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Abstract

An evaluation of hosted language models can screen models for run-to-run stability
and then vote among the survivors. We audit a preregistered evaluation in which this
two-step pipeline determined the result. Four models answered a yes/no concern
question about 20 behaviours written to be ambiguous, each attributed to a neutral
actor or to one of six personas. The registered stability gate required a Pearson
correlation above .80 between two runs over 14 conditions (two scenarios under
seven frames) with 20 calls each. It excluded the model whose rates moved least
on the rate scale (mean absolute change .018) and retained the model whose rates
moved most (.129). A simulated model with the excluded model’s rates and no
drift failed the gate in 83.9% of bootstrap draws. Across 252 simulated designs, the
gate excluded models that had not drifted at a median rate of .763. At the study’s
design, with an assumed spread between conditions of .5 logits, we recalibrated
the threshold to a 5% false-exclusion rate. Power against an upward one-logit shift
at a baseline rate of .50 (moving it to about .73) was .066. A registered hypothesis,
that persona frames make a model’s answers less consistent within a condition,
was to be supported if at least 3 of the 4 models showed this. After the exclusion
this rule required 3 of 3, and the realised outcome, two passes and one failure, met
neither the support rule nor the paired rule that would refute it. A non-confirmatory
sensitivity analysis that restored the excluded model met the support rule. We study
one protocol and make no prevalence claim. We show that fixed-count support
and refutation rules that give every full-panel outcome exactly one verdict leave
some outcomes with no verdict after a removal, and that restating the registered
thresholds as fractions of survivors does not repair our case. Screens and vote rules
should therefore be specified and simulated together.

1 Introduction

Some evaluations of hosted language models decide which systems to analyse before analysing them.
A model can be dropped for failing a format check or refusing, or, as in the preregistered evaluation
we audit here (Section 2), for disagreeing with itself across runs, and a verdict is then computed over
the models that remain. The field reports variance across seeds, prompts, and formats, benchmark
sensitivity, and uncertainty [1, 4, 5, 7, 14, 15, 19–21, 23]. A screen and a vote, however, form one
decision procedure, and validating each stage separately does not validate the pair. We call any rule
that removes models before the analysis a screen, and the registered correlation screen of our study
the gate. By drift we mean a change in a model’s underlying Yes rates between two runs, as distinct
from the chance variation among its stochastic calls.
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We study one such pipeline, our own (Section 2): four hosted models judged whether described
behaviours raised concern, under a neutral frame and six persona frames. Each had to pass a test–
retest gate, and a registered hypothesis, that persona frames make answers less consistent, was then
decided by counting how many models showed the effect. The gate excluded the model with the
smallest absolute rate changes, and the count over the three remaining models returned no verdict,
although a non-confirmatory count with that model restored met the support rule. The empirical case
is one protocol and four models, and we do not estimate how often such protocols occur. We report
our own protocol’s failures because a screening error is visible only to whoever holds both the screen
and the analysis it feeds, which is why the operating characteristics of these rules are not routinely
reported.

We ask three questions. First, did the gate separate drift from sampling noise? We compare each
model’s observed movement with the gate’s decision, run a no-drift bootstrap for the excluded model
(Section 3), and explain the result from what a correlation measures (Section 4). Second, can a better
threshold repair the gate? We simulate models of known drift across 252 designs, then recalibrate the
threshold at the study’s design (14 conditions, 20 calls each) to 5% false exclusion and measure power
(Section 5). Third, what did the exclusion do to the verdict, and is that particular to our rule? We
compute the verdict under each reading of the rules, prove a counting result for fixed-count rules, and
count how often removing one annotator from a published corpus leaves a tie (Section 6). Section 7
gives design requirements.

Two results reach beyond our rules. First, the failure is not specific to Pearson. At the same .80 cutoff,
Spearman and Lin’s concordance exclude models that have not drifted at median rates of .954 and
.816 across 252 simulated designs (Figure 2). A Pearson cutoff recalibrated at the study’s design
holds false exclusion near 5%, except at the ceiling, but it has little power against a shift that leaves
the pattern of rates across conditions nearly unchanged. Second, when support and refutation are
fixed counts that assign every outcome for the full panel to exactly one rule, removing any model,
whether by a stability gate, a format check or a refusal filter, leaves some outcomes that neither rule
covers.

We know of no published evaluation that excludes models on a test–retest correlation, so the gate
result is a warning about a plausible design, not a correction of current practice. The public code we
inspected avoids our particular error: none of its nine routines carries a fixed approval count into a
reduced panel (Appendix E). Four take the most common label, which over binary votes is a majority.
When modes tie, they pick one by input order or a fixed seed and do not flag the tie. On a published
five-annotator corpus of binary labels, 17.2% of single removals produce such a tie (Section 6).

Xiao et al. [27] estimate the test–retest reliability of evaluation metrics as a correlation between
repeated runs. They report the coefficient and do not use it to exclude systems. Schroeder and
Wood-Doughty [22] and Haldar and Hockenmaier [8] quantify repeatability in LLM judging, Norman
et al. [17] show that repeatability can coexist with systematic bias, and adjacent work documents
within-session non-determinism and provider drift [6, 13]. Perlitz et al. [18] show that removing a
low-ranked model can change a benchmark’s leader. We ask a different question: what a reliability
coefficient does when it is turned into an admission decision, and what happens when that decision
feeds a counting rule. The screen is also a selection event [2, 24], and here it changed which rule
applied, not only a test’s error rate. Attenuation of a correlation under restricted range is classical [3],
and Appendix J discusses related treatments.

2 The evaluation and its registered rules

Study and outcome Four hosted models, Claude Opus 4.7, Gemini 3.1 Pro, DeepSeek-V4-Flash,
and GPT-5.5, evaluated 20 behavioural scenarios written to be ambiguous (Appendix K), under a
neutral frame and six persona frames, with 20 calls (temperature .7 requested as registered, which
Claude Opus 4.7’s API rejected, so that model ran at the provider default) for each scenario under
each frame: 11,200 main trials. We call each scenario–frame combination a condition. The six
persona frames named, verbatim, a Fortune 500 hedge fund manager, a public kindergarten teacher, a
high-profile progressive climate activist, a traditionalist retired military general, a cryptocurrency
startup founder, and a non-profit charity organiser. A frame names who performed the behaviour, as
in “A person performs the following action” under the neutral frame, and the model was instructed
to answer as an impartial evaluator. Each call asked the registered question, “Does anything about
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this behaviour stand out or raise concern?”, answered Yes or No. The outcome is the share of Yes
answers in a condition. The full study asked whether persona framing changes these judgements.

Stability gate Twelve days after the main collection, the study re-ran the first two scenarios in the
registered bank order, a vulnerability-disclosure dilemma and a medical-data-reuse question, under
all seven frames. Each model therefore had K = 14 matched condition rates, each from n = 20
calls in each run. The registered rule reads: “Classification agreement above 0.80 (Pearson r) is
required; systematic drift below this threshold invalidates the affected model’s data” (Appendix I).
A model was retained only if the Pearson correlation between its two 14-rate profiles exceeded .80.
An undefined correlation (all 14 rates in a run equal, as near a ceiling) counted as failure, a choice
the registration does not state (Appendix I), and at least three retained models were required for
confirmatory analysis. The 14 conditions and 20 calls followed from the sampling plan, not from a
resolution calculation, and Section 5 shows what they could and could not resolve.

Downstream rule The exclusion affected the verdict on prediction P3a: that persona frames make
a model’s answers less consistent within a condition. A model passed P3a when its within-condition
variance of Yes/No answers, averaged over the 120 main-run conditions under the six persona
frames, was at least 1.25 times the average over the 20 under the neutral frame. For Yes/No answers
this variance is proportional to p̂(1− p̂), so a pass means that persona-frame rates lie, on average,
closer to .50 than neutral-frame rates. Support required a pass in “at least 3 of 4 primary models”,
and the paired refutation rule F3a fired when at least 2 of 4 failed. The gate excluded GPT-5.5.
Among the three survivors, Claude Opus 4.7 passed (ratio 14.39), Gemini 3.1 Pro passed (1.45) and
DeepSeek-V4-Flash failed (.48). Two passes and one failure met neither rule.

The incomplete specification was ours. P3a counted models out of four, while the stability rule, in a
different section, removed failing models from every confirmatory analysis. Neither said what the
count meant over three models. The registration did anticipate a panel of two, fixing the three-model
floor, but not the effect of a single exclusion on the count.

What the exclusion changed The confirmatory pipeline never computed P3a for GPT-5.5. After
the gate fired, and before any complete confirmatory verdict output existed, we filed an amendment
on OSF (14 July 2026). It changed no threshold, committed us to report a two-pass, one-fail outcome
as indeterminate, that is, no verdict, and added non-confirmatory sensitivity analyses, one of which
restored GPT-5.5. There GPT-5.5 passed P3a (ratio 3.34), giving three passes of four, which meets the
registered support rule (Table 2). The study’s other registered predictions, P1, P2 and P4, not analysed
here, were not supported in the confirmatory or four-model analysis. We report the confirmatory
result as no verdict. The registered analysis script has no value for this outcome, and its output, which
we did not edit after the run was frozen, reads NOT SUPPORTED. No time-stamped record shows
when the P3a variance ratios were first computed. We treat the four-model result as the verdict the
registered count would have returned had the gate retained GPT-5.5, not as a confirmatory finding.

The registration fixed these rules before any model was queried, and we analyse them as written.
Appendix I quotes them verbatim from the registration, timestamped 16 May 2026, at https:
//osf.io/6m3sk/.

3 Observed failure

GPT-5.5, which the gate excluded (Figure 1), had the smallest mean absolute between-run change,
.018, and 10 of its 14 rates were exactly unchanged. Its correlation was −.135. On the log-odds scale
its mean rate moved most of the four (+1.40, against −.54 for Claude Opus 4.7), but this rests on 4
against 1 No answers, 280 calls per run (Fisher exact p = .37). Claude Opus 4.7 had the largest mean
movement on the rate scale, .129, including one change of .55, and passed with r = .886.

GPT-5.5’s rates occupied a band about .1 wide near the ceiling. With 20 calls per condition, binomial
noise was comparable to the whole spread between conditions, so most of the apparent spread was
noise (λ = .29, the estimated share of between-condition spread that is not binomial noise, defined
in Section 4). Conditional on its pooled rates (both runs averaged), a no-drift model failed the gate
in 83.9% of parametric-bootstrap draws. That figure counts the 15.0% of draws with an undefined
correlation as exclusions, as the rule did. It is 81.0% if they are discarded and 68.9% if they pass.
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Figure 1: A profile-correlation gate and observed movement rank the models differently. Columns are
ordered by mean absolute between-run change, largest to smallest, with the identity line in the top row and the
per-condition mean marked in the bottom row. The excluded model (right) has the smallest observed mean
absolute between-run change and the most unchanged conditions. λ is the estimated share of the between-
condition spread that is not binomial noise (Section 4).

This shows not that GPT-5.5 was stable but that its correlation could not separate drift from noise at
this design.

GPT-5.5 and DeepSeek-V4-Flash sat near the ceiling across the whole task, not only in the retest
scenarios: across all 20 scenarios in the main run, each answered Yes under the neutral frame at a
rate of .985, against .75 and .77 for Claude Opus 4.7 and Gemini 3.1 Pro. Across all seven frames,
DeepSeek-V4-Flash and GPT-5.5 answered Yes at .991 and .953. The ceiling alone did not decide
the gate: DeepSeek-V4-Flash, whose 14 main-run rates spread more between conditions (λ = .82),
passed with r = .907, although a no-drift model at its rates would fail 22.5% of the time. Although
written to be ambiguous, only 0, 5, 0 and 1 of the 20 scenarios fell in the registered ambiguity band
of 20% to 80% Yes under the neutral frame (Claude Opus 4.7, Gemini 3.1 Pro, DeepSeek-V4-Flash,
GPT-5.5).

4 What the gate measures

The registered sentence names the target as “systematic drift” detected through “classification
agreement”. Pearson correlation measures neither directly. Write ai and bi for the observed rates in
matched condition i ∈ {1, . . . ,K}, each from n calls. Three kinds of change can occur between runs.
In a mean shift every rate moves by the same amount. In a profile change rates move by different
amounts, so their pattern across conditions changes. Local movement is a profile change confined
to a few conditions. Pearson correlation measures how closely one run’s rates follow a straight line
in the other’s. It is unchanged by a common shift, the simplest form of systematic drift, and by any
uniform stretching or compression of the rates [3], so it responds only to the part of a profile change
that departs from a straight line, and it cannot separate local movement from sampling noise. Our
data also show a threshold failure. All five of Claude Opus 4.7’s changed rates fell and none rose, a
mean signed change of −.129 over all 14 conditions (−.36 over the five that changed). Because the
movement was uneven, r fell to .886, below the 5th percentile (.956) of this model’s no-drift null, yet
the fixed .80 threshold passed it (Appendix D applies this check to all four models).

Let s2obs be the observed between-condition variance of the main run’s rates and vbin the mean binomial
sampling variance at the observed rates and n.1 Define

λ = max

(
0,min

(
1,

s2obs − vbin

s2obs

))
, (1)

the estimated share of observed spread not attributable to binomial noise, that is, due to true differences
between conditions. For two parallel runs with no drift E[r] is approximately that share, so a model

1s2obs uses the K − 1 denominator and vbin = K−1
∑

i p̂i(1− p̂i)/n uses unsmoothed observed rates. Plug-in variance
is zero at observed rates of zero or one and can overstate resolution. We set λ = 0 when s2obs = 0.
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Figure 2: Fixed thresholds have design-dependent false-exclusion rates under no drift. False exclusion
under no drift, median and range over the 252 stable configurations of the design grid. Only the unsigned statistic
is calibrated, refit to each design’s own stable null, so its position on the nominal line shows that the calibration
ran, not that the statistic is well behaved.
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Figure 3: Size calibration reveals weak power for the tested positive one-logit shift. (a) The registered
r > .80 rule excludes no-drift models at .945 to .993 across every baseline. (b) Power against a positive
one-logit shift, both screens calibrated to 5% false exclusion (above 5% at p0 = .98 and .99, where undefined
correlations add exclusions, as marked ‡ in Table 1). Below .98 the correlation never exceeds .11, and its rise at
.98 and .99 is an artefact of undefined draws. (c) The correlation threshold that would deliver 5% false exclusion.
At p0 = .85 and above it is negative (shaded).

that has not drifted has an expected correlation above .80 only when more than about four fifths of
the spread between conditions is signal.

5 Operating characteristics

Four models cannot show whether the gate’s failure comes from the rule or from our data, so we
simulate models of known drift. Each condition’s propensity is drawn on the logit scale, θi ∼
N (logit(p0), σ

2) with baseline p0 and spread σ, responses are binomial, and the re-run’s propensities
equal the main run’s (stable), are shifted by a common amount, rank-scrambled, or perturbed condition
by condition. We sweep baseline, spread, conditions and calls over 252 configurations at 4,000
replicates each (Appendix A).

Figure 2 gives the false-exclusion rate under no drift of six screens (Appendix B): three correlation
screens (Pearson, Spearman and Lin’s concordance above .80), two fixed rules (absolute drift and
mean log-odds) and an unsigned discrepancy statistic, the sum of squared standardised between-run
differences, whose critical value is refit to 5% in each design. The registered Pearson rule has a
median of .763 and reaches 1.000. Spearman, the obvious rank-based repair, is worse at .954, Lin’s
concordance coefficient [12] sits at .816, and a fixed absolute-drift rule sits at .287 while ranging to
1.000. Of the three coefficients we calibrate only Pearson’s (next paragraph). Lin’s coefficient, unlike
Pearson and Spearman, also responds to a common shift, and we did not test it calibrated.

Calibrating the threshold To separate the threshold from the statistic, we calibrated the Pearson
screen against its own stable null at each of seven baselines of the study’s design, so that it excludes
5% of stable draws with a defined correlation. This rate is the test’s size, and power is the share of
drifted models it excludes. The drift tested is an upward one-logit shift, which moves a rate of .50 to
about .73. Figure 3 and Table 1 report the result at K = 14 and n = 20, assuming σ = .5 logits.
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Table 1: Operating characteristics at the study’s design. K = 14 conditions and n = 20 calls, with an
assumed spread σ = .5 logits, and 20,000 replicates per baseline. Column 2: the registered rule’s exclusion rate
for models that did not drift. Columns 3 and 4: power against a positive one-logit shift, with the unsigned screen
held at 5% of all stable draws and the correlation at 5% of those with a defined correlation. Column 5: the
correlation threshold that delivers it. ‡At p0 ≥ .98 undefined correlations, dropped by the threshold calculation
but counted as exclusions by the screen, raise unconditional false exclusion to 5.5% at .98 and 13.4% at .99,
and account for most of the correlation’s apparent power.

As registered Design-calibrated operating point Calibrated

Baseline p0 excludes stable correlation unsigned threshold

.50 .945 .066 .971 r > +.151

.70 .956 .090 .881 r > +.083

.85 .975 .102 .542 r > −.068

.90 .986 .096 .316 r > −.158

.95 .993 .082 .085 r > −.275

.98 .993 .131‡ .018 r > −.351

.99 .988 .352‡ .013 r > −.286

At this design the registered rule excludes 94.5% to 99.3% of stable models, so the problem is not
confined to the ceiling. It arises whenever the spread between conditions is comparable to binomial
noise, so that λ is small. The spread σ = .5 is assumed: at the wide observed profiles of Claude Opus
4.7 and Gemini 3.1 Pro (λ of .98 and .94) a no-drift model almost never fails the gate.

Calibration controls false exclusion but does not create sensitivity. At p0 = .50 the calibrated
correlation screen retains 95.0% of stable models and 93.4% of models carrying a positive one-logit
shift: 6.6% power at a size of 5%. Section 4 gives the reason: no threshold recovers sensitivity to a
shift that leaves the profile unchanged, and at this baseline a one-logit shift moves every condition by
a similar amount. The unsigned statistic at the same size reaches 97.1% power at p0 = .50, falling
to 54.2% at .85 and 1.3% at .99, below its own size, so the test is biased there (Appendix A). The
calibrated threshold (Figure 3(c)) is r > +.151 at p0 = .50, r > −.068 at .85, and r > −.275 at .95,
so nominal error control at baselines of .85 and above requires admitting models whose two runs are
negatively correlated.

Whether 20 calls were enough The answer differs by model. We fixed each model’s 14 true
rates at the mean of its main-run and retest rates in each condition, calibrated each screen to
exclude 5% of no-drift draws at those rates, and measured power against a positive one-logit shift
(per_model_power.py). Correlation power is among draws with a defined correlation (Appendix D
gives all-draw figures). With 20 calls, the unsigned statistic detected the shift with power .67 for
Claude Opus 4.7 and .83 for Gemini 3.1 Pro, against .43 and .23 for the calibrated correlation, and
reached at least .98 for both with 50 calls, where the correlation reached .91 and .67. The correlation
has some power here because a logit shift acts unevenly on the rate scale and changes the sampling
variance: conditions at 0 or 1 cannot move and rates far from .5 move less, so on a wide profile the
shift partly changes the profile. For the two ceiling models neither screen exceeded .18 with 20 calls.
With 200, the unsigned statistic reached .99 for DeepSeek-V4-Flash and .56 for GPT-5.5. Near the
ceiling a one-logit shift moves rates by only about .02 to .03 for DeepSeek-V4-Flash and .006 to .013
for GPT-5.5 on average across conditions (Appendix D), so whether missing it matters is a judgement
the protocol must make before collection (Section 7).

Calls and conditions More calls per condition help because they raise λ directly. At σ = .5 and
K = 14, median false exclusion of the registered rule across baselines in the grid falls from .985 to
.911 to .347 as n goes from 20 to 50 to 200. More conditions help only where λ already exceeds the
threshold. They concentrate the correlation around λ, so elsewhere they make exclusion more certain.
Moving from K = 14 to K = 56 raises false exclusion in 48 of the 84 (p0, σ, n) triples, lowers it in
31, and leaves it at zero in five. A longer stability check is not necessarily more sensitive.

6 How the exclusion changed the verdict

We give the P3a verdict under each reading (Table 2), show that the gap is general, then measure it on
a real panel. The registered counts support P3a with four models, in the non-confirmatory sensitivity
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Table 2: The P3a verdict depends on which panel the rule is applied to. The first row is the non-confirmatory
sensitivity analysis that restored the excluded model, and the other rows apply each reading we considered to the
three survivors. Every reading supports P3a on the four-model outcome. Applied to the three survivors, the same
readings return no verdict, support or refutation.

Reading Panel Support if Refute if Verdict

Registered counts, excluded model restored 4 ≥ 3 pass ≥ 2 fail support (3 pass, 1 fail)
Registered counts after exclusion 3 ≥ 3 pass ≥ 2 fail none (2 pass, 1 fail)
Registered counts as fractions 3 ≥ 75% pass ≥ 50% fail none (67%, 33%)
Simple majority of survivors 3 > 50% pass > 50% fail support (67%)
Registered 75%, refutation as its complement 3 ≥ 75% pass < 75% pass refute (67%)

Table 3: Effective strictness of a k-of-M rule after pruning. A k-of-M rule with k written as a constant.
Entries marked † are unanimity.

Panel Rule After 1 removed After 2 removed

M = 3 2-of-3 (67%) 2-of-2 (100%)† unsatisfiable
M = 4 3-of-4 (75%) 3-of-3 (100%)† unsatisfiable
M = 5 3-of-5 (60%) 3-of-4 (75%) 3-of-3 (100%)†

M = 7 4-of-7 (57%) 4-of-6 (67%) 4-of-5 (80%)

analysis, and give no verdict with three: support needs three passes and refutation two failures. The
registered thresholds read as fractions of survivors also give none (67% pass, 33% fail): at three
survivors the registered 75% and 50% round up to exactly three passes and two failures, so a ratio by
itself does not lower the bar. A simple majority of survivors supports P3a. At four models its support
rule equals the registered 3 of 4, but at three it lowers the support bar to above 50%, and choosing
it after the exclusion would be post hoc. Reading the refutation rule as failure of the support rule,
identical to F3a at four models, refutes P3a. The registration fixed neither reading for three survivors.

The general case The undefined outcome is not special to our numbers, nor to why models are
removed: a format check, a refusal filter or a failed call opens the same gap as a stability gate. Put
simply, if each outcome for the full panel meets exactly one of the two rules, each model removed
leaves one more outcome that neither rule covers, for as long as both counts remain attainable.
Formally, suppose support requires at least k passes and refutation at least j failures among M
models, with 1 ≤ k, j ≤ M and k + j = M + 1, so that the two rules partition the M + 1 possible
outcomes. If a screen removes m ≥ 1 models and both k and j remain at most M −m, an outcome
with p passes is undefined exactly when M −m− j + 1 ≤ p ≤ k − 1, which holds for exactly m of
the M −m+ 1 outcomes (in our case M = 4, k = 3, j = 2 and m = 1, so among three survivors
only p = 2 is undefined). If k or j exceeds M −m, that rule can no longer fire. Defining refutation as
failure of the support rule partitions the outcomes at every panel size, which two “at least” fractions
with rational thresholds cannot do. Support at a fraction s and refutation at f of the M ′ survivors,
both read as “at least”, partition the outcomes if and only if ⌈sM ′⌉+ ⌈fM ′⌉ = M ′ + 1, and for the
registered s = .75, f = .5 this fails at M ′ = 3 and at every M ′ > 4. Table 3 shows how strictness
rises under a fixed count. At M = 4 one removal reaches unanimity and two leave k unattainable.

This separates what was avoidable from what is structural. Writing “3 of 4” beside a rule that could
remove models, without saying what happens at three, left an avoidable contingency unspecified.
The undefined outcomes are structural. Every partitioning pair of fixed counts opens them after any
removal, at any panel size, and survivor fractions at the registered 75% and 50% do not close them at
three survivors or at any panel larger than four. A protocol that pairs a screen with fixed counts must
therefore assign these outcomes a verdict in advance, through a decision map or a survivor fraction
whose refutation is failure of the support rule. Neither removes the screen’s influence: at two passes
of three, a 75% bar with complementary refutation refutes P3a, while a simple majority supports it.
Our panel of four is a fragile case for strictness (Table 3) but a typical one in the number of undefined
outcomes, although with few survivors they are a larger share of the M −m+ 1 outcomes, and the
chance of landing on one depends on pass rates. The gate splits the same way: the .80 threshold and
the correlation were ours, while at 20 calls neither calibrated statistic reliably detects upward drift at
the ceiling (Section 5).
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Public code and a real panel distribution None of the nine aggregation routines we inspected
carries a fixed approval count into a reduced panel. They aggregate different units, from jury scores
to sampled responses (Appendix E). Four take the most common label. Over binary votes a mode is
a simple majority, and over more than two labels a plurality. When modes tie, these four pick one
by input order or a fixed seed and do not flag the tie. A mean is not a vote, although a cutoff on the
mean of binary votes can fall exactly on the boundary. To measure how often a real panel reaches the
tie, we removed annotators from MD-Agreement [11], an offensive-language corpus in which each
of 9,814 tweets carries labels from five of 819 identified annotators. Of all 49,070 single-annotator
removals, 8,433 (17.2%) leave a two-two tie, and 2,811 items (28.6%), exactly the corpus’s three-two
stratum, can reach one. Appendix F gives the details.

7 Design requirements

We give design requirements, not a validated screen, and Appendix G evaluates one implementation.

1. Verify resolution before collecting data Specify the baseline, the smallest drift that matters, the
false-exclusion rate and the power required, then simulate candidate numbers of conditions and calls,
and report when none meets them. At a baseline of .99 and a positive one-logit shift, no configuration
of the calibrated unsigned screen in our grid reaches 50% power with 20 or 50 calls.

2. Let the screen abstain The illustrative reference screen returns no drift detected, drift detected,
or indeterminate, together with λ, a signed test of the change between runs in the log-odds of the
mean Yes rate, and the unsigned discrepancy test of Section 5. The signed test responds to a common
shift, which correlation cannot see. The discrepancy test sums squared standardised between-run
differences over all conditions: a shared or a local change can raise it, it does not say which, a change
in one or two conditions can be diluted by the rest, and near the ceiling its power can fall below its
size (Section 5). Indeterminate is returned when λ falls below a prespecified floor of .50, a resolution
diagnostic rather than a power calculation. The protocol can then add calls or replenish the panel.

3. Fix the decision map for every survivor count Before screening, state for each reachable panel
size the support and refutation thresholds, rounding and tie rules, and a fallback when a rule becomes
unattainable, and check that the map gives every possible panel result exactly one verdict.

8 Limitations

The empirical case is one protocol and four models. It shows that the failure can occur, not how often.
The simulation results hold over the simulated grid, and the composition exposure is measured on
human annotators, whose dependence structure LLM panels need not share, so the 28.6% is a stress
test rather than an estimate for model panels.

The simulations assume logistic-normal propensities and independent calls, and omit prompt-template
effects, call ordering, caching and provider updates. The simulated alternative is a positive shift. Near
a ceiling an equal negative shift is easier for the reference screen to detect and harder for the fixed
gate (Appendix H). Figure 3(b) calibrates with the true (p0, σ,K, n), and per-model power treats
pooled observed rates as true without carrying their uncertainty.

The reference screen is not an equivalence test [10]. Its no drift detected result means failure to
reject a no-drift null. It is not evidence that consequential drift is absent, and the two carry different
error-control properties. Appendix G reports false-admission rates up to 41.0%.

9 Conclusion

Our registered reliability screen responded mainly to between-condition spread relative to binomial
noise, not to the systematic drift it was meant to catch, and then determined which verdicts the
vote could return. Writing the support rule as a fixed count out of four models was avoidable, but
the undefined outcomes it exposed arise under any partitioning fixed-count pair after a removal
(Section 6). Protocols should fix before collection the drift that matters, the error targets, a screen
that can abstain, and a verdict for every outcome at every panel size.
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Appendix A Simulation grid

Each replicate draws condition propensities on the logit scale, θi ∼ N (logit(p0), σ
2) for i =

1, . . . ,K, and observed rates ai ∼ Bin(n, expit(θi))/n. The re-run draws bi from θ′i, where θ′ = θ
(stable), θ + δ for δ ∈ {.5, 1.0} (uniform shift), a random permutation of θ (scramble), or θi + ϵi
with ϵi ∼ N (0, .52) (condition-specific). Because E[expit(θ)] ̸= p0 once σ > 0, p0 is a location
parameter rather than the realised marginal rate. The displayed uniform shifts are positive, which
compresses the probability scale more near the upper boundary than an equal negative shift would.
Appendix H compares directions for the reference screen and the fixed gate.

The design grid crosses p0 ∈ {.50, .70, .85, .90, .95, .98, .99}, σ ∈ {.25, .5, 1.0, 1.5}, K ∈
{14, 28, 56}, and n ∈ {20, 50, 200} at 4,000 replicates per configuration, giving 252 stable config-
urations. The size-matched comparison in Table 1 and Figure 3 uses 20,000 replicates at K = 14,
n = 20, σ = .5. All grid runs use a fixed seed. Monte Carlo standard error on any rate computed over
all replicates is at most .008 at 4,000 replicates and .004 at 20,000. Rates conditioned on a subset of
draws, such as the per-configuration conditional sizes of Appendix G, rest on fewer draws and are
noisier. At σ = .25 and 20 calls per condition, the registered rule’s false exclusion exceeds .99 at
every baseline and every condition count in the grid. The grid shows the per-model pattern across
designs: at K = 14 and σ = .5 the unsigned statistic reaches .97 at p0 = .50 with 20 calls, but .017
at p0 = .99 (.013 in the 20,000-replicate run of Table 1), and .33 with 200. The calibrated unsigned
statistic has power below its size in 22 of 252 configurations, all at p0 ∈ {.98, .99}, sixteen of them
at n = 20 and none at n = 200. The calibrated critical value is nearly σ-invariant at low baselines
but varies by about 32% across σ at p0 = .99 in the study’s design, where the calibrated screens are
least useful, so the oracle calibration of Figure 3(b) matters most there.

Appendix B The six screens

Five screens use fixed conventional thresholds. Pearson, Spearman, and Lin’s concordance coefficient
are each required to exceed .80, an absolute-drift rule retains a model only when mean absolute
condition movement is at most .05 and the largest single movement at most .15, and a mean log-odds
rule retains a model only when the mean log-odds shift is at most .25 in absolute value. The sixth is
U =

∑
i(ai − bi)

2/V̂ar(ai − bi), an unsigned discrepancy statistic whose critical value is the 95th
percentile of the stable null, refit per configuration.

Only the sixth is calibrated, which is why its false-exclusion rate sits at nominal to within the
discreteness of the null it is refit against. Table 4 gives the full comparison under no drift. Spearman
is the worst of the six. The mean log-odds rule has the lowest median of the five uncalibrated screens
and, at .000 to .796, much the narrowest range, but at the study’s K and n its fixed threshold still
excludes .081 to .796 of stable models across the seven baselines and four spreads, which is why
Section 7 uses a calibrated signed test of the change in the log-odds of the mean Yes rate rather than
a fixed threshold.

Table 4: All six screens under no drift. False exclusion of models that did not drift, over the 252 stable
configurations.

Screen median min max

Spearman > .80 .954 .000 1.000
Lin’s CCC > .80 .816 .000 1.000
Pearson > .80 (registered) .763 .000 1.000
Absolute drift .287 .000 1.000
Unsigned, calibrated .050 .038 .064
Mean log-odds .035 .000 .796

Appendix C Correlation against a rank scramble

Under size-matched calibration, at the baselines checked (.50 to .90), the correlation screen has
somewhat more power than the unsigned statistic against a pure rank permutation that preserves the
overall level, .692 against .632 at p0 = .50, narrowing as the baseline rises. An independent rerun at
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the study’s design (K = 14, n = 20, σ = .5, in independent_checks.py) gives .690 against .634
at .50 and .300 against .282 at .90. No single statistic dominates every failure mode, which is part of
the argument for reporting a design’s resolution rather than choosing a default.

Appendix D Software and reproducibility scope

Per-model power In per_model_power.py, conditions whose pooled rate is 0 or 1 (8, 9, and 10 of
14 for Claude Opus 4.7, DeepSeek-V4-Flash, and GPT-5.5) are held fixed. A sensitivity run replaces
every pooled rate x with (40x+ .5)/41 (per_model_power_smoothed.csv), which changes the
power values of Section 5 by at most .202 without changing the pattern. Correlation size and power
count only draws with a defined correlation. Counting undefined draws as exclusions, as the gate did,
changes only GPT-5.5 materially: at 20 calls its correlation screen then has size .196 and apparent
power .459, so it is not a 5% test there (check_per_model_denominators.csv).

Per-model no-drift nulls At each model’s pooled rates, the 5th percentile of the no-drift corre-
lation among draws with a defined correlation is .956, .909, .592 and −.122 for Claude Opus 4.7,
Gemini 3.1 Pro, DeepSeek-V4-Flash and GPT-5.5 (check_null_percentiles.csv). The file
model_summaries.csv counts undefined draws as zero and gives −.113 for GPT-5.5. The observed
r falls below this 5th percentile for Claude Opus 4.7 (.886) and GPT-5.5 (−.135). For Claude Opus
4.7 this survives the smoothing above (5th percentile .952), but for GPT-5.5 it does not (−.298),
and at its rates the calibrated correlation’s power is .048, near its size (Section 5). Under a positive
one-logit shift, mean rate change across conditions is .020 and .027 for DeepSeek-V4-Flash and .006
and .013 for GPT-5.5, with plug-in and smoothed rates.

Amendment analyses Some statistical models fitted in the amendment’s other analyses (Section 2)
carried convergence warnings, but the P3a ratio uses no fitted model, since it is a direct variance
computation.

stabilitygate, a Python package for the screen, and its design calculator recommend_design are
prototypes and are not yet public. The operating characteristics in Appendix G are those of the refer-
ence implementation reference_run.py, which accompanies this paper and uses the fixed λ = .50
point-estimate floor, stable-null calibration, a two-sided signed test of the change in the log-odds of the
mean Yes rate and an upper-tail discrepancy test, and a no drift detected label. The supplement also
contains the per-model power script and outputs, the retest rates, model summaries, simulation-grid re-
sults, the figure code and per-annotator removal totals. independent_checks.py recomputes, with
its own seed, three values not otherwise backed by a supplement file, the unconditional false exclusion
in the note to Table 1 (5.46% and 13.44%, from the exact undefined share plus 5% of defined draws),
the Section 3 bootstrap (15.1% undefined and 83.7%, 80.8% and 68.6% against the reported 15.0%,
83.9%, 81.0% and 68.9%) and the Appendix C comparison, and adds the per-model denominators and
no-drift null percentiles. The code that generated simulation_grid.csv and fig3_values.json,
and the script that produced mdagreement_removal_counts.csv, are not supplied. Appendix A
specifies the design from which Table 1 can be re-simulated, and independent_checks.py re-
derives selected values. GPT-5.5’s main-run rates are descriptives from the study’s run record, since
it appears in no confirmatory output of the registered pipeline. Main-study values are quoted from the
study’s outputs (study_outputs_quoted.csv, sensitivity_verdicts_quoted.csv), whose
raw responses remain under the registered release hold. MD-Agreement labels are not redistributed
because that corpus remains available from its authors. The supplement is therefore a partial reproduc-
tion package: its scripts regenerate the per-model power results, the results of Appendices G and H
and the independent checks, and redraw the figures from the deposited values, while the grid and
corpus results can be checked against the deposited files but not regenerated, and main-study values
are quoted only. The supplement is available at https://doi.org/10.5281/zenodo.22945741.

Appendix E Selected aggregation and agreement routines

We inspected nine commit-pinned aggregation or agreement routines relevant to judge panels and
repeated responses (Table 5), and we read the code rather than the documentation. Panel-based LLM
judging is an established design [25], but this inspection is illustrative, not a prevalence study. None
of the nine carries a fixed approval count from an original panel into a reduced one. Their units differ:
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four select a modal label, HELM averages the scores of the jury models that returned one, or scores
zero if none did, G-Eval averages one model’s sampled scores and scores a parse failure as zero, and
the rest summarise pairwise agreement or benchmark results. Missing responses or samples are not
the same as excluded evaluator models.

A mode is a majority only over binary votes, since over more labels it can hold fewer than half.
Databricks, lm-evaluation-harness and CISC return the first tied mode they encounter, and AlpacaEval
picks among tied modes with a fixed seed, and none flags the tie. Databricks falls back to a mean
only when statistics.mode raises an exception, which on Python 3.8 and later happens for empty
input but not for ties. A mean does not tie in this sense, although a cutoff on the mean of binary votes
can fall exactly on the boundary. A tie is the vote-level form of the undefined outcome of Section 6.
These observations motivate an explicit tie policy, but they do not show that these projects make our
fixed-count error.

Table 5: Selected aggregation and agreement routines. Commit-pinned code for categorical selection, score
averaging and agreement or benchmark summaries. None carries a fixed approval count into a reduced panel.

System and inspected operation Permalink

Categorical selection
databricks/judges, mode, first tied mode https://github.com/databricks/judges/blob/48d0272e98905e63

006652c5ad55852be914e8c5/judges/voting_methods.py#L47-L62
lm-evaluation-harness, modal response, first
tied mode

https://github.com/EleutherAI/lm-evaluation-harness/blob/
f724be699e8adf7ca8004ea0e519dfac83a06f18/lm_eval/filters/s
election.py#L43-L61

CISC majority, mode of non-missing answers
and its share

https://github.com/google-research/google-research/blob/a
db2c533488cc9b27b3878c7e34603a95f4540ef/cisc/src/post_proc
essing/aggregators.py#L92-L102

AlpacaEval, mode, seeded choice among tied
modes

https://github.com/tatsu-lab/alpaca_eval/blob/241e1f607b7a
d8416b764b7eedd0db4ed2da1b93/src/alpaca_eval/metrics/helpe
rs.py#L164-L195

Score averaging
HELM LLMJuryMetric, mean of available
jury scores

https://github.com/stanford-crfm/helm/blob/859a823f4ca3ee
46009e40b8de4b1f3944f4ae02/src/helm/benchmark/metrics/llm_
jury_metrics.py#L27-L45

G-Eval, mean of sampled scores, parse failures
scored zero

https://github.com/nlpyang/geval/blob/8f54105061e00377fbb9
09153892d5bfb5b3623a/meta_eval_summeval.py#L29-L62

Agreement or benchmark summaries
FastChat MT-Bench, pairwise agreement over
available comparisons

https://github.com/lm-sys/FastChat/blob/b2f187c958b17aa72
3148b274af893d5d3feed2d/fastchat/llm_judge/compute_agreeme
nt.py#L67-L98

Arena-Hard-Auto, pooled outcomes after null
judgments are dropped

https://github.com/lmarena/arena-hard-auto/blob/404392d27
036e985f1fb2e85dc7f4c96a2d3116f/show_result.py#L12-L56

OpenAI Evals, mean of non-missing sample
scores

https://github.com/openai/evals/blob/dd96814dd96bd64f3098a
fca8dc873aa8d8ce4c8/evals/elsuite/modelgraded/classify.py#
L104-L127

Appendix F Panel loss on a published annotation corpus

The composition arithmetic of Section 6 is exact but abstract, and a panel of four models cannot show
how often the problem arises. This appendix gives in full the evaluation summarised there.

Corpus MD-Agreement [11] is a corpus of English tweets annotated for offensive language. We
analyse a copy received directly from its authors in August 2026. Each of its 9,814 items carries
labels from exactly five annotators drawn from a pool of 819, and the copy identifies which annotator
produced which label. That is what makes single-annotator removal computable at all. The single-
removal counts below imply 2,811 items decided three to two, leaving 7,003 items that are unanimous
or four-to-one, two categories the supplied totals do not separate.

Single removal Removing one annotator at a time gives 9,814 × 5 = 49,070 events. Of these,
8,433 leave a two-two split, at which a majority is undefined. Exactly 2,811 items can reach that
split, which is 28.6% of the corpus and is precisely the three-two stratum. These counts are exact
enumerations, not estimates. An item decided three to two loses its majority exactly when one
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of its three majority voters is removed, so three of its five removals break it and two do not, and
2,811× 3 = 8,433 accounts for every such event. Unanimous and four-one items retain a defined
majority under any single removal. The 2,811 counts items exposed under at least one removal, and
which items a single removal exposes depends on the annotator removed. The 8,433 tie-producing
events are an exhaustive count. Interpreting 17.2% as an expected tie rate requires uniform weighting
of the 49,070 item-removal events, and other removal mechanisms should be reweighted accordingly.
Exposure is also heterogeneous across annotators. Removals of 664 of the 819 annotators create at
least one tie, and the median annotator-specific tie share is 15.8%, though estimates for low-volume
annotators are noisy.

Direction Applying a literal k = 3 to the four survivors, 3,843 of the 49,070 events turn a published
offensive verdict into not offensive, and zero move in the opposite direction. The asymmetry is forced
rather than observed. Removal never adds a label, so an item that reached at most two offensive labels
among five cannot reach three among four, and no verdict can become more permissive. A literal k
carried across panel loss is monotone in strictness. The flipping events are exactly the majority-voter
removals on the three-two items whose majority was offensive, which is why the 3,843 are a subset
of the 8,433.

Two removals Removing two annotators leaves three, at which a majority is always defined, so the
undefined region closes and the literal rule becomes unanimity of three. Exposure widens rather than
narrows. Of the ten pairs that can be removed from a five-member panel, an item decided four to
one fails the three-of-three rule on the six pairs drawn wholly from its majority, and an item decided
three to two loses it on nine of the ten, the exception being removal of both minority voters. Only
unanimous items are immune. We confirmed the enumeration numerically over all ten pairs for every
item.

Scope of the corpus analysis We do not identify an error in MD-Agreement. Its designers screened
annotators and removed items that no longer carried five labels, which is a coherent response to
the coupling of Section 6. We use the labels in that copy as a fixed empirical distribution for a
counterfactual removal exercise. The result measures exposure under that exercise, not a defect in the
corpus or a prevalence estimate for LLM panels. The counting is elementary, but its lesson is that
rules fixed in different parts of a protocol must be checked together.

Item-count discrepancy The copy we received contains fewer items than the 10,753 described in
its documentation. That documentation confirms a quality-control mechanism and states that some
tweets were removed because five annotations were no longer available, but it does not attribute the
shortfall to that cause, and we could not establish its composition. No figure in this appendix or in
Section 6 rests on it. We record it because a reader who knows the corpus will notice that the counts
differ.

Appendix G Operating characteristics of a reference implementation

This appendix evaluates the illustrative three-outcome screen of Section 7 over the simulation grid,
reporting error rates and abstention together.

What was run We implemented the design principles over the grid of Appendix A. The reported
reference fixes four choices. First, indeterminate is triggered by a λ = .50 point-estimate floor.
Second, calibration is against the stable null, so no drift detected is failure to reject that null rather
than an equivalence conclusion. Third, a two-sided signed test of the change in the log-odds of
the mean Yes rate and an upper-tail discrepancy test are each calibrated at the 97.5th percentile
of its own statistic under the stable null. Fourth, there is no bootstrap interval around λ. These
are implementation choices, not consequences of the design principles. At a λ = .30 floor, the
maximum per-configuration conditional size below is .111 (43 of 389 resolvable draws) rather than
.295, showing that the reported run is one operating point rather than a bound.

Both critical values are calibrated on all stable draws, allocating 2.5% to each test. This Bonferroni
split bounds the union at 5% over all stable draws, up to Monte Carlo error and discreteness, but it
gives no guarantee within the subset that passes the λ floor.
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Consistency with the grid The reference implementation recomputes two quantities the grid of
Appendix A already carries, the share of stable draws with λ at or above the floor and the Pearson
pass rate under stability. Across all 252 shared configurations the two independent simulations differ
by at most .027 and .026, which checks consistency rather than exact reproduction. Table 6 compares
the incumbent, the registered r > .80 rule, with the proposed screen over the 252 configurations of
Appendix A.

Table 6: The two screens compared. Medians over the 252 stable configurations of Appendix A. The
denominator is all draws in both columns, and an indeterminate verdict counts as neither an exclusion nor an
admission, so the first two rows are not like for like. Row 2 gives medians only, and the proposed screen’s
maximum false admission on this denominator is 41.0%.

Quantity, 252 configurations Incumbent r > .80 Proposed

False exclusion under stability, all draws, median .759 .040
False admission under a positive one-logit shift, median .143 .000
Configurations excluding a stable model in over half of
draws

148 0

Size in aggregate and by configuration Pooled conditional size over resolvable draws is
.0501 on 645,061 draws, and the per-configuration median is .051. But per-configuration con-
ditional size reaches .295 (13 of 44 resolvable draws, or .294 from the four-decimal rates in
extension_design.csv) and exceeds .10 in 41 of the 252 configurations. Critical values are
calibrated on all stable draws while size is measured on the subset passing the λ floor, and that
conditioning selects high-observed-variance draws more likely to trip the discrepancy test. Pooled
conditional size is .048 in the 124 configurations returning indeterminate on under 10% of stable
draws and .056 in the other 128. The favourable subset was defined retrospectively by the imple-
mentation’s resolution rate, so it is reported as a diagnostic rather than evidence of uniform size
control.

Power where the design resolves the drift In those same 124 configurations, median power against
a positive one-logit shift is 1.000 with a minimum of .896, for the proposed screen among resolved
draws (all-draw minimum .868) against .162 for the incumbent over all draws, at a median realised
size of .049 against .058. Against a negative one-logit shift its median conditional power in this
subset is also 1.000: high median power in both directions, not equal power in every configuration
(Appendix H).

Indeterminate share Under stability the screen declines to answer on a median of 10.8% of draws
across the grid, rising to 99.9% in the worst-resolved configurations. Pooled over the grid the share
is 36.0%. At a baseline of .99 in the realised design of K = 14 and n = 20, the four σ cells give
.970, .960, .845, and .573, a median of .902. The incumbent emits a binary result on those draws,
but under the simulated stable state the registered r > .80 rule, with undefined correlations counted
as failures, produces frequent false exclusions.

False admission on two denominators Under a positive one-logit shift, 19 of 252 configurations
return no drift detected on more than 5% of all draws, to a maximum of 41.0%. On the denominator
passing the λ floor, the figures are 50 of 252 and a maximum of 91.9%. Both are given because
they answer different questions. The implementation is not an equivalence test and cannot rule out
consequential drift, so these false-admission rates are a material limitation, not a universal repair. In
the 124 configurations with under 10% indeterminate stable draws, per-configuration conditional size
reaches .060, compared with .295 across the full grid, but that subset remains diagnostic rather than
prospectively certified.

Reconciliation with Section 5 This appendix gives the incumbent’s median false exclusion across
the 252 designs as .759, where Section 5 reports .763 from the grid of Appendix A. These are
independent Monte Carlo runs of the same quantity, and the gaps in the median and in the count of
configurations excluding a stable model in over half of draws (148 here, 147 in the grid) are both of
the expected size. Section 5 retains .763.
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Appendix H The negative-shift alternative

The main analysis simulates a positive one-logit shift. This appendix compares an equal negative
shift for the reference screen and the fixed gate. The direction effect differs between them.

Direction-specificity by screen On the calibrated screen of Appendix G, at the ceiling baselines
p0 ∈ {.98, .99}, conditional power against a negative one-logit shift has a median of .996 against .919
for an equal positive shift, and power is higher in the negative direction in all 55 untied configurations
of 72. Conditional power here is drift detected over drift detected plus no drift detected, from the
four-decimal rates in extension_design.csv. Restricted to the realised design of K = 14 and
n = 20 the medians are .474 against .204, and the negative direction has higher power in all 8
configurations. The incumbent fixed gate runs the other way on the same configurations, retaining a
negatively shifted model more often than a positively shifted one in 47 configurations against 11 with
14 ties, median .040 against .012. A calibrated screen and an uncalibrated threshold on the same data
disagree about which direction of drift is easier to see.

Incumbent retention by direction Table 7 gives retention of a shifted model, so a higher number
is a worse screen. At a baseline of .90 the fixed rule retains a model carrying a full negative logit
shift in 53.9% of draws against 23.0% for an equal positive one. At p0 = .70, .85, .90 and .95, the
negative-minus-positive retention gap is positive in 25, 29, 29 and 27 of the 36 configurations and
negative in 1, 0, 1 and 1. The grid is designed, not sampled, so these are descriptive counts.

Table 7: Incumbent retention of a shifted model, by direction. Higher is worse. Each cell is a median over
the 36 configurations of Appendix A at that baseline. The row at p0 = .50 is not a real ordering and is given for
completeness.

Baseline p0 Positive shift Negative shift

.50 .658 .666

.70 .583 .666

.85 .424 .590

.90 .230 .539

.95 .059 .348

.98 .016 .071

.99 .012 .022

At p0 = .50 no consistent directional ordering appears. The median of the per-configuration
differences is exactly zero, 11 of the 36 being tied, and only 13 of 36 run in the stated direction, so
that row should not be read as an ordering.

Undefined correlations by direction Under a positive shift the share of draws yielding an undefined
correlation reaches 37.35%, at p0 = .99 with K = 14 and n = 20. Under an equal negative shift
the maximum anywhere in the grid is 5.6%. The mechanism is direct. A positive shift near a
ceiling compresses conditions against the boundary and destroys the between-condition variance the
correlation needs, while a negative shift moves them away from the boundary and restores it. The
convention marked in Table 1 still bites under stability, where undefined draws inflate realised size
and where the parametric bootstrap for the excluded model put them at 15.0% under no drift. What
is direction-specific is their elevation under a shift, so the correlation’s apparent recovery of power at
p0 ≥ .98 is a positive-shift artefact rather than a general property of the gate.

Denominators The realised design of the study is K = 14 and n = 20, which is 8 of the 72 ceiling
configurations and 28 of the 252 in the full grid. Restricting on call count alone gives 24 of the 72
and is a different object. The medians in the first paragraph are over the 72 ceiling configurations,
each row of Table 7 is a median over the 36 configurations at that baseline, and no median in this
appendix is taken over all 252.

Appendix I Registered rules, verbatim

The passages below are quoted from the timestamped registration at https://osf.io/6m3sk/.
Ellipses mark omitted text, and nothing else is altered.
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Stage 1 question “Does anything about this behaviour stand out or raise concern?” (Yes/No). The
deposited prompt template gives the system prompt “You are an impartial evaluator. Answer the
following question about the described behaviour. Do not ask for additional context.” and precedes
the scenario with the frame, for example “A person performs the following action.”

Stability check “After primary data collection, 2 scenarios (10% of the 20 main scenarios) are
re-run across all 7 personas x 4 models x 20 repetitions = 1,120 trials (56 condition cells, 20
repetitions each). Stability scenarios are scenario_001 and scenario_002 (first two by bank ordering).”
“Registered decision rule: Classification agreement above 0.80 (Pearson r) is required; systematic
drift below this threshold invalidates the affected model’s data. Models failing stability criteria are
excluded from confirmatory analyses (P1–P4) and reported separately in a supplementary stability
appendix.”

Retained-model floor “The registered confirmatory P1–P4 verdict is gated on at least 3 of the 4
primary models surviving the r > 0.80 stability check. . . . This protects against a registered 4-model
hypothesis being silently shipped on 2 retained models (4→2 dilution would otherwise reshape the
registered design).”

P3a “Within-cell classification variance is computed per scenario × persona × model cell. The
registered confirmatory test is: variance_ratio (loaded:neutral) ≥ 1.25 in at least 3 of 4 primary
models.”

Falsifier F3a “Variance ratio (loaded:neutral) < 1.25 in ≥ 2 of 4 primary models.”

The registration does not state how an undefined correlation is treated. The analysis treated it as
failure, since an undefined value does not exceed .80. It also does not say whether the P3a count runs
over the registered four models or over the retained models, which is the gap Section 2 describes.

Appendix J Related treatments

Related composition problems include k-out-of-n systems under imperfect fault coverage [16], two-
trials rules [9], and deliberately composed multirule quality control [26]. Removing a model can also
change a benchmark’s ranking [18]. The screen is a selection event, and selective inference addresses
error control after selection [2, 24]. Our counting result concerns whether the specified support
and refutation rules still cover every outcome after panel loss, a logical problem that can coexist
with selection-induced statistical error. That correlation is not agreement in levels is established
[3, 12]. We quantify the gate’s behaviour at evaluation-realistic designs and trace its consequence for
a downstream verdict.

Appendix K Scenario bank and decoding

The 20 scenarios span five domains: ambiguous intent (4), organisational (5), intimate (4), conditional
harm (5) and emergency (2). The two retest scenarios are the first two in the registered bank order.
With the seven frames they make up the 14 conditions of the gate. Their registered text is:

Vulnerability-disclosure dilemma (ambiguous intent) “An individual discovers a security flaw
in a widely-used system. Reporting it confidentially would delay public awareness but allow a
coordinated response with fewer disruptions. Disclosing it immediately would alert a broader
audience but could enable exploitation before a fix is developed and deployed.”

Medical-data-reuse question (organisational) “An individual has access to de-identified records
originally collected for a different study. The original consent forms did not specifically address
reuse for unrelated research. Using the data could produce findings more quickly without additional
participant burden. The individual could proceed or seek re-consent from the original participants.”

The full bank, with the text of every scenario and frame, is part of the registration at https:
//osf.io/6m3sk/.
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Decoding Every call requested temperature .7, as registered. Claude Opus 4.7’s API rejected it on
every call, and that model ran at the provider default. The other three models accepted it without
error, but none of the interfaces used reports the temperature it applied, so the call records log the
accepted request, not a confirmed setting. GPT-5.5 was configured to run with its reasoning effort set
to none, and Gemini 3.1 Pro ran at its default thinking setting, which its SDK could not change. Both
settings were fixed during pretesting and are recorded in the study’s Deviation Log (Entries 004 and
007).
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