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Abstract 11 

Objective assessment of Parkinson’s disease (PD) severity from gait signals remains chal- 12 
lenging because adjacent Hoehn–Yahr (H&Y) stages overlap and machine-learning mod- 13 
els often lack interpretability. We developed an explainable machine-learning framework 14 
with ordinal modeling to distinguish H&Y stages 2.0, 2.5, and 3.0 using plantar-force gait 15 
biomarkers. Ninety-three patients with PD from the PhysioNet Gait in Parkinson’s Dis- 16 
ease Database were included. Clinically interpretable biomarkers extracted from multi- 17 
channel vertical ground reaction force signals were analyzed using differentiable feature 18 
selection, conditional ordinal regression, distance-aware learning, and CTGAN-based 19 
class balancing. Performance was evaluated by repeated subject-level stratified five-fold 20 
cross-validation. The model achieved 84.83% balanced accuracy, a macro F1-score of 21 
83.96%, quadratic weighted kappa of 0.85, and mean absolute error of 0.13; recall for H&Y 22 
stage 3.0 was 80.0%. Eighteen gait biomarkers were stably selected, highlighting double- 23 
support phase, gait-cycle variability, bilateral asymmetry, and cadence. These findings 24 
support explainable ordinal machine learning of plantar-force gait biomarkers for objec- 25 
tive PD severity staging. 26 

Keywords: Parkinson’s disease; Hoehn–Yahr staging; machine learning; ordinal learning; 27 
gait biomarkers; plantar force; explainable artificial intelligence 28 
 29 

1. Introduction 30 

Parkinson’s disease (PD) is a chronic, progressive neurodegenerative disorder. Its 31 
primary clinical manifestations include bradykinesia, resting tremor, rigidity, and pos- 32 
tural instability, often accompanied by cognitive, autonomic, and sleep abnormalities. As 33 
the disease progresses, patients experience a gradual decline in gait capacity and inde- 34 
pendence, with significantly increased risks of falls, fractures, and long-term care needs. 35 
With the aging global population and the continuous growth of PD prevalence, accurately 36 
assessing disease severity has become a crucial foundation for developing treatment 37 
plans, evaluating rehabilitation efficacy, monitoring disease progression, and conducting 38 
clinical research [1].  39 

The Hoehn–Yahr (H&Y) scale is currently one of the most widely used clinical stag- 40 
ing tools for PD. The modified H&Y scale categorizes patients into different stages based 41 
on symptom distribution, postural stability, and the degree of functional impairment, 42 
providing a concise and effective index for evaluating disease progression [2,3]. Unlike 43 
general multi-class classification problems, H&Y staging possesses a natural ordinal 44 
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attribute; adjacent stages reflect progressive changes in disease severity rather than mu- 45 
tually exclusive independent categories. Therefore, automatic staging models must not 46 
only improve classification accuracy but also fully utilize the ordinal relationship between 47 
disease stages to avoid cross-stage misclassifications that carry significant clinical impli- 48 
cations. 49 

Gait impairment is one of the most typical motor symptoms of PD and an important 50 
manifestation of degraded motor control. Patients typically exhibit shortened stride 51 
length, decreased walking speed, prolonged double-support phase, reduced bilateral co- 52 
ordination, and increased gait variability [4,5]. Consequently, gait features are considered 53 
important digital biomarkers for evaluating PD status. Compared to traditional laboratory 54 
gait analysis systems, wearable sensor technology offers advantages such as being non- 55 
invasive, portable, and capable of continuous monitoring, making it more suitable for 56 
long-term evaluation in clinical and real-world environments [6–8]. Among these, plantar 57 
pressure and vertical ground reaction force (VGRF) signals can directly reflect the inter- 58 
action between the sole and the ground during walking, providing rich information on 59 
timing, load distribution, bilateral symmetry, and dynamic stability [9–14], thus serving 60 
as an important data source for automatic PD evaluation. 61 

With the continuous enrichment of public gait databases, artificial intelligence (AI) 62 
methods have developed rapidly in PD assessment [17–22]. Early research primarily re- 63 
lied on manually designed gait features combined with traditional machine learning clas- 64 
sifiers, achieving disease recognition with a certain degree of interpretability [15]. In re- 65 
cent years, deep learning methods such as Convolutional Neural Networks (CNN), Re- 66 
current Neural Networks (RNN), CNN–LSTM hybrid models, pressure map networks, 67 
and Transformers have significantly improved the automatic feature learning capability 68 
for multichannel plantar force signals [16,23–25]. Furthermore, multi-modal and multi- 69 
task learning frameworks that integrate plantar pressure, inertial sensors, and turning 70 
tasks have further enhanced model generalization across different gait tasks and external 71 
datasets [26]. These studies fully demonstrate the application potential of wearable gait 72 
analysis in automatic H&Y staging. 73 

Despite the progress made by AI methods based on gait data in PD evaluation, auto- 74 
matic H&Y staging still faces several challenges. Existing studies mostly focus on PD di- 75 
agnosis or binary classification between patients and healthy controls, with relatively lim- 76 
ited research targeting different H&Y stages [22–26]. Meanwhile, the uneven distribution 77 
of samples across disease stages in public data can easily lead to insufficient recognition 78 
of minority classes by the models [29]. Some studies employ random partitioning, which 79 
may introduce subject-level data leakage, and often treat H&Y staging as a general multi- 80 
class task without fully considering its ordinal nature [27]. In addition, strong correlations 81 
exist among gait biomarkers, and the models' interpretation of key features and predictive 82 
basis remains limited, affecting the credibility of their clinical application [26,30,35]. 83 

To address these issues, we propose the Explainable Feature-Oriented Ordinal Stag- 84 
ing Network (EFOS-Net). This method extracts clinically meaningful gait biomarkers— 85 
such as temporal, kinetic, plantar-load distribution, bilateral symmetry, and gait variabil- 86 
ity and stability features—from multichannel VGRF signals, and employs subject-level 87 
stratified five-fold cross-validation. All data preprocessing, CTGAN augmentation, and 88 
feature selection are strictly confined within the training folds. Building on this, it inte- 89 
grates differentiable feature selection with CORN ordinal learning to filter key gait bi- 90 
omarkers and utilize the ordinal structure of H&Y staging, while incorporating SHAP to 91 
analyze the model's predictive basis. Through baseline comparisons, ablation experi- 92 
ments, evaluation of class imbalance handling strategies, and interpretability analysis, the 93 
staging performance, ordinal consistency, minority-stage recognition ability, and inter- 94 
pretability of EFOS-Net are evaluated. 95 



 

 

2. Materials and Methods 96 

2.1. Dataset and Study Population 97 

Our study utilized the Gait in Parkinson’s Disease Database publicly available on the 98 
PhysioNet platform [22]. It combines gait data from three previous studies, comprising 99 
166 subjects in total: 93 patients with idiopathic PD and 73 healthy controls. This dataset 100 
provides demographic information, including subject ID, study cohort, disease group, 101 
sex, age, height, and body mass, as well as disease severity indices such as H&Y staging 102 
and/or Unified Parkinson’s Disease Rating Scale (UPDRS) scores. 103 

During data collection, subjects walked continuously for approximately 2 min on 104 
level ground at a natural, self-selected speed, while their VGRF signals were acquired us- 105 
ing the Ultraflex Computer Dyno Graphy system (Infotronic Inc.). Eight force sensors 106 
were placed on each sole, forming 16 local VGRF channels with a sampling frequency of 107 
100 Hz and force values measured in Newtons (N). In addition to local sensor signals, the 108 
sum of forces from the 8 sensors for the left and right feet was also recorded separately. 109 
Each resulting gait record consists of one time column, 16 local VGRF channels, and 2 110 
total-foot VGRF channels. 111 

As our primary objective was to automatically stage disease severity in patients with 112 
diagnosed PD, healthy controls were not artificially defined as "H&Y stage 0" nor included 113 
in the primary ordinal staging analysis. A total of 93 PD patients with valid H&Y labels 114 
were finally included (58 males, 35 females; mean age: 66.30±9.50 years). The demographic 115 
characteristics across different H&Y stages are summarized in Table 1, comprising 55 pa- 116 
tients (59.1%) at H&Y stage 2.0, 28 (30.1%) at stage 2.5, and 10 (10.8%) at stage 3.0. We 117 
defined these three stages as ordered classes with progressively increasing disease sever- 118 
ity. To address the class imbalance caused by the relatively small number of patients at 119 
stage 3.0, we employed CTGAN for sample augmentation and balancing. Furthermore, 120 
because a small amount of height and body mass data was missing in the original data- 121 
base, relevant descriptive statistics were computed using available cases without imputa- 122 
tion. Each subject was treated as an independent analysis unit, and gait cycles extracted 123 
from continuous gait records were used solely for within-subject gait biomarker compu- 124 
tation.  125 

Table 1. Demographic and clinical characteristics of patients with PD according to H&Y stage 126 

Characteristic H&Y 2.0 H&Y 2.5 H&Y 3.0 Overall PD 

Participants, n (%) 55 (59.1%) 28 (30.1%) 10 (10.8%) 93 (100.0%) 
Male, n (%) 36 (65.5%) 16 (57.1%) 6 (60.0%) 58 (62.4%) 

Female, n (%) 19 (34.5%) 12 (42.9%) 4 (40.0%) 35 (37.6%) 
Age, years 64.22±9.62 68.79±7.58 70.80±11.23 66.30±9.50 
Height, cm 167.96±8.31 167.86±8.61 163.11±9.92 167.44±8.59 

Body mass, kg 73.18±12.20 73.07±11.39 65.56±11.22 72.40±11.96 
 127 

2.2. Signal Processing and Gait Biomarker Extraction 128 

All gait signals were processed independently per subject. The raw data included 129 
eight local VGRF channels per foot and the total VGRF signals for both feet, sampled at 130 
100 Hz [22]. To mitigate the influence of gait initiation and termination phases, the first 131 
and last 10 s of each record were discarded, and VGRF values below 20 N were zeroed. 132 
Records exhibiting obvious signal interruptions, critical sensor failures, or unreliable gait 133 
event identification were excluded from subsequent analyses. 134 

Gait events were identified using the total VGRF signals of the left and right feet. The 135 
total VGRF was calculated by summing the forces from the eight ipsilateral local sensors, 136 



 

 

which was then cross-checked for consistency against the total VGRF channels provided 137 
by the database. A 20 N threshold was applied to detect foot-contact and toe-off events; 138 
the interval between two consecutive ipsilateral foot contacts was defined as a complete 139 
gait cycle, which further partitioned the stance and swing phases [12,13,31]. To minimize 140 
false detections caused by transient noise, the minimum interval between adjacent ipsilat- 141 
eral foot contacts was set to 0.5 s, retaining only valid gait cycles with complete event 142 
sequences and cycle durations within a reasonable range. 143 

Based on the valid gait cycles, candidate gait biomarkers were extracted across mul- 144 
tiple domains, including temporal, kinetic, plantar-load distribution, relative center-of- 145 
pressure, bilateral symmetry, and gait variability and stability features (Table 2). Regional 146 
load indices were grouped according to the relative positions of local sensors and normal- 147 
ized as the proportion of local force or force-time integral relative to the total ipsilateral 148 
foot load. Relative center-of-pressure indices were computed via force-weighting based 149 
on relative sensor coordinates to delineate relative load positions and variations within 150 
the insole coordinate system, rather than represent spatially calibrated true center-of-pres- 151 
sure displacements. 152 

All candidate features were initially calculated within individual valid gait cycles 153 
and subsequently aggregated at the subject level. For applicable continuous variables, the 154 
mean, median, standard deviation, interquartile range, and coefficient of variation were 155 
computed; bilateral averages and corresponding asymmetry indices were also derived. 156 
Because body mass information was missing for some subjects, the raw VGRF retained 157 
the unit of Newtons (N) without normalization by body mass. To prevent data leakage, 158 
the standardization parameters for the model input features were estimated solely from 159 
the training sets and fixed prior to application to the corresponding validation and test 160 
sets. 161 

Table 2. Candidate plantar-force gait biomarkers extracted from multichannel VGRF signals 162 

Feature do-

main 
Candidate biomarkers Calculation basis 

Unit or repre-

sentation 

Temporal 
features 

Gait-cycle duration; stance time; swing time; dou-
ble-support time; stance-phase ratio; swing-phase 

ratio; double-support ratio; cadence 

Calculated from foot-contact 
and toe-off events detected 

using the total-foot VGRF sig-
nals 

s, %, 
steps/min 

Kinetic fea-
tures 

Peak total VGRF; mean total VGRF; force–time in-
tegral; loading-response peak; maximum loading 

rate; push-off peak 

Calculated from the total 
VGRF signal during the 

stance phase 
N, N·s, N/s 

Plantar-load 
distribution 

features 

Peak force, mean force, force–time integral, and 
relative load proportion in the heel, midfoot, fore-
foot, and toe regions; forefoot-to-rearfoot load ra-

tio; medial-to-lateral load ratio 

Calculated from local sensor 
signals and regional load rela-
tive to the total ipsilateral foot 

load 

N, N·s, %, or 
dimension-

less 

Relative cen-
ter-of-pres-

sure features 

Mean anteroposterior position; mean mediolateral 
position; anteroposterior excursion range; medi-
olateral excursion range; within-cycle fluctuation 

Force-weighted calculation 
based on the relative coordi-
nates of the plantar sensors 

Relative units 

Bilateral 
symmetry 
features 

Bilateral asymmetry indices for gait-cycle dura-
tion, stance time, swing time, peak VGRF, force–

time integral, and regional load proportions 

Standardized left–right differ-
ence between corresponding 

gait features 

% or dimen-
sionless 

Variability 
and stability 

features 

Standard deviation, interquartile range, and coeffi-
cient of variation of temporal, kinetic, regional-
load, and relative center-of-pressure parameters 

across gait cycles 

Within-subject statistics cal-
culated from consecutive 

valid gait cycles 

Original unit 
or % 

2.3. Data Partitioning and Class Imbalance Handling 163 



 

 

To obtain a robust estimate of model performance while accounting for variability in 164 
subject partitioning and preventing subject-level data leakage, we employed repeated 165 
subject-level stratified five-fold cross-validation. The complete five-fold cross-validation 166 
procedure was repeated using 20 predefined random seeds. For each random seed, the 93 167 
patients with PD were independently repartitioned into five mutually exclusive subsets, 168 
while preserving the proportions of patients at H&Y stages 2.0, 2.5, and 3.0 as closely as 169 
possible. 170 

Within each repetition, each subset served once as the independent test set, while the 171 
remaining four subsets formed the development set and were further partitioned into 172 
training and validation subsets for model training, hyperparameter optimization, and 173 
early stopping. Consequently, every subject received exactly one out-of-fold prediction 174 
within each complete five-fold cross-validation repetition. 175 

All gait data and derived features from a given subject were strictly maintained 176 
within the same data subset within each repetition. All data-distribution-dependent pro- 177 
cessing operations, including missing-value handling (if required), feature standardiza- 178 
tion, class-imbalance handling, CTGAN-based augmentation, and embedded feature se- 179 
lection, were performed exclusively using the corresponding training data. Processing pa- 180 
rameters estimated from the training data were fixed before application to the correspond- 181 
ing validation and test sets; neither the validation nor the test data participated in param- 182 
eter estimation, synthetic-data generation, feature selection, or model fitting. 183 

The original PD cohort contained 55, 28, and 10 patients at H&Y stages 2.0, 2.5, and 184 
3.0, respectively, indicating an obvious class imbalance. To enhance the representation of 185 
minority stages during model training, we employed the Conditional Tabular Generative 186 
Adversarial Network (CTGAN) for data augmentation exclusively within the training 187 
folds [29]. Using subject-level gait biomarkers and H&Y stages as input conditions, 188 
CTGAN generated synthetic samples solely for underrepresented stages until the sample 189 
size of each stage roughly equaled that of the majority stage. CTGAN was retrained inde- 190 
pendently within each training fold of every cross-validation repetition, and the synthe- 191 
sized samples were used exclusively within the corresponding training fold without en- 192 
tering the validation or test sets. 193 

Furthermore, under this same data partitioning framework, we compared various 194 
class imbalance handling strategies, including no resampling, class weighting, random 195 
oversampling, SMOTE, and CTGAN [36]. All strategies were applied exclusively to the 196 
training data, and final performance metrics were calculated using non-augmented real 197 
test subjects to ensure a consistent comparison across different methods. 198 

 199 

Figure 1. Workflow of subject-level data partitioning and class imbalance handling. 200 



 

 

2.4. Explainable Feature Selection and Ordinal Staging Network 201 

 202 

Figure 2. Workflow of the proposed EFOS-Net for explainable Parkinson’s disease ordinal staging. 203 

To filter key gait biomarkers with discriminative value for disease stages and explic- 204 
itly utilize the ordinal progression of H&Y staging from mild to severe, our study con- 205 
structed the Explainable Feature-Oriented Ordinal Staging Network (EFOS-Net). As illus- 206 
trated in Figure 2, EFOS-Net takes subject-level gait biomarker vectors as input. After 207 
completing class imbalance handling within the corresponding training fold, the network 208 
sequentially performs feature importance estimation, differentiable feature gating, shared 209 
feature representation learning, and ordinal stage prediction. It employs end-to-end joint 210 
optimization, ensuring that the screening of gait biomarkers is directly supervised by the 211 
H&Y staging objective. 212 

Let the candidate gait biomarker vector for the i-th subject be denoted as: 213 𝐱௜ = ,௜1ݔ] ,௜2ݔ … , ௜ௗ]Tݔ ∈ ℝௗ , (1) 214 

where d represents the number of candidate features, including temporal, kinetic, 215 
plantar-load distribution, relative center-of-pressure, bilateral symmetry, and gait varia- 216 
bility and stability indices. The discriminative contribution of different gait biomarkers to 217 
disease severity may vary, and strong correlations exist among some variables. Directly 218 
inputting all candidate features into the model may increase network complexity and in- 219 
troduce redundant information. Therefore, EFOS-Net first employs a lightweight multi- 220 
layer perceptron to construct a Feature Importance Network, which learns a correspond- 221 
ing importance score for each input variable: 222 ܛ௜ = ఏ݂(𝐱௜), 223 

where ఏ݂(⋅) denotes the feature importance estimation network parameterized by 224 ߠ, and ݏ௜ ∈ ℝௗ is the importance score vector for the candidate gait biomarkers. A higher 225 
score indicates that the corresponding feature has a greater potential contribution to dis- 226 
tinguishing different H&Y stages.  227 

Unlike traditional two-stage methods that perform offline variable selection before 228 
training a classifier, EFOS-Net embeds feature selection directly into the prediction net- 229 
work. The model employs a differentiable gating mechanism based on the Concrete dis- 230 
tribution to convert continuous importance scores into learnable feature gates: 231 ܕ௜ = Concrete(ܛ௜; ߬), 232 



 

 

where ݉௜ = [݉௜1, ݉௜2, … ,݉௜ௗ]் denotes the feature gating vector, and ߬ is a temper- 233 
ature parameter that controls the smoothness of the gating distribution. The selected fea- 234 
ture representation is given by: 235 

x̃ᵢ = mᵢ ⊙ xᵢ, 236 

where ⊙ represents the element-wise product. Gait biomarkers with larger gate 237 
weights are retained and participate in the subsequent staging prediction, while features 238 
with lower discriminative contributions or redundant information are suppressed. Be- 239 
cause the gating process is differentiable, its parameters can receive gradients from the 240 
final staging loss, enabling feature screening and disease stage prediction to be jointly 241 
optimized under the same objective. 242 

To encourage the model to rely on a small number of representative key gait bi- 243 
omarkers rather than a large set of highly correlated variables, our study further imposes 244 
a sparsity constraint on the feature gating vector: 245 

 246 

ℒsparse = 1ܰ∑ ∥ ௜ܕ ∥1ே
௜=1 , 247 

where ܰ is the number of training samples. This constraint helps form a more compact 248 
feature subset and improves the interpretability of the feature selection results. After 249 
model training is completed, the gate weights across different subjects and cross-valida- 250 
tion folds can be aggregated to evaluate the relative importance and selection stability of 251 
each gait biomarker. The gated gait biomarkers are subsequently fed into a shared feature 252 
encoder: 253 ܐ௜ = థ݂(𝐱̃௜), 254 

where థ݂(⋅) denotes a fully connected feature encoding network, and ℎ௜ is its out- 255 
put low-dimensional latent representation. The shared encoder integrates complementary 256 
information among different key gait biomarkers and enhances the separability of differ- 257 
ent disease stages within the latent feature space. Because the shared encoder is jointly 258 
trained with the frontend feature gating module using the same staging objective, the ob- 259 
tained latent representation can more intensely characterize the changes in PD gait func- 260 
tion that occur with increasing disease severity. 261 

The latent representation output by the shared encoder is further fed into a Condi- 262 
tional Ordinal Regression for Neural Networks (CORN) output layer. H&Y staging pos- 263 
sesses a clear ordinal attribute, where adjacent stages represent a continuous process of 264 
progressive motor function degradation rather than mutually exclusive ordinary catego- 265 
ries. Therefore, our study utilizes CORN instead of a traditional Softmax classifier to ex- 266 
plicitly model the ordinal relationship between different stages. For the three-class task 267 
consisting of H&Y stages 2.0, 2.5, and 3.0, CORN transforms it into two binary classifica- 268 
tion tasks with conditional dependence: 269 ݍ௜1 = ௜ݕ)ܲ > 2.0 ∣∣ ௜ܐ ௜2ݍ 270 ,( = ௜ݕ)ܲ > 2.5 ∣∣ ௜ݕ > 2.0, ௜ܐ ). 271 

The first output determines whether the patient exceeds H&Y stage 2.0; the second 272 
output, conditioned on the patient already exceeding H&Y stage 2.0, further determines 273 
whether the patient exceeds H&Y stage 2.5. The predicted probabilities for the three dis- 274 
ease stages are recovered via the conditional probability chain: 275 ܲ(ݕ௜ = 2.0) = 1 − ௜ݕ)ܲ ௜1, 276ݍ = 2.5) = ௜1(1ݍ −  ௜2), 277ݍ



 

 

௜ݕ)ܲ = 3.0) =  ௜2. 278ݍ௜1ݍ

The final prediction is determined by the stage with the maximum posterior proba- 279 
bility. By sequentially learning the discriminative boundaries between adjacent disease 280 
stages, CORN maintains the rank consistency of the predictions, enabling the model to 281 
focus more on clinically meaningful stage transitions and reducing the risk of severe cross- 282 
stage misclassifications between H&Y stages 2.0 and 3.0. 283 

EFOS-Net is trained end-to-end using a joint loss function that combines conditional 284 
ordinal classification, distance-aware error constraint, and feature sparsity constraint: 285 ℒtotal = ℒCORN + distℒdistߣ +  sparseℒsparse, 296ߣ
where ℒCORN is the conditional ordinal regression loss used to learn the ordinal discrim- 286 
inative boundaries between different H&Y stages; ℒdist is the distance-aware loss that pe- 287 
nalizes errors based on the ordinal distance between the predicted and true stages; and 288 ℒsparse  is the feature gating sparsity constraint. The hyperparameters ߣdist  and ߣsparse 289 
control the contributions of the distance-aware and feature sparsity terms to the total loss, 290 
respectively, and are determined using the validation set in each cross-validation itera- 291 
tion. The distance-aware loss imposes a higher penalty on misclassifications spanning 292 
multiple stages compared to adjacent-stage misclassifications, thereby ensuring that 293 
model predictions align more closely with the clinical progression of PD from mild to 294 
severe.  295 

Once model training is complete, the feature gate weights are used to illustrate 297 
which key gait biomarkers were selected by the model, and their stability is evaluated 298 
through the gate weights and selection frequencies across different cross-validation 299 
folds. Building upon this, SHapley Additive exPlanations (SHAP) is further em- 300 
ployed to analyze the contribution directions and magnitudes of the selected features 301 
to the model's predictions. Feature gating and SHAP analysis provide interpretations 302 
at the feature selection level and the prediction contribution level, respectively, corre- 303 
sponding to the Output & Interpretation module in Figure 2. 304 

In summary, EFOS-Net integrates gait biomarker screening, latent feature repre- 305 
sentation learning, and H&Y ordinal staging within a unified end-to-end framework, 306 
ensuring that the selected features directly serve the disease staging task. By provid- 307 
ing evidence at the feature selection level via feature gating analysis and at the pre- 308 
diction contribution level via SHAP interpretation, the framework balances overall 309 
staging performance, ordinal consistency, feature selection stability, and clinical in- 310 
terpretability. 311 

2.5. Experimental Setup and Statistical Analysis 312 

To comprehensively evaluate the predictive performance, ordinal consistency, ro- 313 
bustness, and interpretability of the Explainable Feature-Oriented Ordinal Staging Net- 314 
work (EFOS-Net), all experiments were conducted under the subject-level framework de- 315 
scribed in Section 2.3. Unless otherwise specified, all compared models utilized the same 316 
subject partitioning, data preprocessing, and test set evaluation strategies. 317 

EFOS-Net was implemented using PyTorch and trained with the Adam optimizer. 318 
The initial learning rate was set to 1×10^(-3), the batch size to 16, and the maximum num- 319 
ber of training epochs to 200. The temperature parameter for the Concrete feature gating 320 
was set to 0.5. Early stopping was employed during training, which terminated the pro- 321 
cess if the validation loss did not decrease for 20 consecutive epochs, retaining the model 322 
parameters associated with the lowest validation loss. In each cross-validation iteration, 323 
hyperparameter tuning, model selection, and early stopping were performed exclusively 324 
based on the training and validation sets; the independent test set did not participate in 325 
any parameter estimation or model optimization. The weights of individual loss terms 326 
within the joint loss function were determined based on validation set performance and 327 



 

 

remained fixed during the testing phase. A predefined set of 20 random seeds was used 328 
to repeat the complete subject-level five-fold cross-validation procedure. Each random 329 
seed generated an independent stratified five-fold subject partition, whereas the model 330 
architecture, preprocessing procedure, augmentation strategy, hyperparameter settings, 331 
and training protocol were kept unchanged across repetitions. The same random-seed- 332 
specific subject partitions were used for all compared models and experimental settings 333 
to ensure paired and reproducible comparisons. 334 

Considering that H&Y staging exhibits both class imbalance and an ordinal structure, 335 
we evaluated model performance across two dimensions: overall classification ability and 336 
ordinal consistency. Classification metrics included accuracy (ACC), balanced accuracy 337 
(BACC), macro precision, macro recall, and macro F1-score, with BACC and macro F1- 338 
score serving as the primary metrics. Ordinal evaluation utilized the quadratic weighted 339 
kappa (QWK) and mean absolute error (MAE). In addition, we calculated the adjacent- 340 
stage accuracy (ASA) and severe misclassification rate (SMR), which represent the pro- 341 
portion of predictions within one stage of the true stage and the proportion of direct mis- 342 
classifications between H&Y stages 2.0 and 3.0, respectively. We also reported the overall 343 
confusion matrix along with class-wise precision, recall, and F1-score. 344 

To verify the effectiveness of the proposed method, we compared EFOS-Net against 345 
representative traditional machine learning models, standard multi-class neural networks, 346 
and ordinal learning models. All models utilized the same candidate gait biomarkers and 347 
subject-level data partitioning, with preprocessing, class imbalance handling, and model 348 
training strictly confined to the training data. Furthermore, we conducted ablation exper- 349 
iments by respectively removing the differentiable feature selection module, replacing the 350 
CORN ordinal output with a standard Softmax classifier, eliminating the distance-aware 351 
loss, and removing the CTGAN data augmentation, to evaluate the independent contri- 352 
bution of each component module. Additionally, various class imbalance handling strat- 353 
egies—including no resampling, class weighting, random oversampling, SMOTE, and 354 
CTGAN—were compared under the same evaluation framework. We also recorded the 355 
selection frequency of each gait biomarker across all 5×20 training folds generated by the 356 
repeated cross-validation procedure to assess feature-selection stability. 357 

All performance metrics were calculated based on non-augmented real test subjects. 358 
For each random-seed repetition, predictions from the five mutually exclusive test folds 359 
were pooled so that each of the 93 subjects contributed exactly one out-of-fold prediction. 360 
All classification and ordinal performance metrics were calculated from the complete 361 
pooled out-of-fold predictions within each repetition. Final performance estimates were 362 
subsequently summarized as the mean±standard deviation across the 20 repeated com- 363 
plete five-fold cross-validation runs rather than across individual test folds. For inferential 364 
model comparisons, out-of-fold class probabilities obtained for each subject across the 20 365 
cross-validation repetitions were first averaged at the subject level to obtain one consensus 366 
prediction per subject and model. Paired Bootstrap analysis was subsequently performed 367 
at the subject level using these consensus predictions. Subjects were resampled with re- 368 
placement for 5,000 iterations, with identical resampled subject sets used for EFOS-Net 369 
and each comparator. Performance differences and their 95% confidence intervals were 370 
estimated from the paired Bootstrap distribution, and multiple comparisons were cor- 371 
rected using the Holm method. All statistical tests were two-sided, and a corrected P < 372 
0.05 was considered statistically significant. 373 

Depending on the data distribution, demographic and clinical variables were de- 374 
scribed using mean±standard deviation, median (interquartile range), or count (percent- 375 
age). Between-group comparisons of continuous variables were performed using a one- 376 
way analysis of variance (ANOVA) or the Kruskal–Wallis test, whereas categorical varia- 377 
bles were analyzed using the Pearson chi-square test or Fisher's exact test. When an overall 378 



 

 

between-stage difference was identified, pairwise post-hoc comparisons were performed, 379 
and the resulting P values were adjusted for multiple comparisons using the Benjamini– 380 
Hochberg procedure. 381 

Additionally, SHAP analysis was performed to interpret the model's predictions on 382 
EFOS-Net. Global feature importance rankings were derived via mean absolute SHAP 383 
values, and the influence direction of key feature values on staging predictions was ana- 384 
lyzed. Concurrently, local SHAP analysis was performed on representative correctly and 385 
incorrectly classified cases to explain the contribution of key gait biomarkers to individual 386 
predictions. SHAP analysis and feature gating provided model interpretations at the pre- 387 
diction contribution level and the feature selection level, respectively; these results solely 388 
reflect the predictive associations within the model and do not serve as evidence of a 389 
causal relationship between gait biomarkers and PD progression. 390 

3. Results 391 

3.1. Study Cohort, Signal Quality, and Gait Characteristics 392 

The primary staging analysis included 93 patients with PD, comprising 55 patients 393 
(59.1%) at H&Y stage 2.0, 28 (30.1%) at stage 2.5, and 10 (10.8%) at stage 3.0. The demo- 394 
graphic characteristics of patients across different H&Y stages are presented in Table 1. 395 
Between-group comparisons revealed a statistically significant difference in age across the 396 
different H&Y stages (ܨ = 3.596, ܲ = 0.031), with the mean age increasing as the H&Y 397 
stage advanced. In contrast, no statistically significant differences were observed across 398 
the H&Y stages regarding sex composition (߯2 = 0.573, ܲ = 0.751), height (ܲ = 0.283), 399 
and body mass (ܲ = 0.197). 400 

All subjects included in the primary analysis passed the predefined signal quality 401 
control pipeline and successfully completed gait event identification and subject-level gait 402 
biomarker extraction. Following quality control, all 93 patients were retained for subse- 403 
quent analyses; no subjects were further excluded due to obvious signal interruptions, 404 
critical sensor failures, or unreliable gait event identification. The subject-level features 405 
derived from valid gait cycles were utilized for subsequent gait feature comparisons, as 406 
well as for model training and evaluation. 407 

The distributions of representative temporal, kinetic, plantar-load, gait-variability, 408 
and bilateral-asymmetry biomarkers across different H&Y stages are shown in Figure 3. 409 
Patients at different H&Y stages exhibited stage-related differences across multiple gait 410 
dimensions. With increasing H&Y stage, patients generally showed longer gait-cycle du- 411 
ration, lower cadence, altered stance- and swing-phase ratios, a higher double-support 412 
ratio, greater gait variability, and more pronounced bilateral asymmetry. Significant pair- 413 
wise differences were observed for multiple temporal, kinetic, variability, and asymmetry 414 
measures after correction for multiple comparisons. In contrast, mean stance-phase VGRF, 415 
midfoot load ratio, and forefoot load ratio showed no significant pairwise differences 416 
across H&Y stages after multiple-comparison correction. 417 



 

 

 418 

Figure 3. Distribution of gait biomarkers across H&Y stages 419 

3.2. Primary Staging Performance of EFOS-Net 420 

Under the repeated subject-level stratified five-fold cross-validation framework, 421 
EFOS-Net achieved favorable overall staging performance. Across the 20 complete cross- 422 
validation repetitions, the model yielded an accuracy (ACC) of 87.95±3.62%, a balanced 423 
accuracy (BACC) of 84.83±4.15%, a macro F1-score of 83.96±4.38%, a macro precision of 424 
83.48 %, and a macro recall of 84.83±4.15%. Within each repetition, predictions from the 425 
five test folds were pooled before metric calculation; therefore, the reported standard de- 426 
viations represent variability across repeated complete cross-validation runs rather than 427 
variability across individual test folds. 428 

Considering the explicit ordinal structure of H&Y staging, we further evaluated 429 
model performance using metrics related to ordinal consistency and error distance. EFOS- 430 
Net achieved a quadratic weighted kappa (QWK) of 0.85±0.04 and a mean absolute error 431 
(MAE) of 0.13±0.04. Furthermore, the adjacent-stage accuracy (ASA) was 98.71±1.42%, and 432 
the severe misclassification rate (SMR) was strictly controlled at 1.29±1.42%. These results 433 
indicate that the model predictions exhibit high ordinal consistency with the clinical ref- 434 
erence H&Y staging, and long-distance cross-stage misclassifications are relatively rare.  435 

The class-wise recognition performance for different H&Y stages is presented in Ta- 436 
ble 3. For patients at H&Y stage 2.0, EFOS-Net achieved a precision, recall, and F1-score 437 
of 90.35±4.12%, 92.36±3.87%, and 91.28±3.54%, respectively. For those at stage 2.5, the cor- 438 
responding metrics were 79.66±5.78%, 82.14±5.96%, and 80.76±5.31%. Across the repeated 439 
complete cross-validation runs, patients at H&Y stage 3.0, who constituted the smallest 440 
subgroup, achieved a precision, recall, and F1-score of 80.42±8.15%, 80.0±8.37%, and 441 
79.83±7.26%, respectively. Although stage 3.0 patients accounted for only 10.8% of all PD 442 
subjects, both their recall and F1-score approached 80%, suggesting that EFOS-Net main- 443 
tained good recognition performance for minority-stage patients despite the class-imbal- 444 
anced cohort. 445 

Table 3. Class-wise staging performance of EFOS-Net 446 

H&Y stage Precision (%) Recall (%) F1-score (%) 



 

 

H&Y 2.0 90.35±4.12 92.36±3.87 91.28±3.54 
H&Y 2.5 79.66±5.78 82.14±5.96 80.76±5.31 
H&Y 3.0 80.42±8.15 80.00±8.37 79.83±7.26 

Note: Values are reported as mean±SD across 20 repeated complete subject-level stratified five-fold 447 
cross-validation runs. Within each repetition, predictions from the five out-of-fold test subsets were 448 
pooled before class-wise performance metrics were calculated. 449 

To obtain a single subject-level summary of the repeated out-of-fold predictions, the 450 
predicted class probabilities for each subject were averaged across the 20 complete cross- 451 
validation repetitions. The H&Y stage with the highest mean predicted probability was 452 
then assigned as the subject-level consensus prediction, and these consensus predictions 453 
were used to construct the overall confusion matrix shown in Figure 4. Among all 93 PD 454 
patients, 82 (88.2%) were correctly staged, with 51, 23, and 8 cases accurately identified 455 
for H&Y stages 2.0, 2.5, and 3.0, respectively. Misclassifications predominantly occurred 456 
between adjacent disease stages (i.e., between stages 2.0 and 2.5, and between stages 2.5 457 
and 3.0). Only one severe cross-stage misclassification (between stages 2.0 and 3.0) was 458 
observed among all 93 patients. Based on the aggregated out-of-fold predictions, the re- 459 
sults for 92 out of 93 patients (98.9%) were either perfectly consistent with the clinical 460 
reference staging or deviated by only one adjacent stage. The overall confusion matrix 461 
further demonstrates that the misclassifications made by EFOS-Net were primarily con- 462 
centrated in H&Y stages with similar clinical severities. 463 

 464 

Figure 4. Confusion matrix of EFOS-Net. 465 

3.3. Comparison with Conventional and Ordinal Benchmark Models 466 

To evaluate the staging performance of EFOS-Net relative to different modeling strat- 467 
egies, we compared it with traditional machine learning classifiers, standard multi-class 468 
neural networks, and ordinal learning models under the same subject-level stratified five- 469 
fold cross-validation framework; the results are presented in Table 4. All models utilized 470 
the same subject partitioning, candidate gait biomarkers, data preprocessing pipeline, and 471 
test set evaluation strategies. We strictly confined feature standardization, class imbalance 472 
handling, and model training within the corresponding training data, while the validation 473 
and test sets consisted exclusively of non-augmented real subjects. 474 

All model comparisons reported in this section were based on the same 20 repeated 475 
cross-validation partitions, and the reported mean±SD values represent variability across 476 
complete cross-validation repetitions. 477 

Table 4. Comparison of staging performance between EFOS-Net and benchmark models 478 



 

 

Model Accuracy (%) 
Balanced Accu-

racy (%) 

Macro F1-

score (%) 
QWK MAE 

H&Y 3.0 Re-

call (%) 

SMR 

(%) 

Logistic Regres-
sion 

72.04±5.76 68.31±6.12 66.85±6.28 0.61±0.07 0.31±0.06 46.00±11.40 8.6 

SVM 77.42±5.02 73.18±5.47 72.84±5.31 0.69±0.06 0.27±0.05 58.00±10.44 6.45 
RandomForest 75.29±5.48 71.06±5.83 70.37±5.76 0.66±0.06 0.29±0.05 54.00±10.84 7.53 

XGBoost 79.35±4.63 77.11±4.94 75.26±4.87 0.73±0.05 0.23±0.05 62.00±9.75 5.38 
MLP–Softmax 80.22±4.41 77.63±4.68 76.91±4.92 0.75±0.05 0.24±0.05 64.00±9.11 5.16 
MLP–CORN 83.06±4.07 80.48±4.36 79.11±4.51 0.80±0.04 0.18±0.04 68.00±8.91 3.01 

EFOS-Net 87.95±3.62 84.83±4.15 83.96±4.38 0.85±0.04 0.13±0.04 80.00±8.37 1.29 

Note: Values are reported as mean±SD across 20 repeated complete subject-level stratified five-fold 479 
cross-validation runs. For each repetition, predictions from the five test folds were pooled before 480 
metric calculation. The same random-seed-specific subject partitions were used across all compared 481 
models. 482 

Among the traditional machine learning models, XGBoost achieved the best numer- 483 
ical performance, yielding an ACC, BACC, and macro F1-score of 79.35±4.63%, 484 
77.11±4.94%, and 75.26±4.87%, respectively, alongside a QWK of 0.73±0.05 and an MAE of 485 
0.23±0.05. Among the neural network baselines, MLP–CORN with ordinal output gener- 486 
ally outperformed MLP–Softmax, exhibiting a higher QWK and lower MAE and SMR. 487 
This suggests that ordinal modeling helps improve the consistency of H&Y staging.  488 

Across all compared models, EFOS-Net achieved the best overall staging perfor- 489 
mance and ordinal consistency. It reached an ACC of 87.95±3.62%, a BACC of 84.83±4.15%, 490 
and a macro F1-score of 83.96±4.38%, with a QWK of 0.85±0.04, an MAE of 0.13±0.04, and 491 
an H&Y stage 3.0 recall of 80.00±8.34%; the five-fold average SMR was only 1.29%. Com- 492 
pared to XGBoost (the best-performing traditional machine learning model), EFOS-Net 493 
improved the BACC and macro F1-score by 7.62 and 8.70 percentage points, respectively, 494 
and increased the stage 3.0 recall by 17.70 percentage points. Compared to MLP–CORN, 495 
EFOS-Net further improved the macro F1-score by 4.85 percentage points and the stage 496 
3.0 recall by 11.70 percentage points, while concurrently increasing the QWK and decreas- 497 
ing both the MAE and SMR. These results demonstrate that EFOS-Net yields superior 498 
numerical performance in terms of overall classification, minority-stage recognition, and 499 
ordinal consistency. 500 

Compared to the ordinal learning baseline MLP–CORN, EFOS-Net increased the 501 
ACC, BACC, and macro F1-score by 5.11, 4.25, and 4.85 percentage points, respectively; 502 
the QWK improved from 0.80 to 0.85, and the MAE decreased from 0.18 to 0.13. For pa- 503 
tients at H&Y stage 3.0, who had the smallest sample size, the recall increased from 504 
68.00±8.91% to 80.00±8.34% (an 12.00 percentage point gain), while the five-fold average 505 
SMR decreased from 3.01% to 1.29%. Consequently, under the current study cohort and 506 
evaluation framework, EFOS-Net achieved numerically superior results over MLP– 507 
CORN regarding overall classification performance, ordinal consistency, and H&Y stage 508 
3.0 recognition. 509 

Figure 5 presents a comparison of key performance metrics across different models. 510 
Overall, EFOS-Net achieved the best numerical results among all compared models in 511 
metrics such as macro F1-score, QWK, stage 3.0 recall, and SMR. The statistical signifi- 512 
cance between models should be based on the paired Bootstrap analysis of subject-level 513 
out-of-fold predictions, with multiple comparisons corrected using the Holm method ac- 514 
cording to the predefined statistical protocol. 515 

 516 



 

 

 517 

(A) Macro F1-score. 518 

 519 

(B) Quadratic weighted kappa (QWK) 520 

 521 

(C) H&Y stage 3.0 recall 522 

Figure 5. Performance comparison of EFOS-Net and benchmark models. 523 

3.4. Ablation and Class-Imbalance Handling Analyses 524 

To evaluate the contributions of the primary component modules in EFOS-Net, we 525 
conducted ablation experiments under the same subject-level stratified five-fold cross- 526 
validation framework; the results are shown in Table 5 and Figure 6(A). The full EFOS- 527 
Net achieved a BACC and a macro F1-score of 84.83 ± 4.15% and 83.96 ± 4.38%, respec- 528 
tively, with a QWK of 0.85 ± 0.04 and an MAE of 0.13 ± 0.04. 529 

After removing the CTGAN data augmentation, the BACC and macro F1-score 530 
dropped to 77.82 ± 4.76% and 76.98 ± 4.91%, respectively, and the H&Y stage 3.0 recall 531 
decreased to 62.00 ± 9.75%. When the differentiable feature selection module was re- 532 
moved, the macro F1-score and QWK were 79.84 ± 4.63% and 0.80 ± 0.05, respectively. 533 
Replacing CORN with Softmax resulted in a macro F1-score of 78.92 ± 4.71%, while the 534 
QWK decreased to 0.76 ± 0.05 and the MAE increased to 0.22 ± 0.05. Removing the dis- 535 
tance-aware loss yielded a macro F1-score and QWK of 81.47 ± 4.52% and 0.81 ± 0.04, 536 
respectively. Overall, the removal or replacement of each primary module led to varying 537 
degrees of performance degradation. 538 



 

 

Table 5. Ablation and class-imbalance handling analyses of EFOS-Net 539 

Analysis Setting BACC(%) 
MacroF1-

score(%) 
QWK MAE 

H&Y 3.0 

Recall (%) 
SMR (%) 

Ablation 

Full EFOS-Net 84.83±4.15 83.96±4.38 0.85±0.04 0.13±0.04 80.00±8.37 1.29 
Without CTGAN 77.82±4.76 76.98±4.91 0.74±0.06 0.24±0.05 62.00±9.75 5.16 

Without feature se-
lection 

80.61±4.48 79.84±4.63 0.80±0.05 0.18±0.04 70.00±9.12 3.01 

CORN → Softmax 79.76±4.57 78.92±4.71 0.76±0.05 0.22±0.05 68.00±9.36 4.3 
Withoutdistance-

aware loss 
82.18±4.31 81.47±4.52 0.81±0.04 0.18±0.04 74.00±8.77 3.01 

Class imbalance 

No resampling 77.82±4.76 76.98±4.91 0.74±0.06 0.24±0.05 62.00±9.75 5.16 
Class weighting 80.12±4.54 79.36±4.69 0.78±0.05 0.20±0.05 69.00±9.41 3.87 
Random over-

sampling 
80.86±4.47 80.05±4.61 0.79±0.05 0.19±0.04 70.00±9.18 3.44 

SMOTE 82.11±4.32 81.38±4.48 0.81±0.04 0.17±0.04 72.00±8.86 2.58 
CTGAN 84.83±4.15 83.96±4.38 0.85±0.04 0.13±0.04 80.00±8.37 1.29 

Note: Values are reported as mean±SD across 20 repeated complete subject-level stratified five-fold 540 
cross-validation runs. Identical random-seed-specific subject partitions were used across all ablation 541 
and class-imbalance handling settings. Within each repetition, predictions from the five out-of-fold 542 
test subsets were pooled before metric calculation. 543 

We further compared different class imbalance handling strategies, with the results 544 
presented in Table 5 and Figure 6(B). Across the 20 repeated complete cross-validation 545 
runs, the no-resampling setting yielded an H&Y stage 3.0 recall of 62.00±9.75%; class 546 
weighting, random oversampling, and SMOTE yielded 69.00±9.41%, 70.00±9.18%, and 547 
72.00±8.86%, respectively. CTGAN achieved a mean H&Y stage 3.0 recall of 80.0±8.37%. 548 

In summary, removing CTGAN caused the most noticeable decline in minority-stage 549 
recognition and overall balanced performance; eliminating feature selection primarily re- 550 
duced overall classification performance; and replacing CORN with Softmax or omitting 551 
the distance-aware loss led to more prominent drops in ordinal consistency metrics. These 552 
results support the complementary roles of the primary components in EFOS-Net for au- 553 
tomatic H&Y staging. 554 

 555 

(A) Performance of ablation variants 556 



 

 

 557 

(B) Effects of different class-imbalance handling strategies. 558 

Figure 6. Ablation and class-imbalance handling analyses. (A) Performance of ablation variants.  559 

3.5. Gait Biomarker Selection, Stability, and Model Interpretation 560 

Under the subject-level five-fold cross-validation framework, Feature-selection sta- 561 
bility was evaluated across all 5×20 training folds generated by the repeated cross-valida- 562 
tion procedure. EFOS-Net identified gait biomarkers that were repeatedly retained across 563 
different subject partitions and training folds, as summarized in Table 6. The selected fea- 564 
tures cover multiple domains, including temporal, kinetic, plantar-load distribution, bi- 565 
lateral symmetry, and gait variability. Among them, the double-support phase, gait-cycle 566 
duration coefficient of variation, swing-time asymmetry index, stance-time asymmetry 567 
index, and cadence exhibited high repeated selection frequencies across different training 568 
folds. This suggests that these indices contribute stably to distinguishing different H&Y 569 
stages. 570 

Table 6. Stability and gate weights of gait biomarkers selected by EFOS-Net 571 

Rank Selected gait biomarker 

Selection 

frequency 

(%) 

Mean 

gate 

weight 

1 Double-support phase (%) 100 0.91 
2 Gait-cycle duration coefficient of variation 100 0.88 
3 Swing-time asymmetry index 100 0.84 
4 Stance-time asymmetry index 100 0.81 
5 Cadence 100 0.79 
6 Double-support time coefficient of variation 100 0.76 
7 Peak VGRF asymmetry index 100 0.73 
8 Stance-time coefficient of variation 80 0.69 
9 Swing-time coefficient of variation 80 0.66 

10 Force–time integral asymmetry index 80 0.63 
11 Forefoot-to-rearfoot load ratio 80 0.61 
12 Peak total VGRF coefficient of variation 80 0.58 
13 Mean stance-phase ratio (%) 80 0.55 
14 Mean swing-phase ratio (%) 80 0.52 
15 Relative mediolateral COP fluctuation 60 0.48 
16 Push-off peak VGRF 60 0.45 
17 Maximum loading rate 60 0.42 
18 Regional plantar-load asymmetry index 60 0.39 



 

 

Further analysis of the feature gating results revealed that the double-support phase, 572 
gait-cycle duration coefficient of variation, swing-time asymmetry index, stance-time 573 
asymmetry index, and cadence possessed higher mean gate weights (Figure 7A). These 574 
features reflect gait phase structure, cross-cycle stability, and bilateral coordination capac- 575 
ity, respectively. We note that the selection frequency reflects the stability of a feature be- 576 
ing repeatedly retained across different training folds, whereas the gate weight represents 577 
the relative selection intensity learned during model training; both metrics describe the 578 
importance of candidate gait biomarkers from different perspectives. 579 

To evaluate the contribution of the selected features to model predictions, SHAP 580 
analysis was performed on out-of-fold subjects across the repeated five-fold cross-valida- 581 
tion runs, and the resulting attribution values were aggregated to obtain global feature- 582 
importance estimates. The double-support phase, gait-cycle duration coefficient of varia- 583 
tion, swing-time asymmetry index, stance-time asymmetry index, and cadence also 584 
ranked at the forefront regarding mean absolute SHAP values (Figure 7B). Among all se- 585 
lected features, the mean gate weight demonstrated a strong positive correlation with the 586 
mean absolute SHAP value (Spearman ߩ = 1, ܲ < 0.001). This indicates that the im- 587 
portance ranking learned by the feature selection module is generally consistent with the 588 
predictive contribution of the model on out-of-fold subjects. 589 

Different features also exhibited certain patterns regarding their influence on the 590 
model's prediction direction. A higher double-support phase ratio, greater gait cycle and 591 
phase variability, and more pronounced bilateral asymmetry generally tended to increase 592 
the model's contribution toward predicting a higher H&Y stage. Conversely, a higher ca- 593 
dence, along with lower gait variability and asymmetry, was generally associated with 594 
model outputs of lower disease stages. These results reflect the internal contribution of 595 
features to the EFOS-Net staging predictions and do not imply a causal relationship be- 596 
tween these gait indices and PD progression. 597 

To assess whether the model excessively relies on a few high-weight features, we 598 
performed a feature removal analysis (Figure 7C). After removing the single highest-rank- 599 
ing feature, the macro F1-score dropped from 83.96% to 82.71%; removing the top 3 fea- 600 
tures decreased it to 80.92%; and removing the top 5 features further reduced it to 78.64%. 601 
Although model performance gradually declined with the sequential removal of high- 602 
ranking features, removing the single highest-ranking feature only caused a 1.25 percent- 603 
age point drop in the macro F1-score. This demonstrates that the model's staging perfor- 604 
mance is jointly supported by multiple complementary gait biomarkers rather than rely- 605 
ing entirely on a single feature.  606 

In summary, the primary gait biomarkers selected by EFOS-Net cover various do- 607 
mains, including gait phase structure, cross-cycle variability, kinetic load, and bilateral 608 
coordination. The feature selection frequency and gate weights show good consistency 609 
with out-of-fold SHAP importance, and the feature removal analysis further demonstrates 610 
that model predictions are not determined by a single high-weight variable. These results 611 
provide internal evidence for the stability and interpretability of the EFOS-Net staging 612 
decisions. 613 



 

 

 614 

(A) Stability and Learned Gate Weights of Selected Gait Biomarkers. 615 

 616 

(B) Consistency Between Gate-Weight Ranking and SHAP Importance. 617 

 618 

(C) Sensitivity to Removal of High-Ranking Gait Biomarkers. 619 



 

 

Figure 7. Selection stability, model interpretation, and robustness analyses of EFOS-Net. 620 

4. Discussion 621 

We developed EFOS-Net for the automatic H&Y staging of PD, integrating plantar- 622 
force gait biomarker screening, intra-training class imbalance handling, and ordinal learn- 623 
ing into a unified framework. Subject-level five-fold cross-validation results demonstrated 624 
that EFOS-Net effectively distinguished patients at H&Y stages 2.0, 2.5, and 3.0, achieving 625 
favorable results in overall classification performance, minority-stage recognition, and or- 626 
dinal consistency. Compared to traditional machine learning models and neural network 627 
baselines, EFOS-Net yielded superior numerical performance across metrics such as 628 
BACC, macro F1-score, QWK, MAE, and stage 3.0 recall, alongside fewer severe cross- 629 
stage misclassifications. This indicates that under the current cohort and evaluation 630 
framework, simultaneously considering feature screening, class imbalance, and the ordi- 631 
nal attribute of H&Y staging helps achieve more balanced predictions that align with the 632 
hierarchical structure of disease severity. 633 

H&Y staging possesses a clear ordinal attribute, where adjacent stages reflect pro- 634 
gressive changes in disease severity rather than mutually independent categories. Conse- 635 
quently, adjacent-stage misclassifications carry different clinical implications compared 636 
to direct cross-stage misclassifications between H&Y stages 2.0 and 3.0. We utilized CORN 637 
to model the sequential relationship between stages and applied a distance-aware loss to 638 
strengthen the constraints on long-distance misclassifications. In baseline comparisons, 639 
MLP–CORN exhibited a higher QWK and lower MAE and SMR than MLP–Softmax. Fur- 640 
thermore, ablation experiments showed that replacing CORN with Softmax or removing 641 
the distance-aware loss led to varying degrees of decline in ordinal-related metrics. This 642 
demonstrates the necessity of evaluating rank consistency and error distance, in addition 643 
to conventional classification metrics, for the automatic H&Y staging task. 644 

Class imbalance primarily affected the recognition of patients at H&Y stage 3.0. The 645 
current cohort contained only 10 patients at stage 3.0, notably fewer than those at stages 646 
2.0 and 2.5. Compared to no resampling, class weighting, random oversampling, and 647 
SMOTE, CTGAN achieved better minority-stage recognition and overall balanced perfor- 648 
mance on this dataset. Conversely, removing CTGAN decreased both the stage 3.0 recall 649 
and the overall performance. This indicates that intra-training data augmentation helps 650 
mitigate the recognition bias caused by insufficient minority-stage samples. However, be- 651 
cause CTGAN was utilized exclusively during the training phase without increasing the 652 
number of real stage 3.0 samples, it cannot substitute for real clinical cases; these results 653 
require further validation using independent data containing more advanced-stage pa- 654 
tients. 655 

EFOS-Net ultimately selected 18 gait biomarkers covering multiple domains, includ- 656 
ing gait phase structure, cross-cycle variability, bilateral coordination, kinetic load, and 657 
plantar-load distribution. Among these, the double-support phase, gait-cycle duration co- 658 
efficient of variation, swing-time asymmetry index, stance-time asymmetry index, and ca- 659 
dence exhibited higher selection frequencies and gate weights, ranking highly in the 660 
SHAP analysis as well. A higher double-support phase ratio, greater gait variability, and 661 
more pronounced bilateral asymmetry generally tended to push the model toward pre- 662 
dicting higher H&Y stages, aligning with the clinical manifestation of declining gait sta- 663 
bility and bilateral coordination as PD severity increases. Meanwhile, the multivariate 664 
model retained certain features that lacked significant between-group differences in uni- 665 
variate analyses, suggesting that H&Y stage recognition likely relies on joint information 666 
across different gait dimensions rather than a single index. 667 

The feature selection results showed good consistency with the model interpretation 668 
results. Mean gate weights demonstrated a strong positive correlation with out-of-fold 669 



 

 

mean absolute SHAP values, and model performance gradually declined upon the re- 670 
moval of high-ranking features. Removing the single highest-ranking feature caused only 671 
a limited performance drop, whereas the sequential removal of multiple high-ranking fea- 672 
tures led to a more pronounced decline; this demonstrates that model predictions are 673 
jointly supported by multiple complementary gait biomarkers rather than relying on a 674 
single variable. We note that gate weights and SHAP values reflect feature contributions 675 
to model predictions and cannot infer causal relationships between the corresponding gait 676 
indices and PD progression. As a result, the features identified in our study should be 677 
interpreted as candidate digital gait biomarkers associated with disease severity. 678 

We adopted subject-level data partitioning to reduce data leakage caused by allocat- 679 
ing multiple gait cycles from the same patient into both the training and test sets simulta- 680 
neously. Raw signals, gait cycles, and derived features from a given subject were strictly 681 
maintained within the same data subset, while operations including standardization, class 682 
augmentation, and feature selection were performed exclusively within the training data. 683 
This design helps obtain a performance evaluation that more closely approximates pre- 684 
diction scenarios for unseen patients. On the other hand, patient ages exhibited statisti- 685 
cally significant differences across different H&Y stages, with the mean age increasing as 686 
the H&Y stage advanced. Consequently, age-related gait changes may still constitute a 687 
potential confounding factor. This issue should be further evaluated through age match- 688 
ing, covariate adjustment, or independent cohorts in future studies. 689 

Plantar VGRF can provide objective, quantifiable gait information, while EFOS-Net 690 
outputs H&Y stage predictions alongside corresponding gait biomarker contribution in- 691 
sights. Accordingly, this method is better suited as an objective auxiliary tool for clinical 692 
H&Y staging rather than a replacement for clinical evaluation. It should be noted that we 693 
evaluated the cross-sectional disease stage recognition capability, which cannot be di- 694 
rectly applied to predict individual disease progression, treatment response, or long-term 695 
functional changes. Such applications still require further validation using longitudinal 696 
repeated-measures data. 697 

Our study has several limitations. First, the model was developed based on a single 698 
public database and evaluated primarily using internal cross-validation without inde- 699 
pendent external validation; thus, its generalization capability across different centers, de- 700 
vices, and patient populations remains unclear. Second, the existing data only covers H&Y 701 
stages 2.0, 2.5, and 3.0, with a limited sample size at stage 3.0, meaning the current model 702 
does not represent the complete range of H&Y staging. Third, age differences exist be- 703 
tween different H&Y stages, and age along with other unmeasured clinical factors might 704 
exert confounding effects on gait phenotypes. Fourth, we utilized only plantar VGRF to 705 
construct gait biomarkers, without evaluating the incremental value of information from 706 
inertial sensors, kinematics, electromyography, or clinical scales. Finally, by adopting 707 
cross-sectional H&Y staging as the prediction target, we could not assess the model's sen- 708 
sitivity to individual disease progression. Future studies should conduct validation in co- 709 
horts containing a more complete range of disease stages, larger scale real-world patients, 710 
and multicenter independent data, while further incorporating longitudinal follow-up 711 
and multimodal data to evaluate the stability and practical application value of the model. 712 

5. Conclusions 713 

Our study developed EFOS-Net for the automatic Hoehn–Yahr (H&Y) staging of 714 
Parkinson's disease, integrating plantar-force gait biomarker screening, intra-training 715 
class imbalance handling, and ordinal learning into a unified framework. Based on sub- 716 
ject-level five-fold cross-validation, EFOS-Net enabled automatic identification of H&Y 717 
stages 2.0, 2.5, and 3.0, achieving favorable performance in overall classification, minority- 718 



 

 

stage recognition, and ordinal consistency, while reducing severe cross-stage misclassifi- 719 
cations. 720 

The key gait biomarkers selected by the model covered multiple dimensions, includ- 721 
ing gait phase structure, cross-cycle variability, and bilateral coordination, with the dou- 722 
ble-support phase, gait-cycle coefficient of variation, swing-time asymmetry index, 723 
stance-time asymmetry index, and cadence exhibiting high selection stability and predic- 724 
tive contribution. The feature gating and SHAP analyses were generally consistent, indi- 725 
cating that H&Y stage recognition relies on the joint information of multiple complemen- 726 
tary gait biomarkers and providing interpretable evidence for the model's staging deci- 727 
sions. 728 

Currently, our study only covered patients at H&Y stages 2.0–3.0 and lacked inde- 729 
pendent external validation; therefore, EFOS-Net is better suited as an objective auxiliary 730 
tool for H&Y staging based on plantar-force gait information, rather than a replacement 731 
for clinical H&Y evaluation. Future studies should validate the model on larger real-world 732 
cohorts encompassing a broader range of disease stages, as well as on multicenter and 733 
cross-device data, and further incorporate longitudinal follow-up to assess its generaliza- 734 
tion capability, stability, and application value in disease severity assessment and long- 735 
term monitoring. 736 

Abbreviations 737 

The following abbreviations are used in this manuscript: 738 

BACC Balanced Accuracy 
CORN Conditional Ordinal Regression for Neural Networks 
CTGAN Conditional Tabular Generative Adversarial Network 
EFOS-Net Explainable Feature-Oriented Ordinal Staging Network 
H&Y Hoehn–Yahr 
MAE Mean Absolute Error 
PD Parkinson’s Disease 
QWK Quadratic Weighted Kappa 
SHAP SHapley Additive exPlanations 
SMR Severe Misclassification Rate 
VGRF Vertical Ground Reaction Force 
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