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Resumen

Inferencia de deterioro cognitivo en pacientes con enfermedad

de Parkinson a partir de evaluaciones espaciotemporales de

la marcha mediante aprendizaje automático

El deterioro cognitivo es una de las complicaciones más relevantes en la enfermedad

de Parkinson (PD), afectando significativamente la calidad de vida de los pacientes.

La identificación temprana de estos déficits es crucial para mejorar la intervención

clínica y el pronóstico de la enfermedad. Este estudio analiza la relación entre las

características espaciotemporales de la marcha y el deterioro cognitivo en pacientes

con PD en etapa temprana.

Se utilizaron datos de 48 pacientes de la base de datos de la Parkinson’s Progression

Markers Initiative (PPMI), dividiendo la muestra en dos grupos: pacientes sin de-

terioro cognitivo (PD) y aquellos con algún grado de deterioro cognitivo (PD-DC).

Para el análisis, se implementaron siete algoritmos de aprendizaje automático, opti-

mizando sus hiperparámetros y abordando el desequilibrio de clases. El desempeño

de los modelos se evaluó mediante métricas como Recall, Precisión, F1-score y Exac-

titud (Accuracy), priorizando la sensibilidad para evaluar la capacidad de detección

de la clase minoritaria.

Los resultados indicaron que las características espaciotemporales de la marcha per-

miten diferenciar significativamente entre los grupos PD y PD-DC. Entre los modelos

evaluados, el Perceptrón Multicapa (MLP) y el Cognitive Assessment through Gait

in Parkinson’s Disease (CoGait-PD) presentaron el mejor desempeño, alcanzando

valores de exactitud de 0.78±0.08 y 0.77±0.05, respectivamente. Estos modelos lo-

graron un equilibrio entre sensibilidad y precisión, destacándose en la identificación

de casos positivos y reduciendo falsos negativos.

Los hallazgos sugieren que las características de la marcha pueden servir como

biomarcadores no invasivos para la detección temprana del deterioro cognitivo en
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pacientes con PD. Además, los modelos de aprendizaje automático, particularmente

CoGait-PD y MLP, muestran un alto potencial en la evaluación clínica. Se re-

comienda realizar estudios adicionales para validar estos hallazgos y explorar su

aplicabilidad en entornos clínicos.

Palabras clave: Deterioro cognitivo, Evaluación de la marcha, Aprendizaje au-

tomático interpretable, Biomarcadores no invasivos, Enfermedad de Parkinson

.
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Abstract

Cognitive impairment inference in Parkinson’s disease

patients from spatiotemporal gait assessments
using machine learning

Cognitive decline is a significant complication in Parkinson’s disease (PD), severely

impacting patients’ quality of life. Early identification of these deficits is crucial

to improving clinical intervention and disease prognosis. This study investigates

the relationship between spatiotemporal gait characteristics and cognitive decline

in early-stage PD patients. Data from 48 patients were obtained from the Parkin-

son’s Progression Markers Initiative (PPMI) database, categorised into two groups:

patients without cognitive impairment (PD) and those exhibiting some degree of

cognitive decline (PD-CD). Seven machine learning algorithms were implemented,

optimising hyperparameters and addressing class imbalance. Model performance

was evaluated using Recall, Precision, F1-score, and Accuracy, prioritising sensitiv-

ity to assess the classifiers’ ability to detect the minority class.

The results indicate that spatiotemporal gait characteristics significantly differenti-

ate PD and PD-CD groups. Among the evaluated models, the Multilayer Perceptron

(MLP) and the Cognitive Assessment through Gait in Parkinson’s Disease (CoGait-

PD) demonstrated the highest performance, achieving accuracy scores of 0.78±0.08

and 0.77 ± 0.05, respectively. Both models balanced sensitivity and precision, ex-

celling in identifying positive cases and reducing false negatives.

These findings suggest that gait characteristics may serve as non-invasive biomark-

ers for early detection of cognitive decline in PD patients. Additionally, machine

learning models, particularly CoGait-PD and MLP, show strong potential for clin-

ical assessment. Further studies are recommended to validate these findings and

explore their applicability in clinical settings.

Keywords: Cognitive impairment, Gait assessment, Interpretive machine learn-

ing, Non-invasive biomarkers, Parkinson’s disease .
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PD − CI Parkinson with some degree of cognitive impairment
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CIM@LAB The Computer Imaging and Medical Applications Laboratory
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2. Introduction

2.1. Parkinson’s disease and Cognitive Impairment

Parkinson’s disease (PD) is one of the most prevalent degenerative diseases world-

wide. By 2024, the number of people living with Parkinson’s disease is expected to

exceed 10 million [1]. This represents a significant increase from the estimated 9.4

million people affected in 2020[2]. According to a Lancet editorial [3], the PD preva-

lence is expected to continue rising, reaching between 12 and 17 million by 2040,

driven by increasing life expectancy and the reduction of other death causes. This

growing prevalence highlights the increasing PD burden on global health systems,

particularly in low- and middle-income countries, where access to treatment is often

limited.

Although PD is described as a degenerative brain disease associated with motor

symptoms, there are a wide variety of disease manifestations, among which cogni-

tive impairment (CI)[1] has been observed as increasingly present [4], progressing

to dementia (PD-D) in late stages of the disease [4]. Cognitive impairment of mild

severity (MCI) is common in PD patients [5], and this condition predisposes devel-

opment of dementia [6, 7, 8]. Overall, gait patterns are considered as PD biomarkers

of the cognitive impairment and dementia [9] yet their characterization and quantifi-

cation is still weak. Previous evidence shows gait changes precede and may predict

cognitive decline in ageing and other neurodegenerative pathologies [10, 11, 12, 13].

However, despite documented relations between gait and cognition, correlation is

still unclear [12, 14] and previous studies fail to capture the specific impairment

since this is usually confused with other disorders [15]. In addition, cohorts in these
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studies are small, the biological variability is too high and sources of noise are mul-

tiple. Traditional statistical methods, such as linear models or factor analyses, are

constrained by assumptions of normality, independence, and linearity, which usually

are not hold in complex clinical scenarios. [16, 17, 18]. These limitations emphasize

the need for advanced techniques capable of handling complex, multidimensional

data and capturing intricate interdependencies, which are essential for identifying

early biomarkers of cognitive decline in PD.

2.2. Prediction of Parkinson Cognitive Decline:

Gait Patterns

Research about the relationship between PD and MCI has increased in recent years.

Biomarkers in magnetic resonance imaging [4, 19, 20] or genetic profiling [4, 19,

15, 21] have been documented to be helpful in classifying and predicting cognitive

decline in different domains [21]. These approaches offer reliability and repeatability,

but they are expensive and difficult to access.

Gait patterns are promising as an easily accessible and cost-effective biomarker.

Morris et al. [9] evaluated gait patterns along with the cognitive function of 119

participants and developed a mixed model with independent gait predictors. Their

research concludes that specific gait characteristics, such as pace (step velocity,

step length), variability (swing time variability, step stance variability, step length

variability), and postural control (step width), predict cognitive performance decline,

particularly in fluctuating attention and visual memory. These findings highlight

that gait-related predictors are not typically identified through specialised expert

assessments. However, the study is limited by its inability to adequately capture

non-linearities and complex interactions between variables, emphasising the need for

advanced modelling techniques.

Pieruccini-Faria et al [22]. employed statistical methodologies to analyse the rela-

tionship between gait parameters and cognitive performance in neurodegenerative

diseases. Using factor analysis, they grouped 11 gait parameters into four main

3
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domains: rhythm, stride, variability, and postural control. They then adjusted

factor scores for covariates such as age, gender, education, and gait speed. Subse-

quently, multivariable linear regression models were applied to explore associations

between gait domains and cognitive performance, while classification analysis using

ROC curves assessed the discriminative ability of gait parameters between clinical

groups.

To evaluate differences in gait performance across clinical groups, multivariate anal-

ysis of variance (MANOVA) was applied. Specifically, Z-scores of residuals from

linear regression models, adjusted for covariates, were entered into the MANOVA,

employing Pillai’s trace test to detect significant multivariate effects across gait do-

mains. When a significant effect was identified, subsequent univariate tests examined

between-group differences in each gait domain.

The authors conclude that gait could serve as a marker of cognitive-cortical dysfunc-

tion to identify Alzheimer’s-type dementia. However, they acknowledge that the

small sample size in certain subgroups may limit the generalisability of their find-

ings. Additionally, they highlight that traditional statistical methods may not fully

capture the complex interactions and non-linearities inherent in the gait-cognition

relationship.

Recent research has shown an increase in the use of machine learning models such

as support vector machine (SVM), random forest (RF) and principal component

analysis (PCA) to analyse spatio-temporal gait characteristics and make predic-

tions about cognitive impairment [23, 24, 21]. These studies suggest that cognitive

impairment in neurodegenerative diseases such as Alzheimer’s and dementia can be

inferred from gait parameters using classification methods such as SVM when small

data sets are available [25].

Chen et al. [23] used machine learning to develop gait-based classification models

to assess patients with neurodegenerative diseases such as Parkinson’s with differ-

ent types of mild cognitive impairment (MCI). This study again demonstrated how

kernel-based models achieved good classification performance for detecting differ-

ent types of MCI based on gait information. Specifically, the PCA-SVM model

4
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attained a classification accuracy of 91.67% and an area under the receiver oper-

ating characteristic curve (ROC AUC) of 0.9714 when distinguishing Parkinson’s

disease-related MCI (PD-MCI) from non-PD MCI. These quantitative measures

highlight the model’s effectiveness; however, the study does not provide details on

the cross-validation procedure used for classification, which is critical for assessing

the generalisability of the results. Furthermore, it is not exclusive to Parkinson’s

disease, as it includes different neurodegenerative pathologies, introducing potential

heterogeneity in the dataset. Additionally, SVM performance should be compared

with other classical machine learning models to establish its relative efficacy. A

more comprehensive analysis incorporating multiple classification approaches and a

clearer explanation of the validation process would strengthen the study’s conclu-

sions.

Recently, application of probabilistic models [26] naturally integrate the results of

individual predictions into a single diagnosis. The decisions made by the model are

based on a representative measurement among the samples of the data set, performed

in a representation space constructed by a kernel function. The model employs

density matrices to represent a joint probability space between input and output

data, enabling it to capture all relationships between data samples and labels. This

approach boosts the small, daily datasets typically encountered in clinical settings

Recently, the application of probabilistic models [26] has enabled the natural inte-

gration of individual predictions into a unified diagnosis. In particular, the Deep

Quantum Ordinal Regressor (DQOR) combines deep convolutional neural networks

(CNNs) with a probabilistic regression framework based on quantum measurement

regression (QMR). This model employs density matrices to represent the joint prob-

ability distribution of inputs and outputs, allowing it to capture complex relation-

ships between data samples and labels while quantifying uncertainty. Additionally,

by leveraging a representation space constructed through random Fourier features

(RFF), DQOR enhances the robustness of predictions.

This probabilistic approach contributes to optimising small clinical datasets by im-

proving model generalisation and diagnostic reliability. Specifically, experimental

5
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results show that DQOR reduces the mean absolute error (MAE) by approximately

8.7% compared to conventional deep learning models and improves classification

accuracy by up to 5% in binary diagnostic tasks. Moreover, its uncertainty quan-

tification capabilities allow better identification of misclassified cases, enhancing

interpretability and reducing diagnostic errors

2.3. Contribution

A recurring bottleneck in biomedical science is the need to make inferences from

small cohorts while ensuring that experimental groups meet certain conditions.

This investigation explores the problem of inferring cognitive decline in a small

cohort of Parkinson’s disease patients from spatiotemporal gait characteristics us-

ing different machine learning strategies. In this context, the small cohort refers

specifically to the dataset used for training the models, highlighting the challenge

of developing robust predictive frameworks with limited clinical data.

The contribution is developed on the basis of three strategies:

• A framework to infer the course of PD despite having a relatively small set of

patients.

• A set of custom techniques that exploit the hidden relationships in the data

of these patients at high risk of developing cognitive impairment.

• A clinically interpretable approach to ensure robust support for decision-

making and enhance its applicability in the clinical context.

6



3. Experimental Setup

In this study, the prediction of cognitive impairment was approached as a binary

classification task, utilising a dataset consisting of gait assessment records from 48

patients. Given the limited nature of the dataset, 20 random partitions were ex-

perimented with, with 70%-30% assigned to the training and test sets, respectively.

This approach introduces variability into the training and test sets. The mean clas-

sification metrics across the 20 partitions provide a central measure of performance

and avoid dependence on a single partition that may be atypical.

Despite the possibility of the reported standard deviation being lower than the ac-

tual value due to the non-complete independence of the partitions, the 20-partition

approach was selected on the grounds of its simplicity and effectiveness in the max-

imisation of the use of limited data.The inherent limitations resulting from depen-

dencies between partitions are acknowledged; nevertheless, this method provides a

valuable initial approximation for the evaluation of model performance [27].

The following section provides details of the datasets, model architecture, and hy-

perparameter settings for the training and evaluation metrics.

3.1. Dataset

Data used in this study were extracted from the Parkinson Progression Markers Ini-

tiative (PPMI), an international multicenter study designed to identify biomarkers

of Parkinson’s disease (PD) progression [28]. A total of 48 patient records were

included, including individuals at different early stages of PD (prodromal, stage

1 and stage 2). Of these, 33 were cognitively normal (control group), while 15
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were diagnosed with cognitive impairment one year after motor assessment (disease

group). Patients were recruited from the Tel Aviv Medical Centre in Israel and were

part of the PPMI Motor Assessment Database. All subjects were assessed using

a gait system consisting of three wireless, lightweight, wearable sensors with axial

accelerometers, gyroscopes, and magnetometers (Opal, APDM Ltd). The sensors

were placed on the participants’ wrists and lower back during all gait measurements

to quantify the spatio-temporal measurements.

To be included in the analysis, patient data had to meet the selection criteria,

which included complete patient records with spatiotemporal gait assessments in

two different protocols: the normal gait assessment (preferred gait speed) and the

dual task gait assessment (walking while simultaneously subtracting 3 serially from

a predefined 3-digit number).

A total of 36 gait characteristics were selected from the two protocols, reflecting

spatio-temporal measures of consistency, rhythmicity, and smoothness (jerk) for the

tasks performed during testing (see in appendex Table A.1)

In addition, the cognitive status of the 48 patients was recorded one year after the

gait assessments described above. This information was extracted from the cognition

data set in the PPMI non-motor assessments. To construct the cognitive categories,

the PPMI

assessment group used a combination of responses from the subject or another in-

formant, the investigator’s judgment, and the results of six neuropsychological tests

covering four cognitive domains (see Table 3.1).

As the cognitive category records showed four different outcomes and three of them

represented at least one cognitive deficit in one of their domains, it was decided

to combine the observations of the three cognitive labels into a new common out-

come, referred to as Cognitive Impairment (CI). This decision was motivated by the

small number of records within the four categories and the fact that the categories

could provide more clinically relevant information on the occurrence of cognitive

impairment when analysed together (see Table 3.2).

As a result, subjects were mainly divided into two categories: (i) patients with

8



3. Experimental Setup 3.1. Dataset

CLINICAL LABELS

Normal (PD) No low score on any neuropsychological tests

Cognitive Complaint (PD+CC) Low score on 1 neuropsychological test

Intermediate (PD+I) Low score on 2 neuropsychological tests

Mild Cognitive Impairment (PD+MCI)
Marked Cognitive Decline (Expert Decision)

+ Low score on 2 neuropsychological tests

Table 3.1.: This table delineates the categorization of cognitive states used in the

PPMI study, based on comprehensive evaluations involving neuropsy-

chological testing across four cognitive domains, subjective reports from

participants or their informants, and clinical judgments by investigators.

Each category is defined by specific criteria related to the performance

on these tests.

PD who were cognitively normal (PD or control) and (ii) patients with cognitive

impairment (PD+CI or disease). The demographic data and the characteristics of

the PD of all participants are summarised in Table 3.3, together with their p-values.

To compare the two groups, hypothesis tests were conducted. Specifically, indepen-

dent samples t-tests were applied to continuous variables such as age and education,

while chi-square tests were used for categorical variables. The null hypothesis (H0)

assumed no significant differences between groups in terms of demographic and clin-

ical characteristics, whereas the alternative hypothesis (H1) proposed that at least

one characteristic differed significantly between groups.

Significant differences were observed for age and education characteristics, while,

more importantly, no significant differences were found for the specific motor im-

pairment characteristic of MDS-UPDRS UPDRSIII. This suggests that traditional

assessments designed to measure motor deficits, including UPDRS, do not detect

subtle differences in individuals at risk of cognitive impairment in patients with PD.

9
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Clinical Label Binary Label Samples

PD 0 (PD) 33

PD+CC 1 (PD+CI) 7

PD+I 1 (PD+CI) 4

PD+MCI 1 (PD+CI) 4

Table 3.2.: To improve clinical relevance, the three cognitive deficit labels were com-

bined into a single category, Cognitive Impairment (CI), given the limited

number of records in the four categories. This decision was taken to pro-

vide a more comprehensive understanding of the presence of cognitive

impairment when analysed together.

3.2. Training and Validation

The experiments were conducted to evaluate different machine learning models for

predicting cognitive decline in Parkinson’s disease. The models were implemented

using the scikit-learn library [29] in Python. The evaluated methods include K-

Nearest Neighbours (KNN), Support Vector Machine (SVM), Logistic Regression

(LR), Random Forest (RF), Gaussian Process Classifier (GPC), and Multilayer

Perceptron (MLP). Additionally, CoGait-PD, a probabilistic model integrating the

Kernel Density Matrix (KDM), was assessed.

The key hyperparameters for each method were selected based on standard practices

and prior research. A detailed description of the models is provided in Section 3.2.1.

Hyperparameter tuning procedures are outlined in Section 3.2.2.

3.2.1. Methods

Various methods were evaluated for inferring cognitive decline in Parkinson’s disease

patients. The subsequent section provides a concise overview of the aforementioned

methodologies.

10
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PD

(Control Patients)

PD + CI

(Disease Patients)
p-value Test Used

Number of Samples 33 15 - -

Gender (F/M) 17/16 7/8 1.0 χ2

Hispanic or Latino (Y/N) 7/26 7/8 0.15 χ2

Age (Yr) 63 ± 6.6 68 ± 8.9 0.006 t-test

Education (Yr) 13.1 ± 3.7 15.8 ± 3.6 0.02 t-test

UPDRSIII (Total Score) 8.21 ± 8.32 13.6 ± 13.1 0.28 t-test

Parkinson Diagnosis (Yr) 2.5 ± 3.3 3.2 ± 3.2 0.46 t-test

Table 3.3.: Subjects were categorised into PD (control) and PD+CI (disease) groups.

Statistical tests (t-test or χ2-test) were used to compare variables be-

tween groups. Significant differences were found for age and education.

K-Nearest Neighbours (KNN)

A non-parametric classification algorithm that assigns a new sample to the majority

class among its K nearest neighbours in the feature space. It is widely used due

to its simplicity and effectiveness, particularly in low-dimensional datasets. The

main hyperparameters include the number of neighbours K, the distance metric

(e.g., Euclidean, Manhattan), and the weighting scheme (uniform or distance-based).

Further implementation details can be found in [29].

Support Vector Machine (SVM)

A supervised learning algorithm that identifies the optimal hyperplane maximising

the margin between different classes. It is effective in high-dimensional spaces and ro-

bust to overfitting when properly regularised. The primary hyperparameters include

the choice of kernel (linear, polynomial, or radial basis function), the regularisation

parameter C, and kernel-specific coefficients. Further details on implementation are

available in [29].

11



3.2. Training and Validation 3. Experimental Setup

Logistic Regression (LR)

A linear model that estimates the probability of a categorical outcome using a logistic

function. It is commonly applied in binary and multinomial classification problems.

The main hyperparameters include the regularisation strength C, the penalty type

(L1 or L2), and the solver algorithm. A more detailed description is provided in

[29].

Random Forest (RF)

An ensemble learning technique based on multiple decision trees, where the final

classification is determined by majority voting. It is known for its robustness and

ability to handle non-linear relationships. The key hyperparameters include the

number of trees, the maximum depth of each tree, and the minimum number of

samples required for node splits. Further details can be found in [29].

Gaussian Process Classifier (GPC)

A probabilistic classification model that extends the Gaussian process framework to

classification tasks. It provides flexible decision boundaries and quantifies prediction

uncertainty. The model’s performance is influenced by the choice of covariance

function (e.g., radial basis function kernel) and noise level parameters. Further

implementation details are available in [29].

Multilayer Perceptron (MLP)

A fully connected artificial neural network that consists of multiple layers of neurons,

typically trained using backpropagation. It is capable of learning non-linear patterns

from data. The key hyperparameters include the number of hidden layers, the

number of neurons per layer, and the activation function (ReLU, tanh, sigmoid).

More details on the implementation are provided in [29].
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CoGait-PD

A probabilistic machine learning model designed to analyse spatiotemporal gait

characteristics for predicting cognitive decline in Parkinson’s disease. It constructs

a representation of gait patterns that captures clinically relevant features using

kernel-based density matrices. Unlike traditional classifiers, it does not assume

predefined data distributions but instead learns an empirical representation from

a small dataset. The training process employs a probabilistic framework that en-

codes gait information into density matrices, allowing for interpretable and robust

decision-making in clinical applications[30].

Kernel Density Matrix (KDM) As the probabilistic core of CoGait-PD, KDM

models the joint probability distribution between gait features and cognitive im-

pairment labels. It operates in a kernel-induced Hilbert space, leveraging density

matrices to capture uncertainty and latent structures within the data.

Through Schmidt decomposition, KDM factorises gait-related information, opti-

mising computational efficiency while preserving probabilistic properties. Feature

vectors undergo kernel transformations to construct the density matrix ρXY , en-

suring an optimal mapping of data points. Similarity measurements between new

samples and learned prototypes enable probabilistic classification, enhancing model

generalisation despite limited dataset sizes [30].

13
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3.2.2. Baseline Experiments

To ensure robust model evaluation, twenty different training-test partitions of the

dataset were created for the experimental setup. In each case, 70% of the data was

used for training and 30% for testing. To maintain consistency across experiments,

L2 normalization was applied to all features. In addition, to address class imbalance

in the dataset, class weight compensation was systematically applied. This technique

assigns higher weights to less frequent classes during model training, helping to

mitigate bias [31](see Figure 3.1).

Figure 3.1.: Data processing with a 70-30 split and K-fold (10) cross-validation. In-

cludes L2 normalization.

Hyperparameters Optimisation

For each data partition, hyperparameter optimization was performed using 5-fold

cross-validation. This approach ensured robust tuning of the model parameters while

minimizing the risk of overfitting, even with the limited dataset size. The hyperpa-

rameter tuning process followed a structured approach, and Table B.1 (Appendix

B) summarises the key parameters explored for each method.
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For K-Nearest Neighbours (KNN), different numbers of neighbours (K) were tested,

ranging from 1 to 30. Distance metrics included Euclidean, Manhattan, and Minkowski,

with weighting schemes set to uniform or distance-based.

For logistic regression, it explored key hyperparameters, including the regularization

parameter C, across a logarithmic scale from 10−3 to 103, along with different penalty

norms (L1, L2) and solvers (lbfgs, liblinear, and sag).

For Random Forest, the tuned hyperparameters included the number of estimators

(100, 200), the maximum tree depth (None, 10), the minimum number of samples

required to split an internal node, and the minimum number of samples required at

a leaf node (minimum samples per split: 2, 5; minimum samples per leaf: 1, 2).

For the Gaussian Process Classifier, the posterior distribution of the latent function

is non-Gaussian due to the discrete nature of the class labels, making a Gaussian

likelihood inappropriate. Instead, a non-Gaussian likelihood based on the logistic

link function (logit) it used. To approximate this non-Gaussian posterior, GPC

uses the Laplace approximation. It initialized the kernel with a Gaussian (RBF)

kernel and explored different values for the σ parameter (values for the length-scale

parameter σ explored in {0.05, 0.1, 0.2}.).

Similarly, for the Support Vector Machine (SVM), both cosine and Gaussian (RBF)

kernels were evaluated. For the RBF kernel, the kernel coefficient γ was explored

logarithmically between 10−3 and 101, and the regularisation parameter C was tuned

between 10−3 and 103.

For the Multilayer Perceptron (MLP), It experimented with the number of hidden

layers (1 or 2), the number of neurons per hidden layer (32, 64, 128), and the

activation functions (ReLU or tanh). Learning rates were tested between 10−4 and

10−1. These hyperparameters were matched to those used in the encoder of CoGait-

PD, allowing a direct performance comparison between the models.

CoGait-PD, requires the exploration of multiple hyperparameters. For the encoder,

which is an MLP, the number of hidden layers (up to a maximum of 2) and the

size of these layers were explored. The size of the layers determines the dimension

of the embedding, which is fed into the Kernel Density Matrix (KDM). Within the
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KDM, the following hyperparameters were optimized: the number of components,

the kernel type, the σ parameter of the (Gaussian) kernel (which is learned during

training), and the learning rate. The kernel type was selected from the Cosine

and Gaussian options. Given the normalized data, the Gaussian kernel consistently

performed well when σ was initialized to 0.1.

The number of components determines the size of the density matrix decomposi-

tion, as described in Section 3.2, and defines the maximum number of prototypes

the model can learn. This value was explored in the range of 32, 64, and 128. These

prototypes were initialized with randomly sampled instances from the training data

set. The learning rate was explored logarithmically between 10−6 and 0.1. Adam

[32] was used as the gradient descent optimization algorithm. Training was per-

formed for a maximum of 200 epochs, using callbacks to allow early termination if

no performance improvement was observed in the validation set after 20 epochs.

Hyperparameter tuning and training was done in Python. The kernel density ma-

trix (KDM) and the CoGait-PD model were implemented using TensorFlow [33].

The code for the KDM implementation and the CoGait-PD framework is available at

https://github.com/fagonzalezo/kdm and https://github.com/santiagotoco/

CoGait-PD, respectively.
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Model predictions were made on the test set data. This was done by comparing the

test set labels according to the result of each classifier with the test set label corre-

sponding to one year of evolution of the patient’s cognitive impairment, evaluating

the overall performance of the models.

Performance is evaluated in terms of the agreement between predicted and actual

labels using a confusion matrix. The confusion matrix quantifies how many of the

positive samples (PD+CI) were detected positive by the model (true positives, TP),

how many negative samples (PD) were indeed flagged as negative (true negatives,

TN), how many samples that were predicted as positive were actually negative

(PD) (false positives, FP), and how many samples that were predicted as negative

were actually positive (false negatives, FN). From these results, we calculated key

performance metrics such as accuracy, precision, recall (or sensitivity), and macro

F1 score for each model in each test partition as follows:

accuracy =
TP + TN

TP + TN + FP + FN
(4.1)

precision =
TP

TP + FP
(4.2)

recall =
TP

TP + FN
(4.3)

F1 =
2 · recall · precision
recall + precision

(4.4)



4. Results

It compared the performance of different machine learning methods such as K-

Nearest Neighbor(KNN), Support Vector Machine (SVM), Logistic Regression (LR),

Random Forest Classifier (RF), Gaussian Processes (GP), Multilayer perceptron

(MLP) and Cognitive assessment through Gait in Parkinson’s Disease (CoGait-PD)

It report the average result and standard deviation of the 20 experiments obtained

by classifying the test subsets (Table 4.1).

Model Accuracy Precision Recall F1 Macro

KNN 0,63 ± 0.11 0,47 ± 0,23 0,38± 0,23 0,56 ±0,12

SVM 0,58 ± 0.14 0,32 ± 0,22 0,45± 0,37 0,46 ±0,15

LR 0,51 ± 0,15 0,39 ± 0,12 0,62 ± 0,31 0,46 ± 0,16

RF 0,72 ± 0,08 0,68 ± 0,31 0,30 ± 0,15 0,61 ± 0,11

GP 0,68 ± 0,06 0,33 ± 0,42 0,21 ± 0,31 0,50 ± 0,14

MLP 0,77 ± 0,06 0,66 ± 0,12 0,72 ± 0,19 0,74 ± 0,06

CoGait-PD 0,78 ± 0.08 0,70 ± 0,15 0,64± 0,21 0,74 ±0,09

Table 4.1.: Results of the different classifiers expressed as experimental mean and

standard deviation of the 20 test subsets.

Analysis of the performance of different machine learning models for predicting cog-

nitive decline in Parkinson’s patients based on spatio-temporal gait characteristics

showed significant variation in the ability of the models to identify hidden relation-

ships within this data. The effectiveness of the models depended on their ability

to uncover complex patterns that were not immediately apparent, which directly

affected their performance in correctly classifying patients.

KNN showed limited performance, with a precision of 0.47 ± 0.23 and a recall of 0.38

± 0.23. This poor performance reflected KNN’s inability to detect hidden patterns

that clearly distinguished patients with cognitive decline from those without. The

high variability in results suggested that the model did not generalise well in this
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dataset, suggesting that it missed key information in the internal relationships of

the gait data, affecting both sensitivity and specificity. KNN failed to capture the

complexity required to make consistent predictions.

The SVM performed poorly, with a precision of 0.32 ± 0.22 and a recall of 0.45 ±

0.37, suggesting that it did not adequately capture important relationships in the

gait data. The low precision reflected a high rate of false positives, while the vari-

ability in recall suggested inconsistency in identifying cases of cognitive decline. The

SVM struggled to generalise from hidden patterns in the data, making it ineffective

in this particular context.

LR had a relatively high recall (0.62 ± 0.31), meaning that it detected a higher

proportion of positive cases than other low performing models. However, its low

precision (0.39 ± 0.12) and F1 score of 0.46 ± 0.16 suggested that the model mis-

classified many negative cases as positive. Although this linear model was able to

detect some cases of cognitive decline, it failed to capture the non-linear interactions

between quantitative gait variables that may be indicative of the patient’s cognitive

state. This resulted in a high rate of false positives and limited the usefulness of the

model in clinical practice.

As previously shown, RF achieved a precision of 0.68 ± 0.31 for all gait character-

istics but had a low recall (0.30 ± 0.15). While it could handle some complexity

in the data, its low recall indicated that it failed to correctly identify a significant

proportion of patients with cognitive decline. This suggests that RF missed some

important hidden relationships in the data, leading to a high rate of false nega-

tives. RF was able to detect some relationships in the data, but its inconsistency in

detecting positive cases limited its applicability.

GP showed high precision (0.83 ± 0.24), suggesting that it effectively classified

patients without cognitive decline. However, its low recall (0.21 ± 0.31) and F1

score of 0.50 ± 0.14 indicated that it missed many positive cases. GP did not

appear to capture all the hidden relationships needed to correctly identify patients

at risk of cognitive decline, resulting in a high rate of false negatives. Although it

was effective in minimising false positives, it did not adequately detect the cases
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that mattered most in this clinical context.

MLP demonstrated an F1 score of 0.74 ± 0.06 and an accuracy of 0.77 ± 0.06,

reflecting its ability to correctly identify both positive and negative cases. MLP

effectively captured hidden relationships in the gait data, allowing it to balance

precision and recall. Its consistent performance suggested that it could uncover

complex patterns in the data that other models missed, making it a reliable option

for predicting cognitive decline.

CoGait-PD was the best performing model overall, with an F1 score of 0.74 ±

0.09 and an accuracy of 0.78 ± 0.08. This indicated that CoGait-PD was highly

effective at detecting the hidden relationships between gait data and risk of cognitive

decline. Its ability to detect both positive and negative cases with high accuracy

and consistency showed that this model could capture the underlying complexity in

the data. CoGait-PD excelled in balancing sensitivity and specificity, making it the

most reliable model for clinical prediction of cognitive decline.
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5.1. Feature Importance and Associations Between

Clinical Biomarkers

A preliminary approach to determining the associations between gait characteristics

and cognitive decline can be performed using the Random Forest (RF) classifier.

RF facilitates the identification of the most relevant features by learning to parti-

tion the feature space based on information gain. During training, it evaluates how

much each feature contributes to discriminating between classes, thereby providing

insights into the relationship between specific gait characteristics and cognitive de-

cline. This process yields valuable information regarding which gait features are

most strongly associated with cognitive impairments. In this way, the 10 most rel-

evant gait characteristics(RF10) were selected (See Figure 5.1) and grouped into

four domains: consistency, rhythmicity, smoothness, and asymmetry, as documented

during data collection as described below:

Consistency (Arm Movement)

• LA_STD_DT: Variability of the left arm in dual-task walking

• ASYM_IND_DT: Calculated arm asymmetry index in dual-task walking

• ASA_DT: Asymmetry in the magnitude of arm swing in dual-task walking
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Figure 5.1.: The top 10 most relevant Characteristics for classification in the Random Forest classifier (RF10).

The identification of these features underscores the intricate relationship between gait characteris-

tics and cognitive impairment in Parkinson’s disease patients.

Rhythmicity

• STEP_SYM_DT: Step symmetry in dual-task walking

• CAD_U: Cadence in usual walking

• STEP_REG_DT: Step regularity in dual-task walking

Smoothness (Jerk)

• JERK_T_U: Trunk smoothness (Jerk) in usual walking

• JERK_T_DT: Trunk smoothness (Jerk) in dual-task walking

Asymmetry (Trunk Rotation)

• TRA_DT: Trunk rotation asymmetry index in dual-task walking

• TRA_U: Trunk rotation asymmetry index in usual walking
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Subsequently, the identified characteristics were compared with those reported by

different authors, providing information on the association scales between gait char-

acteristics and cognitive decline in different neurodegenerative disease.

Consistency

Li et al. in their study of gait for the recognition of Alzheimer’s Disease (AD) and

cognitive impairment (CI) reported a decrease in maximum arm speed in patients

with AD and MCI, expressing that arm movements may be influenced by cognitive

load possibly due to the shared cortical networks involved in gait and cognition con-

trol [34]. These reports are based on studies reported by Krasovsky et al. [35] and

Cohen & Verghese [36].

Baron et al. show a significant decrease in arm swing under different dual task gait

conditions (DT), suggesting that this measure is affected when cognitive resources

are sufficiently overloaded[37], supporting our hypothesis of spatiotemporal assess-

ments as predictive biomarkers of cognitive impairment in patients with Parkinson’s

disease.

Rhythmicity

Poole et al. determined in a study of 438 older adults that gait speed is associated

with temporal declines in global cognition, executive functioning, and memory abil-

ities. They also found that several gait-related brain structures, such as regional

brain volumes in the ventricles and temporal lobe, were associated with declines in

cognition.[38]

Hoang et al. concluded in a study evaluating cognitive workload in young adults

during walking conditions varying in complexity that the 24 participants showed

greater gait variability during both simple and complex dual task walking conditions

compared to habitual walking. This suggests that dual-tasking, regardless of its

nature, influences gait stability. As the complexity of the walking task increased,

the speed, cadence, and length of stride decreased in the population, indicating that
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individuals needed to recruit a greater amount of cognitive resources to perform

cognitive and walking tasks simultaneously.[39]

Smoothness

The connection between JERK and cognitive decline is evident in several recent

studies, in which increases in JERK have been associated with axial rigidity in the

trunk not detected by conventional methods[40, 41, 42]. This is particularly relevant

in conditions such as Parkinson’s disease and in frail older adults, where variability

in trunk acceleration and reduced stride regularity correlate with neural control

difficulties and postural stability.

Duncan et al. describe how unilateral and violent muscle jerks can indicate rapid

cognitive decline, reinforcing the idea that visible motor alterations can be an early

reflection of underlying neurological problems.[42]

Furthermore, Mirelman et al. indicate that changes in motor control, such as jerks

during simple transitions, can be sensitive predictors of cognitive decline, providing

a useful tool for the early detection of conditions such as dementia or mild cognitive

impairment.[43]

Pantall et al. demonstrate that postural dynamics, including jerk, decline with dis-

ease progression in PD, indicating that changes in postural control reflect cognitive

decline. This aligns with the idea that higher jerk levels during quiet standing or

dual tasks can indicate impaired neural control and postural coordination.[44]

Chen et al.provide additional support by showing that patients with early PD exhibit

higher jerk levels in postural sway, especially during cognitive tasks. This suggests

that increased jerk is not only a marker of physical instability but also correlates

with cognitive and motor impairment.[45]

Our findings that are consistent with mencionated studies underscore the importance

of monitoring the jerk trunk as a potential early indicator of cognitive decline,

offering a useful tool for early detection and management of conditions such as PD.
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Asymmetry

Lamoth et al. in a study of 26 elderly individuals, 13 of whom had dementia, found

differences in movement execution during gait in dual-task conditions. The study

highlights that dual-tasking reduces trunk stability, noting that elderly individu-

als with cognitive impairment exhibited less correlated trunk acceleration patterns.

These measures, provided by the acceleration in the anterior-posterior and medio-

lateral directions, suggest greater variability and reduced stability compared to the

cognitively intact group [46].

Doi et al. investigated the relationship between trunk stability and cognitive decline

in a cohort of 110 older adults, aged 65 to 94 years, during dual-task walking—a

type of walking that imposes higher cognitive demands. The authors found that

trunk stability significantly decreases under dual-task walking conditions, and this

reduction is independently associated with brain atrophy. Specifically, they observed

that changes in the harmonic ratio of trunk movement in the vertical direction, a

measure of stability, correlate with brain atrophy, suggesting that trunk instability

may serve as a biomechanical marker of cognitive decline in this population.[47]

5.2. Variability in classifier performance and

Analysis of prototypes

A comparative analysis of the different models for predicting cognitive decline in

Parkinson’s disease (PD) reveals differences in performance and consistency. This

analysis takes into account changes in gait and their correlation with future cognitive

decline, as well as the ability to characterise specific relationships with reproducibil-

ity in small observation samples. Figure 5.2 shows the visible differences that allow

the classifiers to be divided into three groups:

25



5.2. Variability in classifier performance 5. Interpretability and Conclusions

Figure 5.2.: Comparison of the performance of different classification models in predicting cognitive decline

in Parkinson’s patients, focusing on their confidence intervals for key metrics. The models were

evaluated based on accuracy, precision, recall and F1-macro, with each bar representing the mean

and the error bars representing the 95% confidence intervals. CoGait-PD and MLP have the

narrowest confidence intervals for all metrics, especially for accuracy and F1-macro, reflecting the

highest level of consistency and reliability in their predictions.

Low-Performance Models

Models such as RF and GP had narrower confidence intervals, but still showed vari-

ability in certain metrics. RF stood out in terms of precision, but its confidence

interval remained significantly wider compared to the high performance models, in-

dicating that while it could provide accurate predictions in some cases, it lacked

consistency across all scenarios. GP, on the other hand, showed considerable vari-

ability in its recall metrics, reinforcing the idea that although it outperformed low-

performing models, it still struggled to achieve sufficient stability in its predictions.

Moderate-performing Models

The models such as KNN, SVM and LR showed high variability in their confi-

dence intervals, indicating reduced stability in their predictions. In particular, KNN
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showed a wide range of precision and recall, reflecting significant inconsistency in

its ability to predict cognitive decline. This reinforced previous observations that

these models struggled to capture the complex relationships between gait changes

and cognitive decline. The wide variability in their confidence intervals suggested

that their predictions could vary significantly, limiting their applicability in clinical

settings where consistent predictions are required.

High-Performance Models

Finally, models such as MLP and CoGait-PD had the narrowest and most consis-

tent confidence intervals. This suggests that their predictions were more reliable

and consistent across all metrics evaluated. MLP showed particularly strong perfor-

mance with reduced confidence intervals for precision, recall and F1-macro, further

validating its suitability for clinical applications where stable predictions are re-

quired. Similarly, CoGait-PD not only demonstrated narrow confidence intervals

for all metrics, but also low variability even for the more challenging metrics such

as recall and precision. This demonstrates that CoGait-PD was able to maintain an

unusually high level of consistency, a critical factor in clinical contexts, unlike other

models which showed significant variability. This further underlines the model’s

ability to capture the underlying relationships between gait changes and cognitive

decline with precision and stability, making it the most reliable and robust option

for long-term prediction in medical settings.
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Representations of space during training of high-performance

models: a novel clinical interpretability

Additional insights emerged from the analysis of latent space representations, pro-

viding a more integrated and nuanced understanding of the relationship between gait

patterns and cognitive decline. Among the models evaluated, only the MLP and

CoGait-PD learn intermediate representations that allow them tomap the original

feature space into a latent space that better captures class distinctions. Visualiza-

tion plays a critical role in interpreting these learned spaces and assessing the ability

of these models to separate classes.

Figure 5.3.: Analysis of the latent space representation using principal component analysis (PCA) of spatiotem-

poral gait characteristics in the training data.

A principal component analysis (PCA) visualisation of the representation learned

from a subset of spatiotemporal gait characteristics in the training data (Figure 5.3)

facilitates the assessment of differences between models.
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In this case, the original representation space reveals the absence of a simple or

linear decision boundary between classes, making the detection of complex patterns

less apparent.

A comparison with the MLP representation, which employs dense layers and non-

linear activation functions, shows a smoother and more gradual class separation

(Figure 5.4). This demonstrates the model’s ability to capture subtle variations in

gait data, enabling it to detect a greater number of positive cases through more

inclusive approaches.

Figure 5.4.: MLP representation, which learns feature distributions using dense layers and non-

linear activation functions, exhibits a smoother and more gradual class separation.

This separation indicates that MLP is the most appropriate choice when the primary

clinical objective is to ensure the detection of all cases of cognitive impairment while

minimising false negatives (i.e., prioritising sensitivity). This model is particularly

useful in large-scale screenings, where a significant number of patients must be

evaluated and critical cases cannot be overlooked.
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In contrast, the CoGait-PD representation, with its prototyping approach (Fig-

ure 5.5), establishes sharper classification boundaries and enhances interpretability,

allowing for a deeper understanding of how data is classified. This model benefits

from prototype consolidation and learning, with prototypes illustrated as yellow dots

in Figure 5.5.

Figure 5.5.: PCA visualization of the feature space learned by CoGait-PD. The background colors define the

decision region of the model. CoGait-PD identifies patient prototypes (shown as yellow dots) for

each class, along with a kernel similarity measure. These components are used for inference on new

samples and are critical for clinical interpretability, enabling clinicians to understand and trace

patient-level predictions.

These prototypes, referred to as ‘key patients’, serve as reference points in the latent

space, significantly improving the interpretability of the model by enabling clinicians

to track the progression of cognitive impairment.

New patient samples can be compared against these prototypes, offering unique

insights into disease progression. Unlike distance-based methods, which rely on ex-

plicit neighbourhood relationships for classification, this approach leverages learned
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probabilistic representations that encode disease progression patterns. This consol-

idation enables a clearer interpretation of the key features that distinguish cases of

cognitive impairment.

This functionality provides a powerful visualization and understanding a patient’sdisease

evolution, with significant potential for personalized healthcare interventions, while

it builds confidence in the model’s predictions, providing clinicians with the neces-

sary evidence to support any decision.
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5.3. Conclusions

The relationship between Parkinson’s disease (PD) and cognitive impairment repre-

sents a significant medical and social challenge, reflected in its impact on the quality

of life of those affected. In this context, this research offers an innovative perspec-

tive by exploring the potential of gait patterns as non-invasive clinical biomarkers

for predicting cognitive impairment in patients with PD.

Through the instrumental analysis of gait data and the application of advanced ma-

chine learning techniques, the findings show remarkable performance in predicting

cognitive impairment up to a year before its onset. In particular, the deep learn-

ing methods leveraging high-performance models, such as the Cognitive assessment

through Gait in Parkinson’s Disease (CoGait-PD), demonstrated significant predic-

tive power, outperforming traditional models such as random forests and support

vector machines. These advances enable the generation of clinically interpretable

and relevant results for daily clinical practice, highlighting the value of modern

technological tools in the field of personalised medicine.

The use of 20 random partitions in the experimental design provided a robust frame-

work to evaluate the model’s performance, yielding reliable metrics despite the lim-

ited dataset. This methodological approach emphasises the importance of using

non-parametric models that do not rely on assumptions about data distribution, fa-

cilitating the identification of hidden relationships between gait characteristics and

cognitive impairment. Moreover, the model’s robust performance with small cohorts

highlights its potential for use in clinical contexts where large datasets are limited.

However, it is essential to acknowledge the limitations of this study, such as the small

sample size and the need for further validation in larger and more diverse cohorts.

This study presents an underexplored avenue of research, and its clinical implemen-

tation will require additional deterministic studies, as well as careful consideration

of the ethical and practical aspects that this approach entails.

In conclusion, this study paves the way for more personalised and effective interven-

tions in the management of PD. By using gait patterns as a predictive biomarker,
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clinicians will be able to more accurately monitor the cognitive status of people with

PD, allowing for early intervention in the disease’s progression. These results em-

phasise the need for continued research in this field to validate the findings in broader

clinical settings, ensuring that the proposed approach can be applied reliably and

ethically in practice.
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A. Appendix A: Spatiotemporal

Gait Characteristics

Table A.1.: Spatiotemporal gait characteristics

Assessments Description

SP U, SP DT Speed base walking and Dual task walking (m/sec)

RA AMP U, RA AMP DT Right arm amplitude base and Dual task walking (deg)

LA AMP U, LA AMP DT Left arm amplitude base and Dual task walking (deg)

RA STD U, RA STD DT Right arm variability (std deviation) in base and Dual task (%)

LA STD U, LA STD DT Left arm standard deviation in base and Dual task (%)

SYM U, SYM DT Between arm symmetry in base and Dual task walking (%)



B. Appendix B: Summary of

Hyperparameters Explored

Table B.1.: Summary of hyperparameters explored

Model Hyperparameters Explored Values

K-NN Number of neighbours (K) 1 – 30

Distance metric Euclidean, Manhattan, Minkowski

Weighting scheme Uniform, Distance-based

SVM Kernel type Cosine, Gaussian (RBF)

C (Regularisation) 10−3 to 103

γ (Kernel coefficient) 10−3 to 101


