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Abstract—The Icelandic healthcare system faces challenges
common to many Western countries, e.g., staff shortages and
high workloads, with negative impacts on patient care. Long
waiting times, overcrowded clinics, and overworked healthcare
professionals contribute to diminished healthcare quality. To
address these issues, we propose a system for patients and
providers to alleviate pressure on primary care clinics. The
system consists of an AI model for triage, a Questionnaire
User Interface (QUI), and a Consultation User Interface (CUI).
The QUI aims to reduce unnecessary in-person consultations
by allowing patients to answer questions related to their well-
being and medical history, similar to those posed during health
center visits. The AI triage model assesses risk levels for specific
disease groups by analyzing patient responses to the questions
and determines the necessity of an in-person visit. The CUI
facilitates the diagnosis and scoring of patients when further ex-
amination is required. The obtained risk scores inform treatment
advice, optimizing healthcare professionals’ decision-making. A
feasibility study showed that the system could be integrated with
the clinical workflow, such as automatically filling clinical text
notes, saving doctors valuable time. By taking an user centered
design approach and using AI for symptom scoring and patient
classification, the system has the potential to enhance healthcare
provider efficiency and improve consistency in patient care.

Index Terms—triage system, user centered design, feasibility
study, primary care

I. INTRODUCTION

The health care system in Iceland, like in many other
Western countries, faces significant challenges due to the lack
of staff and high workload. Under-staffing in the healthcare
system leads to lower-quality services and has a negative
impact on patient outcomes. There is a high demand for
medical services, far more than the health system staff can
provide. This has led to long waiting times at health centers
and overwhelming traffic in emergency rooms. Doctors are
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increasingly looking abroad for work in the hope of better
working conditions, further exacerbating the problem [1], [2].

Patients often have to wait for hours in overcrowded clinics
before they can see a doctor. Furthermore, when a specialist
is needed, the wait for an appointment can be days, weeks,
or even months. This has the effect that people are less likely
to seek medical attention, despite the need for it, which can
have serious, harmful consequences for their health. On the
other hand, it is not uncommon for people to seek health care
for problems that could be treated at home with self-treatment
[3].

Increased workload and stress also affect healthcare profes-
sionals, who are forced to work faster and more efficiently
to meet this increased demand [4]. This can have a serious
effect on them, both physically and mentally, which can lead
to misdiagnoses, mistakes, and burnout [5]. In addition, the
increasing workload of doctors and nurses reduces their time
with each patient. Physicians under high workload are also
more likely to give in to pressure from patients and prescribe
antibiotics or refer the patient for diagnostic tests that are not in
accordance with clinical guidelines. Antibiotics have negative
side effects and spur the creation of antibiotic-resistant bacteria
that are estimated to cause the death of 5 million people
annually worldwide [6].

The lack of staff in health centers and the high demand for
medical assistance are not the only reasons why doctors have
little time with patients. Outdated, inefficient, and unfriendly
software – used by doctors to manage patient information, note
visits, etc. – takes valuable time out of their day that could
be better spent diagnosing and treating patients. Doctors in
clinics have to spend three hours typing and processing data
on a computer for every hour they spend with a patient [7].
Therefore, there is a need for solutions that can ease the work
of healthcare professionals, reduce stress and increase their
time with patients.



In this paper, we present a system intended to reduce the
pressure on primary care clinics. Electronic triage systems
in healthcare have been most prevalent in the emergency
medical services field. Their feasibility and applicability in
a primary care setting are understudied and have mixed
results [8], [9]. Our work describes the integration of artificial
intelligence (AI), database, application programming interface
(API), and user interfaces in a system for triaging patients
seeking primary care. Furthermore, we present an evaluation
of the feasibility of our approach.

The system is a web application and consists of a Ques-
tionnaire User Interface (QUI), a Consultation User Interface
(CUI), and an API connecting system components, such as
the AI triage model and the database. The main purpose of
the system is to reduce the burden on healthcare workers due
to high numbers of patients seeking primary care. The QUI is
publicly accessible to individuals who intend to seek medical
assistance at primary care clinics. These potential patients an-
swer questions using this interface related to their well-being,
current medical conditions, and their clinical history. The final
set of questions that users get changes dynamically according
to their symptoms and demographics. These questions are
stored in a database accessible via an API.

The AI triage1 model predicts risk levels (probability) of
specific disease groups, based on patient responses to selected
clinical questions, similar to those asked when patients seek
medical care at the health centers. These risk scores are
used to characterize patients by determining the likelihood of
certain clinical disorders, such as strep throat or respiratory
infections. By triaging patients in this manner before in-person
consultations, low-risk patients can be offered other means of
communication. This AI model was developed by Ellertsson
et al. [10].

The CUI has modules for clinicians to maintain and struc-
ture the system’s data, as well as to visualize and interpret
research statistics related to their patients. Once a patient has
answered the questionnaire, and it has been determined that
their condition requires further examination by a healthcare
professional, the system gathers all relevant information and
uses the AI model to diagnose and score the patient. The
risk scores obtained from this analysis are then displayed in
the CUI and used to provide advice regarding the patient’s
treatment, such as recommending a blood test or prescribing
antibiotics.

In Iceland, a clinical text note (CTN) accompanies all com-
munications with a doctor, where relevant information about
the patient’s visit and diagnosis is recorded. Using the patient’s
responses, the consultation interface can automatically fill in
these notes, saving doctors a lot of time and allowing them to
focus on more important aspects of their practice. In addition,
the use of AI in symptom scoring and classification of patients
has the potential to relieve the burden on healthcare providers.
By using AI to assign a risk score to patients, healthcare

1Triage is the preliminary assessment of patients in order to determine the
urgency of their need for treatment and the nature of treatment required.

providers will be able to more easily assess which patients
have more serious health problems and need quicker action.
Finally, with sufficient data collection with the software in the
coming years, this solution could lead to a certain baseline
and consistency in the healthcare system in terms of treating
patients with similar answers to the questionnaire. It could,
for example, lead to better consistency in doctors’ approaches
when faced with similar medical problems.

The rest of this paper is organized as follows: In Section
II, we discuss related work, and in Section III, the design and
the development of our system is presented. The purpose and
execution of our feasibility study is presented in Section IV,
along with its results in Section V. We discuss our findings in
Section VI, and, finally, we conclude in Section VII.

II. BACKGROUND

The development and use of electronic triage systems in
healthcare has been most noticeable in emergency medical
services, where triage aims to predict the severity of patient
problems, with the aim of organising the patient flow [11]–
[13].

However, the clinical efficacy of existing systems is not
clear. Lidal et al. [11] concluded that there is a lack of evidence
regarding the effectiveness of pre-hospital triage systems and
their effects are not clear, particularly when a system is to be
used in more than one setting. Additionally, Azerado et al.
[12] conducted a systematic review of research on the use of
the Manchester Triage System in the emergency room. This
established system has proven validity for use in children,
adults, patients with coronary syndrome and patients with
acute pulmonary embolism. Results from 22 scientific papers
indicated that the system was inclusive and had short term
predictive power for emergency department admission and
death.

Conversely, Dugas et al. [13] found that a computer-
based electronic triage system (ETS) distributed patients more
evenly across severity levels compared to the more commonly
used Emergency Service Index (ESI) triaging approach. In a
cross-sectional study of approximately 25000 adult emergency
room patients, the ETS bases its patient distributions on the
frequency of critical outcomes compared to the ESI, which
focuses on resources utilized and critical outcomes.

The design of interfaces for healthcare workers has im-
plications for data quality. A recent review of Electronic
Health Records (EHR) interfaces showed that supporting users
with clear and intuitive interface widgets and functionality,
such as having mandatory fields, scaffolding interactions using
templates, and contextually-aware auto-complete, improved
data completeness and correctness [14]. A review of EHR
systems showed that the usability problems tend to arise when
interfaces violate natural dialog, lack consistency, have inef-
fective language use and information presentation, lack cus-
tomization, clear feedback, and error prevention, and increase
cognitive load [15]. Studies focusing on EHR system safety
made no objective assessments and applied only inductive
reasoning methods for hazard recognition. The review found



that the implications of these usability problems for safety are
inconclusive, though it is largely accepted in the literature that
adhering to design guidelines and principles, e.g., Nielsen’s
usability heuristics2, ultimately increases patient safety.

Some studies focus on the effectiveness and accuracy of the
AI models themselves, as opposed to the use of the system
or interfaces. An AI virtual assistant which provides patients
with triage and diagnostic information was developed in [16].
Their findings showed that the AI system was able to provide
patients with triage and diagnostic information with a similar
accuracy to that of human doctors.

A triage pipeline that examines chest radiographs for the
presence, severity, and progression of COVID-19 pneumonia
was developed in [17]. The authors reported a diagnostic
accuracy of 95% when evaluating the pipeline on a prospective
cohort of 80 radiographs.

In primary care specifically, there are several examples of
research in the literature on electronic and AI-driven triage
systems. An investigation into the patterns of use of the
online triage system askmyGP revealed that young people
were the primary users, they found it easy to use, and that
knowledge of the user’s context is key to successful triage,
whether by human or machine [8]. Another study on the use
of digital communication in the Swedish healthcare system
showed, through a qualitative analysis, that such systems
can be cumbersome and unwieldy but worked well as a
distributional and analytical tool for questionnaires, and that
health care workers using these tools tended to make better use
of their time [9]. Though the results were generally positive,
it is difficult to generalize them to situations beyond those of
these studies and more research in this area is needed.

In addition to having mixed or inconclusive results on the
use of automatic methods for triage in primary care, it can be
difficult to use human or computational methods to evaluate
the ability of AI models (machine learning models, specifi-
cally) for automatic primary care triage. In an observational
study using retrospective data, the inter-rater reliability (IRR)
between AI models and general practitioners in primary care
was explored [18]. The results showed that the IRR between
general practitioners was too low for a reliable evaluation of
the efficacy of AI models for primary care triage.

The work described in this paper focused on the design and
development of a system for automatic triage of individuals
seeking primary care. Fully incorporating digital applications
into the health care workers daily life (i.e. domestication) is a
non-trivial undertaking. A qualitative study by Andersen [19]
revealed that systems for healthcare that take a small-scale ap-
proach and user-centered design methodology, addressing the
needs and context of the users, had potential for domestication.
Though these findings are hard to generalize, they show that
healthcare workers often use many different systems to carry
out their work and the interoperability between these systems
is often lacking. Additionally, there is a substantial cognitive
load to using several systems on a daily basis and although

2https://www.nngroup.com/articles/ten-usability-heuristics/

Fig. 1. Both the Questionnaire UI (QUI) and the Consultation UI connect to
the same backend API, which interacts with the database and the AI model.
The QUI presents patients with various symptoms, retrieved from the database
through the API, that they have to choose from and prioritize. The patient’s
responses are then sent from the QUI to the API.

Fig. 2. The API queries the database to get a list of questions, specific to
the symptoms given by the patient. Once the patient has finished answering
the questionnaire, the answers are sent back to the API, which instructs the
back end to save the answers in the database.

healthcare workers can and do study software instruction
manuals, clear instructions, tutorials, and scaffolding users
during use is important.

III. SYSTEM DESIGN AND DEVELOPMENT

The aim of our work is to create a system that makes it
possible to use an AI model for triaging potential primary
care patients into low or high risk groups. We developed two
main interfaces, the Questionnaire User Interface (QUI) and
the Consultation User Interface (CUI), as well as a secondary
Administrator User Interface (AUI) to manage data and view
usage statistics for the other parts of the system.

We developed a database that supports storage of question
data and information necessary for managing data in the
UIs, as well as an API allowing calls between the different
components of the system.



The AI model used in our system was made for triaging
patients with respiratory diseases before arrival to primary care
clinics in Reykjavik, Iceland, and is described in previous work
[10], [20]. The triage model consists of two main components:
(1) a deep neural network for extracting clinical features from
Clinician Text Notes (CTNs) [20]; and (2) a type of logistic
regression that outputs a score between 0 and 1, where 1 means
an increased probability of lower respiratory tract infection
diagnosis [10]. The clinical feature extractor is based on a
Transformer architecture (RoBERTa [21]) and pre-trained on
the Icelandic Gigaword Corpus [22] to increase its capacity
to process the Icelandic language. This model was trained to
mark spans of text in CTNs that contain answers to a set of
given clinical questions and was trained on notes with answer
spans hand-annotated by clinicians and accompanying relevant
questions. Given a set of questions, the feature extractor was
then used to extract answer spans from a large set of CTNs
that have particular diagnoses. The training objective for the
triage model was predicting a patient’s likelihood of having a
lower respiratory tract infection. It was trained by using the
clinical feature extractor on features that patients can be asked
questions about through a web-based interface, such as the one
presented in this paper, namely the questions presented by the
QUI. Patients’ responses to these questions are input to the
triage model, which then outputs a likelihood score for lower
respiratory tract infection.

The model was evaluated by using it to triage patients with
respiratory diseases before coming to the primary care clinic.
A follow-up was then conducted by looking at the patients’
actual clinical outcomes after their visit to primary care and
compared to how the model had triaged patients. The results
showed that the model triaged all patients, that actually had
a high risk of severe respiratory disease, correctly into the
top five risk categories, while patients with a low risk ranked
in the bottom five. Using this technology for primary care
screening opens up the possibility of treating 35% of patients
with respiratory symptoms at home, as well as reducing the
number of antibiotic prescriptions by 25% and referrals for
lung x-rays by 30% [10].

The front end of the system, developed using the React
framework, is hosted on a Apache2 server in Google Cloud.
The back end, which also runs in Google Cloud, uses the
Django Rest Framework and an SQLite database.

A. UI Development

The QUI presents patients with various symptoms that they
have to choose from and prioritize. These symptoms are
retrieved from the database, through the API, and are the same
for all users. The patient’s responses, the selected symptoms
and their priorities, are then sent from the QUI to the API (see
Figure 1).

Using information from the user responses, the API queries
the database to get a list of questions, specific to the given
symptoms, to be answered by the patient in the QUI. Once the
patient has finished answering the questionnaire, the answers
are sent back to the API, which instructs the back end to save

Fig. 3. The API sends the patient’ answers to an AI model that calculates
the risk score. The scores are saved in the database and sent to the QUI so
that it can generate an appropriate response for the user based on the scores.

Fig. 4. A doctor finds the most recent answers to the questionnaire and
the risk scores derived from them. This information is then used to create a
Clinical Text Note (CTN) for the doctor to speed up the workflow.

the answers in the database. This process can be seen in Figure
2.

Once the answers are saved in the database, the API sends
the answers to the AI model that calculates the risk score.
The API then instructs the back end to save the scores in the
database. Moreover, the API also sends the risk scores to the
QUI so that it can generate an appropriate response for the
user based on the scores (see Figure 3).

In order for the CUI system to be usable, the patient must
have answered the questionnaire and be next in line in the
queue for healthcare. Figure 4 show the flow in the system
when the doctor selects one of the patients who chose, in
the QUI, to see this doctor. The doctor finds the most recent
answers to the questionnaire and the risk scores derived from
them. This information is then used to create a CTN for
the doctor to speed up the workflow. There are also future
plans to use the risk levels to provide advice regarding patient
treatment.



Fig. 5. Selection of symptoms Fig. 6. Prioritization Fig. 7. Opening question

Fig. 8. Multiple choice question Fig. 9. Input text question Fig. 10. Yes/no question

The system as explained so far has been fully implemented
for the process where a patient seeks help and a doctor

provides a treatment. Given the modular architecture, further
improvements of the system are possible. The latest addition



to the system is the aforementioned AUI, which is divided
into two parts: Statistics and Question Center. This interface
simplifies system administrators to work with the database and
read patient responses. A user of the CUI with administrator
rights can access this part of the interface.

B. The Questionnaire User Interface

The QUI is intended for patients seeking medical care in
health centers. Currently, the participants have been individu-
als in the waiting room at the clinic who take a few minutes
while they wait to go through the questionnaire process for
research purposes. The majority of these participants answered
the questionnaire by using their smartphones. The QUI sup-
ports two languages, Icelandic and English. The first step
before starting to answer the questionnaire is agreeing to the
research terms. Next, the participants use their phone for elec-
tronic identification through https://island.is/. If authentication
is successful, a research assistant gives users access to the web
application via a secure authentication method. Finally, the
participant is taken to the first step in the questioning process
where they select symptoms.

After participants have gone through the research consent
process, they are directed to another page where they select
the main symptoms they have been experiencing. It is worth
mentioning that from now on, users can press the “exit survey”
button, which takes them back to the home screen and stops
the process. Once a user has selected symptoms, the next step
is to prioritize them by importance. After these steps, a user
will be presented with tailored questions based on symptoms.
The first question is always the same opening question, where
the user is asked why they are seeking medical help. These
steps can be seen in Figures 5–7.

From this point on, users answer customized clinical ques-
tions. The questions are divided into three categories: multiple
choice questions, input text questions and yes/no questions
(see Figures 8–10). Behind the scenes, questions are further
divided into conditional, contingent, and dynamic questions. If
a user answers certain questions positively, the list of questions
can be updated to include new questions. An example of this
can be seen in Figure 8 where users select a few weeks (“í
nokkrar vikur”), but then they are asked in more detail (see
Figure 9) how many weeks. The dynamic questions program
takes in the most common symptoms that users did not check
when ranking the symptoms, forms them as a multiple choice
question, and then ask users again so that they do not miss
important symptoms.

C. The Consulting User Interface

The CUI is intended for doctors to make full use of
information obtained from patients who go through the QUI.
Once doctors are logged in, they can put a social security
number in the lookup search, or select patients that have
an designated doctor, in order to see information regarding
the patient’s last visit via the QUI. The information includes
automatically generated CTNs about the patient’s visit, advice
on treatment, and more.

Figure 11 shows the CTN, recommendations, red flags and
other items that doctors can use to simplify the work process
and rely on to better determine the patient’s treatment. The
recommendations at this point are not usable as the research
process has not lasted long enough, but the design of the
interface is ready to show what this tool will look like when
the time comes. The CTN contains all the main information
from the patient’s answers. Doctors can then change and add
to the note at will. They can also change or add certain values,
such as temperature or blood pressure. When they press the
“update advice” button, the new information will be added to
the answers and the AI models will calculate new risk levels,
resulting in a new CTN, recommendations, red flags, etc.

The latest addition to the CUI is the Administrator User
Interface (AUI), which can be used by doctors with adminis-
trator rights. This interface can be opened by clicking on the
user icon in the upper right corner of the page (see Figure 12).
The AUI is composed of a statistics and a question center. The
statistics interface is constantly evolving, but it provides an
interpretation of all the most important aspects of patient use
of the QUI. The interface shows answers, risk levels, dates and
information for users who have used the system and those who
are answering the questionnaire in real time. Doctors who have
access to this system can record the results of patients who
have completed the questionnaire and view statistics on those
who have had their results recorded. These statistics show the
amount and percentage of outcomes according to risk scores,
which are divided into two tables: the risk level – divided into
two intervals with a selected transition point separating them
– and the risk score – divided into 10 intervals. Doctors can
choose whether the outcomes are active or inactive and the
statistics will only be based on active results. The AUI can be
seen in Figure 12.

The Question Hub (QHub) is the other side of the AUI. It
gives the administrator a better overview of the questions that
are in the system database and makes it easy to edit them.
The admin can view, delete, change and add questions, put
questions into groups that suit the research project, such as
making groups of questions that relate to each AI model.
Questions can be searched for or filtered by question type,
which makes it easier for doctors to get the information they
are looking for.

IV. FEASIBILITY STUDY

We assessed the feasibility of our main user interfaces: the
QUI and CUI. The feasibility of the QUI was assessed among
patients waiting for an appointment with a doctor in a primary
care setting. First, participants were asked to consent to par-
ticipating in our study. Next, participants answered questions
in the QUI that led them through the process described in
Section III-B. Patient responses were recorded, as was the time
it took them to use the interface. Three questions were inserted
into the interface specifically for the feasibility study to get
feedback regarding the user experience. These questions were
Likert scale items, with anchors corresponding to levels of



Fig. 11. A clinical text note (CTN) and the consultation user interface (CUI). The CTN contains all the main information from the patient’s answers. The
doctor can then change and add to the note at will. A doctor can also change or add certain values, such as temperature or blood pressure. When a doctor
presses the “update advice” button, the new information will be added to the answers and the AI model will calculate new risk levels, resulting in a new
CTN, recommendations, red flags, etc.

Fig. 12. The administration user interface (AUI) shows answers, risk levels, dates and information for users who have used the system and those who are
answering the questionnaire in real time.

agreement. These questions can be seen in the results in Table
I and Figure 13.

For the feasibility study of the CUI, we tried to get as
much feedback as possible from each participant, as it is
difficult to get busy healthcare professionals to participate. In

the CUI, the doctor receives an automatically generated CTN
and recommendations regarding patient treatment. In order to
assess the feasibility of this interface, a think-aloud protocol
was conducted. It involved giving participants, who have no
knowledge of the system’s internals, specific tasks to solve



TABLE I
THE RESULTS FROM PARTICIPANT RATINGS OF THE QUESTIONNAIRE USER
INTERFACE, THE MEDIAN AND INTER-QUARTILE RANGE. EACH QUESTION

WAS A LIKERT-SCALE ITEM RANGING FROM ’STRONGLY DISAGREE’ TO
’STRONGLY AGREE’, WITH VALUES FROM 1 TO 5.

Question Median (IQR)
I found this website easy to use 5 (1)
I would like to use this website again 4 (1)
This website looks professional 4 (1)

Fig. 13. The frequency of the type of responses to the Likert-scale items
concerning the questionnaire interface.

and they were asked to express their thoughts as they carried
out the tasks. The time it took the participants to solve these
tasks was also recorded.

V. RESULTS

In this section, we present the results of the feasibility
studies for both the QUI and the CUI.

A total of 27 patients participated and provided insight into
their health, the time it took to complete the questionnaire, and
their overall satisfaction with the user experience. Of these 27
participants, 8 were male and 19 were female. The average age
of the participants was 49 (18.03 standard deviation), with the
youngest being 19 and the oldest 81.

The average time it took participants to complete the
questionnaire was 7 minutes and 58 seconds, with a standard
deviation of 3 minutes and 39 seconds.

Table I summarizes the ratings participants gave to the
QUI on three Likert-scale items. For the question “I found
this website easy to use” (see Figure 13), 25 out of the 27
participants said they either agreed or strongly agreed that the
website was easy to use. Responses to “I would like to use this
website again” show that 22 participants are inclined towards
the positive answer options and stated that they would like to
use this website again. For the question “This website looked
professional”, 23 participants either agreed or strongly agreed
that the website looked professional.

Two individuals participated in the interviews and the think-
aloud testing for the CUI. Both individuals have experience in
health care, as one being a seasoned primary care doctor and
the other a senior medical student. The benchmark time set

Fig. 14. Results from the tasks that the individuals had to solve.

by the team was three minutes. The tasks that the individuals
had to solve can be seen in Figure 14.

Participants were asked to think out loud as they interacted
with the prototype and were asked several questions about
their experience using the CUI, if there was anything missing,
and if they found it useful in a semi-structured interview.
Using thematic analysis, we identified three major themes.
The participants expressed enjoyment using the interface and
anticipation for how it could be used. The second theme was
usefulness, as they found the automatically generated CTNs
useful and saw how it could shorten and simplify doctors’
work processes significantly. The third major theme identified
by both interviewees was trust. They expressed that it would
be difficult to convince healthcare workers and providers
that AI-based advisors were reliable, and that thorough and
convincing research needs to be carried out to demonstrate
their usefulness.

VI. DISCUSSION

The aim of this project was to develop a system that uses
two user interfaces and an AI model to facilitate, shorten
and refine the time-consuming process that takes place when
patients seek medical assistance in Iceland’s primary care
facilities. This is a difficult challenge, but necessary if the
quality of life of individuals and health professionals in the
country is to be improved. According to our results, this
system will give patients an easier and faster way to receive
symptom diagnosis, and even clinical indications for treatment,
and reduce doctors’ time in computer and paper processing,
freeing time for them to better care for patients.

The standard deviation of the mean time it took patients to
complete the QUI tells us that there was a very wide range
of time around the mean. Such variability could be attributed
to different factors such as the users’ knowledge of digital
interfaces, the clarity of the questions or the users’ state of
health when they answer. From Table I and Figure 13, it can



be concluded that users generally found the website easy to
use. However, there were very few who either disagreed or had
a neutral assessment. This suggests that although the majority
had a positive experience, there is room for improvement for
making the interface even more user-friendly. The responses
of the participants regarding whether they wanted to use
the website again showed mixed results (see Figure 13). A
few users wanted to use the website again, but half checked
“neither agree nor disagree” as an answer. To some extent,
this neutral reaction can be attributed to people being in
situations they would not normally want to be in (i.e. sick
in a queue at health care) and so it is likely that some people
would include it in their thinking with regard to whether they
would like to answer the list of questions again. Regarding
the professional appearance of the website (see Figure 13),
the majority of users seemed to have a positive attitude, with
a noticeable tendency to “agree” and “strongly agree”. This is
a strong indication that the design, appearance and content of
the website are in line with user expectations.

In the feasibility study for the CUI, both individuals
managed to complete their tasks quickly. Even though both
individuals exceeded the set time limit of three minutes, the
team is happy with the results, with most of the time spent on
comments and brainstorming. The individuals’ first reaction to
seeing certain parts of the system, such as a CTN or advice,
was often to analyze them in detail before continuing. This
enthusiasm on the part of the participants resulted in a lot of
good comments and constructive criticism, but also resulted in
more time to go through the study. Neither of the individuals
needed assistance in solving the tasks, which indicates that the
system is easy to use.

It is worth noting the limitations of the feasibility studies.
The main limitation is the number of participants in the
studies, especially the CUI where only two people participated.
27 people took part in the survey regarding the QUI. This
number is sufficient to give a rough idea of the time user
spend answering questions about their symptoms and people’s
attitude towards the system. Nevertheless, a larger population
is needed for more accurate and reliable results. Moreover,
a much larger population is needed to have any chance of
meaningful results, such as correlation tests.

A further limitation is the circumstances of the feasibility
study of the QUI, where being ill and taking the survey in a
healthcare queue could influence user responses. For example,
it is likely that a person with a mild cold who takes a survey as
soon as they arrive at the health center will have a generally
more positive attitude than a person with a temperature of
over 40 degrees who has been waiting for an hour for medical
assistance.

VII. CONCLUSION

The challenges faced by the healthcare system in Iceland,
such as understaffing, high workload, and inefficient software,
are contributing to a decline in the quality of services and
negative impacts on patient outcomes. The increasing demand
for medical services has resulted in increased waiting times

for primary care services. Healthcare professionals, facing
heightened workload and stress, are more prone to errors and
misdiagnoses, with potential consequences for patient safety.

The presented system, consisting of a Questionnaire User
Interface (QUI), Consultation User Interface (CUI), and an
AI triage model, offers a promising solution to alleviate
the burden on primary care clinics. By allowing patients to
provide relevant information through the QUI and employing
the AI triage model to predict risk levels of specific disease
groups, the system enables more efficient and targeted patient
management. According to results from our feasibility studies,
the QUI gives patients an easy and accessible way to receive
symptom diagnosis, and even clinical indications for treatment.
Moreover, it can reduce doctors’ time in computer and paper
processing, freeing time for them to better care for patients.

The CUI streamlines the workflow for healthcare profes-
sionals, automating clinical text notes (CTN) and providing
valuable insights through research statistics. This not only
saves time but also enhances the accuracy and consistency
of patient records.

Future evaluations should assess the system’s accessibility,
navigability, and clarity of concepts, particularly for popula-
tions with specific accessibility needs, such as senior citizens
and individuals with physical impairments. Additionally, fu-
ture trials should evaluate the clinical reliability and effective-
ness of electronic triage using the system across a larger and
more diverse patient population, as well as types of diseases.

The incorporation of AI in symptom scoring and patient
classification has the potential to enhance the overall effective-
ness of healthcare providers, enabling quicker identification of
patients with urgent healthcare needs. As the system collects
more data over time, it has the potential to establish a baseline
and promote consistency in medical approaches for patients
with similar conditions.
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