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ABSTRACT
Background: Postural instability and gait difficulties are key symptoms of Parkinson's disease (PD), elevating the risk of falls 
substantially. Falls afflict 35% to 90% of PD patients, representing a major challenge in managing the condition. Accurate predic-
tion of fall risk and identification of contributing factors are essential for timely interventions.
Objectives: Our objective was to develop and validate a machine learning (ML) algorithm across multiple centers in Italy to 
accurately forecast fall risk and identify related factors using routinely collected clinical data.
Methods: Patient data from two Italian centers (N = 251) were divided into a training cohort (N = 164) for ML model devel-
opment and a validation cohort (N = 87). External validation was conducted on a subset of PPMI study patients (N = 65). We 
compared the performance of logistic regression (LR) and Support Vector Classifier (SVC) models trained on clinical data. The 
Shapley Additive exPlanations (SHAP) method was employed to examine the predictive power of individual variables.
Results: In the training set, SVC outperformed LR slightly (AUC: LR = 0.779 ± 0.054, SVC = 0.792 ± 0.056). However, LR 
demonstrated better prediction accuracy in both internal (AUC: LR = 0.753, SVC = 0.733) and external validation cohorts (AUC: 
LR = 0.714, SVC = 0.676). SHAP analysis on the LR model revealed associations between fall risk and both motor and non-motor 
variables.
Conclusions: ML-based models effectively estimate fall risk across different clinical centers, enabling tailored interventions to 
enhance PD patients' quality of life. Challenges persist in predicting falls in US-based patients due to demographic and health-
care system differences.
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1   |   Introduction

Parkinson's disease (PD) is a progressive neurodegenerative dis-
order characterized by motor impairments and a wide range of 
non-motor symptoms [1, 2]. Among the various clinical prob-
lems associated with PD progression, falls represent a critical 
and often debilitating issue, resulting in decreased quality of life 
for patients and increasing the risk of severe injuries with conse-
quent increased healthcare costs [3–6].

Falls affect 50%–60% of PD patients throughout disease progres-
sion [2, 7–9], while 40%–70% experiencing falls annually and 
one-third falling repeatedly [10, 11]. Fall frequency in PD is twice 
that of age-matched older adults [12], and injurious falls are nota-
bly more common [13]. Most falls occur during routine mobility 
tasks, with over half of patients being repeat fallers [14, 15].

Falls in PD result from a complex interplay of age-related and 
PD-specific factors [16]. Key contributors include motor symp-
toms (e.g., axial rigidity, freezing of gait, and postural insta-
bility) and non-motor symptoms (e.g., cognitive impairment, 
depression, and orthostatic hypotension).

Managing falls in PD requires a multidisciplinary approach, 
where regular assessments of balance, gait, and medication side 
effects are essential. Personalized interventions, including phys-
ical therapy, balance and strength training, cognitive-motor 
exercises, medication adjustments, and environmental modifi-
cations, can help in reducing fall risk [8, 17, 18].

Considering the strong impact of falls on well-being and quality 
of life of PD patients and socioeconomic cost, developing effec-
tive strategies for prediction of falls in PD is a great challenge 
that will lead to the development of efficacious preventive multi-
dimensional and personalized approaches [19–21].

In this scenario, Machine Learning (ML) can play a significant 
role in predicting falls in PD patients. ML is a subset of Artificial 
Intelligence (AI) that focuses on the development of algorithms 
that allow the learning of data to predict new ones [18]. That is, 
ML uses input data to create models to predict outcomes.

In PD, an ever-increasing number of articles are studying the dis-
ease through ML. A recent systematic review [18] summarized 
the studies that have applied ML to PD. The authors analyzed 255 
studies based on objectives, algorithms used, sample size, source 
of data, and model performance. Specifically, most studies used 
voice recording data (n = 64), 47 studies used neuroimaging data, 
49 used gait data, 25 used EEG data, 13 used genetics data, and 
only 8 studies used clinical data. Regarding clinical studies, only 
cross-sectional and classification studies have been performed, 
and, among these, no studies aimed to predict falls.

To our knowledge, in the literature, only a few studies have 
investigated the prediction of falls in PD patients using ML. 
Among the first works on the topic, Gao et al. (2018) [22] used 
clinical, demographic, and neuroimaging data in different 
ML algorithms (Logistic Regression, Random Forest, Support 
Vector Machines, and XGboost) to classify PD patients into fall-
ers or non-fallers. Specifically, using data from 251 patients, they 
identified that ML algorithms had a classification accuracy of 

about 70%–80%. Furthermore, the variables that best classify 
patients who fall or who do not fall are gait speed, Hohen and 
Yahr (H&Y) stage, postural instability, and gait difficulty-related 
measurements. A similar study [23] used the XGboost algorithm 
to classify 305 PDs into fallers or non-fallers using clinical, de-
mographic, pharmacological, balance, and Activities-Specific 
Balance Confidence Scale (ABC-16) data. The accuracy of the 
model to classify falls was 72% and the most important features 
were items 7, 5, 12 in the ABC-16 scale, disease stage, and dura-
tion. Another study [24] developed a ML algorithm to classify 
109 PDs into fallers and non-fallers using consensus from clin-
ical data from different domains (scale variables, clinical vari-
ables, physiological variables, and gait variables). The consensus 
model reached an accuracy between 75.68% and 77.50% and sug-
gested that different domains contain complementary informa-
tion and integrating them improves prediction accuracy. Other 
studies have also used sensor data to predict falls in PD patients. 
For example, Ullrich et al. [25] used two-week real-word sensor 
data of 40 PD patients in a Random Forest algorithm. The classi-
fication accuracy of the model was 74%.

Previous studies on falls in PD reveal limited analysis using ML 
and clinical data. Few studies solely utilize clinical data for fall 
prediction, while non-motor symptoms like orthostatic hypoten-
sion or cognitive decline, vital in predicting falls, receive min-
imal consideration. Classification studies adopt cross-sectional 
designs, generally lacking the longitudinal aspect crucial for ac-
curate predictions. The present study aims to fill these gaps by 
developing an AI-driven algorithm using heterogeneous clinical 
data from PD patients across multiple time points. The objec-
tive is to create a predictive tool supporting clinicians' decision-
making and tailoring interventions for individual patients [26].

2   |   Methods

Detailed description of the project methodological aspects is 
available in a dedicated paper [26].

2.1   |   Ethics Statement and Protocol

The study was approved by the Locals Ethics Committees 
(Ethics Committee of Azienda Provinciale per i Servizi Sanitari 
of Trento and Ethics Committee of Liguria Region—Protocol 
number NET-2018-12366666-3-PD). The protocol for this study 
was published early in 2024 [26] and refers to the NeuroArtP3 
(NET-2018-12366666) project. The NeuroArtP3 project is a four-
year multi-center study aimed at promoting the collaboration 
between clinical and computational centers operating in the 
field of neurology, co-founded by the Italian Ministry of Health. 
Written informed consent was obtained from every participant 
and all assessments were performed according to national and 
international guidelines.

2.2   |   Study Population and Variables of Interest

A total of 251 patients diagnosed with PD from the 
NeuroArtP3 project were selected and enrolled in two 
different clinical centers in North Italy, respectively 
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124 at the APSS (Provincial Health Services, Trento, 
Italy) and 127 at the HSM. 

(IRCCS San Martino Hospital, Genoa, Italy)

The entire dataset was divided into training and validation sets. 
Specifically, APSS patients and a subset of randomly selected 
HSM patients (N = 37) constituted the training cohort (N = 164), 
while the validation cohort comprised the remaining HSM pa-
tients (i.e., internal validation cohort; N = 87).

Additionally, to further evaluate the performance of the se-
lected prediction models, a third cohort (i.e., external valida-
tion cohort; N = 65) was selected and comprised a subset of the 
US-based PD patients enrolled in the PPMI study (www.​ppmi-​
info.​org/​data; Parkinson Progression Marker Initiative, 2011) 
(PPMI). The selection of the external validation subjects from 
the complete PPMI dataset (dataset version: August 2023) was 
performed considering comparable drug treatments and fea-
tures consistency.

For each patient, variables collected during the routine clinical 
practice were investigated, including demographic data, clinical 
rating scores (e.g., MDS-UPDRS III and Hoehn & Yahr), phys-
ical, physiological and cognitive parameters (e.g., presence of 
ICD, sleep disorders, cognitive status) as well as pharmacolog-
ical administration. The overall set of variables along with their 
characteristics is shown in Table 1.

2.3   |   Preprocessing and Statistical Analyses

For the analysis, only variables with less than 50% of miss-
ing values were considered. Remaining missing values were 
imputed using the median and the most frequent category, 
for numerical and categorical features respectively. In order 
to investigate the between-group differences across the three 
patient cohorts used to develop and validate the models, sta-
tistically significant differences in values distribution were 
inspected using Kolmogorov–Smirnov and chi-squared tests 
(Table 2).

Before training the models, numerical predictors values were 
normalized by scaling them between zero and one, whereas cat-
egorical variables were transformed using a one hot encoding 
strategy.

The outcome variable was encoded by binary labels assigning 
the positive tag to patients who experienced falls in at least one 
of the 3 years following the baseline visit, zero otherwise.

2.4   |   Machine Learning Model and Validation

The predictive performance of a baseline algorithm, namely 
Logistic Regression (LR), was compared with that of a Support 
Vector Classifier (SVC) algorithm.

To prevent overfitting, both models' hyperparameters were op-
timized on the training set by means of a grid-search, aimed at 
maximizing the F-1 score metric in a three-fold stratified cross 

validation setting, repeated two times. The set of parameters de-
fined as a result of this procedure remained fixed for the subse-
quent evaluation.

Several metrics were considered to evaluate the predictive per-
formance of the models, such as precision, recall, accuracy, 
balanced accuracy, and the area under the receiver operator 
characteristic curve (AUC). Moreover, to account for outcome 
class imbalance, the area under the precision-recall curve 
(AUPRC), and the Matthews correlation coefficient (MCC) were 
also computed [27].

2.5   |   Predictive Model Interpretability

To inspect the predictive power of individual variables and to 
increase the interpretability of our machine learning analyses, 
Shapley Additive exPlanations (SHAP) method was applied to 
the best performing model. SHAP method deconstructs each 
prediction into a sum of individual contributions from each vari-
able, emphasizing their influence in the model outcome both at 
the instance level and throughout the entire population. SHAP 
values were calculated for each validation cohort and displayed 
in a Bee swarm plot, to highlight how their values impact the 
prediction of the model.

2.6   |   Data Sharing

The authors takes responsibility for the integrity of the data and 
the accuracy of the data analysis, while anonymised data could 
be available upon request.

3   |   Results

For this study, patients were recruited from three different co-
horts: APSS, HSM, and PPMI. APSS and HSM were used to 
train (n = 164) and test (n = 87) a predictive model of PD falls, 
which was validated also on the PPMI external cohort (n = 65).

3.1   |   Statistical Differences Between the Cohorts

Before models' training and optimization, dataset characteris-
tics were investigated using univariate statistics.

Overall, as reported in Table  2, there were few statistical dif-
ferences in the distribution of predictors between the training 
cohort and the internal validation cohort. Specifically, the only 
variables that presented strong dissimilarity (p < 0.001) between 
the aforementioned cohorts were years of IMAO at baseline and 
years of education.

The comparison between the training cohort and the exter-
nal validation cohort, on the other hand, highlighted a greater 
difference in variables distribution, revolving around the fol-
lowing features (p < 0.001): years of education, LEDD (L-dopa 
equivalent daily dose), years of Levodopa at baseline, years of 
dopamine agonists at baseline, years of IMAO at baseline and 
MDS-UPDRS III (Unified Parkinson's disease rating scale).

http://www.ppmi-info.org/data
http://www.ppmi-info.org/data
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3.2   |   Predictive Performance

The hyperparameters tuning on the training step was finalized 
to maximize the F1 score in both models, reaching a value of 
0.592 ± 0.049 for LR and 0.611 ± 0.095 for SVC. The baseline 
model had a slightly poorer performance compared to SVC also 
when considering other metrics, such as AUC (LR: 0.779 ± 0.054, 
SVC: 0.792 ± 0.056).

Conversely, when tested on the validation sets, never seen during 
model training, LR achieved a better prediction outcome both 
within the internal (AUC. LR: 0.753, SVC: 0.733) and the exter-
nal validation cohort (AUC. LR: 0.714, SVC: 0.676; see Figure 1). 
Scores for the other considered metrics are reported in Table 3.

3.3   |   Model Interpretability

To further explain the predictive performance of the best model 
(i.e., LR), a saliency analysis using SHAP was performed. 
Figure 2 depicts the top 9 variables with the highest predictive 
impact.

The predicted risk of falls within 3 years is associated with 
both motor and non-motor variables. Regarding the former, 
the presence of freezing, falls at baseline, low scores on the 
MDS-UPDRS III test, and high scores (> 2) on the Hoen & 
Yahr test have a positive influence on the target outcome. For 
non-motor variables, the presence of dysautonomia, higher 
age of the patient at baseline visit, a short interval between 

TABLE 2    |    Between-group differences between the training, and the internal and external validation PD patient cohorts.

Inter-group differences between training cohort and

Internal validation cohort External validation cohort

Statistic p test Statistic p test

MDS-UPDRS 3 ON 0.01 0.99 t-test −2.64 0.01 t-test

Years of Levodopa at baseline 8097.00 0.07 Mann–Whitney 9100.50 < 0.001 Mann–Whitney

Years of dopamine agonists at baseline 6663.50 0.38 Mann–Whitney 8545.50 < 0.001 Mann–Whitney

Years of IMAO at baseline 4447.00 < 0.001 Mann–Whitney 7436.50 < 0.001 Mann–Whitney

Years between symptoms and diagnosis 8882.50 < 0.001 Mann–Whitney 5657.50 0.45 Mann–Whitney

Age at baseline 0.82 0.41 t-test 2.46 0.01 t-test

Years of education −3.11 0.002 t-test 1512.50 < 0.001 Mann–Whitney

LEDD 8359.00 0.02 Mann–Whitney 9033.50 < 0.001 Mann–Whitney

Dopamine agonists 1.70 0.19 chi2 66.69 < 0.001 chi2

Anxiety 8.16 0.004 chi2 0.00 1.00 chi2

Falls 0.00 1.00 chi2 5.63 0.02 chi2

Depression 2.24 0.13 chi2 4.07 0.04 chi2

Dysautonomia 4.51 0.11 chi2 8.60 0.01 chi2

Dyskinesia 0.55 0.46 chi2 6.83 0.01 chi2

Years of disease at baseline 8195.50 0.03 Mann–Whitney 4413.50 0.03 Mann–Whitney

Sleep–wake disorders 0.00 0.95 chi2 2.29 0.13 chi2

Phenotype 18.96 < 0.001 chi2 11.43 < 0.001 chi2

Motor fluctuations 4.53 0.03 chi2 20.89 < 0.001 chi2

Freezing 0.01 0.91 chi2 0.58 0.45 chi2

H&Y 14.14 < 0.001 chi2 28.88 < 0.001 chi2

ICD 4.71 0.03 chi2 1.68 0.19 chi2

IMAO 19.94 < 0.001 chi2 32.76 < 0.001 chi2

Hyposmia 6.99 0.01 chi2 2.59 0.11 chi2

Levodopa 1.70 0.19 chi2 85.26 < 0.001 chi2

Cognitive status 0.00 0.95 chi2 0.14 0.71 chi2

Family members with PD 0.53 0.47 chi2 0.18 0.67 chi2

Sex 0.05 0.83 chi2 0.00 1.00 chi2
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symptoms and diagnosis, the presence of impulse control dis-
orders, and the absence of hyposmia were more closely associ-
ated with the presence of falls.

4   |   Discussion

Falls in PD lead to significant physical, emotional, and financial 
burdens, including injuries, reduced mobility, social isolation, 

and increased medical costs [4, 28]. Early prediction of falls is 
crucial for proactive risk mitigation, enabling tailored inter-
ventions such as medication adjustments, physical therapy, and 
environmental modifications. These strategies not only reduce 
fall risk but also improve patients' quality of life. Effective fall 
prevention requires identifying key risk factors, such as postural 
impairment, gait instability, and freezing of gait, supported by 
strong evidence in the scientific literature [29, 30]. Additionally, 
the presence of cognitive decline, such as dementia, can further 

FIGURE 1    |    From left to right, AUC performance on the internal and external validation cohort, for the linear regression model (blue line) and 
support vector classifier (red line).

TABLE 3    |    Evaluation metrics for the training, internal and external validation cohort, for both logistic regression and support vector classifier.

Training cohort Internal validation cohort
External validation 

cohort

Support vector 
classifier

Logistic 
regression

Support 
vector 

classifier
Logistic 

regression

Support 
vector 

classifier
Logistic 

regression

True positive 10.5 (2.665) 10 (2.0) 10 12 10 17

True negative 31.167 (2.483) 31 (3.406) 55 56 27 25

False positive 6.167 (2.639) 6.333 (3.445) 6 5 4 6

False negative 6.833 (2.483) 7.333 (1.966) 16 14 24 17

Correctly classified 41.667 (2.16) 41 (2.191) 65 68 37 42

Incorrectly classified 13 (2.28) 13.667 (2.422) 22 19 28 23

Accuracy 0.762 (0.041) 0.75 (0.043) 0.747 0.782 0.569 0.646

Balanced accuracy 0.72 (0.059) 0.704 (0.036) 0.643 0.69 0.583 0.653

Precision 0.637 (0.082) 0.636 (0.094) 0.625 0.706 0.714 0.739

Recall 0.605 (0.147) 0.577 (0.114) 0.385 0.462 0.294 0.5

F1-score 0.611 (0.095) 0.592 (0.049) 0.476 0.558 0.417 0.596

AUC 0.792 (0.056) 0.779 (0.054) 0.733 0.753 0.676 0.714

Average precision 
(AUPRC)

0.691 (0.065) 0.688 (0.053) 0.594 0.665 0.709 0.752

MCC 0.449 (0.107) 0.425 (0.068) 0.338 0.438 0.201 0.32
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exacerbate the risk of falls [31]. Also neurogenic orthostatic 
hypotension (OH) contributes to increase the risk of falls 
[30, 32–34]. The pharmacological management of PD can also 
contribute to falls: some medications, while effective in man-
aging motor symptoms, may lead to orthostatic hypotension, 
dizziness, and balance issues, increasing the likelihood of falls 
[28, 35]. Therefore, it emerges that so many different variables 
can contribute to increased risk of falls. ML allows precisely to 
integrate different variables by fitting them into a mathematical 
model to make predictions.

In this study, we developed a reliable algorithm able to predict fall 
risk and to identify the most important variables in this predic-
tion. The SHAP analysis enabled the identification of variables in 
our database that increase the likelihood of falling. As anticipated 
and supported by other studies, the most significant variables are 
freezing of gait and the presence of falls at baseline, signifying 
crucial symptoms of disease progression. Additionally, among the 
most impactful motor variables in predicting falls in the subse-
quent 3 years, the algorithm emphasizes disease severity, presence 
of dysautonomia and age [36]. For the latter, there is a growing 
body of evidence confirming that the higher the age the higher is 
the risk of falls in both PD patients and general population [36]. 
Specifically, Logistic Regression identifies patients at a height-
ened risk of falling with freezing, elevated H&Y scores, and/or 
delay of diagnosis. Initially, at least, freezing and disease severity 
are variables that could potentially be modified through external 
interventions, underscoring the importance of addressing these 
aspects from both pharmacological and non-pharmacological 
perspectives, such as physiotherapy. Conversely, the most crucial 
non-motor variable for the algorithm is dysautonomia, ranking as 
the third most influential variable in predicting falls, following 

the presence of falls itself. It is specifically noted that patients 
without dysautonomia at T0 are less likely to experience falls in 
the subsequent 3 years. This result is consistent with current ev-
idence in the literature [37]. From a clinical standpoint, this data 
underscores the importance of both preventing and managing 
dysautonomia within this patients' group.

However, certain findings from the SHAP analysis pose chal-
lenges in interpretation. According to the analysis, a shorter 
duration between symptom onset and diagnosis correlates with 
an increased risk of falls, potentially indicating a more rapid 
and aggressive disease progression [38]. Different hypothesis 
might partially explain this result. On one side, it is possible that 
a quicker diagnosis might be linked to more severe or rapidly 
progressing forms of PD, leading to an increased risk of fall. 
Alternatively, an early diagnosis may lead to an earlier initiation 
of treatment, which could involve medications that exacerbate 
motor symptoms, while patients with early diagnoses might 
be more aware of their condition, leading to a higher reporting 
of falls due to heightened monitoring. Further investigation is 
needed to validate these hypotheses [37].

The role of hyposmia and ICD remains ambiguous; further re-
search is necessary to elucidate their potential impact. Regarding 
hyposmia, the SHAP analysis suggests a heightened risk of falls 
in the absence of hyposmia. This contradicts existing evidence 
that associates hyposmia with disease progression, supported by 
studies demonstrating a positive correlation between hyposmia 
severity and disease advancement.

Other studies do not find this correlation. For instance, Boesveldt 
et al. (2008) examined identification in 404 PD patients using a 

FIGURE 2    |    SHAP variable ranking graph, listing the top 9 features impacting model outputs. Blue color represents a low value for a variable, 
while red the opposite.
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sophisticated experimental paradigm, discovering that identi-
fication remains unaffected by disease severity [39]. However, 
the dichotomous nature of the hyposmia variable in our data-
set (presence/absence) precludes speculation but prompts fur-
ther investigation through additional studies. For instance, to 
explore these conflicting findings future research could focus 
on refining the measurement of hyposmia, to capture vary-
ing degrees of severity that might somehow relate to fall risk, 
while longitudinal studies examining the impact of hyposmia 
over time on motor and cognitive symptoms could also provide 
further insight. Additionally, exploring the role of hyposmia in 
combination with other clinical factors, such as cognitive de-
cline or medication effects, could help clarify its predictive value 
in fall risk.

Regarding ICD, the SHAP analysis reveals a heightened fall 
risk associated with its presence. ICDs constitute a category 
of psychiatric conditions characterized by an inability to resist 
an urge or temptation to engage in behavior harmful to oneself 
or others (DSM-5). In PD, these could include gambling, com-
pulsive eating, compulsive buying, compulsive hobbies, and 
hypersexuality. ICDs can be independent of the disease stage 
and may also appear early in the disease [40–42]. In fact, it is 
well-documented in the literature that the presence of ICDs in 
PD patients correlates with executive dysfunctions such as im-
pulsivity, cognitive inflexibility, and deficits in inhibitory con-
trol, with these cognitive abilities involving the prefrontal cortex 
[43]. Such cognitive dysfunction is also associated with a higher 
risk of falling [44], hence in our sample, the increased risk of 
falling in the presence of ICDs could reflect an executive cogni-
tive impairment.

The counterintuitive observation of MDS-UPDRS III (where a 
lower score corresponds to a higher fall risk) mirrors similar 
findings observed when evaluating the scale with the PPMI 
dataset. Additionally, there exists evidence of limited ecological 
validity [45], making it an unreliable indicator for motor progres-
sion, compounded by substantial variance in inter/intra-rater 
scoring [46]. While widely utilized in clinical settings, UPDRS 
yields counterintuitive outcomes when scrutinized within AI 
studies, particularly concerning falls. For instance, a recent 
study demonstrated significant correlations between motor pro-
gression over 1 year and baseline scores, notably Schwab and 
England ADL progression, and gait parameters, albeit lacking 
predictive utility [47]. Furthermore, an MDS-commissioned 
task force assessed clinometric properties of different rating 
scales, questionaries and timed test that assess disorders of pos-
ture, gait and balance (the clinical disorders that are more linked 
to prediction of falls) [48]. Even if the MDS-UPDRS Postural 
Instability and Gait Difficulty (PIGD) score was considered 
“recommended,” the authors highlighted that this score lacks 
sufficient detail for nuanced assessment of gait and balance as-
sessment in PD, particularly with respect to early disease. The 
limitedness of MDS-UPDRS in assessing the clinical motor as-
pects mostly predictive of falls in PD may also be an explanation 
of the poor utility of this scale in the algorithms proposed.

In general, the outcomes of the SHAP analysis validate most es-
tablished fall risk factors, aligning with existing scientific liter-
ature. This concurrence with established findings bolsters the 
credibility of our results. Nevertheless, the true advantage of AI 

methodologies lies in their predictive capacity derived from the 
comprehensive integration of all clinical variables.

From a methodological viewpoint, to improve the models, fu-
ture research could explore the impact of interaction terms, 
polynomial features, or domain-specific variables to uncover 
deeper relationships. Data preprocessing techniques, such as 
better handling of missing values and normalization, could 
also enhance performance. Ensemble methods, like Random 
Forest or Gradient Boosting, may provide a more robust model 
by combining multiple approaches to reduce overfitting. Further 
hyperparameter optimization with techniques like Grid Search 
or Random Search could refine the models. Additionally, more 
extensive cross-validation methods, such as k-fold or stratified 
approaches, could improve reliability and generalization.

The distinctiveness of this study lies in its innovative aspects, 
encompassing both research design and data analysis method-
ologies. Firstly, a multidisciplinary approach was employed to 
integrate diverse expertise, spanning IT requirements, clinical 
aspects, machine learning principles, and privacy and data se-
curity compliance. This comprehensive approach is crucial for 
ensuring a robust triangulation of research questions, adept uti-
lization of advanced AI techniques, and adherence to data pro-
tection principles [49, 50].

A second strand of innovation lies in the multi-site 
approach adopted. To our knowledge, the present 
study is among the few studies in this specific field to 
promote a proper harmonization of clinical variables 
in the framework of a multi-center study [51, 52].

A third level of novelty is linked to the use of 
Parkinson's Progression Markers Initiative (PPMI) 
as an external evaluation approach. In line with 
the PPMI principles, a cross-assessment of multiple 
sources of data (ranging from clinical measures, 
pharmacological treatment, cognitive assessments) 
has been used to train the AI algorithms, considering 
the importance of such variety of information to 
improve the understanding of diseases progression 
and related patient's trajectories through this AI 
models [52, 53]. From this perspective, this study is 
unique in its reliance on clinical variables to train the 
AI algorithm, making its outputs broadly applicable 
to both large research institutions and small clinics, 
as these variables are commonly available across 
different settings. Unlike recent studies that use 
sensor or imaging data to predict falls in PD, this 
approach emphasizes accessibility and practicality. 
For instance, wearable sensors have been used to 
analyze gait variability and postural sway, achieving 
predictive accuracies of up to 78%, while real-world 
gait data from foot-worn sensors demonstrated the 
value of continuous monitoring and highlighting 
the potential to enhance fall prediction by targeting 
freezing episodes and gait disturbances [54, 55]. While 
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these sensor-based methods show promise, they often 
require specialized equipment or standardized testing 
environments. In contrast, the clinical variable-based 
approach in this study is more readily implementable 
across diverse healthcare settings, offering a practical 
and scalable solution to guide personalized fall 
prevention strategies.

In terms of algorithm performance and interpretation, it should 
be underlined that contextual factors not measured in this proj-
ect could have an impact on algorithm accuracy. It cannot be 
excluded that cultural and social variability, as well as socio-
economic and environmental factors could have led to specific 
biases. Therefore, caution should be taken when generalizing 
the present results on either datasets or target populations from 
different countries and contexts [56].

This study highlights the potential of AI to enhance clinical 
workflows in PD care. By integrating the AI tool into elec-
tronic health records or dedicated software, for instance, cli-
nicians could be supported in identifying patients at high risk 
of falls using key factors available in the clinical records. This 
could enable P3 approach and related interventions, such as 
targeted physiotherapy or treatment adjustments, improving 
patient safety and reducing fall-related burdens, promoting a 
data-driven decision-support system. Scalable across diverse 
healthcare settings without the need for specialized tools or in-
frastructure, the tool could be ideally adopted by a range of in-
stitution consider its accessibility and practicality. By advancing 
a P3 approach, this AI-driven solution aligns with a precision 
medicine model, supporting better decision-making and im-
proved outcomes for PD patients.
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