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ABSTRACT: Voice and hand-drawing tests are low-cost, non-invasive behavioral 

probes of Parkinson’s disease, yet their relative reliability is rarely examined with attention 

to test-set size and class balance. This study compares acoustic and drawing-based motor 

biomarkers using the evaluations recorded for a portable screening prototype: 200 voice 

recordings described by 22 acoustic measures, 200 spiral drawings, and 200 wave 

drawings, each analyzed with 8 to 10 classifiers. Gradient-boosted tree models performed 

best: XGBoost for voice (90.0% accuracy), and CatBoost for spiral (87.5%) and wave 

drawings (89.5%). Confusion matrices recovered from the original evaluation show that 

the voice test set contained 30 recordings (24 patients, 6 healthy) and the spiral test set 

only 8 drawings (6 patients, 2 healthy). Against majority-class baselines of 80% and 75%, 

the best models were not significantly better than always predicting Parkinson’s disease 

(exact binomial p = 0.12 and 0.37), and 95% Wilson intervals were wide (voice 74.4–

96.5%; spiral 52.9–97.8%). Class-specific analysis revealed different error profiles: the best 

voice model had a sensitivity of 95.8% but a specificity of 66.7%, whereas every spiral 

model avoided false alarms but missed patients, and linear and kernel models collapsed to 

predicting a single class. Feature-importance and voice–drawing fusion analyses could not 

be performed because raw data and participant links were unavailable, and a protocol for 

them is specified. Neither modality can yet be declared more reliable; about 140 test cases 

per modality are needed to estimate a 90% accuracy to within ±5 percentage points. 

 

1. INTRODUCTION 

Parkinson’s disease is a progressive neurodegenerative disorder whose cardinal features are bradykinesia, rigidity, rest tremor, 

and postural instability [1]. Diagnosis is clinical, relies on the examiner’s expertise, and usually follows the appearance of overt 

motor signs [2]. Behavioral tests that can be administered cheaply and repeatedly, such as speech recording and hand drawing, 

are therefore attractive for early screening and remote monitoring. 

Speech is affected early in Parkinson’s disease. Reduced loudness, breathiness, monotony, and irregular phonation can be 

quantified with perturbation and noise measures such as jitter, shimmer, and the harmonics-to-noise ratio [3, 4]. Public voice 

datasets and mobile recordings have supported many classifiers [5–8]. Drawing tasks probe a different system. Spirals and waves 

expose tremor, micrographia, hesitation, and irregular velocity, and have been analyzed with kinematic indices, handcrafted 

image features, and deep networks [9–13]. Voice and drawing therefore reflect distinct motor subsystems (laryngeal and 

respiratory control versus fine limb control), and it is plausible that each carries information the other lacks. 

Comparisons between these modalities are, however, hard to interpret. Studies report single accuracy figures, often from small 

held-out sets, without class-specific performance, confidence intervals, or comparison with the trivial strategy of always 

predicting the majority class. Records from the same person that fall on both sides of a split further inflate accuracy [14]. In 

earlier work we developed a portable prototype with separate voice and handwriting classifiers [15, 16]. The present paper does 

not add new data; it re-examines the recorded evaluations of the voice, spiral, and wave tasks in order to establish what they do 

and do not show. 
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The objectives are (i) to compare machine-learning algorithms for the voice, spiral, and wave data; (ii) to describe the acoustic 

feature families available and specify how the strongest features can be identified; (iii) to examine whether voice and drawing 

models make different errors that could complement one another; (iv) to compare the spiral and wave tasks; and (v) to assess 

how an interpretable behavioral screening model can be obtained. A central point of the analysis is that every accuracy is 

interpreted against the size and class composition of the test set on which it was measured. 

2. MATERIALS AND METHODS 

2.1 Study Material 

Three datasets from the prototype’s development were analyzed (Table 1 and Figure 1). The voice dataset contains 200 

recordings (151 from patients and 49 from healthy controls) described by acoustic measures. The spiral and wave datasets each 

contain 200 drawings, reported as equally divided between healthy and Parkinson’s-indicative samples, with a 75:25 training to 

test split. Numbers of unique participants, ages, sex, disease stage, and medication status are not documented in the source 

material, and no identifier links records across the three tasks. 

Table 1. Datasets analyzed 

Task Samples 
Class balance 

(PD / healthy) 
Input 

Classifiers 

compared 
Reported split 

Voice 200 recordings 151 / 49 
22 acoustic 

measures 
8 Test set of 30 (inferred) 

Spiral 200 drawings 100 / 100 Grayscale images 10 75:25 stated 

Wave 200 drawings 100 / 100 Grayscale images 10 75:25 stated 

PD, Parkinson’s disease. The test size for voice is inferred from the granularity of the reported accuracies and confirmed by the 

confusion matrices (Section 3.2). 

 

Figure 1. Analysis workflow. Solid boxes were carried out; the dashed box lists analyses that require raw data not available in 

the source material. 
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2.2 Sample Collection 

Speech is captured by a microphone connected to a Raspberry Pi, and participants draw the spiral and wave patterns on paper, 

which are photographed with a camera and uploaded to the analysis portal. Before classification, drawings are resized, converted 

to grayscale, and normalized to a uniform format. The descriptors that the classical (non-deep) classifiers received from these 

images are not specified in the source, which limits interpretation of the drawing models (Section 3.5). 

2.3 Feature Description 

The voice measures follow the dysphonia feature set of Little et al. [4] and fall into five families (Table 2). The source text counts 

24 voice features, of which 22 are named and described; the analysis therefore refers to 22 measures. No cepstral coefficients 

are present in the described training features. 

Table 2. Acoustic feature families used for the voice task 

Feature family Measures What it captures Number 

Fundamental frequency Fo, Fhi, Flo Pitch level and range 3 

Frequency perturbation Jitter (%), absolute jitter, RAP, PPQ, DDP Cycle-to-cycle pitch variation 5 

Amplitude perturbation 
Shimmer, shimmer (dB), APQ3, APQ5, 

APQ, DDA 
Cycle-to-cycle loudness variation 6 

Noise and tonality NHR, HNR Breathiness, noise 2 

Nonlinear dynamics RPDE, DFA, spread1, spread2, D2, PPE 
Signal complexity, pitch-period 

entropy 
6 

RAP, relative average perturbation; PPQ, five-point period perturbation quotient; DDP, average absolute difference of 

differences between periods; APQ, amplitude perturbation quotient; DDA, average absolute differences between amplitudes; 

NHR, noise-to-harmonics ratio; HNR, harmonics-to-noise ratio; RPDE, recurrence period density entropy; DFA, detrended 

fluctuation analysis; PPE, pitch period entropy. 

2.4 Classification Models 

Eight classifiers were compared for voice (k-nearest neighbors, support vector machine, naive Bayes, decision tree, logistic 

regression, random forest, linear discriminant analysis, and XGBoost) and ten for each drawing task (the same families plus 

gradient boosting, LightGBM, and CatBoost, without discriminant analysis). Boosting builds an additive ensemble of weak trees 

[17, 18]; XGBoost adds regularized tree construction [19], and CatBoost uses ordered boosting [20]. Models were scored on a 

held-out partition, and the best model per task was selected by accuracy. 

2.5 Statistical Analysis 

Confusion matrices shown in the source evaluation were read for the voice task (all eight classifiers) and the spiral task (nine of 

ten classifiers), from which sensitivity (recall for patients), specificity (recall for healthy controls), and balanced accuracy [21] 

were computed. For the wave task no per-class counts could be recovered. Uncertainty in proportions is given as 95% Wilson 

intervals [22]. Each best model was compared with the majority-class baseline using a one-sided exact binomial test, and the 

voice and spiral accuracies were compared with Fisher’s exact test. Receiver operating characteristic curves, log-loss 

recomputation, and feature-importance analysis (permutation importance [23] or SHAP [24]) require predicted probabilities 

and raw data that were not available, and are specified as future analyses in Section 3.6. Metrics such as precision and recall are 

interpreted with the caution that class-level measures depend on the number of cases in each class [25]. 

3. RESULTS AND DISCUSSION 

3.1 Classifier Comparison Across the Three Tasks 

Table 3 shows held-out accuracy for every classifier. Tree-based ensembles led on all three tasks: XGBoost on voice (0.900), 

and CatBoost on spiral (0.875) and wave drawings (0.895). Single decision trees, random forests, and gradient boosting were 

consistent on the drawings (0.750 on both tasks), whereas logistic regression and the support vector machine were at or below 
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0.350 on both. Because CatBoost was not run for voice and XGBoost was weaker than CatBoost on the drawings, the data do 

not show which boosting implementation is generally preferable; they show only that boosted or bagged trees tolerated these 

small, heterogeneous feature sets better than linear and kernel methods. 

Table 3. Held-out accuracy of all classifiers by task 

Classifier Voice Spiral Wave 

Logistic regression 0.767 0.250 0.350 

Support vector machine 0.867 0.250 0.250 

k-nearest neighbors 0.767 0.500 0.400 

Naive Bayes 0.567 0.500 0.600 

Linear discriminant analysis 0.833 – – 

Decision tree 0.733 0.750 0.750 

Random forest 0.867 0.750 0.750 

Gradient boosting – 0.750 0.750 

XGBoost 0.900 0.625 0.625 

LightGBM – 0.625 0.625 

CatBoost – 0.875 0.895 

Bold, best classifier per task; –, not evaluated for that task. 

3.2 Class-Specific Performance and Error Analysis 

The recovered confusion matrices (Tables 4 and 5, Figures 2 and 3) change the reading of the accuracies. The voice test set 

contained 30 recordings, 24 from patients and 6 from healthy controls, and the spiral test set contained only 8 drawings, 6 from 

patients and 2 from healthy controls. Neither partition is balanced, although the spiral data were described as equally divided. 

Table 4. Voice task: confusion-matrix counts and class-specific metrics (30 test recordings) 

Classifier TN FP FN TP Accuracy Sensitivity Specificity 
Balanced 

acc. 

XGBoost 4 2 1 23 0.900 0.958 0.667 0.813 

Random forest 4 2 2 22 0.867 0.917 0.667 0.792 

Support vector 

machine 
4 2 2 22 0.867 0.917 0.667 0.792 

Linear discriminant 

analysis 
4 2 3 21 0.833 0.875 0.667 0.771 

k-nearest neighbors 4 2 5 19 0.767 0.792 0.667 0.729 

Logistic regression 4 2 5 19 0.767 0.792 0.667 0.729 

Decision tree 6 0 8 16 0.733 0.667 1.000 0.833 

Naive Bayes 6 0 13 11 0.567 0.458 1.000 0.729 

TN, healthy correctly identified; FP, healthy flagged as patient; FN, patient missed; TP, patient correctly identified. Sensitivity 

= TP/(TP+FN); specificity = TN/(TN+FP). 
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Figure 2. Sensitivity and specificity of the eight voice classifiers on the 30-recording test set. 

For voice, the six linear, kernel, instance-based, and boosted models each misclassified two of the six healthy recordings 

(specificity 0.667) and differed only in how many patients they missed. XGBoost missed one of 24 patients (sensitivity 0.958). 

The two models with perfect specificity, the decision tree and naive Bayes, achieved it by under-detecting patients (sensitivity 

0.667 and 0.458). By balanced accuracy the decision tree (0.833) matched or exceeded XGBoost (0.813), which shows that the 

ranking by plain accuracy is partly an artifact of the 4:1 class imbalance: with only six healthy cases, a single recording moves 

specificity by 16.7 percentage points. 

Table 5. Spiral task: confusion-matrix counts and class-specific metrics (8 test drawings) 

Classifier TN FP FN TP Accuracy Sensitivity Specificity 
Balanced 

acc. 

CatBoost 2 0 1 5 0.875 0.833 1.000 0.917 

Decision tree 2 0 2 4 0.750 0.667 1.000 0.833 

Random forest 2 0 2 4 0.750 0.667 1.000 0.833 

Gradient boosting 2 0 2 4 0.750 0.667 1.000 0.833 

XGBoost 2 0 3 3 0.625 0.500 1.000 0.750 

Naive Bayes 2 0 4 2 0.500 0.333 1.000 0.667 

k-nearest neighbors 2 0 4 2 0.500 0.333 1.000 0.667 

Logistic regression 2 0 6 0 0.250 0.000 1.000 0.500 

Support vector 

machine 
2 0 6 0 0.250 0.000 1.000 0.500 

Abbreviations as in Table 4. LightGBM (accuracy 0.625) is omitted because its matrix was not examined. 

The spiral models show a different profile. Every classifier labeled both healthy drawings correctly (specificity 1.000), and all 

errors were missed patients. Logistic regression and the support vector machine predicted “healthy” for all eight drawings, so 

their accuracy of 0.250 is exactly the share of healthy cases in the test set and reflects a degenerate constant predictor rather 

than a weak signal. CatBoost missed one of six patients (sensitivity 0.833). In screening terms, the voice model errs toward 

over-calling disease and the spiral models toward under-calling it, a contrast examined in Section 3.5. 
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Figure 3. Confusion matrices of the best voice model (XGBoost) and the best spiral model (CatBoost). 

3.3 Uncertainty and Majority-Class Baselines 

Table 6 and Figure 4 place the best accuracies in context. With 30 and 8 test cases, the 95% Wilson intervals span about 22 and 

45 percentage points, and the point estimates sit close to the accuracy of always predicting “Parkinson’s disease” (80% for voice, 

75% for spiral). One-sided exact binomial tests do not reject equality with those baselines (p = 0.12 and 0.37). This does not 

show that the models have no signal; it shows that these test sets cannot establish that they have. The voice and spiral accuracies 

are statistically indistinguishable (Fisher’s exact p = 1.0). 

Table 6. Best-model accuracy, uncertainty, and baseline comparison 

Task Accuracy 
Test cases (PD / 

healthy) 
95% Wilson interval 

Majority 

baseline 

Exact p vs 

baseline 

Voice (XGBoost) 90.0% 30 (24 / 6) 74.4% – 96.5% 80.0% 0.12 

Spiral (CatBoost) 87.5% 8 (6 / 2) 52.9% – 97.8% 75.0% 0.37 

Wave (CatBoost) 89.5% Not recoverable 
78.0% – 95.3% if n = 

50 
Unknown – 

One-sided exact binomial test of the best model against the majority-class proportion. The wave interval assumes the stated 

25% test partition of 200 drawings (n = 50); with 8 test drawings it would be as wide as the spiral interval. 

 

Figure 4. Best-model accuracy with 95% Wilson intervals; diamonds mark the majority-class baseline on the same test set. 
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The wave result needs particular care. An accuracy of 89.5% cannot arise from a test set of 8 or of 50 drawings, because neither 

yields that proportion, and the wave logs repeat several values from the spiral log. The wave test size and class composition 

therefore have to be re-established from the original code before this figure can be compared with the others. 

3.4 Spiral Versus Wave Drawings 

Both drawing tasks were best served by CatBoost, with accuracies of 87.5% and 89.5%. The 2-point difference is less than one 

test image at the spiral test size and is not interpretable. The classifier rankings were similar: decision tree, random forest, and 

gradient boosting scored 0.750 on both tasks, XGBoost and LightGBM scored 0.625 on both, and logistic regression and the 

support vector machine failed on both. The agreement suggests that the two tasks present comparable difficulty to these models, 

but with unresolved test sizes it cannot support the view that one task is more reliable. Conceptually the tasks differ: the spiral 

emphasizes amplitude decay, hesitation, and tremor over a continuously changing curvature, whereas the wave emphasizes 

rhythm, amplitude regularity, and speed variability during repetitive motion. Whether they carry distinct information can be 

tested only on drawings from the same participants. 

3.5 Voice Versus Drawing: Complementarity and Interpretability 

Voice and spiral models made different kinds of errors: the best voice model had high sensitivity and modest specificity, while 

the spiral models had perfect specificity and imperfect sensitivity. If such profiles persisted in larger aligned data, a combination 

rule could be designed to exploit them, for example by requiring agreement for a positive screen or by flagging disagreement 

for clinical review. This is a hypothesis, not a finding: it rests on six healthy voice recordings and two healthy drawings, and the 

voice and drawing records are not from linked participants, so complementarity cannot be measured here. 

On interpretability, the voice features have clear physiological meaning (Table 2), so an interpretable model can be obtained by 

pairing boosted trees with SHAP or permutation importance, and it is notable that a single decision tree reached the best 

balanced accuracy on voice. That result favors transparent models as the first choice for a screening tool, provided they are 

validated on larger test sets. For drawings, interpretability is limited because the image-derived descriptors are not specified; 

documenting them, or replacing them with kinematic indices such as speed and pen pressure [9], would allow importance 

analysis. Table 7 lists the analyses that remain, with the data each requires. 

Table 7. Analyses still required to complete the comparison 

Analysis Procedure Data required 

Reproduce baselines 
Refit XGBoost and CatBoost with fixed seeds on 

identical splits 
Raw features, images, split indices 

Leakage-resistant validation Repeated stratified splits grouped by participant [14] Participant identifiers 

Feature importance Permutation importance and SHAP per task Raw features and fitted models 

ROC and calibration ROC-AUC, reliability curves, Brier score Predicted probabilities 

Combined model Voice, drawing, and joint models on identical folds Participants with both tasks 

Error review Inspect misclassified recordings and drawings Sample-level predictions 

 

3.6 Limitations and Recommendations 

The principal limitations are as follows. First, the test sets are very small, and the wave test set is undocumented. Second, the 

number of unique participants is unknown, so recordings or drawings from one person may appear in both training and test 

partitions, which would inflate accuracy [14]. Third, the class composition of the test partitions differs from that of the datasets, 

which suggests that splits were not stratified. Fourth, no feature-importance, ROC, or calibration results exist, and the voice–

drawing comparison is indirect. To obtain an estimate of 90% accuracy with a 95% half-width of 5 percentage points, about 

140 test cases are needed (about 170 at 87.5%), so the current 200-sample datasets should be evaluated by repeated participant-

grouped cross-validation rather than by a single small hold-out. We also recommend reporting sensitivity and specificity together 



Natural Resources for    
Human Health 
eISSN: 2583-1194 

 

985 
 Natural Resources for Human Health (NRFHH) 

https://nrfhh.com 

with the majority-class baseline for every task, and recording age, sex, medication state, and disease stage so that results can be 

stratified. These findings relate to screening support only and do not constitute diagnosis. 

4. CONCLUSION 

This comparative analysis of acoustic and drawing-based biomarkers found that boosted tree models performed best on voice 

(XGBoost, 90.0%), spiral (CatBoost, 87.5%), and wave drawings (CatBoost, 89.5%). Recovering the confusion matrices showed 

that the voice and spiral accuracies came from 30 and 8 test cases, that they were not significantly better than majority-class 

prediction, and that the modalities had different error profiles: the voice model over-called disease, whereas the spiral models 

missed patients. The accuracies do not allow either modality to be called more reliable, and no difference between spiral and 

wave tasks can be demonstrated. Feature-level interpretation and the combined voice–drawing model remain to be done with 

raw, participant-linked data, for which the required analyses were specified. With adequately sized, participant-grouped 

evaluation, the same prototype could provide a trustworthy comparison of these low-cost biomarkers. 
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