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ABSTRACT

Age of onset of Huntington’s disease is currently being predicted
by using the CAG trinucleotide expansion as the main predictor,
but it does not explain the entire variability of the phenotype. The
present study explores the potential of machine learning algorithms
trained with a broader set of genetic data to improve the modeling
of this remaining unexplained variance. The data used are single
nucleotide polymorphism genotypes from the Enroll-HD dataset.
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1 INTRODUCTION

Huntington’s disease (HD) is a hereditary neurodegenerative dis-
ease whose first symptoms can appear at different points of a life-
time. Importantly, the age of disease onset correlates strongly with
the length of the mutation related to the disease, a CAG trinu-
cleotide expansion in the hungtingtin gene (HTT) [3, 4]. Genetic
testing and clinical prediction for age of onset (AO) both rely on
the length of this expansion. Nevertheless, this is not a perfect
predictor, as the standard deviation of AO at a specific CAG repeat
length is quite large, specially for short expansions (Fig. 1).
Expansion length accounts for 40-70% of the variability of AO,
while the remaining variance shows a high degree of heritability
[8, 11]. Large genetic studies have been done during the last two
decades and are still ongoing in the search for genetic modifiers of
AO, genes or genetic elements involved in the process of disease
onset either by accelerating or delaying the emergence of motor
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symptoms. Amongst the proposed modifiers are FAN1, MLH]I, and
MSH3 [7, 10].
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Figure 1: Inverse correlation of age of onset and CAG repeat
length observed in the Enroll-HD data used in this project.

Phenotype prediction in HD is not only interesting from a clini-
cal point of view for life planning addressed to mutation carriers.
It can also provide valuable insight of the disease mechanisms that
generate such phenotype, and apply this knowledge into the design
of clinical trials, where the effect of putative modifiers of HD patho-
genesis needs to be controlled for the effect of genetic background
[5]. Knowing more about disease onset mechanisms can also reveal
possible targets for treatment that could delay onset of symptoms
[4], as we still lack treatments to prevent, delay or cure the disease.

Here, we present an exploratory analysis using machine learning
(ML) techniques to test whether ML models are able to find signifi-
cant genetic factors contributing to a higher degree of explainability
for AO variability beyond the number of CAG repeats.

2 METHODS

2.1 Data preprocessing

The data used for this analysis comes from Enroll-HD, a worldwide
observational study aimed towards the development of therapeu-
tics for HD. The dataset contains whole-genome single nucleotide
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polymorphisms (SNPs) genotypes of 9064 patients, their CAG trin-
ucleotide expansion length in number of CAG triplet repeats, and
their AO.

Training algorithms with all available data would require an
unfeasible amount of computing power. Hence, various filtering
steps were taken (Fig. 2). First, a list of biological processes related
to HD was assembled after a thorough literature review [13, 10, 9,
1,5, 12, 4, 7], contained in Table 1. The genes related to each gene
ontology (GO) term corresponding to the selected processes form
the set of core genes of the analysis.
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Figure 2: Data preprocessing flow chart.

A look-up table was retrieved from Ensembl’s Biomart relating
each SNP to the corresponding gene through its genomic coordi-
nates. We then used this table to filter the original dataset, keeping
only those SNPs corresponding to the core genes set. The filtering
was done directly after generating VCF (Variant Call Format) files
with Plink2 using the raw Enroll-HD data. We also established a
minimum alternative variant prevalence, discarding those SNPs in
which more than 99% of the samples have the reference variant,
as such SNPs would contribute minimally to the models. The re-
sulting number of SNPs was 339,801. The data was numerically
encoded following the standard correspondence (0: homozygous
for reference variant, 1: a reference and an alternative variant, 2:
both alternative variants). The final feature matric used is described
in Table 2.

2.2 ML models

Given the high dimensionality of the data, we tested both regular-
ized linear and non-linear methods. In particular, we considered
Lasso and Elastic Net for the former class, and Random Forest
and XGBoost for the latter. For XGBoost we considered the two
approximated solutions (approximation and histogram) for faster
computation. These models were benchmarked against an ordinary
least-squares (OLS) with only sex and CAG as features, used as the
baseline. In all cases both CAG and AO vectors where scaled, down
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to 0-1 with a MinMax scaler in the CAG case, and using a standard
scaler in the case of AO.

Model training and evaluation was performed with Python,
all models except XGBoost (which has its own package, XGBoost
Python Package) were implemented using Sklearn. Importantly, all
used functions accept the feature matrix loaded as a sparse matrix,
which allows for faster computations while not requiring as much
computational power.

Data was split into training and testing sets using the Sklearn’s
function train_test_split from the module model_selection with
a fixed random state number to ensure the samples used in each
set were the same across models. The testing set size was set to the
30% of the total number of samples.

Hyperparameter tuning was performed with a grid search with 5
fold cross-validation using Sklearn’s function GridSearch from the
model_selection module, over the training sets, using the default R?
scoring as the metric to evaluate the trained model on the validating
set in each fold. The final used hyperparameters in each model are
presented in Table 3.

The performance of the models was first checked with the per-
centage of deviance explained by the predictions of the training
samples to ensure the model was not overfitting. The testing set of
samples was used to evaluate the model both graphically and numer-
ically. Three different metrics were computed using the Sklearn mod-
ule metrics: the coefficient of determination R?, the mean squared
error (MSE) and the mean absolute error (MAE). Graphically, we
plotted the predictions over the actual values, alongside the residu-
als over the predictions. This graphical representation of predictions
gives information about whether the error in predictions is bigger
along a specific range of ages or it is homogeneous across all ages.

Results regarding which features contribute the most in each
model where represented following the Manhattan plot format. For
the Lasso and Elastic Net models, the feature importance was as-
sessed through their coefficients values. For the rest of the methods,
the Gini index was used for Random Forest, and the feature gain
for the two XGBoost approaches. Features representing SNPs were
related back to what gene and GO term they corresponded in order
to extract biological conclusions from the models.

3 RESULTS

3.1 Prediction Accuracy

The metrics from each resulting model are shown in Table 4, were
the baseline is also included for easier comparison. The best results
in terms of metric values were obtained with XGBoost (with the
histogram tree method), improving by 3.4% the baseline R%. The ap-
proximate tree method is almost as good, while also taking less time
to train (with a 5 fold cross-validation, the histogram method took
13.7 min and the approximate method took 8.3 min). Random Forest
Regressor also achieved good results with a similar R? score, but it
took 28 minutes to train, making it the slowest model. The linear
approaches (Lasso and Elastic Net) did not improve the prediction
with respect to the baseline.

Comparing the plots produced to graphically study the predic-
tions we also see interesting differences between the two methods.
Fig. 3 shows the predictions of the testing set of the best performing
model of each method. Predictions of the least squares methods



Exploring machine learning approaches for phenotype prediction of Huntington’s disease

KDD ’24, August 25-29, 2024, Barcelona, Spain

Table 1: Included GO terms as core genes.

Process GO term Related Genes
Mismatch repair GO0:0006298 FANI1, MLH1, MSH3, MLH3
Synaptic transmission, Glutamatergic GO:0035249 GRIK2, GRIN2A, GRIN2B
Omega peptidase activity GO:0008242

Cysteine-type endopeptidase activity GO:0004197

Proteasome-mediated ubiquitin-dependent protein catabolic process GO:0043161

Ubiquitin binding GO0:0043130

Ubiquitin protein ligase binding GO0:0031625

Protein deubiquitination GO0:0016579 UCHL1

Transcription regulator activity GO:0140110 TCERG1, TP53

Neuron apoptotic process GO0:0051402 DFFB, MAP3K5, MAP2K6
Lipoprotein metabolic process GO:0042157 APOE

Axonal transport GO0:0098930 HAPI

Folic acid metabolic process GO:0046655 MTHFR

Energy reserve metabolic process GO:0006112 PPARGCI1A

Table 2: Feature matrix description.

Table 4: Model metrics and number of features used as re-
gressors in each model, including the baseline OLS.

Statistic Value

NP features 339886

Ne samples 9064

Distribution of labels
Male/Female 4417/4647
CAG repeat length  40-55, mean 44, std. 3.06
AO 5-83, mean 45.54, std. 11.58

Model R? MAE  MSE Nre features
OLS 0.5572  0.5124  0.4462 2
Lasso 0.5478 0.5188  0.4556 867
Elastic Net 0.5395  0.5247 0.464 1164
Random Forest 0.5856  0.4886  0.4175 884
XGBoost (hist) 0.5908 0.4844 0.4123 33
XGBoost (approx)  0.5847  0.4904 0.4184 34

Table 3: Hyperparameter values chosen by GridSearch.

Model Parameter  Value
alpha 0.01
Lasso max_iter 1000
alpha 0.01
Elastic Net 11_ratio 0.9
max_iter 10000
ccp_alpha 0.001
Random Forest max_depth 6
n_estimators 30
reg_alpha 0.5
XGBoost (approx) max_depth 3
n_estimators 10
reg_alpha 0.1
XGBoost (hist) max_depth 2
n_estimators 20

have non symmetric residuals, underestimating AO at older ages
and over estimating AO at younger ages. Tree based methods, on
the contrary, have a more homogeneous distribution of residuals,
although they fail to predict the youngest AOs.

3.2 Feature Importance

We further inspected the trained models by looking at feature im-
portance. As expected, all models use CAG as the most important
regressor, but the regressors that follow differ between models. In-
terestingly, sex was not used in any model as a regressor, showing
that AO variability was not found to be sex dependant. Through-
out all models we can see SNPs which are used repeatedly, mainly
rs144287831 (MLH1) and rs61997076 (FANI), both known HD modi-
fiers [2, 6]. Note that although the metrics of the linear methods did
not point to a good regressor, the models acknowledge the effect of
SNPs from experimentally tested HD modifiers. The advantage of
the linear methods is that their explainability also shows if a cer-
tain feature delays or hastens disease onset, an information given
by the sign of the feature’s coefficient. MYTIL and CDYL2 SNPs
usage is also consistent between XGBoost models, and the highest
contributing SNPs in the linear models also overlap strongly.

To provide further biological interpretability we can do GO anal-
ysis, which results in a list of GO terms of the genes of all the SNPs
used in each model alongside the background proportions of the
original input feature matrix. Fig. 4 represents this information
through a segmented bar chart. Lasso, Elastic Net, and Random
Forest models, with approximately a thousand features each, closely
resemble the largest background proportions. In contrast, the XG-
Boost methods exhibit GO term proportions that deviate more from
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Figure 3: Actual vs. predicted outcomes with all trained mod-
els, including the baseline OLS.

the background and vary between them. Across all models, over 40%
of the SNPs used as regressors belong to GO:0140110 (transcription
regulator activity), followed by terms related to protein degradation
and ubiquitin. The enrichment analysis (done with a Fisher’s test)
shows the best performing XGBoost model has three significantly
enriched terms: GO:0006298 (mismatch repair), GO:0046655 (folic
acid metabolism) and the Extra genes group. This last group is en-
riched by all models, primarily due to multiple FANI SNPs. The
term of transcription regulation is only significantly enriched in
Lasso, Elastic Net and Approx XGBoost.

4 DISCUSSION

Findings about SNP contribution to the models should not be inter-
preted as being genomic positions directly related to the phenotype.
We could be viewing a SNP in the same linkage disequilibrium block
as the effect causing polymorphism. These blocks are loci (positions
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Figure 4: GO terms proportions of the features used in each
model plus the background proportions.

in the genome) which are non-randomly associated. These loci most
probably fall inside the same gene, so the gene conclusions we can
extract from this analysis do hold biological significance.

All models were able to find positive controls which have been
previously described as HD modifiers such as FANI and MLH1, but
we only improved the baseline predictions with tree-based methods.
This leads to the conclusion that the relationship between genetic
information and AO is probably non-linear, as the models that per-
form best are the ones which can model non-linear relations, while
the regularized linear relations failed in finding new information in
the provided features to better explain AO variability. This directs
the future research path following this project towards algorithms
which can capture better this non-linearity. This, combined with the
fact that HD modifiers are suspected to work at a protein interac-
tion level [12], points towards a very promising continuation of this
study by working with Graph Neural Networks, representing the
core genes in a graph relating them through their protein-protein
interactions, and encoding in each node the SNPs of each gene.

CODE AVAILABILITY

All code generated to produce the presented results is uploaded in
the Github repository ML-HD (URL: https://github.com/cfuses/ML-
HD.git). The original data is not available, so the data preprocessing
scripts cannot be tested. To test the ML scripts and reproduce similar
results, a toy example of 70k SNPs and 900 samples is available in the
repository. This toy example was build by taking the SNPs of a set
of literature-based HD modifiers candidates (MLH1, MLH3, GRIK2,
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GRINZ2A, GRINZB, UCHL1, APOE, ASK1, MAP3K5, PPARGC1A) and
the SNPs of the HTT gene, and randomly picking the rest to sum
up to 70k.
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