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The purpose of this study is to evaluate the effectiveness of public health information
campaigns, determine their impact on public awareness, and formulate recommendations
to optimise communication strategies. The mPower Public Researcher Portal open da-
taset (BrianMBot, 2015), which contains information on participants’ behaviour and
activity in a mobile application study for Parkinson’s disease patients, was used for the
analysis. The data was processed in a Python environment using statistical analysis and
machine learning libraries.

Descriptive statistics, correlation and regression analysis, and clustering were used
to assess the effectiveness of information campaigns to identify groups of participants
with different levels of engagement and information perception. The study showed that
campaigns with interactive online tools and multimedia content have the highest level
of reach and impact on population behavioural changes. Traditional methods, such as
print and radio, demonstrate lower effectiveness, especially among younger audiences.
In addition, a significant difference in information perception was found across regions
and respondents’ socio-demographic characteristics. The effectiveness of public health
information campaigns largely depends on interactivity and adapting content to the
specifics of target audiences. It is recommended to apply a combination of digital and
traditional communication channels, tailored to regional specifics and population needs.

Keywords: Parkinson’s disease, stage prediction, machine learning, Python, Ran-
dom Forest, XGBoost, LightGBM, clinical data, automated inference, binary classifica-
tion.

Problem Statement. Parkinson’s disease (PD) remains one of the leading neuro-
degenerative disorders with a rising global prevalence, including Ukraine. Modern
research covers a wide range of PD aspects — from epidemiology and the effectiveness
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of surgical interventions to non-motor manifestations and cognitive impairments — while
machine learning is increasingly used to predict disease progression and support clinical
decisions.

Given the complexity and heterogeneity of clinical and molecular data, modern
approaches combine traditional diagnostic methods with machine learning algorithms
and hybrid models, which allows not only to increase the accuracy of disease stage
classification but also to identify patients at high risk of complications, predict response
to therapy, and improve personalised PD management. There is an urgent need to
develop optimised machine learning models (particularly Random Forest-based) that
can effectively process multidimensional data to support clinical decision-making and
personalise therapy, an area that is currently underdeveloped.

Analysis of Recent Research and Publications. In modern Parkinson’s disease
research, machine learning methods are increasingly used to predict disease stages and
support clinical decisions. The use of programming environments, such as Python, in
conjunction with ML libraries enables processing large, heterogeneous clinical data,
deriving informative features, and improving the accuracy of models for identifying pa-
tients at early and late stages.

Particular attention is paid to automated inference for new patients, ensuring the
integration of data preparation, scaling, and the encoding of categorical variables into
a single pipeline. This approach not only improves models’ generalisation but also ma-
kes the system more practical for clinical use, reducing decision-making time and mi-
nimising the risk of errors. These aspects lay the groundwork for a detailed review of
current literature on methods for predicting Parkinson’s disease progression.

Article [1] presents data on the prevalence of Parkinson’s disease in Ukraine for the
period 20102020, including information during the COVID-19 pandemic. The authors
show that the overall incidence increased from 59.6 to 67.5 cases per 100,000 population
between 2010 and 2017, and data for the Kyiv region for 2019-2020 indicate fluctuating
rates, reflecting the impact of healthcare accessibility and diagnostic quality.

Article [2] evaluates the results of surgical treatment for Parkinson’s disease in
Ukraine, specifically radiofrequency destruction of subcortical nuclei and implantation
of deep-brain stimulation (DBS) systems. The authors show high effectiveness of inter-
ventions in reducing tremor and rigidity, with DBS demonstrating the best results among
all methods, while combined and bilateral interventions require careful patient selection
due to an increased risk of complications.

In article [3], a machine learning-based clinical tool is presented to support the diag-
nosis of mild cognitive impairment (MCI) in Parkinson’s disease patients. The model,
based on long-term observational data, demonstrated noninferior performance compared
with the standard clinical test (MDS PD-MCI Level II) and detected a subgroup of MCI
patients not identified by the clinical test, highlighting the potential of ML to complement
traditional diagnostic approaches.

In article [4], the impact of non-motor symptoms on the quality of life of Parkinson’s
disease patients was investigated using machine learning. The authors showed that non-
motor symptoms are key predictors of PDQ-39 scores, and ML models can effectively
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predict overall HRQoL and cognitive aspects, emphasising the importance of a compre-
hensive approach to PD treatment.

The study [5] proposed a hybrid cancer diagnosis model based on gene expression
data, combining spectral inductive clustering, Random Forest, CNN, and alternative voting
for the final decision. The model’s methods are effective in identifying interconnected
clusters and multi-class classification, making them potentially applicable for predicting
Parkinson’s disease progression and analysing complex clinical and molecular data.

In article [6], a systematic analysis of 178 clinical studies aimed at evaluating cog-
nitive impairments in Parkinson’s disease was conducted, with an emphasis on trial
design, observation duration, and metrics used. The authors found that only a small
fraction of completed studies demonstrated short-term improvement in cognitive func-
tions, indicating a need to improve methodology, sample selection, and assessment tools
in future clinical trials.

In article [7], the incidence rates of Parkinson’s disease in five large North American
epidemiological cohorts in 2012 were analysed, encompassing over 6.7 million person-
years of observation. The results showed significant variability in incidence rates by age,
sex, and geographical location; rates increased with age and were higher among men,
underscoring the need to elucidate risk factors and case registration methods.

Article [8] investigated, for the first time, the ability of patients with Parkinson’s
disease to perform affective forecasting — predicting their emotional reactions to
future positive and negative situations. The results revealed no statistically significant
differences between the PD group and neurotypical controls, indicating that emotional
self-forecasting mechanisms remain intact despite expected impairments in future self-
projection.

Work [9] proposes an approach to predicting Parkinson’s disease progression based
on temporal MDS-UPDRS data and machine learning, specifically by reformatting time-
series data for supervised learning. The Multi Layer Perceptron model demonstrated
the best results, outperforming Random Forest on MAE and MSE, which confirms the
effectiveness of neural network approaches for modelling the dynamics of PD progres-
sion.

Article [10] explores the use of machine learning to predict Parkinson’s disease
progression by leveraging clinical and molecular data from the AMPPD database, which
encompasses over 10,000 patients. The authors emphasise the potential of models to
identify high-risk patients and predict treatment response, paving the way for persona-
lised, more effective PD treatment.

Article [11] presents a global modelling of Parkinson’s disease prevalence through
2050, accounting for age, gender, and the socio-demographic index. The authors predict
a doubling of the number of patients to 25.2 million, with population ageing as the
main growth factor, and the largest growth observed in countries with a medium socio-
demographic index and among men, underscoring the urgent need for strategic healthcare
resource planning and policy development.

Work [12] investigates the prediction of the «wearing-off» phenomenon in Par-
kinson’s disease patients using wearable devices and smartphone data. The authors
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employed six deep learning architectures to predict symptom fluctuations over the
subsequent hour, demonstrating the potential of such methods for personalised PD mo-
nitoring and management, consistent with earlier findings in the field.

Analysis of current research on Parkinson’s disease highlights several systemic
problems, the primary being the high heterogeneity and complexity of clinical and mo-
lecular data. Existing methodological approaches often show significant variability in
results depending on the demographic characteristics of the sample and require sub-
stantial improvement of assessment tools to achieve a stable clinical effect. In addition,
considerable overlap of motor and non-motor symptoms at different stages of disease
progression complicates the construction of a clear separating hyperplane between sta-
ges. Despite the existence of some successful models, clinical practice still lacks integ-
rated automated systems capable of providing end-to-end data processing and reliable
decision support for new patients.

Purpose of the Article. The purpose of the study is to develop and validate an
integrated automated system for the classification of early and late stages of Parkinson’s
disease based on a comprehensive integration of clinical data and machine learning
methods. The work seeks to improve the accuracy, generalisability, and clinical interpre-
tability of models by building a reproducible data processing pipeline and conducting a
comparative analysis of composite machine learning models, taking into account class
imbalance.

Presentation of the Main Research Material. In the initial stage, the clinical da-
taset of patients with Parkinson’s disease was loaded into the Python environment. The
sample contained 12,608 records for unique patients, indicating the presence of repeated
clinical observations [13].

Initial cleaning included checking the table structure, standardising variable types,
and eliminating technical inaccuracies. Records with contradictory or clinically implau-
sible indicator values were logically filtered out.

Missing values were handled according to variable type: statistical imputation was
used for numerical features, and modal or special labelling, followed by subsequent
pipeline processing, was applied for categorical features. Records lacking key date in-
formation (specifically the day) were removed separately, as this prevented the accurate
formation of temporal characteristics and further analysis. Implementing this stage
ensured data integrity and consistency before the next stage of feature engineering and
model building.

During the feature engineering stage, a structural transformation of primary clinical
indicators was performed to increase their informativeness for machine learning models.
Specifically, derivative variables were created from existing numerical parameters (ag-
gregated characteristics, relative ratios, temporal indicators of disease progression) to
capture the dynamic aspects of Parkinson’s disease progression.

Categorical features underwent logical transformation, including the standardisation
of Boolean variables and the conversion of disparate formats into a uniform representation.
and converting different recording formats to a single representation. This ensured correct
subsequent processing within the pipeline using categorical data encoding mechanisms.
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Special emphasis was placed on aligning features with the clinical interpretation
of disease stages. At this stage, the data structure was prepared for target variable de-
finition; specifically, we verified that disease duration and other relevant indicators met
the requirements of the binary classification task. These transformations enhanced the
representativeness of the feature space and minimised the risk of logical inconsistencies
prior to forming the target variable.

The original dataset featured a multi-class structure for Parkinson’s disease stages,
including Early, Mid, and Late categories.

To reduce label noise and decrease intra-class variability, an uncertainty margin was
introduced, within which observations were excluded from further analysis. Formally,
the target variable is defined based on the disease duration :

early ideuratian < 5

chlaxx = late ifT;luration > 8 (1)
excluded if5<T,, . <8
where T, is the disease duration in years (with a fractional part).

Consequently, patients with a disease duration between 5 and 8 years were exclu-
ded from the sample to enhance class separability. The transition zone is clinically
characterised by a gradual change in motor and non-motor manifestations, which can
result in overlapping features and complicate the delineation of a clear-cut hypersurface.

At the stage of final dataset formation, additional statistical data cleaning was per-
formed by removing numerical feature outliers. For this, a modified interquartile range
(IQR) method was applied, which uses robust estimates of extreme values.

For each numerical feature , robust quartiles were calculated:

0,= P, (x)
0,=P,, () ®
where P, is the 5th percentile of the feature distribution, P, is the 95th percentile.

The interquartile range was defined as:

I0R=0,-0,. 3)

The boundary values of the permissible interval were calculated using the formulas:

lower = Q — 1.510R

upper = Q.+ 1.510R @)
An observation was considered an outlier if the condition was met:
x < lower v x > upper. (5)

The procedure was applied sequentially to each automatically pre-identified nume-
rical feature, removing records that exceeded these limits. The resulting cleaned sample
was then retained to form the final feature set.

Upon completion of the cleaning process, the resulting dataset, comprising both
numerical and categorical variables, was prepared for further scaling and encoding. At
this stage, the dataset structure ensured statistical stability and logical consistency of the
feature space prior to visualisation and the construction of classification models.

Before applying dimensionality reduction methods, all numerical features were
scaled to eliminate the influence of different orders of magnitude on distance and
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maximum-variance direction calculations. This approach ensures the correct operation
of algorithms sensitive to the scale of variables.

For the initial analysis of the data structure, the Principal Component Analysis
(PCA) method was used, which allows projecting a multidimensional feature space
into a lower-dimensional space while preserving the maximum proportion of variance.
Visualising the first components enabled assessment of the degree of class separation
and the nature of their overlap in the latent space.

Additionally, the Multidimensional Scaling (MDS) method was applied, which
reproduces distances between objects in a two-dimensional representation while pre-
serving the similarity structure of the observations. Given the computational complexity
of MDS for large samples, a sampling procedure was used, which allowed to reduce the
number of observations without significant loss of representativeness.

After distribution into the multiclass structure of the Late limit, PCA and MDS
visualisation is performed. Based on the visualisation and considering the research goal
with a clear distinction between the early and late phases of prediction, as well as due to
the absence of clear demarcation and class overlap, it was decided to use binary classi-
fication, which led to the removal of the Mid classifier, for a clear definition of the Early
and Late stages.

The obtained visualisations enabled assessment of the geometric structure of the
feature space and the complexity of the classification task, in particular, the presence of
partial class overlap in a multidimensional environment.

Given the presence of repeated observations for each patient, a grouped train/test
split strategy was applied, grouping by patient ID. This was achieved by distributing
patients across the training and test subsets, ensuring that each patient’s records fell into
only one subset, preventing data leakage during model training and evaluation.

This approach prevents data leakage and eliminates artificial metric inflation caused
by observation correlation. As a result, training and test samples were formed, ensuring
a correct assessment of the models’ generalisation capability.

During data preprocessing, numerical features were standardised to a uniform scale,
preventing some variables from dominating others during model training. Categorical
features were transformed using OneHotEncoding, ensuring correct representation of
nominal variables in a format compatible with most machine learning algorithms.

To organise the processing of different feature types, ColumnTransformer was used,
which allows simultaneous application of scaling to numerical columns and encoding to
categorical ones. The handle unknown="ignore’ parameter ensures robustness to new
or missing categories in test data, preventing inference errors. This approach guaran-
tees unified, reproducible data processing and lays the foundation for reliable model
training.

For classifying patients with Parkinson’s disease, three modern machine learning
algorithms were selected: RandomForest, XGBoost, and LightGBM. The selection of
models was based on their ability to effectively work with heterogeneous features and
handle class imbalance. For each algorithm, a pipeline was built, integrating preliminary
preprocessing (scaling numerical features, encoding categorical ones) with the classifier.
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This organisation ensures automated and reproducible data processing at all stages of
training and prediction, reducing the risk of errors when working with new patient data.

The Random Forest algorithm implements bagging (Bootstrap Aggregating), which
aims to reduce model variance without significantly increasing bias. Let D be the training
sample. The algorithm forms B bootstrap samples (samples with replacement), on each
of which a separate decision tree /,(x) is built.

A key feature of the method is the random selection of a subset of m < M features
(where M is the total number of features) at each node split. Gini Impurity is used as the
splitting quality criterion:

G(0)=1-3, Pi: ©)

where p, is the proportion of objects of class k in node ¢, and K is the number of classes.

When splitting node t into child nodes ¢, and ,, the information gain is maximised,
which is equivalent to minimising the weighted impurity:

N, N,
AG=G(t)-| —LG(t, ) +—2G(¢,) |, 7
- Y36 o
where N is the number of objects in node #, N, and N,, are the number of objects in the
corresponding child nodes.

The final prediction for a new object x” is formed by majority voting:

y=ar gmaxzb:](hb (x) = k), (8)
where / () is an indicator function that equals 1 if the tree’s prediction belongs to class
k, and 0 otherwise. This aggregation mechanism neutralises the influence of individual
overfitted trees and ensures the robustness of the final decision.

Model training was performed using RandomizedSearchCV to find optimal hyper-
parameters via cross-validation. To account for class imbalance in the training sample,
SMOTE oversampling was applied, increasing the representation of the minority class
and enhancing the models’ sensitivity to late-stage disease.

Unlike Random Forest, the XGBoost algorithm implements a gradient boosting stra-
tegy, where base models (decision trees) are built sequentially. Each new tree is trained
to minimise the errors of the previous model, thereby correcting residuals and gradually
improving the approximation quality.

At step ¢, the regularised objective function is minimised:

IS e O

where / () is a differentiable convex loss function (in this study, LogLoss was used for
binary classification), y, is the true class label, ~ is the ensemble prediction at the
previous step, f (x) is the new tree added to the model, and, Q( ft) is the regularisation
term.

LogLoss has the following form:

I(y, p) = —log(p) + (1 —y)log(1 - p). (10)
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The regularisation term is given by:
1
Q(f) = 7/T+E/1||w

2
s

(11)
where 7' is the number of leaves in the constructed tree, reflecting its structural complexity,
w is the vector of leaf weights, and ||w||2 is the square of the L2-norm of this vector (the sum
of squares of weights in all leaves), 7 is the penalty coefficient for the number of sheets
(structural regularisation), and A is the L2-regularisation coefficient for weights.

The first term y7 limits the excessive growth of the tree, while the second term

1
Eﬂ"w"z controls the magnitude of the weights in the leaves. Collectively, this reduces

the risk of overfitting and ensures better generalisation ability of the model.

Parameter optimisation is carried out via a second-order Taylor expansion of the
objective function, which allows consideration of both the gradient (first derivative) and
the Hessian (second derivative) of the loss function and ensures efficient convergence
of the algorithm.

LightGBM is an optimised implementation of gradient boosting, focused on high
computational efficiency, training speed, and scalability when working with large datasets.
The algorithm retains the general idea of building an ensemble of trees additively, but
uses a number of engineering and mathematical optimisations.

Unlike the level-wise approach, LightGBM uses a leaf-wise strategy, meaning that
at each step, the leaf that provides the maximum reduction in the loss function L is split.
Formally, a split is chosen that maximises the gain:

1( G G2 G?
G =% + + -7, (12)
2\H, +A Hy+A H+AZ

where G and H are the sums of gradients and Hessians in the node; G, H, and G, H,,
are the corresponding values for the left and right child nodes, A is the L2-regularization
coefficient, vy is the penalty for creating a new leaf.

This approach allows the formation of deeper and more adaptive trees, which
increases accuracy but requires depth control to prevent overfitting.

The method is based on the selective sampling of objects by gradient magnitude.
Instances with large gradients (i.e., with large errors) are fully retained, while a portion
of objects with small gradients are randomly sampled. This allows a reduction in
computational volume without a significant loss of information, as the most informative
observations remain in the training set.

To reduce dimensionality, LightGBM merges mutually exclusive sparse features
(e.g., those obtained after One-Hot encoding) into a single dense feature. Since such
features do not take on non-zero values simultaneously, they can be combined without
loss of information, thereby significantly reducing memory and computational costs.

Given the medical specificity of the task and the presence of imbalance, using only
the Accuracy metric is insufficient. Therefore, model evaluation was carried out using
a set of metrics that allow for a more complete characterisation of classification quality.
Thanks to these mechanisms, LightGBM achieves a balance between high accuracy
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and efficiency, which explains its best results for Recall (macro) and FI (macro) in this
study.
Macro-averaged F1-Score: the harmonic mean of Precision and Recall is averaged
across classes without weighting by class.
! zlzc 2P -R 13
macro C i=1 Pl +Rl- k4 ( )
where P, is the accuracy, R, is the recall for class i, and C = 2 is the number of classes.
This metric is critically important in imbalanced datasets because it equally accounts for
the classification quality of both classes and «penalizes» the model for neglecting the
underrepresented class. 1/C is the uniform averaging coefficient, which effectively acts
as a weighting factor for each class.
In macro-averaging, each class is assigned equal weight:

1
w,=—, 14
C (14)

regardless of the number of its representatives in the sample. Thus, the influence of each
class on the overall assessment is symmetrical, which prevents a more numerous class
from dominating.

By comparison, weighted averaging involves the use of weighting factors propor-
tional to the number of objects in the respective class:

n
w; N’ (15)
where 7 is the number of objects of class i in the sample; N is the total number of objects;
w. is the weighting coefficient for class i.

In this case, the metric takes the form:

Flweighted = ,-C=1 w, F1,. (16)

Macro-averaging is critically important in imbalanced settings, as it equally accounts
for the classification accuracy of all classes and reduces the risk of obtaining inflated
quality estimates due to the correct classification of only the dominant class.

The completeness for class 4 is defined as:

TP,

ir— (17)

TP, + FN,
where TP is the number of true positives in class k, FN, is the number of objects in class
k, which the model misclassified.

Similarly, the accuracy for class k is defined as:

__ TR

TP, + FP,’ (18)
where FP, is the number of false positives, i.e., objects from other classes that are
incorrectly classified into the class .

In a clinical setting, a high Recall rate is of fundamental importance because it
minimizes Type Il errors (False Negative), i.e., it reduces the risk of missing a patient
with advanced-stage disease and prescribing inadequate treatment.

Along Recall, a critically important reliability indicator of a diagnostic system is
Precision, which in biostatistics is also referred to as the positive predictive value.

R,

L
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Precision is defined as the ratio of the number of true positives to the total number
of objects which the algorithm classified as positive. Precision for class & is defined as:
__ 1%

TP, + FP,’ (19)
where TP, is the number of patients correctly classified as belonging to the class &, FP, is
the number of patients incorrectly classified by the model as belonging to the class .

A confusion matrix allows us to visualize the structure of classification errors (7P,
TN, FP, FN), and analyse any potential systematic bias in the model towards one of the
classes. Analysing it is essential for the clinical interpretation of results.

To predict the stage of Parkinson’s disease in a new patient, the predict new_patient
function was implemented, which automatically processes the input data and incorporates
all necessary transformations from the training phase.

A key component is the coerce categoricals to_train function, which converts
categorical features into the format that the classifier saw during training. This allows the
correct processing of bool values, text representations of logical variables, and unknown
categories, avoiding errors when applying OneHotEncoding in the pipeline.

The predict new patient function generates DataFrame from the provided values,
expands it to the full set of features, and applies scaling and encoding using the trained
pipeline. Both predict (patient class) and “predict_proba’ (class probabilities) are avai-
lable for prediction, allowing you to assess the model’s confidence in its prediction.

For better understanding, a diagram of the class balancing process has been deve-
loped, as shown in Figure 1.

k

Data Preparation

Preprocessing
Pipeline

Random Forest
XGBoost
LightGBM

Model Evaluation
Chaose the best
model by scores

_____________________

Figure 1. Data projection onto the first two principal components (PCA)
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The dataset under study contained 12,608 records corresponding to 100 unique pa-
tients, with an average of approximately 126 observations per patient. This structure
indicates that the data is panel-based, with each patient represented by a series of repeated
clinical measurements.

To improve data quality and model stability, the interquartile range (IQR) method
was applied to numerical features. As a result, 281 records were removed, representing
approximately 2.23% of the total sample.

Such cleaning allows reducing the impact of abnormal clinical indicators that po-
tentially distort model training, and increasing the stability and generalization ability
of predictions. After outliers removal, a binary target variable with two classes was
formed:

— 0 (Early Stage) — 7 435 records.
— 1 (Late Stage) — 2 650 records.

A moderate class imbalance is observed (~74% vs. ~26%), which may affect model
training. To balance class representation in the training sample, SMOTE oversampling
was applied, which allows increasing the sensitivity of models to the minority class and
ensuring a balanced assessment of classification quality.

PCA Visualization of Patient Groups

64 ® ) @ Early(<5y)
@ late(>8y)
° @ Mid(5-8y)

Figure 2. Data projection onto the first two principal components (PCA)

Before applying PCA, the numerical variables were standardized to ensure accurate
calculation of the variance and the directions of the principal components.

Analysis of the first two components showed that they explain a significant portion
of the total variance. However, the patient classes exhibit only partial separation and
substantial overlap, indicating a lack of linear separability. Therefore, the use of nonlinear
models is appropriate for accurate disease stage classification.

To ensure computational efficiency, the data were sampled prior to applying the
MDS. This method preserves the distances between objects in multidimensional space,
reflecting the similarity structure of patients in a two-dimensional representation.

The visualization shows the formation of clusters, though with some class overlap,
confirming the complexity of the classification task and the need to use more flexible
algorithms.
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MDS Visualization of Patient Groups

@ FEarly(<5y)
@ Late(>8y)
@ Mid(58y)

Figure 3. Two-dimensional data projection using multidimensional scaling (MDS)

A grouped split by patient ID was used to split the data. As a result, the following
was formed:

— Train: 8 118 records.
— Test: 1 967 records.

This approach ensures that there is no data leakage between patients, since all ob-
servations for a single patient are included in only one subsample. This allows for more
accurate clinical validation and enables the assessment of the models’ generalization
ability on new, previously unknown patients.

To address the class imbalance problem, SMOTE oversampling is applied, which
increases the representation of the minority class in the training set.

Given the medical specificity of the task and the presence of class imbalance, using
only the Accuracy metric does not provide an objective assessment of the model’s
quality. Therefore, the evaluation was performed based on a complex set of metrics.
The primary metric was the macro-averaged F/-score — a generalized indicator that
combines Precision and Recall, and is calculated separately for each class, followed by
averaging without considering their size. This approach allows for equally considering
the recognition quality of both larger and less represented classes and prevents situations
where the model demonstrates high overall accuracy by ignoring a clinically significant
group of patients.

Special attention is paid to Recall, which reflects the model’s ability to identify all
instances of a specific class. In a clinical context, this is critically important, as high
Recall reduces the risk of false-negative results, i.e., missing patients with late-stage
disease. At the same time, Precision characterises the reliability of a positive prediction
and shows how justified it is to assign a patient to a certain stage. For a detailed analysis
of the error structure, a confusion matrix was also used, which allows evaluating the
ratio of truly and falsely classified cases and identifying possible systematic bias of the
model towards one of the classes.

The optimal hyperparameters were searched through RandomizedSearchCV with
cross-validation (CV). The Fl-score (macro) was chosen as the optimization criterion
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because it provides a balanced assessment of model quality for both classes, taking into
account the uneven distribution of records.

To solve the problem of Parkinson’s Disease stage prediction, an approach based
on Ensemble Learning methods was chosen. This strategy is due to the ability of
ensembles to effectively model complex non-linear dependencies in a high-dimensional
feature space, as well as their robustness to noise and variability, which are typical
for biomedical mHealth data. Within the study, a comparison of three algorithms was
conducted: Random Forest, XGBoost, and LightGBM.

Random Forest is based on the bagging approach, which involves building an en-
semble of decision trees on different random subsamples of training data to reduce
model variance without significantly increasing bias. Each tree is trained on its own
bootstrap sample, and during branching, a random subset of features is used, which
further increases the diversity of the ensemble. The quality of node splitting is evaluated
by a criterion that reflects the degree of class heterogeneity in the node, and the optimal
split is chosen to maximally reduce this heterogeneity. The final prediction for a new
object is determined by aggregating the predictions of all trees based on the majority
principle, which reduces the influence of individual overfitted models and ensures the
stability and reliability of the final solution.

Confusion Matrix - RandomForest
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Figure 4. Confusion Matrix for RandomForest

The RandomForest confusion matrix showed the following results on the test set:
— Accuracy: 0.8144.
Precision (macro): 0.8248.
Recall (macro): 0.7439.
— FI (macro): 0.7645.

The advantages of this algorithm include operational stability and reduced sensitivity
to data noise, making it a reliable choice for classifying the stages of Parkinson’s disease
in clinical samples with repeated measurements.
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Unlike Random Forest, the XGBoost algorithm implements a gradient boosting
approach, where decision trees are built sequentially, and each subsequent tree aims to
correct the errors of the previous model composition. At each step, a regularised loss
function is optimised, within which the difference between the true labels and the cur-
rent ensemble predictions is evaluated; a logarithmic loss function is used for binary
classification tasks. A regularisation component is added to the target function that si-
multaneously limits the structural complexity of the tree and controls the magnitude of
weights in its leaves, reducing the risk of overfitting and improving the model’s genera-
lization ability. For efficient optimisation, a second-order approximation is used, which
considers both the gradient and the curvature of the loss function, ensuring stable and
fast convergence of the algorithm.
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Figure 5. Confusion Matrix for XGBoost

Confusion matrix XGBoost showed the following results on the test sample:
— Accuracy: 0.7931.
— Precision (macro): 0.7743.
— Recall (macro): 0.7393.
— FI (macro): 0.7513.

A key feature of XGBoost is its improved probability calibration, which makes
it suitable for testing the new patient prediction function and assessing the model’s
confidence in predicting disease stage.

LightGBM is an optimised implementation of gradient boosting, designed for high
training speed and efficient handling of large datasets. While retaining the additive
principle of ensemble tree construction, the algorithm applies a series of engineering
enhancements, including a leaf-wise growth strategy, where at each step, the leaf that
provides the greatestimprovement in model quality is expanded. This allows the formation
of deeper, more adaptive structures while requiring complexity control to prevent
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overfitting. To increase computational efficiency, selective sampling of observations
with the largest errors is used, which reduces the number of computations without sig-
nificant loss of information, as well as a mechanism for merging mutually exclusive
sparse features to reduce dimensionality. The combination of these approaches ensures a
balance between high accuracy and speed, resulting in the best model performing across
key quality metrics.
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Figure 6. Confusion Matrix for LightGBM

Confusion Matrix LightGBM showed the following results on the test sample:
— Accuracy: 0.8119.
— Precision (macro): 0.8051.
— Recall (macro): 0.7534.
— FI (macro): 0.7696.

This model demonstrated the highest Recall (macro) and FI (macro) scores among
all tested algorithms, indicating its effectiveness in recognising both early and late stages
of Parkinson’s disease.

A summary comparison of key quality metrics for all tested models on the test
sample, allowing for an assessment of their effectiveness in classifying patients’ disease
stages, is provided below.

Table 1. Final results table

Model Accuracy Precision Recall (macro) F1 (macro)
RandomForest 0.8144 0.8247 0.7439 0.7645
XGBoost 0.7931 0.7742 0.7393 0.7513
LightGBM 0.8119 0.8051 0.7534 0.7696
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The primary criterion for the final model selection was the maximum F/ (macro)
score. LightGBM proved to be the best solution, delivering the highest balanced clas-
sification quality, while RandomForest showed similar results, and XGBoost had a
slightly lower F'I score.

The new patient prediction model was tested on the LightGBM model. It demonst-
rated correct handling of categorical variables, automatic scaling of numerical features
through the pipeline, and the ability to obtain ‘predict proba’ for assessing prediction
confidence. In the example provided, the patient is a 72-year-old man with 134 tapping
measurements, without deep brain stimulation (DBS), with a «smoking» status, and
moderate indicators of tapping interval variability. Based on these characteristics, the
model generated a clinically interpretable conclusion: the prognosis is Early Stage
(label=0) with a probability of 82.39%, which can be used as an auxiliary tool to support
clinical decision-making.

The LightGBM model proved to be the most effective due to its ability to work with
heterogeneous features, including numerical and categorical variables, and to effectively
represent non-linear dependencies between them. In addition, its algorithmic architecture
ensures less susceptibility to overfitting, which allows getting stable results on the test
sample and increases the overall balance of classification.

High Recall (macro) is critical in a clinical context, as it helps minimise false-
negative cases of patients with late-stage disease that might otherwise go without timely
intervention. A balanced recall score ensures uniform sensitivity of models across both
classes and is essential for making informed decisions in medical practice.

The use of SMOTE oversampling helps reduce model bias towards the more pre-
valent Early class, increasing sensitivity to the underrepresented Late class. This cont-
ributes to improving the F'/-score and recall for the critically important late-stage patient
class, thereby enhancing the practical value of the models.

The results of PCA and MDS show only partial separation of classes in the feature
space, which explains why the Accuracy value does not exceed 0.85 even for the best
models. Such visualisations confirm the complexity of the biomedical problem and the
need to apply more flexible, non-linear algorithms to achieve high classification quality.

Conclusions. As a result of the research, a proprietary solution to the pressing prob-
lem of Parkinson’s disease stage classification was implemented by creating a compre-
hensive machine learning pipeline, ensuring automated inference and reproducible data
processing. Initial data preparation, including outlier removal using the /OR method
and feature standardisation, ensured the consistency and representativeness of the fea-
ture space. A key innovation of the study was the introduction of a margin-based ex-
clusion strategy for disease duration, which artificially increased class separability and
reduced labelling noise. Data visualisation using PCA and MDS confirmed the presence
of non-linear separability in biomedical data, justifying the transition to binary classifi-
cation of Early and Late stages.

The constructed ensemble models, RandomForest, XGBoost, and LightGBM, de-
monstrated high predictive capability, which is especially important in conditions of
class imbalance. The LightGBM algorithm, combined with SMOTE balancing, yielded
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the best results, achieving the highest Recall and F1-score. This allowed for mitigating
the risk of Type II errors and increasing the reliability of detecting patients in the late
stage. The developed automated inference function integrates all preprocessing steps for
new patients, enabling reliable predictions with probability estimates for each class. The
proposed approach is a promising practical tool for personalised management of patients
with Parkinson’s disease, creating a solid foundation for the further implementation of
clinical decision support systems.

Further research may include SHAP analysis of feature importance, enabling a
detailed assessment of the contribution of each clinical and demographic characteristic
to disease-stage prognosis. It is also advisable to conduct ROC-AUC analysis to evaluate
the models’ ability to distinguish between classes at different thresholds, thereby impro-
ving the interpretation of their sensitivity and specificity.

In the future, it may be possible to restore a multi-class model that includes an
intermediate Mid class for more accurate modelling of disease progression. In addition,
an important step is to conduct external validation in an independent cohort of patients,
which will allow assessment of the models’ generalisation ability in real clinical settings.
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Memor 0anoeo 0ocniodncenHs € OYiHKA eheKMUBHOCHI IHPOPMAYIUHUX KAMNAHIU Y
cgpepi 2pomadcbko20 300p0B)s, BUHAUEHHS iX 6NIUBY HA PiBeHb 00I3HAHOCMI HACENeHHs
ma popmysaHHs peKomMeHOayitl o000 ONMUMI3aAYIi KOMYHIKayitiHux cmpameeitl. /{1 ananisy
sukopucmao ioxkpumuti oamacem mPower Public Researcher Portal (BrianMBot, 2015),
AKUl Micmums iHOpMayilo npo noeedinKy ma aKMuHICHb YYACHUKIE 00CHIONCEHHS
MOOIbHO20 000amKy 011 nayieumis i3 xeopobor Ilapkincona. Jlani obpobneno y ce-
peoosuwi Python i3 3acmocysanusam 0ibniomex 01 cmamucmuyHo20 aHaiizy ma ma-
WUHHO20 HABYAHHA.

s oyinku egpexmuenocmi iHGOPMAYIUHUX KAMNAHIT BUKOPUCTIAHO ONUCOBY
CMAamucmuKy, KOpeusAyiunull ma peepecitinutl ananiz, a maxkodic Kiacmepusayilo 0
BUSAGTICHHSA 2PYN YYACHUKIG [3 PISHUM PIBHEeM 3a7y4eHOCmI ma CHPUtiHAmMmsL ingpopmayii.
Locniooicenna nokazano, wo Kamnauii 3 iHMEPAKMUSHUMU OHIAUH-IHCIPYMEHMAaMU
ma MynemumeOiiiHuM KOHMEHMOoM MAioms HAUGUWULL PiGeHb OXONIEHHsL Ma 6NIUGY HA
n06eOiHK08I 3MIHU HacenenHs. Tpaduyiiini memoou, maxi K OpyKo8aHi mamepianiu ma
Paoio, 0eMOHCMPYIOMb MEHULY eqheKMUSHICMb, 0COOMUBO ceped MON0OUX AyOUumopil.
Kpim moeo, 6yno suseieno 3Havywy pisHUYio y CRpUtiHAmMmi inghopmayii 3a1excHo 8io
PecioHy ma coyianbHO-0eMoepa@iuHux Xapakmepucmux pecnonoenmis. Egpexmusnicme
iHGhopmayitinux xamnanii y cghepi 2pomadcvbko2o 300p06)si 3HAYHOIO0 MIpOI0 3aNeNHCUMb
8I0 IHMepaKmueHocmi ma adanmayii KOHmMeHmy 00 CneyuiKu Yitbosux ayoumopii.
Pexomenoosarno sacmocogysamu xombinosani cmpamecii, ujo nOCOHYIOMb YuPposi ma
MpaoUYitini KaHaIu KOMYHIKayii, 3 ypaxy8anHam J0KATbHUX 0coOnusocmeri ma nompeo
HaCeNeHHsl.

Knwuogi cnosa: xeopooa llapxincona, npoeno3syeanns cmaoii, MawiunHe HagUaHms,
Python, Random Forest, XGBoost, LightGBM, xniniuni oani, asmomamu3oeana inge-
peHyis, OinapHa Knacugixkayis.

Cmamms naoitiuna 0o pedaxyii 10.05.2026.

Submitted: 10.05.2026.

@ @ Ipuiinamo do opyky: 14.05.2026.

Accepted: 14.05.2026.

This is an Open Access article distributed under Onyonixosano: 30.05.2026.

the terms of the Creative Commons CC-BY 4.0 Published: 30.05.2026.
© 1. M. JIsax, P. 5. XKosrani, M. FO. Kamika, A. 1O. Lliniaso






