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Abstract

We present CPTCoder, a human-in-the-loop
system that predicts standardized medical pro-
cedure codes from clinical text. Clinical pro-
cedure coding is an extreme multi-label clas-
sification problem over a long-tailed space
of short numeric identifiers, where a single-
digit difference denotes an entirely different
procedure. CPTCoder adapts an instruction-
tuned LLM with a code-aware vocabulary and
constrained decoding that guarantees all out-
puts are valid codes. To support human re-
view, we derive per-code posterior inclusion
probabilities from n-best reweighting, pro-
ducing interpretable confidence scores that
rank predictions and flag uncertain cases. A
post-decoding constraint repair step enforces
mutual-exclusion rules between conflicting
codes. To enable reproducible research in this
underexplored setting, we release MIMIC-
CPT ! a PhysioNet-accessible benchmark of
38,673 expert-cleaned report—code pairs with
a deliberately hardened test split: 88% of test
examples contain label combinations unseen
during training, and over a third include codes
with five or fewer training occurrences. We
additionally provide 412,297 weakly aligned
pairs and evaluate on a separate live dataset
from a hospital, which includes out-of-domain
radiology reports with billing-expert-verified
labels. CPTCoder achieves 0.61 and 0.51
micro-F1 on the hardened MIMIC split and
Hospital-298 respectively, outperforming the
strongest baseline by 12 and 5 absolute points
while reducing digit-level near-miss errors.

1 Introduction

Accurate procedural coding is a critical yet labor-
intensive step in clinical operations and reimburse-
ment. In many health systems, professional ser-
vices are billed using Current Procedural Termi-
nology (CPT) codes, and coders must assign mul-

"We will release MIMIC-CPT via PhysioNet upon pub-
lication

tiple codes per report under detailed documenta-
tion requirements. Crucially, CPT codes are short
digit-sensitive identifiers (e.g., 99213), where a
one-digit error can change billing meaning en-
tirely. These properties motivate human-in-the-
loop NLP systems that accelerate expert review
rather than fully automate billing submission.

Prior work on computer-assisted coding has fo-
cused largely on ICD benchmarks (Johnson et al.,
2016; Mullenbach et al., 2018), while CPT coding
remains underrepresented despite its importance
in professional billing workflows.

For real-world coder workflows, assistive sys-
tems must satisfy two requirements beyond raw
accuracy. First, they need controllability: out-
puts should be valid CPT identifiers and robust
to digit-level confusions between visually similar
codes. Second, they must provide actionable un-
certainty: per-code confidence that helps coders
prioritize verification and auditing in high-stakes
settings, where modern neural models can other-
wise be poorly calibrated (Guo et al., 2017) and
selective prediction is a natural way to defer un-
certain cases to humans (Geifman and El-Yaniv,
2017).

Large instruction-tuned language models
(LLMs) offer strong language understanding,
but naive prompting can yield invalid formats
and brittle digit-level slips. Two mechanics
make this acute for CPT classification: (i) a
high-cardinality, long-tailed, multi-label space
where over-prediction is costly; and (ii) tokenizer
granularity, where standard subword tokenizers
often split a five-digit code into overlapping pieces

We therefore adapt an instruction-tuned LLM
with parameter-efficient LoORA training (Hu et al.,
2022) and introduce Code-as-Token, expanding
the tokenizer so each CPT code becomes a single
atomic token, reducing sub-token overlap and
digit-level errors.

At inference time, we apply constrained de-
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Figure 1: Overview of the CPTCoder pipeline and demo workflow.

coding to restrict generation to CPT tokens plus a
small set of separators and EOS, guaranteeing syn-
tactically valid outputs (Hokamp and Liu, 2017;
Post and Vilar, 2018). To support rapid human re-
view, we compute code-level posterior inclusion
probabilities from an n-best constrained list—a
practical approximation to posterior mass com-
monly used in reranking and minimum Bayes-risk
style decoding (Kumar and Byrne, 2004)—and
surface these probabilities as per-code confidence
scores to rank candidates.

We package these components into CPTCoder,
a web-based system for paste-and-review work-
flows (Figure 1). A human coder pastes a re-
port, inspects a ranked list of candidate CPT codes
with confidence, selects an appropriate subset, and
obtains automatic RVU (Centers for Medicare &
Medicaid Services) aggregation as an auxiliary
signal for auditing and estimating service inten-
sity. The model backend is deployed with vLLM
(Kwon et al., 2023) for high concurrency and low
latency (end-to-end generation typically < 10 sec-
onds per report), making the system suitable for
interactive use.

To enable reproducible research in this compar-
atively underexplored setting, we also introduce
MIMIC-CPT, a PhysioNet-accessible benchmark
curated from credentialed MIMIC resources: a
cleaned gold split of 38,673 report—code pairs
(30,938 train / 7,735 test; 350/322 unique codes)
and an auxiliary silver release of 412,297 weakly
aligned pairs. We additionally evaluate out-of-
domain generalization on Hospital-298, a set of

298 de-identified radiology and interventional ra-
diology reports whose CPT labels were verified by
a billing expert. Across the hardened MIMIC test
split and Hospital-298, CPTCoder achieves strong
micro-F1 and markedly reduces digit-level near-
miss false positives.

Contributions.

* CPTCoder, a parameter-efficient CPT cod-
ing system that combines Code-as-Token
(atomic CPT tokens), constrained decoding
for valid structured outputs, and confidence-
ranked prediction via n-best posterior inclu-
sion probabilities.

* MIMIC-CPT, a reproducible PhysioNet-
accessible benchmark (clean gold split + aux-
iliary silver release) and Hospital-298 for
out-of-domain evaluation on radiology/IR re-
ports.

* An interactive web demo that surfaces
ranked CPT candidates with confidence
and computes total selected-code RVU, de-
ployed with vLLM for low-latency, high-
concurrency serving.

2 Dataset Collection

While public benchmarks for medical coding pre-
dominantly target diagnosis codes (e.g., ICD),
procedure coding remains underserved despite
its clinical importance. Existing resources also
rely on IID splits that understate real-world dif-
ficulty. We address this gap with a deliberately
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challenging, reproducible benchmark. We intro-
duce MIMIC-CPT, a reproducible, PhysioNet-
accessible benchmark (Goldberger et al., 2000).
The dataset is constructed exclusively from cre-
dentialed PhysioNet MIMIC resources (MIMIC-
III (Johnson et al., 2016), MIMIC-IV (Johnson
et al.,, 2023a,c), and MIMIC-IV-Note (Johnson
et al., 2023b). We will release cohort construction
scripts and CPT code-normalization utilities, and
distribute processed cohorts via PhysioNet under
the same access model and compliance require-
ments as the underlying MIMIC resources.

2.1 Gold Set

Our primary benchmark (gold set) is derived from
MIMIC-IV-Note v2.2, which provides note/report
text with comparatively direct report—code struc-
ture. We formulate each example as a multi-label
instance (z;,Y;), where x; is a report and Y is its
set of CPT codes.

Cleaning. We first filter MIMIC-IV-Note to in-
stances that contain at least one CPT code, yield-
ing 49,341 raw report—CPT rows. Because CPT
codes evolve over time, some rows contain depre-
cated/outdated codes. We normalize CPT codes
against the most recent AMA CPT Professional
Book available at the time of curation (Ameri-
can Medical Association, 2026) and remove rows
containing deprecated/outdated CPT codes; After
cleaning, the gold set contains 38,673 rows.

Training set. We construct sample-disjoint
training and test partitions. The training set
contains 30,938 reports and covers 350 unique
CPT codes.

Test set. We design the gold test split to be
closed-set and deliberately more challenging than
a random IID partition. We enforce Ciest C Cirain
and harden the test distribution toward long-tail
codes and novel label co-occurrences. The result-
ing gold test set contains 7,735 reports and 322
unique CPT codes.

Leakage control. Because the released sil-
ver corpus is derived from overlapping MIMIC
sources, we perform strict leakage checks and re-
move any record-level overlaps between the gold
split and the silver release (in particular, ensuring
zero overlap with the gold test set). We also en-
force sample-level disjointness between gold train
and gold test.

Table 1: Main dataset sizes. “# codes” denotes the
number of unique CPT codes in the split (gold only).

Split #rows # codes

Gold (IV-Note)

Gold raw 49,341 -

Drop deprecated/old codes 10,668 -

Gold clean 38,673 350
Train 30,938 350
Test 7,735 322

Silver (ITII+1V)

Silver total 412,297 -

Table 2: Silver corpus composition by label type (CPT
vs. E/M).

Category Rows
Total 412,297
CPT only 43,659 (10.59%)
E/M only 91,839 (22.27%)
CPT+E/M 276,799 (67.14%)

Silver set (auxiliary). We additionally release
412,297 weakly aligned report—code pairs from
MIMIC-III/IV for future work; this silver corpus
is not used in any experiments in this paper.

Gold hardening statistics. The full hardening
breakdown for the gold split is provided in Ap-
pendix Table 4. The test set is closed-set, sample-
disjoint, and deliberately shifted toward long-tail
labels and novel label combinations: 38.54% of
test reports contain at least one label with five or
fewer training occurrences, 88.55% of test label-
pair types are unseen in training, and 88.14% of
test reports have an unseen full label set.

Silver label composition. The auxiliary silver
release is intentionally broader and noisier than the
gold set. Table 2 summarizes its CPT versus Eval-
uation & Management (E/M) composition.

2.2 Evaluation on External Hospital Data

We evaluate out-of-domain generalization on
HOSPITAL-298, a set of 298 de-identified reports
from an internal real-patient data source at a large-
scale hospital. These cases primarily come from
radiology and interventional radiology (IR) re-
port types, and their CPT labels were annotated
by a professional billing expert. We directly test
the trained models on this set without any addi-
tional fine-tuning, threshold tuning, or k selection
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on these cases, to better reflect real-world deploy-
ment performance. Results are reported together
with in-domain performance in Table 3.

Expert Verification To improve label reli-
ability, two radiology experts cross-checked
the professional billing-expert annotations for
HOSPITAL-298. A radiology expert also reviewed
the CPT normalization/deprecation filtering used
to curate MIMIC-CPT. These human verification
steps are intended to reduce label noise in both the
curated benchmark and the external evaluation set.

2.3 Usage and Evaluation

Training data. All experiments train on the gold
training split; the silver corpus is not used for
training, tuning, or evaluation.

Evaluation sets. We evaluate on (i) the in-
domain gold test split and (ii) the out-of-domain
Hospital-298 set (§2.2), reporting direct transfer
performance with no additional training or hyper-
parameter selection on Hospital-298.

Unified label vocabulary (365 codes). We eval-
uate all models over a fixed global CPT vocabu-
lary Vsg5 of 365 codes (from codes_json) to unify
MIMIC and Hospital-298. MIMIC gold training
covers 350 of these codes; the rest appear only in
Hospital-298. Hospital-298 is used strictly for ex-
ternal testing.

3 Method

3.1 Overview

Given a report z, CPTCoder produces a ranked
list of candidate CPT codes with confidence
scores for human review. We fine-tune an
instruction-tuned LLM (Llama-3.1-8B-Instruct)
with LoRA on the gold training split using a
structured target format (a sequence of CPT to-
kens). At inference time, we apply (i) Code-
as-Token vocabulary expansion, (ii) constrained
decoding to guarantee valid CPT outputs, and
(ii1) n-best posterior reweighting to compute code-
level confidence used for ranking. Finally, we
apply a lightweight billing-rule repair step using
not_in_conjunction_with constraints, remov-
ing the lower-confidence code in any conflicting
pair.

3.2 Code-as-Token Vocabulary Expansion

Motivation.
identifiers (e.g.,

CPT codes are short digit-sensitive
99213). With standard sub-

word tokenizers, codes can be split into over-
lapping digit/substrings, which increases con-
fusability among similar codes and can cause
digit/formatting mistakes. We therefore represent
each CPT code as a single atomic tokenizer token.

Vocabulary construction. Let V,,; be the fixed
CPT vocabulary supported by the system (|Vept| =
365; i.e., Vags from §2.3). The MIMIC gold train-
ing split covers 350 of these codes.

For each ¢ € V., we add one token 7(c) =
<CPT_c> (e.g., <CPT_99213>) to the tokenizer so it
is always treated as one token. As the CPT book
updates, we can extend the vocabulary by adding
new <CPT_ - > tokens and initializing them as be-
low, making future codebook updates straightfor-
ward (and mitigating open-set concerns in prac-
tice).

Hybrid embedding initialization. After vocab-
ulary expansion, we initialize each new code to-
ken embedding by blending: (i) a code-string
prior from the raw code string and (ii) a semantic
prior from the official code description. Let Ej, €
RIVIX4 pe the input embedding matrix before ex-
pansion and Tok(-) the base tokenizer. For code ¢
with description text d., we compute:

Vcode* Z Em
tETok()
Vi FE;

Ein[T(C)] — BVsem + (1 - ﬁ) Veode-

where 3 € [0, 1] controls the semantic contri-
bution (we use 5=0.85). We optionally rescale
the initialized vector to match the average embed-
ding norm of the original vocabulary to keep mag-
nitudes well-behaved. During LoRA fine-tuning,
these embeddings are updated normally.

3.3 Constrained Decoding for Structured
CPT Output

To guarantee valid outputs, we restrict decoding
to: (i) CPT tokens {7(c) : ¢ € Ve } in the form
<CPT_**x*x*>, (ii) a small set of separators (e.g.,
comma/newline), and (iii) EOS. This makes pars-
ing unambiguous and prevents generating non-
CPT text in the code region.
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Figure 2: CPTCoder web UI. The system ranks candidate CPT codes with confidence for a given report, allowing
users to confirm a final code set and view aggregated RVUs. The report shown is fully de-identified; CPT descrip-
tions are partially masked to avoid reproducing proprietary codebook text.

3.4 n-best Decoding and Confidence
Estimation

n-best generation. We run beam search to ob-
tain B candidates {y;}2, and parse each candi-
date into a CPT sequence c; (a sequence of CPT
tokens).

Posterior reweighting over the n-best list. We
approximate a truncated posterior over candidates
by weighting each sequence using only CPT-token
log-probabilities:

- exp(log w;
logwi = Z gi,ka B p( & Z)~ ;
keK; ijl exp(log ;)
where /C; indexes CPT tokens in candidate 7 and
{; i, is the token log-probability.

w; =

Code-level confidence (posterior inclusion
probability). For any CPT code ¢, we compute
its posterior inclusion probability:

B
Pyi(c) = Zwi -Ie € set(c;)] .
i=1

We return CPT andidates ranked by Pi(c) as
confidence scores in the demo UI (and optionally
apply a global threshold for selection).

3.5 Not-in-Conjunction-With Constraint
Repair

We extract not_in_conjunction_with rules

from the AMA CPT Professional Book (Ameri-

can Medical Association, 2026) as a map N (a)

of codes forbidden to co-occur with a. Given a
predicted set Y with confidences Py((-), we itera-
tively remove the lower-confidence code from any
conflicting pair (a,b) where b € N (a), until no
conflicts remain.

4 Live System

CPTCoder is deployed as a web application that
supports human-in-the-loop CPT coding from
clinical reports. A user pastes a report into the
website U, and the system returns a ranked list
of candidate CPT codes with confidence scores
(high to low). Users can then quickly select the
subset of codes they judge as correct. Figure 2
shows the deployed interface.

UI workflow. The UI exposes three core ele-
ments: (i) a report input panel, (ii) a ranked candi-
date list where each CPT code is accompanied by
its confidence score Py(c), and (iii) a selection
panel where users can filter/confirm codes. This
design matches real coder workflows: the model
proposes candidates, while the expert makes the
final decision.

Automatic RVU aggregation. Given a user-
selected code subset, the system computes the to-
tal RVU as an auxiliary auditing signal, support-
ing intensity checks, alternative set comparisons,
and downstream billing review. We use RVU ag-
gregation as a review aid rather than as an auto-
matic billing decision rule.

609



Serving and latency. The backend uses VLLM
on a single NVIDIA H100 (80GB) GPU for high-
concurrency inference. The system is internally
deployed and under evaluation by partner clini-
cians, with end-to-end code generation and con-
fidence scoring typically under 10 seconds per
report.

Human review boundary. The system is de-
signed to accelerate expert review rather than re-
place it. Candidate CPT codes, confidence scores,
and RVU summaries are surfaced to support coder
verification, but the final code set remains a human
decision.

S Experiments

5.1 Baselines

We compare against (i) TF—IDF OvR baselines,
(i1) ModernBERT multi-label classifiers, and (iii)
instruction-tuned LLMs in zero-shot and LoRA
fine-tuned settings.

Validation protocol. For TF-IDF and Modern-
BERT baselines, we use a fixed-seed split of
the MIMIC training set into train_sub/val with
val_ratio=0.1. Hyperparameters are selected
by maximizing validation label-micro-F1. Af-
ter selection, we retrain on the full training pool
(train_pool = train_sub + val) and evaluate
on (i) the MIMIC hard test split and (ii) Hospital-
298 with no additional tuning.

Traditional multi-label classifiers (TF-IDF +
OvR). We train sparse one-vs-rest (OvR) clas-
sifiers (Logistic Regression; Linear SVM) on TF-
IDF features (Salton and Buckley, 1988). Predic-
tions are decoded using either Top-k selection or
a global threshold tuned on a held-out split of the
MIMIC training set. For threshold decoding, we
sweep 7 € {0.05,0.10,...,0.95} on val. We se-
lect the best setting by validation label-micro-F1,
refit on train_pool, and report results on both
evaluation sets.

Encoder-based multi-label classifiers. We
fine-tune ModernBERT-{base,large} (Warner
et al., 2025) for 365-label multi-label classi-
fication and similarly select either 7op-k or a
global threshold on the same held-out split. For
threshold decoding, we tune a global threshold
7 € [0.05,0.95] by validation label-micro-F1. We
then retrain on the full training pool and evaluate
on MIMIC and Hospital-298 without additional
tuning.

LLM baselines. Because MIMIC data are gov-
erned by a usage agreement that prohibits sharing
with third parties, we restrict LLM experiments to
strong and locally deployable open-weight mod-
els. We experiment with both zero-shot prompt-
ing and parameter-efficient fine-tuning. Zero-shot
models are evaluated on MIMIC and Hospital-298
without any fine-tuning or dataset-specific tuning.
For fine-tuning, we use LLaMA-3.1-8B with LoRA
(Hu et al., 2022) and compare against our full sys-
tem CPTCoder.

5.2 Code-as-Token Ablation

We evaluate whether atomic CPT tokeniza-
tion (Code-as-Token) improves controllability and
digit-level robustness for CPT generation (§3.2).

Ablation setting. We compare two fine-tuned
LLM variants trained on the MIMIC gold train-
ing split: BL, LoRA fine-tuning with the standard
tokenizer and no vocabulary expansion, and EV,
the same model with Code-as-Token vocabulary
expansion and hybrid initialization (§3.2). Both
variants use the same constrained decoding and
n-best confidence computation at inference time
(83.3-83.4).

Near-miss FP analysis (Hamming distance).
CPT codes are fixed-length 5-digit strings, so
many practical errors manifest as digit-level slips
between nearby codes. For each false-positive
(FP) predicted code, we compute its minimum
Hamming distance to any gold CPT code within
the same report and mark it as near-miss if
mindy < 3. Appendix Figure 3 shows that EV
reduces the overall FP share and disproportion-
ately reduces near-miss FPs. This supports the hy-
pothesis that atomic CPT tokens reduce sub-token
overlap, sharpen decision boundaries among visu-
ally similar codes, and improve digit-level genera-
tion fidelity.

6 Results and Discussion

Table 3 shows that CPTCoder achieves the best
micro-F1 on both the hardened MIMIC test split
and Hospital-298. On MIMIC, the strongest non-
CPTCoder baseline is LoRA fine-tuned LLaMA-
3.1-8B at 0.4858 micro-F1; CPTCoder reaches
0.6082, an absolute gain of 0.1224. On Hospital-
298, CPTCoder improves over the same LoRA
baseline from 0.4579 to 0.5094 micro-F1 despite
no hospital-specific tuning. This result suggests
that the code-aware generation pipeline improves
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Table 3: In-domain results on the MIMIC hard test split and out-of-domain results on a real-world hospital test set.
CPTCoder denotes our best pipeline. Model references: GPT-OSS (OpenAl, 2025), Qwen3 (Yang et al., 2025),
LLaMA-3.1 (Grattafiori et al., 2024), MedGemma 1 (Sellergren et al., 2025), and MedGemma 1.5 (Sellergren

et al., 2026).
Model / Setting MIMIC (hard test) Hospital-298
Micro-F1 Label-Macro-F1 Micro-F1 Label-Macro-F1
ML-based

Sparse classifiers (TF-IDF)
TF-IDF (OvR) + Logistic Regression, Top-k (k=3)
TF-IDF (OvR) + Linear SVM, Top-k (k=3)
TF-IDF (OvR) + Logistic Regression, Threshold
TF-IDF (OvR) + Linear SVM, Threshold
Encoder-based classifiers
ModernBERT-base, Top-k (k=3)
ModernBERT-large, Top-k (k=3)

LLM (zero-shot)

General-domain LLMs
GPT-OSS-120B
Qwen3-30B-A3B
GPT-OSS-20B
LLaMA-3.1-8B

Medical-domain LLMs
MedGemma-27B-Text
MedGemma-1.5-4B

LLM (fine-tuned)
LLaMA-3.1-8B, LoRA
CPTCoder

0.4629 0.0930 0.3919 0.0696
0.3738 0.1103 0.1960 0.0438
0.4350 0.0778 0.1698 0.0138
0.2216 0.2125 0.0987 0.0783
0.4168 0.0657 0.3124 0.0470
0.4782 0.1010 0.4026 0.0764
0.0997 0.0082 0.1118 0.0226
0.0042 0.0004 0.0062 0.0009
0.0068 0.0002 0.0116 0.0020
0.0039 0.0001 0.0161 0.0052
0.0022 0.0002 0.0050 0.0007
0.0001 0.0000 0.0001 0.0001
0.4858 0.0964 0.4579 0.2184
0.6082 0.2046 0.5094 0.2455

not only in-domain performance but also direct
transfer to out-of-domain radiology and interven-
tional radiology reports.

The macro-F1 results highlight the remaining
difficulty of long-tail CPT prediction. CPTCoder
achieves the best macro-F1 on Hospital-298 and a
strong macro-F1 on MIMIC, although the TF-IDF
SVM threshold baseline attains slightly higher
MIMIC macro-F1 by sacrificing micro-F1 sub-
stantially. This tradeoff suggests that rare-code re-
call remains challenging and should be evaluated
separately from aggregate micro-F1. In particu-
lar, macro-F1 is sensitive to low-frequency labels,
whereas micro-F1 better reflects aggregate code-
instance performance.

Zero-shot open-weight LLMs perform poorly
compared with supervised baselines, indicat-
ing that CPT coding cannot be solved reli-
ably by generic prompting alone under a con-
strained clinical label vocabulary. Fine-tuning
improves substantially, but the full CPTCoder
pipeline improves further by combining code-
aware tokenization, constrained structured gen-
eration, confidence-based ranking, and explicit
conflict repair. These results support the design
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choice of treating CPT prediction as a controlled
structured-generation problem rather than an un-
constrained text-generation task.

Finally, the Code-as-Token ablation in Ap-
pendix Figure 3 provides a mechanistic expla-
nation for the improvement. EV, the expanded-
vocabulary Code-as-Token variant, reduces the
near-miss false-positive rate per predicted code
from 26.16% to 17.05%, a 9.11-point absolute
reduction. In the same analysis, it also reduces
the overall false-positive share from 36.75% to
24.31%. This is especially important for CPT cod-
ing, where near-neighbor codes are not harmless
spelling variants but distinct billable procedures.

7 Conclusion

We present CPTCoder, a parameter-efficient
LLM system for CPT coding that combines Code-
as-Token with confidence-ranked constrained
generation for human review. We also introduce
MIMIC-CPT, a PhysioNet-accessible benchmark
with a cleaned gold split, an auxiliary silver re-
lease, and a real-world radiology/IR hospital eval-
uation set.



Limitations

* Coverage and domain shift. MIMIC-
CPT is derived from credentialed MIMIC re-
sources and Hospital-298 contains ~300 ra-
diology/IR reports. Performance and error
modes may differ in other specialties, out-
patient settings, and coder workflows; robust
cross-institution generalization remains chal-
lenging.

* Closed-set label space (365-code vocabu-
lary). For unified evaluation across MIMIC
and Hospital-298, CPTCoder operates on a
fixed global CPT vocabulary (365 codes),
while the MIMIC gold training split covers
only a subset of these codes. The current
system does not address truly open-set CPT
prediction; codebook updates require adding
new tokens and re-validating the pipeline.

¢ Human-in-the-loop, not autonomous
billing. The system is designed to assist
expert review by ranking candidates and ex-
posing uncertainty. It should not be used to
submit billing codes without qualified human
verification. In particular, the model does
not adjudicate all payer-specific policies,
bundling rules, documentation requirements,
or local billing practices.

* Confidence scores are decision aids. The
posterior inclusion probabilities used by
CPTCoder are derived from an n-best con-
strained decoding approximation. They are
useful for ranking and review prioritization,
but they should not be interpreted as fully cal-
ibrated probabilities without additional cali-
bration analysis.

* Weakly aligned auxiliary data. The re-
leased silver corpus contains weakly aligned
report—code pairs and is not used for train-
ing, tuning, or evaluation in this paper. Future
work is needed to leverage it safely under la-
bel noise and heterogeneity.

» External resources, licensing, and deploy-
ment constraints. CPT descriptions and
certain rule metadata used for initializa-
tion/repair may be subject to licensing con-
straints, which can limit what can be redis-
tributed. In real deployments, processing

clinical text requires strict institutional pri-
vacy/security controls (e.g., access control,
audit logging policy, and data governance)
beyond what is demonstrated in a research
prototype.

Ethics Statement

We use only de-identified clinical text and fol-
low all applicable privacy and security require-
ments. Use of internal hospital data was con-
ducted under appropriate institutional oversight
(with IRB approval) and institutional data gov-
ernance policies. Use of MIMIC data complies
with PhysioNet credentialing requirements and
the MIMIC data use agreement. CPTCoder is
intended for human-in-the-loop assistance rather
than autonomous billing-code submission.
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A Additional Dataset and Error Analysis

Table 4: Gold split statistics and hardening metrics
for MIMIC-CPT. The test split is sample-disjoint and
closed-set (Ciest € Cirain), and is hardened toward long-
tail codes and novel label co-occurrences. Long-tail
metrics use training frequency fiain(c).

Metric Train Test (hard)
# Reports 30,938 7,735
# Unique CPT codes 350 322
# Test-only CPT codes (closed-set - 0
check)

Avg. labels / report 2.17 4.05
Long-tail difficulty (training frequency firain)

Share of test labels with fiin > 100 - 55.96%
Share of test labels with fiin < 20 - 20.30%
Test reports with any fiin < 5 label — 38.54%
Test reports with any firin < 10 label - 53.38%
Test reports with any fiin < 20 label - 55.31%

Compositional novelty (unseen co-occurrences / unseen label
sets)

Unseen pair types among test label - 88.55%
pairs

Multi-label test reports with any - 81.90%
unseen pair

Test reports with an unseen full label - 88.14%
set

Train/Test label JS divergence (bits) 0.3926

BL
N=19,540 HEED 63.25% (12,360)

EV
N=20,773 7.26% 75.69% (15,723)

0 20 80 100

40 60
Share of predicted codes (%)

= Near-miss FP (dist < 3) Other FP Non-FP (others)

Figure 3: Near-miss FP breakdown for BL vs. EV
on the MIMIC hard test split. BL: LoRA baseline
with the standard tokenizer; EV: Expanded Vocab-
ulary with hybrid initialization. N denotes the total
number of predicted CPT codes. An FP is labeled near-
miss if its minimum Hamming distance to any gold 5-
digit code in the same report satisfies min dy < 3.

B CPT Major-Section Breakdown

Table 5: Major-section breakdown of MIMIC-CPT
gold (train+test) by code instances. Counts are com-
puted by splitting multi-code fields into individual
codes and counting each code occurrence once. Total:
98,333 code instances; 350 unique codes.

Major Section Instances Pct Unique codes
Surgery 45936 46.71% 261
Radiology 36,816 37.44% 78
Anesthesia 15,137  15.39% 2
Medicine 440 0.45% 7
Evaluation & 3 <0.01% 1
Management

CPT Category III 1 <0.01% 1

Table 6: Major-section breakdown of the silver re-
lease (silver_raw.csv) by code instances. Counts
are computed by splitting cpt_codes|em_codes into
individual codes and counting each code occurrence
once. Total: 412,297 rows; 2,804,116 code instances;
3,119 unique codes.

Major Section Instances Pct Unique codes
Evaluation & 1,587,410 56.61% 58
Management

Surgery 694,389  24.76% 2,830
Medicine 471,404 16.81% 155
Radiology 49,481 1.76% 64
Pathology & 1,385 0.05% 4
Laboratory

Other (Numeric 30 <0.01% 1
out-of-range)

CPT Category III 17 < 0.01% 7
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