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Agrip

A undanférnum &rum hefur getu gervigreindar til pess ad greina og spa fyrir um
atkomur sjiklinga verulega fleygt fram. Hluta af pessum framférum mé pakka adgengi
ad steerri rafreenum gagnasdfnum en skortur er & stérum gaedamiklum gagnasdfnum ftil
bess ad pjélfa gervigreindarlikén & til notkunar innan heilbrigdiskerfisins. Rafraenar
sjukraskrar baa yfir gridarmiklum gégnum og me& samtengingu kerfa geta myndast
fislbreytt gagnaséfn sem m& samkeyra og hugsanlega nyta til pjalfunar
gervigreindarlikana. Samantektarnétur leekna Gr vistélum vid sjiklinga eru stér hluti
sjakraskrér 1 heilsugaeslu og innihalda lysingu 4 ségu sjiklings, skodun, nidurstédum og
alyktun og &eetlun laeknis. Slikar nétur eettu pvi ad innihalda allar upplysingar sem pérf
er & til ad pjélfa gervigreindarlikén til a& spé fyrir um greiningar og Gtkomur sjiklinga.

Markmi& pessarar doktorsritgerdar var: 1) ad rannsaka hvort haegt veeri ad nyta
textagdégn Gr sjlkraskrém sjaklinga til pess ad pjélfa gervigreindaralikdn til pess ad spé
fyrir um greiningar og horfur sjiklinga i heilsugeeslu; 2) ad skoda hvada breytur hafa
ahrif & Gttak likananna og bera saman vid breytur sem laeknar stydjast vi&; og 3) kanna
frammistddu likananna vid greiningar og forspar fyrir horfur sjdklinga i heilsugaeslu.

Ritgerdin byggir & rannséknum sem hefur verid lyst i premur greinum—tveer fyrstu
rannsdknirnar eru aftursynar en sa bridja er framsyn. | fyrstu greininni var
gervigreindarlikan pjélfad til pess ad spé fyrir um frumkomna héfudverkjagreiningu Gt
frd& merktum greiningarsérkennum Gr samantektarnétu laeknis eftir vistsl vid sjiklinga
sem fengu eina af fjérum algengustu greiningum slikra héfudverkja i heilsugaeslu. i
greininni var frammistada likansins borin saman vié frammistédu priggja sérnamslaekna
i heimilisleekningum og priggja sérfreedimenntadra heimilislaekna. Einnig var innri
virkni likansins metin med SHapley Additive exPlanations (SHAP) gildum sem géfu til
kynna hvada paettir inntaksins héféu mest hrif & hvert Gttak fyrir sig. | annarri greininni
var gervigreindarlikan pjélfad & greiningarsérkennum Gr merktum nétum fra laeknum
sem hittu sjiklinga i heilsugeeslu sem fengu einn af eftirffarandi International
Classification of Diseases (ICD) ké&um & akvednu timabili: J0O, |15, |20, J44 og J45. |
tveimur fyrstu greinunum var dkvedinni adferdarfraedi beitt til ad fjarleegja innihaldslitlar
textanétur og hamarka gaedi gagnasafnsins sem likénin leera af. i pridju greininni var
frammistada likansins sem pjélfad var i rannsékn tvd metin, eftir smavaegilega adlégun,
med framsynum haetti 4 einni heilsugaeslustéd & héfudborgarsveedinu 4 islandi.

i fyrstu rannsékninni nadi likani® haerra vegnu medaltali i nsemi, jakveedu forspargildi
og Matthews Correlation Coefficient (MCC) en vegi® medaltal leeknanna. Sértaeki fimm
leekna af sex var heerra en likansins. Greining 4 SHAP gildum syndi a& likani& stydst vid
svipud greiningarsérkenni og laeknir gerir fyrir hverja greiningu. I rannsékn tvé radadi



likani® sjiklingum, med einkenni um dndunarfserasykingu, i &haettuhépa pannig ad
atkomur sjiklinga sem voru i laegri dhasttuhépum endurspegludu hép sem liklega var
med vaeg einkenni sem hefdu gengid yfir an inngrips. Engir sjiklingar i leegri
dhaettuhépum voru med lungnabdlgu greinda af lakni eda & réntgenmynd. | sidustu
rannsékninni var einn sjiklingur greindur med lungnabdlgu i leegri dheettuhépum en
hann reyndist vera med edlilega réontgemynd af lungum og pvi liklega rangt greindur.
Allir a&rir sjaklingar me& lungnabdlgu & réntgenmynd voru i ha-d4haettu hépum. Tveir
sjaklingar voru greindir meé& lungnakrabbamein, basir i haesta dhaettuhép.

Nidurstdsur fyrstu rannsdknarinnar voru paer ad gervigreindarlikanid sté& sig jafn vel
eda ivid betur i greiningum & frumkomnum héfudverkjum en héparnir tveir af
sérndmslaeknum og sérfraedingum i heimilislaekningum. Greining & SHAP gildum leiddi
i j6s a8 likénin studdust vi& mjég svipud greiningarsérkenni og laeknar vid greiningar.
Nidurstddur annarrar rannsdknarinnar bentu til pess ad gervigreindarlikaninu taekist ad
einkennastiga sjiklinga med éndunarfaerasykingar i heilsugaeslu med druggum haetti.
Likani® radadi sjuklingum sem reyndust raunverulega vera med alvarlega
dndunarfeerasjukdéma i ha-dhaettu hépa en sjiklingum med vaegari einkenni i lag-
dhaettu hépa. pbridja rannséknin syndi fram & ad likaninu virtist takast ad einkennastiga
sjuklinga T raunverulegum kliniskum adsteedum pannig ad sjiklingar med alvarlegar
éndunarfeerasykingar voru flokkadir i hda dhaettu en sjiklingar med vaeg einkenni i laga
dheettu. Tveir sjaklingar sem laeknar greindu meé lungnabdlgu en likanis flokkadi i 1ag-
dhaettu hdp reyndust vera med edlilegar lungnamyndir.

Nisurstésur doktorsritgerdarinnar benda til pess ad gervigreindarlikén, sem pjélfus eru
& greiningarsérkennum Gr samantekfarnétum lsekna, geti haft verulegt notagildi i
heilsugaeslu.

Lykilord: Heilsugaesla, Gervigreind,  Einkennastigun,  Ondunarfeerasykingar,
Frumkomnir Héfudverkir
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Abstract

In recent years, the ability of Artificial Intelligence (Al) to analyze and predict various
variables within medicine has advanced significantly. Part of this progress can be
aftributed to the availability of larger electronic datasets; however, there is still a
shortage of high-quality data for training Al models for use within the healthcare system.
Electronic health records contain vast amounts of data, and with increased
interoperability, diverse datasets are emerging that can be cross-referenced and
potentially used to train Al models. Doctors' summary notes from patient interviews are
a major component of medical records and include descriptions of the patient's
medical history, examination, findings, and the doctor's assessment and plan. These
notes should, therefore, contain all the necessary information to train Al models to
predict patient diagnoses and outcomes.

The objective of this doctoral thesis was: 1) to investigate whether doctors’ summary
notes from patient medical records could be used to train Al models to predict
diagnoses and outcomes for patients in primary care; and 2) to study which factors the
models use to reach a conclusion and compare these to the elements doctors rely on.

The thesis is based on studies described in three papers—the first two were
retrospective, and the third was prospective. In the first study, an Al model was trained
to predict primary headache diagnoses based on labeled diagnostic features from
doctors’ summary notes following patient interviews in primary care, which resulted in
one of four common primary headache diagnoses. The study compared the model's
performance to that of three resident physicians and three family medicine specialists.
The model's internal functionality was also evaluated using Shapley Additive
Explanations (SHAP) values, which indicate which input features have the most
significant impact on each output. In the second paper, an Al model was trained on
Clinical Features (CFs) from labeled notes of doctors who treated primary care patients
diagnosed with one of the following respiratory symptom codes over a specific period:
J00, J15, J20, J44, and J45. In both the first and second studies, a methodology was
applied to remove low-content text notes and maximize the quality of the dataset from
which the models learned. The third study evaluated the model trained in the second
study, with minor adjustments, using a prospective approach in a single primary care
clinic in Iceland’s capital area.

In the first study, the model achieved a higher weighted average sensitivity, positive
predictive value, and Matthews Correlation Coefficient (MCC) than the weighted
average of the doctors. The specificity of five out of six doctors was higher than that of
the model. SHAP value analysis indicated that the model relies on similar diagnostic
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features as doctors for each diagnosis. In the second study, the model categorized
patients info risk groups, where the outcomes of patients in lower-risk groups reflected
those likely to have mild symptoms that resolve without intervention. No cases of
pneumonia or patients with lung infilirates on Chest X-Rays (CXRs) were detected in the
lower-risk groups. In the third study, one patient with pneumonia was categorized in a
lower-risk group but was later found to have a normal lung CXR, suggesting a likely
misdiagnosis. All other patients with pneumonia on CXR were in high-risk groups. Two
patients were diagnosed with lung cancer, both in the highest risk group.

The results of the first study indicated that the Al model performed as well or slightly
better than the groups of GP trainees and GP specialists in diagnosing primary
headaches. SHAP value analysis showed that the models rely on similar clinical features
to doctors when making diagnoses. The results of the second study suggested that the
Al model could safely triage primary care patients with respiratory infections. The
model categorized patients with truly severe respiratory conditions into high-risk
groups, while those with milder symptoms were placed in low-risk groups. The third
study demonstrated that the model could stratify patients in real clinical settings so that
patients with severe respiratory conditions were categorized as high risk, while those
with mild symptoms were categorized as low risk. Two patients diagnosed with
pneumonia by doctors, whom the model classified as low risk, were subsequently
found to have normal lung images.

The doctoral thesis concludes that Al models trained on clinical features extracted from
physicians’ summary notes can have significant utility in primary healthcare.

Keywords: Primary Health Care, Artificial Intelligence, Triage, Respiratory Tract
Infections, Primary Headaches
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1 Introduction

Artificial Intelligence (Al) has rapidly evolved over the past few decades, impacting
all areas of society, including medicine. This is especially true in Machine Learning
(ML), a subfield of Al where algorithms learn from data without being explicitly
programmed. Since the 2010s, Deep Learning (DL), a branch of ML, has advanced
rapidly, enabling more sophisticated algorithms with more significant impact on
medicine than ever before. However, the adoption of ML in Primary Care (PC) is
still limited', and research indicates that the number of authors from PC publishing
in the field of medical ML is relatively low?. Since PC is usually the first point of
contact with the healthcare system, the downstream impact of using ML algorithms
in PC could have the most significant effect across the entire system. Yet the
development and study of ML in the field remain underexplored.

1.1 Artificial Intelligence

The concept of Al is not new. The idea of a machine capable of independent action
dates back to ancient times as a part of philosophy and mythology, where it was
often depicted as creations of gods or legendary inventors®. Historians trace the
idea of automatic machines back to the Middle Ages when such constructs were
referred to as “automatons”* and were designed to follow a sequence of operations
or predetermined instructions to carry out a fask. In 1950, the English
mathematician Alan Turing, in his seminal paper®, wondered if machines could
think and proposed ways fo test their intelligence. The term Al was first intfroduced
in 1956 by the computer scientist John McCarthy and his co-authors in a paper
created at a summer workshop in Dartmouth®, marking the inception of a crucial
subfield of computer science. No uniform definition of Al exists. However, in this
thesis, we define Al as a field that aims to develop systems that mimic human
intelligence, encompassing tasks such as learning, reasoning, problem-solving,
perception, and language understanding. This includes mimicking cognitive
abilities such as pattern recognition, decision-making, language comprehension,
adapting to new information, and improving over time. Al comprises several
subfields, and Figure 1 outlines  the key ones along with their components.
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1.2 Machine Learning

With the digital transformation of medical records and the growth of medical
databases in the 1990s, Al began to integrate more deeply with actual patient data.
During this period, the emphasis on Al shifted towards data-driven approaches,
moving away from reliance on expert systems as they were unable to learn,
expensive to maintain, and often gave inappropriate outputs when given unusual
inputs®®*3) An expert system is a computer program that uses rules and knowledge
databases to solve complex problems in a specific domain by reasoning through
the provided information. They are designed to mimic the decision-making ability of
a human expert, contrastive to an ML algorithm, which learns directly from data.
The development of ML algorithms allowed for the analysis of large datasets,
leading to the discovery of previously unknown patterns and correlations in patient
information, lab results, and treatment outcomes. The 1990s and 2000s saw
significant advancements in ML, with the development of more sophisticated
algorithms and increased computational power*-¢.

The DL revolution marked the 2010s. DL and neural networks became powerful
tools for handling vast amounts of data with many parameters and surpassed
previous benchmarks on many tasks, some by a large margin. This greatly impacted
medical research, enabling the development of Al that could match or outperform
human experts in specific diagnostic tasks’~"2. In recent years, significant advances
have been made within the field of Natural Language Processing (NLP), where
Large Language Models (LLMs) have reached State-Of-The-Art (SOTA) performance
each year on most NLP benchmarks'. NLP is poised to have a significant impact on
how clinical staff inferact with Electronic Health Record (EHR) systems, possibly
significantly reducing the burden of paper- and administrative work.

ML consists of various components and subfields, each with distinct learning
methods and model types. The sections below focus on methods used in our
studies and supervised and unsupervised DL and ML algorithms, such as Random
Forests (RF) and Logistic Regression (LR). We also used an LLM (in study II), which
falls in the text category of NLP, although training that model was not a part of this
thesis.

1.2.1 Multivariate Logistic Regression

Multivariate LR is a statistical method used to predict a binary outcome. An example
of a binary outcome is a yes or no answer whether a patient has a disease. It
extends a simple LR, which uses only one variable, by utilizing multiple predictors
that can be continuous or discrete. The model uses a mathematical function to
transform the probability of an outcome into a linear equation. It has been the
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predominant model for binary regression since the 1970s™. LR assumes a linear
relationship between the dependent and the independent variables and requires
feature scaling for optimal performance. It is less computationally expensive to train
compared to many other ML algorithms. LR offers high interpretfability, and the
model’s coefficients show the effects of each predictor on the output. When
training an LR model, the training data cannot contain missing values, and they
must be imputed by using specific statistical methods, such as calculating an
average of the non-missing values.

1.2.2 Random Forests

Random Forests (RF) is an ensemble learning method for classification and
regression that combines multiple decision trees to improve predictive accuracy
and control overfitting. During training, it builds a large number of decision trees
and outputs the mean prediction in regression for each tree. By creating each tree
using a random subset of data and features, RF reduces model variance and
enhances robustness. It is resistant to noise and outliers and handles high-
dimensional data and complex feature interactions, providing built-in feature
importance measures. It can be computationally intensive and less interpretable
than simpler models, but its ability to handle diverse datasets and provide reliable
predictions makes it widely used in ML applications. RF is a robust method that
handles missing values and non-linear relationships. There is no need for feature
scaling, and it often handles imbalanced datasets well.

1.2.3 Deep Learning

In recent decades, advancements in Al have been driven primarily by ML and DL.
Neural networks are computational models inspired by the human brain, designed
to recognize pafterns, learn from data, and make predictions. Large neural
networks are referred to as “deep”, hence the name Deep Neural Networks
(DNNs). DNNs are simply large neural networks. These multi-layered networks
facilitate the intricate, hierarchical processing of data, granting the model the ability
to learn from a diverse spectrum of features and patterns at various levels of
abstraction. DL has made significant strides in areas requiring high-dimensional
data analysis, such as image' and text analysis’® and speech recognition”. These
capabilities are especially relevant and applicable in the realm of medical
applications.

1.2.4 Natural Language Processing

NLP is a branch of Al that enables machines to analyze, interpret, and generate
human language™®. This field has witnessed significant advancements in recent years
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thanks to the development of LLMs and the transformer' architecture. Such
progress is prominently reflected in evaluation benchmarks like the General
Language Understanding Evaluation (GLUE)?. In these assessments, NLP models
have demonstrated capabilities that match or surpass human proficiency in various
tasks. LLMs, a specialized subset of generative Al within the broader field of DL,
have played a pivotal role in these advancements. Generative Al consists of Al
models designed to generate new content or data that closely resembles but is not
identical to the data they were trained on. Such models are often used to create
images, videos, music, or text that mimic human creativity.

LLMs undergo training in two distinct phases. First, they undergo pre-training, an
unsupervised process where the model learns from a vast range of textual data
without specific guidance. Then secondly, they are finetuned in a supervised
manner, where they are specifically trained on targeted downstream tasks with
labeled data (correct output). This extensive training enables LLMs to handle a wide
range of intricate language-based tasks adeptly. If specifically finetuned, they are,
for example, capable of understanding and effectively responding to questions
posed in natural language, showcasing their advanced comprehension skills. These
advancements in NLP signify a leap forward in how machines understand and
interact using human language, opening new avenues for application in various
sectors and enhancing machine-human interactions. As a support tool, they seem to
reduce the time required to solve cognitive writing tasks, such as programming, by
55%2", reduce frustration, and, at the same time, enhance job satisfaction. Recently,
specialized LLMs trained on medical texts have been developed. Notable examples
include Med-PaLM?2 and its successor, Med-PaLM 2. According to its developers,
Med-PalLM 2 achieved an 85% accuracy score on a question-answering dataset
modeled after the U.S. Medical Licensing Examination (USMLE)?. Additionally,
OpenAl's ChatGPT (GPT-4) represents another significant advancement in this
field?*. ChatGPT has achieved a passing score on the USMLE?® and has been tested
on multiple clinical tasks with various results?®. It is important to note that these
results reflect its performance without fine-tuning for a specific task, which generally
improves model performance by a large margin.

LLMs appear to be quite effective in encoding clinical knowledge, but various
issues remain that must be addressed before these models can be used safely
within clinical settings?2. One of these issues is their dynamic output capability,
which is also the main strength of LLMs. This capability can be a significant
drawback in clinical seftings since consistency is a key property of medical devices.
Other issues include model interpretability, fairness, and biases. LLMs as a group
include the biggest Al models in the world today and, as such, become notoriously
difficult to interpret. LLMs also tend to hallucinate, where they generate plausible-
sounding information that is factually incorrect or nonsensical?’. Some LLMs, such
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as Llama-3?® and Vicuna?’, are open source, while others, like GPT-4%, are
proprietary. Independent researchers have limited access to evaluate the inner
workings of proprietary models. Their performance on clinical questions appears
superior to open-source models®, probably because of more extensive finetuning
processes.

LLMs represent a unique category in comparison to other ML models, particularly
regarding scale, capabilities, and potential influence. These models are notably
large, often featuring tens of billions to hundreds of billions of parameters, leading
to substantial hardware demands during training and inference. Unlike deep
learning models designed for narrow medical applications, LLMs possess a broad
range of uses, and their societal influence is likely to be very broad. The complexity
of interpreting these models poses a challenge for regulatory bodies like the FDA,
which must navigate the difficult task of effectively validating them for use in clinical
settings®2.

1.2.5 Learning methods

Within ML, models can be trained in different ways based on how data is
processed during the training process. This section discusses how the ML models in
this thesis were trained. ML consists of algorithms that learn directly from data and
thus utilize data-driven methods.

Supervised learning is an ML learning method where algorithms learn from
labeled data. The algorithm learns to map from the input data or features to the
corresponding dependent variable or labels. The aim is to create a generalized
predictive algorithm that performs well on unseen data from a similar distribution as
the labeled data. Examples of algorithms that can be trained with supervised
learning methods are linear regression, logistic regression, decision trees, Support
Vector Machines (SYM), and DNNs. Supervised learning is widely used for tasks
like classification and linear regression.

Unsupervised learning is an ML learning method where algorithms are trained on
unlabeled data. In this approach, the model learns to identify patterns and
relationships within the data without explicit guidance about the correct output. The
training data consists only of input data or features, and the algorithm is tasked with
some training objective where it might discover hidden patterns, dimensionality
reductions, or groupings. Unsupervised learning algorithms include K-means,
hierarchical clustering, tdistributed Stochastic Neighbor Embedding (t-SNE), and
principal component analysis. DNNs can also be trained in an unsupervised
manner. For example, the pretraining of LLMs consists of unsupervised learning
before they are finetuned, usually with supervised learning.
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1.2.6 Ethical Challenges of Artificial Intelligence

Addressing Al's ethical challenges is critical as Al systems are increasingly
integrated into various aspects of society. Bias can be defined roughly as a
difference in performance between subpopulations for a predictive task. An
example would be an algorithm showing different diagnostic performances for
Caucasians compared to other racial or ethnic groups. Bias and fairness are closely
related concepts, particularly in ML and Al systems. Bias refers to systematic
discrepancies in algorithmic performance across different demographic groups,
while fairness focuses on minimizing these discrepancies to ensure that all groups
are treated equitably. The interpretability of ML models is crucial in this context to
assess whether the predictions are reliable and fair, and they can identify potential
biases that may impact patient care. The energy consumption of ever-growing DL
models is also of concern.

1.2.6.1 Interpretability of Artificial Intelligence Models

The interpretability of Al models is a significant challenge, particularly for complex
models like DNNs, which often function as "black boxes”. In the context of DNNSs,
the term black box describes how they process input data to produce outputs
without providing clear insight into the internal logic or decision-making process.
The internal workings of the models are not visible, understandable, or accessible.
This lack of transparency raises concerns in high-stakes applications, such as
healthcare, where understanding the decision-making process is crucial for trust,
accountability, and compliance with ethical standards. Interpreting Al models is
particularly important in healthcare for several reasons. We must enable doctors
and patients to make informed decisions, which is only possible with model
transparency. The same can be said for safety and accountability when ML models
aid in medical diagnoses or forecast patient outcomes. Legal and ethical views must
also be considered. Interpretability ensures compliance with legal standards and
ethical guidelines, emphasizing informed consent and patient autonomy.

1.2.6.2 Bias and Fairness

Ensuring that ML models are fair and unbiased is a significant challenge. Multiple
examples of biased algorithms have been deployed within the legal system®,
healthcare®* , and other industries®. Removing bias from algorithms is essential to
prevent algorithmic output based on prejudiced assumptions that unfairly affect
certain groups. Factors such as gender, race, and socioeconomic status may lead to
unintended discrimination if used in predictive models without bias mitigation.
There are several essential reasons to strive to ensure unbiased and fair ML
algorithms. Ensuring equality among decisions made by algorithms is paramount to
ensure all people affected by such algorithmic decisions are treated similarly
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despite differences in age, gender, and background. Establishing trust in
healthcare algorithms is crucial, and a key aspect of this involves ensuring fairness
and lack of bias in algorithms utilized within medical environments. Bias in these
algorithms can lead to incorrect diagnoses, inappropriate treatment suggestions, or
misleading risk evaluations, ultimately harming patient outcomes. Medical decisions
should rely on objective, evidence-based data, whereas biased Al systems, which
may depend on flawed information, can cloud these objective insights. As the
complexity and size of models grow, making them harder fo interpret, it becomes
increasingly difficult to identify and reduce bias. Therefore, there is a need for a
heightened focus on meticulously designed clinical studies that examine algorithmic
fairness and bias.

1.2.6.3 Energy consumption

DNNs, compared to traditional ML methods, require more extensive hardware for
training and inference. After the takeoff of ChatGPT and similar services, the race to
create larger models trained on more data has intensified, and larger models need
more computational power. For context, in 2024, training a single 200 billion
parameter LLM on Amazon Web Services (AWS) hardware consumed around 11.9
Gigawatt hours (GWh)%*. That is a similar amount needed to power more than
3,000 homes in Iceland for a year”’. No reliable methods exist to estimate the
energy usage of an Al model during training or inference. The companies that own
and run the best-performing LLMs today, which are also probably the largest ones,
do not disclose the size of their models or energy consumption. In November
2024, ChatGPT had 180 million users, and it was the fastest-growing service in
history, taking only 5 days to surpass 1 million users®. Al researchers are
optimizing hardware, models, and training processes to lower power consumption.
Yet, with the ongoing trend of achieving better performance through larger models
and increased data and the uncertainty of when performance improvements will
reach their limits, it is evident that the Al industry will continue to consume more
resources in the coming years.

1.3 Artificial Intelligence in Healthcare

Al within healthcare needs dedicated subsections due to its unique applications and
challenges in the field. Its potential to transform diagnostics, patient care, and
administrative efficiency is immense, yet healthcare demands strict adherence to
privacy, security, and high ethical standards. Moreover, integrating Al into
healthcare workflows requires careful consideration of clinical accuracy, patient
safety, and regulatory compliance. These factors set healthcare apart from other
industries, making Al implementation more complex but, at the same time, more
impactful.
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1.3.1 A short historical overview of Artificial Intelligence in
Healthcare

Initially, Al's application in medicine predominantly revolved around rule-based
systems. A notable early example is the Dendral project in the 19605, which was
instrumental in analyzing mass spectrometry data in organic chemistry and set the
foundation for Al's role in diagnostic systems. MYCIN, a pioneering system
developed at Stanford University, followed in the 1970s“°. MYCIN could diagnose
bacterial infections and suggest appropriate antibiotics. The subsequent decades,
particularly the 1970s and 1980s, witnessed the emergence of expert systems, such
as CADUCEUS*" and ONCOCIN#2, CADUCEUS was developed at the University of
Pittsburgh in the late 1970s and focused on internal medicine. ONCOCIN was
developed at Stanford in the early 1980s and was designed to guide the
management of cancer patients, particularly in the use of chemotherapy protocols.
These systems, designed to replicate the decision-making process of human
experts, aimed to encapsulate specialized knowledge within specific medical
domains to assist in diagnosing and recommending treatments. They demonstrated
the potential of Al in assisting with diagnosis and treatment decisions. However,
their adoption in clinical practice was limited due to technological limitations, lack
of integration with other systems, and concerns about accuracy and reliability.

With a general shift of the field from rule-based systems towards ML in the 1990s,
Al in medicine began transitioning to data-driven methods as well. Within
medicine, the advent of ML-enabled Al to analyze large and complex patient
datasets to forecast patient outcomes. Predictive models started to play a role in
identifying patients at risk for sepsis****, diabetes*>#¢, and heart disease*’*®. The
increasing adoption of EHRs in the 2000s and 2010s gave Al models access to
larger datasets. With EHR systems with more interconnected databases, Al models
could suddenly leverage information from various resources, such as lab results,
medical history, imaging, and patient demographics. Digitation of image data had
broad effects, as medical imaging was one of the early applications of ML in
medicine. Statistical models and neural networks were developed to assist in tasks
like image recognition and diagnosis, where they could be trained on large
volumes of radiology images. For example, neural networks trained on X-rays and
Magnetic Resonance Image (MRI) scans could help radiologists identify
abnormalities, such as tumors, fractures, or lesions, with increasing accuracy” "2,
This ability to learn from images and improve performance over time marked a
significant advancement over rule-based systems limited by the rules they were
programmed to follow.
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However, integrating Al with EHR systems has faced significant challenges. One
major obstacle is the completeness and quality of data across systems. Data is
inconsistent and often missing, and differences in coding and variables within
systems make it challenging to create reliable Al models. Additionally, few EHR
systems were designed with Al in mind, making integrating Al models into the
workflow difficult.

1.3.2 The current state of Artificial Intelligence in Healthcare

The development of algorithms within medicine is accelerating, as evidenced by
the sharp increase in scientific publications on Al models featured in peer-reviewed
medical journals in recent years®. Al has been making headlines in the medical
field by showing similar or better performance than a human specialist on a range
of diagnostic tasks within multiple specialties’=*%°-%2 | and it is a potential support
tool for radiologists'®2%3, Many of these studies are retrospective, and the models
are tested on pre-annotated datasets in controlled environments. There is still quite a
gap in the literature regarding prospective clinical studies, as demonstrated by
findings that only 4% of Al models approved by the Food and Drug Administration
(FDA) between 2015 and 2020 were backed up by prospective data®.
Furthermore, criticism has been raised on the validation process for Al models®%,
highlighting the challenges regulators face when approving Al models as medical
devices.

As of October 2023, the FDA had approved 692 medical devices, with 76% of
these approvals within radiology®. This pronounced inclination towards radiology is
primarily attributed to the advancements in Convolutional Neural Networks (CNNss).
CNNs, a type of DL network, were among the first fo gain significant traction
during the early 2010s, marking the beginning of the DL era. As a result, image
analysis algorithms are furthest along the technology maturity axis compared to
other types of DL algorithms within medicine. This has led to such algorithms being
among the first to witness a significant integration and application within healthcare.
This trend is reflected in the noticeable bias towards radiology in the number of
FDA-approved medical devices and the volume of clinical studies initiated and
undertaken in recent years®’*8,

1.3.2.1 LLMs

LLMs are DL models designed to predict the next word in a sequence based on the
preceding context. These models leverage vast datasets and complex architectures
to generate coherent and contextually appropriate text, enabling a wide range of
NLP applications. LLMs present unique validation challenges in healthcare due to
their dynamic text-generation capabilities. While this feature is one of their main
strengths, it can also be a drawback in medical contexts. This means that when LLMs

10
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receive the same input repeated N times, they produce N different outputs.
Although some outputs might be conceptually similar, current training methods do
not guarantee consistency. Historically, clinical validation of algorithms has focused
on models with static outputs. Therefore, governing bodies are now faced with
determining appropriate regulatory frameworks for LLMs within a healthcare
context, ensuring both efficacy and reliability. As of October 19th, 2023, no Al
device powered by LLMs had been approved by the FDAY.

Another possible use case for LLMs is their possibility of reducing administration-
and paperwork within healthcare. As such tools, LLMs have the potential to
positively impact the clinical work environment, as paperwork is a leading
contributor to physician burnout®. By leveraging their advanced text analysis and
generation capabilities, LLMs can reduce the workload on clinical staff, who can
then focus on reviewing, editing, and confirming the generated content rather than
creating it from scratch. Research shows that ChatGPT can create answers to
questions from actual patients, deemed more preferable by healthcare professionals
in 79% of cases than actual answers®. The model also produced a much higher
volume of highly empathetic answers than humans. Patients appear to prefer Al-
generated responses as well®’. These studies do not take hallucination into account,
which seems to be a significant problem, at least when using ChatGPT, which is not
finetuned®?. Non-peer-reviewed data has shown that LLMs reduce the time spent on
coding tasks by 55%, where they pre-generate code for developers while reducing
cognitive load and improving job satisfaction?.

1.3.2.2 ML models

Data analysis methods can broadly be categorized as descriptive, exploratory,

[, In ML, statistical methods are used to train

inferential, predictive, and causa
models using observed data to either infer or predict future data and would fall into
the inferential or predictive groups. ML models have been used for decades in
medicine and research for various purposes, such as simple diagnostic rules for
disease diagnosis or risk prediction, predicting patient outcomes, and analyzing
medical data. These models, which include linear regression and decision trees,
are valuable for their interpretability and ease of implementation. They provide
essential insights into medical data, supporting clinical decision-making and
foundational research. A good example of such models is all the multivariate LR
models*%* developed from data gathered from the Framingham Heart Study®.
These models serve as essential tools in clinical practice, enabling physicians to
calculate objective risk scores that inform treatment decisions. A collection of
similar risk prediction tools with explanations and guidelines is conveniently
available on a single webpage for easy access®.

1
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1.3.2.3 Computer Vision

Computer vision models gained the most attention as the DL era began. DL models,
like CNNs, achieved SOTA on numerous medical diagnostic tasks, often surpassing
human specialists, though mainly in controlled retrospective research settings’'2.
Much of this research has historically been conducted retrospectively in isolated,
controlled environments without assessing model performance in real clinical
seftings. This is now changing as a growing number of clinical trials on CNNs are
being launched. CNNs are currently the most advanced DL models regarding
clinical applicability, as they demonstrated potential earlier than models like LLMs.
Computer vision algorithms have been studied more extensively and have
progressed further in the clinical validation process than many other ML algorithms,
as evidenced by the significant proportion of FDA-approved Al medical devices
based on computer vision models®’.

1.3.2.4 Clinical Triage Models (CTMs)

CTMs are ML models designed to optimize patient assessment and decision-making
processes in healthcare settings. CTMs are often integrated into Clinical Decision
Support Systems (CDSSs) in a clinical environment. Such systems have been

researched in various settings, such as risk prediction of sepsisé®¢®

, emergency
admissions’®, and mortality”'. Similarly, Al-driven predictive modeling using EHRs
has demonstrated superior performance over traditional predictive models in
forecasting in-hospital mortality, 30-day unplanned readmission, prolonged length
of stay, and all of a patient’s final discharge diagnoses’?. Most of this research
focuses on CTMs, which utilize available data from EHRs directly without the patient
in the loop. CDSSs in use today are mainly rule-based and created from expert
knowledge and clinical guidelines, and results indicate that CTMs can improve

upon current predictive methods used in medicine”.

CTMs that include information retrieved directly from the patient remain less
extensively investigated. Such models could enhance diagnosis, treatment, and
patient flow in outpatient settings, where web integration enables patients to input
their data before seeking medical assistance.

1.3.3 The cooperation of Al and humans

Things become more complicated as humans interact more with Al models within
the healthcare system. While Al has shown great performance in isolated clinical
tasks, more systematic research is needed on how Al fools are used alongside
healthcare professionals in real-world settings and their effect on actual patient
outcomes. In healthcare, we must consider both the patients and the clinical
workers.

12
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More research has been done on the clinical worker side. Increasing evidence
shows that human-Al hybrid workflows outperform human or Al working
independently’®. Such cooperation might ensure an expert review of the outputs of
Al models as we gather more data on their safety, possibly making this transition of
incorporating Al info medicine safer. Humans also appear to over-rely on Al
systems’®, where users frust the output of an Al model without assessing the
reliability of the output. Trusting model output blindly might increase the probability
of humans losing skills that are delegated to Al, much like how the widespread use
of Global Positioning System (GPS) systems appears to diminish our spatial
cognition and navigation abilities’. Algorithmic aversion or Al under-reliance is
also a problem where clinical workers avoid algorithmic counsel after seeing them
make a mistake”. Healthcare professionals struggle with knowing when their own
conclusions might be better than those of an Al system. Making the models explain
themselves has shown mixed results’®. There is increasing research on methods to
mitigate these problems, but the cooperation between humans and Al in clinical
settings must be better documented.

13






2 Aims

This thesis aimed to assess whether ML models can be effectively trained using data
extracted from Clinical Text Notes (CTNs) written by human physicians after a
patient visit. Since there is a shortage of high-quality data for training ML models in
healthcare, the abundance of data within Electronic Health Records (EHRs) offers a
potential solution. However, the viability of this approach still needs to be
determined. Other research has shown potential in using CTN data for ML
training’”®, but more in-depth studies are required. Such models could have
significant applications in PC as it is the first patient contact point in the healthcare
system.

2.1 Study |

The primary objective of Study | was to evaluate the practicality of training an ML
classifier on annotated Clinical Features (CFs) extracted from CTNs authored by
physicians to forecast primary headache diagnoses in General Practice (GP). A
secondary aim was fo investigate the inner workings of such model using Shapley
Additive Explanation (SHAP) values.

2.2 Study II

Study Il aimed to expand upon the methodology established in Study | by applying
it o a different group of diagnoses and larger patient cohorts while also employing
alternative metrics to assess the performance of the models. Patient outcomes were
used to evaluate model performance instead of benchmarking against physicians.
The study explored the feasibility of training an ML model using only CFs from
patients’ symptomatic history and to assess if the model could triage individuals
with certain acute or subacute respiratory symptoms effectively and identify those
with self-resolving symptoms before they sought assistance in primary care settings.
We refer to the ML model trained in this study as the Respiratory Symptom Triage
Model (RSTM).

2.3 Study Il

Study lll was designed to conduct a prospective analysis of the RSTM developed in
Study Il in a single PC clinic. It focused on assessing its safety and efficacy in
clinical environments and comparing its predictions with patient outcomes. It
allowed us to examine a much larger group of outcomes than we could in study II
and evaluate how the RSTM fared in real clinical settings.
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3 Materials and methods

The first two studies were retrospective, while the last was a prospective single-
center study conducted in clinical settings at one of the primary care clinics of the
Primary Health Care of the Capital Area (PHCCA). All three studies were approved
by the Icelandic Data Protection Authority, the Icelandic National Bioethics
Committee, and the ethics committee of the PHCCA. The reference numbers for the
studies are VSN-19-153, VSN-20-198, and VSN-21-204.

3.1 Study populations

In the first two studies, International Classification of Diseases (ICD) codes were
used to select the original patient cohort. For the third study, patients presenting
with respiratory symptoms were recruited, and filtering methods were applied to
ensure the final population was suitable for the ML model. In all three studies, only
adult patients were included. In the first two studies the populations were selected
from a database from 19 primary care clinics in the capital area of Iceland. On 1% of
January 2024 there were 239,733 people living in this area®. In the third study,
participants were recruited from a single PC clinic in the capital area of Iceland. In
June of 2024 there were 15,393 patients registered at the clinic. The following
subsections describe the study populations in more defail.

3.1.1 Study |

Study | was a retrospective analysis encompassing patients, older than 18,
diagnosed with one of four specific primary headache disorders, defined by their
ICD codes, from January 1, 2006, to April 30, 2020. The selected ICD codes were
G44.2 (Tensiontype headache; TTH), G43.9 (Migraine without aura; MA-), G43.1
(Migraine with aura; MA-) and G44.0 (Cluster headaches; CH).

3.1.2 Study Il

The second study, retrospective as well, investigated the possibility of training an
ML model to predict the likelihood of severe lower respiratory tract infections based
on symptomatic history only. This study involved patients older than 18, diagnosed
between January 1, 2016, and December 31, 2018. The selected diagnostic codes
for inclusion were JOO (common cold), J10 and J11 (influenza), J15 (pneumonia), 20
(acute bronchitis), |44 (Chronic Obstructive Pulmonary Disease, COPD), and 45
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(asthma). J15 was the only code signifying pneumonia in the second study, but the
diagnostic codes for pneumonia ranged from J12 to J18. We sampled ICD codes
before we got the final dataset for the second study, and in that sample, the
overwhelming proportion of pneumonia cases were coded using J15.

3.1.3 Study llI

The third study was a prospective evaluation of the safety and performance of the
ML model developed in the second study. To ensure comprehensive coverage of
patients exhibiting respiratory symptoms, healthcare staff were asked to report every
patient, 18 years or older, who reported such symptoms to a study recruiter at the
Centrum primary care clinic. The Centrum clinic (“Heilsugeeslan Misbae") is one of
the 15 clinics under the PHCCA. This decision was made due to the impossibility of
determining the diagnoses patients will receive before they consult with a
physician. Travelers were excluded from the study to avoid biasing the results, as
their transient nature precluded the necessary follow-up required for the study.
Since elderly individuals are less likely to possess a mobile phone or an electronic
ID, the option to sign the research consent with a pen was also provided.
Subsequently, participants completed the survey on a desktop computer at the
primary care clinic. Table 1 provides an overview of the three studies presented in
this thesis, their design, populations, number of participants, time period, and
reported outcomes.
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Table 1. Summary of material and methods in the three studies. ICD, International
classification of diseases; SHAP, Shapley additive explanations; CRP, C-reactive protein; PC,
primary care; ED, emergency department; CXR, chest x-ray; CT, computed tomography.

Study number

Study cohort

Study type

Number of
participants

Period

Outcome
measures

Patients diagnosed
with G44.2, G43.0,
G43.1, and G44.0

Retrospective

800

2006 - 2021

ICD code, SHAP
values

Study |I

Patients
diagnosed with
J00, J10, J11, |15,
|20, J44, and J45
including
subgroups

Retrospective

2,567

2016 - 2018

CRP value,
antibiotic
treatment, re-
evaluation in PC
within seven
days, re-
evaluation in ED
within seven
days, ICD code,
CXR referral,
signs of
pneumonia on
CXR,
incidentalomas

Sl

All patients with
respiratory
symptoms as
presenting
complaints

Prospective

512

2023 - 2024

CRP value, antibiotic
treatment, re-
evaluation in PC
within seven days,
re-evaluation in ED
within seven days,
ED referral, ICD
code, CXR referral,
signs of pneumonia
on CXR, CT
referrals, lung
cancer,
incidentalomas
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3.2 Data collection

The data for the first two studies were obtained from the database of the common
EHR system of the PHCCA and the four private primary care clinics in the capital
area of Iceland. The first study’s original dataset comprised 15,024 medical records
from 13,682 patients. Each record included a CTN and an ICD diagnostic code. In
the second study, the original dataset contained 44,007 medical records from
23,918 patients. Each record consisted of a CTN, with diagnostic referrals, results,
diagnoses, and prescriptions. In the third study, a custom web-based program was
developed specifically for data collection. This platform enabled participants to
respond to the questions necessary for the model to generate predictions. The
process unfolded in the following manner: Upon agreeing to participate in the
study, individuals were directed to a designated URL in a web browser hosting the
program. Participants had the option to set the language to either Icelandic or
English. When participants started the program, they were presented with a
research consent form, which included an option for electronic signature at the
bottom. The study recruiter then reviewed the research consent with each
participant and addressed any questions during the explanation. Once consent was
given, an interface appeared, enabling participants to input their main complaints
by typing into an input field with dropdown suggestions or selecting from a list of
common complaints. Next, participants were prompted to rank their primary
complaints in order of severity. Following this, participants responded to a series of
questions required by the model to generate its output. Upon completing the
required questions, participants received a thank-you notification, marking the end
of their input.

3.2.1 The database of all primary care clinics in the capital area

The data for the first two studies were gathered from the shared EHR database of
primary care clinics in the capital region of Iceland. Only the CTN and a diagnostic
code were obtained in the first study. For the second study, all clinical encounters
involving the selected diagnoses were retfrieved, including imaging referrals,
results, prescriptions, and all associated ICD codes, to ensure a comprehensive
outcome review.

3.3 Population selection

Different criteria and methods were used to select the final population in all three
studies. This section describes the process in each study.
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3.3.1 Study |

The population selection in the first study is described in section 3.1.1. The data
was subsequently preprocessed before model training. The data processing
pipeline is described in detail in chapter 4.1.2.

3.3.2 Study Il

A similar method was used in the second study as the first one, with slight
adjustments. CTNs with less than 250 characters were removed, and then 7,000
CTNs were chosen randomly for analysis. These 7,000 CTNs were input info an
LLM that had been previously trained, as detailed in earlier work and publications®'.
The LLM outputs annotations for each CTN, which we used to pre-select for CTNs
rich in CFs. The LLM also outputs the main complaints for each patient (if present),
and we discarded CTNs with less than eight CFs in total and then selected CTNs
based on main complaints (which were also annotated in each CTN) to include only
patients presenting with acute/subacute respiratory symptoms.

When training the RSTM, we analyzed the performance of multiple ML models on
the evaluation dataset. The multivariate LR with the Least Absolute Shrinkage and
Selection Operator penalty (LASSO) showed the best performance of these models.
Subsequently, the 50 most impactful input features were selected based on SHAP
values during training, and the model was retrained using only these features to
train the RSTM.

3.3.3 Study llI

In the third study, we used primary complaints to exclude participants who would
likely be diagnosed with respiratory infections on which the RSTM was originally not
trained. As the RSTM was trained initially on patients with respiratory infections,
excluding ear, throat, and sinus infections, we excluded patients with pharyngitis,
ear pain, or pain/pressure in maxillary or frontal sinuses as one of their primary
complaints. The reason for this approach is discussed in detail in the chapter 5.

3.4 Data processing

In all studies, the data was preprocessed before statistical analysis was conducted.
Different types of ML models were trained in the first two studies. This section
describes data processing and ML model training.

21



Steindér Oddur Ellertsson

3.4.1 Data processing and model training

The dataset underwent preprocessing before training the ML models in the first two
studies. The following subsections provide a detfailed description of the
preprocessing steps.

3.4.1.1 Study I

A medical keyword dictionary was created to address the issue of empty or
minimally informative CTNs. This dictionary includes a range of symptoms that
physicians commonly inquire about or use to describe patient conditions during
diagnosis, such as nausea, vomiting, phonophobia, efc. lts purpose is to help
identify and eliminate CTNs lacking diagnostically informative content. The
dictionary was created by manually reviewing a subsample of the dataset,
approximately 1% from each category, and identifying the relevant keywords for all
diagnoses. Subsequently, this dictionary was applied to the entire dataset, filtering
out CTNs that did not contain the selected keywords, mirroring a methodological
approach used in a similar research study”.

After filtering the CTNs with the keyword search and removing 93 duplicate CTNs,
a dataset of 2,563 information-dense CTNs remained. This accounts for 17% of the
original dataset. Subsequently, 800 CTNs were selected randomly to be annotated
by a single physician. The data annotation process is described in detail in section
3.4.2. The annofation resulted in a dataset of 8,595 question-answer pairs; a single
pair is called a CF. Thus, a single CF contains a question and a value that can be
binary or an integer. The dataset included 254 different types of CFs. This dataset
was randomly split info training, validation, and test sets containing 600, 100, and
100 CTNss, respectively. Multiple ML classifiers were trained and evaluated on the
evaluation dataset where RF performed best. The other algorithms trained and
evaluated were SVM, multivariate LR, decision trees, k-Nearest Neighbors, Naive
Bayes and XGBoost. RF was chosen since it scored highest according to the
Matthews Correlation Coefficient (MCC) metric. After the training, the test set was
input into the model, and the output was used for statistical analysis.

3.4.1.2 Study 1l

The original dataset in the second study contained 44,007 CTNs. All CTNs with
less than 250 characters were removed, resulting in 17,177 CTNs. Before the
second study, a DNN had been trained, called the Clinical Feature Exiraction
Model (CFEM)®'. The CFEM is an LLM that takes CTNs as an input and gives CFs as
output. Seven thousand randomly selected CTNs were input into the CFEM, and
using the CFs from the CFEM, all CTNs with less than 8 CFs were removed. This
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process increases the odds of the resulting ML model having enough CFs in each
CTN to learn from. The CFEM also extracted presenting complaints that were used
to increase the number of patients presenting with a first occurrence of acute or
subacute respiratory infection in the final dataset. Using presenting complaints, 95
CTNs from follow-up consultations and 223 CTNs with multiple topics were
removed. This means that for COPD and asthma patients, only cases of
exacerbation were included, and all CTNs from regular follow-up were removed.
After applying these filters, 2,942 CTNs remained, whereas 2,000 CTNs were
randomly selected for annotation by a physician. The training dataset consisted of
1,500 CTNs, and 500 CTNs were held out for test set 1. Additionally, we annotated
652 CTNs from patients diagnosed with influenza (10 or J11) to serve as a second
test set.

3.4.1.3 Study 1l

Using a model with 50 input features would be impractical in clinical practice, as it
would require collecting a large amount of patient data, making it cumbersome in
real-world settings. Therefore, before prospectively collecting data in Study Ill, we
refined the model by analyzing its co-variates and selecting only co-variates with p-
values less than 0.05. When reviewing the co-variates removed during this process,
the question regarding blood in sputum/hemoptysis was not removed from the
input features of the RSTM despite the co-variate for this feature not having a p-
value less than 0.05. During the evaluation of the RSTM, we deemed it better to err
on the side of safety. Hemoptysis, being a common symptom of lung cancer,
requires prompt medical evaluation in clinical practice. Therefore, patients who
reported hemoptysis were assigned an additional 0.5 to their risk score, leading to
a high-risk classification. We then retrained the model on the whole training dataset
in study Il using only these selected co-variates before conducting study Il with
originally used hyperparameters. The retrospective performance of the RSTM
remained similar or slightly better after this adaptation.

3.4.2 Data annotation

In the first two studies, the data was annotated using a specific method before the
ML models were trained on the annotated data. The annotation method was
inspired by researchers who applied similar annofations on medical text”?, which
assigned binary and numerical values to CFs, representing the presence or absence
of signs and symptoms in the CTNs as described in the text. The text in the CTNs
constituted the patient's health state as described by a physician during the medical
consultation when the CTN was written. Each annotation is formed as a question-
answer pair where the question is stated to ask about a specific clinical variable,

23



Steindér Oddur Ellertsson

and the answer is annotfated depending on the variable type. For example, consider
a frequent text description in CTNs: ‘The patient has a cough and a sore throat but
no fever.’. Two question-answer pairs regarding the patient’s cough and sore throat
are annotated as positive, and the third one, regarding the fever, is annotated as
negative. Numerical values variables were assigned a number value, such as a
variable for temperature (e.g., with the value of 38.2°C). Missing binary variables
were given the value of 0. Missing value variables were replaced by randomly
sampling the normal distribution for that variable to reduce the odds of the model
simply learning where value variables are missing, which would be more likely for a
patient with a less severe disease. The annotation in both studies was done blindly,
where the annotator only saw a single CTN when annotating, nothing else. In study
I, all textual descriptions of symptoms, past medical history, and examination were
annotated, but only symptoms and past medical history were annotated in study II.

3.4.3 Data gathering process in study Il

Patients were asked to respond to the questions below according to their present
condition unless instructed otherwise (disregarding the progression of their illness).

nn

For each of the following questions, they could answer with "yes,” "no,” or "l don't

know":
e Do you have symptoms of the common cold?
e Have you been diagnosed with asthma by a physician?
e Is there mucus / expectorate coming up from your lungs?

e Have you been coughing up blood, or has there been blood in the mucus
from your lungs?

e Have you experienced a fever in the course of your symptoms?
e Have you experienced shortness of breath?

e Have you been diagnosed with COPD by a physician?

e Do you have any allergies?

e Have you vomited?

e Do you have a fever?

If patients answered "Yes” to the question "Do you have a fever?” they were
prompted to enter their temperature in degrees Celsius. The input allowed for
floating-point numbers from 35 to 42. If they hadn't taken their temperature, they
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could select "I have not measured my temperature.” A default value of 37°C was
used for the model input in these instances. The following items were presented as
a list of checkboxes associated with the question, “Do you have any of the following
symptoms?"”:

e Cough

e Sore throat

e Runny Nose (Rhinorrhea)

e Nasal congestion / Stuffy nose

Additionally, the patients answered the question “Do you have a smoking history?”
by selecting one of the four choices:

e  active smoker

e former smoker
e social smoker

e no

Age and sex are also part of the predictors of the RSTM and were collected
automatically when each participant signed the consent electronically.

3.5 Statistical analysis

Data processing was done through custom scripts within the Jupyter Notebook
environment, utilizing the Python programming language®?. All statistical analyses
and model training procedures were conducted using the scikit-learn library,
version 0.22.1. Descriptive statistics were reported as numbers (%) and mean =+
with a 95% confidence interval where applicable. The 95% confidence intervals
were calculated by sorting the values for each outcome and calculating the 2.5%
and 97.5% percentiles.

In the first study, the following metrics were used for the performance assessment:
sensitivity, specificity, Positive Predictive Value (PPV), MCC, Receiver Operating
Characteristics (ROC) curve, and Area under the ROC curve (AUROC score). A
confusion matrix is a statistical presentation of the performance of a classifier and
consists of four quadrants. Each quadrant contains a value count for one of four
performance variables: true-positive count (TP), false-positive count (FP), true-
negative count (TN), and false-negative count (FN). The MCC is a valuable metric
for imbalanced datasets since it only produces a high score if the prediction obtains

25



Steindér Oddur Ellertsson

good results in all four quadrants of the confusion matrix. It ranges from 1 to 1,
where 1 represents a perfect prediction. The MCC is defined as follows:

(TP x TN) — (FP x FN)

McC =
J(TP + FP)(TP + FN)(FN + FP)(TN + FN)

The MCC was calculated for each diagnosis as a dichotomous outcome. The
AUROC score was determined by plotting the true positive rate (TPR) against the
false positive rate (FPR) at various thresholds for each dichotomous diagnosis and
calculating the area under the curve. The ROC curve for each diagnosis, as a
dichotomous outcome, was also plotted. The calculated means were weighted to
account for a substantial imbalance in diagnostic codes. This adjustment provided a
more accurate performance comparison between the model and the physicians.
The inner workings of the ML model were examined using SHAP values.

The second study evaluated the model’s performance using patient outcomes from
two separate test sets. The first test set comprised patients with the same diagnostic
distribution as the training dataset. In contrast, the second test set included patients
diagnosed with influenza (J10 and J11 including subgroups), a group theoretically
outside the training set but including patients that often present with symptoms
similar to those in the training dataset. Based on the model’s risk score, patients in
each test set were divided into ten risk groups, numbered from 1 to 10.

3.5.1 Shapley additive explanations (SHAP) values

SHAP values are a tool used in ML to explain the output of predictive models. They
are based on Shapley values from cooperative game theory, which allocate a fair
distribution of payoffs to players depending on their contribution to the total payout.
In the context of ML, SHAP values quantify the contribution of each feature in a
model to a specific prediction. This approach provides insights into how different
features impact the model's output, making it a potent method for interpreting
complex ML models. In study I, SHAP values were used to examine the inner
workings of the ML classifier, where the top-20 most impactful input features for
each diagnosis were plotted in a SHAP value summary plot. SHAP values were also
used to choose the top 50 input features in study Il.

There are multiple ways of plotting SHAP values. We created a summary plot that
combines all features of SHAP values across a dataset in one chart. Each dot
represents a SHAP value for a single sample, plotted along the x-axis according to
the magnitude of its effect on the prediction. The x-axis shows the impact on the
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model output. A SHAP value of O means no impact, while positive and negative
values indicate positive or negative influences on the prediction. The color of each
feature represents its value from low (blue) to high (red). For instance, if age is
high for red dots and low for blue, you can see how higher or lower age values
contribute to model predictions. The features are also ranked from top to bottom by
their importance across the dataset. To interpret the model in the first study, we
used SHAP values to analyze the top 20 features influencing the model's
predictions.

3.5.2 Receiver-operating characteristic curve

In study I, we used a ROC curve to assess diagnostic accuracy for each condition,
comparing the performance of individual physicians and the group mean to the
performance of the ML model. We created a single ROC curve for each diagnosis
as a dichotomous outcome. The ROC curve shows the trade-off between sensitivity
and specificity at various thresholds, with the area under the curve (AUC)
summarizing overall performance. An AUC of 1 indicates perfect accuracy, while
0.5 represents random guessing. By plotfting each physician’s results, we identified
variations in diagnostic ability, providing insights into individual and group
performance.

3.5.3 Risk group stratification and outcomes

In studies Il and Ill, we used the RSTM risk score to stratify patients info one to ten
risk groups. We then analyzed the selected outcomes in each group to evaluate the
safety of this risk stratification. Furthermore, we used the terms Low-Risk (LR) and
High-Risk (HR) groups for all patients in risk groups 1-5 and 6-10, respectively, to
simplify the discussion and comparison of results.

3.5.4 Cross-Validation

Cross-Validation (CV) is a method used in ML where a dataset is divided into a
specified number of subsets or folds. One fold is held out as a validation set for
testing the model, and the other folds are used as training data. This process helps
assess the model’s generalization on unseen data. There are three main types of
CV: Kfold CV, Leave-One-Out CV, and stratified K-fold. Then, there is a standard
CV and a nested CV. Hyperparameter optimization and model evaluation are
performed in the same loop in a standard CV grid search. This approach is more
straightforward but more prone to overfitting than nested CV. A nested CV
addresses this problem by creating an inner and outer loop. The inner loop is used
for hyperparameter tuning with its own CV, and the outer loop is used to evaluate
the model with the tuned parameters from the inner loop. A nested CV ensures that
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model evaluation is unbiased by separating the data used for hyperparameter
search and assessment. In study 2, when training the RSTM, we used a 25-repeated
stratified nested CV and grid search to optimize the hyperparameters, optimizing
only class weight and the penalty (C parameter). This resulted in the balanced
hyperparameter being used with a C value of O,1.

3.5.5 Outcomes

In the first study, the only outcome measured was ICD code diagnosis. In the
second study, we reported on the mean C-Reactive Protein (CRP) value, ICD-10
code distribution, the proportion of patients re-evaluated in primary care and
emergency departments within seven days, the proportion of patients referred to a
Chest X-Ray (CXR), CXRs with signs of pneumonia and incidentalomas, and the
proportion of patients receiving antibiotic prescriptions. In study Il we analyzed
mean CRP value, ICD code distribution, the proportion of patients re-evaluated in
PC within seven days, the proportion of patients seeking evaluation in the
Emergency Department (ED) within seven days, the proportion of patients referred
to ED immediately by the receiving doctor, the proportion of patients referred to a
CXR, CXRs with signs of pneumonia, tumors, and incidentalomas, the proportion of
patients receiving antibiotic prescriptions, the proportion of patients referred for CT
of the thorax, and the proportion of patients referred for CT thorax with pneumonia,
cancer, and incidentalomas.

28



4 Results

The main findings of this research indicate that ML models trained to predict ICD codes
based on clinical features exiracted from CTNs perform similarly or slightly better than
GPs and rely on the same clinical features used by humans. Additionally, such models
show positive possibilities in triaging patients with respiratory symptoms based on their
symptomatic history, as demonstrated in Studies Il and lll. The RSTM performed well
when stratifying patients by severity of symptoms and by means of using the probability
of having a Lower Respiratory Tract Infection (LRTI) as a marker. This was further
supported by prospective analysis, where the RSTM accurately placed two patients in
lower-risk categories despite physicians diagnosing them with pneumonia when
subsequent CXRs confirmed the absence of pneumonia in these cases.

4.1 Study |

The main result of study | was that the ML classifier achieved a similar or slightly better
diagnostic performance in diagnosing primary headaches in primary care than the
mean performance of GPs and GP trainees. Figure 2 shows the flowchart of CTNs in
the first study.
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4.1.1 Descriptive statistics

15,024 CTNs imported

»| 93 duplicates removed

Y

14,931 CTNs underwent
keyword screening

» 12,368 CTNs excluded

2,563 CTNs randomized for
annotation

800 CTNs annotated manually,

creating clinical f for
each CTN

600 CTNs in training set

100 CTNs in validation set

100 CTNs in test set

Figure 2. The flowchart in the first study.

A total of 15,024 CTNs were imported from the database. Then, 93 duplicate CTNs
were removed, and 12,638 CTNs were excluded after applying the keyword dictionary,
leaving 2,653 CTNs. These CTNs were randomized, and then 800 CTNs were
annotated by a physician. A total of 8,595 CFs were annotated, where 4,913 CFs were
positive and 3,682 CFs were negative, resulting in 1,33 positive CFs for each negative.
The mean number of CFs per CTN was 10,74. Table 2 shows the demographics of the
train, validation, and test sets in study |. Females are more likely to experience primary
headaches and seek help in primary care, which explains the imbalance in the dataset.

The demographics were similar in all datasets.
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Table 2. The demographical distribution in study | in the training, validation, and test set.

Variable Training set Validation set
Total size 600 100 100
Female (%) 434 (72.3) 65 (65.0) 72 (72.0)
Mean age (min-max) 34.56 (6-90) 33.53 (8-78) 31.29 (8-77)

4.1.2 Model and Physician Performance

Table 3 shows the ML classifiers and physicians’ performance with weighted averages.
The ML classifier outperforms or is equal to the physicians on the weighted average on
all metrics except specificity. The ML classifier performs best on CH and MA+ but has a
more challenging time discerning between TTH and MA- in some cases, achieving the
lowest scores for MA-.

Table 3. Performance metrics for ML model and GP specialists and trainees. CH, cluster
headache; MA+, migraine with aura; MA-, migraine without aura; TTH, tension-type headache;
PPV, positive predictive value; MCC, Matthew's correlation coefficient.

Diagnosis Sensitivity Specificity PPV MCC

ML classifier

CH 0.83 1.00 1.00 0.91
MA+ 0.92 0.99 0.92 0.9
MA- 0.67 0.99 0.86 0.73
TTH 0.99 0.85 0.95 0.87

Weighted 0.95 0.88 0.94 0.86

average

GP specialist
1

CH 0.83 1.00 1.00 0.91
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MA+
MA-
TTH

Weighted
average

CH
MA+
MA-
TTH

Weighted
average

CH
MA+
MA-
TTH

Weighted
average

CH

MA+
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0.92

0.8

0.89

0.88

0.67

0.58

0.90

0.90

0.86

0.83

0.67

0.5

0.97

0.90

0.83

0.92

0.95

0.92

0.96

0.95

GP specialist

2

1.00

0.96

0.87

0.95

0.94

GP specialist

3

1.00

0.99

0.95

0.72

0.78

GP trainee 1

1.00

0.99

0.73

0.53

0.98

0.88

1.00

0.70

0.45

0.98

0.85

1.00

0.89

0.56

0.91

0.88

1.00

0.92

0.79

0.61

0.79

0.77

0.81

0.59

0.58

0.79

0.73

0.91

0.74

0.48

0.75

0.73

0.91

0.90




Results

MA- 0.70 0.93 0.54 0.56
TTH 0.93 0.88 0.96 0.80
Weighted 0.89 0.91 0.90 0.78
average
GP trainee 2
CH 0.83 0.95 0.56 0.65
MA+ 0.42 0.99 0.83 0.55
MA- 0.80 0.79 0.31 0.41
TTH 0.81 0.95 0.98 0.64
Weighted 0.78 0.91 0.76 0.58
average
GP trainee 3
CH 0.83 0.98 0.71 0.75
MA+ 0.50 0.99 0.86 0.62
MA- 0.70 0.90 0.44 0.49
TTH 0.94 0.90 0.97 0.82
Weighted 0.87 0.91 0.86 0.75
average
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4.1.3 ROC curves

A ROC curve was plotted for each diagnosis as a dichotomous outcome for the ML
classifier outputs, and the performance of each physician and the mean of both groups
were also plotted. Figure 3 displays the ROC curves. When comparing classifiers, the
one further up to the left on the ROC curve achieves a higher ratio of TPR and FPR. The
ROC curves show that the classifier achieves the highest performance score when
diagnosing MA+ and CH but struggles more with TTH and MA- diagnosis. No mean
physician scores outperformed the ML classifier on any diagnosis on the ROC curve.
Still, two GP specialists outperformed in MA- diagnosis, and one GP trainee
outperformed the classifier on TTH.
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Figure 3. The ROC curve for the classifier for each diagnosis can be seen in blue, along with
the performance of each physician and the mean score of both physician groups. The + and X
icons indicate the score for an individual GP trainee and specialist, the green star shows the
mean score for the GP trainees, and the gray star shows the score of the GP specialists. The area
under the receiver operating characteristic (AUROC) score is calculated as the area under the
ROC curve, and a higher AUROC score indicates a better classifier performance. The
performance of a classifier is better as the score approaches the upper left corner of the graph.

4.1.4 SHAP values

Figures 4-7 show the SHAP values for each diagnosis’s top 20 input features. In Figure
4, the SHAP values for CH are displayed. The features include CHs autonomic
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symptoms such as ptosis, conjunctivitis, lacrimation, runny or stuffy nose accompanying
a unilateral headache around a single eye. Myalgia symptoms reduce CHs diagnostic
probability as does visual disturbance which often accompanies MA+. In Figure 5,
SHAP values for MA+ are visualized. The two most impactful features of MA+ are
prodromal symptoms and visual disturbance, the former is a hallmark of an aura and
the latter for migraines. Unilateral symptoms and photophobia positively impact MA+
diagnostic probability but less since MA- also typically has these features. Aura can
present itself as limb numbness, which also positively affects the prediction of MA+. In
the case of MA-, we see a different distribution of SHAP values, displayed in Figure 6.
The model uses prodromal symptoms and visual disturbance to distinguish between
MA+ and MA-. The SHAP values describe a unilateral headache with accompanying
nausea, vomiting, photophobia, phonophobia and without symptoms of myalgia. This
picture fits well with MA-. Figure 7 displays the SHAP values for TTH. This distribution
differs from the other three, where it shows an absence of symptoms, and only myalgia
symptoms affect the prediction probability positively.
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Figure 4. SHAP values for the most impactful features for a CH prediction. Each dot represents

a SHAP value for a single sample, plotted along the x-axis according to the magnitude of its

effect on the prediction. The x-axis shows the impact on the model output. The features are also

ranked from top to bottom by their importance across the dataset.
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Figure 5. SHAP values for the most impactful features for a MA+ prediction. Each dot represents
a SHAP value for a single sample, plotted along the x-axis according to the magnitude of its
effect on the prediction. The x-axis shows the impact on the model output. The features are also
ranked from top to bottom by their importance across the dataset.
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Figure 6. SHAP values for the most impactful features for a MA- prediction. Each dot represents
a SHAP value for a single sample, plotted along the x-axis according to the magnitude of its
effect on the prediction. The x-axis shows the impact on the model output. The features are also
ranked from top to bottom by their importance across the dataset.
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Figure 7. SHAP values for the most impactful features for a TTH prediction. Each dot represents
a SHAP value for a single sample, plotted along the x-axis according to the magnitude of its
effect on the prediction. The x-axis shows the impact on the model output. The features are also
ranked from top to bottom by their importance across the dataset
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4.2 Study I

The main result of study Il was that the RSTM triaged patients with the selected ICD
codes so that no severe outcomes, such as pneumonia diagnoses or CXRs positive for
pneumonia, were observed in the lowerrisk groups. All outcomes increased
proportionally with higher risk groups.

4.2.1 Descriptive statistics

We received 44,007 medical records from 23,819 patients from the database. To
remove CTNs with litle or no information, we removed all CTNs containing less than
250 characters, which removed 26,830 CTNs from the dataset. We then selected
7,000 CTNs randomly to be used as input into the CFEM, which we had created in
previous work and has been described and cited in section 3.4.1.2. We then removed
all CTNs containing less than 8 CFs per CTN, which resulted in the removal of 4,058
CTNs. The CFEM also marked CTNs with multiple topics and where patients were
coming for follow-up. Due to this, 223 and 95 CTNs were removed, leaving 2,942
CTNs. Then, 2,000 CTNs were selected randomly for annotation by a physician. After
annotation, these 2,000 CTNs were split randomly into training and test sets. Figure 8
displays the flow of the CTNs in study II.
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Figure 8. The flowchart in the second study.

consultations
2,942 CTNs
| 942 CTNs randomly
- removed
Y
2,000 CTNs randomly selected
and annotated by a physician

Table 4 shows the demographics of the training set and both test sets in the second
study. The mean population age in test set 2 is slightly lower than in the training and

test set 1, likely because of different distributions of ICD codes.
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Table 4. The demographic and ICD code distribution in the training and both test sets in study II.

Variable Training set Test set 1 Test set 2
Total size 1500 500 664
Female (%) 66.1 62.6 61.1
Mean age (min-
54 (1893) 55 (19-91) 45 (18-92)
max)
ICD-10 codes (%)
00 {Acute 20.2 19.2 0
nasopharyngitis)
15 (Bacteflal 04 0.2 o
pneumonia)
120 {Acute 46.5 48.2 0
bronchitis)

J44 (Chronic
obstructive 11.1 9.8 0
pulmonary disease)

145 (Asthma) 21.8 22.6 0
J10 (Influenza) 0 0 0.8
J11 (Influenza) 0 0 99.2

The outcome distribution in the training and test datasets can be seen in Table 5. The
distribution is similar between the training and test set 1, which is unsurprising since
they come from the same groups of diagnoses. Patients in test set 2 were diagnosed
with influenza (J10 and J11) and, therefore, have a different outcome distribution.
Antibiotic prescribing is much lower, which one would expect given the viral nature of
influenza. Since influenza patients often have significantly raised CRP values, the mean
CRP being higher in test set 2 compared to the other two datasets is not surprising.
There are also slightly higher re-evaluation rates in PC and ED within seven days. This
fits well with influenza patients, who often experience more severe symptoms than
patients in the other two datasets.
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Table 5. The outcome distribution in the training dataset, test sets 1 and 2.
Patient outcomes Training set Test set 1 Test set 2

CRP value, mean (range), mg/dL 20.7 (3-183) 18.8 (3-84) 28.2 (3-178)

Antibiotics prescribed (%) 49.0 50.8 15.5
CXR referrals (%) 6.6 6.8 3.5
CXRs signs of pneumonia (% of 19.6 0.6 o1
referrals)
CXR incidentalomas (% of referrals) 1.6 3.2 4.3
PC re-evaluation within 7 days (%) 8.2 6.8 10.0
ED re-evaluation within 7 days (%) 0.2 0.6 0.8

4.2.2 Outcome comparison between the LR and HR groups

Table 6 compares the outcome rates in the HR and LR groups across both test sets. In
test set 1, a significant difference was observed between the HR and LR groups in CRP
values and antibiotic treatments. However, in test set 2, only antibiotic treatment
showed a substantial difference between the groups. Since test set 2 includes only
patients diagnosed with influenza, the similarity in CRP values is expected, as influenza
patients typically exhibit higher CRP values than many of the diagnoses in fest set 1.

43




Steinddr Oddur Ellertsson

Table 6. The comparison of outcome rates in the test sets between the LR and HR groups. CRP,

C-reactive protein; PC, primary care; ED, emergency department; CXR, chest X-ray.

Outcomes Low-Risk group High-Risk group
Test set 1
CRP V;L;‘/eéf‘ea”' 7.9 23 <.05
Antibiofics 66 (40%) 188 (56.1%) <.05
prescribed
PC re-evaluation 9 (5.4%) 36 (10.7%) 0.07
ED re-evaluation 1(0.6%) 3(0.9%) 0.67
CXRs ordered 6 (3.6%) 25 (7.4%) 0.07
Positive CXRs (b) 0 (0.0%) 3(0.9%) 0.3
Test set 2
CRP V:]';/eé["ea”' 29.4 27.4 1
::ii:’g:; 33 (10.9%) 68 (18.7%) <.05
PC re-evaluation 30 (9.9%) 35 (9.6%) 0.9
ED re-evaluation 1(0.3%) 4 (1.2%) 0.38
CXRs ordered 8 (2.7%) 15 (4.1%) 0.4
Positive CXRs (b) 0 (0.0%) 2 (0.6%) 0.5
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4.2.3 Outcome distribution in the 25-repeated nested CV of the training
dataset

When training the RSTM, we performed 25 repeats of a 4-fold nested CV on the
training dataset. We analyzed each run statistically and calculated each outcome's
mean and 95% confidence intervals. Figures 9-15 display the patient count and
outcome distribution results.

Patient count

120 ~

100 A

1 2 3 4 5 6 7 8 9 10
Risk Group

Figure 9. The patient count distribution, with 95% confidence intervals, by risk groups observed
during 25 repeats of a 4-fold nested CV of the training dataset. Groups 1-5 are low-risk groups
and 6-10 are high-risk groups
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Figure 10. The patient age distribution, with 95% confidence intervals, by risk groups observed
during 25 repeats of a 4-fold nested CV of the training dataset. Groups 1-5 are low-risk groups
and 6-10 are high-risk groups
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Figure 11. The mean re-evaluation rates within 7 days in PC and ED, with 95% confidence
intervals, by risk groups observed during 25 repeats of a 4-fold nested CV of the training dataset.
Groups 1-5 are low-risk groups and 6-10 are high-risk groups. PC, primary care; ED, emergency
department.
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Figure 12. The mean CXR referral, pneumonia, and incidentaloma rates, with 95% confidence
intervals, by risk groups observed during 25 repeats of a 4-fold nested CV of the training dataset.
Groups 1-5 are low-risk groups and 6-10 are high-risk groups. CXR, Chest X-ray;
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Figure 13. The mean antibiotic treatment rates, with 95% confidence intervals, by risk groups
observed during 25 repeats of a 4-fold nested CV of the training dataset. Groups 1-5 are low-risk
groups and 6-10 are high-risk groups.
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Figure 14. The mean CRP values, with 95% confidence intervals, by risk groups observed
during 25 repeats of a 4-fold nested CV of the training dataset. Groups 1-5 are low-risk groups
and 6-10 are high-risk groups.
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Figure 15. The mean ICD code distribution observed during 25 repeats of a 4-fold nested CV of
the training dataset. Groups 1-5 are low-risk groups and 6-10 are high risk groups.
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Age and patient count increase, approaching the higher risk groups. The LR groups
contain 52% of incidentalomas, 9% of CXR referrals, and no CXRs positive for
pneumonia. No patients went to the ED within 7 days in groups 1-4. All outcomes
display an increasing percentage approaching higher-risk groups. Of the selected ICD
codes, JOO represents patients with the mildest symptoms, dominating the lower-risk
groups and diminishing approaching the higher-risk groups. J20 takes up the second
most space in the lower risk groups but increases in the middle but then shrinks again
in groups 9 and 10. J45 is more diagnosed in the lower risk groups than |44, which
starts to increase after risk group 5, and both increase from there, approaching risk
group 10. There were only patients diagnosed with J15 in groups 6-10.

4.2.4 The outcome distributions in test set 1

After training the model, we gave the model test set 1 as input and analyzed the
corresponding output statistically. Figures 16-22 show the patient count and outcome
distribution in test set 1.

Patient count
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Figure 16. Patient count distribution by risk groups observed in test set 1. Groups 1-5 are low-
risk groups and 6-10 are high-risk groups.
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Figure 17. Patient age distribution by risk groups observed in test set 1 with 95% confidence
intervals. Groups 1-5 are low-risk groups and 6-10 are high-risk groups.
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Figure 18. Distribution of antibiotic treatments by risk groups observed in test set 1. Groups 1-5

are low-risk groups and 6-10 are high-risk groups.
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CXR Referrals, Pneumonias, and Incidentalomas

10 4 ™ CXR Referrals
B Pneumonias
Incidentalomas

%

Risk Group

Figure 19. The distribution of CXR referrals, pneumonia, and incidentalomas by risk group was
observed in test set 1. Groups 1-5 are low-risk groups and 6-10 are high-risk groups. CXR, Chest-
X-Ray.
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Figure 20. The PC and ED re-evaluation rates observed by risk groups in test set 1. Groups 1-5
are lowrisk groups and 6-10 are high-risk groups. PC, Primary Care; ED, Emergency
Department.
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Figure 21. The mean CRP value distribution by risk group observed in test set 1, with 95%
confidence intervals. Groups 1-5 are low-risk groups and 6-10 are high-risk groups. CRP, C-
Reactive Protein.

Figure 22. The ICD code distribution by risk group observed in test set 1. Groups 1-5 are low-
risk groups and 6-10 are high risk groups.
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The age and patient count increase, approaching higher-risk groups. There were no
pneumonia diagnoses, CXRs positive for pneumonia, or ED evaluations in the LR
groups. Antibiotic treatment incidence increases from group 1to 10. The CRP value is
low in groups 1-8, rising sharply in groups 9 and 10. The distribution of ICD codes
follows a similar pattern to that described in Section 4.2.1. Code JOO is prevalent in
lower-risk groups, gradually decreasing as we approach risk group 10. 20, initially the
second most common in lower-risk groups, peaks in the middle and then declines
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nearing risk group 10. |45 shows a steady increase from risk group 1 through to risk
group 10. J44 first appears in risk group 2, increases progressively, and is most
prominent in risk group 10. Notably, 15 is present only in risk group 8.

4.2.5 The outcome distributions in test set 2

We input test set 2 and analyzed the corresponding output statistically. Figures 23-28
show the patient count and outcome distribution in fest set 2.

Patient Count

80

70 A

60

50 -

Count

40 A

30 A

20

10 A

1 2 3 4 5 6 7 8 9 10
Risk Group

Figure 23. The patient count distribution by risk groups observed in test set 2. Groups 1-5 are
low-risk groups and 6-10 are high-risk groups.
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Figure 24. The patient age distribution by risk groups observed in test set 2. Groups
1-5 are low-risk groups and 6-10 are high-risk groups.
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Figure 25. The distribution of antibiotic treatments by risk groups observed in test set 2. Groups

1-5 are low-risk groups and 6-10 are high risk groups.
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CXR Referrals, Pneumonias, and Incidentalomas
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Figure 26. The distribution of CXR referrals, pneumonia, and incidentalomas by risk group
observed in test set 2. Groups 1-5 are low-risk groups and 6-10 are high-risk groups. CXR, Chest-
X-Ray.
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Figure 27. The PC and ED re-evaluation rates observed by risk groups in test set 2. Groups 1-5
are low-risk groups and 6-10 are high-risk groups. PC, Primary Care; ED, Emergency
Department.
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Figure 28. The mean CRP value distribution, with 95% confidence intervals, by risk group
observed in test set 2. Groups 1-5 are low-risk groups and 6-10 are high-risk groups. CRP, C-
Reactive Protein.

In the second test set, we observe many of the same trends as in the first. The number
of patients and their ages is rising, nearing the HR groups. Antibiotic treatment shows a
similar pattern. No CXRs indicating pneumonia are found in the LR risk groups;
however, 35% of the CXR referrals and a single incidentaloma are within these LR
groups. Unlike the first test set, the re-evaluation rate for PC does not exhibit a clear
upward trend toward the HR groups, with only one ED evaluation recorded in the LR
test set. Additionally, the CRP values demonstrate a more subdued upward trend
compared fo test set 1, which is anticipated since influenza patients generally have
higher CRP values than those in the initial test set. No ICD code distribution analysis
was conducted in the second test set since only two ICD codes were selected, which
both signified influenza diagnoses.

4.2.6 Risk score comparison with Diehr et al. and Anthonisen et al.

Numerous studies have aimed to establish diagnostic rules for pneumonia. However,
all but one incorporate variables from patient examinations or blood tests, rendering
them incomparable to the RSTM. The only comparable study was conducted by Diehr et
al.® We, therefore, calculated the Diehr risk score for all patients in our population and
then compared the risk score of the RSTM to the normalized predictive score of the
diagnostic rule that Diehr et al. created in test set 1. The results can be seen in figure
29. There is a strong correlation between the score from the RSTM and that of the Diehr
score.
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= Mean RSTM score
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Figure 29. The mean score of the RSTM compared to the normalized score of the diagnostic
rule for pneumonia created by Diehr et. al in by risk group. Groups 1-5 are low-risk groups and
6-10 are high-risk groups

In a study conducted by Anthonisen et al.®, the researchers created and validated a
trifecta of symptoms to predict whether a patient with a COPD exacerbation should be
treated with antibiotics. They determined that patients exhibiting two or more of the
three symptoms—increased dyspnea, sputum, and sputum purulence—benefited from
antibiotic treatment. This suggests that COPD patients with a growing number of these
symptoms are more likely to experience a bacterial exacerbation. We analyzed the
COPD patients in test set 1 and calculated the Anthonisen risk score for

each risk group. The findings are displayed in Figure 30, which illustrates a rising
number of patients displaying more positive cardinal symptoms nearing the HR groups.
Only patients in risk group 10 should have been prescribed antibiotics according to
their diagnostic rule.
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Figure 30. The Anthonisen risk score by risk group in fest set 1. Patients with a score of 2 or
higher should receive antibiotic treatment. No patient in test set 1 had a score of 3. Groups 1-5
are low-risk groups and 6-10 are high-risk groups

4.3 Study Il

The purpose of study Ill was to evaluate the performance of the ML model trained in
study Il prospectively. The model in study Il was modified slightly after study Il was
completed, as described in section 3.4.1.3.

4.3.1 Descriptive statistics

554 confacts from 512 patients were recorded and recruited in a single primary care
clinic in Iceland. Twelve patients denied participating for various reasons and one
patient could not participate because of language barriers. 302 patients with 337
patient contacts were filtered out based on presenting complaints, leaving 197 patients
with 204 patient contacts. The flowchart in study Ill is displayed in Figure 31.
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512 patients with 554 patient
contacts were recruited in a single
primary care clinic in Iceland

A

« 12 patients denied participating
« 1 patient was unable to participate because of language
barriers

With one or more of the following presenting complaints:

Ear pain Yes
: p 302 patients with 337 patient
.
.

Pharyngitis contacts removed
Pressure or pain in maxillary sinuses

Pressure or pain in frontal sinuses

197 patients with 204
patient contacts in final
cohort

Figure 31. The flowchart in the third study.

Table 7 provides an overview of the demographics of the whole and final population
after patients have been removed based on primary complaints. This methodology
aimed to increase the number of patients appropriate for the RSTM in the final
population. The RSTM was trained on patients diagnosed with JOO, |20, J15, |44 and
J45. The removal increases proportionally the number of patients suitable for the model
while reducing the number of unsuitable patients. Patients with ICD codes such as B34,
RO5, |45, 20, J18, J22, and |40 are suitable and increased, while patients with |02 and
JO1 are unsuitable and decrease. JOO is suitable but decreases as well. Table 8
compares the outcome rates in the whole and final population.
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Table 7. Comparison of the demographics of the fillered group to those of the entire population.

Variable Filtered population Whole population
Patient contacts, count 204 554
Mean age (min-max) 42.3 (18 - 88) 45.2 (18-88)
Female (%) 46.6 48.8
ICD-10 codes (%)
B34 (Viral infection,
25.7 20.8
unspecified)
RO5 (Cough) 17.9 11.4
45 (Asthma) 8.7 5.1
J20 (Acute bronchitis) 7.3 4.7
J18 (Pneumonia) 5.1 2.4
J32 (Chronic sinusitis) 3.7 2.6
)22 (Unspecified acute lower
3.7 2.5
respiratory infection)
J40 (Bronchitis, not specified
3.2 5.2
as acute or chronic)
J02 (Acute pharyngitis) 2.8 6.1
RO6 (Abnormalities of
2.3 1.4
breathing)
No ICD code 2.3 2.6
JO1 (Acute sinusitis) 1.8 4.4
JOO (Acute nasopharyngitis) 1.4 2.8
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Table 8. An overview of the outcomes in the filtered compared to the whole population.

: Filtered Whole
Variable : .
population population
31.53 (0.7 - 28.69 (1-
CRP val 95% Cl dL
value, mean { ) mg/ 220.6) 201.5)
Antibiotics prescribed, count (%) 51 (25.0) 178 (32.9)
Re-evaluation in PC within 7 days, 18 (8.8) 31 (5.7)
count (%)
Evaluation in ED withirl7 days, count 5 (2.5) 5(0.9)
(%)
ED referral, count (%) 4 (2.0) 5(0.9)
Pneumonia ICD code, count (%) 14 (6.7) 20 (3.7)
CXR referrals, count (%) 19 (9.3) 24 (4.4)
CXRs pneumonia, count (%) 9 (4.4) 10 (1.9)
CXRs incidentaloma, count (%) 2 (1.0) 4 (0.7)
CT thorax referrals, count (%) 4 (2.0) 8 (1.5)
Lung cancer diagnoses, count (%) 1(0.5) 2 (0.4)

4.3.2 Patient count and outcome distribution

Images 32-36 show the patient count distribution and outcome distributions for selected
outcomes. Generally, the outcome distributions show increasing proportional values as
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we approach higher risk groups. Groups 2-5 and 8-9 have relatively few patients,
causing variability in their proportional outcome values. We analyzed the CRP values in
each group, and the mean CRP value with 95% Cls is displayed in Figure 36. The
patient diagnosed with pneumonia, who had a negative CXR in risk group 2, had a
CRP of 112, causing the spike in risk group 2. One patient, diagnosed with JO1 (Acute
Sinusitis) in risk group 1, had a CRP of 81, causing the raised CI in group 1. Four
patients had a CRP value above 130 and were all diagnosed with pneumonia, and three
of them had positive CXRs as well. They were all in the HR group.

Patient counts by risk group
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Figure 32. The patient counts distribution by risk group. Groups 1-5 are low-risk groups and 6-
10 are high-risk groups
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Antibiotic prescriptions by risk group
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Figure 33. The percentage of antibiotic prescriptions by risk group. Groups 1-5 are low-risk
groups and 6-10 are high-risk groups

CXR Referrals and positive for pneumonia by risk group
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Figure 34. The percentage of CXR referrals and CXRs positive for pneumonia by risk group.
Groups 1-5 are low-risk groups and 6-10 are high-risk groups. CXR, Chest X-Ray.
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Re-evaluation, Evaluation, and Referral by Risk Group
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Figure 35. The percentage of patients who sought re-evaluation in ED or PC or were referred to
the ED by the physician by risk group. Groups 1-5 are low-risk groups and 6-10 are high-risk
groups. PC, Primary Care; ED, Emergency Department.
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Figure 36. The mean CRP values with 95% confidence infervals by risk group. Groups 1-5 are
low-risk groups and 6-10 are high-risk groups . CRP, C-Reactive Protein.
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4.3.3 Comparison of outcomes in HR and LR groups

A comparison of the outcomes in the HR and LR groups is displayed in Table 9 with p-
values and Odds Ratio (OR). 40% of the patients are in the LR groups. The mean CRP
value is higher in the HR groups but not statistically significant. Patients in the HR
groups were 50% more likely to receive a CRP measurement and 49% more likely to be
prescribed antibiotics. They were also 38% more likely to be re-evaluated in PC within 7
days. No patients from the LR groups were sent to the ED, whereas patients in the HR
groups had odds of referral to the ED that were 6.26 times higher, calculated with
Haldane-Anscombe correction. 26% of the CXR referrals were in the LR groups, and all
were normal. Patients in the HR groups had twice the odds of being referred to a CXR.
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Table 9. Comparison of clinical outcomes between low-risk and high-risk groups. Statistically
significant values are marked in bold, with significant findings in pneumonia diagnoses via ICD
codes (p=0.009, OR=9.66) and CXR-confirmed pneumonia (p=0.03, OR=19.00).

*Corrected with Haldane-Anscombe correction
**Subsequent CXR was normal

***|ncludes only patients who were referred for a CXR by a physician

****|ncludes only patients who were referred for a CT by a physician

Outcome Lgv:c-ii;k Hi(;;:wolji:k- P-value
Count 82 122 N/A N/A
Mean CRP values (95% Cls) 19';’;85 ) 3‘;5; 6()1 ’ 0.55 N/A
No. CRP measurements (%) 23 (29.6) 45 (36.9) 0.23 1.5
Antibiotics prescribed (%) 17 (20.7) 34 (27.9) 0.25 1.5
PC re-evaluation (%) 6 (7.3) 12 (9.8) 0.62 1.4
ED evaluation (%) 1(1.2) 4 (3.3) 0.65 2.8*
ED referral (%) 0 (0) 4 (3.3 0.15 6.3*
CXR referrals (%) 5(6.1) 14 (11.5) 0.22 2.0
CXR incidentalomas (%) 1(1.2) 1(0.8) 0.47 0.3%**
CXR pneumonia (%) 0 (0) 9 (7.4) 0.03 12;2*
Pneumonia ICD code (%) 1(1.5)** 13 (9.6) 0.009 9.7
CT referrals (%) 1(1.2) 3(2.5) 0.65 2.0
Lung cancer diagnoses (%) 0 (0) 1(0.8) 1 *1;}1**
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Two incidentalomas were found: one in the LR group and one in the HR group. Both
patients had a CT of the thorax as a follow-up, and neither incidentaloma had clinical
significance. In the HR groups, 9 CXRs indicated pneumonia, accounting for 64% of
the CXR referrals. Using the Haldane-Anscombe correction, OR is notably high at 19,
with a pvalue of 0.03, indicating statistical significance. The HR groups had 13
pneumonia diagnoses, while the LR groups had one, resulting in an odds ratio of 9.66
with a statistically significant p-value of 0.009. The single patient in the LR group
diagnosed with pneumonia underwent a CXR as part of the study, which turned out to
be normal. Likewise, two patients from the HR group also had normal CXRs as part of
the study. Four patients were referred to a CT image of thorax, one in the LR groups
and three in the HR groups, resulting in an OR of 2.04 for the HR groups. One CT
image resulted in a lung cancer diagnosis in the HR group; the rest was normal.

4.3.4 Pneumonia analysis

When evaluating an ML model that stratifies patients in primary care with respiratory
symptoms into risk groups, ensuring that pneumonia risk is low in the low-risk groups is
paramount. Figure 37 shows the patient count in the population who were either
diagnosed with pneumonia or had a positive CXR for pneumonia by risk group. All
patients with positive CXRs for pneumonia were in groups 6-10. In risk group 2, one
patient was diagnosed with pneumonia, but a subsequent CXR was negative. In group
9, two patients received pneumonia diagnoses despite negative CXR results.

Patients diagnosed with pneumonia and/or had CXRs with signs of pneumonia

mm Patients not receiving CXRs
= CXRs negative
mm CXRs positive

; Percentage of patients not receiving CXRs

Percentage of CXRs negative
Percentage of CXRs positive

Absolute Number of Cases
IS o
Percentage of Cases

~
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~N

o

0 I I I I I
1 2 3 4 5 6 7 8 9 10

Risk group
Figure 37. Distribution of pneumonia diagnoses and positive CXR results for pneumonia across
risk groups. The left y-axis shows the absolute number of cases, while the right y-axis displays the
percentage of cases. Groups 1-5 are low-risk groups and 6-10 are high-risk groups.
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4.3.5 Outcomes in the removed patient’s group

We also examined the patients excluded from the final analysis due to presenting
complaints. Six patients were diagnosed with pneumonia, with two belonging to the LR
groups, resulting in three pneumonia diagnoses among the LR groups in total. Two of
these patients had a CXR, one as part of the study, the other referred by the diagnosing
physician, and both CXRs were negative. One of the three patients did not have a CXR
after being diagnosed with pneumonia. Figure 38 is identical to Figure 37 but includes
all patients. Among the excluded patients, one was diagnosed with lung cancer in risk
group 10. That brings the total number of lung cancer diagnoses to two patients, both
in risk group 10.

Patients diagnosed with pneumonia and/or had CXRs with signs of pneumonia

B Patients not receiving CXRs
Em CXRs negative
== CXRs-positive 12

7 Percentage of patients not receiving CXRs
Percentage of CXRs negative
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®
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w

1 2 3 4 5 6 7 8 9 10
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Figure 38. Distribution of pneumonia diagnoses and positive CXR results for pneumonia across
risk groups for the whole population. The left y-axis shows the absolute number of cases, while
the right y-axis displays the percentage of cases. Groups 1-5 are low-risk groups and 6-10 are
high-risk groups.
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4.3.6 Risk score comparison to Diehr et al.

We also compared the risk score of the patients in this study to that of the pneumonia
diagnostic rule from Diehr et al. as we did in the second study. The result of this
comparison is displayed in Figure 39. The correlation appears not to be as strong as in
the second study. The Pearson correlation coefficient is 0.4424 which indicates a
moderate positive correlation. One of the reasons for a weaker correlation is that we
removed patients with pharyngitis symptoms. In the Diehr score symptoms of
pharyngitis add -2 to the score.

Mean Normalized DIEHR Score and Risk Score by Risk Score Bucket

Pearson Correlation Coefficient: 0.4424

1.0 1 —®— Normalized DIEHR Score
RSTM Score

0.8
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Vv ™ © ® N
Risk Score Bucket

Figure 39. The correlation between the RSTM risk score and the normalized Diehr score with
95% Cls.
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5 Discussion

This thesis uses methods of ML, a sub-category of Al, for diagnostic and outcome
prediction in PC. The studies presented in this thesis show that the models trained on
patient EHR data has the potential to support diagnostic processes within PC. They
appear to reach similar, if not superior, diagnostic performance when it comes to
diagnosing primary headaches as physicians. Furthermore, they seem to use similar
input features as humans do when evaluating patients despite receiving a broad base of
features as potential predictors. As the first study demonstrated, the model achieved a
higher score than the physicians on all metrics except specificity. The MCC metric
includes all four quadrants of the confusion matrix, so it can be considered the most
critical metric, and the ML classifier outperforms all physicians on the MCC. The ML
classifier struggles the most with distinguishing between TTH and MA-. The most likely
explanation is that a subset of our patients has episodic TTH, where the symptomatic
presentation is a mix of MA- and TTH features. Studies have shown that physicians also
struggle to diagnose these patients correctly, often misdiagnosing them as having a
simple TTH or MA-#58_ The thesis further illustrates that an ML model trained on patient
EHR data, the RSTM, can triage patients safely and effectively. The RSTM appears to
outperform doctors in cerfain cases, including two instances where physicians might
have misdiagnosed pneumonia. In these cases, the model accurately classified the
patients as LR, and both had negative CXRs, pointing fo the absence of pneumonia.
The third patient diagnosed with pneumonia in the LR groups did not have a CXR.

There is still much more to explore. While the RSTM can manage a subset of respiratory
infections, ideally, we want to be able to triage patients with all types of respiratory
diseases as well as other common non-infectious diagnostic groups in primary care.
Theoretically, it should be possible to triage all patient groups similarly to how the
RSTM ftriages patients with respiratory symptoms. It remains to be seen if multiple
models need to be developed, each tailored to a single diagnostic group, or if a model
trained on patient data from a broader selection of ICD codes can be created. Using
chief complaints to identify patients unsuitable for the RSTM is an innovative yet
unvalidated methodology. This method proportionally increases the number of patients
in the final population suitable for the RSTM. If we want to be able to validate ML
models in clinical settings prospectively, trained on patient data from a subgroup of
patients, we need to be able to find out beforehand which patients are suitable for the
model, and which are not. This emphasizes the need for effective prospective
validation methods within specific patient subgroups when working with ML models in
clinical settings and methods to segregate patients fitting for a particular ML model. As
ML models are applied to diverse diagnostic groups with large cohorts and a set of
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broad and complex outcomes, the challenges of interpreting the results and analyzing
their inner workings increases significantly.

Choosing the proper ICD codes for training ML models is not simple. As patients
experiencing sinusitis, pharyngitis, and ofitis present with a vastly different clinical
presentation than the patients diagnosed with the diagnoses selected for training the
RSTM, we excluded these infections since including them would make it harder to
analyze the outcome distributions. The selected group of diagnoses differs in severity
on the same axis, starting with JOO as the least severe, followed by J20, |45, J44, and
J15, each encompassing the possibility of a progressively worse outcome. Adding one
of the other infections to the selected diagnoses would introduce a new axis to the
model, and the outcome distributions would no longer be on a singular axis. The study
design outlined in the last two studies allowed us to achieve a clearer and more robust
validation of the RSTM. If we had included other groups of respiratory infections, the
outcome distributions would have been less clear, making it harder to evaluate the
RSTM based on outcomes. In the prospective study, doctors used a much broader
cohort of diagnoses than the ones we selected to train the RSTM. Symptomatic
diagnoses were a large part of the diagnoses used by the physicians in the study. The
assignment of ICD codes by doctors is often subjective, and their accuracy and
performance metrics can vary significantly based on the underlying diagnoses®. This is
especially true for symptomatic ICD codes such as RO5, often used when patients
present with cough and mild respiratory infection symptoms, and unspecific ones such
as B34.9, which signifies an unspecified viral infection and can include many other
viral etiologies than respiratory viruses. Some patients diagnosed with JOO could have
been diagnosed with |20 and vice versa. The same can be stated for J45 and J20. Thus,
when selecting the ICD codes, they can contain patients with a much broader range of
conditions than the selected ICD codes indicate. This could be the reason why the
RSTM was able to triage influenza patients correctly since the training data captures the
whole spectrum of respiratory symptoms, even though we did not include all ICD codes
for numerous respiratory infections.

The clinical guidelines for antibiotic treatment for the group of patients in the RSTM
training data are clear: patients with bacterial infection, mainly pneumonia, are to be
prescribed antibiotics, but if a viral etiology is suspected, no antibiotics should be
prescribed. The main problem is knowing how to differentiate between patients who
truly have a bacterial infection and those who have a viral infection. Therefore, we have
a group of diagnoses where patients with pneumonia and some severe exacerbations
of COPD are to be treated with antibiotics, but the rest have no benefit of antibiotics
treatment. In contrast, distinguishing between viral and bacterial sinusitis is more
complicated.

When selecting the initial group of ICD codes, we did consider starting with other ICD
codes than we finally chose. After careful consideration, the ICD codes we chose were
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the most feasible ones because of several factors. The major categories of respiratory
tract infections in primary care include pharyngitis, ofitis, sinusitis, and upper and lower
respiratory infections, which do not belong to the previously mentioned groups. Our
decision considered the current availability of clear clinical guidelines, and the extent to
which these guidelines rely solely on symptoms, the incidence of ICD codes in adult
populations, along with the ease and precision of differentiating outcomes where it is
preferable to classify patients as LR or otherwise HR. Considering sinusitis, the gold
standard for distinguishing between bacterial or viral infection is a sinus puncture
followed by aspiration and bacterial culture. However, due to its invasive nature, this
procedure is rarely utilized in primary care®®. Likewise, training a triage model for
patients with pharyngitis did not appear to be a good starting point. The most common
bacterial cause, Group A Streptococcus (GAS)®, is more prevalent in pediatric
populations where carrier status is also high?. This makes it even more complicated to
differentiate between GAS carriers and patients with viral pharyngitis. Similarly, the

prevalence of ofitis media is significantly higher in pediatric popluations than adults®%2,

Adding additional groups of respiratory infections to the RSTM may vary in difficulty.
Adding other diagnostic groups will depend on the structure of clinical guidelines for
each infection group. It is easier to add groups of respiratory tract infections to the
RSTM, where clinical guidelines are mainly based on symptomatic histories, than to
train the RSTM on additional patient data from sinusitis patients. If we look at sinusitis
for example, treatment guidelines primarily rely on symptomatic history, which can be
obtained without a patient examination, like the variables in the RSTM. According to the
Swedish Strategic Programme for the Rational use of Antimicrobial Agents (STRAMA)
guidelines?, the patient's symptoms steer the diagnosis and treatment. Duration of
symptoms, colored nasal discharge, biphasic symptom course, and subjective measures
of pain guide if the patient should see a doctor. The doctor visit might involve a CRP
measurement or an X-ray referral. Subsequently, antibiotics should only be prescribed
based on the patient’s reported symptoms and diagnostic test results. Thus, the RSTM
could be enhanced to determine whether patients with sinusitis require examination in
primary care when symptoms are mild and short in duration. Training the RSTM on
additional patient data will also likely be difficult since we do not know how the
coefficients would change if with added patient data.

5.1 Clinical scores

A clinical score is a quantitative or qualitative tool used in healthcare to assess a
patient's condition, risk, or likelihood of having a specific disease or outcome. It often
combines multiple clinical parameters, symptoms, or test results into a single value or
classification to support decision-making in diagnosis, prognosis, or treatment. Other
terms than clinical score are used interchangeably, such as prediction algorithm,
clinical decision rules, risk score, or scoring tool”* but we will stick to the term clinical
score. The emphasis on subjective evaluation in clinical settings has resulted in a great
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proliferation of clinical scoring algorithms. A Pubmed search carried out to identify
clinical scoring systems showed 250,000 publications since 1965 and an almost
exponential growth in the number of publications since 1995. Perhaps this growth is
related to the progress in ML from the 1990s as was discussed in the Introduction.
Many well-known scores are widely used in clinical settings, but in recent years, the
increase in poorly validated scores has been much larger®.

However, the question arises of whether clinical scores translate to real improvement in
patient outcomes. The literature is ambivalent, but it probably depends on how well
they have been validated. For example, a well-known and validated clinical score, the
modified CENTOR score” has been shown to reduce antibiotic prescriptions for
pharyngitis in GPs®’. The strongest evidence for clinical scores appears to be in cases
where certain conditions can be excluded, such as in the case of the CHA2DS2-VASc
score for stroke risk?® among patients with atrial fibrillation, multiple known clinical
scores for appendicitis risk?” and the Wells Criteria for deep venous thrombosis'®. Our
findings, in the case of the RSTM, are very similar. It might, perhaps, be most effective
as a tool of exclusion within a diagnostic group where clearer guidelines on diagnosis,
use of diagnostics tests and treatments are needed. Likewise, within that group, the
proportion of patients with symptoms that do not need a clinical visit according to

01 Furthermore, unnecessary

healthcare professionals exceeds 70% in some studies
antibiotic prescribing is high'2-1%, The extrapolation of clinical risk scores to other
populations must also be considered. A risk score developed in Iceland, a country with
a relatively small homogeneous population, would have to be validated in different
countries before it could be used. For example, the coronary risk score derived from
the Framingham study has overestimated the cardiovascular risk in British'01%7
populations. As has already mentioned, designing clinical scores to make them
accessible is of immence importance. If tools such as high-quality clinical guidelines
and clinical scores are inaccessible, the usefulness of them decreases, and the clinical
worker needs more time to refrieve information needed for the clinical rule. Lack of
time among healthcare personnel in clinical seftings, exacerbates this issue further'®,

Our choice of using CXRs for improving detfection of pneumonia increases the quality
of the third study, but higher-quality diagnostic images could also have been used. In
general, pneumonia is divided into two groups based on where the patient is thought
to have contracted the infection, i.e., Community-Acquired Pneumonia (CAP) as
opposed to Hospital Acquired Pneumonia (HAP). The clinical guidelines and outcomes
of these two groups differ significantly, and the clinical guidelines for CAP lack robust
evidence'”. The pneumonia patients in our study consisted solely of CAP managed in
the community. Clinical guidelines from the British Thoracic Society on CXR referrals,
when CAP is suspected, do not advise referral if the diagnosis of pneumonia is evident
based on clinical signs and symptoms. Other diagnostic methods, such as CTs or
ultrasound, could have been used, which appear to have higher sensitivity and
specificity for CAP than CXRs"°. The main downside of CTs is their higher cost and
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radiation exposure. Imaging diagnostics are not infallible, and there is some uncertainty
in CAP diagnosis, especially for CXRs to rule out the diagnosis of pneumonia™. CXRs
are still the gold standard for pneumonia diagnosis'™., so that was our imaging method
of choice. There is also the possibility that some patients with negative CXRs would
have developed signs of pneumonia on their CXR if given more time. The patients who
were diagnosed with pneumonia and had negative CXRs were all treated with
antibiotics, so we don’t know what would have happened if they would not have been
treated.

The most well-known pneumonia score, CURB-65, was excluded from our risk score
comparison due to the unavailability of Blood Urea Nitrogen (BUN) measurements.
Additionally, no patients had respiratory rates exceeding 30 or exhibited symptoms of
confusion. Consequently, we determined that CURB-65 would not serve as a suitable
marker for comparison.

5.2 Varying importance of clinical outcomes

The analyzed outcomes serve as varying indicators of a patient's true condition and
from different perspectives. Some are subjective from the patients view and others from
the doctor’s view. Others are more objective. For instance, a positive CXR or elevated
CRP levels more reliably indicate severe symptoms compared to a follow-up in primary
care within a week. Follow-up rates reveal the patient’s perception of their symptoms,
whereas CRP provides an objective assessment linked to illness severity; additionally, a
radiologist unfamiliar with the patient can more accurately interpret images to detect
pneumonia than a GP diagnosing a patient based on clinical symptoms only. A GP may
prescribe antibiotics for several reasons, including patient expectations, defensive
medicine, or legitimate clinical needs. However, a GP will only refer patients to the ED
when necessary. A patient seeking evaluation in ED indicates his own perception of
more severe symptoms than when seeking re-evaluation in PC. Thus, this outcome
reflects the patient’s own perception of symptom severity but it can also mean other
things. In Iceland, the waiting times for evaluation in PC can be long, and sometimes
patients seek evaluation in the ED because of easier access but that is probably a rarity.
ICD codes represent the symptom severity of the patient from the view of the doctor.
However, as discussed in the beginning of this chapter, ICD codes are subjective,
erroneous and biased and dependent on the doctor seeing the patient.

5.3 Findings from other studies

To the best of our knowledge, no studies exist identical to the studies presented in this
thesis. The one that comes closest is the one we have already cited, which initially
sparked the idea of trying the methodology described in this thesis”. There have been
numerous attempts to create diagnostic rules and simpler models for pneumonia
diagnosis. In section 4.2.6, we compared the risk score of the RSTM to the diagnostic
rule for pneumonia created by Diehr et al. We also calculated the Anthonisen score for
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the COPD patients, from Anthonisen et al., in our population. The scores from both
diagnostic rules aligned well with the risk score of the RSTM. Many online symptom
checkers also exist with variable degrees of accuracy, but research indicates that such
tools generally have poor diagnostic performance™-". Still, they are pretty popular
with patients as an estimated 46% of patients check their symptoms online before
seeing a healthcare professional, and the accuracy of the information they receive is

|OW116

Offering scientifically based, high-quality information specific to everyone
concerned about health-related issues could markedly impact the rate at which patients
seek medical aftention, with significant downstream effects on healthcare service quality
and costs. In healthcare systems, where central triage agencies are increasingly
established to influence patient flow with sub-acute problems, such as the 111 service in

the UK and 1700 service in Iceland, high-quality CTMs could be instrumental.

5.4 Clinical implications

If the RSTM continues to demonstrate similar performance in future studies, the impact
on patient flow and resource allocation within healthcare could be substantial. It would
enable multiple new use cases that are currently not feasible. For example, it may allow
the identification of patients with respiratory infections experiencing mild symptoms
who only require symptomatic treatment before seeking primary care attention.
Directing these patients through alternative pathways, rather than requiring a physical
consultation, would reduce patient volume and alleviate pressure on the already
strained healthcare system. The RSTM would fit well into central triage services which
have been established in large western healthcare systems, such as the 111 service in
the UK and the 1700 service in Iceland. Patients needing healthcare are asked to
contact a centralized phone numbers or chat services to get advice, triage, and
pointers on where they should go to get help for their present healthcare problems.
Such services often employ nurses or other healthcare workers to triage patients
through phone which is quite challenging to do accurately. Research has shown that
nurse phone triage assisted by a CDSS system appears higher quality than GP triage'”
and same day consultations decrease significantly as a result of telephone triage™®. If it
is possible to develop scientifically validated ML models for patient triage, triage staff
would get tools to evaluate patients much more accurately which might have significant
effects on reduced consultations on already crowded primary care clinics. For patients
that do consult with a healthcare worker, the RSTM can provide probabilities on the
most important outcomes for patients experiencing certain respiratory symptoms.
Allowing a doctor to know immediately when not to prescribe antibiotics or refer for a
CXR is of high value in a high tempo environment where doctors often see 20-40
patients daily. Not to mention out-of- hours services where the volume of patients with
respiratory symptoms is often much higher. The RSTM could provide physicians with a
more standardized decision algorithm for when to refer adult patients for CXRs in cases
of suspected pneumonia. Although some clinical guidelines exist for CXR referral, they
are often vague and based on subjective estimations of pneumonia risk. This
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subjectivity diminishes their utility, as it relies on variable physician judgment. The
RSTM could enhance guideline adherence and ensure more consistent care by offering
an objective risk assessment, immediately accessible to the physician as the patient
enters the examination room.

The overuse of antibiotics for patients with respiratory tract infections in PC is a well-
known problem. Increased antimicrobial resistance leads to an increased incidence of
severe infections, complications, and longer duration of hospital stays. Methicillin-
Resistant Staphylococcus Aureus (MRSA), a single type of resistant bacteria, causes
more deaths each year in the United States than emphysema, HIV/AIDS, Parkinson's
disease, and homicide combined. About 70-80% of all human antibiotics are
prescribed in PC'?°, About half of these are for patients with respiratory infections''.
Studies indicate that, on average, general practitioners prescribe antibiotics in 38% of
consultations for colds and upper respiratory infections, exceeding significantly what is
warranted based on clinical symptoms™2. Research also indicates that 50-75% of
antibiotic prescriptions for acute cough and bronchitis are not justified and probably
unnecessary'?®. Patients with acute cough and bronchitis are similar to the ones
appropriate for the RSTM. In the third study, 33% of antibiotics were prescribed to
patients in the LR groups. We have two patients diagnosed with pneumonia, and both
had a negative CXR. We do not know the actual probability of a patient truly having
pneumonia in the LR risk groups, as we did not have any radiologically positive cases
of pneumonia in the LR groups. As the LR group had 82 patients, the highest possible
value is 1,2% compared to 7,4% in the HR groups. Considering these numbers, it is
interesting to contemplate if we might be able to eliminate antibiotic prescriptions in
the LR group if the RSTM displays similar performance in a larger prospective study.
The main question is if a risk benefit analysis shows the RSTM to achieve superior risk
profiles compared to the traditional treatment pathways used today.

5.5 Strengths and limitations

This thesis, along with the studies underpinning it, has both strengths and limitations.
The first study benefits from a large dataset of patients as well as benchmarking the
performance of the model against the performance of GPs and GP trainees. The
selection of a few ICD codes strengthens and limits the study. It includes all the most
common primary headache diagnoses while allowing for easier interpretation of results.
The current diagnostic selection makes the result less applicable to real clinical settings,
and a broader approach is needed and preferably with patient outcomes as well. The
fact that the quality of CTNs varies also limits the study, but to respond to this, we
removed low-text quality CTNs as previously described. In that process, 84% of the
CTNs were removed, creating a bias towards more complicated clinical cases being
overrepresented in the final dataset. As physicians are more likely to register positive
symptoms than negative, unmentioned CFs were assigned a binary value of 0, and a
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CF was only annotated as positive when it was considered abnormal. We trained the
classifier with missing CFs marked with a special value, but the results were the same.

The annotation by a single physician limits the first two studies. Annotation by multiple
physicians, with cross-referencing, would have improved the quality of the study.
Additionally, having physicians randomly sampling the annotations for auditing would
have increased the quality. The models trained in these two studies use CTNs as source
of training data. CTNs are written by human physicians and contain biases and errors
from these humans which means that models trained on such data become erroneous
and biased as well.

The second study also benefitted from an even larger dataset than the first study. With
two separate large fest datasets and outcomes to measure the RSTMs performance, the
results are likelier to be more applicable to real clinical settings. Using a second test set
from a patient distribution outside the training data distribution also tests the
generalizability of the RSTM. The study was a retrospective one and suffers from the
downsides and limitations of such types of studies. As in study I, removing CTNs
information scarce CTNs likely creates biases towards more severe clinical cases.

The fact that humans create the data from which the ML models learn significantly
influences the results of all studies. CTNs can be thought of as human-labeled data
created by a large cohort of doctors. This fact should support the model’s learning from
a broad dataset of labeled diagnostic information. Studies have shown that individual

124 leading to more

errors and biases decrease with increased numbers of annotators
robust models. Using ML models as triage tools based on symptomatic history for
patients with respiratory symptoms in primary care also appears promising. The third
study further points to that conclusion, but a more extensive prospective study for

validation is needed.
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6 Conclusions

This thesis explores the possibility of using EHR data as training resources for ML
models. It evaluates the ML model’s performance both retroactively and in a limited
prospective manner. This is a small but vital advancement toward guaranteeing that
models such as the RSTM can be securely and effectively utilized in clinical settings.
We conclude that ML models trained on EHR data have the potential to have a
substantial positive effect on resource utilization within healthcare and are likely to
improve patient outcomes simultaneously.

To advance this work further, more extensive prospective studies are necessary to
determine better the likelihood of conditions such as pneumonia and lung cancer.
Expanding the scope of research to include a broader range of outcomes and
exploring severe manifestations of other respiratory tract infections, such as pharyngitis,
ofitis, and sinusitis, is equally important. Given the limitations of current filtering
methods for primary complaints, these studies will help evaluate how the RSTM triages
patients with more severe symptoms in these categories and if more robust filtering
methods are needed.

Another significant unanswered question is whether this methodology could be broadly
applied to train ML models to accurately predict outcomes for other diagnostic groups
in PC. Conditions like back pain, which primarily require conservative management but
overuse of tertiary healthcare services and imaging diagnostics is common, could
benefit from such advancements. Questions regarding the communication between
humans and web interfaces integrated with ML models must also be explored.
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ABSTRACT
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Objective: Machine learning (ML) is expected to play an increasing role within primary health
care (PHC) in coming years. No peer-reviewed studies exist that evaluate the diagnostic accuracy
of ML models compared to general practitioners (GPs). The aim of this study was to evaluate
the diagnostic accuracy of an ML classifier on primary headache diagnoses in PHC, compare its
performance to GPs, and examine the most impactful signs and symptoms when making
a prediction.

Design: A retrospective study on diagnostic accuracy, using electronic health records from the
database of the Primary Health Care Service of the Capital Area (PHCCA) in Iceland.

Setting: Fifteen primary health care centers of the PHCCA.

Subjects: All patients that consulted a physician, from 1 January 2006 to 30 April 2020, and
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received one of the selected diagnoses.

Main outcome measures: Sensitivity, Specificity, Positive Predictive Value, Matthews Correlation
Coefficient, Receiver Operating Characteristic (ROC) curve, and Area under the ROC curve
(AUROC) score for primary headache diagnoses, as well as Shapley Additive Explanations (SHAP)
values of the ML classifier.

Results: The classifier outperformed the GPs on all metrics except specificity. The SHAP values
indicate that the classifier uses the same signs and symptoms (features) as a physician would,
when distinguishing between headache diagnoses.

Conclusion: In a retrospective comparison, the diagnostic accuracy of the ML classifier for
primary headache diagnoses is superior to GPs. According to SHAP values, the ML classifier
relies on the same signs and symptoms as a physician when making a diagnostic prediction.

KEYPOINTS

o Little is known about the diagnostic accuracy of machine learning (ML) in the context of pri-
mary health care, despite its considerable potential to aid in clinical work. This novel research
sheds light on the diagnostic accuracy of ML in a clinical context, as well as the interpret-
ation of its predictions. If the vast potential of ML is to be utilized in primary health care, its
performance, safety, and inner workings need to be understood by clinicians.

Introduction differential diagnoses, and asks the patient a series of
targeted questions to include or exclude diagnoses.
The GP then performs a clinical examination to con-
firm further or refute diagnoses while deciding if fur-
ther diagnostic tests are needed. When the GP has
reached a diagnostic conclusion, with a reasonable
degree of certainty, he makes the diagnosis. In light of
this description, a part of a GP’s role requires him to
act as a classifier of diseases. Physicians store their rea-
soning process in a free text format, often referred to

On a typical day, general practitioners (GPs) make
multiple decisions when diagnosing and treating
patients. They have limited access to immediate imag-
ing diagnostics and tests and rely more on the
patient’s history and clinical examination than the
second and tertiary stages of healthcare. To establish
a diagnosis, a GP starts with the chief complaint,

makes a hypothesis with a perceptual list of
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as the clinical text note (CTN), which is a part of a
patient’s electronic health record (EHR). We conjecture
that the CTNs can be used to develop predictive
models for any step in the clinical decision-
making process.

With the increased adoption of EHRs and thus, data
availability, methods based on machine learning (ML)
have become a focus of research in health care. ML
has been shown to be a powerful tool in the medical
diagnostic process with broad future possibilities in
general practice [1]. ML has matched or exceeded
human performance in multiple visual diagnostic tasks,
such as diagnosing diabetic retinopathy from fundo-
scopy images [2,3], diagnosing radiology images [4,5],
diagnosing skin lesions [6,7], and interpreting electro-
cardiograms [8,9]. However, the use and research of
ML in a medical context is still in its early stages [10],
with surveys showing less than 10% of healthcare pro-
viders using ML to assist in daily clinical work in 2019
in Britain [11].

The literature on peer-reviewed studies comparing
the diagnostic accuracy of ML classifiers to GPs is lack-
ing. The aim of this study was to explore the perform-
ance of an ML classifier on a common clinical problem
in general practice. The null hypothesis put forward
was that an ML classifier could not match or outper-
form the diagnostic accuracy of GPs on primary head-
ache diagnoses. Headaches account for up to five
percent [12] of all clinical problems in general practice
(the majority of which are primary headaches) and are
often a tough clinical problem to diagnose correctly.
Primary headache diagnoses are made predominantly
in primary care [12], and since the input data is
extracted from CTNs, written by GPs, we chose GPs as
benchmark. The four most common primary headache
diagnoses were selected: tension-type headache (TTH),
migraine with aura (MA+), migraine without aura (MA-
), and cluster headache (CH). Interpretability is essen-
tial in medical settings [13], and the results of the
examination of the intricacies of diagnostic ML models
are scarcely published in the medical literature.
Therefore, the impact of each clinical feature to
the model’'s predictions was scrutinized with
Shapley Additive Explanations (SHAP), which are
widely used within the field of Al research to interpret
ML models [14].

Materials and methods

We conducted a retrospective study and obtained
15,024 CTNs from 13,682 patient visits to one of 15
clinics of the Primary Health Care of the Capital Area
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(PHCCA), the largest provider of primary health care
(PHC) in Iceland. As an inclusion criterion, we selected
every PHC consultation where one of the four head-
ache diagnoses was made, from 1 January 2006 to 30
April 2020. A large portion of the dataset included
CTNs that contained little clinical information. Such
information-scarce notes were filtered out by creating
a medical keyword dictionary, containing the relevant
symptoms a physician asks about when making each
diagnosis. The dictionary contained words that physi-
cians use to describe different headache symptoms in
text format, for example, nausea, phonophobia, vomit-
ing, etc. and was created by manually reading a sub-
sample of the dataset (around 1% for each class) and
selecting the right keywords. The dictionary was then
applied to the whole dataset, filtering out CTNs with-
out the chosen keywords, resembling methodology
used in a similar research study [15]. Simultaneously,
93 duplicate CTNs were removed, leaving us with
2,563 information-rich CTNs, or roughly 17% of the ori-
ginal dataset. These CTNs had an accompanying head-
ache diagnosis that falls into one of the four
headache diagnosis categories mentioned above.
Eight hundred randomly selected CTNs were then
manually annotated by a physician. The annotation
method was inspired by a group of researchers who
applied similar annotations on medical text [15] and
its purpose is to assign binary and numerical values to
clinical features, representing the existence or lack of
specific signs and symptoms in the CTNs, as they are
textually referenced in the CTNs. As an example of
annotation, consider a typical, frequently seen sen-
tence in a CTNs: ‘The patient experienced photopho-
bia but no phonophobia’. The questions, ‘Does the
patient have photophobia? and ‘Does the patient
have phonophobia?’ are annotated as two features,
with binary values of 1 and 0. Numerical value fea-
tures were assigned a value in a specific range, for
example, a feature for blood pressure (e.g. with the
value 134/78) or a feature for temperature (e.g. with
the value 37.1°C). This annotation process was
repeated for every clinical feature referenced in the
800 CTNs. Every sign and symptom were annotated,
including those unrelated to headache diagnoses to
reduce the annotator’s possible bias who, importantly,
was also blind to the diagnoses. Where possible, a fea-
ture was only annotated as positive if the feature was
considered abnormal. To give an example, a question
about tactile sensation in a patient’s lower extremities,
was phrased as ‘Does the patient have signs of
reduced and/or asymmetric tactile sensation in the
lower extremities?’, instead of ‘Does the patient have
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normal and/or symmetric tactile sensation in the lower
extremities?’ Therefore, if a patient had abnormal tact-
ile sensation, the binary value of 1 was assigned, and
0 if it was normal.

The annotation resulted in a dataset of 8,595 ques-
tion-answer pairs (where a clinical feature is the ques-
tion and the corresponding value is the answer),
resulting in 254 different clinical features. This dataset
was randomly split into training, validation, and test
sets. The split was 75% (training), 12.5% (validation),
and 12.5% (test) or 600, 100, and 100 CTNs in each,
respectively. Thereafter, the ML classifier was trained
on the training set, and the impact of each input fea-
ture examined using SHAP values. SHAP values are cal-
culated by knocking out every feature of the input
data, one at a time, and measuring how the predic-
tions of the classifier change. SHAP values approxi-
mate the contribution of each feature to the model
predictions, effectively revealing which features the
ML classifier considers most important when making a
prediction. A randomized grid search was performed
to optimize the hyperparameters of the ML classifier
before training, creating a four-class multi-classifier
(one class for each of the four headache diagnoses) of
type Random Forest. The validation set was used to
further finetune the hyperparameters of the ML classi-
fier. Once training was finished, the classifier's per-
formance was compared to two groups of physicians:
three GP specialists and three physician trainees in GP.
The comparison was carried out using the test set,
which had been set aside for this purpose, and to pro-
vide an unbiased evaluation of the final model fit on
the training set. The physician validation process was
performed via a custom web interface where the
physicians reviewed the annotated features and their
value for each CTN and subsequently selected one of
the four headache diagnoses they found to be appro-
priate. Thus, the performance comparison was per-
formed on the original diagnoses, to see how the ML
classifier and the physicians compare when given the
same set of information. A 10-fold cross-validation
scheme was used to validate the results and to calcu-
late 95% confidence intervals.

Statistical analysis

The metrics used for the performance assessment
were the following: sensitivity, specificity, Positive
Predictive  Value (PPV), Matthews Correlation
Coefficient (MCC), Receiver Operating Characteristics
(ROC) curve, and Area under the ROC curve (AUROC
score). A confusion matrix is a statistical presentation

of the performance of a classifier and consists of four
quadrants. Each quadrant contains a value count for
one of four performance variables: true-positive count
(TP), false-positive count (FP), true-negative count (TN)
and false-negative count (FN). The MCC is a useful
metric for imbalanced datasets since it only produces
a high score if the prediction obtained good results in
all of the four quadrants of the confusion matrix. It
ranges from —1 to 1, where 1 represents a perfect
prediction. The MCC is defined as follows:

(TP x TN)—(FP x FN)

MCC =
/(TP + FP)(TP + FN)(FN + FP)(TN + FN))

We calculated the MCC for each diagnosis as a
dichotomous outcome. We obtained an AUROC score
by plotting the true-positive rate (TPR) against the
false-positive rate (FPR) for each diagnosis at varying
thresholds and calculating the area under the curve.
The ROC curve was plotted for each diagnosis as a
dichotomous outcome. All means are weighted if
not stated otherwise. All data analyses were done
in Python (version 3.6), in which the ML classifier
was trained and validated with the scikit-learn library
(version 0.22.1) [16].

Results

The flow of participants is shown in Figure 1. A total
of 12,368 notes were deemed as information-scarce
and filtered out. 4,913 positive features and 3,682
negative features were annotated for a total of 8,595
features, resulting in 1.33 positive features for every
negative one and 10.74 features in each CTN on aver-
age. Table 1 shows the demographic distribution of
the training, validation and test datasets, which all
have similar demographics and have women as the
majority of patients. Table 2 shows the results and
comparison of the classifier and physicians on the test
set. The classifier outperforms all physicians for all
metrics, except for specificity. The classifier's lower
specificity for TTH draws its weighted average down
as it achieves equal or higher specificity compared to
the physicians on the other three diagnoses. The clas-
sifier achieves the best performance in the cases of
TTH, MA+, and CH. It has the lowest performance for
MA- as it, in some cases, struggles to discern between
MA- and TTH.

Figure 2 shows the top-20 most impactful features
by SHAP values for each diagnosis. Figure 2(a) displays
the features with a significant effect on a positive CH
prediction. These features include CH’s autonomic
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15.024 text notes imported

14.931 text notes underwent
keyword screening

2.563 text notes randomized

800 text notes annotated manually,
creating clinical features for each

93 duplicates removed

12.638 excluded

note

Clinical features
from 600 text notes
in training set

100 text notes in
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Clinical features from

Clinical features
from 100 text notes
in test set

Figure 1. The inclusion and filtering process of the CTNs. The clinical features were created by annotating the CTNs, which were

then split into training, validation and test sets.

Table 1. The demographic comparison of the training, valid-
ation and test set.

Training set Validation set Test set
Total size 600 100 100
Female 434 (72.3%) 65 (65%) 72 (72%)
Mean age (min-max) 34.56 (6-90) 33.53 (8-78) 31.29 (8-77)

symptoms: ptosis, conjunctivitis, lacrimation, runny/
stuffy nose accompanying a unilateral headache
located around a single eye. Myalgia symptoms reduce
CH's diagnostic likelihood, as does visual disturbance,
often accompanying MA+. In Figure 2(b), we see that
the two most impactful features of MA+are pro-
dromal symptoms and visual disturbance, both the
hallmarks of an aura. Unilaterality and photophobia
positively impact a MA + prediction, but less since MA-
also typically has these features. Aura can present
itself as limb numbness, which also positively affects
the prediction. In some CTNs, only the word aura was
found, without a more detailed description of the
presentation. In the case of MA-, displayed in

Figure 2(c), we see a different SHAP profile than for
MA+. The classifier uses prodromal symptoms and vis-
ual disturbance to distinguish between MA 4 and MA-.
The SHAP profile describes a unilateral headache, with
accompanying nausea, vomiting, photophobia, phono-
phobia, and without symptoms of myalgia. This
description fits well with MA-. Figure 2(d) shows the
SHAP values for TTH, where we see a pattern of
absence of symptoms. Only myalgia symptoms affect
the prediction positively.

Figure 3 shows the ROC curve for the test set
compared to the physicians. The ROC curve plots
the true-positive rate (TPR) against the false-positive
rate (FPR) and the performance of a classifier
increases as the curve moves up and to the left. A
perfect classifier covers the whole plot, achieving an
AUROC score of 1. The mean results of the special-
ists and trainee physicians are located lower and to
the right relative to the plotted line of the ML clas-
sifier on each plot, meaning the physicians achieve
a lower ratio of TPR and FPR than the classifier on
all diagnoses.
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Table 2. The performance metrics for the classifier and physi-
cians on the test set.

ML classifier
Sensitivity Specificity PPV Mcc
Cluster headache 0.83 1.00 1.00 0.91
Migraine with aura 0.92 0.99 0.92 0.90
Migraine without aura 0.67 0.99 0.86 0.73
Tension headache 0.99 0.85 0.95 0.87
Weighted average 0.95 0.88 0.94 0.86
GP Specialist 1
Cluster headache 0.83 1.00 1.00 0.91
Migraine with aura 0.92 0.95 0.73 0.79
Migraine without aura 0.80 0.92 0.53 0.61
Tension headache 0.89 0.96 0.98 0.79
Weighted average 0.88 0.95 0.88 0.77
GP Specialist 2
Cluster headache 0.67 1.00 1.00 0.81
Migraine with aura 0.58 0.96 0.70 0.59
Migraine without aura 0.90 0.87 0.45 0.58
Tension headache 0.90 0.95 0.98 0.79
Weighted average 0.86 0.94 0.85 0.73
GP Specialist 3
Cluster headache 0.83 1.00 1.00 0.91
Migraine with aura 0.67 0.99 0.89 0.74
Migraine without aura 0.50 0.95 0.56 0.48
Tension headache 0.97 0.72 0.91 0.75
Weighted average 0.90 0.78 0.88 0.73
GP Trainee 1
Cluster headache 0.83 1.00 1.00 0.91
Migraine with aura 0.92 0.99 0.92 0.90
Migraine without aura 0.70 0.93 0.54 0.56
Tension headache 0.93 0.88 0.96 0.80
Weighted average 0.89 0.91 0.90 0.78
GP Trainee 2
Cluster headache 0.83 0.95 0.56 0.65
Migraine with aura 0.42 0.99 0.83 0.55
Migraine without aura 0.80 0.79 0.31 0.41
Tension headache 0.81 0.95 0.98 0.64
Weighted average 0.78 091 0.76 0.58
GP Trainee 3
Cluster headache 0.83 0.98 0.71 0.75
Migraine with aura 0.50 0.99 0.86 0.62
Migraine without aura 0.70 0.90 0.44 0.49
Tension headache 0.94 0.90 0.97 0.82
Weighted average 0.87 0.91 0.86 0.75

PPV stands for Positive Predictive Value and MCC for Matthews
Correlation Coefficient.

Discussion
Statement of principal findings

The ML classifier outperforms the physicians on all
metrics except specificity. The MCC is arguably the
most important metric, being the only one taking all
four quadrants of the confusion matrix into account.
The ROC curves in Figure 3 also shows a superior per-
formance of the ML classifier compared to the physi-
cians mean scores. In some cases, it struggles with
discerning between TTH and MA- and the most prob-
able explanation is that some patients in our dataset
have an episodic TTH (ETTH), which often presents

itself with mixed features of MA- and TTH. Physicians
often misdiagnose these patients as having either a
simple TTH or MA- [17,18], depending on the presen-
tation of their symptoms. Additionally, the case count
of MA- is relatively low. Interestingly, the classifier per-
forms better in the case of CH, despite CH having the
lowest case count. The difference is that CH has more
distinguishing clinical features from the other three
diagnoses, illustrating an important point: ML models
are sensitive to the quality of the input data. If the
training data contains errors and biases, the models
learned will be erroneous and biased in the same
manner. However, ML methods allow us to review the
training data and correct for biases and diagnostic
errors [19], which is impossible to do for physicians.
As the quality of the training data increases, so will
the performance of the ML models.

The SHAP profile for each diagnosis fits well with
the symptoms and signs a physician would need to
evaluate when suspecting these diagnoses. The SHAP
profile of CH and the migraine diagnoses show fea-
tures that affect the model positively, while in the
case of TTH, the absence of symptoms is the main
theme which fits well with the ill-defined clinical motif
of TTH [17].

Strengths and weaknesses of the study

Our study benefits from a large dataset and bench-
marking against GPs, which is essential when validat-
ing clinical prediction models. The selection of a few
diagnoses strengthens and limits the study, as the
results are easier to interpret but lack a broader diag-
nostic application. The small sample size of non-TTH
diagnoses, and the fact that the diagnoses are
obtained from a single physician when training the
ML classifier, poses a limitation. In future studies, it
would be optimal to have multiple physicians agree-
ing on the diagnoses. Another limitation is that many
physicians store only a part of their reasoning process
in the CTNs. To counter this, roughly 84% of the CTNs
were filtered out, leaving only information-rich CTNs
before splitting the dataset into training, validation
and test sets. A large dataset also reduces the effect
of this limitation, since it is unlikely that all physicians
leave out the exact same symptoms. However, the fil-
tering does introduce a bias toward more complex
clinical cases being included. A prospective study is
needed to elucidate these limitations further. Since
unmentioned clinical features were assigned a binary
value of 0, and as physicians are more likely to register
positive symptoms than negative, a clinical feature
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Figure 2. (a) Shapley Additive Explanations (SHAP) for the most impactful input features for a CH prediction. Each feature’s name
is on the left. The dots’ color represents the feature’s value, where blue color is lower than red. A blue dot means that a feature
was negative in a single CTN, that is, it was not present. Red means the opposite. On the X-axis, the impact on the prediction is
plotted, where higher score leads to increased probability of outputting a positive prediction.

was only annotated as positive if it was considered
abnormal, as mentioned before. The ML classifier was
also trained with missing features marked specifically
but the results were the same. Again, a prospective
study could explore this possible limitation further.
The annotation process also limits the study with a
single GP-trainee annotating the dataset as resources
did not allow for additional annotators. Having GPs

auditing random subsamples of annotations would
have increased the quality of the annotations.

Findings in relation to other studies

We did not find any peer-reviewed papers on the
evaluation of diagnostic ML classifiers in PHC settings
in the literature, highlighting the importance of further
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Figure 2. (b) Shapley Additive Explanations (SHAP) for the most impactful input features for an MA+-prediction. Each feature’s
name is on the left. The dots’ color represents the feature’s value, where blue color is lower than red. A blue dot means that a
feature was negative in a single CTN, that is, it was not present. Red means the opposite. On the X-axis, the impact on the pre-
diction is plotted, where higher score leads to increased probability of outputting a positive prediction.

research. Studies examining online symptom checkers
(OSQ) are the nearest comparison, as an ML classifier,
as described above, would be implemented similarly.
An audit study evaluated 23 symptom checkers across
770 standardized patient evaluations [20], reporting a

significant variance in the OSCs’ diagnostic perform-
ance, which was not close to matching the diagnostic
performance of human physicians. Babylon Health, a
PHC provider in Great Britain, has developed an OSC
and reported comparable diagnostic accuracy to
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Figure 2. (c) Shapley Additive Explanations (SHAP) for the most impactful input features for an MA- prediction. Each feature’s
name is on the left. The dots’ color represents the feature’s value, where blue color is lower than red. A blue dot means that a
feature was negative in a single CTN, that is, it was not present. Red means the opposite. On the X-axis, the impact on the pre-
diction is plotted, where higher score leads to increased probability of outputting a positive prediction.

human physicians in a non-peer-reviewed paper [21].
The difference in the architecture of different OSCs
complicates comparison, with many not disclosing
their inner workings and research has shown that the
design of computerized diagnostic system can have
significant impact on their effectiveness [22].

Meaning of the study

This research is a step toward developing accurate,
safe, and interpretable ML classifiers that can posi-
tively impact PHC in multiple ways. The interpretabil-
ity of clinical Al models is of essence, if clinicians are
to integrate Al solutions into their workflow. If the
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Figure 2. (d) Shapley Additive Explanations (SHAP) for the most impactful input features for a TTH prediction. Each feature’s
name is on the left. The dots’ color represents the feature’s value, where blue color is lower than red. A blue dot means that a
feature was negative in a single CTN, that is, it was not present. Red means the opposite. On the X-axis, the impact on the pre-
diction is plotted, where higher score leads to increased probability of outputting a positive prediction.

results are generalizable, any arbitrary clinical predic-
tion model could be developed, implemented as an
online service. Such a service could potentially allow
for pre-screening of patients, enable self-care and

lead to a more correct use of the health care system,
that is, patients using expensive emergency services
less, and managing self-isolating symptoms at
home [23,24].
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Figure 3. The ROC curve for the ML classifier, plotted for each diagnosis on the test set. The AUROC score is a measure of classi-
fier performance with a maximum value of 1. It is calculated as the area under the ROC curve. The performance of each physician
is plotted, as is the mean performance of the trainee physicians and specialists.
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ABSTRACT

PURPOSE Respiratory symptoms are the most common presenting complaint in primary
care. Often these symptoms are self resolving, but they can indicate a severe illness. With
increasing physician workload and health care costs, triaging patients before in-person
consultations would be helpful, possibly offering low-risk patients other means of communi-
cation. The objective of this study was to train a machine learning model to triage patients
with respiratory symptoms before visiting a primary care clinic and examine patient out-
comes in the context of the triage.

METHODS We trained a machine learning model, using clinical features only available
before a medical visit. Clinical text notes were extracted from 1,500 records for patients
that received 1 of 7 International Classification of Diseases 10th Revision codes (JOO, J10, JII,
J15, J20, J44, J45). All primary care clinics in the Reykjavik area of Iceland were included.
The model scored patients in 2 extrinsic data sets and divided them into 10 risk groups
(higher values having greater risk). We analyzed selected outcomes in each group.

RESULTS Risk groups 1 through 5 consisted of younger patients with lower Greactive
protein values, re-evaluation rates in primary and emergency care, antibiotic prescription
rates, chest x-ray (CXR) referrals, and CXRs with signs of pneumonia, compared with groups
6 through 10. Groups 1 through 5 had no CXRs with signs of pneumonia or diagnosis of
pneumonia by a physician.

CONCLUSIONS The model triaged patients in line with expected outcomes. The model can
reduce the number of CXR referrals by eliminating them in risk groups 1 through 5, thus
decreasing clinically insignificant incidentaloma findings without input from clinicians.

Ann Fam Med 2023;21:240-248. https://doi.org/10.1370/afm.2970

INTRODUCTION

calth care costs have steadily increased in recent decades.' General practi-

tioners face a greater number of patients,>* with more comorbidities* and

demands,” and diagnostic test orders have increased substantially.® Around
20% of patient visits to general practitioners stem from self-resolving symptoms,”
and up to 72% of patient visits are due to acute respiratory symptoms.® Overuse
and misuse of diagnostic tests is a well-known problem in primary care”'® that
increases incidental findings.!"'> The same applies to antibiotic prescribing,'* espe-
cially for respiratory tract infections,'* leading to increased bacterial resistance.'
The causes for clinical resource misapplication are multifactorial, but patient
demands, human biases, and time pressure play substantial roles.'*!”

Machine learning models (MLMs) are thought to be similar or superior to phy-
sicians in multiple clinical tasks.'®?” Patient triage using MLMs is reportedly com-
parable to triage by physicians.?®?° Research in tertiary settings showed MLMs
to be superior to physicians at estimating patient risk when ordering diagnostic
tests.?° Clinical guidelines and scoring systems can standardize diagnosis and
treatment and improve the quality of care while reducing costs,?*** but remain
underused.?*-¥” Guideline applicability, useability, and time scarcity are cited as
reasons why.$3?

Structured triage with standardized questionnaires is likely safer than unstruc-
tured triage.*® Assistance from a clinical decision support system increases triage

ANNALS OF FAMILY MEDICINE + WWW.ANNFAMMED.ORG * VOL. 21, NO. 3 * MAY/JUNE 2023

~eg >


https://doi.org/10.1370/afm.2970 
mailto:emilsig@hi.is
https://www.annfammed.org/lookup/suppl/doi:10.1370/afm.2970/-/DC1

TRIAGING PATIENTS WITH Al FOR RESPIRATORY SYMPTOMS IN PRIMARY CARE

quality.*' By design, MLMs use standardized inputs, making
them a good fit for integration into a clinical decision support
system, and such systems have been shown to reduce health
care costs by 14%.*> Triaging patients at the time of appoint-
ment scheduling is even more important since the COVID-19
pandemic. Methods to identify patients well suited to virtual
consultations are needed as they now make up 13% to 17% of
consultations across all specialties.*®

Clinical text notes (CTNs) are a written record of a phy-
sician’s interpretation of the patient's symptoms and signs,
reasons for clinical decisions made during the consultation,
and actions taken (eg, imaging referrals, prescriptions writ-
ten). The objective of this study was to train a patient triage
MLM on symptoms and signs (clinical features) of patients
with respiratory symptoms, using only features the patient
could be asked about in order to mimic previsit triage. We
extracted the clinical features from CTNss.

This MLM, which we refer to as a respiratory symptom
triage model (RSTM), divides patients into 10 risk groups
(with increasing risk from groups 1 to 10) based on a score.
We validated the RSTM by examining patient outcomes,
stratified by risk group, on intrinsic data, and in 2 separate
extrinsic (unseen) data sets. Evaluating of MLM perfor-
mance in a medical context is complex, and knowing which
benchmarks to use is often unclear. Many reports benchmark
MLMs against physicians' diagnoses which are affected by
human biases and errors.** Benchmarking the RSTM against
multiple patient outcomes likely serves as a better perfor-
mance metric, and, to our knowledge, no reports have exam-
ined MLLM triage performance in this way.

METHODS

In this retrospective diagnostic accuracy study, we obtained
44,007 medical records of 23,819 patients from a medical
database common to all primary clinics in the Reykjavik area
of Iceland. Each record contained a CTN with diagnostic
referrals and results, diagnoses, and prescriptions written.

The selection criteria were patients over the age of 18
years who were diagnosed by a physician from January 1,
2016 through December 31, 2018 with 1 of 7 Iuternational
Classification of Diseases 10th Revision (ICD-10) codes: JOO (com-
mon cold), J10 and J11 (influenza), J15 (bacterial pneumonia),
J20 (acute bronchitis), J44 (chronic obstructive pulmonary
disease [COPDY]), and J45 (asthma), including subgroups. We
removed CTNs containing less than 250 characters, resulting
in 17,177 CTNs included in this study.

In our previous work, we trained a deep neural network
to extract clinical features from CTNs,** which we call the
clinical feature extraction model. We randomly selected 7,000
CTNs as input to the clinical feature extraction model and
discarded CTNs with less than 8 clinical features, increasing
the odds of having enough clinical features in each for the
RSTM. The clinical feature extraction model also extracted
presenting complaints which we used to limit inclusion to

only patients presenting with acute or subacute respiratory
symptoms. The complete list of presenting complaints is in
Supplemental Table 1. We removed 95 CTNs from follow-
up consultations and 223 CTNs with multiple topics to
include only CTNs in which patients presented with a new
respiratory complaint as a single complaint. Thus, for patients
diagnosed with COPD and asthma, only cases of exacerba-
tion were included.

Applying these filters reduced the set of 7,000 CTNs to
2,942. Of those, 2,000 CTNs were randomly selected and
manually annotated by a single physician. As annotating
CTNis is costly, the final number of 2,000 CTNs was limited
by funding. We split the resulting data set randomly into
training (75%, 1,500 CTNs) and test (25%, 500 CTNs) sets.
We also annotated an additional 664 CTNs with influenza
ICD-10 codes (J10, J11) as a second test set to examine the
generalizability of the RSTM further because there were no
influenza patients in the training data set.

Subsequently, we trained the RSTM on features that
patients can be asked about and measure themselves, imitat-
ing a setting where triage takes place before a medical con-
sultation. We chose the input features that a web-based triage
system could obtain directly from a patient without other
human assistance to ensure the model fits into a clinical work-
flow. The training objective was to predict the likelihood of
a patient having a lower respiratory tract infection. We con-
sidered all diagnoses except JOO (common cold) to be a lower
respiratory tract infection.

The RSTM had a single output: a score between 0 and 1,
where patient scores approaching 1 have an increased proba-
bility of a lower respiratory tract infection diagnosis. We per-
formed 25 repeats of a 4-fold stratified nested cross validation
for hyperparameter search and intrinsic validation. We then
trained the RSTM on the training data set with optimized
hyperparameters before splitting patients in the test sets into
10 risk groups based on the score they received. The risk
score interval for each group was 0.1, and we refer to groups
1 through 5 as the low-risk groups and 6 through 10 as the
high-risk groups.

Annotation

The annotation method was inspired by researchers

who applied similar annotations on medical text,' which
assigned binary and numerical values to clinical features,
representing the presence or absence of signs and symptoms
in the CTNs, as they were described in text. They consti-
tuted the patient's health state as described by a physician
during the medical consultation when the CTN was writ-
ten. A detailed description of the annotation process is in
the Supplemental Appendix. We gave missing binary fea-
tures the value of 0. Missing value features were replaced by
randomly sampling the normal distribution for that feature
to reduce the odds of the model simply learning where fea-
tures are missing, which would be more likely for a patient
with less severe disease.
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Model Architecture, Hyperparameter Optimization,
and Training

The classifier we used was a type of logistic regression with
Least Absolute Shrinkage and Selection Operator penalty.
We used Shapley Additive Explanation®® values to extract the
50 most impactful clinical features to use as input features
into the RSTM to reduce the risk of a spurious correlation
between the input and output data. A full list of the model
clinical features can be found in Supplemental Table 2. We
performed 25 repeats of a 4-fold stratified nested cross vali-
dation with grid search on the training set, to optimize the
hyperparameters of the RSTM. Only class weight and the
penalty (C parameter) were optimized, resulting in use of a
balanced parameter for class weight and a C value of 0.1 dur-
ing training. Then we trained the RSTM on the training data
set before running inference on the patients in the test sets.

Outcomes and Statistical Analysis
For each risk group, we examined the following outcomes:
mean C-reactive protein (CRP) value, ICD- 10 code distri-
bution, the proportion of patients re-evaluated in

first test set is shown in Figure 1. In the second test set, 664
CTNs from 652 patients were included. Table 1 shows the
demographics for each data set, [CD-10 code, and mean
outcome distribution. The baseline outcome rates are similar
to those reported by others.**-' Patients with pneumonia on
CXRs received antibiotic prescriptions in 46% of cases. All
incidentalomas were of nodule subtype and none had clinical
significance. Table 2 compares the outcome rates in the low-
risk and high-risk groups in the test sets with calculated P val-
ues. There was a significant difference between the groups in
CRP values and antibiotic treatment in test set 1 and only in
antibiotic treatment in test set 2. No evaluations in the emer-
gency department resulted in a pneumonia diagnosis, and
83% received the same ICD-10 code as they received in the
initial consultation. No primary care re-evaluations resulted
in a pneumonia diagnosis, and 80% received the same ICD-
10 code they initially received.

Outcome distributions stratified by risk group are shown
in Figure 2 (training set), Figure 3 (set 1), and Figure 4 (set 2).
The low-risk groups in the training set (Figure 2) contain no

i
primary care and emergency departments within 7

Figure 1. Study flowchart for clinical text note selection.

days, the proportion of patients referred for a CXR,

CXRs with signs of pneumonia and incidentalomas,
and proportion of patients receiving antibiotic

44,007 CTNs imported from a database

of all Icelandic PC clinics

prescriptions. C-reactive protein values were only
available if the physician deemed it necessary and
were extracted from the CTN since rapid-CRP test
results are saved only in the CTN not in a structural
database in Iceland. Referrals for CXRs and results
are linked to a CTN and the textual answer from
the radiologist was manually annotated in the same
manner as the CTNs. Except for incidentalomas

_| 26,830 CTNs with <250
characters removed

Y

17,177 CTNs
4% 10,177 CTNs randomly removed

A

and ICD-10 codes, a positive or a higher outcome
value indicated more severe disease for a given

7,000 CTNs randomly selected

for input into a CFEM

patient. Notes about consolidations, infiltrations,
and pneumonia-like signs in the CXR's text descrip-
tion were considered positive signs of pneumonia.
All data sources were from the patients’ electronic
health records. The 95% Cls were calculated by
sorting the values for each outcome and calculating
the 2.5% and 97.5% percentiles. We used a 2-sided
Fisher's exact test to calculate P values for binary
variables and a 2-sided Mann-Whitney U test for
continuous variables. We considered P <.05 to be
significant. We implemented data analysis in Python

4,058 CTNs excluded:
3,740 CTNs with <8 clinical features
223 CTNs containing multiple topics
95 CTNs from follow-up consultations

Y

Y
2,942 CTNs
4% 942 CTNs randomly removed

A

(version 3.8) and trained and validated the RSTM
with the scikit-learn library (0.22.1).”

2,000 CTNs randomly selected
and annotated by a physician

RESULTS
A total of 2,000 CTNs from 1,915 patients were

4% 1,500 CTNs in the training dataset

Y

included in the final data set. There were 26,971

500 CTNs in the test dataset (set 1) ‘

annotations, for an average of 13.5 annotations

CFEM = clinical feature extraction model; CTN = clinical text note; PC = primary care.

per CTN. The flowchart of CTN selection of the
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Table 1. Demographics, ICD-10 Code Distributions, and

Outcomes in the Data Sets

Training Test Test
Variable Set Set 1 Set 2
Demographics
Patients, No. 1,500 500 664
Age, mean (range), y 54 55 45

(18-93) (19-91) (18-92)
Sex, female, % 66.1 62.6 61.1
ICD-10 codes, %
J0O 20.2 19.2 0.0
J15 0.4 0.2 0.0
J20 46.5 48.2 0.0
44 1.1 9.8 0.0
145 21.8 22.6 0.0
J10 0.0 0.0 0.8
m 0.0 0.0 99.2
Patient outcomes
CRP value, mean (range), 20.7 18.8 28.2

mg /dL (3-183) (3-84) (3-178)

Antibiotics prescribed, % 49.0 50.8 15.5
CXRs ordered, % 6.6 6.8 3.5
CXR signs of pneumonia, % 12.6 9.6 9.1
CXR incidentaloma, % 1.6 3.2 43
PC re-evaluation, % 8.2 6.8 10.0
ED re-evaluation, % 0.2 0.6 0.8

CRP = Creactive protein; CXR = chest x-ray; ED = emergency department; ICD-10 = Inter-
national Classification of Diseases, 10th Revision; J0O = common cold; J11 = influenza;
J12 = viral pneumonia; J15 = bacterial pneumonia; J20 = acute bronchitis; J44 = chronic

obstructive pulmonary disease;
.

; J45 = asthma; PC = primary care.

positive CXRs, 52% of the incidentalomas, and 9% of CXR
referrals. In the first test set, the low-risk groups included
one-third of the patients who were younger, and had lower
CRP values, antibiotic prescription rates, re-evaluation rates,
no positive CXRs, and 19% of CXR referrals. In the second
test set, 45% of patients and 35% of CXR referrals were in
low-risk groups, that had no CXRs with signs of pneumonia
and the single incidentaloma found. The outcome trends in
Figures 2, 3, and 4 show rising outcome rates with higher
outcome groups for all outcomes, except for re-evaluation in
primary care and CRP values in the second test set.

DISCUSSION

In this large retrospective study, we show, for the first time,
the results of patient triage by MLLMs in primary care, using
only data available before a medical consultation, in the
context of patient outcomes. The RSTM performs the tri-
age such that patients in high-risk groups have more severe
outcomes than those in lower-risk groups. Importantly, no
patient in the lowest 5 risk groups had a CXR with signs of
pneumonia or a pneumonia ICD-10 code. Despite patients
in test set 2 coming from a different population than
patients in the training data set, the triage shows an out-
come distribution pattern similar to that of test set 1, further
validating that the RSTM triages pre-consultation patients
similarly. The nested cross validation shows an underlying
signal across the whole data set, allowing the RSTM to tri-
age the patients aligned with expected outcomes, regardless
of how the data set is split and ordered. The outcome dis-
tribution is similar in all data sets, indicating a general good

Table 2. Comparison of Outcome Rates in the Test Sets

Between Low-Risk and High-Risk Groups

Outcomes? Low-Risk Group High-Risk Group Sensitivity Specificity PPV NPV P Value
Test set 1

Mean CRP values 7.9 23.0 . <.05
Antibiotics prescribed 66 (40%) 188 (56.1%) 0.74 0.40 0.56 0.60 <.005
PC re-evaluation 9 (5.4%) 6 (10.7%) 0.80 0.34 0.1 0.95 .07
ED re-evaluation 1 (0.6%) 3 (0.89%) 0.50 0.33 0.01 0.98 .67
CXRs ordered 6 (3.6%) 25 (7.4%) 0.81 0.34 0.075 0.96 .07
Positive CXRs? 0 (0.0%) 3 (0.89%) 1.00 0.33 0.01 1.00 .30
Test set 2

Mean CRP values 29.4 27.4 . 1.00
Antibiotics prescribed 3 (10.9%) 8 (18.7%) 0.67 0.48 0.19 0.89 <.05
PC re-evaluation 0 (9.9%) 5 (9.6%) 0.54 0.45 0.10 0.90 .90
ED re-evaluation 1 (0.3%) 4 (1.2%) 0.80 0.46 0.01 1.00 .38
CXRs ordered 8 (2.7%) 5 (4.1%) 0.65 0.46 0.04 0.97 .40
Positive CXRs? 0 (0.0%) 2 (0.6%) 1.00 0.45 0.01 1.00 .50

CRP = Creactive protein; CXR = chest x-ray; ED = emergency department; NPV = negative predictive value; PC = primary care; PPV = positive predictive value.

Note: Test set 1 had 165 patients in low-risk group and 335 in high risk group; Test set 2 had 301 patients in low-risk group and 363 in high-risk group.

@ Mean CRP values reported for groups in mg/dL. Other outcomes reported for groups as number of patients (percentage).
b Positive CXRs included those with signs of pneumonia only, incidentalomas were excluded.
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Figure 2. The outcome distribution in the cross-validated data set.
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Figure 3. The outcome distribution in test set 1.
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Figure 4. The outcome distribution in test set 2.
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Notes: (B) bars represent 95% Cls. (F) shaded area represents 95% Cls. ICD-10 code distribution in test set 2 was not examined for these symptomatically similar patients.

model fit to the data. Interestingly, the RSTM is ignorant of Findings Compared With Other Studies

ICD-10 code subtypes but scores J15 (bacterial pneumonia) We were unable to find similar studies, but multiple studies
patients at an increasing rate in groups 4 through 10, while have attempted to derive a diagnostic rule for pneumonia
J0O (common cold) and J20 (acute bronchitis) decrease from the signs and symptoms of patients. All but 1 include
proportionally. J44 (COPD) was only found in groups 2 features in their rules which make them incomparable to
though 8, indicating that the model considers patients with the RSTM. When we compare the scores of the RSTM and
pneumonia (J15) and COPD (J44) most likely for worse out- the diagnostic rule from the 1 comparable study,’® we see a
comes, matching reality. linear correlation (Supplemental Figure 1). Those authors
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concluded that using the diagnostic rule in clinical settings
would substantially reduce antibiotic use and CXR imag-
ing,’> which coincides with our findings. We also compared
the score of the RSTM to the Anthonisen score,’® which
recommends antibiotic treatment for exacerbation of COPD
if 2 of 3 cardinal symptoms are positive (increased sputum
expectoration, increased dyspnea, purulent sputum produc-
tion). Their score coincides well with the risk prediction of
the RSTM (Supplemental Figure 2) and recommends that
COPD patients in the low-risk groups should not be treated
with antibiotics.

Clinical Implications

If the RSTM shows similar performance in clinical settings,
it could be implemented as a web-based tool, potentially
triaging patients online before they make an appointment.
The triage could potentially identify patients with low risk
of lower respiratory tract infection, that could be attended to
without the need for face-to-face consultations. The RSTM
could eliminate CXR referrals for patients in groups where
the probability of them being positive is low or nonexistent,
which would remove up to one-third of CXRs and possibly
one-half of the incidentalomas without missing a positive
CXR. Despite all patients in the low-risk groups receiving
diagnoses where the benefit of antibiotics is debatable, antio-
biotics were substantially prescribed. Reducing antibiotic
prescriptions in the low-risk groups would increase prescrip-
tion quality. The RSTM score needs no input from clinicians
and can be ready when a patient enters the examination
room, resulting in an easy-to-use, unambiguous, applicable
score with a meaningful effect. Thus, the RTSM can pos-
sibly reduce costs for patients, the health care system, and
society.

Strengths and Limitations

The strengths of this study include a large data set of patients
with 2 distinct test sets. Using multiple patient outcomes,
stratified by risk groups, gives more insight into the perfor-
mance and safety of the triage instead of using only physi-
cians' diagnoses as benchmarks. The study is subject to
limitations and biases of a retrospective methodology, and
the findings must be validated prospectively. The CTNs are
a written record of the physician's interpretation of patients’
symptoms and signs and contain human errors and biases,
making the RSTM erroneous and biased. Removing CTNs
with less than 8 clinical features creates selection bias, likely
toward patients with more severe symptoms. Direct data col-
lection from patients would provide more quality training
data. There is availability bias in the CRP values and CXR
outcomes. Performing annotation with multiple physicians
would likely result in more quality annotations.

@ Read or post commentaries in response to this article.
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Abstract

Background: Respiratory symptoms are the most frequent primary complaint in primary care.
While many of these symptoms resolve without intervention, they can also signal serious
illnesses. With rising physician workloads and healthcare expenses, triaging patients before
face-to-face consultations could be beneficial, potentially directing low-risk patients toward
alternative communication methods. In prior work, we developed a machine learning (ML)
model that demonstrated promising efficacy in identifying patients with mild symptoms, utilizing
only pre-visit data. The main aim of this study was to prospectively validate the ML model by
examining patient outcomes relative to the model’s risk score.

Design and Setting: Individuals 18 years or older presenting with respiratory symptoms at a
single primary care clinic in Iceland's capital area were recruited. The final cohort was filtered
based on presenting complaints to ensure it was appropriate for the model.

Method: Participants provided information about their symptoms via a web interface before
consulting with a general practitioner, allowing the model to calculate a risk score. Based on the
model's risk scores, we split patients into ten risk groups, gathered a range of patient outcomes,
and analyzed them within each group.

Results: Patients in groups 1-5 had no severe outcomes such as immediate emergency
department referral, lung cancer diagnosis, or chest x-ray positive for pneumonia. Two patients
were diagnosed with lung cancer, both in the highest-risk group.

Conclusions: The model appears to be safe in this small population. A larger prospective study
is needed to confirm our findings.

Keywords: primary care; respiratory tract infections; triage; clinical decision support system;

prospective studies



Introduction

Artificial intelligence (Al) has recently made significant advancements within medicine,
especially in machine learning (ML). The advent of Deep Learning (DL) has fueled advances
within the field of ML in the last decade, with DL models showing promise in various diagnostic
tasks within multiple fields of medicine(1-6). These models are typically applied to a single
diagnostic task within a controlled environment and are usually evaluated retrospectively.
Researchers have increasingly shifted towards prospective studies and randomized controlled
trials(7), but more high-quality studies on these models within clinical settings are still
needed(8,9). Limited evidence exists of the benefits of using ML models in patient-operated
triage tools in primary care(10). Patients use the internet heavily to seek healthcare
information(11), and online symptom checkers are no exception(12). However, the quality of
online symptom checkers and information varies greatly, underscoring the need to develop
high-quality information and triage tools for healthcare(13). Symptom checkers using ML models
appear to be the most promising(14).

ML algorithms are under-researched in Primary Care (PC), a field whose complexity
likely deters more extensive research and application. Compared to other subfields of medicine,
PC is characterized by high levels of uncertainty(15,16) and a multitude of decision-making
variables. In Western countries, PC serves as the primary point of contact for most patients,
positioning it as a critical area for intervention. Consequently, applying ML in PC offers a
substantial opportunity to significantly enhance healthcare outcomes. This underscores the
urgent need to develop robust and safe ML models tailored to the intricacies of PC.

Workload has been increasing in PC in recent decades(17,18), paralleled by an increase
in the frequency of patient contacts(19). The number of General Practitioners (GPs) in the
workforce is declining(19), resulting in decreased accessibility to GPs and diminished patient

satisfaction(20). Burnout among healthcare workers is a growing problem(21-23), creating a
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spiral where fewer workers tend to a growing amount of patients. Moreover, the overprescribing
of antibiotics, particularly for treating respiratory infections(24), is a well-known problem in
PC(25), and up to 50% of antibiotic prescribing is considered unnecessary(26). Antibiotic
overuse has been a driving force behind the global surge in antibiotic resistance, posing
substantial health risks(27-29), especially in patients with respiratory tract infections(30,31).
Additionally, the overuse of imaging diagnostics represents another significant challenge within
healthcare(32-34).

In previous work, we developed an ML model that showed high promise in forecasting
the risk of a lower respiratory tract infection (LRTI) in patients who come to PC with respiratory
symptoms(35). The model only uses symptoms as predictors, so it can calculate patient risk
scores while they are still at home. We call this model a Respiratory Symptom Triage Model
(RSTM). In this paper, we present the results from a study seeking to confirm these

retrospective results prospectively.

Method

Participants were recruited at a single clinic at the Primary Health Care of the Capital Area
(PHCCA) in Iceland in collaboration with staff at the clinic. To ensure broad coverage of patient
recruitment, all patients exhibiting respiratory symptoms were invited to participate. This
approach is crucial because it is impossible to ascertain in advance whether patients' symptoms
are appropriate for the model, and we used presenting complaints to decide which patients were
appropriate for the model, similar to what we had done when training the model.

The determination of whether patients' symptoms were appropriate for the model was
made after they completed the questionnaire based on an analysis of their presenting
complaints. Following the selection of presenting complaints, patients were asked to list them in

order of severity by organizing them in a ranked list. We have not seen this methodology
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described in the literature before, hence making it invalidated. We excluded patients with
presenting complaints indicative of sinusitis, pharyngitis, and ear infection to include only
patients with respiratory symptoms that indicated a common cold or a LRTI. The RSTM was not
trained on patients with the excluded infections, so its predictive accuracy for outcomes in these
cases remains unvalidated. To assess the performance of the RSTM in patients with infections
similar to those in its training dataset, we employed the filtering method to increase the
likelihood of including similar patients. The filtering methodology is explained in detail in the
appendix.

Before the study commenced, a question regarding blood in sputum/hemoptysis was
incorporated into the questionnaire, as this feature was not included in the model after training.
Hemoptysis, being a common symptom of lung cancer, requires prompt medical evaluation in
clinical practice. Therefore, patients who reported hemoptysis were assigned an additional 0.5
to their risk score, leading to a high-risk classification. We presented participants with two

categories of questions: those requiring a response of "yes," "no," or "l don't know," and those
necessitating the input of specific values, e.g., temperature. A full list of questions and input
features of the model can be found in the appendix. The web interface was available in
Icelandic and English.

The outcomes measured were mean C-reactive protein (CRP) value, International
Classification of Diseases (ICD) code distribution, the proportion of patients re-evaluated in PC
within seven days, the proportion of patients referred to emergency department (ED)
immediately, the proportion of patients referred to a chest X-ray (CXR), CXRs with signs of
pneumonia, tumors, and incidentalomas, the proportion of patients receiving antibiotic
prescriptions, the proportion of patients referred for Computed Tomography (CT) of thorax, and
the proportion of patients referred for CT thorax with pneumonia, cancer, and incidentalomas.

Additionally, if a patient was diagnosed with an ICD code representing pneumonia and not

referred for a CXR by the physician, we offered the patient a referral for a CXR if they wished to



confirm the diagnosis. However, we offered only patients a CXR after 28.03.23, as we only had
sufficient permissions after that date. The study included the ICD codes J15, J18, and A24 for
pneumonia, as these were the codes used by the physicians in their diagnoses.

The 95% Confidence Intervals (Cls) were calculated by sorting the values for each
outcome and calculating the 2.5% and 97.5% percentiles. We used a 2-sided Fisher’s exact test
to calculate p-values for binary variables and a 2-sided Mann-Whitney U test for continuous
variables. We considered p-values < .05 to be significant. We implemented data analysis in
Python (version 3.8) and used SciPy(36) (version 1.10.1) for statistics. To simplify the
comparison, discussion, and description of results, we refer to risk groups 1-5 as the low-risk
(LR) group and 6-10 as the high-risk group (HR). All tables and images represent the statistical

analysis of participants from the filtered group.

Results

512 patients with 554 patient
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primary care clinic in lceland

recruited from a single clinic at the PHCCA
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. . . . With one or more of the following presenting complaints:

15,393 registered patients. After filtering I Yes _
« Pharyngitis 302 patients with 337 patient
« Pressure or pain in maxillary sinuses CORBC Femovel
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remained. The study flowchart is displayed
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Figure 1: Study flowchart for patient selection
displayed in Table 1 for the whole population

and the filtered one.
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Demographics, ICD-10 Code Distributions, and Outcomes

Filtered Whole
population population
Patient contacts, count 204 541
Age, mean (range) 48.28 (18 - 88) 45.17 (18 - 88)
Sex, female, % 46.6 48.80
ICD-10 codes, %
B34 25.69 20.80
R0O5 17.89 11.36
J45 8.72 5.07
J20 7.34 4.72
J18 5.05 244
J32 3.67 2.62
J22 3.67 2.45
J40 3.21 5.24
Jo2 2.75 6.12
R06 2.29 1.40
No ICD code 2.29 2.62
Jo1 1.83 4.37
Joo 1.38 2.80
Patient outcomes
31.53 (0.7 -

CRP value, mean (95% CI), mg/dL 220.56) 28.69 (1 -201.5)
Re-evaluation in PC within 7 days, count (%) 18 (8.8) 31 (5.73)
Evaluation in ED within 7 days, count (%) 5(2.45) 5(0.92)
Antibiotics prescribed, count (%) 51 (25.00) 178 (32.90)
Pneumonia ICD code, count (%) 14 (6.86) 20 (3.70)
CXRs ordered, count (%) 19 (9.31) 24 (4.44)
CXRs pneumonia, count (%) 9(4.41) 10 (1.85)
CXRs incidentaloma, count (%) 2(0.98) 4 (0.73)
CT thorax ordered, count (%) 4 (1.96) 8(1.48)
Lung cancer diagnoses, count (%) 1(0.5) 2(0.37)
Immediate ED referrals, count (%) 4 (1.98) 5(0.92)




Absolute Number of Cases

Table 1: Comparison of demographics and outcomes between the LR and HR groups The table
compares the original dataset with the filtered dataset. The filtration process increases the number of
patients with diagnoses that the model was originally trained and validated on (J00, J10, J11, J18, J20,
J44, J45) while reducing the number of patients with other types of infections (J01, J02, J32). Of the more
serious outcomes, one patient with lung cancer, one patient with a positive CXR, five patients with a
pneumaonia diagnosis and one patient with an immediate ED referral was filtered out.

Abbrevialions:,

1C0-10,"International Classication of Diseases, Tenlh Revision”,
CRP C-Reactive Probain®,

CXR,"Chest X-Ray",

CT Gomputed Tomograghy™,

ED,"Emeargency Departmant”,

A comparison of the patient outcomes in the HR and LR groups is displayed in Table 2 with

p-values and Odds Ratios (OR). The distribution of patients receiving pneumonia ICD codes

Patients diagnosed with pneumonia and/or had CXRs with signs of pneumonia

B Patients not receiving CXRs
B CXRs negative

mmm CXRs positive L6

74 Percentage of patients not receiving CXRs
Percentage of CXRs negative

Percentage of CXRs positive

t14
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r 10

2
I I |
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Figure 2: Distribution of pneumonia diagnoses and positive CXR results for pneumonia across risk
groups. The left y-axis shows the absolute number of cases, while the right y-axis displays the percentage of
cases. The x-axis corresponds to the different risk groups. In the LR group, one patient was diagnosed with
pneumonia, but the subsequent CXR was negative. In the HR group, two patients received pneumonia
diagnoses despite negative CXR results.

Percentage of Cases



and CXRs with signs of pneumonia are shown in Figure 2, as well as CXR results if referred and
their risk group placement. Three patients clinically diagnosed with pneumonia underwent a
CXR as a part of the study; all three X-rays showed normal results. One of them was in the LR
group. Two patients were diagnosed with lung cancer. One was removed after filtering
presenting complaints, and both were in risk group number ten. Four patients were immediately
referred to the ED, two in risk group 7 and two in risk group 10. Four patients were referred for a
CT of thorax, one in risk group 1 and three in risk group 10. Incidentalomas were found in 2 of
the 19 CXRs referred, both clinically non-significant and resulting in a CT image of the thorax as

a follow-up. One patient was in risk group 1, and the other was in risk group 10.

Low-Risk Group High Risk-Group P-value Odds Ratio
Count 82 122 N/A N/A
Mean CRP values (95%
Cls) 19.91 (0.5-94.95) 34.04 (1 - 228.60) 0.55 N/A
No. CRP measurements
(%) 23 (29.58) 45 (36.85) 0.23 1.50
Antibiotics prescribed (%) 17 (20.73) 34 (27.86) 0.25 1.49
PC re-evaluation (%) 6 (7.32) 12 (9.84) 0.62 1.38
ED evaluation (%) 1(1.21) 4 (3.28) 0.65 2.75*
ED referral (%) 0(0) 4 (3.28) 0.15 6.26*
CXR referrals (%) 5(6.10) 14 (11.48) 0.22 1.99
CXR incidentalomas (%) 1(1.22) 1(0.81) 0.47 0.30™**
CXR pneumonia (%) 0(0) 9(7.38) 0.03 19.00* ***
Pneumonia ICD code (%) 1(1.45)* 13 (9.63) 0.009 9.66

CT referrals (%) 1(1.21) 3 (2.45) 0.65 2.04



CRP Value

Table 2: Comparison of clinical outcomes between low-risk and high-risk groups. Statistically significant
values are marked in bold, with significant findings in pneumonia diagnoses via ICD codes (p=0.009, OR=9.66) and

CXR-confirmed pneumaonia (p=0.03, OR=19.00)

*Comactad with Haldane-Anscombe cormaciion

**Subseguent CER was nonmal

"Includes only patients who were refarmad for a CXR by a physician
***Inzludes only patents wha ware refarred for a CT by a physician

Figure 3 displays the mean CRP values in each risk group with 95% Cls. The patient diagnosed

with pneumonia, who had a negative CXR in risk group 2, had a CRP of 112, causing the spike

in risk group 2. One patient diagnosed with JO1 (Acute Sinusitis) in risk group 1 had a CRP of

81 causing the raised values in group 1. Four patients had a CRP value above 130 and were all

diagnosed with pneumonia, and three of them had positive CXRs as well. They were all in the

HR group. Outcome distributions stratified by risk group are shown in Figure 4 in absolute and

proportional values. The outcome distributions generally show increasing proportional values as

we approach higher risk groups.

150 4
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Figure 3: Mean CRP values stratified by risk group with 95% Cls.




Filtered patients

Among the filtered-out patients, six were clinically diagnosed with pneumonia, two of whom
were in the LR group. One was referred to a CXR by the physician, which was normal. The
second did not have a CXR taken. One pneumonia patient in the HR group had a negative CXR
as part of the study, bringing the total number of pneumonia patients with negative CXRs to four,
of which three had a CXR offered by the study, and one was referred by a physician. Two were
in the LR group, and two in the HR group. Other pneumonia patients were in the HR groups,
and two had positive CXRs. In the appendix, Figure A1 is identical to Figure 1 but includes all
patients in the dataset. Two additional patients were immediately referred to the ED, both in the

HR group.

Total Patient Count by Risk Group Antibiotic prescriptions
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Figure 4: Qutcome distributions stratified by risk group. CXR = chest x-ray; PC = primary care,

Discussion

Summary

In this prospective study, we examined the performance of the RSTM, which had shown
promise in earlier work. All the outcome distributions show a similar pattern, with increased
proportional values with higher risk groups, especially for the more objective outcomes such as
CRP and the rates of CXRs positive for pneumonia. Importantly, there are no lung cancer
diagnoses, ED referrals, or positive CXRs for pneumonia in the LR group. Interestingly, all
patients who underwent a CXR as a part of the study after being clinically diagnosed with
pneumonia had normal CXRs, highlighting the complexity of pneumonia diagnosis. Three
patients in the LR group were diagnosed with pneumonia. Two of these patients had normal
CXRs, while the third patient, unfortunately, did not undergo a CXR. Our results indicate that the
model is safe in this small population, but a larger prospective study is needed to confirm our

findings.

Strengths and limitations

The prospective data collection strengthens the study, mimicking how the RSTM would perform
in real clinical settings. Offering patients diagnosed with pneumonia a CXR to confirm the
diagnosis strengthens the results, considering the superior diagnostic capability of pneumonia
by CXRs compared to physicians(37). There is selection bias in the CRP values since it is up to
the consulting physician if it is measured. Patients with more severe symptoms are more likely
to be recruited by clinical staff since those patients meet with a nurse and a doctor, whereas

patients with milder symptoms sometimes get sent home by a nurse. A larger prospective study
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is needed to explore the performance of the RSTM for rare and more broad outcomes. A
selection bias is introduced by the recruitment process as the healthcare personnel have
knowledge of which patients are to be recruited. A broader group of patients would be in the
initial population in real settings. Filtering the patients by presenting complaints limits the study
since it introduces a selection bias to the results. The filtering method has not been validated
and represents a novel approach to categorizing patients suitable for an ML model. This might

make it hard to apply to a new population, but a larger study is needed to explore this further.

Comparison with existing literature

Some studies have explored the effectiveness of ML models in patient triage, recognizing their
potential in this area(38,39). However, most of these studies are retrospective, and the
prospective studies typically involve small populations. Multiple studies have attempted to derive
a diagnostic rule for pneumonia where all but one(40) include features that make them
incomparable to the RSTM. There is a slight linear correlation between that diagnostic rule and
the output of the RSTM; see image A2 in the appendix. Furthermore, studies examining the
performance of online symptom checkers indicate that their diagnostic performance is poor

compared to humans(41).

Implications for research and/or practice

If the model had been applied to the population, 26.3% of CXR referrals and 25% of CT
referrals (33% if the follow-up CTs for the incidentalomas are taken into account) could have
been prevented, and all unnecessary diagnostics, including one CXR which caused the patient
harm with an incidentaloma needing a thorax CT to follow-up. Studies have shown that
antibiotic prescriptions for patients with respiratory symptoms are overused and often

inappropriate, as most of these infections have viral causes(30,42). Patients in the LR group
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received 33% of antibiotic prescriptions. Antibiotic prescribing could be significantly reduced if

the RSTM truly identifies patients with milder symptoms. A randomized clinical trial is needed to

explore that possibility further.
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Appendix

Filtering patients by presenting complaints

As the first step in the study, all participants had to select a presenting complaint before

proceeding to the questionnaire on the web interface. They could either click on one of the main

complaints listed in the interface or search for an appropriate option in a dropdown menu.

Participants were instructed to inform the study presenter if a suitable complaint was

unavailable. However, this situation did not occur, as all participants were able to find a fitting

main complaint. After selecting their presenting complaints, participants were asked to rank
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them by severity or importance. They then answered the questions necessary for the RSTM to

calculate their risk score. We removed patients who reported any of the following complaints:

e ear pain
e sore throat
e pain or pressure over the maxillary sinuses

e pain or pressure over the frontal sinuses

All other patients were included in the final study population.

Questionnaire procedure and a full list of questions
Patients were instructed to answer the following questions based on their current state unless
explicitly directed otherwise (not considering the course of their iliness). For the following

questions, they could respond with "yes," "no," or "I don't know":

Do you have symptoms of the common cold?

e Have you been diagnosed with asthma by a physician?

e Is there mucus / expectorate coming up from your lungs?

e Have you been coughing up blood, or has there been blood in the mucus from your
lungs?

e Have you experienced a fever in the course of your symptoms?

e Have you experienced shortness of breath?

e Have you been diagnosed by a physician with chronic obstructive pulmonary disease
(COPD)?

e Do you have any allergies?

e Have you vomited?



e Do you have a fever?

If the question “Do you have a fever?” was answered with a yes, the users were asked to input
their temperature value in degrees Celsius. The input allowed for floating point numbers
between 35 and 42. If they had not measured the temperature, they could choose “I have not
measured my temperature”. In such cases, a default value of 37°C was used as input to the
model.

The following items were presented as a list of checkboxes associated with the

question, “Do you have any of the following symptoms?”:

Cough

Sore throat

e Runny Nose (Rhinorrhea)

Nasal congestion / Stuffy nose

Additionally, the users answered the question “Do you have a smoking history?” by selecting

one of the four choices:

e active smoker
e used to smoke but quit
e social smoker

® NO

Age and sex are also part of the predictors of the RSTM and were collected automatically when

each participant signed the consent electronically.



Figure A1

Patients diagnosed with pneumonia and/or had CXRs with signs of pneumonia
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Figure A2
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