








Abstention Module Response

REASON: The patient provided current medications but did not mention any known history of liver disease or allergies.
DECISION: Somewhat Unconfident.

Question Generation Module Response

ATOMIC QUESTION: Have you ever experienced any symptoms like yellowing of the skin or eyes, abdominal pain, or dark
urine which might indicate a liver problem?

Figure 9: Example of rationale generation helping identify knowledge gaps to ask better follow-up questions.

6 Related Work

Medical Question Answering Systems Advancements in medical question answering (QA) systems
have progressed from rule-based systems to LLM-powered agents. Notable medical QA benchmarks
include MultiMedQA (Singhal et al., 2023a), which contains both multiple-choice and open-ended
questions collected from various sources. To customize or adapt a general-purpose LLM to the
medical domain, prior work often finetune the model on medical knowledge data such as PubMed
(Bolton et al., 2022; Yasunaga et al., 2022; Wu et al., 2023a; Singhal et al., 2023a,b), or more
recently on conversational medical datasets (Yunxiang et al., 2023; Han et al., 2023). Kim et al.
(2024) further improves model performance on complex medical questions by dynamically forming
multi-agent collaboration structures. Despite their proficiency in direct answer retrieval, the proactive
information-seeking capability is not something these models are inherently designed to do. Our
proposed methodological framework, MEDIQ), is designed to work as an overlay to these domain-
specific models, enhancing them with the capability to actively seek additional information in a
structured and clinically relevant manner.

Interactive Models and Agents Interactive conversational models extend beyond the standard QA
framework by engaging in a dialogue such as customer support and negotiation (Singh & Beniwal,
2022; Chakrabarti & Luger, 2015; He et al., 2018; Abdelnabi et al., 2023; JU et al., 2024), where
iterative information gathering is crucial. Li et al. (2023) and Andukuri et al. (2024) attempt to
use LLMs to elicit more information-rich human preference examples in everyday tasks. However,
the application of these models in the medical domain remains limited (Li et al., 2021). Wu et al.
(2023b) attempts to evaluate general-purpose LLMs and chain-of-thought reasoning on DDXPlus
(Fansi Tchango et al., 2022), a rule-based synethtic patient dataset. Hu et al. (2024) navigates
the information-seeking scenario as a search problem by developing a reward model guided by
uncertainty and includes medical diagnosis as one of the tasks, but if limited to binary questions.
Johri et al. (2023) observed a similar phenomenon where LLM-doctors cannot elicit complete patient
information, but do not focus on improving the information-seeking ability. The system proposed
by (Tu et al., 2024) performs a multitude of medical tasks but does not explore the crucial problem
of abstention. Lastly, multi-agent and human-AI collaboration frameworks have shown impressive
interactive performance (Zhou et al., 2024; Wu et al., 2024, 2023c; Deng et al., 2024; Lin et al., 2024),
and can greatly benefit from our novel interactive abstention methods to seek additional information.
Our work fills this gap via providing a benchmark, a dataset, and a framework to comprehensively
studying information-seeking abilities in clinical decision-making, and most importantly, opens the
door for future endeavors in this direction.

7 Conclusion

In this paper, we identify a significant gap in current LLMs’ capability to ask questions and proactively
seek information in settings where personalization, precision, and reliability are critical. We propose
a paradigm shift to interactive benchmarks by simulating more realistic clinical interactions where
only partial information is provided initially by introducing MEDIQ. MEDIQ provides a benchmark
to the community to evaluate the question-asking ability of LL.Ms, contributing towards developing
reliable models. We showed that SOTA LLMs like Llama-3 and GPT-4 struggle to gather necessary
information for accurate medical decisions. To address this problem, we presented MEDIQ-Expert—
a novel Expert system with improved confidence judgment and medical expertise, substantially
improving clinical reasoning performance. MEDIQ operationalizes interactive and explicit clinical
reasoning processes, with added interpretability in the reasoning flow of language models and
decision making. We encourage future research to extend MEDIQ to more diverse Patient systems,
expand medical knowledge integration, and customize the interactions to better serve the healthcare
community.
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Limitations

One limitation is the scarcity of datasets that contain detailed patient information sufficient for a
medical diagnosis which, to the best of our knowledge, was only met by MEDQA and CRAFT-MD.
The majority of available medical datasets are designed to test models’ medical domain knowledge.
Second, the Patient system in our benchmark relies on a paid API; future work should establish an
open-source Patient. Lastly, our evaluation framework, while designed to be more realistic, is still
limited to the multiple-choice format. However, the flexibility of MEDIQ allows easy extensions into
open-ended settings with appropriate datasets and well-defined conversation-level metric. Future
work can focus on collecting a rich dataset in open-ended medical consultations and expanding the
MEDIQ framework.

Ethics Statement

Along with many potential benefits of an ideal future variant of the MEDIQ framework (e.g., providing
reliable and personalized medical consultation when access to medical experts is unavailable, or
assisting medical experts in initial collection of information), it is important to emphasize multiple
risks associated with mis-use of this framework.

First, MEDIQ is a carefully designed initial prototype, it is not meant to be deployed to interact with
users; its intended use is to provide an experimental framework to test clinical reasoning abilities of
LLMs which are currently extremely limited.

MEDIQ built on top of closed-source LLMs runs the risk of leaking confidential medical information,
violating patient privacy. Future research expanding MEDIQ to new medical datasets should be aware
of these risks, resorting to local securely stored LLM:s or to reliable data anonymization methods.

There are many sources of potential biases in the framework, including social and cultural biases in
LLMs, in the datasets, and possibly in prompts for LLM interactions and abstention that we designed.
While outside the scope of this paper, in addition to utility metrics we proposed, future research could
incorporate fairness-oriented evaluations, e.g., breaking down the evaluation by user demographics.

If a similar framework is used in real-world applications, users and clinicians should be trained to
prevent the over-reliance on technology that is liable to make mistakes, and to understand its privacy
and fairness risks.
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A Patient System

A.1 Evaluation Metrics

The Patient System is responsible for answering follow-up questions from the Expert System to
provide the inquired patient information. When answering the follow-up questions, the Patient System
has access to 1) the full patient context and 2) the expert question, and is instructed to produce a
factual answer grounded in the context information and make no inferences. To ensure a reliable
information-seeking process, we evaluate the Patient System along two axes: Factuality Score and
Relevance Score. The basis of both the factuality and relevance evaluation relies on atomic facts
from the patient record as units of information, which we generate by prompting GPT-4 following
Min et al. (2023).

Factuality score measures whether the responses produced by the patient model are factual with
respect to the given patient context information:

YT C)
P>

factuality (R, C) BT —
T

; €]

TGR

where R is the responses from the Patient System on the patient case C; the size of R depends on
the number of deduplicated Expert questions on the patient C. Z is the indicator function of whether

atomic fact r{ from the response 7; is factually consistent () with any statement ¢ in C:

1, ifﬂcECs.t.rf%c

(7, ¢) = { : @

otherwise,

Factual consistency of the response and any statement ¢ in C (r] & ¢) is determined using semantic
similarity for non-first person response patient variants and GPT-4 binary classification for first-
person responses, since the atomic facts ¢; are written in third person. Specifically, 7 ~ c¢ in
7T = 1 true if the semantic similarity, calculated by the cosine similarity of the SentenceTransformer
stsb-roberta-large embeddings, is greater or equal to 0.8 (or if the two sentences are determined
to be consistent by a GPT-4 judge in the first-person response case), and vice versa.

Relevance Score measures whether the generated patient response answers the expert question.
Defined similarly to the hallucination rate:

|T1| I
relevance = i Z z ), 3)

ri€R |T’L‘

where F; is the ground truth statements from the patient context that answer the same expert question
that r; is trying to answer.

A.2 Patient System Variants

A.2.1 Patient System Variant: Direct

Prompt to LLM

Answer the question with the given context:

Context: "She says that, despite going to bed early at night, she is unable
to fall asleep. She denies feeling anxious or having disturbing thoughts
while in bed. Even when she manages to fall asleep, she wakes up early

in the morning and is unable to fall back asleep. She says she has grown
increasingly irritable and feels increasingly hopeless, and her concentration
and interest at work have diminished. The patient denies thoughts of suicide
or death. Because of her diminished appetite, she has lost 4 kg (8.8 1b)

in the last few weeks and has started drinking a glass of wine every night
instead of eating dinner. She has no significant past medical history and is
not on any medications."

Question: "What time do you usually go to bed at night?"
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Example LLM Output

The patient goes to bed early at night despite experiencing difficulty
falling asleep.

A.2.2 Patient System Variant: Instruct

Patient Response Generation Prompt — Instruct

You are a truthful assistant that understands the patient’s information, and
you are trying to answer questions from a medical doctor about the patient.

Below is a context paragraph describing the patient and their conditioms:
"She says that, despite going to bed early at night, she is unable to fall
asleep. She denies feeling anxious or having disturbing thoughts while in
bed. Even when she manages to fall asleep, she wakes up early in the morning
and is unable to fall back asleep. She says she has grown increasingly
irritable and feels increasingly hopeless, and her concentration and interest
at work have diminished. The patient denies thoughts of suicide or death.
Because of her diminished appetite, she has lost 4 kg (8.8 1b) in the last
few weeks and has started drinking a glass of wine every night instead of
eating dinner. She has no significant past medical history and is not on any
medications."

Question from the doctor: "What time do you usually go to bed at night?"

Use the context paragraph to answer the doctor question. If the paragraph
does not answers the question, simply say "The patient cannot answer this
question, please do not ask this question again." Answer only what the
question asks for. Do not provide any analysis, inference, or implications.
Respond with a straightforward answer to the question ONLY and NOTHING ELSE.

Example LLM Output

Despite going to bed early at night, the patient is unable to fall asleep.

A.2.3 Patient System Variants: Fact-Select

Atomic fact decomposition Prompt

You are a truthful medical assistant that understands the patient’s
information.

Break the following patient information into a list of independent atomic
facts, with one piece of information in each statement. Each fact should
only include the smallest unit of information, but should be self-contained.
"She says that, despite going to bed early at night, she is unable to fall
asleep. She denies feeling anxious or having disturbing thoughts while in
bed. Even when she manages to fall asleep, she wakes up early in the morning
and is unable to fall back asleep. She says she has grown increasingly
irritable and feels increasingly hopeless, and her concentration and interest
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Atomic fact decomposition Prompt (cont’d)

at work have diminished. The patient denies thoughts of suicide or death.
Because of her diminished appetite, she has lost 4 kg (8.8 1lb) in the last
few weeks and has started drinking a glass of wine every night instead of
eating dinner. She has no significant past medical history and is not on any
medications."

Response with the list of atomic facts and nothing else, prepend each fact by
an index starting from 1. No sub-list allowed.

Example LLM Output

| r
\

.Patient goes to bed early at night but is unable to fall asleep.

.Patient denies feeling anxious or having disturbing thoughts while in bed.
.Patient wakes up early in the morning and is unable to fall back asleep.
.Patient has grown increasingly irritable and feels increasingly hopeless.
.Patient’s concentration and interest at work have diminished.

.Patient denies thoughts of suicide or death.

.Patient has lost 4 kg (8.8 1b) in the last few weeks.

.Patient started drinking a glass of wine every night instead of eating
dinner.

9.Patient has no significant past medical history.

10.Patient is not on any medications."

0 ~No o wWwN -

r
\.

Patient Response Generation Prompt — Fact-Select

You are a truthful assistant that understands the patient’s information, and
you are trying to answer questions from a medical doctor about the patient.

Below is a list of factual statements about the patient:

.Patient goes to bed early at night but is unable to fall asleep.

.Patient denies feeling anxious or having disturbing thoughts while in bed.
.Patient wakes up early in the morning and is unable to fall back asleep.
.Patient has grown increasingly irritable and feels increasingly hopeless.
.Patient’s concentration and interest at work have diminished.

.Patient denies thoughts of suicide or death.

.Patient has lost 4 kg (8.8 1b) in the last few weeks.

.Patient started drinking a glass of wine every night instead of eating
dinner.

9.Patient has no significant past medical history.

10.Patient is not on any medications.

0N O wWwN

Question from the doctor: "What time do you usually go to bed at night?"

Which of the above atomic factual statements answer the question? Select

at most two statements. If no statement answers the question, simply say
"The patient cannot answer this question, please do not ask this question
again." Answer only what the question asks for. Do not provide any analysis,
inference, or implications. Respond by selecting all statements that answer
the question from above ONLY and NOTHING ELSE.

Example LLM Output

Patient goes to bed early at night but is unable to fall asleep.
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A.2.4 Additional Patient System Variant: Fact-FP

In addition to the three Patient System variants presented in the main paper, we have explored
two other variants: First Person (Fact-FP) and Binary Fact Classification (Fact-Classify). Fact-FP
breaks down the patient record into atomic facts, select the relevant facts that answers the follow-up
question, and respond by converting the atomic statements into first person perspective. Atomic fact
decomposition prompt is the same as in Appendix A.2.3.

Patient Response Generation Prompt — Fact-FP

You are a patient with a list of symptoms, and you task is to truthfully
answer questions from a medical doctor.

Below is a list of atomic facts about you, use ONLY the information in this
list and answer the doctor’s question.

.Patient goes to bed early at night but is unable to fall asleep.

.Patient denies feeling anxious or having disturbing thoughts while in bed.
.Patient wakes up early in the morning and is unable to fall back asleep.
.Patient has grown increasingly irritable and feels increasingly hopeless.
.Patient’s concentration and interest at work have diminished.

.Patient denies thoughts of suicide or death.

.Patient has lost 4 kg (8.8 1b) in the last few weeks.

.Patient started drinking a glass of wine every night instead of eating
dinner.

W N O O WN -

9.Patient has no significant past medical history.
10.Patient is not on any medications.

Question from the doctor: "What time do you usually go to bed at night?"

Which of the above atomic factual statements answer the question? Select
at most two statements. If no statement answers the question, simply say
"I cannot answer this question, please do not ask this question again." Do
not provide any analysis, inference, or implications. Respond by reciting
the matching statements, then convert the selected statements into first
person perspective as if you are the patient but keep the same information.
Generate your answer in this format:

STATEMENTS:
FIRST PERSON:

Example LLM Output

STATEMENTS: "Patient goes to bed early at night but is unable to fall
asleep."
FIRST PERSON: "I go to bed early at night, but I can’t fall asleep."

A.2.5 Additional Patient System Variant: Fact-Classify

Atomic fact decomposition prompt is the same as in Appendix A.2.3.

Patient response generation prompt: for each atomic fact, repeat the following prompting process to
decide whether it answers the doctor question, and collect a yes/no answer from the model. The final
output is the set of atomic facts with a yes response.
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Patient Response Generation Prompt — Fact-Classify

You are a truthful assistant that understands the patient’s information, and
you are trying to answer questions from a medical doctor about the patient.
Your task is to decide whether the given statement answers the question:

STATEMENT: "Patient goes to bed early at night but is unable to fall asleep."
QUESTION: "What time do you usually go to bed at night?"

Does the statement answer the question? Do not provide any analysis,
inference, or implications. Respond with either YES or NO and NOTHING ELSE.

Example LLM Output

YES

A.3 Qualitative Patient System Failure Analysis

This section provides a detailed analysis of failure cases observed in the MEDIQ Patient system
variants Direct and Instruct. These examples highlight limitations and areas for potential improvement
in Patient response accuracy and relevance.

Patient System Variant: Direct There are two common failures cases observed by the Direct
Patient variant. First, it tends to respond with binary yes/no answers. Although the response is
factually correct, it lacks the detail required for a comprehensive medical assessment. First, this
behavior does not mimic a typical, realistic patient. Second, detailed information about symptoms,
their progression, and related factors is crucial to reaching a diagnosis. Simple affirmative or negative
responses do not provide enough context or specifics for an expert to make an informed decision
about the patient’s condition. The conversation history, which is compiled to assist in final diagnostic
decisions, becomes less useful if it is filled with uninformative responses.

Example 1:

Atomic Question: Have you experienced any nausea recently?

Atomic Fact (ground truth): Nausea has subsided.

Patient Response: Yes.

Example 2:

Atomic Question: Have you experienced similar episodes in the past?

Atomic Fact (ground truth): The patient has had 2 similar episodes in the last 5
years.

Patient Response: Yes.

The second common error by the Direct Patient system is hallucinations. In the example below, the
Patient system’s response includes a hallucinated fact—claiming the initiation of insulin therapy,
which is not supported by the patient record. This type of error is particularly problematic because
hallucinations introduce false information into the patient’s medical history, which can lead to
inappropriate medical decisions or interventions based on incorrect data. False information regarding
medication can have direct negative effects on patient safety, which calls for the development of
factually reliable Patient systems.

Example 1:

Atomic  Question: Can you describe any recent changes to your medication?
Especially anything related to your diabetes?

Atomic Fact (ground truth): The patient is not on any medications.

Patient Response: I started taking insulin last week for my diabetes.
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Patient System Variant: Instruct The response below by the Instruct Patient system erroneously
includes instructive content meant for the healthcare provider rather than addressing the question
directly from the patient’s perspective. This indicates a potential confusion in role-play within the
interactive MEDIQ setup when the conversation log is compiled.

Atomic Question: Have you noticed any unusual bruising on your body?

Atomic Fact (ground truth): Patient experiences easy bruising.

Patient Response: Due to the easy bruising experienced by the patient and her
family history of similar issues, it is important to ask the patient if she
has noticed any unusual bruising on her body.

A.4 Manual Evaluation of Fact-Select

In order to better understand the quality of the Patient System variant used in subsequent Expert
evaluations, we perform a manual annotation of the quality of the responses. A simple preference-
based annotation is performed, in which the annotators are provided with a patient record, a Expert
follow-up question, and two responses generated by two different Patient systems and are asked to
select the one that is more factually correct and does not omit information. The annotators are also
instructed to reduce their rating on binary Yes/No answers due to formatting requirements of the
framework, but they are free to select any option during annotation. We randomly select one question
from each interaction that contains at least 3 follow-up questions, and generate responses with all
three Patient systems. For each question, two responses are randomly selected and the annotator is
asked to indicate which response is of higher quality. Win rate for each Patient system is calculated as
the number of times responses from a system is selected over the number of appearances of responses
from this system. There is a tie option for if neither or both responses are good, which we exclude
when calculating the win rate. 500 questions are annotated and results are shown in Table 3. We can
see that there is an obvious advantage of Fact-Select Patient system over the other systems.

Direct Instruct Fact-Select
Win Rate  36.11 37.36 63.77

Table 3: Win rates from manual evaluation of Patient variants.

B Expert Model Prompts

B.1 Initial Assessment

MEDIQ Expert — Initial Assessment Module Prompt

You are a medical doctor answering real-world medical entrance exam questions.
Based on your understanding of basic and clinical science, medical knowledge,
and mechanisms underlying health, disease, patient care, and modes of

therapy, answer the following multiple choice question. Select one correct
answer from A to D. Base your answer on the current and standard practices
referenced in medical guidelines.

Task: You will be asked to reason through the current patient’s information.
A patient comes into the clinic presenting with some basic information:

"A 40-year-old woman presents with difficulty falling asleep, diminished
appetite, and tiredness for the past 6 weeks."
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MEDIQ Expert — Initial Assessment Module Prompt (cont’d)

Given the information from above, your task is to choose one of four options
that best answers the inquiry.

INQUIRY: "Which of the following is the best course of treatment in this
patient?"

OPTIONS: "A": '"Diazepam", "B": '"Paroxetine", "C": "Zolpidem", "D":
"Trazodone"

Medical conditions are complex, so you should seek to understand their
situations across many features. First, consider which medical specialty

is this patient’s case; then, consider a list of necessary features a doctor
would need to make the right medical judgment; finally, consider whether all
necessary information is given in the conversation above. Think step by step,
reason about the patient information, the inquiry, and the options. DO NOT
provide the answer choice, keep your response to one paragraph.

Example LLM Output

Based on the patient’s presentation of difficulty falling asleep, diminished appetite, and tiredness, the
most appropriate course of treatment would be to consider prescribing a medication typically used for
depression, like paroxetine or trazodone. These medications can help address symptoms of depression,
which can manifest as changes in sleep patterns, appetite, and energy levels. Diazepam and zolpidem
are not typically indicated for primary treatment of underlying depressive symptoms. Further evaluation,
including a proper assessment for depression and consideration of counseling or therapy, may also be
beneficial in the overall management of this patient.

B.2 Abstention Module

For this section, all prompts are appended after the prompt and response from Appendix B.1 in a
multi-turn conversation manner.

B.2.1 BASIC Abstain

MEDIQ Expert — BASIC Abstention Module Prompt (appended to previous conversation)

Considering factors above, if you are confident to pick an option correctly
and factually, respond with the letter choice and NOTHING ELSE. Otherwise, if
you are not confident to pick an option and need more information, ask ONE
SPECIFIC ATOMIC QUESTION to the patient. The question should be bite-sized,
and NOT ask for too much at once. In this case, respond with the atomic
question and NOTHING ELSE.

Example LLM Output

"What time do you usually go to bed at night?"

B.2.2 Binary Abstain

MEDIQ Expert — Binary Abstention Module Prompt (appended to previous conversation)

Considering factors above, are you confident to pick the correct option to
the inquiry factually using the conversation log? Answer with YES or NO and
NOTHING ELSE.
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Example LLM Output

YES

B.2.3 Numerical Abstain

MEDIQ Expert — Numerical Abstention Module Prompt (appended to previous conversation)

Considering factors above, what is your confidence score to pick the correct
option to the inquiry factually using the conversation log? Answer with the
probability as a float from 0.0 to 1.0 and NOTHING ELSE.

Example LLM Output

B.2.4 Scale Abstain

MEDIQ Expert — Scale Abstention Module Prompt (appended to previous conversation)

Considering factors above, how confident are you to pick the correct option
to the problem factually using the conversation log? Choose between the
following ratings:

"Very Confident" - The correct option is supported by all evidence, and there
is enough evidence to eliminate the rest of the answers, so the option can be
confirmed conclusively.

"Somewhat Confident" - I have reasonably enough information to tell that the
correct option is more likely than other options, more information is helpful
to make a conclusive decision.

"Neither Confident or Unconfident" - There are evident supporting the correct
option, but further evidence is needed to be sure which one is the correct
option.

"Somewhat Unconfident" - There are evidence supporting more than one options,
therefore more questions are needed to further distinguish the optioms.

"Very Unconfident" - There are not enough evidence supporting any of the
options, the likelihood of picking the correct option at this point is near
random guessing.

Answer in the following format:

DECISION: chosen rating from the above list.

Example LLM Output

Somewhat Confident
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B.2.5 Rationale Generation

MEDIQ Expert — Rationale Generation Prompt (appended to previous conversation)

Considering factors above, are you confident to pick the correct option to
the inquiry factually using the conversation log? Answer in the following
format:

REASON: a one-sentence explanation of why you are or are not confident.
DECISION: YES or NO.

Example LLM Output

REASON: "I am confident in selecting the correct option based on the patient’s presentation of symptoms
suggestive of depression, which would warrant treatment with medications like paroxetine or trazodone
according to standard medical guidelines for managing depressive symptoms."

DECISION: "YES"

B.3 Follow-up Question Generation

MEDIQ Expert — Question Generation Module Prompt (appended to previous conversation)

If there are missing features that prevent you from picking a confident

and factual answer to the inquiry, consider which features are not yet

asked about in the conversation log; then, consider which missing feature

is the most important to ask the patient in order to provide the most
helpful information toward a correct medical decision. You can ask about
any relevant information about the patient’s case, such as family history,
tests and exams results, treatments already done, etc. Consider what are
the common questions asked in the specific subject relating to the patient’s
known symptoms, and what the best and most intuitive doctor would ask. Ask
ONE SPECIFIC ATOMIC QUESTION to address this feature. The question should
be bite-sized, and NOT ask for too much at once. Make sure to NOT repeat any
questions from the above conversation log. Answer in the following format:

ATOMIC QUESTION: the atomic question and NOTHING ELSE.

Example LLM Output

"What time do you usually go to bed at night?"

B.4 Information Integration

None-LLM step. Rearrange the atomic question and patient response into the conversation log.
Known patient information /C:

A patient comes into the clinic presenting with some basic information:
"A 40-year-old woman presents with difficulty falling asleep, diminished
appetite, and tiredness for the past 6 weeks."

Conversation log:

Doctor Question: "What time do you usually go to bed at night?"

Patient Response: "Patient goes to bed early at night but is unable to fall
asleep."
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B.5 Decision Making

MEDIQ Expert — Decision Making Module Prompt (appended to previous conversation)
Assume that you already have enough information from the above
question-answer pairs to answer the patient inquiry, use the above

information to produce a factual conclusion. Answer in the following format:

FINAL CHOICE: correct letter choice and NOTHING ELSE.

Example LLM Output
D

C Model Version and Compute

Model Specs and Datasets We use 4bit quantization for Llama-2-Chat-70B and Llama-3-Instruct-
70B, and 8bit quantization for Llama-2-Chat-7B, Llama-2-Chat-13B, and Llama-3-Instruct-8B to
reduce GPU usage and preserve model utility (Huang et al., 2024). For the OpenAl models, we
use the gpt-3.5-turbo-0125 version for GPT-3.5 and the gpt-4-turbo-2024-04-09 version
for GPT-4. Since no training is needed, we use the development set of iIMEDQA with GPT-3.5 to
improve the Expert system for faster iteration of the abstention methods. Then, we generalize our
findings to other LLM and the entire set of iCRAFT-MD to test our best system.

Hyperparameters For both the Patient and Expert systems, we use a temperature of 0.5 and
top_p = 1 for top p sampling. Another important hyperparameter is the confidence threshold in the
Abstention Module that determines when the Expert should stop asking more questions, which we
explore in the Analysis section (§ 5.2) using a grid search instead of arbitrarily setting a value.

C.1 Computing Hardware

We use CPU only for the GPT-based experiments, one A40 GPU for the smaller Llama models (7B,
8B, & 13B), and two A40 GPUs for the 70B models. Time duration of the experiments for each
model is roughly proportional the average conversation length (number of follow-up questions) of
the interaction, whether rationale is generated, and the self-consistency factor. Experiment time
ranges from 30 minutes for GPT-3.5-based Expert systems with no rationale generation and no
self-consistency, to 7 days for Llama-2-Chat-70B-based Expert systems with rationale generation,
self-consistency, and a high confidence threshold (i.e., more questions are asked).

C.2 Statistical Significance Testing

Since it is expensive to perform repeated

runs for all expeﬂments, we z.ipprox@- Model Full\llon-ﬁlr;:gla Ctlg}zne Bilsliecrac;;‘];eST
mate the confidence interval using a bi-

nomial distribution, where p is the accu- #1 82.1  53.6 29.3 45.0 59.3
racy of the model and n is the dataset #2 786 55.0 29.3 47.1 57.1
size. Therefore, the standard deviation #3 78.6 52.9 314 43.6 57.1

#4 80.0 52.1 27.9 43.6 60.0
#5 80.7 52.1 30.0 46.4 571

=P 4 T#ISDs 338 422 386 421 417
n SDp 151 119 130 163 139

can be calculated as:

SDp =

As a sanity check, we repeat the set
of experiments in Table 2 with GPT-
3.5 and iCRAFT-MD to calculate the
random seed standard deviation (SDg)
over one trials. We report the Binomial
standard deviation for trial #1 (#1-SDpg) and the random seed standard deviation (SDg) over one

Table 4: Repeated trials GPT-3.5 on iMEDQA to compare the
Binomial SD over one run and random seed SD over five runs,
showing that Binomial SD is a reasonable estimation of the confi-
dence interval with limited data.
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trials in Table 4 to show that the Binomial standard deviation is a reasonable estimation of the
confidence interval when we only have one run available.

D Detailed Abstention Results

In order to determine the confidence threshold above which the model should proceed to the final
answer, we perform a grid search over the iMedQA dataset. The results are shown in Figure 10.
Generally, when the threhold becomes higher, the Expert system asks more questions, and the
performance also increases. But as the number of questions becomes too high, the performance
stagnates, which might be due to the fact that a lot of the questions will become irrelevant and/or
repetitive.

-%- Fixed # Questions
Basic (question or choice)
Numerical Score
Numerical Score + SC
#- Numerical Score + RG
—4#— Numerical Score + RG + SC
Scale Rating
¥— Scale Rating + SC
-4- Scale Rating + RG
Scale Rating + RG + SC

50

N
@

Accuracy (%)
D
(o))

t

% Binary Decision
a2l A BT Tl -2 Binary Decision + SC
/// m  Binary Decision + RG
® % Binary Decision + RG + SC
0% g 10 15 20 25 30

Average Conversation Length

Figure 10: Performance of abstain strategies on iMEDQA. Each line is an abstain strategy with increasing
confidence thresholds. Darker colors are results with rationale generation (RG); dashed lines are with self-
consistency (SC). The BEST system (Scale+RG+SC,~4-) significantly outperforms the BASIC baseline (A).

E Results on Additional LL.Ms

We report the results of Experiment 3.2.1 on the Llama-2-Chat models below. Generally, we observe
similar behavior in these models compared to models with higher utility (Llama-3, GPT-3.5, and
GPT-4). However, due to the limited model capacity, results for a few settings are less reliable as they
are close to at-chance performance (e.g., interactive BASIC for Llama-2-7B).

Non-Interactive Interactive
Task Model Full  Initial None BASIC  BEST

Llama-2-7b  30.8+13 26.3+12 26.8+12 27.8+13 31.9+13
iMEDQA Llama-2-13b  37.1+14 33.0+13 299413 31.3+13 32.6+13
Llama-2-70b 429+14 36.7+14 31.6+13 33.0+13 35.6+13

Llama-2-7b  42.1+42 35.0+40 30.7+39 32.1+39 37.1+41
iCRAFT-MD Llama-2-13b  55.0+42 429+42 263437 45.7+42 38.644.1
Llama-2-70b  60.7+4.1 44.3+42 279438 45.7+42 42.1+42

Table 5: Accuracy of Llama-2-Chat models with varying information availability. BASIC is LLM with basic
prompting to ask additional questions. Bold results surpass the non-interactive Initial setup.

E.1 Sensitivity to Prompt Variations

LLMs are sensitive to spurious features in the prompt Sclar et al. (2023). We first experiment
on various single-turn baselines with prompt variations to evaluate the robustness of the LLaMa-
2-chat models Touvron et al. (2023) on the prompt in order to finalize a prompt to standardize
future runs. We explore three system prompts: Empty (default system prompt), Basic (You
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are a helpful medical assistant), and the Meditron Prompt adopted from Chen et al. (2023).
We also explore three response prompts (in the user message) for each combination of model size and
system prompt: Answer Only (Respond with the correct option and nothing else), Ra-
tionale (Explain the rationale, then select the correct option), and Permutate (shuf-
fling the option—answer pairs to remove potential dataset bias).

Results on the development set, depicted in Figure 6, show language models, particularly the Llama-
2-Chat series, display consistency despite prompt variations. Performance modestly increases with
rationale generation, and is unaffected by answer pair shuffling.

Model System Response Full Basic Question
Size Prompt Prompt Context Info Only

Answer Only 33.04 32.10 31.94
Empty Rationale 35.09 33.83 30.84
Shuffle 33.04 | 29.90 30.84

LLaMa-2
7b Basic Answer Only 32.49 33.12 28.48
Answer Only  30.81 26.83 26.28
Meditron Rationale 36.11 31.86 29.66
Shuffle 30.02  26.72 28.64
Empty Answer Only  38.00  36.03 31.63
LLaMa-2 Shuffle 37.14  34.23 30.53
13b Basic Answer Only 37.77 35.25 31.00

Answer Only  37.07 33.01 29.93
Shuffle 37.84  33.67 31.86

Empty  Answer Only | 43.87 36.66 33.88
LLaMa-2 Basic Answer Only | 41.92 35.96 33.10

70b Answer Only 42.88 36.69 31.58
Shuffle 4220  35.92 30.95

GPT-3.5 Meditron Answer Only 53.42 43.12 35.72
Table 6: Prompt Variations & Single-Turn Baselines.

Meditron

Meditron

F How does prior knowledge influence model choice?

General-purposed LLMs tend to provide the most general answers. We hypothesize that this is
because the model does not have enough information provided in the context, so it needs to resort
to its parametric knowledge and chooses the most common option to maximize the likelihood of
providing the correct answer. Therefore, when given more information in the context, the model
should rely less on its parametric knowledge and customize to the patient. We quantitatively show
this trend by obtaining the most common option according the Expert and calculate the generality
agreement—percent agreement between the model choice and its belief of the most common option.
Selecting the most common option regardless of context yields the correct response only 33.7% of the
time, emphasizing the need for the model to focus on provided context rather than prior assumptions
from its parametric knowledge. Results show that in setups with increasing information availability
(None, Initial, Full), generality agreement shows an decreasing pattern: 50.0%, 40.2%, and 43.4%,
respectively.

G How does the nature of the question influence model behavior?

In this section, we show that the nature of the question, such as medical specialty and difficulty,
impacts the Expert’s interactive behavior. Overall, interaction benefits more difficult questions
and certain specialties such as ophthalmology. Figure 11 shows the impact of interactions on
diagnostic accuracy across various medical specialties and demographics. Notably, Ophthalmology
showed a significant improvement in accuracy from 18.2% to 45.5% after interaction (Figure 12),
highlighting the model’s potential in specialties with initially low accuracy. Similar trends are evident

https://doi.org/10.52202/079017-0908 28885



§ Initial Information 71 After Interaction | 5{ 9 5{ 9 |

0.50- a§.5 a5.5 50.0 52.9 1 242545 455 53.148.4 455 1 47.048.8 48.2
2050 j , 3;{ 3%9/}/ a1.2707 | % 5.542.4 3 a5 36,4 | 7 /§ 43.0
©0.25- 11.2 1 1 1

2 : !

Vo, T
ophthalmology i yrosurgery  GenomicS  preventiye . yngolod¥prmatolody  psychialty y medicine stepl step2&3

Figure 11: Impact of interactive system on diagnostic accuracy across medical specialties and demographics.
Specialties benefiting the most (left) and least (middle) from interaction; improvement by difficulty (right).

in neurosurgery and genomics, suggesting that interactive information-seeking can enhance decision-
making. However, interactions in specialties such as family medicine and psychiatry sometimes
result in confusion. The effect of interaction on accuracy also extends across different difficulty levels
of medical inquiries. For questions that are more challenging and clinically focused (Step 2 & 3),
accuracy improved from 43.4% to 48.3%. Overall, this analysis highlights the importance of tailoring
interactive diagnostic systems to specific specialties and types of questions for the maximal benefit.

Patient Information: A 47-year-old man presents to his ophthalmologist for abnormal vision.
Question: Which of the following is the most likely diagnosisz . _______
Options: (A) Anterior uveitis, (B) Normal post-operative visual adaptations, (C) Seasonal allergies, (D) Sympathetic ophthalmia

Initial diagnosis: (A) Anterior uveitis

Doctor Question: Have you experienced any eye pain or redness along with your abnormal vision?
Patient Response: Patient underwent enucleation of right globe and exploratory abdominal laparotomy. Patient's left eye appears red and irritated.
Intermediate diagnosis: (D) Sympathetic ophthalmia

Doctor Question: Have you noticed any changes in your vision, such as blurriness or sensitivity to light, in the affected eye?
Patient Response: Patient has noticed decreased vision in left eye. Patient's left eye appears red and irritated.
Final diagnosis: (D) Sympathetic ophthalmia

Figure 12: Example successful interaction in Ophthalmology.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The claims match experimental results. We show that the conclusion is
generalizable across models and datasets by experimenting with 7 LLMs and two datasets.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: The limitations of this work is discussed in the Conclusions section (§ 7).
3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
Justification: The paper does not include theoretical results.
4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper fully disclose all the information needed to reproduce the main
experimental results of the paper. All models, datasets, and hyperparameters used are
discussed in the Experiments section § 3.2 & § 3.2.2 and the Appendix C.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We will release the code to our interactive framework and release a benchmark
for the community to evaluate the interactive medical information-seeking ability of any
Expert system. Our experiments use publicly available datasets.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: All details to run the framework and hyperparameters used in experiments
are discussed in the Experiments section § 3.2 & § 3.2.2 and the Appendix C, and specific
instructions will be release with our code in a GitHub repo.

7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We include confidence intervals in our main results as shown in Table 2, details
on calculating the statistical significance are in Appendix C.2.

8. Experiments Compute Resources

https://doi.org/10.52202/079017-0908 28887



10.

11.

12.

13.

14.

15.

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Information on the computer resources, including type of compute workers,
memory, time of execution, is provided in Appendix C

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics, we provide an ethics statement (§ 7)

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: We discuss potential societal impacts in the Introduction section (§ 1) and
Ethics Statement section (§ 7).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: We do not release new models or datasets that have a high risk of misuse.
Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: License information of datasets used are in the Experiments section (§ 3).
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: The paper does not release new assets.
Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [Yes]

Justification: Manual annotations were used to validate proposed metrics, which is docu-
mented in Appendix A.4.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: The paper does not involve crowdsourcing nor research with human subjects.
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