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Abstract

Genetic risk assessment (GRA) and genetic counseling have
become integral to optimal patient care for patients with can-
cer. At present, there is a limited number of qualified
healthcare providers who provide this service. To assist pro-
fessionals in the GRA process, we have combined social ro-
botics and retrieval-augmented generative artificial intelli-
gence (RAG Al) to provide education related to hereditary
cancer to be included in GRA sessions for individuals at risk.
This GRA application pushes the boundary on previously
available chatbots and Al systems by creating a novel and in-
teractive experience enhanced by professionally verified in-
formation. In the future, we seek to improve the app as it is
and obtain feedback from both GRA professionals and poten-
tial end-users that will be used to enhance the system and pro-
vide customized risk assessment. Overall, our GRA system
takes the next step towards informing patients of their hered-
itary cancer risk and pertinent care options.

Introduction

Cancer has always been a highly feared illness, especially
considering that the American Cancer Society expects
roughly 611,720 deaths in 2024 alone (American Cancer
Society 2024). Cancer is also a common disease, with an es-
timated 1 in 3 Americans diagnosed in their lifetime (Amer-
ican Cancer Society 2024). Public health initiatives recom-
mend cancer screenings for common cancer types, including
breast, colon, and prostate, among others (American Cancer
Society 2024). Early detection can increase a patient’s
chance of survival. Cancer screenings may be recommended
based on cancer incidence, personal and family history, and
a person’s genetic risk factors.

While cancer is common, only 5-10% of most malignan-
cies have an underlying hereditary component. The practice
of genetic counseling and genetic risk assessment (GRA)
helps to identify individuals who have an underlying hered-
itary etiology for their cancer and/or may be at increased risk
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of developing cancer in their lifetime. Results can impact
treatment and risk management options. The genetic risk as-
sessment (GRA) and counseling process involves compiling
a targeted oncology history, including demographics, per-
sonal history, family history of cancer, and other genetic risk
factors (Baptista 2005, National Comprehensive Cancer
Network 2023). After compiling this information, an appro-
priate medical provider would evaluate the person’s risk of
developing certain types of cancer, educate the patient, and
discuss the risks and options for genetic testing (Baptista
2005). Individuals can then decide on testing, relevant po-
tential treatment options, and cancer screening recommen-
dations.

However, these sessions are time intensive, and a limited
workforce of trained healthcare professionals provide this
service. As genetic testing guidelines broaden to include an
increasing number of eligible patients, health professionals
are overwhelmed by the volume of referrals (Al-Hilli,
2023). In our work, we seek to alleviate professionals’ bur-
den by utilizing social robots and artificial intelligence. Our
program, which we call the GRA app, uses the social robot
Pepper and a GPT-4-based chatbot to conduct the educa-
tional portion of these GRA sessions, with plans to expand
intake capability and risk assessment capability. Im-
portantly, it utilizes an embedded knowledge base to gener-
ate content via a process called retrieval augments genera-
tion (RAG). Using this system, we can guarantee the accu-
racy of the generated content while the social robot facili-
tates an engaging session to ensure participant retention of
information.

Previous Work

In previous research, simple Al chatbots have been used to
enhance GRA sessions (Al-Hilli et al. 2023, Gortz et. Al.
2023, Chen et al. 2024, Siglen et al. 2023, Dummer et al.



2023, Pan et al. 2023, Soley et al. 2023, Soni et al. 2024,
Roland-Vasquez et al. 2024, Wang et al. 2023). This pri-
marily includes the use of chatbots on a website interface
that can answer simple questions about genetics (Gortz et al.
2023, Siglen et al. 2023, Dummer et al. 2023, Soley et al.
2023), testing and treatment options (Dummer et al. 2023,
Roland-Vasquez et al. 2024, Wang et al. 2023), and other
general questions (Chen et al. 2024, Dummer et al. 2023,
Pan et al. 2023, Roland-Vasquez et al. 2024) on different
types of cancer. These chatbots are simple, as they can only
answer specific questions and have a very small knowledge
base. They are also limited to only one type of cancer, with
pancreatic and breast being the most common. Nonetheless,
these chatbots prove that Al can be used in GRA. A few
studies have even been conducted to assess the feasibility of
these robots, with tests being done to evaluate the accuracy
(Roldan-Vasquez et al. 2024), user experience (Soni et al.
2024), and effectiveness (Al-Hilli et al. 2023) of the chat-
bots. Lastly, similar Al has been used in GRA settings. The
two major applications of Al algorithms are genetic testing
assistants (Wang et al. 2023) and risk assessment tools that
use a variety of factors and patient information (Webster et
al. 2024). These Al tools, however, are still under review
and development.

Some have done various works with other Al chatbots and
social robots. Some of these applications include robots to
assist in dementia care (Yuan et al. 2023, Morris et al. 2024,
Liao et al. 2023) and dementia diagnosis (Liu 2024). How-
ever, most closely related to this GRA project, we have de-
veloped a social robot-based, Al-enhanced system to inform
novice dementia caregivers about any specific issues they
may be having. This system uses OpenAl’s GPT-4 to gen-
erate a presentation, question and answer session, and
knowledge quiz based on the specified issue the caregiver is
facing. This program, named RISE, also utilizes RAG to en-
sure only accurate and verified information is generated for
each session. This system is currently in testing, but initial
results already boast high levels of user acceptance and are
considered reliable by dementia caregiving experts. These
results come from personal feedback from our collaborators,
who have been very pleased with the reliability and usability
of the RISE system. Such a project proves the feasibility of
using Al-enhanced robotics in healthcare applications to in-
form users about certain conditions with verified infor-
mation.

Lastly, RAG Al is already being used in conjunction with
other large language models (Chen et al. 2024, Wang et al.
2024, Atuhurra 2024, Kang et al. 2024, Yu et al. 2024,
Salemi and Zamani 2024, Zhao et al. 2024). Given the tech-
nique’s recent emergence, several studies have been done to
investigate its capabilities (Chen et al. 2024), potential
(Wang et al. 2024, Atuhurra 2024, Kang et al. 2024), and
quality (Yu et al. 2024, Salemi and Zamani 2024, Zhao et
al. 2024). While looking into its capabilities, one study
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sought to benchmark various large language models (LLMs)
when combined with RAG (Chen et al. 2024). They found
that all models improved thanks to RAG implementation,
mostly due to reduced hallucinations or the generation of in-
correct content (Chen et al. 2024). Furthermore, in studying
the potential for RAG in various settings, studies have found
applications in healthcare decision-making (Wang et al.
2024) and with robots for enriched interactions (Atuhurra
2024) and personalized usage (Kang et al. 2024). Such ap-
plications show that RAG can be implemented in various
settings, including clinical ones. Further building off this, a
few studies have gone through the process of verifying the
reliability of RAG Al (Yu et al. 2024, Salemi and Zamani
2024, Zhao et al. 2024). These studies have found that, when
combined with prebuilt LLM models, RAG Al-enhanced
the model’s ability to generate verified and correct infor-
mation, greatly reducing the chances of hallucinations (Yu
et al. 2024; Salemi and Zamani 2024). Furthermore, they
found that the applications of RAG Al are boundless, given
its relative simplicity and ability to be applied to any model
(Zhao et al. 2024). This means such a process can be used
in various settings, from personal use to healthcare to busi-
ness. Overall, RAG Al has already proven capable and so-
phisticated enough for various settings, including
healthcare.

RAG Al

The most crucial and technologically advanced part of the
GRA application is using RAG Al. As previously men-
tioned, this system allows us to ensure quality responses by
limiting the AI’s knowledge base to certified texts. Our col-
laborators at our university's medical center include an on-
cology genetic counselor, surgeon, and nurse practitioner
who each have experience in GRA and/or the treatment of
colon cancer. They provided us with an array of books, web-
sites, and medical literature related to hereditary cancer, ge-
netic counseling, and genetic risk assessment. Content in-
cluded expert guidelines from the National Comprehensive
Cancer Network and the National Society of Genetic Coun-
selors, among others.

Our process of using RAG Al, as depicted below in Fig-
ure 1, is fairly simple. First, the knowledge documents are
split into sets for easier embedding. Typically, this split is
determined by the developers. In this case, we grouped in-
formation based on category, whether general knowledge,
ethics, genetic testing, or treatment options. Each document
is then processed using text preprocessing techniques, in-
cluding tokenization, stemming, and stop-word removal, to
ensure that only the most relevant information is retained.
Once split, the data is vectorized and put into a vector stor-
age system. There are several options, but we use Pinecone



embedding for this step, given its easy-to-use API and inte-
gration with OpenAl’s GPT models. With the information
now embedded, the chosen Al model (in our case OpenAl’s
GPT4) can be fed the necessary information to answer user
questions. For example, when a prompt (anything from the
generation of slides to specific user questions) is given to
the Al model, the vector storage also undergoes a similarity
search. For instance, if a user queries about the genetic risk
factors for colon cancer, the system searches the vector
space for the most semantically similar documents or sec-
tions. Any terms or key information related to the input
prompt is given directly to the model. The model then gen-
erates a response to the prompt using only the information
given by the vector storage. In doing so, the Al model is
limited to the information we give it while still answering
the user input to its utmost capability. By limiting the input
information, the AI’s outputs must be based on the vector-
ized knowledge. Therefore, we can ensure the outputs of the
generative Al will only be based on the certified information
from our GRA collaborators. As such, we create a genera-
tive Al system that can create unique sessions for each user
while also maintaining accuracy, unlike other automated or
generative systems.

_~"Relevant ™ @’
— “Information ~
'.‘."""‘"zﬂ:} T OpenAl Model
= (K N N N N ] Terms | Output
£ eeeeve | fomte reflects
Splitinto | input are knowledge
sets eoecee " searched " from
(N N N N N for in the original
T Vector Storage Ve Model Output || gocument
Splits
uates;:med I Can be
daveloper - g direct
~ Similarity ™. 9 s
L e T input or
> User Question/ || Prompt
o Prompt engineered

Figure 1: Diagram of RAG Al Flow

We chose to use OpenAl’s model due to its extreme
power and optimization, as well as its compatibility with
various embedding models (OpenAl 2024). OpenAl’s GPT-
4 model has already proven itself to be more than capable of
completing the tasks of the GRA project, primarily through
its sophisticated and highly trained NLM base (OpenAl
2024). Furthermore, it is compatible with LangChain em-
beddings and with the social robot Pepper (which runs on
Python 2.7) (OpenAl 2024). Lastly, OpenAl’s models have
been used in similar research in the past (Yuan et al. 2023,
Liu 2024), giving us an edge in experience and making the
development of the GRA app easier. Overall, the choice of
the Al model comes down to robustness and familiarity, of
which OpenAl has both.
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Our use of RAG Al represents a significant advancement
in the field of unifying representations for robot application
development by integrating the strengths of both retrieval-
based and generative models. By leveraging vast external
knowledge bases, RAG Al enhances a robot's ability to ac-
cess relevant information dynamically, which is essential for
applications requiring real-time data and context awareness.
This capability allows robots to respond more intelligently
to user inquiries and adapt to diverse scenarios by retrieving
pertinent knowledge while simultaneously generating co-
herent and contextually appropriate responses. RAG Al fos-
ters a more seamless integration of diverse representations,
such as text, images, and sensor data, into a unified frame-
work. This unification not only streamlines the development
process but also enables robots to operate more autono-
mously and effectively in complex environments. By im-
proving information retrieval and natural language pro-
cessing capabilities, RAG empowers robots to provide more
accurate, context-sensitive interactions, enhancing user en-
gagement and satisfaction in various applications, from
healthcare to education.

Overall, using RAG Al in this project allows us to create
a much more sophisticated system that only generates veri-
fied content. With this, we can use generative Al to create
novel and customized sessions for each user while maintain-
ing the knowledge level that traditional GRA sessions would
provide. Given the verification of previous works’ pro-
cesses, it is safe to say that RAG Al is the cornerstone that
propels this GRA application to new heights.
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Figure 2: The GRA App Flow

The GRA App

The GRA app is divided into two parts: the social robot and
the Al-enabled application. Both parts bring a unique aspect
to the project, enabling it to go above and beyond previous
work. We use the social robot Pepper, which is a humanoid
with a non-moving face and 20 degrees of freedom. It also
features a tablet interface and a microphone for voice con-
trol. Users can touch the screen or give voice commands to
control the app. This robot has been used in various projects
in similar research. Within these projects, participants have



been highly receptive to the robot, with many enjoying its
looks, voice, and movements (Morris et al. 2024). They also
enjoy interacting with the tablet interface since it is easy to
control (Morris et al. 2024). We have created the GRA pro-
gram as an app on Pepper, where information will be pre-
sented, users can ask questions, and the RAG Al will be
used. The outline for this app is shown in Figure 2 and can
be broken down into three parts: presentation, question and
answer (Q&A), and knowledge quiz.

AI-Generated Presentation

The first part of the GRA app is a simple presentation of the
user’s diagnosis and potential genetic testing. This serves as
a simple introduction to the session and directly provides
relevant information to the user. The slides are generated us-
ing the previously described RAG Al system and displayed
on the Pepper robot’s tablet interface. The robot will narrate
the slides, discussing each as the user scrolls through them.
While speaking, the robot will make simple gestures and
maintain eye contact with the user to foster engagement. The
user can change slides using buttons on each corner of the
screen and have the robot repeat a slide using another button
on the bottom of the screen. Since only the text is Al-gener-
ated, it is difficult for images to be specific to each genera-
tion. However, we still use more generic images for each
slide to go with the theme (general information, genetic test-
ing, etc.). In future application iterations, we may also en-
hance the Al functionality to generate images to comple-
ment the text. Otherwise, we can include generic images/di-
agrams of the cancer or body.

Currently, our app focuses on colon cancer for simplicity
as we study the efficacy of the GRA app. However, by ex-
panding our reference library of sources, this can be ex-
panded to any cancer type using RAG Al. We can also easily
change the topic of each slide depending on user and/or ex-
pert preference. For example, we can generate slides if the
healthcare providers want patients to learn about certain top-
ics. Overall, the presentations are easily adaptable for future
generations but are currently limited, given the current
scope of the project.

Al-Powered Q& A

Mimicking traditional GRA sessions, individuals will have
the opportunity to ask clarifying questions. The second part
of the GRA app is the Q& A session, where users can ask the
robot any question and receive an appropriate answer. The
screen will look like a traditional messaging system, with
user inputs on one side and robot responses on the other.
Users can type questions via the touch screen or speak using
the embedded microphone. Once they hit the “submit” but-
ton, the RAG AI will respond appropriately while using the
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embedded library of information. The robot will then speak
this response, using simple gestures and eye contact to en-
gage with the user.

In this session, users can ask any lingering questions that
still need to be answered or clarified in the presentation sec-
tion. This can range from questions on how genetic testing
might work to asking for clarification on certain options. Re-
gardless of the question, the Al will only generate an answer
that uses information from the embedded knowledge base.
This way, only correct answers are given. If a user’s ques-
tion cannot be answered using embedded knowledge, the ro-
bot will state that it cannot answer it and refer the user to a
professional. Overall, the Q&A section will help ensure the
patient is informed before speaking with their healthcare
provider.

Al-Enabled Knowledge Quiz

The final part of the GRA app session is a simple knowledge
quiz. Here, the RAG Al generates five multiple-choice ques-
tions based on the knowledge presented in the presentation
section. The RAG Al will generate the correct answer, but
the standard GPT-4 model will generate the three incorrect
answers. This is because the RAG Al would generate three
answers that are extremely similar to the correct one, mak-
ing the question overtly difficult. Using the base model to
generate incorrect answers, the review quiz is not too diffi-
cult and remains perfect for a simple review.

This quiz aims to test the user's knowledge and under-
standing. It is meant to serve as a brief review of the infor-
mation to ensure comprehension. If desired, the user can re-
peat the presentation or Q&A session if there are topics they
need help comprehending. Ultimately, the review quiz
serves as a simple test of knowledge for the user to be con-
fident in their understanding.

Discussion

Contributions and Implications

The development of the GRA app represents a significant
advancement in Al-powered genetic risk assessment. RAG
Al sets a new bar in using chatbot systems, enabling high-
quality outputs not corrupted by misinformation. Addition-
ally, since this algorithm can be easily updated via new em-
beddings, the RAG Al can swiftly account for and use new
techniques and information as the field progresses. This in-
cludes changes in cancer treatment, genetic testing, and new
forms/methods of GRA and genetic counseling. Further-
more, our use of RAG Al also allows for more customizable
sessions. Just as it can be updated with new information
from the research field, the system can also be updated for



each user to account for personal information and medical
history. This includes family histories, lifestyles, and behav-
iors that can affect their health. Compared to most Al-based
chatbots, this system is the easiest to personalize since the
embeddings can be done quickly and automatically. Addi-
tionally, given the generative nature of the presentations, the
personalized information can easily be added which each
session, making the sessions more engaging and useful for
each individual user. Overall, the GRA app sets new bounds
in how generative Al can be used in the medical field, as it
showcases a secure, verifiable, easily personalized, and up-
datable system while generating unique sessions for each
user.

The GRA app also furthers the field of social robotics. By
using the Pepper robot, we show another application for the
interactive robot in a new sub-specialty in healthcare. Here,
the use of the robot makes the session far more interactive
than a web- or tablet-based interface. As such, the session is
more engaging and could be more impactful for users. While
the use of the robot is not as unique, integrating RAG Al is
yet another research milestone. Our success in integrating
this model with a social robot shows that these robots can be
custom-tailored with information, making them more per-
sonalized for each user. As mentioned, this can be updated
easily, making the system readily adaptable. Overall, the
GRA app is a novel development in social robotics.

To summarize, the system has the potential to scale can-
cer genetic counseling services and make them more acces-
sible to a wider population by leveraging RAG Al and social
robotics. The personalized health information provided by
the GRA App empowers patients to make informed deci-
sions about their health and enhances patient-provider com-
munication, fostering shared decision-making.

Larger Impacts

From a healthcare perspective, the GRA app could alleviate
some burdens on genetic counselors and other healthcare
professionals. By automating initial risk assessments and
providing detailed information to patients, healthcare pro-
viders can focus their time and resources on more complex
cases and treatment planning. This efficiency could lead to
more effective use of healthcare resources, improved patient
outcomes, and potentially reduced healthcare costs.

On an individual level, the GRA app empowers users with
knowledge about their genetic risks and healthcare options.
Informed patients are better equipped to make proactive de-
cisions about their health, such as undergoing appropriate
screenings, adopting preventive measures, or seeking timely
medical advice. This empowerment can lead to a more en-
gaged and health-conscious population, improving public
health outcomes. Moreover, the GRA app's personalized ap-
proach ensures that users receive information specifically
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relevant to their unique genetic risk profile. This level of
personalization enhances the user experience and ensures
that the advice and recommendations provided are practical
and actionable for each individual.

Early interventions are typically less expensive and more
effective than treatments required at later stages of the dis-
ease (Luvhengo et al. 2023). Consequently, the GRA app
could contribute to significant cost savings for individuals
and healthcare systems.

Limitations and Challenges

Although the GRA app does set new ground regarding RAG
Al and social robot development in healthcare, it has limita-
tions and challenges moving forward. The major limitation
is its limited scope. To ensure adequate case volume and ef-
ficacy for our initial study, the GRA app is currently only
designed for individuals with colon cancer. At present, the
app is not well suited to provide GRA sessions to persons at
risk of other cancer types. Furthermore, the limited scope of
sessions makes it difficult to get all of the information to the
users. The lack of personalized data input by the patient
does limit the personalized education available to users. As
such, information provided through the robot, while verified
by experts, is very generic. Full risk assessment and whether
a patient qualifies for hereditary cancer testing outside of
their colon cancer diagnosis is not available through the
GRA app at this time.

In addition to the limitations of the app and Al, the robot
also has a few limitations. Although we have not yet con-
ducted user testing, we fear the robot may have issues re-
garding user interactions. First, the tablet may be small and
hard to read. Although the button layout and texts are as
large as possible, concerns about a bland design or confus-
ing layout may arise. As such, we are constantly looking to
improve the Ul, with many changes being suggested by col-
laborators and users.

Furthermore, we are concerned with the speech-to-text
function used in the Q&A session. We currently use the em-
bedded function with the robot, but there are concerns with
different accents. Variations in speech and accents may be
difficult for the system to pick up on, leading to frustrations
as the microphone does not hear them properly. This will
have to be tested with end-users, but we seek to use more
advanced systems in the future. Nonetheless, despite these
limitations and challenges, we seek to have the GRA app
push the boundaries in the field of Al and robots in
healthcare and health informatics.

As with any technology used in healthcare, ethical con-
siderations are paramount. Integrating Al and social robots
in genetic counseling raises several ethical questions. One
major concern is data privacy and security. The GRA app
handles sensitive personal information, including genetic



data and family health history. Ensuring this information is
stored securely and responsibly is crucial to maintaining pa-
tient trust. The most efficient way to address this is to im-
plement whatever data encryption and protection the facility
uses. Most hospitals and medical facilities use highly secure
data protection algorithms to protect patient information,
and since the GRA app would work on their network it
would be easy to implement such protections. Another ethi-
cal consideration is the potential for bias in Al-generated
content. Although RAG Al uses verified sources to generate
responses, it is essential to continually monitor and update
these sources to prevent disseminating outdated or biased
information. Additionally, the Al system must be transpar-
ent about its limitations. If the system cannot provide a spe-
cific answer, it should communicate this to the user and sug-
gest consulting a human professional. There is also the ques-
tion of accessibility and inclusivity. The GRA app must be
designed to be accessible to users from diverse back-
grounds, including those with different levels of digital lit-
eracy. As previously discussed, the speech-to-text function
should be capable of understanding various accents and di-
alects to ensure that all users can interact with the system
effectively.

Future Work

As this project progresses, we seek to test and further im-
prove the GRA app to accommodate professional standards
and user desires better. This process will begin with two
small-scale studies. First, our collaborators and other pro-
fessionals in the GRA field will evaluate the system's quality
and reliability. They will be invited to participate in sessions
and provide feedback on the UI, session content, and any
other critiques they have. We will measure quality and reli-
ability by comparing the Al-generated content to that pro-
vided by GRA experts, ensuring all generated content is ac-
curate. Moving on from this, we also wish to host workshops
and study sessions with potential end-users. In these ses-
sions, people who have been through or recommended GRA
will be invited to participate in a robot-guided session.
There, they can provide feedback on the system's various
aspects. This can include the UI and its layout, the app’s ease
of'use, or even how useful the generated content is. This will
focus more on user acceptability and app feasibility, as the
content presented has already been verified. While these
studies are not fully planned out at this point in time, we will
put together a more comprehensive plan as the app is com-
pleted and we identify areas that need to be studied more
intensely. Altogether, these two studies will provide insight
into which aspects of the system need improvement and
which aspects need to be kept the same.

We also want to make technological improvements to the
app eventually. For example, we want to incorporate more
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personalized aspects for each user, including family history,
personal health and habits, and other cancer risk factors. In
this, we can make the GRA app more personalized and tai-
lored to each user, resulting in a more impactful session. We
also want to branch out to other cancer types. We are cur-
rently focusing on colon cancer, but with more embedded
information, we can tailor the session to various other ill-
nesses depending on the user.

Additionally, we want to use more sophisticated systems
for speech-to-text to address concerns about the robot
properly understanding different accents. Our current pro-
jection is to use an Al-enhanced system, like OpenAl’s
Whisper, that is trained to understand a variety of accents.
This would likely improve user acceptance of the system, as
users would be less frustrated with the speech functionality
and interactions. Lastly, we will also incorporate the
changes suggested in the studies we plan to run. This might
be changes to the UI, the robot, or the general app design.
The goal of these changes is to improve user acceptance,
which will, in turn, make the app more useful and get more
use from end-users. Overall, we hope to continue improving
and changing this app to serve its end goal of helping people
be more informed about their health and healthcare options.

Conclusion

We seek to have our app be one of the best novel tools to
assist in GRA. Using novel systems like RAG Al and social
robotics, this system can provide information to users relia-
bly and effectively. Our use of RAG Al enables the system
to generate new content for each session while maintaining
validity through verified sources. Furthermore, using social
robots creates a more engaging session, resulting in a more
impactful session for users than a web-based service. And
while we still have room for improvement, we have already
set goals to make the GRA app better for users in the future.
Using novel technology and systems, our GRA app sets a
new bar in automated health sessions to assist professionals
better and benefit patients.
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