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Abstract
Many users started using LLM-based chatbots to find answers to
their health questions. However, LLMs are not designed to provide
accurate and detailed answers to such questions. In this position
paper, we review some of the limitations of current LLM-based Q&A
systems. Then we propose to use comparative research techniques,
which are common in social sciences, in the process of answering
health-related questions. We provide a high-level overview of how
comparative research techniques can be coupled with current best-
practices of building LLM-based systems.
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1 Introduction
Healthy being is of great importance for the majority of users.
Therefore, they are looking for the correct answer to their health
questions.

For many of the health questions, there is not a single correct
answer. Usually, there aremultiple different answers that are neither
completely correct nor incorrect. They usually look at the problem
from a different perspective or make special assumptions about it.
This is similar to different treatments available for a single disease.
Different doctors may use different medications to treat it. This
usually depends on the specific details of the patient’s health history.
But for an outside observer, they see a group of patients with a
common disease being treated differently.

The limitations of LLMs (which we will briefly review in Sec-
tion 2) raise ethical concerns about their usage in domains such as
healthcare [12]. Even when an LLM offers multiple points of view,
it is rational for users to remain skeptical on sensitive topics. Recent
studies indicate that when LLMs hallucinate, roughly 50% of users
express doubt about the output [7]. This leads us to guess that trust
would even be lower in highly sensitive domains such as healthcare.
For users to trust AI output in such domains, it requires LLMs to use
verified sources (e.g., research papers, books, etc.) and also convince
the user that each specific reason comes from a verified source and
its meaning is aligned with the source.

In this paper, we propose the idea of using comparative research
ideas. This can result in answers that are more comprehensive. In
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addition to improving the quality of the answers, it can better gain
the trust of the users.

We will start with a brief review of the limitations of LLMs
(Section 2), followed by a short introduction to comparative research
(Section 3). Then we present our idea in Section 4. The last section
will conclude the paper.

2 LLM Q&A Limitations
A major limitation of LLMs is that they are designed to create a
stream of text, one token at a time. In other words, there are not
knowledge-grounded reasoners [2]. Therefore, LLMs usually only
output one potential answer and stick to it.

Previous research showed that LLMs usually over-estimate the
accuracy of their answer. This results in being over-confidence in
their answer [16].

This over-confidence combined with being primarily designed to
just provide one answer results in suppression of other potentially
correct answers. The results of evaluating on the religious Q&A
domain in [2] show how this leads to really high incorrect answers.
The same thing is happening in the health domain.

The first generation of LLMs only outputs their answer without
any direct reference to the sources. Some of the more recent models
were explicitly designed to provide the sources that they are using
and reference them. However, one of their limitations is how they
present their sources. Recent studies such as [14] show that LLMs
routinely refer to sources to support their conclusions that are not
actually supporting that. Furthermore, sometimes the title of these
sources may also fool the reader. Other researchers reported similar
results. For example, the factual accuracy of the strongest frontier
models is only 39-77% [9]. This is separate from the hallucination
problem of LLMs [6] in which they generate sources that do not
exist.

3 Comparative Research
It is common in exact sciences such as math (or even to some
degree physics) to assume that each question only has a single
correct answer. This is usually true due to the exact modeling of
the problem and assumptions about the domain. In contrast, many
of the problems in the humanities and social sciences have some
ambiguity inside them. This results in having different proposed
answers for them. Usually, it is not possible to directly compare
such answers together and conclude which one is correct or wrong.
Therefore, it is common in the humanities to present different
previously proposed answers for a specific question and then to
try to compare and analyze them. This is usually referred to as
“Comparative Research”.
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An example of social sciences using comparative research is
religious studies. A famous example is the al-Milal wa al-Nihal [1]
book in Islamic studies written 9 centuries ago. The comparative
nature of the book makes it one of the first books that objectively
and systematically compares different religious sects [4].

There are various follow-up works in the religious domain. An
important example that was written in the last century is the “al-
Us.ul al-ammah lil-Fiqh al-Muqaran” [5] book.

These techniques (which are usually simply referred to as com-
parative research) are widely used in different science fields. Fur-
thermore, other researchers also point out that cognitive and social
sciences insights are rarely used in the design and evaluation of
LLM-based systems [11]. Our idea is another example of the recent
shift towards using social science techniques to enhance LLM-based
systems (another recent example is [10]).

4 Our Proposed Idea
Wepropose using comparative research techniques to answer health
questions. Instead of relying on an LLM to generate the final an-
swer, we can first try to find all potential answers to the questions
(regardless of how accurate they are). We can use the common
Retrieval-Augmented Generation (RAG) for this purpose. Special
methods can then be used to combine the results. An option is to use
a RAG-based framework that reduces hallucinations by ensuring
that the generated content is supported by evidence retrieved from
a reliable knowledge base [8]. Another option is to use a multi-agent
framework in which multiple LLM agents collaboratively verify
and aggregate information [10].

We can start by using both traditional search methods (e.g.,
search engines) and multiple different LLMs (or even different
agents using a common underlying LLM) to create a list of poten-
tial answers for the questions. The benefit of using search engines
is that we will prevent hallucination [6] of fictional sources. The
benefit of using multiple LLMs is the ability to collect potentially dif-
ferent answers (due to the different training materials used by such
methods [2]). Furthermore, recent studies such as [13] show that
human users manually do this to find different potential answers
and then compare them to find the correct answer.

Then we can instruct agents to apply comparative research tech-
niques (such as those presented in [1, 5]) to analyze and compare
these potential answers. This is to complement the ideas presented
by techniques such as SPIRE [10] that focus on features such as
proper quotation of source materials. In the end, instead of only
showing a single answer, we can present the top potential answers
and highlight their similarity and differences. This will be similar
to how a doctor will explain different potential treatments for a
disease to a patient, compare them together, and help the patient
choose the final treatment option that best matches their needs.

We think that a major benefit of this approach is better explain-
ability of the answer provided to the user, which is a major concern
for advanced LLMs [3].

Our approach is also more transparent (in terms of where the
initial data come from and how the final answers are created).
Increasing the transparency of LLM-based Q&A systems is one of
the goals of new research in this domain (e.g., [15]).
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