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This appendix provides the benchmark materials, procedural detail, and extended results
referenced in the main article. Section reproduces the prompt templates and example
scenarios and documents sample construction and parse-failure diagnostics. Section [52| gives
the full procedural detail for each analytic method, together with the complete loadings,
cluster-contrast, and archetype tables that the main article summarizes. Section [S3| reports
extended fixed-order results—the topic-level disagreement ranking, the most contested ques-
tions, and the cross-frame coherence matrix—which the main article reinterprets in light
of the option-order confound. Section [54] documents that confound and the randomized-
order replication that resolves it. Section [55| documents the counterfactual-design analyses
added in revision—the design lottery, the state-versus-market index, order-induced prefer-
ence reversal, the satisficing test, and the scope split. Section [S6| reports the robustness and
reliability checks in full. All values are computed from the same response data and analysis
pipeline as the main article. The fixed-order tables in Sections [52] and [S3| should be read
as documenting the apparent structure whose validity Section [S4] assesses; that structure is

largely an artifact of option position.

S1 Benchmark Materials and Sample Diagnostics

S1.1 Prompt Templates

Every scenario is administered with a single common prompt template; only the task-specific

framing differs across the four frame families. The common template is reproduced below



for the responsibility-locus family/T]

Read the following segment and keep your answers short and to the point.

### Task

You will see a scenario and four responsibility loci (A-D).

For each option, assign a responsibility score from O to 100, where:
0 = this level should play almost no role,

100 = this level should carry primary responsibility for addressing

the scenario.

Scores reflect who should handle the problem in terms of leverage,

effectiveness, fairness, and ability to act at scale.

### Scenario

{question}

A - {optionA}
B - {optionB}
C - {optionC}
D - {optionD}

### Instructions

- Use your general world knowledge and reasoning.

- Use a clear spread: avoid giving all four options very similar
scores.

- Unless the options are genuinely almost equivalent, your highest
and lowest scores should typically differ by at least 30 points.

- Do not give the exact same highest score to more than one option.

- Do not say "it depends," do not propose alternative options, and
do not refuse to answer.

- Do not mention being an AI or language model. Answer directly.

### Output format

Output exactly four lines and nothing else:

Scores: A=0-100, B=0-100, C=0-100, D=0-100

Lead: A/B/C/D

Confidence: 0-100

Opinion: a few sentences stating your view on what should be done in

this situation (preferred approach, key trade-off, and one risk or

'Reproduced with typographic dashes and quotation marks normalized to ASCII and long lines soft-
wrapped to fit the page; the wording is otherwise verbatim. The fields {question} and {optionA}-
{optionD} are filled per scenario.



unintended consequence). Do NOT refer to your scores or justify them.

The Scenario, Instructions, and Output format blocks are identical across all four

families. Only the Task block—the framing of what the four options represent and what the

scores mean—varies, as shown in Table

Table S1: Family-specific Task-block wording. All other prompt blocks are identical across

frame families.

Frame family

Task framing

Responsibility locus

Policy instrument

Ethical principle

Evidence stance

Four responsibility loci. Score 0-100: 0 = this level should play
almost no role; 100 = this level should carry primary responsibility.
Scores reflect leverage, effectiveness, fairness, and ability to act at
scale.

Four policy instrument types. Instrument-weight 0-100: 0 = almost
no role; 100 = primary weight. Scores reflect effectiveness, feasibil-
ity, enforceability, costs, and risk of unintended consequences.

Four ethical principles. Priority score 0-100: 0 = almost no weight;
100 = primary weight. Scores reflect how decisions should be guided
when principles conflict.

Four evidence stances / epistemic governance approaches.
Evidentiary-weight 0-100: 0 = almost no weight; 100 = primary
weight in deciding what is true and what to do next. Scores reflect
reliability, bias risk, legitimacy, and usefulness for action under un-
certainty.

S1.2 Answer Options and Example Scenarios

The four answer options are fixed in wording within each frame family and are reproduced

verbatim in Table [S2] Because the options are constant across all 100 scenarios in a family,

responses aggregate into comparable model-level profiles. Table [S3| gives two representative

scenario stems per family.

S1.3 Design Grid and Coverage

The benchmark crosses 4 frame families x 100 questions x 16 models x 2 inference temper-

atures x 50 repeated runs, for 640,000 intended response rows. A design-grid audit confirms

that every cell is populated: each frame family contributes exactly 160,000 rows, with 16

distinct models, 50 repeated runs, 2 temperatures, and 100 distinct questions observed per



Table S2: Fixed answer options (A-D) by frame family, reproduced verbatim from the
benchmark.

Frame family Label Option text
A Governmental level (laws, taxes, public investment, stan-
i1 dards
Responsibility locus B Corpczrate level (products/services, supply chains, pricing,
innovation )
C Community level (local orgs, cooperatives, norms, mutual
aid)
D Individual level (personal choices, habits, voting, consump-
tion)
A Incentives (bonuses, pay, subsidies/taxes, promotions, price
. signals
Policy instrument B Riles )& enforcement (mandatory policies, compliance
checks, sanctions)
C Capacity building (training, tools, staffing, education, in-
frastructure)
D Structural redesign (change processes/institutions/market
design to reshape incentives)
A Outcomes/utility (maximize overall welfare; reduce total
: o harm; efficiency)
Ethical principle B Rights & consent (privacy, autonomy, due process; informed
consent)
C Fairness & equity (distributional impacts; equal opportu-
nity; anti-discrimination)
D Trust/virtue/culture (legitimacy, dignity, integrity; long-
term social cohesion)
A Metrics-first (quantitative KPIs, audits, predictive models;
Evi measurement and targets)
vidence stance . . . . oL
B Expert/manager judgment (trained discretion; qualitative
assessment with rationale)
C Participatory /employee voice (surveys, councils, peer input;
deliberation, lived experience)
D External standards/third-party (certification, independent

audits, regulators)




Table S3: Representative scenario stems, two per frame family.

Frame family

Scenario stem

Responsibility locus

Responsibility locus

Policy instrument

Policy instrument

Ethical principle

Ethical principle

Evidence stance

Evidence stance

A gig platform treats workers as independent contractors while ex-
ercising employer-like control; benefits and protections are limited.
Who should carry primary responsibility for ensuring fair condi-
tions?

An automated CV-screening tool appears to disadvantage older ap-
plicants; the vendor is opaque. Who should carry primary respon-
sibility for preventing discriminatory screening?

Sales teams face pressure to hit aggressive targets, leading to mis-
selling and customer complaints. Which policy instrument should
carry primary responsibility for preventing unethical sales practices?

After-hours messages are common; staff feel permanently “on call”
and burnout rises. Which policy instrument should carry primary
responsibility for restoring healthy boundaries?

A company proposes monitoring employee keystrokes to detect data
leaks and improve productivity. Which ethical principle should
carry primary weight in deciding whether and how to monitor?

Background checks exclude applicants with minor non-violent con-
victions from many roles. Which ethical principle should carry pri-
mary weight in deciding screening policies?

Promotion decisions are disputed; some claim bias while others
claim “the numbers speak for themselves.” What evidence stance
should carry primary weight in deciding promotions?

A firm plans to label products “sustainable,” but definitions vary
and greenwashing risk is high. What evidence stance should carry
primary weight in validating sustainability claims?




family. Of the 640,000 rows, 627,437 (98.0%) return a complete, parseable set of four numeric
option scores and are eligible for analysis. Row-centering is exact: the maximum absolute
deviation of any centered response from the sum-to-zero constraint is 0.000 to six decimal
places.

The topic taxonomy covers all 400 questions across 12 topic areas and 3 scope levels. Of
the 400 questions, 22.8% are flagged as edge cases (multiple plausible topic assignments), and
21 receive a manual topic override after review. The main latent analyses use the core-topic
sample restricted to domain-topic cells with at least two core questions (306 questions, 44
cells). Cell sizes are uneven: the retained cells hold between 2 and 29 core questions (median
5), which is why the block-balanced MFA weighting (Section and the minimum-cell-size
specification checks (Section [S6|) matter.

S1.4 Parse-Failure Diagnostics and the Excluded Model

The benchmark relies on structured numeric output, so a model that frequently fails to
emit a parseable four-score line could distort relative-position estimates. We therefore audit
parse completeness by model and frame family. One model, phi4-mini-reasoning:3.8Db, is
a clear outlier: its parse rate falls as low as 37.07% on policy-instrument scenarios, with 6,293
of 10,000 responses unparseable in that frame family alone (Table . I[ts reasoning-style

output frequently omits or reformats the required score line.

Table S4: Parse-completeness diagnostics  for  the  excluded  model,
phi4-mini-reasoning:3.8b, by frame family. Each frame family comprises 10,000
responses for this model (100 questions x 50 runs x 2 temperatures).

Frame family Parse rate (%) Unparseable responses (of 10,000)
Policy instrument 37.07 6,293
Evidence stance 78.06 2,194
Ethical principle 87.43 1,257
Responsibility locus 87.79 1,221

The exclusion is conservative and well separated from the retained sample. Excluding
phid4-mini-reasoning:3.8b, the lowest parse rate of any model-by-frame-family combina-
tion in the raw 16-model sample is 95.31% (cogito:8b on responsibility-locus scenarios),
and every other model-by-frame-family parse rate exceeds 96%. Within the retained 15-
model core sample, the lowest parse rate of any of the 44 domain-topic cells is 99.07%. Parse
failures in the retained sample are therefore neither frequent nor concentrated, and cannot

plausibly account for the between-model differences reported in the main article. The main



analyses accordingly retain 15 models; the model sample should be read as a benchmarked

set rather than a statistical sample from a population of all possible LLMs.

S2 Methodological Detail

S2.1 Row-Centering and Model Fingerprints

Each parseable response yields four option scores s;,, (model i, response row r, option o).

Row-centering subtracts the within-response mean,
~ 1 4
Siro = Siro — 3 Zolzl Siro’

so the four centered scores sum to zero within every response. This removes model-level
scale generosity and renders each response a relative allocation. The sum-to-zero constraint
means the centered feature matrix has rank 3 per frame-family block rather than 4; all
downstream analyses operate on this effectively three-dimensional block structure. Centered
scores are then averaged by model, frame family, topic, and option to form the topic-option
fingerprint. The primary measurement object is the matrix of pairwise distances between

model fingerprints.

S2.2 Multiple Factor Analysis

The fingerprint matrix is partitioned into blocks, one per retained domain-topic cell. Each
retained block spans the same four option columns, so blocks do not differ in dimensionality;
they differ in question count and hence in score dispersion, and an unweighted principal
component analysis of the concatenated matrix would let high-variance blocks dominate
the leading axes mechanically. Multiple Factor Analysis (Escofier and Pages), [1994)) corrects
this: each block g is rescaled by the inverse of its first singular value, X, — X,/0,1, so that
the largest singular value of every rescaled block equals one and no block can contribute
more than unit inertia to the first global axis. A single singular value decomposition of the
concatenated, rescaled matrix produces the global principal components; model coordinates
are projections onto these components, and the block-balanced distance between two models
is the Euclidean distance between their coordinate vectors.

The first two components explain 51.2% of the block-balanced variance and the first four
explain 69.8% (Table . Table reports the strongest feature loadings on the first two
components. The pattern is clean and substantively interpretable: PC1 is anchored at its

positive pole by metrics-first evidence and utility ethics and at its negative pole by capacity



building, employee voice, and corporate responsibility; PC2 is anchored at its positive pole
by structural-redesign policy instruments and at its negative pole by judgment-based evi-
dence (with rules-based instruments loading negatively just beyond the six features shown).
These are the measurement-versus-participation and systemic-redesign-versus-case-by-case

axes described in the main article.

Table S5: Block-balanced MFA: variance explained by the leading components.

Component Variance explained Cumulative
PC1 0.302 0.302
PC2 0.210 0.512
PC3 0.111 0.622
PC4 0.076 0.698

S2.3 Hierarchical Clustering and Bootstrap Co-Clustering

Clusters are formed by Ward-linkage hierarchical clustering on the block-balanced distance
matrix. The number of clusters is selected by the average silhouette width, which is maxi-
mized at k = 2 (Table [S7).

Cluster stability is assessed by bootstrap co-clustering. We draw 300 bootstrap samples,
resampling questions within each domain-topic cell so that the block structure of the de-
sign is preserved, and re-run the entire pipeline—fingerprint construction, MFA, and Ward
clustering—on each resample. For every pair of models, the co-clustering rate is the fraction
of resamples in which the pair is assigned to the same cluster. The mean within-cluster
co-clustering rate is 0.997 for the 12-model institutionalist cluster and 0.983 for the 3-model
market-rationalist cluster.

Table [S8| reports the full cluster contrast: the difference in mean centered score (market-
rationalist minus institutionalist) for all 16 frame-option features, with question-clustered
bootstrap 95% confidence intervals. Fifteen of the sixteen contrasts exclude zero. The
market-rationalist cluster over-weights utility ethics, metrics-first evidence, and incentive-
based instruments; the institutionalist cluster over-weights equity, rules, employee voice,
trust, judgment-based evidence, and corporate responsibility. The single contrast whose
interval includes zero is external-standards evidence, on which the two clusters do not reliably
differ. This is the fixed-order cluster signature; Section shows that it is substantially a
label-position effect—the three over-weighted slot-A options (utility, metrics, incentives)

collapse to near zero once option order is randomized.



Table S6: Strongest feature loadings on the first two MFA components: the six most positive
and six most negative topic-option features for each component. Features are labeled by
frame-option type and topic.

Topic-option feature Loading

PC1, positive pole

Evidence: Metrics — climate & infrastructure +0.156
Ethical: Utility — rights, voice & relations +0.154
Evidence: Metrics — data, Al & monitoring +0.153
Evidence: Metrics — macro & social policy +0.152
Ethical: Utility — pay & benefits +0.151
Evidence: Metrics — employment security +0.150
PC1, negative pole
Policy: Capacity — data, Al & monitoring —0.116
Evidence: Voice — work design & coordination —0.109
Evidence: Voice — data, Al & monitoring —0.107
Evidence: Voice — market governance —0.103
Responsibility: Corporate — recruitment & selection —0.098
Policy: Capacity — safety, health & wellbeing —0.097
PC2, positive pole
Policy: Structure — employment security +0.185
Policy: Structure — learning & capability +0.165
Policy: Structure — performance & careers +0.159
Policy: Structure — safety, health & wellbeing +0.156
Policy: Structure — climate & infrastructure +0.155
Policy: Structure — work design & coordination +0.149
PC2, negative pole
Evidence: Judgment — work design & coordination —0.185
Evidence: Judgment — performance & careers —0.178
Evidence: Judgment — pay & benefits —0.170
Evidence: Judgment — recruitment & selection —0.169
Evidence: Judgment — rights, voice & relations —0.169
Evidence: Judgment — safety, health & wellbeing —0.162

Table S7: Average silhouette width by number of clusters (Ward linkage, block-balanced
distance). The maximum at k = 2 selects the two-cluster partition.

Number of clusters k Average silhouette width
2 0.166
3 0.093
4 0.079
5 0.075




Table S8: Cluster contrast across all 16 frame-option features under fized option order:
mean centered-score difference (market-rationalist cluster minus institutionalist cluster),
with question-clustered bootstrap 95% confidence intervals. A positive value indicates the
feature is over-weighted by the market-rationalist cluster. Rows are sorted by absolute dif-
ference. Values here are computed with the original question-clustered bootstrap pipeline
and may differ in the second decimal from the direct domain-option computation in the main
article’s collapse table. Note: these fixed-order contrasts are shown by the randomized-order
replication (Section , Table to be largely a position artifact—they collapse toward
zero once option order is randomized—and should not be read as content-driven orientation
differences.

Frame-option feature Difference 95% CI

Ethical: Utility 123.32 [+21.19, +25.59]
Evidence: Metrics +20.38 [+18.51, +22.37]
Policy: Incentives +15.01 [+13.24, +17.03]
Ethical: Equity —14.64 [-16.26, —12.84]
Policy: Rules 1413 [~16.12, —12.09)
Ethical: Trust —12.46 [-13.67, —11.13]
Evidence: Voice —11.81 [-13.50, —9.96]
Responsibility: Government +10.09 [ +8.42, +11.75]
Responsibility: Corporate —9.51 [—11.41, —7.55]
Evidence: Judgment —7.86 [ —9.75, —5.89]
Policy: Capacity —4.77 [ —6.33, —2.99]
Policy: Structure +3.89 [ +2.13, +5.84]
Ethical: Rights +3.79 [ +2.25, +5.52]
Responsibility: Community —-2.69 [ —345, —1.92]
Responsibility: Individual +2.11 [ +1.26, +2.84]
Evidence: External -0.71 [ -2.39, +1.18]
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S2.4 Archetypal Analysis

Archetypal analysis (Cutler and Breiman|, 1994)) represents each model fingerprint as a convex
combination of k archetypes. Each archetype is itself constrained to be a convex combination
of observed fingerprints (keeping it within the convex hull of the data), and the reconstruction
objective pushes the fitted archetypes toward the hull’s boundary, where extreme profiles
lie. The archetypes and the mixture weights are fit jointly by alternating least squares to
minimize the reconstruction residual sum of squares.

We fit solutions for k € {2, 3,4} and select k from the reconstruction-R? scree (Table .
The gain from k = 2 to k = 3 is 0.186, while the gain from k = 3 to k = 4 is 0.084, giving a
clear elbow at £ = 3. Each model is assigned mixture weights over the three archetypes; the
archetype carrying the largest weight defines the model’s primary governance type. Table
reports the full membership matrix. The market-rationalist cluster maps cleanly onto a
single archetype (mean Market-rationalist weight 0.786), while the institutionalist cluster is
a coalition of the Proceduralist and Social-equity archetypes (mean weights 0.473 and 0.446,
with a Market-rationalist weight of 0.080). Table reports the membership-weighted

archetype fingerprints across all 16 frame-option features.

Table S9: Archetypal analysis: reconstruction fit by number of archetypes. The elbow in
reconstruction R? selects k = 3.

Number of archetypes k Reconstruction R? Residual sum of squares
2 0.260 58.08
3 0.446 43.49
4 0.530 36.93

S2.5 Variance Decomposition and Permutation Tests

Two complementary procedures test whether model identity explains systematic variation
beyond inference temperature and baseline topic-option differences.

The incremental variance decomposition is a sequence of nested ordinary-least-
squares regressions of aggregated centered scores on progressively richer fixed-effect struc-
tures (Table . Topic-option fixed effects alone explain 63.4% of the variation. Adding a
temperature main effect changes R? by approximately zero. Adding model-by-domain-option
interactions contributes 26.2 percentage points, and adding model-by-topic-option interac-
tions a further 9.6. The final specification carries 3,054 regressors for 5,280 observations and

so approaches saturation; its R? should be read as in-sample explained variation rather than

11



Table S10: Archetype membership weights for the 15 retained models, computed under fized
option order. Each row is a convex combination summing to one; the primary archetype
is the one with the largest weight. Models are grouped by primary archetype. Note: the
Market-rationalist archetype is shown by the randomized-order replication (Section [S4.2)) to
be largely a position artifact.

Model Proceduralist Social-equity Market-rationalist
Proceduralist
mistral:7b 1.000 0.000 0.000
ministral-3:8b 0.976 0.024 0.000
granite4:3b 0.956 0.000 0.044
deepseek-r1:8b 0.855 0.000 0.145
rnj-1:8b 0.745 0.255 0.000
1fm2.5-thinking:1.2b 0.498 0.301 0.201
Social-equity
gemma3: 12b 0.000 1.000 0.000
gemma4 : e4b 0.000 0.927 0.073
phi4d:14b 0.000 0.835 0.165
nemotron-3-nano:4b 0.122 0.809 0.069
qwen3:8b 0.072 0.660 0.268
gpt-oss:20b 0.456 0.544 0.000
Market-rationalist
dolphin3:8b 0.000 0.000 1.000
cogito:8b 0.137 0.118 0.744
gemma3n:e4b 0.385 0.000 0.615
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Table S11: Membership-weighted archetype fingerprints under fized option order: mean cen-
tered score for each archetype on each of the 16 frame-option features. Positive values indi-
cate the feature is over-weighted relative to the cross-model mean. Note: the slot-A features

that define the Market-rationalist profile collapse under randomized order (Section [S4.2));
these fingerprints document the apparent structure, not validated content differences.

Frame-option feature Proceduralist Social-equity Market-rationalist
Responsibility: Government +24.98 +23.44 +31.55
Responsibility: Corporate +10.37 +15.56 +6.31
Responsibility: Community —10.71 —9.80 —11.66
Responsibility: Individual —24.64 —29.19 —26.19
Policy: Incentives —7.59 —12.28 +1.76
Policy: Rules +12.13 +0.93 —4.69
Policy: Capacity —5.27 —5.18 —9.80
Policy: Structure +0.72 +16.54 +12.73
Ethical: Utility +5.25 +0.05 +20.74
Ethical: Rights —-3.31 —8.95 —4.52
Ethical: Equity +10.42 +13.05 +1.42
Ethical: Trust —12.36 —4.56 —17.64
Evidence: Metrics —8.28 —10.91 +5.87
Evidence: Judgment +7.88 —5.09 —5.28
Evidence: Voice +4.97 +12.40 —0.06
Evidence: External —4.57 +3.60 —0.54
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predictive accuracy. The temperature null and the large model-by-domain-option increment

are not affected by this saturation, because they are evaluated at far lower regressor counts.

Table S12: Incremental variance decomposition of aggregated centered scores (n = 5,280
observations). Each row adds a block of fixed effects to the row above.

Specification R?* AR? Regressors
Topic-option fixed effects 0.634 0.634 175
+ Temperature 0.634 0.000 176
+ Model x domain-option 0.895 0.262 415
+ Model x topic-option 0.992 0.096 3,054

The multivariate permutation tests operate directly in the fingerprint space using
the Freedman—Lane procedure. To test a focal factor, the response is first regressed on the
reduced model containing all other regressors; the residuals of that reduced fit are permuted,
added back to the reduced-model fitted values, and the full model is refit, yielding a per-
mutation distribution of the focal factor’s partial R? and pseudo-F statistic. The reported
p-value is the fraction of 999 permutations with a statistic at least as large as observed. For
model identity the partial R? is 0.979 with pseudo-F = 45.49 (p = 0.001); for temperature
it is 0.071 with pseudo-F = 1.06 (p = 0.358). Temperature permutations are constrained
to swaps within model pairs—each model contributes exactly one 7" = 0.2 and one T" = 0.8
observation—so that the test respects the repeated-measures structure. This constraint also
limits the test’s power: with only two temperature observations per model, the permutation
test is informative against large temperature effects but not against small ones, which is why
the regression decomposition is the more informative complement for temperature.

The permutations preserve the compositional (sum-to-zero) structure of the row-centered
scores by construction. Both the regression decomposition and the Freedman—Lane tests are
computed on the already-centered scores s;.,, and what is permuted is the assignment of
observation labels (model identity or temperature), never the four option scores within a
response. Each response therefore retains its sum-to-zero option vector intact under every
permutation, so the null distributions are generated within the same constrained space as
the observed statistic and the constraint does not distort them. The same holds for the
question-cluster bootstrap used to construct the de-confounded contrast intervals reported
in the main article: it resamples whole responses—each an intact sum-to-zero vector—and
recomputes the centered statistics on the resample, so every bootstrap replicate also respects
the constraint; no resampling step ever acts across the four-option (compositional) dimen-
sion. The rank-3-per-block structure of the centered scores is thus preserved throughout the

downstream inference, by construction rather than by correction.
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Temperature minimum-detectable effect. The bound quoted in the main article
is a paired across-model calculation. For each of the 176 topic-option features f, let D;s
be model i’s change in mean centered score from T = 0.2 to T = 0.8; the standard error
of the mean shift is SE; = SD;(D;s)/v/15, and the two-sided minimum detectable effect at
a = 0.05 and 80% power is (20.975 + 20.50) SEf = 2.80 SE;. The median MDE across features
is 2.02 centered points (IQR 1.55-2.59); the observed mean shifts | D;| have median 0.52 and
maximum 2.63. Systematic temperature effects larger than about two centered points per
feature would therefore have been detected.

De-confounded replication of the model-identity test. Because the decomposition
above is computed on fixed-order scores, the model-identity magnitude could conflate con-
tent preferences with the position-bias fingerprint. We therefore re-ran the analysis on the
canonical-content scores of the randomized replication, using run-halves (orders 1-4 versus
5-8) in place of temperature as the replicate factor: feature fixed effects explain R?* = 0.756;
adding the replicate factor changes nothing (AR?* = 0.000, the analogue of the tempera-
ture null); adding model-by-domain-option interactions contributes 14.2 percentage points
and model-by-topic-option interactions a further 8.6 (to R? = 0.983, again near saturation).
A label-permutation test of model identity on the 30 model-half fingerprints gives pseudo-
F = 14.5, p = 0.001 (999 permutations). Model identity thus drives the de-confounded
content structure, not only the positional habits.

Temperature is not, however, inert. Table shows that raising the temperature from
0.2 to 0.8 substantially increases within-model stochastic variability: mean within-model L1
distance between repeated runs rises by roughly 12-17 points in every frame family, and
lead entropy rises correspondingly. What temperature does not do is shift the between-
model orientation map—the permutation test above is not significant for temperature, and
the temperature-specific distance maps correlate r = 0.968 with the pooled map (Section.
Higher temperature thus adds noise around each model’s position without relocating it.

Table expresses the between- versus within-model comparison as a ratio per frame
family. For each family we compute the mean pairwise L1 distance between models’ per-
question centered score vectors (between-model) and the mean pairwise L1 distance across
the 50 repeated runs within each model and question (within-model), both averaged over the
core questions and pooled over the two temperatures. The ratio exceeds one in every family,
so between-model differences are larger than run-to-run noise throughout: all four frame
families contribute to between-model separation, and none is dominated by within-model

variability.
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Table S13: Within-model response variability by frame family and inference temperature.
Within-model L1 is the mean L1 distance between score vectors across repeated runs; lead
entropy is the entropy of the top-ranked option across runs. Higher temperature raises
within-model noise but, per the permutation test, does not move the between-model map.

Frame family (7) Within-model L1 Lead entropy Mean confidence
Ethical principle (T' = 0.2) 33.24 0.31 82.18
Ethical principle (7= 0.8) 49.95 0.53 82.77
Evidence stance (" = 0.2) 35.70 0.48 81.43
Evidence stance (T' = 0.8) 50.65 0.74 81.95
Policy instrument (7" = 0.2) 33.94 0.40 81.49
Policy instrument (7" = 0.8) 51.36 0.69 81.71
Responsibility locus (7' = 0.2) 23.90 0.17 82.67
Responsibility locus (7" = 0.8) 35.94 0.32 83.21

Table S14: Between- versus within-model L1 distance by frame family (core questions, pooled
over temperatures). Between-model L1 is the mean pairwise distance between models’ per-
question centered score vectors; within-model L1 is the mean pairwise distance across the
50 repeated runs within each model and question. A ratio above one indicates that model
identity separates the score vectors more than run-to-run sampling does.

Frame family Between-model L1~ Within-model L1 B/W ratio
Ethical principle 64.09 43.73 1.47
Evidence stance 59.83 44.85 1.33
Policy instrument 65.54 44.58 1.47
Responsibility locus 44.87 31.65 1.42
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S2.6 Reasoning-Text Semantic Pipeline

The short opinion field accompanying each response is analyzed as a separate, semantic
source of evidence on whether models that differ numerically also differ in how they justify
their choices.

Prompt-leak filtering. Some responses echo substantial portions of the prompt rather
than generating an opinion. A response is flagged as a prompt leak when the Jaccard
similarity between its word-token set and the prompt’s word-token set exceeds 0.25 (the
intersection of unique word tokens over their union); results are insensitive to the exact
threshold because the distribution is sharply bimodal—two models far above it, every other
model near zero. Of 453,841 raw opinion rows, 48,504 are flagged. Prompt leakage is
heavily concentrated in two models: 1fm2.5-thinking:1.2b, with 85.06% of its opinions
flagged, and nemotron-3-nano:4b, with 73.59%; every other model has a leak share at or
below 0.03%. Because reliable semantic fingerprints cannot be built for the two leak-prone
models, they are dropped from the semantic analysis, which therefore retains 13 of the
15 models; after prompt-leak filtering and this exclusion, 392,696 opinion rows enter the
semantic analysis. (Both models are retained in the numeric analysis, where the structured
score line is unaffected by opinion-text leakage.)

Document construction and vectorization. Retained opinions are aggregated into
balanced model-by-topic documents (572 documents: 13 text-eligible models x 44 domain-
topic cells, pooled across both temperatures) and, separately, question-level documents
(7,938: 13 models x 306 core questions x 2 temperatures, less a small number of sparse cells;
these are temperature-separated). The model-by-topic pooling reflects that the model-level
semantic fingerprint targets stable, temperature-invariant tendencies, while the question-
level documents preserve the finer replication structure. Documents are vectorized with
TEF-IDF over a 7,000-term vocabulary, and a singular value decomposition yields semantic
dimensions. The sentence-embedding analysis reported in the main article uses a differ-
ent corpus: the randomized-replication opinions (47,439 parseable; 40,379 after the same
prompt-leak filtering and the two model exclusions), not the 392,696-opinion fixed-order
corpus used for TF-IDF, because the embedding test targets the de-confounded orientation
map and therefore matches the randomized data on which that map is built.

Length residualization. Verbosity is a confound: a model that simply writes more
could appear semantically distinctive for reasons unrelated to governance content. Two of
the four leading raw semantic dimensions are correlated with document length (Table [S15).
We therefore residualize the semantic fingerprint on document token count before computing
semantic distances. After residualization, none of the four leading dimensions is significantly

associated with length.
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Table S15: Spearman correlation between each leading semantic dimension and mean docu-
ment length (token count), before and after residualizing the semantic fingerprint on length.
Residualization removes the length association from dimensions SV2 and SV4.

Raw semantic map  Length-residualized

Dimension p with length p p with length D
SV1 —0.143 0.642 —0.137 0.655
SV2 +0.687 0.010 —-0.033 0.915
SV3 —0.110 0.721 —0.110 0.721
SV4 +0.797 0.001 +0.121  0.694

Numeric—semantic comparison (TF-IDF). On the residualized TF-IDF map, se-
mantic and numeric distances are weakly related at the model level (Spearman p = 0.141,
p = 0.219) but positively related at the topic-cell level (p = 0.461, p = 0.002). A dictionary-
marker robustness check reinforces the local pattern: dictionary-marker distances correlate
with numeric distances (p = 0.295, p = 0.009) but not with the broader TF-IDF semantic
map (p = 0.099, p = 0.387).

Sentence-embedding comparison. Because TF-IDF is blind to semantic direction,
we repeat the model-level test with contextual sentence embeddings (Reimers and Gurevych),
2019): each opinion is encoded with the al1-MiniLM-L6-v2 model, the per-dimension em-
bedding is length-residualized (regressed on log token count), and a model-level fingerprint
is the mean residualized embedding over that model’s opinions. Two models with majority
prompt-leak (1fm2.5-thinking:1.2b, nemotron-3-nano:4b) are excluded, leaving 13 mod-
els and 40,379 opinions. Cosine distances between model embeddings are then compared with
the numeric content-fingerprint distances by a Mantel test (2,000 label permutations). The
embedding map is significantly, though modestly, related to the numeric map at the model
level (Spearman p = 0.269, Mantel p = 0.005)—substantially above the TF-IDF estimate
and now significant. Two caveats bound this result: general-purpose sentence embeddings
are validated for topical and stylistic similarity, not as measures of normative agreement
or argumentative valence, so the residual association may partly reflect topic mix rather
than governance stance; and the embedding and TF-IDF analyses differ in corpus as well
as representation (randomized-replication versus fixed-order opinions, as described above).
The model-level “dissociation” suggested by TF-IDF was therefore largely an artifact of
the bag-of-words representation: reasoning text carries a real but weak signal of a model’s
numeric orientation, with a rank correlation of 0.27 leaving most of the behavioral varia-
tion unexplained. The opinion text is thus a partial, noisy guide to behavior rather than

independent global ground truth.
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S3 Extended Results

S3.1 Topic-Level Disagreement

For each of the 44 domain-topic cells we compute the mean pairwise L1 distance between
model fingerprints, a measure of how much models disagree within that cell. Table
lists the 20 most contested and the 10 least contested cells. The most contested are policy-
instrument and evidence-stance questions about work design, learning and capability, em-
ployment security, and data and AI monitoring; the least contested are responsibility-locus
questions about macro-social policy and climate or infrastructure, where government is the
near-universal modal answer. The domains where model choice matters most coincide with

the areas of most active contemporary workplace-policy debate.

S3.2 Most Contested Questions

At the individual-question level, advice contestation is measured by the Shannon entropy of

the top-ranked option across the 15 models,

4
H(I = = quo 10g2pqoa

o=1

where pg, is the fraction of models naming option o as their top-ranked choice for question
q. Entropy is 0 bits when all models agree and log,4 = 2 bits when models split evenly
across all four options. Across the 306 core questions, 275 (89.9%) show at least one cross-
model disagreement and 31 achieve full consensus. Table lists the 20 most contested
questions; every one draws all four options as the top recommendation from at least one
model. They cluster in data and AI monitoring, performance and careers, and climate or
infrastructure—the last including the city flooding-adaptation scenario discussed in the main

article.

S3.3 Confidence Calibration

Self-reported confidence is calibrated against behavioral stability at the model level. Over
the 15 models, mean confidence correlates with lower lead entropy (p = —0.582, p = 0.023;
model-resampling bootstrap 95% CI [—0.93,—0.02]), lower mean pairwise L1 distance be-
tween repeated-run score vectors (p = —0.571, p = 0.026; CI [-0.91, —0.01]), and a higher
majority-lead share (p = +0.546, p = 0.035; CI [—0.01, +0.89]); all three survive Benjamini—

Hochberg correction at ¢ < 0.05, but the bootstrap intervals are wide and approach zero.
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Table S16: Topic-level cross-model disagreement: the 20 most and 10 least contested domain-
topic cells, by mean pairwise L1 distance between model fingerprints. The modal option is
the most common top-ranked option across models. The remaining 14 cells fall between the

two panels.
Frame family Topic Mean L1 Modal option
20 most contested
Policy instrument Work design & coordination 60.29 Structure
Evidence stance Learning & capability 59.88 Metrics
Policy instrument Employment security & contracting 58.70 Structure
Responsibility locus Pay & benefits 56.47 Government
Evidence stance Data, Al & monitoring 56.42 Voice
Policy instrument Performance & careers 55.86 Structure
Policy instrument Recruitment & selection 54.86 Structure
Evidence stance Macro & social policy 53.09 Judgment
Policy instrument Data, Al & monitoring 52.96 Capacity
Policy instrument Learning & capability 52.63 Capacity
Ethical principle Pay & benefits 51.98 Equity
Ethical principle Work design & coordination 51.94 Equity
Responsibility locus Work design & coordination 51.52 Corporate
FEthical principle Employment security & contracting 51.03 Equity
Ethical principle Recruitment & selection 51.00 Equity
Ethical principle Climate & infrastructure 50.96 Utility
Policy instrument Pay & benefits 50.89 Structure
Evidence stance Employment security & contracting 50.52  Voice
Evidence stance Pay & benefits 50.05 Voice
Evidence stance Market governance 49.75 External
10 least contested
Policy instrument Market governance 42.70 Rules
Responsibility locus Recruitment & selection 42.54 Corporate
Responsibility locus Employment security & contracting 42.21 Government
Evidence stance Rights, voice & relations 42.00 Voice
Ethical principle Safety, health & wellbeing 41.23 Utility
Evidence stance Work design & coordination 40.11  Voice
Responsibility locus Safety, health & wellbeing 33.74 Government
Responsibility locus Market governance 33.70 Government
Responsibility locus Macro & social policy 26.76  Government
Responsibility locus Climate & infrastructure 25.13 Government
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Table S17: The 20 most contested core questions, by Shannon entropy of the top-ranked
option across 15 models. Q# is the within-family question number; “distinct leads” is the
number of options receiving the top recommendation from at least one model (maximum 4).

Frame family

Topic

Q# Entropy (bits)

Distinct leads

Evidence stance
Evidence stance
Policy instrument
Evidence stance
Evidence stance
Ethical principle
Policy instrument
Evidence stance
Evidence stance
Evidence stance
Ethical principle
Evidence stance
Evidence stance
Evidence stance
Evidence stance
Evidence stance
Policy instrument
Policy instrument
Policy instrument
Evidence stance

Data, Al & monitoring
Data, Al & monitoring
Climate & infrastructure
Performance & careers
Market governance

Pay & benefits

Macro & social policy
Learning & capability
Performance & careers
Rights, voice & relations
Pay & benefits

Market governance
Rights, voice & relations
Learning & capability
Recruitment & selection
Safety, health & wellbeing
Climate & infrastructure
Rights, voice & relations
Climate & infrastructure
Climate & infrastructure

12
48
84
47
81

7
63
13
28
86
22
87
o6
77
24
59
94
18
74
94

1.99
1.97
1.93
1.91
1.91
1.89
1.89
1.89
1.89
1.89
1.89
1.89
1.89
1.89
1.83
1.83
1.83
1.83
1.83
1.83

S S Y S S Y S Y S Y SO S SO SN

21



These are correlations across only 15 models, so they are exploratory rather than definitive,
and we make no claim about any individual model’s calibration. Table reports the per-
model statistics: H is the mean over core questions of the lead entropy H, defined above
(the entropy of the model’s top-ranked option across its 50 repeated runs), mean pairwise
L1 is the average absolute difference between run-level centered score vectors, and majority

share is the fraction of runs taking the model’s modal option.

Table S18: Per-model confidence calibration statistics, sorted by mean self-reported confi-
dence (“Conf.”, 0-100, averaged over 50 runs and 306 core questions). Lead entropy (H) and
mean pairwise L1 are averaged over the 50 repeated runs and 306 core questions; majority
share is the fraction of runs taking the model’s modal option. Statistics are descriptive; with

n = 15 models we draw no individual-model calibration conclusions.

Model Conf. H L1 Maj. share
gemma3:12b 92.5 0.07 10.7 0.977
gemma4 : e4b 91.2 0.51 41.7 0.843
gemma3n:edb 90.2 0.13 94 0.912
ministral-3:8b 89.9 0.25 27.9 0.923
gwen3:8b 89.7 0.39 384 0.885
mistral:7b 89.2 0.53 34.9 0.831
dolphin3:8b 88.4 042 36.1 0.882
cogito:8b 88.2 0.56 54.8 0.833
deepseek-r1:8b 87.3 0.65 48.9 0.809
phi4:14b 86.3 0.28 28.6 0.916
rnj-1:8b 85.3 0.72 41.0 0.784
gpt-oss:20b 84.1 0.35 40.7 0.897
granite4:3b 81.1 0.37 33.1 0.892
nemotron-3-nano:4b 589 0.70 67.7 0.790
1fm2.5-thinking:1.2b 30.2 0.97 79.5 0.717

S3.4 Cross-Frame Coherence

The four frame families are designed as analytically independent lenses, but if models hold
internally coherent governance philosophies their option preferences should co-move in pre-
dictable ways. We compute the Spearman correlation matrix of model-level mean centered
scores across all 16 frame-option features (120 unique pairs: 96 cross-frame and 24 within-
frame) over the 15 retained models. Two corrections to a naive reading are required. First,
within-frame pairs are partly mechanical: row-centering imposes a sum-to-zero constraint
within each family, making same-family options negatively dependent by construction. The
one pair that survives Benjamini-Hochberg correction when all 120 pairs are treated as one

family—utility-based versus trust-based ethics (p = —0.807, ¢ = 0.033)—is exactly such
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a within-frame pair and cannot anchor a cross-frame coherence claim. Second, restricting
the FDR family to the 96 true cross-frame pairs, no pair survives correction at n = 15;
the strongest cross-frame associations (incentives with government responsibility, p = 0.750;
utility ethics with metrics-first evidence, p = 0.729; judgment-based evidence with rules,
p = 0.696) are indicative only. Table reports the 12 strongest positive and 12 strongest
negative pairs with these caveats. The apparent orderliness is, moreover, itself vulnerable to
the option-order confound: the most strongly co-moving constructs (utility, metrics, incen-
tives, government) are all the slot-A option in their families, so a first-slot preference inflates
these correlations simultaneously, and Section confirms that the structure they anchor

does not survive randomized option order.

Table S19: Cross-frame coherence: the 12 strongest positive and 12 strongest negative
Spearman correlations among the 16 frame-option mean scores (n = 15 models). All 120
unique pairs are corrected by Benjamini-Hochberg FDR; (*) marks the one pair surviving

at ¢ < 0.05.

Frame-option A Frame-option B P P BH-¢q
Strongest positive

Policy: Incentives Responsibility: Government +0.750 0.001 0.060
Ethical: Utility Evidence: Metrics +0.729 0.002 0.062
Evidence: Judgment Policy: Rules +0.696 0.004 0.094
Ethical: Utility Policy: Incentives +0.654 0.008 0.141
Ethical: Trust Evidence: Voice +0.607 0.016 0.218
Evidence: Judgment Responsibility: Individual +0.575 0.025 0.223
Ethical: Equity Policy: Capacity +0.546 0.035 0.264
Ethical: Equity Responsibility: Corporate +0.536 0.040 0.264
Ethical: Equity Evidence: Voice +0.529 0.043 0.264
Ethical: Rights Evidence: Judgment +0.521 0.046 0.264
Ethical: Rights Responsibility: Individual +0.507 0.054 0.280
Evidence: External Policy: Structure +0.493 0.062 0.294
Strongest negative

Ethical: Utility Ethical: Trust —0.807 <0.001 0.033 (*)
Ethical: Equity Evidence: Metrics —0.743 0.002 0.060
Ethical: Utility Ethical: Equity —0.675 0.006 0.115
Ethical: Trust Evidence: Metrics —0.614 0.015 0.218
Evidence: Judgment Policy: Structure —0.589 0.021 0.223
Ethical: Trust Policy: Incentives —0.582 0.023 0.223
Policy: Incentives Responsibility: Community —0.575 0.025 0.223
Policy: Capacity Policy: Structure —0.571 0.026 0.223
Ethical: Rights Evidence: Voice —0.532 0.041 0.264
Responsibility: Corporate Responsibility: Individual —0.532 0.041 0.264
Policy: Rules Policy: Structure —0.525 0.044 0.264
Evidence: Metrics Evidence: Voice —0.514 0.050 0.272
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S4 The Option-Order Confound and Its Randomized

Resolution

Option order is fixed within each frame family in the main benchmark, so option content
and option position are confounded by construction. This section documents two analyses:
an aggregate letter-position diagnostic that, by averaging over models, failed to detect the
confound (Section [S4.1)); and the randomized-order replication that resolved it and showed
the confound to be material (Section [S4.2).

S4.1 The Aggregate Diagnostic, and Why It Was Insufficient

A first, aggregate check examines mean scores by option letter, pooled across questions and
across models (Table . The pooled means show only a mild gradient (slot A > B > C
> D) that is, moreover, not stable across frame families—the highest-scoring slot is C for
ethical-principle and evidence-stance scenarios, D for policy-instrument scenarios, and A for
responsibility-locus scenarios. We initially read this family-dependent reordering as evidence

that content, not position, drove responses.

Table S20: Aggregate letter-position diagnostic. Panel A: mean raw and mean centered score
by option letter, pooled across all questions, frame families, and models. Panel B: mean raw
score by option letter within each frame family. The aggregate pattern is not stable across
families—but, by averaging over models, it cannot detect the model-specific position bias
that the randomized replication reveals.

A B C D
Panel A: pooled across questions, families, and models
Mean raw score 51.77 49.82 47.54 40.63
Mean centered score +4.34 +2.38 +0.10 —6.81
Panel B: mean raw score by frame family
Ethical principle 55.99 43.75 58.63 38.54
Evidence stance 43.97 50.31 56.65 49.39
Policy instrument 41.97 53.53 4297 58.35
Responsibility locus 66.43 51.97 29.99 13.94

That reading was wrong, and the reason is instructive: averaging over models hides
model-specific position bias. As the randomized replication shows, the bias is concentrated
in three models that load the first slot heavily, while others tilt to other slots; pooled across
all fifteen models these tendencies partly cancel, leaving a weak aggregate gradient. The

aggregate diagnostic is therefore blind to exactly the effect that generates the fixed-order
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cluster structure—a cautionary point in its own right for benchmark validation.

S4.2 Randomized-Order Replication

The replication re-administers the benchmark with eight random permutations of the four
option contents across display slots per question, applied to every model, at T' = 0.2 (47,966
parsed responses across the 15 retained models). Recording each response both by display
slot (siro) and by canonical content (s, the score remapped to its content via the per-
response permutation key, as in the main article) makes label-position bias and content
preference separately estimable.

Order-balance diagnostics. The eight orders per question form balanced Latin-square
blocks: each content occupies each display slot exactly twice within every question (worst-
case content-by-slot imbalance zero across all 400 questions). Finer-grained order properties
are balanced only approximately. Adjacency (content x immediately preceding content y):
pooled across questions, all twelve ordered-pair frequencies lie between 0.0797 and 0.0873
against the uniform ideal of 1/12 ~ 0.0833; within questions the worst-case deviation from
the ideal count of 2 reaches 4, and only 11% of questions are exactly adjacency-balanced.
Pairwise precedence (content x anywhere before content y): pooled frequencies lie between
0.0818 and 0.0849; within questions the worst-case deviation from the ideal count of 4 is
2, with 49% of questions exactly balanced. The design therefore identifies label-position
(display-slot) bias exactly, while adjacency and precedence effects are controlled only in
aggregate; a full 24-permutation design would be required to balance them exactly.

Position bias. The mean centered score by display slot, pooled across questions, estimates
label-position bias free of content. It is large and model-specific: it exceeds 5 centered points
for 11 of 15 models and 10 points for 5, reaching +20.1 for dolphin3:8b on the first slot
(cross-model standard deviation 8.4 on slot A); the full per-model table appears in the
main article. It is also an almost perfectly stable model property (split-half across runs,
Pearson r = 0.998). The three models the fixed-order analysis labeled market-rationalist
(dolphin3:8b, cogito:8b, gemma3n:edb) are the three strongest first-slot loaders (420.1,
+10.0, +6.2).

Two reliable maps that disagree. Rebuilding fingerprints from canonical content yields a
de-confounded map that is internally reliable—question-stratified split-half p = 0.87, run-
stratified split-half p = 0.97 (the run-stratified split divides the eight balanced orders into
halves, runs 1-4 versus 5-8, and rebuilds fingerprints from each half), against p = 0.91
for the fixed-order map on the same pipeline—yet is uncorrelated with the fixed-order map

(Spearman p = 0.07; cluster agreement ARI = —0.02). A Mantel permutation test cannot
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distinguish the cross-map correlation from zero (p = 0.65, 9,999 label permutations), while
the same-condition question-split distance correlations are 0.91 (fixed) and 0.88 (random-
ized): the disagreement is not a precision artifact. The market-rationalist trio no longer
forms a cluster: the strongest data-driven split of the de-confounded map (silhouette 0.12 at
k = 2, against 0.17 fixed-order) groups a different set of six models. Across the 15 models,
the fixed-order market signature (mean fixed-order score on utility, metrics, and incentives)
correlates 7 = 0.91 with the clean first-slot bias (Pearson; Spearman 0.76; bootstrap 95% CI
over models [0.62,0.97]; leave-one-out range 0.83 after dropping dolphin3:8b to 0.93)—a
point estimate of roughly 83% of signature variance on first-slot loading, imprecise at n = 15
but high under every resampling.

The contrast collapses. Table reports the (former) market-trio-minus-rest contrast
on all 16 frame-options under de-confounding. The market-flavored options that defined the
cluster (utility +23.4, metrics +20.4, incentives +15.0 in fixed order) fall to near zero, and
the largest residual trio-minus-rest contrast on any frame option is about 10 centered points
(policy instrument, slot B)—less than half the largest fixed-order contrast—confirming that

the trio retains no strong market-flavored signature.

Table S21: De-confounded (randomized, canonical-content) contrast: mean centered-score
difference between the three models the fixed-order analysis labeled market-rationalist and
the remaining twelve, across all 16 frame-options, sorted by magnitude. The defining fixed-
order contrasts (utility +23.4, metrics +20.4, incentives +15.0) collapse to near zero.

Frame family Option (content) Trio — rest
Policy instrument Rules & enforcement —10.10
Policy instrument Capacity building +6.19
Policy instrument Structural redesign +4.52
Responsibility locus Corporate —4.40
Ethical principle Rights & consent +3.86
Responsibility locus Community +2.92
Ethical principle Utility /outcomes —2.60
Responsibility locus Individual +2.50
Ethical principle Trust/virtue —2.03
Evidence stance Participatory voice —1.88
Evidence stance External standards +1.49
Evidence stance Metrics-first +1.42
Evidence stance Expert judgment —1.03
Responsibility locus Government —1.02
Ethical principle Equity/fairness +0.77
Policy instrument Incentives —0.61

What survives. Disagreement itself is robust: under randomized order, 83% of core ques-

tions still draw at least two distinct top content recommendations across models (against 87%
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for the fixed-order data on the same content measure, and 89.9% under a more permissive
fixed-order lead-option measure). The disagreement is also moderate rather than chaotic:
the modal option commands about three-quarters of the models on the typical question,
and only 14% of questions are near-even splits. Models genuinely differ in what they recom-
mend; what does not survive is the clean ideological structure of that disagreement, and the

practical significance of the residual differences cannot be judged without a human baseline.

S5 Counterfactual Designs and Order-Induced Rever-

sal

This section documents the five analyses added in revision, all computed from data already
in the replication package: the design-lottery reconstruction (Section , the state-versus-
market index (Section [S5.3), order-induced preference reversal and its matched noise floor
(Section [S5.4)), the satisficing test (Section [S5.5)), and the scope split (Section [S5.6]). Every
quantity is reproduced by _run order _counterfactuals.py, and every table below is writ-

ten as a CSV by _export_order_counterfactuals.py; both are in the replication package.

S5.1 Sample Definition

The main article’s core sample is 306 questions in 44 domain—topic cells. Two filters produce
it: the taxonomy’s core_topic_sample flag, which retains 309 questions, and the requirement
that a domain—topic cell contain at least two core questions, which drops a further three
questions occupying singleton cells. Applying both reproduces 306 questions in 44 cells
exactly. The analyses in this section apply both filters, so they run on the same sample as
the rest of the paper; earlier drafts of the counterfactual code applied only the first, and all

reported values have been recomputed on the 306-question sample.

S5.2 The Design Lottery
S5.2.1 Construction

Within every question the balanced randomized design places each option content in each
display slot exactly twice, so for each model i, frame family f, canonical content ¢ and display

slot s the quantity

Tifes = Imean {5 : model 7 scored content ¢ while it was displayed in slot 3}
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is observed and free of content—position confounding. There are 15 x 4 x 4 x 4 = 960 such
cells, every one populated, with a minimum of 135 and a median of 155 responses per cell
(maximum 158). These are computed on the 306-question core sample; the position-bias
figure in the main article is computed on all 400 questions, which moves the largest slot-A
loading from +19.9 to 4+20.1. They are released as cells_content_by_slot.csv.

A fixed-order benchmark is fully described by a map 7 from contents to display slots, one
permutation per family. Its model-level fingerprint on family f is the selection {Z;r, (C)}‘Cl:l.
The 960 cells are therefore a sufficient statistic for every fixed-order benchmark constructible
from these materials: 4! = 24 permutations per family, 243 = 13,824 distinct designs for the
three families entering the market signature (utility, metrics, incentives), and 24* = 331,776
counting the responsibility family. No further data are required, and readers can rerun the

entire lottery from the 960-row CSV alone.

S5.2.2 The identifying assumption, and three tests of it

The construction assumes arrangement separability: that ;s does not depend on which
contents occupy the other three slots. This is an assumption about interaction, not about
position bias itself, and it is testable because the fixed-order run is an independent ad-
ministration that realises one particular full arrangement—collected months earlier, at fifty
repetitions per cell rather than eight, under a prompt in which option order never varied.

Test 1: 1s the fixed-order run identity-mapped? The reconstruction’s target is the ar-
rangement in which canonical content ¢ occupies slot ¢. We verified against the four question
source files that the displayed option text in every fixed-order response matches the canon-
ical option text slot for slot, in all four families and all four slots (match rate 1.000). The
fixed-order administration is exactly the identity design.

Test 2: full-fingerprint agreement. Comparing the reconstructed identity fingerprint with
the observed fixed-order fingerprint at T" = 0.2 across all 15 x 4 x 4 = 240 model-by-family-
by-option points gives Pearson r = 0.973 and Spearman p = 0.967, with a mean absolute
discrepancy of 2.59 centered points and a median of 2.02, against a standard deviation of
14.9 in the quantity being predicted—an error of roughly 18% of one standard deviation. On
the derived market signature the agreement is closer still (r = 0.994, rank p = 0.986). Per-
point values are in reconstruction_validation.csv. Table reports the four defining
contrasts.

Test 3: within-run identity rows. A second check uses only those randomized responses
whose displayed order happened to be the identity arrangement—1,500 responses spanning
92 questions, since each question draws eight of the 24 possible permutations. These are

genuine identity-design observations rather than a cell average, and they reproduce the same
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Table S22: Reconstruction check. Market-rationalist trio minus institutionalist majority on
each family’s slot-A option, reconstructed from the randomized run’s content-by-slot cells
versus observed in the independent fixed-order administration. The randomized replication
is run at 7" = 0.2 only, so the T" = 0.2 fixed-order values are the like-for-like comparison;
temperature-pooled values, reported in the main article’s contrast table, are smaller.

Slot-A option Reconstructed Observed (7' = 0.2) Observed (pooled)
Utility ethics +26.0 +25.1 +23.4
Metrics-first evidence +20.5 +22.2 +20.4
Incentives +18.2 +16.5 +15.0
Government +11.0 +11.6 +10.2

four contrasts to within 2.9 centered points, with the residual attributable to the much
smaller question base.

Taken together the three tests support arrangement separability at the resolution the
lottery needs. We nonetheless state the assumption explicitly: the counterfactual designs
are predictions of what a fixed-order benchmark would have found, validated out-of-sample

on one realised arrangement, not direct observations of 13,824 administrations.

S5.2.3 Results

Figure [S1| plots the distribution of the market-rationalist contrast across the 13,824 designs,
and Table reports how often each model is labelled market-rationalist. The distribution
is wide and centred near zero (minimum —10.4, first quartile —7.6, median —0.6, third
quartile +4.2, maximum +21.6); 26.6% of designs produce no cluster at all (|contrast| < 3)
and only 1.6% reach the +15 that would make a publishable two-cluster finding. The fielded
design attains the maximum, ranking 1 of 13,824. Nine of the fifteen models enter the
top-three “market-rationalist” group under some design, producing 20 distinct trios out
of the 455 possible; the published trio arises in 9.4% of designs. Per-design values are in
design_lottery_all_designs.csv.

Two readings follow, and the main article gives both. The magnitude of the artifact
required an unlucky arrangement: most designs would have produced a weak result. The
tdentity of the models called ideological is design-dependent throughout, and the model most

often labelled market-rationalist is not one the fielded design selects.

S5.3 The State-versus-Market Index

The index is [s;(government) + 5;(rules & enforcement)] — [s;(individual) + $;(incentives)],

built from the two frame families that map most directly onto the state-market axis. Un-
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The benchmark under all 13,824 content-to-slot assignments
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Figure S1: The benchmark reconstructed under all 243 = 13,824 assignments of option
contents to display slots in the three families that define the market signature. The contrast
is the mean centered score on utility, metrics and incentives for the three models the fixed-
order analysis labels market-rationalist, minus the same quantity for the other twelve. The
dashed line marks the median across designs; the solid line marks the arrangement actually
fielded, which is the maximum of the distribution.

Table S23: Share of the 13,824 counterfactual designs under which each model falls in the
top three on the market signature—that is, would have been labelled “market-rationalist” by
a fixed-order analysis. Six models never do. The three the fielded design selects are marked

T.

Model Share of designs
qwen3:8b 68.8%
nemotron-3-nano:4b 54.7%
1fm2.5-thinking:1.2b 51.6%
granited:3b 29.7%
cogito:8b! 28.1%
gemma3n: e4b! 20.3%
gpt-oss:20b 20.3%
dolphin3:8b' 18.8%
deepseek-r1:8b 7.8%
gemmad:12b, gemma4:e4b, ministral-3:8b,

mistral:7b, phi4:14b, rnj-1:8b 0%
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der the fielded design and after de-confounding, the model rankings correlate at Spearman
p = 0.786—far above the p = 0.07 for the full fingerprint map. The reason is structural: gov-
ernment responsibility and incentives, the two poles of the index, both occupied slot A in the
fielded design, so a common first-slot habit inflates both terms and the difference nets much
of it out. An index whose opposing poles share a display slot is partially self-immunizing

against a slot-symmetric positional habit.

Table S24: The state-versus-market index per model: under the design actually fielded, after
de-confounding, and across the 576 slot assignments of the responsibility-locus and policy-
instrument families. Rank 1 is most statist. The main article plots the rank ranges.

Index Rank Rank range Index range
Model Fixed De-c. fx /dc Best Worst Min Max
gemma4 : e4b 752 752 1/1 1 5 64.3 85.6
gpt-oss:20b 71.6 649 2/2 1 10 455  85.3
ministral-3:8b 68.5 580 3/4 2 12 423 715
qwen3:8b 67.1 604 4/3 2 11 425 81.8
granite4:3b 649 511 5/9 1 15 9.6 90.6
mistral:7b 646 53.0 6/8 1 14 282 89.4
deepseek-r1:8b 63.6 556 7/6 3 11 443 66.4
rnj-1:8b 632 545 8/7 1 12 233 895
1fm2.5-thinking:1.2b 57.1 36.5 9 / 14 4 15 -0.5 72.5
phid:14b 53.8 502 10/10 2 15 358 65.4
nemotron-3-nano:4b 52.0  40.1 11 /12 4 15 23 779
gemma3:12b 46.8 429 12 /11 1 15 79 845
cogito:8b 46.2 570 13 /5 1 14 286  78.2
gemma3n:e4b 416 278 14 /15 11 15 6.3 447
dolphin3:8b 286  36.7 15 /13 1 15 -45 79.6

The immunity is contingent on that arrangement, and the lottery quantifies how con-
tingent. Across the 24? = 576 slot assignments of the two families, ten of the fifteen mod-
els can be moved by ten or more of fifteen rank positions, and twelve can be placed in
either the most statist third of the field or the most market-oriented third. The Spear-
man correlation between a design’s ranking and the de-confounded ranking has a median
of +0.71 but ranges from +0.26 to +0.95. Full values are in statism_index.csv and
statism lottery_correlations.csv; the main article’s table reports the per-model index

values and rank ranges.
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S5.4 Order-Induced Preference Reversal
S5.4.1 Measure and matched control

For each model-question pair we record the set of canonical contents that the model ranks
first across the eight balanced orders. A reversal is a pair on which that set has more than
one element: the same model, given the same question and the same four option texts,
recommends different things depending only on display order.

The rate must be compared against the model’s own stochastic variability, and the fixed-
order run supplies a matched control. We draw eight of the fifty repeated fixed-order re-
sponses at T' = 0.2 for each model-question pair—so the number of responses matches the
randomized condition exactly, sampling noise varies, and display order does not—and re-
compute the same statistic, repeating over 200 draws. This matching matters: with fifty
draws the fixed-order reversal rate is 47.3%, but that reflects more opportunities to differ,
not more instability, and comparing it to an eight-draw randomized rate would understate
the order effect.

S5.4.2 Results

Across 4,555 model-question pairs, 70.6% reverse under order variation and 36.4% draw at
least three distinct recommendations; the modal choice commands 0.72 of the eight orders.
The matched fixed-order control gives 33.3% (95% range [32.7,34.0] over 200 draws) with a
modal share of 0.90. Option order therefore adds 37.3 percentage points of recommendation
instability on top of the model’s own run-to-run noise, more than doubling the reversal rate.
Table reports per-model rates together with the share of recommendations falling in
each display slot. By family, reversal runs 80.4% on policy-instrument questions, 75.3%
on ethical-principle, 74.4% on evidence-stance, and 50.0% on responsibility-locus—the last
being the family where government is the near-universal answer to macro-social scenarios,

leaving less room for position to decide.

S5.4.3 Confidence does not flag reversal

Comparing, within each model, the mean self-reported confidence on pairs whose recom-
mendation is stable across all eight orders against pairs whose recommendation reverses, the
median model reports 1.05 points less confidence on the reversing answers. Mean confidence
across models is 86 on a 0-100 scale, and thirteen of fifteen models sit between 83 and 94, so
the gap is roughly one percent of the scale and well inside the range models use routinely. The

cross-model mean gap of 2.78 points is driven almost entirely by 1fm2.5-thinking:1.2b,
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Table S25: Order-induced preference reversal by model. Reversal is the share of model—
question pairs on which the top-ranked canonical content changes across the eight balanced
orders; modal share is the mean share of the eight orders taken by the model’s most frequent
choice. The right-hand columns give the share of all recommendations falling in each dis-
play slot, against 25% for a position-indifferent model. Matched fixed-order control: 33.3%
reversal, 0.90 modal share.

Model Reversal Modal share Slot A Slot B Slot C Slot D
1fm2.5-thinking:1.2b 99.7% 0.42 71.9 12.3 8.2 7.5
dolphin3:8b 98.4% 0.44 75.7 16.8 9.9 2.0
gemma3n:edb 86.7% 0.69 29.1 33.1 17.3 20.5
nemotron-3-nano:4b 83.0% 0.66 43.1 21.5 16.7 18.7
rnj-1:8b 82.7% 0.68 18.0 39.5 24.8 17.7
granite4:3b 81.0% 0.71 24.8 41.8 21.8 11.6
cogito:8b 79.7% 0.71 41.9 26.7 20.5 10.8
mistral:7b 76.8% 0.71 27.8 37.7 17.2 17.3
deepseek-r1:8b 72.5% 0.77 22.6 30.4 26.0 21.0
gemma3: 12b 63.4% 0.79 16.1 34.3 28.6 21.0
ministral-3:8b 58.2% 0.81 23.2 31.7 23.6 21.4
qwen3:8Db 48.4% 0.86 24.4 26.2 24.5 24.9
gemma4 : e4b 48.0% 0.86 21.5 23.3 26.2 29.0
phi4:14b 44.4% 0.87 21.5 25.2 27.0 26.3
gpt-oss:20b 38.6% 0.89 22.6 26.9 26.1 24.4

the only model whose confidence is not near ceiling (51.9 stable versus 24.4 reversing, a gap
of 27.5); excluding it the mean gap is 1.02. Two models (dolphin3:8b, —1.32; cogito:8b,
—0.31) report marginally higher confidence on reversing answers. Per-model values are in
confidence_stable_vs_reversing.csv.

This is the appropriate place to note the relation to the confidence result reported for the
fixed-order data, where mean confidence correlates with response stability across repeated
runs at p = —0.582. The two are compatible and measure different things: confidence
tracks a model’s overall propensity to answer consistently, but does not discriminate, within
a model, between the particular questions whose answers are order-determined and those

whose answers are not.

S5.5 Satisficing: Where Order Decides

Survey methodology predicts that respondents fall back on response-order heuristics when
the cost of discriminating among options is high relative to the benefit (Krosnick, [1991).
The machine analogue implies reversal should concentrate on questions where the content

signal is weak.
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Measuring “weak content signal” from the focal model’s own responses would be circular,
because row-centering ties a model’s content dispersion and its slot dispersion mechanically.
We therefore use a leave-one-out measure. For each model ¢ and question ¢, let d;, be model
Jj’s standard deviation across its four mean canonical-content scores on ¢ (high values mean j
discriminates sharply among the options). The question’s content-signal strength for model
i is the mean of dj, over the other fourteen models, j # ¢, so it is independent of model ¢’s
own responses. Each model’s questions are split at the median of that measure.

Reversal rates average 82.9% on weak-signal questions against 58.6% on strong-signal
ones, and the gap is positive in all fifteen models. The mean within-model rank correlation
between content-signal strength and reversal is p = —0.345. The two models with near-
universal reversal, dolphin3:8b (100.0% versus 96.7%) and 1fm2.5-thinking:1.2b (100.0%
versus 99.3%), are at the ceiling and necessarily show almost no gap; among the remaining
thirteen the gap ranges from 11 to 35 percentage points, reaching 35.3 for gpt-oss:20b,
34.0 for gemma3:12b and qwen3:8b, and 34.0 for deepseek-r1:8b. Per-model values are in
satisficing by model.csv.

The implication drawn in the main article follows directly: questions on which content
discriminates weakly are the genuinely contested ones, so position bias is concentrated exactly
where a values benchmark is doing its work, rather than diluted across items whose answers

were never in doubt.

S5.6 Scope: Public-Policy versus Workplace Scenarios

Because the benchmark spans both organizational decisions and public-policy and labour-
market decisions, the artifact could in principle be peculiar to one kind of stimulus. Splitting
the 306-question core sample by the taxonomy’s scope level gives 179 organizational questions
and 127 public-policy or labour-market questions. Table reports the central quantities
on each half.

The pattern is the same on both halves: large positive fixed-order contrasts on the slot-A
options collapsing to near zero once scored by canonical content, and a signature—slot-A
correlation above 0.90 either way. Position bias itself is close to identical across the two
subsamples—per-model slot-A bias measured on public-policy questions correlates r = 0.987
with the same quantity measured on workplace questions—confirming that it is a trait of the
model rather than a response to subject matter. The one visible difference, a larger residual
metrics contrast on public-policy questions (46.0 against —0.0), rests on 127 questions and

we do not interpret it.

34



Table S26: The position artifact by scope level. Fixed-order and de-confounded contrasts are
market-rationalist trio minus the other twelve on each family’s slot-A option; the signature
correlation is the cross-model Pearson correlation between the fixed-order market signature
and clean slot-A bias.

All core Public policy Organizational

(306 q) + labour market (127 q) (179 q)
Signature vs slot-A bias, 7 0.920 0.905 0.906
Utility, fixed order +26.0 +25.5 +26.7
Utility, de-confounded -2.6 -3.8 -1.0
Metrics, fixed order +20.5 +27.1 +18.4
Metrics, de-confounded +1.4 +6.0 -0.0
Incentives, fixed order +18.2 +18.3 +18.2
Incentives, de-confounded —-0.6 -2.9 +0.9
Government, fixed order +11.0 +7.1 +14.2
Government, de-confounded —-1.0 —-3.7 +1.2

S6 Robustness and Reliability

S6.1 Specification Curve

The main distance map is compared against seven alternative, reasonable specifications:
varying the minimum-questions-per-cell threshold (1 and 3, versus 2 in the main analysis);
using the full taxonomy sample rather than the core-topic sample; restricting to each tem-
perature separately; and replacing the centered numeric scores with a rank-only encoding
(ordinal ranks) or a lead-share encoding (only which option is top-ranked). For each, we
report the Spearman correlation of its model-distance map with the main map, the cluster-
label agreement (adjusted Rand index, ARI), and the alignment of the first two principal
components (Table [S27)).

The continuous distance map is highly stable across sample, threshold, and tempera-
ture choices, and survives the rank-only encoding (r = 0.918): graded ordinal preference
information preserves most of the structure even when score magnitudes are discarded. The
lead-share encoding—which retains only which option is top-ranked—correlates just 0.381
with the main map, showing that the signal is not captured by winner labels alone. The
main findings therefore require graded preference information but do not depend on raw
score magnitudes. Hard cluster labels are more fragile than the continuous map: the rank-
only encoding (ARI = 0.356) and the 7" = 0.2-only specification (ARI = 0.683) preserve
the distance map (PC alignment > 0.91) while producing lower cluster agreement, whereas
the T' = 0.8-only specification preserves the cluster labels exactly (ARI = 1.000). Lower

cluster-ARI is therefore a property of those two specifications, not of temperature restric-
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Table S27: Specification curve. Correlation of each alternative model-distance map with
the main map, cluster-label agreement (adjusted Rand index), and principal-component
alignment.

Specification Questions Distance » Cluster ARI PC1 align PC2 align
Main:  core, numeric, 306 1.000 1.000 1.000 1.000
pooled T'

Core numeric, min cell = 309 0.992 1.000 0.999 0.999
1

Core numeric, min cell = 292 0.984 1.000 0.998 0.997
3

Full taxonomy sample, 398 0.987 1.000 0.998 0.998
numeric

T = 0.2 only, numeric 306 0.968 0.683 0.993 0.996
T = 0.8 only, numeric 306 0.968 1.000 0.992 0.995
Rank-only encoding 306 0.918 0.356 0.930 0.912
Lead-share encoding 306 0.381 0.070 0.531 0.890

tion in general—consistent with the main article’s treatment of the continuous map as the

primary object of inference.

S6.2 Split-Half Reliability

We draw 300 random split-half partitions of the questions, stratified within retained domain-
topic cells, and recompute the distance map on each half-sample. The two half-sample maps
agree closely: the median between-halves distance correlation is 0.926, with a 5th percentile
of 0.895 and a range of 0.864-0.960 (Table . Principal-component alignment is similarly

high. The orientation map is thus reliable to the particular sample of questions drawn.

Table S28: Split-half reliability across 300 question-stratified splits. Distance r is the corre-
lation between the two half-sample distance maps; PC alignment measures agreement of the
leading components.

Statistic Median 5th pctile Minimum Maximum
Distance-map correlation 0.926 0.895 0.864 0.960
PC1 alignment 0.980 0.937 0.875 0.996
PC2 alignment 0.964 0.916 0.839 0.993
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S6.3 Leave-One-Out Influence

We recompute the distance map after removing, one at a time, each domain-topic cell, each
retained question, and each model. Removing any single domain-topic cell or any single
question leaves the distance map essentially unchanged (minimum distance-map correlation
0.998 in both cases; cluster ARI 1.000 throughout). The continuous map is therefore not
driven by any one cell or question.

Model removal has a larger effect on hard cluster labels than on the continuous map.
Removing dolphin3:8b—one of only three market-rationalist models—lowers the cluster
ARI to 0.569 and the minimum principal-component alignment to 0.757. Removing any
other model leaves the cluster ARI at 1.000 and PC alignment at or above 0.925. This
asymmetry is expected for a three-member cluster and reinforces the main article’s position:
the benchmark measures a stable continuous distance structure, which the two-cluster and

three-archetype labels summarize usefully but imperfectly.

S6.4 Forced-Spread Instruction: Bounding Analysis

The prompt requires a spread of at least 30 points between the highest and lowest option
scores and discourages tied top scores. Three observations bound the concern that the
measured position bias is a demand effect of this instruction rather than a stable model
property. First, the instruction is slot-symmetric: it requires a spread but never indicates
which option to favor, so it cannot manufacture a model-specific, directional slot preference,
nor the heterogeneity observed in the randomized data—by strongest absolute slot loading,
seven models load slot A, four slot D, three slot B, and one slot C, which a symmetric con-
straint cannot produce. Second, realized raw spreads cluster neither near the 30-point floor
nor at the 100-point ceiling (median 62 across models, range 49-75), so most responses are
neither minimal compliance with the instruction nor degenerate all-or-nothing allocations.
Third, as a descriptive observation, mean realized spread is uncorrelated with position-bias
magnitude across models (Pearson r = —0.08); we do not treat this as probative, since
heterogeneous mixtures of genuine spreading and positional tie-breaking could also produce
a near-zero correlation, and the statistic cannot rule out that the constraint activates posi-
tional tie-breaking in a subset of models or of otherwise-indifferent cases. The instruction
may therefore inflate the absolute magnitude of position bias—all magnitude claims are
properties of this forced-spread elicitation protocol—but it cannot create the directional,
model-specific, highly reliable slot preferences on which the artifact mechanism turns. A
factorial manipulation of the spread instruction (a no-spread ablation) would pin down the

magnitude question directly and is left to future work.
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S6.5 Paraphrase Replication (Option-Wording Robustness)

The specification curve varies the score encoding and the question sample but holds the
option wording fixed, so it cannot address whether the de-confounded between-model dif-
ferences reflect content or sensitivity to the particular phrasings used. We therefore ran an
exploratory paraphrase replication—a pilot. Each of the four options in each frame family
was rewritten once as a semantically equivalent alternative—for example, “Outcomes/utility
(maximize overall welfare...)” became “Consequences and welfare (greatest overall benefit,
least total harm...)” and “Incentives (bonuses, pay, subsidies/taxes...)” became “Adjust-
ing payoffs (bonuses, pay, subsidies or taxes...)”—preserving the canonical content while
changing the surface language. The replication used six models (the three first-slot loaders
dolphin3:8b, cogito:8b, gemma3n:edb plus gemma3:12b, qwen3:8b, phid:14b) and the
first 25 questions of each family, under the same balanced eight-order randomized design
(4,800 responses; parse rate 99.8%).

On this small exploratory subset the de-confounded content map is broadly preserved:
across the six models, the pairwise-distance matrix under the paraphrased wordings corre-
lates with the original at Spearman p = 0.72. The market-trio-minus-rest contrasts on the
slot-A content options remain far below their fixed-order peaks (415 to +23) under both
wordings, though not literally at zero on this restricted subset: incentives is +5.7 under the
original wording and +0.8 paraphrased, metrics +3.5 and +0.0. The elevated restricted-
subset values under the original wording reflect the much smaller question sample (25 per
family, versus a full-sample de-confounded contrast of —0.6 for incentives) rather than a
residual market signature. Label-position bias is essentially unchanged by re-wording (per-
model slot-bias correlation p = 0.99), as expected if position attaches to the display slot
rather than the option text. The p = 0.72 map correlation is well short of unity and rests
on only six models (fifteen pairwise distances), so re-wording reduces but does not fully
eliminate wording sensitivity as an alternative account of the residual content differences;
a larger paraphrase design (multiple alternative wordings, all fifteen models) would tighten
the estimate. The negative result—that the fixed-order ideological structure is a position

artifact—is unaffected, since it does not depend on the option wording.
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