S MR

The Leading eHealth Publisher

Evaluating Reasoning Capabilities of Large Language
Models for Medical Coding and Hospital Readmission
Risk Stratification with Zero Shot Prompting

Parvati Naliyatthaliyazchayil, Raajitha Muthyala, Judy Wawira Gichoya, Saptarshi
Purkayastha

Submitted to: Journal of Medical Internet Research
on: March 21, 2025

Disclaimer: © The authors. All rightsreserved. Thisis a privileged document currently under peer-review/community
review. Authors have provided JMIR Publications with an exclusive license to publish this preprint on it's website for
review purposes only. While the final peer-reviewed paper may be licensed under a CC BY license on publication, at this
stage authors and publisher expressively prohibit redistribution of this draft paper other than for review purposes.

https://preprints.jmir.org/preprint/74142 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Naliyatthaliyazchayil et a

Table of Contents

L@ T N F= Y =T o TN 1S o ] o] SO ST SO RSSRPRPRRN 5
ST o] o1 = L= T A =TSRSS 16
FIGUIBS ...ttt bbbtk bbb bbb b4 b b e b £ £ £ b e b bbb e b e b e b e b b e b bbb b e b b e b e bbb e b b e b e b e b b e bbb b e b b e bbbt eb b b s 17
FIGUIB L ettt ettt et e ettt s e e e e s e e e e e e es R e £ £ 2 A e 8 e e e £ LR e A oA S A e e RS A S LR SRR e LR E R4S e AR SRR SRRt et s e st et eeen et naes 18
FIGUIB 2. ettt ettt s et s E e e a2 28 E eSS 2 s e R e e e A2 LR e £ £ £ A2 AR e A e LR SRR £ e AR E eSS e A LR E RS E Rt et e Rt e e e s et enaes 19
FIGUIE 3 ettt ettt s et s ettt es e e s E e A2 e e 28R £ e AR R e e £ e LR e A e RS A e AR A A e LR SRR £ e LR SR £ S ee AR SRR e AR AR s e E et et ee e st et naes 20
FIGUIB A | ettt ettt s et e et st e 2o ee 28 E £ 2 s e R e e e A LR e A e e £ 4 e e R e R e S e LR SRk E e R R £ e e e A LR E RS AR R s s e e et s e nn et enes 21

https://preprints.,jmir.org/preprint/74142 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Naliyatthaliyazchayil et a

Evaluating Reasoning Capabilities of Large Language Models for Medical
Coding and Hospital Readmission Risk Stratification with Zero Shot
Prompting

Parvati Naliyatthaliyazchayil* BDS, M'S; Ragjitha Muthyala' BPharm; Judy Wawira Gichoya® MD, M S; Saptarshi
Purkayastha" PhD

"Department of Biomedical Engineering and Informatics Luddy School of Informatics, Computing and Engineering Indiana University
Indianapolis Indianapolis US
2Emory University School of Medicine Department of Radiology and Imaging Sciences Emory University Atlanta US

Corresponding Author:

Saptarshi Purkayastha PhD

Department of Biomedical Engineering and Informatics
Luddy School of Informatics, Computing and Engineering
Indiana University Indianapolis

535 W Michigan St.

Indianapolis

us

Abstract

Background: The proliferation of large language models (LLMs) through accessible chatbot interfaces has created
unprecedented opportunitiesin healthcare, with state-of-the-art models such as ChatGPT-4, LLaMA-3-1, Gemini-1-5, DeepSeek-
Rland OpenAl-O3, offering artificia intelligence-driven clinical support. Some studies showcase the potential of LLMs in
managing complex healthcare tasks, while others emphasize concerns regarding their accuracy, reliability, and compliance with
the rigorous standards of clinical settings. This study was conducted to better understand their true potential and identify areas
where they can be most effective in healthcare.

Objective: This study presents a comprehensive comparative analysis of leading reasoning and non-reasoning LLMs -
ChatGPT-4, LLaMA-3-1, Gemini-1-5, DeepSeek-R1and OpenAl-O3 - evaluated across three critical healthcare tasks using the
Medical Information Mart for Intensive Care IV (MIMIC-1V) dataset.

M ethods: We assessed the model capabilities in: (1) generating primary diagnoses, (2) mapping diagnoses to ICD-9 codes, and
(3) predicting hospital readmission risk stratification through zero-shot prompting protocols. The study utilized a cohort of 300
randomly selected subjects from MIMIC-IV, with standardized prompts systematically generated from discharge summary
sections. Each prompt was engineered to incorporate both patient clinical information and specific task requirementsin a unified
input format. To enhance result interpretability, we implemented explicit rationale €elicitation within the prompting structure,
requiring models to articulate their reasoning process for diagnostic and prognostic predictions. Since this is a zero-shot prompt
approach, the prompt is not tested, repeating the same multiple times.

Results: In our comparative analysis among non-reasoning models, LLaMA-3-1 demonstrated superior aggregate performance
across al evaluation metrics, with 85% correctness in Primary Diagnosis prediction, 42:6% in |CD-9 code prediction, and 41-3%
in hospital readmission risk prediction. Reasoning models DeepSeek-R1 and OpenAl-O3 showed similar performance, with O3
achieving slightly higher accuracy in primary diagnosis (90%) and 1CD-9 prediction (45-3%), while R1 performed slightly better
in readmission risk prediction (72:66%).

Conclusions: Our findings show that none of the evaluated models met clinical standards across all tasks, with medical coding
showing the weakest performance. This aligns with few of the literature findings indicating that pretrained LLMs struggle with
medical coding. This underscores the need for further refinement of these models to enhance their clinical applicability.

(IMIR Preprints 21/03/2025:74142)
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Evaluating Reasoning Capabilities of Large Language Models for Medical Coding and

Hospital Readmission Risk Stratification with Zero Shot Prompting
Naliyatthaliyazchayil P !, Muthyala R ', Gichoya J ?, Purkayastha S*
! Department of Biomedical Engineering and Informatics, Indiana University Indianapolis

? Department of Radiology and Imaging, School of Medicine, Emory University, Atlanta
ABSTRACT

The proliferation of large language models (LLMs) through accessible chatbot interfaces has created unprecedented
opportunities in healthcare, with state-of-the-art models such as ChatGPT-4, LLaMA-3-1, Gemini-1-5, DeepSeek-
Rland OpenAlI-O3, offering artificial intelligence-driven clinical support. Some studies showcase the potential of
LLMs in managing complex healthcare tasks, while others emphasize concerns regarding their accuracy, reliability,
and compliance with the rigorous standards of clinical settings. This study was conducted to better understand their
true potential and identify areas where they can be most effective in healthcare.

This study presents a comprehensive comparative analysis of leading reasoning and non-reasoning LLMs -
ChatGPT-4, LLaMA-3-1, Gemini-1-5, DeepSeek-R1and OpenAI-O3 - evaluated across three critical healthcare tasks
using the Medical Information Mart for Intensive Care IV (MIMIC-IV) dataset. We assessed the models' capabilities
in: (1) generating primary diagnoses, (2) mapping diagnoses to ICD-9 codes, and (3) predicting hospital readmission
risk stratification through zero-shot prompting protocols. The study utilized a cohort of 300 randomly selected
subjects from MIMIC-IV, with standardized prompts systematically generated from discharge summary sections.
Each prompt was engineered to incorporate both patient clinical information and specific task requirements in a
unified input format. To enhance result interpretability, we implemented explicit rationale elicitation within the
prompting structure, requiring models to articulate their reasoning process for diagnostic and prognostic predictions.
Since this is a zero-shot prompt approach, the prompt is not tested repeating the same multiple times.

In our comparative analysis among non-reasoning models, LL.aMA-3-1 demonstrated superior aggregate performance
across all evaluation metrics, with 85% correctness in Primary Diagnosis prediction, 42-6% in ICD-9 code prediction,
and 41-3% in hospital readmission risk prediction. Reasoning models DeepSeek-R1 and OpenAI-O3 showed similar
performance, with O3 achieving slightly higher accuracy in primary diagnosis (90%) and ICD-9 prediction (45-3%),
while R1 performed slightly better in readmission risk prediction (72:66%). Our findings show that none of the
evaluated models met clinical standards across all tasks, with medical coding showing the weakest performance. This
aligns with few of the literature findings indicating that pretrained LLMs struggle with medical coding. This
underscores the need for further refinement of these models to enhance their clinical applicability.

No Funding was used for this research.

BACKGROUND

The rapid evolution of reasoning and non-reasoning Large Language Models (LLMs) has sparked widespread interest
in their potential applications across various domains’, particularly healthcare®. Alongside established non-reasoning
models like ChatGPT-4, LLaMA-3.1, and Gemini-1.5, new reasoning models, such as DeepSeek-R1 and OpenAI-O3,
have also emerged, with reasoning capabilities embedded in their design, enabling more logical, step-by-step
decision-making. However, the existing body of research presents a nuanced perspective on these pre-trained LLMs.
While some studies highlight the promising ability of these LLMs to handle complex healthcare tasks?, others raise
critical concerns about their accuracy, reliability, and adherence to the high standards required in clinical settings*.
This duality highlights the need for careful evaluation of their utility and reliability in real-world clinical
environments. This leads us to a key question in this rapidly advancing field: which of these pre-configured LLMs is
most suitable for addressing the unique challenges of healthcare tasks, and do newer reasoning models outperform
non-reasoning models in this context? Their capacity to respond to open-ended questions without task-specific
training through chatbot interface has generated both excitement and skepticism®.

To address this question, our study systematically compares the performance of five models, prominent non-
reasoning LLMs ChatGPT-4, LLaMA-3.1, and Gemini-1.5, as well as reasoning models DeepSeek-R1 and OpenAlI-
03 across key healthcare tasks. In the rest of this study, we will refer to them as ChatGPT, Llama, Gemini, R1 and
03. Specifically, we evaluated their aggregated ability to generate primary diagnoses, code it to the International
Classification of Diseases, Ninth Revision (ICD-9) codes, and predict risk stratification for hospital readmission
using zero-shot prompting. To enhance transparency, we generated reasoning to explain the selection of primary
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diagnoses and readmission risk predictions, specifically for non-reasoning models, as they lack embedded reasoning
capabilities. In our study context, we would also like to define our above stated key concepts as follows: Primary
diagnosis refers to the main condition that is chiefly responsible for a patient’s current hospitalization. To ensure
consistency across healthcare systems, diagnosis is coded to ICD-9 or 10 as a standard practice. ICD-9 and 10 are
standardized coding systems used globally for categorizing diseases, conditions, and medical procedures®’. Each
diagnosis is assigned a unique numeric or alphanumeric code that is crucial in coding diagnoses for medical records.
Further, we define hospital readmission as the likelihood of a patient being readmitted to hospital after discharge within
the full timeframe covered by the dataset.
Controlled access to the Medical Information Mart for Intensive Care (MIMIC-IV) dataset was used in this study®. Given
that these LLMs are predominantly trained on open-source internet data such as publicly available medical texts, research
articles, health system websites, and accessible health information podcasts and videos® - this study seeks to evaluate
their performance against limited access, real-world clinical data. MIMIC-IV data from patient details, admission details,
diagnoses, and discharge are used. Discharge summaries, also referred to as clinical notes, were used to extract sections
such as chief complaints, past medical history, surgical history, labs, imaging, and primary diagnosis. All these sections,
except primary diagnosis, were used to create prompts for LLM evaluation. These prompts were then employed in zero-
shot testing, which has garnered increasing interest in the literature to assess LLMs' generalization capabilities without
task-specific fine-tuning'®. The extracted primary diagnoses served as the ground truth for semantically evaluating the
diagnosis predictions made by the LLMs. ICD-9 Codes from diagnosis were used as ground truth to assess the accuracy
of ICD-9 code predictions, while counts of patient readmission using hadm_id were used as the ground truth for
evaluating the models' ability to predict hospital readmission risk.
This study contributes to existing literature through the following: first, by using the controlled access MIMIC-IV
dataset, we provide a clinically relevant evaluation based on authentic, complex, real-world healthcare data. Second, our
focus on key medical tasks such as diagnosis generation, ICD-9 coding, and hospital readmission risk prediction offers a
granular assessment of LLMs in high-value areas. Third, we emphasize transparency by generating models’ reasoning, a
crucial requirement for explainable AI in healthcare. Fourth, our use of zero-shot prompting reflects the practical
constraints of real-world deployment, where task-specific fine-tuning is often expensive and time-consuming. Lastly, the
comparative analysis of state-of-the-art models, including the non-reasoning ChatGPT, LLaMA, and Gemini, alongside
the reasoning models R1 and O3, offers actionable insights into which LLM may be the best fit for “one-stop-shop”
healthcare applications.
These models are not designed to replace human expertise but to assist healthcare professionals by reducing time spent
on labor-intensive tasks, minimizing errors, and uncovering subtle diagnostic insights that might otherwise be
overlooked. LLMs can potentially improve patient outcomes by augmenting diagnostic processes and enhancing
decision-making, provided their safety and reliability are rigorously validated".
METHODS:
This study employed a multi-step approach to evaluate the performance of LLMs in addressing key healthcare tasks,
including the ability to predict primary diagnoses, assign ICD-9 codes, and stratify hospital readmission risks, along with
explanations for diagnosis and risk classification. The methodology is organized into four key phases, summarized as
follows:
1. Sample collection
Clinical data was obtained from the controlled access MIMIC-IV dataset. It is a de-identified dataset containing
detailed health information from patients admitted to the emergency department or intensive care units at Beth
Israel Deaconess Medical Center in Boston, Massachusetts. It includes structured clinical data such as
demographics, diagnoses, procedures, laboratory test results, etc., as well as unstructured data like labeled
clinical notes. Key files related to admissions, patient, diagnoses_icd, and discharge were utilized in
conjunction to create our sample. A sample of 300 unique Patient IDs was selected, ensuring each patient had
valid diagnosis codes and at least one available discharge summary. Each patient's ICD-9 and 10 Codes were
extracted as a comma-separated list (CSV), along with the first discharge note for each patient. Since there were
more ICD-9 Codes in our sample than ICD-10, we cross walked all the ICD-10 to ICD-9 to keep any kind of
data loss during this conversion to minimal. To evaluate hospital readmission risk, each patient's total number of
admissions is calculated using hadm_id, and admission dates. In the 300 patient sample, 150 patients had more
than one readmission, while the remaining 150 did not experience any readmission.

Figure 1: Sample collection of 300 unique subject_ids

https://preprints.jmir.org/preprint/74142 [unpublished, non-peer-reviewed preprint]
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MIMIC-IV 150 random subjects with

atleast one ICD-9 or 10 code,
one clinical note and more

than one hospital admissions |
(hadm_id) were selected

| Both were merged together to generate a total of
300 unique subject_ids in the shape below

I

no. of diagnosis_codes
ladmission  icd_9_or 10

admission diagnosis_icd

subject_id |hadm_id notes

150 random subjects with
atleast one ICD-9 or 10 code, |
one clinical note and not more
than one hospital admissions

(hadm_id) were selected

patient discharge

crosswalk ICD-10
codesto 9

no. of | diagnosis notes

@dmissions  icd_9

[ 1 ]

This figure shows the sample of 300 subject_ids was created from the MIMIC-IV dataset and then any ICD-10
codes in the sample were crosswalked to respective ICD-9 using UMLS crosswalk. The tables show the structure
of the output for ease of understanding.

subject_id |hadm_id

Prompt template and creation

Prominent sections from labeled discharge summaries in the MIMIC-IV Notes database were utilized to draft
prompts. MIMIC-IV Notes provides preprocessed and labeled clinical notes, offering a rich source of
information about a patient's clinical journey®. For each patient, the following sections were extracted: chief
complaints, past medical history, surgical history, labs, and imaging. Since these sections were labeled, we used
regex to extract these sections as shown in Figure 2.

Figure 2: Creation of prompt using sections from discharge summaries/clinical notes

From each clinical note,
the following sections
were extracted

chiefcomplainsts

past medical history
no. of | diagnosis

subject_id |[hadm_id admissions|  icd_8 notes. | . surgical history .\\ ;
N me oL use it to create
V' labs - prompt
imaging

primary diagnosis

\ 4
prompt

primary

subject_id |hadm_ig| N0-Of | diagnosis | p5peq p /
diagnosis

admissions icd 9

This figure shows how the output from Figure 1 is further utilized. The key sections from MIMIC-IV clinical
notes were utilized in prompt creation and extracting primary diagnosis of sample.

These extracted sections, except for primary diagnosis, were then programmatically integrated into a structured
"prompt template" for large language model (LLM) evaluation, as shown in Figure 3. Though the primary
diagnosis is extracted, this was not included in the prompt design as mentioned; instead, it served as ground
truth data for later evaluating the accuracy of the LLM-generated responses.

Figure

https://preprints.jmir.org/preprint/74142
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You are an experienced Doctor and here are your patient information

{cheif complains :}

{past medical history :}

{procedure :}

{labs :}

{imaging :}

Based on the above patient information, please provide the following in a

Naliyatthaliyazchayil et al

@ ischemic rtarm

Right brachial embolectomy - The patient
underwent RUE fasciotomies, including the
full forearm, triceps and posterior
compartments, and all intrinsic hand
compartments. A thoracic aortogram was
performed, followed by R mid-subclavian
artery stenting via R CFA access. Extended
fasciotomies were also performed on the R

arm and forearm, with delayed primary
closure to the hand wounds. Additionally, a
vacuum-assisted closure (VAC) apparatus
was applied to the R forearm.

structured format as indicated below:
*primary_diagnosis: Identify the primary diagnosis for the patient based on the
above details.

+*icd9_codes: provide the associated icd9 code for the diagnosis.
sexplaination_of why_this_diagnosis: explain why the patient was given this
primary diagnosis.
sreadmission_risk: This refers to

@Histcw of HCV; two fractures of the
right clavicle; anxiety; depression;
hypertension.

Past s/H includes tonsillectomy,
trauma splenectomy, bilateral total
knee replacements.

hospital readmission risk refers to the
likelihood that a patient will be readmitted to the hospital after discharge.
Choose one of these low/medium/high as hospital readmission risk status.

*explaination_of_ why_redamission_risk: explain why the patient was given this £ Sadium, Serum or Plasma 142 mmol/L,

Potassium, Serum or Plasma 4.1 mmol/L,
Chloride, Serum or Plasma 99 mmol/L,

readmission risk status.
Ensure that each section is clearly labeled, as shown above, to facilitate

extraction using structured formatting. Total, Serum/Plasma 7.4 g/dL, Bilirubin,

Total, Serum or Plasma 0.5 mg/dL

LLM response [ é_;"‘-,_ " The patient underwent a CT scan, followed

s==y Dy an MRI and CTA of the chest. studies

== identified a pseudoaneurysm of the RT
subclavian artery, likely resulting from
traumatic injury caused by repeated
clavicle fractures.

Glucose, Serum or Plasma 91 mg/dL, Protein

This figure shows the prompt template that is systematically populated for each subject_id from their notes that
were extracted. On the right you see an example representation of MIMIC-IV note, which is then populated into
its respective sections within the prompt. The note here is an example and not an actual record from MIMIC-IV.

Collecting and processing the response

All prompts were systematically generated and input into each Al chatbot through their respective interfaces.
This study focuses on testing the zero-shot capabilities of the freely available out-of-the-box chatbot interface
rather than the Application Programming Interface(API), as API implementation may incur additional costs
based on token usage and require specific setup skills, emphasizing low setup needs while maximizing output.
Each prompt was given to each chatbot only once, without repetition, and the memory of the chatbox was turned
off to prevent them from learning from each prompt. Once the prompts were given, the responses generated for
each subject were collected in a CSV file, where previously recorded subject metadata was stored.

Since the chatbot responses followed a structured format, the relevant information was extracted into individual
columns for each subject. This process yielded the following responses from the LLMs:

The primary diagnosis generated by the LLM,

A list of ICD-9 Codes associated with the primary diagnosis,

The predicted readmission risk status,

Explanations for the selected primary diagnosis, and

Justifications for the predicted readmission risk status.

These responses were consolidated into the CSV file, creating a dataset ready for detailed evaluation against the
ground truth data.

RESULTS

This study provides a comparative evaluation of leading LL.Ms, ChatGPT, Llama, Gemini, R1 and O3 in terms of their
ability to perform healthcare-specific tasks. The prompt was created from the MIMIC-IV clinical notes’ key sections. The
responses produced by LLM were extracted into their individual structured columns for analysis and compared against
the ground truth from MIMIC-IV data. The results highlight notable and interesting variations in performance across

tasks.

1.

Comparing the prediction of Primary diagnosis

The Primary diagnosis from each LLM’s response was compared against the Primary diagnosis we extracted from
MIMIC-IV Clinical Notes. We utilized SciBERT, a pre-trained model specifically designed for scientific and medical
contexts'®, This makes it particularly adept at processing and understanding domain-specific language, which is essential

https://preprints.jmir.org/preprint/74142
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for comparing medical terminologies.
The allenai/scibert_scivocab_uncased variant of SciBERT", implemented through the SentenceTransformer framework,
was employed to generate embeddings for both the ground truth primary diagnosis (from MIMIC-IV clinical notes) and
the LLM-predicted diagnosis. The process involved:

1. Embedding Generation: Both the reference diagnosis and the LLM-generated text were converted into high-

dimensional embeddings using SciBERT.
2. Cosine Similarity Computation: Cosine similarity was calculated between the two embeddings to quantify their
semantic similarity. A threshold of 0-7 was established to classify predictions:
0 Scores >0-7 were considered semantically aligned with the ground truth.
0 Scores <0-7 were categorized as incorrect or divergent predictions.

Among non-reasoning models, Llama and ChatGPT exhibited comparable performance, with semantic match rates of
85% (255 of 300) and 84-9% (254 of 300), respectively. This marginal difference suggests that both models are similarly
capable of aligning with the ground truth diagnoses, outperforming Gemini, which achieved a match rate of 79% (237 of
300). Between the reasoning models, O3 exhibited higher performance with 90% (270 of 300) match rate whereas R1
showed 85%(255 of 300) match rate. Reasoning models performed better than the non-reasoning models.

2. Comparing the Prediction of ICD-9 Code
To evaluate the accuracy of ICD-9 Code predictions by the LLMs, we performed a systematic comparison against the
ground truth codes from the MIMIC-IV dataset, which includes both ICD-9 Codes and ICD-10 Codes. We crosswalked
the ICD-10 Codes to ICD-9 using the UMLS ICD-9 to ICD-10 crosswalk”®. The decision to crosswalk was driven by the
relatively small number of ICD-10 codes present in our sample, ensuring that the majority of original diagnostic codes
could be consistently represented for comparison.
Both the ground truth ICD-9 Codes and LLM-generated codes were converted into comma-separated lists to ensure
uniformity. We then conducted a row-wise comparison to identify matches between the predicted and ground truth ICD-9
Codes.
In evaluating the ability of the non-reasoning LLMs to predict ICD-9 Codes for primary diagnoses, Llama correctly
predicted ICD-9 Codes for 128 out of 300 subjects. ChatGPT followed, correctly predicting ICD-9 Codes for 122 out of
300 subjects. Gemini lagged behind, predicting ICD-9 Codes for 44 out of 300 subjects. These results indicate that
LLaMA and ChatGPT are comparably effective,but their performance still falls short of the accuracy required for reliable
medical coding applications and this finding aligns with few studies in literature’. Between the reasoning models, O3
correctly predicted ICD-9 Codes for 136 out of 300 subjects whereas R1 correctly predicted ICD-9 Codes for 121 out of
300 subjects. The medical coding skills for the reasoning models also lagged far behind the standards expected for
clinical practice. Further refinement and training may be needed to enhance the models' effectiveness in this domain.

3. Top ten ICD-9 Codes in MIMIC-IV Sample and three non-reasoning LL.Ms

We also found the top ten ICD-9 Codes from the MIMIC-IV sample and the three non-reasoning LLM-generated ICD-9
Codes, as shown in Figure 4. Each subject_id can have more than one ICD-9 Code. For this analysis, we implemented an
ICD-9 hierarchical rollup by aggregating detailed diagnosis codes to their respective three-digit parent categories. For
example, specific codes like 414.0 (Coronary atherosclerosis) and 414.00 (Coronary atherosclerosis of unspecified type
of vessel) were rolled up to their broader parent category, 414 (Other forms of chronic ischemic heart disease). Top ten
ICD-9 codes were calculated after this rollup.

We found that ICD-9 codes associated with the parent category 414 (Other forms of chronic ischemic heart disease) were
present across all three LLMs and the MIMIC-IV sample as one of the top two. In contrast, another parent category, 780
(General Symptoms), appeared in all three LLMs but was absent in the MIMIC-V sample. This suggests that the LLMs
were coding many symptoms differently from clinical practice, highlighting an area for potential improvement.
Additionally, the parent category for Diabetes Mellitus was observed in the MIMIC-IV sample, Llama, and ChatGPT, but
not in Gemini, which aligns with our findings of ICD-9 code predictions, where Gemini underperformed.

Figure 4: Non-reasoning LL.Ms and MIMIC-IV sample Top 10 ICD-9 Codes

https://preprints.jmir.org/preprint/74142 [unpublished, non-peer-reviewed preprint]
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Top 10 Most Common IC0-9 Codes for MIMIC.IV sample

MIMIC-IV Sampla

+401 - Essential hypertension
«414 = Other forms of chronic ischemic heart disease
+276 — Disorders of fluid, electralyte, and acid-base balance

V03 - Need for prophylactic vaccination and inoculation against bacterial diseases

+250 - Diabetes mellitus
+W58 — Encounter for other and unspecified procedures and aftercare
+403 - Hypertensive kidney disease

V04 — Need for prophylactic vaccination and incculation against viral diseases

*W15 - Other personal history presenting hazards to health
+272 - Disorders of lipoid metabolism

414 - Other forms of chronic ischemic heart disease
*789 — Dlhar symptoms |nlmlv|ng the abdomen and pelvis
=780 = General S

«427 — Cardiac dysrhythmias

*785 — Symptoms involving the cardiovascular system

*250 = Diabetes mellitus

+*411 = Other acute and subacute forms of ischemic heart disease
+*585 — Chronic kidney disease

428 — Heart failure

«786 - Symptoms |nvol\r|ng the respiratory system and other chest symptoms

Top 10 Most Cammon ICD-9 Codes for Llama

9

™o

™o

W0-3 Code

L)

36

a1

585

as

Count

Tep 10 Most Common ICD-9 Codes for ChatGPT
414 {
2504

s ]

D8 Code

=
=

Count

ChatGPT

414 — Other forms of chronic ischemic heart disease
*250 - Diabetes mellitus

*428 — Heart failure

=571 — Chronic liver disease and cirrhosis

«780 — General symptoms

*518 - Other diseases of the lung

=585 — Chronic kidney disease

*424 — Other diseases of endocardium

*577 = Diseases of pancreas

*574 — Chaolelithiasis

Germini
=585 — Chronic kidney disease
414 — Other forms of chronic ischemic heart disease
*780 = General symptom
+*394 — Diseases of the ml'rral valve

*428 — Heart failure

486 — Pneumonia, organism unspecified
=801 - Fracture of base of skull

*518 — Other diseases of the lung

*786 — Symptoms involving the respiratory system and other chest symptoms
V58 - Encounter for other and unspecified procedures and aftercare

Top 10 Mast Comman ICD-9 Cades far Gemind

1603 Code

Lot

This figure shows the top 10 ICD-9 codes from MIMIC-IV sample and the three non-reasoning LLMs. Such graphs can
help us show patterns. Here we see a pattern of Ischemic Heart diseases showing in sample and LLM whereas the
category of General symptoms were only seen in all three LLMs and not MIMIC-IV, showing that it might be an area for
scope of improvement. Diabetes Mellitus is seen in MIMIC-IV sample, Llama and ChatGPT and not in Gemini, which
aligns with our findings of ICD-9 code predictions where Gemini underperformed
4. Comparing the Prediction of Hospital Readmission Risk Status
To evaluate the predictive performance of the LLMs for hospital readmission risk status, the numeric ground truth values
were derived as the total number of readmissions for each subject. Since the LLM-generated responses classified risk as
Low, Medium, or High, the numeric ground truth was converted into comparable categorical labels using quantile-based
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thresholds. This approach ensured consistency between the ground truth and the model responses. Numeric readmission
counts were categorized as follows:

¢ Low Risk: Values in the bottom 25% (< first quantile).

*  Medium Risk: Values falling between the first and third quantiles (middle 50%).

e High Risk: Values in the top 25% (> third quantile).
After aligning the LLM responses with the ground truth categories and evaluation, among non-reasoning models, Llama
had 41-3% (124 out of 300) correct predictions, followed by Gemini with 40-7% (122 out of 300) and ChatGPT with
33% (99 out of 300). While Llama and Gemini demonstrated moderate alignment with the ground truth categories, the
overall results suggest significant room for improvement. Between the reasoning models, R1 performed slightly better
with 72-66% correct risk predictions (218 out of 300) than O3 with 70-66% correct risk predictions (212 out of 300). This
shows reasoning models perform better than non-reasoning models for readmission risk prediction.

5. F1 Score for ICD-9 Code Prediction and Readmission Risk Status

We calculated the Multiclass Multilabel F1 score for ICD-9 Code prediction and the Macro averaged F1 score for
readmission risk stratification for all three LLMs. F1 score for ICD-9 Code prediction helps to evaluate how well the
model is identifying correct codes while avoiding incorrect ones, and for readmission risk prediction will show how
effectively the LL.M balances identifying patients at risk (e.g., "high risk") versus avoiding unnecessary false alarms.
Though the F1 scores were low for both reasoning and non-reasoning models as seen in Table 1, due to the increased
number of false negatives, out of the three non-reasoning LLMs, Llama had a higher F1 score for ICD-9 Code
prediction and readmission risk stratification. Between the reasoning models, O3 has a collective higher F1 score for
ICD-9 Code prediction and readmission risk stratification combined. It is an interesting finding that shows both
reasoning and non-reasoning models did not exhibit exceptional F1 scores showing both generated false negatives and
false positives.

Table 1: F1 scores for Llama, ChatGPT, Gemini

Chatbot F1-Score ICD-9 Code prediction F1-Score readmission prediction
Llama 0-083 0-412
ChatGPT 0-081 0-322
Gemini 0-024 0-408
DeepSeek-R1 0-091 0-422
OpenAI-O3 0-122 0-414

This table shows the Multiclass multilabel F1 score for ICD-9 prediction and F1 score for hospital readmission risk
prediction. F1 scores take into consideration true positives, true negatives, false positives and false negatives. The F1
scores for ICD-9 code prediction is low for all LLMs due to the increased false negatives than the true positives.
DISCUSSION

The existing literature presents mixed results on the ability of LLMs to perform healthcare tasks, primarily medical
coding and predicting diagnosis. A significant study by Soroush A et al. highlights the poor performance of LLMs in
medical coding®, while another research by Kwan K et al. suggests that LLMs can perform well with some additional
augmentation®. Petro J et al. demonstrates that while LLMs may make mistakes, they are also capable of identifying
errors, emphasizing that the technology is still a work in progress®. Another interesting study by Zhu Y et al. shows a
framework where the prompts incorporate longitudinal health records and improve predictive accuracy'. Furthermore, a
systematic review by Zhou S et al. indicates that prompt engineering and fine-tuning with high-quality data can lead to
the development of robust diagnostic systems using LLMs?'. With these diverse findings in mind, we sought to evaluate
the performance of three prominent, out-of-the-box LLMs for aggregated high-value healthcare tasks such as predicting
primary diagnoses, generating ICD-9 codes, and stratifying hospital readmission risk using a dataset that these LL.Ms are
not already trained on.

In this study, we evaluated a sample of 300 subjects from the MIMIC-IV dataset ", leveraging sections of clinical notes to
generate prompts systematically. LLM API was not used in this study; instead, we focused on evaluating the zero-shot
capabilities of the pre-configured chatbot interface for diagnostic prompting. Each prompt was presented only once,
without repetition to the LLM, and chat memory was disabled to prevent the chatbot from learning from previous
interactions. A sample size of 300 subjects is larger than some of the existing studies'® and provides sufficient dataset to
evaluate the AI chatbot version across all five LLMs effectively. While we want to assess the aggregate capability for
high-value tasks, evaluating the capability of these five LLMs (three non-reasoning and two reasoning) out-of-the-box
via zero-shot prompting specifically for hospital readmission risk prediction, using all relevant information from the
patient discharge summary, is a unique approach that we believe is a valuable discussion to literature. Employing zero-
shot prompts and prompt-based methods presents distinct advantages of being user-friendly, saving time and
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computational resources, and less setup'®*?'. This approach evaluates the baseline performance of these models,

highlighting strengths, limitations, and gaps for targeted improvements through fine-tuning or prompt engineering.

In evaluating the performance of non-reasoning LLMs for predicting primary diagnoses, Llama demonstrated improved
accuracy, achieving 85% correctness in a zero-shot prompting scenario. While not outstanding, this level of performance
demonstrates the model's capability to support clinical decision-making without task-specific fine-tuning. Between the
reasoning models, O3 demonstrated higher performance with 90% correctness. Our approach aims to enhance efficiency
and decision-making through Al-human collaboration. Additionally, we generated explanations for each prediction in
both reasoning and non-reasoning models to ensure transparency in the model's reasoning. In future work, we plan to
conduct further analysis of the reasoning provided by these LLMs. By leveraging 03’s diagnostic predictive capabilities
alongside the expertise of healthcare practitioners, clinical workflows can be streamlined.

The performance of reasoning and non-reasoning LLMs in predicting ICD-9 Codes was suboptimal in this study, with
Llama (42:6%) and ChatGPT (40-6%) performing relatively better than Gemini(14-6%). O3(45-3%) and R1(40-3%) also
lagged. The F1 scores of these LLMs were also relatively low (0-083, 0-081, 0-024, 0-122, 0-091 for Llama, ChaGPT,
Gemini, O3 and R1 respectively), highlighting areas for improvement, particularly in reducing false positives. One of the
crucial concerns of such models is the potential risk of these models having hallucinations. One of the types of
hallucinations is the "faithfulness problem," where LLM generates non-factual or unfaithful information *>*. Addressing
this is essential for improving the reliability and trustworthiness of Al-driven systems in clinical decision-making. Our
finding for predicting ICD-9 codes aligns with literature* showing these LLMs fall short, and that models specifically
trained for medical coding tasks, such as those fine-tuned on clinical text datasets*** can assist coders by suggesting the
most relevant ICD codes based on the content of clinical notes, reduce human errors, improve patient-care follow-ups
and ensure compliance with regulatory requirements which aligns with our findings.

In evaluating readmission risk prediction, Llama (41-3%) outperformed both Gemini (40-7%) and ChatGPT (33%)
among non-reasoning models. Reasoning models performed better than non-reasoning with R1 achieving 72-6% and O3
with 70-6% correct risk predictions. F1 score of 0-412 for Llama demonstrates there is a need for the LLM to be trained
further. F1 score for O3 was also low of 0-122 but better than non-reasoning LL.Ms. None of the models performed at an
ideal level as one might expect. A limitation of this analysis can be the potential variability in the readmission
information within the dataset. While the models’ performance was suboptimal, we believe including generated
explanations for the risk predictions is a valuable addition. These explanations can enhance transparency, offering
healthcare providers insights into how the models arrived at their conclusions. This will be one of the key areas of our
future work where we can tune a model to better predict the hospital readmission risk and conduct further analysis on the
LLM'’s reasoning capabilities.

Another observation was that reasoning models produced more verbose “explanations” for Primary diagnosis and
readmission risk than non-reasoning models. Non-reasoning models generated an average of 70 words for Primary
diagnosis explanations and 54 words for readmission risk explanations. In contrast, reasoning models like R1 averaged
418 words for Primary diagnosis explanations and 612 words for readmission risk explanations. O3 generated an average
of 713 words for Primary diagnosis explanations and 1,112 words for readmission risk explanations.

Gemini made an interesting observation during the response collection phase. When prompted with scenarios involving
psychiatric information, the Gemini model consistently replied with a safety-focused message instead of performing the
specific task in the prompt: “Call or text 988 for support.” This behavior highlights the model's prioritization of user
safety in sensitive contexts, potentially reflecting ethical programming to handle mental health-related prompts. This was
not noted in the other two LLMs.

CONCLUSION

In conclusion, the LLMs in this study demonstrated varied performance across healthcare tasks using zero-shot
diagnostic prompting. No model achieved satisfactory results out of the box, aligning with the literature suggesting the
need for more specific semantic training with medical datasets. Despite suboptimal performance, this study highlights the
potential of ready-to-use reasoning and non-reasoning LLMs to assist healthcare providers with minimal setup and no
prior expertise in fine-tuning. LLaMA outperformed the other non-reasoning models in all predictions, while O3
outperformed both reasoning models and LLaMA, proving itself as a powerful out-of-the-box tool for healthcare
professionals. These findings suggest that future chatbot LLMs in healthcare need further training to improve interaction,
reduce hallucinations, and enhance robustness for real-world deployment. Our future work will focus on refining models
for hospital readmission risk prediction and analyzing their reasoning capabilities to better support clinical workflows.
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A sample of 300 subject_ids was created from the MIMIC-1V dataset, and then any |CD-10 codes in the sample were
crosswalked to respective ICD-9 using UMLS crosswalk. The tables show the structure of the output for ease of understanding.
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admisEion diagnoss_icd
patend e Chargs

-

150 randoim subpscts with
adeasi ona ICD-9 or 10 code,
ong clnical nobe and not mone
than one hospial admissions

(hadm_id) wers selacted

= ion  icd_8_or 10 —
crogswalk 1ICD-10
codes o @
n.qm_u[nu-n_u ne. of w“

https://preprints,jmir.org/preprint/ 74142

[unpublished, non-peer-reviewed preprint]



JMIR Preprints Naliyatthaliyazchayil et a

Shows how the output from Figure 1 is further utilized. The key sections from MIMIC-IV clinical notes were utilized in prompt
creation and extracting primary diagnosis of the sample.

From each clinical note,
the following sections
were extracted
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The prompt template is systematically populated for each subject_id from their notes that were extracted. On the right, you see
an example representation of the MIMIC-IV note, which is then populated into its respective sections within the prompt. (The

note here is an example and not an actual record from MIMIC-IV).

Yiou are an exparienced Doctor and hare ans your patient infarmation
{chaif complains §

{past medical history -}

(pracadure )

{labs -}

[mageng ]

Rased on the above patient information, pleass provide the following in a
structured format as indicated below:

sprimary_diagnosis: Identify the primary diagnosis for the patient based on the
abowe details.

“od®_codes: provide the associated icd9 code for the diagnosis.
sexplaination_of_ why_this_diagnosis: explain why the patient was given this

primary diagnosis.

srpadmission_risk: This refers 10 hospial readmission risk refers to the
likslihood that & patient will be readmitted to the heapital after discharge
Choose one of these low/medmm/high as hospital readmission risk status.
senplaination_of_why_redamission_risk: saplain why the patient was given this
readmession risk status

Ersure that sach section is clearly labeled, as shown above, to facilitate
entraction using structured formatting,
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Shows the top 10 ICD-9 codes from the MIMIC-1V sample and the three non-reasoning LLMs. Such graphs can help us show
patterns. Here, we see a pattern of Ischemic Heart diseases showing in the sample and LLM, whereas the category of General
symptoms was only seenin al three LLMs and not MIMIC-1V, showing that it might be an area for a scope of improvement.
Diabetes Méllitusis seen in the MIMIC-IV sample, Llama, and ChatGPT and not in Gemini, which aligns with our findings of
|CD-9 code predictions where Gemini underperformed.
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