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Abstract

University Hospitals Dorset (UHD) has over 1,000 thyroid
patient contacts annually. These are primarily patients with
autoimmune hyperthyroidism treated with Carbimazole titra-
tion. Dose adjustments are made by a healthcare professional
(HCP) based on the results of thyroid function tests. Based on
the test results, the HCP prescribes a dose and communicates
this to the patient via letter. This is time-consuming and in-
troduces treatment delays. This study aimed to replace some
time-intensive manual dose adjustments with a machine learning
model to determine Carbimazole dosing. This can in the future
serve patients with rapid and safe dose determination and ease
the pressures on HCPs.

Patient data of 421 hyperthyroidism at UHD were extracted
and anonymised. These data were processed and cleaned. A
total of 353 patients (83.85%) were included in the study. A
wide range of machine learning classification algorithms were
tested under different data processing regimes in an iterative
approach consisting of an initial model selection followed by a
feature selection method to improve performance. All models
were evaluated using weighted F1 scores (1=best) and Brier
scores to select the best performing model with the highest
confidence.

The best performance is achieved using a random forest (RF)
approach, resulting in good average F1 scores of 0.731. Based on
a balanced assessment considering the accuracy of the prediction
(F1 = 0.755) and the confidence of the model (Brier score =
0.366), a model was selected with a view to a patient held app.
To simulate a use-case, the accumulation of the prediction error

over time was assessed. It was determined that an improvement
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in accuracy is expected if this model was to be deployed in

practice.
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1 Introduction

Thyroid function plays a crucial role in controlling metabolic rate and
cardiovascular function. This regulatory effect is mediated through
the thyroid hormones triiodothyronine (T3) and thyroxine (T4). The
release of these hormones is, in turn, controlled by the thyroid stim-
ulating hormone (TSH) released from the pituitary gland (I). Any
disturbance in the homeostasis of this hormonal system can lead to
disease. Generally, thyroid disease can be distinguished between hy-
pothyroidism and hyperthyroidism depending on the level of T3 and
T4 production. Hyperthyroidism is a very common endocrine disease
with an incidence of 0.2-1.3 % (2) and the most common referral to
Endocrinology. In 1977, a UK study reported a prevalence of 2.7%
in women and 0.23% in men, highlighting the high disease burden of
this disorder nationally (3]). There are three avenues of treatment for
hyperthyroidism: the use of antithyroid medication, the treatment
with radioactive iodine, or surgical removal of the thyroid gland (?
). In general, first-time treatment uses antithyroid medications for
6-18 months to allow patients the ”opportunity” to naturally gain
remission. In the UK, the first line of treatment is Carbimazole (7 )
which involves the titration of the antithyroid drug until the patient
reaches an euthyroid state with normal levels of thyroid hormones
and TSH. This method is more frequently used and has fewer side

effects than block-and-replace approaches (4).

Here, we describe a prototype of a machine learning algorithm
to predict an individualised dose of Carbimazole based on blood

test results. This algorithm could be deployed on a mobile phone
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application used independently by a patient after an initial clinician-
supervised period. Patients are typically reviewed by a clinician every
6 weeks and the Carbimazole dose is adjusted based on the results
of thyroid function tests. Once the test results are available, the
clinician usually communicates the adjusted dose to the patient in
writing, which is time consuming, costly and introduces delays. The
deployment of such a mobile app would be expected to reduce the
number of patient contacts by up to 50-70% and would have a notable
positive impact on the workload of the clinician and reduce costs for
the health care system. In addition patients benefit from patient

initiated follow-up (PIFU).

1.1 Background

The digitisation of healthcare was significantly accelerated by the
COVID-19 pandemic, forcing healthcare providers around the world
to innovate rapidly (55 [6). This accelerated development will have a
long-lasting impact on the way healthcare is delivered. However, it
also raises open questions about validation, safety, and accountability,
which have already been highlighted pre-pandemic by the EU regu-
lations explicitly stating a right to explanation (7). The literature
about using machine learning methods to predict drug-dosing regimes
for individual patients is mainly focused on cardiovascular medication,
thyroidism. In the following paragraphs, a nonexhaustive overview of

the literature for each of these sub-areas is described.
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1.2 Cardiovascular medication

Most cardiac-related publications are related to Warfarin dosing, a
blood thinner commonly prescribed to patients with atrial fibrillation
to reduce the risk of thrombosis.

To determine a suitable maintenance dose, a wide range of ap-
proaches was found in the literature. These include, among others,
machine learning methods such as tree-based predictors (8} [9; 105 11)),
k-nearest neighbour (I1)), support vector machines (12; 10} 95 8)), re-
gression such as linear, lasso, or ridge regression (10; @), random
forrest regression (13)), ensemble methods (125 10; [9; [8), boosting
algorithms networks (9; [8; [14), and neural networks (12} [10; 9} 14} [15]).
Additionally, two studies used genetic or evolutionary approaches
(16} 17). The main difference between the reviewed publications was
the number and variation of the features included to make a prediction.
All of the included algorithms used a regression approach to determine

the maintenance dose.

1.3 Thyroid medication

The final and most relevant subject area is the use of predictive algo-
rithms for management thyroid disease. In addition to Carbimazole ,
the drug of interest in this study, other thyroid treatments exist. For
example, Levothyroxine is used in replacement therapy after surgical
removal, radiation iodine treatment, or hypothyroidism due to other
causes. The reviewed studies on levothyroxin specifically tailored
their predictions to patients with thyroidectomy. Two study aimed

to predict the daily dose requirement using a number of different
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regression methods (18;[19), while one study predicted whether a dose
adjustment was required using a decision tree (DT) (20]).

No studies were found that predicted antithyroid medication such as
Carbimazole or propylthiouracil. The literature describing predictive
machine learning algorithms for thyroid disease focused extensively
on the early detection of thyroid disease (21} 22} 23 24 25 [26]; [27]).
Another topic related to thyroidism is the prediction of an appropriate
duration of treatment to avoid relapses (28} [29). To the best of the
authors’ knowledge, there are no published examples of machine
learning algorithms used to predict a patient-centered Carbimazole

dose.

2 Methods

2.1 Data collection and extraction

Data was extracted manually from patient letters, sent after the
patient’s review. These generally contained the blood test results
and the prescribed Carbimazole dose. In some cases, additional
information about the patient’s health or adherence to treatment
was also included. Data extraction could not be automated due to
IT system limitations and, therefore, was performed manually and
entered into a spreadsheet and anonymised. The letters were stored in
two separate databases hosted by University Hospitals Dorset (UHD)

and accessed using a secure NHS device.
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2.2 Data processing

Most machine learning methods cannot handle missing data without
some form of imputation and processing. Our data suffered from
overall coverage, making some variables unusable, as they were not

recorded often enough and could not be imputed.

2.2.1 Data quality

A large proportion of the missing data was attributed to human error.
This can occur at several stages: copying lab results into a letter,
transcription from a dictaphone, or data extraction from the database.
Furthermore, patients might not have adhered to prescribed treatment
and might have taken medication sporadically or at the wrong dose,

adding another human factor that can affect the dataset.

2.2.2 Assessing treatment adherence

As the data used in this study were extracted from patient letters,
in some cases much more information was included than just blood
values and prescription dose. Additional data was extracted as free
text, including information about side effects or notes that the patient
was taking the medication as instructed. Nonadherence to the pre-
scribed dose could have implications for predictive algorithms, as it
would influence the patient’s physiological response and the clinician’s
decision in a subsequent consultation. Unfortunately, it is difficult to
account for these factors in the data, as it is often not clear when a

patient changed the medication.

However, some patients continuously struggled to follow their
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prescriptions, and these were identified. The most robust way was
based on the information contained in the patient letters, where in
some cases it was mentioned that a patient did not take the prescription
as instructed. This manual approach identified 16 patients (4.9 %).
Furthermore, patients who were prescribed more than 40 mg at any
time were considered non-adherent as this is usually the maximum
dose limit based on UK guidelines (? ). In rare cases, clinicians chose
higher doses if they believed that a patient would not regularly take
the medication in the hope that on average an effective dose was
reached. A total of 12 (3.7 %) patients fell into that category. Finally,
the last group of patients where non-concordance was suspected were
patients who were prescribed 40 mg for longer than 90 days with
consistently high T4 levels. This assumes that all patients respond to
Carbimazole. In practice, a patient who did not reach normal levels
for a long period of time was reviewed by a clinician. This group
included 3 patients (0.93 %). We concluded that a total of 31 (9.66 %)
patients were not always adhering to the medication regime and hence

excluded them from the dataset A summary is shown in Table 7?77

2.2.3 Determination of prescription dose

Most prescription doses were represented as mg/day ensuring that all
prescriptions had one value each day. However, a minority of doses
were prescribed to be taken every second day or n times a week. For
these cases, the average daily dose was calculated. Additionally, some
patients received different doses in the morning and evening. In this
scenario, the daily sum was calculated to allow a single dose as the

prediction target.
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As Carbimazole is not the only antithyroid drug, some patients’

treatment regimes were changed to propylthyrouracil if side effects
occurred. In addition, some patients were prescribed propranolol, a
beta-blocker, to treat palpations, which can occur as a side effect of
a hyperthyroidism. In these cases, it was unclear whether this was
prescribed along with Carbimazole or as a single treatment. For this
reason, these instances were removed from the dataset. Additionally,
some records were unreadable were removed from the dataset. In

total, this affected 7.5 % of the dataset.

2.2.4 Binning of doses

As clinicians sometimes prescribed doses on alternate days or only
a few times per week, several doses were rarely, or in some cases
only prescribed once. Such doses were impossible to predict as a
classification problem, and, therefore a binning method was used,
which assigned such doses to the closest user-defined dose. If a dose
fell exactly in the middle of two neighbouring doses, the lower dose
was selected. This is because patients tend to prefer lower doses, as
these will result in less weight gain (30). The doses used for this
binning process were based on the actual prescription pattern and
were chosen in consultation with a clinician. The selected binned

doses were: 0, 2.5, 5, 10, 15, 20, 40 mg.

2.3 Feature engineering

Often, the generation of additional features from the available data can
improve the performance of predictive algorithms. Several additional

features were added to the dataset, which are described below in

10
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2.3.1 Dose exponents

A feature suggested in the literature was dose exponents, which are
calculated by squaring and cubing the previous doses. These have

previously been shown to improve the accuracy of the prediction (31IJ).

2.3.2 Time between presentations

Both the time between presentations and the time since the first
presentation in days were calculated based on the contact date. It
should be noted that this is not the same as the date the test was
performed. However, the date of the blood test was not consistently
recorded, so the contact date was used in all cases. The average
time between presentations in our datasets was 96 days, roughly

corresponding to the desired follow-up interval of three months.

2.3.3 Thyroid hormone based features

It was suggested by (3I)) that an important feature is the daily change
in T4 level. This was calculated based on the time between pre-
sentations and the change in recorded T4 levels. Furthermore, the
percentage change of T4 was calculated to give an indication of how
fast the change occured. Additionally, the difference to the normal
range was explicitly added, which meant that the approximate mean
target (16 pmol/L) was subtracted from the recorded reading. In
addition, the percentage change in TSH was calculated to give an

indication of how quickly the change occured.

11
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2.3.4 Overt and subclinical thyroidism

Clinically, hyperthyroidism is distinguished into overt and subclinical
states (? ). To ensure that this information was available to the model,
Booleans were added for both conditions. For this purpose, we used

the following definitions:

e Overt: TSH <0.5 mU/L and T4 >21 pmol/L

e Subclinical: TSH <0.5 mU/L and 10 >T4 <21 pmol/L

2.3.5 T3

The levels of T3 are not routinely tested in current practice. This
meant that these were not included for each presentation. However,
T3 was often recorded once at the beginning of a patient’s treat-
ment. Therefore, the ratio of T4:T3 was included as a static patient
characteristic, as this can provide additional information on the under-
lying pathophysiology of hyperthyroidism (31]). Missing values were

imputed to the median.

2.3.6 Patient exclusion criteria

Hyperthyroidism is strongly influenced by pregnancy (32). Our dataset
only included 14 (3.3%) patients who experienced one or more pregnan-
cies during treatment. These were excluded as they were a minority
that could not be adequately represented in any machine learning
model. In practice, these patients will have followed a different treat-
ment and management pathway. Furthermore, patients with fewer
than four presentations were excluded (n=12 (2.8%)). Finally, pa-

tients who were deemed to not adhere to the treatment regime were

12
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removed; see Section for more details.

2.3.7 Data exclusion

Even though, from a physiological point of view, TSH receptor anti-
body levels would be expected to be crucial, these were only available
for a minority of patients since blood tests were not readily avaialble
at the time. Similarly, blood pressure readings were too infrequent
to be viable for inclusion. Finally, weight and BMI were removed as

these were also recorded infrequently.

2.3.8 Imputation

Following the data handling procedure described above, most of the
features had good coverage. However, the hormone levels of T4 and
TSH were missing in some cases (6.8% and 9.7% respectively). As
these metrics are physiologically important, a k-Nearest Neighbors
(KNN) imputation method was used to approximate the missing values.

An indicator was added to identify the imputed values.

2.3.9 DManual time adjustments

Due to the complexity of the dataset, which included timeseries data
for each patient, identifying spurious data was challenging. There-
fore, a manual screen was performed to find breaks in the timeline
of individual patients. Several of these cases were identified; most
were patient contacts in unusually rapid succession. As these mostly

followed a thyroid function test with a long follow-up period, it was

13
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concluded in consultation with a clinician that this was probably due
to a repeat of the test at the next presentation because the follow-
up was not timely. In these cases, the initial readings with delayed
follow-up were removed because the clinician would have made their

decision based on the more recent repeated blood test.

2.3.10 Patient grouping

Patients could be distinguished into two groups at their first presen-
tation based on their clinical state. This was because some patients
received hyperthyroidism treatment elsewhere before moving to UHD.
Thus, these patients started at a maintenance dose and had well-
adjusted hormone levels. This patient group contrasted with patients
who presented for the first time at UHD for anti-thyroid treatment.
To distinguish between these two groups, hormone levels were evalu-
ated on first presentation to our facility. Because the response of T4
is faster, the grouping was based on the initial levels of T4. It was
assumed that patients with T4 levels >22 pmol/L had not received
treatment elsewhere, otherwise it was assumed that the patient had
been treated before. The patients were assigned Booleans according

to the group they belonged to on their first presentation.

It was assumed that the time in treatment was an important factor
for making an accurate prediction. Therefore, it was expected that the
time in treatment for patients who previously received treatment was
a confounding factor. To adjust the data to reflect previous treatments
for these patients, starting treatment was adjusted to begin at the

third presentation where a patient was expected to have T4 levels

14
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within the normal range. Furthermore, the average time to the
third presentation was used as a starting point. These modifications
to the data based on domain knowledge made the prediction task
easier as patients at physiologically different stages of treatment were

distinguished; see Figure

2.3.11 Relapse detection

The aim of antithyroid treatment is to normalise thyroid function
with the lowest dose of Carbimazole with a view to pf a trial cessation
of treatment. However, many patients suffer a relapse which requires
an adjustement of their Carbimazole dose at some point during their
treatment time. In this study, we defined a relapse as a TSH level
within the normal range (>0.3 mU/L) followed by one below the
normal range of 0.3 mU/L. This applied to 61.7% of our patients,
which was within the range of the current literature (33]). The relapse
episodes were labeled with a Boolean. This was important as the
treatment of a relapse is different from the initial treatment (Figure
. Part of the reason for this is that relapses were identified faster

due to routine tests compared to the initial diagnosis.

2.3.12 Polynomial features

Additionally, polynomial features were generated, as this approach
can improve prediction performance. This generated new features
consisting of polynomial combinations of features with a degree less
than or equal to the specified degree. In this study, we used a 2-degree

polynomial for which the generated features for two features a and b

15
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would be:

1,a,b,a?, ab, b? (1)

2.4 Training and testing datasets

To prevent contamination of the test set with data from patients in
the training set, two approaches were chosen to include patients in
the test set. A portion of the patients was chosen, which had not been
included in the training set; these were patients who represented the
first presentation at the clinic and are referred to as 'new patients’.
For the second portion of the patients, each patient’s time-series data
was split in half, where the first half of presentations was included
in the training set and the second half in the testing set referred to
as ’previously seen patients’. This represented an easier part of the
dataset as all of these patients were on a maintenance dose, which was
easier to predict. However, this could affect the representativeness of
the two datasets. Ideally, both training and testing datasets should
be sampled from the same distribution. This representativeness is

difficult to determine as a result of the multidimensionality of our data.

We used an algorithmic approach to address representativeness
in both datasets. Initially, roughly 30% of patients were randomly
selected to be included in the test dataset. Of those, 50% were
randomly chosen to be included completely in the test set, and for
the remaining patients, half of their presentations are included in
the training set. This could have created datasets that were skewed
towards a certain group of patients. To avoid this, we combined all

datasets and chose an equal number of patients from either of the
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datasets. As a next step, the type of dataset was used as a label and
a RF classifier was trained to attempt to predict which data belonged
to which dataset. In an ideal scenario, this should have achieved
an accuracy equivalent to random chance, as all datasets should be
indistinguishable. In many of the randomly chosen data splits, this
was not the case, and the classifier achieved relatively high accuracy.
To find the most representative data split, this process was repeated,
and the dataset, that was the hardest to distinguish, was chosen for all
further experiments.This brute-force approach was time consuming,
but ensured that patients were not included into certain datasets

based on implicit bias.

2.5 Balancing of training dataset

The dataset is significantly imbalanced because once the patient
reached normal hormone levels the maintenance was not changed
frequently. Therefore, balancing the prediction classes was necessary
to development the predictive algorithms. The balancing strategy
was employed in two steps. Initially, all Carbimazole classes as de-
scribed in section that contained more entries than the mean
number of prescriptions per class were randomly under-sampled to the
mean number of samples per class. The remaining classes with fewer
entries than the mean were over-sampled using Adaptive Synthetic
Sampling Approach for Imbalanced Learning (ADASYN). This used
weighted distributions of these minority classes where the weight was
the difficulty in making a prediction (34). This method ensured that
the dataset was balanced to make predictions of the minority classes

possible.
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2.6 Permutation importance

Because not all features in the dataset were necessarily beneficial for
a good prediction, feature selection was important. Consequently, we
employed a permutation approach, which used a trained algorithm
that incorporated all available features. This algorithm was iteratively
tested with single feature of the test set randomly permuted. This
effectively removed the influence of a particular feature, and the
change in the results gave an indication of the importance of the
feature (35). The permutation importance scores were then used
to iteratively retrain the algorithm with several feature subsets and

select the best performing algorithm based on the test Fl-score.

2.7 The data regimes

The data were prepared under several different processing regimes

that will be described in the following sections.

2.7.1 Presentation adjustment

This dataset included the presentation adjustments for the patient
groups in the first presentation as described in Section [2.3.10

2.7.2 Relapse separation

This dataset included the presentation adjustments for the patient
groups at the first presentation as described in Section Fur-
thermore, relapses were detected as described in Section and
treated as separate presentations, which meant that a patient suffering

a relapse was considered as starting a new treatment period.
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2.7.3 Gap removal

All patients should have had a blood test every 3 months, so longer
periods between presentations were separated into individual instances.
To allow some leeway, gaps of more than 120 days were considered as
a new presentation and were treated as if this patient had been seen
for the first time, resetting the time in treatment and the time since

the last treatment to 0, thus, representing a new consultation period.

2.7.4 Dose correction

The prescriptions chosen by the clinician were not always optimal due
to human error. As the retrospective dataset allows to see the future
response of a patient based on hormone levels at the next presentation,

such suboptimal doses were identified and removed.

The definitions used are as follows:

e Optimal: a dose that resulted in a future reduction in T4 within

the next 120 days.

e Suboptimal: a dose that resulted in an increase in T4 within the

next 120 days.

2.8 Algorithm training and evaluation

A variety of supervised algorithms were trained on the data in a sys-
tematic approach. A gridsearch approach was employed to optimise
the best-performing hyperparameters. As a scoring metric for the
gridsearch, a weighted Area Under the Receiver Operating Character-

istic using the one-vs-one approach (ROC) was used. This computed
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the average Area Under Curve (AUC) of all possible pairwise com-
binations of classes (36]). To select the algorithms that performed
the best overall, the weighted F1 score measure was used. The algo-
rithm was then subjected to the permutation importance procedure
described in Section [2.6, This approach was repeated for all data
processing scenarios described in Section The initial choice of
algorithm was based on the weighted F1 score; however, as this only
gives limited insight into the performance, the test sets were further
assessed using confusion matrices, the average error in mg, the Brier
score, the top 1-3 prediction score, and as ROC. Finally, a logistic
regression-based probability calibration was applied to calibrate the
algorithm. This allowed a better interpretation of the probability of
prediction of the algorithm and could further improve the predictive
performance of the model. Although performance improvement was
not always achieved, some research suggested that RFs can benefit

from a calibration attempt (37).

2.9 Ordinal predictor

An ordinal predictor was fitted because the prediction targets are
ordinal in nature and could potentially have benefited from a predictive
method tailored to such a problem. For this approach, a binary
classifier was fitted for each class. To make a prediction, each individual
classifier was used to predict the probability that the sample belonged
to each of the specific classes. The class with the highest confidence
was chosen as a final prediction. For this approach, the features
identified by permutation of the base data set were used. All base

classifiers described in Section 2.8 were fitted in an ordinal manner and
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the best performing version was identified by the F1 cross-validation

score.

2.10 Confident learner

To address the possibility that a label might be incorrect, a confident
learner was fitted to the best performing algorithm of the base dataset.
This method allowed for an approximation of the likelihood that a label
as correct and was reported by (38) to achieve excellent performance
in identifying false labels in many different datasets. Thus, a confident
learner as described by (38]) was used, which estimated the probability
that a label was incorrect, allowing for a more robust version of the

algorithm to be trained.

3 Results

The experimental results were divided into six sections, including
the four data regimes (the base, gap-removal, dose correction, and
polynomial datasets) and the two special predictors (the confident
learner, and the ordinal predictors). This is followed by a summary
bringing all methods together to give an overview of the best model
and data regime. In all scenarios a RF predictor with a decision
tree as base estimator performed the best details of each of the data
regimes will be discussed below. Data descriptives are shown in the

supplementary material .

3.0.1 Base dataset

In the base data processing regime with minimal adjustments, the RF

approach performed the best based on the initial search. This was
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true for both datasets with and without relapse detection. The overall
best performing algorithm was the permuted version with relapse
detection with an F1 score of 0.751 and a Brier score of 0.380 for

unseen patients Table

3.0.2 Gap-removal datset

The second data regime treated patients who had not been seen for
more than 120 days as new patients. Again, in this scenario, the RF
approach performed best based on the initial search. Similarly to the
base dataset, the permutation selected subset of the features resulted
in the best performing algorithm. However, this predictor performed
worse compared to the predictor trained on the base dataset with an

F1 of 0.739 and a Brier score of 0.392 for unseen patients Table

3.0.3 Dose-correction dataset

When the gap removal approach was combined with the dose correc-
tion procedure described in Section the predictor performance
increased. As with the other data regimes, an RF model was selected.
This model performed better on unseen patients compared to the
algorithm trained in the gap removal data regime. The F1 for unseen
patients was 0.743 with a Brier score of 0.382, which means the model
was more confident than on the gap removal regime alone. This par-
ticular model performed with a F1 of 0.766 and a Brier score of 0.350
on the maintenance dataset thus making it the highest preforming

model in average Table
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3.0.4 Polynomials

The generation of polynomial features for a RF classifier trained in
the base data set did not result in better performance compared to
the algorithm trained on the conventional feature set. In all scenarios
tested, this approach resulted in a reduction in the F1 score compared
to the initial approach described in Section [3.0.1 Therefore, this

approach was not applied to the other data regimes (Table .

3.0.5 Confident learner

The RF-based confident learner trained on the base model with the
permuted feature-set and no relapse detection applied improved the
F1 score from 0.693 to 0.696. However, at the same time the Brier
score was increased from 0.45 to 0.461, suggesting that the model
made less confident predictions. In the case of the maintenance dose,
the F1 score was reduced from 0.778 to 0.770 and the Brier score
increased slightly from 0.351 to 0.357. In the case of the relapse
detection data regime, both models suffered from a reduction in the
F1 score and an increase in the Brier score. This suggests that the
confident learner approach did not improve the overall performance of

the model and, thus, was not applied to other data regimes (Table .

3.0.6 Ordinal predictor

An RF based ordinal predictor was trained and tested for the base
data set with the selected features of permutation that showed a
general reduction in F1 scores and an increase in Brier score, and
was therefore not further developed for the other data regimes. The

results are shown in Table [3l

23



532

533

534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

3.1 Summary and interpretation of results

The experimental results highlight the issue of selecting the ”best”
model, as several metrics had to be considered. To illustrate overall
performance, Figure [3| shows the average performance based on the
test dataset comprising new patients, as well as the test set comprising
patients only at maintenance doses. For the purpose of the initial
model for deployment, a conservative model was chosen. This was
based on performance in the new patients, as these are the most
difficult samples where the highest accuracy is desired. The model with
the highest top-1 score, meaning it achieved the highest percentage
of predictions and the lowest Brier score a metric to describe the
certainty of the model where the lowest value is the best possible.
This model was expected to work best for new patients, but it will
also work well for the prediction of maintenance doses. The selected
model is the base classifier with relapse detection, but without the
removal of suboptimal doses or larger gaps in presentations. The

features were reduced by using permutation, but no calibration was

applied (Table (3)).

3.2 Better understanding the model using SHAP values

Using SHAP (SHapley Additive exPlanations) values allows the con-
tribution of each feature to the final prediction to be quantified using
game theory (39). The average SHAP values for each of the features
included in the final model are shown in Figure The previous
prescribed dose and its derived metrics contribute the most to the
final prediction. This was expected as the dose did not change often

once a maintenance dose has been reached. Other features of rela-
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tive high importance are hormone level related features. This was
also expected, as the prescribed dose by the physician is based on

physiological findings and therefore should be reflected by the model.

3.3 Longitudinal error

The inclusion of the previously prescribed Carbimazole as a feature in
the model poses a theoretical problem for the practical use of such a
model. Due to the reliance on previous doses and the sequential nature
of the prediction task, any prediction error made could carry through
the time in treatment for each patient. This means that an error made
by the predictor could increase over time if a number of incorrect
predictions are made. All metrics reported so far used the clinician-
prescribed previous doses. To assess any accumulation of errors over
time, a second approach was used in which the prediction made at the
previous presentation was used to make subsequent predictions. As
the demonstrated algorithm did not aim to replace all patient-clinician
contacts but instead to reduce workload, it was assumed that the
patient will be seen by a clinician every second presentation, potentially
reducing patient contact by 50%. This middle ground serves as a
safety net, giving the opportunity to identify any difficulties the user
might experience with the new technology, as well as double checking
dosing regimes by an experienced clinician to identify any safety issues.

The longitudinal assessment showed a more realistic performance
over the treatment time of a patient and simulated the final use of
the application by a patient. This cumulative error is referred to as a
‘compound error’, in contrast to the conventional error that uses only

historical dose prescriptions derived from a clinician. Additionally,
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a naive predictor using the previously prescribed dose is shown as
a comparison benchmark. A timeline of the change in Fl-scores is
illustrated in Figure The F1 score of the compared error initially
was lower than the conventional error, but then soon recovered. The
longer a patient was in treatment, the higher the F1 score, which
was an expected pattern due to fewer dose changes once a patient
had reached a maintenance dose. The general comparison is shown in
Table [1, and the accumulation of errors reduced the F1 score by 9.3 %
and 11.3 % for the previously unseen and previously seen patients,
respectively (Figure@. The change in prediction accuracy is visualised
in confusion plots where the compound effect can be assessed for each
prediction class (Figure . These findings give a good estimate of the
final in-use performance of the model; however, errors caused through
the user interaction with such an application cannot be estimated
from this data. The findings also highlight the vulnerability of the
proposed method to a cumulative effect of errors made at previous

presentations.

3.4 The decision making process of clinicians

To compare the algorithm described above with the clinical decision
derived from the available data, a DT was trained on the data with
relapse detection including the last five visits to approximate a data-
derived rule to make predictions. This algorithm performed worse
than the model described in section [3.1] with a F1 score of 0.688
and 0.685 for the new and previously seen patients, respectively, and
a Brier score of 0.437 and 0.418 for the new and previously seen

patients respectively. This revealed the significant trade-off of the
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more interpretable model with more historical data available compared
to the RF based approach. The decision tree showed that higher levels
within the tree are dose-based and hormone levels are considered
lower in the tree. This corresponds to the feature importance of the
RF selected as the final model in this study. This does not represent
a hardset rule on how the decision was derived, but is an indication of
how on average a decision could be made. Naturally, this will depend
on the clinician as well as the presenting patient on how the decision
is made in practice. A similar rule-based decision could be developed
by asking an experienced clinician to describe their decision making
process; however, this is unlikely to be a trivial task, as clinicians
with increasing amount of experience often use intuition or system 1
thinking (40; 41]). This means that in practice neither the decision-
making process of a clinician nor a more advanced machine learning

algorithm can be fully understood.

4 Discussion and conclusion

We have demonstrated a machine learning-based approach to make
automated patient-centered Carbimazole dose predictions for hyper-
thyroidism patients. The results show good predictive performance
with acceptable reduction in accuracy in a simulated longitudinal
use case. This is, to our knowledge, the first example of machine
learning-based Carbimazole dosing. The algorithm developed could
be deployed as an application programming interface to be used by
patients via a mobile phone app. In its current form, the developed
model could reduce patient contacts by 50%; thus, potentially have

a significant positive impact on the workload of endocrine clinicians.
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Through the removal of contact delays, this algorithm will also make
the turnaround times between blood test and a new dose prescription
much shorter. To ensure patient confidence in the method, a hybrid
between face-to-face contact with clinicians and the intermittent use of
the app would be desirable to ensure the safe use of the digital health
app. As this work is a pilot study, it is not ready for deployment in
its current form but is a starting point to continue the development
of the presented approach.

The shortcomings of this study are mainly the limited number of
patients from a single cohort, therefore future work would greatly
benefit from more data collected from other thyroid clinics to establish
a larger and richer dataset. Additionally, the data used in this study
was manually extracted from patient letters, however, if digital records
from an endocrinology clinic were accessible via automated means,
this could significantly speed up data collection and the further devel-
opment of the algorithm. A model-specific drawback of the presented
method is the use of previously predicted carbimazole doses, making
the model susceptible to accumulating errors. This problem could
be avoided by developing an algorithm that does not use previous
doses as input features or if the prediction target is changed to a
physiological outcome that could be used to make a dose prediction
based on the expected response of the patient. Both of these potential
solutions will be investigated in future work as a continuation of this
study.

This study showed that accurate prediction of Carbimazole doses
based on patient-centered data is possible and that such a digital health

solution could cut the number of required patient presentations by

28



e3 half. This would not only have a positive impact on clinician workload,

ss but also result in financial savings for the healthcare providers.
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RMSE F1
Test set Conventional | Compound | Conventional | Compound
new patients 3.862 4.435 0.751 0.681

previously seen | 4 - 4.033 0.741 0.657
patients

Table 1: Effect of longitudingal accumulation of errors
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Figure 1: Comparison of the two patient groups following the date adjustment
depending on whether a patient was previously treated somewhere else (outliers
are not shown). (A) shows the T4 response by number of patient presentation.
(B) shows the TSH response by number of patient presentation. (C) shows the
Carbimazole dose by number of patient presentation.
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Figure 2: Comparison of the physiological response of patients at their initial
presentation and patients when a relapse was observed. (A) shows the T4
response by number of patient presentation. (B) shows the TSH response by
number of patient presentation.
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Figure 3: Comparison of the model performances using the Brier score to assess
the model confidence and the top-1 to measure accuracy. Colours describe data
regimes and marker shapes show the modification applied to the model. The
grey line shows a Pareto front minimising the Brier score and maximising the
top-1 score to highlight any possible candidate models. The model chosen for
final deployment is highlighted with the red circle. (A) shows the the average
values of the previously seen and new patient test set. (B) shows the the average
values of the previously seen test set. (C) shows the the average values of the
new patient test set.
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Figure 4: The average SHAP value for each feature and class. For features
that are time dependent the time point is indicated in brackets, t, t-1 and t-2
indicate the value from the most recent, previous and the one before the previous
presentations respectively compared to the target.
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Figure 5: The F1 score for each of the sequential presentation numbers. (A)
shows patients solely included in the test set, and (B) shows patients whose first
half of presentations were included in the training set.
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Figure 6: The absolute errors in mg score for each of the sequential presentation
numbers and predictions. (A) shows patients solely included in the test set, (B)
shows patients whose first half of presentations were included in the training set.

Algorithm Parameter Values
Logistic regression | penalty none, L2
KNN n 1-20
SGD alpha 0.0001, 0.0005, 0.001, 0.005, 0.01
Extra Trees n - 19_.200
criterion gini, entropy
rr oW
criterion gini, entropy
DT CI‘lffeI‘lOIl gini, entropy
splitter random, best

Table 2: Algorithms used and gridsearch parameters
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Figure 7: The confusion plots and the residual to compare between the con-
ventional and compound prediction and their residuals. A-C show patients
solely included in the test set. (A) shows the conventional error, (B) shows the
compound error, (C) residuals (compound - conventional). D-F show patients
whose first half of presentations were included in the training set. (D) shows
the conventional error, (E) shows the compound error, (F) residuals (compound

- conventional)
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New Seen

Variety Relapse | F1 Brier | ROC | top-1 | F1 Brier | ROC | top-1
base 0.68 0.454 0.929 0.677 0.761 | 0.35 0.96 0.757
X 0.73 0.396 0.944 0.724 0.754 | 0.375 0.955 0.754
Base . 0.693 0.45 0.928 0.692 0.778 | 0.351 0.958 0.773
dataset permutation X 0.751 | 0.38 | 0.945 | 0.748 | 0.74 | 0.377 | 0.951 | 0.739
calibration 0.691 0.471 0.929 0.688 0.766 | 0.348 0.958 0.763
X 0.744 0.383 0.944 0.741 0.744 | 0.393 0.95 0.743
base 0.677 0.457 0.927 0.673 0.766 | 0.35 0.959 0.758
Gap- X 0.719 0.395 0.944 0.714 0.757 | 0.351 0.96 0.757
removal permutation 0.685 0.452 0.923 0.681 0.792 | 0.335 0.956 0.788
dataset X 0.739 0.392 0.944 0.731 0.753 | 0.359 0.957 0.753
calibration 0.676 0.462 0.926 0.673 0.79 0.325 0.955 0.788
X 0.736 0.388 0.943 0.733 0.758 | 0.361 0.955 0.757
base 0.646 0.465 0.925 0.64 0.739 | 0.363 0.955 0.735
Dose- X 0.727 0.397 0.943 0.719 0.76 0.345 0.962 0.762
correction permutation 0.691 0.446 0.929 0.684 0.754 | 0.357 0.954 0.754
dataset X 0.743 0.382 0.945 0.738 0.766 | 0.35 0.956 0.767
calibration 0.677 0.463 0.927 0.674 0.763 | 0.353 0.949 0.762
X 0.729 0.396 0.94 0.726 0.749 | 0.36 0.954 0.749

base 0.657 0.464 0.924 0.652 0.723 | 0.381 0.951 0.72
Polynomial X 0.703 0.424 0.933 0.698 0.727 | 0.387 0.949 0.725
features permutation 0.693 0.447 0.928 0.682 0.776 | 0.333 0.959 0.773
X 0.747 0.384 0.946 0.743 0.743 | 0.376 0.953 0.743

Confident learner 0.696 0.461 0.925 0.695 0.77 0.357 0.955 0.76
X 0.739 0.383 0.941 0.732 0.741 | 0.392 0.943 0.736
Ordinal predictor 0.69 0.45 0.919 0.684 0.699 | 0.409 0.931 0.691

X 0.748 0.389 0.936 0.739 0.752 | 0.374 0.947 0.75

Table 3: Summary of experimental results variety indicates the data variation or
the special predictor, relapse indicates the application of relapse-detection to

the datasets marked as ”X”.

42




	Introduction
	Background
	Cardiovascular medication
	Thyroid medication

	Methods
	Data collection and extraction
	Data processing
	Data quality
	Assessing treatment adherence
	Determination of prescription dose
	Binning of doses

	Feature engineering
	Dose exponents
	Time between presentations
	Thyroid hormone based features
	Overt and subclinical thyroidism
	T3
	Patient exclusion criteria
	Data exclusion
	Imputation
	Manual time adjustments
	Patient grouping
	Relapse detection
	Polynomial features

	Training and testing datasets
	Balancing of training dataset
	Permutation importance
	The data regimes
	Presentation adjustment
	Relapse separation
	Gap removal
	Dose correction

	Algorithm training and evaluation
	Ordinal predictor
	Confident learner

	Results
	Base dataset
	Gap-removal datset
	Dose-correction dataset
	Polynomials
	Confident learner
	Ordinal predictor

	Summary and interpretation of results
	Better understanding the model using SHAP values
	Longitudinal error
	The decision making process of clinicians

	Discussion and conclusion

