














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.

(a) Health Literacy Vs Preference

(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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Figure 4: Post Survey: How patients perceived
the DAs

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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