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Abstract

Background: People with Parkinson’s disease suffer from gait impairments. Clinical
scales provide a limited and rater-dependent assessment of gait. Wearable sensors allow
an objective characterization by capturing rhythm, pace, and signature patterns. This
study investigated if sensor-derived gait parameters have prognostic value for short-term
progression of gait impairments. Methods: A total of 111 longitudinal visit pairs were
analyzed, where participants underwent clinical evaluation and a 4 × 10 m walking test
instrumented with wearable sensors. Changes in the UPDRSIII gait score between baseline
and follow-up were used to classify participants as Improvers, Stables, or Deteriorators.
Baseline group differences were assessed statistically. Machine-learning classifiers were
trained to predict group membership using clinical variables alone, sensor-derived gait
features alone, or a combination of both. Results: Significant between-group differences
emerged. In participants with UPDRSIII gait score = 1, Improvers showed higher median
gait velocity (0.81 m/s) and stride length (0.80 m) than Stables (0.68 m/s; 0.70 m) and
Deteriorators (0.59 m/s; 0.68 m), along with lower stance time variability (3.10% vs. 4.49%
and 3.75%; all p < 0.05). The combined sensor-based and clinical model showed the best
performance (AUC 0.82). Conclusions: Integrating sensor-derived gait parameters with
clinical score can support the identification of patients at risk of gait deterioration in the
near future.

Keywords: gait disorders; wearable sensors; machine learning; clinical utility; instrumented
gait assessments

1. Introduction
Gait impairments are among the most common and disabling motor deficits experi-

enced by people with Parkinson’s disease (PwP), significantly reducing their quality of
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life [1]. These gait impairments are mainly caused by dopaminergic loss in Parkinson’s
disease (PD), leading to bradykinesia, characterized by slowness of movement and reduced
step length, and rigidity. Together, these motor deficits contribute to postural instability
and result in typical gait disturbances such as shuffling gait and freezing of gait [2]. Al-
though it is currently not possible to halt or reverse the disease, studies suggest that timely
implementation of personalized treatments, pharmacological or non-pharmacological, can
benefit PwP by improving balance, gait velocity, and walking endurance [2–4].

To achieve this, a precise understanding and detailed characterization of each patient’s
gait impairments are needed [5], not only to design appropriate and personalized inter-
ventions, but also to identify early the individual risk of short-term deterioration and to
evaluate whether the intervention effectively improves gait performance.

Unfortunately, such characterization cannot be fully achieved using the Unified Parkin-
son’s Disease Rating Scale Section III (UPDRSIII) [6], which assesses gait impairments
through a single item scored from 0 to 4 (ranging from no impairment to severe gait
dysfunction). This approach lacks granularity and sensitivity and is further limited by
the non-linearity of symptom assessment [7,8]. Despite these limitations, the UPDRSIII
scale remains the current gold-standard clinical tool for assessing motor symptoms in
clinical research.

However, standardized walking tests already used in clinical assessments can be
enhanced through the integration of wearable devices equipped with Inertial Measurement
Unit (IMU) sensors, typically positioned on the feet, ankles, or trunk [9,10]. Wearables
sensors demonstrate strong potential for providing objective, quantifiable, and multipara-
metric characterization of Parkinsonian gait, capturing aspects such as speed, distance,
duration, and variability, while also detecting subtle alterations. Moreover, when com-
bined with artificial intelligence and machine-learning (ML) techniques, these diverse data
types have proven valuable in PD research, enabling the identification of hidden feature
patterns and supporting a more comprehensive, data-driven understanding of a patient’s
clinical status [11–13]. Integrating these wearable sensor-derived gait parameters with
ML and data-driven analytical methods can support the development of decision-support
systems that assist clinicians in delivering timely and individualized interventions, thereby
enhancing the clinical applicability of sensor-derived gait parameters in the management
of PD [14]. To advance current knowledge, the present retrospective analysis aims to assess
the prognostic value of clinical and sensor-derived gait parameters in characterizing gait im-
pairments among PwP who exhibited different trajectories of gait impairment progression.
Statistical analyses and machine-learning techniques were employed to test whether these
parameters, either individually or in combination, could distinguish individuals whose gait
impairments improved, remained stable, or worsened over a short-term observation period.

2. Material and Methods
2.1. The Dataset

This study analyzed data from longitudinal visits from PwP that were collected be-
tween May 2010 and June 2020 in the Department of Molecular Neurology of the University
Hospital Erlangen in Germany and was approved by the local ethics committee (Medical
Faculty, Friedrich-Alexander University Erlangen-Nürnberg, IRB # 4208, 166_18 B). All
patients were diagnosed with a PD diagnosis accordingly to the guidelines of the German
Society for Neurology and signed a written informed consent prior to the study. Inclusion
criteria comprised Hoehn and Yahr (H&Y) stage < 4, the ability to walk independently
(UPDRS gait item < 3), and assessment in the ON medication state, with motor examination
using UPDRS part III performed within 30 min prior to gait assessment to minimize the
influence of motor fluctuations. Patients with non–Parkinson-related gait impairments,
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atypical Parkinsonian syndromes, major neurological comorbidities, or severe cognitive
impairment were excluded [10]. We analyzed pairs of consecutive clinical visits [10], with
the earlier visit defined as the baseline and the subsequent visit as the follow-up. Eligible
visit pairs were required to have an interval of 30 to 365 days. Given the primary objective
of assessing the prognostic value of clinical and sensor-derived gait parameters in relation
to short-term changes in gait performance, each visit pair was treated as an independent
observation to examine baseline characteristics associated with subsequent trajectories of
gait impairment progression. Each visit consisted of a clinical assessment, which included
the patient’s age at the time of the study, disease duration, Hoehn and Yahr (H&Y) stage,
gender, date of the visit, levodopa equivalent daily dose (LEDD), and the UPDRSIII items.
For this analysis, we specifically retained the UPDRSIII total score along with the UPDRSIII
gait, bradykinesia, postural stability, and arise-from-chair items. The selection of UPDRSIII
items was based on their relevance to postural instability and gait dysfunction [15,16]. Dur-
ing each visit, PwP performed a 4 × 10 m walking test. Patients were instructed to walk at
their preferred speed while wearing IMU sensors on their shoes. Data were recorded using
Shimmer sensors [10] and the Mobile GaitLab system (Portabiles HealthCare Technologies
GmbH, Erlangen, Germany) [17]. Gait parameters were extracted using the gaitmap Python
3.11.14 package [18]. The following gait features were computed and averaged across the
4 × 10 m test: gait velocity (m/s), swing time (s), stance time (s), stride length (m), initial
contact (IC) angle (◦), terminal contact (TC) angle (◦), maximum lateral excursion (m), and
maximum sensor lift (m). To assess gait variability, the coefficient of variation (CV) was
calculated for gait velocity, swing time, stance time, and stride length for each recording.
Gait velocity, gait velocity CV, stride length, stride length CV, maximum lateral excursion,
and maximum sensor lift were normalized to the patient’s height. PwP were assessed in the
ON medication state. The UPDRSIII gait score, which has low assessment error and-inter
operator variability [19] and whose change can be considered clinically meaningful [20],
was used to identify three trajectory groups of gait progression: Improvers, Stables, and
Deteriorators. According to the longitudinal change in this item between the baseline and
follow-up visits, each data collected at a baseline visit was assigned to one of the three
groups based on the direction of change in the ∆UPDRSIII gait score between consecutive
visits, corresponding to negative, neutral, or positive changes, respectively, Figure 1. This
grouping was also justified, as no significant statistical changes in the LEDD were observed
between the baseline and follow-up visits across the groups.

2.2. Statistical Analysis

A primary statistical analysis was conducted on the clinical and gait parameters of
the overall dataset, while a secondary analysis was performed on three subsets obtained
by stratifying participants according to their UPDRSIII gait scores at baseline. The aim
was to assess significant differences at baseline in clinical and gait parameters among
the three gait progression trajectory groups. For comparison across the three groups, a
one-way ANOVA was performed when the data met the assumptions of normality and
homogeneity of variance; otherwise, a Kruskal–Wallis test was used. The effect size was
calculated for comparisons with a p-value < 0.05 using eta squared (η2). Post hoc analyses
were conducted to explore pairwise group differences: Tukey’s HSD test was applied
following ANOVA, whereas Dunn’s test was used after Kruskal–Wallis tests. p-values from
post hoc analyses were corrected for multiple comparisons using the Benjamini–Hochberg
method [21]. For comparison across two groups, an independent t-test was performed
if the data met the assumptions of normality and homogeneity of variance; otherwise,
a Mann–Whitney U test was used. The effect size was calculated for comparisons with
a p-value < 0.05 using Cohen’s d after the independent t-test or using r after the Mann–
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Whitney U test. p-values were then corrected using the Benjamini–Hochberg correction.
The following Python packages were used: scipy.stats for statistical functions and tests such
as the Shapiro–Wilk test and t-test; statsmodels and scikit.posthocs for advanced statistical
models such as post hoc tests and multiple comparison correction.

Figure 1. Data collection and dataset description. (a) The hospital visit consists of a clinical assessment
in which the physician records patient information such as age, gender, and LEDD, fills out the UPDRS
scale, and assesses the H&Y score. During the visit, the patient also performs an instrumented gait
assessment (4 × 10 m at preferred speed). Changes in the UPDRSIII gait item between consecutive
visits are used to assign the baseline data to a specific group. (b) Bar plot displaying the distribution
of baseline-follow up visits pairs per patient in the study. (c) Stacked bar plot displaying the number
of Improvers, Stables, and Deteriorators based on their baseline UPDRSIII gait scores at baseline.
UPDRS: Unified Parkinson’s Disease Rating Scale Section, C: Clinical scores, G: Gait assessment.

2.3. Machine-Learning Models

We evaluated the performance of three Random Forest (RF) models trained to identify
the gait progression trajectory groups. The first model included only clinical features, the
second included only gait features, and the third combined both clinical and sensor-derived
gait features. The final goal was to characterize the trajectory groups by exploring feature
interactions and their relative contribution to group discrimination. Prediction targets were
based on the classification of participants as Improvers, Stables, or Deteriorators, as defined
in Figure 1 and previously used in the statistical analysis. UPDRSIII gait item was included
in the pool of clinical features. Although this information introduces some constraints
which facilitate the task of ML model (such as individuals with UPDRS gait score 0 at
baseline cannot deteriorate), it represents a key piece of clinical information the physician
has available for the prognosis during the baseline visit. We selected the RF as the ML model
in our study, since it showed the best performance in terms of Area Under the Curve (AUC)
in predicting UPDRSIII score [12], PD stages [22,23] and specific motor symptoms using
sensor derived gait features [24]. Although the data derive from a longitudinal cohort, the
machine-learning analysis was conducted on baseline–follow-up visit pairs defined over a
fixed time interval, each treated as an independent short-term gait progression trajectory.
This pair-based formulation avoids overlapping temporal windows and does not aim to
model subject-specific longitudinal trajectories across multiple time points. Under this
study design, Random Forest classifiers assuming independent samples are appropriate
and have been shown to be suitable for longitudinal biomedical data reformulated as
independent observation units, in line with recent methodological recommendations [25].
Each classifier was trained and tested on a total of 72 hyperparameter combinations [23].
Hyperparameter combinations spanned the number of trees (10, 20, 50, 150, 200), minimum
leaf size (1, 2, 5) [26], and the number of features. Feature selection was performed

https://doi.org/10.3390/bioengineering13020130

https://doi.org/10.3390/bioengineering13020130


Bioengineering 2026, 13, 130 5 of 20

by testing fixed sizes of 4, 6, 8, 10, and 12 features, representing approximately half or
less of the available subsets. For smaller subsets (only clinical features), the upper limit
matched the subset size when below this range. The models were trained with labels
corresponding to the group membership of the samples, using a cost matrix that assigned
double the cost for misclassifying Improvers as Deteriorators (and vice versa) compared
to misclassifying Improvers as Stables or Deteriorators as Stables. Feature selection was
performed using the ReliefF [27], which works effectively with multi-class problems and can
capture complex, non-linear relationships among features. It has also already been applied
in various studies related to longitudinal changes in Parkinson’s disease [28]. For each
hyperparameter combination, a 10-Fold cross-validation was performed for 10 iterations
to obtain evaluation metrics such as AUC scores and accuracies. To ensure that each fold
preserved the distribution of both outcome classes and baseline gait severity, stratified
cross-validation was performed using a combined stratification scheme based on class
labels and UPDRSIII gait scores. The hyperparameter combination with the highest average
AUC score was selected as the best for both models. Significant differences in the model
performance metrics across the two datasets were assessed using either a paired t-test
or a Wilcoxon signed-rank test, depending on whether the assumption of normality was
satisfied. Normality of the paired AUC differences was evaluated using the Shapiro–Wilk
test. If the data met normality assumptions, a paired t-test was applied; otherwise, the
non-parametric Wilcoxon signed-rank test was used. All statistical tests were two-sided,
and significance was determined at an α level of 0.05. The ML models were developed
in Python, using skrebate library for the ReliefF algorithm and the sklearn package for
stratified K-Fold model selection, as well as for implementing the Random Forest Classifier
and AUC scores.

3. Results
A total of 111 valid visit pairs from 71 PwP were analyzed, comprising 41 Improvers,

35 Stables, and 35 Deteriorators. Demographics and clinical data for the overall population
are presented in Table 1.

Table 1. Median and interquartile range (IQR) are presented for the 71 PwP at their first visit in
the study.

Feature Median (IQR)

Age at study (years) 64 (14)
Height (cm) 171 (10)
Weight (kg) 74 (14)

Disease duration (years) 5 (7)
H&Y score 2 (2)

Gender F: 25; M: 46
∆days 168 (166)

LEDD (mg/day) 360 (644)
UPDRSIII total score 18 (12)

F: number of females; M: number of males; H&Y: Hoehn and Yahr scale; LEDD: Levodopa Equivalent Daily Dose;
UPDRSIII: Unified Parkinson’s Disease Rating Scale part III; Delta days: difference in days between baseline and
follow-up visit.

3.1. Significant Differences in Clinical and Sensor Derived Gait Parameters at Baseline

Analyzing the clinical parameters at baseline, we found that the UPDRSIII gait and
bradykinesia scores are statistically different, after multiple comparison correction, between
Improvers and Stables, as well as between Improvers and Deteriorators. Importantly,
neither the time interval between visits nor the disease stage differed significantly among
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the groups, allowing us to exclude these variables as potential confounders influencing
the observed gait impairment trajectories. While the statistical difference observed in the
UPDRSIII gait score between Improvers and the other two groups might be biased by the
fact that individuals categorized as Improvers, by definition, cannot present a baseline gait
score of zero, the statistical difference in bradykinesia suggests that this cardinal motor
symptom should be considered when evaluating the progression of gait impairments. No
statistically significant differences were found between Stables and Deteriorators, Table 2.

Gait parameters at baseline were then analyzed. Although no statistical differences
were found between Stables and Deteriorators, as between Improvers and Deteriorators,
all variability sensors derived gait parameters were found statistically different between
Improvers and Stables, Table 3.

Improvers exhibited significantly lower variability in gait parameters compared to Sta-
bles, along with generally higher median values for gait velocity, stride length, and IC angle
relative to both Stables and Deteriorators. Despite having worse baseline clinical character-
istics in terms of bradykinesia, Improvers demonstrated more favorable sensor-derived gait
parameters than Stables. It is important to mention that the lack of statistically significant
differences between Improvers and Deteriorators may be attributed to a confounding
effect introduced by the initial level of gait impairment severity. This confounding effect
could mask underlying differences in gait parameters, as gait impairments in this analysis
can range from absent to mild (score 0 to 2 in UPDRSIII gait item). To account for this
confounding effect, we used the categorical nature of the UPDRSIII gait score at baseline
to analyze clinical and sensor derived gait parameters in patients with the same baseline
score. This generated three sub-datasets. The first, consisting of PwP with gait score of
0 at baseline composed of 13 Stables and 23 Deteriorators. The second with participants
with gait score of 1, accounted for 31 Improvers, 18 Stables, and 8 Deteriorators. Finally,
the most severe group presented a gait score of 2 at baseline, with 10 Improvers, 4 Stables,
and 4 Deteriorators. While no statistically significant differences in clinical parameters
were observed between the groups Table 4, the analysis revealed new insights from the gait
parameters, Table 5.

For patients with a UPDRSIII gait score of 1, gait velocity, stance time, stride length,
and stance time CV were statistically different between Improvers and Stables, as well as
between Improvers and Deteriorators, after multiple comparison correction. Improvers
showed higher values in gait velocity, stride length, and reduced stance time and stance
time variability compared to both Stables and Deteriorators. Furthermore, the TC angle
and the remaining gait variability features were statistically different between Improvers
and Stables, with Improvers showing higher absolute values for TC angles and reduced
variability compared to Stables. Although not statistically significant differences after
multiple comparison correction, the lowest p-values and largest effect sizes were observed in
gait velocity, stride length, and TC angle between Stables and Deteriorators with UPDRSIII
gait score of 0 at baseline and between Improvers and Deteriorators with UPDRSIII gait
score of 2 at baseline. The patterns observed in these patients were similar to that seen in
patients with a UPDRSIII gait score of 1 at baseline, where reduced gait velocity, stride
length, and absolute TC angle were also noted in PwP that did not show an improvement
or stability in gait impairments.
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Table 2. Median [IQR] values are reported for Improvers, Stables, and Deteriorators.

Feature Improvers (n = 41) Stables (n = 35) Deteriorators (n = 35) p-Value Effect Size (η2) p Impr.—Stables p Impr.—Deter. p Stables—Deter.

Age at study (years) 61 (15) 63 (14) 70 (12) 0.031 0.062 1.000 0.110 0.729
Disease duration (years) 5 (7) 6 (8) 6 (8) 0.738 <0.001 – – –
H&Y score 2 (1) 2 (1) 2 (1) 0.255 0.007 – – –
Gender (F/M) F: 15; M: 26 F: 9; M: 26 F: 14; M: 21 0.421 <0.001 – – –
∆days 99 (153) 196 (175) 189 (174) 0.145 0.017 – – –
LEDD (mg/day) 460 (594) 420 (516) 480 (648) 0.978 <0.001 – – –
UPDRSIII total score 18 (13) 15 (8) 14 (8) 0.037 0.042 0.390 0.072 0.981
UPDRSIII gait score 1 (0) 1 (1) 0 (1) <0.001 0.246 0.017 <0.001 0.237
UPDRSIII bradykinesia 1 (1) 1 (0) 1 (0) 0.002 0.094 0.024 0.024 1.000
UPDRSIII arise from chair 0 (1) 0 (1) 0 (1) 0.895 <0.001 – – –
UPDRSIII postural stability 1 (0) 0 (1) 1 (1) 0.045 0.039 0.072 0.615 0.728

Statistical analyses include ANOVA/Kruskal–Wallis tests with effect sizes eta squared (η2) and post hoc p-values (Tukey’s HSD/Dunn’s test). Pairwise p-values were corrected using the
Benjamini–Hochberg method. Statistical significance was defined as p-value < 0.05. (F: number of females; M: number of males; N: group numerosity; – Not performed, post hoc tests
were not conducted when the overall test was not significant). η2 values were interpreted according to Cohen’s guidelines as small (∼0.01), medium (∼0.06), and large (≥0.14).

Table 3. Median [IQR] values of sensor-derived gait parameters for Improvers, Stables, and Deteriorators.

Feature Improvers (n = 41) Stables (n = 35) Deteriorators (n = 35) p-Value Effect Size (η2) p Impr.—Stables p Impr.—Deter. p Stables—Deter.

Gait velocity (m/s) 0.78 (0.14) 0.74 (0.19) 0.72 (0.22) 0.046 0.038 0.330 0.091 0.811
Swing time (s) 0.37 (0.03) 0.38 (0.04) 0.37 (0.04) 0.809 0.004 – – –
Stance time (s) 0.63 (0.09) 0.67 (0.05) 0.65 (0.11) 0.139 0.018 – – –
Stride length (m) 0.78 (0.09) 0.77 (0.14) 0.75 (0.14) 0.075 0.030 – – –
IC angle (◦) 14.17 (6.91) 12.82 (7.81) 12.26 (7.59) 0.642 <0.001 – – –
TC angle (◦) −66.78 (8.39) −65.96 (8.63) −64.10 (10.61) 0.032 0.045 0.350 0.066 0.565
Max lateral excursion (m) 0.03 (0.01) 0.02 (0.01) 0.02 (0.01) 0.336 0.002 – – –
Max sensor lift (m) 0.11 (0.02) 0.12 (0.01) 0.11 (0.01) 0.346 0.001 – – –
Gait velocity CV (%) 4.07 (5.21) 6.06 (2.00) 5.57 (3.13) 0.002 0.096 0.008 0.330 0.267
Swing time CV (%) 2.94 (3.90) 4.30 (1.37) 3.61 (2.65) 0.004 0.083 0.012 0.306 0.331
Stance time CV (%) 3.10 (3.99) 4.49 (1.96) 3.75 (3.06) 0.012 0.063 0.027 0.429 0.330
Stride length CV (%) 3.23 (3.90) 5.53 (2.30) 4.31 (2.72) <0.001 0.131 0.002 0.300 0.162

Median [IQR] values are reported for Improvers, Stables, and Deteriorators. Statistical analyses include ANOVA/Kruskal–Wallis tests with effect sizes eta squared (η2) and post hoc p-values
(Tukey’s HSD/Dunn’s test). Pairwise p-values were corrected using the Benjamini–Hochberg method. Statistical significance was defined as p-value < 0.05. (–): Not performed; post hoc tests
were not conducted when the overall test was not significant. η2 values were interpreted according to Cohen’s guidelines as small (∼0.01), medium (∼0.06), and large (≥0.14).
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Table 4. Median [IQR] values of clinical parameters stratified by UPDRSIII gait score for Improvers, Stables, and Deteriorators.

Feature UPDRSIII Gait
Score Impr. (n = 41) Stables (n = 35) Deter. (n = 35) p-Value Effect Size (η2) p Impr.—

Stables
p

Impr.—Deter.
p Stables—

Deter.

Age at study (years)
0 57 (7) 68 (12) <0.001 0.342
1 61 (13) 66 (14) 71 (10) 0.056 0.070 – – –
2 70 (11) 74 (7) 72 (5) 0.380 <0.001 – – –

Disease duration (years)
0 7 (4) 4 (6) 0.250 0.342
1 5 (5) 7 (10) 9 (6) 0.201 0.022 – – –
2 8 (6) 4 (4) 13 (12) 0.434 <0.001 – – –

H&Y score
0 1 (1) 2 (1) 0.296 0.342
1 2 (1) 2 (0) 2 (1) 0.716 <0.001 – – –
2 3 (0) 3 (0) 4 (1) 0.258 0.165 – – –

Gender (F/M)
0 F: 7; M: 6 F: 9; M: 14 0.121 0.456
1 F: 13; M: 18 F: 2; M: 16 F: 3; M: 5 0.079 0.057 – – –
2 F: 2; M: 8 F: 0; M: 4 F: 2; M: 2 0.247 0.053 – – –

∆days
0 210 (175) 189 (145) 0.338 0.422
1 99 (109) 214 (176) 175 (163) 0.191 0.024 – – –
2 122 (183) 100 (43) 322 (49) 0.093 0.184 – – –

LEDD (mg/day)
0 420 (349) 257 (478) 0.184 0.422
1 400 (479) 415 (548) 793 (386) 0.158 0.031 – – –
2 845 (704) 657 (102) 672 (496) 0.636 0.059 – – –

UPDRSIII total score
0 8 (11) 12 (9) <0.001 0.705
1 17 (12) 18 (8) 15 (6) 0.687 <0.001 – – –
2 22 (12) 19 (12) 20 (13) 0.816 0.027 – – –

UPDRSIII bradykinesia
0 1 (1) 1 (1) 0.060 0.342
1 1 (1) 1 (0) 1 (0) 0.409 <0.001 – – –
2 2 (1) 1 (1) 2 (0) 0.423 <0.001 – – –

UPDRSIII arise from chair
0 0 (0) 0 (0) 0.143 0.422
1 0 (1) 0 (1) 1 (1) 0.279 0.010 – – –
2 0 (1) 1 (0) 0 (1) 0.213 0.073 – – –

UPDRSIII postural stability
0 0 (0) 0 (1) 0.176 0.422
1 1 (1) 0 (1) 1 (0) 0.252 0.014 – – –
2 1 (1) 2 (1) 2 (1) 0.702 <0.001 – – –

Median [IQR] values are reported for Improvers, Stables, and Deteriorators. Statistical analyses include ANOVA/Kruskal–Wallis tests with effect sizes eta squared (η2) and post
hoc p-values (Tukey’s HSD/Dunn’s test). Pairwise p-values were corrected using the Benjamini–Hochberg method. Statistical significance was defined as p-value < 0.05. (–): Not
performed; post hoc tests were not conducted when the overall test was not significant. η2 values were interpreted according to Cohen’s guidelines as small (∼0.01), medium (∼0.06),
and large (≥0.14).
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Table 5. Median [IQR] values of sensor-derived gait parameters stratified by UPDRSIII gait score for Improvers, Stables, and Deteriorators.

Feature UPDRSIII Gait Score Impr. (n = 41) Stables (n = 35) Deter. (n = 35) p-Value Effect Size (η2) p Impr.—Stables p Impr.—Deter. p Stables—Deter.

Gait velocity (m/s)
0 0.82 (0.12) 0.76 (0.18) 0.618 0.209
1 0.81 (0.13) 0.68 (0.12) 0.59 (0.21) <0.001 0.281 0.006 0.007 0.751
2 0.74 (0.16) 0.62 (0.08) 0.54 (0.04) 0.045 0.340 1.000 0.427 1.000

Swing time (s)
0 0.37 (0.04) 0.36 (0.03) 0.333 0.460
1 0.37 (0.02) 0.38 (0.04) 0.40 (0.03) 0.070 0.062 – – 0.070
2 0.38 (0.06) 0.37 (0.02) 0.37 (0.02) 0.174 0.207 – – 0.175

Stance time (s)
0 0.63 (0.08) 0.63 (0.09) <0.001 0.875
1 0.62 (0.08) 0.67 (0.06) 0.73 (0.05) 0.001 0.244 0.028 0.006 0.314
2 0.66 (0.09) 0.67 (0.01) 0.68 (0.04) 0.972 0.004 – – –

Stride length (m)
0 0.87 (0.09) 0.79 (0.10) 0.986 0.091
1 0.80 (0.08) 0.70 (0.11) 0.68 (0.14) <0.001 0.251 0.019 0.015 0.911
2 0.74 (0.09) 0.64 (0.09) 0.55 (0.11) 0.007 0.485 1.000 0.092 0.911

IC angle (◦)
0 16.07 (4.37) 13.79 (8.65) 0.173 0.091
1 14.40 (7.12) 11.25 (5.26) 10.46 (6.14) 0.021 0.106 0.088 0.059 0.751
2 10.82 (6.32) 9.21 (6.10) 9.05 (3.03) 0.725 <0.001 – – –

TC angle (◦)
0 –69.93 (3.50) –64.93 (8.17) 0.387 0.127
1 –67.79 (9.09) –63.84 (5.61) –67.39 (14.24) 0.035 0.088 0.031 0.522 0.690
2 –65.10 (7.62) –59.61 (2.20) –51.27 (8.84) 0.007 0.487 1.000 0.092 0.911

Max lateral excursion (m)
0 0.03 (0.02) 0.02 (0.01) 0.107 0.638
1 0.03 (0.01) 0.02 (0.01) 0.03 (0.01) 0.408 <0.001 – – –
2 0.03 (0.01) 0.02 (0.01) 0.02 (0.01) 0.057 0.318 – – –

Max sensor lift (m)
0 0.12 (0.01) 0.11 (0.01) 0.119 0.800
1 0.11 (0.01) 0.11 (0.02) 0.12 (0.01) 0.606 <0.001 – – –
2 0.11 (0.04) 0.12 (0.01) 0.10 (0.01) 0.303 0.147 – – –

Gait velocity CV (%)
0 5.93 (3.05) 4.76 (3.71) 0.612 0.209
1 3.93 (4.24) 6.15 (1.68) 5.55 (2.20) 0.002 0.195 0.006 0.301 0.540
2 5.90 (5.68) 6.25 (0.81) 6.90 (0.30) 0.443 <0.001 – – –

Swing time CV (%)
0 4.28 (0.59) 3.35 (3.13) 0.261 0.243
1 3.25 (3.98) 4.30 (1.41) 3.83 (4.28) 0.022 0.104 0.028 0.302 0.911
2 2.93 (2.95) 4.04 (1.35) 5.29 (1.32) 0.095 0.269 – – –

Median [IQR] values are reported for Improvers, Stables, and Deteriorators. Statistical analyses include ANOVA/Kruskal–Wallis tests with effect sizes eta squared (η2) and post
hoc p-values (Tukey’s HSD/Dunn’s test). Pairwise p-values were corrected using the Benjamini–Hochberg method. Statistical significance was defined as p-value < 0.05. (–): Not
performed; post hoc tests were not conducted when the overall test was not significant. η2 values were interpreted according to Cohen’s guidelines as small (∼0.01), medium (∼0.06),
and large (≥0.14).
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The spider plots in Figure 2 illustrate, as example, the 25th–75th percentile distributions
of four gait parameters, gait velocity, stride length, IC angle, and stance time CV, for the
full dataset and after the stratification by UPDRS gait score at baseline.

Figure 2. Spider plots illustrating the distribution of four gait parameters (stride length, gait velocity,
IC angle, and stance time CV) based on the 25th and 75th percentiles. (a) Non-stratified dataset;
(b) stratified by UPDRSIII gait score 0; (c) stratified by UPDRSIII gait score 1; (d) stratified by
UPDRSIII gait score 2. Percentile ranges for Improvers, Stables, and Deteriorators indicated in green,
blue, and red, respectively. Radial axes for stride length and gait velocity range from 0.4 to 1 m; for
IC angle from 5◦ to 20◦; for stance time CV from 0 to 9. Dots indicate significant differences between
two groups, with the specific groups color-coded inside the circle. IC: initial contact, CV: coefficient
of variation.

It is possible to observe in Figure 2a that without stratification by UPDRSIII gait score
at baseline there is an overlap in the distribution of Improvers, Stables, and Deteriorators.
This overlap tends to decrease when considering the UPDRSIII gait score at baseline, as
shown in Figure 2b–d.

3.2. ML Performances in Identifying the Trajectory Groups of Gait Progression

The best predictive performance in terms of AUC (0.82 ± 0.01) and accuracy
(67.21 ± 1.92) was achieved by the RF model combining both clinical and gait parame-
ters, with optimal hyperparameters: 8 features, 200 trees, and a minimum leaf size of
1. This was followed by the model using only clinical parameters (AUC = 0.78 ± 0.01;
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accuracy = 60.72 ± 3.07; hyperparameters: 10 features, 150 trees, minimum leaf size of 1)
and the model using only sensor-derived gait parameters, which showed the lowest perfor-
mance (AUC = 0.62 ± 0.01; accuracy = 44.59 ± 1.86; hyperparameters: 8 features, 200 trees,
minimum leaf size of 1). The independent t-test revealed statistically significant differences
in AUC scores (p < 0.001) and accuracies (p < 0.001) across all three models, Figure 3.

Figure 3. Overview of ML model performances. Bar plots show the average AUC and accuracy for
all three classifiers over 10 iterations, with *** indicating p < 0.001. AUC: area under the curve.

The confusion matrices for the three models, together with the corresponding selected
features, are reported in Figure 4.

Figure 4. Cumulative confusion matrices of the three ML models and corresponding selected features.
(a) for only clinical features, (b) for only sensor derived gait features, and (c) for clinical and gait
features. Confusion matrices share the same color scale. AUC: area under the curve, H&Y: Hoehn
and Yahr, UPDRS: Unified Parkinson’s Disease Rating Scale, TC: terminal contact, CV: coefficient
of variation.

To assess the potential confounding effect of including the UPDRSIII gait item, we
also tested a model in which this item was incorporated into the Postural Instability and
Gait Difficulty score (PIGD). The analysis produced similar results, see Appendix A, with
the combined model performing slightly better overall, although some misclassification
errors increased. For this reason, we decided to retain the UPDRSIII gait score at baseline
as an individual input feature.

4. Discussion
This study leveraged statistical and ML models to investigate whether patterns cap-

tured through sensor-derived gait parameters can be informative about different trajectories
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of gait impairment progression in PwP. Our results suggest that these features possess
a certain degree of prognostic value. However, to maximize the impact of these digital
biomarkers, it is critical to interpret them in conjunction with clinical information. In fact,
the statistical analysis showed clearer and more explainable patterns after the stratification
of our dataset by UPDRSIII gait score. Furthermore, the best ML predictive performance
was achieved by incorporating both clinical and sensor derived gait parameters, whereas
the model trained exclusively on the gait parameters obtained the worst results. Hence,
these results support the idea that accurate clinical characterization is essential for inter-
preting sensor-derived gait parameters, particularly in the context of developing decision-
support systems for individualized intervention. Our findings align with previous works
in literature. In their paper, Hill et al. [9] suggested that gait impairments characterization
in the clinic can be enhanced by sensor-derived gait parameters as a complement to the
UPDRSIII. A second study by Godi et al. [29] demonstrated that stratifying patients using
the H&Y score revealed gait pattern differences between early- and late-stage PD that
would otherwise be missed, reinforcing the value of combining clinical stratification with
sensor data. Additionally, the study by Hähnel et al. [11], which focused on identifying
Parkinson’s progression rates, also highlighted a group of sensor-derived gait parameters as
significantly different between slow and fast progressors, including the same gait features,
gait velocity, stride length, TC angle and stance time, that have been identified in this study.
In line with these findings, ML-based feature selection in our study showed that, besides
the UPDRS-III gait item, stride length, gait velocity, and TC angle were the most relevant
sensor-derived gait features for trajectory discrimination. These features capture distinct
aspects of gait, including foot progression and foot–ground interaction. While gait velocity
is an established key parameter in PD studies [30], stride length and TC angle have also
shown promising results for monitoring disease progression and severity under supervised
assessment strategies [31,32]. Moreover, TC angle has been reported to be sensitive to
treatment effects [32]. One of the key contributions of this manuscript is the generation
of reference values for sensor-derived gait parameters, which we found to be significant
for distinguishing trajectories of gait impairment progression. Although further research
is needed, Baudendistel S. [33] indicates a minimal clinically relevant difference in gait
velocity of 8.2 cm/s for standardized gait assessment. Comparable or larger differences
were found in our work between the groups of Improvers, Stables and Deteriorators after
stratifying the dataset. Such delta in gait velocity is associated with a reduction of stride
length, or an increase in stride time, or both simultaneously. A shorter stride length is
primarily attributed to a reduced ability to move the body forward effectively, whereas
an increased stride time, if driven by an increased stance phase, is associated with pos-
tural instability, as prolonging the time both feet remain on the ground can help PwP
to maintain their posture [34]. When considering patients with UPDRSIII gait score of
1 at baseline, the distribution in our dataset suggests that patients that will deteriorate
present simultaneously a reduced stride length (more than 7.2 cm of difference which is
considered clinically relevant [33]) and an increased stance time compared to patients that
have shown an improvement in gait impairments. For Deteriorators with UPDRSIII gait
score of 2 instead, gait velocity and stride length shown a clinically significant difference
between both Stables and Improvers, whereas comparable values of stance time were
observed. However, it is important to mention that these results could be influenced by
the limited sample size of patient with UPDRSIII gait score of 2 at baseline, composed by
only 18 individuals across all groups. Among Deteriorators with baseline UPDRSIII gait
scores of 1 or 2, higher values of gait variability parameters compared to Improvers were
observed, which are typically associated with gait instability and increased fall risk. Even
though Deteriorators with a baseline UPDRSIII gait score of 0 exhibited clinically relevant
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differences in gait velocity and stride length, as well as comparable stance time to Stable
patients with the same score, the Stables group demonstrated increased variability across
all gait parameters. Since an UPDRSIII gait score of 0 indicates the absence of observable
gait impairments, these findings suggest that PwP who are likely to deteriorate may reduce
their gait velocity as a compensatory strategy to enhance postural and balance control.
In contrast, Stables may exhibit increased gait variability as an intrinsic manifestation of
the disease itself [35], despite not showing gait impairments during the visual clinical
assessment. As second key clinical factor for the identification of patients at risk identified
by the ML model features selection is the severity of bradykinesia, which is primarily linked
with the sensor-derived gait speed, but also with variability features that reflect postural
instability [35]. Both our statistical and ML analysis showed how the most challenging
group to identify are the Stables, as the statistical analysis did not show any statistically
significant separation from the Deteriorators group and resulted in the hardest to predict by
the ML model. In fact, the best predictive model, trained on both clinical and gait features,
achieved a sensitivity of 74% for both Improvers and Deteriorators, but only 52% for the
Stables. Although, for all groups, the model achieved specificity above 80%. Observing
the confusion matrices in Figure 4, most of the errors occurred within the Stables group,
with fewer misclassifications between Improvers and Deteriorators. In this context, the
present findings may be relevant for the future design and evaluation of trial outcomes
involving sensor-derived gait parameters. Randomized rehabilitation studies, such as those
by [36], used inertial sensors to assess physiotherapy or treadmill training in people with
Parkinson’s disease and reported improvements in gait velocity and stride length. Similarly,
sensor-derived gait velocity and stride length were key outcome measures in the evaluation
of wearable biofeedback devices designed to improve gait patterns in Parkinson’s dis-
ease [37], as well as in exploratory observational studies investigating multimodal complex
treatment [38]. We believe that the stratification approach proposed in this work could
support the extension of similar studies toward individualized treatment plans tailored
to patients’ specific needs. Despite the promising results, it is important to recognize the
limitations of our observational study. Notably, there is currently no consensus on the
optimal time interval required to assess changes in disease progression [39–41]. Ideally, all
follow-up visits should occur after a standardized time interval, this was not the case for
our study. Interestingly, the ML model, for our dataset, did not select the time between
baseline and follow-up visits as a relevant feature to distinguish the three groups. A second
limitation of this study is that detailed treatment regimens were not available for analysis.
Although no statistically significant changes in LEDD were observed across follow-up
visits and gait changes have been reported to be largely unrelated to dopaminergic medica-
tion adjustments [2,35,42], individual improvements may still have resulted from specific
non-pharmacological interventions, while deterioration could have been influenced by
unpredictable traumatic events. In addition, several factors known to affect gait in people
with Parkinson’s disease were not available in this study. Although age and sex did not
differ significantly between groups, gait velocity is known to be affected by aging, and
future studies should aim for a balanced representation of male and female participants.
Comorbid conditions, including other neurological disorders and metabolic diseases such
as diabetes, may further deteriorate gait, as may cognitive decline, which has been associ-
ated with worsening gait performance [9,43]. Moreover, family and social support have
been shown to enhance motivation and treatment adherence, potentially contributing to
reported improvements [44,45]. Sensory function (vision and hearing) and gait assessment
under uneven or real-world conditions were not explored, yet are critical elements for
future wearable-based trials investigating gait impairments in PwP. Finally, it is important
to acknowledge the risk of circularity in the ML analysis, where the UPDRSIII gait score at
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baseline is used as predictor but also to generate the labels to estimate by the model. This
could potentially enhance the absolute performance of the models. However, it is essential
to underline how the goal of the ML analysis in this paper was not to achieve optimal
prediction but rather to evaluate if sensor-derived gait features possess prognostic power.
In this context, the key metric is the delta in performance observed when such parameters
are integrated with clinical scores. The fact the comparison is made with the clinical model,
which is trained also with the UPDRSIII gait score, should mitigate potential bias.

5. Conclusions
Although further validation in larger cohorts is needed, these findings represent an

initial step toward the development of decision-support systems that assist healthcare
professionals in clinical practice. By complementing standard patient assessments with
data-driven insights on gait impairment progression, this approach can enhance clinical
decision-making and guide timely, personalized interventions aimed at improving patient
quality of life.
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Abbreviations
The following abbreviations are used in this manuscript:

AUC Area Under the Curve
CV Coefficient of Variation
H&Y Hoehn and Yahr
IC Initial Contact
IMU Inertial Measurement Unit
LEDD Levodopa Equivalent Daily Dose
ML Machine Learning
PD Parkinson’s Disease
PIGD Postural Instability and Gait Difficulty
PwP People with Parkinson’s Disease
RF Random Forest
TC Terminal Contact
UPDRS Unified Parkinson’s Disease Rating Scale
UPDRSIII Unified Parkinson’s Disease Rating Scale Section III

Appendix A
Performances of multiple ML configurations are showed below. Separate models

were trained using only clinical scores, only clinical scores with the PIGD score replacing
the UPDRS III gait item, only sensor-derived gait parameters, and a combination of both
clinical and sensor derived parameters, with and without substituting the UPDRS III gait
item with the PIGD score.

Appendix A.1. Best ML Model with Only Clinical Parameters (Without Substituting UPDRSIII
Gait Item with PIGD Score)

Best model setup

• Number of features: 10
• Number of trees: 150
• Leaf size: 1

Selected features

Selected Feature Average Importance Standard Deviation

UPDRSIII gait 0.18 0.01
Age at study 0.17 0.00
Delta days 0.15 0.01
UPDRSIII total score 0.14 0.01
Disease duration 0.12 0.01
H&Y 0.09 0.00
UPDRSIII bradykinesia 0.06 0.00
UPDRSIII postural stability 0.04 0.00
Gender 0.03 0.00
UPDRSIII arise from chair 0.03 0.00

Performance metrics

AUC (±STD) Accuracy % (±STD)

0.78 ± 0.01 60.72 ± 3.07
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Cumulative confusion matrix

Predicted labels

True labels Improvers Stables Deteriorators

Improvers 330 56 24
Stables 116 156 78
Deteriorators 68 94 188

Appendix A.2. Best ML Model with Only Sensor-Derived Gait Parameters

Best model setup

• Number of features: 8
• Number of trees: 200
• Leaf size: 1

Selected features

Selected Feature Average Importance Standard Deviation

TC angle (◦) 0.15 0.01
Swing time CV 0.15 0.01
Gait velocity CV 0.14 0.01
Stance time CV 0.15 0.01
Stride length (m) 0.15 0.01
Max lateral excursion (m) 0.13 0.00
Gait velocity (m/s) 0.13 0.01

Performance metrics

AUC (±STD) Accuracy % (±STD)

0.62 ± 0.01 44.59 ± 1.86

Cumulative confusion matrix

Predicted labels

True labels Improvers Stables Deteriorators

Improvers 220 96 94
Stables 71 174 105
Deteriorators 162 87 101

Appendix A.3. Best ML Model with a Combination of Clinical and Sensor-Derived Gait Parameters
(Without Substituting UPDRSIII Gait Item with PIGD Score)

Best model setup

• Number of features: 8
• Number of trees: 200
• Leaf size: 1

Selected features
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Selected Feature Average Importance Standard Deviation

UPDRSIII gait 0.17 0.01
TC angle (◦) 0.14 0.01
Stride length 0.13 0.01
Gait velocity (m/s) 0.13 0.01
Swing time CV 0.12 0.01
Stride length CV 0.14 0.01
Stance time CV 0.12 0.01
UPDRSIII bradykinesia 0.05 0.00

Performance metrics

AUC (±STD) Accuracy % (±STD)

0.82 ± 0.01 67.21 ± 1.92

Cumulative confusion matrix

Predicted labels

True labels Improvers Stables Deteriorators

Improvers 304 84 22
Stables 94 182 74
Deteriorators 34 56 260

Appendix A.4. Best ML Model with Only Clinical Parameters (UPDRSIII Gait Item Substituted
with PIGD Score)

Best model setup

• Number of features: 6
• Number of trees: 100
• Leaf size: 2

Selected features

Selected Feature Average Importance Standard Deviation

UPDRSIII total score 0.31 0.01
PIGD score 0.24 0.01
H&Y 0.17 0.01
UPDRSIII bradykinesia 0.13 0.01
UPDRSIII postural stability 0.08 0.01
UPDRSIII arise from chair 0.06 0.01

Performance metrics

AUC (±STD) Accuracy % (±STD)

0.67 ± 0.01 50.54 ± 2.01

Best model setup

• Number of features: 10
• Number of trees: 200
• Leaf size: 1
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Appendix A.5. Best ML Model with a Combination of Clinical and Sensor-Derived Gait Parameters
(UPDRSIII Gait Item Substituted with PIGD Score)

Selected features

Selected Feature Average Importance Standard Deviation

TC angle (◦) 0.12 0.01
Stride length (m) 0.11 0.01
Max. lateral excursion (m) 0.11 0.01
Gait velocity (m/s) 0.11 0.01
Swing time CV 0.11 0.01
Stride length CV 0.10 0.01
Stance time CV 0.09 0.01
PIGD score 0.09 0.01
Gait velocity CV 0.09 0.01
UPDRSIII bradykinesia 0.07 0.01

Performance metrics

AUC (±STD) Accuracy % (±STD)

0.71 ± 0.02 53.60 ± 2.05

Cumulative confusion matrix

Predicted labels

True labels Improvers Stables Deteriorators

Improvers 253 89 68
Stables 64 188 98
Deteriorators 95 101 154
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