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Parkinson's disease (PD) affects approximately 6 million people worldwide. Data analysis of early PD
symptoms using machine learning (ML) models may provide an inexpensive, non-invasive, and simple
method for the remote diagnosis of early PD. The aim of this project was to analyze voice, computer
keystrokes, spiral drawings, and gait data involving PD patients and controls available in public databases
using ML models and identify early PD characteristics that are more pronounced than others. An ML model
was developed using Random Forest to analyze existing clinical data for PD patients, prodromal PD patients
with REM (rapid eye movement) sleep behavior disorder (RBD) symptoms, and non-PD healthy controls. We
reviewed and collected data from the UCI (University of California Irvine) Machine Learning Repository,
PPMI (Parkinson’s Progression Markers Initiative), and Kaggle databases. ML analysis was carried out on
voice samples in PD and RBD patients, computer keystroke data, spiral drawings, and gait datasets. The ML
prediction model developed may be helpful in improving risk prediction for PD, enabling early intervention
and resource prioritization. The ML study suggests that voice analysis is the most robust test, followed by
computer keystroke data, spiral drawings, and gait analysis, in that order. Voice is affected even in RBD
patients, revealing that it is a sensitive and early measure of prodromal PD. The low accuracy of the analysis
indicates that several PD-positive samples may remain undetected and unclassified. Combining all four
features, that is, voice analysis, computer keystroke data, spiral drawings, and gait analysis, may improve the
overall accuracy.
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Introduction

Personalized medicine holds the promise of specialized treatment and management of diseases for specific
patients. The success of personalized medicine depends on accurate, early, and cost-effective disease
diagnosis. The availability of clinical, genomic, and demographic data, along with advances in machine
learning (ML) and artificial intelligence (AI), has the potential for early disease diagnosis in a cost-effective
and timely manner [1].

Parkinson’s disease (PD) is a debilitating condition that significantly impacts the quality of life for many
years. PD is the second most common neurodegenerative disease, affecting approximately 6 million people
worldwide and about 1.2 million in the United States (www.parkinson.org) [2]. The number of PD patients is
expected to rise as the population over 60 years of age increases [3]. PD causes symptoms including tremors,
soft speech, slowness of movement, muscle rigidity, and shuffling gait, resulting in falls and injuries [3].
Currently, there are no approved medications to slow disease progression. While medications are available
for symptomatic treatment, treatment-resistant symptoms emerge as PD advances [4]. Consequently, PD
poses a significant financial burden of $51.9 billion in the United States and emotional stress for patients,
caregiving families, and the healthcare system [5,6].

The optimal time to introduce disease-modifying treatment in PD is during the prodromal phase [7].
Therefore, early diagnosis of PD is essential for better management and outcomes [8]. A recent study has
attempted to develop a multi-modal ML approach for predicting PD [2].

The accepted diagnostic criteria for PD include the presence of bradykinesia and at least one other motor
symptom such as rest tremor or cogwheel rigidity (https://brainbanknetwork.ac.uk). Bradykinesia refers to
slow or difficult movement, and cogwheel rigidity is a type of rigidity in which muscle responds with a
cogwheel-like “catch and give” in response to constant force while moving a joint [9]. When PD motor
symptoms manifest, 50% of dopaminergic nerve cells are already lost, making it too late for neuroprotective
treatments to slow progression; thus, treatment focuses on symptomatic control [10].

PD results from neurodegeneration that begins long before the manifestation of motor symptoms. The
latent phase, called prodromal PD, includes symptoms such as REM (rapid eye movement) sleep behavior
disorder (RBD), soft speech, decreased smell, and constipation. Premotor symptoms of PD can precede
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motor symptoms by years or decades; this period is referred to as the premotor phase [11]. Data analysis
using ML models may provide a method for identifying signs indicative of early PD before obvious motor
signs manifest, allowing an opportunity for early intervention and in the future initiation of neuroprotective
therapies to slow the progression of this devastating disease [10].

Early identification of PD may provide the opportunity for timely intervention which can have a huge
societal impact of improving the quality of life for people with PD and decreasing the financial impact on
the healthcare system [4].

Vocal impairment, including dysphonia and dysarthria in PD patients, is one of the earliest indicators of the
disease onset [12,13]. Approximately 90% of PD patients show some form of vocal impairment [14,15].
Because voice measurement is non-invasive and simple to carry out, it has drawn significant attention for
detecting and tracking the progression of PD [16,17].

Computer keyboard typing information, including key hold time and latency, can be used to identify unique
users [18,19]. PD affects finger movements, which can be assessed using computer keyboard tapping timing
information [20]. A software application called Tappy can capture keystroke events (Tappy keystroke) such
as hold time, latency, and flight time, providing an objective and accurate detection of PD, especially in the
early stages when motor symptoms may not be observable [20].

Similar to typing, handwriting is another characteristic affected by PD and has been suggested as a reliable
marker for PD diagnosis [21]. To assess the effect of PD on patients' handwriting, the Dynamic Spiral Test
(DST) and Static Spiral Test (SST) have been developed and proposed for PD diagnosis [22]. Gait is also
affected in PD patients due to a combination of the decline in executive functioning as well as motor
impairment. Gait variability and rhythmicity can be affected early in PD, especially while dual or
multitasking [23].

Problems with existing clinical biomarker studies include (1) small sample sizes, (2) different sample sizes of
clinical versus healthy controls, (3) different variables studied in various samples, (4) lack of prospective
studies analyzing changes in clinical parameters over time, (5) clinical parameters affected by conditions
other than PD, and (6) lack of racial and socioeconomic heterogeneity, making the data difficult to
generalize [2,20].

An ideal solution would be a unique combination of clinical biomarkers that are inexpensive, home-based,
integrated into daily activities, and analyzable remotely, creating a clinical signature for early PD. The aim
of this project is to analyze voice data, including that of patients with RBD since they are at high risk for PD,
computer keystroke data, spiral drawings, and gait data in PD patients and controls available in public
databases using ML models to identify pronounced PD characteristics. Patients with RBD, involving the
acting out of dreams during the REM phase of sleep, are at extremely high risk (80%) of developing PD [24].

This project has the potential to identify PD characteristics useful for early identification in the prodromal
phase and for telemonitoring patients in remote areas [25].

Materials And Methods

A Random Forest ML model was developed to analyze existing biomedical data for PD and non-PD patients
(healthy controls). The data was analyzed using a Random Forest model because it can reduce high variance
from a flexible model such as a decision tree by combining many trees into one ensemble model. Therefore,
the model is less prone to overfitting. Additionally, the Random Forest model is less computationally
expensive and does not require a graphics processing unit (GPU) to complete training.

The UCI (University of California Irvine) Machine Learning Repository, PPMI (Parkinson’s Progression
Markers Initiative), and Kaggle databases were reviewed, and it was found that Kaggle datasets are much
cleaner. Therefore, all voice, Tappy keystroke, spiral drawing, and gait datasets were obtained from the
Kaggle database. The current study did not need IRB approval since only publicly available data was used.

After downloading the data CSV files from the Kaggle database, they were imported into the local drive. The
Pandas, Seaborn, NumPy, and Matplotlib libraries, along with tools from scikit-learn (sk-learn), such as
pipeline, column transformer, StandardScaler, OneHotEncoder, MinMaxScaler, KBinsDiscretizer,
LabelEncoder, train_test_split, Stratified K-Fold, cross_validate, ensemble, tree, LogisticRegression, and
KNeighborsClassifier metrics, were imported into a Jupyter Notebook, which is an open-source web
application that supports creating and sharing documents containing text, live code, equations, and
visualizations.

The CSV files were loaded into the Jupyter Notebook. The columns containing unique identifiers for PD
patients and controls were removed. The data was analyzed to check if it was balanced between the number
of healthy controls and PD patients. The data files were further formatted for processing. In each dataset,
there were more PD patients compared to healthy controls. The distributions of the variables were examined,
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and numeric and categorical features were identified. Outliers were handled by ensuring all values were
within the 1st and 99th percentiles.

The data was divided into 80/20 training and testing sets, roughly maintaining the proportions of PD to
control patients in the testing sets. An 80/20 split of training and testing sets were also maintained in all
instances of Stratified K-Fold cross-validation to test the accuracy of our model. The model measured
accuracy, precision, recall (sensitivity), and F1 score. Accuracy is the number of correct predictions over all
predictions. Precision is a measure of how many of the positive predictions made are correct (i.e., true
positives). Recall (sensitivity) is the measure of how many of the positive cases are correctly predicted over
all the positive cases in the data. The F1 score combines precision and recall and measures the harmonic
mean of the two values. A threshold value of 0.5 was maintained. A summary of the workflow and research
procedures is shown in Figure 1.

Check the balance of
the PD & healthy
patients

Import data

Data aggregation CSV files

Development of machine
learning models Handle numerical Separate numerical &

(Random forest, logistical outliers Categorical features
regression)+

Use stratified k-fold
cross-validation
scheme to test
accuracy of the data*

Plot the data

FIGURE 1: A summary of workflow and research procedures.

1 Maintained approximately 80/20 ratio between training and test sets; * Maintaining as close as possible ratios of
PD patients to healthy controls.

The number of folds ranges from 3-5 across different data sets based upon how many pieces of data were
available in the data set.

PD: Parkinson's disease.

Data sets

Voice Dataset

The voice data originally came from the UCI Machine Learning Repository [25]. The dataset was created at
the University of Oxford in collaboration with the National Centre for Voice and Speech, Denver, Colorado,
by recording speech signals. Feature extraction methods were employed for general voice disorders. The
main features used in this study included PPE (pitch period entropy), FO (the fundamental frequency or pitch
of vocal oscillation), jitter (the extent of variation in speech FO from vocal cycle to vocal cycle), shimmer (the
extent of variation in speech amplitude from cycle to cycle), NHR (noise-to-harmonics ratio, the amplitude
of noise relative to tonal components in the speech), RPDE (recurrence period density entropy), DFA
(detrended fluctuation analysis), MDVP (Kay Pentax Multi-Dimensional Voice Program), HNR (harmonics-
to-noise ratio), shimmer:DDA (average absolute difference between consecutive differences in the
amplitudes of consecutive periods), shimmer:APQ3 (Three-point Amplitude Perturbation Quotient),
shimmer:APQ5 (Five-point Amplitude Perturbation Quotient), MDVP:shimmer (Kay Pentax MDVP local
shimmer), MDVP:PPQ (Kay Pentax MDVP Five-point Period Perturbation Quotient), MDVP:RAP (Kay Pentax
MDVP Relative Amplitude Perturbation), MDVP:jitter(Abs) (Kay Pentax MDVP absolute jitter in
microseconds), MDVP:jitter(%) (Kay Pentax MDVP jitter as a percentage), and jitter:DDS (average absolute
difference of differences between cycles, divided by the average period) [25]. The D2 represents the
correlation dimension calculated by first time-delay embedding the signal to recreate the phase space of the
nonlinear dynamical system [25]. RPDE and DFA can detect general voice disorders [25]. PPE is a measure of
changes in speech specific to PD [25]. MDVP allows comparison with other studies. The data was originally
used for assessing the suitability of dysphonia measurements for telemonitoring of PD [25]. This dataset is
composed of a range of biomedical voice measurements from 31 people, of which 23 were PD patients and
the rest were controls. The data was arranged in a table for analysis. Each column in the table represents a
particular voice measure, and each of the 195 rows corresponds to a voice recording from these individuals
("name" column). The analysis was conducted to identify healthy controls from PD patients. The "status"
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column refers to 0 for healthy controls and 1 for PD. The table was saved in ASCII CSV format.
Approximately six recordings were conducted for each patient.

Tappy Keystroke Dataset

The dataset contains naturalistic typing keystroke data from personal computers collected using the app,
Tappy, from more than 200 subjects with PD and healthy controls over weeks or months. Tappy recorded the
timing of key press and release events in milliseconds and the asymmetry between the right and left hands
[20]. Key features recorded were hold time (the time between pressing and releasing each key); elapsed time
(the time (ms) between releasing a key and pressing the subsequent key); keyside_L (keys pressed by the left
hand); keyside_R (keys pressed by the right hand); keyside_S (space key because it can be pressed by either
the left hand or the right hand); and next keyside (latency between successive keystrokes {elapsed time in ms
from key down of one key until the next key down} categorized by same hand {LL or RR}, opposite hand {LR
and RL}, and between the space key and left- or right-hand keys) [20].

Spiral Drawings Dataset

The dataset contains spiral drawings from 62 people with PD and 15 healthy individuals [22]. Patients were
asked to perform the Static Spiral Drawing Test (SST) and Dynamic Spiral Drawing Test (DST), where the
spiral blinks on the computer screen, and the Stability Test on Certain Point (STCP), where subjects are
asked to hold a digital pen on a red point without touching the screen. Controls have similar results on DST
and SST, whereas PD patients perform worse on DST compared to SST. A representative DST drawing of a PD
patient that scored highest (left) and lowest (right) is shown in Figure 2 [22].

TEST: [2-spral (Gik) ~| Spiral (Gizli) Aktif. TEST: [2-Spral (Gizi) ~| Spiral (Gizli) Aktif

FIGURE 2: A representative DST drawing of a PD patient that scored
highest (left) and lowest (right).

DST: Dynamic Spiral Drawing Test; PD: Parkinson's disease.

Gait Analysis Dataset

This database contains gait data from 93 patients with PD and 73 healthy controls. Subjects had 8 sensors
underneath each foot which measured the vertical ground reaction force. This was calculated by measuring
force in newtons as a function of time as they walked at a usual pace for approximately two minutes on flat
ground [23,26,27].

Voice Analysis in Patients With RBD Dataset

Automated speech analysis was conducted in patients with RBD to identify alterations in natural speech in
prodromal PD. The dataset includes 30 patients with newly diagnosed PD not yet on medications, 50 patients
with RBD, and 50 healthy controls (HC) without any neurological or communication disorders. All subjects
read standardized, phonetically-balanced text of 80 words and a monologue for approximately 90 seconds.
Speech features were analyzed by an automated algorithm [28]. The main features analyzed in this study
were RST (rate of speech timing), AST (acceleration of speech timing), DPI (duration of pause intervals), EST
(entropy of speech timing), DUS (duration of unvoiced stops), DUF (decay of unvoiced fricatives), DVI
(duration of voiced intervals), GVI (gaping in-between voiced intervals), RSR (rate of speech respiration),
PIR (pause intervals per respiration), RLR (relative loudness of respiration), LRE (latency of respiratory
exchange), RSR (rate of speech respiration), PIR (pause intervals per respiration), and RLR (relative loudness
of respiration) [28].
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Results
Voice data analysis

The Random Forest analysis of voice data resulted in the highest accuracy, precision, recall (sensitivity), and
F1 score. The analysis revealed an accuracy of 88.72%, a precision of 90.86%, a recall of 95.22%, and an F1
score of 92.77%. Figure 5 depicts the distributions of the number of PD patients versus controls in the voice
datasets.

Distribution of Parkinson’s (1) vs Normal (0)

25

20 1

15 A

Count

10 1

Disease Status

FIGURE 3: Distribution of the number of Parkinson’s disease (PD)
patients versus controls in voice datasets.

0 represents control subjects, and 1 represents PD patients. "Count" represents the number of control subjects or
PD patients.

Figure 4 depicts the feature importance in the voice dataset analysis. Feature importance is calculated by
normalizing the features against the sum of all feature values in the Random Forest model tree and dividing
it by the total number of trees in the model. When building a model based on voice data, important features
to consider are PPE (pitch period entropy), ‘MDVP FO Hz’ (Multi-Dimensional Voice Program), and spread.
MDVP can extract 33 features/parameters from a voice sample and has the ability to provide rapid
quantitative voice assessments. A model can be built from the MDVP data to detect early PD.
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FIGURE 4: Feature importance in voice data set analysis.

PPE: pitch period entropy; MDVP: Kay Pentax Multi-Dimensional Voice Program; FO: the fundamental frequency
or pitch of vocal oscillation; jitter: the extent of variation in speech FO from vocal cycle to vocal cycle; shimmer: the
extent of variation in speech amplitude from cycle to cycle; NHR: noise-to-harmonics ratio, the amplitude of noise
relative to tonal components in the speech; RPDE: recurrence period density entropy; DFA: detrended fluctuation
analysis; HNR: harmonics-to-noise ratio; Shimmer DDA: shimmer:DDA, average absolute difference between
consecutive differences in the amplitudes of consecutive periods; Shimmer APQ3: Shimmer:APQ3, Three-point
Amplitude Perturbation Quotient; Shimmer APQ5: Shimmer:APQ5, Five-point Amplitude Perturbation Quotient;
MDVP Shimmer: MDVP:Shimmer, Kay Pentax MDVP local shimmer; MDVP PPQ: MDVP:PPQ, Kay Pentax
MDVP Five-point Period Perturbation Quotient; MDVP RAP: MDVP:RAP, Kay Pentax MDVP Relative Amplitude
Perturbation; MDVP Jitter(Abs): MDVP:Jitter(Abs), Kay Pentax MDVP absolute jitter in microseconds; MDVP
Jitter(%): MDVP:Jitter(%), Kay Pentax MDVP jitter as a percentage; Jitter DDS: Jitter:DDS, average absolute
difference of differences between cycles, divided by the average period).

“Spread” represents the spread of non-standard measures or comparison of traditional with non-standard
measures.

Tappy keystroke data analysis

The analysis revealed an accuracy of 72.79%, a precision of 76.50%, a recall (sensitivity) of 93.08%, and an
F1 score of 83.97%. Figure 5 depicts the number of data points from patients with PD versus healthy
controls.
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Distribution of Parkinson’s (1) vs Normal (0)
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FIGURE 5: Number of data points from patients with Parkinson’s
disease (PD) versus controls in the Tappy keystroke data.

0 represents control subjects, and 1 represents PD patients. "Count" represents the number of control subjects or
PD patients.

Figure 6 depicts the distribution of hold time for healthy control subjects and PD patients in the Tappy
keystroke dataset. The ML analysis shows a clear distinction between PD patients and healthy control
subjects.

Status=0 Status=1

400

75 100 125 150 175 200 0 75 100 125 150 175 200 225
Hold Time Median Hold Time Median

FIGURE 6: Distribution of hold time.

0 represents control subjects, and 1 represents Parkinson’s disease patients. "Count" represents the number of
data points collected from the user. "Hold time" is the time between pressing and releasing each key.

Figure 7 depicts the distribution of elapsed time for healthy control subjects and PD patients in the Tappy
keystroke dataset.
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FIGURE 7: Distribution of elapsed time.

0 represents control subjects, and 1 represents Parkinson’s disease patients. “Count" represents the number of
data points collected from the user. “Elapsed” time is the time (ms) between releasing a key and pressing the
subsequent key.

Figure 8 depicts the feature importance in the Tappy keystroke dataset analysis. When building a model
based on Tappy keystroke data, important features to consider are the elapsed time median followed by the
hold time median.

Feature importance
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FIGURE 8: Feature importance excluding count in the Tappy keystroke
data.

"Hold time" is the time between pressing and releasing each key. "Elapsed time" is the time (ms) between
releasing a key and pressing the subsequent key. "Keyside_L" represents keys pressed by the left hand.
"Keyside_R" represents keys pressed by the right hand. "Keyside_S" represents the space key because it can be
pressed by either the left hand or the right hand. "Next keyside" represents latency between successive
keystrokes (elapsed time in ms from key down of one key until the next key down) categorized by same hand (LL
or RR), opposite hand (LR and RL), and between the space key and left- or right-hand keys.
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Spiral drawing data analysis

The data for the spiral drawing analysis was collected using the Static Spiral Test (subjects draw on the given
spiral pattern), the Dynamic Spiral Test (the spiral pattern blinks at certain intervals, and subjects need to
continue drawing), and the Circular Motion Test (subjects draw circles around a red point, see Figure 2). The
ML analysis of the data revealed an accuracy of 70.97%, precision of 74.09%, recall of 82.89%, and an F1
score of 77.90%. Figure 9 depicts the distribution of data points between PD patients and normal controls.

Distribution of Parkinson’s (1) vs Normal (0)

200000

175000 +

150000 +

Count

Disease Status

FIGURE 9: Distribution of data points between Parkinson's disease (PD)
patients and normal controls in the spiral drawing dataset.

0 represents control subjects, and 1 represents PD patients. "Count" represents the number of control subjects or
PD patients.

Figure 10 depicts the feature importance between PD patients and healthy controls in the spiral drawing
dataset analysis. The analysis considered X, Y, and Z coordinates, pressure applied to the screen, stylus grip
angle, and timestamp (time consumed to complete the task). When building a model based on spiral

drawings, important features to consider are pressure applied to the screen and stylus grip angle in the
Dynamic Spiral Test.
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FIGURE 10: Feature importance between Parkinson's disease patients
and healthy controls in the spiral drawing dataset.

"Test ID" indicates which test was taken, i.e., Static Spiral Test, Dynamic Spiral Test, or Circular Motion Test.

Gait data analysis

The analysis revealed an accuracy of 63.83%, a precision of 67.90%, a recall of 74.81%, and an F1 score of
70.01%. The dataset included time (in seconds), Vertical Ground Reaction Force (VGRF, in Newtons) on each
of the eight sensors located under the left foot, VGRF on each of the eight sensors located under the right
foot, total force under the left foot, and total force under the right foot. Figure 11 depicts the distribution of
data points between PD patients and normal control subjects in the gait dataset.
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FIGURE 11: Distribution of data points between Parkinson's disease
(PD) patients and normal control subjects in the gait dataset.

0 represents control subjects, and 1 represents PD patients. "Count" represents the number of control subjects or
PD patients.

Figure 12 depicts the distribution of the left total force for PD patients and non-PD healthy controls in the

gait dataset analysis.
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FIGURE 12: Distribution of the left total force for Parkinson's disease
(PD) patients and non-PD healthy controls in the gait dataset.

0 represents control subjects, and 1 represents PD patients.

Figure 13 depicts the distribution of the right total force for PD patients and non-PD healthy controls in the
gait dataset analysis.
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FIGURE 13: Distribution of the right total force for Parkinson's disease
(PD) patients and non-PD healthy controls in the gait dataset.

0 represents control subjects, and 1 represents PD patients.

Figure /4 depicts a plot of the feature importance between PD patients and healthy controls in the gait
dataset analysis. When building a model based on gait data, important features to consider are weight,
height, and the difference in left and right force.
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FIGURE 14: Plot of the feature importance between Parkinson's disease
patients and healthy controls in the gait dataset.

"Left" and "right" refer to different sensors on the left and right foot to measure applied force.

Voice analysis in patients with RBD

Figure 15 shows the distribution of PD patients, RBD subjects, and healthy control subjects.
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FIGURE 15: Distribution of Parkinson’s disease patients, RBD subjects,
and healthy controls.

RBD: REM (rapid eye movement) sleep behavior disorder.

RBD vs. Normal Analysis

Data was analyzed using a logistic ML model. Figure 16 shows a plot of the feature importance between RBD
patients and healthy controls. When building a model based on RBD vs. healthy controls, important features
to consider are the rate of speech timing followed by the duration of voiced intervals.
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RBD: REM (rapid eye movement) sleep behavior disorder.

PD vs. Normal Analysis

Figure 17 shows a plot of the feature importance between PD patients and healthy controls. When building a

model based on PD vs. normal controls in this dataset, important features to consider are the duration of

pause intervals followed by the entropy of speech timing.
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PD: Parkinson's disease.

RBD vs. PD Analysis

Figure 18 shows a plot of the feature importance between RBD and PD patients. When building a model

based on RBD and PD patients in this dataset, important features to consider are the acceleration of speech

timing followed by the latency of respiratory exchange.

150f 19

2024 Vaish et al. Cureus 16(6): €63240. DOI 10.7759/cureus.63240


https://assets.cureus.com/uploads/figure/file/1046433/lightbox_14f196501cb511efbff0e11d9e01d7d7-Figure-17.-Plot-of-the-feature-importance-PD-vs-Normal.png
javascript:void(0)

Cureus

Part of SPRINGER NATURE

Feature importance

0.10

0.08

o
o
o

Importance
=]

0.02

0.00 -

Age years

Entropy of speech timing
Entropy of speech timing1

Rate of speech timing

Duration of voiced intervals
Paused intervals per respiration

Rate of speech timing1
Paused intervals per respiration1

Gaping in voiced intervals
Gaping in voiced intervals1
Decay of unvoiced fricatives

Rate of speech respiration
Relative loudness of respiration

Acceleration of speech timing1
Acceleration of speech timing
Latency of respiratory exch1
Relative loudness of respiration1
Decay of unvoiced fricatives1
Duration of paused intervals
Latency of respiratory exchange
Duration of unvoiced stops
Duration of paused intervals1
Duration of voiced intervals1
Rate of speech respiration1
Duration of unvoiced stops1

Feature Index

FIGURE 18: Plot of the feature importance for RBD vs. PD.

RBD: REM (rapid eye movement) sleep behavior disorder; PD: Parkinson's disease.

Table 7 shows a summary of the metrics for the results of the ML analysis. The results of these datasets
demonstrate that voice is the best indicator for early PD.

Accuracy Precision Recall (sensitivity) F1 score
Voice data 88.72% 90.86% 95.22% 92.77%
Tappy keystroke data 72.79% 76.50% 93.08% 83.97%
Spiral drawing data 70.97% 74.09% 82.89% 77.90%
Gait data 63.83% 67.90% 74.81% 70.01%
Voice data in RBD (vs Normal)*f 70.00% 72.00% 70.00% 69.00%
Voice data in RBD (PD vs Normal)f 66.00% 65.00% 66.00% 64.00%
Voice data in RBD (RBD vs PD)f 55.00% 46.00% 55.00% 48.00%

TABLE 1: Summary of the metrics for results of ML analysis.

RBD: REM (rapid eye movement) sleep behavior disorder; PD: Parkinson's disease; ML: Machine learning.

* Logistic regression model for cross-validation;  Data from the same study.

Discussion

The basal ganglia are involved in the planning, programming, and execution of motor tasks. Hence, speech,
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which is a complex motor skill, is very sensitive to disturbances in the basal ganglia, which is affected in PD
[29,30].

Patients who act out their dreams during the REM phase of sleep, or have RBD, are at high risk (>80%
likelihood) of developing PD [24]. Speech analysis in RBD patients was also carried out to see if the voice
changes that occur in PD patients also occur in RBD patients. Speech is affected even in RBD patients,
revealing that speech is not only a sensitive measure but also a very early prodromal sign of PD. Voice can be
used as a clinical marker from the premotor phase to the development of motor symptoms. A non-invasive
and easy-to-use method using voice samples in natural settings for the early and distinctive diagnosis of PD
will be a valuable resource to help PD.

Analysis of voice, computer keystroke, spiral drawing, and gait in RBD patients can suggest which of these is
affected the earliest and can be used as an early screening tool for PD. These parameters may also be used to
monitor the progression of PD since affected patients are older and have trouble traveling for in-person
visits. These tests can be self-administered, are inexpensive, non-invasive, can be performed by patients in
their own homes, and data can be forwarded over the internet to the clinician’s office. These tests can be
used to remotely monitor the effect of administered treatments [8,22].

An ML model based on the Random Forest algorithm was developed to analyze various PD characteristics
that may be developing in patients before the clinical diagnosis of PD. The ML prediction model developed
in this study may be helpful in current efforts to improve risk prediction in PD to help clinicians with early
disease intervention and resource prioritization. The low accuracy of the analysis indicates that several PD-
positive samples would be undetected and unclassified.

In the current analysis of voice, computer keystrokes, spiral drawings, and gait datasets, voice analysis is the
best indicator for early PD diagnosis or prediction. Rather than using individual features, a combination of
multiple features can be used to develop an ML strategy for more accurate early identification of PD.
Combining all four features such as voice analysis, Tappy keystroke, spiral drawings, and gait analysis may
improve accuracy. The current ML model should be improved by using larger datasets to improve prediction
accuracy. Increased deposition of data into publicly available open datasets on sites such as Kaggle will
increase the number of patients and controls available to improve the training of the ML models. Makarious
et al. have shown that combining data modalities outperforms the single biomarker paradigm [1]. The ML
model developed by Makarious et al. is useful for identifying large groups of individuals to monitor within
health registries or biobanks [1]. However, the Makarious et al. model will flag 10 times more potential
patients than will actually go on to develop the disease, while the current model is useful for real-time
identification of people in the prodromal phase of PD [1]. The current model will be useful to detect the
emergence of early symptoms in high-risk individuals.

The current data analysis was limited by different cohorts being used for different parameters and only
limited datasets being available in the public domain of Kaggle. A limitation of this study is that
constipation, smell, and RBD, which can be early predictors, were not included since this data could not be
located on the publicly available Kaggle database. One shortcoming of combining different databases is that
they are not from the same patients, so there is a need for more comprehensive multimodal data collection
from the same PD patients and controls. Future studies should be designed to collect multiple parameters on
the same patients prospectively from the prodromal to the clinical PD phase.

Conclusions

Using non-invasive, home-based, inexpensive, and remotely accessed data from activities of daily living can
help in the early diagnosis of Parkinson’s disease (PD). It can also help monitor the emergence of symptoms
in patients at high risk of developing PD. For example, a background app installed on a smartphone can
identify and record early aberrations in speech and flag them to the clinician. A background application
installed on a computer can record variations in keystrokes and alert the clinical provider. Pressure sensors
installed in shoes can continuously monitor changes in gait. These can be cost-effective ways to decrease
the financial burden of PD over the coming decade.

The incidence of PD is increasing, and cost-effective methods are needed for early identification and timely
intervention. This study is unique as it provides a machine learning approach to analyze early changes in
multiple activities of daily living to identify the emergence of PD through remote analysis in real-time and
cost-effective monitoring.

Additional Information
Author Contributions

All authors have reviewed the final version to be published and agreed to be accountable for all aspects of the
work.

Concept and design: Anisha Vaish

2024 Vaish et al. Cureus 16(6): €63240. DOI 10.7759/cureus.63240 17 of 19


javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)

Cureus

Part of SPRINGER NATURE

Acquisition, analysis, or interpretation of data: Anisha Vaish
Drafting of the manuscript: Anisha Vaish

Critical review of the manuscript for important intellectual content: Anisha Vaish

Disclosures

Human subjects: Consent was obtained or waived by all participants in this study. Animal subjects: All
authors have confirmed that this study did not involve animal subjects or tissue. Conflicts of interest: In
compliance with the ICMJE uniform disclosure form, all authors declare the following: Payment/services
info: All authors have declared that no financial support was received from any organization for the
submitted work. Financial relationships: All authors have declared that they have no financial
relationships at present or within the previous three years with any organizations that might have an
interest in the submitted work. Other relationships: All authors have declared that there are no other
relationships or activities that could appear to have influenced the submitted work.

Acknowledgements
Sudeshna Ray, MD, Eli Lilly; Chandra Lingam.

References

1. Makarious MB, Leonard HL, Vitale D, et al.: Multi-modality machine learning predicting Parkinson's disease.
NPJ Parkinsons Dis. 2022, 8:35. 10.1038/s41531-022-00288-w

2. Lang AE, Lozano AM: Parkinson's disease. First of two parts. N Engl ] Med. 1998, 339:1044-53.
10.1056/NEJM199810083391506

3. Van Den Eeden SK, Tanner CM, Bernstein AL, Fross RD, Leimpeter A, Bloch DA, Nelson LM: Incidence of
Parkinson's disease: variation by age, gender, and race/ethnicity. Am ] Epidemiol. 2003, 157:1015-22.
10.1093/aje/kwg068

4. Singh N, Pillay V, Choonara YE: Advances in the treatment of Parkinson's disease . Prog Neurobiol. 2007,
81:29-44. 10.1016/j.pneurobio.2006.11.009

5. Yang W, Hamilton JL, Kopil C, et al.: Current and projected future economic burden of Parkinson's disease
in the U.S. NPJ Parkinsons Dis. 2020, 6:15. 10.1038/s41531-020-0117-1

6. Huse DM, Schulman K, Orsini L, Castelli-Haley J, Kennedy S, Lenhart G: Burden of illness in Parkinson's
disease. Mov Disord. 2005, 20:1449-54. 10.1002/mds.20609

7. Mantri S, Morley JF: Prodromal and early Parkinson’s disease diagnosis . Pract Neurol. 2018, 35:28-31.

8. Leonard H, Blauwendraat C, Krohn L, et al.: Genetic variability and potential effects on clinical trial
outcomes: perspectives in Parkinson's disease. ] Med Genet. 2020, 57:331-8. 10.1136/jmedgenet-2019-
106283

9.  Ghiglione P, Mutani R, Chio A: Cogwheel rigidity. Arch Neurol. 2005, 62:828-30. 10.1001/archneur.62.5.828

10. Cheng HC, Ulane CM, Burke RE: Clinical progression in Parkinson disease and the neurobiology of axons .
Ann Neurol. 2010, 67:715-25. 10.1002/ana.21995

11. Tolosa E, Gaig C, Santamaria ], Compta Y: Diagnosis and the premotor phase of Parkinson disease .
Neurology. 2009, 72:512-20. 10.1212/WNL.0b013e318198db11

12.  Duffy JR: Motor speech disorders: substrates, differential diagnosis, and management . Elsevier Mosby, St.
Louis, MO; 2013.

13.  Rosen KM, Kent RD, Delaney AL, Duffy JR: Parametric quantitative acoustic analysis of conversation
produced by speakers with dysarthria and healthy speakers. ] Speech Lang Hear Res. 2006, 49:395-411.
10.1044/1092-4388(2006/031)

14. Ho AK, Iansek R, Marigliani C, Bradshaw JL, Gates S: Speech impairment in a large sample of patients with
Parkinson's disease. Behav Neurol. 1999, 11:131-7.

15. Logemann JA, Fisher HB, Boshes B, Blonsky ER: Frequency and cooccurrence of vocal tract dysfunctions in
the speech of a large sample of Parkinson patients. ] Speech Hear Disord. 1978, 43:47-57.
10.1044/jshd.4301.47

16.  Sapir S, Spielman JL, Ramig LO, Story BH, Fox C: Effects of intensive voice treatment (the Lee Silverman
Voice Treatment [LSVT]) on vowel articulation in dysarthric individuals with idiopathic Parkinson disease:
acoustic and perceptual findings. ] Speech Lang Hear Res. 2007, 50:899-912. 10.1044/1092-4388(2007/064)

17. Rahn DA 3rd, Chou M, Jiang J], Zhang Y: Phonatory impairment in Parkinson's disease: evidence from
nonlinear dynamic analysis and perturbation analysis. ] Voice. 2007, 21:64-71. 10.1016/j.jvoice.2005.08.011

18. KimJ, Kim H, Kang P: Keystroke dynamics-based user authentication using freely typed text based on user-
adaptive feature extraction and novelty detection. Appl Soft Comput. 2018, 62:1077-87.
10.1016/j.as0c.2017.09.045

19. Das RK, Mukhopadhyay S, Bhattacharya P: User authentication based on keystroke dynamics. IETE ] Res.
2014, 60:229-39. 10.1080/03772063.2014.914686

20. Adams WR: High-accuracy detection of early Parkinson's Disease using multiple characteristics of finger
movement while typing. PLoS One. 2017, 12:e0188226. 10.1371/journal.pone.0188226

21.  Thomas M, Lenka A, Kumar Pal P: Handwriting analysis in Parkinson's disease: current status and future
directions. Mov Disord Clin Pract. 2017, 4:806-18. 10.1002/mdc3.12552

22. Isenkul ME, Sakar BE, Kursun O: Improved spiral test using digitized graphics tablet for monitoring
Parkinson's disease. The 2nd International Conference on e-Health and Telemedicine (ICEHTM-2014).
Istanbul, Turkey; 2014. 171-75. 10.13140/RG.2.1.1898.6005

23.  Yogev G, Giladi N, Peretz C, Springer S, Simon ES, Hausdorff JM: Dual tasking, gait rhythmicity, and

2024 Vaish et al. Cureus 16(6): €63240. DOI 10.7759/cureus.63240 18 of 19


https://dx.doi.org/10.1038/s41531-022-00288-w
https://dx.doi.org/10.1038/s41531-022-00288-w
https://dx.doi.org/10.1056/NEJM199810083391506
https://dx.doi.org/10.1056/NEJM199810083391506
https://dx.doi.org/10.1093/aje/kwg068
https://dx.doi.org/10.1093/aje/kwg068
https://dx.doi.org/10.1016/j.pneurobio.2006.11.009
https://dx.doi.org/10.1016/j.pneurobio.2006.11.009
https://dx.doi.org/10.1038/s41531-020-0117-1
https://dx.doi.org/10.1038/s41531-020-0117-1
https://dx.doi.org/10.1002/mds.20609
https://dx.doi.org/10.1002/mds.20609
https://practicalneurology.com/articles/2018-may/prodromal-and-early-parkinsons-disease-diagnosis/pdf
https://dx.doi.org/10.1136/jmedgenet-2019-106283
https://dx.doi.org/10.1136/jmedgenet-2019-106283
https://dx.doi.org/10.1001/archneur.62.5.828
https://dx.doi.org/10.1001/archneur.62.5.828
https://dx.doi.org/10.1002/ana.21995
https://dx.doi.org/10.1002/ana.21995
https://dx.doi.org/10.1212/WNL.0b013e318198db11
https://dx.doi.org/10.1212/WNL.0b013e318198db11
https://books.google.co.in/books/about/Motor_Speech_Disorders.html?id=M8t-KgGhjjwC&redir_esc=y
https://dx.doi.org/10.1044/1092-4388(2006/031)
https://dx.doi.org/10.1044/1092-4388(2006/031)
https://pubmed.ncbi.nlm.nih.gov/22387592/
https://dx.doi.org/10.1044/jshd.4301.47
https://dx.doi.org/10.1044/jshd.4301.47
https://dx.doi.org/10.1044/1092-4388(2007/064)
https://dx.doi.org/10.1044/1092-4388(2007/064)
https://dx.doi.org/10.1016/j.jvoice.2005.08.011
https://dx.doi.org/10.1016/j.jvoice.2005.08.011
https://dx.doi.org/10.1016/j.asoc.2017.09.045
https://dx.doi.org/10.1016/j.asoc.2017.09.045
https://dx.doi.org/10.1080/03772063.2014.914686
https://dx.doi.org/10.1080/03772063.2014.914686
https://dx.doi.org/10.1371/journal.pone.0188226
https://dx.doi.org/10.1371/journal.pone.0188226
https://dx.doi.org/10.1002/mdc3.12552
https://dx.doi.org/10.1002/mdc3.12552
https://dx.doi.org/10.13140/RG.2.1.1898.6005
https://dx.doi.org/10.13140/RG.2.1.1898.6005
https://dx.doi.org/10.1111/j.1460-9568.2005.04298.x

Cureus

Part of SPRINGER NATURE

24.

25.

26.

27.

28.

29.

30.

Parkinson's disease: which aspects of gait are attention demanding?. Eur ] Neurosci. 2005, 22:1248-56.
10.1111/j.1460-9568.2005.04298.x

Postuma RB, Aarsland D, Barone P, Burn DJ, Hawkes CH, Oertel W, Ziemssen T: Identifying prodromal
Parkinson's disease: pre-motor disorders in Parkinson's disease. Mov Disord. 2012, 27:617-26.
10.1002/mds.24996

Little MA, McSharry PE, Hunter EJ, Spielman J, Ramig LO: Suitability of dysphonia measurements for
telemonitoring of Parkinson's disease. IEEE Trans Biomed Eng. 2009, 56:1015. 10.1109/TBME.2008.2005954
Hausdorff M, Lowenthal ], Herman T, Gruendlinger L, Peretz C, Giladi N: Rhythmic auditory stimulation
modulates gait variability in Parkinson's disease. Eur ] Neurosci. 2007, 26:2369-75. 10.1111/j.1460-
9568.2007.05810.x

Frenkel-Toledo S, Giladi N, Peretz C, Herman T, Gruendlinger L, Hausdorff JM: Effect of gait speed on gait
rhythmicity in Parkinson's disease: variability of stride time and swing time respond differently. ] Neuroeng
Rehabil. 2005, 2:23. 10.1186/1743-0003-2-23

Hlavnicka J, Cmejla R, Tykalovéa T, Sonka K, Razicka E, Rusz J: Automated analysis of connected speech
reveals early biomarkers of Parkinson's disease in patients with rapid eye movement sleep behaviour
disorder. Sci Rep. 2017, 7:12. 10.1038/s41598-017-00047-5

Graber S, Hertrich I, Daum I, Spieker S, Ackermann H: Speech perception deficits in Parkinson's disease:
underestimation of time intervals compromises identification of durational phonetic contrasts. Brain Lang.
2002, 82:65-74. 10.1016/s0093-934x(02)00002-0

Ho AK, Bradshaw JL, Iansek R, Alfredson R: Speech volume regulation in Parkinson's disease: effects of
implicit cues and explicit instructions. Neuropsychologia. 1999, 37:1453-60. 10.1016/50028-3932(99)00067-
6

2024 Vaish et al. Cureus 16(6): €63240. DOI 10.7759/cureus.63240

19 0of 19


https://dx.doi.org/10.1111/j.1460-9568.2005.04298.x
https://dx.doi.org/10.1002/mds.24996
https://dx.doi.org/10.1002/mds.24996
https://dx.doi.org/10.1109/TBME.2008.2005954
https://dx.doi.org/10.1109/TBME.2008.2005954
https://dx.doi.org/10.1111/j.1460-9568.2007.05810.x
https://dx.doi.org/10.1111/j.1460-9568.2007.05810.x
https://dx.doi.org/10.1186/1743-0003-2-23
https://dx.doi.org/10.1186/1743-0003-2-23
https://dx.doi.org/10.1038/s41598-017-00047-5
https://dx.doi.org/10.1038/s41598-017-00047-5
https://dx.doi.org/10.1016/s0093-934x(02)00002-0
https://dx.doi.org/10.1016/s0093-934x(02)00002-0
https://dx.doi.org/10.1016/s0028-3932(99)00067-6
https://dx.doi.org/10.1016/s0028-3932(99)00067-6

	A Machine Learning Approach for Early Identification of Prodromal Parkinson’s Disease
	Abstract
	Introduction
	Materials And Methods
	FIGURE 1: A summary of workflow and research procedures.
	Data sets
	FIGURE 2: A representative DST drawing of a PD patient that scored highest (left) and lowest (right).


	Results
	Voice data analysis
	FIGURE 3: Distribution of the number of Parkinson’s disease (PD) patients versus controls in voice datasets.
	FIGURE 4: Feature importance in voice data set analysis.

	Tappy keystroke data analysis
	FIGURE 5: Number of data points from patients with Parkinson’s disease (PD) versus controls in the Tappy keystroke data.
	FIGURE 6: Distribution of hold time.
	FIGURE 7: Distribution of elapsed time.
	FIGURE 8: Feature importance excluding count in the Tappy keystroke data.

	Spiral drawing data analysis
	FIGURE 9: Distribution of data points between Parkinson's disease (PD) patients and normal controls in the spiral drawing dataset.
	FIGURE 10: Feature importance between Parkinson's disease patients and healthy controls in the spiral drawing dataset.

	Gait data analysis
	FIGURE 11: Distribution of data points between Parkinson's disease (PD) patients and normal control subjects in the gait dataset.
	FIGURE 12: Distribution of the left total force for Parkinson's disease (PD) patients and non-PD healthy controls in the gait dataset.
	FIGURE 13: Distribution of the right total force for Parkinson's disease (PD) patients and non-PD healthy controls in the gait dataset.
	FIGURE 14: Plot of the feature importance between Parkinson's disease patients and healthy controls in the gait dataset.

	Voice analysis in patients with RBD
	FIGURE 15: Distribution of Parkinson’s disease patients, RBD subjects, and healthy controls.
	FIGURE 16: Plot of the feature importance for RBD vs. normal.
	FIGURE 17: Plot of the feature importance for PD vs. normal.
	FIGURE 18: Plot of the feature importance for RBD vs. PD.
	TABLE 1: Summary of the metrics for results of ML analysis.


	Discussion
	Conclusions
	Additional Information
	Author Contributions
	Disclosures
	Acknowledgements

	References


