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Abstract
Background  Traditional clinical diagnostic methods of rapid eye movement sleep behavior disorder (RBD) have 
certain limitations, especially in the early stages. This study aims to develop and validate an magnetic resonance 
imaging (MRI) radiomics-based machine learning classifier to accurately detect RBD patients with Parkinson’s disease 
(PD).

Methods  Data from 183 subjects, including 63 PD patients with RBD, sourced from the PPMI database were utilized 
in this study. The data were randomly divided into training (70%) and testing (30%) sets. Quantitative radiomic 
features of white matter, gray matter, and cerebrospinal fluid were extracted from whole-brain structural MRI images. 
Feature reduction was performed on the training set data to construct radiomics signatures. Additionally, multi-factor 
logistic regression analysis identified clinical predictors associated with PD-RBD, and these clinical features were 
integrated with the radiomics signatures to develop predictive models using various machine learning algorithms. 
The model exhibiting the best performance was selected, and receiver operating characteristic (ROC) curves were 
used to evaluate its performance in both the training and testing sets. Furthermore, based on the optimal cut-off 
value of the model, subjects were categorized into low- and high-risk groups, and differences in the actual number of 
RBD patients between the two sets were compared to assess the clinical effectiveness of the model.

Results  The radiomics signatures achieved areas under the curve (AUC) of 0.754 and 0.707 in the training and 
testing sets, respectively. Multi-factor logistic regression analysis revealed that postural instability was an independent 
predictor of PD-RBD. The random forest model, which integrated radiomics signatures with postural instability, 
demonstrated superior performance in predicting PD-RBD. Specifically, its AUCs in the training and testing sets were 
0.917 and 0.882, with sensitivities of 0.933 and 0.889, and specificities of 0.786 and 0.722, respectively. Based on 
the optimal cut-off value of 0.3772, significant differences in the actual number of PD-RBD patients were observed 
between low-risk and high-risk groups in both the training and testing sets (P < 0.05).
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Introduction
Parkinson’s disease (PD) is one of the most common 
movement disorders, primarily affecting motor control 
and presenting with symptoms such as tremors, rigid-
ity, and bradykinesia [1]. As the disease progresses, non-
motor symptoms become increasingly prominent, with 
Rapid Eye Movement Sleep Behavior Disorder (RBD) 
being one of the most common and troublesome non-
motor symptoms for both patients and clinicians [2]. 
RBD is a significant sleep abnormality in PD patients, 
characterized by the absence of normal muscle paralysis 
during rapid eye movement (REM) sleep [3]. RBD not 
only impacts the patient’s quality of life but is also con-
sidered an early indicator of PD, often emerging before 
the onset of motor symptoms [4]. Therefore, early recog-
nition and diagnosis of RBD are critical for the clinical 
management of PD.

Currently, the diagnosis of RBD primarily relies on 
clinical symptoms, patient self-reporting, and polysom-
nography (PSG) [5]. However, traditional clinical diag-
nostic methods have certain limitations, especially in the 
early stages, when patients may not consciously notice 
changes in sleep behavior, or clinicians may fail to detect 
subtle changes in sleep behavior abnormalities [6]. While 
PSG provides more accurate diagnostic information, its 
application is restricted by various factors, including 
expensive equipment, complex procedures, and patient 
discomfort [7]. Thus, the development of a simpler, non-
invasive, and efficient diagnostic approach has become 
a research focus in the field of neuroscience. With the 
advancement of medical imaging technology, Magnetic 
Resonance Imaging (MRI) has become an indispensable 
tool in the diagnosis of brain disorders [8]. Particularly, 
the rise of radiomics has enabled the extraction of a large 
number of high-dimensional features from MRI images, 
allowing for the creation of mathematical models that 
can accurately classify and predict diseases, offering cli-
nicians a more objective and quantitative diagnostic basis 
[9]. Recent progress in radiomics has shown significant 
advancements in various neurodegenerative diseases, 
such as Alzheimer’s Disease (AD) and stroke [10, 11]. 
However, radiomics research on Parkinson’s disease and 
its complications, such as RBD, remains relatively sparse, 
and its application in this field is still in the exploratory 
stage.

Machine Learning (ML), as a vital branch of artificial 
intelligence, has been widely applied in medical imaging 

analysis [12]. By training algorithms to learn underly-
ing patterns from large datasets, machine learning can 
extract valuable information from complex imaging 
data and classify, predict, and evaluate diseases based on 
this information [13]. In recent years, research combin-
ing radiomics and machine learning has become a hot 
topic in the field of medical imaging, especially in PD-
related studies, such as the work by Panahi et al, which 
demonstrated the utility of multi-modality radiomics 
(T1-weighted and DTI) for distinguishing PD motor 
subtypes in early-stage patients [14]. Notably, recent 
advances have explored ML-based detection of RBD 
using presynaptic dopaminergic imaging [15]. However, 
such approaches face significant limitations, including 
high costs, reliance on radioactive tracers, and limited 
accessibility in resource-constrained settings, which 
hinder their utility for population-level screening. In 
contrast, structural MRI-based radiomics offers a cost-
effective, non-invasive alternative, leveraging widely 
available imaging protocols to capture neurodegenerative 
patterns. Our previous studies have demonstrated that a 
machine learning classifier built from whole-brain MRI 
radiomics can accurately identify cognitive decline [16]. 
Despite the growing use of radiomics in neurodegen-
erative research, there is a notable gap in studies specifi-
cally targeting the detection of RBD in PD patients using 
MRI-based radiomic features integrated with machine 
learning. Therefore, this study aims to fill this gap by 
developing a hybrid model, and we hypothesize that a 
machine learning classifier based on MRI radiomics can 
also achieve precise detection of RBD in PD patients.

This study aims to develop a machine learning classifier 
based on MRI radiomics for the high-accuracy detection 
of RBD in PD patients. By conducting this research, we 
hope to provide a more convenient and efficient method 
for detecting RBD in PD patients and offer a powerful 
decision-support tool for clinicians.

Materials and methods
Patient information
This study was conducted in accordance with the guide-
lines of the Declaration of Helsinki. This study collected 
patient information from the Parkinson’s Progression 
Markers Initiative (PPMI) database ​(​​​h​t​t​p​s​:​/​/​w​w​w​.​p​p​
m​i​-​i​n​f​o​.​o​r​g​/​​​​​)​, a global, large-scale, multi-center clini-
cal research platform designed to systematically gather 
multi-dimensional data from PD patients and control 

Conclusion  MRI-based radiomic signatures have the potential to serve as biomarkers for PD-RBD. The random forest 
model, which integrates radiomic signatures with postural instability, and shows improved performance in identifying 
PD-RBD. This approach offers valuable insights for prognostic evaluation and preventive treatment strategies.
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groups, including clinical features, imaging data, genomic 
information, laboratory results, and biomarkers. In this 
study, we focused on PD patients with RBD from the 
PPMI database. Patient selection was based on the fol-
lowing inclusion and exclusion criteria. Inclusion criteria: 
all patients met the clinical diagnostic criteria for Par-
kinson’s disease and had clear diagnostic records in the 
PPMI database; the presence or absence of RBD was con-
firmed using validated clinical assessment tools, includ-
ing the Rapid Eye Movement Sleep Behavior Disorder 
Screening Questionnaire (RBDSQ) and polysomnogra-
phy (PSG). Diagnosis of RBD adhered to the International 
Classification of Sleep Disorders; patients had completed 
MRI scans and provided complete clinical data and imag-
ing information. Exclusion criteria: patients with other 
neurodegenerative diseases or known brain lesions, such 
as Alzheimer’s disease, multiple system atrophy, or Hun-
tington’s disease; patients whose MRI data could not be 
extracted due to technical issues preventing the extrac-
tion of radiomic features. Based on these criteria, 183 PD 
patients were ultimately included, of whom 63 had RBD, 
and remaining patients are defined as PD negative con-
trol(–). The cases were randomly divided into training 
and testing sets in a 7:3 ratio, with the training set used 
for model development and the testing set used to vali-
date the model’s reliability.

Image data preprocessing
All experimental data were acquired using a 1.5  T or 
3.0 T MRI system. To minimize the impact of scanning 
parameters on feature extraction, structural T1-weighted 
images (T1WI) were preprocessed prior to analysis. First, 
the image resolution was adjusted to 1×1x1 mm3, and 
the grayscale intensity was normalized to 32 levels[17]. 
The preprocessed images were then imported into the 
SPM12 software (version V2.5.5) on the MATLAB plat-
form for automated segmentation, where regions of the 
brain, including white matter, gray matter, and cerebro-
spinal fluid (CSF), were extracted [18]. Next, the seg-
mented results were further refined manually using 
ITK-SNAP software (version 4.2.2, ​h​t​t​p​​:​/​/​​w​w​w​.​​i​t​​k​s​n​​a​p​.​​o​
r​g​/​​p​m​​w​i​k​i​/​p​m​w​i​k​i​.​p​h​p) [19]. The manual corrections ​p​r​
i​m​a​r​i​l​y included: 1) removal of non-brain tissues, brain-
stem, and cerebellum regions; and 2) correction of any 
inaccuracies in the automated segmentation. All manual 
corrections were performed by two experienced neuro-
radiologists independently, who remained blinded to 
the clinical information of the patients during the pro-
cess. After completing the manual adjustments, the final 
segmented regions (white matter, gray matter, and CSF 
were used as masks and imported into the Pyradiomics 
software(version V3.0.1) for feature extraction [20]. This 
refined process ensures the accuracy and consistency of 

the image segmentation, thus enhancing the quality of 
the features extracted for subsequent analysis.

Radiomic feature extraction
In this study, radiomic features were extracted from the 
regions of interest (ROI), including white matter, gray 
matter, and CSF, using the PyRadiomics platform [21]. 
The extracted features were classified into two major 
categories: original image features and filter-based fea-
tures. Original image features included 14 shape features, 
18 first-order statistical features, and various texture 
features, such as 22 from the gray-level co-occurrence 
matrix (GLCM), 16 from the gray-level run-length 
matrix (GLRLM), 16 from the gray-level size zone matrix 
(GLSZM), and 14 from the gray-level dependence matrix 
(GLDM). Filter-based features included wavelet trans-
forms and Laplacian transforms, and wavelet decompo-
sitions were performed using 3D Haar transforms with 
one decomposition level, generating eight frequency 
sub-bands. A Laplacian filter with a 3×3x3 kernel and 
standardized coefficients (central: − 6, adjacent: 1) was 
applied to enhance edge-related features. For each brain 
region (white matter, gray matter, and CSF), a total of 
1,132 features were extracted, yielding a final set of 3,396 
radiomic features, with detailed feature information pro-
vided in Table S1.

Feature dimensionality reduction
To prevent potential loss of interactive patterns that may 
arise from processing features of individual regions in 
isolation, this study employed a pre-fusion strategy, inte-
grating radiomic features from white matter, gray matter, 
and cerebrospinal fluid prior to dimensionality reduc-
tion, thereby comprehensively assessing cross-regional 
interactions critical for PD-RBD detection.To ensure 
the robustness of the features, the spearman correla-
tion coefficients were computed for all radiomic features 
across 183 subjects between the two neuroradiologists 
segmentations. Features with coefficients greater than 
0.8 were retained, and their average values were used for 
model building. This process eliminated features sensi-
tive to manual refinement variability, ensuring data reli-
ability and included in subsequent analyses [22]. Given 
the high dimensionality of the data, which may lead to 
model overfitting, feature selection and dimensionality 
reduction were performed on the feature sets extracted 
from the training set. Specifically, we applied two meth-
ods for dimensionality reduction: Maximum Relevance 
Minimum Redundancy (mRMR) and Least Absolute 
Shrinkage and Selection Operator (LASSO). The mRMR 
method selects the most representative features by maxi-
mizing their relevance to the target variable while mini-
mizing redundancy between features. In this study, the 
mRMR algorithm was applied to select 30 top features 

http://www.itksnap.org/pmwiki/pmwiki.php
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(k = 30) based on mutual information maximization, with 
parameter tuning performed via 5-fold cross-validation. 
This approach ensured a balance between relevance to 
PD-RBD and minimal inter-feature redundancy. LASSO 
regression, which incorporates an L1 regularization term, 
effectively eliminates features with minimal contribution 
to classification performance. The LASSO regularization 
parameter (λ) was optimized using 5-fold cross-valida-
tion on the training set. The detailed steps for dimen-
sionality reduction are provided in the supplementary 
materials.

Construction of the joint model
After dimensionality reduction, radiomic features were 
used to construct radiomic signatures through logistic 
regression, and a score for each case, termed Rad-score, 
was calculated to reflect the probability of RBD occur-
rence. The classification accuracy of the Rad-score was 
evaluated through the area under the receiver operat-
ing characteristic (ROC) curve (AUC) in both the train-
ing and testing sets, and calibration curves were used 
to check for overfitting. To further build the combined 
prediction model, multivariate logistic regression was 
used in the training set to select independent predictive 
factors based on clinical features and Rad-score. Subse-
quently, five machine learning algorithms such as Sup-
port Vector Machine (SVM), Bayesian Classifier (Bayes), 
k-Nearest Neighbors (KNN), Decision Tree, and Random 
Forest were applied to construct prediction models based 
on independent predictive factor. The model training fol-
lowed a two-layer nested cross-validation process. In the 
outer loop, the training set was randomly and stratified 
divided into training and testing subsets, repeated 200 
times to assess the model’s classification performance; 
in the inner loop, 5-fold cross-validation was used, and 
GridSearchCV was employed to automatically optimize 
hyperparameters [23]. Each split generated one model, 
and ultimately, 200 models were constructed. The AUC 
of each model was calculated using the testing subset, 
and the ratio of the mean to the standard deviation of the 
AUC values from the 200 iterations was used as an indi-
cator of the model’s performance stability. A higher ratio 
indicates more stable performance. Detailed methods are 
provided in the supplementary materials.

Validation of the joint model
To validate the improvement in performance after inte-
grating radiomic signatures, we used AUC to evalu-
ate the classification performance of each independent 
predictive factor and conducted statistical comparisons 
using DeLong test evaluated the joint model against two 
benchmarks: the radiomics-only model and the clinical-
only model [24]. In this study, the precision-recall curve 
complements ROC analysis by illustrating the diagnostic 

trade-offs between precision and recall in identifying PD-
RBD patients. The precision-recall curve, a tool for evalu-
ating classification models, and this metric is particularly 
informative for imbalanced datasets, as it emphasizes 
classifier performance on the minority class. In addi-
tion, the goodness of fit of the joint model was assessed 
using the Hosmer-Lemeshow test [25], and the clinical 
net benefit of the model was evaluated using DCA curve. 
To further assess the generalizability of the joint model, 
the optimal classification threshold was determined in 
the training cohort by maximizing the Youden index. 
both the training and testing sets were classified into 
low- and high-risk groups based on the model’s optimal 
cutoff value. Confusion matrix analysis was performed to 
evaluate the model’s classification accuracy [26], includ-
ing sensitivity, specificity, positive predictive value (PPV), 
and F1-score. Furthermore, to elucidate the contribution 
of features in constructing the random forest model, we 
calculated SHapley Additive exPlanations(SHAP) val-
ues using SHAP analysis, which quantifies the individual 
impact of each predictor on the model output. The study 
workflow is shown in Fig. 1.

Statistical analysis
All statistical analyses were performed using SPSS soft-
ware version 17.0 (IBM, Armonk, NY) and R software 
version 3.4.1 (http://www.r-project.org). The normality 
of quantitative data was assessed using the Kolmogorov-
Smirnov test [27]. For normally distributed data, group 
differences were compared using the independent sample 
t-test, and results are presented as Mean ± SD [28]. For 
non-normally distributed data, the Mann-Whitney U test 
was used, and results are presented as median (interquar-
tile range, M[IQR]) [29]. Categorical data are presented 
as frequency and percentage (n, %), and group compari-
sons were conducted using the chi-square test (χ² test) 
[30]. A two-tailed p-value < 0.05 was considered statisti-
cally significant.

Results
Comparison of clinical factors
The average age of the participants included in this study 
was 63.82 years, with 118 male patients. In terms of clini-
cal data, there were no statistically significant differences 
between the training and testing groups for all clini-
cal variables except for symptom5 (P > 0.05). Addition-
ally, there were no significant differences in clinical data 
between the – and PD-RBD subgroups in both the train-
ing and testing groups (P > 0.05), as detailed in Table 1.

Construction of the joint model
After dimensionality reduction, 10 features were 
extracted to construct the radiomic signature, including 
3 features from white matter, 3 from gray matter, and 4 

http://www.r-project.org
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from CSF regions. The radiomic signature constructed 
from these features achieved an AUC of 0.754 and 0.707 
in the training and testing sets, respectively, with speci-
ficity values of 0.691 and 0.614, and sensitivity values of 
0.733 and 0.75. Calibration curves further confirm the 
radiomics signature reliability without overfitting (see 
Fig.  2). Multivariate logistic regression analysis identi-
fied postural instability and the radiomic signature as 
independent predictors of PD-RBD and included them in 
the construction of the joint model (see Table 2). Further, 
joint models were built using SVM, Bayesian classifier, 
KNN, Decision tree, and random forest algorithms. The 
performance stability ratios were 31.705, 29.493, 30.115, 
36.04, and 60.256, respectively. Compares the stability of 
five machine learning algorithms via a bee colony plot, 
demonstrating that the random forest model consistently 
achieved the highest AUC values across 200 iterations, 
underscoring its superior predictive robustness (see 
Fig. 3).

Validation of random forest models
The random forest model demonstrated excellent per-
formance in both the training and testing sets. ROC 
curve analysis showed that the AUC values for the ran-
dom forest model were 0.917 and 0.882 in the training 
and testing sets, respectively, with sensitivities of 0.933 
and 0.889, and specificities of 0.786 and 0.722. The Hos-
mer–Lemeshow test indicated no overfitting in the ran-
dom forest model (P > 0.05), and The DCA curve shows 
that the model demonstrated good clinical net benefits 
in both the training and testing cohort. Furthermore, the 
DeLong test revealed that the diagnostic performance 

of the random forest model was significantly superior to 
that of other independent predictors (P < 0.05) as detailed 
in Table  3, highlighting its significant improvement in 
predictive performance. The precision-recall curve fur-
ther confirmed its strong diagnostic capability, with AUC 
values of 0.854 and 0.80 for the training and testing sets, 
respectively. The optimal threshold of 0.3772 was derived 
by maximizing the Youden index, defined as (sensitiv-
ity + specificity - 1). This metric identifies the value that 
best balances the model ability to correctly identify PD-
RBD patients (sensitivity) and non-RBD individuals 
(specificity), dividing the subjects into high-risk and low-
risk groups. Confusion matrix analysis showed that, both 
in the training and testing sets, there was a significant 
difference in the number of actual RBD-positive patients 
between the high-risk and low-risk groups (P < 0.05), fur-
ther validating the clinical applicability of the random 
forest model (see Fig.  4). SHAP analysis shows that the 
contribution of radiomics signature is much greater than 
that of postural instability, Details can be found in the 
supplementary materials.

Discussion
This study developed a radiomics-based signature for 
predicting PD-RBD using whole-brain imaging features. 
The results demonstrated that the radiomics signature 
exhibited good predictive performance, indicating that 
changes in white matter, gray matter, and cerebrospinal 
fluid may be closely associated with the occurrence of 
RBD. Furthermore, by integrating relevant clinical fea-
tures and utilizing the random forest machine learning 
algorithm to construct a combined model, the prediction 

Fig. 1  Research flowchart shows the process of model construction and validation
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performance for PD-RBD was significantly improved in 
both the training and validation sets. This finding further 
support the potential utility of machine learning tech-
niques in predicting PD-RBD.

Our radiomic analysis identified ten radiomics features 
that effectively differentiate PD patients with RBD from 
those without. The white matter features likely reflect 
degenerative changes in dopaminergic neurons extend-
ing into axons that connect striatal and cortical regions. 
Previous studies have demonstrated that white matter 
alterations, particularly in brainstem pathways and limbic 
connections, correlate with RBD severity [31]. The gray 
matter features identified in our model may represent 
structural changes in key brainstem nuclei, especially 
the laterodorsal tegmental nucleus and locus coeruleus, 
which are directly implicated in REM sleep muscle ato-
nia regulation [32]. The dysfunction of these regions is 
considered central to RBD pathophysiology, as they nor-
mally inhibit motor neurons during REM sleep. Regard-
ing CSF features, they potentially capture inflammatory 
responses and neurotransmitter metabolite changes spe-
cifically associated with RBD. Alpha-synuclein pathology, 

which initially affects brainstem structures in PD, likely 
contributes to these radiomic signatures by disrupting 
neuronal integrity in regions critical for sleep regulation 
[33]. These structural alterations detected through our 
radiomic approach may precede clinical manifestations, 
highlighting the potential value of MRI radiomic features 
as early biomarkers for RBD in PD patients. On the other 
hand, studies have used baseline EEG features of isolated 
RBD patients to predict RBD, achieving an AUC of 0.901, 
which is notably higher than the diagnostic performance 
of the radiomics signature [34]. However, it is impor-
tant to note that compared to isolated RBD patients, PD 
patients have more complex brain pathological features. 
For example, PD patients exhibit increased resting-state 
EEG complexity compared to healthy controls [35, 36], 
which may partly explain the relatively lower diagnostic 
performance of the radiomics signature. Nonetheless, 
unlike EEG features that directly reflect electrophysio-
logical changes in the brain, radiomics features are based 
on structural changes and may contain more pathology-
related information. Moreover, previous research using 
manually scored sleep EMG features to predict RBD 

Fig. 2  Figures A and B display the ROC curves for the diagnostic performance of the radiomic signature in the training set (left) and testing set (right). 
Figures C and D show the calibration curves for the signature in the training set (left) and testing set (right)
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reported an AUC of 0.699, which is significantly lower 
than the results of our study [37]. This further suggests 
that MRI-based radiomics features may capture more 
information related to RBD, thus showing greater poten-
tial for predicting RBD status. Furthermore, our find-
ings highlight a critical distinction between functional 
and structural biomarkers. While EEG and EMG excel 

in detecting functional abnormalities during REM sleep, 
MRI-based radiomics captures structural neurodegen-
eration in regions critical for sleep regulation, such as 
brainstem nuclei and white matter pathways, which may 
precede clinical symptoms. These structural biomark-
ers provide early, stable indicators of RBD progression, 
complementing EEG/EMG real-time functional data. 
Future studies integrating both functional and structural 
biomarkers could further optimize RBD prediction in PD 
patients.

Table 2  Identification of Independent Predictors for RBD Based 
on Multivariate Logistic Regression
Variable Univariate logistic 

regression
Multivariate logistic 
regression

OR(95%CI) P value OR(95%CI) P value
Age(year) 0.924(0.86,0.993) 0.032* NA NA
Gen 0.481(0.172,1.345) 0.163 NA NA
Education 0.939(0.783,1.126) 0.498 NA NA
Symptom1 2.798(0.605,12.937) 0.188 NA NA
Symptom2 0.28(0.086,0.906) 0.034* NA NA
Symptom3 1.89(0.437,8.174) 0.394 NA NA
Symptom4 0.277(0.081,0.948) 0.041* 0.333(0.115,0.961) 0.042*
Symptom5 0.52(0.157,1721) 0.285 NA NA
Hy 1.519(0.583,3.957) 0.392 NA NA
Ess_cat 3.01(0.786,11.525) 0.108 NA NA
Gds_cat 3.683(0.748,18.136) 0.109 NA NA
MCI 1.712(0.589,4.982) 0.324 NA NA
Radscore 3.911(0.831, 18.422) <0.001* 1.784(0.519, 6.132) <0.001*
Note. Symptom1, Initial symptom (at diagnosis)-Resting Tremor; Symptom2, 
Initial symptom (at diagnosis)-Rigidity; Symptom3, Initial symptom (at 
diagnosis)-Bradykinesia; Symptom4, Initial symptom (at diagnosis)-Postural 
Instability; Symptom5, Initial symptom (at diagnosis)-Other; Hy, Categorical 
Hoehn & Yahr (OFF State); Ess_cat, Categorical Epworth Sleepiness Scale 
Score; gds_cat, Categorical Geriatric Depression Scale; MCI, mild cognitive 
impairment; NA, not available because the variable is not included in multiple 
variables. The P value indicates whether the variable is an independent 
predictor of PD-REM. *, P < 0.05

Table 3  ROC curve analysis of the models in different cohorts
Features Training Cohort

(n = 129)
Testing Cohort
(n = 54)

Random forest model
AUC (95%CI) 0.917(0.836–0.998) 0.882(0.842–0.915)
Sensitivity 0.933 0.889
Specificity 0.786 0.722
PPV 0.701 0.615
F1 score 0.812 0.727
Rad socre
AUC (95%CI) 0.754(0.628–0.880) 0.707 (0.650–0.760)
Sensitivity 0.733 0.75
Specificity 0.691 0.614
PPV 0.635 0.602
F1 score
Postural Instability
AUC (95%CI) 0.548(0.458–0.636) 0.569(0.428–0.703)
Sensitivity 0.156 0.222
Specificity 0.941 0.917
PPV 0.581 0.571
F1 score 0.246 0.320
Abbreviations: AUC: area under the curve; PPV: positive predictive value

Fig. 3  The bee colony plot displays the distribution of AUC values generated from 200 cycles using 5 machine learning methods, with RF having the 
highest AUC value
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Fig. 4  Demonstrates the clinical applicability of the random forest model through ROC and Precision-Recall (PR) curves, alongside confusion matrices. 
Panels A and B compare the model diagnostic performance against individual predictors in training and testing cohorts, highlighting its superior accu-
racy. The PR curves (panels C and D) illustrate the balance between precision and recall for identifying PD-RBD patients. Confusion matrices (panels E and 
F) validate the model ability to stratify patients into low- and high-risk groups, with statistically significant differences in actual RBD cases between these 
groups (P < 0.05), underscoring its utility in clinical decision-making. panels G and H present Decision Curve Analysis (DCA) curves in training and testing 
cohort, quantifying the net benefit of the model across varying probability thresholds. The DCA curves compare the model clinical utility against “treat all” 
and “treat none” strategies, demonstrating superior net benefit within the clinically relevant threshold range (0.4–0.8)
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In this study, we also found that postural instability is 
an independent predictor of PD-RBD. Postural instabil-
ity typically reflects significant damage to basal ganglia 
function, particularly in the substantia nigra and stria-
tum, where neurons undergo substantial degenerative 
changes [38]. The basal ganglia not only regulate motor 
function but also participate in the regulation of the 
autonomic nervous system. Previous studies have indi-
cated that PD patients with RBD exhibit both structural 
and functional abnormalities in the nigrostriatal system, 
alongside changes in the limbic system and cortex, sug-
gesting that RBD is a multi-system neurodegenerative 
process [39]. Against this background, we hypothesize 
that when the postural control system is impaired, the 
muscle inhibition function during rapid eye movement 
(REM) sleep may also be affected, thereby increasing the 
risk of RBD development. In fact, many PD patients, after 
the onset of motor symptoms, frequently develop RBD 
[40]. This suggests that postural instability in PD patients 
may reflect broader neurodegenerative changes, includ-
ing dysfunction in the nigrostriatal system, which is asso-
ciated with autonomic dysregulation. These alterations 
might correlate with disruptions in REM sleep motor 
inhibition, potentially elevating the likelihood of RBD 
development. Therefore, monitoring the occurrence of 
postural instability is crucial for the early identification 
of PD-RBD patients, aiding in timely intervention during 
critical stages of disease progression.

We also constructed a combined model using multiple 
machine learning algorithms, and the results demon-
strated that the random forest algorithm performed the 
best, significantly outperforming other algorithms. This 
may be attributed to its advantages in handling high-
dimensional data and non-linear features, a finding con-
sistent with prior research evaluating PD-RBD status 
[41]. Compared to alternative approaches, such as serum 
miRNA assays (AUC: 0.98) [42] or olfactory dysfunc-
tion tests (AUC: 0.95) [43], and MRI-based radiomics 
offers distinct practical advantages. While miRNA and 
olfactory methods achieve high accuracy, their reliance 
on costly molecular assays or specialized olfactory tools 
limits scalability in routine clinical practice. In contrast, 
radiomics leverages widely accessible MRI to quantify 
structural neurodegeneration in brain regions linked 
to RBD pathophysiology, providing a cost-effective and 
non-invasive alternative. Overall, the clinical translation 
of our model could follow a phased implementation strat-
egy, initially targeting specialized centers with advanced 
MRI and AI resources before expanding to broader clini-
cal settings. By integrating radiomics biomarkers with 
clinical assessments, this approach may reduce diag-
nostic delays and prioritize high-risk PD patients for 
polysomnography, optimizing resource utilization. Such 
pathways mirror successes in neurodegenerative disease 

management, where AI tools have enhanced diagnostic 
precision. While challenges like multicenter validation 
persist, our model represents a pragmatic step toward 
scalable, precision-based neurology, balancing innova-
tion with real-world applicability.

This study has several limitations. First, it is a retro-
spective design, and the data were sourced from a sin-
gle-center database, lacking external datasets for model 
validation. Therefore, future multi-center studies with 
large sample sizes are needed to further validate the sta-
bility and generalizability of this model. Second, this 
study only performed a cross-sectional analysis to iden-
tify RBD, without conducting longitudinal research to 
assess the accuracy of the prediction model over time. 
Additionally, although the random forest algorithm per-
formed excellently in this study, its “black-box” nature 
may limit clinicians’ ability to interpret the model’s pre-
dictions. Future studies will incorporate explainable algo-
rithms to enhance the model’s transparency, improving 
its acceptability and application value in clinical practice.

The integration of magnetic resonance imaging-
based radiomics and machine learning offers new pos-
sibilities for the early diagnosis and intervention of 
Parkinson’s disease and its related sleep disorders. With 
ongoing technological development and optimization, 
this approach may be widely applicable in the diagnosis 
of other neurodegenerative diseases, thereby advancing 
the development of personalized and precision medicine.
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