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Abstract

Background/Objectives:Al-assisted documentation and coding tools add diagnoses to
health records, and self-updating Al agents may soon learn from the codes they generate.
The objective was to develop a framework for asking whether such systems could distort
disease prevalence at population scale, and a measurement approach for detecting it. Meth-
ods: We specify a partially observable Markov decision process in which a coding agent
observes the administrative record exactly but clinical state only with delay and noise,
derives the conditions under which policy-gradient learning follows the administrative
reward, and states the general claim as a falsifiable hypothesis. We define the artificial
epidemiology divergence D(C) = P,(C) — P.(C) relative to an explicit clinical reference stan-
dard, relate it to sensitivity and specificity of administrative case definitions, and propose
five markers with falsification conditions. A pre-study on nine synthetic datasets (Synthea;
four US states; eight distinct populations, one of 11,475 and seven of about 3400 patients,
and one repeated generation with the same seed) measured D(C) for five metabolic con-
ditions without any Al coding process, with bootstrap intervals and sensitivity analyses,
and tested whether injected coding changes were detectable. Results: Under the primary
reference definition, D(C) was +0.041 (95% CI 0.036 to 0.045) for type 2 diabetes, —0.125
for hypertension, —0.191 for hyperlipidaemia and +0.314 for obesity, with consistent signs
across all populations. The magnitude, and for hypertension, hyperlipidaemia and obesity
the sign, depended on the reference definition. An injected upcoding of 5% per year was
detected as a change in the slope of D(C) in all populations, and an undercoding of 10% per
year in all populations. Conclusions: The baseline value of D(C) reflects the measurement
definition, and the operationally relevant quantity is its change under a fixed definition. The
synthetic results establish a measurement approach and its detection limits, not evidence
that AI causes prevalence distortion; computing D(C) on linked administrative and clinical
records around Al deployment is the necessary next step.

Keywords: artificial epidemiology; clinical coding; Al-assisted documentation; disease
prevalence; partially observable Markov decision process; misclassification; electronic
health records; health data governance
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1. Introduction

In a retrospective cohort of 20,302 primary care notes, Castro et al. found that Al-
scribed visits produced greater neuropsychiatric symptom documentation but a lower
likelihood of documented psychiatric interventions (adjusted OR 0.83, 95% CI 0.72 to
0.95) [1]. More documentation did not produce more clinical action. It produced more
administratively structured documentation. This pattern, in which Al amplifies the ad-
ministrative surface of clinical data while the clinical substance remains unchanged or
diminishes, is the starting point for the present paper.

The pattern now has a price. In September 2026 the Blue Cross Blue Shield Association
reported that hospitals had classified 55,158 additional inpatient cases as complex between
the first quarter of 2023 and the last quarter of 2025, adding about US$942 million in claims
costs over two years; 70% of the increase came from secondary diagnoses that move a
claim into a higher-paying diagnosis-related group without a corresponding increase in
clinical care [2]. Many of these diagnoses, such as hyponatraemia, unspecified acidosis
and acute posthaemorrhagic anaemia, can be derived from a single laboratory value, and
the association links their growth to Al-assisted revenue-cycle software that scans records
and laboratory data for codable findings [2]. Its central test is the one formalised in this
paper as the documentation-action gap: in the hospitals with the fastest coding growth,
posthaemorrhagic anaemia was coded in 13.7% of major bowel procedures against 9.9%
elsewhere, yet only 16.9% of the patients so coded received a transfusion, against 19.3% at
peer hospitals [2]. The American Hospital Association rejected the inference, noting that
the analysis did not review the underlying medical records, did not identify which claims
involved Al tools, and did not fully account for changing morbidity [3]. Both positions rest
on claims data, and neither can settle the question with claims data alone. The quantity in
dispute is the gap between what is coded and what is clinically present, which can only
be measured where coded data are linked to clinical evidence. An earlier version of the
present analysis was posted as a preprint in April 2026 [4].

The reification feedback loop [5] describes a self-reinforcing cycle in which docu-
mentation requirements generate coded data, coded data inform policy and Al training,
and policy creates new documentation requirements. Under human conditions, this loop
operates at human speed: its velocity is limited by the pace of clinical documentation, the
attentiveness of coding professionals, and the frequency of regulatory revision. The distor-
tions are real (Crespin et al. attributed up to two-thirds of the growth in highest-intensity
US hospital discharges in five states to upcoding [6]), but they accumulate incrementally
and remain, in principle, observable by external audit.

Self-evolving Al agents remove these speed limits. A new class of Al systems does
not merely learn from data but autonomously modifies its own architectures, memory
structures, and reasoning strategies in response to feedback [7]. In healthcare, such systems
are being prototyped for autonomous research workflows [8], biomedical reasoning [9],
and automated coding [10,11]. If such systems are deployed on data shaped by clinical-
administrative negotiation, the system’s outputs could become the training signal for its
own next iteration, and the feedback loop could close.

The objective of this study was to develop a framework that specifies when a self-
updating coding agent would follow administrative rather than clinical reward, to define a
measure of the resulting divergence between administrative and clinical prevalence, and
to determine, in synthetic populations without any Al coding process, the baseline of this
measure and the size of coding change it can detect. The study makes three contributions:
(1) a fully specified decision-process model that exposes the asymmetry between observ-
able administrative rewards and hidden clinical outcomes, together with the conditions
under which learning follows the administrative reward, stated as a falsifiable hypothesis
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(Section 3.2); (2) the artificial epidemiology divergence D(C), defined relative to an explicit
reference standard and related to established measures of coding accuracy and coding
intensity (Section 3.3); and (3) five experimental markers with a minimal empirical pro-
gramme, together with a pre-study on synthetic populations that measures the markers in
the absence of any Al coding process and determines how large an injected coding change
must be before it is detectable (Section 3.6, Section 3.7 and Section 4). Section 2 reviews
related work and states what is new in the framework, and Section 5 discusses what the
synthetic results can and cannot show, governance implications, and the conditions under
which the framework would be wrong.

2. Background and Related Work
2.1. From Bias Detection to Bias Amplification

The recognition that health algorithms encode structural bias is well established.
Obermeyer et al. showed that a commercial health risk prediction algorithm used health-
care costs as a proxy for health needs, producing racial bias that would have under-
referred 28.8 percentage points of Black patients relative to a clinically grounded model [12].
Chin et al. subsequently argued that bias enters at the problem formulation stage, not
merely through biased training data [13]. These contributions detect and characterise bias
in existing, static systems. Whether self-updating systems, which modify their behaviour
in response to feedback, might amplify such bias through recursive training on biased
outputs is the question this paper addresses.

Feedback loops that amplify initial biases are well documented in other algorithmic
domains. Recommender systems concentrate user engagement on narrowing content
clusters [14], and predictive policing models direct enforcement toward historically over-
surveilled areas, generating confirming arrests that reinforce the model’s predictions [15].
This literature establishes the general mechanism but does not address the healthcare-
specific features that make clinical-coding feedback loops distinctive: the availability
of independent clinical evidence as an external check, the regulatory structure of the
European Health Data Space, and the partial observability of clinical outcomes formalised
in Section 3.2.

2.2. When the Classification Becomes Ground Truth

Medical terminologies, from statistical classifications such as ICD to the description-
logic terminology SNOMED CT, do not merely organise health data but shape the systems
trained on it. Fries et al. showed that ontology-driven weak supervision uses ICD and
SNOMED CT categories to generate training labels for machine learning, elevating coding
artefacts to the status of ground truth [16]. Bossen and Pine found, ethnographically, that
clinical documentation integrity specialists modified physician documentation to align
with coding categories rather than clinical narratives [17]. Shumailov et al. demonstrated
the downstream consequence: models trained recursively on their own outputs undergo
“model collapse”, with rare events vanishing from the learned distribution [18]. In health-
care terms, under-coded conditions could progressively disappear from an Al system’s
learned world while well-coded conditions concentrate. None of these studies addresses
systems that modify their own relationship to the classification.

2.3. Self-Evolving Al Agents

Gao et al. surveyed self-evolving agents along three dimensions: what evolves (models,
memory, tools, architecture), when evolution occurs (within or between inference episodes),
and how the system evaluates its own modifications [7]. Two healthcare-adjacent proto-
types illustrate the trajectory. HealthFlow learns how to strategise about complex healthcare
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research tasks, distilling procedural successes and failures into a persistent knowledge
base [8]. STELLA develops an evolving library of reasoning templates for biomedical
research that improve with experience [9]. Neither system performs clinical coding, but
both demonstrate the architectural capability (level ¢ in Section 3.1) that would, if applied
to coding workflows, close the feedback loop.

2.4. Coding in General Practice

In daily general practice, the coding act is rarely a deliberate clinical decision. It is
a byproduct of documentation under time pressure, shaped by whichever autocomplete
suggestion the practice management system presents first, by the billing requirements of the
quarterly settlement, and by the coding habits inherited from predecessors in the practice.
In multi-physician centres (in Germany, the Medizinisches Versorgungszentrum, MVZ), this
effect compounds: coding conventions become organisational culture, transmitted through
shared templates and implicit norms rather than through explicit clinical reasoning. When
an Al system learns from these codes, it learns the sediment of many small negotiations
between clinical intent and administrative convenience, not clinical reality itself.

2.5. Axis of Novelty

A terminological clarification is needed at the outset. Tempest-Walters uses the phrase
“Al epidemiology” to describe the application of epidemiological surveillance methods
to Al outputs [19]. Our usage is the inverse: “artificial epidemiology” designates the
epidemiological artefacts that Al operating on administratively distorted health data could
create. The two concepts are complementary, not competing.

Two established lines of research measure the relation between codes and clinical
reality. Validation studies estimate the sensitivity and positive predictive value of adminis-
trative case definitions against chart review at one point in time [20,21], and coding-intensity
studies in health economics measure changes in coding relative to expected morbidity,
typically without a clinical reference [6,22,23]. Obermeyer et al. detected bias arising
from proxy selection in a static algorithm [12]; Fries et al. showed that coded categories
become ground truth for training labels [16]; Shumailov et al. demonstrated recursive
degradation in silico [18]; and Gao et al. surveyed self-evolution as a general capability [7].
To our knowledge, no prior work connects self-updating Al to the reification feedback
loop through a decision-process model and a divergence measure designed for repeated
measurement around deployment events. Table 1 summarises the comparison.

Table 1. Comparison of the present framework with the closest prior approaches.

. . Co.de Coding Obermeyer Fries Shumailov .
Dimension Valida- Inten- etal. [12] et al. [16] et al. [18] This Paper
tion [20,21]  sity [22,23] ' : :
Measures codes against clinical evidence Yes,.at one No Partial No No Yes,
time repeatedly
Measures change in coding over time No Yes No No No Yes
Models classification-to-training pipeline No No Partial Yes No Yes
Demonstrates recursive degradation No No No No Yes No
Models a learning coding agent No No No No No Yes (formal
model)
Empirically validated on real data Yes Yes Yes Yes Yes No

The individual components of the framework are established: partially observable
decision processes, policy-gradient learning, sensitivity and specificity of case definitions,
and segmented regression. What is new is how they are combined to answer a question
none of them addresses on its own. First, the proposition in Section 3.2 states a checkable

https:/ /doi.org/10.3390/medsci14070777


https://doi.org/10.3390/medsci14070777

Med. Sci. 2026, 14, 777

50f19

condition, the absence of covariance between the clinical return and the agent’s actions
within the policy update interval, under which the weight placed on clinical outcomes
has no effect on the expected learning direction of a coding agent; this turns the informal
claim that Al will optimise for billing into a hypothesis that deployment logs can falsify.
Second, D(C) is defined relative to an explicit reference standard and linked to sensitivity,
specificity and clinical prevalence by an exact identity (Section 3.3), which shows that its
level is fixed by the reference definition and that its change under a fixed definition is
the quantity to monitor. Third, injected coding changes and placebo deployment dates in
synthetic populations establish the detection limits of the markers before any real data are
analysed (Sections 3.7 and 4.5).

3. Materials and Methods

The study combines a theoretical framework (Sections 3.1 to 3.5), a set of experimental
markers with a minimal empirical programme (Section 3.6), and a pre-study on synthetic
data (Section 3.7).

3.1. Three Levels of Al Adaptability

The reification feedback loop [5] links documentation requirements, coded minimal
medical data sets, policy and Al training, and new documentation requirements. Under
human conditions, this loop is constrained by annual code updates, multi-year policy
cycles, and the cognitive limits of human coders.

We distinguish three levels of Al adaptability: (a) static models with periodic retraining,
where human teams curate data and retrain at discrete intervals; (b) dynamic models with
tool and memory adaptation, which update retrieval databases and prompt templates
between inference episodes without altering core architecture; and (c) self-updating agents,
which autonomously change their own policy, reasoning strategies and evaluation criteria
in response to feedback [7]. Level (c) closes the loop: the system’s outputs modify the data
on which its next iteration learns.

3.2. Decision-Process Model

We formalise the escalation as a partially observable Markov decision process
(POMDP) [24] in which a coding agent acts on a patient population. Every component of
the model is specified. Its parameters are not estimated here; Table 2 names the data from
which each could be estimated.

Table 2. Parameters of the decision-process model and data from which they could be estimated.

Parameter Meaning Data for Estimation

« Acceptance rate of Al code suggestions Deployment and audit logs of coding software

[y Retention of an existing code between periods Longitudinal claims or electronic health records

A Rate at which present conditions are coded without Pre-deployment linkage of claims with clinical
¢ Al evidence

Ke Change in treatment probability caused by a code Treatment rates among coded patients before and

after deployment
7,072 Delay and noise of the clinical feedback signal Registry linkage; time to readmission or laboratory
follow-up
Wa, We, Y Reward weights and discount Vendor configuration and documentation
Payer adaptation Frequency and scope of recalibration and audit Payer rule changes and recalibration cycles

State. At time t the state is s; = (x;, z¢). The clinical state x; records, for every patient i
and condition C, whether the condition is present (x; ¢ ; € {0, 1}) together with its severity.
The administrative state z; records which diagnosis codes are active in the patient’s record
(zic €10, 1}).
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Actions. At each step the agent chooses, for every patient-condition pair, whether to
propose a code, propose its removal, or leave the record unchanged, a; ¢ ; € {+1, —1, 0}. The
policy mg(a | o) is parameterised by 6.

Transitions. The transition kernel factorises into a clinical and an administrative part,
P(sir1 | sy, ar) = Pe(xp41 | xt, 2¢) - Po(zp41 | 24, X441, a¢). Clinical dynamics depend on
actions only through the record, because a coded diagnosis changes the probability of
treatment along the care pathway; xc denotes the increase in treatment probability that a
code produces. In the administrative kernel, a proposed code is accepted by the human
reviewer with probability «, an existing code is retained from one period to the next with
probability p, and codes also arise from ordinary clinical documentation at rate Ac for
patients in whom the condition is present.

Observation. The agent observes o; = (z¢, y;—): the full administrative record, and
a clinical signal y = g(x) + ¢ that arrives with delay T and noise ¢ ~ N(0, ¢?), such as
readmissions, laboratory follow-up or patient-reported outcomes. The observation function
O(o; | st) is therefore exact for the administrative component and delayed and noisy for
the clinical component. This asymmetry is the core of the model.

Reward. The reward is r; = w,; R,(z¢) + we Rc(x¢), with w,, w, > 0, where R, is the
administrative return of the coded record (reimbursement, quality-metric attainment) and
R, the clinical value of the care delivered. The agent receives R,(z;) without delay but only
an estimate of the clinical component, RC,t = R¢(x¢—7) + #+. Returns are discounted with
factor 7.

Learning. A level (c) system updates its own policy from experience. We take a
policy-gradient update as the representative case [25], 6,11 =6 + V], with V] =V log
mg(a | o) (w,; G, + we Gc), where G, and G, are the administrative and the estimated clinical
return that follow the action.

Proposition. Suppose that, over the interval between policy updates, the estimated
clinical return G, is uncorrelated with the score V log mg(a | o). Delay and noise do not by
themselves imply this assumption. Delay implies it only when the clinical consequences of
an action arrive after the update in which the action is evaluated and are not credited back
to it. Noise that is independent of the action leaves the covariance unchanged in expectation
and acts on the variance of the estimated update instead, which is the case treated in the
last sentence of this paragraph. Then E[V]] = w, E[V log 7y G,]: the expected update
follows the administrative objective alone, for any w,, provided w, > 0. Derivation. E[V log
1ty Ge] = Cov(V log m, Go) + E[V log 9] E[G.]. The first term is zero by assumption, and
the second is zero because the score has expectation zero under the policy. If the covariance
is positive but small, the update combines both objectives, and the administrative direction
dominates while w, ||V ],|| exceeds w, times the clinical signal-to-noise ratio times || V]||.

Hypothesis. The proposition is conditional: it shows what follows if the clinical
return does not covary with the agent’s actions at the timescale of learning. Whether that
condition holds in deployed coding systems is an empirical question that the proposition
does not answer. We therefore state the general claim as a hypothesis. H1: in deployed
self-updating coding systems, the clinical signal available at the timescale of policy updates
is too delayed or too noisy to counterbalance the administrative signal, so that coding drifts
toward administrative optimisation. H1 is falsified if AD(C)/ At after deployment does not
differ from matched sites without such systems (Section 3.6).

Stationary or adaptive reward. The proposition treats R, as fixed. In practice the
payer responds: diagnosis-related group weights are recalibrated, risk-adjustment schemes
apply coding-intensity adjustments, and audits target coding patterns that have become
conspicuous [22,23]. The administrative reward is then the outcome of a repeated game
between coding agent and payer rather than a stationary target. In addition, the agent’s own
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codes alter the data from which future rewards and training labels are computed, which is
the setting of performative prediction [26]. Two consequences follow. Payer adaptation
can remove the gain from a specific, detected coding pattern, but it does not remove the
observability asymmetry, so the gradient is redirected toward patterns that are not yet
audited, as Goodhart’s law describes for optimised proxies [27], rather than eliminated.
And the divergence is then expected to move between conditions over time rather than to
grow in a single one, so that monitoring must cover a set of sentinel conditions.

POMDPs are established in healthcare for treatment optimisation, where they model
hidden disease states with therapeutic actions. The inversion here is distinctive: the hidden
state is clinical reality, the actions are documentary rather than therapeutic, and the agent’s
actions modify the observation space on which it subsequently learns.

3.3. The Artificial Epidemiology Divergence

The term artificial epidemiology and the notation D(C) = P,(C) — P.(C) were intro-
duced in [5] to designate the biased population health picture that can emerge when Al
systems learn from data shaped by clinical-administrative negotiation. Here we define
D(C) precisely, relate it to established measures, and specify how it is measured.

Definition 1. For a clinical condition C and a reference standard R, the artificial epidemiology
divergence is D(C | R) = Py(C) — P.(C | R), where P,(C) is the administrative prevalence (patients
with an active code from a specified code set) and P.(C | R) is the clinical prevalence (patients who
meet R). R fixes the clinical criteria, the treatment criteria and the time window.

D(C) > 0 indicates administrative over-representation and D(C) < 0 administrative
under-representation relative to R. Because P, is defined by R, every reported value of D(C)
is accompanied by its reference definition.

Relation to code validation. If Se and Sp denote the sensitivity and specificity of the
code against R, then P; =Se - P. + (1 — Sp)(1 — P.), and hence D(C | R) =(1 — Sp)(1 — P)
— (1 — Se) P;. In counts, D(C | R) equals the number of patients who are coded but do
not meet R, minus the number who meet R but are not coded, divided by the population
size. D(C) is therefore a net summary of the same two-by-two table that validation studies
of administrative case definitions report against chart review [20,21,28]. It differs from
those studies in three respects. First, it is a population-level net quantity in which errors in
opposite directions cancel; it is therefore always reported together with its two components.
Second, it is designed for repeated measurement under a fixed reference. An offset that
arises from the choice of R, for example, from comparing a diagnosis code with a single
laboratory threshold, cancels in AD(C | R)/At only while it is constant over time, whereas
a change in coding behaviour does not cancel. A fixed reference definition does not by itself
keep the offset constant: by the identity above, it depends on P, Se and Sp, which change
when the age structure or morbidity of the population changes or when testing patterns
change, since a laboratory-based reference counts only those who are tested. Changes
in D(C I R) are therefore interpreted together with the testing rate and the population
structure, standardised where these change, and compared with matched sites. Third,
it differs from coding-intensity measures, which compare coding over time or between
providers against expected morbidity [6,22,23]: D(C) requires linked clinical evidence and
in exchange separates more coding from more disease.

Ascertainment. P. can only count patients who were tested, and testing may itself
follow a diagnosis code. The share of the population with a qualifying measurement is
therefore reported with every estimate.

Illustrative example. Hang et al. found that administrative coding of suicide attempts
in an Australian emergency minimum dataset achieved 25% sensitivity against medical
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record review [29]. If the clinical prevalence of documented suicide attempts were 2.5% and
false-positive coding negligible, administrative prevalence would be about 0.625%, yielding
D(C) = —1.875 percentage points. The example uses published sensitivity data rather than
original analysis and shows why D(C) is used as a monitoring indicator, tracking AD(C)/At
around deployment, rather than as a prevalence estimate.

Without self-updating Al, D(C) changes at human speed, driven by annual code
updates, policy revisions, and shifting institutional incentives. With self-updating Al,
D(C) may shift continuously, asymmetrically and without external visibility, as the system
updates its policy between encounters.

3.4. Strange Loops and Requisite Variety

Ashby’s law of requisite variety provides the information-theoretic constraint: effective
regulation requires that the regulator’s variety matches the variety of the system being
regulated [30]. Standardised coding reduces variety, compressing clinical experience into a
finite set of categorical codes. A self-updating system operating within this reduced variety
space optimises for the categories that exist, concentrating its outputs on well-coded, well-
reimbursed conditions. Conditions lacking adequate categorical representation can become
progressively invisible; this is the mechanism through which D(C) < 0 conditions are
expected to worsen.

Hofstadter’s strange loop describes the self-referential structure [31]: Al trained on
coded data produces documentation that becomes coded data that trains the next iteration.
Luhmann’s concept of autopoiesis describes systems that reproduce the conditions of their
own existence through their own operations [32]. Zénnchen et al. examined whether large
language models can be understood as autopoietic in Luhmann’s sense and concluded
that the frame is productive but analogical rather than literal [33]; we adopt their caution
and do not resolve whether the healthcare case constitutes autopoiesis in Maturana and
Varela’s biological sense [34]. The empirical predictions in Section 3.6 rest solely on the
observability asymmetry (Section 3.2) and the recursive training mechanism [18].

3.5. Threats to Validity

T1. Confounders. Secular coding trends, regulatory changes such as annual code
revisions and diagnosis-related group recalibration, and demographic shifts could produce
D(C) patterns indistinguishable from Al-driven artificial epidemiology. Any empirical test
requires matched non-Al control sites and interrupted time-series designs.

T2. Marker non-specificity. Code distribution convergence and comorbidity inflation
may reflect guideline revisions, new screening programmes, or changing disease prevalence.
The falsification conditions in Section 3.6 address this, and Section 4.5 reports the size of
change detectable against variation without intervention in synthetic data.

T3. Reference availability. For conditions without an independent clinical refer-
ence (many primary care presentations, functional somatic syndromes, subclinical mental
health conditions), D(C) cannot be computed. These are likely among the conditions most
vulnerable to artificial epidemiology.

T4. Reference dependence. D(C) depends on the reference definition R (Section 4.3).
Comparisons are valid only under a fixed R, and the baseline value carries no information
about coding quality on its own.

T5. Non-parameterisation. The decision-process model is specified but not parame-
terised. It yields a conditional statement and a hypothesis, not quantitative predictions.
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3.6. Experimental Markers and Minimal Empirical Programme

We propose five markers that can be tested with existing data infrastructure (claims
databases, clinical registries, Al deployment logs). For each marker we state the measure-
ment, the expected observation under H1, and a falsification condition.

Marker 1: Code distribution convergence. Measured as the Jensen-Shannon diver-
gence (base 2, bounded between 0 and 1) between the distribution of a fixed set of codes
in period t and in a pre-deployment reference period. The Kullback-Leibler divergence
is asymmetric and undefined when a code that appears after deployment is absent from
the reference period; we therefore use its symmetric, bounded form, with a constant of
0.5 added to every cell. Under H1 the distribution should shift toward high-reimbursement
codes, as the model-collapse findings predict [18]. Control and falsification: the same shift in
matched non-Al sites (difference in differences), or at placebo deployment dates.

Marker 2: Comorbidity inflation. The ratio of observed to expected co-occurrence for
billing-relevant code pairs. Under H1 the ratio should rise after AI deployment without
corresponding changes in clinical evidence. Falsification: clinical evidence confirms a
genuine increase in comorbidity.

Marker 3: Documentation-action gap. The change in treatment rates among coded
patients, measured against matched sites or the site’s own pre-deployment period, not
the absolute share of untreated coded patients. Absence of treatment is not evidence
of miscoding: lifestyle management, contraindications, controlled disease and patient
preference all explain untreated diagnoses, and treatment without a code also occurs
(Section 4.4). Under H1, coded diagnoses should increase while treatment rates among
the coded fall, as observed by Castro et al. [1] and in the diagnosis—treatment discordance
reported in [2]. Falsification: documentation and treatment change proportionally.

Marker 4: Equity divergence. The difference in D(C | R) between population sub-
groups. Under H1, D(C) should widen asymmetrically, with larger positive D(C) in well-
resourced populations and larger negative D(C) in underserved populations. Falsification:
D(C) shifts uniformly across subgroups.

Marker 5: Temporal acceleration. The change in the slope of D(C | R) at deployment,
estimated by segmented regression. Under H1 the slope should change after deployment.
Falsification: the change in slope does not exceed that at placebo dates or at matched sites.

Three study designs could operationalise these markers. (1) A before-after analysis at a
site deploying Al-assisted coding compares code distributions, comorbidity co-occurrence,
treatment rates and D(C) in the periods before and after go-live, using an interrupted
time series. (2) Where several sites adopt Al coding at different times, an event-study
design uses staggered adoption as a natural experiment, with sentinel conditions that have
laboratory or registry evidence (diabetes, hypertension, cancer, acute myocardial infarction)
as anchors. (3) A cross-site comparison of Al-adopting and matched non-AlI sites tests
whether the markers change more in Al sites. Designs (1) to (3) can be conducted with
pseudonymised linked records or aggregate statistics within the secondary-use provisions
of the European Health Data Space [35].

3.7. Pre-Study on Synthetic Populations

The pre-study had two aims: to measure D(C) and the markers in data that contain
no Al coding process, which shows the baseline against which any Al effect would have
to be detected, and to determine how large an injected coding change must be before it is
detectable. It does not test H1.

Rationale for synthetic data. Synthetic electronic health records are an accepted means
of developing and testing analytic methods before access to clinical data is granted, and the
validity of Synthea for this purpose has been examined against clinical quality measures [36].
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Real-world claims linked with clinical evidence, which are needed to compute D(C) directly,
require institutional data access agreements that were not available for this study. Synthetic
data also offer what real data cannot: a known generating process without billing incentives
or Al coding. Every divergence they contain is therefore a property of the measurement
construct, which makes them the appropriate negative control for the markers, and the
synthetic baseline can later be compared with real data to show where the generator departs
from clinical practice.

Populations. We used Synthea [37,38], master branch, commit aa0772fb of 5 March 2026,
with all modules enabled, a reference date of 22 March 2026 and ten years of exported history.
The primary population (Massachusetts, seed 1774160093279) comprises 11,475 patients.
Eight further populations of 3000 living patients each (about 3400 including deceased) were
generated with seeds 101 to 104 for Massachusetts and 201 to 203 for Texas, Ohio and
Washington. One Texas population was generated twice with the same seed on two computers
(Java 17 and Java 21) to quantify variation that arises from the generator alone: the two runs
shared 3334 of 3342 patient identifiers but were not identical. The nine datasets therefore
comprise eight distinct populations and one repeated generation with the same seed; they
are not nine independent replications, and counts and ranges across the nine datasets are
descriptive. All data are synthetic.

Cohort. For each population, the analysis cohort comprised patients aged 18 years
or older who were alive at the reference date and had at least one encounter in the three
preceding years.

Code sets. Administrative prevalence P,(C) counted patients with a code from an
explicit SNOMED CT code set that was active in the window (onset before the reference
date and no resolution before the start of the window). The code sets are listed in Table S1:
diabetes comprised type 1 and type 2 diabetes mellitus and their complications, and
excluded prediabetes, which was analysed as a separate condition.

Reference definitions. The primary reference R combined laboratory evidence and
treatment (Table 3). Diabetes: last HbAlc in the window > 6.5%, any HbAlc > 6.5% before
the reference date, or an active glucose-lowering drug other than metformin (metformin
was excluded because Synthea prescribes it for prediabetes). Prediabetes: last HbAlc 5.7%
to 6.4% in the window, without meeting the diabetes definition. Hypertension: last systolic
blood pressure > 140 mmHg or diastolic > 90 mmHg, or an active antihypertensive drug
from the angiotensin-converting enzyme inhibitor, angiotensin receptor blocker, thiazide
or calcium channel blocker classes. Hyperlipidaemia: last total cholesterol > 240 mg/dL
or LDL cholesterol > 160 mg/dL, or an active statin. Obesity: last body mass index >
30 kg/m?. Sensitivity analyses varied the definition (laboratory value only; two values
above the threshold), the threshold (Table 3), the window (one and five years), and the
administrative definition (codes ever recorded).

Table 3. Reference definitions for the clinical prevalence P.(C | R).

Condition Primary Reference R Threshold Sensitivity

Diabetes Last HbAlc > 6.5% in window, or any HbAlc > 6.5"/.0 before, or glucose-lowering HbA1c 6.0%, 7.0%
drug other than metformin

Prediabetes Last HbAlc 5.7% to 6.4% in window, not meeting the diabetes reference none

Hypertension Last systolic > 140 or diastolic > 90 mmHg, or antihypertensive drug 130/80, 150/95 mmHg

Hyperlipidaemia Last total cholesterol > 240 or LDL > 160 mg/dL, or statin 200/130,280/190 mg/dL

Obesity Last body mass index > 30 kg/m? 27,35 kg/m?

Analyses. For each condition, we report P, P;, D(C) with a 95% bootstrap interval
(1000 patient-level resamples), the coded-only and clinical-only counts, the sensitivity and
positive predictive value of the code against R, and the share of the cohort with a qualifying
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measurement. Coded-only patients were further classified as having met the threshold only
before the window, having no measurement in the window, or having been measured below
the threshold. Marker 2 was computed as observed over expected co-occurrence for all
pairs of the five conditions. Marker 3 was computed as the share of patients with a diabetes
code without any glucose-lowering drug, stratified by last HbAlc, and correspondingly for
hypertension and hyperlipidaemia. Marker 4 was computed as D(C) by race and ethnicity
and by income tertile. Markers 1 and 5 were computed on yearly data for 2017 to 2025,
the full calendar years within the export window: D(C) per year for the cohort with an
encounter in that year, with a three-year laboratory window, and the Jensen-Shannon
divergence of the sentinel code distribution against the first year.

Injected coding scenarios. To test detectability, two coding changes were injected from a
deployment year of 2021. In the upcoding scenario, each year a fraction f of cohort patients
with an HbAlc of 5.7% to 6.4% and no diabetes code received a diabetes code, which was
retained in later years. In the undercoding scenario, each year a fraction f of patients coded
with hypertension lost the code. Fractions were 5%, 10% and 20% per year. The detection
statistic was the difference between the post- and pre-deployment slopes of D(C), and the
null distribution was formed by the same statistic at placebo deployment years (2019 to 2022)
in the data without injection, across all populations. A scenario counted as detected in a
population when its slope change exceeded the largest absolute placebo value.

Software and reproducibility. Analyses used Python 3.14.2 with pandas 3.0.0 and
NumPy 2.4.2 for six populations and Python 3.12.3 with pandas 3.1.0 and NumPy 2.5.4
for the three datasets analysed on the second computer (Ohio, Washington and the Texas
generation with Java 21); the random seed for bootstrap and scenarios was 20261029, with
one generator per population. Code, code sets and aggregate results are provided in the
Supplementary Materials (Data Availability Statement).

Use of generative Al Generative Al tools (Claude, Anthropic) were used for literature
search support, formatting assistance and generation of the analysis code. All scientific
content, theoretical arguments, the decision-process formalisation, the design of the D(C)
metric and clinical interpretation were produced by the authors, who take full responsibility
for the work.

4. Results
4.1. Populations

The primary analysis cohort comprised 7836 adults; the eight further cohorts com-
prised 2222 to 2390 adults each.

4.2. Divergence Under the Primary Reference

Table 4 reports D(C) under the primary reference. Diabetes showed a positive di-
vergence of +0.041, hypertension and hyperlipidaemia negative divergences of —0.125
and —0.191, and obesity the largest positive divergence, +0.314. The sign of D(C) was the
same in all nine datasets for every condition, and the range across populations was narrow
relative to the differences between conditions.

The components show where the divergences come from. Of the 319 patients coded
with diabetes who did not meet the reference, 173 had no HbAlc measurement in the
window and 146 had been measured below 6.5% without any value at or above it; the
diabetes module of the generator assigns the diagnosis through criteria that a single HbAlc
threshold does not capture. Only 48% of the cohort had an HbAlc measurement in the
window so that P for diabetes and prediabetes is bounded by ascertainment. Of the 2515
patients coded with obesity who did not meet the reference, 1380 had a body mass index
of 30 kg/m? or more before the window and 1135 had a last value below 30 kg/m? in the
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window: the code was retained after the measured value fell, which corresponds to the
retention parameter p of the model. Of the 979 clinical-only patients for hypertension, 826
met the reference through a single last blood pressure reading alone; of the 1495 clinical-
only patients for hyperlipidaemia, 848 received a statin without a hyperlipidaemia code,
consistent with preventive prescribing.

Table 4. Artificial epidemiology divergence under the primary reference definition. Primary popula-
tion (Massachusetts, n = 7836), with the range of D(C) across all nine populations.

Condition P. P. D(O@©5%CD CodedOnly ClinicalOnly SeofCode PPV ofCode Tested 0(C)Range of
9 Populations
. +0.041 (0.036 o +0.035 to
Diabetes 0.153  0.112 t0 0.045) 319 0 1.00 0.73 48% +0.049
. +0.096 (0.089 o +0.087 to
Prediabetes 0.450  0.354 0 0.103) 782 29 0.99 0.78 48% +0.100
0% —0.132t
Hypertension 0.253  0.378 (—0.132 to 0 979 0.67 1.00 100% 7'0 1050
~0.118) :
P ~0213
Hyperlipidaemia  0.111  0.301 (—0.199 to 0 1,495 0.37 1.00 73% 0 1740
~0.182) -
. +0.314 (0.303 o, +0.294 to
Obesity 0.569  0.255 t0 0.324) 2,515 54 0.97 0.44 100% +0.334
Se, sensitivity; PPV, positive predictive value; Tested, share of the cohort with a qualifying measure-
ment in the window.
4.3. Dependence on the Reference Definition
Figure 1 shows D(C) under each alternative reference definition in all populations.
For diabetes, D(C) ranged from —0.321 to +0.129 across definitions, and became strongly
negative at an HbAlc threshold of 6.0%, which counts most patients with prediabetes as
clinical cases. For hypertension, D(C) was negative under the primary reference but positive
when only laboratory values were used (+0.042 to +0.075), because the primary reference
counts treated patients and the laboratory-only reference does not; across thresholds it
ranged from —0.427 to —0.035. Hyperlipidaemia changed sign in the same way. For obesity,
D(C) ranged from —0.257 to +0.553 between thresholds of 27 and 35 kg/ m?2. The time
window had little influence. The baseline value of D(C) is therefore a property of the pair
of the code set and reference definition, not of the population alone.
Diabetes Hypertension Hyperlipidaemia Obesity
Composite (primary) - ° - ° - ° 4 °
Last value only - ®| - ° e ° g °
Two values - o - o oo| °
1-year window - ° E ° - ° 4 °
5-year window - ° s ° - ° _ °
Lower threshold q® e . H®
Higher threshold - ° e ° e ° - °
T T T T T T T
-0.2 0.0 -04 -0.2 0.0 -0.2 0.0 —-0.25 0.00 0.25 0.50

D(C) D(C) D(C)
Figure 1. D(C) under alternative reference definitions for four conditions. Each point is one popula-

tion; the primary population is shown in dark blue. The composite reference is the primary definition;

“last value only” and “two values” use laboratory or vital-sign evidence without treatment; lower

and higher thresholds vary the cut-off of the composite reference as listed in Table 3.
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4.4. Markers 2 to 4 in the Absence of AI Coding

Comorbidity (Marker 2). All ten pairs of conditions co-occurred more often than ex-
pected under independence, with ratios from 1.24 to 3.30; the highest was diabetes with
hypertension (2.92 to 3.30). In data without coding incentives this reflects the generator’s
disease clustering and establishes the baseline that a change after deployment would have
to exceed.

Documentation-action gap (Marker 3). In the primary population, 388 of 1198 patients coded
with diabetes (32.4%; 32.1% to 36.6% across populations) had no active glucose-lowering
drug. Of these, 201 had a last HbAlc of 6.5% or more, 14 a last value below 6.5%, and
173 no measurement in the window. Every patient coded with hypertension received an
antihypertensive drug, and all but one coded with hyperlipidaemia received a statin. In the
generator, the untreated coded diabetes cases arise from its care pathways, not from miscoding,
which illustrates why Marker 3 is defined as a change rather than as an absolute share.

Equity divergence (Marker 4). Differences in D(C) between subgroups were moderate
relative to the differences between conditions. Across populations, the span between the
highest and lowest subgroup D(C) (groups of at least 200 patients) was at most 0.080 by
race and ethnicity and at most 0.087 by income tertile. Synthea models some demographic
differences in disease incidence but no differences in coding behaviour, so these values
represent the subgroup heterogeneity that exists without any coding bias.

4.5. Markers 1 and 5: Detection of Injected Coding Change

Without injection, the yearly D(C) for diabetes changed little between 2017 and 2025,
and the absolute change in slope at placebo deployment years did not exceed 0.0026 per
year for diabetes and 0.0116 per year for hypertension across all populations (Figure 2).
Injected upcoding of prediabetes to diabetes changed the slope of D(C) by 0.013 to 0.017
per year at 5% per year, 0.022 to 0.026 at 10% and 0.035 to 0.041 at 20% and was detected
in 9 of 9 populations at 5% per year. Injected loss of hypertension codes changed the
slope by —0.010 to —0.004 at 5% per year, which did not exceed the largest placebo value
(0 of 9 populations detected), although the cumulative departure from the populations
without injection was visible by 2025 (Figure 2), and by —0.021 to —0.014 at 10% per year,
detected in 9 of 9 populations. The Jensen-Shannon divergence of the code distribution in
2025 against 2017 was 0.0007 to 0.0014 bits without injection and rose to 0.0204 to 0.0251
bits under 20% upcoding and to 0.0016 to 0.0028 bits under 5% undercoding.

Diabetes: upcoding of prediabetes Hypertension: loss of codes

0.25 4 Upcoding 5%/year —0.100 +
= Upcoding 10%/year |
—— Upcoding 20%/year -0.125
0.20 1 ~0.150 -
—-0.175 A
O 0.15 A o
= = -0.200
—0.225 A
0.10 A
—0.250 ~ Undercoding 5%/year :
0.05 - —0.275 4 — Undercoding 10%/year
! = Undercoding 20%/year!
T T - T T —0.300 - T T " T T
2018 2020 2022 2024 2018 2020 2022 2024
Year Year

Figure 2. Yearly D(C) from 2017 to 2025. Grey lines, all populations without injected coding change;
coloured lines, primary population with injected upcoding of prediabetes to diabetes (left) or loss of
hypertension codes (right) at 5%, 10% and 20% per year from 2021 (dashed line).
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5. Discussion
5.1. What the Synthetic Pre-Study Shows and What It Cannot Show

The pre-study separates two kinds of divergence that the framework must keep apart.
The first is construct divergence: the gap between a diagnosis code and a laboratory- or
treatment-based reference that exists without any Al or billing incentive. In the synthetic
populations it arises mechanically from the difference between single-measurement thresholds
and the multifactorial logic by which the generator assigns diagnoses, from the retention of
codes after measured values change, from ascertainment limited to those tested, and from
treatment given for indications other than the coded condition. Its size and even its sign
depend on the reference definition. The second is change in coding behaviour, which the
framework attributes to administrative optimisation and which, in real data, would add to
the construct divergence. The synthetic data contain only the first kind. The divergences
reported here therefore say nothing about Al, about billing, or about the financially motivated
negotiation of codes that is the substance of the theory. They show what any comparison of
codes with clinical evidence will find before Al enters the picture, and that the second kind
becomes detectable against this baseline once it exceeds a certain size.

This separation answers the principal methodological objection to D(C) as a level: a
positive or negative D(C) at one point in time cannot be read as evidence of upcoding or
undercoding. The quantity that carries the information is the change in D(C) under a fixed
reference, which removes the construct offset as long as population characteristics and testing
patterns remain stable (Section 3.3). In the synthetic data, an upcoding of 5% of eligible
patients per year was detectable within a few years, while a loss of 5% of codes per year was
not; the detection limit is asymmetric because the two scenarios act on populations of different
size and against different background variation. Real data will be noisier than synthetic data,
so these limits are lower bounds on the effect sizes that real studies would need.

The payer analysis described in the Introduction [2] provides a large-scale real-world
observation of the documentation-action pattern in claims, but, as its critics note [3], claims
alone cannot separate legitimate from artefactual diagnoses. Computing the change in D(C)
on linked administrative and clinical records, at sites that deploy Al coding and at matched
sites that do not, is the step that would resolve that dispute.

5.2. When the Feedback Loop Does Not Apply

Three conditions may attenuate or prevent artificial epidemiology. Clinical registries
with independent data collection, such as cancer registries and disease-specific cohorts,
maintain P(C) independently of billing processes, making D(C) monitorable. Single-payer
systems with salaried physicians and clinical coding audits attenuate the financial incentive,
although documentation burden and diagnostic pressure remain. Al systems built on dual-
track architectures such as openEHR [39] maintain separate clinical and administrative
layers. Fairness constraints and bias detection [12,13] are sufficient while the loop is open
(static AI with human coding review); they become insufficient when the loop closes,
because the bias is then a dynamic property of the system rather than a fixed property
of the training data. Architectures that permanently eliminate uncertain hypotheses are
structurally aligned with administrative optimisation, whereas architectures that preserve
them through strategic dormancy, as in the EMoT reasoning architecture [40], maintain the
variety needed for clinical-first governance.

5.3. Conditions Under Which the Framework Would Be Wrong

The framework rests on falsifiable premises. If clinical feedback is timely and precise
enough at the timescale of policy updates, the condition of the proposition fails and H1
does not follow. If self-updating clinical Al systems remain constrained to human-reviewed
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rule sets, so that their outputs never feed back into their own training data, the loop does
not close. If production systems are retrained only on fresh, externally curated data, the
recursive degradation mechanism [18] does not apply. And if, in linked real-world data, the
change in D(C) after Al deployment does not exceed that at matched sites, H1 is falsified.
Under any of these conditions, the existing toolkit of code validation, coding audit and bias
detection would remain adequate.

5.4. Implications for the European Health Data Space

The European Health Data Space regulation establishes cross-border secondary use of
health data, explicitly including Al training; its provisions on secondary use apply from
26 March 2029, with some data categories following in 2031 [35]. It addresses data quality in
terms of completeness, consistency and timeliness but does not distinguish between clinical
and administrative data quality. D(C) may vary substantially by member state: a statutory
health insurance system with strong billing incentives may produce different D(C) profiles
from a single-payer system. Health Data Access Bodies could require that datasets made
available for secondary use report D(C | R) for sentinel conditions with a stated reference
definition so that users can see how coded and clinical prevalence relate and whether that
relation changes. In systems where reporting targets rather than reimbursement shape
coding, the relevant asymmetry may involve performance indicators rather than financial
incentives, but the structural logic may still hold.

5.5. Implications for General Practice

A solo practitioner in a rural setting codes under different constraints than a physician
in a managed centre with dedicated coding staff. A substantial proportion of office-based
physicians in Germany still practise in solo or small-group settings [41], while larger
centres increasingly deploy Al-assisted documentation with standardised coding pipelines.
If Al decision support is sensitive to coding framing, the quality of Al-assisted care may
vary with the administrative infrastructure around the physician rather than with clinical
competence. The framework offers a way to measure whether this structural difference
translates into differential coding drift.

From the practitioner’s perspective, the most actionable point is not the existence of
coding-system bias, which most experienced general practitioners would consider unsurpris-
ing, but its invisibility to the clinician using the tool. A physician receiving an Al-generated
suggestion cannot know whether it was influenced by the coding system in which the patient’s
history was recorded. Governance responses therefore need an architectural component: cer-
tification of clinical Al could include coding-robustness testing, analogous to the bias and
data-governance requirements for high-risk Al systems under the EU Al Act [42], and moni-
toring of the change in D(C) could serve as one component of such testing.

5.6. Limitations

First, the decision-process model is specified but not parameterised, and its central claim
is a conditional proposition and a hypothesis, not a demonstrated property of deployed sys-
tems. Second, the pre-study uses synthetic data without any Al coding process; it establishes
the measurement approach, its baseline and its detection limits, and cannot show that Al
produces prevalence divergence. Third, the generator assigns diagnoses through its own
clinical modules, so that construct divergences in synthetic data need not resemble those in
real records, and the injected scenarios are deliberately simple. Fourth, the synthetic popula-
tions are not representative of any real population. They come from one generator, whose
demographic inputs and disease modules are based on US data and clinical guidelines, and
from four US states; they do not reflect the age structure, care pathways, coding systems or
reimbursement rules of European health systems, nor the documentation habits of individual
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clinicians and practices. The values of D(C) reported here are therefore not estimates for any
real population but a negative control for the measurement approach. In addition, seeds
reproduce populations closely but not identically across computing environments. Fifth, the
clinical references use laboratory values, vital signs and drug classes and therefore inherit
their limits: treated patients with normal values, preventive prescribing, and conditions that
are measured only in those tested. Sixth, conditions without independent clinical evidence
cannot be monitored with D(C) (T3). Seventh, the financial incentive component applies
most to systems with strong billing incentives; in low- and middle-income countries the loop
may operate through public health reporting or donor-driven data requirements. Eighth,
self-updating Al systems in healthcare are research prototypes [8,9], and the argument about
their deployment is prospective. Finally, the payer analysis cited [2] is a claims-based report
by an interested party and has been contested [3]; it is used here as an observation of the
pattern, not as validation of the framework.

5.7. Future Work

Four lines of work follow from this study. First, the change in D(C | R) should be
computed on linked administrative and clinical records around the deployment of Al-
assisted coding, using the before—after, staggered-adoption and matched-site designs in
Section 3.6, with sentinel conditions for which laboratory or registry evidence exists; under
the European Health Data Space, Health Data Access Bodies could provide such linkage
for secondary use [35]. Second, the decision-process model should be parameterised: the
delay and noise of clinical feedback, the policy update interval of deployed coding systems
and the covariance between clinical outcomes and coding actions within that interval can
be estimated from deployment logs, which allows for the condition of the proposition to
be tested directly. Third, the synthetic generator could be extended with explicit coding-
behaviour modules, including billing incentives and a learning coding agent, so that the
full feedback loop is simulated and the markers are tested against a known amplification
process. Fourth, the analysis should be extended beyond metabolic conditions to conditions
with registry evidence, such as cancer and acute myocardial infarction, and to European
populations, where incentives differ between statutory insurance and single-payer systems.

6. Conclusions

The reification feedback loop describes how administrative categories enter clinical
data through ordinary documentation practice [5]. Self-updating Al could turn this slow
institutional drift into a faster, self-reinforcing process. The decision-process model shows
that, if the clinical return does not covary with the agent’s actions at the timescale of
learning, policy-gradient learning follows the administrative reward regardless of the
weight placed on clinical outcomes; delayed or noisy clinical feedback can bring this
condition about but does not guarantee it, and whether that condition holds in practice
is a hypothesis to be tested, not a result. D(C) provides a measurable construct for the
population-level consequences, provided it is reported with its reference definition and
interpreted as a change rather than a level. The synthetic pre-study shows that construct
divergence is present without any Al that it depends on the reference definition, and that
coding changes of a few per cent per year become detectable against this baseline. The
study establishes a measurement approach; it does not show that self-updating Al causes
prevalence distortion. The practical next step is to compute the change in D(C) for sentinel
conditions where Al-assisted coding is being deployed, with a fixed reference definition
and matched sites without Al coding.
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