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Abstract

Question answer (QA) systems can serve as vital tools to ad-
dress lay users’ information needs in healthcare. While QA
systems have the potential to lessen information overload and
provide quality answers to users, it is important to holisti-
cally evaluate their performance. Here we propose multiple
dimensions for this purpose comprising lexical similarity, se-
mantic similarity, absence of contradictions and readability
of responses. We then use the dimensions to evaluate Dis-
easeGuru, a generative large language model-based chronic
disease QA system we developed that integrates knowledge
graph technology to provide quality responses to lay users.
The results are presented comparing it with three benchmark
algorithms across the different dimensions. We also propose
metrics for lay users and medical professionals for a future
field study to evaluate the system.

Introduction

In recent times, the Internet has become a popular source
for people to seek information. Of these, around 4-5% of
global Internet searches are related to healthcare informa-
tion (Lin et al. 2016). While internet searches, online fo-
rums, and websites can help reduce the burden on medical
professionals to provide information (Graf et al. 2022), lay
users face a number of challenges in using these sources.
These include information overload (Graf et al. 2022; Mo-
hammed et al. 2020), outdated or incorrect information, es-
pecially for user-generated content (Teplinsky et al. 2022),
and low readability of medical text (Krishna et al. 2021; Jin
et al. 2022).

These challenges can be tackled by jointly leverag-
ing knowledge graphs (KGs) and large language models
(LLMs) to develop question answer (QA) systems. KGs are
a means of representing knowledge by concepts and their re-
lationships through a graphical structure of nodes and edges
(Jietal. 2021). LMs are probability-based models that learn
statistical properties of the sequential distribution of words
in documents (Bengio 2008). While KGs can capture facts
from textual data, LLMs excel at providing natural language
answers to users’ questions. Using KG and LLM techniques
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jointly to build automated healthcare question-answer (QA)
systems can help resolve the challenges in answering lay
users’ healthcare questions. These QA systems are auto-
mated software systems that use natural language process-
ing (NLP) to extract relevant information from a structured
knowledge base (KB) (Zhu et al. 2021). The aim of these
systems is to answer lay users’ questions using easy to un-
derstand sentences devoid of complex medical jargon. These
systems need to be thoroughly tested to make sure quality
answers are furnished to lay users. This facilitates human-
Al collaboration for users’ healthcare needs.

There are two main forms of providing answers to users’
questions in a natural QA setting: (1) extractive QA (Chen et
al. 2017) which assumes that given a question, the answer is
readily available in one of the many documents in-line in the
KB, and (2) generative QA (Lewis et al 2020) which makes
no assumption about the answer being directly present in a
given KB. Generative QA infers and constructs an answer
based on the understanding of the question and the potential
matching sections (or text portions) of a given KB. Since
it does not have restrictive assumptions, we make use of a
generative approach.

This article first proposes evaluation dimensions for as-
sessing the answers provided by a generative QA system.
Next, it describes the results from evaluation of Disease-
Guru, a KG and generative LLM-based QA system we built
for chronic disease QA. We benchmarked our system with
respect to three other algorithms across these dimensions.
Finally, we present metrics for lay users and medical profes-
sionals for a future field study to evaluate the QA system.

Background and Dimensions

Generative QA entails that the automated system go through
a large number of documents in a KB to find the right sub-set
of documents (called the contexts) and generate an answer
from the KB documents. While generating answers from a
large number of documents helps solve the information over-
load issue for end users, it is imperative to evaluate the qual-
ity of the generated answer (He et al. 2022).

For evaluation, the QA system-generated answers are typ-
ically compared against pre-provided answers also known as
gold answers (Risch et al. 2021) to see how similar they are.



Earlier studies on healthcare QA systems restricted them-
selves to either lexical or semantic similarity (Esteva et al.
2021; Fecho et al. 2021; Graf et al. 2022) as dimensions
to assess quality of QA system-generated answers with re-
spect to gold answers. However, we propose that the answers
should also be assessed for contradictions and readability as
these can pose threats to the utility and acceptance of a QA
system by lay users. Hence, we provide a more comprehen-
sive set of four dimensions for evaluating healthcare QA sys-
tems i.e., lexical similarity, semantic similarity, readability,
and contradictions. Next we discuss each of these individual
dimension.

Lexical Similarity

Lexical based similarity metrics rely on string comparison
(He et al. 2022) popularly known as n-gram comparison.
In this category, IBM BLEU (BiLingual Evaluation Under-
study) (Papineni et al., 2002) is among the first popular met-
rics proposed to evaluate the quality of machine translation
(MT). Subsequently, ROUGE (Recall-Oriented Understudy
for Gisting Evaluation) (Lin and Hovy, 2003) was proposed
as an improvement over BLEU as an automated summary
evaluation using n-grams (e.g., uni-gram, bi-gram) overlap.
ROUGE based ranking of text summaries correlated well
with human ranking. Another metric, METEOR (Banerjee
and Lavie, 2005), was proposed as a fully automated word-
to-word generalized uni-gram matching-based improvement
on BLEU that filled the gap of absence of unigram-recall
in BLEU. METEOR has only been evaluated for machine
translation from English to Arabic and Chinese. Further, EM
(Exact Match) and F1 score (Rajpurkar et al., 2016) were
introduced for measuring the quality of machine generated
short answers in the context of extractive QA. While EM
measures the exact match between a gold answer and a sys-
tem generated answer, the F1 score computes the average
overlap between the gold answer and system generated an-
SWer.

For healthcare QA evaluation, we need to compare the
word/phrase level overlap between answers from the health-
care QA system with the gold answers. Hence, the ROUGE
metric is appropriate to measure lexical similarity because
it is specifically designed to measure the overlap between
two passages of text in the form of overlapping n-gram or
sequences of words. ROUGE ranks a given text on the scale
of 0 to 1 (lowest to highest) with respect to the text of a gold
answer (or reference text). Also, ROUGE has outperformed
other content-based evaluation metrics and is the most popu-
lar metric for lexical similarity (Yu 2022). Thus it is utilized
in our study.

Semantic Similarity

Lexical similarity metrics have a shortcoming whereby these
metrics rely on word-level overlaps but do not consider the
semantic overlap (texts with similar meanings, synonymous
words) between a system generated answer and a gold an-
swer (Krishna et al. 2021; Risch et al. 2021; Jin et al. 2022).
To address this issue, Semantic Text Similarity (STS) is use-
ful, which measures the semantic overlap between a pair of
text snippets (Reimers and Gurevych 2019).
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Figure 1: Pair-wise sentence entailment scoring. Tsn: nth
sentence of the ground truth, Asn: nth sentence of the ma-
chine generated answer. A pairwise set is prepared and
checked for any negative entailment between ground truth
and system generated answer

In this regard, SemEval STS (Agirre et al. 2012) has pro-
moted development of methods to measure the semantic
similarity between a pair of texts. This includes MedSTS
(Wang et al. 2020), which is a sentence similarity metric
developed specifically for texts from the medical domain.
However, since texts from the medical domain contain major
variations in terms of synonymous words (Jin et al. 2022),
it is also important to use a word-level semantic scoring
metric such as BERTScore (Zhang et al. 2019). BERTScore
has been shown to correlate well with human-judgements
on sentence-level similarity. Hence we propose its use for
healthcare QA system evaluation. BERTScore measures the
similarity between word embeddings using cosine similar-
ity (scale of O to 1; lowest to highest) thereby recognizing
words which are synonymous to each other.

Readability and Contradictions

Lexical and semantic similarity metrics are unable to assess
the readability dimension of a system generated text. Yet,
low readability of medical content is an issue for lay read-
ers (Graf et al. 2022). Also, reading and understanding a
long paragraph of text becomes challenging for such users
(Krishna et al. 2021). Hence, for lay users, there is a need
to produce relatively short and precise answers. One of the
most popular readability metrics is the Flesch-Kincaid score
(FK-score; Kincaid et al. 1975) which correlates highly (r =
0.91) with measures of reading tests. Flesch-Kincaid score
uses features such as total number of words, number of sen-
tences, and total syllables in a given text. A score for a given
text is generated on a scale of 0 to 100 (lowest to highest)
with higher scores signaling easier to read text. We propose
FK-score as a metric to assess the readability dimension for
QA system evaluation.

Additionally, language models are prone to hallucinations
(factual inconsistency) in their responses (Ji et al. 2023).
Therefore, in addition to readability, we propose that re-
searchers should also evaluate the dimension of contradic-
tions. This is to test for any contradictory or inconsistent
sentences in the system generated answers which can mis-
lead lay users. To this end, the approach of sentence entail-
ment can be used for QA system evaluation. Two sentence
vectors in natural language will point in the same direction
if they convey that same information and will point in op-



Benchmar Benchmar Benchmar DiseaseGu
k-1 k2 k3 ru
(ChatGPT) (Graf et al. (Esteva et (LFQA
2022) al. 2021) joint-
reasoning)
ROUGE 0.20+0.1 0.23+0.3 0.18+0.1 0.40=0.2
(mean) (6.4e-10)" (2.0e-05)* (1.8e-11)y
MedSTS 2.53+0.7 1.9+12 233106 3.03=0.1
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BERTSco 0.86 £ 0.0 0.84£0.1 0.85+0.0 0.90 = 0.0
re (2.6e-13)" (3.3e-10)" (5.0e-15)"
(mean)
FK-Score 5547+ 53.5+£37.2 62.30 = 64.06 £
(mean) 12.9 (0.02)* 26.5 16.1
(0.37)" (0.04)~ (0.02)
Contradict
-ions 0 3 3.5 0
(mean)

Table 1: Benchmarking DiseaseGuru

posite directions if they provide contradictory information
(Martin et al. 2022). The sentence entailment approach gen-
erates mainly three outputs i.e., positive, neutral, and neg-
ative entailment between a given pair of texts. To uncover
contradictory information, a pair-wise entailment computa-
tion of each answer sentence in the system generated text
with respect to each sentence in the gold answer text can be
performed (Figure 1).

Case of DiseaseGuru

DiseaseGuru' is a generative QA system we built us-
ing a multi-component approach. It consists of three sub-
components: (1) a data base of text documents stored in
vector format (VDB), (2) a fine-tuned sentence transformer,
and (3) a disease KG. The VDB plays the role of our sys-
tem’s KB with all the text documents stored in a vector (or
numeric) format. The sentence transformer is enriched for
domain knowledge using domain adaptation and helps gen-
erate a set of potential answers from LLM trained on Long-
Form Question Answering (LFQA) (Blagojevic 2022). Fi-
nally, disease KG provides a mechanism to select the best
answer from the potential answers of the LLM.

We evaluated DiseaseGuru against multiple benchmarks.
Our first benchmark-1 is the state-of-the-art chatbot sys-
tem ChatGPT-3.5 from OpenAlI®. Our second benchmark-
2 was constructed to be similar to COVID-19 QA systems
described in recent research which used extractive QA tech-
niques to answer healthcare questions (Graf et al. 2022). Fi-
nally, our third benchmark-3, was constructed to be similar
to a generative QA system proposed in the healthcare con-
text (Esteva et al. 2021). We performed a rigorous evaluation
of the answers using the metrics under the proposed dimen-
sions of lexical similarity, semantic similarity, readability,
and contradictions.

We evaluated DiseaseGuru for the top 10 most common

'Details of DiseaseGuru are in another publication — undis-
closed due to anonymity requirements
*https://openai.com/blog/chatgpt/
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Figure 2: Kernel Density Distribution of Gold-Ans (blue),
2A. DiseaseGuru (in green) and 2B. ChatGPT (in orange)

chronic diseases. These diseases were - Alzheimer’s dis-
ease, Asthma, Chronic Cough, Chronic Kidney Disease,
Cancer (Colorectal Cancer, Leukemia), Diabetes, Cardiac
issues (Heart Attack, Heart Failure), Obesity, Osteoarthritis,
and Periodontitis. In total we obtained a set of 75 test ques-
tions from MedQuAD (Ben Abacha and Demner-Fushman
2019). For each question, a gold answer was generated using
arguably the most popular search engine i.e., Google Search
engine (SE) (Urman et al. 2022).

Results

We performed a rigorous answer quality evaluation using
metrics which evaluate lexical similarity, semantic similar-
ity, readability, and contradictions (see Table 1). On the
popular lexical metric ROUGE, our system significantly
outperformed ChatGPT-3.5 and the other two benchmarks
with a mean score of 0.4. On semantic metrics, MedSTS
and BERTScore, our system significantly outperformed the
benchmarks with scores of 3.03 and 0.9 respectively. On the
FK-score for readability, our system showed higher readabil-
ity in generated answers compared to the benchmark sys-
tems. Finally, our system did not generate contradictory in-
formation when compared to the gold answers.
Additionally, the distributional overlap between the sys-
tems was inspected using kernel density estimate plots (see

*https://www.cdc.gov/chronicdisease/about/costs/index.htm



Figure 2). The percentage overlap shows that the readability
of our system’s answers (see Figure 2A) (78.9%) are bet-
ter than that of Google SE as the distribution, including the
mode, is shifted to the right. In comparison, ChatGPT-3.5
answers achieved a lower overlap (73.7%) with those from
Google SE (see Figure 2B).

Contributions and Future Work

For QA systems developed for lay users, we propose that
it is imperative to assess the quality of system responses
with respect to multiple dimensions covering lexical sim-
ilarity, semantic similarity, readability, and contradictions.
In this paper, we contribute by proposing a comprehensive
set of evaluation dimensions for QA systems for lay users.
We then use these dimensions to evaluate DiseaseGuru, a
healthcare QA system we developed that integrates KG and
LLM techniques to answer common questions related to
chronic diseases. The results show that the system outper-
formed ChatGPT-3.5 and two other benchmark systems for
disease QA. A holistic evaluation can increase the trust in the
system’s utility. It can thereby promote system adoption, use
and healthcare collaboration outcomes for lay users. In fu-
ture, we will design user evaluation scales for both lay users
and medical professionals. For lay users, we will measure
their perceptions such as relevance and comprehensibility
of answers from the QA system. For medical practitioners,
we will assess their perceptions like completeness, informa-
tiveness, and accuracy of answers (adapted from Zhu et al.
2009) from the QA system. These perceptions will be as-
sessed through field studies of the QA system with lay users
and medical professionals.
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