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Abstract. This paper describes a project exploring the feasibility of utilizing a 
chatbot to support informal carers of persons with heart failure, using the contents 
of a pre-existing co-designed online support programme. We describe the devel-
opment and evaluation of a prototype using a large language model and discuss 
future research directions as well as expected impacts. 
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1 Introduction 

With increasing life expectancy and better treatment and care, more people are living 
longer with chronic conditions [1] such as heart failure (HF). HF is a serious and un-
predictable syndrome that affects about 2% of adults and progressively worsens over 
time. The prevalence increases with age, and having HF implies both physical and psy-
chological symptoms. Commonly, HF leads to symptoms like breathlessness and fa-
tigue which affects the ability to be physically active. Furthermore, symptoms of de-
pression and a lower perceived health related quality of life are common [2].  

1.1 The scope of informal care 

Informal care typically refers to unpaid support, help, and care provided by family 
members, friends, or neighbors. In Europe approximately 15% care for someone [3] 
and from a life perspective, everyone will, at some point, provide informal care. Infor-
mal carers support persons with HF both practically and emotionally [4] and, with self-
care [5]. Diligent self-care is important for both health and survival [6]. Although care-
giving can be rewarding [7], it can also be experienced as strenuous and demanding [8]. 
The unpredictability of HF influence caregiving [9], and carers may lack support, es-
pecially from health care providers [4].  
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1.2 A co-designed online support developed within a healthcare context 

As part of approaching health care and welfare’s challenges, digitalization is high-
lighted as an opportunity to address the discrepancy between resources and needs [10]. 
This is a motive for finding ways to (gently) push the utility of digital solutions as part 
of regular health care and welfare. Therefore, to support those carers who wish to re-
main in their caring roles, we employed a co-design methodology with the intent of 
identifying what could be considered relevant online support. The content in the online 
support was developed in cooperation between informal carers, practitioners with rele-
vant competence (e.g., nurses, physicians, physiotherapists and a social worker) and 
researchers. The co-design process is described in detail elsewhere [11]. The online 
support is hosted on a national health portal called 1177. On this platform, Swedish 
citizens can access their medical records and book appointments with health care pro-
fessionals. The platform also includes professionally developed and reviewed infor-
mation about diseases, treatments, and prevention. Despite the platform’s widespread 
use, we have identified challenges in offering online support, specifically to informal 
carers of people with HF. One of these challenges concerns that even though carers 
who have used the online support identified how it could be valuable for them, they 
may find it overwhelming to go through all content, which they perceive as compre-
hensive (unpublished work). A more tailored solution could, for example, be time-effi-
cient by helping carers find material or answers they need or wish for more easily. 

1.3 Opportunities and challenges of large language models for tailored 
support to carers 

LLMs have gained widespread recognition, especially through the introduction of the 
generative Artificial Intelligence (AI) model ChatGPT introduced by OpenAI in No-
vember 2022. LLMs can be made useful in a wide variety of user scenarios, such as 
interactions with humans in health care settings [12,13] where it may even be able to 
provide higher quality and more empathetic answers than physicians in some cases 
[14]. Benefits of using LLMs could include more personalized medicine and care, e.g., 
information and advice adjusted to fit different (health) literacy levels [15,16] and life 
situations. Furthermore, it could be helpful for avoiding ‘information overload’ [17], 
i.e., provide comprehensive answers to personal questions. In relation to its use within 
a health care context, concerns about its ability to align with human values and ethics 
have been raised [18,19]. The use of LLMs with an interface such as ChatGPT has also 
been considered to involve risks of, for example, giving biased answers [19] and, con-
trary to what is mentioned above, being unable to be empathetic in communication with 
users [15]. Moreover, when put under pressure, a LLM used as a chatbot has been noted 
to provide false answers, i.e., hallucinations [12]. In relation to this risk, De Angelis et 
al. (2023) [18], pp.5 have pointed out that: “ChatGPT’s ability to follow users’ instruc-
tions is a double-edged sword: on one hand, this approach makes it great at interacting 
with humans, on the other hand being submissive ‘ab origine’ exposes it to misuse, for 
example by generating convincing human-like misinformation.”.   
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2 Objective, Method and Planning  

To address the need for more tailored and personalized support for informal carers of 
persons with HF, we wish to explore the potential of using an LLM in conversations to 
provide valid and reliable answers to carers’ specific questions and concerns. In this 
paper we describe the development of a prototype for such a conversational agent and 
outline the approach to evaluating the prototype. We also present the preliminary find-
ings from our initial testing sessions. 

2.1 Creating textual data for a conversational agent using the co-designed 
content 

The online content on 1177 comprises 15 modules, each addressing a specific topic and 
consisting of several separate web pages. Topics include providing information and 
input concerning HF, what it could mean to be a carer, what support is available for 
carers, emotional reactions related to living with someone with a serious illness, inti-
macy and sexuality when living with someone with a heart condition, and end-of-life 
considerations. In total, the online support contains 83 separate web pages with text, 
videos, links, and images. The material in the support programme was converted to 
text, from which relevant parts were selected for the inclusion in the conversational 
agent. For instance, we discarded image captions and sections only consisting of links 
to webpages for further reading.  

 
2.2 Using Retrieval-Augmented Generation  

In addition to the above-mentioned risks with current LLMs, another significant chal-
lenge with them is their reliance on the vast amounts of pre-existing training data. If 
one wants to apply an LLM in a more specific context, or in a domain with specialized 
data, these models will ‘out of the box’ probably not be able to deliver the appropriate 
output, because they have no ‘knowledge’ of the domain. To address this gap, Re-
trieval-Augmented Generation (RAG) has emerged as a promising solution [13]. RAG 
integrates the power of LLMs with the precision of retrieval-based systems, enabling 
the incorporation of specialized domain data into the generation process. This hybrid 
approach leverages the strengths of both paradigms: the generative prowess of LLMs 
and the context-specific retrieval of information in the given domain. Here we describe 
the development of such a system in the domain of an online support for informal carers 
of persons with HF. 

The concept of RAG can be broken down into two parts: The retrieval component 
and the generation component [20]. The first component applies methods to index, 
search and fetch relevant documents given the user’s query, while the generation com-
ponent incorporates the information provided by the retrieval component together with 
the user query and prompting instructions to generate a response from (for instance) an 
LLM. However, the structure and inner workings of a RAG-pipeline, employing the 
two components, can be realized in many ways depending on the needs of the domain 
at hand. For instance, Zhao et al (2024) propose a taxonomy of four different types of 
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RAG foundations: Query-based, Latent Representation-based, Logit-based, and Spec-
ulative [21]. To our knowledge, the Query-based foundation is the most widely adopted 
due to its flexible nature. In this work we focus on this approach, and when referring to 
RAG, we therefore mean a Query-based RAG. For a description of the other pipeline 
types, see Zhao et al [21]. 

2.3 Technical description 

From a software development point of view, a clear goal of the project has been to 
create a highly modular system with components that could easily be replaced or mod-
ified during the development process. While a basic system could be implemented with 
the help of pre-existing Python libraries such as LangChain or LlamaIndex, they (dur-
ing the time of development) lacked the chunking system described in the following 
section. We therefore opted to not use any of these libraries. This section gives a brief 
overview of the parts that are implemented, and some suggestions for further additions. 
Both the embedding models and LLM can easily be replaced. Until now, we have been 
using the text-embedding-ada-002 and GPT-4, provided via Microsoft Azure. 

Retriever 
The retriever component serves as a fundamental mechanism for sourcing relevant in-
formation from a large corpus of data, which is subsequently used by the generator 
component to construct responses. The retriever’s primary function is to quickly and 
efficiently query a vast dataset and return the most relevant documents or text passages 
in response to a user’s input. 

Vector database 
The primary purpose of a vector database is to facilitate the efficient and effective re-
trieval of semantically relevant information. This is achieved by transforming textual 
data into high-dimensional vector embeddings, which capture the underlying semantic 
meanings of the text. The vector database stores these embeddings, allowing for rapid 
and accurate similarity searches based on these semantic representations. By storing 
text as vector embeddings, a vector database enables the system to perform high-di-
mensional similarity searches efficiently. However, how the text is stored in the data-
base has to be considered. A naive approach is to select spans of N characters, words, 
or sentences in the text, and embed each span as a separate entry in the database. How-
ever, this will often give suboptimal search results. When text passages are arbitrarily 
divided, important contextual links between segments are lost. For example, a detailed 
explanation of a concept might be split into two parts, with the first part ending with a 
crucial introductory explanation and the second part beginning with the core details. If 
these segments are stored as separate entries, without any relational links, a query rele-
vant to this topic might retrieve only one of the segments. 

Instead, we use a "chunking" method with the purpose of keeping similar topics or 
themes found in the source text as individual units. This process involves generating 
sentence-level embeddings. These embeddings are subsequently processed using a 
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sliding-window algorithm to evaluate the relationships between consecutive sentences. 
The key metric employed is the cosine distance between the embeddings of adjacent 
groups of sentences. This distance measures the semantic divergence between sen-
tences. When the cosine distance surpasses a predefined threshold, it indicates a signif-
icant shift in semantic content, prompting the algorithm to group these sentences into 
the same chunk. Each chunk thus represents a coherent concept or idea that extends 
over multiple sentences. The chunking process is visualized in Figure 1. For instance, 
if chunk #7 contains information about training exercises suitable for someone with 
HF, and the database search finds a good match with some group of sentences in the 
chunk, ‘all’ the sentences from the chunk will be delivered as the search answer. This 
provides complete context given the user query. 

 
Fig. 1. Vizualisation of the chunking process on example data. When the cosine distance be-

tween adjacent groups of sentences exceeds the threshold, a new chunk is initiated. 

Contextualiser 
The main purpose of this component is to improve how the system understands and 
responds to user inputs. This component rewrites user input from the chat history, 
which is important for several reasons. First, it helps clarify unclear or vague inputs 
from users, making it easier for the system to identify what the user is asking and to 
fetch the most relevant information. This clarity is crucial for accurate information re-
trieval. Additionally, by incorporating relevant details from earlier in the conversation, 
the contextualizer improves the quality and appropriateness of the system’s responses. 
In our implementation this is achieved by prompting an LLM with a combination of the 
user query and the conversation history. In the prompt we instruct the model to clarify 
the user input, both regarding any references to earlier exchanges, and vague wordings 
that are hard to find relevant passages for in the vector database. 

Generator 
The purpose of this component is to synthesize responses based on the information 
retrieved during the retrieval step. In our system, this consists of a conversational 
prompt that contains the retrieved information along with detailed instructions on how 
the LLM should respond, its role in the conversation, terms to avoid, etc. Since the 
focus of the project so far has been on the retrieval part and ensuring the system re-
sponds with accurate information, not much development has occurred in this area. 
Moving forward, additional components could be added to this step, such as 
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functionality to handle conversation states and a post-processing module to correct fac-
tual errors or other undesirable responses from the LLM. 

2.4 Approach to evaluation of the prototype 

To test the prototype, we are applying what could be referred to as a ‘human-in-the-
loop approach’ [19] to qualitatively evaluate answers that the model produces. Cur-
rently evaluation includes a fixed number of questions (n17) relating to different top-
ics/modules in the support programme. The intention is to have the same questions in 
each testing session. This is to balance the potential to identify patterns of desired and 
undesired features in the answers (e.g., hallucinations, tone, bias, etc.) with being able 
to conduct the necessary number of testing sessions without them becoming too time-
consuming. Each question is ‘asked’ two times, and answers are evaluated by the 
model’s choice of context for answers (precision and recall of context) and the correct-
ness of the answers, and if any, the type of inaccuracies in answers (answer relevancy 
and faithfulness). This approach is inspired by Es, James, Espinosa-Anke and Schocka-
ert [22]. The answers are compared, and determination is made as to which answer is 
considered qualitatively the best. Each testing session is summarized and documented 
and is discussed with the technicians who then can adjust parameters in the model. This 
approach allows both an iterative and structured process.  

Initially evaluation has involved two researchers (HA, AS) who both are registered 
nurses and together have expertise in Swedish health care organization and more spe-
cifically also in HF and in informal caregiving. Both have been involved in the devel-
opment of the support programme used for context and one of the researchers (HA) is 
very well familiar with the material since she also was involved in building the pro-
gramme online. 

3 Preliminary findings and expected contributions 

In relation to our initial evaluations, we have so far implemented the above described 
contextualizer. We have also adjusted the model’s temperature to make it less creative 
(hence more stable in each answer) and moreover increased the number of contexts that 
the model can use to support more complete answers. We have identified that our model 
is able to provide relevant answers with no obvious or harmful hallucinations. The 
model has the potential to be ‘stable’, in the sense that it provides similar answers when 
asked the same question twice. Providing predictable answers can enhance the percep-
tion of accuracy, which could also imply trustworthiness [13]. Current challenges lie in 
‘helping’ the model to choose more accurate context from the online support as we can 
see that some types of questions seem to support relevant choice of context more accu-
rately than others. Another challenge is to find a way to help the model adopt the right 
tone in its responses, providing carers with empathetic answers that consider the foun-
dational values identified through the co-design process. Being able to provide answers 
that are correct and trustworthy as well as empathetic can be deemed especially 
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important in a health care context [23,12]. Including healthcare professionals in the 
evaluation process of these aspects, as we have done, is therefore considered pivotal. 

When we have a more refined prototype, we are planning to continue with a co-
design process including potential end-users (informal carers), designers, and research-
ers to further develop and study interactions with the model to investigate how to design 
a system (chatbot) that takes advantages of technology without risking important values 
in health care. This can be important to increase the likelihood that the effort put into 
creating relevant support will be implemented in clinical settings, and thereby contrib-
ute to addressing future challenges with resource shortages in health care and welfare. 
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