.

! r 1"' : ;
- e

< )
l-

~ , ol

How can a human-in-the-loop ‘feedback - . -
mechanism improve the accuracy and © . .
reliability of medical text annotations = -

generated by LLM-based agents? To
) ©
Vi
.
e\ .‘;,'I

MSc Thesis - Computer Science

Tijmen Meijer ' * ROl




How can a human-in-the-loop
feedback mechanism improve the
accuracy and reliability of
medical text annotations
generated by LLM-based agents?

by

Tijmen Meijer
Student number: 5488311

in partial fulfilment of the requirements for the degree of

Master of Science
in Computer Science

at the Delft University of Technology,
to be defended publicly on Friday, 12 June 2026.

Thesis committee chair:  Prof.dr.ir. M. J. T. Reinders,

TU Delft, Pattern Recognition & Bioinformatics

Daily supervisor: D. Selani,

TU Delft, Pattern Recognition & Bioinformatics

Committee member: Dr. C. Lofi,

Faculty:

TU Delft, Web Information Systems
Faculty of Electrical Engineering,

Mathematics and Computer Science, Delft

Cover image generated with xAI Grok (2026).
An electronic version of this thesis is available at
https://github.com/surftijmen/agentic-hitl-medical-annotation.

]
TUDelft


https://github.com/surftijmen/agentic-hitl-medical-annotation

Contents
1 Introduction

2 Related Work

3 Methods
3.1 Problem framing and solution overview . . . . . . . . ... ...
3.2 Data and admission-scope filtering . . . . . . ... Lo oL
3.3 System architecture . . . . . . . . .
3.4 Evaluation protocol . . . . . . . ..
3.5 Experimental design . . . . . . .. L
3.6 Models, decoding, and prompts . . . . . . ... L e e
3.7 Phase 1, baseline characterisation (n = 100, human-reviewed) . . . . . . ... ... ... .. ...
3.8 Phase 2, per-technique HITL longitudinal study (n =50x3) . . . ... ... ... ... .....
3.9 Phase 3, human-reviewer validation (n =50 x3) . . ... ... ... ... ... .. ..
3.10 Reproducibility . . . . . . .

4 Results
4.1 Baseline performance and the strict/lenient gap . . . . . . . . ..o oo
4.2 HITL per prompt-engineering technique (SQ2) . . . . . . . . .. ... . ...
4.3 Feedback-type effectiveness (SQL) . . . . . . . . . .. L
4.4 Human-reviewer validation trajectory . . . . . . .. . .. L
4.5 Prompt complexity (SQ3) and convergence (SQ4) . . . . . . . ..o o
4.6 Qualitative analysis . . . . . . . Lo

5 Discussion
5.1 Limitations . . . . . . . . e e e e

6 Conclusion
6.1 Future Work . . . . .

A Abbreviations

B Reproducibility specifics
B.1 Hyperparameter table . . . . . . . . . e
B.2 Annotator prompt (v1, baseline) . . . . . . ...
B.3 Chain-of-thought variant . . . . . . . . . . . L
B.4 Static few-shot examples . . . . . . . . ..
B.5 Judge prompt and failure-mode definitions . . . . . . . ... Lo oo
B.6 PromptAgent meta-prompt . . . . .. L. e
B.7 Retrieval-augmented memory . . . . . ... ..o
B.8 Reproducibility . . . . . . . e
B.9 Worked example: one chart through the loop . . . . . ... ... ... ... ... . ...

C Qualitative cases

10
11
13
15
16

16
17

18
18

21

21
21
21
22
22
22
23
23
23
24

24



List of Figures

1

Two-agent HITL framework: the universal core shared by all five conditions. The Annotator
extracts the primary diagnosis from a sampled discharge summary; a reviewer (human or LLM-as-
judge) produces a verdict, a failure-mode label, and a free-text rationale; recoverable failure modes
drive PromptAgent instruction-level prompt edits while ambiguous-case failures are excluded.
The refined prompt drives the next iteration. . . . . . . .. .. ... ... ... .. .. ......
Architectural extension of the core HITL loop (Figure 1), active only in the RAG condition.
Reviewed cases are written to a persistent vector store (validated correct cases use the model’s
diagnosis as the retrieval target; corrected cases use the gold long_title); ambiguous-case failures
are excluded so contestable gold does not contaminate retrieval. At generation time the Annotator
queries the store via a managed File Search tool and is grounded on semantically similar prior
cases server-side. The Baseline, CoT, Few-shot, and Self-consistency conditions do not query the

Strict (primary billed ICD-9) vs. lenient (any billed ICD-9) accuracy per clinical ICD-9 chapter
on the human-reviewed single-pass baseline (n = 100). The strict/lenient gap appears in most
chapters rather than being confined to a few, consistent with a corpus-wide billing-primacy arte-
fact rather than a handful of problematic chapters. Per-chapter counts are small (~6-9 charts
each), so individual bars are illustrative rather than precise estimates; the chapter-wide pattern,
not any single chapter’s value, is the point. . . . . . . . . . .. ... o
Per-technique HITL trajectory across iterations 1-3 (n = 50 per HITL iteration). Left: strict
accuracy; right: lenient accuracy. The black square at iteration 0 is the shared single-pass
baseline (n = 100, human-reviewed by the author: strict 0.67; lenient 0.85, both hand-verified
against the billed ICD-9 codes): every condition begins from the same initial prompt with no
technique wrapper and no HITL patching. The dashed segments between iteration 0 and iteration
1 represent the effect of layering each technique on top of the initial prompt, before any HITL
feedback has been applied; solid segments from iteration 1 onward are HITL iterations proper.
Iter-1 differences across conditions reflect the technique-prior plus n = 50 sampling variation
on independently drawn stratified samples, not HITL feedback. Lenient convergence around
[0.86,0.90] is robust across techniques; strict differences across techniques are within the per-
iteration noise floor. . . . . .. L L e
Baseline HITL trajectory under human review (n = 50 per iteration, three iterations, on the
same charts as the auto-reviewed Baseline). Left: strict accuracy from the researcher’s own
verdicts; right: lenient accuracy from the automatic re-score against any billed ICD-9. Strict
rises 0.62 — 0.78 while lenient holds ~0.86, narrowing the gap from 420 to +8pp. The iteration-

3 strict gain coincides with a different chart batch, so the trend is read as directional, not confirmed. 14

ii



List of Tables

1

Failure-mode taxonomy, definitions, and how each mode is handled in the loop. The five recov-
erable modes are aggregated by mode (with the reviewer’s rationales) and drive PromptAgent
instruction patches; ambiguous cases are held out of correction because the gold label itself is
unreliable. The retrieval memory (detailed below) is a separate, always-on store of validated and
corrected cases exercised by the RAG condition, not a per-mode destination. . . . ... ... ..
Judge-vs-hand 2x2 contingency on the n = 100 baseline. a: both correct; b: both incorrect; c:
judge correct, hand incorrect; d: judge incorrect, hand correct. . . . . . .. ... ... ... ...
The five HITL conditions compared in the per-technique longitudinal study: the technique each
wraps around the initial prompt and the failure-mode class it is designed to address. All conditions
share the same outer loop and differ only in the wrapped technique; the technique-to-failure-mode
mapping is what makes the per-failure-mode decomposition in §4 interpretable. . . . . . . . . ..
HITL trajectory per prompt-engineering technique, n = 50 samples per iteration, three iterations.
Strict matches the primary billed ICD-9 code; lenient matches any billed ICD-9 for the admission.
Different samples are drawn per iteration (test of patch generalisation, not training-set fit). Bold
marks the per-condition best iteration on each metric. . . . . . . . . .. ... ... ... .. ...
Fixed prompt overhead of each technique, measured on the iteration-1 prompt before any HITL
patching. “Added to authored prompt” is what the prompt builder appends beyond the shared
nine-instruction, 1078-character baseline block (identical across all five conditions at iteration 1).
Self-consistency adds zero characters because it re-decodes the same prompt and votes; RAG
adds zero authored characters but injects retrieved cases server-side, so its true context growth is
not recoverable from our logs (§85). . . . . . . ... L
Failure-mode counts per HITL iteration (n = 50 each). Only the three most frequent modes
are shown; the long tail (terminology gap, ambiguous case, hallucination) contributed 0-2 cases
per iter and is omitted for clarity. ME = missed entity, Ul = unsupported inference, SDC =
symptom—diagnosis confusion. . . . . . . . ..o
Prompt complexity vs strict accuracy across the Baseline trajectories under two reviewer regimes
(Phase 2 auto-reviewed and Phase 3 human-reviewed), n = 50 per iteration. Char count is the
total instruction-text character count. Char growth is iter 3 vs iter 1. The two strict-accuracy
figures are judged by different reviewers (auto vs human) and are not directly comparable; only
the within-trajectory growth-vs-accuracy reading is intended. . . . . . . . ... ... . ... ...
Hyperparameters used across every experiment. . . . . . . . . . . . ...

iii



How can a human-in-the-loop feedback mechanism improve the

accuracy and reliability of medical text annotations generated by
LLM-based agents?

Tijmen Meijer (5488311)
Delft University of Technology

June 2026

Abstract

Large language models evaluated on medical text an-
notation tasks are typically scored against a single ref-
erence label, such as the primary billed ICD-9 code
in MIMIC-III. This standard imposes a measurement
ceiling on strict accuracy: it conflates genuine clini-
cal extraction failure with cases where the model ex-
tracted a wvalid clinical comorbidity rather than the
administrative billing-convention primary. To address
this, we propose a dual-metric evaluation protocol
that pairs strict accuracy (matching the primary billed
code) with lenient accuracy (matching any billed code
for the admission), scoped to clinical ICD-9 chapters,
to separate model capability from billing-convention
noise. Exercising the protocol through a human-in-
the-loop (HITL) framework, we demonstrate an 18
percentage-point gap between strict (0.67) and le-
nient (0.85) accuracy on a human-reviewed baseline
(n = 100); direct on-corpus analysis further shows
that approximately 10% of discharge summaries (up to
14% in early iterations) contain gold-label-ambiguous
coding artefacts rather than recoverable errors. On
the same HITL framework, lenient accuracy converges
to a tight [0.86,0.90] band by iteration 3 across five
prompt-engineering conditions, a cross-condition con-
vergence we read as a framework-level reliability gain,
and a human-reviewer trajectory shows strict trending
0.62 — 0.78 under rich free-text feedback (a directional
signal, confounded with batch difficulty at this sample
size, that motivates the higher-powered replication we
propose). Future LLM-based ICD-coding evaluations
on MIMIC-IIT should adopt the dual-metric protocol
so that model capability and billing-convention noise
are reported separately.

1 Introduction

The rapid advancement of large language models
(LLMs)! has created significant opportunities to auto-
mate medical text annotation tasks such as extracting
diagnoses, adverse drug reactions, and clinical relation-
ships from electronic health records. Despite impres-
sive performance on general-domain tasks, LLMs of-
ten struggle with the specialised requirements of med-
ical annotation: domain-specific terminology, complex
clinical reasoning, and the high reliability standards
required in healthcare applications.

Traditional approaches rely on fully supervised ma-
chine learning with large volumes of manually anno-
tated training data. These approaches are resource-
intensive and struggle to adapt when LLMs make sys-
tematic errors due to ambiguous task instructions or
insufficient domain context. Simply adding more train-
ing examples does not address the underlying causes of
annotation failure.

This paper investigates an iterative human-in-the-
loop (HITL) framework that leverages qualitative hu-
man feedback to systematically improve LLM-based
medical text annotation through prompt refinement.
Rather than retraining models, our approach recog-
nises that many annotation failures stem from sub-
optimal task specification and can be addressed
through iterative clarification of the annotation in-
structions themselves.

We report this work as a pilot study: the HITL tra-
jectories are run at n = 50 samples per iteration, which
is deliberately chosen to characterise protocol-level sig-
nals (the strict/lenient gold-label ceiling, the domi-
nant failure-mode budget, the on-corpus gold-label-
ambiguity rate) rather than to resolve per-technique
differences statistically. The sample size is the principal
limitation of the present study, and a higher-powered
follow-up (at m = 300 per iteration with a fixed held-

LA full list of abbreviations used in this paper is provided in
Appendix A.
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Figure 1: Two-agent HITL framework: the univer-
sal core shared by all five conditions. The Annota-

tor extracts the primary diagnosis from a sampled dis-
charge summary; a reviewer (human or LLM-as-judge)
produces a verdict, a failure-mode label, and a free-
text rationale; recoverable failure modes drive Promp-
tAgent instruction-level prompt edits while ambiguous-
case failures are excluded. The refined prompt drives
the next iteration.

out test set) is named explicitly in §6.1. We flag this up-
front so the reader can read quantitative comparisons
across techniques as qualitative trends rather than sta-
tistical inferences.

The proposed framework (Figure 1) consists of two
primary LLM-based agents working with human do-
main experts. The Annotator Agent performs extrac-
tions using a structured prompt. Human experts, or,
at evaluation scale, a stronger LLM acting as a sur-
rogate reviewer, then review annotations, identifying
not only errors but diagnosing their root causes (for
example, “the model confuses symptoms with diag-
noses”). Categorised feedback is passed to a Promp-
tAgent that translates it into refined prompts. Hu-
man experts review and approve prompt updates be-
fore deployment, maintaining a closed feedback loop
aligned with clinical expertise. We evaluate the frame-
work on English-language discharge summaries from
the MIMIC-IIT database [7] with primary ICD-9 codes
as gold reference.

This work makes three contributions. First, a two-
agent HITL framework combining an Annotator with
a PromptAgent, organised around a six-class failure-
mode taxonomy that turns the reviewer’s categorised
rationales into instruction-level prompt patches and
holds gold-label-ambiguous cases out of the loop, com-

plemented by a retrieval-augmented memory of val-
idated and corrected past cases. Second, a dual-
metric evaluation protocol that pairs strict accuracy
(against the primary billed ICD-9) with lenient ac-
curacy (against any billed ICD-9 for the admission),
scoped to the clinical ICD-9 chapters, isolating model
capability from billing-convention artefacts. Third, an
empirical study on this corpus that exposes a mea-
surable upper bound on strict-accuracy evaluation: a
+18pp clinical strict/lenient gap at a human-reviewed
single-pass baseline (n = 100); an HITL trajectory
whose lenient accuracy converges to [0.86,0.90] by iter-
ation 3 across five prompt-engineering techniques while
per-technique strict differences are qualitative at this
sample size; and a researcher-led human-in-the-loop
validation trajectory at n = 50 x 3 in which =~10%
of stratified discharge summaries (up to 14% in the
early iterations) were marked as gold-label-ambiguous
coding artefacts rather than recoverable clinical errors.
Failure-mode analysis identifies missed entity as the
modal failure mode in 14 of 15 iterations (mean 67%,
range 42-91%) and instruction-level prompt patching
as the dominant feedback lever.

Strict-accuracy gains are bounded by gold-label
noise rather than by prompt-engineering or model ca-
pacity, so the methodological contribution is the dual-
metric protocol that surfaces and quantifies the ceiling;
the framework itself is the test bed that exposes it.

Our overall research question is: how can a human-
in-the-loop feedback mechanism improve the accuracy
and reliability of medical text annotations generated by
LLM-based agents? We decompose it into four sub-
questions:

e SQ1: which types of human feedback are most
effective for prompt refinement?

e SQ2: which prompt-engineering techniques (few-
shot, chain-of-thought, self-consistency, retrieval-
augmented generation) benefit most from HITL
integration?

e SQ3: how does prompt complexity (length, in-
struction count, structural composition) evolve
across HITL iterations, and how does it relate to
accuracy?

e SQ4: how many iteration cycles are required for
convergence, and does the convergence behaviour
generalise across clinical text types?

SQ1 is addressed by the failure-mode routing exper-
iment (§3.3.3, §4.3); SQ2 by the per-technique HITL
longitudinal study (§4.2); SQ3 and SQ4 by the within-
corpus prompt-complexity and convergence analyses in
§4.5. SQ3 is answered descriptively across the two
Baseline trajectories whose per-iteration prompts are



authoritatively recoverable; a formal complexity-vs-
accuracy regression is not statistically supportable at
n = 50 per iteration. SQ4 answers the within-corpus
half (lenient converges in three iterations; strict does
not settle within that window) and defers cross-corpus
generalisation to §6.1.

2 Related Work

This work intersects several research areas: active
learning in medical contexts, agentic Al systems with
feedback loops, prompt engineering methodologies, and
human-in-the-loop machine learning.

Active learning addresses the challenge of acquir-
ing labelled training data by strategically selecting the
most informative samples for annotation. Budd et
al. [2] provide a comprehensive survey of deep active
learning in medical image analysis, demonstrating that
uncertainty sampling, diversity sampling, and hybrid
approaches can substantially reduce annotation burden
while maintaining model performance. While their fo-
cus is on medical imaging, these principles inform the
Data Sampler component in our architecture. A key
distinction is that active learning traditionally selects
samples for model training, whereas our approach uses
strategic sampling to identify annotation errors that
inform prompt refinement, a more interpretable and
computationally efficient improvement mechanism.

Recent work has demonstrated the effectiveness of
multi-agent architectures where specialised Al agents
collaborate through feedback loops. Research on multi-
AT agent systems has shown that iterative refinement
through LLM-driven feedback can significantly im-
prove solution quality by employing distinct agents
with complementary roles [6, 22]. This architectural
principle underpins our dual-agent design, in which an
Annotator Agent performs extractions while a separate
PromptAgent specialises in translating human feed-
back into prompt improvements. The separation of
concerns allows each agent to optimise for its specific
function without conflicting objectives.

Effective prompt design is critical for LLM perfor-
mance on specialised tasks. White et al. [21] cata-
logue reusable prompt patterns (persona, output auto-
mater, cognitive verifier, template, and others) drawn
from software-engineering pattern-language methodol-
ogy, codifying recurring prompt structures that prac-
titioners apply across tasks. Our framework treats the
prompt itself as the primary object of optimisation:
rather than selecting patterns up front, it uses cate-
gorised human feedback to iteratively refine task spec-
ifications, clarify ambiguities, and add domain context
within an existing prompt, so the prompt’s structure is
shaped by observed failure modes rather than a fixed
template. The concept of self-improving agents that

learn at test time with human guidance is directly re-
alised in our HITL framework.

A closely related line of work automates prompt
refinement directly. Automatic Prompt Optimiza-
tion [15] treats natural-language critiques of model
errors as textual “gradients” and edits the prompt
in their direction, while PromptAgent [18] casts
prompt search as Monte-Carlo tree planning over error-
reflection steps. Both are autonomous optimisers:
they run without a human in the loop and improve a
prompt against a fixed scalar metric on general-purpose
benchmarks.  Our framework’s prompt-refinement
agent (which we likewise term a PromptAgent) shares
their central move, turning observed failures into
instruction-level prompt edits, but differs in three ways
that matter for the clinical setting: the edits are
driven by human (or human-proxy) review rather than
self-generated critique, they are routed by a domain-
specific failure-mode taxonomy rather than a single
scalar reward, and they consume free-text clinical ra-
tionales as a first-class signal. The retrieval-augmented
memory condition (§4.2) builds on retrieval-augmented
generation [10], here retrieving over a growing store
of past validated and corrected note-to-diagnosis pairs
rather than a static knowledge corpus.

Direct application of LLMs to clinical IE without
task-specific fine-tuning has been studied across sev-
eral axes. Agrawal et al. [1] demonstrate that fron-
tier LLMs are competitive few-shot clinical informa-
tion extractors on structured extraction tasks, includ-
ing medication, dosage, and adverse-event extraction,
often within a few percentage points of fully-supervised
encoder baselines. More recently, Maarseveen et al. [12]
report that carefully engineered prompts let general-
purpose LLMs reach expert-level rheumatic-disease di-
agnosis extraction from clinical records; the four-field
prompt scaffold and three-key diagnosis output schema
of our vl prompt (Appendix B.2) are adapted from
their released artefacts. The dominant alternative for
ICD-coding-from-notes specifically is task-fine-tuned
encoder pipelines: the PLM-ICD and CAML family [4]
treat coding as multi-label classification and currently
hold the published micro-F1 leaderboard on MIMIC-
IIT (~ 0.598 micro-F1 in the best replicated setting).
Our framework occupies a different operating point: we
keep the underlying LLM frozen and treat the prompt
as the only object of optimisation, trading the encoder
pipeline’s raw F1 ceiling for (i) zero-retraining adap-
tation when annotation guidelines change, (ii) human-
inspectable instruction-level patches as the unit of im-
provement, and (iii) free-text rationales as a first-class
feedback channel that supervised classification cannot
consume.

Three specific gaps in the prior literature are
addressed here.  First, existing MIMIC-III ICD-



coding evaluations ([4] and the leaderboard tradition
it summarises) report a single match metric against
the billing-primary code and so inherit the billing-
convention noise as model error; the strict+lenient
dual-metric protocol we contribute decomposes that
conflation. ~ Agrawal et al. [1] demonstrate few-
shot clinical TE feasibility but do not address the
gold-label ambiguity that we surface empirically at
~10% on this corpus. Second, automatic prompt-
optimisation methods [15, 18] and multi-agent refine-
ment frameworks [6, 22] apply iterative LLM-driven
prompt editing to general-purpose tasks but optimise
autonomously against a fixed metric: they neither con-
dition routing on a domain-specific failure-mode tax-
onomy nor relate feedback richness to prompt growth
as we do in §4.5, where a human reviewer writing far
longer rationales drives larger prompt patches than the
auto-reviewer (+63% vs 4+38% char growth over the
same three iterations), consistent with the prompt-
bloat narrative we develop on the context-expanding
techniques. Third, LLM-as-judge evaluation [23] is
typically validated only at the binary-verdict level;
we validate our judge’s binary verdict against author
hand-review (§3.4) and treat its failure-mode labels as
provisional and unvalidated, a caution for any down-
stream use that conditions on those labels.

3 Methods

3.1 Problem framing and solution

overview

An LLM annotator extracting a primary diagnosis from
a discharge summary makes systematic errors: the
same prompt repeats the same class of mistake across
admissions. Fully supervised fine-tuning addresses this
only by gathering more labels and retraining the model,
which is expensive, slow, and discards the already-
available signal that clinicians produce when they re-
view LLM output. We frame the problem as: given
a stream of LLM annotations and structured per-error
feedback, how should that feedback be routed back into
the system so that the next iteration produces fewer er-
rors without retraining the model?

The architecture provides two complementary cor-
rection tools. Recall failures (the model missed or mis-
labelled an entity present in the note) are, in principle,
best addressed by adding positive examples of the tar-
get pattern (the role of the retrieval-augmented mem-
ory), whereas reasoning failures (the model inferred be-
yond the text, or confused symptoms with diagnoses)
call for tightening instruction-level constraints, the role
of prompt patching. A six-class failure-mode taxonomy
structures the feedback (Table 1): ambiguous gold-
label artefacts are held out of correction, and every

other (recoverable) failure is aggregated by mode and
drives a PromptAgent instruction patch. The retrieval
memory accumulates all validated and corrected cases
and is exercised by the dedicated RAG condition. The
Annotator, PromptAgent, retrieval store, and judge
form a closed loop that operates at the prompt level
only, so the model weights remain unchanged and the
cost per iteration is dominated by API inference rather
than training.

Beyond this annotation problem, the same MIMIC-
IIT surface poses a measurement problem that mo-
tivates a second contribution: a dual-metric evalua-
tion protocol (§3.4) that separates billing-priority noise
from extraction failure. The HITL framework above
doubles as the experimental apparatus for exercising
this protocol across iterations and prompt-engineering
techniques without retraining.

The rest of this section specifies each component
in enough detail to reproduce the system: the cor-
pus and sampling (§3.2); the Annotator and its
prompt-engineering techniques (§3.3); the LLM-as-
judge and the failure-mode routing taxonomy (§3.3.3);
the retrieval-augmented memory; the PromptAgent;
and the evaluation protocol (§3.4). Verbatim prompts
and hyperparameters are listed in Appendix B.

3.2 Data and admission-scope filtering

We use MIMIC-III v1.4 [7], a freely-available database
of de-identified ICU admissions from the Beth Israel
Deaconess Medical Center. We restrict to discharge
summaries, drop error-flagged rows, and retain one
note per hospital admission, choosing the most recent
chart date when multiple are available. MIMIC-III is
purely ICD-9 and remains the dominant ICD-coding-
from-notes benchmark.

For each admission we take the primary billed ICD-
9 diagnosis, the principal diagnosis under the UHDDS
(Uniform Hospital Discharge Data Set) definition, that
is, the condition chiefly responsible for the admission,
taken as the first-listed entry in the admission’s billed
diagnosis sequence, and use its long-title as the gold
string. Each admission has a median of 11 billed ICD-
9 codes (max 39). Principal-diagnosis assignment is
partly driven by DRG (Diagnosis-Related Group) reim-
bursement conventions, under which hospitals are paid
by category according to which diagnosis is flagged pri-
mary, rather than purely clinical primacy. This induces
the central measurement artefact the paper addresses
with the paired lenient metric (§3.4). MIMIC-III’s own
documentation cautions that this billing-priority order-
ing of an admission’s diagnoses is an imperfect ranking
of clinical importance, with “few incentives” to order
it correctly [13]; a sepsis admission, for instance, is
billed with the infectious agent rather than sepsis as the



principal diagnosis, so an annotator that extracts “sep-
sis” is clinically correct yet scored strict-wrong. ICD-9
codes are 3-5 character strings whose leading digits
encode the chapter (e.g. 41071 falls in Chapter 7, Cir-
culatory).

The annotation task is the extraction of a clinical
diagnosis from the note body. We scope every re-
ported metric to the 15 clinical ICD-9 chapters, exclud-
ing the three administrative groups (V-codes, Perina-
tal, and Symptoms/ill-defined) whose billed primary is
a coding-convention label rather than a clinical diag-
nosis extractable from the note. The in-scope clinical
pool contains 47,567 admissions.

Samples are drawn stratified by ICD-9 chapter (Cir-
culatory alone covers 37% of admissions without strat-
ification, and small chapters must appear in every
batch): n = 100 for the single-pass baseline and n = 50
per HITL iteration. Fixed seed 20260414. A 200-row
held-out set is carved off and never sampled, reserved
for the higher-powered follow-up study (§6.1); the num-
bers reported here use only the remaining pool.

3.3 System architecture

Figure 1 illustrates the full pipeline. The system has
four principal components (the Annotator, the LLM-
as-judge evaluator, the retrieval-augmented memory,
and the PromptAgent), connected by the failure-mode
routing taxonomy described in §3.3.3.

3.3.1 Annotator Agent

The Annotator is a single-pass LLM call that takes a
redacted discharge summary and returns a JSON ob-
ject containing the extracted diagnosis, a binary flag
indicating whether a diagnosis was given, a confidence
score, and optional chain-of-thought reasoning. Four
prompt-engineering techniques are independently tog-
gleable; what each does and which failure-mode class
it targets are listed with the experimental conditions
in Table 3 (§3.5).

The four techniques span the recall-style / reasoning-
style split that the routing table tests, are well-studied
in the LLM-as-annotator literature [19, 20], and oper-
ate at the prompt level, consistent with the thesis’s no-
retraining constraint. Gradient-based techniques (in-
struction tuning, RLHF) are out of scope.

Before annotation, the note is cleaned (MIMIC
de-identification tokens stripped) and the discharge-
diagnosis sections are redacted so the gold label is not
directly visible to the model.

3.3.2 LLM-as-judge evaluator

At evaluation scale we cannot manually review thou-
sands of annotations, so we employ an LLM-as-judge

paradigm [23]: a Gemini 2.5-flash model (temperature
0, enforced response schema) receives the full note,
the annotator’s output (including any CoT reasoning),
and the gold ICD-9 long_title, and returns {correct:
bool, failure mode: enum, comment: string,
confidence: int}. Rule-based alternatives (exact
match, closed-list classification, embedding similarity)
were rejected for two reasons: clinical synonymy
and abbreviation defeat string-level matching, and
none of these alternatives produces the structured
failure-mode signal that drives the PromptAgent’s
routing. Judge reliability is quantified by the Cohen’s
k study (§3.4, §5.1).

3.3.3 Failure-mode taxonomy and routing

When the judge labels an annotation incorrect, the
verdict carries a failure-mode label (Table 1). The
five recoverable modes are pooled by mode at end-of-
iteration, together with the reviewer’s free-text ratio-
nales, and passed to the PromptAgent, which builds a
meta-prompt describing each pattern and emits a ver-
sioned instruction patch for the next iteration. Am-
biguous cases are held out of both the PromptA-
gent and the retrieval store and flagged for human
data-quality review, so contestable gold never drives a
prompt change. The taxonomy thus separates recover-
able errors, which drive instruction patches, from gold-
label artefacts, which are excluded; the per-failure-
mode decomposition in §4 tests how the loop reduces
each recoverable mode. The retrieval-augmented mem-
ory (detailed below) is a separate, always-on store of
validated and corrected cases from other admissions;
it is consulted only by the RAG condition and is not
selected per failure mode.

3.3.4 Retrieval-augmented memory

The retrieval-augmented memory is the architectural
component underlying the RAG condition (Table 3,
§3.5); it is active in that condition only and is in-
ert for Baseline, CoT, Few-shot, and Self-consistency.
After each annotation the judge’s verdict is recorded.
Reviewed cases (the medical note, the model’s diag-
nosis, the judge’s verdict, and metadata) are indexed
in a cloud-hosted vector store and become available
as grounding context for future inferences: at gener-
ation time the Annotator is given a File Search tool
over the store, and the model retrieves and grounds on
semantically similar prior cases server-side. Both val-
idated correct cases (the model’s diagnosis is used as
the retrieval target) and corrected cases (the gold long-
title is used instead) are stored; ambiguous-case failures
are excluded so contestable gold does not contaminate
retrieval. Implementation details (embedding model,



Table 1: Failure-mode taxonomy, definitions, and how each mode is handled in the loop. The five recoverable
modes are aggregated by mode (with the reviewer’s rationales) and drive PromptAgent instruction patches;

ambiguous cases are held out of correction because the gold label itself is unreliable.

The retrieval memory

(detailed below) is a separate, always-on store of validated and corrected cases exercised by the RAG condition,

not a per-mode destination.

Failure mode

Definition

Handling in the HITL loop

Missed entity

Terminology gap

Hallucination

Unsupported infer-

ence
Symptom—diagnosis
confusion

A confirmed diagnosis present in the note was not
returned.

The returned diagnosis is the right entity but ex-
pressed in non-standard or non-billable terms.

The returned diagnosis is not supported by the
note.

The model returned a more specific subtype or
cause than the note explicitly supports.

The model returned a symptom, sign, procedure,
or complication instead of the underlying con-
firmed diagnosis.

Aggregated by mode with the reviewer’s
free-text rationales and passed to the
PromptAgent, which proposes
instruction-level patches applied at the
next iteration.

Ambiguous case

The gold label itself is wrong, vague, or a coding-
convention artefact rather than a clinical error the

Excluded from prompt patching and
from the retrieval store; flagged for hu-

annotator could have avoided.

man data-quality review.

document format, deduplication key, the specific File-
Search backend) appear in Appendix B.

3.3.5 LLM-proposed prompt patching

At the end of each iteration the PromptAgent aggre-
gates the non-ambiguous failures by mode and sub-
mits a structured meta-prompt to a separate LLM call.
The meta-prompt holds the system prompt, the user
query, the allowed-diagnosis list, and the output JSON
schema as read-only and restricts the agent to either
adding new instructions or making small refinements
to existing ones, with an accompanying rationale; ev-
ery patch is therefore an instruction-level edit without
scope expansion or schema changes (verbatim meta-
prompt and output schema in Appendix B.6). The
proposed patch is timestamp-versioned, recorded to
the prompt log, and approved by the human reviewer
through a binary approve-or-reject step before being
deployed to the next iteration. Alternatives that touch
model weights (fine-tuning, RLHF) are out of scope
under the no-retraining constraint.

3.4 Evaluation protocol

The research question concerns medical text annota-
tion, which corresponds to the clinical-chapter scope
defined in §3.2: admissions whose primary billed code
describes a disease or condition, not an encounter
type or billing convention. The clinical-scope metric
is therefore the metric of record for the RQ through-

out this paper; every run is generated from a clinical-
only sample by construction (the sampler excludes the
three administrative chapters by default), so all re-
ported numbers are clinical-scope.

We report two accuracy metrics simultaneously. Un-
der strict accuracy, the annotator’s free-text diagnosis
must be semantically consistent with the primary billed
ICD-9 code’s long-title for the admission. Under le-
nient accuracy, the annotator’s diagnosis is accepted
if it is semantically consistent with any of the admis-
sion’s billed ICD-9 codes (primary or secondary). Both
metrics use identical semantic-match rules: synonyms,
abbreviations, and strict sub-types are accepted; a dif-
ferent organ system, symptom-as-diagnosis, or unsup-
ported inference is rejected. The lenient metric is im-
plemented as a post-hoc re-judge pass that provides
the judge with the full ICD list for the admission; the
primary judge remains unchanged.

Accuracy in both regimes is the fraction of cases in a
run for which the annotator’s diagnosis is accepted un-
der the corresponding match rule. The verdict source
varies by phase: the author hand-reviews every case
in the n = 100 baseline (§4) and in the strict pass of
the human-reviewer trajectory (§4.4), while an LLM
judge renders the verdicts in the auto-reviewed per-
technique trajectories (§4.2); lenient verdicts in the
human-reviewer trajectory come from the automatic
re-judge pass described above.

We quantify the agreement between the judge’s bi-
nary verdict and the author’s hand-review of the n =
100 baseline (§4): Cohen’s k = 0.82 (strict; 92% raw
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Figure 2: Architectural extension of the core HITL loop (Figure 1), active only in the RAG condition. Reviewed
cases are written to a persistent vector store (validated correct cases use the model’s diagnosis as the retrieval
target; corrected cases use the gold long_title); ambiguous-case failures are excluded so contestable gold does not
contaminate retrieval. At generation time the Annotator queries the store via a managed File Search tool and
is grounded on semantically similar prior cases server-side. The Baseline, CoT, Few-shot, and Self-consistency

conditions do not query the store.

agreement) and k = 0.77 (lenient; 95%), both sub-
stantial, so the verdict underlying the strict-accuracy
comparisons is reliable. The agreement values pair the
LLM judge’s verdicts chart-for-chart with the author’s
hand verdicts; Cohen’s k = (p, — pe)/(1 — pe) is ap-
plied with p. = pjpn + (1 — p;)(1 — px), where p; and
pr, are the judge’s and the hand-reviewer’s marginal
positive rates. Table 2 reports the 2x2 cell counts;
substituting, kstrict = (0.92 — 0.56)/(1 — 0.56) = 0.82
and Kienient = (0.95—0.78)/(1—0.78) = 0.77. Both val-
ues sit at the substantial-to-almost-perfect end of the
standard Cohen’s k scale (Landis—Koch convention), so
the auto-judged per-technique trajectories in §4.2 can
be read without major loss relative to a hand-reviewed
counterpart. The lenient row’s high p, but lower x re-
flects the prevalence effect on p. (the first kappa para-
dox cited in §4).

Validation against an independent practising clini-
cian, and of the judge’s failure-mode label rather than
the binary verdict, is the principal residual threat to
validity and is deferred to §6.1.

Accuracy is the headline metric throughout, re-

Table 2: Judge-vs-hand 2x2 contingency on the n =
100 baseline. a: both correct; b: both incorrect; c: judge
correct, hand incorrect; d: judge incorrect, hand cor-
rect.

Metric a b ¢ d Do Pe
strict 64 28 5 3 0.92 0.56
lenient 85 10 5 0 0.95 0.78

ported under both regimes. The HITL trajectories in
§4 additionally report per-iteration failure-mode com-
position (Table 6) so that error-type redistribution is
visible alongside aggregate accuracy. The Annota-
tor also returns a commit-or-defer signal and a self-
reported confidence score; per-iteration defer rate and
confidence calibration are reported in §4.

Confidence intervals at the relevant n are reported
alongside every headline number so the reader can
judge effect vs. sampling noise. The n = 100 base-
line supports point estimates with a ~=+9pp 95% CI;
per-iteration trajectories at n = 50 are underpowered



to resolve small between-technique differences and are
reported as qualitative trends (see §5.1). Sample is
drawn fresh per iteration, so the trajectories also re-
flect batch difficulty in addition to prompt change.
All experiments use fixed random seeds, tempera-
ture T' = 0.0 for single-pass inference, response-schema
enforcement on the judge, and temperature T = 0.7
only for self-consistency sampling (where stochastic-
ity is the mechanism itself). These choices collec-
tively maximise determinism so that observed accu-
racy differences across iterations and conditions can
be attributed to prompt and technique changes rather
than decoding noise. Per-run dataframes and aggre-
gate metrics are persisted to disk for post-hoc analysis.

3.5 Experimental design

The empirical evaluation has three phases: a human-
reviewed single-pass baseline characterisation, a per-
technique HITL longitudinal study at n = 50 x 3 it-
erations using an LLM-as-judge auto-reviewer, and a
human-reviewer validation trajectory at n = 50 x 3
iterations that replicates the Baseline condition with
the researcher personally reviewing through the same
graphical interface.

3.6 Models, decoding, and prompts

The annotator is Gemini 2.5-flash throughout. The
choice of a small/medium-capacity hosted model is
deliberate: production deployment of a HITL anno-
tation system inside a hospital will, in practice, run
a locally-hosted model (e.g., a 7B-30B open-weights
LLM) rather than a frontier API model, for data-
residency and cost reasons. Gemini 2.5-flash is a rea-
sonable proxy for that deployment-realistic capacity
regime, and findings that depend on running a frontier
model would not transfer. We use temperature T'= 0.0
for all single-shot annotations to make individual runs
reproducible; the Self-consistency condition is the sole
exception, decoding at T'= 0.7 (Table 3).

The judge is also Gemini 2.5-flash (held constant
across conditions to isolate annotator-side effects) with
response-schema enforcement binding the output to
four fields: a binary correctness verdict, a failure-mode
label, a free-text comment, and a confidence score. The
judge runs at T' = 0.0 to suppress verdict drift across
re-runs. Its binary verdict was validated against the
author’s hand-review of the n = 100 baseline (see §3.4).

All HITL conditions start from the same initial
prompt, a nine-instruction zero-shot specification ask-
ing for the primary diagnosis as a free-text long-title
plus a confidence integer. Per-iteration prompts pro-
duced by the PromptAgent are version-stamped and
persisted; verbatim text appears in Appendix B.

3.7 Phase 1, baseline characterisation
(n = 100, human-reviewed)

A single non-HITL run with the initial prompt es-
tablishes the two reference numbers used throughout,
strict and lenient accuracy. The author reviewed all
100 annotations directly against the chart through the
same graphical interface used in Phase 3, so the strict
verdict is hand-verified rather than judge-assigned.
The sample is drawn from the clinical-chapter pool
defined in §3 (47,567 admissions across 15 clinical
ICD-9 chapters, excluding V-codes, Perinatal, and
Symptoms/ill-defined) and stratified by ICD-9 chap-
ter. A fixed random seed is used. The held-out set
defined in §3 is identical across conditions but reserved
for the higher-powered follow-up; it is not used for the
numbers reported here.

3.8 Phase 2, per-technique HITL longi-
tudinal study (n = 50 x 3)

Five HITL conditions are run for three iterations each,
summarised in Table 3. All conditions share the same
loop structure (annotate, auto-review, parse failures,
route signals, patch the prompt, advance to the next
iteration) and differ only in the prompt-engineering
technique that the annotator wraps around the initial
prompt. The correction logic is held constant across
conditions: the PromptAgent patches the prompt from
all non-ambiguous failure signals, ambiguous cases are
held out, and the RAG condition additionally main-
tains the always-on retrieval store. The failure-mode
handling is given in Table 1 (§3).

Each iteration draws a fresh stratified n = 50 sam-
ple (using the same chapter strata as Phase 1 with the
stateful sampler advancing the random state between
calls). Drawing different samples each iteration tests
whether the patched prompt generalises, rather than
measuring training-set fit on cases the patch was de-
signed to fix. The RAG store is reset per trajectory
so retrieval results reflect only that run’s accumulated
cases, not state carried over from prior runs.

3.9 Phase 3, human-reviewer valida-
tion (n =50 x 3)

Phase 2’s auto-reviewer is a tractable proxy for clini-
cal review, but the central claim of this work is that a
human in the loop can steer the annotator’s prompt
through qualitative feedback. To validate that the
auto-reviewer trajectory generalises to a real human
reviewing the same loop, we replicate the Baseline con-
dition with the researcher personally reviewing through
a Tk-based graphical interface (implementation details
in Appendix B).



Table 3: The five HITL conditions compared in the per-technique longitudinal study: the technique each wraps
around the initial prompt and the failure-mode class it is designed to address. All conditions share the same
outer loop and differ only in the wrapped technique; the technique-to-failure-mode mapping is what makes the
per-failure-mode decomposition in §4 interpretable.

Condition What it does Failure modes targeted

Baseline No extra technique; prompt patching and routing only. The none (reference)
reference trajectory the other four are compared against.

CoT Chain-of-thought scaffold: the model enumerates candidate unsupported inference, symptom—
diagnoses with note-grounded evidence before committing to  diagnosis confusion (reasoning)
a primary.

Few-shot Five hand-curated note-to-diagnosis exemplars prepended to  missed entity, terminology gap (re-

Self-consistency

RAG

the prompt.

Three independent samples at T = 0.7; the majority-vote
diagnosis is the final answer [19].

Top-k retrieval from a persistent store of past validated and
corrected note-to-diagnosis pairs, supplied as grounding for

call)

variance / one-off slips (no single
mode)

missed entity, terminology gap (re-
call)

the next inference.

The reviewer in Phase 3 is the author, a Master’s
student in Computer Science, not a clinician. The
Phase 3 trajectory therefore primarily exercises (i)
the framework’s ability to ingest dense free-text feed-
back (verified against the auto-reviewer baseline, see
§4.4) and (ii) on-corpus detection of gold-label arte-
facts (billing/coding inconsistencies which a careful
non-clinician can identify from the ICD-9 long_title and
the chart itself), rather than fine-grained clinical adju-
dication. The auto-reviewer’s binary verdict is vali-
dated separately against the author’s hand-review of
the n = 100 baseline (§3.4); validation against an in-
dependent practising clinician is future work (§6.1).
Phase 3 thus validates that human-in-the-loop oper-
ation is feasible on a real reviewer, while the hand-
review validates that the judge’s verdict tracks a care-
ful human’s. The protocol is identical to Phase 2 (same
condition, same starting prompt, the same n = 50 x 3
charts as the auto-reviewed Baseline trajectory, same
PromptAgent patch-approval gate between iterations),
with two deliberate procedural differences. First, for
every chart marked incorrect, the reviewer writes a
2-4 sentence free-text rationale in the comment box
that (i) points at specific evidence in the note (lab val-
ues, temporal cues, phrasing), and (ii) suggests what
the prompt should learn from this case. This exer-
cises the contextual-explanation and domain-specific-
correction feedback channels named in SQ1, which the
auto-reviewer’s terse stylised comments do not. Sec-
ond, the PromptAgent reads these rationales as the
example field of the aggregated failure signal, so the
patches that result can be qualitatively contrasted with
the patches produced under auto-review on the same
condition. Phase 3 produces a single trajectory; we use

it to (a) report a real human-in-the-loop accuracy tra-
jectory for direct comparison against the auto-reviewer
baseline, and (b) qualitatively analyse whether rich
textual feedback shifts the PromptAgent’s output. Re-
sults are reported in §4.4.

3.10 Reproducibility

All experiments use fixed random seeds, version-
stamped prompt files, and persisted per-case
dataframes. Each run records, for every case,
the note, the model annotation, the judge verdict, the
parsed failure signal, and the prompt version used.
A separate lenient-rescoring pass produces a paired
record per case with the judge re-judging against
the full ICD-9 list. Multi-run summaries aggregate
these per-case files. The figures and tables in §4
are produced by deterministic scripts that consume
only the persisted logs (no re-running of API calls).
The complete codebase, log layout, prompt files, and
figure-generation scripts are released publicly; see
Appendix B for paths and the project’s source-code
repository.

4 Results

4.1 Baseline performance
strict /lenient gap

and the

Our reference baseline is a human-reviewed single-pass
run at » = 100 (Gemini 2.5-flash, vl prompt, no
HITL), in which the author validated every annota-
tion directly against the chart rather than relying on
the LLM judge. Scored on the clinical ICD-9 chapters



(§3.2), it reaches 0.67 strict accuracy (95% CI ~ +9pp)
and 0.85 lenient accuracy, a +18pp strict/lenient gap.
We take this hand-verified run as the reference baseline
precisely because every label was checked by hand; the
gap it exposes is the measurement-ceiling signal that
the rest of the paper investigates. These hand ver-
dicts also agree with the LLM judge’s automatic ver-
dicts on the same 100 charts at k = 0.82 (strict) and
k = 0.77 (lenient; 92% and 95% raw agreement),? an
independent re-validation of the auto-reviewer that un-
derwrites the auto-judged trajectories in §4.2.

The gap is driven by cases where the annotator ex-
tracted a real billed comorbidity rather than the single
code designated primary under billing convention, a
clinically valid extraction scored strict-wrong. This is
not a failure of clinical reading but of the gold label’s
billing-primacy assumption, which the lenient metric
isolates. Figure 3 shows the gap is present across most
clinical chapters rather than confined to a few, consis-
tent with a corpus-wide billing-primacy artefact. The
remainder of the paper operates on the clinical-chapter
scope throughout.

4.2 HITL per prompt-engineering
technique (SQ2)

To answer SQ2 directly, we ran the five HITL condi-
tions defined in Table 3 (§3.5) for three iterations each
at n = 50 samples per iteration. Each iteration draws a
fresh stratified sample so the trajectory measures gen-
eralisation of the patched prompt, not training-set fit.
Apart from Self-consistency (which decodes at T'= 0.7
by design), all conditions run at temperature 7' = 0.0
with a fixed seed, so the iteration-to-iteration move-
ments in the trajectories below reflect prompt and tech-
nique changes plus per-iteration sampling variation,
not decoding randomness. Table 4 reports strict and
lenient accuracy at every iteration.

The headline numbers in Table 4 and Fig. 4 come
from a single pilot trajectory at n = 50 per condition
per iteration, with an iteration-to-iteration noise floor
of approximately +17pp (§5.1). All per-technique ob-
servations in the remainder of this section are therefore
read as qualitative trend directions, not statistical in-
ferences. Three observations stand out.

First, lenient accuracy converges to roughly 0.86—
0.90 regardless of technique: iteration-3 lenient values
across all five conditions sit in a tight 0.86-0.90 band.
Conditions that start high on iter 1 (Few-shot, RAG at
0.92-0.94) drift downward toward this band; conditions

2The lenient pair has higher raw agreement (95%) yet lower
k than the strict pair because lenient verdicts are heavily skewed
toward “correct” (~88%), inflating chance agreement to ~0.78
and leaving little room above it: the prevalence effect, or Fein-
stein and Cicchetti’s first kappa paradox [5]. We therefore report
raw agreement alongside x throughout.
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that start low (Baseline at 0.80) drift upward. This is
consistent with the band being a measurement ceiling
imposed by the gold-label regime (see §5) rather than
a technique-specific outcome. In the terms of the re-
search question, this convergence is the sense in which
the HITL loop improves reliability: repeated iteration
drives outputs to a consistent lenient-accuracy band
independent of the starting technique.

Second, the per-technique strict differences are qual-
itative. ~ The published literature on these tech-
niques (chain-of-thought [20], few-shot prompting [1],
self-consistency [19], and retrieval-augmented genera-
tion [10]) reports modest gains over zero-shot baselines
on a range of tasks, so the prior expectation is that
each technique sits at or slightly above Baseline. The
observed direction in Table 4 is the opposite: Base-
line is the only condition with a positive strict trend
across iterations; RAG and Few-shot decline monoton-
ically across the three iterations (0.82 — 0.68 and
0.76 — 0.68 respectively), plausibly attributable to
prompt bloat (see §5). Self-consistency, which adds
no fixed wrapper to the prompt and only re-decodes
the same prompt three times at 7' = 0.7, stays essen-
tially flat across the trajectory (0.74 — 0.70 — 0.72);
its lack of decline is consistent with the prompt-bloat
reading, since there is no extra context to compete with
the patches for attention.

Third, the strict/lenient gap widens slightly with it-
eration: the average gap (lenient minus strict) grows
from +14pp at iter 1 to +16pp at iter 3 across the five
conditions. The HITL loop systematically shifts proba-
bility mass toward clinically valid diagnoses faster than
toward the billing-primary one; stakeholder-specific de-
ployment implications are discussed in §5.

Two distinct sources inflate prompt length, and we
separate them explicitly rather than reporting a sin-
gle aggregate. The first is the fixed technique wrapper
applied at iteration 1 before any feedback, measured
directly from the prompt builder (Table 5). Relative
to the shared 1078-character, nine-instruction baseline
block that every condition starts from, Few-shot adds
1552 characters of static worked examples (+144%),
CoT adds a net 620 characters of reasoning scaffold,
Self-consistency adds nothing to the prompt (it re-
decodes the identical prompt three times at T = 0.7
and takes a majority vote), and RAG adds nothing
to the authored prompt but attaches a server-side re-
trieval tool whose injected text we cannot measure (§5).
The second source is HITL patching, and it runs in all
five conditions: every condition enables the Promp-
tAgent, so Self-consistency and RAG accumulate in-
struction patches across iterations exactly as Baseline
does, even though they add no fized wrapper text. For
Baseline this patching grows the instruction block from
1078 to 1490 characters over the three iterations (in-
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Figure 3: Strict (primary billed ICD-9) vs. lenient (any billed ICD-9) accuracy per clinical ICD-9 chapter on
the human-reviewed single-pass baseline (n = 100). The strict/lenient gap appears in most chapters rather
than being confined to a few, consistent with a corpus-wide billing-primacy artefact rather than a handful of
problematic chapters. Per-chapter counts are small (~6-9 charts each), so individual bars are illustrative rather
than precise estimates; the chapter-wide pattern, not any single chapter’s value, is the point.

struction count holding at 9 — 10; full per-iteration
trajectory in Table 7, §4.5). The fixed wrapper in Ta-
ble 5 is constant across iterations; the patch growth is
not.

4.3 Feedback-type effectiveness (SQ1)

SQ1 asks which categories of human feedback are most
effective for prompt refinement. Each incorrect case
is assigned one of six failure modes (hallucination,
missed entity, terminology gap, unsupported inference,
symptom—diagnosis confusion, ambiguous case). Am-
biguous cases are held out of correction (the gold la-
bel is unreliable); the five recoverable modes are ag-
gregated by mode and drive the PromptAgent’s in-
struction patches (§3, Table 1). Table 6 reports the
failure-mode breakdown per iteration across the five
HITL conditions.

Three points follow from Table 6.

First, missed entity is the modal failure mode in 14
of 15 iterations: across the five conditions and three
iterations it is the most-frequent failure mode in every
iteration except Few-shot iter 1, where it tied with un-
supported inference at 5 cases each (42% of that itera-
tion’s 12 failures). In the remaining fourteen iterations
missed entity accounts for 56-91% of the failure budget

11

(mean 67% across all 15). The Few-shot iter 1 excep-
tion is consistent with the prompt-bloat narrative (§5):
the static few-shot demonstrations include a deliber-
ate hard-negative (indicators-without-name — return
none) whose effect early in HITL is to push the model
toward over-rejection, redistributing mass from missed
entity to unsupported inference. The remaining fail-
ure modes contribute small absolute counts that fluc-
tuate within the noise band. SQ1 therefore collapses,
in practice, to a single question: how effective is the
HITL loop at reducing missed-entity errors?

Second, only Baseline shows a monotonic missed-
entity reduction (11 — 10 — 7). The technique-
enriched conditions either hold roughly flat (Self-
consistency: 10 — 10 — 8) or trend upward (Few-shot:
5 = 11 — 12; RAG: 5 — 11 — 9). This is consis-
tent with prompt bloat: instruction patches that target
missed-entity cases compose poorly with in-context ex-
amples (few-shot) or retrieved passages (RAG), which
themselves expand the prompt and dilute the patches’
signal.

Third, instruction patching, not retrieval, is the cor-
rective lever. Missed-entity errors are addressed in ev-
ery condition by the PromptAgent, the only feedback-
driven prompt mechanism in the loop; baseline, which
adds no retrieval at all, is the single condition that



Table 4: HITL trajectory per prompt-engineering technique, n = 50 samples per iteration, three iterations. Strict
matches the primary billed ICD-9 code; lenient matches any billed ICD-9 for the admission. Different samples
are drawn per iteration (test of patch generalisation, not training-set fit). Bold marks the per-condition best

iteration on each metric.

Strict accuracy

Lenient accuracy

Condition iter 1 iter 2 iter 3 iter 1 iter 2 iter 3
Baseline 0.68 0.78 0.76 0.80 0.84 0.90
CoT 0.72 0.70 0.74 0.86 0.84 0.90
Few-shot 0.76 0.72 0.68 0.92 0.88 0.86
Self-consistency  0.74  0.70 0.72 0.90 0.90 0.86
RAG 0.82 0.72 0.68 0.94 0.92 0.88

Table 5: Fized prompt overhead of each technique, measured on the iteration-1 prompt before any HITL patching.
“Added to authored prompt” is what the prompt builder appends beyond the shared nine-instruction, 1078-
character baseline block (identical across all five conditions at iteration 1). Self-consistency adds zero characters
because it re-decodes the same prompt and votes; RAG adds zero authored characters but injects retrieved cases
server-side, so its true context growth is not recoverable from our logs (§5).

Condition Added to authored prompt (iteration 1) A chars Auditable
Baseline instruction block only 0 yes
CoT reasoning scaffold + JSON format rule 4620 yes
Few-shot 5 static worked examples +1552 yes
Self-consistency  nothing (3x re-decode, majority vote) 0 yes
RAG retrieved cases, injected server-side n/a no

monotonically reduces them (11 — 10 — 7). Retrieval
is active only in the RAG condition, where it is stacked
on top of the same prompt patches, and there it coin-
cides with the steepest strict decline (Table 4), not a
gain.

Read against the three feedback types SQ1 names
(error categorization, contextual explanations, and
domain-specific corrections), this gives a graded answer
rather than a single lever. Error categorization, the
failure-mode tag, is the enabling type: it is what routes
a correction to the PromptAgent at all, and on this cor-
pus it concentrates the loop on the modal missed-entity
mode, but a tag plus the auto-reviewer’s terse comment
reduces that mode monotonically only in the simplest
(Baseline) condition. The reviewer’s contextual expla-
nations and domain-specific corrections are the higher-
value type: the longer free-text rationales (mean ~305
vs 99 characters, §4.4) surfaced an instruction-level re-
finement absent from the auto-reviewer’s stylised com-
ments. The reviewer’s rationales produced a patch that
sharpened the principal-diagnosis rule rather than just
expanding existing instructions, and the patched rule
generalised across charts by iterations 2-3 (the quali-
tative trace is in §4.4); rich rationales thus change the
kind of patch produced and not merely its length. The
retrieval memory, by contrast, adds no measurable gain
and, stacked on the prompt patches, coincides with
the largest strict declines (Table 4). This ordering is

qualitative: the auto-reviewer (Phase 2) and human-
reviewer (Phase 3) trajectories were judged by differ-
ent reviewers and run once each at n = 50, so we can
compare the kind of patch each feedback type yields
but cannot attribute a strict-accuracy difference to the
feedback type itself (§4.4).

Beyond commit-accuracy, the annotator also exposes
a commit-or-defer signal: the model returns the string
“none” when it judges no primary diagnosis to be ex-
tractable from the note. Aggregating across the five
conditions x three iterations (n = 750 cases), the
model deferred on 63 cases (8.4% of the corpus); the
judge agreed the defer was justified on 25 of those
(40%), with the remaining 38 flipping to missed en-
tity under the judge’s review. Defer-precision of 0.40
is a behavioural signal independent of strict accuracy:
when the model abstains, the abstention is wrong
more often than right. This complements the failure-
mode analysis above: the missed-entity-via-defer sub-
set (the 38 cases where the model returned “none” but
the judge found a confirmed diagnosis in the note) is
the largest single mechanism feeding the missed-entity
budget, and a recall-oriented deployment would benefit
more from improving the model’s defer calibration than
from squeezing additional points out of the commit-
accuracy axis.

The annotator also emits a self-reported confidence
score, and it is systematically overconfident: 88% of an-
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Per-technique HITL trajectory (iter-0 anchor: human-reviewed n=100; n=50 per HITL iter, 3 iters)
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Figure 4: Per-technique HITL trajectory across iterations 1-3 (n = 50 per HITL iteration). Left: strict ac-
curacy; right: lenient accuracy. The black square at iteration 0 is the shared single-pass baseline (n = 100,
human-reviewed by the author: strict 0.67; lenient 0.85, both hand-verified against the billed ICD-9 codes):
every condition begins from the same initial prompt with no technique wrapper and no HITL patching. The
dashed segments between iteration 0 and iteration 1 represent the effect of layering each technique on top of the
initial prompt, before any HITL feedback has been applied; solid segments from iteration 1 onward are HITL
iterations proper. Iter-1 differences across conditions reflect the technique-prior plus n = 50 sampling variation
on independently drawn stratified samples, not HITL feedback. Lenient convergence around [0.86,0.90] is robust
across techniques; strict differences across techniques are within the per-iteration noise floor.

notations carry a confidence of 90 or above, yet those
high-confidence outputs are correct only 74% of the
time, and the gap does not shrink across iterations.
The score is correspondingly weak for triage: routing
the lowest-confidence decile to the reviewer first sur-
faces only ~13% of all errors, barely above the 10%
a random review of the same size would catch. Be-
cause the loop patches instructions rather than the
model’s self-assessment, neither the overconfidence nor
its triage value improves across iterations; reliability
must therefore come from the human review gate, not
from trusting (or thresholding on) the model’s own con-
fidence.

4.4 Human-reviewer validation trajec-
tory

To exercise the contextual explanations and domain-
specific corrections feedback channels named in SQ1
on a real reviewer, we ran a Baseline trajectory at
n 50 x 3 iterations with the researcher person-
ally reviewing through a Tk-based graphical inter-
face (Phase 3 protocol, §3.9), on the same charts as
the auto-reviewed Baseline trajectory (§4.2). The re-
searcher wrote a free-text rationale for every incorrect
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case, averaging =305 characters per comment against
99 for the auto-reviewer on the matched charts.

The headline result from this trajectory is ~10%
on-corpus gold-label ambiguity. The reviewer marked
7/7/1 charts as ambiguous case across the three itera-
tions (mean 10%; 14% in iterations 1-2, falling to 2%
in iteration 3). The ambiguous case label is reserved
for charts where the MIMIC primary ICD-9 code is it-
self wrong, vague (e.g. “Other specified disorder”), or a
coding-convention artefact rather than a clinical error
the annotator could have avoided. This is direct, on-
corpus evidence for the strict-accuracy measurement
ceiling that the discussion (§5) advances on the basis
of published literature ([3, 16, 17]) alone. At ~10%
of stratified discharge summaries, gold-label ambigu-
ity is a non-trivial fraction of the residual strict-error
budget, and is a direct reason the per-technique strict
accuracies in §4.2 do not improve monotonically.

Figure 5 traces the trajectory. Strict accuracy,
scored on the researcher’s own verdicts, rises across
the three iterations (0.62 — 0.64 — 0.78), while le-
nient accuracy, the model’s diagnosis automatically
re-scored against any billed ICD-9 for the admission
(the lenient criterion of Table 4), holds a tight band



Table 6: Failure-mode counts per HITL iteration (n = 50 each). Only the three most frequent modes are shown;
the long tail (terminology gap, ambiguous case, hallucination) contributed 0-2 cases per iter and is omitted for
clarity. ME = missed entity, UI = unsupported inference, SDC = symptom—diagnosis confusion.

iter 1 iter 2 iter 3
Condition ME UI SDC ME UI SDC ME UI SDC
Baseline 11 3 0 10 1 0 7 2 2
CoT 8 5 11 2 0 9 4 0
Few-shot 5 5 1 11 3 0 12 1 1
Self-consistency 10 2 0 10 2 1 8 3 2
RAG 5 3 1 11 1 1 9 2 3

Baseline trajectory under human review (n=50 per iter, 3 iters)

10 Strict accuracy (human verdict; vs primary billed ICD-9)

Lenient accuracy (auto re-score; vs any billed ICD-9)
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Figure 5: Baseline HITL trajectory under human review (n = 50 per iteration, three iterations, on the same
charts as the auto-reviewed Baseline). Left: strict accuracy from the researcher’s own verdicts; right: lenient
accuracy from the automatic re-score against any billed ICD-9. Strict rises 0.62 — 0.78 while lenient holds
~0.86, narrowing the gap from +20 to +8pp. The iteration-3 strict gain coincides with a different chart batch,

so the trend is read as directional, not confirmed.

(0.82/0.86/0.86); the strict/lenient gap therefore nar-
rows from +20 to +8pp as strict accuracy climbs to-
ward the lenient band. We read the upward strict
trend as a potential improvement signal rather than
a confirmed one: the iteration-3 gain falls on a differ-
ent stratified chart batch, on which the auto-reviewed
Baseline also scored 0.76. Prompt improvement and
batch difficulty therefore cannot be separated here; the
higher-powered replication with a fixed held-out set
proposed in §6.1 is needed to confirm the direction.

Inspecting the prompt patches produced under hu-
man review, the free-text rationales sharpened an
instruction-level rule that the auto-reviewer’s terse
comments did not. The researcher repeatedly flagged
cases where the annotator returned a focal or prox-
imate finding instead of the principal condition that
drove the admission: “Cholangitis” where the gold
codes Unspecified septicemia ( “the AI captured the fo-
cal infection rather than the systemic septic state the
gold codes as primary”), “Clostridioides difficile infec-
tion” where the gold codes Acute kidney failure, and a
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steroid-withdrawal pneumonitis where the gold codes
HIV disease. Aggregated, these rationales sharpened
the principal-diagnosis instruction so that the model is
now told to return the principal diagnosis

“ ..rather than a secondary diagnosis, a chronic
comorbidity, or a contributing cause of the prin-
cipal diagnosis,”

the final clause (contributing cause) being exactly
the focal-versus-systemic distinction the cholangitis ra-
tionale named. By iterations 2-3, on separate stratified
samples, the model more often returned the systemic
principal state rather than a focal contributor: e.g.
“Sepsis due to RLL pneumonia and UTI” and “Sep-
tic shock” on admissions whose gold primary was sep-
ticemia, where a focal “pneumonia” or “UTI” answer
would have scored strict-wrong. These are qualita-
tive evidence (with the batch caveat above) that the
SQ1 contextual explanation channel produces patches
that generalise across charts. The full chart-through-
the-loop trace for the cholangitis case (annotator out-



put, reviewer rationale, PromptAgent patch, and the
iteration-2 sepsis chart it generalised to) is reproduced
verbatim in Appendix B.9.

4.5 Prompt complexity (SQ3) and con-
vergence (SQ4)

SQ3 and SQ4 are partially answered on the discharge-
summary corpus, with the scope of the claim bounded
by the single-condition design of the analysis.

For prompt complexity (SQ3), we trace Baseline
along two three-iteration trajectories on the same
charts, differing only in reviewer: Phase 2 (auto-
reviewed, §4.2) and Phase 3 (human-reviewed, §4.4),
with per-iteration prompts recoverable from the logs.
Table 7 reports two complexity metrics (instruction
count, total instruction-text character count) alongside
strict accuracy for both trajectories.

Table 7: Prompt complexity vs strict accuracy across
the Baseline trajectories under two reviewer regimes
(Phase 2 auto-reviewed and Phase 3 human-reviewed),
n 50 per iteration.  Char count is the total
instruction-text character count. Char growth is iter 3
vs iter 1. The two strict-accuracy figures are judged
by different reviewers (auto vs human) and are not di-
rectly comparable; only the within-trajectory growth-vs-
accuracy reading is intended.

Phase 2 (auto) Phase 3 (human)

Iter #ins.  Chars #ins. Chars
1 9 1078 9 1078
2 10 1268 9 1316
3 10 1490 10 1762
Char growth +38% +63%
Strict acc 0.68 — 0.76 0.62 — 0.78

Three observations follow. First, instruction count
is a misleading complexity prozy: at iter 3 of Phase 2
the count stayed at 10 but the total instruction-text
character count grew by +18% (iteration 2 to itera-
tion 3: 1268 — 1490 chars), because the PromptAgent
refined existing instructions rather than adding new
ones. Structural composition (refine vs. add) is a sep-
arate axis from the headline count. A concrete trace
makes this explicit: after iteration 1, whose errors were
dominated by missed entity, the PromptAgent added
a single recall-oriented rule generated from the aggre-
gated failure signal, “thoroughly scan the entire text to
identify all explicitly confirmed diagnoses before deter-
mining the single primary diagnosis”; subsequent iter-
ations mostly re-expanded existing rules with examples
and qualifiers rather than introducing new constraints
(the symptom-distinction rule, for instance, grew from
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a single illustrative example at iteration 1, “chest pain
is a symptom”, to four by the final iteration, “chest
pain, fever, hypotension, or hypercalcemia”). We de-
scribe these patches as generated in response to the
prior iteration’s failures, the direction the routing sup-
ports; we do not claim a specific added line caused a
downstream accuracy change. Verbatim prompts for
every iteration are released in Appendix B. Second, the
human reviewer’s richer rationales drive larger prompt
patches: writing far longer rationales (mean 305 vs 99
chars/comment, §4.4) translated into a +63% char-
growth trajectory across three iterations, more than
Phase 2’s +38% on the same charts. Strict accu-
racy nonetheless rose across the trajectory (Table 7),
so patch verbosity is not what drives the gains; the
direction is consistent with the prompt-bloat reading
developed for the context-expanding techniques in §5,
where extra context-length costs the small-model an-
notator’s attention budget rather than buying capabil-
ity. Third, the prompt-complexity-vs-strict-accuracy
relationship is not monotonic; Phase 2 strict peaks at
iter 2 and plateaus while its prompt keeps growing, and
Phase 3 reaches its best strict value at iteration 3 even
as the prompt continues to expand. This is consis-
tent with the §5 reading that instruction-level patch-
ing shifts probability mass toward clinically-valid di-
agnoses faster than toward the strict billing-primary,
and with the broader observation that strict-axis gains
are bounded by the measurement ceiling. A formal
prompt-complexity-vs-accuracy regression is not statis-
tically supportable here; the trajectories are reported
descriptively.

SQ4 asks two things: (a) how many iterations are
required for convergence on a given corpus, and (b)
whether the convergence behaviour generalises across
clinical text types. We answer (a) on discharge sum-
maries and explicitly defer (b) to §6.1. On the
discharge-summary corpus, lenient accuracy converges
to the [0.86,0.90] band by iteration 3 across all five
techniques in Table 4, a pattern confirmed by the
matched human-reviewer trajectory in §4.4. Strict ac-
curacy, by contrast, does not converge within the three
iterations observed in any of the five conditions; its
within-trajectory swings remain qualitative.

The take-away for SQ4 within-corpus is that on
MIMIC-IIT discharge summaries the loop reaches a
steady lenient-accuracy band within three iterations,
while strict accuracy does not settle within that win-
dow; the lenient band is a property of the gold-label
regime rather than of any technique. Generalisation to
other clinical text types is left to §6.1.



4.6 Qualitative analysis

The LLM judge accepts legitimate clinical synonymy
and sub-typing. Representative correct cases (clini-
cal chapters) include: Mental (subj. 45054 ), annotator
“Acute alcohol intoxication with altered mental sta-
tus” vs gold “Alcohol abuse, unspecified”; Endocrine
(subj. 58965), annotator “Hyponatremia” vs gold “Hy-
posmolality and/or hyponatremia”; Respiratory (subj.
50911), annotator “Community-acquired pneumonia
with empyema and sepsis” vs gold “Bacterial pneu-
monia, unspecified”. In each case the judge correctly
identifies the annotator’s answer as a valid specialisa-
tion or synonym.

Incorrect cases illustrate distinct failure modes:
Missed entity (subj. 23257), annotator “Hyperkalemia”
vs gold “Acute kidney failure, unspecified”; the anno-
tator extracted a complication rather than the underly-
ing primary, but under lenient scoring this flips to cor-
rect (hyperkalemia is one of the admission’s billed sec-
ondary codes). Unsupported inference (subj. 27657),
annotator “Non-epileptic seizures” vs gold “Epilepsy”;
the annotator inferred “non-epileptic” from a negative
EEG but the patient was discharged on anti-epileptic
medications.

5 Discussion

The robust finding from §4.2 is cross-condition lenient
convergence to [0.86,0.90] by iteration 3, consistent
with the band being a property of the gold-label regime
rather than of any prompt-engineering strategy. On
strict accuracy, no per-technique difference is statis-
tically resolvable, and the ceiling visible at +18pp is
best read as a boundary condition on what HITL can
achieve under this gold-label regime rather than as a
HITL failure; Baseline is the only condition with an
upward strict trend within that ceiling, the direction
expected if the HITL loop improves the bare prompt.

The SQ1 dominant failure mode is missed entity, and
only Baseline shows a monotonic reduction in it across
iterations. We attribute the lack of reduction in the
technique-enriched conditions to prompt bloat: Promp-
tAgent patches compete with the techniques’ own con-
text expansions (few-shot exemplars, CoT scaffolding,
retrieved cases) for the small-model annotator’s atten-
tion budget [11, 9], and the steepest strict declines
(Few-shot, RAG, and to a lesser extent CoT) occur
on the conditions whose prompts grow fastest.

RAG inherits this dynamic with two specific asym-
metries. Retrieval was available for the modal missed-
entity failures (the store is populated by all validated
and corrected non-ambiguous cases, queried only by
RAG), so the failure to help is not a coverage short-
age. Rather, the technique’s context growth is unau-
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ditable (File Search exposes neither embeddings, top-k,
nor retrieved text, only chunk counts), and the sys-
tem prompt instructs the model to “prioritize [the re-
trieved] logic over your general knowledge,” so when
retrieval fires the authored patches are by design su-
perseded by the retrieved case. Both effects predict the
same sign and cannot be separated at this scale.

The deployment-relevant implication is that “run un-
til convergence” is the wrong target on strict for the
context-expanding techniques: their strict trajectories
peak at iteration 1 and decline thereafter, so prin-
cipled stopping rules or context-budget management
belong in the higher-powered follow-up (§6.1). Self-
consistency, which does not expand the prompt, stays
roughly flat over the trajectory and shows no analogous
peak-then-decline.

A natural follow-up question is whether the system
performs better than a human coder. The gold labels
are themselves human-produced (MIMIC-III primary
ICD-9 codes are assigned by hospital coders following
billing conventions), so every strict-accuracy number
in this paper is implicitly a system-vs-human compar-
ison: the system reproduces the original coder’s pri-
mary choice on 67% of clinical-chapter admissions (the
hand-verified n = 100 baseline). Three external refer-
ence points place this in context.

First, published audits of routine ICD coding report
a median diagnostic-coding accuracy of 80.3% with
interquartile range 63.3-94.1% across 32 studies [3],
and primary-diagnosis change rates of 8.7-16.8% on re-
audit [14]. Inter-rater agreement is similarly bounded:
K = 0.77 for primary-diagnosis ICD-9 coding of stroke
discharges [8], and x = 0.42 at terminal-code level ris-
ing to k = 0.72 at chapter level across 13 specialist
coders [17]. Second, MIMIC-III’s labels are themselves
demonstrably incomplete: the most frequent codes are
under-coded by up to 35% [16]. Third, the best repli-
cated automated medical coder on this corpus reaches
micro-F1 ~ 0.598 [4].

Our 0.67 strict and 0.85 lenient (human-reviewed
baseline) therefore sit inside the published professional-
coder interquartile range (63.3-94.1%) and above prior
automated-coder baselines, while still bounded above
by the billing-convention measurement artefact we doc-
umented.

The findings carry different implications for differ-
ent audiences. For ICD-coding ML researchers, the
dual-metric protocol suggests that published MIMIC-
IIT leaderboard numbers (e.g. [4] above) may sys-
tematically under-state model capability by conflating
billing-primary mismatch with clinical extraction fail-
ure; re-reporting against any-billed-ICD lenient accu-
racy would put prior results on a more comparable
footing. For LLM-as-judge methodology researchers,
our judge’s binary verdict validates well against hand-



review (§3.4) but its failure-mode labels are not vali-
dated, so any downstream analysis that conditions on
the judge’s failure-mode label should treat that surface
as provisional. For clinicians and clinical reviewers,
the human-validation trajectory (§4.4) shows that free-
text rationales translate into instruction-level prompt
patches that generalise beyond their originating cases
(the principal-diagnosis rule example), supporting the
practical viability of a clinician-in-the-loop deployment
where the clinician’s time is spent on rationale-rich
review rather than case-by-case correction. For hos-
pital coding and billing operations, the 18pp clinical
strict/lenient gap is a direct quantification of how
much of an automated coder’s apparent error budget
is in fact “correct clinical extraction, wrong billing-
priority” rather than a failure of clinical understand-
ing; this is the operationally relevant decomposition
when scoping where automation can offload work ver-
sus where human judgement on DRG-driven primacy
is still required. For patients and broader healthcare-
system stakeholders, the gold-label-ambiguity finding
(=10% on-corpus, up to 14%) implies that even the
human-produced reference labels used to evaluate med-
ical NLP systems carry non-trivial inconsistency, with
implications for any downstream care or billing deci-
sion conditioned on a single “primary” diagnosis.

Three foreseeable risks accompany the contributions
reported here. First, an over-reliance risk for clini-
cal reviewers: if a HITL system of this kind is de-
ployed at scale and clinicians are asked only to vali-
date (rather than originate) extractions, sustained ex-
posure to mostly-correct LLM annotations may erode
the critical-reading skill the validation step depends
on, a deskilling pattern documented in adjacent au-
tomation contexts. Mitigation requires periodic blind
review of cases without an LLM suggestion present
and explicit measurement of reviewer agreement drift
over time. Second, a downstream-billing risk for hos-
pital coding operations: the same 18pp clinical /lenient
gap that motivates the dual-metric protocol also means
that an LLM-extracted diagnosis can be clinically valid
yet billing-inappropriate, and naive deployment with-
out a human-in-the-loop step before billing submission
could systematically mis-prioritise comorbidities under
DRG reimbursement schemes. Third, a methodological-
overclaim risk for the research literature: the dual-
metric protocol exposes a measurement ceiling but
does not eliminate it, and re-reporting prior MIMIC-
IIT leaderboard results under lenient matching should
be accompanied by both metrics rather than used to
revise headline F1 numbers upward in isolation. That
the judge’s failure-mode labels are unvalidated (§5.1)
compounds this: any meta-analysis that conditions on
those labels inherits that uncertainty, so downstream
uses of this framework’s logs should treat the binary

verdict as substantive and the per-mode label as pro-
visional.

5.1 Limitations

The empirical findings reported here should be read as
a pilot characterisation: every HITL trajectory in the
paper is a single run at n = 50 per iteration, every
Phase 3 finding rests on the author’s reviews of 150
charts, and no human reviewer in this study is a prac-
tising clinician. The four caveats below elaborate these
constraints along the classical validity axes (internal,
construct, statistical conclusion, and external).

Internal validity. Each HITL iteration draws a fresh
stratified n = 50 sample (§3.5). This design tests
whether the patched prompt generalises across charts
rather than measuring training-set fit on cases the
patch was written for, but as a consequence iteration-
to-iteration accuracy differences confound prompt im-
provement with between-batch variation in chart diffi-
culty. A fixed held-out set evaluated at every iteration
would separate these and is part of the higher-powered
follow-up proposed in §6.1.

Construct validity. The headline accuracy numbers
depend on an LLM judge. Its binary verdict is vali-
dated by the author’s hand-review of the n = 100 base-
line (§4): the hand and judge verdicts agree at Cohen’s
k = 0.82 on the strict verdict (92% raw agreement) and
k = 0.77 on the lenient verdict (95%), both in the sub-
stantial-to-almost-perfect range, so the binary verdict
supporting the strict-accuracy comparisons is reliable
at this sample size. Two caveats remain. First, this
is an author hand-review, not an independent prac-
tising clinician; validation against a recruited clinician
is future work (§6.1). Second, the judge’s categorical
failure-mode label is not separately validated: we re-
port and act on the binary correct/incorrect verdict
and treat the failure-mode label as provisional rather
than a validated measurement. Accuracy differences
smaller than the ~5-8% implied per-verdict disagree-
ment rate should not be treated as separable from
judge stochasticity at single-condition resolution. A re-
lated construct-side threat is the gold-label regime: our
gold labels inherit MIMIC-IIT’s billing conventions, and
the dual strict/lenient metric and the admission-scope
filter address the most extreme artefacts, but ICD-9
codes within clinical chapters can still be chosen by
DRG considerations rather than clinical primacy, im-
posing a residual measurement ceiling on strict accu-
racy.

Statistical conclusion validity. The HITL trajecto-
ries are scoped as a pilot at n = 50 per iteration, which
is underpowered to resolve small between-technique
differences in strict accuracy. The headline human-
reviewed baseline (n = 100, p = 0.67) has a 95%
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CI of approximately +9pp. At n = 50 per itera-
tion, the single-iteration CI widens to roughly £+12pp,
so an iteration-to-iteration difference carries a 95% CI
of approximately £17pp. We therefore read the per-
technique strict-accuracy trajectories in Table 4 and
Fig. 4 as qualitative trend directions, not statistical in-
ferences, and draw firmer conclusions from (i) the cross-
condition lenient convergence pattern, (ii) the failure-
mode shifts in Table 6, and (iii) the on-corpus gold-
label-ambiguity rate from the human-validation trajec-
tory. Resolving a ~5pp per-technique difference at 80%
power would require approximately n = 300 per itera-
tion; that is the principal follow-up experiment named
in §6.1.

External validity. All experiments use Gemini 2.5-
flash. Generalisation to other model families (GPT-4
class, Claude, Llama) is not evaluated. The choice of a
small/medium-capacity hosted model is deliberate: a
hospital deploying this framework in practice will run
a locally-hosted open-weights model for data-residency
and cost reasons, and that target operating point is
closer to Gemini-flash than to a frontier API model.
The findings reported here (the strict/lenient ceiling,
the prompt-bloat trajectory, the modal missed entity
failure budget) should therefore transfer more directly
to a local deployment than they would if the experi-
ments had been run on a frontier model whose extra
capacity might mask long-context degradation [11]. A
second external-validity caveat is the corpus: the tra-
jectories were run only on MIMIC-III discharge sum-
maries, and cross-text-type generalisation (e.g. radiol-
ogy or nursing notes) is the SQ4 completion proposed
in §6.1.

6 Conclusion

We can now return to the main research question. On
reliability, the HITL loop yields convergence: lenient
accuracy lands in a consistent inter-technique band
by iteration 3 regardless of starting technique. On
accuracy, gains on strict are bounded above by the
gold-label ceiling, and within that ceiling are direc-
tionally positive but unconfirmed at this sample size
(the human-reviewer trajectory’s 0.62 — 0.78 signal,
confounded with batch difficulty). On mechanism,
the operative lever is instruction-level prompt patch-
ing driven by free-text human rationales rather than
retrieval or technique choice; Appendix B.9 reproduces
a single chart-through-the-loop trace.

The headline contribution of this work is method-
ological: the MIMIC-III primary-ICD-9 label, when
used as gold for LLM annotation evaluation, imposes a
measurable upper bound on strict accuracy that con-
flates model failure with billing-convention noise. We
proposed a dual-metric protocol that exposes this ceil-

18

ing quantitatively (both metrics scoped to the clini-
cal ICD-9 chapters) and demonstrated it across a two-
agent human-in-the-loop framework with five prompt-
engineering conditions.

The framework delivers on reliability and partially
on accuracy. It works for reliability because the loop
converges all five techniques to the same lenient band
by iteration 3, with the convergence reflecting the gold
regime more than any prompt-engineering decision. It
is bounded on strict accuracy because the gold label
encodes billing-priority that prompt engineering alone
cannot recover; within that ceiling, instruction-level
patches driven by rich free-text rationales are the mech-
anism that moves the system upward, while context-
expanding techniques (Few-shot, RAG) degrade be-
cause their context expansions compete with those
patches for the small-model annotator’s attention bud-
get [11, 9]. Published audits of professional ICD coding
(median diagnostic-coding accuracy &~ 0.80; primary-
diagnosis k & 0.77 on ICD-9 stroke coding) place the
system inside the human-coder inter-rater agreement
band, suggesting that the residual strict-accuracy gap
is the same gap human coders face, not a model-specific
shortfall.

We recommend that future LLM-based ICD-coding
evaluations on MIMIC-III adopt the dual-metric pro-
tocol so that model capability and billing-convention
noise are reported separately, and that within-corpus
convergence claims include both metrics rather than
reporting strict accuracy as a single number.

6.1 Future Work

Several planned experiments extend the present study
and will be completed in the remaining project window.

A full longitudinal study would run six conditions
(baseline, RAG, chain-of-thought, few-shot, CoT+few-
shot, and the full pipeline) across three iterations at
n = 300 on the clinical-scoped sample, the per-iteration
size our power analysis (§5.1) indicates is needed to
resolve 5pp HITL effects, to answer SQ2 (which tech-
niques benefit most from HITL) with tighter confidence
intervals.

An independent clinician agreement study would ad-
dress the present study’s reliance on the author’s hand-
review for judge validation (§3.4). Recruiting one or
more practising clinicians, blind to the judge verdict,
to re-label a chapter-balanced sample would validate
the verdict against clinical expertise rather than the
author, and would additionally let the judge’s failure-
mode label, unvalidated here, be estimated with usable
precision.

Extended HITL trajectories at higher power would
resolve the per-technique trend directions statistically.
The per-technique three-iteration trajectories at n =



50 reported in §4.2 are preliminary, underpowered ev-
idence (see §5.1) with a fresh-batches-per-iteration de-
sign that confounds prompt improvement with batch
difficulty. Replicating the headline conditions at n =
300 per iteration with a fixed held-out test set across
iterations would allow a more definitive convergence
answer for discharge summaries.

Cross-text-type convergence (SQ4 completion)
would re-run the HITL trajectory on a second corpus,
for example radiology reports or nursing notes from
MIMIC-III’s other note categories, to test whether
the convergence behaviour observed on discharge
summaries generalises across clinical text types,
completing the second half of SQ4.

Per-chapter stratified reporting would provide a pri-
mary results figure showing strict and lenient accuracy
per ICD-9 chapter across conditions, enabling a finer-
grained answer to which admission types benefit most
from HITL.

Disease-category-specific prompting follows from the
observation that the strict/lenient gap is uneven across
ICD-9 chapters (Fig. 3), which suggests that a single
global prompt is unlikely to be equally well suited to
every disease category. A natural follow-up routes each
note through a lightweight upstream classifier that pre-
dicts its likely ICD-9 chapter and then applies a prompt
specialised for that category rather than one prompt for
all admissions. A coarse version groups chapters into
broad clinical versus administrative regimes; a finer
version learns or hand-tunes a separate prompt per
disease category, testing whether category-aware con-
ditional prompting lifts accuracy on the chapters where
the current single prompt is weakest.

Dynamic stopping and context-budget manage-
ment would convert the prompt-bloat finding into a
deployment-ready policy. The per-technique strict tra-
jectories peak at iteration 1 for the context-expanding
techniques (RAG and Few-shot; §4.2, §5) and decline
thereafter, so a uniform iteration count is sub-optimal
on strict. A principled stopping rule, or a context bud-
get that caps retrieved or few-shot examples once ac-
curacy stops improving, would address this.

An instruction-count versus prompt-length dose-
response study would turn the qualitative prompt-
bloat reading into a quantitative threshold usable by
the stopping rule above. The present study observes
prompt-bloat indirectly, by reading accuracy against
the total character count reached at iteration 3 (Ta-
ble 5). A controlled follow-up would vary the number of
patched instructions independently of the surrounding
technique scaffolding (few-shot exemplars, CoT pream-
ble, retrieved cases) and measure strict and lenient ac-
curacy as a function of both axes, separating the con-
tribution of instruction count from total prompt length
and identifying whether a saturation point exists be-
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yond which additional patched instructions stop help-
ing or actively hurt.

Code and data availability

The codebase, prompts, hyperparameter configura-
tions, random seeds, and supplementary review spread-
sheets used to produce every number reported in this
paper are released publicly at https://github.com/
surftijmen/agentic-hitl-medical-annotation.

Per-case experimental records are not redistributed
because they embed MIMIC-IIT note text, which the
PhysioNet credentialed Data Use Agreement prohibits
sharing with third parties; researchers with PhysioNet
credentials can reproduce every reported number by
running the released code against their own MIMIC-III
copy. Single-call inference (Annotator, judge, and
PromptAgent calls to Gemini 2.5-flash) was issued
under a zero-data-retention configuration so that
no MIMIC note text persisted on Google’s servers
beyond the request lifetime. The RAG condition is
an explicit exception: it relies on Gemini File Search,
an inherently persistent vector store, and uploads
note-derived retrieval documents (~500 characters
per case; see Appendix B.7) that remain on the File
Search backend for the trajectory’s duration. Each
trajectory was run against a freshly created store so no
MIMIC-derived content crossed between trajectories
within the experiment, and operational deployment
of this framework should include a post-experiment
teardown step that deletes the store via the File Search
API to limit DUA exposure beyond the experiment.
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A Abbreviations

CI Confidence Interval

CoT Chain-of-Thought  (prompting
technique)

DRG Diagnosis-Related Group (reim-
bursement classification)

EHR Electronic Health Record

F1 Harmonic mean of precision and
recall

HITL Human-In-The-Loop

ICD International Classification of
Diseases

ICD-9 / ICD-10  9th / 10th revision of ICD

ICU Intensive Care Unit

LLM Large Language Model

MIMIC Medical Information Mart for In-
tensive Care

NLP Natural Language Processing

RAG Retrieval-Augmented  Genera-
tion

RQ Research Question

SQ Sub-Question (SQ1 — SQ4 in this
paper)

UHDDS Uniform Hospital Discharge
Data Set

PP percentage points

K Cohen’s kappa (inter-rater agree-

ment coefficient)

B Reproducibility specifics

This appendix lists the verbatim prompts, hyperpa-
rameters, and implementation details required to re-
produce every reported number by re-running the re-
leased code on a credentialed MIMIC-III copy. Pointers
reference modules in the released codebase.

B.1 Hyperparameter table

B.2 Annotator prompt (vl, baseline)

The v1 prompt is captured as a versioned JSON
file in the released codebase. The four-field JSON

scaffold (system_ prompt, query, instructions,
format_instruction) and the three-key out-
put schema (diagnosis, is_diagnosis_given,

confidence_level) are adapted from the rheumatic-
disease diagnosis-extraction prompt scaffold released
by Maarseveen et al. [12] (prompt_rachel_vl.json
in their public repository), shared with the author
by co-supervisor D. Selani; the nine task instruc-
tions themselves are written for the MIMIC-III
primary-ICD-9 setting. The active fields are:

System prompt.



You are a medical information extraction assis-
tant. FExtract only information that is explic-
itly stated in the text. Do mnot guess or in-
fer. ALWAYS search the provided file_search
tool for similar validated cases before providing
an annotation. If you find a similar case in
the ‘medical-annotation-rag’ store, prioritize that
logic over your general knowledge to ensure con-
sistency across the dataset.

Query.

From the following medical text, identify the sin-
gle primary confirmed diagnosis for this admis-
ston.

Instructions (nine items).

1. Return the PRIMARY confirmed diagnosis for this ad-
mission, the billed principal diagnosis that best de-
scribes why the patient was admitted.

Express the diagnosis using standard clinical termi-
nology (e.g. ‘Acute myocardial infarction’, ‘Congestive
heart failure’). Common unambiguous abbreviations
are permitted (MI, CHF, UTI, DVT, PE, CKD, AKI,
COPD, ICH).

Be as specific as the note supports (e.g. ‘Acute infe-
rior STEMT’ rather than just ‘MI’) but do not invent
specificity that isn’t in the text.

Do NOT include suspected, possible, or rule-out diag-
noses unless explicitly confirmed.

Ignore negated findings (e.g. ‘no evidence of’).

If multiple confirmed diagnoses are present, return the
one that is the principal reason for admission, not a
secondary or chronic comorbidity.

Distinguish diagnoses from symptoms: ‘chest pain’ is a
symptom, not a diagnosis; return the underlying con-

firmed diagnosis instead.

If no primary diagnosis is confirmed in the note, return
‘none’.

Do not use external knowledge beyond the text.

Output schema (response_schema-enforced).

string or "none",
Oor 1,
int in [0,100]}

{"diagnosis":
"is_diagnosis_given":
"confidence_level":
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Open-vocabulary extraction. The prompt
schema also supports an optional allowed_diagnoses
closed list, but it is left empty in every reported run:
the task is open-vocabulary extraction scored against
the free-text ICD-9 long-title. The “map confirmed
conditions to the allowed-diagnoses list” step in the
chain-of-thought variant below and the “do not change
the allowed_diagnoses list” PromptAgent constraint
are therefore inert holdovers from an earlier closed-
list prototype and did not constrain the reported
experiments.

B.3 Chain-of-thought variant

When chain-of-thought is enabled (the CoT condition,
§4.2) the output schema is extended with a reasoning
field and the following instruction is prepended:

Before answering, reason step-by-step inside the
‘reasoning’ field: (1) list every medical condition
mentioned in the text; (2) for each condition, de-
cide whether it is explicitly confirmed, not ‘possi-
ble’, ‘suspected’, ‘rule out’, or negated; (8) map
confirmed conditions to the allowed-diagnoses list
using synonym mapping where needed; (4) select
the most clinically relevant confirmed diagnosis,
or ‘none’. CRITICAL: only reference words and
phrases that literally appear in the text. Do NOT
invent section mames, quotes, or content that is
not present.

B.4 Static few-shot examples

Five examples are statically prepended to the prompt
when use_few_shot is set. Each example is a triple
of (note excerpt, expected JSON, expected reasoning
trace for the CoT-enabled variant). The set is cho-
sen to cover four edge cases beyond a single pos-
itive: (i) simple explicit confirmation; (ii) rule-out
/ not yet confirmed (negative example); (iii) clini-
cal indicators present but the diagnosis word absent
(must not infer); (iv) the same presentation with the
diagnosis explicitly named (must commit); and (v)
multi-comorbidity primary selection. The full text of
each example is in src/modules/annotator_agent.py
(FEW_SHOT_EXAMPLES).

B.5 Judge prompt and failure-mode
definitions

The judge receives the full note, the annotator’s output
(including any CoT reasoning), and the gold ICD-9
long_title. The failure-mode definitions in the judge’s
system prompt are verbatim:

Failure-mode guide (pick the MOST SPECIFIC):



e hallucination: diagnosis is not supported
by anything in the note.

e missed_entity: a clearly confirmed diagno-
sis was ignored (annotator said ‘nome’ or
picked something else while the correct con-
cept is plainly stated).

e terminology_gap: correct concept, wrong or
non-clinical terminology that obscures the

match.
e unsupported_inference: annotator in-
ferred / assumed a diagnosis not explicitly

stated.

e symptom_diagnosis_confusion: annotator
returned a symptom or sign, not a diagno-
518.

e ambiguous_case: ONLY when it is gen-
winely impossible to judge (note too short /
corrupted; gold title too vague, e.g. “Other
specified disorder”).

The output schema is:

{"correct": bool, "failure mode":
enum| "none", "comment": str,
"confidence": int in [0,100]}

with failure mode restricted by the response
schema to one of the six enum values (or "none" when
correct=true).

B.6 PromptAgent meta-prompt

At the end of each iteration, the PromptAgent aggre-
gates failures by mode and submits the following meta-
prompt to Gemini 2.5-flash. The constraint list is crit-
ical: it confines the agent to instruction-level edits and
forbids scope expansion or schema changes.

You are assisting with IMPROVING an ezisting
medical information extraction prompt.

IMPORTANT CONSTRAINTS (DO NOT VIO-
LATE):
o You MUST NOT rewrite or rephrase the
task.
o You MUST NOT change the system prompt.
e You MUST NOT change the query.

e You MUST NOT the al-
lowed_diagnoses list.

e You MUST NOT change the output JSON
format.

e You MUST NOT introduce new task scope.

change

You are ONLY allowed to:

e Propose ADDITIONAL instructions.

e Propose SMALL refinements to EXISTING
nstructions.

The goal is to reduce the observed failure modes
WITHOUT harming recall of explicitly stated di-
agnoses.

The current base prompt and the per-mode ag-
gregated failures (count, error_locus, up to three
reviewer example sentences) are appended verbatim.
The required JSON output schema is:

{"instructions_to_add": [str,

..], "instructions_to_refine":
[{"target_instruction": str,
"refined_version": str}, ...],
"rationale": str}

Each patch is timestamped and persisted as a ver-
sioned JSON file before deployment, so the entire itera-
tion history is reconstructible from the released prompt
sequence.

B.7 Retrieval-augmented memory

RAG is implemented on top of Google’s Gemini File
Search API (src/modules/ragmemory.py). Each
validated correct case is serialised as a ~500-character
plain-text retrieval document followed by a JSON
metadata block, written to disk, and uploaded to
the cloud store; deduplication is by display._name
= case-(subject_id)-(hadm_id). At inference
time the annotator is given a tools list containing
types.Tool(file_search=FileSearch(...)); the
Gemini runtime performs embedding, retrieval, and
grounding internally. Grounding metadata returned in
the response (number of chunks used) is logged per call
for traceability. File Search is a persistent backend:
uploaded documents remain on Google’s infrastruc-
ture for the duration of the trajectory and across all
inference calls within it. A fresh store is created per
trajectory so no content crosses between trajectories
during the experiment; stores from prior trajectories
are not implicitly deleted by the API, and operational
deployments should add an explicit teardown call to
limit residency beyond the experiment.

B.8 Reproducibility

Every reported number is reproducible by running the
released code against a credentialed MIMIC-IIT copy
under the seeds and hyperparameters in Table 8. Each
experimental run writes a per-case record (note ID, an-
notator output, judge verdict, failure mode, confidence,
and gold reference), a versioned prompt JSON captur-
ing the prompt active at that iteration, and a paired
strict-plus-lenient re-judge for every HITL run; the tra-
jectory is reconstructible from this sequence. Because
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the per-case records embed MIMIC-III note text, they
are not redistributed, but the generating code is.

Figures, tables, and every numerical claim in the pa-
per are regenerated by deterministic post-processing
scripts that consume only the per-run JSON records
and issue no API calls. A separate verification script in-
dependently re-derives each headline number and emits
a per-claim pass/fail report.

The per-case prompt_version field records the work-
ing filename of the prompt applied to that case.
Generic working filenames are reused across runs and
overwritten by later ones, so the materialised per-
iteration prompts of each reported trajectory are
archived verbatim under run-specific subdirectories in
the released codebase, where iteration-2 and iteration-3
prompts are preserved alongside the shared iteration-1
prompt above.

B.9 Worked example: chart

through the loop

one

This trace instantiates the SQ1 finding that human
rationales drive patches that generalise across charts
(§4.4). It follows a single iteration-1 chart from the
paired-human Baseline trajectory through the reviewer
verdict, the resulting PromptAgent patch, and a differ-
ent iteration-2 chart on which the patch fired correctly.
All stages are reproduced verbatim from the released
records, except the source-note descriptions which are
paraphrased to one sentence (MIMIC note text is not
reproduced; see Code and data availability).

Stage 1, source chart (iteration 1). A 67-year-old
male admitted via the surgical service for ERCP after
returning with right upper quadrant pain and abnor-
mal liver function tests; the discharge summary doc-
uments a stone-obstructed bile duct with pus on ex-
traction, transfusion for coagulopathy, and a return to
baseline post-procedure.

Stage 2, annotator output under the vl prompt
(verbatim).

{"diagnosis":

"is_diagnosis_given":
"confidence_level":

"Cholangitis",
1 >
95}

Stage 3, gold reference.
fied septicemia”.

ICD-9 038.9, “Unspeci-

Stage 4, human-reviewer verdict. Failure mode
symptom_diagnosis_confusion. Free-text rationale
(verbatim):

The AI named cholangitis (bile duct infec-
tion) while the gold codes unspecified septicemia.

24

Cholangitis could be a source of sepsis, but the Al
captured the focal infection rather than the sys-
temic septic state that the gold codes as primary.

Stage 5, PromptAgent patch (added to v2
prompt, verbatim). The reviewer rationale, aggre-
gated with other iteration-1 failures under the same
mode, drove a refinement of the principal-diagnosis in-
struction. The new instruction text reads:

If multiple confirmed diagnoses are present, re-
turn the single principal diagnosis that best ex-
plains the patient’s need for inpatient admission,
rather than a secondary diagnosis, a chronic co-
morbidity, or a contributing cause of the principal
diagnosis.

The clause “a contributing cause of the principal di-
agnosis” is the generalising element: it abstracts the
cholangitis-as-cause-of-sepsis correction into a rule that
applies to any focal infection underlying a systemic
state.

Stage 6, generalised behaviour at iteration 2
(verbatim). A different chart from the iteration-2
sample (an 80-year-old male admitted via the med-
ical service with dyspnea on a background of CHF
and COPD, coded as unspecified septicemia) was an-
notated under the v2 prompt as:

{"diagnosis":
pneumonia and UTI", ..

"Sepsis due to RLL

-}

The annotator named the systemic septic state and
identified the focal infections (pneumonia, UTI) as
causes rather than returning either as the primary di-
agnosis. The iteration-2 chart shares no entities with
the iteration-1 chart, so the patch’s effect on this case
is instruction-level rule generalisation rather than re-
trieval, the SQ1 mechanism quantified in §4.3 and dis-
cussed in §5.

C Qualitative cases

Three representative cases illustrate the headline error
classes discussed in §4.

Correct, sub-typing (subj. 50911):  annotator
“Community-acquired pneumonia with empyema and
sepsis” vs. gold “Bacterial pneumonia, unspecified”,
the judge accepts the more specific clinical phrasing
as a valid sub-type.

Incorrect, missed entity (subj. 23257): annotator
“Hyperkalemia” vs. gold “Acute kidney failure”, a
complication extracted in place of the underlying pri-
mary; this flips to correct under lenient scoring (hy-
perkalemia is billed as a secondary diagnosis for the
admission).



Incorrect, unsupported inference (subj. 27657): an-
notator “Non-epileptic seizures” vs. gold “Epilepsy”,
the annotator inferred “non-epileptic” from a negative
EEG even though the patient was discharged on anti-
epileptic medications.

Table 8: Hyperparameters used across every experi-

ment.
Parameter Value
Annotator model Gemini 2.5-flash (all reported
conditions)

Judge model
PromptAgent model

Annotator tempera-
ture (single-pass)
Annotator tempera-

ture (self-consistency)
Self-consistency sam-
ples

Judge temperature
PromptAgent temper-
ature

Random seed
pler)

Sample size

(sam-

Stratification
Held-out set

Output-schema
forcement

en-

RAG retrieval back-
end
RAG document for-

mat

RAG
key
RAG store member-
ship

deduplication

RAG top-k

Embedding model

Gemini 2.5-flash
Gemini 2.5-flash

0.0

0.7

N =3

0.0

0.2 (max_output_tokens
= 5000)

20260414

n = 100 human-reviewed for

the headline no-HITL baseline;
n = 50 per iter for the five-
condition per-technique HITL
longitudinal study; n 50
per iter for the human-reviewer
validation trajectory

By ICD-9 chapter

200-row set carved off and re-
served for the follow-up study
(§6.1); not used for the re-
ported numbers

Gemini structured-output
response_schema (both anno-
tator and judge)

Gemini File Search API (cloud
vector store)

Plain-text summary “Patient
case diagnosed with X. Key
context: (first 400 chars)” fol-
lowed by a JSON metadata
block
case-(subject_id)-(hadm_id)

Both validated (correct) cases
and corrected (incorrect, non-
ambiguous) cases, the latter
stored with the gold long_title
as the retrieval target

Set by the Gemini File Search
tool; not exposed in the pub-
lic API (the tool decides at call
time)

Gemini File Search internal
(not user-selectable)
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