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Abstract

Machine reasoning has made great progress in recent years
owing to large language models (LLMs). In the clinical do-
main, however, most NLP-driven projects mainly focus on
clinical classification or reading comprehension, and under-
explore clinical reasoning for disease diagnosis due to the ex-
pensive rationale annotation with clinicians. In this work, we
present a “reasoning-aware” diagnosis framework that ratio-
nalizes the diagnostic process via prompt-based learning in
a time- and labor-efficient manner, and learns to reason over
the prompt-generated rationales. Specifically, we address the
clinical reasoning for disease diagnosis, where the LLM gen-
erates diagnostic rationales providing its insight on presented
patient data and the reasoning path towards the diagnosis,
namely Clinical Chain-of-Thought (Clinical CoT). We em-
pirically demonstrate LLMs/LMs’ ability of clinical reason-
ing via extensive experiments and analyses on both rationale
generation and disease diagnosis in various settings. We fur-
ther propose a novel set of criteria for evaluating machine-
generated rationales’ potential for real-world clinical settings,
facilitating and benefiting future research in this area.

Introduction
Reasoning is the ability to assess things logically based on
available information of various types. Reasoning in clini-
cal diagnosis, also known as clinical reasoning or diagnostic
reasoning, is a dynamic thinking process between the ob-
served clinical evidence and the identification of disease.
It involves an integration of patient data, relevant medi-
cal knowledge, clinicians’ experience, and other contextual
or situational factors (Norman 2005; Cook, Sherbino, and
Durning 2018). Poor clinical reasoning has been directly
linked to misdiagnoses and eventually causing hospital ad-
verse events including patient death (Balogh, Miller, and
Ball 2015). Therefore, effective clinical reasoning is crucial
for diagnosis in real clinical settings (Kassirer 1989).

Recently, deep learning (DL) models are widely utilized
for disease diagnosis. However, a predominant portion of ex-
isting approaches formulates the process simply as image
or text classification (Bakator and Radosav 2018; Kumar
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et al. 2022). These approaches entirely exclude the afore-
mentioned clinical reasoning in their modeling and focus on
fine-tuning high-capacity models for better feature extrac-
tion (Jang and Hwang 2022). However, such a data-driven
approach can be limited by the data-scarcity problem in
biomedical domains. Moreover, high-capacity models are
shown to memorize the dataset, rather than solving the diag-
nosis task through logical reasoning (Mitra et al. 2020), and
they cannot provide explanations justifying their diagnoses.
Since whether a diagnosis can be explained and whether it
matches the reasoning of humans are important for gaining
clinicians’ trust in DL techniques (Holzinger et al. 2017),
this naive approach largely limits models’ potential to be im-
plemented for real-world applications.

Meanwhile, large language models have demonstrated
their ability to perform multi-step reasoning as well as
present the thinking process behind it, which is known as
chain-of-thought (CoT) reasoning (Wei et al. 2022). Previ-
ous works have applied such reasoning ability to various
domains (Wei et al. 2022; Kojima et al. 2022; Wu, Zhang,
and Huang 2023; Liévin, Hother, and Winther 2023). In
these works, LLMs serve as reasoners that generate natu-
ral language rationales guiding and explaining the solution.
Despite such success, the use of LLMs to address clinical
reasoning in disease diagnosis for real-world applications is
still an under-explored area at the moment.

Motivated by these, in this work, we make a step toward
clinical reasoning in disease diagnosis, where the models are
aware of the clinical reasoning behind the diagnosis, as il-
lustrated in Figure 1. To this end, we formulate the clinical
reasoning in disease diagnosis as chain-of-thought reason-
ing, namely Clinical Chain-of-Thought (Clinical CoT). Our
goal is to facilitate clinical reasoning by leveraging LLMs
to reason over patient data, refer to relevant knowledge, and
generate rationales that guide and explain the diagnosis.

Our contributions are two-fold: (i) We propose a practical
framework for reasoning-aware diagnosis. Our framework
involves clinical rationalization that augments the existing
clinical data with clinical rationales, few-shot reasoning and
diagnosis with LLMs, and distillation towards smaller mod-
els. (ii) We conduct a thorough analysis of the framework
in our testbed diagnosis dataset to gain a deep understand-
ing of the clinical reasoning task. We show that by reason-
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Figure 1: Clinical reasoning in disease diagnosis.

ing over presented clinical data, models can achieve better
performance in disease diagnosis. Also, our extensive eval-
uation and analysis of generated rationales demonstrate that
both the LLMs and distilled models can replicate the reason-
ing of clinical professionals in a human-like manner.

Problem Formulation
Clinical Reasoning for Disease Diagnosis
Most existing approaches for diagnosing diseases with DL
models formulate the process simply as image or text clas-
sification (Bakator and Radosav 2018; Kumar et al. 2022).
That is, given patient description P , such as medical images
or electronic health records, a diagnosis model θ is trained
to predict the correct diagnosis D:

D ∼ Pθ(·|P) (1)

However, this approach neglects the clinical reasoning con-
necting the presented patient description and the final di-
agnosis (Kassirer 1989). The absence of effective clinical
reasoning can lead to diagnostic errors (e.g., misdiagnoses),
which are reported to contribute to around 10% of patient
deaths and hospital adverse events (Norman 2005).

To address that, we exploit LLMs’ reasoning capacity in
clinical diagnosis, where the LLMs ought to perform clin-
ical reasoning over presented clinical data. Formally, given
patient description P , the model first generates a rationale R
decomposing the reasoning process over P , and then makes
its diagnosis D based on P and R:

R ∼ Pθ(·|P) (2)
D ∼ Pθ(·|P ,R) (3)

Testbed: Alzheimer’s Disease Diagnosis
Alzheimer’s disease (AD) is an irreversible neurodegen-
erative disease associated with cognitive decline (DeTure
and Dickson 2019). In this study, we choose AD diagno-
sis task as the testbed for clinical reasoning. This choice is
based on the fact that AD diagnosis requires a thorough un-
derstanding of various aspects of the disease (Budson and
Solomon 2012). In our study, patient description P consists

of (1) textual descriptions derived from the MRI scan, such
as “This patient has SEVERE hippocampal atrophy”;1 (2)
demographic information; (3) educational level; (4) results
from the mini-mental state examination (MMSE); (5) the
presence of APOE4 allele. The diagnosis D can be either
Alzheimer’s Disease, Mild Cognitive Impairment (MCI), or
Normal Cognition (NC). Details on transforming MRI scans
into textual descriptions are provided in the appendix.

Reasoning-Aware Diagnosis Framework
Framework Overview
Recent works successfully leverage LLMs’ ability of CoT
reasoning to generate free-text rationales that present the
reasoning path and the necessary knowledge towards the
answers in various reasoning tasks (Wei et al. 2022; Wu,
Zhang, and Huang 2023). Our goal is to exploit such abil-
ity in clinical diagnosis, where the LLMs ought to generate
rationales demonstrating its reasoning over presented clini-
cal data. For that, we formulate the rationale generation in
clinical diagnosis as Clinical CoT reasoning. Upon that, we
propose a reasoning-aware diagnosis framework (Figure 2),
which includes modules addressing different approaches to
facilitate clinical reasoning.

Module I: Clinical Rationalization
To generate clinical CoT rationales, which deliver the diag-
nostic reasoning towards the correct diagnosis, by prompting
a LLM to rationalize the presented clinical data.

Formally, given clinical data consisting of patient de-
scription P and a ground-truth label of the diagnosis D,
which can be either Alzhemer’s Disease, Mild Cognitive Im-
pairment (MCI), or Normal Cognition (NC), the LLM is
prompted to generate clinical rationales R∗ that demonstrate
the reasoning process over P such that the final diagnosis D
can be induced from R∗:

R∗ = argmax
R

PLLM(R|P ,D) (4)

1Hippocampal atrophy refers to the shrinkage or loss of nerve
cells in the hippocampus, a region related to memory formation and
memory retrieval (Voss et al. 2017).
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Figure 2: An overview of our framework (P: Patient description; D: Diagnosis; R: Clinical rationale).

As output, we collect a set D of the processed samples,
each of which is a triplet of patient description P , a ground-
truth label of the diagnosis D, and the clinical rationales R.

Module II-1: Few-shot CoT Reasoning
LLMs have demonstrated promising performance in tasks
requiring logical reasoning with CoT prompting (Kojima
et al. 2022; Wei et al. 2022). As a pioneer study towards
clinical reasoning with LLMs, we investigate if such suc-
cess can be replicated in the domain of clinical diagnosis.
Thereby, our second module addresses few-shot disease di-
agnosis, where we prompt LLMs to perform clinical reason-
ing before the diagnosis.

Formally, given the patient description P , an LLM is
prompted to generate both a plausible clinical rationale R̂
and the name of the predicted diagnosis D̂:

R̂ = argmax
R

PLLM(R|P) (5)

⇒ D̂ = argmax
D

PLLM(D|P , R̂) (6)

where ⇒ indicates a sequential generation of tokens.

Module II-2: Unimodal-Student Distillation
Despite the impressive performance offered by LLMs in
few-shot settings, it is non-trivial to deploy them for real-
world applications due to the large size of parameters.2 Re-
cent works resolve this by using LLMs to augment the tar-
get dataset with rationales and use the augmented dataset to
fine-tune smaller models, aiming to distill LLMs’ reasoning
capacity into models that are more affordable for practical
uses (Hsieh et al. 2023). This approach is known as knowl-
edge distillation (Hinton, Vinyals, and Dean 2015).

This module distills the knowledge of diagnostic rea-
soning from the LLM (teacher) into orders-of-magnitude
smaller language models, with the goal of developing
smaller CoT reasoners for real clinical settings. Applying
our rationalizing module (Module I), we obtain clinical data
for AD diagnosis that are augmented with clinical rationales.

2One LLM with 175B parameters requires at least 350GB GPU
memory with tailored infrastructures (Zheng et al. 2022).

We purpose this augmented dataset as training data to train
the student language models.

Formally, given patient description P , the LM is trained to
sequentially predict the clinical rationale R and the ground-
truth label of the diagnosis D. The language model is opti-
mized by minimizing the generation loss LLM-Distill:

LLM-Distill = E
(P,D,R)∈D

[− logPLM(R,D|P)] (7)

Module II-3: Multimodal-Student Distillation
Besides training smaller CoT reasoners with language mod-
els, multimodal CoT, where both visual and textual inputs
can be considered via vision-language models (VLMs), has
also garnered attention. For instance, Zhang et al. (2023)
showed that by including images alongside textual inputs,
models with under 1B parameters can generate more ef-
fective CoT rationales and vastly outperform the previous
state-of-the-art LLM with 175B parameters on a question-
answering benchmark. Meanwhile, the diagnosis of many
diseases including AD involves medical images such as MRI
scans, fundus photographs, and X-ray images (Kumar et al.
2022). Therefore, we further extend knowledge distillation
in clinical diagnosis to VLMs.

Formally, given patient description P and its correspond-
ing MRI scan V , the VLM is trained to sequentially predict
the clinical CoT rationale R and the ground-truth label of
the diagnosis D based on P and V . The VLM is learnt by
minimizing the generation loss LVLM-Distill:

LVLM-Distill = E
(P,V,D,R)∈D

[− logPVLM(R,D|P ,V)] (8)

Experiments
Experimental Settings
Dataset. We acquire 7,124 clinical data for Alzheimer’s
disease (AD) from the Alzheimer’s Disease Neuroimaging
Initiative (ADNI) (Jack Jr et al. 2008) and 428 from Aus-
tralian Imaging Biomarkers and Lifestyle Study of Ageing
(AIBL) (Ellis et al. 2009). Datasets from these organizations
have profoundly facilitated the study of AD. Both datasets
comprise three components: (1) MRI scans, (2) ground-truth
labels of diagnosis, and (3) patient descriptions, including
demographic information, educational level, results from the
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ADNI AIBL

Accuracy Precision Recall Accuracy Precision Recall

Model Prompt Total AD MCI NC AD MCI NC Total AD MCI NC AD MCI NC

ChatGPT 0-shot 55.3 56.8 45.3 69.9 96.4 22.4 48.8 54.0 59.8 47.2 61.1 80.0 31.7 55.0
1-shot 50.7 61.4 40.6 71.4 81.5 62.9 7.9 50.7 67.4 41.8 70.6 66.9 74.7 8.6
3-shot 58.8 61.6 47.1 71.5 85.5 46.7 44.8 57.2 68.3 46.6 63.5 63.1 57.0 52.1
5-shot 57.3 55.7 44.4 70.2 97.2 23.2 53.2 56.3 57.7 47.3 62.5 86.9 33.5 53.6

Clinical CoT 67.3 62.2 54.2 62.7 90.3 26.6 86.5 62.4 63.8 43.7 53.2 79.2 25.3 88.6

GPT-4 0-shot 59.6 51.1 51.6 76.8 99.6 24.3 42.1 55.4 52.1 49.5 71.1 93.9 29.1 49.3
1-shot 53.0 54.1 44.4 81.0 98.4 42.9 18.7 54.9 55.6 42.2 65.5 96.2 38.0 35.7
3-shot 61.8 64.3 50.9 76.5 86.3 55.2 44.4 58.2 66.2 46.7 67.0 72.3 53.2 50.7
5-shot 62.6 67.8 50.5 76.5 90.8 57.5 40.1 59.8 68.9 48.4 69.3 78.5 58.9 43.6

Clinical CoT 68.4 77.5 59.3 67.4 76.2 40.5 89.3 62.6 82.2 51.2 60.9 63.8 39.2 87.9

Table 1: Evaluation on LLMs in zero-and-few-shot diagnosis. The Clinical CoT includes two exemplar shots.

Figure 3: Performance of student models trained with and
without clinical rationales, reported on ADNI. The dotted
line is the performance of the teacher LLM (GPT-4).

mini-mental state examination (MMSE) and the presence of
APRO4 allele. Data from ADNI are split into training, vali-
dation, and test sets. All the AIBL data are exclusively used
as an out-of-domain test set rather than training. The ratio of
AD:MCI:NC in both test sets is roughly 1:1:1.

Large language models. We choose ChatGPT (OpenAI
2023a) and GPT-4 (OpenAI 2023b) as our selection for
LLMs. They have shown an impressive ability to perform
chain-of-thought reasoning. For our clinical rationalization
module (Module I), we adopt GPT-4. And we adopt both
ChatGPT and GPT-4 for few-shot diagnosis (Module II). In
all of our experiments, we set the temperature to 0.7, max
tokens to 2000, and apply greedy decoding.

Unimodal-student models. We consider OPT (Zhang
et al. 2022) and LLaMA2 (Touvron et al. 2023), two com-
monly used language models as our foundation model for
the unimodal student. For our experiments, we use the 1.3B
and 6.7B versions of OPT and the 7B version of LLaMA2.

Multimodal-student models. Following Tsimpoukelli
et al. (2021), our multimodal student is based on the vision-
language model, which consists of convolutional neural net-
works as vision encoder and a language model as text en-
coder. The vision encoder extracts image features from the

MRI scan. During training, the vision encoder is trained to
align its extracted feature with text features, such that the
language model can effectively attend to features of both
modalities. Since MRI scans are 3-dimensioanl images, we
consider 3D ResNet (Hara, Kataoka, and Satoh 2017) as
our foundation model of vision encoder. For the language
model, we use the 1.3B and 6.7B versions of OPT and the
7B version of LLaMA2. Implementation details of our stu-
dent models are provided in the appendix.

Results and Discussion
We now present the empirical findings of the following re-
search questions that guide our experiments:
RQ1: Does clinical rationales improve AD diagnosis?
RQ2: Does knowledge distillation benefit small models?
RQ3: Is our framework helpful in data-scarce scenarios?
RQ4: What causes misdiagnosis and how to get over it?

LLMs’ diagnostic performance (RQ1). Table 1 presents
the experimental results. Firstly, we observe that LLMs
without clinical CoT generally yield high recall in one class
(mostly AD) with fairly low recall in the other two classes.
This suggests that clinical CoT can prevent LLMs from be-
ing biased toward a specific diagnosis.

Secondly, LLMs with clinical CoT show huge improve-
ments in accuracy compared to baselines with more shots.
This follows the observation in Kojima et al. (2022), where
LLMs with 2-shot CoT prompting largely outperform LLMs
with 8-shot standard prompting in arithmetic domains. We
demonstrate the same patterns in clinical diagnosis.

Performance of student models (RQ2). Table 2 presents
the experimental results of student models. Firstly, among
unimodal students: For in-domain data, OPT 6.7B shows
comparable performance to the teacher model in total ac-
curacy. LLaMA2 7B yields a significant performance gain
in accuracy and precision in all three classes; For out-of-
domain data, all unimodal students outperform the teacher
LLM in accuracy. In addition, OPT 1.3B and LLaMA2 7B
demonstrate better precision for all classes and higher re-
call for AD and MCI. Moreover, all the text-only unimodal
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ADNI (In-domain) AIBL (Out-of-domain)

Accuracy Precision Recall Accuracy Precision Recall

Baselines Total AD MCI NC AD MCI NC Total AD MCI NC AD MCI NC

GPT-4 (Teacher Model) 68.4 77.5 59.3 67.4 76.2 40.5 89.3 62.6 82.2 51.2 60.9 63.8 39.2 87.9
3D ResNet-50 49.8 78.0 37.9 59.1 44.3 67.1 37.3 48.1 80.5 40.1 50.7 63.8 39.2 87.9
3D ResNet-152 51.9 77.0 37.1 52.4 55.6 45.1 55.1 47.6 61.1 39.8 61.1 33.8 68.3 37.1

Unimodal Students

OPT 1.3B 66.5 78.9 52.3 73.3 65.5 61.8 72.6 70.0 88.4 56.9 80.2 76.2 81.0 52.1
OPT 6.7B 68.4 77.4 61.3 64.9 85.5 37.8 83.7 66.1 79.0 59.6 60.2 83.8 37.3 82.1
LLaMA2 7B 71.5 83.2 63.0 67.9 81.9 48.6 84.9 69.4 84.9 60.0 65.8 82.3 57.0 71.4

Multimodal Students

3D ResNet-50 (0.05B)
+ OPT 1.3B 68.6 86.1 53.3 76.4 75.4 71.4 59.1 65.6 87.3 52.9 70.7 69.2 73.4 53.5
+ OPT 6.7B 70.8 89.5 56.0 74.8 75.8 70.7 65.9 65.7 87.4 53.5 67.2 69.2 67.7 60.0
+ LLaMA2 7B 69.0 82.8 56.0 69.3 83.5 57.9 66.3 68.0 84.8 55.7 73.9 81.5 74.1 48.6

3D ResNet-152 (0.1B)
+ OPT 1.3B 68.9 79.6 54.8 75.3 79.0 61.3 66.6 67.2 73.8 66.4 62.1 79.3 55.8 73.1
+ OPT 6.7B 71.0 88.9 55.7 79.5 74.2 75.7 63.0 65.6 88.0 53.0 66.1 74.4 67.1 55.7
+ LLaMA2 7B 68.5 83.3 54.9 69.2 84.7 60.6 60.7 69.4 85.5 57.9 72.0 81.5 72.2 55.0

Table 2: Evaluation on unimodal and multimodal students compared with GPT-4 and vision-only baselines in AD diagnosis.
The GPT-4 (Teacher Model) refers to the performance of GPT-4 augmented with clinical CoT rationales in Table 1.

Figure 4: Data efficiency brought by clinical reasoning.

students outperform the baseline vision models in total ac-
curacy, despite the image-intensive nature of AD diagnosis.

Secondly, for multimodal students: Similar to the finding
from Zhang et al. (2023), with multimodal CoT, all VLMs
with orders-of-magnitude smaller sizes of parameters out-
perform the LLM teacher in total accuracy as well as recall
for AD and/or MCI. Also, all multimodal students achieve
remarkably higher total accuracy than vision-only baselines.

Overall, although metrics in which student models win
slightly differ when the adopted encoders change, we can
conclude a general observation: most of the students exhibit
higher accuracy and recall for AD and MCI than the LLM
teacher. A higher recall indicates that the approach is more
effective at minimizing false negatives, which suggests that
the student models are better at avoiding misdiagnosing pa-
tients with AD or MCI as normal.

Figure 3 visualizes the difference in diagnostic accuracy

Figure 5: Analysis of rationales from GPT-4’s misdiagnoses.

of our student models with and without knowledge distilla-
tion from the LLM. We can clearly observe the significant
improvement in performance when training the model with
our data augmented with clinical rationales.

Data efficiency (RQ3). The lack of sufficient data is a
long-standing problem in the biomedical domain. Thus, we
experiment on our multimodal student with varying amounts
of training data to examine if our framework is helpful in
data-scarce scenarios. The results are in Figure 4.

Our multimodal student (purple), trained with clinical
rationales, consistently outperforms the vision-only and
vision-language baseline models no matter how much train-
ing data is used. Furthermore, when trained with only 25%
of training data, the multimodal student exhibits higher ac-
curacy than both baselines trained with 100% of data. Our
approaches show comparable performance even when only
a limited amount of training data is available. These exper-
imental findings confirm the data efficiency brought by dis-
tilling LLMs’ reasoning capacity to small diagnosis models,
which is an important property in the biomedical domain.

Analysis of misdiagnosed cases (RQ4). Since the ratio-
nales are generated “during” the diagnosis, investigating the
correlation between generated rationales and misdiagnoses
is rather important. For that, we sample 32 rationales gen-
erated from misdiagnosed cases of GPT-4 and present the
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analysis in Figure 5 (by two radiologists).
In failed cases, 75% of the rationales’ contents are all

medically correct. Among them, some contain expressions
that generally will not be used in radiology reports, such
as “Interestingly, ...” (Inappropriate expression; 6.25%) or
show wrong usages of language due to the discrepancy be-
tween clinical and general domains (Ambiguity; 6.25%). For
example, a rationale uses “positive sign” in a scenario that
is “good for the patient”. However, this term is often used in
the context of “abnormal”.

Only 25% of them contain at least one medically incor-
rect knowledge; This shows that the misdiagnosis is not nec-
essarily caused by ineffective rationales. We presume opti-
mizing the modeling on how to utilize rationales for the di-
agnosis (e.g., dividing the generation of rationales and the
diagnosis into two separate stages) may possibly lead to bet-
ter performance. We leave this to future works.

Clinician Study: Quality of Rationales
Criteria for Clinical Reasoning Rationales
To investigate the LLM’s role as a clinical reasoner, as-
sessing if the quality of clinical rationales meets the stan-
dards of clinicians, is of significant importance. Prior works
have incorporated human evaluations to assess the quality of
machine-generated rationales (Zelikman et al. 2022; Wang
et al. 2023). However, those works are limited to general
domains, i.e., commonsense reasoning, and mainly focused
on whether the rationales justify the target.

In this work, we and a group of licensed radiologists pro-
pose a novel set of criteria specifically designed to evaluate
machine-generated rationales for clinical diagnosis. We ex-
pect this to facilitate and benefit future research on eliciting
rationales for clinical application.
• CONSISTENCY: How much a generated rationale is not

contradictory to the presented data and model prediction
(or the ground-truth diagnosis).

• CORRECTNESS: How medically correct the knowledge
referred to in the rationale is.

• SPECIFICITY: How detailed and specific the insights
provided in the generated rationale are.

• HELPFULNESS: How much a clinical rationale benefits
the prediction towards the correct diagnosis.

• HUMAN-LIKENESS: How well a clinical rationale
demonstrates the insight and understanding of the pre-
sented patient description or diagnosis in a way that
matches the human behaviours.

Human Evaluation
We conduct human evaluation on 240 clinical reasoning ra-
tionales that are “generated during the diagnosis” with two
radiologists. The results are illustrated in Figure 6. To as-
sess them more critically, we sample rationales from “chal-
lenging cases” where “all 5 models” fail to predict the cor-
rect diagnosis (referred to as “Misdiagnoses”), and an equal
amount of correctly diagnosed cases (referred to as “Cor-
rect Diagnoses”). As a reference point, we apply the ratio-
nalizing module (Module I) to generate their rationales with
access to ground-truth diagnosis (denoted as Ref ; gray-bar).

GPT-4 faithfully reflects available clinical evidence. We
observe that GPT-4 and Ref perform similarly within cor-
rect diagnoses. However, in Misdiagnoses group, rationales
generated without access to ground-truth diagnosis (GPT-4)
yield better scores even than those with access (with Ref ),
in every criterion. This phenomenon indicates that when a
ground-truth diagnosis is challenging to predict based on the
given patient description (i.e., Misdiagnosis group), it is pos-
sible that prior knowledge of the diagnosis may not be bene-
ficial for rationale annotation. We presume it stems from the
discrepancy of available clinical evidence between radiolo-
gists (who annotated the dataset in the real world) and our
study. As a result, when asked to condition on the ground-
truth label, GPT-4 may operate as if it is being forced to
construct a reasoning path that contradicts its understand-
ing of the available clinical evidence. Therefore, the supe-
rior results of rationales generated without referencing to
the ground truth in the Misdiagnoses group (GPT-4; yellow
bars) manefest that GPT-4 can faithfully reflect the observed
clinical evidence in the rationales.

Knowledge distillation enables better generalization.
Intriguingly, the distilled student models also surpass Ref in
Misdiagnoses cases. This implies that training with clinical
rationales helps the student model to generate a more gener-
alized rationale that is not biased toward a certain diagnosis.
Their better diagnostic performance than the LLM teacher
supports this finding (Table 2).

Our framework elicits effective rationales for real-world
applications. Overall, rationales generated by the teacher
LLM (GPT-4) and student models receive scores higher than
4 regarding almost every criterion (the lowest is 3.45 with
the score range being 0-5). The promising helpfulness and
correctness scores in the misdiagnoses group match our pre-
vious findings: Misdiagnoses may not necessarily stem from
ineffective rationales, but rather from how we model the
condition of rationales in diagnosis. Also, high specificity
scores indicate that both the LLM and distilled students can
present detailed rationales concluding their observations and
insights (the average length of the clinical rationale in this
study is 269.4 words).

Most importantly, the outstanding human-likeness scores,
especially within the correct diagnoses, show that our ratio-
nales can effectively replicate the clinical reasoning of ra-
diologists, and thus are more likely to seamlessly integrate
into real-world radiology reports.

Case Study of Machine-generated Rationales
We highlight two important properties of the generated ratio-
nales. We describe how they are aligned with the reasoning
of radiologists, present the quotes from them, and elaborate
on how they can benefit DL-based diagnosis.

Interpret clinical evidence contextually. The presence of
the APOE4 gene is a strong risk factor for susceptibility to
Alzheimer’s disease. However, in situations where other evi-
dence suggests that the patient is normal, radiologists do not
just blindly rely on APOE4, instead, they comprehensively
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Figure 6: Evaluations on clinical rationales. We report the average score (score range: 0-5).

consider all the evidence based on their expertise and expe-
riences. Our rationales exhibit the same behavior:

“The patient carries one copy of APOE4 gene, which
is known to increase the risk of AD. The absence
of cognitive impairment symptoms and brain atrophy
suggest that this genetic risk has not led to any ap-
parent neurodegeneration.”

In conventional data-driven approaches for disease diagno-
sis, i.e., text or image classification, it is non-trivial to anno-
tate whether a certain feature is important in all possible sce-
narios. Our reasoning-aware diagnosis framework not only
ameliorates this need, but also provides rationales that repli-
cate such mechanism of human radiologists. Hence, we pre-
sume our framework has the potential to serve as a reliable
tool for assisting clinicians in real-world data annotation.

Selectively summarize important evidence. In practice,
after a thorough understanding and interpretation of all clin-
ical evidence, radiologists select meaningful findings from
their observations to make an accurate judgement. Such
summarization of evidence can be found in our rationales:

“... in summary, the patient’s cognitive decline, as ev-
idenced by the MMSE score and the presence of mild
hippocampal and severe atrophy in key areas related
to memory, indicate a mild cognitive impairment.”

Machine-generated rationales are often too long because
they contain several sentences presenting the necessary in-
formation. Liu et al. (2023) demonstrate that when LLMs are
processing long text, information at the beginning or the end
of the text can be more effectively utilized than those scat-
tered around. Since today’s LLMs continue growing their
ability to process longer texts, being able to selectively sum-
marise necessary information at the end of the rationales
supports our framework’s usefulness for future LLM-based
studies in clinical domains.

Related Work
Alzheimer’s Disease Diagnosis. Most DL-based methods
for AD formulate the diagnosis simply as image classifica-
tion and address the performance via transfer learning from
general domains or tuning model architectures (Ebrahimi,
Luo, and Chiong 2020; Jang and Hwang 2022). These ap-
proaches focus on better extracting the image features. How-
ever, AD diagnosis requires understanding and reasoning
over a range of clinical data, such as APOE4 allele and

MMSE alongside the MRIs (Budson and Solomon 2012;
Weller and Budson 2018). To resolve that, several studies
have exploited different aspects or features of AD: Zhu et al.
(2016) and Zhang et al. (2018) approach AD diagnosis with
multimodal data, e.g., positron emission tomography and ge-
netics data; Ong et al. (2023) leverage volume measurements
of brain regions (e.g., subcortical volume) extracted from
MRIs as additional training objectives alongside the classifi-
cation of AD via multi-task learning. Although these studies
do facilitate diagnosis models to consider more aspects or
features of the disease, none of them provides a clear picture
of the reasoning behind the diagnosis.

Clinical NLP. The success of LMs has sparked a surge in
applying NLP techniques to the biomedical field (Lee et al.
2020; Yue, Jimenez Gutierrez, and Sun 2020; Rajagopal
et al. 2021; Kim et al. 2023; Feng et al. 2023). For exam-
ple, Lee et al. (2020) fine-tune the commonly used BERT
model (Kenton and Toutanova 2019) with medical corpus to
endow it with biomedical knowledge, which is then imple-
mented by Yue, Jimenez Gutierrez, and Sun (2020) to solve
the clinical reading comprehension task; Rajagopal et al.
(2021) and Feng et al. (2023) address the generation of ex-
planations for various medical conditions via sequence-to-
sequence language models with template-based approaches.
More recently, upon the advancements of LLMs, Agrawal
et al. (2022) have proposed to use LLMs to recognize named
entities from clinical texts; Li et al. (2023) use LLMs to pre-
dict the synergy of drug pairs in rare human tissues that lack
structured data and features.

Most prior work heavily relies on the knowledge from the
pre-training corpus, ignoring whether the knowledge used is
correct for the situation or follows human reasoning. In this
work, we address the absence of clinical reasoning, espe-
cially in disease diagnosis, via large language models with
prompt-based learning.

Conclusion
We present a reasoning-aware diagnosis framework to tar-
get the absence of clinical reasoning in most prior works.
Upon that, we investigate LLMs’ reasoning ability in clini-
cal diagnosis via prompt-based learning and embark on var-
ious experiments with few-shot diagnosis and knowledge
distillation. As a formal study of clinical reasoning towards
real-world applications, we propose a series of novel criteria
for assessing the quality of machine-generated clinical ratio-
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nales. These criteria can facilitate and benefit future work in
this area. Through human evaluation and extensive analysis
of generated rationales, we establish a solid foundation for
utilizing LLMs, both directly and indirectly, to model clini-
cal reasoning in disease diagnosis.

Limitations. Our study has the following limitations: (1)
Our prompt used to invoke LLMs’ CoT reasoning only
contains two rationale demonstrations due to their length
(around 260 words each). This can potentially affect models’
performance in rationale generation and diagnosis; (2) In our
settings, the clinical rationale and the name of the predicted
diagnosis are autoregressively generated. We do not explore
other paradigms, such as jointly predicting them via multi-
task learning or dividing the rationale generation and diag-
nosis into separate stages; (3) Although a group of licensed
radiologists are involved in this study, we have not incor-
porated this framework into real-world clinical settings; (4)
We do not include filtering mechanism to target ineffective
rationales. Although our analysis shows that even in misdi-
agnosed cases, 75% of the rationales are medically correct,
training student models with such a collection of rationales
can potentially hinder their performance.
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