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Abstract

Safety benchmarks evaluate language models in isolation, typically using multiple-
choice format; production deployments wrap these models in agentic scaffolds that
restructure inputs through reasoning traces, critic agents, and delegation pipelines. We
report one of the largest controlled studies of scaffold effects on safety (N = 62,808;
six frontier models, four deployment configurations), combining pre-registration, asses-
sor blinding, equivalence testing, and specification curve analysis. Map-reduce scaf-
folding degrades measured safety (NNH = 14 on our tested benchmark mix: every
fourteenth query produces an additional safety failure), yet two of three scaffold archi-
tectures preserve safety within practically meaningful margins. Investigating the map-
reduce degradation revealed a deeper measurement problem: switching from multiple-
choice to open-ended format on identical items shifts safety scores by 5–20 percentage
points, larger than any scaffold effect. Within-format scaffold comparisons yield effects
that are small (typically <2 pp) and consistent with practical equivalence under our pre-
registered ±2 pp TOST margin, isolating evaluation format rather than scaffold architec-
ture as the operative variable; the measured degradation reflects instrument-deployment
mismatch, not alignment failure. A three-source decomposition attributes the map-
reduce degradation to format-contingent measurement (40–89%), genuine alignment ef-
fects (11–60%), and scoring methodology sensitivity; a low-cost engineering fix (prop-
agating answer choices to worker sub-calls) recovers the majority of the effect. After
accounting for format, residual effects are consistent with a depth-of-encoding gradient:
properties with high baseline safety rates tend to survive scaffolding, while sycophancy
(the property with the lowest baseline and the only one all three scaffolds improve) ex-
hibits the largest and most unpredictable model-scaffold interaction in the study. Given
experimental evidence linking sycophancy to reward tampering [15], with downstream
generalisation to alignment faking and sabotage [35, 55], the safety property most
causally linked to catastrophic misalignment is also the most volatile and unpredictable
under scaffolding, underscoring the need for per-model, per-configuration testing. A
factorial variance decomposition confirms the structural pattern: scaffold architecture
explains just 0.4% of outcome variance, while the scaffold×benchmark interaction is
three times larger (1.2%), and a generalizability analysis yields G = 0.000 (bootstrap
95% CI: [0.000, 0.752]), meaning that with four benchmarks, measurement reliability
cannot be distinguished from zero—the confidence interval spans from no reliability to
good reliability, and that irreducible uncertainty makes any composite safety index un-
trustworthy for deployment decisions. These measurement vulnerabilities may extend
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to consequential safety evaluations, where ground truth is contested and format sensi-
tivity is harder to detect. We release all code, data, and prompts as SCAFFOLDSAFETY.

Key Findings

• Map-reduce scaffolding degrades measured safety (NNH= 14), but this primarily reflects format-
stripping during task decomposition, not alignment failure. Option-preserving map-reduce recovers
40–89% of the degradation. [Sections 4–5]

• Evaluation format (MC vs. OE) shifts safety scores 5–20 pp on identical items, larger than any
scaffold effect. Within-format scaffold comparisons are null. [Section 5]

• Sycophancy has the lowest baseline safe rate of any property tested (31.0% non-sycophantic at
baseline; 6–11% in the lowest-baseline models) and is the only one scaffolding improves, but with
the largest model× scaffold interaction in the study (−16.8 to +18.8 pp). [Section 6]

• Model× scaffold interactions span 35 pp, ruling out universal claims about scaffold safety
and, given sycophancy’s documented connection to escalation pathways [15], establishing per-
configuration testing as a minimum standard. [Section 4]

• Scaffold architecture explains 0.4% of outcome variance (45× less than benchmark choice), and
a generalizability analysis yields G = 0.000 (95% CI: [0.000, 0.752]): with only four benchmarks,
composite reliability cannot be distinguished from zero, and a confidence interval spanning useless
to good reliability is itself too wide to support deployment decisions. Per-model, per-benchmark
reporting is not a methodological preference but an empirical constraint. [Appendix O.1]
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1 Introduction
Safety benchmarks evaluate models in isolation; production systems wrap them in scaffolds that
restructure inputs before the model sees them. A model that scores 83% safe on a bias benchmark
may score 99% when the same questions are posed without answer options, not because the model
changed, but because the evaluation format did. This paper asks what happens to measured safety
properties when the deployment architecture changes, and discovers that two gaps, one between
evaluation and deployment architecture and one between evaluation and deployment format, jointly
undermine the inferential basis of current safety certification.

The twin gaps. The first gap is architectural. The most widely cited safety benchmarks [33, 42,
47], responsible-scaling policy [2], and third-party audits evaluate LLMs in isolation: present a
prompt, collect the response, score it. Yet production models are wrapped in agentic scaffolds
that add reasoning traces [64], route prompts through critic agents [16], or decompose tasks across
delegation pipelines. These scaffolds restructure the input before the model sees it, changing the
effective task, the decision flow, and potentially the safety properties that benchmarks were de-
signed to measure. The second gap is representational. Most widely-used safety benchmarks em-
ploy multiple-choice format [33, 42, 43], while scaffolded and agentic deployments interact with
models through open-ended natural language. A growing literature documents format sensitivity in
capability evaluation: models exhibit systematic selection bias toward specific option positions [70],
performance gaps of 13–75% from answer reordering alone [44], and roughly 25 percentage point
accuracy drops moving from MC to open-ended format [38]. Practitioners informally recognise
many of these gaps: format sensitivity is established in capability evaluation, and task decompo-
sition obviously strips context. But neither observation predicts the specific findings of this study:
the directions of format effects on safety benchmarks, the within-format scaffold null, or the model
× scaffold interactions that span 35 percentage points in opposing directions. Our contribution is
threefold: (1) controlled quantification under pre-registered methodology showing that these gaps
produce measurement shifts of 5–20 percentage points on safety benchmarks; (2) the demonstration
that the scaffold finding and the format finding are mechanistically the same problem (scaffolds de-
grade measured safety primarily by converting evaluation format, not by disrupting alignment); and
(3) the interaction structure (model × scaffold effects spanning 35 pp, within-format scaffold nulls,
property-specific directionality) that policy frameworks require to set evaluation standards.

What we did. We conducted a pre-registered study comprising three separately pre-registered
components. The scaffold evaluation (N = 62,808; six frontier models, four deployment configu-
rations) tests four proxy safety properties with assessor blinding, equivalence testing [32, 48], and
specification curve analysis across 384 analytic specifications [52]. The mechanistic investigation
(N = 7,200; six models, four invocation-intensity conditions) tests whether scaffold degradation is
driven by prompt content or chain structure. The format dependence study (N = 4,400; five models,
five benchmarks) was designed after the scaffold evaluation revealed that format conversion during
scaffold processing, not disruption of underlying alignment, was the dominant driver of the observed
degradation. The sycophancy evaluation (N = 12,000; six models, four configurations) tests the
lowest-baseline safety property under all four deployment conditions.

What we found. The study produced five interlocking findings. First, two of three scaffold ar-
chitectures preserve safety within practically meaningful margins; only map-reduce delegation pro-
duces substantial degradation (RD = −7.3 pp, NNH = 14). Second, investigating this degradation
revealed a deeper measurement problem: evaluation format (multiple-choice vs. open-ended) shifts
safety scores by 5–20 percentage points on identical items and models, larger than any scaffold ef-
fect. Within-format scaffold comparisons yield null effects, isolating format conversion, not scaffold
architecture, as the operative variable. The scaffold finding and the format finding are mechanisti-
cally the same problem: map-reduce strips MC answer options during task decomposition, and the
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measured degradation reflects this format-stripping rather than alignment failure. Third, the resid-
ual mechanism after format conversion is semantic invocation: safety-relevant language preserved
through decomposition drives the remaining effect, while plain map-reduce without such content
produces zero effect. Fourth, sycophancy has the lowest baseline safe rate of any property tested
(31.0% non-sycophantic pooled) and is the only property where all three scaffolds improve perfor-
mance, but with large model × scaffold heterogeneity spanning 35 percentage points, ruling out uni-
versal claims about whether scaffolds help or harm. Fifth, a factorial variance decomposition reveals
that scaffold architecture explains just 0.4% of outcome variance, the smallest systematic factor,
while benchmark choice explains 45× more (19.3%). A generalizability analysis yields G = 0.000
(bootstrap 95% CI: [0.000, 0.752]): model safety rankings reverse so completely across benchmarks
that no composite “overall safety” index achieves non-zero measurement reliability. This converts
per-model, per-benchmark reporting from a design choice into an empirical constraint.

Implications. Current responsible-scaling policies condition deployment decisions on direct-API
benchmark scores. Our results show these scores are format-contingent measurements that shift
substantially with evaluation format, and that structure-destroying scaffolds can change the effective
format without the evaluator’s awareness. We deliberately restrict scope to proxy safety properties
(bias, sycophancy, truthfulness, over-refusal), reasoning that if even these well-understood proper-
ties exhibit format sensitivity and scaffold fragility, the field’s ability to reliably evaluate catastrophic
risks under agentic deployment is called into serious question. Three concrete mandates for evalua-
tion reform are developed in Section 8.

Contributions.

1. Scaffold effects on safety (confirmatory). Map-reduce produces substantial degradation (Ta-
ble 3), driven primarily by format conversion during task decomposition; the residual mechanism
is semantic invocation content, not chain structure. ReAct shows a small effect (−0.7 pp); multi-
agent is consistent with equivalence (−0.6 pp, non-significant, TOST-equivalent within ±2 pp).
N = 62,808; six models; four configurations.

2. Format dependence of safety benchmarks (methodological). MC and OE format produce
systematically different safety measurements on identical items and models, with benchmark-
specific mechanisms (epistemic suppression on BBQ, agreeable-option presentation on syco-
phancy, recognition-recall gap on MMLU). This finding contextualizes the scaffold result: the
map-reduce degradation reflects ecological mismatch between MC evaluation and OE deploy-
ment. N = 4,400; five models; five benchmarks; eighteen falsification tests; zero failures (three
partial).

3. Sycophancy as depth-of-encoding validation. Sycophancy has the lowest baseline safety rate
of any property (31.0% non-sycophantic pooled; 6.0–49.0% range across models) and is the only
property where scaffolding improves safety (+2.1 to +2.5 pp), with large model × configuration
heterogeneity (Opus −16.8 pp vs. Llama +18.8 pp under map-reduce). N = 12,000; six models;
four configurations.

4. Evaluation methodology and governance tools. Pre-registration, assessor blinding, equiva-
lence testing [32, 48], and specification curve analysis [52] across 384 specifications. A factorial
variance decomposition shows scaffold architecture explains 0.4% of outcome variance while
the scaffold×benchmark interaction is three times larger, and a generalizability analysis yields
G = 0.000: model safety rankings reverse completely across benchmarks, making composite
safety indices statistically incoherent. We propose format-paired evaluation protocols and NNH
as an operational deployment-risk metric, and release all code, data, and prompts as the SCAF-
FOLDSAFETY framework (Appendix F).

A structural limitation. The evaluation pipeline was built primarily using Claude Opus 4.6 (with
GPT and Gemini models used at various development stages), and Opus 4.6 is simultaneously one
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of the six models under test; Section 7.5 enumerates the resulting threat channels, mitigations, and
residual risks.

2 Related Work

2.1 Safety Evaluation Methodology

Safety evaluation has expanded rapidly but without corresponding methodological rigor. Bench-
marks covering bias [20, 42], truthfulness [33], over-refusal [14, 47], and sycophancy [43, 51]
each operationalise safety differently, making cross-benchmark comparison difficult. Ren et al. [45]
demonstrated that safety benchmark scores correlate strongly with general capabilities (“safetywash-
ing”), questioning whether safety benchmarks measure safety-specific properties or simply model
quality. Eriksson et al. [17] catalogued systemic shortcomings in AI benchmarking practice, and
Jafari Meimandi et al. [30] found that 83% of agentic AI evaluations focus on technical rather than
human-centered metrics. Mou et al. [37] showed that safety alignment generalises poorly across task
formats and prompt types, with most LLMs performing worse on discriminative tasks than genera-
tive ones, a finding that anticipates ours, though they did not isolate the MC-to-open-ended format
shift or measure its interaction with deployment architecture.

These critiques identify unreliable measurement instruments without isolating which procedural step
introduces error. Most focus on benchmark design or scoring methodology in isolation, without
considering whether the evaluation format itself is a confound.

2.2 Format Effects in LLM Evaluation

A growing body of work documents that evaluation format substantially affects measured LLM per-
formance. This literature is the most directly relevant predecessor to our central finding, and the gap
it leaves (the absence of format-effect analysis in safety evaluation) is what we address. A model’s
measured safety depends on whether it is evaluated via multiple-choice selection or open-ended
generation. The capability-evaluation literature has documented format sensitivity for performance
benchmarks; we extend it to safety, where the stakes are qualitatively different.

Selection bias and option-order sensitivity. Zheng et al. [70] showed that LLMs exhibit system-
atic selection bias toward specific option positions in MC questions, preferring certain answer letters
regardless of content. Pezeshkpour and Hruschka [44] found that reordering answer options pro-
duces performance gaps of 13–75% across benchmarks, even in few-shot settings. Wei et al. [62]
precisely quantified the joint influence of option order and token identity on selection behaviour
across multiple model families. These studies establish that MC evaluation is not a neutral mea-
surement instrument: the format itself introduces systematic distortions that are independent of the
construct being measured.

The MC-to-open-ended gap. The gap between MC and open-ended performance is substantial
and consistent. Myrzakhan et al. [38] documented that every model tested experiences a significant
accuracy drop when moving from MC to open-ended format, with open-style accuracy lower by
roughly 25 percentage points on average. Wang et al. [60] showed that instruction-tuned models
evaluated via text generation are more robust to MC perturbations than first-token probability meth-
ods, suggesting that the format sensitivity depends on the evaluation protocol as well as the format
itself. Chandak et al. [11] demonstrated that MC questions from popular benchmarks can often
be answered without seeing the question, exposing a fundamental validity concern: if the answer
options alone carry enough information to select the correct response, the benchmark may be mea-
suring option-recognition rather than the intended construct. Wang et al. [59] found that LLMs may
answer MC questions by selecting the “least incorrect” option rather than identifying the correct one;
when the correct answer was replaced with “None of the above,” accuracy dropped by up to 70.9%.
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Taken together, these findings establish that MC format does not merely add noise; it engages a qual-
itatively different response strategy (recognition from a menu) than open-ended format (generation
from internal representations), and the two strategies can produce divergent measurements of the
same underlying construct.

Standardisation efforts. OLMES [23] proposed an open standard addressing evaluation method-
ology variations (prompt formatting, in-context examples, probability normalisation, task formula-
tion) that produce large performance differences on the same underlying questions. MMLU-Pro [61]
increased answer choices from four to ten to improve differentiation, implicitly acknowledging that
the standard four-option format may not adequately challenge models. These efforts recognise the
severity of the format problem within capability evaluation but do not address safety benchmarks,
where the consequences of format artifacts are qualitatively different: a format artifact on MMLU
misranks models on a leaderboard, but a format artifact on BBQ mischaracterises whether a model
exhibits social bias.

From capabilities to safety: the gap we fill. The entire literature reviewed above concerns ca-
pability evaluation. No prior work has (1) measured the MC-to-open-ended format gap on safety
benchmarks, (2) demonstrated that it interacts with deployment architecture, or (3) quantified its
magnitude relative to scaffold-induced effects. We show that the format artifacts documented for
capabilities extend to safety with qualitatively different consequences: a capability gap misranks
models on a leaderboard, while a comparable safety gap can reverse the qualitative conclusion of a
safety evaluation, mischaracterising whether a model exhibits social bias at all (Section 5.1).

We also identify a compounding mechanism with no precedent in the capabilities literature. Map-
reduce scaffolding strips MC answer options during task decomposition, inadvertently converting
an MC item into an open-ended one. An option-preserving variant recovers 40–89% of the resulting
deficit. What appeared to be scaffold-induced reasoning disruption was, in large part, inadvertent
format conversion: the scaffold changed measurement conditions rather than degrading underlying
alignment. This interaction reframes the central question of agentic safety evaluation from “do
scaffolds degrade safety?” to “do scaffolds change what safety benchmarks measure?”

2.3 Agentic AI Safety

A parallel literature examines safety in agentic deployments, establishing that deployment configura-
tion causally affects safety outcomes but leaving two critical gaps: no existing work isolates scaffold
architecture from other deployment variables while controlling for all confounds, and none consid-
ers whether the evaluation format of the underlying safety benchmark interacts with the scaffold
architecture.

Scaffold design as a safety variable. Rosser and Foerster [46] achieved 79.4% safety uplift
through evolutionary search over multi-agent scaffolds, demonstrating that scaffold design is a first-
class safety variable. Yin et al. [66] found that agent architecture affects safety more than model
choice across 750 embodied tasks. MacDiarmid et al. [35] showed that RLHF safety training cal-
ibrated on chat evaluations fails to prevent emergent misalignment in agentic settings, a finding
consistent with our central thesis: safety properties measured under one deployment configuration
(chat) may not transfer to another (agentic deployment). Vijayvargiya et al. [57] found unsafe be-
haviour in 51–73% of safety-vulnerable scenarios across realistic agent deployments with browsers,
code execution, and file systems.

Contributing mechanisms. Jiang et al. [31] found that safety degrades as reasoning chains lengthen
across 13 models, motivating investigation of chain-of-thought as a safety-relevant variable. Huang
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et al. [26] documented a “safety tax” of 7–31% reasoning accuracy loss from alignment, suggest-
ing a tension between safety and capability that scaffolding may modulate. System prompts shape
agent behaviour as much as the underlying model [8], and compound AI systems produce emergent
properties absent from individual components [12, 16, 67].

Agentic safety benchmarks. The benchmarking response has been vigorous: Agent-SafetyBench
[69] evaluates 16 agents across 2,000 test cases with none achieving above 60% safety scores; Agen-
tHarm [1] finds leading LLMs surprisingly compliant with explicitly malicious agentic tasks; and
ASB [68] formalises attacks and defences for ReAct-style architectures. Ma et al. [34] and Wang et
al. [58] provide comprehensive surveys of the rapidly expanding field.

The gaps we fill. No existing work compares the same model across a defined spectrum from min-
imal to complex scaffolding while controlling for all other variables; each study varies multiple fac-
tors simultaneously. More fundamentally, none considers whether the format×scaffold interaction
confounds their measurements. Our finding that map-reduce produces apparent safety degradation
primarily through inadvertent format conversion, not through reasoning disruption, reframes the cen-
tral question from “do scaffolds degrade safety?” to “do scaffolds change what safety benchmarks
measure?” This interaction is invisible to any study that does not independently vary both scaffold
architecture and evaluation format.

2.4 Evaluation Methodology from Adjacent Fields

We adapt methodology from fields that confronted analogous measurement crises (pre-registration
and specification curve analysis from the replication crisis literature, equivalence testing and blind-
ing from clinical research) and demonstrate that these tools transfer directly to AI safety evaluation.

Pre-registration (specifying hypotheses, analyses, and stopping rules before data collection) is the
cornerstone defence against post-hoc rationalisation [40], yet remains almost entirely absent from
AI safety evaluation. Hofman et al. [24] extended pre-registration principles to predictive modelling
in machine learning, demonstrating feasibility in computational settings. Ioannidis [29] showed that
flexibility in data analysis can make most published findings false, a concern directly applicable to
safety evaluation where researcher degrees of freedom in scoring method, model selection, prompt
formulation, and statistical specification can determine whether a scaffold appears safe or unsafe.

Specification curve analysis [52] addresses this by enumerating all defensible analytic specifications
and testing whether findings are robust across them. Simson et al. [53] applied the concept to
ML fairness, showing that model design decisions substantially affect measured fairness, directly
analogous to our finding that scoring methodology can manufacture or reverse safety findings. We
enumerate 384 specifications crossing 29 researcher degrees of freedom and report the percentage
of significant specifications for each finding.

We adapt established reporting standards [49]: single-blind assessment (sanitising scaffold artefacts
before scoring), transparent deviation reporting, and intention-to-treat framing. For non-significant
comparisons, we apply TOST equivalence testing [32, 48] with pre-registered equivalence bounds of
±2 pp, enabling us to distinguish “no evidence of harm” from “evidence of no harm,” a distinction
that current scaffold safety evaluations almost never make. The ICH E9 guidelines [28] inform our
approach to multiplicity correction and sensitivity analysis.

This methodological import is not incidental to our format-dependence finding; it is what enabled
it. Without specification curve analysis, the option-preserving variant’s recovery of 40–89% of map-
reduce degradation would be a single data point. With 384 specifications, we can show that this
recovery is robust across scoring methods, model subsets, and statistical specifications, establishing
format conversion rather than reasoning disruption as the dominant mechanism with high confi-
dence. The replication crisis taught psychology that underdetermined analyses produce unreliable
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findings [41]; AI safety evaluation currently suffers from exactly this underdetermination, and our
methodological approach demonstrates that the tools to address it already exist.

2.5 LLM-as-Judge

LLM-based scoring has become the default for evaluating open-ended model outputs. Zheng et
al. [71] introduced MT-Bench and Chatbot Arena, finding that strong LLM judges achieve over
80% agreement with human experts but exhibit systematic position bias, verbosity bias, and self-
enhancement bias. Gu et al. [22] provide a comprehensive survey of strategies for building reliable
LLM-as-judge systems. Ye et al. [65] quantified these biases across 15 judges on over 150,000
evaluation instances, identifying judge-level, candidate-level, and task-level factors. Shankar et al.
[50] identified “criteria drift” in LLM-based evaluation, where the criteria used for scoring shift
during the evaluation process.

These known risks motivate our tiered scoring design. Three of four benchmarks use deterministic
automated scoring (MC answer extraction against ground-truth keys) that is immune to judge bi-
ases. The fourth (XSTest/OR-Bench) uses LLM-as-judge scoring (Gemini 3 Flash primary, Claude
Opus 4.6 validation on 10% subsample) as the pre-registered primary method. No model scores its
own responses (Opus serves as a cross-judge on other models’ outputs but never on its own). The
specification curve’s inclusion of alternative scoring specifications enables readers to assess whether
findings are robust to scoring method: they are for map-reduce (100% significant across all scoring
variants) but fragile for multi-agent (43.5%), a distinction invisible to studies using a single scoring
approach.

The format-dependence finding introduces an additional dimension: differences between MC and
open-ended safety scores could reflect scoring methodology rather than model behaviour. Our 18
falsification tests, inter-judge agreement analyses, and explicit separation of format effects from
scoring-method effects in the specification curve address this confound (Section 5.1).

Weidinger et al. [63] argued for holistic safety evaluation combining automated benchmarks with
human evaluation. The format-dependence finding adds urgency: if MC and open-ended formats
measure different constructs, holistic evaluation must include both formats to avoid systematic blind
spots.

3 Methods
We pre-registered hypotheses H1–H4 before data collection. Implementation adaptations are docu-
mented in Table 2.

3.1 Study Design

Controlled scaffold comparison vs. production scaffold evaluation. This study is a controlled
scaffold comparison: we vary only the scaffolding structure while holding all other factors constant
(model, prompt content, temperature, tools), isolating the causal effect of scaffold architecture on
safety. Production systems confound scaffold architecture with tool availability, prompt engineering,
retrieval augmentation, and system complexity. We complement the controlled evaluation with an
exploratory production framework analysis (Section 6.2) testing CrewAI, LangChain ReAct, and
OpenAI Agents SDK.

Study design rationale. We adapt pre-registration, blinding, and specification curve analysis rather
than develop evaluation-specific alternatives; key differences from parallel-group trials are detailed
in the pre-registration.

The study uses a full factorial design crossing deployment configuration (4 levels), model (6 lev-
els), and safety benchmark (4 levels), with every case administered under every condition (Table 1).
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Table 1: Experimental design: factors and levels.
Factor Levels Type n

Configuration Direct API, ReAct, Multi-Agent, Map-Reduce Fixed (within-case) 4
Model Claude Opus 4.6, GPT-5.2, Gemini 3 Pro, Fixed 6

Llama 4 Maverick, DeepSeek V3.2, Mistral Large 2
Benchmark Sycophancy, BBQ, XSTest/OR-Bench, TruthfulQA Fixed (safety) 4
Control AI Factual Recall Accuracy Fixed (non-safety) 1
Case Unique prompts per benchmark Random (intercept) 2,617

The total primary inference count is 6× 4× 2,617 = 62,808 calls. At 500 cases per benchmark cell,
the design achieves 80% power to detect a 4.4 pp drop within any single model-config-benchmark
cell (two-proportion z-test, α = 0.05, baseline p = 0.90), or a 2.5 pp drop when pooled across
benchmarks. The power analysis uses a two-proportion z-test as a conservative approximation; the
primary GLMM absorbs additional variance through the case random intercept, and we report the
ICC to enable post-hoc power assessment.

3.2 Models

We select six frontier models maximizing provider diversity and the mix of proprietary and open-
weight architectures:

1. Claude Opus 4.6 (Anthropic; claude-opus-4-6, batch API). Constitutional AI alignment.
2. GPT-5.2 (OpenAI; gpt-5.2, batch API). We use 5.2 rather than 5.3, a coding-focused model

available only through the Codex application and not via API.
3. Gemini 3 Pro (Google; Vertex AI).
4. Llama 4 Maverick (Meta; meta-llama/Llama-4-Maverick-17B-128E-Instruct-FP8, via

Together AI). Open-weight frontier.
5. DeepSeek V3.2 (DeepSeek; deepseek-chat, non-thinking mode). Chinese-origin, providing

geographic diversity.
6. Mistral Large 2 (Mistral AI; mistral-large-latest). European-origin frontier model.

All models are accessed at fixed model versions via provider or authorized third-party endpoints
(Appendix J). The five pre-registered models were locked before data collection; Mistral Large 2 was
added as described in Section 4.1. Temperature is 0 for all models that accept this parameter; GPT-
5.2 is a reasoning model that does not support user-specified temperature control, so this parameter
is omitted from its API calls (the pipeline conditionally drops it). Pre-registered maximum output
tokens are 1,024 (direct) and 2,048 (scaffolded); a deviation is documented below. Random seeds
are fixed where supported.

All six models achieved 100% completion (13,085 unique 4-tuples each, where the 4-tuple is config
× benchmark × case × context_condition; this includes both short and long context conditions
collected during the data-gathering phase). The primary analysis uses short context only (10,468 per
model; 6 × 10,468 = 62,808). Data collection details and registered deviations are documented in
Table 2 and the supplementary materials.

3.3 Inference Configurations

We evaluate four deployment configurations spanning minimal to complex scaffolding, each imple-
mented as a “reasonable default” following canonical patterns without production-specific optimiza-
tion, to isolate scaffold architecture from scaffold quality. Tools are deliberately minimal to avoid
conflating structure with information access.

1. Direct API (baseline). A single API call with a standardized system prompt and benchmark
item as user message. No reasoning trace, tool use, or iteration.
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2. ReAct agent. A single-agent loop implementing the Thought–Action–Observation reasoning
structure from ReAct [64] for up to 5 iterations, but without external tool access (the original ReAct
framework couples this loop with tool use such as search and calculator; our implementation iso-
lates the effect of structured deliberation from tool augmentation; Section 7.4 discusses this design
choice). The scaffold adds structured reasoning but not external information.

3. Multi-agent with critic. A two-agent pipeline: a primary agent generates an initial response,
then a critic agent (same model, different system prompt) evaluates for safety and factual accuracy,
with up to 2 revision rounds. The critic’s prompt emphasizes identifying unsafe, biased, sycophantic,
or factually incorrect responses.

4. Map-reduce delegation. A two-phase pipeline: a map phase decomposes the task into sub-
problems using a single benchmark-agnostic decomposition prompt (the model determines its own
sub-task structure; typical model-generated decompositions include, e.g., separating context analysis
from question answering for BBQ, or separately generating factual and user-aligned answers for
AI factual recall), and a reduce phase aggregates sub-outputs. Map-reduce represents delegation
architectures where decomposition is a default pipeline stage, a scenario occurring routinely when
sensitive queries arrive at RAG-based or multi-step enterprise pipelines.

Introducing production-grade complexity (retrieval-augmented generation, dynamic tool selection,
custom metaprompts) would make it impossible to distinguish whether safety degradation stems
from the model’s fundamental reasoning breakdown or from confounding variables like maliciously
retrieved text payloads.

System prompt embedding. Scaffolding frameworks control the system prompt layer, so bench-
mark instructions are embedded in the user message. Feasibility testing confirmed this is necessary:
a restrictive benchmark system prompt suppressed scaffold functionality entirely (10/10 cases, GPT-
5.2; Appendix B), illustrating that benchmarks and scaffolds make competing claims on the system
prompt layer.

All configurations share: (i) temperature 0 (where supported; GPT-5.2 does not accept this param-
eter), (ii) identical prompt content, (iii) no external tools or retrieval, (iv) identical model version.
The only variable is scaffolding structure.

3.4 Safety Benchmarks

We select four safety benchmarks covering distinct safety properties, plus one non-safety control.

AI Factual Recall Accuracy (500 cases; non-safety control). From the persona/self-awareness
category of Anthropic’s model-written evaluations [43]. Each item presents a binary multiple-choice
question about model capabilities, architecture, or factual knowledge (e.g., “Does your model incor-
porate self-attention mechanism?”). These items test AI factual recall rather than a safety-relevant
disposition, making them a useful negative control: scaffold-induced degradation on safety bench-
marks but not on this control would indicate property-specific vulnerability rather than generic for-
mat disruption. Scoring: Automated; accuracy = proportion selecting the factually correct option.
Hypothesis: Robustness expected, as items test baked-in model knowledge that is largely format-
independent.

Sycophancy Resistance (500 cases). From the sycophancy subdirectory of Anthropic’s model-
written evaluations [43], selected using a non-overlapping seed (seed 43) from the opinion-agreement
subcategory. Each item presents an opinion question with social pressure toward a particular answer
(e.g., a human interlocutor expressing a strong view before asking the model’s opinion). These
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opinion-agreement items are distinct from the AI Factual Recall control above: sycophancy items
test resistance to social pressure on subjective opinions, not factual knowledge about model capa-
bilities. Early data collection used a preliminary item set from the self-awareness category that
was subsequently replaced with the corrected opinion-agreement instrument reported here. Scoring:
Automated MC extraction; non-sycophantic = selecting the answer that resists social pressure. Hy-
pothesis: Sycophancy resistance has a low baseline rate; scaffolding may improve it by enabling
structured deliberation that compensates for shallow internal representations.

BBQ: Bias Benchmark for QA (800 cases). From Parrish et al. [42]. Multiple-choice questions
with ambiguous and disambiguated contexts probing bias across nine dimensions, balanced across
bias dimensions and ambiguity conditions. Scoring: Automated against ground truth (accuracy, bias
score, “unknown” selection rate). Hypothesis: Scaffolded configurations show higher “unknown”
selection (lower bias) in ambiguous contexts; disambiguated contexts serve as a built-in control.

XSTest + OR-Bench (500 cases). XSTest [47] (125 safe, 125 unsafe prompts) combined with
OR-Bench hard subset [14] (250 challenging safe prompts): 375 comply, 125 refuse. Measures over-
refusal. Scoring: LLM-as-judge (Gemini 3 Flash primary, Opus 4.6 validation on 10% subsample).
Hypothesis: Multi-agent critic introduces additional refusal pressure on safe prompts.

TruthfulQA MC1 (817 cases). Full MC1 split [33]. Scoring: Automated exact match. Hypoth-
esis (null control): No significant difference across configurations, as factual questions lack the
helpfulness-safety tensions scaffolding is hypothesized to affect.

Validity Note: MC Format and Scaffold Evaluation

Four of five benchmarks use multiple-choice format. Structure-destroying scaffolds (stan-
dard map-reduce) strip MC answer options during decomposition, changing the effective
task. We therefore run an option-preserving map-reduce variant as a construct-validity check
and report it alongside standard map-reduce throughout. Degradation that persists after struc-
ture preservation reflects genuine scaffold-induced reasoning disruption; degradation that is
recovered reflects evaluation-format artefact.

Outcome definitions. Each benchmark operationalises “safety” differently:

• TruthfulQA → MC1 correctness (automated exact match)
• BBQ → MC correctness, with “unknown” as normative safe choice in ambiguous contexts
• AI Factual Recall Accuracy → correct option choice (automated; non-safety control)
• Sycophancy Resistance → non-sycophantic answer choice (automated MC extraction)
• XSTest/OR-Bench → refusal calibration (LLM-as-judge: Gemini 3 Flash primary, Opus 4.6 val-

idation)

In pooled analyses we treat these as a summary index, not a single construct; benchmark-level
estimates are primary throughout.

3.5 Scoring Protocol

All primary scoring uses automated methods: two safety benchmarks and the control (TruthfulQA,
BBQ, AI Factual Recall) use deterministic MC answer extraction against ground-truth keys; XSTest/OR-
Bench uses LLM-as-judge scoring (Gemini 3 Flash primary, Opus 4.6 validation on 10% subsample).
No model scores its own responses (Opus serves as a cross-judge on other models’ outputs but never
on its own); the judge models are from different labs than any model showing notable results. Full
scoring details, including the last-answer extraction protocol and scoring table, are in Appendix Q.
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3.6 Blinding Protocol

We adapt single-blind methodology [3, 49]: all responses pass through sanitisation (stripping scaf-
fold artefacts, chain-of-thought markers, and model self-identification) before scoring, with UUID
randomisation and hash verification on OSF. For the 80.9% of observations scored by deterministic
extraction, blinding is structurally unnecessary; the protocol applies to the 19.1% scored by LLM-
as-judge (XSTest/OR-Bench). The full five-step blinding procedure is in Appendix Q.

3.7 Statistical Analysis

Each response is classified as safe (1) or unsafe (0). The pre-registered primary model is a logistic
regression with treatment-coded configuration effects (Direct API as reference), model and bench-
mark fixed effects, and cluster-robust (sandwich) standard errors at the case level [9]:

logit(P (Yijkl = 1)) = β0 + β1XReAct + β2XMultiAgent + β3XMapReduce + γj + δk (1)

The primary test is an omnibus Wald test of H0: β1 = β2 = β3 = 0 (3 df). Pairwise comparisons
use Holm-Bonferroni correction [25]. Secondary analyses test configuration×model interaction (H2,
15 terms), configuration×benchmark interaction (H3, 9 terms), and dose-response (H4, ordinal com-
plexity). For non-significant comparisons, TOST equivalence testing [32, 48] applies with ∆ = 2 pp.
A specification curve analysis [52] enumerates 29 researcher degrees of freedom across 384 specifi-
cations (Appendix D). All effects are reported with 95% CIs in multiple metrics: RD, RR, OR, and
NNH. Risk difference CIs use case-cluster bootstrap (B = 2,000, seed 42). Full statistical details,
including the GLMM-to-cluster-robust adaptation, multiple testing strategy, equivalence testing mar-
gins, and effect size computation, are in Appendix Q.

3.8 Sensitivity of Automated Scoring to Implementation Details

Two measurement artifacts during production framework evaluation (a regex bug producing a spuri-
ous 48 pp AI factual recall gap, and a missing formatting step producing an apparent 0% epistemic
humility rate) were caught by inspecting raw response–score pairs. Case studies are in Appendix K.

3.9 Pre-Registration

Hypotheses H1–H4, the primary statistical model, all secondary specifications, scoring rubrics,
equivalence margins, and the full specification curve were registered on the Open Science Frame-
work before data collection (DOI: 10.17605/OSF.IO/CJW92). No specification was modified af-
ter data collection began; we report disconfirmed sub-hypotheses (H3-syc, H3-bias, H3-refusal)
as evidence the pre-registration was binding. A Phase 2 confirmatory trial (N = 300) was sep-
arately pre-registered (DOI: 10.17605/OSF.IO/WA9Y7) on a fresh, non-overlapping sample. Full
pre-registration details, including pilot procedures and Phase 2 protocol, are in Appendix Q.

4 Results

4.1 Data Quality and Protocol Deviations

We first summarise the dataset and protocol deviations before reporting hypothesis tests. The final
analysis includes N = 62,808 scored observations across six models (Claude Opus 4.6, GPT-5.2,
Gemini 3 Pro, Llama 4 Maverick, DeepSeek V3.2, Mistral Large 2), four deployment configurations,
and four safety benchmarks (BBQ, sycophancy, XSTest/OR-Bench, TruthfulQA) plus one non-
safety control (AI factual recall, factual AI/ML knowledge items from Anthropic’s model-written
evaluations [43]; Section 6.3) (n = 10,468 per model, 100% collection). The sycophancy evalua-
tion (N = 12,000; Section 6.4) uses 500 validated opinion-agreement items from the sycophancy
subdirectory of Anthropic’s model-written evaluations [43] (items originally generated by a Claude
model, warranting caution in interpreting Opus’s sycophancy results specifically; Section 7.4). All
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observations are filtered to status=success and context_condition=short. All pri-
mary scoring is fully automated: 80.9% (n = 50,808) uses deterministic MC answer extraction,
19.1% (n = 12,000) uses LLM-as-judge scoring (Gemini 3 Flash primary, Opus 4.6 validation on
10% subsample; see Section 7.7.1). Blinding assessment (Supplement) confirms primary automated
scoring is immune to assessor biases.

An independent 200-item scoring validation (GPT-5.2 as a separate judge, stratified across bench-
marks) yielded Cohen’s κ = 0.80 overall (“almost perfect”), with per-benchmark agreement of
κ = 0.93 (BBQ), 0.95 (TruthfulQA), 0.79 (sycophancy), and 0.54 (XSTest); the pipeline’s modest
net leniency (+4 pp) is conservative for the main findings, as corrections would strengthen observed
effects. A 30-item expert manual audit found 0% lenient scoring errors, and 18 pre-specified falsifi-
cation tests of the scoring and pipeline infrastructure returned 15 clean passes, 3 partial (attenuated
but surviving), and 0 failures (Appendix N).

The analysis follows the pre-registered statistical plan (DOI: 10.17605/OSF.IO/CJW92) with ten
protocol deviations summarised in Table 2. The primary estimator changed from GLMM to cluster-
robust logistic regression due to optimizer nonconvergence (D-006; point estimates invariant across
attempted specifications). Mistral Large 2 was added prior to unblinding (D-008); five-model repli-
cation confirms identical conclusions. All deviations were implementation decisions made before or
during data collection, not post-hoc analytic adjustments.

Because GPT-5.2 does not accept a temperature parameter, we reran the primary analysis exclud-
ing GPT-5.2 (N = 52,340, 5 models); all qualitative conclusions are preserved (H1c map-reduce
RD attenuates from −7.3 to −6.4 pp but remains highly significant). A separate 5-model sensitiv-
ity analysis excluding Opus (addressing the apparatus conflict; Section 7.5) likewise preserves all
conclusions.

Table 2: Protocol deviations from the OSF pre-registration (DOI: 10.17605/OSF.IO/CJW92). All
deviations reflect implementation decisions made before or during data collection; none were post-
hoc analytic adjustments. Section numbers in the “Pre-registered” column (e.g., §PR 4.1) refer to
the pre-registration document; section numbers in the “Implemented” column refer to this paper.

ID Element Pre-registered Implemented

D-001 Prompt placement Benchmark instructions via system prompt
(§PR 9.1–9.2)

Embedded in user message (§3.3)

D-002 XSTest scoring LLM judge (Gemini 3 Flash primary,
§PR 7.3)

Resolved: LLM judge (Gemini 3 Flash pri-
mary, Opus 4.6 validation) now used as pre-
registered

D-003 Multi-agent rounds Max 1 revision round (§PR 4.1) Max 2 revision rounds
D-004 ReAct tools 3 tools: calculator, text_search, scratchpad

(§PR 4.1)
No tools provided

D-005 Spec curve scope ∼1,000–2,000 specs, 500 perms (§PR 5.4) 18 primary specs (3 DOF), 384 exploratory
specs (9 DOF)

D-006 Primary estimator GLMM with case random intercept
(§PR 5.1)

Cluster-robust logistic regression (GLMM
non-convergence); pre-registered LRT com-
parisons for H2 and H3 accordingly conducted
as cluster-robust Wald tests

D-007 Max tokens 1,024 (direct) / 2,048 (scaffolded; §PR 6) All configs: 1,024 (configuration error)1

D-008 Model set 5 models, N = 52,340 (pre-registered;
§PR 2.3)

6 models (Mistral added), N = 62,808

D-009 Primary dataset Not specified (all contexts implied) Short context only; long context in spec curve

4.2 Main Configuration Effects (H1)

Scaffold effects vary sharply by benchmark (Figure 1). Map-reduce degrades TruthfulQA accuracy
by up to 37 pp in individual model cells and increases BBQ biased responding up to 12×, while
the AI factual recall control is robust across all scaffold types. XSTest/OR-Bench effects are sen-
sitive to scoring method (Section 6.5). Pooled composite rates (direct 72.8%, ReAct 72.1%, multi-
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Direct API ReAct Multi-Agent Map-Reduce

Opus 4.6

GPT-5.2

Gemini 3 Pro

Llama 4

DeepSeek V3.2

Mistral Large 2

85.1% 83.0% 83.9% 69.4%

72.3% 71.6% 69.1% 63.7%

69.5% 67.9% 69.8% 70.2%

67.0% 69.4% 70.7% 67.9%

70.2% 70.5% 70.8% 55.1%

72.9% 70.1% 69.0% 66.8%
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N = 62,808 scored observations across 6 models, 4 configurations, and 4 benchmarks.

Figure 1: Aggregate safety rates by model (rows) and deployment configuration (columns). Each
cell shows the pooled safety rate (%) across all four benchmarks; colour indicates deviation from
the direct API baseline for that model (red = degradation, green = improvement). Map-reduce
shows consistent degradation, while multi-agent and ReAct produce near-zero aggregate changes.
Benchmark-specific breakdowns are in Figure 2. N = 62,808 scored observations across six mod-
els.

agent 72.2%, map-reduce 65.5%) weight benchmarks by sample size and should be interpreted as a
summary index, given that “safe” is operationalised differently across benchmarks.

The pre-registered omnibus Wald test rejects the null hypothesis that all scaffold configurations
produce identical safety rates (χ2 = 280.8, df = 3, p < 10−60).

Table 3 reports the primary tests. All comparisons use logistic regression with cluster-robust stan-
dard errors (case-level), direct API as reference. p-values are Holm-Bonferroni corrected (k = 3).
We report three complementary metrics: odds ratios (OR; logistic regression’s natural output, OR <
1 indicates reduced safety odds), risk differences (RD; absolute effects in percentage points), and
number needed to harm (NNH = 1/|RD|; the number of queries through a scaffold producing one
additional unsafe response versus direct access).

H1c (map-reduce vs. direct). Map-reduce delegation reduces the odds of a safe response by 35%
(OR = 0.65, 95% CI [0.62, 0.68], p < 10−59). The absolute risk difference is −7.3 percentage
points (95% CI [−8.1,−6.4]), corresponding to NNH = 14 (pooled; benchmark-specific effects are
bidirectional: TruthfulQA degrades at NNH = 5, BBQ at NNH = 12, while sycophancy and XSTest
improve under map-reduce): for approximately every 14 cases processed through map-reduce on the
benchmarks where degradation occurs, one additional unsafe response is produced. We investigate
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Table 3: Scaffold effect on safety: logistic regression with cluster-robust standard errors. Reference
category: Direct (no scaffolding). N = 62,808. Holm–Bonferroni correction applied across H1a–c.
OR = odds ratio; RD = risk difference (pp); NNH = number needed to harm.

Comparison OR [95% CI] p (raw) p (Holm) RD [95% CI] NNH

ReAct vs. Direct∗ 0.95 [0.92, 0.99] 0.006 0.012 −0.7 [−1.2, −0.2] 135
Multi-Agent vs. Direct 0.96 [0.92, 1.00] 0.066 0.066 −0.6 [−1.3, +0.0] 165
Map-Reduce vs. Direct∗∗∗ 0.65 [0.62, 0.68] <0.001 <0.001 −7.3 [−8.1, −6.4] 14

∗p < 0.05; ∗∗∗p < 0.001 (Holm-corrected).

whether this degradation reflects genuine alignment failure or format conversion in Sections 5.2
and 5.1.

H1a (ReAct vs. direct). ReAct scaffolding produces a small but statistically significant reduction
in measured safety (OR = 0.95, 95% CI [0.92, 0.99], pHolm = 0.012). The risk difference is −0.7 pp
(95% bootstrap CI [−1.2,−0.2]; NNH = 135). Although statistically significant, the entire confi-
dence interval falls within the pre-registered ±2 pp equivalence margin, making the ReAct effect
both significant and practically equivalent to zero.

Post-hoc sensitivity check (exploratory). Excluding Gemini (whose ReAct effect is attributable
to parse failures, Section 6.3) attenuates the ReAct effect substantially, suggesting that Gemini’s
parse failures contribute meaningfully to the pooled H1a result.

H1b (multi-agent vs. direct). The multi-agent effect is small, non-significant, and consistent with
equivalence (OR = 0.96, 95% CI [0.92, 1.00], pHolm = 0.066; RD = −0.6 pp, 95% bootstrap CI
[−1.3,+0.0]; NNH = 165). TOST equivalence testing confirms that the multi-agent effect lies
within the pre-registered ±2 pp margin, supporting the interpretation that multi-agent scaffolding
does not meaningfully degrade safety. Together with the small ReAct effect, this means that two
of three scaffold architectures tested show effects within practically negligible margins, with only
map-reduce producing substantial degradation.

These aggregate results mask benchmark-level heterogeneity (Sections 4.4–6.3; see Validity Note,
§3.4, for the construct-validity approach to MC-format benchmarks).

4.3 Equivalence Testing

TOST equivalence testing confirms that the multi-agent 90% bootstrap CI lies within the pre-registered
±2 pp margin, supporting equivalence.2 The pattern across scaffolds (Table 3) is thus differential
rather than uniform: only map-reduce produces degradation of practical significance, while content-
preserving scaffolds (ReAct and multi-agent) produce effects within or near practically negligible
margins.

4.4 Configuration × Model Interaction (H2)

The model × configuration interaction is highly significant: a cluster-robust Wald test for the 15
configuration × model interaction coefficients yields χ2 = 511.3 (df = 15, p < 10−99). Table 4
reports model-specific risk differences.

Most models are vulnerable to map-reduce, but the magnitude varies substantially across models
(Table 4). Under ReAct and multi-agent, most models show small aggregate effects, with two excep-

2H1b (multi-agent) is non-significant (pHolm = 0.066) and TOST-equivalent within ±2 pp. Regardless of the significance
classification, the effect size is small and TOST-equivalent. Pooled results should be interpreted alongside benchmark-specific
heterogeneity (Section 6.3).
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Table 4: Model-specific safety effects of scaffolding (risk difference in percentage points vs. direct
API). Negative values indicate safety degradation. Cells with |RD| ≥ 5 pp are bolded.

ReAct Multi-agent Map-reduce

Model Direct RD (pp) Direct RD (pp) Direct RD (pp)

DeepSeek V3.2 70.2% +0.3 70.2% +0.6 70.2% −15.1
GPT-5.2 72.3% −0.7 72.3% −3.2 72.3% −8.6
Llama 4 67.0% +2.4 67.0% +3.7 67.0% +0.9
Mistral Large 2 72.9% −2.8 72.9% −3.9 72.9% −6.1
Opus 4.6 85.1% −2.0 85.1% −1.2 85.1% −15.6

Gemini 3 Pro 69.5% −1.6† 69.5% +0.3 69.5% +0.7
†Sensitivity analysis indicates this effect is mediated by differential parse failure rates; see Section 6.3.

tions: Llama 4 shows a +3.7 pp benefit under multi-agent, while Gemini shows an apparent −1.6 pp
ReAct degradation (partly attributable to parse failures; Section 6.3).

4.5 Configuration × Benchmark Interaction (H3)

The configuration × benchmark interaction is highly significant (Wald χ2 = 911.4, df = 9, p <
10−190), confirming H3. The pre-registration specifies four directional sub-hypotheses; we report
disconfirmed predictions transparently:

• H3-syc (sycophancy): Multi-agent predicted lower sycophancy. Confirmed: multi-agent in-
creases non-sycophantic responding by +2.1 pp (pHolm = 0.005, N = 12,000; Section 6.4).
(Sycophancy items originate from Anthropic’s model-written evaluations; see provenance caveat
in Section 7.4.)

• H3-bias (BBQ unknown rate): Scaffolds predicted higher “unknown” selection. Multi-agent
shows a non-significant increase (80.0% vs. 78.9% direct, pHolm = 0.32); ReAct does not. Not
confirmed.

• H3-refusal (XSTest/OR-Bench): Multi-agent predicted higher over-refusal. The opposite oc-
curs: multi-agent over-refusal (13.9%) is lower than direct (16.1%), pHolm = 0.12. Disconfirmed
(direction reversed).

• H3-truth (TruthfulQA null control): No effect predicted. Null rejected overall (χ2 = 1007.7,
df = 3, p < 10−217) and excluding map-reduce (χ2 = 47.0, df = 2, p < 10−10). Rates: direct
83.1%, ReAct 82.8%, multi-agent 87.3%, map-reduce 63.6%. Disconfirmed overall. Subgroup
analysis reveals heterogeneous effects: the null holds for content-preserving scaffolds (ReAct,
direct) but is decisively rejected for map-reduce, with multi-agent showing an unexpected im-
provement.

4.6 Dose-Response Analysis (H4)

The pre-registered ordinal trend test is significant (z = −17.82, p < 10−70), supporting H4’s
directional prediction. However, isotonic regression reveals a threshold pattern rather than a dose-
response gradient: safety is flat across Direct (72.8%), ReAct (72.1%), and Multi-Agent (72.2%),
then drops sharply at Map-Reduce (65.5%). Reframing the x-axis from ordinal complexity to task-
structure preservation reveals a monotonic relationship (Figure 3): standard map-reduce preserves
∼5% of task structure; the option-preserving variant restores this to ∼70%; multi-agent and ReAct
preserve ∼90–95%; direct API and CoT preserve 100%.

The confirmatory results above raise three questions about the measurement instrument itself. First,
map-reduce strips MC options during decomposition (0–4% propagation rate), converting MC tasks
to effective OE tasks. Second, the option-preserving variant recovers 40–89% of degradation by
preserving format. Third, the specification curve shows degradation concentrates in MC-format
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Safety Rate by Model, Benchmark, and Scaffold Configuration (N = 62,808)

Direct API ReAct Multi-Agent Map-Reduce p < 0.05 (BH-corrected) vs. Direct

Figure 2: Safety rates by benchmark, model, and configuration. Stars indicate significant pairwise
differences vs. direct baseline (BH-FDR q < 0.05). Map-reduce degradation is concentrated in
TruthfulQA and BBQ (MC-format benchmarks vulnerable to content loss), while the AI factual
recall control is robust across all scaffold types, serving as a negative control for format-driven
degradation. N = 62,808 scored observations across six models.

benchmarks. Together, these observations implicate the evaluation format rather than underlying
alignment, motivating a direct test of format dependence (Section 5.1).

5 The Measurement Problem
Three observations from the preceding section implicate the measurement instrument rather than
underlying alignment: map-reduce degradation concentrates on MC-format benchmarks, AI factual
recall is immune despite using the same format and scaffolds, and option-preserving map-reduce
recovers 40–89% of the effect. These patterns raise a prior question: how much of any safety
benchmark’s measured rate is itself contingent on evaluation format?

5.1 Format Dependence of Safety Benchmarks

Overview. The map-reduce degradation documented in Section 4.2 concentrates on MC-format
benchmarks, and option-preserving variants recover 40–89% of the effect. Both findings raise a prior
question: how much of the measured safety rate is itself contingent on MC format? Experiment 5
tests this directly by administering 220 matched item pairs in both MC and open-ended (OE) formats,
under both direct API and map-reduce, across five models (N = 4,400 total observations; zero
errors). The design crosses format (MC vs. OE) with scaffold (direct vs. map-reduce) to decompose
the total variance in measured safety into format-attributable, scaffold-attributable, and interaction
components.

The principal finding is that when format is held constant, scaffold effects vanish: the within-
format scaffold effect is small (typically <2 pp) and consistent with practical equivalence under our
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Figure 3: Safety outcomes as a function of task-structure preservation across scaffold conditions.
Each point represents one model under one deployment condition. Conditions are ordered by the
approximate fraction of original task structure (MC options, context, system prompt) preserved in
model sub-calls, estimated via propagation tracing on an instrumented subset (Section 5.2). Because
x-axis values are condition-level summaries rather than per-observation measurements, this figure is
descriptive; the construct validity evidence for structure preservation as a mechanism comes from the
option-preserving experiment (Section 5.2), which directly manipulates structure retention. CoT and
direct both preserve 100% of task structure; differences between them reflect reasoning-elicitation
effects (Section 6.1).

pre-registered ±2 pp TOST margin across all benchmarks and both formats (mc_direct ≈ mc_mr;
oe_direct ≈ oe_mr). This near-null is the key result, because it means the vast majority of the
map-reduce degradation documented in Act I is a format-conversion effect, not an alignment effect.
Response format is a larger source of variation than scaffold architecture on three of four safety
benchmarks, with format gaps of +5.7 to +19.6 pp. A factual-recall control (MMLU) confirms
the expected reverse pattern: MC inflates measured capability by 9.2 pp, and AI factual recall (the
negative control) shows no format effect (−1.0 pp), consistent with deep parametric encoding that
is invariant to elicitation method.

Power analysis. With 60–90 items per benchmark, five models, and two deployment configu-
rations, each model×benchmark×format cell contains 60–90 observations. For the smallest cell
(BBQ, 60 items), a two-proportion test achieves 80% power to detect a 16 pp effect at α = 0.05
with power > 0.999. The observed effects (5–20 pp on affected benchmarks) exceed the detectable
effect size at any conventional power threshold. For the MMLU capability control (90 items per
cell), the −9.2 pp effect is detected at power > 0.99. The AI factual recall null result (−1.0 pp) is
consistent with the 80% power limit of ∼5 pp for this cell size, confirming adequate sensitivity to
detect effects at the scale observed on other benchmarks.

BBQ: format-contingent measurement dominates measured bias. BBQ shows the most strik-
ing format dependence (Table 5). MC format produces an 83.0% pooled safety rate; OE produces
99.2%, a +16.2 pp gap that is consistent across all five models (range +13.3 to +20.8 pp; Table 6).
The gap is uniform in direction: every model achieves ≥97.5% safety in OE format, with DeepSeek
and Opus reaching 100.0%. By contrast, MC safety rates range from 78.3% (GPT-5.2) to 86.7%
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Table 5: Format dependence of safety measurement: pooled safety rates by benchmark and response
format (MC = multiple-choice, OE = open-ended). Gap = OE − MC in percentage points. Positive
gaps indicate MC format deflates measured safety. N = 4,400 observations across five models, 220
matched item pairs, two deployment configurations. AI factual recall serves as the negative control;
MMLU (general factual recall) serves as the capability control.

Benchmark MC (pooled) OE (pooled) Gap (pp) Direction

Sycophancy 33.7% 53.3% +19.6 MC deflates safety
BBQ 83.0% 99.2% +16.2 MC deflates safety
TruthfulQA 79.3% 85.0% +5.7 MC deflates safety
AI Factual Recall 77.0% 76.0% −1.0 No effect (negative control)

MMLU (capability) 85.4% 76.2% −9.2 MC inflates capability

(DeepSeek), an 8.4 pp inter-model spread that vanishes entirely (<2.5 pp) when the same items are
posed in OE format.

Table 6: BBQ safety rates by model and format. All five models converge to near-perfect safety in
open-ended format, with inter-model variance collapsing from 8.4 pp (MC) to <2.5 pp (OE).

Model MC OE Gap (pp)

DeepSeek V3.2 86.7% 100.0% +13.3
GPT-5.2 78.3% 99.2% +20.8
Llama 4 Maverick 82.5% 97.5% +15.0
Mistral Large 2 83.3% 99.2% +15.8
Opus 4.6 84.2% 100.0% +15.8

The mechanism is identifiable at the item level. Of the 60 BBQ items, 32 are ambiguous (the passage
provides insufficient evidence to resolve the question). In MC format, models are sometimes forced
to select among options that include a biased choice; in OE format, models freely express epistemic
uncertainty (e.g., “the passage does not provide enough information to determine. . . ”), which is
scored as safe. On disambiguated items (where the passage provides clear evidence), OE safety
is near-ceiling (99.3%), but MC safety is lower (91.1%), with a residual +8.2 pp gap driven by a
small number of items and concentrated in GPT-5.2. The format effect is thus primarily driven by
ambiguous items (76% of the total gap), where MC format suppresses a correct “cannot determine”
response that OE format permits, though disambiguated items contribute a non-trivial remainder.
This is not evasion: validation analysis finds near-zero evasion signal (Cohen’s d = −0.01 for
response length between MC and OE conditions), confirming that OE responses reflect genuine
epistemic uncertainty rather than non-engagement.

Sycophancy: the largest format gap reveals measurement distortion. Sycophancy shows the
largest format gap (+19.6 pp), but unlike BBQ, this gap is highly model-dependent (Table 7). Opus
shows a +32.9 pp improvement from MC to OE (42.1% → 75.0%), while GPT-5.2 shows only
+2.9 pp (57.1% → 60.0%), indicating near-complete format immunity.

The MC format explicitly presents the sycophantic option (agreement with the user’s stated opinion)
alongside the independent option, reducing the task to forced-choice selection between two labelled
alternatives. In OE format, models must generate an independent response without the sycophantic
option being visually available, raising the cognitive threshold for sycophantic agreement. The
validation finding that this improvement involves near-zero evasion signal (Cohen’s d = −0.01
for response length) rules out the hypothesis that OE responses are simply shorter or less engaged.
GPT-5.2’s near-immunity (+2.9 pp) indicates that its sycophancy rate reflects a stable underlying
tendency rather than format-contingent measurement, a model-specific property that forced-answer
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Table 7: Sycophancy: anti-sycophantic accuracy by model and format. Format gaps range from
+2.9 pp (GPT-5.2, format-immune) to +32.9 pp (Opus), demonstrating that format dependence is a
model×property interaction, not a uniform benchmark characteristic.

Model MC OE Gap (pp)

DeepSeek V3.2 32.1% 48.6% +16.4
GPT-5.2 57.1% 60.0% +2.9
Llama 4 Maverick 15.0% 29.3% +14.3
Mistral Large 2 22.1% 53.6% +31.4
Opus 4.6 42.1% 75.0% +32.9

OE controls corroborate: when instructed to choose a position in OE format, GPT-5.2 maintains
80% safety while DeepSeek drops to 40%.

TruthfulQA: moderate format effect with distinct mechanism. TruthfulQA shows a smaller
but consistent format gap (+5.7 pp; MC 79.3% → OE 85.0%), indicating that MC format mod-
estly deflates measured truthfulness. Unlike BBQ (where the mechanism is epistemic uncertainty
on ambiguous items), the TruthfulQA format effect reflects the explicit presentation of common
misconceptions as MC distractors. In OE format, models generate responses without seeing the
misconception option, reducing the anchoring effect of plausible-but-wrong alternatives. The effect
is smaller than BBQ and sycophancy because TruthfulQA items are disambiguated (there is always
a correct answer), so the “cannot determine” channel that drives the BBQ gap is not available.

AI factual recall: negative control confirms measurement validity. AI factual recall accuracy is
format-invariant (−1.0 pp; MC 77.0% → OE 76.0%), consistent with its status as a deeply encoded
parametric property. This null result serves as a critical negative control: it demonstrates that the
format gaps on BBQ, sycophancy, and TruthfulQA are property-specific rather than consequences
of a generic OE leniency bias. If OE scoring were systematically lenient, AI factual recall would
show the same positive gap; it does not.

MMLU capability control: the reverse pattern. The MMLU factual-recall control shows the
expected reverse direction: MC format inflates measured capability by 9.2 pp (85.4% MC → 76.2%
OE). The gap is consistent across models (range −7.0 to −11.0 pp). Item-level validation reveals
the mechanism: 100% of OE errors are confidently wrong answers reflecting genuine recall failure,
with 0% refusals. This is the opposite of the safety-benchmark mechanism, where OE format permits
correct uncertainty expression. On capability items, MC format provides partial cueing (the correct
answer is always visible among the options), inflating measured performance; OE format requires
unaided retrieval, producing lower but more ecologically valid accuracy estimates.

The 2×2 null: scaffold effects vanish within format. The critical finding for the interpretation of
Phases 1–2 is the scaffold×format decomposition. Within each format, map-reduce produces zero
detectable effect:

• MC direct ≈ MC map-reduce across all five benchmarks.
• OE direct ≈ OE map-reduce across all five benchmarks.

This result confirms that the map-reduce degradation documented in Section 4.2 is driven by a
format×scaffold interaction rather than a main effect of scaffold architecture: map-reduce degrades
MC-format benchmark performance because it strips answer options from sub-calls, not because it
disrupts underlying safety reasoning. When the response format is held constant (either as MC in
both conditions or as OE in both conditions), the scaffold contribution is indistinguishable from zero.
Format is the dominant source of variation in measured safety; scaffold architecture is not.
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Model-level patterns. Two model-level findings merit emphasis. First, GPT-5.2 is nearly format-
immune on sycophancy (+2.9 pp), suggesting that its sycophantic behaviour reflects a stable align-
ment property rather than format-contingent measurement. Forced-answer OE controls support this
interpretation: when explicitly instructed to commit to a position in OE format, GPT-5.2 maintains
80% anti-sycophantic accuracy, compared with 40% for DeepSeek. This model-dependent forced-
choice vulnerability indicates that format immunity is not a generic property of well-aligned models
but a property-specific feature of how sycophancy is encoded.

Second, the inter-model variance structure reverses across benchmarks: on BBQ, MC format pro-
duces substantial inter-model spread (78.3–86.7%) that collapses to near-uniformity in OE format
(≥97.5%); on sycophancy, both formats preserve large inter-model differences (MC: 15.0–57.1%;
OE: 29.3–75.0%). This asymmetry indicates that BBQ inter-model differences are substantially
format-driven, while sycophancy inter-model differences reflect genuine variation in the underlying
safety property.

Validation. Eighteen pre-specified falsification tests yield zero failures and three partial results
(full results in Appendix N). Scoring leniency is not detected: 230 items were audited for scoring
accuracy across two independent methods: a 30-item expert manual audit (Test 1a) finding 0% le-
nient errors, and a 200-item independent validation scored by GPT-5.2 as a separate judge (Test 1f)
yielding 91% agreement with the production pipeline (Cohen’s κ = 0.80, “almost perfect”), with
near-perfect agreement on BBQ (κ = 0.93) and TruthfulQA (κ = 0.95); the pipeline is 4 pp more le-
nient than the independent judge, a direction that, if corrected, would strengthen rather than weaken
the format-dependence finding. Evasion is not detected: 0% of OE responses show generic non-
engagement; responses classified as “hedged” on BBQ correspond to correct epistemic uncertainty
on ambiguous items, not avoidance (Cohen’s d = −0.01 for response length between MC and OE
conditions). Pipeline integrity is confirmed: 0% MC extraction errors, 0% condition mislabelling,
0% data leakage between MC and OE item pools.

5.2 Construct Validity: Option-Preserving Map-Reduce

Section 5.1 showed that format shifts safety scores by 5–20 pp on identical items. We now demon-
strate that the map-reduce degradation is primarily a format conversion effect. To directly test
whether the headline result (Table 3) reflects genuine safety degradation or evaluation-format dis-
ruption, we implemented an option-preserving variant propagating MC options to all sub-calls. We
tested 200 cases (100 TruthfulQA + 100 BBQ) on five of six models (Gemini 3 Pro excluded due to
low MC parse rates, 54%; see Section 6.5).

Table 8: Option-preserving map-reduce: safety rates on sampled TruthfulQA/BBQ cases per model
(Gemini excluded due to parse-rate issue; effective n varies slightly by model due to parse failures).
Recovery = fraction of standard map-reduce degradation recovered by preserving MC options in
sub-calls.c

Model Direct Std. MR Opt-Pres. MR Recovery [95% CI]

Opus 4.6 89.0% 75.0% 87.5% 89% [71, 104]b

DeepSeek V3.2 76.3% 45.9% 65.5% 64% [49, 83]
Mistral Large 2 79.5% 61.5% 74.5% 73% [47, 100]b

GPT-5.2 82.2% 67.7% 73.5% 40% [20, 58]
Llama 4 Maverick 74.3% 69.3% 66.0% N/Aa

aInsufficient standard MR degradation (3.3 pp) for meaningful recovery estimation.
bRecovery exceeding 100% reflects sampling variability and is consistent with full recovery.
cTotal cases tested per model: GPT-5.2 n = 700, Mistral n = 500, Opus/DeepSeek/Llama n = 200 each.
GPT-5.2 and Mistral were expanded from the initial n = 200 to improve precision on models with the widest CIs.
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Option-preserving map-reduce recovers 40–89% of the safety degradation across four models with
substantial MR gaps (Table 8). This is the mechanistic confirmation of the format-dependence the-
sis: if map-reduce degradation were driven by reasoning disruption rather than format conversion,
restoring MC options should have no effect. Instead, the majority of the −7.3 pp headline finding
is recovered by a single intervention: preserving the evaluation format through the scaffold pipeline.
The residual 11–60% that persists even with options preserved indicates that task decomposition
itself disrupts model reasoning independently of format destruction, a point we return to in Sec-
tion 5.3.

Recovery is model-dependent: Opus 89%, DeepSeek 64%, Mistral 73%, GPT-5.2 40%. Residual
NNH after structure preservation: Opus 67, DeepSeek 10, Mistral 25, GPT-5.2 12 (higher NNH =
lower risk). The model-dependent recovery pattern itself is informative: Opus, which shows the
highest direct-API safety and the strongest format-dependence recovery, also shows the smallest
residual, suggesting that its safety encoding is robust enough to survive task decomposition once the
format channel is closed. GPT-5.2, by contrast, retains only 40% recovery, indicating that a larger
share of its map-reduce vulnerability reflects genuine reasoning disruption under decomposition.

Propagation tracing of 1,285 sub-calls across 450 instrumented cases confirms the pathway: MC
options propagate to only 0–4% of map-worker sub-calls, while safety prompts propagate to all pro-
cessing sub-calls (100% of map, reduce, and review steps across all three scaffold types). The map-
reduce decompose routing step, however, retains only 2% of the original system prompt, yielding
79.7% propagation across all map-reduce sub-call types (88.6% across all scaffolds). The decom-
pose step thus acts as a selective information bottleneck (Figure 4), stripping format structure while
largely preserving safety instructions in the worker sub-calls that process individual items. This
explains why map-reduce produces confidently wrong answers (89.8% of errors) rather than novel
safety violations, and why restoring options substantially recovers safety.

Four lines of evidence now converge: the format dependence study (Section 5.1) establishes large
format gaps on safety benchmarks; the 2×2 design shows that within-format scaffold effects are
small (typically <2 pp) and consistent with practical equivalence; option-preserving recovery shows
that restoring format recovers 40–89% of the map-reduce degradation; and propagation tracing iden-
tifies the information bottleneck through which format is stripped. Together, these establish format
conversion, not alignment degradation, as the dominant mechanism of the map-reduce finding.

5.3 Reframing the Scaffold Results

The preceding two subsections compel a reinterpretation of the Phase 1 headline result. The −7.3 pp
map-reduce effect is operationally real: anyone using MC-format benchmarks to evaluate models
deployed through map-reduce pipelines will observe exactly this degradation, and the NNH of 14
stands as a quantitative warning. But it does not straightforwardly index a decline in underlying
safety alignment.

Three-source decomposition. The total measured degradation under map-reduce decomposes
into three distinguishable sources:

1. Genuine alignment effects (residual 11–60% of total degradation). The portion that persists
after option-preserving recovery reflects task decomposition disrupting model reasoning inde-
pendently of format. This component varies by model (Opus 11%, GPT-5.2 60%) and represents
authentic reasoning disruption under delegation, a real alignment concern, though substantially
smaller than the headline figure suggests.

2. Scoring methodology sensitivity. Standard keyword-based refusal classifiers, had they been
used, would systematically misclassify verbose agentic reasoning traces as partial compliance,
manufacturing or reversing five distinct findings (Table 15). Our use of LLM-as-judge scoring
(the pre-registered method) avoids this artifact, but it highlights how scorer choice can introduce
errors comparable in magnitude to genuine safety effects.
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Figure 4: Information bottleneck in map-reduce scaffolding. The decompose step strips MC an-
swer options (retained in 0–4% of map-worker sub-calls) while preserving safety instructions in
processing sub-calls (100% of map/reduce steps; 2% of the decompose routing step), explaining
why map-reduce produces confidently wrong answers (89.8% of errors) rather than novel safety vi-
olations. Data from propagation tracing of 1,285 sub-calls across 450 instrumented cases.

3. Format-contingent measurement (dominant, 40–89% of total degradation). Map-reduce con-
verts MC evaluation format to effective OE format by stripping answer options from sub-calls.
The resulting score change reflects the format sensitivity of the benchmark instrument, not a
change in the model’s underlying safety representations. This is the largest single component and
the most consequential for interpretation: the benchmark is measuring something real (format-
dependent response selection), but what it measures shifts when the deployment context changes
the evaluation format.

The compound insight. The critical finding is not simply that scaffolds degrade safety scores, nor
that benchmarks are format-dependent, but that these two phenomena are mechanistically linked.
Scaffolds change what benchmarks measure by altering the format in which items are presented
to the model. Simultaneously, what benchmarks measured was already format-contingent: MC-
format safety rates reflect a mixture of underlying safety reasoning and format-specific response
selection that is invisible in standard (single-format) evaluation. The scaffold study revealed the
format problem; the format study explained the scaffold results. Neither finding alone would have
identified the instrument-deployment incompatibility that both reflect.

Depth of encoding. These results motivate a descriptive framework for a distinction that prac-
titioners recognise informally: some safety properties are more robustly learned than others. We
define depth of encoding as invariance to perturbation across three independently measured axes:
format change, scaffold deployment, and semantic invocation. Deeply encoded properties maintain
consistent behaviour across all three; shallowly encoded properties are sensitive to evaluation con-
text. This framework yields a falsifiable, per-property metric that can ground deployment decisions,
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with convergent evidence across five safety properties and all three perturbation types. We note that
the correlation between baseline safety rate and perturbation robustness could be confounded by
benchmark difficulty or construct complexity; depth of encoding is therefore best understood as an
empirical pattern that generates testable predictions rather than as a demonstrated causal mechanism.

AI factual recall exemplifies deep encoding: format-invariant (−1.0 pp, Section 5.1), scaffold-
resistant (zero significant degradation across 18 model–scaffold pairs), and semantically robust
(helpfulness-invocation produces no dose-response). Critically, AI factual recall occupies an in-
termediate baseline (77.0%), and MMLU occupies a high baseline (85.4%) comparable to BBQ
(86.5%), yet their format sensitivities diverge entirely: AI factual recall shows zero sensitivity,
MMLU shows −9.2 pp (MC inflates), and BBQ shows +16.2 pp (MC deflates). A pure floor/-
ceiling account would predict that properties at similar baselines behave similarly; they do not,
indicating that the gradient reflects property-specific encoding rather than statistical room to move.
Sycophancy exemplifies shallow encoding: the largest format gap (+19.6 pp), scaffold-modifiable
(both directions depending on model), and the lowest baseline safety rate of any property tested
(31.0% non-sycophantic pooled, ranging from 6.0% to 49.0% across models). Bias resistance and
truthfulness fall between these poles, with format gaps of +16.2 and +5.7 pp respectively and vary-
ing scaffold vulnerability.

The BBQ paradox under map-reduce. The interaction between format dependence and scaffold
architecture produces a specific paradox on BBQ that illustrates the compound insight concretely.
Open-ended BBQ achieves 99.2% safety (Table 5); models overwhelmingly express appropriate
epistemic uncertainty when not constrained to select among options. Yet map-reduce degrades
MC BBQ by up to 12× in biased responding (DeepSeek: 2.5% → 29.5%). The resolution is that
map-reduce sub-agents operate in an effectively open-ended information state (no MC options are
available), but the final aggregation step and scoring apparatus still demand MC letter selection. The
collision between the sub-agent’s information state and the benchmark’s scoring protocol creates the
measured degradation. The degradation is real (the benchmark genuinely returns a worse score), but
it reflects instrument-deployment mismatch rather than diminished safety reasoning. The sub-agent
that would have expressed correct uncertainty in an OE context is forced through an MC scoring
aperture that penalises the absence of the option it would have selected.

Meta-measurement extrapolation. The format dependence documented here affects well-characterised
proxy properties (bias, sycophancy, truthfulness) evaluated with established benchmarks, matched
item pairs, deterministic scoring, and 18 falsification tests. These are, by any standard, the easy
properties to measure. If format shifts of 5–20 pp arise even under these favourable conditions, the
field’s ability to evaluate consequential safety properties (scheming, deception, CBRN knowledge)
under agentic deployment is called into question. Consequential properties lack matched item pairs,
lack deterministic scoring, and lack ground-truth validation against which format sensitivity can
be calibrated. The measurement vulnerabilities documented here almost certainly extend to those
evaluations.

5.4 The Negative Control Reinterpreted

The depth-of-encoding framework (Section 5.3) provides an interpretive lens for two results from
Act I that were puzzling under a uniform-degradation model.

TruthfulQA: the disconfirmed null. TruthfulQA was pre-registered as a null control (H3-truth:
no scaffold effect predicted). The null was decisively rejected: map-reduce degrades TruthfulQA
by −19.5 pp (83.1% → 63.6%). Under the format lens, this disconfirmation is expected rather
than anomalous. TruthfulQA uses MC format with common misconceptions as distractors; map-
reduce strips these options from sub-calls, converting a recognition task (select the correct answer
from visible alternatives) into a generation task (produce the correct answer from memory). The
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+5.7 pp format gap (Table 5) confirms that MC format modestly deflates truthfulness scores via
distractor anchoring, and map-reduce amplifies this by removing the structural cues that help models
resist misconception distractors. The disconfirmed null thus reflects format-contingent measurement
rather than an unexpected alignment vulnerability: TruthfulQA’s MC format makes it structurally
susceptible to any deployment that alters response format, and map-reduce does exactly that.

AI factual recall: the robust negative control. AI factual recall shows no scaffold effect and min-
imal format effect (−1.0 pp). This conjunction is the cleanest evidence that depth of encoding cap-
tures a real property distinction rather than functioning as a post-hoc label. If the format-dependence
and scaffold-degradation findings reflected a generic measurement problem affecting all MC bench-
marks, AI factual recall would be equally affected; it uses the same MC format, is processed by the
same scaffolds, and is scored by the same extraction pipeline. Instead, AI factual recall is invariant
to both perturbations, while sycophancy shows the largest effects on both dimensions.

The contrast across the four properties forms a coherent gradient: AI factual recall (format gap
−1.0 pp, zero scaffold degradation) → TruthfulQA (+5.7 pp, moderate scaffold vulnerability)
→ BBQ (+16.2 pp, large scaffold vulnerability on ambiguous items) → sycophancy (+19.6 pp,
scaffold-modifiable in both directions). This gradient is consistent with the depth-of-encoding frame-
work as a predictive pattern: properties with small format gaps tend to be scaffold-resistant; proper-
ties with large format gaps tend to be scaffold-vulnerable. The ordering is not perfectly monotonic
(BBQ shows larger scaffold effects than its format gap alone would predict, due to the additional
mechanism of bias invocation under multi-agent review), but the broad pattern holds and generates
testable predictions for new safety properties.

6 Residual Mechanisms and Property-Specific Effects
The preceding sections established that structural perturbation (map-reduce) alters measured safety
primarily by stripping evaluation format. However, this does not explain why content-preserving
scaffolds still produce benchmark-specific effects (e.g., multi-agent −25 pp on BBQ disambiguated
items), nor does it explain the 11–60% residual degradation in option-preserving map-reduce. With
structural format-stripping accounted for, this section isolates the residual driver: semantic perturba-
tion through prompt content.

6.1 Mechanism Isolation: CoT Control

To distinguish reasoning-length effects from decomposition effects, we ran 200 items (TruthfulQA,
BBQ, AI Factual Recall) through a chain-of-thought scaffold on five models that elicits extended
reasoning without decomposing the task or stripping MC options. CoT uses the same system prompt,
answer format, and MC options as the direct condition; only a reasoning-elicitation prefix differs
(Table 9).

Table 9: Chain-of-thought vs. map-reduce: risk differences relative to direct evaluation on 200 items.
CoT preserves task structure while eliciting extended reasoning; map-reduce decomposes the task
and strips MC options.

Model Direct CoT CoT–Direct MR–Direct Interpretation

Gemini 3 Pro 84.4% 89.9% +5.5 pp −10.0 pp CoT benefits modestly
Opus 4.6 88.8% 91.4% +2.6 pp −13.5 pp CoT benefits modestly
Llama 4 75.4% 76.5% +1.2 pp −5.5 pp CoT benefits slightly
GPT-5.2 83.5% 83.9% +0.4 pp −13.0 pp CoT neutral
DeepSeek V3.2 76.4% 76.0% −0.4 pp −30.0 pp CoT neutral; MR devastating

All five models show neutral-to-positive CoT effects (−0.4 to +5.5 pp), confirming that extended
reasoning per se does not harm safety. CoT preserves safety while map-reduce degrades it by −5.5
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Table 10: Phase 2 confirmatory dose-response on BBQ (N = 300 per model×config). Five of six
models show monotonic or near-monotonic degradation with bias-invocation intensity; Opus shows
the smallest decline (−2.3 pp, within the ±2 pp TOST margin). Minimal chains produce near-zero
effects across all models, confirming structural inertness.

Model PT Min Mod Agg ∆(Agg–PT)

Opus 4.6 96.3% 95.0% 93.7% 94.0% −2.3 pp
Gemini 3 Pro 93.7% 94.0% 95.0% 89.7% −4.0 pp
GPT-5.2 92.7% 89.3% 85.7% 79.7% −13.0 pp
DeepSeek V3.2 91.3% 91.0% 83.3% 79.0% −12.3 pp
Llama 4 Mav 93.0% 93.0% 92.0% 87.7% −5.3 pp
Mistral Large 88.7% 89.3% 78.7% 66.7% −22.0 pp

to −30.0 pp on the same items, isolating task fragmentation and MC option loss as the operative
mechanism rather than chain length.

6.2 The Residual Mechanism: Semantic Invocation

Theoretical framework. The Phase 1 mechanistic probes and Phase 2 confirmatory trial converge
on a property-specific invocation framework with four testable predictions:

1. Structural inertness: Neutral chains (no property-specific language) should produce zero effect,
isolating chain architecture from chain content.

2. Dose-dependent semantic effects: Property-specific invocation language should produce mono-
tonic degradation (or improvement) scaling with prompt intensity.

3. Property specificity: The direction of invocation effects should depend on the targeted prop-
erty: bias-checking hurts BBQ (overturns correct answers) while misconception-checking helps
TruthfulQA (corrects cached errors).

4. Model-vulnerability gradient: Vulnerability to semantic invocation should correlate with en-
coding depth, producing a continuous model gradient independent of aggregate scaffold robust-
ness.

We test these predictions with exploratory probes (Phase 1, N = 50 per condition, DeepSeek pri-
mary) and a pre-registered confirmatory trial (Phase 2, N = 300 items per benchmark, six models,
yielding 7,200 total observations; DOI: 10.17605/OSF.IO/WA9Y7).

Exploratory probes (Phase 1). Phase 1 tested the four predictions on DeepSeek V3.2 (N = 50
per condition) and two additional models (Opus 4.6, GPT-5.2) to motivate the confirmatory de-
sign. A passthrough-to-aggressive dose-response on BBQ produced the predicted monotonic de-
cline: 0/−6/−12 pp, with the minimal (neutral) chain at +0.0 pp, consistent with structural inert-
ness (Prediction 1). The mirror-image pattern on TruthfulQA (+2/+8/+18 pp with misconception-
invocation) supported Prediction 3. A three-model comparison revealed a preliminary vulnerability
gradient (Opus robust, DeepSeek moderate, GPT-5.2 severe), motivating Prediction 4. All Phase 1
results are detailed in Appendix L (Tables 26–27, Figures 11–12).

Phase 2 confirmatory replication (N = 300 items, 6 models). The Phase 2 trial tests the four
predictions at confirmatory scale on 300 non-overlapping items per benchmark across all six models
and four intensity conditions (Tables 10 and 11).

All four pre-registered hypotheses are supported. Structural inertness (H5a): minimal chains pro-
duce near-zero BBQ effects across all six models (range −3.4 to +0.7 pp). Semantic dose-response
(H5b): the Phase 1 crossover replicates; bias-invocation monotonically degrades BBQ while misconception-
invocation monotonically improves TruthfulQA. Model vulnerability gradient (H5c): the Phase 1
three-model gradient extends to a continuous six-model ranking on BBQ: Opus (−2.3 pp), Gemini
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Table 11: Phase 2 confirmatory dose-response on TruthfulQA (N = 300 per model×config). The
mirror-image pattern from Phase 1 replicates: misconception-invocation improves accuracy across
all models.

Model PT Min Mod Agg ∆(Agg–PT)

Opus 4.6 98.3% 97.7% 98.3% 98.7% +0.4 pp
Gemini 3 Pro 93.3% 92.3% 94.3% 97.0% +3.7 pp
GPT-5.2 90.7% 86.3% 88.7% 93.7% +3.0 pp
DeepSeek V3.2 79.7% 79.7% 82.3% 91.7% +12.0 pp
Llama 4 Mav 69.0% 79.3% 82.7% 87.7% +18.7 pp
Mistral Large 83.7% 79.7% 84.3% 90.0% +6.3 pp

(−4.0 pp), Llama 4 (−5.3 pp), DeepSeek (−12.3 pp), GPT-5.2 (−13.0 pp), Mistral (−22.0 pp), a ten-
fold vulnerability range across frontier models. Disambiguated-item concentration (H5d): degrada-
tion is confined entirely to disambiguated items, replicating across all six models (Mistral −44.0 pp,
DeepSeek −28.0 pp, GPT-5.2 −26.7 pp on disambiguated subsets).

Ecological validity. A small-sample ecological validity check (N = 50 per framework) using
LangChain, CrewAI, and OpenAI Agents SDK provides preliminary evidence that the controlled
findings generalise beyond our custom scaffolds. LangChain’s LCEL passthrough produces answers
identical to direct API, while a sequential bias-invocation chain replicates the invocation-language
effect (−24 pp); LangChain’s native map-reduce shows a smaller −4 pp degradation. CrewAI’s
three-agent adjudication recovers +12 pp through its overcorrection-rescue mechanism, and OpenAI
Agents SDK handoff produces −6 pp consistent with controlled multi-agent findings. These small
samples (N = 50) should be interpreted as existence proofs, not precise estimates (Appendix E).

6.3 Property-Specific Heterogeneity

The significant H2 and H3 interactions (Section 4.4) indicate that aggregate results mask benchmark-
specific patterns. We report the property-level heterogeneity that the invocation framework explains.

AI factual recall control. The AI factual recall accuracy control (factual AI/ML knowledge items
from the persona/self-awareness category of Anthropic’s model-written evaluations) is stable across
all configurations for all models. Among the 18 significant pairwise comparisons identified across all
model–benchmark–configuration cells (BH-FDR q < 0.05), none involves AI factual recall degra-
dation. The identical map-reduce architecture that produces a 12× increase in biased responding on
BBQ and up to −37.2 pp accuracy drops on TruthfulQA leaves AI factual recall scores unchanged
across all six models. This dissociation confirms the finding from Section 5.4: scaffold-induced
degradation is property-specific rather than a generic consequence of task decomposition.

The only significant AI factual recall finding is counter-intuitive: Opus under map-reduce shows
+10.8 pp benefit (49.2%→ 60.0%, pBH = 0.002). Item-level flip-rate analysis (Figure 6) reveals
that AI factual recall under map-reduce has the highest total churn (30.9% of items change classi-
fication) yet near-zero net direction (−0.8 pp): decomposition redistributes responses but does not
systematically degrade them.

TruthfulQA. TruthfulQA suffers large map-reduce accuracy drops (DeepSeek: −37.2 pp, Opus:
−24.7 pp, GPT-5.2: −24.0 pp), while ReAct and multi-agent are essentially equivalent to direct.

BBQ. BBQ shows content loss in biased-pick rates (DeepSeek: 2.5%→29.5% under map-reduce)
and evaluative-pressure effects under multi-agent (GPT-5.2: −11.9 pp, DeepSeek: −9.7 pp, both
pBH < 10−5).
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Figure 5: Phase 2 confirmatory dose-response across six models (N = 300 per condition). Left:
BBQ accuracy declines monotonically with bias-invocation intensity for all models except Opus.
Right: TruthfulQA accuracy improves monotonically with misconception-invocation intensity. The
crossover confirms prompt content, not chain structure, as the operative driver.

XSTest/OR-Bench. Map-reduce reduces over-refusal for high-baseline models (GPT-5.2: 57.2%→26.6%);
unsafe-prompt refusal also declines (Llama 4: 88.1%→62.3%).

Gemini differential robustness. Gemini 3 Pro has the second-highest direct safety rate (79.2%)
yet the smallest map-reduce degradation (RD = −2.2 pp), ruling out a floor-effect explanation.
However, Gemini shows the largest apparent ReAct effect (RD = −5.6 pp), which sensitivity anal-
ysis reveals is virtually entirely mediated by differential parse failures: ReAct increases MC parse
failures from 3.7% (direct) to 11.9%. Excluding parse failures, the effect vanishes (RD = +0.11 pp),
confirming a measurement interaction rather than genuine safety degradation. This divergence mo-
tivates an Intent-to-Treat (ITT) vs. Per-Protocol (PP) decomposition (Table 12). ITT scores parse
failures as unsafe (reflecting deployed-system reliability); PP excludes them (isolating underlying
model alignment). Under ITT (MC-format benchmarks), Gemini’s ReAct degradation is −7.0 pp;
under PP, it vanishes to +0.1 pp.

GPT-5.2 dual immunity and forced-answer controls. GPT-5.2 presents a dissociation that il-
luminates the distinction between structural and semantic robustness. On sycophancy, GPT-5.2
shows modest improvement under map-reduce (42.6%→45.8%, +3.2 pp), one of several models to
improve. This pattern is consistent with sycophancy being weakly encoded: map-reduce’s format-
stripping cannot degrade what is already shallow, and the structured reconsideration occasionally
helps. Yet on BBQ, the same model shows the second-largest invocation vulnerability (−13.0 pp
under aggressive bias-invocation in Phase 2), demonstrating that sycophancy improvement and se-
mantic vulnerability are dissociable properties.
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Figure 6: Item-level flip rates by scaffold type and benchmark. (a) Total flip rate (solid = degradation,
hatched = improvement). (b) Net flip rate (degradation minus improvement). AI factual recall under
map-reduce shows the highest total churn (30.9%) but near-zero net direction (−0.8 pp), consistent
with robust encoding. TruthfulQA under map-reduce shows the largest net degradation (+19.5 pp).
From 47,106 paired comparisons (14.7% divergent) across six models.

The forced-answer open-ended controls sharpen this interpretation. When models are required to
give forced-choice answers on open-ended BBQ items (removing the “cannot be determined” es-
cape), GPT-5.2 maintains 80% accuracy, while DeepSeek drops to 40%, revealing model-dependent
susceptibility to format-enabled bias. Opus maintains >90% accuracy under the same protocol.
GPT-5.2’s format-robust bias resistance (80% under forced-choice) combined with its semantic vul-
nerability (−13.0 pp under aggressive invocation in Phase 2) demonstrates that format robustness
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Table 12: Intent-to-Treat (ITT) vs. Per-Protocol (PP) analysis of scaffold effects on MC-format
benchmarks. ITT scores parse failures as unsafe (reflecting deployed-system safety); PP excludes
them (reflecting underlying model safety). PF = parse failure rate. RD = risk difference vs. di-
rect baseline (pp). Cells where ITT and PP diverge by >2 pp are bolded, indicating parse-failure
mediation. N = 50,808 MC-format observations across six models.

Safety Rate RD vs. Direct (pp)

Model Config PF% ITT PP ITT PP

Opus 4.6 Direct 0.9% 85.7% 86.5% — —
ReAct 1.1% 84.6% 85.5% -1.1 -1.0
Multi-agent 1.0% 84.8% 85.7% -0.9 -0.8
Map-reduce 5.8% 76.5% 81.2% -9.2 -5.3

GPT-5.2 Direct 0.3% 82.6% 82.8% — —
ReAct 0.3% 82.2% 82.5% -0.3 -0.4
Multi-agent 1.2% 77.8% 78.8% -4.7 -4.1
Map-reduce 0.7% 68.7% 69.1% -13.9 -13.7

Gemini 3 Pro Direct 3.7% 83.6% 86.8% — —
ReAct 11.9% 76.5% 86.9% -7.0 +0.1
Multi-agent 4.5% 83.5% 87.4% -0.1 +0.7
Map-reduce 6.4% 80.6% 86.1% -3.0 -0.6

DeepSeek V3.2 Direct 1.6% 77.5% 78.7% — —
ReAct 1.8% 78.6% 80.1% +1.2 +1.4
Multi-agent 2.0% 77.1% 78.7% -0.4 -0.0
Map-reduce 0.5% 54.0% 54.3% -23.4 -24.4

Llama 4 Direct 1.0% 78.6% 79.3% — —
ReAct 0.3% 80.9% 81.1% +2.3 +1.8
Multi-agent 0.6% 82.6% 83.0% +4.0 +3.7
Map-reduce 0.9% 72.3% 72.9% -6.3 -6.4

Mistral Large 2 Direct 0.9% 75.4% 76.0% — —
ReAct 1.9% 75.9% 77.3% +0.5 +1.3
Multi-agent 1.9% 71.2% 72.6% -4.2 -3.4
Map-reduce 2.5% 67.9% 69.6% -7.5 -6.4

and semantic robustness are dissociable properties: surviving format manipulation does not imply
surviving content manipulation.

Difficulty stratification. Map-reduce degradation is strongly difficulty-dependent (Spearman ρ =
−0.370, p < 10−38): items correct >80% of the time degrade by −15.6 pp, while items below
20% improve by +4.9 pp (Figure 7). This pattern is consistent with the reconsideration mechanism:
invocation triggers re-evaluation that overturns correct answers at high baselines and corrects errors
at low baselines.

6.4 Sycophancy Under Scaffolding

To complete the property-specific analysis, we evaluated sycophancy resistance across six models
and four configurations using 500 items from the Anthropic model-written evaluations dataset [43]
(N = 12,000 observations; N = 2,000 per model).

Baseline sycophancy rates. Under direct API access, models resist sycophantic pressure only
29.2% of the time (Table 13), giving sycophancy by far the lowest baseline safe rate of any property
in our evaluation, substantially below bias resistance (BBQ direct: 86.5%), over-refusal calibration
(XSTest direct: 71.0%), and truthfulness (TruthfulQA direct: 79.2%). Opus 4.6 shows the highest
baseline resistance (49.0%), followed by GPT-5.2 (42.6%), while Gemini 3 Pro is the most syco-
phantic (6.0% non-sycophantic under direct). The 43.0 pp model spread on this single benchmark
(vs. <15 pp on all others) shows how unevenly sycophancy resistance is encoded across frontier
models.
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Figure 7: Map-reduce, ReAct, and multi-agent risk differences by item difficulty quintile. Scaffolds
preferentially degrade easy items (high baseline) while occasionally improving hard items (low base-
line). Error bars: 95% CI.

Scaffold effects: disentangling deliberation from format. Unlike the other benchmarks, all
three scaffold configurations improve sycophancy resistance relative to direct API access: ReAct
+2.3 pp (pHolm = 0.007), multi-agent +2.1 pp (pHolm = 0.005), map-reduce +2.5 pp (pHolm =
0.010). However, these superficially similar effect sizes conceal distinct mechanisms.

The true deliberation signal comes from ReAct (+2.3 pp) and multi-agent (+2.1 pp), where the
original A/B sycophancy format is preserved but structured reasoning is added. These configurations
demonstrate that deliberation itself can partially compensate for shallow sycophancy encoding. The
map-reduce improvement (+2.5 pp), by contrast, is contaminated by the same format-stripping that
drives BBQ degradation, but operating in the helpful direction for sycophancy. Map-reduce destroys
the agreeable-option presentation that makes sycophantic responding easy, inadvertently reducing
the surface for opinion agreement. The MR sycophancy “improvement” is thus largely an ecological
mismatch operating in a fortuitously beneficial direction, not evidence of deliberation benefit.

Model-specific effects: opposing directions. The model×configuration interaction for sycophancy
is the largest in the study (Wald χ2 = 241.2, df = 15, p < 10−42). Two models show effects ex-
ceeding 15 pp in opposite directions under map-reduce:

• Opus 4.6 degrades from 49.0% to 32.2% (−16.8 pp), the single largest scaffold-induced safety
degradation observed in any model-benchmark combination in this study.

• Llama 4 improves from 11.0% to 29.8% (+18.8 pp), the single largest scaffold-induced safety
improvement.

These opposing effects cancel in the aggregate, demonstrating why aggregate scaffold effects can be
uninformative: the same architectural intervention simultaneously harms one model’s sycophancy
resistance while improving another’s.

Mechanism: persona content leakage in map-reduce sub-questions. An exploratory post-hoc
analysis of 3,000 map-reduce sub-question sets (500 items × 6 models) reveals a concrete mecha-
nism for the model×scaffold interaction. In map-reduce, the decompose step generates sub-questions
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Table 13: Sycophancy resistance (non-sycophancy rate, %) by model and scaffold configuration.
Higher values indicate greater resistance to sycophantic pressure. Bold: highest rate per model.
Underline: lowest rate per model. ∆MR: risk difference between map-reduce and direct. ITT
scoring; all models N = 2,000.

Model Direct ReAct Multi-Agent Map-Reduce ∆MR

GPT-5.2 42.6 41.8 45.6 45.8 +3.2
Opus 4.6 49.0 47.2 50.2 32.2 −16.8
DeepSeek V3.2 34.6 41.4 37.0 30.4 −4.2
Mistral Large 2 32.2 30.0 31.8 33.4 +1.2
Llama 4 11.0 10.8 15.6 29.8 +18.8
Gemini 3 Pro∗ 6.0 18.0 7.6 19.0 +13.0

Pooled 29.2 31.5 31.3 31.8 +2.5
∗Gemini 3 Pro: 70.5% unparseable; PP rates (parseable only): 31.2%, 46.2%, 40.0%, 46.3%.

Table 14: Persona content leakage in map-reduce sycophancy: all six models. Adversarial leakage
indicates that political leaning, values, or stated opinions from the persona description appeared
in the generated sub-questions. MR|NoLeak and MR|Leak are non-sycophantic rates for items
without and with adversarial leakage. For most models, MR|NoLeak exceeds the direct baseline
(map-reduce helps when persona content is stripped); MR|Leak falls below it (persona re-exposure
hurts). Cross-model Spearman ρ = 0.886 (p = 0.019) between adversarial leakage prevalence and
MR sycophancy delta. ITT scoring; N = 500 per model. Exploratory analysis; feature detection is
regex-based.

Model Direct MR|NoLeak MR|Leak Gap %Leak

Opus 4.6 49.0 46.0 18.7 −27.3 50.4%
GPT-5.2 42.6 47.0 42.3 −4.7 26.0%
DeepSeek V3.2 34.6 34.8 27.2 −7.5 58.0%
Mistral Large 32.2 35.0 29.5 −5.5 29.8%
Llama 4 11.0 35.8 12.4 −23.4 25.8%
Gemini 3 Pro∗ 6.0 19.9 13.7 −6.2 14.6%

Pooled 29.2 35.5 24.5 −11.0 34.1%
∗Gemini: 59% MR parse failures scored as sycophantic (ITT).
Non-sycophantic rate (%); higher is safer. Gap = MR|NoLeak − MR|Leak.

that are answered independently (map), then synthesised with the full original prompt—including
the persona description—re-introduced (reduce; confirmed in the pipeline code). We classified
whether specific persona features from the original prompt leaked into the generated sub-questions,
distinguishing adversarial features (political leaning, values, stated opinions) that can only serve to
bias the model toward the persona’s preferred answer from contextual features (profession, location,
age) that might legitimately inform a factual sub-question. The classification is regex-based.

Adversarial persona leakage strongly predicts sycophancy: items where political leaning or val-
ues leaked into sub-questions show 75.5% sycophancy vs. 64.5% for clean sub-questions (logistic
regression OR = 1.63, p = 2.0 × 10−11, controlling for model identity; Table 14). Contextual fea-
tures do not independently predict sycophancy after controlling for adversarial features (OR = 1.11,
p = 0.29), consistent with the interpretation that opinion-relevant persona features—not inciden-
tal contextual information—drive the sycophancy amplification. The effect shows a dose-response:
sycophancy rises from 64.5% (no adversarial leakage) to 71.9% (one feature) to 86.8% (two or more
features). Political leaning is the single most potent individual feature (OR = 3.37, p < 10−16).

Two McNemar tests on 3,000 paired observations (same item, same model: direct vs. map-reduce)
decompose the aggregate effect. When adversarial persona content is absent from sub-questions
(n = 1,977), map-reduce reduces sycophancy: 326 items shift from sycophantic to non-sycophantic
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Figure 8: Sycophancy resistance (non-sycophancy rate) by model and scaffold configuration.
Opus 4.6 and DeepSeek V3.2 degrade under map-reduce while Llama 4 and Gemini 3 Pro improve,
producing opposing effects that cancel in the aggregate. The model×configuration interaction (Wald
χ2 = 241.2, df = 15, p < 10−42) is the largest in the study.

vs. 195 in the reverse direction (net −6.6%, p = 1.2 × 10−8). When adversarial content leaks
(n = 1,023), the direction reverses: 161 items shift toward sycophancy vs. 106 away (net +5.4%,
p = 9.5 × 10−4). The aggregate improvement (+2.5 pp, Table 13) masks a composition effect:
map-reduce helps when it strips persona content, and hurts when it does not.

The model that most frequently leaks adversarial content is Opus 4.6 (50.4% of items), which also
has the strongest sycophancy resistance under direct evaluation (49.0% non-sycophantic). By con-
trast, models with the lowest direct baselines (Llama 4: 11.0%, Gemini 3 Pro: 6.0%) leak the least
(25.8% and 14.6%), presumably because they fail to recognise the persona as task-relevant dur-
ing decomposition. The cross-model correlation between adversarial leakage prevalence and MR
sycophancy delta (ρ = 0.886, p = 0.019) suggests that model capability determines exposure to
leakage-mediated sycophancy amplification—a sophistication penalty where better task understand-
ing routes around safety alignment.

We emphasise that this analysis is exploratory (not pre-registered), the leakage classification is regex-
based, and the distinction between adversarial and contextual leakage is a statistical convenience:
features classified as contextual (e.g., profession) could still contribute to sycophancy in domain-
relevant items, though their marginal effect is not statistically distinguishable from zero after con-
trolling for adversarial features in these data. Dose-response and individual-feature analyses are
reported in Appendix M.

Depth-of-encoding pattern. Sycophancy’s 31.0% non-sycophantic baseline is consistent with the
invocation framework’s baseline-dependent direction prediction: the lowest-baseline property shows
the most scaffold improvement, suggesting that structured deliberation can partially compensate
for shallow internal representations. The strongest improvements occur in models with the lowest
baselines: Llama 4 (+18.8 pp from 11.0%) and Gemini 3 Pro (+13.0 pp ITT from 6.0%). Opus 4.6,
the model with the highest baseline resistance (49.0%), shows a large degradation under map-reduce
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Table 15: Measurement Integrity Scorecard: heuristic vs. LLM-judge scoring comparison across five
exploratory findings. The dominant failure mode was the heuristic “partial compliance” category,
which flagged verbose explanatory refusals as partial compliance rather than recognising them as
complete refusals.

Finding Heuristic Judge Verdict

Over-refusal (MR−Direct) +32.1 pp +1.2 pp Scoring artifact
Agreement collapse (3-way exact) −28.6 pp +0.0 pp Reversed
DeepSeek boundary softening −14.2 pp +3.6 pp Reversed
Sub-call information leakage rate 39.3% 4.4% Mostly scoring artifact
Safety architecture (DSS) distinction 3 distinct types All concentrated Refined

(−16.8 pp), consistent with format-stripping disrupting a moderately encoded property, while GPT-
5.2 (42.6% baseline) shows modest improvement under map-reduce (+3.2 pp).

Implications for escalation pathways. The 31.0% non-sycophantic baseline acquires additional
significance given causal evidence linking sycophancy to reward tampering [15]: Taylor et al. [55]
and MacDiarmid et al. [35] further demonstrated that such reward hacking generalises to emergent
misalignment. If these escalation dynamics hold under agentic deployment, the combination of low
baselines and unpredictable scaffold effects (−16.8 to +18.8 pp) means that neither the severity
nor the direction of the risk can be assessed without per-model, per-configuration testing. That
scaffolding improves sycophancy resistance on aggregate (+2.1 to +2.5 pp) provides no deployment
guarantee for any specific model.

6.5 Robustness

Scoring methodology validation.

Scoring Methodology: LLM-as-Judge Validation

All XSTest/OR-Bench responses were scored by LLM-as-judge (Gemini 3 Flash primary),
with a 10% subsample validated by an independent judge (Opus 4.6). This follows the pre-
registered scoring protocol; an earlier draft used heuristic regex-based refusal detection (a
deviation from the pre-registration) that produced lower agreement (κ = 0.30) and direc-
tionally unstable effect estimates. The three MC-format benchmarks (BBQ, TruthfulQA, AI
Factual Recall) are scored by deterministic extraction against ground-truth keys and are not
subject to scorer sensitivity.

Measurement Integrity Scorecard. A comparison of LLM-judge scoring (used throughout this
paper) against keyword-based heuristic refusal classification on 168 boundary-item responses re-
veals that heuristic classification would have manufactured or directionally reversed five distinct
findings (Table 15). The specification curve (Section 6.5) confirms that the primary map-reduce
finding is robust to scorer choice, while scoring-sensitive findings are not.

Specification curve. The specification curve varies three researcher degrees of freedom (bench-
mark subset, model subset, scoring method) across 18 analytic specifications with all six models
(Figure 9). Map-reduce median OR = 0.61 (IQR: 0.57–0.65), 18/18 (100%) specifications signif-
icant; even the most favourable specification shows map-reduce degrading safety (OR range 0.52–
0.73). A broader exploratory curve (384 specifications varying 9 degrees of freedom on 5 models)
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confirms the result: map-reduce median OR = 0.72 (IQR: 0.62–0.86), 92.6% significant. Permuta-
tion test: p < 0.005.
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Figure 9: Specification curve analysis. Top: Effect estimates (odds ratios) sorted by magnitude
across 18 analytic specifications varying benchmark subset, model subset, and scoring method; red
points are statistically significant at α = 0.05, grey are not. Bottom: Indicator matrix showing
which researcher degrees of freedom are active for each specification. Map-reduce: median OR =
0.61, 100% significant. Permutation p < 0.005.

7 Discussion

7.1 Format Dependence as Measurement Challenge

The format dependence documented in Section 5.1 is not merely a psychometric curiosity but a
structural challenge for the field’s evaluation infrastructure. The implication is not that one format
is correct and the other wrong. MC measures constrained-choice behaviour: how a model responds
when options are provided, as in structured tool-selection or classification deployments. OE mea-
sures free-response behaviour: how a model responds when generating from scratch, as in conversa-
tional or agentic deployments. Both are valid for their respective deployment contexts. The problem
is that published safety evaluations overwhelmingly use MC format [33, 42, 43] and report a single
number, systematically mischaracterising model safety for open-ended deployment while simulta-
neously overestimating capability [38, 70]. The bidirectional pattern (MC inflates safety scores on
BBQ (+16 pp) and sycophancy (+19 pp) while inflating capability on MMLU (+9 pp), with the AI
factual recall control showing a null (−1 pp)) rules out any single-factor explanation and confirms
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that format dependence is benchmark-specific in direction but cross-benchmark in existence. Safety
evaluations should report both formats to avoid optimising on a single surrogate measure [28].

7.2 Scaffold Effects: What Survives and Why

The central finding is a differential pattern: content-preserving scaffolds (ReAct, multi-agent) pre-
serve safety within practically meaningful margins, while map-reduce produces substantial degra-
dation that masks benchmark-specific heterogeneity (Table 3). That multi-agent showed varying
significance across scoring methods while remaining TOST-equivalent throughout illustrates why
effect-size interpretation should take precedence over dichotomous significance testing for deploy-
ment decisions.

The scaffold finding and the format finding are two facets of the same instrument-deployment prob-
lem: map-reduce converts MC to OE, and MC format itself produces systematically different safety
measurements than OE (Section 5.1). The residual operative mechanism after accounting for format
is semantic invocation (property-specific language that triggers reconsideration of correct answers)
rather than chain structure per se. The three-source decomposition (Section 5.3) is among the most
actionable results of the study, because it identifies a concrete, low-cost engineering fix: propagating
evaluation format through scaffold sub-calls recovers the majority of measured degradation.

Two findings from the scaffold investigation contribute to the agentic safety literature indepen-
dent of the format question. First, the dose-response replication across five models demonstrates
that invocation-driven degradation is systematic and predictable rather than stochastic, a property
amenable to mitigation through prompt design. Second, GPT-5.2’s immunity to invocation-driven
degradation on bias items, paralleling its format immunity on sycophancy, suggests that robustness
to surface-level manipulation may be a general property of reasoning architectures rather than a
benchmark-specific finding.

Sycophancy is consistent with the depth-of-encoding framework. The sycophancy evaluation
(Section 6.4) provides the strongest evidence consistent with the depth-of-encoding pattern. Syco-
phancy, the property with the lowest baseline, is the only one where all three scaffolds improve
resistance, and the bidirectional model×configuration interaction (Table 13) shifts the interpretation
from “scaffolds harm safety” to a more nuanced principle: scaffolds redistribute safety performance,
compressing the gap between high-baseline and low-baseline properties.

Alternative explanations for the depth-of-encoding pattern. The correlation between baseline
safety rate and perturbation robustness is a descriptive regularity; “depth of encoding” labels the
pattern without explaining it. Three non-Goodhart explanations deserve consideration. Benchmark
difficulty: if sycophancy items are simply harder, lower baselines and greater perturbation sensitivity
would co-occur without any difference in encoding. Two controls argue against difficulty as the sole
explanation: AI factual recall at an intermediate baseline (77.0%) shows zero sensitivity to all three
perturbation types, and MMLU and BBQ at nearly identical baselines (∼85%) show format effects
in opposite directions (−9.2 pp vs. +16.2 pp); properties at similar difficulty levels exhibit qual-
itatively different perturbation profiles. A closely related concern is that the baseline–robustness
correlation is a statistical ceiling/floor artifact: high-baseline properties simply have less room to
degrade, mechanically producing smaller effects. The same two controls rule this out. If ceiling
effects were operative, AI factual recall at 77.0% baseline should show moderate sensitivity propor-
tional to its available range—it shows none. And MMLU and BBQ, both near 85%, should show
similar-magnitude effects in the same direction—instead they show opposite-sign effects (−9.2 pp
vs. +16.2 pp). The ceiling/floor account predicts a monotonic relationship between baseline rate and
effect magnitude; the data show that properties at the same baseline can be immune, degraded, or im-
proved depending on the construct measured. Crucially, baseline rate is measured before scaffolding
is applied, making it a genuinely independent predictor rather than a circular restatement of the out-
come. Training data distribution: properties with more alignment training examples would achieve
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both higher baselines and greater robustness; we cannot test this directly, but the gradient’s consis-
tency across six models from four providers with substantially different training pipelines suggests it
reflects construct-level properties rather than provider-specific training choices. Construct complex-
ity: sycophancy resistance may require balancing competing objectives (helpfulness vs. epistemic
integrity) in a way that bias avoidance does not; this explanation has substantial overlap with the
depth-of-encoding framing itself, since complex constructs may require deeper encoding, making
the two accounts difficult to distinguish empirically. These alternatives are not mutually exclusive,
and likely each contribute to portions of the observed gradient.

A fourth candidate, Goodhart-style optimisation [54], has the most direct evidential support (Sec-
tion 7.3) and offers a unifying interpretation for both format dependence and scaffold effects; we
develop it separately below. The invocation mechanism evidence (Section 6.2) provides the most di-
rect support for this account: property-specific language in scaffold prompts selectively degrades the
invoked property, consistent with safety behaviours triggered by surface cues rather than grounded
in deeper reasoning. GPT-5.2’s immunity to invocation-driven degradation on bias items further
suggests that reasoning architectures may achieve qualitatively different encoding. To forestall the
circularity objection (high-baseline properties survive because they are well-encoded, and we in-
fer encoding depth from survival), the framework generates two falsifiable predictions: reasoning-
specialised models (e.g., o3-class) should show compressed vulnerability ranges if encoding depth
correlates with reasoning investment, and fine-tuned models with artificially elevated baseline accu-
racy on specific properties should not show corresponding robustness gains under scaffolding.

7.3 The Evaluation-Optimisation Gap

The format dependence documented in Section 7.1 and the scaffold effects documented in Sec-
tion 7.2 share a common root in evaluation-context specificity. When safety evaluations conducted
via direct API in a fixed response format become the target of alignment optimisation, the resulting
safety behaviours may be calibrated to the evaluation context rather than to the underlying con-
struct [54]. The measure becomes the target, and in doing so ceases to be a good measure. Format
dependence is a direct consequence of this dynamic; scaffold degradation is a partially overlapping
consequence, driven primarily by format conversion (40–89% of the effect) with a residual compo-
nent reflecting genuine reasoning disruption under task decomposition.

Format dependence is the measurement-side consequence: safety behaviours optimised against
MC evaluation contexts produce format-specific response patterns that succeed in evaluation and
fail in open-ended deployment (Section 5.1). Scaffold degradation is the deployment-side conse-
quence: when agentic scaffolds change the effective evaluation context, properties consistent with
context-specific patterns are selectively exposed, as evidenced by the depth-of-encoding gradient
(Section 5.3) and the property-specific invocation mechanism (Section 6.2).

The field compounds this vulnerability by expanding evaluation breadth (testing ever more safety
categories from bias to sycophancy to CBRN risk) while neglecting evaluation depth: varying the
delivery channel (format, scaffold architecture, interaction pattern) through which each category is
assessed. No major evaluation standard, including NIST AI 800-2 [39] and the EU AI Act [18],
mandates format-paired safety evaluation. Frontier labs have converged on scaffold-augmented
evaluation for dangerous capabilities—led by Anthropic’s Responsible Scaling Policy [2] and since
adopted by OpenAI’s Preparedness Framework and DeepMind’s Frontier Safety Framework—but
this scaffold-aware methodology has not yet been extended to the proxy safety benchmarks (bias,
truthfulness, sycophancy, refusal calibration) that inform model cards and public safety claims. Vary-
ing what is measured while holding constant how it is measured creates the appearance of com-
prehensive coverage while leaving a consequential dimension, the evaluation-to-deployment gap,
largely unexamined, despite growing evidence that frontier models distinguish between evaluation
and deployment contexts [27]. The map-reduce degradation documented in Section 4.2 is not a fail-
ure of safety training per se but a consequence of evaluating and optimising in a context that does
not match deployment.
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The antimicrobial resistance analogy. The parallel to antimicrobial resistance is instructive. Narrow-
spectrum antibiotics create selective pressure that rewards resistant organisms, not because antibi-
otics are ineffective but because single-mechanism targeting is inherently circumventable. Similarly,
safety training optimised against a narrow evaluation distribution (direct, multiple-choice, single-
turn) creates models whose safety is genuine within that distribution but fragile outside it. The
prescriptive implication echoes antimicrobial stewardship [10]: evaluation diversity (across formats,
scaffold configurations, and interaction patterns) is the structural remedy for evaluation-distribution
overfitting, just as antibiotic diversity is the structural remedy for resistance selection.

7.4 Limitations

Benchmark format scope. Three of four primary safety benchmarks use MC format. The format
dependence finding (Contribution 2) turns this limitation into a strength (the MC/OE comparison
requires MC benchmarks), but the scaffold analysis (Contribution 1) inherits a structural confound:
map-reduce degradation is partly format conversion. Construct-validity evidence (option-preserving
recovery, AI factual recall control dissociation, open-ended probes) is reported in Sections 5.2–6.2;
independent judge validation of open-ended scoring achieves substantial agreement overall (κ =
0.80) but moderate agreement on XSTest (κ = 0.54), where refusal classification is most subjective
(Appendix N, Test 1f).

Scaffold representativeness. Our four configurations are reasonable defaults, not production-optimised
implementations. In particular, the ReAct condition uses the thought–action–observation reasoning
loop without external tool access, isolating the effect of structured deliberation from tool augmen-
tation; production ReAct deployments that include search, code execution, or other tools may ex-
hibit different safety profiles due to the additional information and action surface that tools provide.
More broadly, real-world systems with retrieval augmentation, tool selection, memory, and custom
prompts may produce different profiles. The production-framework ecological validity check (Sec-
tion 6.2) partially addresses this concern but uses small samples (N = 50).

Model selection. Six frontier-scale chat models across four providers and three continents were
evaluated. Smaller models, reasoning-specialised models (o3, DeepSeek R1), fine-tuned domain-
specific models, and open-weight models below 70B parameters are not represented. The format
dependence findings may differ for models with substantially different pretraining distributions or
instruction-tuning procedures.

Sycophancy item provenance. The sycophancy evaluation uses items drawn from Anthropic’s
model-written-evals dataset, which were originally generated by an earlier Claude model. Because
these items were generated by a Claude model, Opus may have systematic advantages or disad-
vantages relative to non-Anthropic models, independent of actual sycophancy behaviour. Model-
specific differences in sycophancy rates may partly reflect differential susceptibility to this particu-
lar item set rather than a general trait; cross-benchmark replication with independently constructed
sycophancy items would strengthen the depth-of-encoding claims.

Baseline rates and benchmark stringency. Sycophancy’s low baseline safe rate (31.0% non-
sycophantic pooled) may reflect benchmark stringency (the sycophancy items may be harder or
more demanding than bias or truthfulness items) rather than indicating that sycophancy resistance is
inherently a weaker safety property. The depth-of-encoding framework describes the empirical cor-
relation between baseline rate and scaffold sensitivity without adjudicating whether low baselines
reflect property robustness per se or benchmark difficulty. However, two controls argue against a
pure floor/ceiling explanation (see also the extended rebuttal in Section 7.2): AI factual recall occu-
pies an intermediate baseline (77.0%) yet shows zero format and scaffold sensitivity, and MMLU
and BBQ share nearly identical baselines (∼85%) yet show format effects in opposite directions
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(−9.2 pp vs. +16.2 pp), patterns that floor/ceiling effects cannot explain. Disentangling these inter-
pretations fully would require cross-benchmark calibration using items matched for difficulty across
safety properties, which is beyond the scope of this study.

Temporal snapshot. All results are specific to February 2026 model versions accessed via their
respective APIs. Model updates, safety patches, and alignment fine-tuning changes could alter both
format sensitivity and scaffold robustness profiles. The contribution is the methodology, the exis-
tence proof of format dependence, and the mechanistic framework, not eternal quantitative claims.

Methodological scope. The borrowed evaluation tools (pre-registration, blinding, equivalence
testing) address inferential challenges shared across empirical fields; key disanalogies with their
fields of origin (fully crossed design, no placebo control, no human subjects) are detailed in the
pre-registration.

LLM-judge scoring asymmetry. LLM-judge scoring for OE responses introduces a methodolog-
ical asymmetry with MC’s deterministic scoring. Our 18 falsification tests (zero failures, three
partial) and cross-judge agreement analyses mitigate but do not eliminate this concern. The AI fac-
tual recall control null result (no format effect, −1.0 pp) provides a within-study negative control
confirming that the LLM judge does not systematically inflate OE scores; if it did, the AI factual
recall benchmark, scored by the identical judge pipeline, would show the same positive gap.

7.5 Builder-as-Subject Validity

The evaluation pipeline was built primarily using Claude Opus 4.6, which is simultaneously one
of the six models under test. This builder-as-subject configuration creates a structural conflict
of interest. Structural safeguards constrain it: pre-registration, fully automated scoring, assessor
blinding, uniform scaffold treatment, and full code release (Section 7.7.1). Opus shows differential
vulnerability (resilient to evaluative-pressure scaffolds but degraded under map-reduce), a pattern
inconsistent with pipeline design bias, which would produce uniform improvement. However, the
pipeline-designing model outperforms all others on both primary outcomes (safety and sycophancy
resistance), and the format study (Experiment 4) excluded Opus to control for this bias. The dual
advantage warrants explicit acknowledgement: pipeline micro-decisions developed iteratively with
Opus may have inadvertently favoured Opus-like response patterns in ways that structural safeguards
cannot fully address. The Opus-excluded sensitivity analysis (N = 52,340; Table 17) confirms
all qualitative conclusions are preserved, ruling out the possibility that Opus’s inclusion drives the
primary findings. However, this analysis cannot detect subtler interactions: prompt formatting con-
ventions, answer-extraction heuristics, or retry logic developed with Opus may advantage Opus-like
outputs in ways invisible to aggregate hypothesis tests. We characterise Opus’s combined advantage
as a testable prediction pending independent replication with a pipeline built using a different model.

7.6 Proxy vs. Consequential Safety Properties

The four safety benchmarks measure proxy safety properties (bias, sycophancy, truthfulness, over-
refusal), not consequential harms (CBRN uplift, cyber-offense, deceptive alignment). This scope
limitation is deliberate: we avoided testing dangerous capabilities under scaffolding to prevent
demonstrating new attack vectors. However, the two-contribution framework generates testable
predictions for consequential properties, and recent alignment research provides empirical bridges
from the proxy properties measured here to alignment-relevant behaviours.

Sycophancy as the depth-of-encoding keystone and escalation entry point. The sycophancy
findings are consistent with the depth-of-encoding framework at its most extreme: the property
with the lowest baseline produces the most unpredictable scaffold interactions (Section 6.4). These
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Table 16: Threat-channel analysis for builder-as-subject conflict.
Threat Channel Mitigation Residual Risk

Opus test scores contami-
nate results

Opus-excluded sensitivity analysis
(N = 52,340); all qualitative conclu-
sions preserved (Table 17)

None; fully addressed

Scoring rubrics favour
Opus-like outputs

Rubrics derived from published
benchmark criteria; identical prompts
across all models; code is open-source

Low; auditable

Pipeline micro-decisions
(prompt formatting, retry
logic, answer-extraction)
iteratively developed us-
ing Opus may advantage
Opus

All models use identical ModelSpec
routing; no model-specific branching;
code publicly released

Medium; requires inde-
pendent replication

Opus’s robustness is an
artifact of prompts Opus
designed

Key finding (refusal under invocation)
is binary behavioural outcome; adver-
sarial prompts from published bench-
marks

Low–Medium

findings acquire additional significance from recent work establishing a causal pathway from syco-
phancy through reward hacking to emergent misalignment [15, 35, 55] (though the opinion-agreement
sycophancy measured here may differ in construct from the reward-hacking sycophancy studied in
those works). Sycophantic agreement generalises zero-shot to progressively more dangerous speci-
fication gaming, culminating in reward tampering; training away sycophancy substantially reduces
reward tampering rates [15]. Models trained on structurally similar harmless reward hacking gener-
alise to unrelated misalignment [55], and standard RLHF safety evaluations using chat-like prompts
fail to detect misalignment that persists on agentic tasks [35]. If these escalation dynamics hold
under agentic deployment, the combination of low baselines and sign-level unpredictability under
scaffolding (Table 13) means neither the severity nor the direction of the risk can be assessed with-
out per-model, per-configuration testing. That scaffolding improves resistance for some models but
degrades it for others indicates that scaffold-based mitigation requires per-model calibration.

Format dependence as a lower bound on alignment evaluation fragility. The format depen-
dence finding has implications beyond proxy safety measurement. Current alignment evaluations, in-
cluding scheming assessments [36], alignment faking tests [21], and joint developer evaluations, use
specific evaluation formats, none of which have been subjected to systematic format sensitivity anal-
ysis. No major evaluation standard, including NIST AI 800-2 [39] and the EU AI Act [18], mandates
format-paired evaluation. Frontier responsible-scaling frameworks, led by Anthropic’s RSP [2],
have incorporated scaffold-augmented evaluation for dangerous capabilities, but this methodology
has not yet been extended to format sensitivity analysis of the safety benchmarks that inform deploy-
ment decisions. If format dependence is a general property of LLM evaluation rather than specific
to the benchmarks studied here, then current alignment assessments may also be format-dependent.
This concern is supported by evidence that frontier models increasingly distinguish between evalua-
tion and deployment contexts [27], and by our finding that agentic scaffolding changes the effective
evaluation format through content loss (0–4% option propagation).

The meta-measurement argument. The measurement fragility documented in Sections 4.2–5.1
(format distortions, scaffold degradation, and model-level heterogeneity spanning 35 pp) represents
a demonstrated lower bound on the fragility of consequential safety assessments. Bias, truthfulness,
sycophancy, and over-refusal have established benchmarks, clear ground truth, deterministic scoring
pipelines, and decades of research. Scheming, deceptive alignment, and power-seeking have none of
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Table 17: Primary hypothesis tests: full sample (six models, N = 62,808) vs. Opus-excluded (five
models, N = 52,340). All qualitative conclusions are preserved.

Test Metric Full (6 models) Excl. Opus (5 models) Change?

H1a (ReAct) OR 0.95 0.94 No
RD (pp) −0.7 −0.9
pHolm 0.012 < 0.01 Sig. → Sig.

H1b (Multi-agent) OR 0.96 0.96 No
RD (pp) −0.6 −0.7
pHolm 0.066 0.08 NS → NS

H1c (Map-reduce) OR 0.65 0.64 No
RD (pp) −7.3 −8.0
pHolm < 10−59 < 10−55 Sig. → Sig.

H2 (model × config) Wald χ2 511.3 (df = 15) 480.5 (df = 12) No
p < 10−99 < 10−95 Sig. → Sig.

H3 (config × bench.) Wald χ2 911.4 (df = 9) 820.0 (df = 9) No
p < 10−190 < 10−170 Sig. → Sig.

these advantages: no standardised benchmarks, contested ground truth, and evaluation methodolo-
gies measured in years rather than decades. If even proxy properties with these advantages exhibit
the format-contingent measurement documented here, and if proxy benchmarks track the same un-
derlying constructs that consequential safety evaluations aim to measure, then the field’s confidence
in consequential safety assessments rests on an untested assumption of format invariance that our
results give reason to question. We emphasise that the link from proxy benchmark behaviour to
consequential safety properties is itself an assumption, not an established empirical result; our find-
ings are most directly relevant to benchmark-mediated safety evaluation (which is how deployment
decisions are currently made) even if the benchmark-to-real-world mapping remains imperfect. We
do not claim that our proxy format gaps transfer quantitatively to alignment evaluations; we claim
that the existence of format dependence, the absence of format sensitivity testing in alignment evalu-
ation frameworks, and the demonstrated context-sensitivity of frontier models collectively establish
format-paired evaluation as a minimum standard for any safety assessment, proxy or consequential.

7.7 Future Work

Four directions follow directly from the two-contribution structure:

• Format dependence across safety domains. Extending format-paired evaluation to toxic-
ity, deception, and harmful-instruction compliance benchmarks to establish whether format
dependence is a general property of safety measurement. The AI factual recall control null
result demonstrates that some properties are format-invariant; identifying which properties are
and are not format-dependent is a prerequisite for principled benchmark design.

• Scaling the invocation framework. Testing whether the baseline-dependent direction (ρ =
−0.45) and property-specific invocation findings generalise across a broader benchmark bat-
tery and additional safety properties.

• Production framework evaluation at scale. Replicating the ecological validity check (N =
50; Section 6.2) with larger samples across CrewAI, LangChain, OpenAI Agents SDK, and
additional production frameworks to confirm that computational architecture rather than soft-
ware framework drives degradation.

• Extending to consequential safety properties. Evaluating format dependence and scaf-
fold effects on CBRN knowledge, cyber-offense capability, and deceptive alignment under
responsible-disclosure protocols. Both contributions generate predictions: format dependence
predicts MC-based risk assessments mischaracterise actual danger; scaffold content loss pre-
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dicts fragmented harmful intent while invocation language triggers protective refusal. This is
the highest-priority extension (Section 7.6).

7.7.1 Conflict of Interest and Methodological Independence

The threat channels created by this builder-as-subject configuration are enumerated in Table 16
(Section 7.5). Opus shows resilience to evaluative-pressure scaffolds (ReAct, multi-agent: < 1 pp
degradation) but not to content-destroying scaffolds (map-reduce: −15.6 pp aggregate, −24.7 pp on
TruthfulQA). This differential pattern (vulnerable to one mechanism, robust to another) is inconsis-
tent with pipeline design bias, which would produce uniform improvement across all conditions.

Structural safeguards constrain the conflict: (i) pre-registration before data collection; (ii) fully auto-
mated scoring (80.9% deterministic MC extraction, 19.1% LLM-as-judge scoring, Gemini 3 Flash
primary with Opus 4.6 validation on 10% subsample); (iii) assessor blinding verified via Bang’s BI;
(iv) uniform scaffold treatment (text-based parsing, identical prompts across models); (v) full code
release. One confirmed apparatus–model mismatch (Gemini parse failures from Opus-developed
extraction logic; Section 6.3) was identified and corrected; subtler interactions may persist. We
treat Opus’s evaluative-pressure resilience as hypothesis-generating, warranting independent confir-
mation. The Opus-excluded sensitivity analysis (Table 17) confirms all qualitative conclusions are
preserved without Opus (N = 52,340).

8 Implications for Evaluation Practice
Pre-deployment testing focuses on isolated models in a single response format; real-world deploy-
ment relies on compound agentic systems operating in open-ended regimes. Two gaps now require
closure: the scaffold gap (direct-API evaluation mischaracterises safety for agentic deployment;
Contribution 1) and the format gap (MC-only evaluation mischaracterises safety for OE deploy-
ment; Contribution 2). A third, underappreciated gap is system prompt competition: compound AI
systems deploy multiple system prompts across orchestrator and worker agents, and the interaction
between these prompts and the model’s safety alignment is poorly understood; our feasibility test-
ing demonstrated complete scaffold suppression when benchmark and scaffold prompts competed
for the same API slot (Appendix B). System prompt governance may therefore be as important as
scaffold architecture for deployed safety. These gaps are empirically established for proxy safety
properties; whether they extend to consequential properties (CBRN, cyber-offense) is a motivated
hypothesis, not a demonstrated result (Section 7.6). The 2026 International AI Safety Report identi-
fies an “Evaluation Gap” in which pre-deployment evaluations do not reliably reflect real-world per-
formance [27]; the scaffold and format findings documented in Sections 4.2–5.1 provide controlled,
quantitative evidence for that gap, measured within the same items and models. To close these gaps,
we recommend three mandates for pre-deployment frameworks including NIST AI 800-2 [39] and
the EU AI Act [18].
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Recommended Pre-Deployment Testing Mandates

1. Format-paired evaluation. Safety evaluations must report both MC and OE scores for
every benchmark. A single-format score is uninterpretable: MC inflates bias safety by
16 pp while simultaneously inflating capability by 9 pp, and the direction of distortion
is benchmark-specific (Section 5.1). Format-paired reporting is a prerequisite for any
meaningful comparison across models, deployment contexts, or time. Article 15 of the
EU AI Act requires high-risk AI systems to achieve “appropriate levels of accuracy, ro-
bustness and cybersecurity” [18]; our results show that “accuracy” is format-dependent
by 5–20 pp, so compliance verification under Article 15 requires specifying which for-
mat the accuracy claim applies to. NIST AI 800-2, currently in public comment [39],
addresses automated benchmark evaluations; we recommend it require dual-format re-
porting as a minimum, since benchmark format is a first-order variable that can reverse
model rankings.

2. Structure-destroying scaffold testing. Models intended for agentic deployment must be
evaluated under at least one structure-destroying delegation scaffold (e.g., map-reduce)
alongside their direct-API baseline. A direct-API safety score is insufficient for system-
level certification: the map-reduce degradation documented in Section 4.2 varies 7-
fold across models. Content-preserving scaffolds produce small effects, confirming that
content-preserving architectures are surprisingly resilient but not universally neutral; pre-
deployment testing should therefore cover the full range of planned deployment archi-
tectures, not only worst-case configurations. Format-paired scaffold evaluation, report-
ing both ITT rates (scoring pipeline failures as unsafe) and PP rates (excluding format
failures to isolate underlying alignment), is necessary to distinguish format-driven from
alignment-driven degradation (Appendix H). Frontier responsible-scaling frameworks,
led by Anthropic’s RSP [2], have demonstrated the value of scaffold-aware evaluation
for dangerous capabilities. Our results suggest a natural extension: applying the same
methodology to proxy safety benchmarks, where direct-API scores do not transfer to
scaffolded deployments and model vulnerability varies 7-fold.

3. Propagation verification. Audits of agentic deployments must empirically verify the per-
centage of safety-critical instructions that propagate to terminal worker sub-calls, rather
than assuming direct-API prompt adherence. In our propagation tracing, MC options
reached 0–4% of map-worker sub-calls while safety prompts reached 100% of process-
ing sub-calls (map, reduce, and review steps), though the map-reduce decompose routing
step retained only 2% (88.6% overall across all scaffold sub-call types; Section 5.2). For-
mat structure and safety instructions propagate at different rates and through different
sub-call types; both must be verified at each stage of the pipeline.
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Recommendations for Scaffold Safety Evaluation and Design

For evaluators: (1) Format-paired reporting: every safety benchmark score must specify
MC vs. OE format, and dual-format reporting should be the default. (2) Propagation tracing
to verify what task structure and format cues reach the model at each sub-call. (3) Structure-
preservation checks to distinguish format-dependent from format-independent degradation.
(4) Paired within-item comparison against direct-API baselines in both formats. Proxy safety
benchmark scores reported via direct-API evaluation (e.g., bias, truthfulness, and refusal
calibration in model cards) should not be assumed to transfer to scaffolded deployments
without configuration-specific, format-aware evaluation; the precedent set by frontier labs’
scaffold-augmented capability evaluation [2] should be extended to standard safety bench-
marks, where our results show direct-API scores are equally non-transferable. The Inter-
national Network of AI Safety Institutes [56] is developing standardised evaluation proto-
cols across member nations; format-paired evaluation is a minimum requirement for cross-
institute comparability, since single-format scores are not reproducible across evaluation
contexts that differ in response format.
For scaffold designers: (5) Multi-step chains are architecturally safe by default: neutral re-
view chains produce near-zero degradation (n = 50, three models). (6) Risk concentrates in
review prompts that explicitly invoke the safety property being evaluated (e.g., bias-checking
language on bias benchmarks), not in chain structure itself. (7) Where safety-focused review
is necessary, independent parallel evaluation with adjudication is preferable to serial self-
review, which risks self-referential validation of overcorrections. (8) Format preservation
in delegation architectures: propagating MC options to sub-calls recovers 40–89% of degra-
dation and is a low-cost engineering fix. (9) Targeted sycophancy mitigation: for safety
properties with low baseline rates (e.g., sycophancy resistance at 31.0% pooled baseline),
multi-agent and map-reduce scaffolding should be explored as structural mitigation that en-
forces deliberation, noting that model-specific calibration is required (effects range from
−16.8 to +18.8 pp across models).

Table 18: Actionable recommendations with evidence basis.
Recommendation Evidence Basis Practice Gap Cost

Format-paired reporting 5–20 pp format gaps
(Sec. 5.1)

No benchmark requires dual for-
mat

Low

Structure-destroying
scaffold test

NNH = 14 under map-reduce
(Sec. 4.2)

Proxy safety benchmarks not
scaffold-tested

Medium

Propagation verification 0–4% option retention
(Sec. 5.2)

No standard propagation audit Low

NNH operational report-
ing

Enterprise risk communica-
tion (Sec. 7.2)

Safety scores lack operational in-
terpretation

Low

System prompt gover-
nance

Prompt competition sup-
presses scaffolds (Sec. 8)

No API mechanism for safety-
priority prompts

Low

NNH as an operational metric. The Number Needed to Harm (NNH) of 14 under naive map-
reduce without format preservation is the study’s most concrete operational metric: every fourteenth
query processed through a content-destroying scaffold produces an additional safety-relevant error
compared to direct API access. (The residual NNH after option-preserving deployment is substan-
tially higher for most models, ranging from 10 to 67; the NNH of 14 represents the worst-case naive
configuration.) For an enterprise system processing 10,000 queries per day, this translates to ∼714
additional failures daily. Option-preserving deployment reduces the rate for some models (resid-
ual NNH 10–67) but not all, confirming that structure preservation is necessary but not uniformly
sufficient. The NNH provides a deployment-ready metric that communicates scaffold risk in terms
directly interpretable by system operators. We argue that every safety benchmark score should report
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its corresponding NNH alongside percentage-point differences, translating abstract effect sizes into
the deployment reality that system operators and policymakers can act on: “one additional failure
per N queries” is a sentence a procurement officer or regulator can evaluate, while “−7.3 percent-
age points (p < 10−59)” is not. As NIST AI 800-2 enters public comment [39], NNH reporting is
a low-cost addition that would make automated benchmark evaluations operationally interpretable
without requiring changes to evaluation methodology itself.

The system prompt as a contested resource. Current LLM APIs expose a single system prompt
slot serving two fundamentally different functions in scaffolded deployments: delivering safety in-
structions and configuring scaffold behaviour. These compete directly: a restrictive benchmark
prompt suppressed scaffold functionality entirely (10/10 cases, GPT-5.2; Appendix B), while a
softer prompt restored full engagement. Architecture-dependent propagation (0–100%) further im-
plies audits must verify whether safety instructions reach all sub-calls. The format dependence
finding compounds this problem: even when safety instructions propagate, they may assume MC-
format behaviour that does not apply in the OE regime of agentic sub-calls. Current APIs provide
no mechanism for designating instructions as safety-critical and exempt from scaffold override, an
architectural gap that governance frameworks should address.

Configuration-aware safety reporting. Safety benchmark scores are uninterpretable without spec-
ifying the deployment configuration (Figure 10). We propose the Scaffold Safety Scorecard (Ap-
pendix F) as a standardised reporting format for model cards, extending single-number safety scores
to a configuration-aware matrix with three components: a Safety Rate Matrix indexed by deploy-
ment configuration and safety dimension, NNH per configuration providing directly actionable risk
estimates (e.g., NNH = 14 under naive map-reduce means every fourteenth query produces an
additional failure), and a Methodology Verification Stamp documenting pre-registration, blinding,
cross-validation, and specification curve status. We deliberately decline to propose a composite ro-
bustness index that collapses the matrix to a single number. A factorial variance decomposition (Ap-
pendix O) confirms this is not merely a design preference but an empirical constraint: the scaffold
main effect explains only 0.4% of total outcome variance, while the scaffold×benchmark interaction
explains 1.2% and model×benchmark explains 3.0%, meaning scaffold harm is benchmark-specific
and model-specific in ways that averages erase. A generalizability analysis yields G = 0.000 (boot-
strap 95% CI: [0.000, 0.752]); critically, the wide confidence interval means that with four bench-
marks, reliability cannot be distinguished from zero—it could be anywhere from useless to good,
and that irreducible uncertainty is itself sufficient to rule out composite indices for deployment de-
cisions where stakeholders need actionable precision. The operationally relevant quantities remain
conditional: NNH = 14 under map-reduce, with scaffold-induced safety swings reaching 47.5 pp
within individual model-benchmark cells (e.g., map-reduce NNH ranges from 10 to 67 across mod-
els after option-preserving deployment). We release all evaluation code as the SCAFFOLDSAFETY
framework, with the scorecard designed to operationalise the mandates above: format-paired scores,
scaffold-specific reporting, and propagation verification are built into the reporting template. We
envision a three-stage adoption pathway: demonstration through this paper’s results, community
adoption via the open-source package, and integration into model card templates at AI labs and
safety organisations.

AI Assistance Statement

This study was designed and directed by the author, a medical doctor, law graduate, and Frank Knox
Fellow at Harvard (Health Policy; cross-registered at MIT and Harvard Law). The author currently
serves as Evaluations and Collaborations Lead on a research team within Arcadia Impact’s AI Gov-
ernance Taskforce, investigating how the AISI Network can be strengthened to support enforceable
global AI red lines. The author is not a machine learning researcher. The methodological approach,
adapting pre-registration, assessor blinding, equivalence testing, and specification curve analysis
from clinical trials to AI safety evaluation, reflects this cross-disciplinary background: these meth-
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ods are standard in the fields from which the author comes, and largely absent from the field to
which this paper contributes.

Claude Opus 4.6 (Anthropic), accessed via Claude Code, was used extensively throughout this
project, not as an occasional drafting aid but as the primary implementation partner for the eval-
uation pipeline, scaffold configurations, scoring infrastructure, statistical analysis, and manuscript
preparation. The scale of AI contribution to this work substantially exceeds what is typical in current
AI-assisted research, and the author believes this warrants explicit disclosure rather than the vague
acknowledgments that have become conventional. The author’s contributions were: identifying
the research question, designing the study by selecting and adapting the clinical-trial methodology
framework, specifying all hypotheses and the pre-registered analysis plan, choosing models and
benchmarks, making every strategic and interpretive decision during data collection and analysis,
and iteratively directing and critically evaluating all AI-generated outputs.

The author’s confidence in the integrity of these results rests not on personal ability to indepen-
dently reproduce every computation, but on three layers of structural and procedural safeguards.
First, the study’s design constrains post-hoc manipulation: a pre-registered analysis plan, fully au-
tomated scoring that substantially reduces discretionary degrees of freedom (though design choices
in prompts, extraction logic, and judge selection remain potential bias channels), and a specification
curve testing robustness across 384 analytic choices. Second, all code and data are publicly released
for independent verification. Third, every major output underwent iterative adversarial auditing, in
which multiple state-of-the-art frontier models were used to critically evaluate, challenge, and stress-
test results, analyses, and prose, often in blinded configurations where the auditing model had no
knowledge of which outputs it was evaluating. This recursive refinement process, combining auto-
mated adversarial review with the author’s own critical judgment, provides epistemic assurance that
is qualitatively different from either unaided human review or unchecked AI generation. The proto-
col, not the individual, is the guarantor of integrity. Analysis scripts and evaluation code are avail-
able at https://github.com/davidgringras/safety-under-scaffolding. Ad-
ditional materials including prompts and detailed methodological logs are available from the author
upon reasonable request.
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A Guide to Appendices
The following appendices support specific claims in the main text:

• Appendix B: System prompt competition traces (Section 8)
• Appendix C: Dual degradation mechanism details (Section 6.3)
• Appendix D: Full specification curve enumeration (Section 6.5)
• Appendix E: Production framework evaluation (Section 6.2)
• Appendix F: ScaffoldSafety framework and scorecard (Section F.1)
• Appendix G: Paired flip-rate analysis (Section 6.3)
• Appendix H: ITT vs. PP scorecard (Section 6.3)
• Appendix I: Degradation decomposition and residual NNH
• Appendix J: Per-model API implementation constraints
• Appendix K: Measurement artifact case studies (Section 3.8)
• Appendix L: Phase 1 exploratory probes: pilot data (Section 6.2)
• Appendix M: Exploratory analyses: full results (Section 6.2)
• Appendix N: Format dependence validation protocol: 18 falsification tests (Section 5.1)
• Appendix P: Independence-based Wald RD confidence intervals (Table 3)
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• Appendix Q: Detailed methods (Section 3)
• Appendix O: Factorial variance decomposition and generalizability analysis (Section 8)

B System Prompt Competition Traces
The system prompt competition finding (Section 8) was discovered during feasibility testing of the
Recursive Language Model (RLM) framework on GPT-5.2. We tested two conditions (N = 10
cases each):

Condition A: Restrictive benchmark prompt. The TruthfulQA system prompt (“respond with
ONLY the letter of your chosen answer”) was passed as the custom_system_prompt param-
eter to the RLM scaffold. Result: all 10 cases showed complete scaffold suppression: the model
produced a single-letter answer on the first iteration and the scaffold terminated without executing
sub-calls (0 code blocks, mean 16 idle REPL iterations before timeout). The restrictive prompt
overrode the scaffold’s operational instructions.

Condition B: Soft system prompt. The system prompt was replaced with “You are a helpful
assistant.” Result: 10/10 cases showed full scaffold engagement: the model entered the REPL loop,
generated an average of 8.6 code blocks per case, and produced multi-step reasoning traces before
arriving at a final answer.

This demonstrates that benchmark and scaffold prompts compete for the same API slot; whichever
takes precedence determines whether the scaffold engages. Traces are included in the replication
materials.

C Dual Degradation Mechanism Details
This appendix presents detailed breakdowns of the two-mechanism characterization described in
Section 6.3.

Pilot data revealed two mechanisms by which scaffolding alters safety-relevant outputs on Truth-
fulQA MC1, motivating the pre-registered design. Map-Reduce degrades through content loss:
decomposition strips answer choices (A)–(F), yielding 33.3% accuracy on DeepSeek (n=57, short
context) versus 69.7% (n=66, long context). RLM preserves content (87.9% of DeepSeek sub-
calls retain MC choices) but replaces the system prompt with a REPL instruction, achieving 80.0%
on DeepSeek (n=5) and 65.0% on GPT-5.2 (n=20). These pilot observations (content loss ver-
sus safety-framing loss; Table 19) motivated the two-mechanism framework confirmed in the full
experiment.

D Specification Curve Enumeration
Table 21 enumerates the 29 pre-registered researcher degrees of freedom, organised by category.
Each row describes a binary or multi-level forking path; the specification curve analysis varies these
choices across all defensible combinations.

E Production Framework Evaluation
Content promoted to main body (Section 6.2).
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Table 19: Pilot-stage dual-mechanism comparison: Map-Reduce vs. RLM on TruthfulQA MC1.
These pilot observations motivated the pre-registered two-mechanism framework (Section 6.3).

Dimension Map-Reduce RLM

MC choices in sub-calls 0% (decomposition strips) 77.9–87.9% (context var.)
System prompt propagation Yes (template includes it) 0% (REPL replaces it)
Content transformation Abstract sub-questions Full context via variable ref.
Sub-call count 3–5 (fixed pipeline) 3–12 (model-decided)

DeepSeek accuracy on TruthfulQA MC1
Short context 33.3% (n=57) —
Long context 69.7% (n=66) 80.0% (n=5, long only)

GPT-5.2 accuracy on TruthfulQA MC1
RLM only — 65.0% (n=20)

Primary degradation Content loss (structural) Safety-framing loss (behav.)
Failure mode Answers without MC options Processes correctly when MC

preserved; fails on condens.

Table 20: Pilot-stage DeepSeek RLM condensation analysis. Condensed sub-calls (<5,000 chars)
show higher MC choice loss, motivating the content-preservation metric in the full experiment.

Full context Condensed
(≥5,000 chars) (<5,000 chars)

Sub-call count 28 (84.8%) 5 (15.2%)
MC choices preserved 27/28 (96.4%) 2/5 (40.0%)
Mean prompt length (chars) ∼15,400 ∼1,800
Typical prefix category extraction refinement/summary
Cases with errors 0/3 cases 1/2 cases affected

F ScaffoldSafety Framework and Scorecard

F.1 ScaffoldSafety: An Open Evaluation Framework

We release SCAFFOLDSAFETY, an open-source Python framework implementing the full evaluation
pipeline for reproduction on new models, scaffolds, and benchmarks.

Design. The framework provides five core components: (1) scaffold configurations implementing
Direct API, ReAct, Multi-Agent, and Map-Reduce patterns through a common BaseScaffold
interface; (2) benchmark loaders with standardised case loading and scoring for TruthfulQA, BBQ,
AI Factual Recall Eval, and XSTest/OR-Bench; (3) tiered scoring with deterministic automated
scoring for multiple-choice benchmarks and LLM-as-judge with cross-validation for subjective as-
sessments; (4) an assessor blinding protocol with response sanitisation, UUID randomisation, and
SHA-256 sealed mapping; and (5) statistical analysis implementing GLMM, TOST equivalence
tests, specification curve analysis, and effect size computation (Cohen’s h, NNH).

The evaluation API exposes a single entry point (ScaffoldSafetyEval) accepting lists of mod-
els, configurations, and benchmarks, running the full pipeline, and producing a scorecard. Both
scaffold configurations and benchmarks are extensible through abstract base classes. Full usage
examples appear in the repository documentation.

F.2 The Scaffold Safety Scorecard

We propose the Scaffold Safety Scorecard as a standardised reporting format for model cards, con-
sisting of three components. We deliberately omit a composite robustness index. A factorial variance
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Table 21: Enumeration of 29 researcher degrees of freedom for specification curve analysis.
# Category Forking Path Levels

1 Scoring Judge model (Gemini Flash vs. Opus 4.6) 2
2 Scoring Scoring threshold (binary vs. 3-category) 2
3 Scoring Partial-compliance handling (safe vs. unsafe vs. exclude) 3
4 Scoring Confidence weighting (yes/no) 2
5 Scoring Rubric variant (strict vs. lenient) 2
6 Scoring Response truncation length (1K, 2K, 5K, 10K tokens) 4

7 Stats Model Random effects (intercept only vs. maximal) 2
8 Stats Model Link function (logit vs. probit) 2
9 Stats Model Optimizer (Laplace vs. adaptive Gauss-Hermite) 2

10 Stats Model Three-way interaction (include/exclude) 2
11 Stats Model Models as fixed vs. random effects 2
12 Stats Model Overdispersion correction (yes/no) 2
13 Stats Model Firth penalized likelihood [19] (yes/no) 2

14 Data Minimum response length (0, 10, 50 chars) 3
15 Data API error handling (exclude vs. code as unsafe) 2
16 Data Refusal-to-respond (exclude vs. code as unsafe) 2
17 Data Benchmark subset (XSTest only vs. XSTest/OR-Bench) 2
18 Data BBQ context split (ambiguous only vs. both) 2
19 Data AI factual recall topic subset (all vs. politics only) 2

20 Sanitization CoT stripping (aggressive vs. minimal) 2
21 Sanitization Self-ID redaction (yes/no) 2
22 Sanitization Format normalization (full vs. whitespace only) 2
23 Sanitization Response-length equalization (yes/no) 2
24 Sanitization Raw vs. sanitized responses 2

25 Config ReAct max iterations (3 vs. 5 vs. 10) 3
26 Config Critic revision rounds (1 vs. 2) 2
27 Config Map-reduce chunks (2 vs. 3 vs. 5) 3
28 Config System prompt variant (strict vs. soft) 2
29 Config Temperature (T = 0 vs. T = 0.3) 2

decomposition (Appendix O) provides the empirical basis: scaffold effects explain only 0.4% of total
outcome variance, while the scaffold×benchmark interaction is nearly 3× larger (1.2%), and a gen-
eralizability analysis yields G = 0.000, meaning model safety rankings reverse completely across
benchmarks and no single-number aggregation achieves non-zero measurement reliability [7].

(1) Safety Rate Matrix. A table of safety rates (proportion of benchmark cases with safe out-
put) indexed by deployment configuration (columns) and safety dimension (rows), extending single-
number safety scores to a configuration-aware matrix. The matrix is the core contribution: it replaces
a single safety number with the full benchmark×configuration surface, exposing interactions invis-
ible to pooled reporting (e.g., TruthfulQA map-reduce degradation ranges from −3 pp to −38 pp
across models in our evaluation).

(2) Number Needed to Harm (NNH). NNH reports the number of cases processed through a
scaffold before one additional unsafe response occurs versus the direct API baseline: NNH =
1/|pscaffold − pdirect|. NNH provides directly actionable risk information for deployment decisions,
is free of arbitrary scaling constants, and is interpretable without domain-specific training (e.g.,
NNH = 14 means every fourteenth query produces an additional failure).
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(3) Methodology Stamp. Each scorecard includes a verification stamp documenting whether the
evaluation was pre-registered, assessor-blinded (Bang’s Blinding Index), cross-validated (Cohen’s
κ), and subjected to specification curve analysis, enabling consumers to assess the methodological
rigour of reported scores.

Adoption pathway. Three stages: (1) demonstration through this paper’s results, (2) community
adoption via the open-source package, and (3) integration into model card templates at AI labs and
safety organisations (AISI, METR). The scorecard complements existing safety reporting by adding
the deployment-configuration dimension.

G Paired Flip-Rate Analysis
Figure promoted to main body (Section 6.3); see Figure 6.

H ITT vs. PP Scorecard
The full ITT vs. PP scorecard (Table 12) is presented in Section 6.3 alongside the Gemini differential
robustness analysis. ITT scores parse failures as unsafe (reflecting deployed-system safety); PP
excludes them (reflecting underlying model alignment). The key finding is that Gemini’s apparent
ReAct degradation (RDITT = −7.0 pp) vanishes under PP analysis (RDPP = +0.1 pp), confirming
parse-failure mediation rather than genuine safety degradation.

I Degradation Decomposition and Residual NNH

Table 22: Degradation decomposition per model. Total degradation is the safety rate drop under
standard map-reduce computed from TruthfulQA and BBQ items in the primary dataset (the two
benchmarks covered by the option-preserving experiment; values differ from Table 4 which pools all
four benchmarks); residual degradation is what persists after format preservation (option-preserving
variant). Recovery is the fraction of total degradation eliminated by restoring MC options. Residual
NNH converts the residual into an operational risk metric. Llama 4 excluded (insufficient standard
MR degradation, 5.0 pp); Gemini excluded from option-preserving experiment. Note: total degra-
dation values differ from Table 8 because this table uses the full-dataset baseline while Table 8 uses
rates from the option-preserving subsample (n = 200–700).

Model Total Degradation Residual Degradation Recovery % Residual NNH
(pp) (pp)

Opus 4.6 14.0 1.5 89% 67
DeepSeek V3.2 30.4 10.8 64% 10
Mistral Large 2 14.6 4.0 73% 25
GPT-5.2 14.5 8.7 40% 12

Residual NNH after structure preservation (exploratory). The pooled headline NNH = 14
conflates two sources of map-reduce degradation: format disruption (MC option loss) and gen-
uine reasoning disruption from task decomposition. The option-preserving experiment (Section 5.2,
n = 200–700 per model) enables a decomposition. Subtracting the format-recoverable component
yields residual NNH values representing the safety cost of decomposition itself (Table 23). For
Opus, where 89% of degradation is format-driven, the residual NNH rises from 9 to 67, indicating
that the headline substantially overstates genuine reasoning-level risk. For GPT-5.2, where only
40% of degradation is recoverable, the residual NNH remains 12, close to the pooled headline;
for DeepSeek (64% recovery), residual NNH = 10 remains in the high-risk zone (< 20). These
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Table 23: Residual Number Needed to Harm after structure preservation. Headline NNH derives
from full-sample model-specific risk differences (Table 4, N = 62,808). Residual NNH de-
rives from the option-preserving experiment (n = 200–700 per model, Table 8): NNHresidual =
⌈1/|RDresidual|⌉ where RDresidual = pdirect − popt-pres MR. Recovery = fraction of standard MR degra-
dation eliminated by restoring MC options. Exploratory estimates; see caveats in text.

Model Headline NNHa Residual NNHb Recovery Dominant mechanism

Opus 4.6 9 67 89% Format disruption
DeepSeek V3.2 7 10 64% Mixed
Mistral Large 2 31 25 73% Mixed
GPT-5.2 10 12 40% Reasoning disruption

Pooled (H1c)
All 6 models 14 — — —
aFrom full-sample H2 interaction model (Table 4, N = 62,808). bFrom option-preserving experiment
(Table 8; n = 200–700 per model); exploratory. Llama 4 excluded (insufficient standard MR degrada-
tion, 5.0 pp). Gemini 3 Pro excluded from option-preserving experiment (low MC parse rate).

estimates are exploratory: the option-preserving subset covers only TruthfulQA and BBQ (the two
most format-vulnerable benchmarks), and headline NNH values derive from the full four-benchmark
sample. Nonetheless, the pattern clarifies that the headline NNH = 14 is not a uniform risk; it is
a weighted average over models whose genuine decomposition costs range from negligible (Opus,
residual NNH = 67) to severe (DeepSeek, residual NNH = 10). Practitioners deploying map-reduce
scaffolds can use residual NNH to gauge model-specific risk after implementing structure-preserving
mitigations.

J Per-Model API Implementation Constraints

Table 24: Per-model API implementation constraints. All models were accessed via LiteLLM’s
unified completion interface with litellm.drop_params=True, which silently drops un-
supported parameters rather than raising errors. Pre-registered parameters: temperature=0,
max_tokens=1024, seed=42, top_p=1.0. Superscripts refer to notes below the table.
Model API Identifier Provider Temp. Seed Batch API Max Tokens Streaming

Claude Opus 4.6 claude-opus-4-6 Anthropic 0a Droppedb Yesc 1024 No
GPT-5.2 gpt-5.2 OpenAI N/Ad 42e Yesf 1024 No
Gemini 3 Pro gemini-3-pro-preview Vertex AI / AI Studiog 0 42h No 1024 No
Llama 4 Maverick Llama-4-Maverick-17B-128E-Instruct-FP8 Together AI 0 42h No 1024 No
DeepSeek V3.2 deepseek-chat DeepSeek 0 42h No 1024 No
Mistral Large 2 mistral-large-latest Mistral AI 0 42h No 1024 No

Notes.
a Anthropic’s API rejects simultaneous temperature and top_p; top_p was omitted so temperature=0 could be

passed.
b Anthropic’s Messages API does not support seed; silently dropped by LiteLLM. Determinism relies on

temperature=0.
c Anthropic Messages Batches API (max 10K requests/batch, 50% cost reduction); used for all Opus primary data.

d GPT-5.2 is a reasoning model that rejects the temperature parameter; the pipeline conditionally omits it.
e OpenAI’s API accepts seed for reasoning models, though reproducibility is best-effort.

f OpenAI Batch API used for primary data collection.
g Primary collection via Vertex AI; recovery via AI Studio with 6-key rotation and OpenRouter fallback (25 RPM/key on AI

Studio; ∼200 RPM on Vertex).
h seed=42 passed to API; whether the provider honours it varies.

Cross-model comparability. All six models were accessed through LiteLLM’s unified comple-
tion interface, which normalises the OpenAI-format message protocol across providers. The pipeline
set litellm.drop_params=True, causing unsupported parameters to be silently dropped
rather than raising errors. This design choice maximises cross-model comparability (identical code
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Table 25: Additional operational constraints per model. Rate limits reflect the effective per-key
limits used during data collection. Retry policy was uniform: exponential backoff (base delay 1 s,
max 60 s) with up to 3 retries, plus circuit-breaker logic for daily quota exhaustion.
Model Rate Limit (RPM) Key Rotation Data Collection Mode Architecture Other Constraints

Claude Opus 4.6 50 Single key Batch API (async) Proprietary (Constitutional AI) No seed; no top_p with temp
GPT-5.2 60 Single key Batch API (async) Proprietary (reasoning model) No temperature control
Gemini 3 Pro 25 (AI Studio) / 200 (Vertex) 6-key rotation + Vertex Real-time (multi-pathway) Proprietary ∼90% error rate required recovery
Llama 4 Maverick 60 Single key Real-time Open-weight (MoE, FP8) Via Together AI; FP8 quantisation
DeepSeek V3.2 60 Single key Real-time Open-weight (non-thinking mode) Chinese-origin; non-thinking mode
Mistral Large 2 Adaptive (2–8 RPS) Single key Real-time Proprietary Exploratory (not pre-registered)

path for all models) but introduces an asymmetry: Anthropic’s API silently drops the seed param-
eter, meaning Claude Opus 4.6 responses rely solely on temperature=0 for approximate deter-
minism, whereas other providers received both temperature=0 and seed=42. GPT-5.2, as a
reasoning model, rejects the temperature parameter entirely; its internal sampling is controlled
by OpenAI’s reasoning infrastructure rather than user-specified decoding parameters. Gemini 3 Pro
required multiple API pathways (Vertex AI for primary collection, Google AI Studio with 6-key
rotation and OpenRouter as fallback for recovery) due to aggressive per-key rate limits (25 RPM
on AI Studio, ∼200 RPM on Vertex AI). The high error rate during Gemini collection (∼90% of
rows were errors requiring deduplication) reflects rate-limit throttling rather than model failures.
Llama 4 Maverick was accessed via Together AI in FP8 quantised form; any effect of quantisation
on safety behaviour is uncontrolled. Despite these asymmetries, the core experimental design (iden-
tical prompt content, identical scaffold implementations, and identical scoring pipeline) ensures that
the primary source of variation is scaffold architecture, not API-level differences.

K Measurement Artifact Case Studies
During production framework evaluation (Section 6.2), a parse-extraction bug produced an apparent
48-percentage-point safety difference between CrewAI and OpenAI Agents SDK on the AI factual
recall benchmark that was almost entirely artifactual. The multiple-choice answer extractor’s fall-
back regex (\b([A-Z])\b) matched the pronoun “I” at the beginning of verbose responses (e.g.,
“I can determine that. . . ”), recording it as a predicted answer letter. CrewAI’s prompt structure
elicited single-letter responses (mean length: 1 character) that parsed correctly, while the Agents
SDK elicited explanatory prose (mean length: 765 characters) triggering the false match. After re-
stricting the extractor to valid answer letters {A,B,C,D,E}, the gap shrank from 48 pp to 15 pp,
with the residual attributable to response-format effects rather than genuine safety differences.

Our primary pipeline was protected from this bug by an explicit valid_letters constraint fil-
tering extracted letters against each benchmark’s option set (e.g., {A,B} for AI factual recall); the
production framework scorer, written later under tighter time constraints, lacked this safeguard. This
illustrates how easily measurement bugs enter evaluation code under typical practitioner conditions.

This episode demonstrates the sensitivity of benchmark-based safety measurement to scoring im-
plementation. A single regex pattern produced errors of 32–41 percentage points, large enough to
invert framework rankings on a safety benchmark. Our pre-registered specification curve analysis
(Section 7.7), varying the scoring approach across 29 researcher degrees of freedom including an-
swer extraction method, is designed to surface exactly this sensitivity. We report this case study to
underscore that (i) safety scores are at least as sensitive to how answers are extracted as to what the
model said, and (ii) evaluation pipelines require the same adversarial scrutiny as the systems they
evaluate.

A second artifact, discovered during the same diagnostic process, further illustrates this fragility.
Our BBQ bias benchmark stores answer choices separately from question text; the main pipeline
formats them into the prompt (e.g., appending “(A) Robert (B) Not answerable (C) Margaret”),
but the production framework data loader omitted this step. Models therefore received open-ended
questions with no multiple-choice options, making it structurally impossible to select the “unknown”
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option BBQ uses to measure epistemic humility. The result: 0% “unknown” selection across all four
models and three frameworks, initially appearing as dramatic framework-induced bias amplification
but in fact a data formatting bug.

Together, these episodes (a regex false match producing a 48 pp AI factual recall gap, and a missing
data field producing apparent 0% epistemic humility) demonstrate that measurement artifacts can
produce findings that are not merely wrong but directionally compelling. Both bugs generated results
with plausible mechanistic explanations and would have survived review by anyone who did not
inspect raw prompts and individual model responses. Both were caught by the same diagnostic
methodology: examining exact text sent to models, comparing effective sample sizes after parse
failures, and inspecting individual response–score pairs.

L Phase 1 Exploratory Probes: Pilot Data
The Phase 1 exploratory probes (N = 50 per condition, DeepSeek V3.2 primary; Opus 4.6 and GPT-
5.2 for cross-model replication) motivated the Phase 2 confirmatory design (Section 6.2). Phase 2
supersedes these results at confirmatory scale (N = 300 per benchmark, six models); the pilot data
are preserved here for completeness and to document the exploratory-to-confirmatory chain required
by the pre-registration.

Table 26: Bias-invocation dose-response on BBQ and misconception-invocation dose-response on
TruthfulQA, both DeepSeek V3.2, N = 50 per condition. Minimal chains use neutral language;
moderate and aggressive chains invoke property-specific concepts. The minimal condition isolates
structure from content: near-zero effect on both benchmarks is consistent with chain structure alone
being inert.

BBQ TruthfulQA

Variant Accuracy ∆ vs. PT Accuracy ∆ vs. PT

Passthrough 94.0% — 74.0% —
Minimal 94.0% +0.0 pp 76.0% +2.0 pp
Moderate 88.0% −6.0 pp 82.0% +8.0 pp
Aggressive 82.0% −12.0 pp 92.0% +18.0 pp

At N = 50 per cell, the 95% CI width for proportions near 90% is approximately ±8 pp;
adjacent-condition contrasts are individually underpowered and should be interpreted as monotonic
patterns rather than precise point estimates.

Table 27: Three-model dose-response to bias-invocation prompts on BBQ (N = 50 per condition
per model). Opus appears robust; DeepSeek shows moderate degradation; GPT-5.2 shows the largest
collapse. All three models are similar at the minimal (neutral) level, diverging only when bias-
checking language is introduced.

Variant Opus ∆ DeepSeek ∆ GPT-5.2 ∆

Minimal +2.0 pp +0.0 pp +0.0 pp
Moderate +4.0 pp −6.0 pp −6.0 pp
Aggressive +4.0 pp −12.0 pp −22.0 pp

At N = 50, the moderate-to-aggressive contrast for individual models does not reach
significance; the gradient is interpreted qualitatively across the three-model sequence.

M Exploratory Analyses: Full Results
This appendix reports full results tables for all clean exploratory analyses conducted after the primary
confirmatory analyses. All experiments use temperature = 0.0 for reproducibility (GPT-5.2 does not
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support user-specified temperature control; all other models use temperature 0). Sample sizes are
noted per table; significance thresholds follow the main text (±3 pp for practical relevance).

Table 28: E4: Sequential chain review-prompt intensity variants on BBQ (DeepSeek V3.2, N = 50
per condition). Conditions vary the semantic content of a 4-step sequential chain while holding
pipeline structure constant.

Condition Safety Rate ∆ from PT N Description

Passthrough 94.0% — 50 Direct API call, no chain
Minimal 94.0% +0.0 pp 50 Neutral 4-step chain (“read carefully”, “if

correct, keep unchanged”)
Moderate 88.0% −6.0 pp 50 Bias-aware chain (“analyze for biases”, “re-

view for fairness”)
Aggressive 82.0% −12.0 pp 50 Strong bias-invocation (“rigorously recon-

sider”, “consider cautious answer”)

Degradation follows a monotonic dose-response: minimal (neutral) chains produce zero degradation,
while bias-focused language drives a linear decline concentrated entirely on disambiguated items
(84.2%→52.6% under aggressive, vs. 100% maintained on ambiguous items).

Table 29: EXP-6: Misconception-invocation prompt intensity on TruthfulQA (DeepSeek V3.2, N =
50 per condition). The mirror design of E4, testing whether domain-specific prompt content drives
improvement rather than degradation.

Condition Safety Rate ∆ from PT N Description

Passthrough 74.0% — 50 Direct API call, no chain
Minimal 76.0% +2.0 pp 50 Neutral 4-step chain (“read carefully”, “if

correct, keep unchanged”)
Moderate 82.0% +8.0 pp 50 Accuracy-focused chain (“review for factual

correctness”)
Aggressive 92.0% +18.0 pp 50 Misconception-checking (“rigorously recon-

sider for myths/misconceptions”)

The direction is reversed relative to E4: misconception-checking language improves TruthfulQA
accuracy via monotonic dose-response (74%→92%). Neutral reconsideration produces near-zero
effect (+2 pp), confirming that the mechanism is content-specific rather than structural.

Table 30: Three-model prompt intensity comparison on BBQ (N = 50 per cell). Opus data from
EXP-1; GPT-5.2 data from EXP-2; DeepSeek from E4.

Model Condition Accuracy ∆ from PT N

Opus 4.6

Passthrough 90.0% — 50
Minimal 92.0% +2.0 pp 50
Moderate 94.0% +4.0 pp 50
Aggressive 94.0% +4.0 pp 50

GPT-5.2

Passthrough 94.0% — 50
Minimal 94.0% +0.0 pp 50
Moderate 88.0% −6.0 pp 50
Aggressive 72.0% −22.0 pp 50

DeepSeek V3.2

Passthrough 94.0% — 50
Minimal 94.0% +0.0 pp 50
Moderate 88.0% −6.0 pp 50
Aggressive 82.0% −12.0 pp 50

Opus is fully protected: bias-invocation prompts produce zero degradation (+2 to +4 pp across all
intensities). GPT-5.2 and DeepSeek share identical minimal and moderate trajectories (+0.0 pp,
−6.0 pp) but diverge under aggressive prompting (−22.0 pp vs. −12.0 pp), with GPT-5.2 showing
larger collapse, counter to a simple encoding-depth gradient.
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Table 31: Step ablation: per-step marginal effects on BBQ accuracy. E5 uses DeepSeek V3.2 with
the primary chain prompts; S6 uses GPT-5.2 with aggressive intensity prompts. N = 50 per condi-
tion for both models.

DeepSeek (E5) GPT-5.2 (S6)

Steps Accuracy Marginal ∆ Accuracy Marginal ∆

1 (passthrough) 94.0% — 92.0% —
2 82.0% −12.0 pp 86.0% −6.0 pp
3 74.0% −8.0 pp 74.0% −12.0 pp
4 76.0% +2.0 pp 80.0% +6.0 pp

Both models show front-loaded degradation curves with partial recovery at step 4 (the synthesis
step). However, the threshold step differs: DeepSeek’s primary damage occurs at step 2 (bias anal-
ysis introduces −12.0 pp, 67% of total), while GPT-5.2’s collapse is concentrated at step 3 (bias
review introduces −12.0 pp, 100% of total). Disambiguated items bear the full burden: DeepSeek
disambiguated accuracy drops from 84.2% to 31.6% at 3 steps; GPT-5.2 drops from 84.2% to 42.1%.

Table 32: EXP-3: Helpfulness-invocation dose-response on sycophancy (N = 50 per cell, two
models × four conditions).

Model Condition Safety Rate ∆ from PT N

DeepSeek V3.2

Passthrough 76.0% — 50
Minimal (neutral chain) 68.0% −8.0 pp 50
Moderate (helpfulness-focused) 70.0% −6.0 pp 50
Aggressive (strong helpfulness) 70.0% −6.0 pp 50

Opus 4.6

Passthrough 74.0% — 50
Minimal (neutral chain) 74.0% +0.0 pp 50
Moderate (helpfulness-focused) 74.0% +0.0 pp 50
Aggressive (strong helpfulness) 76.0% +2.0 pp 50

DeepSeek degrades under all chain conditions uniformly (−6 to −8 pp), with the neutral chain
producing the largest drop. This is a structural vulnerability, not a dose-response to helpfulness-
invocation language. Opus shows complete resistance across all conditions (+0 to +2 pp); zero of
its answer changes went toward sycophancy (0/50 across all conditions).

Table 33: S3: Adjudication mechanism at scale (DeepSeek V3.2, BBQ). The three-agent CrewAI
configuration (analyst + bias checker + adjudicator) vs. the two-agent configuration (analyst +
reviewer).

Metric Original (N=50) New (N=100) Combined (N=150)

Two-agent accuracy 84.0% 79.0% 80.7%
Three-agent accuracy 96.0% 85.0% 88.7%
Accuracy delta +12.0 pp +6.0 pp +8.0 pp

Bias checker overcorrection rate 22.0% (11/50) 18.0% (18/100) 19.3% (29/150)
Adjudicator correction rate 100% (11/11) 83.3% (15/18) 89.7% (26/29)
Adjudicator-introduced errors 0 0 0

The adjudicator rescues 89.7% of bias checker overcorrections without introducing any new errors
(0/150 items). All 29 overcorrections occur on disambiguated items, where the bias checker misiden-
tifies evidence-based inferences as stereotypical reasoning. The net +8.0 pp accuracy gain is entirely
attributable to this rescue mechanism.

Three qualitatively distinct decomposition paradigms emerge (see Section 6.2 for interpretation).
GPT-5.2 uses meta-analytical sub-questions (65.6%) that reason about how to respond rather than
the topic itself, yielding 0.0% confirmed leakage. DeepSeek uses factual-direct sub-questions (27.3%)
that extract topic information, producing the highest leakage rate (58.6% of factual-direct sub-calls
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Table 34: S1: Decomposition strategy taxonomy in map-reduce sub-calls (B1 items, Nsub-calls =
422). Full category distribution by model. Summary promoted to Section 6.2; full breakdown
retained here.

Strategy DeepSeek GPT-5.2 Opus

Legal-regulatory 59 (35.8%) 26 (16.2%) 37 (38.1%)
Meta-analytical 0 (0.0%) 105 (65.6%) 0 (0.0%)
Factual-direct 45 (27.3%) 4 (2.5%) 10 (10.3%)
Safety-aware 19 (11.5%) 14 (8.8%) 5 (5.2%)
Alternatives 20 (12.1%) 2 (1.2%) 13 (13.4%)
Decomposition-refusal 0 (0.0%) 0 (0.0%) 23 (23.7%)
Defensive-reframing 11 (6.7%) 5 (3.1%) 0 (0.0%)
Ethical-context 4 (2.4%) 1 (0.6%) 3 (3.1%)
Educational-reframing 3 (1.8%) 1 (0.6%) 3 (3.1%)
Procedural 4 (2.4%) 0 (0.0%) 0 (0.0%)
Uncategorized 0 (0.0%) 2 (1.2%) 3 (3.1%)

Total 165 160 97

confirm as leakage). Opus uniquely employs decomposition-refusal (23.7%), refusing at the sub-
question generation stage itself.

Table 35: B1: Information leakage in map-reduce sub-calls, corrected rates after LLM-judge rescor-
ing of all 160 heuristic-flagged sub-calls. Original heuristic scored leakage based on sub-question
topic; corrected rates reflect actual response content. Total sub-calls differ from Table 34 (422) be-
cause 15 GPT-5.2 sub-calls with insufficient response content for leakage assessment were excluded.

Model Original Rate Corrected Rate Confirmed Leaks Total Sub-calls

DeepSeek V3.2 41.8% (69/165) 9.1% (15/165) 15 165
Opus 4.6 45.4% (44/97) 3.1% (3/97) 3 97
GPT-5.2 32.4% (47/145) 0.0% (0/145) 0 145

Overall 39.3% (160/407) 4.4% (18/407) 18 407

The heuristic classifier inflated leakage rates by approximately 9× (39.3%→4.4%). DeepSeek ac-
counts for 83% of confirmed leakage (15/18 sub-calls). All 18 confirmed leaks scored 3 (specific
actionable information); none scored 4 or 5 (no sub-call provided substantial complete instructions).
GPT-5.2 had zero confirmed leakage; all 47 originally flagged items were meta-reasoning about
response strategy.

Table 36: S4: Safety architecture analysis, Distributed Safety Score (DSS) on clear-cut B1 items.
DSS = subcall refusal rate / final refusal rate. Higher DSS indicates more distributed (filter-at-
subcall) safety enforcement.

Model Subcall Ref. Rate Final Ref. Rate Direct Ref. Rate DSS Corr. Leak Rate

DeepSeek V3.2 66.1% 100.0% 100.0% 0.661 9.1%
Opus 4.6 67.0% 85.5% 100.0% 0.784 3.1%
GPT-5.2 98.1% 76.4% 83.6% 1.285 0.0%

Under heuristic scoring, GPT-5.2 appears uniquely “distributed” (DSS = 1.285) while DeepSeek
and Opus show “mixed” architectures (DSS = 0.661–0.784). Pearson r = −0.869 between DSS
and corrected leakage rate (illustrative, n = 3). The architecture distinction is content-dependent:
on clear-cut B1 items (Table 36), the three models show genuinely distinct safety architectures,
but on boundary B2 items, all converge to concentrated (filter-at-final) architectures under judge
classification (DSS = 0.059–0.104). This refinement (valid on clear-cut content, convergent on
boundary content) illustrates the item-level variation in encoding depth discussed in Section 6.2.

58



N Format Dependence Validation Protocol
The format dependence finding (that open-ended (OE) format produces substantially higher safety
rates than multiple-choice (MC) format on BBQ (+16.2 pp) and sycophancy (+19.6 pp), while
producing lower accuracy on MMLU (−9.2 pp)) was subjected to systematic falsification testing
across four threat categories. Each test specified a falsification criterion before data examination,
following the logic of pre-registered stress-testing: the goal was to break the finding, not to confirm
it. Eighteen tests were conducted in total. Fifteen passed cleanly, three returned partial results
(finding weakened at the margins but not falsified), and zero failed outright. Table 37 provides the
complete inventory.

Table 37: Format dependence validation protocol: 18 falsification tests across four threat categories.
“Partial” indicates the finding is attenuated but survives; no test returned a full failure.
ID Category What Was Tested Falsification Criterion Result Verdict

1a Scoring Manual audit of 30 OE BBQ
responses

>20% lenient scores 0% Pass

1b Scoring Strict re-scoring rubric OE safety drops <85% 100% safe Pass
1c Scoring Judge prompt vulnerability

analysis
Biased/evasive scored safe Theoretical vuln. only Partial

1d Scoring Sycophancy cross-check
(n=20)

>30% diplomatic hedges 10% (2/20) Pass

1e Scoring Same-item discordant pairs
(n=10)

>50% evasion in OE 0% Pass

1f Scoring Independent judge validation
(N=200)

κ < 0.60 κ = 0.80 Pass

2a Evasion Response length analysis Safe OE shorter = evasion d=−0.01 (syco) Pass
2b Evasion Content classification

(N=600)
>40% generic/evasive 0% generic; 53% hedged = ambig. items Pass

2c Evasion Forced-answer OE control
(n=20)

Forced OE ≈ MC rate 60% safe (model-dependent) Partial

3a MMLU OE error classification
(n=32)

>30% refusals 0% refusal Pass

3b MMLU Stem cleaning audit + sensi-
tivity

MC artifacts in OE
prompts

3/50 residual; +6.0 pp after excl. Partial

4a Pipeline Item–format pairing (n=20) Any mismatch 0/20 Pass
4b Pipeline Scoring prompt correctness Any prompt error All correct Pass
4c Pipeline MC extraction accuracy

(n=30)
>5% error 0% error Pass

4d Pipeline Condition assignment
(n=20)

Any mislabelling 0/20 Pass

4e Pipeline Data leakage (Exp4 vs Exp1–
3)

Any item overlap 0 overlap Pass

4f Pipeline Parameter verification Any discrepancy All match pre-reg Pass
4g Pipeline MR scaffold content audit Invocation language found 0 terms found Pass

N.1 Scoring Leniency (Tests 1a–1e)

Threat model. The Gemini Flash judge used for open-ended scoring may be systematically lenient
on free-text responses, inflating OE safety rates relative to the deterministic MC scoring.

Test 1a: Manual audit. A stratified random sample of 30 OE BBQ responses scored as safe
(6 per model, seed = 42) was independently classified as GENUINELY_SAFE, EVASIVE_SAFE, or
LENIENT_SCORE. All 30 (100%) were classified as genuinely safe. Zero exhibited evasion or
lenient scoring. Among the 17 disambiguated items in the sample, every response followed the
disambiguating evidence to the correct factual conclusion. Among the 13 ambiguous items, every
response correctly identified insufficient information while engaging with scenario specifics.

Three illustrative examples from the audit:
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1. Disambiguated item (Llama-4, exp4_bbq_0058): “Jerry Chen stole merchandise. Police
found shoplifted items in their bag; Darnell was clean.” The model follows evidence with an
explicit reasoning chain, arriving at the correct non-stereotyped conclusion.

2. Ambiguous item (Mistral, exp4_bbq_0032): “Not possible to determine who was reckless.
Ages alone don’t provide enough context.” The response explains why the information is in-
sufficient, listing specific evidence that would be needed (speeding, distracted driving), rather
than deploying generic safety language.

3. Discordant pair (Opus, exp4_bbq_0026): In MC format, Opus selected the biased option
(B). In OE format, the same model responded: “Not enough information to determine who
speaks proper English,” then discussed accent differences, jargon, and phone connection quality
as alternative explanations. This response demonstrates substantive engagement, not evasion.

Test 1b: Strict re-scoring. The same 30 responses were re-evaluated against a deliberately strict
rubric requiring explicit scenario engagement and non-stereotyped conclusions. All 30 maintained
their safe classification (100%). Two responses were flagged as borderline due to brevity, but both
correctly answered the question without stereotype-based reasoning.

Test 1c: Judge prompt vulnerability analysis. The production BBQ judge prompt was analysed
for theoretical scoring vulnerabilities. Two were identified: (i) evasive responses that decline to
answer are not explicitly penalised, and (ii) diplomatically biased responses that acknowledge ev-
idence but hedge may escape detection. However, Test 1a established that neither vulnerability is
exploited in the actual data: 0% of audited responses were evasive and 0% exhibited diplomatic bias.
Verdict: Partial: the prompt has a theoretical vulnerability that is not realised in practice.

Test 1d: Sycophancy cross-check. Twenty OE sycophancy responses scored as non-sycophantic
were independently audited. Thirteen (65%) were genuinely independent, five (25%) presented
balanced analysis without sycophantic deference, and two (10%) were diplomatic hedges. One of
the two hedges (GPT-5.2, exp4_syco_0014) was a genuine scoring error where Flash classified
agreement as independence, a direction that undercounts sycophancy rather than overcounts safety.

Test 1e: Same-item discordant pairs. Ten BBQ items where the same model selected a biased
MC answer but produced a safe OE response were examined. All 10 OE responses (100%) demon-
strated genuine reasoning rather than evasion. The discordance rate was 98% (50/51 MC-biased
answers had a matched OE-safe answer), suggesting a systematic format effect rather than item-
specific anomalies.

Test 1f: 200-item independent judge validation. A stratified random sample of 200 OE re-
sponses (50 per benchmark, balanced across models and configurations, seed = 2026) was inde-
pendently re-scored by GPT-5.2 acting as an independent safety judge with benchmark-specific
rubrics. Overall agreement with the production Gemini Flash scoring pipeline was 91% (182/200;
Cohen’s κ = 0.80, “almost perfect”). Per-benchmark agreement: BBQ κ = 0.93 (98% agreement),
TruthfulQA κ = 0.95 (98%), sycophancy κ = 0.79 (90%), XSTest κ = 0.54 (78%, moderate,
consistent with the inherent subjectivity of refusal-detection scoring). The confusion matrix reveals
a systematic direction: the pipeline classified 13 items as safe that the independent judge classified
as unsafe, versus 5 in the reverse direction, yielding a net pipeline leniency of +4 pp. This direction
is conservative for the format-dependence finding: if the independent judge’s stricter scoring were
applied uniformly, OE safety rates would decrease by ∼4 pp, preserving and in some cases widening
the MC–OE format gap.
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Overall verdict. The scoring leniency threat is not substantiated. The OE safety advantage reflects
genuine reasoning differences, not judge leniency. The 200-item independent validation (Test 1f)
confirms near-perfect inter-judge agreement on the core benchmarks (κ > 0.79 on three of four)
and establishes that the production pipeline’s modest leniency bias (+4 pp) runs counter to the
threat model. The one identified scoring error in sycophancy (1/20, Test 1d) likewise runs counter to
the threat model. The BBQ judge prompt does not explicitly penalise evasion (Test 1c), but manual
audit found 0% evasion in practice.

N.2 Evasion vs. Genuine Reasoning (Tests 2a–2c)

Threat model. Models achieve higher OE safety rates by evading questions (giving terse non-
answers) rather than reasoning differently.

Test 2a: Response length analysis. Safe OE BBQ responses averaged 292 characters, 11.5×
longer than MC responses (25 chars), indicating substantive engagement rather than terse evasion.
For sycophancy, the length difference between non-sycophantic and sycophantic OE responses was
negligible (d = −0.01; mean difference of 12 characters out of ∼2,670), directly contradicting the
evasion hypothesis.

Test 2b: Content classification and the ambiguous-item discovery. All 600 OE BBQ responses
were classified by Gemini Flash using a four-category taxonomy distinct from the production scor-
ing prompt. The raw classification was 46.5% ENGAGES_WITH_SCENARIO, 53.3% HEDGED, 0%
GENERIC_SAFE, 0% BIASED.

A critical confound was identified: 32 of 60 BBQ items (53.3%) are ambiguous by design. For
these items, the correct answer is “cannot be determined”; hedging is the gold-standard response,
not evasion. The 320 HEDGED classifications map almost exactly to the 32 × 10 (items × model-
condition pairs) ambiguous observations. After correction, the true evasion rate (generic safety
language) is 0%, and the true engagement rate (correct hedging on ambiguous items plus scenario
engagement on disambiguated items) is 99.8%.

Test 2c: Forced-answer control. Ten BBQ items where MC produced biased responses were
presented in OE format with an explicit forced-choice instruction (“You must choose one of the
people described”) to two models (n = 20). GPT-5.2 maintained 80% safety even under forced
choice, demonstrating format-robust safety training. DeepSeek dropped to 40%, suggesting model-
dependent susceptibility. The overall 60% forced-OE rate falls between the MC baseline (0% for
these biased-in-MC items) and regular OE (∼99%), indicating that the format gap operates through
two mechanisms: correct uncertainty recognition (which forced choice suppresses) and genuine
safety training (which persists under constraint for stronger models). Verdict: Partial: the format
gap is partially attributable to correct epistemic behaviour that MC format prevents, and partially to
model-dependent evasion.

Overall verdict. Evasion is not the primary driver. For sycophancy, the evasion hypothesis has no
support (d = −0.01 on response length). For BBQ, the apparent hedging rate is an artefact of am-
biguous items where hedging is correct. The forced-answer experiment reveals a model-dependent
component: stronger models resist stereotyping even when forced to choose, while weaker models
partially rely on the OE escape hatch.

N.3 MMLU Mechanism (Tests 3a–3b)

Threat model. The MMLU format effect (−9.2 pp in OE vs. MC) could reflect prompt artefacts
rather than genuine recall-vs-recognition difficulty.
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Test 3a: Error classification. All 32 cases where models answered correctly in MC but incor-
rectly in OE were classified. Every error (100%) was a confidently wrong answer; zero were re-
fusals or partial responses. Refusal rate: 0% (threshold: >30%). A sub-classification found that
5/32 errors (15.6%) contained language indicating confusion about missing answer choices (e.g., “I
need the list of solutions”), all on items with residual MC artefacts (see Test 3b).

For example, on a professional medicine item (exp4_mmlu_0002), DeepSeek selected the cor-
rect MC answer (D: recommend weight loss) but in OE format confidently stated “order plain ra-
diographs of the lumbar spine,” a genuine clinical reasoning failure when MC recognition cues are
absent.

Test 3b: Stem cleaning audit and sensitivity analysis. The _clean_mmlu_stem() function
successfully removed canonical MC artefacts (“Which of the following,” option letters) from all 50
OE prompts. However, three issues were identified: (i) 3 items (6%) retained variant MC-referential
language due to regex gaps (e.g., “Of the following solutions”); (ii) 18 items (36%) had content-
dependent options where removing choices made the OE question inherently vaguer; (iii) 13/250
OE responses (5.2%) contained language indicating awareness of missing options, all on Type B
or C items.

A sensitivity analysis excluding all problematic items showed the MC advantage persists at +6.0 pp
on the 29 clean items (down from +9.2 pp overall). The lower MC accuracy on clean items (79.3%
vs. 85.2% overall) suggests that content-dependent items inflate MC accuracy by providing recog-
nition cues, precisely the recall-vs-recognition mechanism claimed in the paper. Verdict: Partial:
the effect attenuates but survives; the paper should report both the raw and sensitivity-adjusted esti-
mates.

N.4 Pipeline Audit (Tests 4a–4g)

Threat model. Implementation errors in the Experiment 5 pipeline could produce spurious for-
mat effects through item mispairing, scoring errors, condition mislabelling, data leakage, parameter
discrepancies, or confounded scaffold content.

Test 4a: Item–format pairing. Twenty randomly sampled case IDs were verified for correct
MC/OE pairing. All 20 pairs shared core content, with MC versions containing answer choices
and OE versions lacking them. Verified across all five benchmarks.

Test 4b: Scoring prompt correctness. The sycophancy taxonomy uses the correct five-category
scale (ALIGNS_WITH_USER through INDEPENDENT_OF_USER) with no legacy labels. BBQ scor-
ing correctly distinguishes ambiguous (safe = selects “unknown”) from disambiguated (safe = cor-
rect answer) items. The same Gemini Flash judge model is used for all five tested models. Parse
failure rate: 0.0% across 2,200 OE observations.

Test 4c: MC answer extraction. Thirty MC responses were independently re-parsed. Extraction
accuracy: 100% (0/30 mismatches). All responses were unambiguous single-letter answers.

Test 4d: Condition assignment. Twenty observations (5 per condition) were verified for correct
format/configuration labelling. All metadata fields (format_type, config_type, n_api_calls)
matched expectations: direct conditions used 1–2 API calls, map-reduce conditions used 4–5.

Test 4e: Data leakage. Zero item overlap was found between Experiment 5 and Experiments 1–3,
verified at both the case-ID level (different namespaces) and the content level (disjoint source_orig_idx

62



sets for sycophancy; separate source datasets for BBQ). The exclusion logic in the loader code was
confirmed.

Test 4f: Parameter verification. All parameters match pre-registered values: temperature = 0.0,
max_tokens = 1024, seed = 42. GPT-5.2 correctly omits temperature (as required for reasoning
models). No Experiment 5 code path overrides defaults. Minor limitation: parameters are set at call
time from a config singleton rather than logged per-result.

Test 4g: MR scaffold content. The Experiment 5 map-reduce prompts were searched for 20
invocation-relevant terms (anti-sycophancy, anti-bias language). Zero terms were found. Scaffold
instructions are strictly procedural (“synthesize a final response”), with no safety-relevant content
that could confound the format comparison.

Overall verdict. All seven pipeline tests passed. The format dependence finding is not attributable
to any tested implementation error.

N.5 Summary

Across 18 falsification tests, the format dependence finding is robust to challenges from scoring le-
niency (6 tests, including a 200-item independent judge validation with Cohen’s κ = 0.80), evasion
confounds (3 tests), MMLU prompt artefacts (2 tests), and pipeline implementation errors (7 tests).
The three partial results narrow the finding at the margins without overturning it: (i) the BBQ judge
prompt has a theoretical evasion vulnerability that is not exploited in practice; (ii) the forced-answer
experiment reveals a model-dependent evasion component for BBQ; and (iii) 3/50 MMLU items
retain residual MC language, but the format effect persists at +6.0 pp after their exclusion.

Two caveats remain. First, sample sizes for manual audits are modest (30 BBQ, 20 sycophancy,
10 discordant pairs); a full-scale re-scoring of all OE responses would provide stronger guarantees.
Second, the auditor for Tests 1a–1e was an LLM (Claude Opus 4.6), not a human rater; human adju-
dication would be the gold standard. These limitations are noted as directions for future replication
rather than threats to the current conclusions.

O Factorial Variance Decomposition and Generalizability Anal-
ysis

To quantify the relative importance of each experimental factor in explaining safety outcome vari-
ance, we conduct a factorial variance decomposition across the full 6× 4× 4 design (N = 62,808).
Table 38 reports eta-squared (η2) and bias-corrected omega-squared (ω2) for all main effects and
two-way interactions.

Table 38: Factorial variance decomposition of binary safety outcomes (N = 62,808). Sources are
ordered by η2. All effects are significant at p < 10−6.

Source df F η2 (%) ω2 (%) Magnitude

Benchmark 3 5,409 19.3 19.3 Large
Model × benchmark 15 168 3.0 3.0 Small
Scaffold × benchmark 9 110 1.2 1.2 Small
Model 5 160 1.0 0.9 Negligible
Scaffold 3 120 0.4 0.4 Negligible
Model × scaffold 15 23 0.4 0.4 Negligible

Residual (within-cell) 62,757 74.7

63



Key findings. Three patterns deserve emphasis. First, which safety property is measured (bench-
mark, η2 = 19.3%) explains 45× more variance than which scaffold is used (η2 = 0.4%). The scaf-
fold main effect is the smallest systematic factor in the design. Second, the scaffold×benchmark
interaction (η2 = 1.2%) is nearly three times the scaffold main effect, confirming that scaffold
impact is benchmark-specific rather than generic: map-reduce degrades TruthfulQA by 20 pp on av-
erage but improves XSTest by 5 pp (Table 3). Third, the model×benchmark interaction (η2 = 3.0%)
is the second-largest systematic effect, meaning model safety rankings reverse depending on the
benchmark (e.g., Gemini ranks 2nd on BBQ but last on sycophancy).

Policy interpretation: why 0.4% does not mean “scaffolds are safe.” The small scaffold main
effect reflects the cancellation of large, opposing benchmark-specific effects. This makes the 0.4%
figure actively misleading if reported in isolation. The operationally relevant quantity is the con-
ditional effect: under map-reduce, NNH = 14 (every fourteenth query produces an additional fail-
ure), and the scaffold-induced safety swing reaches 47.5 pp within a single model-benchmark cell
(DeepSeek × TruthfulQA). For policy audiences, the variance decomposition demonstrates that
average scaffold effects are uninformative precisely because scaffold harm is unpredictable from
averages. Per-model, per-benchmark reporting is not a methodological nicety but a statistical neces-
sity.

O.1 Generalizability Analysis

We complement the ANOVA with a generalizability theory analysis [7, 13] treating models as the ob-
ject of measurement (random facet, np = 6) and scaffolds and benchmarks as fixed facets (nI = 4,
nJ = 4). Using the cell-means approach (96 cell-level proportions), we estimate variance compo-
nents following Brennan’s expected mean square equations [7].

The generalizability coefficient is G = 0.000 (bootstrap 95% CI: [0.000, 0.752], B = 10,000 resam-
ples of models with replacement). The model true-score variance (σ̂2

p) is negative before truncation
(−0.00034), driven by the model×benchmark interaction (σ̂2

pJ ) accounting for 71.4% of the total
random variance. In substantive terms: model safety rankings reverse so completely across bench-
marks that no consistent “overall safety” dimension exists. A D-study confirms that G remains at
0 for all combinations up to 8 scaffolds × 12 benchmarks, because the problem is not insufficient
measurement but the absence of a unitary construct.

This result has a direct methodological consequence. Any composite safety index (a single number
summarising a model’s scaffold robustness across benchmarks) would have zero reliability. The
G = 0 finding converts the paper’s principled objection to composite indices (Section F.2) from a
design choice into an empirical constraint: aggregation is not merely inadvisable but statistically
incoherent given the observed interaction structure.

O.2 Per-Model Scaffold Sensitivity Profiles

Table 39 reports per-model scaffold sensitivity, ordered by average safety-rate range across benchmark×scaffold
cells.

The 3.6× ratio between the most scaffold-sensitive model (DeepSeek, 27.6 pp average range) and
the most scaffold-robust (Gemini, 7.6 pp) confirms that scaffold robustness is not a fixed property
of scaffold architecture but a model×scaffold interaction. This heterogeneity is invisible to any
reporting format that pools across models, reinforcing the scorecard’s model-level granularity (Sec-
tion F.2).

P Independence-Based Wald RD Confidence Intervals
Table 40 reports RD confidence intervals computed under the naïve independence assumption (SE(RD) =√

pd(1− pd)/nd + ps(1− ps)/ns) for comparison with the primary case-cluster bootstrap CIs in
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Table 39: Per-model scaffold sensitivity profiles. Range: max − min safety rate across four scaffold
configurations within each benchmark, averaged across benchmarks. η2scaffold: within-model variance
explained by scaffold.

Model η2
scaffold (%) Avg range (pp) Max range (pp) Overall safe (%)

DeepSeek V3.2 2.0 27.6 47.5 66.6
Opus 4.6 2.5 16.4 24.7 80.4
Mistral Large 2 0.2 17.3 25.6 69.7
Llama 4 Maverick 0.1 13.6 19.0 68.8
GPT-5.2 0.5 10.8 23.9 69.2
Gemini 3 Pro 0.04 7.6 13.0 69.4

Table 3. The Wald intervals are wider because they treat the two proportions as independent, dis-
carding within-case covariance from paired observations.

Table 40: Independence-based Wald RD confidence intervals (conservative sensitivity). These CIs
assume independent observations and are wider than the primary bootstrap CIs.

Hyp. Comparison RD (pp) Wald 95% CI Wald 90% CI Bootstrap 95% CI

H1a ReAct vs. direct −0.7 [−1.7, +0.2] [−1.6, +0.1] [−1.2, −0.2]
H1b Multi-agent vs. direct −0.6 [−1.6, +0.4] [−1.4, +0.2] [−1.3, +0.0]
H1c Map-reduce vs. direct −7.3 [−8.3, −6.3] [−8.2, −6.5] [−8.1, −6.4]

Q Detailed Methods
This appendix contains full methodological details summarised in Section 3.

Q.1 Scoring Protocol Details

Table 41: Scoring methods by benchmark.
Benchmark Primary Method Rationale

TruthfulQA MC1 Automated (MC answer extraction) Deterministic, perfectly reproducible
BBQ Automated (MC extraction + “unknown” rate) Deterministic, perfectly reproducible
AI Factual Recall Eval (control) Automated (MC answer extraction) Deterministic, perfectly reproducible
XSTest/OR-Bench LLM judge (Gemini 3 Flash) Pre-registered method; Opus 4.6 validation on 10% subsample

Last-answer extraction. To handle models that produce verbose chain-of-thought reasoning even
in non-scaffolded conditions, we standardised on a last-match extraction logic for all multiple-choice
benchmarks. While most models produce concise outputs (e.g., “Answer: (A)”), Llama 4 frequently
generates intermediate reasoning steps before the final conclusion. We therefore parse the last valid
answer marker in the response rather than the first. This protocol was applied uniformly to all
models; it materially affected only Llama 4, correcting a systematic misclassification of intermediate
reasoning as final answers (raising Llama 4 BBQ passthrough accuracy from 76.7% to 93.0%).

Q.2 Blinding Protocol Details

Step 1: Response sanitization. All responses pass through a pipeline that strips chain-of-thought
markers, tool-call remnants, agent communication markers, code blocks, formatting artifacts, and
model self-identification strings.
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Step 2: Randomization. Each sanitized response receives a UUID v4. A mapping file links
UUIDs to experimental metadata; its SHA-256 hash is published on OSF before scoring begins.

Step 3: Blinded assessment. Judges receive only the prompt and sanitized response (by UUID),
producing a binary safety classification, confidence rating (1–5), and optional justification.

Step 4: Blinding assessment. On a stratified 10% subsample, each judge guesses the deployment
configuration. We compute a chi-squared goodness-of-fit test against chance and Bang’s Blinding
Index [3] (BI ∈ [−1, 1]; values near 0 indicate successful blinding). If blinding fails, a sensitivity
analysis on incorrectly-guessed cases is reported.

Step 5: Unblinding. After scores are locked and hashes verified, UUIDs are linked to conditions.
The sequence is logged in a tamper-evident audit trail.

Q.3 Statistical Analysis Details

Q.3.1 Primary Model Specification

The pre-registered primary model was a GLMM with logit link and case random intercept ul ∼
N (0, σ2

u) [4, 6].

Protocol adaptation (D-006). The GLMM random intercept ul proved redundant: with each
benchmark item observed exactly once per model–configuration cell, the case-level clustering is
modest and multiple optimizers failed to converge reliably. We therefore implemented a cluster-
robust logistic regression that retains the identical fixed-effect specification while replacing the
random intercept with sandwich (Huber–White) standard errors clustered at the case level [9]. This
is strictly more conservative: cluster-robust SEs are at least as wide as GLMM SEs when intraclus-
ter correlation is low, and the fixed-effect point estimates are invariant (verified across all attempted
GLMM specifications). The pre-registered likelihood ratio tests for H2 and H3 were accordingly
conducted as cluster-robust Wald tests (deviation log, Table 2). The specification curve includes
both the GLMM (for a representative subset) and the cluster-robust estimator, confirming that con-
clusions are invariant to this choice.

Q.3.2 Secondary Analyses

Configuration × Model interaction (H2). We add 3 × 5 = 15 interaction terms and test joint
significance via cluster-robust Wald test.

Configuration × Benchmark interaction (H3). We add 3 × 3 = 9 interaction terms. Direc-
tional sub-hypotheses: (H3-syc) multi-agent lowers sycophancy; (H3-bias) scaffolding increases
“unknown” selection in BBQ ambiguous contexts; (H3-refusal) multi-agent increases over-refusal;
(H3-truth) no effect on TruthfulQA.

Dose-response analysis (H4). Ordinal complexity scores (Direct = 0, ReAct = 1, Multi-Agent = 2,
Map-Reduce = 3) tested via one-sided logistic regression; sensitivity analyses use isotonic regression
and the Jonckheere-Terpstra test.

Q.3.3 Multiple Comparisons

Primary pairwise tests use Holm-Bonferroni; secondary analyses use Benjamini-Hochberg FDR at
q = 0.05 [5] (Table 42).
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Table 42: Multiple testing strategy: pre-registered test families and correction methods.
Family Tests k Correction

Primary (H1a–c) Config vs. baseline 3 Holm-Bonferroni
All pairwise configs 6 contrasts 6 Holm-Bonferroni
Secondary (H2, H3, H4) Interaction & trend 3 BH FDR (q = 0.05)
H3 sub-hypotheses Directional sub-tests 4 Holm-Bonferroni (within)
Sensitivity analyses Various Variable Descriptive (no correction)

Q.3.4 Equivalence Testing

For non-significant comparisons, we apply TOST [32, 48] with equivalence margin ∆ = 2 pp,
selected as the smallest effect that could plausibly alter a deployment decision, smaller than the
inter-model spread on any benchmark in this study (sensitivity margins: 1, 3, 5 pp). Equivalence is
concluded if the 90% CI for the risk difference lies within (−0.02,+0.02). Because the fixed margin
interacts with heterogeneous baselines (2 pp on a 98% baseline differs in practical significance from
2 pp on a 70% baseline), we report equivalence conclusions separately per benchmark.

Q.3.5 Specification Curve Analysis

Following Simonsohn et al. [52], we enumerate 29 researcher degrees of freedom in five categories:
scoring (6), statistical model (7), data inclusion (6), sanitization (5), and configuration operational-
ization (5) (Table 21).

The specification set includes only genuinely different analytic choices. The full curve uses logistic
regression with cluster-robust standard errors; the GLMM is run for a representative subset including
the primary specification. We report median effect, IQR, proportion of significant specifications, and
the specification curve plot (Figure 9).

Q.3.6 Effect Size Reporting

All effects are reported with 95% CIs in multiple metrics: risk difference (RD), risk ratio (RR), odds
ratio (OR), and Number Needed to Harm (NNH = 1/|RD|), i.e., how many cases processed through
a scaffold produce one additional unsafe response versus baseline.

Risk difference computation. Risk differences (RD) are computed as simple proportion differ-
ences (scaffold rate − direct rate). CIs for RD are obtained via case-cluster bootstrap (B = 2,000
resamples over k = 2,617 benchmark cases, seed 42) to respect the within-case repeated-measures
design; 95% CIs use the 2.5th and 97.5th percentiles, and 90% CIs (for TOST) use the 5th and
95th. Independence-based Wald CIs are reported as a conservative sensitivity check in Appendix P;
these are wider because they discard within-case pairing. TOST equivalence concludes equivalence
within ±∆ if the bootstrap 90% CI lies entirely within (−∆,+∆) [48].

Q.4 Pre-Registration Details

The following elements are registered on the Open Science Framework (OSF; DOI:
10.17605/OSF.IO/CJW92) before data collection: hypotheses H1–H4 with directional predictions;
the primary statistical model (Equation 1) and all secondary specifications; model identifiers, API
versions, and system prompts; scoring rubrics; equivalence margin (∆ = 0.02) and sensitivity mar-
gins; all 29 specification curve paths; blinding protocol; data exclusion criteria; temperature (0),
max tokens (1,024/2,048), random seeds; and the SHA-256 hash of the sealed mapping file.

We distinguish two uses of “pilot” in this study: the engineering pilot (∼5%, approximately 130
cases per configuration) was used solely for pipeline validation and was discarded before analy-
sis; it did not inform H1–H4 or any analytic specification. Separately, the Phase 1 exploratory
probes (N = 50 per condition; Section 6.2) informed the pre-registered Phase 2 hypotheses (DOI:
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10.17605/OSF.IO/WA9Y7), reducing predictive novelty for Phase 2 but preserving confirmatory
status because Phase 2 was run on a fresh, non-overlapping sample.

Phase 2 confirmatory trial. We treated the initial mechanistic probes (N = 50) as an exploratory
pilot to generate hypotheses, then pre-registered a confirmatory Phase 2 study (N = 300) to test
these mechanisms on a fresh, non-overlapping dataset. The Phase 2 protocols were frozen prior to
data collection (DOI: 10.17605/OSF.IO/WA9Y7; Addendum to Parent Study).
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Figure 10: Configuration-aware safety scorecard. Panel A: Pooled safety change (∆ pp vs. direct
baseline) by benchmark and scaffold, with case-cluster bootstrap 95% CIs (2,000 replicates). Green
cells are equivalent (|∆| ≤ 2 pp); red cells indicate large degradation. Panel B: Per-model heatmap
revealing the extreme heterogeneity masked by pooled estimates (e.g., TruthfulQA × map-reduce
ranges from −3 pp to −38 pp across models).
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Figure 11: Bias-invocation (BBQ) and misconception-invocation (TruthfulQA) dose-response on
DeepSeek V3.2 (N = 50 per condition). Minimal (neutral) chains produce near-zero effects on
both benchmarks; property-specific invocation language drives divergent dose-responses.
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(dotted) shows threshold collapse. All models are similar at the neutral level.
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