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Abstract

Huntington's disease (HD) is a rare neurodegenerative disorder that is inherited in a
dominant manner and caused by a prolonged CAG repeat in the huntingtin protein. It is
characterised by motor, behavioural and cognitive abnormalities. Age-at-onset (AAO) in
HD refers to the time when symptoms rst appear in individuals carrying the CAG repeat
mutation. HD is an incurable condition, which makes the determination of AAO crucial
in identifying factors that may modify it, and in developing and evaluating therapies
aimed at delaying its onset. The HD AAO is signi cantly correlated with the number
of CAG repeats representing the most signi cant factor in estimating the AAO. Current
models for AAO prediction utilise the length of the CAG repeat as the primary predictor
variable. Results range between 47% to 72% of the variance considering the diversity
in HD populations, indicating that there should be more factors in uencing the onset
than just the CAG repeat. Enroll-HD study is a global, longitudinal investigation of
individuals a ected by HD, with over 21,000 participants. It collects uniform clinical
data (baseline and follow-up data) and biological samples from multiple study sites, in
both manifest and premanifest stages of the disease. Although machine learning (ML)
algorithms are powerful tools, they are not frequently utilised in rare disease research,
mainly due to the scarcity of data required for a proper training of such models and
subsequent estimations. In this study, we trained a series of complex ML models using
a highly accurate subset (de ned as patients enrolled as pre-manifest and subsequently
manifesting the disease) from the Enroll-HD dataset, aiming to improve the current
clinical AAO estimation method (known as the Langbehn formula). In addition to the
CAG repeat, a group of extra variables were selected and incorporated into the training
process, mostly related to lifestyle aspects. This project also assessed the e cacy of
the trained models by submitting them to the remaining set of data from Enroll-HD
(patients enrolled already as manifest). Results indicated that ML models outperformed
the current used method. CatBoost ML model obtainedRf of 0.675 compared to
0.534 from Langbehn during test veri cation. In conclusion, the use of ML models in
conjunction with Enroll-HD additional patient information facilitated the generation of
more accurate predictions of HD AAO. Furthermore, the correlation between lifestyle
aspects and di erent HD onsets was demonstrated.
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1 Introduction

1.1 Huntington's Disease (HD)

A rare disease is a medical condition that a ects a small proportion of the population, typi-
cally fewer than 1 in 2,000 people, as de ned by most health organizations [1]. Huntington's
disease (HD) is a rare neurodegenerative disorder, with a prevalence of 4.88 cases per 100,000
inhabitants, with lower rates in Asia and higher rates in Europe, North America, and Australia
[2]. HD is inherited in a dominant manner and it is characterized by uncontrolled movements
(chorea), psychiatric and behavioral problems, and cognitive impairment [3, 4]. HD is caused
by a mutation in the HTT gene, which translates into a mutated huntingtin protein [5]. In-
dividuals with HD typically exhibit a cortico-striatal degeneration of white and gray matter,
resulting in a selective loss of medium spiny neurons in the striatum and pyramidal neurons
in the cortex [6]. The HTT mutation (mHTT) that causes HD involves a segment of DNA
known as a CAG trinucleotide repeat, that occurs several times in a row. Normally, the CAG
allele is repeated 10 to 35 times in a gene. In people with HD, the longest CAG segment is re-
peated 36 to more than 120 times. People with 36 to 39 CAG repeats may or may not develop
the signs and symptoms of HD (reduced penetrance), while people with 40 or more repeats
almost always do (fully penetrance) [7]. The length of the CAG trinucleotide expansion has
a strong inverse relationship with the mean age of clinical onset [8]. When the CAG repeats
are greater than 60, it is de ned as juvenile Huntington's disease, which a ects children and
teenagers.

1.1.1 Onset

Age-at-onset (AAO) in HD refers to the time when symptoms rst appear in individuals carrying
the mutated prolonged CAG repeat. HD is an incurable condition, making the determination
of AAO crucial in identifying factors that may modify it, and in developing and evaluating
therapies aimed at delaying its onset [9]. The Langbehn formula is widely used by clinicians
and HD researchers at the clinic for estimating the AAO [10]. This formula incorporates the
CAG repeat length to estimate the AAO and accounts for between 47% to 72% of the variance
in di erent HD populations. Residual variability in AAO can be attributed to either genetic
and/or environmental factors [11]. These factors are the focus of current research to determine
which speci ¢ environmental or genetic factors may in uence the AAO.

1.2 Enroll-HD Platform

Enroll-HD is a worldwide longitudinal study of HD patients that aims to accelerate the devel-

opment of therapies for HD by collecting uniform clinical data and biological samples to better
understand the natural history of the disease [12]. This study collects baseline and follow-up
data from multiple study sites, in the same way and using the same methods, from tens of
thousands of pre-manifest (when participant is a CAG mutation carrier but has not yet shown
HD symptoms) and manifest (when participant is already showing symptoms of the disease)
patients. Enroll-HD was created by integrating two HD datasets: the Cooperative Huntington



Observational Research Trial (COHORT) in North America and Australia, and REGISTRY,
an observational study of the European Huntington Disease Network (EHDN) [13]. Enroll-HD
also extended research activities in Latin America and Asia. Enroll-HD collects clinical data
from participants through annual visits. The assessments are performed by highly trained clin-
ical personnel. Periodic Dataset Releases (PDS) o er information on Enroll-HD participants
and are shared periodically. Each PDS comprises several les categorized into three groups:
Participant-based (general study-independent information about the participant), Study-based
(speci c information about a participant within a study) and Visit-based (visit-dependent in-
formation for the study).

1.2.1 Data Structure

This project uses the Enroll-HD PDS-5 dataset (extraction date on October 31, 2020), which
includes 21,116 participants. PDS-5 comprises 11 data les that are intrinsically connected
through key variable components (as illustrated in Figure 1).

Participant-based data les contain information about the participant, including pro le in-
formation, pharmacological and non-pharmacological therapies, and comorbid conditions and
surgeries. Study-based data les store speci ¢ details about study patrticipation, including par-
ticipant status, study start and end dates, and whether the participant is enrolled in multiple
studies. Finally, the visit-based data les contain information about the assessments and clinical
data that were collected during each visit. [13]



Figure 1: Diagram depicts the Enroll-HD entity relation, illustrating the relationship
between the data le components and their key variables (primary keys [PK] and foreign
keys [FK]) necessary for combining the data les. Diagram extracted from Enroll-HD
Data Dictionary document [13].

1.2.2 Data Statistics

Enroll-HD PDS-5 documentation shares statistics about participants data [14]. Some of them
characterized with respect to participant category, sociodemographic variables and clinical
characteristics (as demonstrated in Figure 2).

An important variable calleddcat stores the participant category. It can take on the values
'manifest’, ‘pre-manifest’, 'genotype negative', and ‘family control'.

Annual study visits take place during the participant's routine clinical care visit. The baseline
and annual study visits last between 45 minutes and a maximum of 2.5 hours [15]. A total
of 55,975 annual study visits happened for the 21,116 patrticipants over the years. Table 1
displays the distribution of annual study visits per maximum number of participants.



Visits 1 2 3 4 5 6 7 1819
Participants 21116| 14368| 9498| 6079 | 3261| 1284| 321 | 47 | 1

Table 1: Maximum participant counts for a speci ¢ number of Enroll-HD visits.

Figure 2: Figure shows samples of Enroll-HD PDS-5 statistics. Legend contains the pa-
rameter description and its variable data le name in parenthesiga) Participant category
(hdcat) at baseline Enroll-HD visit. (b) Sex (sex).(c) Geographical region (region)d)
ISCED (isced) at baseline Enroll-HD visit. Figure extracted from Enroll-HD Data Sup-
port Document [14].

1.3 Research Objectives

The identi cation and diagnosis of rare diseases can be challenging due to the limited avail-
ability of data and expertise. Despite HD being a rare disease, the Enroll-HD dataset, which
Is su ciently large, has enabled machine learning approaches to be used. Machine learning
(ML) is a sub- eld of Arti cial Intelligence that utilises an algorithm, referred to as a model,

to process and analyse data [16]. The data is used to train the ML model to make decisions
or draw conclusions. After training, predictions can be made based on new data.

The main objective of this research is to improve the estimation of AAO for HD, which currently
relies solely on CAG repeat length. Enroll-HD provides high-quality longitudinal data on HD
patients, making it a valuable resource for ML algorithms.



1.4 Overview

Chapter 2 outlines the methods employed to address the research objectives, with relevant
background information. The results of the experiment are shared in Chapter 3. Chapter 4 dis-
cusses all achievements and ndings, proposes future works and concludes this research.



2 Methods

The major steps in ML for data analysis are as follows: data preparation, which encompasses
data pre-processing, data selection, target de nition and feature selection; algorithms or model
proposition, which includes tasks such as feature scaling, split train/test datasets and method
selection; model training, including hyper-parameter tuning; and results evaluation, with pre-
diction and graph generation. These steps are illustrated in Figure 3 and were followed by this
project. A comprehensive explanation of each step is provided in the subsequent sections.

Figure 3: General method owchart.

2.1 Software and Data Availability

The algorithms coded for this project were built in Python language (version 3.8.10), and used
the processed and integrated HD Dataset called Enroll-HD. The Enroll-HD periodic dataset
PDS5 was used. Access can be requested at Enroll-HD Data Access [17]. The Python Jupyter
notebooks developed for this project can be reached at the cloud-based Git repository, GitHub
[18].

Most of the code was developed using Jupyter Notebooks [19]. Jupyter is a project aimed

at developing open-source software, open standards, and services for interactive computing
across multiple programming languages. A Python library has been developed to support all
the modules used in these notebooks. Table 2 presents the versions of the Python libraries
used. Certain criteria and assumptions were used to guide the coding for this project. This

includes the concept of randomness and the use of speci ¢ evaluation metrics.



Package  Version
keras 2.13.1
matplotlib  3.7.3
numpy 1.22.4
pandas 1.5.3
scipy 1.7.3
seaborn 0.13.0
sklearn 1.3.2
tensorow 2.13.1

Table 2: List of Python libraries used into this project.

2.1.1 Randomness

The use of a xed seed assists ML developers in achieving deterministic test execution and
relieves them of the burden of dealing with randomness. However, it is unclear whether this is
always the optimal approach or if there are alternative methods to address akiness (when a
test passes and fails non-deterministically for the same version of code) [20].

Although useful, this research acknowledges that obtaining an improved estimation of AAO
cannot rely solely on xed parameters. The use of xed seeds was limited to certain scenarios,
while experiment evaluations and results were based on the average values of multiple execu-
tions using random seeds. To ensure reproducibility of the results, a list of the seeds used was
provided in the Jupyter notebooks.

2.1.2 Evaluation Metrics

The Mean Absolute Error (MAE) was the primary evaluation metric used to assess the accuracy
of the forecasting model [21]. MAE is a statistical measure that calculates the average mag-
nitude of the errors between predicted and actual values in the units of the response variable
[22]. In this case, the response variable is years. When predicting the target, MAE accumulates
absolute errors, so a lower measurement is preferred. The formula for MAE is:

ivi %

The coe cient of determination, also called R-Squar&®¥), was used as a second evaluation
metric. This metric was rst introduced in 1921 [23]. In regressitvhis a statistical measure

of how well the regression line ts the data. It represents the proportion of the dependent
variable's variation that can be predicted by the independent variable(s). The coe cient of
determination typically ranges from 0 to 1, with 1 indicating the best performance. Therefore,
a higher measurement is desiraité.can be expressed by the formula:
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During the training process, a third metric called Root-mean-square error (RMSE) was in-
cluded. RMSE is a widely used measure for evaluating prediction quality [22]. It represents the
standard deviation of the residuals, which are prediction errors. Residuals indicate the distance
of data points from the regression line, while RMSE measures the spread of these residuals. In
essence, it indicates the concentration of data around the line of best t. RMSE formula can
be represented as below:

2.2 Data Preparation

By combining all Enroll-HD data les, it is possible to evaluate almost 200 variables per
participant. For the purpose of using ML algorithms to analyse this data, it is essential that all
variables are available for all observed participants. Unfortunately, this is not always the case,
with PDS-5 having an estimated 47.15% of values being missing [24]. This can be explained
by di erent factors, such as errors, inconsistencies, variables not being applicable to specic
patients, or simply missing data. Thus, PDS-5 dataset required a pre-processing step prior to
utilising ML algorithms.

2.2.1 Data Pre-Processing

To prepare the data for analysis by ML algorithms, various manipulation techniques were used.
The BioSemantics team [25] at Leiden University Medical Center (LUMC) has been working
with the Enroll-HD PDS-5 dataset for years. A pre-processing work ow was developed to
manage this data. The work ow merges data legrfroll, 'registry, 'adhoc, 'pro le’ and
‘participationl), Iters the necessary data for analysis, corrects inconsistent data, imputes
missing values, and outputs the result. The work ow is represented in Figure 4.

Figure 4: Flowchart representation of the work ow created by LUMC BioSemantics for
the pre-processing of Enroll-HD dataset.



A valuable step in this work ow is the data aggregation that occurs when the results are output.
The data aggregation reduces the number of features either by creating score variables based
on assessments or by combining redundant information into fewer variables. To illustrate, rather
than maintaining two distinct variables, nametyomagesk(age when mother manifested HD)

and dadagesx(age when father manifested HD), a single variable, designptedritagesx

(either mother or father manifested HD), is employed to store the relevant information. In
the event that both parents are aicted with the disease, the variaplréntagesxstores

the AAO of the father. Another illustrative example is the creation of a variable to store
whether the participant engages in drug abuse. A single new variable, mand, is used

to aggregate the abuse of di erent listed drugs, such as cocaine, marijuana, heroin, club drugs,
amphetamines, Ritalin, hallucinogens, inhalants, opium, painkillers, barbiturates, tranquilizers,
and others. Dealing with many variables can be complicated for any ML algorithm, so reducing
the number of features used is extremely helpful for analysis.

The work ow also handles the transformation of string variables into numerical ones. After
manipulating the variables, it may provide a name adjustment. Variables su xed vigia *
indicate that they have been transformed, while those su xed witmpFill' indicate an
imputed lled feature. It is possible for variables to have both su xes.

2.2.2 Data Selection (cohort)

Focusing on making AAO prediction, some lters were applied during the pre-processing stage
(section 2.2.1). This research focused on adult patients AAO estimation, so juvenile HD cases
were removed from the dataset. Cases where the participant was not an HD genetic carrier
were also removed.

The Enroll-HD patient dataset comprises participants who were enrolled both before and after
exhibiting symptoms of HD. The patient's category at the time of enrollment is stored in the
'hdcat 0' variable, while their current category is stored in 'hdtah value of 2 indicates 'pre-
manifest' (gene mutation carriers that do not exhibit any symptoms) and a value of 3 indicates
'manifest’ (enroll-HD participants that exhibit symptoms of HD). To ensure greater precision
and accuracy in determining the age at onset of HD, only those patients who were enrolled as
pre-manifest and demonstrated symptoms during yearly visits (reclassi ed as 'manifest’) were
included in our analysis. Using a more selective cohort for training and validation purposes
would increase the reliability of the ML model in determining the AAO. Patients enrolled as
manifest were selected for ML model testing purposes. Figure 5 illustrates the step-by-step
Itering process that was used to determine the cohort. Enroll-HD is a longitudinal dataset
and may contain multiple registers for the same patient. To ensure objectivity and avoid bias,
this project has selected only one entry per patient, speci cally the rst row when the patient
became manifest.



Figure 5: Cohort selection.

The length of the CAG extension is one of the best variables available for grouping and analysing
patient characteristics. The graph in Figure 6 correlates the patients, either enrolled as pre-
manifest or manifest, with the CAG extension length. Due to its limited scale visualization,
a second graph, represented in Figure 7, illustrates only the curve of patients enrolled as

pre-manifest (in blue). These graphs allow for the visualisation of the similarity between all
curves.

Figure 6: Graph shows the distribution of patients based on their CAG length extension.
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Figure 7: Graph is an ampli cation of the patients enrolled as pre-manifest and later
diagnosed with HD.

2.2.3 Target De nition

HD typically causes a range of movement, cognitive, and psychiatric disorders, each with
its own set of signs and symptoms. Enroll-HD provides information of each possible on-
set, which is grouped into motorc¢mtrage), cognitive (‘cccogag§, and behavioural cat-
egories. The behavioural category has distinct onsets for aggressive behaciwmlva@h,

apathy (‘ccaptag®, depression €cdepag®, irritability (' ccirbagé), perseverative obsessive
behaviour cpobag§, and psychosis ¢cpsyagd. The diagnosis of HD can be made based

on any of these three di erent groups. The HD onset (in years) is then recorded as a variable
called hddiagn. The variable hddiagn covered all possible onset scenarios and was therefore
selected as the target for training the prediction algorithms for this project. To Il in any miss-
ing values for this variable, the cohort selection algorithm used the following content in order
of priority: ‘ccmtrage (motor onset), Sxrater (rater's estimate of symptom onset)sxfam

(age when symptoms were rst noted by family) asgsubj (age when symptoms were rst
noted by participant).

2.2.4 Feature Selection

Feature selection is the process of reducing input variables in a model by using only relevant
data and eliminating noise [22, 26]. It programmatically selects relevant features for an ML
model based on the problem being solved. Reducing input variables is desirable to both decrease
computational costs and improve model performance [27]. Statistical-based feature selection
methods assess the relationship between each input variable and the target variable. The input
variables with the strongest relationship to the target variable are selected.
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Prior to the feature selection process, a preliminary selection of variables from the Enroll-HD
dataset was conducted. The objective was to minimize the potential for introducing noise and
bias into the model [28]. The model was designed to accommodate a heterogeneous patient
population, with the capacity to predict the onset of HD in those who are closer to being diag-
nosed with the disease, or even many years before it. The information extracted from Enroll-HD
to train the model is the rst entry that registers when the patient is manifesting the symp-
toms of HD. Consequently, all variables related to the assessment visits were removed. This
was mainly because the assessment information measured when the participant is diagnosed
with HD is already compromised (thereby introducing a degree of bias into the model). The
pre-selection was performed by lItering information related to participants (labeled as 'patient
pro le"), which includes data such as sex, race, weight, and lifestyle factors (labeled as 'lifestyle
aspect’), which includes variables such as ca eine use and drug abuse. The variables listed to
be analyzed by the feature selection process are presented in Table 3.

Variable Category Description

caghigh patient prole Research larger CAG allele determined from DNA

caglow patient prole Research smaller CAG allele determined from DNA

sex patient prole Gender

race patient pro le  Ethnicity

region patient prole Continent

maristat patient prole Marital Status

isced patient prole ISCED education level

parenthd patient prole Father or mother a ected

parentagesx patient prole Age at onset of symptoms in father or mother

emplnrsn patient prole Reason (if not employed)

height patient prole Height

weight patient prole Weight

handed patient prole Handedness

res patient prole Residence

jobclas lifestyle aspect Employment status

hxtobab lifestyle aspect Has the participant ever smoked

hxtobcpd lifestyle aspect Cigarettes per day

hxtobyos lifestyle aspect Years of Smoking

hxalcab lifestyle aspect Has the participant had alcohol problems in the past

alcunits lifestyle aspect Alcohol usage: Units per week

nmdgr lifestyle aspect Drug abuse

nmdgr lifestyle aspect Drug abuse frequency

cafab lifestyle aspect Current ca eine use

cafpd lifestyle aspect Does participant drink more than 3 cups of co ee,
tea and cola drinks combined per day?

Table 3. Pre-selected Enroll-HD variables used to feed the feature selection algorithm.

The names may su er adjustments according to the pre-processing manipulation.
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The algorithm for feature selection was composed using three feature selection techniques, all
of which shared the same set of input data for training and testing. The data was randomly
split by the usage oftrain_test split' python library module (available in Scikit Learn [29]),

with 80% of the cohort dataset selected for training and 20% for validation. The approach
employed to identify the variables to be utilised at the nal feature selection stage involved
the execution of multiple runs, with the addition of a single feature at a time. The model's
performance was then evaluated as the feature set was incrementally increased.

2.2.4.1 SelectKBest - This feature selection technique is available in Scikit Learn Python
library [30]. The feature selection on this method is performed by evaluating the relationship
between each feature and the target variable. Statistical tests such as the chi-squared test,
ANOVA F-test, or mutual information score are used by this method to score and rank the fea-
tures based on their relationship with the output variable [31]. The K features with the highest
scores are then selected to be included in the nal feature subset. The higher the score, the
more relevant the feature is considered. The SelectKBest object is instantiated with a scoring
function that selects the feature selection method. For this project, fthegressionscor-

ing function was chosen. This function performs univariate linear regression tests and returns
F-statistic and p-values [32].

2.2.4.2 Mutual Information - Information Gain (IG) calculates the reduction in en-
tropy or surprise resulting from transforming a dataset. It is a measure used in decision trees
to determine the relevance of a feature and de ne the basic criteria for splitting a node
[33]. IG can also be used for feature selection, by evaluating the gain of each variable in the
context of the target variable. The Python libramyutualinfo_regressionfrom Scikit Learn

[34], estimates mutual information for a continuous target variable using the principle of IG.
It relies on non-parametric methods based on entropy estimation from k-nearest neighbors
distances.

2.2.4.3 Lasso - This is a linear model from Scikit Learn [35] that estimates sparse co-
e cients. This method can be bene cial as it tends to prefer solutions with fewer non-zero
coe cients. If two features are linearly correlated, their joint presence will increase the value
of the cost function. Therefore, Lasso regression will attempt to reduce the coe cient of the
less signi cant feature to O to select the best features [22].

2.3 Proposed Models

In order to select an appropriate model for training purposes, it is necessary to undertake a
series of preparatory steps on the data. Firstly, the features must be rescaled. Next, the cohort
must be divided into training and validation datasets.

13



2.3.1 Feature Scaling

Datasets frequently contain various types of data, with multiple dimensions. In Enroll-HD,
features may have a broad range of values, including years, boolean variables, and categorical
values (where the values simply represent a di erent classi cation). Using the original scale
may give more weight to variables with a larger range. To address this issue, it is necessary
to apply feature scaling to the independent variables. This project used standardization, also
known as "Z-score normalization”, as a feature scaling technique. Standardization rescales the
values of each feature in the data to ensure that the mean and standard deviation are 0 and
1, respectively [22]. The standardization process was applied before the training process. The
Scikit Learn library'sStandardScalef36] method was utilised. The standardization equation

IS shown below:

(o= X X _ X mean(x)
- ~ standard deviation(x)

2.3.2 Training and Validation datasets

Training data, also known as a training dataset, is the initial set of data used to train ML
models. ML algorithms are trained using these datasets to enable them to make predictions.
The validation dataset is a subset of the cohort dataset used to evaluate the trained model.
Both the training and validation datasets must be diverse, representative, and unbiased. To
adhere to these assumptions, we used the python library modrden est split’), which
prepared the training and validation datasets, for both feature and model selection. This
module was also used during the training process. As a new or random seed was employed, a
new set of test and training datasets was generated as a consequence.

2.3.3 Model Selection

This project evaluated two di erent model approaches on how to predict the HD AAO. One
approach was based on the called classic ML models, as referenced in ref. [37]. The other
approach was based on neural network algorithms. As neural networks represent a specic
type of ML method, which will be explained in more details below, for the purposes of this
discussion, ML models will be used to refer to those non-neural network models.

2.3.3.1 ML Models - Multiple ML models were tested, suchlasearRegressipiRRan-
domForest MLP, CatBoostingand XGBoost which were also evaluated by Ouwerkerk J. et
al. (2023) [24]. Furthermore, additional models were included into this list, SUEKkti@S ree
AdaBoostingand Bagging The models were submitted to multiple executions using their
default parameters and the cohort dataset. A nal and de nitive evaluation was conducted
utilising the three most e cacious ML models, in conjunction with the a neural network model.
The models underwent into a minor hyper-parameter adjustment during the nal evaluation.
The results can be veri ed at section 3.2.
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2.3.3.2 Neural Networks - Neural network (NN) is a type of ML algorithm that form

the basis of deep learning (DL) models. NNs consist of layers of decision-making nodes,
including an input layer, multiple decision-making layers, and an output layer [16, 22]. Each
node is an arti cial neuron that makes a computational decision based on its weight and
threshold [22]. Although our cohort was relatively small for NNs, we decided to train a NN
model and compare the results with the ML models. This project utilised a Feedforward Neural
Network (FNN) model. FNNs were the rst type of arti cial neural network invented. Its
architecture consists of three types of interconnected layers of neurons: the input layer, hidden
layers, and the output layer [38]. The interconnection between layers is achieved through
weights. Each neuron in one layer is connected to every neuron in the next layer, making this
a fully connected network. The information moves in only one direction|forward|from the
input nodes, through the hidden nodes, and to the output nodes [22], as illustrated in Figure
8. The TensorFlow/Keras [39] Python library was used to support this model.

Figure 8: Typical FNN architecture.

2.4 Training the Models

In addition to the FNN model, the most e ective ML model was selected for the training
procedure. During the training execution, both models were optimised by adjusting their hyper-
parameters.

2.4.1 Hyper-parameters Tuning

Hyper-parameters are con guration variables used in ML to control the learning process. They
are set before the model training process begins, and adjusted as the results are veri ed. The
objective of hyper-parameter tuning is to identify the values that result in optimal performance
for a given task. Models may have numerous hyper-parameters, and determining the optimal
combination of parameters can be approached as a search problem [40]. GridSearchCV is a
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method from the Scikit Learn library that was used to search for the best set of parameters.
This approach ts the model using all possible combinations after creating a grid of potential
hyper-parameter values [41]. In this project, we used this method to tune the hyper-parameters
of CatBoost. A comparable methodology was employed to optimise the parameters of the
FeedForward Neural Network. However, in this instance, a distinct code (accessible via GitHub)
was developed to enhance control and visibility over the validation process. Multiple runs were
executed until a nal set of parameters was determined.

2.4.1.1 CatBoost hyper-parameters - The tuning process for CatBoost involved ma-
nipulation of various parameters. The nal con guration is presented in Table 4. All remaining
parameters were set to their default values.

Parameter Description Value
Depth Depth of the trees 3
Iterations The maximum number of trees that can be built 1000
Learning Rate Used for reducing the gradient step 0.01
L2 Leaf Reg Coe cient at the L2 regularization term of the cost 1

function
Seed random state Used to make the behavior of the model deterministic random

Table 4: CatBoost parameter tuning details.

2.4.1.2 FeedForward Neural Network hyper-parameters - The FNN architec-

ture was designed with a single node on the output layer and two hidden layers in the inter-
mediate structure. The nal approach and its set parameters are listed in Table 5. Remaining
parameters were set to their default values.
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Parameter Description Value
Input Layer Total neurons on input layer 128
Hidden Layers Total neurons on rst hidden layer 256
Hidden Layers Total neurons on second hidden layer 128
Output Layers Total neurons on output layer 1
Kernel Initializer Initializer for the kernel weights matrix normal
Optimizer Optimizer algorithm adam
Learning Rate Step size taken by the optimizer during each iteration 0.005
Epsilon A small constant for numerical stability. This epsilon  0.001
is "epsilon hat" by Kingma and Ba [42]
Activation Function Calculates the output of the node RelLU
Batch Size Number of samples per gradient update 125
Epochs Number of times the entire training dataset is passed 10
through the model
Seed Used to make the behavior of the initializer random
deterministic
Loss function Compute the quantity that a model should seek to MAE
minimize

Table 5: FNN Architecture and parameter details.

2.4.2 Training Execution

The models were trained in two distinct ranges. The rst range, designated the penetrant
range, encompassed patients exhibiting a CAG repeats extension between 40 and 60. The
second range, encompassing the full spectrum of patients, included those with a CAG repeats
ranging between 35 and 60.

The data was standardized during the training process. Once the model was trained, the
target and estimated values were returned to their original scale, so the evaluation could be
more realistic, being measured in years. Although the target information is presented as an
integer variable in years, the estimated output has not been rounded, in order to allow for
a more precise evaluation of models performance. For each execution range, 500 runs were
performed using a random seed and the selected cohort. The parameters used were obtained
from the hyper-parameter tuning step. A list of the seeds used was exported for reproducibility
purposes. The performance of each run was measured using the mean absolute error (MAE),
the root-mean-square error (RMSE) and the coe cient of determinatRf) ( For the purpose

of comparison and easier comprehension, the MAE and RMSE values were converted back to
their original scale once the dataset was standardized. This allows for the error margin to be
read in years.

The nal evaluation is based on the average of all runs. After each run, the model's e ciency

was evaluated by examining the test set estimation. This project used the term average to
indicate the arithmetic and statistic mean calculated over the values, once all values were
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used and no outliers observed. To establish a baseline for the experience and compare the
performance with a well-used estimation method, we applied the Langbehn formula to the test
dataset.

The combination of hyper-parameters tuning and execution processes is demonstrated in Figure
9.

Figure 9: Figure illustrates dataset distribution for the hyper-parameter tuning and exe-
cution processes.
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3 Results

This chapter presents the outcomes of the various processes implemented throughout the
project. It is divided into four sections: the rst section covers the selection of features; the
second section shows the model selection; the third section presents the AAO estimations
results; and the nal section presents additional experiments and correlation analysis.

3.1 Selected Features

The feature selection algorithms evaluated and ranked the relative importance of the input
variables (as previously listed in Table 3). It was found tbaghigh had the highest impact

on the target variable, as expected. Other variables, sucpaasntagesxalso demonstrated

signi cant impact. It is not coincidental that these two variables are proposed in the Ranen

formula [49]. Table 6 demonstrates the percentage of importance of the 10 most relevant vari-
ables analyzed throughout the di erent feature selection methods, summing between 79.57%
(Lasso) to 98.47% (Select KBest). Figure 10 demonstrates the level of importance and how
it accumulates over the analyzed features.

Variable Select KBest Mutual Information Lasso
caghigh 54.46 38.44 31.58
parentagesximpFill 29.39 21.49 17.91
maristat_ lled _impFill 6.72 7.67 6.63
emplnrsn_lled _impFill 2.41 8.58 6.69
hxtobyos impFill 1.97 8.77 7.22
jobclas. lled _impkFill 1.24 4.68 0.00
region.impFill 0.68 1.23 5.52
alcunits_ lled _impkFill 0.66 1.30 1.94
nmdrg_ lled _impFill 0.50 1.14 0.00
cafah_ lled _impFill 0.44 0.16 2.08

| Total Accumulated 98.47 93.46 79.57

Table 6: Percentage of importance from di erent variables analyzed by feature selection
methods.
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Figure 10:On top : Feature selection results comparing the three methods. SelectKBest
provided the sort criteria used at this graph, from the most relevant to the less on@n
bottom : Graphs illustrate the cumulative importance obtained by each feature selection
method over feature analyses.

The feature selection process (section 2.2.4) tested a prediction evaluation by adding one
feature at a time, and submitting them into a training and performance veri cation. The

estimation response increased as more features were added, until the quality of the model
began to degrade. At this point, the process ranked the variables for use in the training phase.
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We evaluated multiple combinations of feature sets composed of the main relevant features,
such ascaghigh 'parentagesxmpFill', " hxtobyosimpFill', *emplnrsnlled .impFill', " maris-
tat_lled _impkFill', 'regionimpFill', 'nmdrgfrq lled .impFill' and 'hxtobah lled _impFill'. The
performance achieved among these di erent feature sets did not demonstrate signi cant dif-
ference. Figure 11 illustrates how the error detected in estimating the AAO and how it di ers
slightly between di erent feature sets. Following the evaluation of the model's performance,
the set of features selected for training the models weaghigh 'parentagesxmpkFill',
"hxtobyosimpFill', "emplnrsnlled .impFill', *maristat lled _impFill', ' regionimpFill' and 'nm-

drgfrq. lled _impFill'.

Figure 11:On top : Feedforward neural network and CatBoost ML model performance
evaluated over error margin (MAE), when each variable is added to the feature set being
trained. On bottom : Di erent features sets (from 1 to 4) training evaluation after mul-
tiple runs on CatBoost model.
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3.2 Selected Models

The model selection process was conducted in two stages. In the initial stage, the models were

evaluated using their default parameters and a xed seed, over the penetrant range cohort.
Table 7 shows the results.

Model MAE RMSE R?
Gradient Boosting 5.091941 6.534478 0.645500
Random Forest 5.221921 6.759470 0.621520
CatBoost 5.277280 6.768308 0.620086
Linear Regression  5.339975 6.821404 0.615203
Extra Tree 5.345446 6.877290 0.607164
Linear SVM 5.418970 6.882807 0.607589
FNN 5.526948 7.067763 0.585985
XGBoost 5.572010 7.181605 0.572636
Ada Boosting 5.616858 7.072828 0.584721
Bagging 5.691004 7.311850 0.557478
Langbehn 5.907501 7.833137 0.490806
MLP 7.058624 8.960238 0.3343583
KNN 7.213200 8.959386 0.334674

Table 7: Model Selection.

The nal stage of the model selection process involved the evaluation of the three most
e ective ML models. These were Gradient Boosting, Random Forest and CatBoost. Given the
di erences on methodologies employed, we have elected to include Ada Boosting and FNN
models in this nal round of evaluation. In order to ensure a better performance of the models,

a hyper-parameter tuning process has been implemented. Figures 12 and 13 display the results
from multiple runs using random seeds.
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