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Abstract—We assign one ICD-10-CM code to a doctor-patient
dialogue with TypeSafe Jev, a System One model. The model writes
no text. It selects from a list of options and gives a probability for
each option. The model walks down the code tree and keeps the
5 best paths. Local code adds candidate codes and uses no model
request. The model then selects one code from the candidate list.
The method uses no task training, and no labeled example is
in the model input. On 996 held-out MedSynth dialogues, the
method gives the exact code for 62.0% of the dialogues (±3.0)
from the 2,032 benchmark codes, and for 57.3% from all 74,719
codes. A trained text classifier gives 34.3%. To our knowledge,
these are the first ICD-10-CM results on MedSynth dialogues.
The code, the row lists, and one result record for each dialogue
accompany this paper.

I. INTRODUCTION

Published systems for automated ICD coding read a note or
a discharge summary, and most of them train on MIMIC data,
which needs credentialed access [1]–[3]. Ambient documen-
tation tools start from the dialogue. We found no published
code-level ICD-10-CM result from dialogues over more than
1,000 codes. Text-writing models also write codes that do not
exist or do not match: GPT-4 gives the correct code for 33.9%
of official code descriptions [4].

A System One model has a different interface [5], [6]. It takes
an input (the state) and typed questions. A Choice question
has up to 255 options, and the model returns one probability
for each option [7]. The model cannot give a code that is not
in the list. We use Jev (jev-1.13.0). We found no result
for this model on a medical task.

We test on MedSynth [8], a public synthetic benchmark.
GPT-4o agents wrote a scenario from an ICD-10 description,
then a note, then a dialogue. It has 10,213 usable dialogues
with one ICD-10-CM label each, over 2,032 codes. We use the
dialogues only. One other work predicts ICD-10 codes from
the MedSynth notes with trained BERT models [9]. That work
and this paper do not measure the same task.

II. METHOD

Fig. 1 shows the method, and Fig. 2 shows one dialogue.
Walk. The first Choice question is over the code groups

of ICD-10-CM (for example M20–M25). We leave out the
external-cause groups [10]. Each later request holds one Choice
question for each open path, and the options are the children of
the current code. After each level the method keeps the 5 paths
with the best geometric mean of step probabilities [11]. An
early wrong pick is final when a method keeps one path [12].

Local candidates. Three steps add candidate codes. They
run locally and use no model request. Named codes: at most 3
codes whose title, without the words “other” and “unspecified”,
occurs as a phrase in the dialogue. Retrieved codes: a sentence-
vector model (bge-base-en-v1.5 [13]) scores each code
title against each turn of the dialogue, and the 20 best codes
become candidates. Relatives: all codes in the 3-character
categories of the 5 kept codes. We also tested a late-interaction
model [14] for retrieval. On 495 development dialogues it put
the correct code in its 10 best for 36.4%. The sentence vectors
gave 56.8%, so we did not use it.

Final pick. One Choice question asks which candidate is the
primary diagnosis. The list has 34 codes on average with the
benchmark codes and 72 with all codes. The options show code
titles and synonyms, and the option keys are neutral (c0, c1,
. . . ), so the model sees no code strings. On development rows
this change corrected 8 dialogues and lost 0. The probability
of the selected option is the confidence of the answer.

Two code sets. With all codes, the method selects from
74,719 codes. With benchmark codes, it selects from the 2,032
codes that occur as MedSynth labels. This code set uses the
list of labels and no labeled example. The list comes from all
10,213 rows, test rows included. The rows outside the test set
give the same list. Each trained classifier has such a list by
construction.

III. SETUP

Rows. The development set has 495 labeled dialogues, and
we made the method choices on its first 300. We drew 1,000
other dialogues with a fixed seed for the test set. We removed
4 of them because their text also occurs in a development row,
so 996 remain. Each reported setup ran one time on the test
set. An earlier setup (the walk with named codes) ran on the
test set first. We then built the retrieval step, the relatives step,
and the neutral keys. We saw its aggregate score and no test
row.

Label words. The MedSynth prompts tell the writer model
to use the key words of the code description. The exact label
description occurs in 16.0% of all MedSynth dialogues and in
171 of the 996 test dialogues. We report results for the other
rows (“not spoken”) in a separate column.

Baselines with no model request, all over the benchmark
codes. Title match: the first named code. Vector search: the best
retrieved code. Trained: a linear support vector classifier on
TF-IDF features. We trained it on 9,186 MedSynth dialogues
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Fig. 1. The method. Blue and green boxes are model requests (4.9 for each dialogue on average with the benchmark codes, 5.3 with all codes). Boxes with a
dashed border run locally. Grey boxes are inputs and outputs. The orange box compares the final probability with a threshold τ that the user sets.

Request 1: which of the 191 code groups?

0.70 Inflammatory polyarthropathies (M05-M14)

0.22 Other joint disorders (M20-M25)

0.04 Injuries to the ankle and foot (S90-S99)

Request 2: inside M20-M25

1.00 Other joint disorder, not elsewhere classified

0.00 Other acquired deformities of limbs

0.00 Disorder of patella

Request 3: inside M25

1.00 Pain in joint

0.00 Effusion of joint

0.00 Other instability of joint

Request 4: inside M25.5

1.00 Pain in ankle and joints of foot

0.00 Pain in elbow

0.00 Pain in unspecified joint

Request 5: inside M25.57

1.00 Pain in right ankle and joints of right foot

0.00 Pain in left ankle and joints of left foot

0.00 Pain in unspecified ankle and joints of
unspecifi...

Request 6: final pick among 47 candidates

0.68 M25.571: Pain in right ankle and joints of
right...

0.27 M12.9: Arthropathy, unspecified

0.03 M06.4: Inflammatory polyarthropathy

Fig. 2. All 6 model requests of the full method with the benchmark codes for development dialogue 898 (label: Pain in right ankle and joints of right foot).
Green marks the path to the final answer. Each panel shows the question on that path, with its 3 best options. In request 1 the correct group is second (0.22).
The method keeps 5 paths, so the correct path stays alive. The final pick sees titles and no code strings. The figure adds the code strings for the reader.

(4.5 for each code). These dialogues are not in the test set, and
their text does not occur in a test dialogue.

Earlier versions of our method, over all codes. One path:
a walk with 1 kept path and no final pick. First method: a
walk with 5 kept paths and a final pick over those 5 codes.

IV. RESULTS

Table I gives the test results. The full method gives the
exact code for 62.0% of the dialogues with the benchmark
codes and for 57.3% with all codes. With all codes, the full
method corrected 64 dialogues of the first method and lost 25
(p < 0.001, exact sign test). No test row is missing.

The final pick is the weakest step. With the benchmark
codes, the label is in the candidate list for 86.4% of the
dialogues, and the first answer is exact for 62.0%. In 30 of the
107 wrong development answers, the answer has the correct
category and differs from the label in the word “other” or
“unspecified”.

The probability as a gate. A tool can accept an answer
above a threshold and send the other dialogues to a human
coder [15]. With the benchmark codes and a threshold of 0.9,
the method accepts 59.2% of the dialogues, and 79.3% of those
answers are exact (Fig. 3). The area under the ROC curve is



TABLE I
996 TEST DIALOGUES (PERCENT). NOT SPOKEN: THE LABEL DESCRIPTION

DOES NOT OCCUR IN THE DIALOGUE (825 ROWS). FIRST 3: THE
3-CHARACTER CATEGORY IS CORRECT. IN LIST: THE LABEL IS A

CANDIDATE. ONLY THE TRAINED BASELINE USES LABELED EXAMPLES.

Setup Exact ± Not spoken First 3 In list

Benchmark codes (2,032)
Title match 16.8 2.3 6.2 20.1 19.6
Vector search 25.2 2.7 21.7 30.5 66.9
Trained 34.3 2.9 28.8 62.6 –
Full method 62.0 3.0 56.1 72.2 86.4

All codes (74,719)
One path 43.5 3.1 39.0 58.3 43.5
First method 53.4 3.1 48.5 66.7 65.4
Full method 57.3 3.1 51.5 71.7 78.7
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Fig. 3. Full method, test dialogues. Each point is one threshold on the final
probability (0 to 0.99, from right to left).

0.77. The probability is too high as a number: its mean is
84.3%, and the expected calibration error [16] is 22.3 points.
A user must set the threshold on labeled data.

V. LIMITS

• MedSynth is synthetic, and its dialogues repeat label
words. In 518 test rows, not all content words of the
label occur in the dialogue. On these rows exact accuracy
is 43.1% (benchmark codes) and 37.6% (all codes).

• An LLM assistant reviewed the 93 wrong answers of the
first method on 200 development dialogues in one pass.
It found 18 labels that the dialogue does not support. No
certified coder checked this review.

• The task has one code for each dialogue. Real visits have
several codes.

• We saw the aggregate test score of one earlier setup before
we built the last three steps.

• We ran no text-writing model on the same rows, and we
tested one model version.

• MedSynth is public, and the vendor does not describe the
training data of the model. We cannot exclude that the
model saw these dialogues and their labels.

VI. RELATED WORK

Supervised coders assign many codes to a discharge summary
and train on MIMIC data [1]–[3]. Their multi-label F1 values
cannot be compared with single-label accuracy. Boyle et al. [17]
walk the ICD-10 tree with GPT-4 and get no probability for

a code. Kwan [18] adds retrieval before a pick step. Yuan
et al. [19] report that a pick step is more accurate when the
options show descriptions and no code strings. Our neutral-key
result on development rows agrees with this. Earlier work on
a diagnosis from dialogue uses small label sets [20], [21].

VII. FUTURE WORK AND CONCLUSION

This framework remains to be tested on better benchmarks:
de-identified visit dialogues, labels from certified coders, and
several codes for each visit. A comparison with text-writing
models on the same rows is also open.

A model that only selects options and gives probabilities
codes a MedSynth dialogue to the exact ICD-10-CM code
for 62.0% of the dialogues from 2,032 codes, with no task
training. A trained text classifier on the same data gives 34.3%.
With all codes, the full method gives 57.3%, against 53.4%
for the first method and 43.5% for one path. The final pick
is the step to improve next. The long version of this paper
(paper_full.pdf in the repository) has all development
runs, more measures, and the full error review.
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