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Abstract
Conversational assistants are becoming increasingly popular, including in healthcare, partly due to the availability and
capabilities of Large Language Models. There is a need for controlled, probing evaluations with real stakeholders,
which can highlight the advantages and disadvantages of more traditional architectures and those based on
generative Al. We present a within-group user study to compare two versions of a conversational assistant that
allows patients with heart failure to ask about the salt content in food. One version of the system was developed with
a neurosymbolic architecture, and another is based on GPT. Our objective in evaluating the two dialogue systems
was not only to compare task performance but also to gain insights from real stakeholders. Results indicate that the
two systems complement each other, highlighting the promise of a hybrid approach that leverages the strengths of

both systems.
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1. Introduction

Conversational assistants in the healthcare domain
are as old as Natural Language Processing (NLP),
since in 1966 ELIZA was already playing the role
of a psychiatrist (Weizenbaum, 1966). They have
proliferated in more recent years with the availabil-
ity of datasets and machine learning approaches,
even before the rise of Large Language Models
(LLMs). The comprehensive survey in (Valizadeh
and Parde, 2022) provides an in-depth analysis
of these diverse healthcare-oriented dialogue sys-
tems, examining them from a computational per-
spective and highlighting their varied end-users.

Traditional task-oriented dialog systems (TODS)
are primarily evaluated using automated metrics
(Budzianowski et al., 2018). However, as demon-
strated early on by the PARADISE framework
(Walker et al., 1998), task performance is only one
aspect of evaluating a dialogue system.

LLMs (OpenAl et al., 2024; Touvron et al., 2023;
Brown et al., 2020; DeepSeek-Al et al., 2025) of-
fer strong generalization and adaptability across
a wide range of diverse tasks. Yet, these very ca-
pabilities also make their evaluation increasingly
complex (Zhou et al., 2024; Singh et al., 2024). Un-
like traditional systems, LLMs do not operate within
rigid task boundaries, making it difficult to apply
standard task-oriented evaluation metrics. Further-
more, LLMs often lack transparency regarding their
data sources and may fail to reliably follow user
prompts, raising significant concerns in high-stakes
domains where accuracy and accountability are crit-
ical (Jietal., 2023). These limitations are especially
critical in practical, real-world applications when

facilitating medical conversations. In such cases,
defining and assessing what constitutes "good" per-
formance becomes far more complex and nuanced
(Walker et al., 1998; Ji et al., 2023).

As a result, human evaluation remains the gold
standard for assessing medical dialog systems
(Zhou et al., 2024). Human evaluators can provide
insights into subjective qualities such as coherence,
informativeness, and user satisfaction—factors that
are difficult to capture with automated metrics.

We present a user study comparing a traditional
TODS in healthcare with one based on LLMs. We
aim to derive meaningful insights by deploying the
two dialog systems in a patient-centric environment.
The study focuses on African American (AA) pa-
tients with heart failure, aiming to assist them in
managing their salt intake by providing information
about the salt content in various foods. Patients
with heart failure must meticulously monitor and
reduce their salt intake: AA individuals are more
prone to heart failure (Nayak et al., 2020), and have
a higher sensitivity to salt. Many areas in large
cities where AA tend to live are lower-income and
lack access to healthy food. Furthermore, in (Gupta
et al., 2020), the authors show that AA patients with
heart failure often discuss salt and food during ed-
ucational sessions, indicating a significant interest
in this area.

The study compares two dialog systems—a
Neuro-Symbolic System (HFFood-NS) with a GPT-
based system (HFFood-GPT)—using a within-
subject design. We conduct intrinsic (task perfor-
mance) and extrinsic analyses (Sparck Jones and
Galliers, 1995) using pre- and post-interaction sur-
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veys to evaluate the two systems with AA patients
while they are hospitalized. By assessing how real
patients, rather than typical study participants like
Mechanical Turk workers or students, discuss food
and prefer to receive information, we establish the
relevance and value of the intervention with real
stakeholders.

The patient-centered perspective provides a
deeper understanding of how dialogue systems
operate, revealing their practical strengths and limi-
tations, as well as opportunities for improvement.

The evaluation focuses on comparing the two
systems, highlighting their advantages and disad-
vantages. The results show that the two systems
complement each other, underscoring the potential
of a hybrid approach that leverages the strengths
of both LLMs and neuro-symbolic systems. This
direction is particularly promising for healthcare
dialogue systems, where more control is needed.

2. Related Work

Task-oriented dialog systems (TODS) are de-
signed to accomplish a specific task within a limited
number of turns and typically follow a pipeline struc-
ture. While effective, the pipeline systems rely on
human-labeled data, motivating End-to-End mod-
els that learn directly from data. Within healthcare
(Valizadeh and Parde, 2022), TODS have gained
traction for patient education (Cai et al., 2023),
including on heart failure (Moulik, 2019; Gupta
et al., 2020), mental health (Ali et al., 2020), anxiety
(Wang et al., 2020).

The introduction of the transformer architecture
(Vaswani et al., 2017) enabled training of language
models (LMs) such as GPT (Brown et al., 2020)
and T5 (Raffel et al., 2020) which improved general-
ization. As models scaled into LLMs, they exhibited
capabilities like reasoning (Qiao et al., 2023), but
became a closed box. Moreover, they continued
to struggle with tasks such as mathematical rea-
soning (Nogueira et al., 2021; Qian et al., 2023)
and were prone to generating hallucinations. Sub-
sequent research focused on enhancing control,
interpretability, and reasoning through advanced
prompting (Brown et al., 2020; Yao et al., 2023) and
neuro-symbolic approaches.

Neuro-Symbolic Methods combine the general-
ization strengths of neural networks with the struc-
ture and interpretability of symbolic reasoning. For
instance, (Romero et al., 2021) introduced symbolic
representations into GPT-2 outputs to enhance
structural awareness. DILOG (Zhou et al., 2020)
leveraged inductive logic programming to learn dia-
logue policies from limited data, enabling zero-shot
transfer. Similarly, (Arabshahi et al., 2021) show-
cased how multi-hop and commonsense reasoning

can be incorporated into dialogue systems.

Evaluation of TODS Evaluating the true capa-
bilities of dialogue systems remains challenging
and typically involves automated metrics and hu-
man evaluation. Automated metrics assess in-
dividual components—intent classification accu-
racy, entity F1 for NLU, joint goal accuracy for Di-
alogue State Tracking, and BLEU (Papineni et al.,
2002), ROUGE (Lin, 2004), and METEOR (Baner-
jee and Lavie, 2005) for NLG. End-to-end evalu-
ation commonly uses Inform and Success Rate
(Budzianowski et al., 2018).

However, task success alone does not reflect
user satisfaction, as highlighted by the PARADISE
framework (Walker et al., 1998). Consequently,
human evaluation remains the gold standard, es-
pecially in medical domains (Yeh et al., 2021; Deriu
etal., 2021; Zhou et al., 2024), where subjective fac-
tors like coherence and informativeness are crucial.
User studies are also often used to collect real-
world data in domains lacking specific use-case
datasets (Knoll et al., 2022). (Knoll et al., 2022)
adopted a user-centered approach to iteratively
refine a medical note generation model through
feedback. As conducting a user study is costly, re-
searchers are exploring other approaches like user
simulation (Yun et al., 2025; Park et al., 2023). With
the rise of LLMs, there is growing interest in using
them as automated judges (Zheng et al., 2023),
though their reliability remains debated.

3. Two dialogue system architectures

We compare and evaluate the two dialog sys-
tems— Neuro-Symbolic System (HFFood-NS) and
the GPT-based system (HFFood-GPT). Both sys-
tems are designed to help patients with heart fail-
ure inquire about salt content in foods. The pa-
tients initiate the conversation by inquiring about
the salt content in food, and the system responds
by asking clarification questions to accurately deter-
mine the sodium amount’. Both systems utilize the
U.S. Food Data Central (USFDC) dataset (USFDC,
2022), a publicly available resource from the U.S.
Department of Agriculture (USDA) that provides
culturally diverse food entries with detailed descrip-
tions and nutrient information.

3.1. HFFood-NS

HFFood-NS is a task-oriented dialog system
adapted from our previous work (Tayal et al., 2024).
We annotated the USFDC dataset with five key
slots—food, cook, type, foodweight, and met-
ric—and constructed a template-based conversa-
tional dataset comprising 87k dialogues. Using

"We use the terms sodium and salt interchangeably.
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this dataset, we trained a T5-small (Raffel et al.,
2020) based end-to-end TODS dialogue system
through few-shot learning. Although the model ac-
curately identified slot values, it achieved only a 2%
success rate in computing salt values (Wei et al.,
2022) due to the multi-valued nature of salt, which
varies with preparation method and portion size.
To overcome these limitations, we integrated the
model with neuro-symbolic rules. This integration
enabled the system to retrieve precise salt values
from the USFDC database, perform mathematical
calculations for specific food weights, and effec-
tively handle non-standard food quantities.

' Translate dialog to belief state:
[usr] Fresh green collard greens.
[sys] how much green collard greens are you having ?
[usr] 'Mm-hmm. 2 pound.
[sys] what type of green collard greens are you having ?
| [usr] FRESH

[ PPTOD ]

¥

[food] {food:collard greens, nutrient: salt, foodweight:2,
metric: pound, type: fresh, value: 10, saltmetric: mg}

™y

$euro Symbolic Rules

{value: 163, saltmetric: mg} |

[Final Response: [sys] You can expect to have|
Iapproximately one hundred and sixty-three miligrams (8%)
!of salt in that green collard greens. It is around one pinch of
!salt. Thats a good choice. But can have better alternate

loptions

Figure 1: HFFood-NS model interaction with a
patient: As the database contained salt values
for 100 grams of collard greens, while the user
inquired for 2 pounds, the neuro-symbolic system
retrieved the appropriate data and computed the
correct value (163).

To deploy HFFood-NS in a patient-centric set-
ting, we modified our previous approach from (Tayal
et al., 2024). For simplicity and reliability, only the
DST module was used with template-based system
responses. If a slot remains unfilled, the system
attempts to query the user up to two times. We de-
signed the final system response to clearly convey
salt values and encourage healthier options. The
salt content was expressed in milligrams (mg), per-
centage (%), and informal units (pinches/dashes)
to explore patient preferences (Dickson and Riegel,
2009; Nayak et al., 2020; Tayal et al., 2024). The
salt value was compared to the 2000 mg daily
limit and categorized into four ranges (<5%, <20%,
<50%, <100%, and others) with motivational mes-
sage. 2 Figure 1 shows an example of a user-

2This was based on the discussions with clinician

study interaction and the application of the neuro-
symbolic rule.

3.2. HFFood-GPT

GPT-4 (OpenAl et al., 2024) was used with zero-
shot prompting to create HFFood-GPT. Assistant
GPT (Purpose-built Al that uses OpenAl’'s models
and calls tools) was used to create HFFood-GPT.
To keep the two systems aligned and compara-
ble, it was prompted to analyze the salt contents
in foods and ask clarification questions about food
type, cooking method, and portion size, limiting
the questions to one question at a time. It advises
that foods exceeding 20% of salt intake are not
recommended, while those below 5% are favor-
able choices. We provided the USFDC dataset,
by enabling the retrieval tool. Since our goal was
to educate patients without providing medical ad-
vice, it was prompted not to give health advice or
suggest consulting a professional for dietary guid-
ance. Additionally, to address GPT-4’s tendency to
produce lengthy responses (Tayal et al., 2025; Ji
et al., 2023), we prompted it to keep the responses
under 40 words. It was instructed not to mention
the dataset or search the web for information. The
prompt is shown in Appendix A.

4. User Study

SetUp We approached approximately 70-80 hos-
pitalized AA patients aged 18—89 years who spoke
English and had a history of heart failure. Of the
23 recruited patients, 20 patients (13 males and 7
females, aged 18-89, 1 = 58.75, 0 = 14.32) com-
pleted the study, which in its entirety took approx-
imately 6 months. Proper institutional guidelines
were followed. If patients met the inclusion criteria
and were willing to participate in the study, they
were provided with an informed consent document.
This was a within-group study, meaning each par-
ticipant interacted with both versions of the dialog
agent (DA) in a randomized manner, one after the
other, to reduce recall bias. Upon completion, the
patients received a $20 gift card.

Patients were prompted to ask each DA about
the salt content of 5 food items. To help participants
think of questions, we prompted them to consider
the foods they had eaten for breakfast, lunch, or
dinner. Participants then asked each DA questions
about the same 5 food items. This was done to
ensure that the participants did not run out of ques-
tions for the second interaction and to facilitate eas-
ier comparison between the two DAs. However, the
interactions were not identical because each sys-
tem asked different clarification questions, which
led the conversations in different directions. At the

collaborators.
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end of the user study, approximately 200 conversa-
tions were collected (20 patients x 5 food items x 2
models), which are being made publicly available
following a proper de-identification process.?

In this study, all interactions with the systems
were conducted orally - the dialog systems were
speech-based. This included obtaining oral con-
sent and administering both the pre-and post-
survey questions verbally. The decision to use
oral communication was made to accommodate
participants who might be unwell, or be connected
to medical equipment, ensuring a more accessible
and comfortable experience. We used OpenAl’s
Whisper-1 (Radford et al., 2023) for Speech-to-Text
and TTS-1 (Zeng et al., 2020) for Text-to-Speech,
recording audio and transcripts for error analysis.

Conducting a user study with hospitalized pa-
tients comes with unique challenges and consid-
erations. For instance, Patient 15’s partner, who
was the primary caretaker responsible for manag-
ing food, was also present for the session and they
asked questions together. Patient 17, despite being
visually impaired, had no difficulty participating in
the study as the system was speech-based. One
patient had a tracheostomy tube, which affected
their speech. Additionally, three patients initially
faced some challenges due to pain, but eventually
became comfortable and could participate in the
experiment.

The User Interface (Ul) was minimalistic and de-
signed for ease of use, featuring two radio but-
tons to select the system and a button to indicate
whether the system was recording or listening. For
the Ul, we utilized Gradio (Abid et al., 2019), a
framework provided by HuggingFace.

The Ul was not “always listening” and could either
listen or speak at a time, ensuring patient comfort
and accommodating nurses and doctors during
interactions. We named the two systems Lion and
Shark so that participants could easily recall the
names of the systems being used. The two names
were chosen because they represent a well-known
and powerful animal, and at the same time mask
the nature of the technology behind the UL.

4.1. Survey Questions

The patients were administered a pre- and post-
survey questionnaire. The pre-survey evaluated
participants’ health literacy and digital health lit-
eracy, while the post-survey assessed the perfor-
mance of the two systems, as well as participants’
preferences and likelihood of using them in the fu-
ture.

Shttps://github.com/anujatayal/
HFChat-NS-GPT

4.1.1. PreSurvey Questionnaire

We assessed participants’ health literacy and digi-
tal literacy using self-reported measures to better
understand their abilities to access and process
health information. The PreSurvey Questionnaire
can be assessed in Appendix B.

Health Literacy was measured using the BRIEF
Health Literacy Screening Tool (Alabama De-
partment of Public Health, n.d.). This tool consists
of 4 questions that evaluate individuals’ ability to
"obtain, process, and understand basic health infor-
mation and services needed to make appropriate
decisions about their health."

Digital Literacy was measured using the
eHealth Literacy Scale (eHEALS) (Norman and
Skinner, 2006). This tool consists of 8 questions
that assess participants’ perceived ability to find,
evaluate, and apply electronic health information
to address health-related issues.

4.1.2. PostSurvey Questionnaire

After the patients interacted with both systems, we
asked them to evaluate the systems and their expe-
rience through a questionnaire. The Post-Survey
Questionnaire is available in Appendix C.

We asked the patients about the following as-
pects of the two systems: how easy it was to under-
stand the answers, the usefulness of the questions,
and how easy the questions were to understand.
We also asked which system they preferred, the
most challenging aspect of using them, their likeli-
hood of using such a system in the future, whether
the system was helpful, and if they had any addi-
tional feedback.

5. Evaluation

This section presents a comprehensive evaluation
of the two systems using both intrinsic and extrinsic
evaluation methods. The intrinsic evaluation fo-
cuses on the performance metrics—task accuracy
and task completion—while the extrinsic evaluation
assesses the patient’s perception of the system.

5.1.

We used the USFDC dataset as a baseline to eval-
uate the accuracy of the two systems. We treated
HFFood-GPT as a TODS by categorizing the pro-
vided values into defined slots (Food, Cook, Type,
FoodWeight, and metric) similar to HFFood-NS.
Since the USFDC dataset contains detailed infor-
mation, and users often provide less precise food
descriptions, we use the first food item that meets
all the minimum required keywords to account for
the multi-valued nature of food items when pro-
viding salt values. However, it remains unknown

Intrinsic Evaluation
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which data HFFood-GPT accesses or the process
it follows to calculate its final answers.

Table 1 summarizes the analysis of task com-
pletion and accuracy for both systems. Task com-
pletion is defined as the system providing a salt
value, whether correct or incorrect. HFFood-GPT
provided salt values in specific numbers, ranges,
and categorical values (e.g., low, high, significant).
However, we excluded categorical values as they
were too vague and could not be used to calculate
task accuracy. Moreover, patient educators (Gupta
et al., 2020) and existing guidelines emphasize the
use of precise numerical values, even when approx-
imate (e.g., pinch, etc.). Task accuracy refers to the
system providing the correct salt value and is cal-
culated with respect to task completion. We report
two types of task accuracy: Task Accuracy Sys-
tem and Task Accuracy Net. The Task Accuracy
System evaluates the system’s performance based
only on the slots whose values were recognized
accurately, i.e., excluding slots with speech errors;
this ensures the results reflect only the system’s ca-
pabilities, as the speech-to-text and text-to-speech
components were external to the system. Task Ac-
curacy Net, on the other hand, includes all cases
and reflects the overall accuracy, incorporating both
system behavior and speech errors.

HFFood-| HFFood-

NS GPT

Avg No of turns 3.6 3.0
Avg Processing Time 6.7 11.4
Avg Words by System 14.5 54.5
Avg Retries 2.0 1.7
Avg WER 0.48 0.41
Task Completion 84% 62%
Task Accuracy System 37% 24%
Task Accuracy Net 11% 20%

Table 1: Intrinsic Evaluation

HFFood-NS achieved higher task completion ac-
curacy than HFFood-GPT, largely due to its ability
to incorporate a fail-safe mechanism, which will be
explained in Section 6. While HFFood-NS achieved
higher task accuracy at the system level, its task
accuracy net was lower than that of HFFood-GPT.
This could be due to two reasons. First, HFFood-
NS recorded a higher word error rate (WER) (Morris
et al., 2004), despite both systems using the same
text-to-speech and speech-to-text components (Ta-
ble 1). Second, HFFood-GPT’s higher task accu-
racy net was influenced by the fact that 50% of its
correct responses were range-based values. Sec-
tion 6 offers additional insights into these results.
It is important to note that the neuro-symbolic sys-
tem (Tayal et al., 2024) provides significant value;
without it, both the task accuracy system and the
task accuracy net would have been 0%.

Correct || Incorrect*| Speech| P-

Error | SE

Food 87 14 5 1
Cook 39 21 11 2
Type 44 31 17| 2
Foodweight 32 58 18 0
Metric 28 62 20 0

Table 2: HFFood-NS Slot Accuracy
“Incorrect includes Speech Error and P-SE.

HFFood-GPT outperformed HFFood-NS in slot
accuracy (excluding salt value). This may be at-
tributed to the more flexible and unpredictable na-
ture of GPT-based interactions—it often understood
user intent correctly but struggled to fetch the ap-
propriate values from the database. Detailed slot
accuracy analyses for both systems are presented
in Table 2 and Table 3. Among incorrect slots, some
are Speech Errors or Partial Speech Errors (P-SE),
which likely stemmed from the noisy hospital envi-
ronment, patients’ accents, or the overall conditions
in a hospital setting. We define a partial speech
error as an instance where the user’s utterance
is only partially produced or distorted, rather than
being completely substituted or omitted (speech
error).

Correct || Incorrect*| Speech| P-

Error | SE

Food 94 7 3 4
Cook 46 5 5 0
Type 58 15 9 6
FoodWeight 62 5 5 0
Metric 62 5 5 0

Table 3: HFFood-GPT Slot Accuracy
" Incorrect includes Speech Error and P-SE

5.2. Extrinsic Evaluation: User
Perceptions

Out of 20 patients, 11 preferred HFFood-NS, while
9 favored HFFood-GPT. Since this is a within-group
study, there is a potential for recall bias; however,
we did not observe it. In 10 cases where HFFood-
NS was tried first, 7 patients favored it, while in 10
cases where HFFood-GPT was tried first, 6 patients
favored it. But, the preference for the first system
was not statistically significant, as indicated by a
Pearson correlation (r = 0.3, p = 0.19).

Figure 2 shows how participants rated the two
systems in the post-survey questionnaire - please
note that in the following we are referring to ques-
tions asked by the system, and system’s answers.
The three dimensions are usefulness and under-
standability of questions, and understandability of
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Figure 2: Post-survey: extrinsic evaluation of the
two systems on the usefulness and understandabil-
ity of questions and answers.

answers: at least 50% of subjects rate all these
aspects as 4 or 5 (1-5 Likert scale).

A comparison of preferences based on health
and digital health literacy, as assessed through the
pre-survey questionnaire, is presented in Figure 3.
For example, it appears low digital health literacy
patients prefer HFFood-NS. However, the sample
size is too small to draw definitive conclusions, and
the findings are based on self-reported measures.

When we asked the patients about the reasons
for their preferences, those who favored HFFood-
NS highlighted its precise and to-the-point answers,
faster flow, and concise responses. On the other
hand, the patients who preferred HFFood-GPT
appreciated the ease of understanding its ques-
tions, clear and detailed explanations, and better-
formulated questions.

While some patients found no issues with either
system and felt they were well understood, others
reported challenges. These included the systems
being repetitive, difficulty understanding the ques-
tions, and uncertainty about how to phrase their
own questions.

Would patients use the DA in their daily life?
Figure 4 highlights that all the patients found the
systems helpful, with most indicating they would
recommend them to others. The majority found
both systems useful.

Qualitative measures of salt content. In the
post-survey, 55% of the patients (11 participants)
preferred receiving information about salt content
in informal terms, such as pinches or dashes. Only
20% (4 participants) preferred formal units like mil-
ligrams or grams, while the rest chose percentages
or daily values. In the pre-survey, participants re-
ported measuring salt informally by sprinkling, us-
ing pinches, or judging by eye. These informal
methods differ from the formal values, such as mil-
ligrams or percentage of daily value, that appear
on food labels.

100%

75%

Preference
B +FFood-GPT

B +rroosns

50%

Percentage

25%

Limited Marginal Adequate
Health Literacy Categories

0%

(a) Health Literacy Vs Preference

Low

Mod High
Digital Literacy Categories

100%

75%

Preference
B +FFood-cPT

B +rroosns

Percentage
wn
o
N

25%

0%

(b) Digital Health Literacy Vs Preference

Figure 3: User preferences by health and digital
health literacy levels (numbers in brackets indicate
patient counts)

6. Discussion: comparison between
the two systems

One significant advantage of employing a neuro-
symbolic system combined with a traditional TODS
is the ability to conduct more thorough and pre-
cise error analysis. This capability is crucial, par-
ticularly in patient-centric systems. By utilizing this
approach, one can accurately pinpoint the areas
where the system fell short.

Table 4 provides a detailed breakdown of the
error analysis performed on HFFood-NS, which we
describe in detail:
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HFFood-NS
Missed Slot 23
No Data Fetched 18
Metric Mismatch 5
Wrong Food Identified 8
Slot not in USFDC 4

Table 4: HFFood-NS: Error analysis

1. Missed Slot: Inability of the system to identify
the value of a particular slot.

2. No Data Fetched: Inability of the system to
retrieve data from the database due to the fol-
lowing reasons:

+ Complex Query: HFFood-NS could only
calculate salt content for a single food
item, while the patients often provided
more descriptive inputs (e.g., "What is the
sodium content in two grilled hot links with
three ounces of barbecue sauce?"). Such
complex queries exceeded the system’s
capability but were handled effectively by
HFFood-GPT. Of five complex queries,
HFFood-NS correctly identified the food
slot in three cases but failed to retrieve
data.

» System Error: In 6 cases, the system
failed to retrieve values due to internal is-
sues, such as exception handling failures
or other internal faults.

» Food Not in USFDC Although the
USFDC is comprehensive, it lacks certain
food items—such as local brands like Jays
Potato Chips and the Hurricane Whop-
per—which occurred in three cases.

* Internet Connectivity Issue: Constant
internet problems at the hospital impacted
several studies, with at least three con-
firmed cases.

3. Metric Mismatch: In five instances, incorrect
calculations were caused by inconsistencies

in weight units (e.g., confusing milligrams with
grams).

4. Wrong Food Identified: In 8 instances,
HFFood-NS identified the food slot incorrectly.
These errors occurred due to complex food
descriptions or speech errors.

5. Slot not in USFDC: The patients were imagi-
native, leading to incomplete slots (excluding
the food slot, already addressed under the
Food Not in USFDC type) for items such as
charred lollipop lamb chops, which were not
present in the USFDC database.

This analysis highlights the nuanced nature of
errors encountered. By systematically addressing
these issues, one can iteratively develop a more
robust and reliable dialogue system.

Another key benefit of the neuro-symbolic ap-
proach is the ability to add a fail-safe and make it
more controlled. For instance, when the system
fails to infer the food weight and metric, it assumes
100g, thereby increasing the task completion rate.

Moreover, the enhanced control offered by
the neuro-symbolic system ensures the system is
aligned with the primary goal —a consistency that
HFFood-GPT often struggled with. For example,
in one instance, HFFood-GPT asked a clarification
question about the color of a bell pepper- an irrele-
vant detail when determining the salt amount. The
rule-based structure of HFFood-NS helps avoid
such detours, maintaining goal-oriented, stream-
lined interactions.

In addition to improved control, the neuro-
symbolic system ensured consistency in responses
by providing values in milligrams (mg), which made
the system both more patient-friendly and reli-
able. In contrast, HFFood-GPT showed some in-
consistency in its responses, with 10% of values
given in grams (g), 10% as categorical values, 8%
as ranges instead of precise values, and 2% in tea-
spoons (tsp) and the rest in mg. This inconsistency
can pose challenges for patients, particularly those
with limited numerical literacy (Dickson and Riegel,
2009), who may not easily recognize that 1 gram
equals 1000 milligrams, as illustrated in Figure 5,
which shows an excerpt of an HFFood-GPT con-
versation with the patient. Maintaining consistency
in responses is a crucial step to improving acces-
sibility and ensuring users can easily interpret the
information provided.

On the other hand, HFFood-GPT was fluent
and handled diverse user descriptions effectively,
interpreting non-standard inputs and maintain-
ing smooth conversations. Patients described
their food portions in various unconventional ways.
Many reported portion sizes in terms of servings,
such as "for 6 people" or "serving size for 1", rather
than using standard units like ounces, grams, or
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Speaker | Turn

System | Thank you for specifying the preparation
method. Now, could you please tell me the
portion size of the grilled turkey sausage
in grams?

5 milligrams.

It seems there might be a misunderstand-
ing with the portion size. Typically, food
portion sizes are measured in grams (g)
and would be much larger than 5 milligrams
(mg). Could you please provide the por-
tion size again in grams? For reference, a
common serving size for sausage might be
around 50 to 150 grams.

100 milligrams

It looks like we're still not quite accurate
on the portion size. When we’re talking
about turkey sausage, the realistic portion
size is usually around 100 grams (g), not
milligrams (mg). One gram is equal to
1000 milligrams, so a portion size of turkey
sausage might be 100 grams (which is
100,000 milligrams), for instance. Could
you clarify the portion size in grams for the
turkey sausage?

Patient
System

Patient
System

Figure 5: HFFood-GPT "lecturing" a patient about
weight metrics

pounds. Two patients used unique measurements,
such as spoonfuls and forkfuls, while two of them
relied on size comparisons, like describing a hot
dog as "the size of a cellphone" or quantifying
food weight as "3 inches of bacon". HFFood-GPT
demonstrated flexibility in handling these com-
plex queries, whereas HFFood-NS struggled with
slot identification, as reflected in Table 2, where
most errors occurred in food weight and metric
slots.

When HFFood-GPT was unable to determine
the salt amount in a food item directly, it attempted
to gather the recipe and estimate the salt content
based on the salt levels of its ingredients. While
this approach was sometimes helpful, there were
instances where the system asked overly specific
questions, such as the exact weight or brand of
each ingredient, which could be burdensome for
the patients.

HFFood-NS | HFFood-GPT
Error Analysis v X
Controlled v X
Reliable 4 X
Predictable 4 X
Complex queries X v
Gave Options X v
Fluent X v
Concise v X
Easier and faster to develop X v

Table 5: Pros and Cons of HFFood-NS and
HFFood-GPT: usability, reliability, and flexibility.

In some cases, the brand names were so widely
recognized that the food was identified by the brand
itself, such as "Chick-fil-A" or "Hurricane Whopper".
In these situations, HFFood-GPT successfully de-
duced the food item without requiring additional
descriptive details, showcasing its ability to handle
commonly branded food references effectively.

However, because HFFood-GPT’s behavior was
sometimes unpredictable, it occasionally asked
for food weights in grams or ounces. For in-
stance, in Figure 5, when the system requested
a weight in grams, the user—unaware of the differ-
ence—responded in milligrams. While it was posi-
tive that HFFood-GPT attempted to clarify the dis-
tinction, its subsequent responses became overly
pedantic. Patients may not always know precise
measurements and are more likely to express quan-
tities in terms familiar to them.

There were 8% instances where HFFood-GPT
attempted to assume the slots instead of asking a
clarification question. While this approach some-
times aligned with user intent, the goal should be
to avoid making assumptions and instead provide
users with a choice. For instance, when one pa-
tient mentioned chicken breast, the system correctly
identified the slot despite a speech error, likely be-
cause chicken breast is the most common form of
chicken consumption.

When building HFFood-GPT, we set specific
rules to constrain its behavior. We limited re-
sponses to 40 words, but HFFood-GPT was ver-
bose, with an average of 54.5 words per response
(Table 1). We also instructed it to ask only one
question per turn, but it violated this rule in about
7% of its turns by asking multiple questions at once.

We had prompted HFFood-GPT to only refer to
the database provided and not mention it to the
users. However, in 38.5% of system utterances,
HFFood-GPT referenced the DB and said that the
food item was not in the referenced DB and asked
for more clarification. This could be one of the
many reasons users did not prefer HFFood-GPT,
as it could be off-putting. When we asked users
how they would like to improve the system, their
primary suggestions were to expand the knowledge
base, include more ingredients, and add a broader
range of food items to make the system more com-
prehensive and user-friendly.

GPT performed well by offering users options,
such as saying, "That sounds delicious! Could you
tell me if you're using fresh or dried spaghetti?"
which happened in around 30% of system turns.
This showed that HFFood-GPT had knowledge
about different foods. However, in some cases,
even after the option was chosen, HFFood-GPT
responded that it lacked the information in the pro-
vided database. This behavior frustrated users
because GPT relied on its own knowledge instead
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of the dataset, compromising the system’s consis-
tency and reliability.

Table 5 compares the two systems across design
features (controlled, error analysis), and reliability.
HFFood-NS, while more controlled, allows for de-
tailed and precise error analysis, making it more
reliable and predictable. It made more speech er-
rors, but is more concise and faster. In contrast,
HFFood-GPT is a closed box—Iess reliable and
predictable—but delivers more fluent responses,
handles complex queries, provides users with op-
tions; however, it tends to be more verbose.

7. Conclusions and Future Work

We conducted a user study with 20 hospitalized
African American patients with heart failure, fo-
cusing on real patients—rather than typical study
participants like Mechanical Turk workers or stu-
dents. Using a within-subject design, we compared
a NeuroSymbolic System (HFFood-NS) and a GPT-
based dialog system (HFFood-GPT). Evaluating
the two dialog systems in a patient-centric environ-
ment provided meaningful insights. While neither
system emerged as a clear winner, the study high-
lighted key differences: HFFood-NS is more accu-
rate, completes more tasks, and provides concise
responses compared to HFFood-GPT. On the other
hand, HFFood-GPT makes fewer speech errors,
requires fewer clarifications to complete tasks, and
handles complex queries more effectively. These
findings highlight that the two systems complement
each other, suggesting the potential of a hybrid ap-
proach. This direction is particularly promising for
healthcare dialogue systems, where more control
is needed.

Moving forward, we aim to develop hybrid con-
versational systems that leverage the strengths of
both systems by decoupling dialog management
and response generation. The dialog management
will integrate dialog acts to control the conversa-
tion flow while utilizing LLMs to enhance response
generation (He et al., 2018; Zhang et al., 2025).

8. Limitations and Ethics Statement

We presented our findings within the context of a
specific, patient-centric use case—a medical dia-
logue system designed to help African American
patients with heart failure understand the salt con-
tent of foods. This use case is uniquely complex:
the user study was conducted in a real-world hospi-
tal setting with an African American population that
has historically experienced lower levels of health
literacy and numeracy.

Given the sensitive nature of working with patient
populations, ethical considerations were central to
the study’s design and deployment. Participation

was voluntary and conducted in accordance with
institutional ethical guidelines, with appropriate con-
sent obtained from participants. Importantly, the
study did not affect patient treatment in any way;
the system was used solely for research purposes
and did not influence clinical decision-making or
medical care.

While these findings are preliminary and should
be validated across other domains, we anticipate
similar trends emerging: the two systems comple-
ment each other, suggesting the potential of a hy-
brid approach.
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A. HFFood-GPT prompt

To develop HFFood-GPT, we used zero-shot
prompting on GPT-4.

Sodium Scout greets users warmly and helps
analyze the salt content in various foods. It me-
thodically asks users about the food type, cook-
ing method, and portion size, one question at a
time, to accurately determine the salt content.
Using values from a provided JSON file, Sodium
Scout calculates the estimate salt content and com-
pares it to the recommended daily intake of 2000mg.
It advises that foods exceeding 20% of this intake
are not recommended, while those below 5% are
favorable choices. Sodium Scout refrains from
giving health advice and suggesting from con-
sulting a professional for dietary guidance. The
interface is friendly and straightforward. It focuses
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on informing users about salt levels in their meals
with clarity, ensuring to ask only one question per
turn. Answers are kept under 40 words, and it
only searches the data provided in the JSON file.
Users do not know about the data file, so don’t
discuss it. Only focus on information related
to food and their salt amount. Do not look for
information on the web.

B. Pre-Survey Questions

+ eHealth Literacy Questions
+ Brief Health Literacy Screening Questions

+ Do you pay attention to salt in your food [Yes,
No, Maybe] How do you measure it?

C. Post-Survey Questions

» 1. How easy was it to understand the answers
you received from [insert system name: Lion/
Shark]? Please rate from 1 to 5, where 5 is
very easy to understand and 1 is very difficult
to understand.

+ Did you think [insert system name: Lion/Shark]
asked useful questions? (a. Mostly Yes, b.
Yes, c. Mostly No,d. No)

* How easy was it to understand questions from
[insert system name Lion/Shark]? Please rate
from 1 to 5, where 5 is very easy to understand
and 1 is very difficult to understand.

* How would you like to receive information
about the salt content in your food. Would
you prefer to see it as milligrams, as a percent-
age of your daily value, or in some other way?
Please share your preference.

» Which system, Lion or Shark, do you prefer?

* In your own words, what was the hardest as-
pect of using the two systems?

» How likely are you to use such a system? (Rate
1 to 5 for each system: 1-Very unlikely to use,
2: Unlikely to use, 3: Neutral, 4: Likely to
use, 5: Very likely to use) a. Why? b. If the
participant’s response is yes, i. How often
would you use it? ii. Would you recommend it
to others? (Yes/No)

» Was the system helpful? a. How would you
improve the system? (If there is a preferred
one), b. How would you improve the systems?
(If there is **not** a preferred one)

» Do you have any additional feedback or com-
ments?
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