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Abstract
Geometric Semantic Genetic Programming (GSGP) is a novel approach in artificial intelligence
that has shown superior performance over traditional methods across various domains. The study
explores the capabilities of GSGP within the demanding field of Parkinson’s disease (PD) diagno-
sis. This prevalent neurodegenerative disorder poses substantial diagnostics challenges due to the
tedious diagnosis process, and its complex symptomatology. The project contributes to PD diag-
nostics by leveraging the Unified Parkinson’s Disease Rating Scale (UPDRS), a recognized standard
for assessing PD’s severity. The report summarizes relevant literature and details the project spec-
ification, and the experimental design and implementation. It discusses the comparative analysis
of GSGP against the standard genetic programming (STGP) and 5 other machine learning models
across different data feature sets. The study evaluates GSGP’s prediction accuracy, computational
efficiency, and stability. It compares these attributes within used models and past applications.
Results suggest that GSGP surpasses STGP and outperforms many of the conventional machine
learning methods. Despite its promising performance, the study identifies significant potential for
further enhancements. Particularly, in terms of hyperparameter settings and extensions in the
GSGP technique. The study demonstrates GSGP’s use in complex medical domains and con-
tributes to the broader understanding of its potential within such fields. It advocates for continued
exploration to fully harness GSGP’s capabilities.

I certify that all material in this dissertation which is not my own work has been identified.
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1 Introduction and Motivation

Genetic Programming (GP) was introduced by John R. Koza in 1994. It is a computational technique
inspired by Darwinian evolution [1]. Initially, GP focused on the syntactic structure of the programs
(solutions), which overlooked the true semantic meaning of the solutions. This approach was inefficient,
leading to semantically identical solutions being regarded as the same due to their syntax.

The development of Geometric Semantic Genetic Programming (GSGP), introduced by A. Moraglio
in 2012 [2], marked a significant leap in genetics. It differs from traditional GP by focusing directly
on the semantic space of the programs. Moreover, GSGP makes use of the geometric semantic op-
erators (GSOs) that guarantee a unimodal error surface. This eliminates local optima, enabling a
more effective search across the solution space. The use of GSGP in this project is motivated by its
superior performance. GSGP has been shown to systematically outperform many traditional meth-
ods, including the standard GP, in a variety of domains, including challenging biomedical applications
[3, 4, 5, 6, 7]. The novel GSGP method has seen a lot of applications; however, there exists a damaging
mismatch between the problems used to test the GP’s performance and the real-world applications
that the researchers aim to use the GPs for [8]. Genetic programs are also highly flexible with a range
of hyperparameters, making the experimental comparisons difficult. Therefore, the selected problem
domain should be in demand for AI automation and describe a real-world application. For this project,
I have decided to use GSGP to automate the diagnosis of Parkinson’s disease.

As one of the most common neurodegenerative conditions, Parkinson’s disease (PD) has seen its
incidence escalate among the elderly, more than doubling from 2.5 to 6.1 million over three decades
[9]. Early and accurate diagnosis is crucial for better treatment and management of the disease. Yet,
diagnosing PD accurately remains a challenge with misdiagnosis rates of approximately 20% [10]. Most
traditional diagnosis methods are also tedious and require the attendance of patients (e.g., survey
completion) and skilled healthcare professionals. In this context, the automation of PD diagnosis
presents substantial benefits by minimising human error and automating the tedious process. Using
the power of GSGP to interpret complex datasets, in a range of data modalities, with high precision,
there is an opportunity to revolutionize PD detection and monitoring.

The project will use the Parkinson’s disease rating scale to automate the diagnosis. The Unified
Parkinson’s Disease Rating Scale (UPDRS) is a widely known gold standard for the monitoring and
diagnosis of Parkinson’s patients, providing a comprehensive framework for assessing the severity of
PD symptoms [11]. Through experimentation and comparative analysis, the project will highlight the
unique advantages of GSGP. It will compare the performance of GSGP with the traditional standard
Genetic Programming (STGP) and five machine learning base learners. The project also aims to
compare the results to past works, to highlight the contributions of this work.

2 Summary of the Literature Review and Project Specification

2.1 Overview

This section will encompass the theoretical foundations of Genetic Programming (GP) and its evolu-
tion towards GSGP, highlighting its applications within the biomedical sphere. It also addresses the
integration of various Artificial Intelligence (AI) methodologies in tackling Parkinson’s disease diagno-
sis. Finally, the section outlines a detailed description of the project’s objectives, success criteria, and
scope.

2.2 Genetic Programming

Genetic Programming (GP), a method inspired by the Darwinian principle of biological evolution,
is commonly applied to solve complex machine learning problems. Early works by John R. Koza
demonstrated GP’s capacity to address multifaceted problems across the AI realm [1]. Despite its
potential, traditional standard GP (STGP) approaches have been limited by their syntax-focused
search. This overlooks the semantic essence of problems. Early semantic methods have attempted to

1



bridge this gap by enhancing phenotypic diversity and employing semantically driven operators, albeit
the focus was limited, as none had a direct semantic implementation [12, 13, 14, 15, 16].

2.3 Geometric Semantic Genetic Programming

Geometric Semantic Genetic Programming (GSGP) introduces a direct semantic search approach. The
geometric semantic operators (GSOs) of GSGP enable a more efficient exploration of the solution space
by constructing a unimodal fitness landscape [2]. In the context of Parkinson’s disease (PD) diagnosis,
GSGP has shown considerable promise. It outperforms traditional methods in many data modalities,
including vocal characteristics, movement metrics, handwriting analyses, and other biomarkers [3, 17,
4, 5, 18, 19, 20, 21]. A good portion of the works included vocal measurements, often using the
Unified Parkinson’s Disease Rating Scale (UPDRS) as a standard assessment tool [3, 18, 21]. These
applications highlight GSGP’s capability in handling complex, multi-dimensional datasets.

Despite its success, challenges persist, including managing the complexity and computational de-
mands of the GSGP models. GSGP has seen several extensions [6, 7, 19, 22, 23] and integrations
[18, 21] (e.g., ensemble systems) that have shown improved performance over the standard GSGP.
These include a GSGP-LS (with local search), and GSGP-HYBRID (a mix of both methods) intro-
duced by M. Castelli [6]. Similarly, methods such as EGSGP [18] and S-GP [21] that combine the
capabilities of GSGP with other machine learning techniques. Although limited, the newer GSGP
software has also been developed, making it easier to experiment with the novel technique. These in-
clude an earlier framework developed back in 2014 [24], and a more refurbished (and computationally
efficient) GSGP-C++ 2.0 [25] that will be used by this project.

2.4 AI and Parkinson’s disease

AI’s role in PD diagnosis has evolved noticeably over the last decades, with machine learning [26, 27,
28, 29, 30], deep learning [31, 32], and GP [33, 3, 17, 4, 34] playing significant roles. These technologies
have improved the accuracy and efficiency of the diagnosis process, utilizing mostly non-invasive data
such as voice recordings [3, 18, 21], handwriting [26, 28, 35], and movement patterns [26, 36]. There
also exist many projects that focus on collecting such sensitive data [37, 38, 39, 28, 40]. However,
the implementation of these advancements into clinical practice remains limited, highlighting a gap
between theoretical and practical spheres.

2.5 Project Specification

Project Objectives

The primary objective of this project is to explore and analyse the capabilities of the novel Geometric
Semantic Genetic Programming (GSGP), also taking a step towards the automation of Parkinson’s
disease diagnosis. Such a problem domain is an opportunity to test GSGP’s performance on a real-
world application. The project aims to do so by comparing it to the traditional STGP and five machine
learning base learners (MLBLs). These base learners will be multiple linear regression (MLR), kernel
ridge regression (KRR), radial basis function (RBF), support vector regression (SVR), and multi-layer
perceptron (MLP). Apart from the comparative analysis of GSGP, STGP, and the five MLBLs, the
project discusses the results in terms of past findings. Such a comparison will describe the current
state of GSGP compared to state

-of-the-art machine learning techniques. The work aims to outline the potential future applications,
extensions, and integrations (e.g., ensemble techniques) of the GSGP technique.

Success Criteria and Project Requirements

The success criteria of this project can be judged based on the functional and non-functional re-
quirements of this project. Table 1 and Table 2 provide a refurbished set of requirements that were
previously set in the literature review project.
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ID Functional Requirements

1
Collection and loading of the Parkinson’s dataset [37], along
with a C++ script to re-format the data into an interpretable
style for the models.

2 Selecting a set of independent data features that will be used
to predict the motor and total UPDRS scores.

3 Selecting a C++ software and/or a library for the GSGP
and the MLBLs.

4
Writing a traditional STGP implementation in C++, that
fits the capabilities of a standard GP described by John R.
Koza [1].

5
Proper experimental setup of the models, including prelimi-
nary parameter tuning runs, application of the k-fold cross-
validation, and deciding on the format to store all results.

6
Working prediction models of the GSGP, STGP, and the
MLBLs that can predict the severity of Parkinson’s disease
based on the UPDRS score, across validation folds.

7
A Python script that can interpret the results, and provide
various graphs, plots, tables, and other visualization tech-
niques.

Table 1: List of functional requirements

ID Non-Functional Requirements

8 A comparative analysis of the GSGP, STGP, and the five
MLBLs presented with a range of visualisation techniques.

9 A comparative analysis between obtained results and past
GSGP applications.

10
A well-documented measure of the GSGP’s performance,
that can contribute to the further applications, extensions,
and integration of this technique.

Table 2: List of non-functional requirements

Project Scope

The project will focus on the diagnosis of Parkinson’s disease only through the Unified Parkinson’s
Disease Rating Scale (UPDRS) scores. The experiments will include the GSGP, STGP, and five
MLBLs. The comparative analysis will focus on the GSGP, and use the other models to compare and
analyse the capabilities of GSGP. In terms of data modality, the project will use the dataset collected
from voice recordings [37]. The project will only make use of the GSGP-C++ 2.0 [25] as a GSGP
software. It will not incorporate the existing GSGP variations as this would go beyond the scope of
this project. The project will also include the implementations and experimental setup for the STGP
and MLBLs. To properly set up and run the experiments, methods such as data extraction, data
analysis, experimental validation runs, visualization scripts will be incorporated into this project.

3 Design

3.1 Overview

This section will first outline the software and libraries used in the development and experimentation. It
will then discuss the dataset and the design choices behind data collection and processing steps. Finally,
it addresses the experimental design decisions. The experimental design will outline the objectives and
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hypotheses, the experimental setup, selected data features, performance metrics (MAE), and plans for
experimental result presentation.

3.2 About Technology Used

Programming Language

The programming language was selected to be C++. The use of C++ includes data preprocessing,
development of models, and experimentation. The motive behind this choice is that the GSGP soft-
ware (central to the objective of this project) is currently only available in C++. Thus, using the
same programming language for all models ensures a fair comparison in terms of training time and
performance. Moreover, C++, known for its high performance, is appropriate for performance-relying
prediction projects. It also offers a wide range of libraries for standard GP and other machine learning
methodologies. To extract the experiment results and prepare the visual representations, the project
will use Python. In particular, the libraries of Pandas[41], Numpy[42], Matplotlib[43], and Seaborn[44]
will be used. This choice is motivated by the ease of use of the language, its wide range of data analysis
tools (e.g., Pandas and Numpy) and visualization libraries (e.g., Matplotlib and Seaborn).

GSGP Software Choice

In order to experiment with the GSGP technique, the project will make use of the GSGP-C++ 2.0 soft-
ware [25]. It is specifically engineered for a GSGP model within a C++ environment. The framework’s
approach to genetic operators is crafted to ensure scalability. This is an important factor for the po-
tential of GSGP in future applications within the biomedical sector. Its additional features include its
ability to process extensive datasets and a capacity to preserve and repurpose optimal solutions across
successive applications (through individuals.txt). Overall, the framework was designed with adapt-
ability, practicality, scalability, and computational demands in mind. It serves as a robust foundation
for this project, supporting the rigorous analysis for UPDRS prediction in Parkinson’s disease.

About STGP Implementation

The Standard Genetic Programming (STGP) was implemented from scratch in C++. This decision was
driven by the necessity to ensure a fair and direct comparison with the GSGP software. Most available
GP libraries in C++ did not align with the project’s requirements. Libraries typically found in the
community were too extensive. Such libraries are powerful but also introduce unnecessary overhead to
the study. A custom implementation allowed precise control over GP functionalities and the integration
needed for this comparative study. This approach provides consistency in the experimental setup and
insights into fundamental differences between STGP and GSGP.

MLBLs Library Choice

To implement and manage the machine learning base learners (MLBLs), the DLIB library [45] of C++
was chosen. This versatile library can adapt to a wide range of MLBLs. DLIB stands out for its
robust performance, extensive documentation, active community, and a range of methods outside of
ML models (data preprocessing, model training, and validation). Such factors make it a useful choice,
allowing more focus on the experimentation and not the technicalities surrounding it. The problem
presented in this project is shaped as a regression task, hence the use of a library focused on this
area. In this project, the choice of base learners (MLR, KRR, RBF, SVR, MLP) aimed to provide
a set of heterogeneous algorithms, offering a broad spectrum of approaches for comparison. Such
selections help showcase the capabilities of GSGP compared to a range of traditional machine learning
approaches.
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3.3 Data Collection and Preprocessing

Considered Data Sources

The project focused on the dataset presented by A. Tsanas [37]. This dataset contains recordings
of speech signals from Parkinson’s disease patients, gathered through a non-invasive telemonitoring
system. The recordings captured sustained vowel phonations that patients self-administered remotely.
The dataset is of significant volume (around 6000 recordings from 42 patients), with 22 data features,
making it particularly robust for model training. The recordings were captured using a consistent,
controlled method that ensures high quality and reliability. It also contains the UPDRS scores (total
UPDRS and motor UPDRS) of the patients along with their voice data, aligning with the goals of this
project.

Collected Data Type

The collected data was in numerical form. Each record includes identifiers, demographic details (age,
sex), time of test, UPDRS scores (motor and total), and various other voice feature metrics (Jitter,
Shimmer, NHR, HNR, RPDE, DFA, PPE) [37]. Note that the details behind these features are
discussed in the next section.

Figure 1: Box plot of dataset distribution of motor and total UPDRS values.

Figure 1 represents the distribution of scores of total-UPDRS and motor-UPDRS, the key indicators
of the UPDRS score in this dataset. Both of the interquartile ranges (IQR) are relatively compact,
suggesting less variability of total and motor scores. The ranges are not very wide, indicating the scores
are relatively clustered. Overall, the plot tells us the dataset covers a broad spectrum of Parkinson’s
patients, with most patients in the middle stage of the disease.

Figure 2: Box plots of dataset distribution of various independent features.

Figure 2 provides a visual summary of the distribution of various independent variables to be
used for predictions. In the first box plot (left to right), NHR has a tight IQR with many outliers
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indicating significant variability. While the RPDE, PPE, and DFA have a moderate range with fewer
outliers. The Shimmer (amplitude variations in voice) variations demonstrate narrow IQRs but with
a spread of outliers, representing occasional extreme variations. Similarly, Jitter (voice frequency
variation) variations exhibit tight IQRs but again with outliers. Overall, the box plots indicate there
are consistent patterns within the data, although with some outliers.

Key Pre-processing Steps

The main preprocessing step was to prepare the data to be used by the models. This involved a
custom C++ code (load_data.h and load_data.cpp). The process includes mapping the dataset into
structured data types (DataPoint), ensuring there are no missing values, and the standardization of
numerical fields like UPDRS scores and voice metrics to ensure consistency across models. The file
contains a write_datapoint function that takes in the loaded data structure (DataPoint), a list of data
features to be used in the experimentation, and writes them into the target text files (e.g., train.txt,
test.txt). The formatted text files are then used for training and testing of STGP, GSGP, and MLBL
models, ensuring seamless integration.

Facilitating Data Access for Models

The whole dataset is stored in the data.txt file that can then be accessed by the STGP and all of
DLIB’s base learner algorithms. Figure 3 is an example of a short snippet from such a formatted text
file. The first two rows contain the metadata; the number of independent variables and the number of
total data rows respectively. These are followed by rows of data; a number of independent variables
followed by the target value (e.g., total UPDRS score), all separated by empty space. The GSGP
follows a similar approach, except the software used requires the training and testing data to be stored
separately (train.txt and test.txt respectively).

Figure 3: Example section from the data.txt file.

3.4 Experimental Design

Objectives and Hypotheses

The aim of this project is to explore the limitations of the novel GSGP approach, how it compares
to alternative methodologies, and how it can contribute to automation in Parkinson’s diagnosis. The
experiments are approached with the following hypothesis: "GSGP will outperform STGP and most
MLBLs in predicting both total UPDRS and motor UPDRS scores".

Selected Data Features

The experiments focus on predicting the UPDRS score of Parkinson’s patients. Therefore, the pre-
liminary features for analysis are motor-UPDRS and total-UPDRS. Here, the total-UPDRS represents
the clinician’s total UPDRS score for all sections, while the motor-UPDRS represents the score from
motor evaluation only (both linearly interpolated) [37]. They are strong indicators for diagnosis and
monitoring. Given the abundance of features (22) in the dataset, a comprehensive set of features
was employed. The selected independent features were grouped into two sets. The first set (smaller)
consists of jitter (reflecting frequency variation), shimmer (amplitude variation),

NHR (noise-to-harmonic ratio), HNR (harmonic-to-noise ratio), RPDE (recurrence period density
entropy), DFA (detrended fluctuation analysis), and PPE (pitch period entropy). The second set
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contains all of the data features relevant to UPDRS prediction (it excludes the subject id, sex, test
time, and the UPDRS scores). Table 3 describes all of the selected data features (highlighting the
target features) to be used in experimentation and their value type.

Table 3: Description and nature of data features used in experimentation.

Data Feature Description Value Type

Motor-UPDRS Clinician’s motor UPDRS score, linearly interpolated Continuous
Total-UPDRS Clinician’s total UPDRS score, linearly interpolated Continuous
Age Age of the participant Continuous
Jitter(%) Percentage of jitter in voice measurements Continuous
Jitter(Abs) Absolute jitter in voice measurements Continuous
Jitter:RAP Relative amplitude perturbation Continuous
Jitter:PPQ5 Five-point period perturbation quotient Continuous
Jitter:DDP Difference of differences of periods Continuous
Shimmer Shimmer in voice measurements Continuous
Shimmer(dB) Shimmer in decibels Continuous
Shimmer:APQ3 Three-point amplitude perturbation quotient Continuous
Shimmer:APQ5 Five-point amplitude perturbation quotient Continuous
Shimmer:APQ11 Eleven-point amplitude perturbation quotient Continuous
Shimmer:DDA Difference of differences of amplitudes Continuous
NHR Noise-to-harmonic ratio Continuous
HNR Harmonic-to-noise ratio Continuous
RPDE Recurrence period density entropy Continuous
DFA Detrended fluctuation analysis Continuous
PPE Pitch period entropy Continuous

Overall, the models were trained using four data groups (total-set1, total-set2, motor-set1,
motor-set2), that is, the two sets of independent features applied to predict the two target features
(total-UPDRS, motor-UPDRS). The alignment with past experimentation [3, 18, 21], and the prelim-
inary analysis to highlight the influence of features were the key factors in feature selection.

The Performance Metrics

To measure and compare the accuracy of models, the project will utilize the Mean Absolute Error
(MAE). MAE measures the average magnitude of errors using a set of predictions. Mathematically,
it is calculated as the average absolute differences between the predicted values and the actual values
[46].

MAE =
1

n

n∑
i=1

|yi − ŷi|

The above formula represents the mathematical definition of MAE. Here, n is the number of sam-
ples, yi is the actual value, and ŷi is the predicted value. MAE provides a straightforward interpretation
in terms of the average error per prediction. It is not sensitive to outliers, unlike Mean Squared Error
(MSE) (as it does not square the errors before averaging). Using MAE, the errors and outliers in the
used Parkinson’s dataset won’t be used to heavily penalize the model’s performance. The MAE’s error
measure is independent of the scale of the dataset, allowing for a direct comparison between various
data sets. Finally, the GSGP software (GSGP-C++ 2.0) [25] also uses MAE as the only performance
metric.

Experimental Result Presentation

The experimentation can be organized into the following sections: preliminary runs, quantitative re-
sults, and visualizations. All of the final data will be stored in the Experiment-Results folder. Quan-
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titative results consist of the performance and training time scores of all models. The visualizations
will consist of tables (average scores), line graphs (error trends across generations), bar charts (average
performance), box plots (distribution of metrics across folds), and performance profile curves (how
models achieve the best performance across data sets).

4 Development and Implementation

4.1 Overview

This section will discuss the key implementation details of the GSGP, STGP and the 5 MLBLs. It
contains short instructions on running the experiments using these models. Finally, it outlines the
important notes for experimental reproducibility.

4.2 Implementation of the GSGP

As mentioned in design decisions, the GSGP was set up using existing software (GSGP-C++ 2.0)
[25]. Several extensions were implemented to adapt this software to experimentation setup. Table 4
represents the general contents of the GSGP project folder:

Table 4: Contents of the GSGP implementation directory.

File/Directory Name Description

GP.h Header file for GSGP definitions
GP.cc Main source file for GSGP
GP Compiled object file for GSGP
run_gsgp_folds.sh Bash script for running GSGP with cross-validation
configuration.ini Configuration settings for GSGP runs
results Directory containing output results
get-average-mae Script to calculate average MAE
cross-val Script to prepare the test and train sets
test1.txt - test5.txt Test datasets
train1.txt - train5.txt Training datasets
data.txt Full dataset
individuals.txt Records of GSGP individuals
trace.txt Log file for tracing execution details

This library has support for setting up configurations (configuration.ini). It also contains some
of the GSGP-C++ 2.0 related files such as; individuals.txt and trace.txt. Here the GP files refer
to the used GSGP-C++ 2.0 software. The project aimed to minimise changes made to this software.
However, a small change had to be made so that the software can be run in validation folds. This
includes adding an extra command-line argument. The Figure 4 presents the only changes made to
the software.

1 else if (strncmp(argv[i], "-current_fold", 13) == 0) {
2 current_fold = atoi(argv [++i]); // Convert string to integer.
3 }

1 sprintf(fitness_train_file , "fitnesstrain%d.txt", current_fold);
2 sprintf(fitness_test_file , "fitnesstest%d.txt", current_fold);
3 sprintf(execution_time_file , "execution_time%d.txt", current_fold);

Figure 4: Changes made to the GSGP software.

With these modifications; the software is able to store its results with the appropriate validation
fold that the experimentation run belongs to. To prepare the data for validation folds the users should
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utilize the “cross-val” script. This short C++ script reads the data.txt, and re-writes it in chunk of
folds into test1.txt-testk.txt and train1.txt-traink.txt for testing and training of the GSGP.
The user should present properly formatted data.txt file, this file should be the same for all models
(GSGP, STGP, and the MLBLs). The structure of this file is discussed in-depth in the design section.

The run_gsgp_folds.sh bash script is then used to run the software for the given amount of folds
and store the results across all folds in the results folder. Note that this script requires the availability
of data.txt. Figure 5 depicts the bash script achieves this using the GSGP software.

./GP -train_file "$train_file" -test_file "$test_file" -current_fold "$fold"
↪→ -results_folder "$results_folder"

Figure 5: Instructions for running the GP program

To run the experimentation using the run_gsgp_folds.sh script, following command line can be
run:

$ ./ run_gsgp_folds.sh 5 results

This will run the GSGP software for 5 folds based on the data.txt file contents, and store the
results in results.txt. Finaly the get-average-mae is another script (C++) that can be used to get
a quick summary of the performance (average MAE values) across all folds. Simply run:

$ ./get -average -mae 5

Here the value “5” represets the number of folds to average. This will print out the best performer
(from all generations) in each fold, and also the average MAE of all folds. Users shold refer to the
README.md for more detailed instructions on how to run the GSGP experiments.

4.3 Implementation of the STGP

The Standard Genetic Programming (STGP) was implemented from scratch in C++. This includes
the implementation of the algorithm itself, functions to load data and configurations, and to run
(across validation folds) and store the experimentation. In the context of this project, the STGP.h and
STGP.cpp files represent the implementation of the STGP algorithm. The Node structure representing
a node in the genetic programming tree is central to the work process of this algorithm. The Figure 6
depicts the implementation of this structure (located in STGP.h):

1 /** ------ represents a node in the genetic programming tree ------ **/
2 enum NodeType { OPERATOR , VARIABLE , CONSTANT };
3 struct Node {
4 NodeType type; // node type
5 int value; // either +, -, *, /, index of variable or constant value.
6 Node* left; // left child
7 Node* right; // right child
8

9 Node(NodeType type , int value) : type(type), value(value), left(nullptr), right(
nullptr) {};

10

11 ~Node() { // recursive deletion process
12 delete left;
13 delete right;
14 }
15 Node(const Node& other) = delete; // Prevent copying
16 Node& operator =(const Node& other) = delete; // Prevent assignment
17 };

Figure 6: Implementation of the Node structure of the STGP.

The type field specifies the type of the node, which is critical for determining the node’s operation
within the tree (either an operator, a variable or a constant). The integer value field holds the actual
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data for the node. Depending on NodeType this can be an operator, an index of the variable or
a constant. The pointers represent the child nodes of each node, in this case representing a binary
tree structure. These pointers connect nodes in the tree, forming complex expressions (in this case
a solution function to the regression problem). The constructor initializes the type and value, while
the desctructor recursively deletes all child nodes to ensure the memory is properly freed. Finally, the
copy and assignment operators are explicitly deleted to prevent accidental copying of the tree structure.
This could lead to issues like double frees or unintended data duplication. Hence, we enforce that each
node and its children are unique within the tree. Figure 7 displays some of the important functions of
the STGP implementation:

1 /** ------ main STGP functions ------ **/
2 void run_stgp (const std:: string& filename);
3 std::vector <Node*> train_stgp(const std::vector <std::vector <double >>&, const std::

vector <double >&, int);
4 std::vector <Node*> initializePopulation(int , int , int);
5 void crossover(Node*, Node*, int);
6 void mutate(Node*, const int&);

Figure 7: Some important functions of the STGP implementation.

The run_stgp is used to run the experimentation across validation folds. It takes in the file path of
the data.txt that will be used to train and test the model. The train_stgp is a more specific function
that runs a training fold, across the given samples and target values. This function returns the final
population (a list of Node structures). The remaining functions; initalizePopulation, crossover, mutate
represent some of the key steps in genetic programming. Finally, to run the experimentation the user
can use the following command:

$ ./main

The results of the run will be stored in the results_stgp folder.

4.4 Implementation of the Machine Learning Base Learners

The implementation makes use of the C++ DLIB library. The implementation of the 5 machine
learning base learners are contained in the MLBL.h and MLBL.cpp files. The Figure 8 depicts the
function definitions of all base learners:

1 /** ------ machine learning base learner train/test functions ------ **/
2 int run_baseline_mlr(const std:: string& data_file , double); // multi -linear

regression
3 int run_svm(const std:: string &data_file , double , double); // support vector

regression using svr_trainer
4 int run_ridge(const std:: string &data_file , double , double); // ridge regression

using krr_trainer
5 int run_rbf(const std:: string &data_file , double , double); // radial basis function

network using krr_trainer
6 int run_mlp(const std:: string &data_file , double , double); // multi -layer perceptron

regression using mlp

Figure 8: Function definitions of all base learners.

The project makes use of various regression algorithms of the DLIB library. These include;
krr_trainer (MLR, KRR, RBF), svr_trainer (SVR), mlp (MLP). All of the above base learner
functions take in the data.txt (which is then separated into test and train folds), and their respec-
tive configuration values (loaded from configuration_MLBL.ini). The MLBL.h files also implements the
k-fold cross validation for the MLBLs. The Figure 9 displays the function definition of cross validation:
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1 template <typename TrainerType >
2 void kfold_cross_val(TrainerType& trainer ,
3 const std::vector <sample_type >& samples ,
4 const std::vector <double >& targets ,
5 const int k, const std:: string &message);

Figure 9: Function definition for the k-fold cross validation implementation.

This is a flexible function that can be used to for many base learners. It takes in a general trainer
parameter, the samples, targets and the number of validation folds (k). Finally, an optional “message”
parameter can be passed in to display the base learner name and score to command-line. To run the
MLBL experimentation the user should use the following command:

$ ./main 1

The results of the experimentation run will be stored in the results_mlbl folder. For more detailed
instructions refer to the README.md.

4.5 Additional Notes - Reproducibility

Below are important points to address, tailored for experiments of the STGP, GSGP, and MLBLs.
All of the development took place in CLION of JetBrains. The experimental runs took place in the
Linux environment (x86_64). The C++ version 11, and the GCC compiler version 4.8.5 were used
for development and experimentation. The DLIB library version 19.24 was integrated, and the Cmake
version 3.8 was used to link the library. Finally, the Python version 3.12 was used for visualization
plots. It is important to take a look at the README.md file for a more in-depth explanation.

5 Testing

5.1 Overview

Testing is crucial for demonstrating the rigor and validity of this project’s experimental approach. This
section will focus on methodologies and considerations that were taken to ensure the reliability and
accuracy of the experiments. It will outline the tests carried out to set up the configuration settings,
the validation steps to verify the experimental results, and the ethical and legal considerations.

5.2 Experimental Setup Verification

The experimentation will be carried out among the GSGP, STGP, and the five machine learning
base learners (MLR, KRR, RBF, SVR, MLP). For benchmarking, the STGP model was selected as
a baseline model. STGP is relevant as a precursor to the more advanced GSGP. The configuration
and parameters of the MLBL models were mostly selected using preliminary experimentation runs. A
range of parameters (of all five MLBLs) were run across validation folds.
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Figure 10: Results of some of the preliminary runs for MLP (learning rate, number of neurons in first layer) and SVR
(gamma, epsilon) models.

Figure 10 displays examples of such preliminary experimentation runs. In this case, one represents
the performance (MAE) of the MLP model across a range of learning rates and a different number
of neurons. Similarly, the example represents the performance of the SVR model across a range of
gamma and epsilon (epsilon insensitivity) values. As for the STGP and GSGP parameters, they were
mostly selected based on past works [3, 1, 18]. This was done to ensure consistency across research
in this area. The final configurations (see Appendix A) values were stored in configuration.ini (for
GSGP), configuration_STGP.ini (for STGP), and configuration_MLBL.ini (for MLBLs).

5.3 Experimental Validation

Cross-validation is a statistical method used to estimate the skill of models [47]. It manages overfit-
ting, ensuring the model’s performance is not overly optimistic when tested on unseen data. This is
particularly important in medical applications, where the reliability of diagnosis has a direct impact
on patient care and treatment. Hence, the experiments make use of k-fold cross-validation. All exper-
iments consist of five folds. This value was selected as a general standard but can be changed from
configurations if necessary.

5.4 Ethical and Legal Considerations

The ethical collection and handling of patient data (confidentiality, consent, data security) are foremost,
to maintain trust in the sensitive clinical data. The dataset used, Intel Corporation’s At-Home Testing
Device (AHTD), addresses data privacy under regulations like HIPAA and GDPR [37]. It uses data
anonymization methods to ensure individual recordings can’t be traced back to specific patients. The
use of encrypted transmission implies a focus on securing data during collection and transmission.
The dataset also gives patients written informed consent for their participation. Another ethical
implication lies in the potential biases of used algorithms (e.g., biased dataset due to unequal access
to socio-economic factors). Such biases are learned by algorithms, leading to biased predictions. The
“black-box” nature of many advanced algorithms (e.g., GSGP) makes it challenging to understand the
decisions of these models. Subsequently, identifying and correcting biases also becomes challenging.
Similarly, false positives (overdiagnosis) and false negatives (missed diagnoses) are another concern.
With a life-changing disease like Parkinson’s, false positives raise unnecessary stress and anxiety for
patients. Perhaps even more dangerous, the false negatives, can lead to delayed treatment.

The methods of addressing such concerns include using diverse and representative datasets, efforts
to improve the explainability of used models, and rigorous validation. While true clinical integration
is beyond the scope of this project, it is important to approach this topic with caution, for the project
to offer a meaningful outcome. Hence, the dataset choice [37], experimental validation (k-fold cross-
validation), and code documentation were important considerations in this project.
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6 Project Results and Evaluation

6.1 Overview

This section presents a comprehensive analysis and discussion of the experimental outcomes de-
rived from 7 models (MLR, SVR, KRR, RBF, MLP, GSGP, and STGP) applied across 4 data sets
(motor-set1, motor-set2, total-set1, total-set2). The analysis includes a comparison between the
selected models and earlier works in this area. All the data presented was collected and processed from
the Experiment-Results folder, with the help of the developed Python script chart-maker.py.

6.2 Comparison Between Models

Averaged Results Across All Data Sets

This subsection presents the aggregated performance metric; Mean Absolute Error (MAE) across all
models and datasets. Overall, the models performed consistently across data sets. The MLBL models
and the GSGP were consistent in performing on a similar level, without a statistical difference in
prediction accuracy. The STGP lagged behind the models across all experimented data sets. All
models show significant room for improvement.

Table 5: Average MAE results in all 7 models across 4 data sets.

Model Motor Set 1 Motor Set 2 Total Set 1 Total Set 2

MLR 7.61 7.26 9.40 9.11
SVR 7.31 7.18 9.30 9.36
KRR 7.53 8.14 9.36 10.45
RBF 7.53 8.14 9.36 10.45
MLP 7.31 7.42 10.38 10.39
GSGP 7.75 7.78 11.76 10.53
STGP 10.09 8.22 10.57 15.37

Table 5 depicts the comparison of the average MAE (mean absolute error) values of 7 models
across all 4 data sets. The MAE values are the averaged number across 5-fold cross-validation. The
cross-validation ensured a fair judgement of the models. There is a clear trend that all models perform
better in predicting motor UPDRS compared to total UPDRS (in both data sets). The motor UPDRS
might be capturing more direct, measurable aspects of Parkinson’s disease. Total UPDRS could be
influenced by a wider variety of factors, leading to increased complexity in its predictions.

Figure 11: Bar chart and performance profile line graph representations of averaged results across all data sets.

Figure 11 is a bar chart and a performance profile line graph representation of model performances.
It represents the average MAE value, in this case averaged across all data sets. This demonstrates
average model performance across all available training data. Here high peaks indicate high errors,
while low bars denote better performance. There was not much difference in performance, except for
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the STGP that handled the predictions less effectively. In the performance profile line graph, the
overlapping lines demonstrate the similarity in performance. This might imply the choice of model
could be based more on considerations like computational efficiency.

Average Training Time Across All Data Sets

This subsection discusses the computational efficiency across all models, highlighting the trade-off
between model performance and training time. This is critical in the context of this project, in the
medical sphere of Parkinson’s disease detection. Note that here the execution refers to the training
time of models at a particular data set. It does not include the data preparation, or the time taken to
make predictions.

Table 6: Average training time (in milliseconds) in 7 models across 4 data sets.

Model Motor Set 1 Motor Set 2 Total Set 1 Total Set 2

MLR 336.6 544.6 374.2 499
SVR 8459.2 5281.8 13160 10190.6
KRR 1835.8 47143.6 1848.8 47447.8
RBF 1842.8 48083.6 1833.4 48725
MLP 77.2 134 78.8 137.8
GSGP 590.587 718.7248 584.6136 722.9644
STGP 193926.8 160823.4 166833.4 174699.2

Table 6 presents the overall computational efficiency of each model. Unlike the model accuracy,
the training time varies significantly from model to model. However, similar to the model performance
results, the training time across various data sets is consistent. Such predictable performance is highly
beneficial (easier scalability, simplified troubleshooting, and easier performance checks).

Figure 12: Bar chart representations of averaged results across all data sets.

Figure 12 is a bar chart representation used to focus on model training time, that is averaged across
all used data sets. Given the great variation in training time, the logarithmic scale representation is used
to make the comparison more evident. These charts show that overall, the STGP is the worst performer
in the training time as well. This is no surprise as traditionally GP is known to be computationally
inefficient. The STGP is followed by the base learners; SVR, RBF, and KRR that perform roughly
on the same level. The most computationally efficient models were the GSGP, MLR, and the MLP.
Particularly, MLP seemed to outperform its counterparts. It is worth noting that unlike most GPs, the
modifications made in the GSGP-C++ 2.0 [25] have resulted in significant improvements in training
time.

Detailed Comparison of All Models

This subsection provides an in-depth look at the nuances of each model’s performance. Figure 13 is a
box plot of all used models applied to the data set motor_set2. The performance data used to plot the
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box plot is collected across all folds of cross-validation. This plot explores the best performer’s, the
consistency among models, and the notable outliers that might impact the practical use in a clinical
setting.

Figure 13: Box plot representation of performance comparison across all models (in motor set 2).

The MLP (Multi-Perceptron Regression) exhibits the lowest median MAE, suggesting it has the
best central tendency for predicting accuracy among models. It also has a smaller IQR (inter-quartile
range) along with the MLR, which indicates a more consistent performance across test cases. The
SVR, KRR, RBF and STGP have more or less similar median MAE to other models but with a larger
IQR, indicating these models are less consistent. The GSGP has a median MAE very close to RBF
and KRR with a comparable IQR indicating similar performance variability.

The STGP has the highest median MAE and the widest IQR suggesting it has the least accurate
predictions on average and that it is also least consistent in performance. While the MLP has a
narrower IQR and the lowest (best) median MAE, there is also a presence of an outlier (a point that
falls outside the whisker). This can indicate an anomaly in model performance. Overall the MLP is the
best performer, but the GSGP results show a lot of promise with its best results (lowest MAE) being
on the same level as MLP. Given the Parkinson’s diagnosis values not only the model performance but
also consistency, there is a point to prefer GSGP over MLP based on collected results.

Detailed Comparison and Evaluation of GSGP and STGP

Figure 14: Error trends of the best individual across generations in GSGP (training and testing).

The 4 line graphs in Figure 14 depict the error trends (of the best individual per generation) across
generations for GSGP (in training and testing). Each present a particular fold run (as part of k-fold
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cross validation) of a particular data set (total_set1, total_set2, motor_set1, motor_set2 respec-
tively). In all data sets, the GSGP model’s training error decreases significantly across generations.
The model shows a lot of promise for learning and improving the predictions. The testing error follows
a similar trend. The plateaus and slight increases in testing error possibly suggests overfitting as the
model becomes too tailored to the training data.

In total_set1 and motor_set1, the testing error initially declines while maintaining a gap with
the training error. This consistent gap between training and test errors might imply the model’s
generalization capability (ability to adapt properly to unseen data) has limitations. However, in the
case of total_set2 and motor_set2 there is a much faster closing gap between training and testing
errors, that demonstrate better generalization. This might be linked to the difference in selected data
features, as the set1 utilizes a smaller set of data features to predict the UPDRS score. The relative
stability of MAE from midpoint to late generations indicate model reaches a performance threshold
beyond which additional learning does not yield big improvements. While the variability in MAE in
earlier generations suggests model is still adapting to the complexities of the datasets. The tendency
in error trends seems to be consistent across predicting the motor UPDRS and total UPDRS (in the
respective sets), showing no indication of dataset sensitivity.

The analysis demonstrate the GSGP’s capability to refine its predictions over generations but also
emphasizes the need to balance between model complexity balance between model complexity and
prediction accuracy to avoid overfitting. The plateauing of testing error suggests a need for early
stopping or potentially regularization techniques to prevent overfitting while retaining high predictive
accuracy. This is especially critical in the context of medical applications where wrong predictions
have serious consequences.

Figure 15: Error trends of the best individual across generations in STGP (training and testing).

As for the STGP performance, Figure 15 depict the some of the STGP runs (first applied to
total_set2, and the later to motor_set2) showing the MAE of best individual in each generation. Here
the training errors starts high and drops significantly within first few generations, which is an indicator
of a rapid learning phase. However, the training error stabilizes quickly suggesting the model has
reached its learning capacity in given configuration. It is important to note that STGP implementation
uses the elitism approach. Since that graph only depicts the MAE of best individual of that generation,
the values remain stable (the model keeps the best individual until a better offspring). The quick
performance plateau suggests that further gains might require modifying the STGP approach. The
STGP is not able to fully explore the fitness landscape leading to a limited performance in predictions.
In this context, predictably so, the GSGP overshadows the performance of standard GP.

6.3 Comparison with Past Works

Overview

This subsection discusses the comparison of the project’s experiments with that of existing past exper-
imentation that also judged the performance of GSGP to traditional machine learning approaches in
the biomedical sphere. This sections highlights the contribution and the originality of this work, and
how it fits into the research field.
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About Some of the Past Works

The M.Castelli’s work [2], also focused on exploring the performance of the GSGP model through
predicting the Parkinson’s patient’s UPDRS score. In this work, the GSGP was compared to a range
of machine learning methodologies (LIN, SQ, RBF, ISO, SVM-1, SVM-2) and also to standard genetic
programming (ST-GP). Similar to my project, the experiments focus on predicting both the total
UPDRS and the motor UPDRS score. The below Figure 16 depicts the box plots of some of such
results when applied to unseen (test) data:

Figure 16: Box plots of performance results from M.Castelli’s work [2].

Another work by I. Bakurov [22], the recent genetic programming advances (including GSGP) in
the context of stacked generalization and applies them to a range of synthetic and real-world regression
problems. One of such problems was applied to a Parkinson’s dataset composed of biomedical voice
measurements from 42 people [38]. The Figure 17 depicts the comparison of performance of ensemble
stacking-GP (S-GP) against the supervised machine learning (SML) methodologies on test data.

Figure 17: Box plots of performance results from I.Bakurov’s work [22].

How Do They Compare to My Work

I. Bakurov’s [21] study finds that the stacked GSGP implementation (S-GP) performs very similar if not
better than the best performing machine learning methodologies. The study highlights the proposed
system’s stability compared to other methods. M. Castelli’s [3] work suggests that the GSGP performs
significantly better than STGP on predicting both total UPDRS and motor UPDRS. It also compares
the GSGP performance to state-of-art machine learning techniques. It finds that, the GSGP also
performs better than most ML methods. While the performance of the SVM-2 is on a similar level
as GSGP. In my work the the median values of SVR were also close to those obtained with GSGP.
Moreover, the GSGP model is stable and generalize well to unseen data, these findings support the
conclusion drawn by I. Bakurov [22] and A. Groznik [56].

Unlike some of the past works [22, 56] that also make use of the same dataset [37], this project had
a different approach to feature selection. While it did predict both total UPDRS and motor UPDRS,
the project used 2 different sets of independent features. This allowed to demonstrate how different
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models handle data patterns of different complexities. As part of the traditional machine learning
methodologies (MLBLs) the project also makes use of the Multi-Layer Perceptron Regression (MLP).
This method did not receive much attention in the context of UPDRS predictions from past works.
However, this project demonstrates it is the only method to outperform GSGP in terms of prediction
accuracy and runtime efficiency. Finally, this project also measured and evaluated the computational
efficiency, an aspect not well covered by past research. The project outlined the reduced runtime
efficiency of the GSGP software, especially compared to the STGP.

7 Project Discussions and Conclusion

7.1 Project Contributions

The project makes use of the GSGP-2.0 C++ software [25]. It offers new insights on the performance
of this software with different feature selections and comparisons with new machine learning method-
ologies. It offers scripts that can be used to train and test this software using k-fold cross-validation. In
this project, the bespoke development of the STGP is an original contribution that allows for tailored
optimization and potentially more efficient comparison with GSGP. The project implemented a set of
machine learning base learners with the DLIB library. DLIB is known for its performance efficiency,
so these base learners offer a competitive comparison with the novel GSGP software. The project im-
plements k-fold cross-validation for these base learners as well. The project implements and compares
the MLP method with GSGP, which was not done in previous UPDRS score detection works.

The project thoroughly analyzes the largest Parkinson’s dataset[37] and selects a set of data features
for both motor and total UPDRS predictions. The project also discusses the structure and contents
of this dataset. It discusses how it affects model performance and how it compares to other clinical
datasets. Unlike most past works, the project considers the time taken for the training phase (the
most computationally weighty part) of the models. This allows comparing the models not just based
on their accuracy but also their training time. This is a determining factor, especially in the context
of using such models in clinical settings for Parkinson’s diagnosis.

7.2 Critical Reflection on the Experiment Results

The project finds that the models have significant room for improvement when applied to this Parkin-
son’s dataset to detect the UPDRS score. The GSGP has the potential to be very successful in terms
of performance accuracy and training time efficiency. Overall the performance of every model is con-
sistent across various data sets. The STGP lagged behind in all datasets; it was also found to be the
computationally most expensive model. This is in line with many of the past research that also applied
GSGP, and its variations to predict Parkinson’s disease [3, 17, 4, 6, 7, 18, 21]. Some of these works
that particularly focused on predicting the UPDRS score, similar to this work, using the GSGP [3] or
its variations (e.g., EGSGP [18], S-GP [21]) also conclude that the GSGP has the potential to be very
useful in the biomedical diagnosis field. There are various points that can be made to improve the per-
formance of GSGP further. These include reducing the exponential individual size growth [34, 7, 22],
constructing the semantic operators for more complex domains [17, 1], discussing hyper-parameter
selection [5, 23, 48, 49], and extending the GSGP framework [6, 7, 18, 19, 21].

The software used by this project (GSGP-C++ 2.0 [25]) has implemented some of these suggestions
to further improve the performance of the GSGP. Namely, it makes use of files such as “individuals.txt”
(to store the individuals used in the GP run) and “trace.txt” (to store the information for the recon-
struction of best solutions) to optimize the performance of the model. This is reflected in the experi-
mentation results as the GSGP training time is on average around 25 times lower than the STGP. Other
than the STGP, the project also compared the performance of some machine learning methodologies
(MLR, SVR, KRR, RBF, MLP). In particular, the MLP was found to be the best performer in terms
of prediction accuracy and training time efficiency. The performance of GSGP was on a competitive
level to the base learners. It was only outperformed by the MLP. MLP did have outliers in its results
suggesting anomalies in performance. In terms of training time, the GSGP was also only outperformed
by MLP. Overall, GSGP shows a lot of promise considering it was the most consistent across test sets
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and only slightly outperformed by the MLP. Many of the past works, while providing a comparative
analysis of GSGP with state-of-the-art machine learning methodologies [3, 17, 4], did not incorporate
Multi-Layer Perceptron (MLP) regression in their work. This project concludes that, in the context
of this dataset [37], despite the extensions made to the GSGP framework, it is outperformed by the
MLP model.

7.3 Reflection on the Project

To reflect on the success of the project, I will refer to the project requirements and the success criteria
set in Section 2 (Project Specification). Overall, the aim of the project and the success criteria were
met. Although certain decisions were made to slightly deviate from the set requirements. The project
meets the dataset collection requirement, by collecting and extracting A. Tsanas’s Parkinson’s dataset
[37]. The project also implements methods to load, reformat the data (through “load_data.h”), so that
it can be interpreted by all models. I ended up not considering the much larger mPower research kit
[39]. Due to the nature and collection of Parkinson’s data, access to the mPower data is limited. There
are safety and certification steps to be taken before the user is granted access. Due to the nature of
the scope of this project, I decided not to incorporate this dataset in my work.

As for the implementation of the GSGP, the standard GP (STGP), and the base learners. The
project was directly in line with the set success criteria. The GSGP-C++ 2.0 [25] software, the
DLIB library were incorporated, while the STGP was implemented from scratch in C++. The project
follows the set requirements for setup, testing, and experimentation. It includes a script to handle
the dataset, run preliminary experimentation for parameter tuning, to run the GSGP, STGP, and the
MLBLs through validation steps, and to store the results in an organized folder structure (“Experiment-
Results”). As part of the non-functional requirements, the project presents the comparison between
the GSGP, STGP, and the 5 base learners. The project also discusses the performance comparison
between past works and experimentation results obtained in this project. These can be found in the
Project Results and Evaluation section.

7.4 Project Limitations

The most time-consuming part of the development was the incorporation of the DLIB library, and the
subsequent implementation of the machine learning base learners. Similarly, the implementation of
the STGP algorithm also took considerable time. This is because the development took place in the
C++ library, which is more complex for algorithmic implementations, compared to its counterparts
like Python. In particular, the STGP implementation was time-consuming. The algorithm was de-
veloped to follow only the standard properties of a genetic program, at the same time it had to offer
meaningful comparison to the GSGP model. Another challenging part was adapting the k-fold cross-
validation to the implemented software. The used GSGP-C++ 2.0 [25] software did not implement
such validation process. Similarly, while the DLIB library offers some validation scripts these did not
suit my experimentation. For instance, the scripts would return the Mean Squared Error (MSE), while
the experiment chose to use the Mean Absolute Error (MAE) as a performance metric.

One of the main limitations lies in the availability of the GSGP software. Currently, there are
very few available libraries/software that implement the Geometric Semantic Genetic Programming
(GSGP). The GSGP-C++ 2.0 [25], and an earlier C++ based framework [24] are some of the few
fundamental contributions to this field. This makes it difficult and time-consuming to set up a proper
experimentation environment. More time is focused on the development and various adaptations of
the algorithms rather than the experiment itself. Similarly, this makes it difficult to work on extended
versions of GSGP [6, 7, 22, 23] and ensemble strategies [18, 21]. More widespread availability of
GSGP-based libraries would make it easier to focus on the theoretical aspects of the algorithm.

7.5 Future Work

For a deeper analysis of the potential and capabilities of the Geometric Semantic Genetic Program-
ming, the project can be extended to consider various GSGP-inspired methodologies. For example,
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introducing a local-search strategy into the GSGP [6], individual simplification methods [7], or con-
structing semantic operators (GSOs) for more complex domains [17, 1]. Moreover, there is potential to
combine various machine learning methodologies along with GSGP. Such an ensemble system is likely
to outperform the GSGP and the state-of-the-art machine learning algorithms. This has been shown
in some of the past works, such as the EGSGP [18], S-GP [21]. There is an opportunity to extend such
works and apply them to a range of problem domains to test their accuracy and reliability. In this
work, the dataset features were selected based on past works; however, the GP can be used for feature
selection as well. Using the GP to select optimal features from voice signals has already been incor-
porated by some works [33, 50]. Another important topic when it comes to extending the capabilities
of the GSGP is the parameter tuning. Genetic programs, in general, have a lot of flexibility when it
comes to managing the hyper-parameters of the model, especially compared to many contemporary
machine learning approaches. It is difficult to tune these parameters based on preliminary runs, as
there are too many configurations. In this project, the parameters for the MLBLs were tuned based
on preliminary runs, while the GSGP and STGP parameters were selected based on standard values
used in past works. However, there is an opportunity to consider the GSGP parameter configuration
more carefully, to further boost the performance. For example, one study suggests, while the tuning
of values is a waste, instead they could be randomly modified and run multiple times [5]. The best
performing run could then be selected as the best configuration.

In the context of parameter settings, many studies also focused on the population size [48]. Some
suggest that allowing the population size to vary during the evolution can bring advantages to the
algorithms. In particular, as the GPs are resource-greedy algorithms, varying the population size
could be a significant help by using the computational resources more wisely. Some studies therefore
used GSGP [23] or other Evolutionary algorithms [49] with dynamic population size that is computed
adaptively. It would be interesting to implement such dynamic population systems into the existing
GSGP software.

Finally, there is a point to discuss the GP benchmarks. There is a damaging mismatch between
the problems used to test the GP performance in research studies, and the real-world problems that
such models are ultimately planned to be integrated with [8]. Especially, in the context of applying
the GSGP to diagnose Parkinson’s patients. As mentioned, the GPs are highly flexible and make
experimental comparisons difficult. Therefore, it is important to carefully select the benchmarks to
test the performance of GSGP. This project could be extended to consider a greater range of Parkinson’s
data modalities. Outside of voice recordings, things like structural MRI data [31, 51, 26, 36], movement
[26, 36], and handwritten patterns [26, 28, 35] could be used to predict Parkinson’s disease. There
are already many projects in place, that collect such data in fast and non-invasive methods [40]. This
suggests there will be more available data, and hence better opportunities to train and tune the models.
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Appendix A Configuration Values

Table 7: Configuration Values for Machine Learning Algorithms

Configuration Parameter Value

Folds for Cross-Validation 5
MLR Lambda 0.0
SVR Gamma 0.3
SVR Epsilon 10
KRR Gamma 0.1
KRR Lambda 10
RBF Gamma 0.1
RBF Lambda 10
MLP Learning Rate 0.01
MLP First Hidden Layer Neurons 10

Table 8: Configuration Values for STGP

Configuration Parameter Value

Population Size 100
Max Number of Generations 100
Crossover Probability (p_crossover) 0.1
Mutation Probability (p_mutation) 0.9
Elitism Probability (p_elitism) 0.1
Max Initial Depth 6
Max Crossover Depth 7
Tournament Size 4

Table 9: Configuration Values for GSGP

Configuration Parameter Value

Population Size 100
Max Number of Generations 100
Crossover Probability (p_crossover) 0.7
Mutation Probability (p_mutation) 0.3
Max Depth at Creation 6
Tournament Size 4
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