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Towards AI epidemiology: A measurement standardisation framework for 
prospective risk detection 

Abstract 

This paper proposes AI Epidemiology as a measurement standardisation framework that 
compresses expert-AI interactions into standardised, comparable fields for model-free 
prospective risk detection in deployed AI systems. The main aim of this concept paper is 
to define the scope of the framework both semantically and statistically, so that empirical 
testing will be possible in future research. The population-level reliability claims that the 
framework is designed to support are therefore the subject of a staged research programme 
rather than results the paper claims to have established. The framework advances three 
claims in sequence: first, that LLMs under bounded conditions can assess evidential and 
policy alignment of expert-AI interactions; second, that these LLM-judged alignment 
scores can predict expert override as a signal of output failure; and third, that conditional 
on (1) and (2), alignment scores can act as exposure variables which predict downstream 
outcomes, reflecting epidemiological risk detection. This paper addresses the first claim 
and specifies the protocol for the second and third. 

We acknowledge the structural circularity in using a black-box model to judge the 
alignment of other black-box model outputs and propose a partial escape via bounded 
conditions including structured inputs, explicit rubrics and reference documents. These 
reduce stochastic variance and noise. Systematic biases such as sycophancy, position bias, 
and self-preference are addressed through a reliability verification procedure described in 
Section 4. 

The paper proposes the grammar, comprising three input-output fields (mission, 
conclusion, justification), one stratification variable (risk level), and two alignment scores 
(evidential alignment, policy alignment), each with field extraction and scoring rubrics. In 
addition, it comprises two governance fields (override and corrective option) captured from 
expert behaviour within the interaction. The evaluation protocol specifies DeLong's test, 
paired bootstrap inference, a pre-specified non-inferiority margin δ = 0.05, and Holm-
Bonferroni correction.  

1 Introduction 

Modern AI systems present a fundamental governance challenge (Anderljung et al. 2023; 
UN High-Level Advisory Body on AI 2024). We deploy increasingly powerful models in 
high-stakes domains such as healthcare, finance, and criminal justice, but struggle to 
explain their internal computations in human-understandable terms (Burrell 2016; 
Bommasani et al. 2021). This opacity becomes critical when such models produce outputs 
that are dangerous, unethical, and inaccurate (Doshi-Velez and Kim 2017). There is 
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therefore an urgent need to detect AI output failures in a way that is both model-free and 
scalable.  

AI Epidemiology is the systematic application of population-level surveillance methods to 
expert-AI interactions, in which structured measurements of AI outputs are aggregated 
across cases to identify patterns of evidential and policy misalignment. These patterns are 
then validated against expert overrides and, ultimately, downstream outcomes. 

We introduce the term 'correspondence-based interpretability' to refer to methods which 
seek to establish correspondence between what the model focuses on internally and what 
it outputs. This includes mechanistic interpretability, feature attribution methods like 
SHAP (Lundberg and Lee 2017) and LIME (Ribeiro et al. 2016), and chain-of-thought 
prompting which presupposes that stated reasoning reflects actual computation (Turpin et 
al. 2023). These methods become computationally intractable and epistemically unreliable 
as models scale: attributions become unstable (Bereska and Gavves 2024; Mueller et al. 
2025), and models generate plausible-sounding explanations that do not reflect their actual 
decision processes. While establishing correspondence between internal model 
computations and human concepts remains a worthy scientific goal, these methods cannot 
provide the robust governance we need for deployed systems today. 

In the light of the governance gap described above, this paper proposes AI Epidemiology 
as a framework that bypasses correspondence-based interpretability by applying 
population-level surveillance methods from public health, identifying AI risks through 
systematic observation of outputs and expert interventions without requiring transparency 
into model computations. The framework asks which outputs are evidentially weak or 
misaligned with institutional policy, which observable characteristics predict these 
patterns, and where failure modes concentrate across domains, jurisdictions, and models. 

The framework is scoped to regulated institutional settings in which AI outputs inform 
governance-relevant decisions including medicine, finance, legal practice, and public-
sector decision-making. The scope is restricted to applications where prospective risk 
detection is required, recognising that in many machine-learning settings predictive 
performance against held-out data is a sufficient measure. The framework applies 
specifically to settings meeting three jointly necessary conditions, as specified in Section 
10: an identifiable evidence base, an applicable policy corpus, and accountable human 
reviewers with observable override behaviour. 

The paper develops four elements across the sections that follow. First, the grammar: a 
structured capture protocol with field extraction protocols and scoring rubrics. Second, the 
LLM-as-judge foundation: an argument that the grammar satisfies the operating conditions 
for reliable automated scoring, with bounded conditions addressing stochastic variance and 
a reliability verification procedure detecting residual systematic biases. Third, the 
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statistical specification: an evaluation protocol with DeLong's test and δ = 0.03 pre-
specified. Fourth, the empirical programme: three stages through which the framework 
progresses. 

These elements are developed in sequence. Section 2 situates AI Epidemiology within the 
broader context of interpretability research and adjacent literatures. Section 3 
operationalises the grammar with extraction and scoring rubrics. Section 4 presents the 
LLM-as-judge foundation. Section 5 presents the three-claim argument structure and 
addresses the structural circularity. Section 6 specifies the evaluation protocol. Section 7 
specifies iterative grammar refinement. Section 8 examines threats to validity. Section 9 
describes the three-stage future programme. Section 10 specifies the domain of 
applicability. Section 11 concludes. 

2 Beyond correspondence: situating AI epidemiology 

In the tradition of John Snow identifying contaminated water sources without knowing the 
bacterial pathogen, and Bradford Hill linking smoking to lung cancer without 
understanding the molecular mechanisms, AI Epidemiology seeks to identify and intervene 
in AI failure patterns without requiring mechanistic transparency. This enables a model-
free form of AI output risk detection. Mechanistic interpretability research pursues the 
worthy goal of understanding how neural networks compute, but as public health does not 
rely solely on biological understanding, so too can AI risk detection proceed without 
complete mechanistic understanding. 

The Bradford Hill precedent 

Austin Bradford Hill and Richard Doll demonstrated that statistical evidence could justify 
public health action without mechanistic understanding. Their 1950 case-control study 
(Doll and Hill 1950) and the British Doctors Study (Doll and Hill 1956; Doll et al. 2004) 
established a nine- to thirty-fold increased risk of lung cancer among smokers with clear 
dose-response relationships (Hill 1965). Public health action followed in the form of the 
1964 US Surgeon General's report (U.S. Department of Health, Education, and Welfare, 
1964) and subsequent regulation, while the molecular mechanisms by which tobacco 
smoke causes cancer remained unknown for decades thereafter (Weinstein et al. 1976). 
This methodological principle translates to AI Epidemiology, which assesses statistical risk 
of AI outputs being misaligned or evidentially weak. 

However, epidemiological analysis of this kind requires the standardised measurement of 
AI outputs before population-level associations can be established. In classic 
epidemiology, early lipid testing contained significant error and bias (Hoerger et al. 2011), 
which prevented valid population-level comparisons until the CDC's Lipids 
Standardisation Program established a common reference method across over 500 
laboratories (Cooper et al. 1991). Only once measurement was standardised could 
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associations between cholesterol and cardiovascular risk be reliably established. Similarly, 
population-level risk detection of AI outputs will only be possible through standardised 
measurement of their evidential and policy alignment. The grammar addresses this by 
compressing interactions into structured, comparable fields. 

From correspondence to risk stratification: an epistemic shift 

The correspondence model seeks to make AI models transparent by mapping out a causal 
pathway from input to output through internal model computations. SHAP tests different 
combinations of words to identify feature contributions, but it is computationally 
impossible to test all possible combinations in an LLM containing millions of tokens, 
forcing approximations which can be unstable and misleading (Horovicz and Goldshmidt 
2024). Furthermore, adversaries can manipulate SHAP explanations without altering 
model outputs: one attack reduced the apparent importance of a race input by 90%, 
allowing a biased model to pass a fairness audit (Laberge et al. 2023). In transformer 
models, both observational and interventional mechanistic interpretability methods face 
fundamental challenges: superposition and polysemanticity lead to individual components 
encoding multiple unrelated concepts (Olah et al. 2020; Bereska and Gavves 2024), and 
functions are distributed redundantly across components (He et al. 2024; McGrath et al. 
2023), making causal attribution unreliable. Comprehensive validation through 
introspective faithfulness therefore remains a long-term research goal rather than a 
practical solution for urgent governance needs.  

AI Epidemiology asks different questions, including: which outputs are misaligned with 
institutional policy? Which observable characteristics predict this misalignment, and where 
do alignment failures concentrate across domains, jurisdictions, and models? Observable 
characteristics which predict these patterns include weak evidential grounding and low 
policy alignment, such as an output recommending against institutional guidelines without 
citing appropriate evidence. This would score low on both criteria and predict expert 
override. 

AI Epidemiology therefore shifts the locus of risk detection from internal processes to 
observable patterns and their consequences. For example, it might convey that an AI 
oncology recommendation contradicts treatment guidelines and resembles a pattern which 
was overridden 75% of the time by experts. Both approaches serve legitimate governance 
purposes on different timescales. Whereas correspondence-based interpretability pursues 
the long-term scientific goal of model transparency; AI Epidemiology pursues the 
governance goal of identifying risk and enabling appropriate oversight at scale. 

AI Epidemiology vs adjacent literatures 

AI Epidemiology can be situated against several adjacent literatures, each of which it 
complements rather than displacing.  
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The relationship between AI Epidemiology and statistical monitoring tools mirrors that 
between epidemiology and disease surveillance. Statistical model monitoring tools such as 
IBM Watson OpenScale track model performance metrics analogously to disease 
surveillance tracking aggregate incidence rates (Naveed et al. 2025). By contrast, AI 
Epidemiology applies population-level misalignment patterns to individual outputs, 
analogously to clinical epidemiology using population patterns to inform decisions about 
individual patients (Fletcher et al. 2020). The two modalities are complementary: aggregate 
monitoring detects overall drift, while AI Epidemiology enables prospective triage at the 
output level. 

Human-in-the-loop research designs systems in which human feedback shapes model 
behaviour through active learning, interactive machine learning, and machine teaching, so 
that human judgment is incorporated into the model's outputs over time (Mosqueira-Rey et 
al. 2023). Where HITL uses human feedback as a training signal, AI Epidemiology instead 
uses the record of human override behaviour as a validation signal that tracks expert 
recognition of misalignment. AI Epidemiology is therefore a risk detection layer which sits 
on top of the model rather than a training initiative which changes it. 

Algorithmic auditing establishes procedures for examining AI systems against specified 
standards. For example, Raji et al. (2020) propose SMACTR: an end-to-end internal audit 
framework which generates documentation at each stage of the AI development lifecycle 
to support accountability. Such audits are typically post-hoc since they examine what a 
system has produced during periodic reviews. AI Epidemiology differs by accumulating 
structured interaction records for risk detection at deployment. This addresses Mökander 
et al.’s concern about the absence of standardised observable units of analysis in 
operational audits at the application layer (Mökander et al. 2023b). The AI Epidemiology 
grammar provides these units of analysis as structured input-output fields, enabling audits 
to examine where evidential or policy alignment scores degrade, or where override rates 
differ systematically across models. The grammar therefore complements algorithmic 
auditing by supplying the per-interaction substrate over which audit standards can be 
evaluated. 

Safety incident reporting systems such as the AI Incident Database (McGregor 2021; 
Hoffmann and Frase 2025) catalogue salient AI failures retrospectively, drawing on news 
reports, regulatory filings, and voluntary submissions to build a public record analogous to 
aviation incident databases. Such records are essential but selective: they record events 
sufficiently visible to be reported, after the fact, and typically at the level of named 
incidents rather than routine interactions. The grammar is intended to operate before failure 
and at the level of routine interactions, enabling it to support triage and intervention before 
an event becomes a reportable incident. Therefore, while retrospective incident reporting 
establishes a public catalogue of harms, the grammar establishes a prospective record from 
which precursors to such harms can be identified at the population level.  
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Differentiating AI Epidemiology from RLHF 

The framework bears a resemblance to reinforcement learning from human feedback 
(RLHF), insofar as both involve human assessment of AI outputs. However, the two 
approaches evaluate AI outputs for different purposes at distinct points in the model 
lifecycle. 

The first difference concerns their objectives. RLHF is an alignment technique in which 
human preference feedback is used to update model parameters so that the model learns to 
produce outputs humans favour (Christiano et al. 2017; Ouyang et al. 2022). Its goal is to 
modify model behaviour during training. AI Epidemiology is a governance measurement 
framework which scores outputs of a deployed model without altering it. RLHF therefore 
trains a model, whereas AI Epidemiology produces an output-level record of that model's 
behaviour in deployment.  

The second difference concerns signal source and granularity. RLHF relies on preference 
comparisons or scalar reward signals collected during a training phase, typically from 
human annotators selecting between paired outputs. AI Epidemiology relies on structured 
input-output fields (mission, conclusion, justification, risk level) and alignment scores 
(evidential alignment, policy alignment), and operates across all routine interactions rather 
than on a curated training sample. 

The third difference concerns timing. While RLHF operates before deployment, AI 
Epidemiology assesses output alignment and risk level during active deployment. This also 
distinguishes AI Epidemiology from constitutional AI (Bai et al. 2022), direct preference 
optimisation (Rafailov et al. 2023), and reinforcement learning from AI feedback (RLAIF; 
Lee et al. 2023), in which AI-generated feedback is used during training rather than as a 
live governance signal. 

3 Core components: operationalising AI Epidemiology 

AI Epidemiology requires a structured protocol for systematically categorising expert-AI 
interactions to enable population-level pattern analysis. We define the grammar as a 
structured capture protocol comprising six fields: three input-output fields (mission, 
conclusion, justification), one stratification variable (risk level), and two alignment scores 
(evidential alignment, policy alignment). 

The input-output fields compress each expert-AI interaction into three structured 
components: what the expert asked (mission), what the AI recommended (conclusion), and 
why the AI recommended it (justification). All fields are populated automatically from the 
conversation log without manual data entry from experts to ensure minimum expert burden. 
Mission, conclusion, and justification are extracted from the conversation log in a first 
pass; risk level is assigned from the mission type; alignment scores are generated in a 
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second pass by the LLM judge against applicable reference documents; and override is 
detected from reprompting within the conversation. Institutions receive both model-
agnostic output assessments (e.g. '75% of such outputs were policy-misaligned') and 
model-specific assessments (e.g. '58% of such GPT-4 outputs were policy-misaligned'). 
Governance continuity is preserved by making model-agnostic assessments the default 
until sufficient interaction data accrues for model-specific analysis. 

Field 1: mission 

Definition: Mission is the task the AI is given, extracted from the expert's input and stripped 
of conversational scaffolding.  

Extraction protocol: The LLM judge extracts mission from the expert's input. A valid 
extraction specifies: the task type (recommend, assess, classify, draft, or analogous action); 
the subject (the clinical case, financial instrument, legal matter, or analogous object); and 
the decision space (the set of actions the institution could take). Verbatim reproduction of 
conversational text is not a valid extraction. Ambiguous inputs conflating multiple tasks 
are resolved by capturing multiple missions.  

Example (clinical). A free-form prompt: 'I have a 45-year-old patient with a 30 pack-year 
smoking history presenting with a persistent dry cough for 8 weeks. She has no prior 
imaging. What should I do?'  

Extracted mission (hypothetical): recommend diagnostic workup for persistent dry cough 
in a 45-year-old patient, with ≥ 20 pack-years, symptom duration 8 weeks, prior imaging 
absent. 

Field 2: conclusion 

Definition: Conclusion is the AI's recommended action or determination.  

Extraction protocol: The LLM judge compresses the AI's output into a structured 
representation of the primary recommended action, separating any secondary or 
conditional recommendations. If the AI's output contains no identifiable conclusion, this is 
itself recorded as a conclusion type.  

Example (lending): An AI recommending rejection of a mortgage application. 

Extracted conclusion (hypothetical): recommend rejection of mortgage application. 

Field 3: justification 

Definition: Justification is the evidential basis the AI has invoked for its conclusion, 
recorded as a category of evidence rather than verbatim text.  
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Extraction protocol: The LLM judge extracts the categories of evidence the AI has invoked, 
without assessing whether those claims are correct (as this is the function of the evidential 
alignment score).  

Example (lending): An AI recommending rejection of a mortgage application on the basis 
that the applicant's credit score of 550 falls below the underwriting threshold.  

Extracted justification (hypothetical): appeal to underwriting threshold. 

Field 4: risk level 

Definition: Risk level is the stratification variable: it divides the population of expert-AI 
interactions into high, medium, and low-consequence strata based on the potential 
severity of harm if the AI's conclusion is incorrect and acted upon. 

Scoring rubric: Risk level is assigned from mission type according to pre-specified 
criteria developed with domain experts before data collection. In clinical settings:  

High risk: where an incorrect conclusion could cause serious patient harm, e.g. acute 
angle closure glaucoma  

Medium risk: where harm is recoverable or requires further intervention to detect, e.g. 
stable ocular hypertension   

Low risk: where incorrect conclusions are unlikely to cause direct harm, e.g. dry eye 
syndrome 

Field 5: policy alignment score 

Definition: Policy alignment score measures the degree to which the AI's conclusion is 
consistent with the policies applicable to the mission type: institutional policy, regulatory 
policy, or professional guidelines. 

Scoring rubric: The LLM judge is provided with the applicable policy document and 
assesses whether the AI's conclusion is consistent with it. 

High: The conclusion is consistent with applicable policy for the mission type. Example 
(clinical): The AI recommends urgent imaging for a patient with high-risk smoking 
history and persistent cough, consistent with applicable guidelines for this presentation. 

Medium: The conclusion is partially consistent with applicable policy but deviates in a 
non-material respect, or the policy does not clearly address the mission type. Example 
(lending): The AI recommends conditional approval where policy endorses approval with 
compensating factors; the condition imposed is compatible with but more restrictive than 
policy requires. 
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Low: The conclusion is inconsistent with or contradicts applicable policy. Example 
(clinical): The AI recommends watchful waiting for a high-risk patient where applicable 
guidelines recommend urgent imaging. 

Field 6: evidential alignment score 

Definition: Evidential alignment score measures the degree to which the factual claims in 
the AI's justification are supported by the available evidence base for the domain, 
independently of whether the conclusion conforms to institutional policy. Where policy 
alignment asks whether the AI's conclusion is institutionally appropriate, evidential 
alignment asks whether the AI's reasoning is evidentially defensible.  

Scoring rubric: The LLM judge checks whether the factual claims in the AI's justification 
are supported by the available evidence base. Length of justification is not a criterion. 

High: The factual claims in the AI's justification are supported by the available evidence 
base. Example (lending): The AI states that post-bankruptcy recovery patterns are 
associated with lower default risk; this claim is supported by established credit risk 
research. 

Medium: The factual claims are partially supported but the evidence is incomplete, mixed, 
or unclear, without definitively contradicting the conclusion. Example (lending): The AI 
states that self-employment income is a significant default risk factor; the evidence on this 
relationship is mixed and context-dependent. 

Low: The factual claims are unsupported by or inconsistent with the available evidence 
base. Example (lending): The AI states that a short employment history is a strong 
independent predictor of mortgage default; the claim is not supported by established credit 
risk research, which identifies it as a weak predictor when income stability is controlled 
for. 

Field 7: override 

Definition: Override is a binary field indicating whether the expert has explicitly contested 
the AI's original conclusion.  

Detection protocol: The LLM judge scores the AI's original output for evidential and policy 
alignment. Where scores are medium or low, the interface flags the output for expert 
review. The expert either accepts the output or activates an explicit override mechanism 
within the conversation interface, ensuring that the override signal reflects deliberate expert 
contestation rather than conversational continuation or clarification. Override is recorded 
as yes when the expert activates this mechanism, and no when the expert accepts the output.  
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Example (lending): The LLM judge flags a mortgage rejection recommendation for low 
evidential alignment. The expert reviews the output and activates the override mechanism. 

Override: yes. 

Field 8: corrective option 

Definition: Corrective option is the revised conclusion accepted by the expert following an 
override, captured automatically from the conversation log.  

Detection protocol: Where override is yes, the expert may engage in one or more of the 
following: reprompting the AI until a revised output achieves acceptable alignment; 
attaching their own sources or evidence to the conversation, which the AI incorporates into 
a revised output; or providing their own conclusion directly, flagging the AI output as 
overridden and attaching supporting evidence for compliance purposes. The corrective 
option is whatever the expert ultimately accepts or provides as the preferred resolution. 
Where override is no, corrective option is null.  

Example (lending): Following the override above, the expert reprompts with "reassess 
accounting for the applicant's recovery trajectory since the bankruptcy." The AI revises its 
recommendation to conditional approval. The expert sees this has high evidential 
alignment and accepts this output.  

Corrective option: conditional approval, recovery trajectory acknowledged. 

The governance rationale for separating the two alignment scores 

The two alignment scores assess the AI's output from complementary perspectives. Policy 
alignment asks whether the conclusion is institutionally sanctioned; evidential alignment 
asks whether the factual basis offered for it is defensible. An output can be policy-aligned 
but evidentially weak, in which case the AI reaches a policy-aligned answer with poor 
justifications. By contrast, an output can also be evidentially well-grounded but policy-
misaligned, in which case the AI may have reasoned competently from sources but reached 
a recommendation the institution does not endorse. This distinction helps to diagnose 
output failure more precisely and assess risk more thoroughly. 

3a. Workflow overview 

The following figures illustrate how the grammar operates in practice. 

Figure 1 illustrates how each expert-AI interaction simultaneously produces a scored 
output visible to the expert and a silent grammar record captured in the background.  
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Figure 1. Grammar field extraction and scoring. The LLM judge scores the whole AI 
output against applicable reference documents, producing risk level, policy alignment, and 
evidential alignment scores visible to the expert. At the same time, it extracts the input-
output fields (mission, conclusion, and justification) silently in the background for future 
population-level analysis. All fields populate automatically without manual data entry from 
experts beyond their existing interactions. 

 

Figure 2 illustrates the governance decision point that follows scoring. Risk level indicates 
the consequence severity of the interaction and is used for triage. Where both alignment 
scores are high, the output proceeds to reviewer attestation and export. Where either score 
is medium or low, the expert is invited to review, override, and if necessary reprompt until 
satisfied before exporting. 
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Figure 2. Override detection and corrective option capture. Both high-scoring outputs and 
outputs with corrective options require reviewer attestation before export. Medium or low 
alignment scores trigger expert review via an explicit override mechanism. The corrective 
option is captured from the reprompting exchange and recorded alongside the original 
output in the interaction record and audit trail. 

4 The LLM-as-judge foundation  

Runtime alignment scoring requires automation to achieve scale. Manual expert 
assessment of every AI output would be impractical and defeat the purpose of a framework 
designed to minimise expert burden. We therefore propose large language models in the 
LLM-as-judge role to score policy alignment and evidential alignment automatically. 
Although there is a structural circularity in employing one black-box model to judge the 
outputs of another, the LLM-as-judge literature has shown that under bounded conditions, 
LLM judges achieve reliability comparable to, and in some tasks exceeding, human raters. 
Three findings bear directly on what bounded conditions achieve. 
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Firstly, on tasks where criteria are well-specified and inputs are structured, agreement 
between strong LLM judges and human raters approaches the level typically observed 
between human raters themselves (Gu et al. 2024). Using MT-Bench and Chatbot Arena, 
Zheng et al. (2023) report that GPT-4 as a judge achieves over 80% agreement with human 
preferences on bounded evaluation tasks. Liu et al. (2023) show in G-Eval that structured 
chain-of-thought scoring with explicit criteria substantially improves alignment with 
human ratings across summarisation and dialogue quality tasks. Further, Dubois et al. 
(2024) show that length-controlled win rates improve Spearman correlation with human 
preferences from 0.94 to 0.98. These findings suggest that bounded conditions consistently 
improve LLM judge reliability on structured evaluation tasks. The framework introduces 
bounded conditions through defined rubrics, RAG grounding against applicable reference 
documents, and low temperature scoring, each designed to satisfy the operating conditions 
under which reliable LLM judging has been demonstrated. 

Secondly, reliability improves when scoring criteria are narrow and score levels are few 
and explicitly anchored. It degrades when criteria are broad, levels are many and 
unanchored, and inputs are unstructured conversational text (Li et al. 2024). The grammar's 
three-level alignment scale and explicit rubric anchors are designed to satisfy these 
conditions. 

Thirdly, however, bounded conditions do not eliminate systematic bias. Three classes are 
empirically documented and relevant to the framework's scoring design. Sycophancy: 
LLMs defer to positions asserted in text regardless of correctness (Sharma et al. 2023; 
Malmqvist 2024; Chen et al. 2025). Self-preference: LLM evaluators recognise and favour 
outputs from their own model family, a bias that persists under rubric anchoring 
(Panickssery et al. 2024). Verbosity: judges favour longer responses irrespective of quality 
(Dubois et al. 2024). 

RAG grounding is the primary mitigation for both sycophancy and self-preference: a RAG-
anchored judge relies on an external reference corpus rather than its own trained 
representations, which is the source from which both biases partly originate. Verbosity bias 
is mitigated by the explicit rubric instruction that length is not a criterion; low temperature 
reduces random score variation and improves consistency across repeated assessments; and 
finally, residual bias across all three classes is detected by the reliability verification 
procedure set out below. 

The reliability verification procedure 

LLM judge reliability must be empirically verified before scores are used for governance 
decisions. The procedure comprises three elements. 

First, human-judge agreement. Cohen's κ is computed between the LLM judge and domain 
expert raters on a stratified sample, stratified by domain and risk level. Agreement is 
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assessed separately by domain, because domain expertise interacts with rubric clarity in 
ways that may differ across settings. Acceptable thresholds are pre-specified before data 
collection and calibrated to domain standards: a minimum of κ ≥ 0.60 consistent with 
substantial agreement (Landis and Koch 1977), with higher thresholds applied in high-risk 
strata where the cost of scoring error is greatest. 

Second, consistency. The same sample of interactions is scored twice by the same judge 
configuration and score stability is assessed. A test-retest correlation of 0.70 or above 
indicates good repeatability (Bland and Altman 1986). Drift of more than one level on the 
three-point scale between scoring runs is diagnostic of temperature instability or prompt 
sensitivity. 

Third, bias diagnostics. Three targeted tests address the biases identified as relevant to the 
framework's scoring design. Sycophancy is tested by presenting interactions where the AI 
output contains strongly assertive language and measuring whether scores drift toward high 
alignment irrespective of evidential grounding. Empirical benchmarks suggest sycophancy 
effects of 6-22% are common across LLM evaluation contexts (Panickssery et al. 2024); a 
drift threshold of 10% is adopted as the pre-specified limit. Verbosity is tested by 
presenting the same interaction with short and long AI outputs and measuring score drift, 
assessed by position consistency across two runs (Gu et al. 2024). Self-preference is tested 
by presenting identical interactions to judges from the same and different model families 
as the AI being assessed, with score differences between conditions treated as the bias 
indicator (Wataoka et al. 2024). Acceptable drift thresholds for verbosity and self-
preference are pre-specified before data collection. 

If pre-specified thresholds are met and bias diagnostics produce no pattern above the pre-
specified drift thresholds, the framework proceeds to population-level analysis. If not, the 
rubric is revised and the procedure repeated until acceptable thresholds are met. 

5 A specified protocol for empirical evaluation 

We seek to answer whether compressing a raw expert-AI interaction into four structured 
fields loses too much information to be useful for population-level risk detection. The 
protocol tests this by comparing how well grammar fields predict alignment scores against 
how well the full conversational text predicts them. If the structured fields perform nearly 
as well, the grammar's compression is justified. If not, the grammar needs refinement. 
Execution of the protocol is left to subsequent empirical work. 

Design 

The evaluation is specified over a corpus of expert-AI interactions spanning three principal 
domains: clinical, lending, and legal. The corpus is required to comprise interactions at 
each of the three policy alignment levels and each of the three evidential alignment levels, 
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crossed with the three risk levels. This ensures the sample covers the full range of cases 
the framework would encounter in practice, rather than being skewed toward 
straightforward interactions. The route to assembling such a corpus from real institutional 
deployments is set out in the empirical programme of Section 8. 

Formal statement of the estimand 

The grammar fields for an expert-AI interaction are denoted X, comprising mission M, 
conclusion C, justification J, and risk level R. The policy alignment score is denoted Y_p 
and takes values in {0, 1, 2}, and the evidential alignment score Y_e likewise. We seek to 
establish whether the four grammar fields hold reliable predictive power over whether the 
alignment score will be high, medium, or low. 

For pre-specified thresholds τ_p and τ_e, the framework estimates the probability that an 
interaction's alignment score falls below the threshold given its grammar field values. This 
is the probability of a misalignment event given the observed interaction characteristics, 
which is the AI Epidemiology analogue of the conditional risk functions estimated in 
classical epidemiological surveillance. The estimator is a supervised classifier: a model 
trained on accumulated grammar field values to learn which combinations of mission, 
conclusion, justification, and risk level tend to produce low alignment scores. The whole-
input comparator estimates the same probability using the full conversational text, 
providing a performance benchmark. Two interactions are treated as similar to the extent 
that they share grammar field values and receive similar predicted misalignment 
probabilities, a definition of similarity that is directly interpretable in governance terms. 

Uncertainty and sample size 

Furthermore, we need to know how confident we can be in our estimations of how well 
grammar fields predict alignment scores. We quantify this uncertainty using paired 
bootstrap inference, a procedure in which the dataset is resampled with replacement 10,000 
times and the analysis is run on each resample. The variation in results across these runs 
produces 95% confidence intervals that characterise the plausible range of the true 
performance difference between the grammar-field model and the whole-input comparator 
(Efron and Tibshirani 1993). The method of pairing the bootstrap on interactions ensures 
that the comparison accounts for the fact that both models are evaluated on the same set of 
interactions rather than independent samples. A sample size of approximately 500 
interactions per domain is sufficient to reliably detect whether the grammar meets the non-
inferiority threshold, assuming the models perform at a level typical of clinical risk 
prediction tasks of comparable complexity. If performance is somewhat lower than 
expected, approximately 800 interactions per domain would be required. 
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Comparison protocol and non-inferiority margin 

We measure model performance using the area under the receiver operating characteristic 
curve, commonly called AUC. This statistic captures how well a model separates high-risk 
from low-risk interactions across all possible thresholds. A perfect model scores 1.0 and a 
model that performs no better than random chance scores 0.5. We compare the AUC of the 
grammar-field model against the AUC of the whole-input model using DeLong's test, a 
statistical test designed for comparing two models evaluated on the same set of interactions 
(DeLong et al. 1988). Because we run this comparison separately for policy alignment and 
evidential alignment, we apply the Holm-Bonferroni correction, which adjusts our 
significance thresholds when multiple tests are run simultaneously to prevent false 
positives from accumulating (Holm 1979). 

Rather than asking whether the grammar-field model is better than the whole-input model, 
we ask whether it is close enough. We pre-specify a non-inferiority margin δ = 0.05, 
consistent with the standard margin used in diagnostic accuracy studies comparing paired 
AUC curves. 

Reviewer effects and temporal drift 

Different judges may score consistently but at slightly different average levels. We account 
for this by including judge identity as a random effect in the population-level analysis, 
which separates genuine rubric signal from judge-specific variation (Bates et al. 2015). 

Policies and guidelines change over time, and an alignment score calibrated against year-
one policy may no longer be accurate in year three. We address this through version-
stamping: each scored interaction is linked to the specific version of the policy and 
evidence corpus applicable at the time of the interaction, ensuring that historical scores are 
not retroactively altered by subsequent policy changes. We also monitor alignment score 
distributions over time using rolling-window analysis, which flags structural shifts that 
may signal model drift or policy change. The reliability verification procedure is re-run 
periodically on contemporary interaction samples to detect changes in judge behaviour 
over time. 

6 Iterative grammar refinement 

The grammar's field definitions are subject to iterative refinement, driven by the feedback 
signal from the evaluation protocol of Section 5. Where that protocol returns a failing 
result, field definitions and rubric anchors are revised and the evaluation is repeated. This 
section specifies how that revision proceeds.  

The CDC's Lipids Standardisation Program offers a direct precedent for this refinement 
procedure. Early cholesterol measurements were inaccurate and inconsistent across 
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laboratories, containing significant bias that prevented valid population-level comparisons 
(Hoerger et al. 2011). The CDC's response was iterative refinement of the measurement 
instruments themselves, including reagents, calibrators, and reference methods, until 
measurements were sufficiently accurate and comparable for epidemiological use (Cooper 
et al. 1991). Manufacturers whose reagents performed poorly were required to improve 
them before certification. Only once that standardisation had been achieved could the 
Framingham Heart Study establish reliable associations between cholesterol levels and 
cardiovascular events (Dawber et al. 1951). 

The grammar refinement procedure follows the same logic. Its measurement instruments, 
specifically the field definitions for mission, conclusion, and justification, and the rubric 
anchors for policy and evidential alignment, are refined until structured-fields prediction 
meets the non-inferiority criterion. Each refinement cycle is guided by the AUC 
comparison result from the accumulated corpus of scored interactions, allowing the 
grammar to be revised in direct response to where structured-fields prediction falls short. 
Since interactions accumulate automatically as the framework is deployed in institutions, 
reliable measurement standardisation becomes achievable in a substantially shorter 
timeframe than traditional epidemiological measurement programmes required. 

Refinement procedure 

Before refinement begins, the corpus is partitioned into a development split of 80% and a 
frozen test split of 20%. All refinement decisions are made on the development split only. 
The frozen test split is reserved for a single evaluation at the end of the refinement 
procedure, providing an uncontaminated measure of how the final grammar performs on 
interactions it has never been tuned against. 

Refinement proceeds in cycles using the development split. In each cycle, the structured-
fields model is estimated and its AUC compared to the whole-input model. Where the non-
inferiority criterion is unmet, the grammar is revised. Consider the following example: the 
structured-fields model consistently underperforms on predicting evidential alignment 
scores for lending interactions. Inspection reveals that the justification field is capturing 
'appeal to credit risk data' as a single category, when in practice some appeals cite specific 
regulatory guidance and others cite only internal underwriting assumptions. The whole-
output model picks up this distinction but the compressed field loses it. The refinement 
response is to create two separate justification categories: 'appeal to regulatory guidance', 
and 'appeal to internal underwriting assumption', so the grammar now captures a distinction 
that was previously invisible to the structured-fields model. In the next cycle, the AUC gap 
narrows. If it meets the non-inferiority criterion, the refined grammar version proceeds to 
the frozen test split. 
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Finally, a parsimony check runs alongside each cycle to guard against adding categories 
indiscriminately. Where a new field definition does not produce a commensurate 
improvement in AUC on internal cross-validation, it is rejected. This prevents the grammar 
from becoming so finely specified that it fits the development data perfectly but fails to 
generalise. A grammar that performs well on the development split but poorly on the frozen 
test split is diagnostic of exactly this problem, and the refinement history is re-evaluated to 
identify where over-specification has occurred. 

The refinement procedure therefore ensures the grammar reaches the standard required for 
prospective risk detection. A grammar that meets the non-inferiority criterion on both the 
development and frozen test splits produces alignment scores sufficiently reliable for 
governance use and provides the measurement foundation on which the epidemiological 
programme set out in Section 8 can build. 

7 The acknowledged disanalogy and threats to validity 

Although AI Epidemiology is grounded in epidemiological methodology, it differs from 
traditional epidemiology in ways that create specific challenges for practical deployment. 
This section acknowledges these differences directly. 

The acknowledged disanalogy: constructed outcomes 

The most fundamental difference is that our outcome variables are constructed rather than 
natural. In classical epidemiology, the outcome variable is a directly observable event: a 
death, a disease diagnosis, a physiological measurement. In AI Epidemiology, the 
outcome variables are LLM-generated alignment scores. These are not directly 
observable; they are produced by an automated scoring procedure subject to the biases 
described in Section 4. 

This disanalogy has two implications. First, the validity of the framework depends partly 
on the validity of the scoring procedure, which must be empirically established through 
the judge reliability sub-protocol rather than assumed. Second, the framework's 
prospective risk detection operates at one remove from the harms it ultimately aims to 
prevent: it detects alignment failures expected to predict expert overrides and 
downstream adverse outcomes, but the connection to objective downstream harms is not 
established by the concept paper and must be established by the empirical programme. 

Threats to validity 

Judge bias. If the judge systematically favours longer justifications, evidential alignment 
scores will be inflated for verbose outputs and deflated for concise ones, degrading 
predictive validity. The judge reliability sub-protocol detects this; the rubric anchors 
mitigate it by specifying that length is not a criterion. 
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Surveillance bias. In real deployments, not all cases are reviewed equally: high-stakes 
cases attract disproportionate review. This may produce artificially high apparent 
misalignment rates in the high-risk stratum, because experts scrutinise those cases more 
carefully. Stratification by risk level allows analysts to test for this pattern rather than 
absorbing it into undifferentiated population-level statistics. Operationally, surveillance 
bias is diagnosed by modelling override probability as a function of grammar fields with 
review intensity (cases reviewed per stratum per unit time) entered as an interaction term: 
a significant interaction between stratum and review intensity indicates that apparent 
misalignment is co-varying with attention rather than with the underlying signal. 

Temporal drift. Institutional policies change and guidelines are updated. A grammar 
calibrated to year-one policy may become systematically misaligned in year three without 
any change in the AI model. The refinement procedure's cross-validation scheme detects 
performance degradation over time; sustained degradation triggers rubric re-evaluation. 

Confounding by intervention. Once alignment scores are surfaced to experts, review 
practices may adjust: low-alignment outputs receive more scrutiny, leading to more 
overrides; high-alignment outputs receive less. The passive monitoring design, in which 
grammar fields are populated automatically and experts do not see the scores, prevents 
this confounding during data collection. 

Construct validity. Policy alignment score and evidential alignment score, even when 
reliably scored, may not capture the governance-relevant properties they are intended to 
measure. An output that scores high on policy alignment may still cause harm if the 
policy itself is inadequate. Construct validity requires the longitudinal connection to 
objective downstream outcomes that stage 3 of the empirical programme is designed to 
establish. 

8 The three-stage future programme 

AI Epidemiology is operationalised through a three-stage empirical programme forming a 
complete path from measurement feasibility to prospective risk detection. 

The precedent for staged empirical development is the Goldberger pellagra programme. 
In 1914, Goldberger observed that pellagra, which killed at least 100,000 Americans 
between 1907 and 1940 (Jarrow 2014), was correlated with dietary patterns rather than 
infectious exposure. Despite lacking mechanistic understanding, his pattern-based 
interventions were a resounding success: dietary improvements in Mississippi orphanages 
eliminated pellagra cases, and feeding brewer's yeast to 50,000 Mississippi flood 
survivors cured thousands and prevented new cases (Jarrow 2014; Mooney et al. 2014). 
The dietary patterns he identified subsequently directed researchers to the missing 
nutrient: Conrad Elvehjem identified niacin deficiency as the cause in 1937 (Jarrow 
2014), twenty-three years after Goldberger's initial observations. The three-stage 
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programme follows the same logic: establish measurement, demonstrate prediction, and 
ultimately connect predicted risks to observed outcomes. 

Stage 1: privacy-preserving risk triage (claim a) 

Stage 1 deploys the grammar across institutional partner sites with privacy-preserving 
infrastructure. The primary objective is to establish that measurement standardisation is 
achievable at scale in real institutional environments: that independent scorers, or suitably 
configured LLM judges following the rubrics, produce consistent policy alignment and 
evidential alignment scores across cases, domains, and institutions. The target is an 
intraclass correlation coefficient (ICC) of at least 0.70 for each outcome variable, 
representing good reliability suitable for epidemiological use (Koo and Li 2016). 

Privacy-preserving infrastructure ensures that raw conversational data remains solely 
with the deploying institution. The grammar's semantic compression addresses this 
requirement: structured mission, conclusion, justification, risk level, and outcome score 
values can be shared across institutions for cross-institutional analysis without sharing the 
underlying conversational text. This is both a privacy protection and a demonstration that 
the grammar's abstraction is sufficient for population-level analysis. 

Commercially, the grammar delivers a comprehensive audit trail from deployment by 
documenting every AI-institution interaction to satisfy regulatory compliance 
requirements. This ensures that institutions gain governance value before population-
level reliability patterns emerge, addressing the bootstrap challenge that foundational 
epidemiological studies operated under academic timelines while AI Epidemiology must 
present value to institutions within months. 

Stage 1 corresponds to claim (a): it tests whether the measurement instrument produces 
reliable output under real deployment conditions and establishes that the circularity is 
bounded. Its successful completion establishes that the judge applies the rubric 
consistently against the reference documents, and that different judges applying the same 
rubric to the same interaction reach consistent conclusions. 

Stage 2: prediction of expert overrides (claim b) 

Stage 2 tests whether grammar fields predict expert override behaviour at the individual 
interaction level. The primary analysis estimates the association between grammar fields 
and expert override using logistic regression with Holm-Bonferroni correction. DeLong's 
test on paired AUCs compares structured-fields prediction to whole-input prediction, 
with the pre-specified non-inferiority margin δ = 0.03. 

Stage 2 also tests whether exposure-outcome associations are consistent across risk level 
strata or vary by stratum. Strong associations in the high-stakes stratum and weak 
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associations in the low-stakes stratum would suggest that alignment scoring is most 
valuable where the consequences of error are greatest, which is the expected pattern and 
which can be tested by stratified Holm-Bonferroni analyses. 

Stage 2 corresponds to claim (b): it tests whether alignment scores predict the external 
validator (expert override). A positive result establishes that alignment scores track 
something human experts recognise as misalignment. A negative result calls for rubric 
revision rather than abandonment of the framework: it indicates the measurement 
instrument is not yet calibrated to what experts recognise as misalignment. 

Stage 3: true epidemiology (claim c) 

Stage 3 connects the framework to objective downstream outcomes in industries where 
such outcomes are observable: loan default in lending, case outcome or regulatory 
sanction in legal practice, patient adverse event or mortality in medicine. This is the AI 
Epidemiology analogue of outcome tracking in clinical epidemiology. 

Stage 3 is the critical test of construct validity. If alignment scores predict expert 
overrides (stage 2) and expert overrides predict downstream adverse outcomes (a 
condition stage 3 tests directly), the framework has demonstrated prospective risk 
detection from observable grammar fields to objective harms. The methodological 
challenge is confounding by mediation: adverse outcomes have many causes, and 
isolating the contribution of the AI interaction's grammar fields requires a design that can 
distinguish these contributions, such as an instrumental variable design where variation in 
AI output quality is exogenous to expert behaviour. 

Stage 3 also provides the data necessary to direct mechanistic interpretability research in 
the way that Goldberger's dietary pattern observations guided the search for niacin: by 
identifying specific failure patterns documented to cause harm, it directs researchers in 
mechanistic interpretability to examine the corresponding circuits; in SHAP and LIME to 
analyse feature importance in documented failures; and in chain-of-thought research to 
investigate why models cannot articulate the relevant distinctions. The governance goal 
and the scientific goal are therefore served simultaneously by the same structured data. 

 

9 Domain of applicability 

The framework's domain of applicability should be stated explicitly rather than left to be 
inferred from the examples. This section provides that statement. 

 

In scope 
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The framework is designed for high-stakes institutional decision-making settings in 
which AI outputs inform decisions made by accountable human reviewers against an 
applicable policy and evidence base. Three conditions jointly define in-scope settings. 
First, there must be an applicable policy corpus: a body of institutional policy, regulatory 
guidance, or professional guidelines that specifies what conclusions are appropriate for 
the mission type. Second, there must be an applicable evidence base: a domain with 
established expert practice supported by an identifiable corpus of authoritative sources. 
Third, there must be accountable human reviewers who can override AI outputs and 
whose override behaviour is observable. 

Settings meeting these conditions include clinical practice (medicine, nursing, pharmacy), 
regulated financial services (lending, insurance underwriting, investment advice), legal 
practice in regulated jurisdictions, and regulated public-sector decision-making (welfare 
eligibility, planning decisions, regulatory enforcement). These settings share the 
structural property that AI outputs are not the final decision: a human with professional 
accountability reviews the AI's recommendation and takes or overrides it. 

Out of scope 

Four categories of setting fall outside the framework's scope, and we state this directly. 

Open-ended creative tasks (content generation, creative writing, coding assistance 
without a specified correctness criterion) have no applicable policy corpus and no defined 
evidence base. Policy alignment and evidential alignment scores are not meaningful when 
there is no policy to align with and no evidence to be grounded in. 

Low-stakes consumer applications, where the potential harm from an incorrect AI output 
is below the threshold that justifies governance overhead, do not benefit from the 
framework's measurement infrastructure. The framework's deployment cost (judge 
infrastructure, taxonomy development, expert reviewer time) is justified only where the 
risk of misalignment is consequential. 

Applications where there is no reviewable expert practice against which alignment can be 
defined cannot be in scope. The framework's validation pathway depends on the 
existence of human experts whose override behaviour provides an external referent for 
the alignment scores; where no such expert practice exists, the validation chain is broken. 

Real-time interactive AI without expert review at the cadence of interaction (high-
frequency trading, real-time recommender systems, interactive chatbots without human-
in-the-loop review) falls outside the framework's governance model as specified. The 
measurement layer can be applied asynchronously to such systems, but the override-
validation step in claim (b) requires reviewable expert practice and has no foothold where 
review is structurally absent. 



23 
 

The framework provides a measurement instrument for those settings in which 
population-level governance is required because the stakes of misalignment are 
consequential, human reviewers are present and accountable, and a policy and evidence 
base against which alignment can be assessed exists, rather than a universal claim that 
interpretability or governance is required for all AI applications. These conditions are 
jointly necessary; where any one is absent, the framework falls outside its domain of 
applicability. 

The in-scope conditions carry institutional politics. Authorship of the applicable policy 
corpus is itself an institutional question: the corpus reflects the priorities of whichever 
body issues guidelines, and where multiple bodies issue conflicting guidance the 
framework's three-source hierarchy resolves the conflict procedurally while leaving the 
underlying contest over authority to be settled elsewhere. Jurisdictional variation in 
policy is an empirical pattern that mission-stratified analysis would surface, rather than a 
complication for the framework: the same mission type, scored against different 
jurisdictional policy corpora, will produce different alignment distributions, and that 
variation is itself a governance-relevant signal. The framework therefore presupposes the 
institutional conditions of high-stakes professional practice and inherits the contested 
politics of those conditions. 

10 Conclusion 

AI Epidemiology represents a fundamental shift in how institutions govern and explain 
AI systems at scale. Instead of attempting to understand model internal computations, AI 
Epidemiology takes the structured interaction as its unit of analysis and seeks to stratify 
and predict the risk of each output through population-level patterns. 

The framework advances three claims in sequence. Claim (a) is a measurement 
instrument claim: LLMs, under bounded conditions, can produce reliable assessments of 
policy alignment and evidential alignment. The grammar's field definitions, extraction 
protocols, and scoring rubrics are designed to satisfy the operating conditions under 
which the LLM-as-judge literature reports reliable automated scoring. Claim (b) is a 
validation-against-human-oversight claim: LLM-judged alignment scores can be 
validated against expert override patterns. Claim (c) is a validation-against-outcomes 
claim: alignment scores can be mapped against downstream objective outcomes, 
constituting epidemiology in the Bradford Hill sense. 

The structural circularity in using a black-box judge to evaluate black-box outputs is 
acknowledged and not minimised. Bounded conditions reduce the circularity by 
constraining the judge to a rubric and grounding it in reference documents; they do not 
break the circularity, because systematic biases persist. The three-stage empirical 
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programme progressively reduces the circularity by adding external referents at each 
stage. 

The framework's contribution is risk detection at the population level: structured, human-
comprehensible patterns of judgment about AI interactions that institutions can act on 
without access to model internals. This paper is towards AI Epidemiology because the 
full Bradford Hill standard requires claim (c), which the empirical programme has not yet 
established. Each stage adds an external referent and reduces the residual circularity. We 
are not yet at full epidemiology; we are moving toward it. 

In the tradition of Bradford Hill and Goldberger, AI Epidemiology pursues prospective 
intervention on the basis of observable associations, with the expectation that mechanistic 
understanding will follow as researchers use the framework's documented failure patterns 
to guide targeted interpretability research. Both the governance goal and the scientific 
goal are served: the institution gains prospective risk detection now, and the research 
community gains structured failure data to drive mechanistic discovery over the longer 
term. 
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