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This research looks at the role that machine learning plays in the detection of Parkinson’s 

Disease. Machine learning (ML) is a method of data analysis that automates analytical model 

building. It is a branch of artificial intelligence based on the idea that systems can learn from 

data, identify patterns and make decisions with minimal human intervention. In the past decade 

there has been a focus on the application of Machine Learning and other AI techniques in the 

medical sciences. Studies have shown a correlation between PD and activities of daily living 

such as keystrokes and gait as early signs of the disease. PD patients have significantly slower 

typing speeds compared to healthy patients. Tracking typing characteristics of at-risk population 

could help in the early detection of PD. Two datasets were studied, the first data set consisted of 

31 subjects, 13 healthy controls and 18 patients with Parkinson’s Disease. It looked at a variety 

of different finger tapping tests including typing speed. The second data set consisted of 93 

patients with idiopathic PD and 73 healthy controls both with a mean age of 66.3 years. Gait 

tests were conducted with subjects walking at their usual self-selected pace for about 2 minutes.  

 

R code was used to categorize the patients and a multivariate data analysis was used to identify 

what characteristics of keystrokes and gait are important in PD patients. We then created 2 

predictive models for each data set, with and without clinical data for each. We found that gait 

with clinical data had an accuracy of 1.000, gait without clinical data had an accuracy of 1.000, 

keystroke with clinical data had an accuracy of 0.989, and keystroke without clinical data had an 

accuracy of 0.989. These findings show us that gait is an important factor in the detection and 

diagnosis of Parkinson’s Disease. This is important because the earlier that the disease is 

diagnosed, the more effective and inexpensive treatment will be, and patients will have a 

subsequent better quality of life. Gait can be easily tracked for at risk populations and can 

therefore be a vital indicator of this disease.  
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1.0 Review of Literature  

 

Machine learning (ML) is a statistical technique of data analysis that automates analytical 

model building. It is a branch of artificial intelligence based on the idea that systems can learn 

from data, identify patterns and make decisions with minimal human intervention. Machine 

Learning was created from pattern recognition, and it stemmed from the theory that computers 

can learn without being specifically programmed to perform a simple task. The iterative aspect 

of machine learning is important because as models are exposed to new data, they are able to 

independently adapt. They learn from previous computations to produce reliable, repeatable 

decisions and results. While many machine learning algorithms have been around for a long 

time, the ability to automatically apply complex mathematical calculations to big data – over and 

over, faster and faster – is a recent development.  

Parkinson's disease (PD) belongs to a group of conditions called motor system disorders, 

which occur due to the loss of dopamine-producing brain cells in the elderly. The four primary 

symptoms of PD are tremor, rigidity, bradykinesia, or slowness of movement: and postural 

instability. As the disease progresses it becomes more difficult for patients to walk, talk or do 

simple tasks. Other symptoms may include depression and other emotional changes; difficulty in 

swallowing, chewing, and speaking; urinary problems or constipation; skin problems; and sleep 

disruptions.  There are currently no blood or laboratory tests that can diagnose sporadic PD. The 

diagnosis is based on medical history and a neurological examination. Doctors may sometimes 

request brain scans or laboratory tests in order to rule out other diseases. The only concrete way 

to diagnose PD is posthumous. PD is both chronic, meaning it persists over a long period of time, 

and progressive, meaning its symptoms grow worse over time.  Although some people become 

severely disabled, others experience only minor motor disruptions. Tremor is the major symptom 

for some individuals, while for others tremor is only a minor complaint and other symptoms are 

more troublesome.  It is currently not possible to predict which symptoms will affect an 

individual, and the intensity of the symptoms also varies from person to person. Although there 

is no cure for Parkinson's disease, medicines, surgical treatment, and other therapies can often 

relieve some symptoms. The most common treatments are drugs that increase the level of 
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dopamine in the brain, drugs that affect other brain chemicals such as Catechol O-

Methyltransferase and Monoamine Oxidase, and drugs that help control nonmotor symptoms 

A number of disorders can cause symptoms similar to those of Parkinson's disease. 

People with Parkinson's-like symptoms that result from other causes are sometimes said to have 

parkinsonism. While these disorders initially may be misdiagnosed as Parkinson's, certain 

medical tests, as well as response to drug treatment, may help to distinguish them from 

Parkinson's. However, there is currently no definitive test for PD by non-specialist clinicians, 

especially in the early disease stages where the symptoms may be subtle and poorly 

characterized. This results in a high misdiagnosis rate (up to 25% by non-specialists) and people 

can have the disease for many years before diagnosis. There is a need for a more accurate, 

objective means of early detection, ideally one which can be used by individuals in their home 

setting. In the last decade, focus of PD symptoms has shifted to the pre-motor symptoms, those 

non-motor symptoms that present years before the motor onset of the disease. The main 

premotor symptoms include rapid eye movement sleep behavior disorder, hyposmia, constipation 

and depression. Subjects with these symptoms usually are not initially seen by a neurologist, and 

by the time they are consulted neuronal loss in the substantia nigra is over 50%.  

Changes in gait and cognition precede a diagnosis of idiopathic Parkinson’s disease, and 

may occur earlier than typical non-motor symptoms. Motor symptoms in idiopathic Parkinson’s 

disease (IPD) are identified relatively late in the disease course, taking away possible 

neuroprotective benefits of early treatment. Identifying individuals during the early period that 

precedes motor symptoms could be of great use for clinical studies seeking new therapies to 

prevent or delay disease progression. Compared to control subjects, IPD patients had no changes 

in upper-limb motor function, no depression, no sleep disturbances, no urinary symptoms, and no 

orthostatic hypotension (when blood pressure suddenly drops when standing up quickly). 

Researchers concluded that the observed changes might serve as markers to improve the early 

detection of IPD patients, who could then benefit from pharmacological neuroprotection trials 

and/or prevention trials of lifestyle-related interventions in order to delay, or even prevent, 

clinical manifestations. (Krohn et al. 2019) 
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The changes in gait in advanced PD is well studied, however, there is far less evidence 

when looking at early onset Parkinson’s Disease. Among patients with early onset PD, the 

memory in gait “breaks down” and the stride-to-stride fluctuations in gait now become very 

similar to white noise or random fluctuations. When analyzing the data, visually, there is no 

difference between the original time series and the randomly shuffled time series. The DFA 

scaling exponent becomes close to 0.5 (the value for white noise; an absence of long-range 

correlations). Similar results were observed for a group of patients with PD62 demonstrating that 

the long-range scaling and fractal-like behavior are reduced, and the stride-to-stride fluctuations 

become more random. (Hausdorffa et al. 2018) While the qualitative nature of the Parkinsonian 

Gait is known, because of sensors we can now measure the quantitative characteristics of gait. 

Abnormal gait is one of the hallmarks of Parkinson’s Disease, specifically Parkinsonian Gait is 

characterized by small shuffling movements and in some cases is present before any other 

symptom.  

Another factor that could help in the early detection of Parkinson’s Disease is keystroke 

data. The use of keystrokes as a means of identification has a long history. (Das et al. 2018) used 

keystroke dynamics while typing a computer login string to identify users with 90% to 99% 

accuracy. Their technique involved key hold times and latency, using a Gaussian mixture model 

and a neural network. This, along with many other studies show us that keystroke characteristics 

can be used to accurately classify the features of particular users. Important keystroke data can 

be found using the timing information of the key press and release events. The hold time of 

individual keys and the latency between keys (the time interval between pressing one key and a 

succeeding key) are typically used. One study found that over an extended period of time, PD 

affects various characteristics of hand and finger movement that can be detected early in life. A 

novel methodology was used to classify the subjects’ disease status, by utilizing a combination 

of many keystroke features which were analyzed by an ensemble of machine learning 

classification models. When applied to two separate participant groups, this approach was able to 

successfully discriminate between early-PD subjects and controls with 96% sensitivity, 97% 

specificity and an AUC of 0.98. However, in this model, no other cardinal symptom was studied, 

so it may not be able to differentiate from PD and other similar movement-related disorders. 
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Since reliable diagnostics and early-stage detection are one of the top priorities in 

medical practice, much effort is being invested in the development of new methods for 

diagnostic support, which would increase the accuracy and minimize required time and 

resources. Information on the patient’s condition (ON/OFF states, the occurrence of dyskinesias, 

falls) and symptoms (tremor, bradykinesia, freezing of gait) outside of clinical settings could 

provide physicians with deeper insight into patients’ disease severity and progress, setting the 

path towards fully personalized treatment. Support tools based on the use of ML have great 

potential for clinical practice increasing accuracy, reliability and efficiency of clinical decision 

making and assessment. Machine learning approaches are frequently used for outputting a 

diagnostic suggestion, using data collected from various media. In addition, ML has found its 

application in real-time, remote monitoring and detection of PD severity, symptoms and response 

to therapy. Artificial intelligence, specifically machine learning, has found numerous 

applications in computer-aided diagnostics, monitoring and management of neurodegenerative 

movement disorders of parkinsonian type. These tasks are not trivial due to high inter-subject 

variability and similarity of clinical presentations of different neurodegenerative disorders in the 

early stages.  

2.0 Research Question   

 

This study will look at data collected from keystrokes and patterns as well as the gait of patients 

with Parkinson’s Disease and patients without Parkinson’s Disease to see if machine learning can 

pick up on any differences. Our objective is to identify large differences in patterns that can help 

to earlier diagnose Parkinson’s Disease in the future.  

 

Is it possible, using data collected from the activities of daily living in Parkinson’s Disease patients 

in combination with genomic testing, to potentially aid in the diagnosis and early detection of 

Parkinson’s Disease? How can we use computer science techniques such as supervised and 

unsupervised analysis and predictive analytics to help identify signatures or profiles that may help 

in the diagnosis and early detection of Parkinson’s Disease? 

 

3.0 Hypothesis 
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• H0 There are no differences in gait between patients with and without Parkinson’s Disease 

• H0 There are no differences in keystroke patterns between patients with and without 

Parkinson’s Disease 

• H1 PD patients will show changes in gait and can therefore be used in an accurate 

predictive model  

• H2 PD patients will show changes in keystroke patterns and can therefore be used in an 

accurate predictive model  

 

4.0 Materials and Methods 

 

Data acquisition 

Two previously defined datasets that are of public use from MIT were used in this study. 

The first data set looks at keystrokes in 31 subjects, 13 healthy controls and 18 patients with 

Parkinson’s Disease. The second data set looks at gait and has 54 subjects, 30 healthy controls and 

24 patients with Parkinson’s Disease. In the first data set, along with the raw typing collections, 

clinical evaluations were also performed on each subject, including Unified Parkinson's Disease 

Rating Scale (UPDRS) and finger tapping tests. Each data contains a subject summary csv file 

which lists for each subject: pID - Patient ID, gt - Ground truth label of whether or not they had 

PD, updrs108 - Unified Parkinson’s Disease Rating Scale part III (UPDRS-III), afTap - Alternating 

finger tapping result, sTap - Single key tapping result, nqScore - neuroQWERTY index (nQi), 

Typing speed, and file_n - The csv file(s) containing the patient's typing data. Each keystroke data 

csv file has four columns which give: the key pressed, the hold duration in seconds, the key release 

time in seconds from time 0, and the key press time in seconds from time 0. 

Our next data set looks at gait. This dataset contains measures of gait from 93 patients with 

idiopathic PD (mean age: 66.3 years; 63% men), and 73 healthy controls (mean age: 66.3 years; 

55% men). The data includes the vertical ground reaction force records of subjects as they walked 

at their usual, self-selected pace for approximately 2 minutes on level ground. Underneath each 

foot were 8 sensors (Ultraflex Computer Dyno Graphy, Infotronic Inc.) that measure force (in 

Newtons) as a function of time. The output of each of these 16 sensors has been digitized and 

recorded at 100 samples per second, and the records also include two signals that reflect the sum 

of the 8 sensor outputs for each foot. A subset of the database includes measures recorded as 
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subjects performed a second task while walking. Under usual walking conditions, variability is 

larger in the patient with PD (Coefficient of Variation = 2.7%), compared to the control subject 

(CV = 1.3%). Variability increases during dual tasking in the subject with PD (CV = 6.5%), but 

not in the control subject (CV = 1.2%). Using a variety of R packages such as DBI, tidyverse, 

dplyr, ggplot, and leaflet, we were able to upload, analyze, and visualize the data.  

 

Machine Learning Modeling 

 Briefly, we used each of the datasets to evaluate different machine learning approaches that 

could predict the presence of Parkinson’s disease based on the measurements described 

above.  Using IBM Watson Studio, we designed a set of experiments for each of the datasets. 

Using AutoAI binary classification and after analysis of the data for completeness each one was 

loaded into the system. For each experiment we defined the cross-validation to a holdout split of 

85-15. The models were tested against that 15% hold out data. The system then scanned a series 

of Machine Learning (ML) algorithms that adapt automatically to the type of variable and 8 

different pipelines were tested and ranked for accuracy. In our case the system selected a different 

set of algorithms for each experiment, for those regarding gait with clinical features UPDRS, 

UPDRSM, and HoehnYahr score, gait without clinical features UPDRS and Hoehn Yahr score but 

with UPDRSM, keystrokes with clinical features UPDRS, Levodopa, MAOB (an MAO-B 

inhibitor), and DA and keystrokes without these clinical features. Once the algorithms were 

selected the data goes through a standard ML data processing pipeline. The first of that being 

hyperparameter optimization to tune the models to best fit the data then feature engineering to 

define those features that will best support the prediction and finally a second hyperparameter 

optimization to decide what pipeline is the most accurate. The system then evaluated the model 

against the holdout data. To test the validity of the prediction we measured accuracy, specificity, 

sensitivity, F1 score and Log Loss. The model was visualized and evaluated for overall 

performance using the receiver operating characteristic curve (ROC curve). Finally, each of the 

features was evaluated to determine how much they contribute to the classification of the samples; 

this was the average of 9 measures, namely, Linear Correlation (f_regression) metric, Maximal 

Information Coefficient (MIC) metric, Linear Regression (LR) metric, L1 regularization metric 

(Lasso), Ridge metric, RF metric, Stability Selection, Recursive Feature Elimination (RFE) and 

Recursive Feature Elimination plus selection of best number of features. 
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5.0 Results 

 The first data set that I analyzed using R code was the typing data. There were three factors 

that I was looking at for significance: average flight time which is the time between the release of 

the previous key and the press of the current key in milliseconds, average latency time which is 

the time between pressing the previous key and pressing the current key in milliseconds, and 

average hold time which is the time between the press and the release of the current key in 

milliseconds. There wasn’t much statistical significance of any of the three factors with all p values 

being above .05. The p value for average flight time was 0.3144, the p value for average latency 

time was 0.4199, and the p value for average hold time was 0.6373. I found the p value by using a 

t test which is a type of inferential statistic used to determine if there is a significant difference 

between the means of two groups, the two groups being patients with Parkinson’s Disease and 

healthy controls. This may be due to the fact that many of the patients with Parkinson’s Disease 

were on a variety of drugs and treatments such as Levodopa or other dopamine enhancing 

medicines, which could lessen the severity of the symptoms detectable by keystroke data. Because 

of this, I then evaluated the P value after eliminating patients that were on Levodopa. Although 

none of the P values were below .05 they were substantially lower with the p value for average 

flight time being 0.07583, the p value for average latency time was 0.1346, and the p value for 

average hold time was 0.3621. 

 The second data set I analyzed was Gait data of patients with and without Parkinson’s 

Disease. There were two factors that I was looking at for significance, speed in meters per second, 

and TUAG which is the timed up and go test, a measure of gait. There was great statistical 

significance with p values less than 0.05 and very close to zero. The p value for speed in meters 

per second is 1.788e-11. The p value for TUAG is 2.339e-08. Both of these p values are extremely 

close to zero and show us that these two factors of gait are extremely significant to the detection 

of Parkinson’s Disease. 

 We then created predictive models using IBM Watson Studio/IBM Cloud Pak and a 

combination of R code and Python. The accuracy of the data set is out of 1 with 1 being 100% 

accurate. There are multiple pipelines that use different algorithms and are ranked based on their 

accuracy. For keystroke data without the clinical features taken into account, pipeline 1 was the 

most accurate with an accuracy of 0.989 using a cross validation score and an accuracy of 0.970 
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using a holdout data score. Pipeline 1 used the Random Forest Classifier algorithm and used no 

enhancements. The largest feature of importance was impact, with its importance being about 94%, 

then average hold time with 5% importance, then average flight time with 1% importance, then 

average latency time with 0% importance. The next predictive model used the same keystroke data 

but did take into account the clinical data. With the clinical data taken into account, the most 

accurate pipeline was pipeline 1 with an accuracy of 0.989 using a cross validation score and an 

accuracy of 0.970 using a holdout data score. Pipeline 1 used the Random Forest Classifier 

algorithm and used no enhancements.  The largest feature of importance was impact with its 

importance being 62%, then sided at 8%, then average hold time at 7%, then whether or not the 

patient was on levodopa at 6%, then whether the patient was on other PD medication at 6%, and 

whether or not they had tremors at 5%.  

 

 

 
(Figure 1: Model accuracy, keystroke data w/ clinical features)                                                 
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(Figure 2: Confusion matrix, keystroke data w/o clinical features) 

 

The other predictive model used the gait data. The first gait model was made without taking 

clinical data into consideration. Using the cross validation score the most accurate pipeline was 

pipeline four which used a gradient boosting classifier algorithm and had an accuracy of 0.957. 

Using holdout score the most accurate pipeline was pipeline two which also used gradient boosting 

classifier and had an accuracy of 1.000. Pipeline two also used the enhancement HPO-1 or 1st 

hyperparameter optimization. Looking at pipeline two, the most important features were the 

UPDRSM score, which is a score of the severity of the degradation of motor functions of 

Parkinson’s Disease, which was 86% of the feature importance. TUAG was 9% of the importance 

and speed in meters per second was 5%. For the predictive model that did use clinical data, the 

most accurate pipeline using cross validation score was pipeline two with an accuracy of 0.986 

and the enhancement HPO-1. Pipeline two used a gradient boosting classifier algorithm. Using the 

holdout score the most accurate pipeline was pipeline five with no enhancements and an accuracy 

of 1.000. Pipeline five used an LGBM algorithm. Looking at pipeline 5, the most important 
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features were UPDRS at 44%, UPDRSM at 15%, Speed_01 in meters per second at 10%, age at 

9%, weight in kg at 8%, and TUAG at 7%. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(Figure 3: Confusion matrix, gait w/ clinical features) 
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(Figure 4: feature transformers, gait w/o clinical features) 

 

6.0 Discussion 

 Looking at both of these data sets, we found that gait is a more predictive factor of 

Parkinson’s Disease and is potentially more useful in aiding in the early detection of it. However, 

since patients in the keystroke dataset were receiving medication it’s hard to remove that 

confounding factor and we cannot discard it from playing a larger role than seen in this data set. 

In this small but significant set of patients we show both conceptually and empirically that we can 

use ML algorithms to predict the presence or absence of PD. The addition of clinical features 

further refines the predictive power of the gait and keystroke data. This supports the idea that 

measurements do not happen in a vacuum of context and that providing that context is important 

to both build better models and aid in the clinical validity and interpretation of those models. 

Keystroke data is also very prone to human error or interference since typing speed can differ 

depending on age and socioeconomic status and whether one grew up with access to a computer 

or typing classes. The gait data shows a stronger significance. It allowed me to reinforce that both 

UPDRS and UPDRSM are extremely accurate measures of Parkinson’s Disease as they both were 
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very important in the predictive models for gait. The data with gait is extremely promising, 

showing strong correlations and statistical significance between TUAG and walking speed and 

Parkinson’s Disease. 

 

Limitations 

There are several inherent limitations to ML models in clinical applications. Data collection is a 

limiting factor as recruiting patients into formal studies is a time-consuming process.  Machine 

Learning models by definition require vast amounts of data to be able to discern accurately 

between populations. And lastly biological systems in general have an unlimited number of 

confounding factors that make the interpretation of the models, in some cases, speculative at best. 

These may include age, weight, gender, hormone levels, or other diseases. It should also be said 

that all models run the risk of bias and the proper design and balance of the dataset id paramount 

to their utility in a real-world setting.  

  

7.0 Conclusion 

 In my research I have found that aspects of gait specifically speed and TUAG are 

significant in the study of Parkinson’s Disease. The addition of clinical features to specific 

measures of activities of daily living enhances the predictive capacity of ML models in PD. One 

of my largest barriers was a difference in variables and lack of control of these variables in both 

data sets. In order to continue this research and further examine the role that gait, and keystroke 

patterns can play in the early detection of Parkinson’s Disease, more studies must be done with 

more regulated controls. These controls must not be on dopamine enhancing drugs such as 

levodopa and must be of the same age to truly hone in on the role that gait and keystroke patterns 

play in detecting the disease.  

Along with advances in treatment, advances in the accuracy of diagnosis and timing of 

diagnosis can greatly improve the quality of life of someone living with Parkinson’s Disease. 

Diagnosing PD early is important because treatments such as levodopa/carbidopa are more 

effective when administered early on in the disease. Non-pharmacologic treatments, such as 

increased exercise, are also easier to perform in the early stages of PD and may help slow down 

disease progression. In the future, I hope to collect data (when safe), and continue to use machine 

learning algorithms to analyze the correlation between gait and keystroke patterns and 
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Parkinson’s Disease. I also hope to be able to work this data along with genomics data to further 

analyze diagnosis and make it sooner and more accurate.  
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