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摘要

醫療診斷推理是臨床工作中的重要能力，它讓醫師能從病人身上「蒐集關鍵

資訊」，並且利用蒐集到的資訊「預測診斷」。本論文以問診作為研究案例，探討

大型語言模型之診斷推理能力，並提出進一步提升此推理能力之方法論。此項研

究之主要貢獻有三：一、發展大型語言模型角色扮演評估框架，用以評估大型語

言模型之問診能力；二、提出少樣本、零樣本之提示工程方法論，此方法論結合

醫師診斷推理之思考過程，並以實驗佐證其能提升大型語言模型「蒐集關鍵資訊」

以及「預測診斷」之表現。三、顯示大型語言模型能透過儲存及擷取自生成之診

斷推理過程，持續增進其診斷預測之能力。

關鍵字：大型語言模型、醫療診斷推理、問診
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Abstract

Medical diagnostic reasoning is a crucial capability in clinical practice, enabling

physicians to “collect key information” from patients and “predict diagnoses” based on

the collected information. This thesis investigates the diagnostic reasoning abilities of

large language models (LLMs) using history taking as a case study and proposes method-

ologies to further enhance these reasoning abilities. The main contributions of this re-

search are threefold: (1) Development of an LLM Role-Playing Evaluation Framework

to assess the history-taking abilities of LLMs. (2) Introduction of few-shot and zero-shot

prompting methodologies that integrate the diagnostic reasoning processes of physicians,

with experimental evidence demonstrating their effectiveness in improving LLMs’ per-

formance in “collecting key information” and “predicting diagnoses”. (3) Showing that

LLMs can continuously improve their diagnostic prediction capabilities through storing

and retrieving self-generated diagnostic reasoning processes.

Keywords: Large Language Models, Medical Diagnostic Reasoning, History Taking
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Chapter 1 Introduction

1.1 Background

In this work, we investigate the medical diagnostic reasoning [1] capabilities of large

language models (LLMs). Diagnostic reasoning, extensively used by medical doctors in

daily clinical practice, involves two major aspects. One is the ability to collect diagnostic

information from patients, and the other is the ability to predict diagnoses based on the

collected information. This study focuses on the task of history taking to evaluate LLMs’

diagnostic reasoning abilities in these two aspects.

A typical history taking process is a multi-turn conversation between a doctor and a

patient, divided into three stages. Initially, the doctor is informed of the chief complaint,

the primary reason the patient seeks medical attention, which serves as the initial diagnos-

tic information. In the second stage, the doctor engages in an iterative question-answering

(QA) session, asking additional questions to gather more diagnostic information, as the

chief complaint alone is insufficient for predicting the diagnosis. In this work, we refer

to the diagnostic information as the patient’s clinical findings. Finally, the doctor predicts

the diagnosis based on the collected clinical findings. Making an accurate diagnosis in this

scenario relies heavily on the quality of the gathered information, which requires asking

critical questions. The ability to ask such questions depends on performing diagnostic rea-

1
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soning with medical knowledge, as the doctor must consider all possible diagnoses from

the previously collected information to ask proper questions in the current dialogue turn.

1.2 Motivation

In clinical practice, history taking is the crucial first step in collecting diagnostic

information from patients. According to previous literature, history taking alone provides

sufficient information to make a diagnosis in approximately 75% of patient encounters

before further examinations [2]. Therefore, when done appropriately, effective history

taking can significantly reduce the cost of unnecessary medical tests.

The field of developing dialogue systems for history taking has made significant

progress in recent years. Researchers have developed various frameworks and model ar-

chitectures to perform automatic diagnosis by simulating the history taking process. These

advancements primarily fall into two research branches. One branch consists of reinforce-

ment learning (RL)-based methods, which use deep Q-learning or policy gradients to train

fully-connected neural networks for asking questions about clinical findings [3–7]. The

other branch leverages Transformer-based architectures, where history taking is formu-

lated either as a sequence generation problem or a multi-label classification task [8–10].

Despite their promising applicability, these methods share several limitations:

• Training data requirements: These works require training onmedical conversational

datasets, which are costly and time-consuming to construct.

• Fixed action space: These models assume a fixed set of clinical findings as their ac-

tion space, which does not align with the unbounded nature of real-world questions.

2
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• Unrealistic patient simulators: They evaluate model performance by interacting

with a lookup-table-like patient that responds in a non-natural language manner,

deviating from real clinical scenarios.

On the other hand, LLMs can be used out-of-the-box to solve tasks in fluent nat-

ural language without fine-tuning on specific datasets, thanks to their strong few-shot

in-context learning [11] and instruction-following [12] abilities. Furthermore, previous

studies have shown that LLMs are capable of passing the United States Medical Licensing

Examination (USMLE) through proper prompting techniques [13]. Given this evidence,

we are curious about LLMs’ potential diagnostic reasoning capabilities as-is, without any

fine-tuning. This curiosity leads us to the following research questions: RQ1: How well

can LLMs perform history taking out-of-the-box? RQ2: How can we elicit LLMs’ diag-

nostic reasoning abilities to further improve them?

In summary, this study seeks to evaluate and enhance LLMs’ diagnostic reasoning

capabilities, focusing on two key aspects: the ability to collect diagnostic information and

the ability to predict the diagnosis. Our contributions are summarized as follows:

• We develop an LLM-Role-Playing Evaluation Framework to evaluate LLMs’ per-

formance in history taking.

• We propose few-shot and zero-shot prompting methodologies that integrate medical

doctors’ diagnostic reasoning processes, demonstrating improvements in LLMs’

ability to collect diagnostic information and predict diagnoses.

• We show that LLMs can continuously improve over time through a memory mech-

anism with self-generated diagnostic reasoning.

3
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1.3 Thesis Organization

This thesis is organized as follows: Chapter 1 introduces the task of history taking

and the motivation of our study. Chapter 2 reviews related works on history taking and

the reasoning abilities of large language models. Chapter 3 describes the dataset used

in this work. Chapter 4 presents experiments on LLMs’ abilities to collect diagnostic

information. Chapter 5 discusses experiments on LLMs’ abilities to predict diagnoses.

Chapter 6 summarizes the major findings from the experiments and outlines future work.

4
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Chapter 2 Related Work

2.1 History Taking

Developing dialogue systems for history taking (i.e., automatic diagnosis) has re-

cently gained significant interest in the research community. Tang et al. (2016) [3] for-

mulates history taking as a Markov decision process (MDP) of an agent interacting with

a patient, and describes the problem using RL terms. The action set of the agent is the

union of predefined clinical findings and diagnoses, and they adopt deep Q-learning [14]

to find the optimal policy. Kao et al. (2018) [4] make two enhancements on top of Tang et

al. (2016) [3] to improve diagnosis accuracy. One is hierarchical reinforcement learning

to make joint diagnostic decisions by introducing a latent layer using anatomical parts.

The other is incorporating context-awareness into the model by considering patient de-

mographics, temporal factors, and geographic location. Since the previously mentioned

works [3, 4] use synthetic medical datasets, Liu et al. (2018) [5] construct the MZ dataset

from real doctor-patient dialogues and train a deep Q-network (DQN) on MZ. Xu et al.

(2019) [6] augment the DQNwith prior knowledge by relation matrix and medical knowl-

edge graph, and propose a new dataset called DX. Xia et al. (2020) [7] propose a new

policy gradient framework and enhance the reward function with mutual information to

encourage the model to ask the most discriminative clinical finding. Taking a step back,

5
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all these works [3–7] use the same problem formulation: they adopt an RL algorithm to

learn the policy using fully-connected neural networks, where each neuron in the input

layer encodes a clinical finding and each neuron in the output layer represents an action.

Due to the success of the Transformer [15], recent works have begun to approach

history taking from perspectives other than RL by exploiting the strengths of this novel

network architecture. Diaformer formulates history taking as a symptoms sequence gener-

ation problem [8]. MTDiag leverages the unordered nature of clinical findings and refor-

mulates history taking as a multi-label classification task [9]. CoAD bridges the gap be-

tween training and inference by generating symptoms and diagnoses collaboratively [10].

Whether one chooses to adopt the RL-based methods [3–7] or methods that require

fine-tuning Transformers [8–10], they all share the following limitations: (1) The models

need to be trained on medical conversational datasets, which are costly to construct. (2)

They assume a fixed number of clinical findings as the action space. However, in real-

world scenarios, the actions are natural language questions and thus unbounded. (3) These

works evaluate model performance by interacting with a lookup-table-like patient that

responds in a non-natural language fashion, deviating from real clinical scenarios. We

aim to address these limitations by exploring the possibility of directly leveraging the

encoded clinical knowledge in LLMs [13] to conduct history taking in an end-to-end,

natural language manner.

2.2 Reasoning Abilities of Large Language Models

Recent advancements in large-scale pretraining have led to several emergent abilities

in languagemodels. GPT-3 shows that scaling up languagemodels enable them to perform

6
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in-context few-shot learning, which could achieve state-of-the-art performance without

any gradient updates [11]. Wei et al. (2021) further shows that instruction tuning enhances

LLMs’ abilities to follow instructions, and substantially improves zero-shot performance

on unseen tasks [12]. This leads to the paradigm shift where language models can be used

out-of-the-box to solve problems without fine-tuning on the downstream tasks.

Although these works show that LLMs are able to achieve striking performance

through prompting alone, they still struggle on tasks that require reasoning (e.g., arith-

metic). For example, PaLM 540B only achieves the accuracy of 18% with standard few-

shot prompting [16]. Therefore, several works try to elicit the reasoning capabilities in

LLMs. Wei et al. (2022) show that augmenting the few-shot examples with chain of

thought (CoT), which includes the intermediate reasoning steps for solving a problem,

significantly improves LLMs’ performance on arithmetic, commonsense, and symbolic

reasoning tasks [16]. Kojima et al. (2022) extend the idea of CoT to the zero-shot setting,

and show that such reasoning capabilities can be elicited simply by appending a trigger

phrase (e.g., “Let’s think step by step.”) to the end of the prompt, discarding the need

for constructing few-shot CoT examples [17]. However, these works only focus on arith-

metic [18], commmonsense [19], and symbolic reasoning (e.g., last letter concatenation

and coin flip) tasks.

In this work, we extend the CoT framework to medical diagnostic reasoning [1], and

investigate whether LLMs can benefit frommedical doctors’ intermediate reasoning steps.

Specifically, we explore the task of history taking [20], which requires the models to apply

extensive medical knowledge in a multi-turn conversation.

7
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Chapter 3 Datasets

We adopt the DDXPlus dataset [21] for our experiments. DDXPlus is a large-scale

dataset with extensive coverage of clinical findings and diagnoses for the task of history

taking. Each instance in DDXPlus is a patient profile, which contains the chief complaint,

clinical findings (i.e., evidence), and the ground truth diagnosis of the patient. Below, we

introduce the contents of a patient profile and provide basic statistics of DDXPlus.

3.1 Patient Profile

Sex: M, Age: 49

Diagnosis: Allergic sinusitis

Clinical findings:

- My nose or the back of my throat is itchy.

- I have severe itching in one or both eyes.

- I have nasal congestion.

- I am coughing.

- Some family members suffer from allergies, hay fever or eczema.

- Some family members have asthma.

The block above shows the content of a simple patient profile in DDXPlus. The

8
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profile contains the chief complaint (highlighted in blue here), clinical findings, and diag-

nosis. The number of clinical findings in each patient profile varies.

3.2 Data Statistics

DDXPlus contains roughly 1.3 million patient profiles, each synthesized based on the

distribution of age, sex, geographical region, clinical findings, and diagnosis according to

a proprietary medical knowledge base (KB) [21]. The synthesis is verified by medical

doctors to ensure the quality. The patient profiles are divided into training, validation,

and test sets based on an 80%-10%-10% split. We use the test set for our experiments.

Overall, DDXPlus encompass 223 different clinical findings and 49 diagnoses, and there

are 13.56 clinical findings in a patient profile on average.

9
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Chapter 4 Collecting Diagnostic

Information

In this chapter, we investigate LLMs’ ability to collect diagnostic information from

patients. To evaluate this ability, the following two aspects must be addressed:

1. A patient is needed to interact with the LLM to be evaluated.

2. A metric is required to assess the quality of the collected information.

To address these two points, we propose (1) an LLM-Role-Playing Evaluation Framework,

and (2) the use of diagnostic accuracy at each dialogue turn as the assessment metric.

4.1 The LLM-Role-Playing Evaluation Framework

Inspired by the concept of ”standardized patients” inmedical education—where trained

individuals read and memorize patient profiles to accurately answer medical students’

questions during history taking—we propose a novel evaluation framework. In this frame-

work, one LLM assumes the role of the patient, while another LLM takes on the role of

the doctor. Figure 4.1 illustrates the overview of the proposed framework.

10
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Figure 4.1: Overview of the LLM-Role-Playing Evaluation Framework.

Doctor. The doctor LLM is denoted as f(· | θ), where θ is the LLM’s network parameters.

When the doctor LLM asks a question to collect diagnostic information, its output can be

denoted as qi = f(pask(·) | θ), where qi is the question asked at the i-th dialogue turn and

pask is the prompting template for asking questions.

Patient. The patient LLM is denoted as g(· | θ), where θ is the LLM’s network parameters.

During implementation, the LLMused for the doctor or the patient could be either the same

or different. When the patient LLM answers the doctor LLM’s question qi, its output is

represented as ai = g(pres(qi, P ) | θ), where pres is the prompting template for responding

to questions and P the patient profile. The instructions in pres specify that the LLM should

respond to qi faithfully based on the content of P .

Dialogue history. We represent a dialogue of ℓ turns asH = [(a0), (q1, a1), (q2, a2)..., (qℓ, aℓ)],

where ai denotes the patient’s utterance and qi denotes the doctor’s utterance. Specifically,

a0 is the chief complaint of the patient, qi represents the doctor’s question, and ai denotes

the patient’s response to qi. The maximum dialogue turn is set to 8 for all experiments.

11
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4.2 Evaluation Metric

To evaluate LLMs’ ability to collect diagnostic information, we use diagnostic accu-

racy at each dialogue turn as the assessment metric. The rationale behind this metric is

straightforward: the higher the quality of the collected information, the more accurately

LLMs can predict the diagnosis.

In this framework, we denote the diagnosis set on DDXPlus as D and the dialogue

history up to turn ℓ as H . The diagnostic prediction at turn ℓ is represented as ŷℓ =

f(pmake(D,H) | θ), where pmake is the prompting template for making a diagnosis and

θ represents the LLM’s network parameters. As the dialogue progresses, the collected

information in H grows. The higher the quality of the collected information, the more

rapidly the diagnostic accuracy will increase as ℓ goes up. To see what the accuracy curves

look like, please refer to Figure 4.2 and Figure 4.4. The experiment details are introduced

in the section below, which are included in our previously published work [22].

4.3 Experiments

4.3.1 Few-Shot Setting

4.3.1.1 Methodology

Inspired by few-shot bot [23], we propose the followingmethods for the doctor LLM.

We implement these methods with InstructGPT [24], using the text-davinci-003 endpoint.

The notations used below are consistent with the ones mentioned in section 4.1.

12
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Baseline. Wedemonstrate k few-shot examples of doctor-patient dialogues in the prompt.

Formally, the output is qi = f(pask(H1, ..., Hk, Hcur) | θ), where H1, ..., Hk are k few-

shot dialogue examples (H = [(a0), (q1, a1), (q2, a2)..., (qℓ, aℓ)]) and Hcur is the current

dialogue history. We set k = 2 in our experiments.

DR-CoT. Inspired by the evidence that CoT prompting elicits LLMs’ reasoning in arith-

metic, commonsense, and symbolic reasoning tasks [16, 17], we hypothesize that it is also

possible to elicit LLMs’ diagnostic reasoning abilities by demonstrating medical doctors’

reasoning steps in the few-shot examples. We call this approach Diagnostic-Reasoning

CoT (DR-CoT). Specifically, we augment the few-shot examples H1, ..., Hk with inter-

mediate reasoning steps ri as follows: H = [(a0), (r1, q1, a1), (r2, q2, a2)..., (rℓ, qℓ, aℓ)].

There are three intermediate reasoning steps in ri: positive clinical findings, negative

clinical findings, and differential diagnosis. Note that the only difference in H1, ..., Hk

between the baseline and DR-CoT is ri, with a0 and (qi, ai) being completely the same.

4.3.1.2 Results
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Figure 4.2: Diagnostic accuracy of text-davinci-003 at each dialogue turn (ℓ = 2, 4, 6, 8).
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Diagnostic accuracy at each dialogue turn. Figure 4.2 shows the accuracy curves of

baseline and DR-CoT. There are two findings in this figure. First, we can enable LLMs to

collect useful diagnostic information simply by demonstrating them k = 2 dialogue ex-

amples, as shown by the accuracy curve of the baseline method. Secondly, the efficiency

of collecting diagnostic information can be dramatically increased by incorporating med-

ical doctors’ diagnostic reasoning steps into dialogue examples, as shown by the accuracy

curve of DR-CoT. The performance boost in diagnostic accuracy can be +15.5% to +21.5%

depending on the dialogue turns.

Out-domain experiments. To investigate the robustness of DR-CoT, we conduct out-

domain (OD) experiments. Specifically, we use different chief complaint a0 inH1, ..., Hk

andHcur to ensure that the doctor LLM doesn’t just use the memorized reasoning in few-

shot examples for solving Hcur. The results are shown in Figure 4.3, where we show

the diagnostic accuracies at the 8th dialogue turn. Although diagnostic accuracies drop

for out-domain chief complaints, the performance boost of DR-CoT over the baseline

remains, which are +18.0% and +14.0% in OD1 and OD2, respectively.
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Figure 4.3: Diagnostic accuracy in out-domain experiments with text-davinci-003. Chief
complaints: ID = cough; OD1 = shortness of breath; OD2 = nasal congestion.
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4.3.2 Zero-Shot Setting

Despite the effectiveness of DR-CoT, there are several disadvantages in the few-shot

methods. Firstly, constructing few-shot dialogue examples for different diseases or do-

mains is still costly, as the reasoning steps require the expertise of medical doctors. Addi-

tionally, the few-shot examples are not simply (x, y) pairs in the task of history taking, but

rather full dialogue histories in the format ofH = [(a0), (r1, q1, a1), (r2, q2, a2)..., (rℓ, qℓ, aℓ)],

making the construction process even more resource-intensive. Secondly, the inference

cost increases as the number of shots scales up. This leads to higher computational ex-

penses and longer processing times. Given these challenges, we explore whether it is

possible to elicit diagnostic reasoning in LLMs in a zero-shot setting, which eliminates

the need for few-shot examples.

4.3.2.1 Methodology

Baseline. The standard zero-shot baseline involves generating questions based solely on

the current dialogue history without any examples. Formally, the output question at the

i-th dialogue turn is given by: qi = f(pzeroshot(Hcur) | θ), where pzeroshot is the prompting

template for zero-shot question generation and Hcur is the current dialogue history.

ZS-DRCoT. In the original DR-CoTmethod, the doctor LLM generates questions based

on few-shot examples that include intermediate reasoning steps. Formally, this is repre-

sented as qi = f(pask(H1, ..., Hk, Hcur) | θ), where each example H is structured as

H = [(a0), (r1, q1, a1), (r2, q2, a2)..., (rℓ, qℓ, aℓ)]. In the zero-shot DR-CoT (ZS-DRCoT)

method, instead of using few-shot examples, the model generates questions by leveraging
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a zero-shot prompting template that incorporates the reasoning structure directly into the

prompt. The output question at the i-th dialogue turn is given by qi = f(pzs−drcot(Hcur) |

θ). Here, the reasoning steps are provided as a structured JSON format within pzs−drcot

rather than through few-shot examples H1, ..., Hk. The JSON format includes the three

intermediate reasoning steps as:

{

....“positive_clinical_findings”: [],

....“negative_clinical_findings”: [],

....“ranked_differential_diagnosis”: [],

....“question_to_ask”: “”,

}

This approach offers several advantages over the few-shot DR-CoT:

• Cost-effectiveness: It eliminates the need for costly and time-consuming construc-

tion of few-shot dialogue examples.

• Scalability: The zero-shot method can be easily applied across various diseases and

domains without additional example generation in that specific domain.

4.3.2.2 Results

Diagnostic accuracy at each dialogue turn. Figure 4.4 shows the diagnostic accuracy

of gpt-3.5-turbo-0125 at different dialogue turns ℓ = 0, 2, 4, 6, 8. There are two findings

from this figure:

1. The zero-shot baseline can already collect useful diagnostic information, as indi-

cated by the increasing accuracy on the curve. This demonstrates that even without
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few-shot examples, the baseline model can effectively gather relevant clinical find-

ings over successive dialogue turns.

2. The ZS-DRCoT method consistently outperforms the baseline across all dialogue

turns. This indicates that incorporating the reasoning structure directly into the zero-

shot prompt significantly enhances the model’s ability to collect diagnostic infor-

mation.
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Figure 4.4: Diagnostic accuracy of gpt-3.5-turbo-0125 at each dialogue turn (ℓ = 0, 2, 4,
6, 8) in the zero-shot setting.

Generalizability across different LLMs. To evaluate the generalizability of the ZS-

DRCoT approach, we tested it across different LLM families, including GPT, Gemini,

Claude, Mixtral, and Llama3. As shown in Table 4.1, the ZS-DRCoT method consistently

outperforms the baseline across all tested models. Specifically, ZS-DRCoT achieved an

average diagnostic accuracy boost of +5.48% in absolute terms and +28.39% in relative

terms compared to the baseline. These results demonstrate that the ZS-DRCoT method is

effective across a variety of LLMs, highlighting its applicability in diverse settings.
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Method/LLM GPT Gemini Claude Mixtral Llama3 Average

Baseline 17.63 22.38 18.13 21.13 18.88 19.63
ZS-DRCoT 24.75 28.25 25.63 25.63 21.25 25.10

Table 4.1: Performance across different methods and LLMs (GPT: gpt-3.5-turbo-0125;
Gemini: gemini-1.0-pro-001; Claude: claude-3-haiku-20240307; Mixtral: mixtral-
8x22b; Llama3: llama-3-70b).

Robustness across chief complaints. To evaluate the robustness of ZS-DRCoT over

the baseline, we decompose the performance boost in Table 4.1 with four different chief

complaints: cough, fever, nasal congestion, and shortness of breath. The differences in

performance between ZS-DRCoT and the baseline are shown in Table 4.2. The results

show that ZS-DRCoT is robust for cough, fever, and nasal congestion across most LLMs,

demonstrating improvements over the baseline. However, for the chief complaint of short-

ness of breath, ZS-DRCoT shows a decline in performance, particularly with GPT and

Llama3. This decline suggests that the current zero-shot diagnostic reasoning methodol-

ogy may not adequately address the complexity or variability associated with the chief

complaint of shortness of breath. Further investigation is needed to understand the un-

derlying reasons and to develop methods to enhance robustness across all types of chief

complaints, which we leave for future work.

Chief complaint/LLM GPT Gemini Claude Llama3 Mixtral Average

Cough +20.00 +4.50 +10.50 +4.50 +11.00 +10.10
Fever +14.50 +5.00 +8.50 +5.50 +6.00 +7.90
Nasal congestion -1.00 +12.50 +13.00 +10.00 -4.00 +6.10
Shortness of breath -5.00 +1.50 -2.00 -10.50 +5.00 -2.20

All +7.13 +5.88 +7.50 +2.38 +4.50 +5.48

Table 4.2: Performance difference between ZS-DRCoT and standard zero-shot baseline.
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Ablations on Intermediate Reasoning Steps. In ZS-DRCoT, three intermediate rea-

soning steps are specified: positive clinical findings, negative clinical findings, and dif-

ferential diagnosis. To understand the contributions of these steps to the performance

boost of DR-CoT, we conducted ablation studies to evaluate the impact of removing each

reasoning step. The results are shown in Table 4.3. On average, all intermediate reasoning

steps contribute to the performance boost, but their contributions vary:

• Removing positive clinical findings leads to the largest drop in performance across

all LLMs, highlighting its critical role in diagnostic reasoning.

• Differential diagnosis also shows a notable decrease in performance when removed.

• While the absence of negative clinical findings has a varied impact across different

LLMs, its removal still results in a small performance decrease on average.

Ablation/LLM GPT Gemini Claude Average

ZS-DRCoT 0.00 0.00 0.00 0.00
- positive clinical findings -6.00 -11.00 -6.00 -7.67
- negative clinical findings +2.50 -8.50 0.00 -2.00
- differential diagnosis -2.00 -6.50 -5.50 -4.67

Table 4.3: Ablations on ZS-DRCoT and change in diagnostic accuracy (%).

Scaling Trends on Number of Total Diagnoses. In real-world scenarios, the diagnosis

set may vary in size depending on the application. Therefore, it is crucial to understand

the scaling trends of performance improvement as he number of possible diagnoses in-

creases. The full diagnosis set on DDXPlus contains 49 diagnoses. We evaluate LLMs＇

performance on diagnosis sets of 5, 10, 20, and 49 diagnoses.

Table 4.4 shows the absolute improvements in diagnostic accuracy achieved by ZS-

DRCoT over the baseline for different numbers of diagnoses, while Figure 4.5 demon-
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strates the scaling curves of relative improvements in diagnostic accuracy. The absolute

and relative improvement remains consistent or even increases as the label set scales up,

especially for gpt-3.5-turbo-0125, demonstrating that ZS-DRCoT is effective across vary-

ing sizes of diagnosis sets. This scalability is particularly beneficial in real-world appli-

cations where the number of possible diagnoses can be large and diverse.

LLM/Number of Diagnoses 5DDx 10DDx 20DDx 49DDx

GPT
Baseline 49.75 31.75 22.84 17.63
ZS-DRCoT 53.00 35.75 30.21 24.75
Absolute improvement +3.25 +4.00 +7.37 +7.12

Gemini
Baseline 54.50 37.25 23.53 22.38
ZS-DRCoT 62.00 46.75 29.78 28.25
Absolute improvement +7.50 +9.50 +6.25 +5.87

Table 4.4: Absolute improvements of ZS-DRCoT over baseline in diagnostic accuracy
(%) GPT: gpt-3.5-turbo-0125; Gemini: gemini-1.0-pro-001.

Figure 4.5: Relative improvements of diagnostic accuracy with different number of total
diagnoses.
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Chapter 5 Diagnosis Prediction

In this chapter, we focus on LLMs’ ability to predict the diagnosis based on collected

information. Specifically, we evaluate LLMs’ diagnostic accuracy on the patient profiles

in DDXPlus [21].

5.1 General Setup

To ensure a fair comparison between LLMs and to focus solely on their diagnosis

prediction ability, we adopt a slightly different problem setting from previous experiments,

which primarily investigated LLMs’ ability to collect diagnostic information.

In this new setup, we simulate an application scenario where the goal is to assist

doctors in making diagnoses after the patient history has been taken. This approach dis-

entangles the diagnosis prediction ability from the ability to collect information, allowing

us to evaluate how well LLMs can infer the correct diagnosis from a given set of clinical

findings. The process is as follows:

• The input x is the patient profile, which includes the patient’s clinical findings with-

out the ground truth diagnosis.

• The doctor LLM f(· | θ) processes this information and predicts its diagnosis ŷ.
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5.2 Methodology

5.2.1 Non-streaming setting

In the non-streaming setting, the doctor LLM does not update itself in the clinical

environment. The performance of the LLM solely depends on its inherent capabilities

and the prompting methodology used. In this scenario, the LLM processes each patient

profile independently without any mechanism for learning from previous encounters or

feedback. This approach highlights the baseline diagnostic accuracy of the LLM based on

its pre-trained knowledge and the prompts provided, such as the zero-shot baseline or our

proposed ZS-DRCoT.

Baseline. In the zero-shot baseline setting, the LLM generates a diagnosis based on the

current patient profile using zero-shot prompting. Formally, this can be represented as:

ŷ = f(pzeroshot(x) | θ), where x is the patient profile and ŷ the predicted diagnosis.

ZS-DRCoT. In the ZS-DRCoT setting, the LLM generates the diagnostic reasoning be-

fore predicting the diagnosis. This approach aims to examine whether our previously

proposed methodology is also beneficial for the LLMs’ ability to predict the diagnosis.

Formally, this can be represented as: (r̂, ŷ) = f(pzs−drcot(x) | θ), where r̂ is the gener-

ated diagnostic reasoning and ŷ is the predicted diagnosis.
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5.2.2 Streaming setting
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Figure 5.1: Continuous improvement of LLMs in the clinical environment through mem-
ory mechanism of self-generated diagnostic reasoning and predictions.

In the streaming setting [25], we explore how LLMs can continuously improve them-

selves in the clinical environment. Just as doctors enhance their diagnostic skills over time

through patient encounters, we simulate a realistic clinical scenario where each time point

denotes an exposure to a new patient profile. The process is shown in Figure 5.1, which

involves the following steps at each time step i:

1. The doctor LLM processes a patient profile xi and predict the diagnosis ŷi.

2. The clinical environment provides feedback on the correctness (v or x) of the diag-

nosis ŷi.

3. If the diagnosis ŷi is correct, the LLM updates its memoryMi by saving the patient

profile xi, the self-generated rationale r̂i, and the prediction ŷi to the memory.
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Single-AgentMemory. In the single-agentmemory setting, a single LLM (doctor agent)

uses its own memory to continuously improve its diagnostic predictions over time by the

process detailed in Algorithm 1 with K = 1. The memoryM is updated only when

ŷ is correct (i.e., fbt = 1), since it is shown that incorrect examples degrade LLMs’

performance in previous works [26, 27].

Multi-Agent Memory. The intuition behind using a multi-agent memory system is that

each LLM has its own strengths, and leveraging multiple agents can potentially enhance

overall performance. However, traditional multi-agent methods are often very expen-

sive because they involve linear inference costs proportional to the number of agents

(O(k)) [28, 29]. To address this issue, we propose a solution that involves sharing a

common memory among the agents and using a round-robin scheduling approach. This

method allows different LLMs to take turns in making predictions, effectively reducing

the inference cost while still benefiting from the diverse strengths of multiple agents. The

procedure is detailed in Algorithm 1. Experimental results in Section 5.3 show that this

simplistic round-robin algorithm leads to a striking performance improvement.

Algorithm 1 Round-Robin Algorithm for Single- and Multi-Agent Memory Mechanisms
1: InitializeK doctor LLM agents f0(·|θ0), f1(·|θ1), ..., fK−1(·|θK−1); ▷ K = 1 in

Single-Agent Memory
2: Initialize prompt p(·), retriever r(·), and external memoryM0, all shared between

LLMs;
3: for t = 1, 2, . . . , T do
4: Receive a patient profile xt from the stream;
5: Select the next agent by k = t modK;
6: The k-th agent predicts r̂t, ŷt = fk(p(xt, r(Mt−1))|θk);
7: Receive correctness signal fbt = g(xt, ŷt); ▷ fbt ∈ {0, 1}
8: if fbt = 1 then ▷ which means the self-output ŷt is correct
9: Mt ←Mt−1 ∪ {(xt, r̂t, ŷt)};
10: else
11: Mt ←Mt−1;
12: end if
13: end for
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5.3 Experiments

5.3.1 Implementation

We conduct experiments using three different LLMs: GPT (gpt-3.5-turbo-0125),

Gemini (gemini-1.0-pro-001), and Claude (claude-3-haiku-20240307). These models are

cost-effective LLMs that balance performance and affordability. The three LLMs are used

to initializeK = 3 agents in the multi-agent memory method. We implement memoryM

as a key-value vector database, and use BAAI/bge-base-en-v1.5 to encode the patient

profile xt as the key embeddings.

5.3.2 Results

The experimental results reveal several significant findings:

• In non-streaming setting, ZS-DRCoT>baseline: Our ZS-DRCoTmethod demon-

strates a superior ability to predict diagnoses compared to the baseline method. This

indicates that the diagnostic reasoning elicited by ZS-DRCoT enhances not only the

collection of diagnostic information but also the diagnostic prediction capability of

LLMs.

• Streaming methods > non-streaming methods: The introduction of the memory

mechanism in the streaming setting significantly improves diagnostic performance

over the non-streaming methods. This suggests that the memory mechanism is ef-

fective in further eliciting the intrinsic capabilities of LLMs through self-generated

outputs, allowing the models to adapt over time.
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• ZS-DRCoT + memory > baseline + memory: The combination of ZS-DRCoT

with the memory mechanism outperforms the baseline with memory. This high-

lights the importance of saving self-generated rationales, as they provide valuable

context and reasoning that enhance future predictions.

• Multi-agent memory > single-agent memory: The multi-agent memory approach

yields a substantial performance boost compared to the single-agent memory, with-

out incurring additional computational costs due to the round-robin algorithm. This

“free bost” demonstrates the significant advantage of leveraging multiple LLMs in

a shared memory setting.

In addition to Table 5.1, we also demonstrate the performance curves in Figure 5.2

for better visualization of continuous improvements.

Method/LLM GPT Gemini Claude Average

Non-streaming
Baseline 47.56 50.57 60.43 52.85
ZS-DRCoT 53.18 59.30 62.13 58.20

Streaming
Baseline + Single-agent memory 66.16 69.50 76.02 70.56
Baseline + Multi-agent memory - - - 83.50
ZS-DRCoT + Single-agent memory 73.19 82.65 84.98 80.27
ZS-DRCoT + Multi-agent memory - - - 90.48

Table 5.1: Non-streaming and streaming performance across different methods and
LLMs (GPT: gpt-3.5-turbo-0125; Gemini: gemini-1.0-pro-001; Claude: claude-3-haiku-
20240307).
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Figure 5.2: Performance curves of ZS-DRCoT, ZS-DRCoT + Single-Agent Memory, and
ZS-DRCoT + Multi-Agent Memory. The shaded area represents the variance of three
LLMs used in the experiments.

5.4 Discussion

5.4.1 Confusion Matrices of Single-Agent and Multi-Agent Memory

Methods

To analyze why memory sharing works, we visualize the confusion matrices for a

subset of diagnoses related to upper respiratory tract diseases. Figure 5.3 presents the con-

fusion matrices for three different LLM agents: gpt-3.5-turbo-0125, gemini-1.0-

pro, and claude-3-haiku-20240307, along with the matrix of Multi-Agent Memory

(MAM). Each matrix illustrates the proficiency of an agent across various medical diagno-

sis categories. It is evident that each model excels in certain areas while struggling in oth-

ers. For instance, gpt-3.5-turbo-0125 shows high accuracy in predicting “acute rhinos-

inusitis” and “allergic sinusitis” but struggles with “chronic rhinosinusitis” and “URTI”. In
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contrast, gemini-1.0-pro performs well in “URTI”, and claude-3-haiku could solve

“chronic rhinosinusitis”. The diversity in performance across models suggests that their

collective past experiences can provide complementary strengths, thereby enhancing over-

all performance when these experiences are shared.
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Figure 5.3: Confusion matrices of diagnoses subset of upper respiratory tract diseases.

5.4.2 Ablation Studies on Multi-Agent Memory

We conduct ablation studies using Algorithm 2 with the baseline to demonstrate the

importance of multi-agent memory.

Algorithm 2 Ablated Version of Round-Robin Algorithm for Multi-Agent Memory
1: InitializeK doctor LLM agents f0(·|θ0), f1(·|θ1), ..., fK−1(·|θK−1);
2: Initialize prompt p(·), retriever r(·), and external memoryM0, all shared between

agents;
3: Select an agent fs(·|θs) as the source of single-agent memory; ▷ For example, we

can choose gemini-1.0-pro-001
4: for t = 1, 2, . . . , T do
5: Receive a patient profile xt from the stream;
6: Select the next agent by k = t modK;
7: The k-th agent predicts r̂t, ŷt = fk(p(xt, r(Mt−1))|θk); ▷ ŷt is used to for

evaluation
8: The chosen single agent predicts ŷts = fs(p(xt, r(Mt−1))|θs); ▷ Counterfactual

ablation
9: Receive feedback signal fbts = g(xt, ŷts); ▷ ŷts is used for receiving feedback
10: if fbts = 1 then ▷ which means the self-output ŷt is correct
11: Mt ←Mt−1 ∪ {(xt, ŷts)};
12: else
13: Mt ←Mt−1;
14: end if
15: end for
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The parts different from the original multi-agent algorithm are highlighted in red.

This ablated algorithm can be seen as a counterfactual experiment, where we use multiple

agents for inference but only one chosen agent for the memory mechanism. The results in

Table 5.2 demonstrate several key findings:

• Multi-Agent Memory (Ablation): When using multiple agents for inference but

relying on a single agent for memory, we still observe an improvement over the

baseline and single-agent memory setups. This suggests that even without a full

multi-agent memory mechanism, multi-agent inference can contribute positively to

performance.

• Multi-AgentMemory: The complete multi-agent memory setup, where both infer-

ence and memory are handled by multiple agents, provides the highest performance

boost. This configuration leverages the strengths of multiple LLMs for both infer-

ence and memory, resulting in a substantial improvement in diagnostic accuracy.

These findings indicate that both multi-agent memory and multi-agent inference are

beneficial for enhancing LLMs’ diagnosis prediction ability.

Method GPT Gemini Claude Memory Inference

Baseline 47.56 50.57 60.43 x single agent
+ Single-Agent Memory 66.16 69.50 76.02 single agent single agent
+ Multi-Agent Memory (ablation) 65.31 72.05 81.52 single agent multi agent
+ Multi-Agent Memory 83.50 83.50 83.50 multi agent multi agent

Table 5.2: Ablation studies with baseline + Multi-Agent Memory. The ablated version
only usesmemory of the single corresponding agent, while still uses round-robin algorithm
for multi-agent inference. We can see that both multi-agent memory and inference are
beneficial for performance boost. The detailed algorithm for this ablation study can be
found in Algorithm 2.
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Chapter 6 Conclusions

In this work, we investigated the diagnostic reasoning capabilities of large language

models (LLMs) in the context of medical history taking. We proposed several simple and

purely in-context methods to improve LLMs＇diagnostic reasoning abilities without any

finetuning. Our major findings are that we can elicit LLMs’ diagnostic reasoning abilities

throughmedical doctors’ reasoning steps by (1) few-shot demonstration; (2) zero-shot rea-

soning structure specification; and (3) LLM self-generated rationales and predictions to

achieve striking performance boost. These findings demonstrate that LLMs possess con-

siderable untapped reasoning potential that can be elicited through appropriate prompting

techniques, even in specialized domains such as medical diagnosis.

Despite these advancements, there are still limitations and open research questions

worth exploring:

• Stopping Criterion in History Taking: While our methods improve diagnostic

reasoning, it remains unclear whether LLMs can effectively determine when they

have collected sufficient information to stop the history-taking process. Future work

could focus on developing mechanisms for LLMs to autonomously decide when to

conclude the information-gathering phase.

• Continuous Improvement inQuestionAsking: Althoughwe have proposedmeth-
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ods for LLMs to enhance their diagnostic prediction abilities over time, achieving

continuous improvement in their ability to ask pertinent questions remains a chal-

lenge. Further research could explore strategies for LLMs to refine their questioning

techniques based on feedback and previous interactions.

• Scaling and Maintenance of the Memory Pool: The scalability and maintenance

of the memory pool used in our multi-agent memorymechanism pose practical chal-

lenges. Future studies could investigate efficient ways to manage and scale the

memory pool while ensuring the integrity and relevance of stored information.

In summary, this thesis provides a foundation for enhancing LLMs’ diagnostic rea-

soning abilities through in-context learning methods. While significant progress has been

made, continued research and development are necessary to fully realize the potential of

LLMs in medical diagnosis and other specialized domains.
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