Race: Nat. Am. Race: Nat. Am. Race: Nat. Am.
3 Spouse: Present Race: Black Spouse: Present Race: Black Race: Black Race: Black Race: Black
4 Race: Black Spouse: Present  Race: Nat. Am.  Spouse: Present ~ Spouse: Present ~ Spouse: Present  Spouse: Present
5 Sex Sex Sex Sex Sex Sex Sex

Table 21: Bootstrap uncertainty for feature-wise deviation (B = 200, seed 45, N = 4,307 respondents per
replicate). The point estimate is the multi-model averaged |él -0 1| on the original sample. Bootstrap median
and 95% percentile intervals are taken over replicates. Top-5 inclusion is the fraction of replicates in which the
feature appears in the top five by A;. N, is the within-group count for race and partnership indicators (the relevant
precision-determining sample) and “~” for continuous and majority binary covariates that are estimated on the full

sample. Features with N, < 50 are labeled exploratory.

Feature Point Ay Median PI2.5% PI97.5% Top-5 incl. Ny  Class

Race: Pacific Islander 0.374 0.423 0.170 1.154 1.000 8  exploratory
Race: Native American 0.223 0.257 0.197 0.438 1.000 34  exploratory
Race: Black 0.194 0.205 0.125 0.288 0.990 460  well-powered
Spouse: Present 0.171 0.177 0.145 0.222 1.000 2,333  well-powered
Sex 0.098 0.097 0.086 0.107 0.175 —  well-powered
Age 0.095 0.098 0.086 0.112 0.260 —  well-powered
Earnings 0.076 0.075 0.060 0.095 0.005 - well-powered
Race: Asian 0.072 0.088 0.070 0.142 0.210 294 well-powered
Spouse: Unmarried 0.070 0.090 0.040 0.194 0.360 249  well-powered
Education 0.062 0.061 0.045 0.085 0.000 —  well-powered

Table 22: Round-number heaping by decision maker,
computed over nonzero allocation entries (four activities
per profile).

Table 23: Robustness indicators for the granularity
check, in which human allocations are rounded to the
nearest 30 minutes before re-estimation.

Decision maker % mult. of 30 % mult. of 60  Distinct values

Human 32.1 18.5 902
GPT-40 100.0 100.0 15
Claude-3.7 98.6 87.0 33
DeepSeek-V3 100.0 98.5 28
Llama-3.3 99.2 99.0 45
Qwen-2.5 58.7 58.6 40
Instantiation. We map each response to a vector

of interpretable text features ¢(y) € R¥, form the
contrast A¢ = ¢(y+) — ¢(y~), and recover the
preference vector 6 via the logistic choice model

Ply" =y |2) = o(6"Ag),

which is the natural discrete analogue of the
optimal decision rule in Section 3. We
use K = 13 lightweight, fully interpretable
features grouped into five categories: length
(len_chars, len_tokens), structure and format-
ting (num_sent_punct, num_newlines, num_bullets,
has_numbered_list, has_colon_newline), punctu-
ation (num_gquestions, num_exclaims), lexical po-
liteness and stance markers (has_polite_marker,
has_hedging_marker, has_refusal_marker), and a

Indicator Value
Top-5 overlap 5/5

Jaccard (Top-5) 1.00
Spearman rank correlation (all features) 1.000
Kendall tau (all features) 1.000

Max rank shift (Top-K union) 0
Max change in headline human coefficients  0.003

coarse safety signal (safety_word_count). Each ¢
entry is standardized before fitting; estimation uses
regularized maximum likelihood with /5 penalty
on 80,000 training pairs from the HH-RLHF train
split, evaluated on the full test split of 8,552 pairs.
We add a symmetric copy of every pair with the
sign of A¢ flipped, so that the classifier sees both
directions of the comparison and the intercept is
identically zero. Bootstrap percentile intervals are
computed over B = 100 resamples of the training
pairs.

Recovered preference structure. Table 25 re-
ports the recovered 6 vector, sorted by absolute
magnitude. Twelve of the thirteen features have
95% percentile intervals that exclude zero, indi-
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Table 24: Diagnostic ranking under diary-day adjustments of the human benchmark, compared with the unweighted

full-sample estimates.

Human sample Top-5 Jaccard Spearman Kendall 7 Max shift
Typical-day reweighting ~ 5/5 1.00 0.939 0.822 1
Weekday only 3/5 0.43 0.685 0.556 5

Table 25: Recovered preference parameters # on HH-
RLHEF, sorted by absolute magnitude. Features are stan-
dardized before fitting. Bootstrap 95% percentile inter-
vals are computed over B = 100 resamples on 80,000
training pairs. “Sig.” indicates whether the 95% PI ex-
cludes zero.

Feature 0 PI2.5% PI97.5% Sig.
len_chars 0.623 0.493 0.715 v
len_tokens —-0.594 —0.682 —0.456 v
has_polite_marker 0.084 0.074 0.094 v
has_colon_newline —0.059 —-0.071 —0.048 v
has_hedging_marker —0.056 —0.066 —0.045 v
has_refusal_marker 0.051 0.041 0.061 v
num_newlines 0.041 0.026 0.055 v
num_questions —0.040 —0.051 —0.029 v
safety_word_count —0.040 —0.050 -0.027 vV
num_exclaims —0.027 —0.038 —0.018 v
has_numbered_list 0.020 0.010 0.029 v
num_bullets 0.011 0.001 0.023 v
num_sent_punct 0.007 —0.012 0.028 -

cating clear directional preferences. Length fea-
tures dominate: len_chars has 8 = 0.623 (posi-
tive) and len_tokens has 8 = —0.594 (negative).
Their opposite signs reflect the fact that, after stan-
dardization, the two are highly collinear surro-
gates for response length; the logistic optimum
splits the joint signal between them, and what
matters substantively is that long responses are
preferred on net. Beyond length, several smaller
but statistically significant signals match patterns
documented in the RLHF literature: a positive
coefficient on has_polite_marker (0 = 0.084)
and on has_refusal_marker (0 = 0.051, consis-
tent with HH-RLHF training for harmlessness
in addition to helpfulness), and negative coeffi-
cients on has_hedging_marker (8 = —0.056) and
safety_word_count ( = —0.040).

Outcome metric vs. mechanism. The fitted lo-
gistic model attains 52.9% accuracy and ROC-
AUC 0.534 on the test set. By itself this is only
modestly above chance, and a purely outcome-
based assessment would suggest the framework
provides little signal. However, the recovered 6
vector tells a different story: it is statistically signif-
icant on twelve of thirteen interpretable dimensions
and recovers familiar preference patterns from the

RLHF literature. This contrast underscores the
central argument of the paper, stated in Section 1:
outcome metrics such as accuracy can be under-
informative for diagnosing decision mechanisms.
XCHOICE provides interpretable, directionally con-
sistent preference parameters in a setting where
outcome accuracy alone would be uninformative,
and therefore extends naturally beyond the ATUS
continuous-share instantiation to standard discrete-
preference benchmarks.
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