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Abstract

The Model Penal Code (MPC) distinguishes four levels of criminal culpabil-
ity (purpose, knowledge, recklessness, and negligence), yet whether laypeople
can reliably make these distinctions through genuine inference remains unclear.
Prior studies either presented participants with explicitly labeled mental states
or asked for self-assessed judgments that may not reflect natural reasoning.
We addressed this gap by requiring 212 participants to infer a protagonist’s
mental state from behavioral evidence in contraband smuggling vignettes with
six systematically varied binary features, including the type of contraband and
whether payment was offered. Participants classified the protagonist as blame-
less, negligent, reckless, or knowing and rated the perceived risk of the situation.
Cumulative link mixed models showed that risk assessments strongly predicted
culpability categorizations and that payment was the only vignette feature to
independently shift judgments toward higher culpability after correction for mul-
tiple comparisons. Critically, knowledge judgments were associated with lower
risk ratings than recklessness judgments, and the proportional odds assumption
was violated, with the risk coefficient at the knowledge threshold substantially
weaker than at lower thresholds. A features-only Random Forest with SHAP
analysis revealed that knowledge was the only category where the type of con-

traband rather than payment dominated feature importance. Representational
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similarity analysis confirmed that semantic distance between vignette texts pre-
dicted judgment distance, even though the features driving semantic similarity
differed from those driving judgments. These results indicate that laypeople
can systematically distinguish MPC mental states through inferential reason-
ing, but that knowledge functions as a qualitatively distinct category driven by
categorical inference rather than extreme risk perception.

Keywords: criminal law, mental states, mens rea, Model Penal Code,

culpability judgments, juror decision making

1. Introduction

The American criminal justice system assumes that ordinary people can re-
liably infer the mental states of others from behavioral evidence. Every day,
juries reconstruct what a defendant was thinking at the moment of an alleged
crime: mental events that are invisible, fleeting, and accessible only through
inference. The doctrine of mens rea ("guilty mind") holds that eriminal cul-
pability requires not merely a prohibited act but also a culpable mental state,
reflecting the moral intuition that punishment should be calibrated to blame-
worthiness (Severance et al., 1992). Whether laypeople can reliably make the
graded mental state distinctions that criminal law demands remains an open

empirical question with substantial real-world consequences.

1.1. The Model Penal Code framework

Prior to the Model Penal Code (MPC), American criminal law used a patch-
work of inconsistently defined terms (willful, wanton, malicious, and so on) to
describe culpable mental states (Severance et al., 1992). The MPC, drafted by
the American Law Institute and finalized in 1962, replaced this confusion with a
systematic four-tier hierarchy of culpability: purpose, knowledge, recklessness,
and negligence (American Law Institute, 1985). More than two-thirds of U.S.
states have since revised their criminal codes following this framework, making

it the dominant structure for assessing criminal culpability in American law.
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The four culpable mental states are defined as follows. Purpose, the high-
est culpability level, requires that the prohibited outcome be the actor’s "con-
scious object." Knowledge requires awareness that the outcome is "practically
certain." Recklessness requires conscious disregard of a "substantial and unjus-
tifiable risk." Negligence, the lowest culpability level, requires that the actor
should have been aware of a risk that they failed to perceive. Below negligence
lies blamelessness: the absence of any culpable mental state. The hierarchy is
inclusive upward, meaning that proof of a higher mental state satisfies a require-
ment of a lower one (American Law Institute, 1985).

These mental states can be understood as varying along two primary psycho-
logical dimensions of risk perception. The first is risk awareness: blamelessness
involves no awareness of the risk that one’s conduct could produce a prohib-
ited outcome, negligence involves a failure to perceive such a risk that should
have been perceived, and recklessness and knowledge both involve conscious
risk awareness. The second is risk magnitude: the reckless actor perceives a
substantial risk, while the knowing actor perceives practical certainty. Purpose
introduces a third dimension, volitional orientation: the purposeful actor not
only foresees the outcome but actively desires it as their conscious objective.
These distinctions carry enormous legal consequences, often determining the
difference between acquittal and decades of imprisonment. Yet they ultimately
depend on jurors’ ability to make graded inferences about another person’s sub-
jective mental states from behavioral evidence alone. The present study focuses
on the awareness and risk magnitude dimensions, which differentiate blame-
lessness, negligence, recklessness, and knowledge. The volitional orientation
dimension that distinguishes purpose from knowledge is not tested here because

our vignette structure does not support purpose attributions (see Method).

1.2. Prior empirical research

Given the legal stakes involved, little empirical work has examined whether
laypeople can make the mental state distinctions the MPC requires. The foun-

dational study by Shen et al. (2011) presented participants with crime scenarios
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containing explicitly labeled mental states (e.g., a protagonist who "knew" the
package contained drugs) and asked them to classify each scenario into MPC
categories. Participants reliably distinguished purpose, negligence, and blame-
lessness, but confused knowledge and recklessness approximately 45% of the
time. This finding raised serious concerns about the psychological validity of
the knowledge-recklessness boundary.

Shen’s vignettes provided participants with explicit verbal descriptions of
mental states; for example, a protagonist described as ’practically certain’ or
’aware of substantial risk.” This meant that participants were matching verbal
descriptions to legal categories rather than engaging in the inferential reasoning
actual jurors perform

However, the Shen methodology contained a fundamental limitation. Par-
ticipants received explicit verbal descriptions of mental states: for example, a
protagonist who is described as "practically certain" or "aware of substantial
risk." This meant that the task measured participants’ ability to match verbal
descriptions to legal categories, something closer to categorization than to the
inferential reasoning that actual jurors must engage in. In real legal proceed-
ings, defendants do not make such explicit mental declarations. Jurors must
reconstruct these states from testimony about actions, circumstances, and prior
behavior.

Addressing this limitation, Vilares et al. (2017) removed explicit labels and
asked participants to judge their own hypothetical mental states in contraband
smuggling scenarios. Using functional magnetic resonance imaging (fMRI) and
machine learning, they identified distinet brain activation patterns that classify
knowledge versus recklessness. These results provide evidence that judging these
mental states evoke separable neurobiological correlates and raise the possibil-
ity that these judgments arise from separable cognitive processes. However, two
ecological validity concerns remain. First, participants judged their own mental
states rather than inferring the mental states of another person, fundamen-
tally altering the task from theory-of-mind inference to introspection (Saxe and

Kanwisher, 2003). Second, participants received precise probability information
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(e.g., an 80% chance the suitcase contained drugs), eliminating the uncertainty
inherent in actual legal scenarios where jurors must estimate a defendant’s sub-

jective risk perception from indirect evidence.

1.3. The present study

Together, the Shen and Vilares studies reveal an ecological validity gap.
Neither captured the full challenge facing jurors: inferring a third party’s men-
tal state from behavioral evidence under realistic uncertainty. We addressed
this gap by developing a paradigm in which participants read contraband smug-
gling vignettes with systematically varied features and inferred the protagonist’s
mental state without explicit labels or precise probabilities.

Our paradigm focused on the two psychological dimensions that distinguish
the three middle tiers of the MPC hierarchy: the risk awareness boundary (be-
tween negligence and recklessness) and the risk magnitude boundary (between
recklessness and knowledge). We did not include purpose as a response category
because the vignette structure (in which a protagonist is recruited by someone
else to carry a package) does not support the inference that transporting contra-
band was the protagonist’s conscious objective. Participants instead classified
the protagonist into one of four categories spanning the full range from no culpa-
bility to high culpability: blamelessness, negligence, recklessness, or knowledge.
This design allowed us to test the critical boundaries that prior research has
identified as problematic while maintaining ecological validity within a single
scenario type.

Prior work on juror decision-making has shown that specific contextual fea-
tures of criminal scenarios differentially engage the cognitive processes under-
lying legal judgment, with features tied to social inference exerting stronger
effects than features linked to formal legal classification alone (Castrellon et al.,
2023). A similar asymmetry may apply to mental state attribution: among the
six vignette features in our design, some bear a more direct theoretical relation-
ship to the protagonist’s risk awareness; for instance, the type of contraband

directly signals whether a prohibited substance is involved, while others, such as
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whether payment was offered, may function primarily as aggravating contextual
cues that shift judgments without directly informing awareness of criminal risk.

We tested four preregistered hypotheses. First, we predicted that partici-
pants’ judgments would be distributed non-uniformly across the four categories,
indicating systematic rather than random responding (H1). Second, we pre-
dicted that participants’ risk assessments would strongly predict their mental
state categorizations, with higher perceived risk associated with higher culpa-
bility (H2). Third, we predicted that vignette features theoretically relevant
to mental state inference would influence judgments more than features with
weaker theoretical links to the protagonist’s awareness (H3). Fourth, we pre-
dicted that among aware states, risk magnitude would discriminate knowledge
from recklessness, with knowledge trials receiving higher risk ratings (H4).

We complemented traditional inferential statistics with two machine learn-
ing approaches. Random Forest classification with SHAP (SHapley Additive
exPlanations) values provided a nonparametric decomposition of feature im-
portance by mental state category, revealing class-specific patterns invisible to
models that assume uniform feature effects across the ordinal scale. Repre-
sentational similarity analysis (RSA) tested whether the semantic structure of
vignette texts corresponds to the structure of participants’ judgments, providing
a direct test of whether participants respond to surface textual cues or extract

abstract inferential features.

2. Method

2.1. FEthics statement

This study was approved by the University of California, Los Angeles In-
stitutional Review Board (IRB-25-0295). All participants provided informed
consent prior to participation. The study was preregistered on the Open Sci-

ence Framework (https://osf.io0/72eg9).
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2.2, Participants

We recruited 230 undergraduate students from the University of Califor-
nia, Los Angeles through the Psychology Department’s SONA participant pool.
QOur target sample size of approximately 200 post-exclusion was determined
by a power analysis using effect sizes and design parameters estimated from
a 119-participant pilot study. All calculations adjusted for within-participant
clustering using the design effect (DEFF = 1+ (k—1) x ICC), combining analytic
power calculations for H1 and H2 with simulation-based power estimates for the
feature effects and the recklessness-knowledge contrast (see pre-registration for
full details). At N = 200, the study was well-powered for H1 (> 99%), H2 (>
99%), and the payment contrast in H3 (approximately 95%). The source con-
trast in H3 and the recklessness-knowledge distinction in H4 were underpowered
at this sample size and are treated as exploratory. An adaptive minimization
algorithm (described below) ensured near-perfect balance across all six binary
vignette factors at any stopping point. Eighteen participants were excluded for
not completing all five vignettes, yielding a final sample of 212 participants con-
tributing 1,060 trials. Participants’ mean age was 20.1 years (SD = 1.2, range:
18-24). The sample included 36 freshmen, 47 sophomores, 84 juniors, and 40
seniors (plus 5 post-baccalaureate students). Six participants (2.8%) reported
having served on a jury or having other prior legal experience. Participants

received course credit for their participation.

2.3. Materials

2.3.1. Vignette design

We developed 64 unique vignette configurations based on the contraband
smuggling paradigm of Vilares et al. (2017), which drew on the factual circum-
stances in United States v. Jewell (9th Cir. 1976), a landmark willful blindness
case involving contraband transport across the U.5.—Mexico border. In each vi-
gnette, a protagonist agrees to transport a package across a national border. Six
binary features were systematically varied to manipulate the evidence available

for mental state inference.
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Source described who asked the protagonist to carry the package: an uncle or
a biker from a local bar. Package described the container: a gift-wrapped pack-
age or a large duffel bag. Inguiry described how the protagonist learned about
the contents: the source volunteered the information without being asked, or
the protagonist actively asked about the contents. Payment described whether
the protagonist received $1,000 for the transport or no payment. Location de-
scribed the border crossing: Canada or Mexico. Contents described what the
package actually contained: fentanyl (a potent narcotic) or drugs to treat a rare
disease not yet approved in the United States.

These six binary features were fully crossed to generate the 64 unique config-
urations (28 = 64). Each participant encountered five vignettes selected through
an adaptive trial minimization algorithm. The algorithm tracked the cumula-
tive distribution of vignette configurations selected by all prior participants and
used softmax-weighted probabilistic sampling to nudge future selections toward
under-represented configurations, keeping the global distribution approximately
uniform. It also enforced within-participant diversity by requiring that any two
vignettes in a participant’s set differ on at least two features. Across the full
sample, all features were balanced within 0.8 percentage points of the ideal
50/50 split (range: 49.2% to 50.8%).

The protagonist’s name was drawn from a pool of five common male names
(John, David, Andrew, Robert, Daniel) and randomized across trials. The
specific border city was drawn from a pool of five cities within either Canada
(Kingston, Richmond, Thunder Bay, Windsor, Winnipeg) or Mexico (Agua Pri-

eta, Mexicali, Nogales, Nuevo Laredo, Reynosa) and also randomized per trial.

2.3.2. Dependent measures

After reading each vignette, participants provided three responses. First,
they classified the protagonist’s mental state by selecting one of four descrip-
tions, presented under jury-style instructions asking which mental state the
scenario proved "beyond a reasonable doubt." The four response options were

shuffled on each trial to prevent order effects. Participants saw only the text
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descriptions, not the category labels; the labels used here are for the reader’s
reference. The four options corresponded to the three MPC culpable mental
states tested and a no-culpability baseline. These descriptions were adapted
from the MPC § 2.02 definitions (American Law Institute, 1985) and simpli-
fied for lay comprehension, following Shen et al. (2011). The three response
measures (categorical judgment, risk slider, free-text justification) were always
presented in the same order. Whether counterbalancing measure order would
alter the relationship between categorical judgments and risk ratings remains

an open question for future work.

e Knowledge: "[Name| was conscious and aware of the nature of their actions

and of the surrounding facts and circumstances."

e Recklessness: "[Name| was aware of a substantial and unjustifiable risk of

the outcome occurring and consciously ignored that risk."

e Negligence: "[Name| failed to use the care that a reasonably careful and

thoughtful person would use under similar circumstances."

e Blamelessness: "|Name| lacked any of the mental states defined here."

Purpose was not included as a response option because the vignette structure
does not support the inference that smuggling was the protagonist’s conscious
objective. In every scenario, the protagonist is recruited by someone else to
carry a package; the question is what the protagonist knew or should have known
about the contents, not whether transporting contraband was the protagonist’s
goal. The four categories presented to participants therefore span the full range
from no culpability (blamelessness) through the highest culpability level the
scenario can support (knowledge).

Second, participants estimated how likely the protagonist believed that the
package contained contraband, using a continuous slider anchored at "[Name|
was 100% certain that the package did not contain illicit material" (left end-

point) and "[Name| was 100% certain that the package contained illicit material"
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(right endpoint). The slider recorded integer values from 0 to 100 and required
participants to move the slider before proceeding. This risk slider provided a
continuous measure of the protagonist’s perceived risk that could be examined
alongside the categorical mental state judgment.

Third, participants provided a free-text justification for their judgment, ex-
plaining what contributed to their decision. This open-ended response allowed
us to examine whether participants’ verbal reasoning aligned with the patterns

observed in their structured responses.

2.8.3. Additional measures

Between consecutive vignettes, participants completed one Raven’s Progres-
sive Matrices (RPM) item as a brief distractor task. Each participant answered
five RPM items total (one after each vignette), drawn from pre-formed five-
item booklets randomly assigned to each participant (M = 3.34 correct out of
5, 8D = 1.47).

After completing all five vignettes and their associated RPM items, par-
ticipants ranked the four mental state definitions from most to least culpable
(without seeing the category labels), providing a measure of whether partici-
pants understood the intended hierarchy independently of their vignette judg-
ments. Participants also reported their age, educational level, and any prior

legal experience.

2.4. Procedure

The study was administered online via Pavlovia using jsPsych. After pro-
viding informed consent, participants read instructions framing the task as jury
service for five separate criminal cases, each involving a defendant charged with
"unlawful trafficking" (transporting an illegal item across an international bor-
der). Participants were told that none of the cases were identical and were
asked to read each scenario closely. They then completed five vignette trials in
randomized order. On each trial, participants (a) read the vignette text and se-

lected a mental state classification, (b) rated the protagonist’s perceived risk on

10
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the continuous slider, and (c) wrote a free-text justification, each on a separate
screen. A single RPM item appeared after each vignette as a brief distrac-
tor. Following the fifth trial, participants completed the MPC ranking task and
provided demographic information. The entire session lasted approximately 20

minutes. See Fig. 1 for an example trial.

2.5. Analytical approach

2.5.1. Primary analysis: Cumulative link mired models

We employed cumulative link mixed models (CLMMs) as the primary ana-
lytical framework, implemented via the ordinal package (Christensen, 2019) in
R (7). CLMMs are the appropriate model for ordered categorical outcomes with
clustered observations. Unlike standard ordinal logistic regression, CLMMs in-
clude random intercepts that account for the within-participant clustering of five
trials per person. Treating the 1,060 trials as independent ohservations would
inflate the effective sample size and produce artificially narrow confidence in-
tervals. The intraclass correlation for the culpability variable was 0.162 (design
effect = 1.65), confirming that the clustering adjustment was necessary.

All CLMMs used a logit link and flexible (estimated) thresholds. For hy-
pothesis testing, we fit three nested models: a null model with random intercepts
only, a risk-only model adding the slider value as a fixed effect (H2), and a full
model adding the six binary vignette features (H3). Model comparison used
likelihood ratio tests. For the knowledge-recklessness discrimination (H4), we
fit a linear mixed model predicting slider values from a binary knowledge indi-
cator among trials classified as either recklessness or knowledge, with a random
intercept for participant.

To test the proportional odds assumption, we fit separate binary logistic
mixed models at each threshold of the ordinal variable (blamelessness vs. higher,
negligence-or-below vs. higher, recklessness-or-below vs. knowledge) and com-
pared the risk slider coefficient across thresholds. We also computed ROC curves
and AUC values for each threshold-specific model to characterize discriminative

accuracy.

11
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Figure 1: Example trial from the experiment. Each trial consisted of three screens presented
in sequence. Top: After reading the vignette, participants selected one of four mental state
descriptions under jury-style instructions. The four response options were shuffled on each
trial. Bottom: Participants rated the protagonist’s perceived risk of carrying contraband on
a continuous 0-100 slider. On a third screen (not shown), participants provided a free-text

justification for their judgments.
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2.5.2. Complementary analyses: Random Forest, SHAP, and RSA

We complemented the CLMMs with three machine learning analyses, imple-
mented in Python using scikit-learn (Pedregosa et al., 2011). First, we trained
Random Forest classifiers (Breiman, 2001) to predict the four-level culpability
judgment. To avoid the circularity of including a participant’s own risk rating as
a predictor of their own judgment, we trained two separate models: a features-
only model using the six binary vignette features, and a features-plus-slider
model adding the risk rating. Both used 500 trees, balanced class weights, and
10-fold cross-validation stratified by judgment category. Folds were constructed
at the trial level, so that trials from the same participant could appear in dif-
ferent folds. For the features-only model this does not introduce data leakage,
because the six predictors are properties of the vignette, not of the participant;
knowing one participant’s feature values on one trial provides no information
about a different trial’s features. For the features-plus-slider model, within-
participant similarity in slider usage could modestly inflate accuracy estimates.
We retain the trial-level split for comparability across models, and we note that
the slider model serves only as a descriptive benchmark — no inferential claims
rest on its accuracy.

Second, we computed SHAP (SHapley Additive exPlanations) values (Lund-
berg and Lee, 2017) from the features-only Random Forest to decompose feature
importance by mental state category. SHAP values quantify each feature’s con-
tribution to the predicted probability of each class for each observation. Because
CLMMSs assume a single set of feature effects across all thresholds, they cannot
detect patterns where different features matter for different categories, whereas
SHAP values can.

Third, we conducted representational similarity analysis (RSA) to test whether
the semantic structure of the vignette texts corresponds to the structure of par-
ticipants’ culpability judgments. We encoded the 64 unique vignette texts using
two sentence-transformer models (Reimers and Gurevych, 2019) with different

architectures: BAAI/bge-large-en-v1.5 (1,024 dimensions, CLS-token pooling,

13
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trained with hard-negative contrastive learning) and all-MiniLM-L6-v2 (384 di-
mensions, mean pooling). We used two models because our vignettes are gen-
erated from a shared template with only small word-level changes across condi-
tions, and mean-pooling models can produce near-identical embeddings for texts
that share most of their tokens. The contrastive-trained BGE model addresses
this concern. We also conducted a clause-level RSA in which we embedded only
the text fragments that vary between conditions (e.g., "a biker" vs. "his uncle"),
eliminating shared template text entirely. For each analysis, we computed pair-
wise cosine distances between vignette embeddings and correlated these with

pairwise differences in mean culpability scores using Spearman’s p.

3. Results

3.1. Judgments are non-uniform across mental state categories (H1)

Participants’ mental state judgments were distributed non-uniformly across
the four categories (x?(3) = 131.67, p < .001, Cohen’s w = 0.453; chi-square
statistic divided by the design effect of 1.65 to correct for within-participant
clustering). Negligence was the modal response (452 trials, 42.6%), followed
by recklessness (286, 27.0%), blamelessness (177, 16.7%), and knowledge (145,
13.7%). The predominance of negligence is notable: participants overwhelm-
ingly characterized the protagonist as someone who should have known rather
than someone who did know. Fig. 2 displays the distribution against a uni-

form baseline. Presentation order had no significant main effect on judgments

(b = —0.007, z = —0.17, p = .864), and no feature x position interaction
survived Holm correction for six comparisons (smallest prom = .241; see Ta-
ble A.2).

3.2. Risk perception strongly predicts mental state categorization (H2)

Participants’ risk slider ratings were strongly associated with their mental
state categorizations (Spearman p = .480, p < .001). A CLMM with slider value

as the sole predictor confirmed that perceived risk robustly predicted ordinal

14
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Figure 2: Distribution of mental state judgments across 1,060 trials from 212 participants.
The dashed line indicates the expected frequency under a uniform distribution (n = 265 per
category). Negligence was selected on 42.6% of trials, more than three times as often as

knowledge (13.7%).

culpability (b = 0.046, SE = 0.003, z = 14.87, p < .001). Each 10-point
increase on the slider multiplied the cumulative odds of a higher culpability
judgment by 1.58. The participant-level random intercept variance was 0.87
(SD = 0.93), indicating substantial individual differences in overall culpability
tendency. Full model coefficients for both the risk-only and the full model (with
vignette features) are reported in Table 1.

Fig. 3 displays risk slider distributions by judgment category. Mean risk
ratings increased monotonically from blamelessness through recklessness (Mg =
21.7, My = 34.3, Mg = 59.1), but knowledge ratings (Mg = 51.4) fell below
recklessness, a pattern we investigate in the H4 analysis.

Fig. 4 shows predicted probabilities from the CLMM as a function of risk
slider value. Negligence is the most probable category across a wide range of
the slider (approximately 0-50), peaking near a slider value of 25. At the lowest
risk values, blamelessness is nearly as probable as negligence, but it declines
steeply as risk increases. Recklessness rises with the slider and becomes the

most probable category above approximately 60. The knowledge curve increases

15
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Figure 3: Risk slider ratings (0 to 100) by mental state judgment. Points represent individual
trials; black dots and error bars show means + 95% confidence intervals. Risk ratings increase
monotonically from blamelessness through recklessness but decrease for knowledge, indicating

a reversal at the top of the hierarchy.

gradually and exceeds recklessness only at the extreme upper end of the scale
(above approximately 90), where the confidence bands for the two categories
overlap substantially. This pattern foreshadows the proportional odds viola-
tion described below: risk perception discriminates well among the lower three

categories but provides little separation between recklessness and knowledge.

3.3. Payment is the only vignette feature to survive correction (H3)

Adding the six binary vignette features to the CLMM significantly improved
model fit over the risk-only model (likelihood ratio x2(6) = 23.58, p < .001).
Table 1 reports the full model coefficients. The improvement was driven pri-
marily by a single feature: payment. Receiving $1,000 shifted judgments sub-
stantially toward higher culpability (b = 0.53, z = 3.91, OR = 1.70, d =~ 0.29),
and this was the only feature to survive Holm correction for six comparisons

(PHolm < .001). Source (biker vs. uncle) was in the expected direction but was
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Figure 4: Predicted probability of each mental state category as a function of risk slider
value, derived from the risk-only CLMM. Shaded regions indicate 95% confidence bands.
Negligence dominates across slider values of approximately 0-50. Recklessness becomes the
most probable category above approximately 60. The knowledge curve rises gradually and
exceeds recklessness only at the extreme upper end of the scale, where the confidence bands
overlap substantially, reflecting the weak discriminative power of risk perception at the top of

the culpability hierarchy.

not statistically significant (b = 0.25, z = 1.90, p = .057). Contents (fentanyl
vs. rare disease medication) was also not statistically significant (b = —0.23,
z = —1.84, p = .065), though the direction was unexpected, with fentanyl as-
sociated with lower rather than higher culpability, a pattern we return to in
the SHAP analysis below. The remaining three features (location, package, and
inquiry) had no significant effects. Fig. 5 displays the coefficient estimates with
95% confidence intervals.

The pattern of significance carries theoretical weight. Payment signals that
the protagonist had a financial motive and reason to suspect illicit contents.
It is the feature most directly diagnostic of the protagonist’s awareness and
motivation. Although the effect of source was in the expected direction, with a
stranger (biker) increasing culpability relative to a family member (uncle), it was

not statistically significant. The features with weaker theoretical links to the
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Table 1: Cumulative link mixed model coefficients (N = 1,060 trials from 212 participants).

Model 1: Risk only

Model 2: Risk + features

Predictor b SE z

b SE 2 PHolm
Risk slider 0.046 0.003 14.87%%* 0.041 0.003 12.88%**
Payment ($1000) 0.531 0.136  3.91%** <001
Source (biker) 0.247 0.130 1.90 .285
Contents (fentanyl) —0.229 0.124 —1.84 .261
Inquiry (source tells) —0.179 0.124 —1.44 A74
Package (duffel bag) 0.090 0.125 0.72 934
Location (Mexico) 0.010 0.124 0.08 934
Threshold coefficients
a2 (BIN) ~0.339 ~0.320
azys (N|R) 2.504 2.582
asjs (RIK) 4.457 4.564

Random effects
Participant o (SD)  0.872 (0.934)

0.908 (0.953)

Model fit
Log-likelihood —1200.48
AlC 2410.96

LR test (Model 1 vs. 2): x2(6) = 23.58, p < .001

—1188.69
2399.38

Note. *** p < .001. Positive coefficients indicate higher culpability judgments. pyolm =

Holm-corrected p-value for the six vignette features (risk slider not included in correction).

B = Blamelessness; N = Negligence; R = Recklessness; K = Knowledge.
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Figure 5: Log-odds coeflicients (with 95% confidence intervals) for the six binary vignette
features from the full CLMM. Positive values indicate that the feature shifts judgments toward
higher culpability. Payment is the only feature whose confidence interval excludes zero after

Holm correction.

protagonist’s mental state (location, package type, and whether the protagonist
asked about the contents) had no significant effects. This pattern suggests that
participants’ attributions were driven by features diagnostic of the protagonist’s
mental state rather than by geographic stereotypes or surface characteristics of

the scenario.

3.4. Knowledge judgments are associated with lower risk ratings than reckless-
ness (H4)

We predicted that knowledge judgments would be associated with higher risk
ratings than recklessness judgments, reflecting the MPC's definition of knowl-
edge as "practical certainty." The data revealed the opposite. Among the 431
trials classified as either recklessness or knowledge, knowledge trials received
significantly lower risk slider ratings (M = 51.4, SD = 28.7) than recklessness
trials (M = 59.1, SD = 22.3; mean difference = 6.96 slider points, t = —3.06,
p=.002, d = —0.28).

This reversal suggests that knowledge is not simply "high recklessness" in

participants’ mental models. Instead, knowledge judgments appear to be trig-
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gered by qualitative features of the scenario, cues suggesting that the protagonist
must have known, rather than by extreme values on a continuous risk dimension.

We tested this interpretation with two converging analyses.

3.4.1. The proportional odds assumption is violated

If the four mental states formed a single ordinal continuum driven by risk per-
ception, the CLMM'’s proportional odds assumption would hold: the risk coefhi-
cient would be approximately constant across all thresholds. Standard propor-
tional odds tests do not accommodate random effects, so we compared threshold-
specific coefficients from separate binary logistic mixed models. The risk coef-
ficient declined monotonically: b = 0.059 at the blamelessness-negligence tran-
sition, b = 0.052 at negligence-recklessness, and b = 0.019 at recklessness-
knowledge. The coefficient at the knowledge threshold was 3.2 times smaller
than at the blamelessness threshold, and the 95% confidence intervals for the
lowest and highest thresholds did not overlap. ROC analysis confirmed this
pattern: discriminative accuracy was excellent at the blamelessness-negligence
boundary (AUC = 0.926), strong at negligence-recklessness (AUC = 0.877), and
weakest at recklessness-knowledge (AUC = 0.859). Risk perception is a power-
ful discriminator among the lower three categories but a weak predictor of the

transition to knowledge. Fig. 6 displays the threshold-specific coefficients.

3.4.2. SHAP analysis reveals class-specific feature importance

To examine whether different features drive different mental state attribu-
tions, we trained Random Forest classifiers on three predictor sets: (a) the six
binary vignette features alone, (b) the risk slider alone, and (c) the six features
plus the risk slider. All models used 500 trees, balanced class weights, and
10-fold stratified cross-validation. The features-only model achieved modest ac-
curacy (30.7% =+ 3.5%, k = 0.074), above the 25% uniform chance baseline but
below the 42.6% majority-class rate. The risk-only model substantially outper-
formed the features-only model (39.9% + 3.5%, x = 0.189; paired ¢(9) = 5.86,

a0 p < .001), confirming that subjective risk perception captures more judgment-
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Figure 6: Risk slider coefficient (log-odds) estimated separately at each ordinal threshold. The
dashed line shows the pooled CLMM estimate. The coefficient at the knowledge threshold
(b = 0.019) is 3.2 times smaller than at the blamelessness threshold (b = 0.059), with non-

overlapping confidence intervals.

relevant variance than objective stimulus features. The combined model sig-
nificantly outperformed both individual models (47.3% + 2.9%, k = 0.254; vs.
features-only: paired #(9) = 11.15, p < .001; vs. risk-only: paired #(9) = 6.82,
p < .001). The fact that the combined model exceeds risk-only indicates that vi-
gnette features carry predictive signal that is not fully mediated by participants’
risk assessments.

We computed SHAP wvalues from the features-only Random Forest to de-
compose feature importance by mental state category. The class-specific anal-
ysis revealed distinct importance profiles across the four categories (Fig. 7).
For blamelessness, source (biker vs. uncle) was the dominant feature (mean
|SHAP| = 0.115), with payment second (0.070). For negligence and recklessness,
payment was the most important feature (0.057 and 0.088, respectively). For
knowledge, however, a qualitatively different pattern emerged: contents (fen-
tanyl vs. rare disease medication) became the most important feature (0.049),
surpassing payment (0.042). Knowledge was the only category where the type
of contraband mattered more than the financial incentive.

This class-specific pattern helps explain the unexpected negative contents
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Figure 7: Mean absolute SHAP values by feature and mental state category from the features-
only Random Forest classifier. Darker cells indicate greater feature importance. Source domi-
nates blamelessness attributions. Payment dominates negligence and recklessness. For knowl-
edge, contents (fentanyl) emerges as the most important predictor, the only category where

the type of contraband outweighs financial incentive.

coefficient in the CLMM (b = —0.23). Fentanyl predominantly appears in trials
judged as blamelessness, negligence, or recklessness, where its pooled SHAP
effect is negative. Yet it is also the feature that most distinguishes the minority
of knowledge attributions. Because the CLMM estimates a single pooled effect,
the negative majority-category effect masks fentanyl’s outsized role in knowledge
specifically. This pattern suggests that participants inferred knowledge from
what was in the package—a categorical, "must have known" cue—rather than

from the same risk-related features that drove recklessness attributions.

3.5. Semantic similarity predicts judgment similarity, but not through the ex-

pected features

Representational similarity analysis tested whether vignettes that are closer
in semantic embedding space elicit more similar culpability judgments. The

results depended critically on the embedding model and analysis level (Fig. 8).
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Using BGE-large (a contrastive-trained model with CLS-token pooling), se-
mantic distance significantly predicted judgment distance (p = 0.077, p < .001,
N = 2,016 vignette pairs). Using MiniLM (a mean-pooling model), the same
analysis yielded a null result (p = 0.019, p = .395). The difference between
models arises because our vignettes share approximately 90% of their text (the
template), and mean-pooling architectures produce near-identical embeddings
when most tokens are shared, diluting the signal from the few words that ac-
tually vary between conditions. The contrastive-trained BGE model, optimized
to distinguish similar texts via CLS-token pooling, resolves this dilution.

To further confirm this interpretation, we conducted a clause-level RSA in
which we embedded only the text fragments that varied between conditions
(e.g., "a biker" vs. "his uncle," "fentanyl" vs. "drugs to treat a rare disease").
This analysis produced the strongest effect (p = 0.129, p < .001), consistent
with the hypothesis that the shared template text was attenuating the full-text
correlations.

Importantly, the features that produced the largest semantic distances were
not the features that most influenced judgments. Location (Canada vs. Mex-
ico) and contents (fentanyl vs. rare disease medication) created the largest em-
bedding shifts (mean cosine distances of 0.044 and 0.038, respectively), while
payment, the strongest behavioral predictor, produced one of the smallest shifts
(0.012). This dissociation is not simply an artifact of how numbers are em-
bedded: the payment manipulation is expressed as a full clause ("agrees to
bring back the package for $1000" vs. "agrees to bring back the package with-
out asking for payment"), and the small cosine distance reflects the high lexical
overlap between the two versions rather than the proximity of numerical tokens.
Participants’ mental state attributions were organized by a feature that is se-
mantically subtle (whether money changed hands) but inferentially diagnostic,
rather than by features that are semantically prominent but less relevant to the
protagonist’s mental state. This dissociation provides evidence that participants
engaged in genuine inferential reasoning rather than responding to surface-level

textual cues.
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Figure 8: Representational similarity analysis across three analytical approaches. Each point
represents one pair of the 64 unique vignette configurations (N = 2,016 pairs). Left: BGE-
large full-text embeddings show a significant positive relationship between cosine distance and
judgment distance. Center: MiniLM full-text embeddings show no relationship, demonstrating
the template dilution problem with mean-pooling architectures. Right: BGE clause-level
embeddings (varying text only) show the strongest effect, confirming that the shared template

text attenuates the full-text correlation.

3.6. Participants understand the culpability hierarchy

Independently of the vignette task, 40.6% of participants ranked the four
mental state definitions in the correct order (knowledge > recklessness > negli-
gence > blamelessness), far exceeding the 4.17% expected by chance based on
4!=24 possible orderings (p < .001, binomial test). The mean Kendall’s 7 be-
tween participants’ rankings and the correct ordering was 0.623 (SD = 0.504),
significantly above zero (£(211) = 17.99, p < .001). These results indicate that
most participants understood the intended hierarchy, and that the vignette-
based judgment patterns described above cannot be attributed to confusion

about what the categories mean.

3.7. Additional analyses

Cognitive ability, as measured by Raven'’s Progressive Matrices performance,
did not moderate the relationship between risk perception and culpability judg-
ment (RPM x risk slider interaction: z = —0.04, p = .965). This null interaction
indicates that the risk-to-judgment mapping operated similarly across the range

of cognitive ability observed in our sample.
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Free-text justification analysis provided convergent evidence. A multinomial
logistic regression classifier trained on BGE sentence-transformer embeddings
of participants’ justifications predicted mental state judgments at 51.9% accu-
racy (10-fold cross-validated, x = 0.24), well above the 25% chance baseline
and above the 42.6% majority-class rate. We used multinomial rather than
ordinal classification here because the goal was predictive accuracy with high-
dimensional embeddings (1,024 features) rather than inference about ordinal
structure. A model combining vignette features with justification embeddings
significantly outperformed both vignette features alone (paired ¢(9) = 13.99,
p < .001) and vignette features plus risk slider (paired ¢(9) = 3.83, p = .004).
These results demonstrate that participants’ verbal reasoning carries predictive
signal beyond both the objective stimulus features and their own risk ratings,
indicating that the structured measures do not fully capture the information
participants used when making their judgments. BERTopic analysis of the jus-
tification texts identified 23 interpretable topics, with several showing differ-
ential associations with specific mental state categories (e.g., payment-related
reasoning associated with recklessness, trust-related reasoning with negligence,
certainty-related language with knowledge; see Supplementary Materials for full

topic descriptions and distributions).

4. Discussion

We examined whether laypeople can distinguish the Model Penal Code’s
mental state categories when required to infer a protagonist’s mental state from

behavioral evidence under realistic uncertainty. Three main findings emerged.

4.1. Laypeople make systematic mental state distinctions

Our most basic finding is that participants’ judgments were far from random.
The distribution of mental state attributions deviated strongly from uniformity
(w = 0.453), risk perception predicted culpability categorization with a large

effect (z = 14.87), and the addition of vignette features significantly improved
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predictive accuracy beyond risk perception alone. These results extend the
findings of Shen et al. (2011) and Vilares et al. (2017) by demonstrating that
laypeople respond systematically even when mental states are neither labeled
nor self-assessed, under conditions that approximate the inferential challenge
faced by actual jurors. Participants drew boundaries around psychologically
meaningful features (payment, source) rather than surface characteristics (loca-
tion, package type), consistent with genuine mental state reasoning rather than
superficial categorization.

A three-way Random Forest comparison clarified the relationship between
objective stimulus features and subjective risk perception. Risk perception alone
(39.9%) substantially outperformed the six vignette features alone (30.7%), con-
firming that subjective risk assessment is the more proximal driver of judgments.
However, the combined model (47.3%) significantly outperformed risk alone
(paired £(9) = 6.82, p < .001), indicating that vignette features carry predictive
signal that is not fully mediated by participants’ risk assessments. Features
appear to influence judgments both indirectly, by shaping risk perceptions, and
through independent pathways.

Payment was the most influential feature and the strongest theoretical in-
dicator of awareness and motivation: receiving money to transport a package
provides a reason to suspect illicit contents. Payment was the only robust pre-
dictor after correction for multiple comparisons. The effect of source (stranger
vs. family member) was in the expected direction but was not statistically signif-
icant. Features with weaker theoretical links to the protagonist’s mental state,
including geographic location and package type, had no significant effects. This
pattern supports the construct validity of participants’ mental state attribu-
tions: they responded to features that provide information about the protago-

nist’s state of mind rather than to surface characteristics of the scenario.

4.2. Knowledge is qualitatively different from recklessness

The most consequential finding is the knowledge-recklessness reversal. The

MPC defines knowledge as a higher culpability state than recklessness, implying
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that knowledge should be associated with greater perceived risk. Qur partic-
ipants showed the opposite: knowledge judgments were associated with lower
risk ratings than recklessness judgments (d = —0.28). This reversal is unlikely to
reflect noise from a small or heterogeneous category: the effect held in a mixed
model with participant random intercepts (controlling for individual differences
in overall tendency), and the SHAP analysis showed a qualitatively different
feature importance profile for knowledge as a class, not merely a noisier ver-
sion of the recklessness profile. Four converging lines of evidence support the
conclusion that the reversal reflects a genuine qualitative difference.

First, the direct comparison was significant (p = .002) with a sample of
431 trials. Second, the proportional odds analysis revealed that the risk coefhi-
cient at the knowledge threshold was 3.2 times smaller than at the blameless-
ness threshold, with non-overlapping confidence intervals. Third, ROC analysis
showed that discriminative accuracy declined monotonically across thresholds,
with the risk slider least able to distinguish recklessness from knowledge. Fourth,
the SHAP analysis showed that knowledge was the only mental state category
where the type of contraband (contents) was a more important predictor than
payment. For blamelessness, negligence, and recklessness, the feature impor-
tance profiles were organized around payment and source, features related to
the protagonist’s motivation and social context. For knowledge, the dominant
feature was what was actually in the package.

Analysis of judgment distributions under progressively stricter awareness
conditions (Table A.5) further supports this interpretation. When trials were
restricted to those combining the strongest awareness cues (payment, biker
source, and active inquiry), recklessness replaced negligence as the modal re-
sponse, consistent with participants moving along a continuous risk dimension as
awareness-relevant evidence accumulated. Yet knowledge attributions remained
at approximately 16% even under the most extreme conditions, suggesting that
accumulating risk-relevant features shifts participants from negligence toward
recklessness but does not push them into knowledge. The transition to knowl-

edge appears to require a qualitatively different inference.
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We interpret this convergence as evidence that knowledge, in participants’
intuitive psychology, is not simply "extreme recklessness" but a qualitatively dis-
tinct category. When participants attributed knowledge, they appear to have
reasoned that the protagonist must have known based on the nature of the sit-
uation rather than concluding that the protagonist perceived an extremely high
probability of risk. The presence of fentanyl, a well-known and dangerous nar-
cotic, may have served as a categorical signal: if the package contains something
this obviously illegal, the carrier must have known. This inference may not re-
quire an estimate of subjective probability. Instead, it may rest on a judgment
about whether the evidence, taken as a whole, implies that the protagonist knew
what they were carrying.

This interpretation aligns with legal scholarship on willful blindness, where
courts have recognized that knowledge can sometimes be inferred from the to-
tality of circumstances rather than from direct evidence about a defendant’s
subjective probability estimates (Global-Tech Appliances, Inc. v. SEB S.A.,
2011). The factual scenario underlying our vignettes, drawn from the circum-
stances in United States v. Jewell (9th Cir. 1976), was itself a case in which
the court held that deliberate avoidance of knowledge could satisfy the knowl-
edge requirement. Our participants appear to have applied a similar inferential
strategy: treating knowledge as something that can be concluded from situa-
tional features rather than measured on a probability scale. This pattern is
also consistent with recent neuroscience evidence that jurors rely more heav-
ily on narrative-based inference than on probability estimation when evaluating
evidence in criminal cases (Castrellon et al., 2022).

This finding also reframes the knowledge-recklessness confusion reported by
Shen et al. (2011). Those authors attributed the confusion to a failure of psycho-
logical discrimination. Our results suggest an alternative: the boundary between
knowledge and recklessness may be genuinely qualitative rather than quantita-
tive. Presenting the distinction as a probability threshold ("practically certain"
vs. "substantial risk") may obscure the categorical inference that actually drives

knowledge attributions. When participants must infer mental states from be-
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havior rather than match labels to definitions, the knowledge-recklessness dis-
tinction appears categorical rather than continuous. The boundary depends on
whether the evidence implies that the protagonist knew the nature of what they

were carrying, not on the height of their subjective probability estimate.

4.3. Judgments reflect inferential reasoning, not surface textual similarity

The RSA results contribute both a substantive finding and a methodological
lesson. Substantively, the features that produced the largest semantic distances
in the embedding space (contents, location) had the smallest effects on judg-
ments, while the feature with the smallest semantic footprint (payment) had
the largest effect. This dissociation rules out a "textual salience" account of
mental state attribution: participants were not simply responding to whichever
words stood out most in the vignette text. They extracted abstract, inferentially
relevant features from the scenarios.

Methodologically, the comparison between embedding models demonstrates
that the RSA results in factorial vignette designs are sensitive to model architec-
ture. Our vignettes, like those in many experimental paradigms, are generated
from a shared template with small word-level changes across conditions. Mean-
pooling models produce near-identical embeddings for such texts because the
shared template tokens dominate the average. The contrastive-trained BGE
model, which uses CLS-token pooling optimized to distinguish similar texts, re-
solved this dilution and revealed a significant relationship. The clause-level anal-
ysis, which embedded only the varying text fragments, produced the strongest
effect. Researchers using RSA with templated stimuli should consider both the
embedding architecture and the possibility of analyzing varying content sepa-

rately from shared template text.

4.4. Limitations
There are some limitations that warrant acknowledgment. Our sample con-

sisted of undergraduate students at a single university, a population that may
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not represent the diversity of actual jury pools in terms of age, education, so-
cioeconomic background, or legal knowledge (Henrich et al., 2010). Although
40.6% of participants correctly ranked the mental state categories (far above
chance), a substantial minority did not, and the degree to which our findings
generalize to more representative samples remains to be tested.

The vignette paradigm used a single scenario type (contraband smuggling
across a national border). This scenario was well suited to testing the awareness
and risk magnitude boundaries of the MPC hierarchy, but the degree to which
our findings generalize across crime types is unknown. The contraband context
may be particularly likely to elicit categorical knowledge inferences ("either
you knew it was fentanyl or you did not"), and other crime types involving
more continuous risk dimensions might produce different patterns. Scenarios
involving, for example, financial fraud or environmental harm could test whether
the qualitative nature of knowledge attributions is specific to contraband or
reflects a general feature of how people reason about knowledge.

Moreover, the smuggling paradigm positions the protagonist as someone
recruited to transport a package rather than as the instigator of the criminal
act. This accomplice-like framing may interact with how participants reason
about knowledge. Girgis (2013) has argued that payment for participation in
a criminal enterprise can signal knowing involvement rather than mere risk-
taking, a framework that aligns with the strong payment effect we observed. The
knowledge-recklessness boundary may therefore be context-dependent: more
categorical in accomplice contexts like ours, where the judgment shifts from
"how probable did they think it was?" to "did they knowingly sign onto the
criminal plan?," but more gradient in perpetrator contexts like those studied
by Shen et al. (2011). Importantly, participants were never instructed to reason
about accomplice liability. Their task was to evaluate what the protagonist
knew and how culpable they were: a mental state attribution process that is
not specific to accomplice contexts. Future work varying the protagonist’s role
in the offense could test the context sensitivity of mental state attributions.

Our paradigm did not include purpose as a response category because the
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vignette structure does not support purpose attributions. The boundary be-
tween purpose and knowledge, which involves volitional orientation (whether
the outcome was the actor’s conscious objective), remains untested. Future
work using scenarios in which the protagonist initiates the criminal act could
examine whether the purpose-knowledge distinction also maps onto a qualitative
rather than quantitative psychological difference.

Each participant saw only 5 of the 64 possible vignette configurations. The
adaptive trial minimization algorithm ensured that these 5 trials were diverse
(differing on at least two features from one another) and that the global dis-
tribution of configurations across all participants was approximately uniform.
However, 5 observations per person may not be sufficient to estimate individual-
level feature sensitivities. The CLMM random intercepts capture individual
differences in overall culpability tendency, but the random slopes model (which
would estimate per-participant risk sensitivity) did not converge. Designs with
more trials per participant would permit more robust within-person analyses.

Finally, the unexpected negative effect of contents (fentanyl associated with
lower culpability) deserves further investigation. One possibility is that the
participants viewed fentanyl as so dangerous that they judged the protagonist
unlikely to have knowingly transported it, inferring that no one would willingly
carry a substance with such severe legal consequences. This would represent a
form of reverse inference ("it is too dangerous, so they must not have known")
that runs counter to the straightforward prediction that more dangerous con-
tents should increase perceived culpability. Testing this interpretation would
require follow-up studies that manipulate the severity of the consequences more

directly.

4.5. Implications for legal practice

If the pattern we observe generalizes, it has practical implications for how the
knowledge-recklessness distinction is communicated to jurors. Jury instructions
that frame this distinction purely in probabilistic terms ("practically certain"

vs. "substantial risk") may not capture how jurors actually make the judgment.
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Qur data suggest that jurors may rely on categorical inferences about what
the defendant must have known given the circumstances, rather than compar-
ing subjective probability estimates to a threshold. Instructions that describe
knowledge in terms of circumstantial evidence ("the nature of the situation was
such that the defendant must have been aware") rather than in terms of prob-
ability ("the defendant was practically certain") might better align with how
jurors reason.

The strong payment effect also has practical relevance. Evidence that a
defendant received financial compensation for their role in a criminal act was
the single most powerful feature shifting mental state attributions toward higher

culpability.

4.6. Conclusion

Laypeople can systematically distinguish Model Penal Code mental states
when required to infer those states from behavioral evidence under realistic
uncertainty. Their judgments are driven primarily by their own risk assessments
and by whether the protagonist received payment, while features with weaker
links to the protagonist’s mental state have negligible influence. The knowledge
category, however, operates differently from the lower three categories. It is
driven by qualitative, categorical inferences about what the protagonist must
have known rather than by extreme values on a continuous risk dimension. The
MPC’s mental state hierarchy has psychological validity as a framework for how
people make culpability judgments, but the boundary between knowledge and
recklessness may be more categorical than the Code’s probabilistic definitions

imply.

Data availability

All data, experimental materials, analysis code, and vignette stimuli are pub-

licly available at https://dgk-law-and-cognition-1lab.github.io/Modeling-Guilty-Minds/.

The study was preregistered on the Open Science Framework at https://osf.
io/72eg9.
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Appendix A. Supplementary Material

Appendiz A.1. Proportional odds diagnostic

Table A.1 reports the threshold-specific risk slider coefficients and ROC-
derived AUC values that support the proportional odds violation described in
the main text. The risk slider coefficient declines monotonically across thresh-

olds, and discriminative accuracy (AUC) declines in parallel.

Table A.1: Threshold-specific risk slider coefficients and discriminative accuracy.

Threshold b 95% CI P AUC

> Negligence (B vs. N+) 0.059 [0.047, 0.072] <.001 0.926
> Recklessness (N— vs. R+) 0.052 [0.044, 0.060] <.001 0.877
> Knowledge (R— vs. K) 0.019 [0.011, 0.026] <.001 0.859

Note. Each row reports results from a separate binary logistic mixed model with participant
random intercepts. b = risk slider coefficient (log-odds per 1-point increase). AUC = area
under the receiver operating characteristic curve. The coefficient at the Knowledge threshold
is 3.2 times smaller than at the lowest threshold (> Negligence), with non-overlapping 95%

confidence intervals.

Appendiz A.2. Order effects

Table A.2 reports the interaction between each vignette feature and trial
position (1-5), testing whether any feature’s influence on judgments changed
across the five trials within a session. No interaction survived correction for
multiple comparisons, indicating that the effects reported in the main text were

stable across trial positions.
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Table A.2: Order Effects for CLMM Models

Feature b

SE

4 P PHolm
Source (biker) 0.068 0.089 0.76 .445 1.000
Package (duffel bag) —0.066 0.090 —-0.73 .465 1.000
Inquiry (source tells) 0.050 0.090 0.56 .579 1.000
Payment ($1,000) 0.185 0.090 2.05 .040 .241
Location (Mexico) 0.028 0.090 0.31 .753 1.000
Contents (fentanyl) 0.130 0.089 1.46 145 .726

Note. pyelm = Holm-corrected p-value across six interaction tests. No interaction survived

correction. The interaction coefficient represents the change in the feature’s log-odds effect

per one-position increase in trial order.

Appendiz A.3. Random Forest classification details

Table A.3 reports the full classification results for the three Random Forest
models compared in the main text. The features-only model uses the six binary
vignette features as predictors. The risk-only model uses participants’ risk slider

ratings as the sole predictor. The features-plus-slider model combines both

predictor sets.
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Table A.3: Random Forest classification accuracy (10-fold stratified cross-validation).

Model Accuracy K Chance (uniform) Chance (majority)
Features only (6 predictors) 307 +£.035 074 .250 426
Risk only (1 predictor) 399 +.035 .189 .250 .426
Features + slider (7 predictors) .4734.029 .254 .250 426

Paired comparisons:
Features vs. risk only: #(9) = 5.86, p < .001
Features vs. combined: ¢(9) = 11.15, p < .001
Risk only vs. combined: #(9) = 6.82, p < .001

Note. Accuracy values are mean 4+ SD across 10 folds. kK = Cohen’s kappa. Chance
(uniform) = 1/4 = .250. Chance (majority) = proportion of the most frequent category
(Negligence, 42.6%).

Fig. A.1 shows confusion matrices for the features-only and features-plus-
slider models. The features-only model shows diffuse misclassification across
all categories, with Knowledge particularly poorly recovered (15.2% correct).
Adding the risk slider substantially improves recovery of Blamelessness, Neg-
ligence, and Recklessness, but Knowledge classification does not improve and
slightly decreases (12.4%). This pattern is consistent with the main-text find-
ing that Knowledge is not organized along the same risk dimension as the other

three categories.
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Figure A.1: Confusion matrices for the features-only (A) and features-plus-slider (B) Random
Forest models. Values are percentages of each true class. Knowledge is the most difficult

category to recover in both models.

Appendiz A.}. SHAP feature importance

Fig. A.2 compares global SHAP importance across both models, showing
the dominant role of the risk slider when included.
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Figure A.2: Global mean |SHAP| values by feature, stacked by mental state category. (A)
Features-only model. (B) Features-plus-slider model, where the risk slider dominates all vi-

gnette features.

Fig. A.3 shows the overall feature importance ranking from the features-only

a5 model, collapsed across mental state categories.
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Figure A.3: Mean |SHAP| values from the features-only Random Forest, collapsed across

classes. Payment and source are the two most important features overall.

Figs. A.4-A.7 show per-class SHAP beeswarm plots from the features-only
model. Each point represents one trial; color indicates feature value (red =
high /present, blue = low/absent). These plots complement the heatmap in the
main text (Fig. 7) by showing the full distribution of SHAP values rather than

a0 only the mean.
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Figure A.4: SHAP beeswarm plot for Blamelessness. Source (biker) is the dominant predictor:

the presence of a biker strongly pushes the model away from predicting Blamelessness (negative

SHAP values for high feature value), while the uncle strongly pushes toward it.

40



Payment ($1000)
Source (biker)
Inquiry (teld)
Contents {fentanyl)
Location (Mexico)

Package (duffal)

Negligence

[ IIII‘.IH!
o injite B
' lu.‘n'
e e

}i.l“.l- R

oo oo v

T-TT W0 '

| - LR

—DI. 05 0.
SH

=0.10

oo 0.05 010

4F value

High

Low

Feature value

Figure A.5: SHAP beeswarm plot for Negligence. Payment is the most important feature.

Source and inquiry also contribute, with more dispersed effects than for Blamelessness.
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Figure A.6: SHAP beeswarm plot for Recklessness. Payment dominates, with a clear direc-
tional pattern: receiving 1,000 pushes the model toward predicting Recklessness. Source is

the second most important feature.
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Figure A.7: SHAP beeswarm plot for Knowledge. Unlike the other three categories, contents
(fentanyl) is the most important feature, consistent with the qualitative inference account
discussed in the main text. Payment and inquiry also contribute, but with more dispersed

and less directionally consistent effects.

Fig. A.8 shows SHAP dependence plots for the two most important features
(Payment and Source) on the Recklessness class, with automatic interaction

coloring,.
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Figure A.8: SHAP dependence plots for Payment (left) and Source (right), showing their
effects on the predicted probability of Recklessness. Points are colored by the strongest inter-

acting feature.

Fig. A.9 shows the pairwise SHAP interaction matrix for the features-only

model.
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Figure A.9: Mean absolute SHAP interaction values between all pairs of vignette features.
The strongest interactions involve Inquiry x Contents and Inquiry x Payment, though all

interaction magnitudes are small relative to main effects.

Appendiz A.5. Embedding and representational similarity details

Fig. A.10 compares per-feature embedding distances across the two sentence-
transformer models. Contents and Location produce the largest embedding
shifts in both models, while Payment produces one of the smallest, illustrat-
ing the dissociation between semantic prominence and behavioral importance

discussed in the main text.
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Figure A.10: Mean cosine distance between vignette embeddings that differ on a single feature,

computed separately for BGE-large (left) and MiniLM (right). Features are sorted by distance

magnitude within each model.
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Fig. A.11 shows UMAP (McInnes et al., 2018) projections of the 64 unique
vignette embeddings colored by mean culpability and by payment status.
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Figure A.11: UMARP projection of BGE-large vignette embeddings (64 unique configurations).
Left: colored by mean culpability score (1 to 4). Right: colored by payment status. Vignettes
cluster into discrete groups reflecting the embedding geometry, but within-cluster culpability

variation demonstrates that semantic proximity does not determine judgment.

Fig. A.12 shows the same UMAP projection colored by each of the six binary

features, revealing which features drive the embedding space geometry.

E— et vt
2s{ 85 @ B nfoivie L 2B B 2 2
mao 180 w
! y 1
T L] oo
% - S
Ed ¥ Ed
= 2s 3 = zs 2 = s 3
[ 21 [
—as -5 -3
v & 0 & - R
et > I H 3 ™ S = § 3 ) I PR o w1
UMLF 1 e 1 Umar 1
P
254 @ ‘ @ 1254 @ woew & ’ 125 ’ @
* ne .
0u 181 108
7 s T3
o ~
P in n s 5 [
2 = H
5o s S 24 5 18 ’
o au ’ [
=25 =25 =25
& & &
-14 I3 s 10 18 - x4 1 T — ] URTY
uMaR 1 [IorE kAP 1

Figure A.12: UMAP vignette embeddings colored by each binary feature. Contents and

Location produce the clearest cluster separation in embedding space, while Payment and

Inquiry produce minimal visible separation, further illustrating the semantic-vs-behavioral

dissociation.
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Appendiz A.6. Free-text justification analysis

Fig. A.13 shows UMAP projections of BGE-large embeddings of partici-

pants’ free-text justifications, colored by mental state judgment.
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Figure A.13: UMAP projection of justification text embeddings colored by mental state judg-

ment. The lack of clear judgment-based clustering indicates that participants used similar

language to justify different mental state attributions.

Fig. A.14 shows the confusion matrix for the text-only classifier (multinomial

logistic regression on BGE justification embeddings).
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Figure A.14: Confusion matrix for the text-only classifier (BGE justification embeddings, 10-
fold cross-validated). The classifier achieves 51.9% accuracy overall but almost never predicts
Knowledge (2.1% recall), consistent with the finding that Knowledge attributions are driven

by categorical inference that is not well captured in participants’ verbal justifications.

Appendiz A.7. BERTopic analysis

BERTopic analysis (Grootendorst, 2022) used MiniLM embeddings rather
than BGE for topic modeling because mean-pooling architectures produce richer
topic structure for short texts: the token averaging that dilutes between-vignette
differences in the RSA analysis instead captures within-justification thematic
content more effectively. The analysis identified 23 topics in participants’ justi-
fications. Table A.4 lists all topics with their representative keywords, dominant

mental state category, and sample size.
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Table A.4: BERTopic topics from free-text justifications (MiniLM embeddings, 23 topics).

Topic  Representative keywords n  Dominant judgment %
0  daniel, the, that, was, he 74  Negligence 42
1  money, risk, payment, asked 67  Recklessness 36
2  uncle, trusted, family, member 64  Negligence 41
3  bag, the, duffel, was, not b9  Negligence 44
4  package, he, the, was, not 55  Negligence 49
5  border, across, the, there 55  Recklessness 14
6  john, was, think, package 53  Negligence 45
7 dawvid, uncle, would, the 46  Negligence 46
8 robert, the, that, was, of 46  Negligence 52
9 same, before, reasons, previous 34  Negligence 53

10  gift, wrapped, open, package 33 Blamelessness 45
11  andrew, was, the, that, have 29  Negligence 48
12  cannot, know, certain, knew 25 Knowledge 32
13  biker, trust, random, stranger 23  Recklessness 43
14 duffel, coffee, bag, suspicious 20  Recklessness 40
15  coffee, 1000, just, much 20 Recklessness 35
16  david, coffee, contained, bag 19  Negligence a7
17  john, coffee, transporting, bag 18 Recklessness 39
18  drugs, uncle, he, was, drug 17 Blamelessness 41
19  stranger, questions, accept, odd 17  Negligence 59
20  checked, should, have, knew 14  Negligence 50
21 coffee, uncle, believed, trusted 13  Negligence 46
22 1000, package, suspicious, dollars 12  Negligence 50

Note. Topics 0, 6, T, 8, and 11 are partially driven by the randomized protagonist name
rather than reasoning content, as indicated by proper names appearing as their top
keywords. Topic 9 contains participants who wrote "same as before" or similar repeated
responses. Topic 12 is the only topic where Knowledge is the dominant category; its

n"won

keywords ("cannot," "know," "certain," "knew") reflect certainty-based reasoning. % =

percentage of trials in the dominant category.

Fig. A.15 shows the distribution of mental state judgments across all 23

topics.
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Figure A.15: Distribution of mental state judgments across BERTopic topics (MiniLM embed-
dings). Each bar shows the percentage of justifications in that topic assigned to each mental
state category. Topics are numbered as in Table A.4. Most topics are Negligence-dominant,
reflecting the overall base rate. Topics 1, 5, 13, 14, and 15 are Recklessness-dominant and
reference payment, border-crossing, strangers, and suspicious packaging. Topic 12 is the only

Knowledge-dominant topic.

Appendiz A.8. Judgment distributions under high-awareness conditions

Table A.5 reports the distribution of mental state judgments when trials
are restricted to vignettes with progressively more awareness-relevant features.
As awareness cues accumulate, the modal judgment shifts from negligence to

recklessness, but knowledge attributions remain at approximately 13—17% across
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all conditions. This pattern supports the main-text argument that the transition
from negligence to recklessness operates along a continuous risk dimension, while

the transition to knowledge requires a qualitatively different inference.

Table A.5: Judgment distributions (%) under progressively stricter high-awareness vignette

filters.
Filter N Blamelessness Negligence Recklessness Knowledge
All trials 1,060 16.7 42.6 27.0 13.7
Payment — $1,000 538 12.1 35.1 36.8 16.0
Source = biker 521 7.5 47.2 32.6 12.7
Payment + biker 265 4.5 38.5 41.1 15.8
Payment + biker + asks 128 3.9 34.4 44.5 17.2
All four cues 67 6.0 32.8 44.8 16.4

Note. Bold values indicate the modal category within each filter. “Asks” = protagonist

actively asked about the package contents. *All four cues” = payment + biker - asks -
fentanyl. As awareness-relevant features accumulate, the modal judgment shifts from
negligence to recklessness, but knowledge remains at approximately 13-17% across all

conditions.
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