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Abstract 

NeuroTrace is a machine-learning model and software package that detects the early 

onset of neurodegenerative diseases (NDs), such as Parkinson’s and Alzheimer’s, through 

handwriting kinematics. Handwriting deterioration is often an early sign of the onset of NDs, 

affecting the motor and nervous systems. Trained on the publicly-available DARWIN dataset, 

which contains handwriting kinematics data from 174 participants, NeuroTrace analyzes 10 

features from several tracing tasks, including pressure and speed, among others. The initial 

classifier was trained and tested with 75% and 25% of the dataset, respectively, to evaluate 

effectiveness. Then, the NeuroTrace software was designed and coded, a lightweight multi-page 

web program that tracks coordinates, pressure, and tilt metrics, outputting processed numerical 

data. Willing participants (n=18) signed informed consent forms, completed a demographic 

survey about vocational/educational data and attempted 6 different tracing tasks on a WACOM 

Intuos Tablet, which were then calculated into metrics for machine learning (speed, jerk, etc).  

The results of this study were promising, with the NeuroTrace model demonstrating 

accuracy and precision up to 88% and 80%, respectively, in pilot testing involving consenting 

seniors (n=18), indicating its potential as a reliable tool for ND detection. The NeuroTrace 

software is continuously updated to patch bugs and increase tracking accuracy. Future research 

will focus on integrating multimodal data and expanding the dataset to create a more robust 

model., NeuroTrace represents a significant advancement in early NDs detection, offering a 

quick and non-invasive screening tool and improving the quality of life for millions worldwide. 

 

 



 

NEUROTRACE: A SYSTEM SOFTWARE TO DETECT NEURODEGENERATION WITH HANDWRITING KINEMATICS       3 

Introduction 

Neurodegenerative diseases (NDs), such as Parkinson’s, Alzheimer’s, and multiple 

sclerosis, affect more than 62 million people worldwide, who are mostly seniors (Hu et al., 

2023). These neurodegenerative diseases occur when nerve cells in the brain, central nervous 

system, and peripheral nervous system deteriorate and die over time, leading to a progressive 

decline in cognitive function, motor skills, and overall neurological health (National Institute of 

Environmental Health Sciences, 2018). As the human body ages, cell and nerve health also 

naturally weaken, which is why neurodegenerative diseases are most common in the older 

population group. Additionally, as the average life expectancy continues to lengthen due to 

improvements in health care and medical technology, cases of neurodegenerative disease will 

only continue to rise. While there is currently no known permanent cure for neurodegenerative 

diseases, early detection is key to slowing down the development of “severe clinical symptoms” 

that lead to the rapid deterioration of nerve cells and cognitive functions later in the disease 

cycle. More specifically, in recent years, pre-disease assessments, such as in-person screenings 

where NDs can be diagnosed, have emerged as a central research focus for neurodegenerative 

disorders, where these are able to use physical and holistic data to determine the chance of the 

presence of neurodegenerative diseases (Shusharina et al., 2023).  

NDs significantly decrease the quality of life of diagnosed patients, including symptoms 

like memory loss, motor degeneration, and communication problems. One crucial motor 

impairment is hand motion and control. Normal functioning human hands require precise finger 

and thumb dexterity, grip and wrist strength, and object-to-hand manipulation through 

three-dimensional space for everyday life, work, and leisure activities (Gopal et al., 2022). 
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However, those affected by NDs (or chronic disorders of the central nervous system) have 

impaired hand functions that hinder daily activities – even simple tasks such as teeth brushing, 

typing on a computer, or writing a letter. Therefore, if the loss of hand motor function is 

correlated with the onset and development of neurological diseases, then the exploration and 

establishment of artificial intelligence-powered early-detection assessments with respect to hand 

function can prove to be a useful and accurate diagnostic in discerning the multifaceted 

progression of neurological diseases. 

 

Literature Review 

Typically, damage to the central nervous system (CNS) precedes the eventual 

deterioration of kinesthetic and visuospatial motor skills in the hand. For example, most patients 

with Parkinson’s ultimately develop hand tremors and have difficulty making precise finger 

movements (Gopal et al., 2022). In this study regarding remote-monitored Parkinson’s detection, 

several researchers evaluated the effectiveness of external devices and telerehabilitation (online 

rehabilitation), such as smartphones, tablets, and online physical therapy, to track Parkinson’s 

disease progressions in subjects through the quantification of hand tremor, finger tapping, and 

dexterity data (Gopal et al., 2022). While the researchers found high feasibility and reliability for 

remote progression-logging smartphone apps, they only utilized online data without collecting it 

firsthand, and more research is needed to verify the results and to ensure the smartphone apps are 

working correctly. Nevertheless, Gopal et al found that it is likely that remote assessments can 

facilitate ND tracking in the future, which connects to the common theme of early detection, 

diagnosis, and intervention throughout this paper. 
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One visible symptom of NDs is the (often undesired) alterations in handwriting, which 

demonstrates a loss of motor control. For instance, Judie Walton, a medical PhD who focuses on 

Alzheimer’s research, conducted a study to examine the changes in handwriting due to aging 

versus Parkinson’s disease, measuring characteristics such as letter size, pen pressure, tremors, 

rhythm, and variabilities in letter formations (Walton, 1997). The results displayed the typically 

similar handwriting of age-matched control subjects over long periods of time, juxtaposed by the 

rapid deterioration of handwriting in Parkinson’s patients after just a few months to years. The 

Parkinson’s patients’ handwriting was characterized by increased letter variability, slower 

writing, higher error rate, and the characteristic hand tremor (Walton, 1997). This is particularly 

evident in and relevant to seniors with Parkinson’s, Alzheimer’s, and other neurodegenerative 

diseases, as it supports the notion that handwriting and the physical process of writing may 

drastically change, but mainly only for those suffering from NDs. Yet, outdated for modern 

technological times as it employs obsolete methodologies, such as taking pictures of handwriting 

samples with a traditional digital camera, Walton’s study reveals a need for the utilization of 

modern technologies to detect and analyze handwriting in potential NDs patients.  

 

Figure 1. The deterioration of a Parkinson’s subject’s handwriting: 

a) before 5 years and  b) after 5 years. Credits: Walton et. al, 1997 
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Amidst technological advancements, handwriting detection and analysis have become 

easier. Smart pens, specialized software, and artificial intelligence now play significant roles in 

modern-day research regarding not just handwriting and neurodegenerative diseases, but the 

scientific community overall. For example, several researchers from different experiments 

utilized a specific electronic tablet brand, WACOM, a producer of smart pens, tablets and 

software with computer data syncing and processing capabilities, which streamlined data 

collection during the writing process. The combination of hardware and software can quantify 

not just static handwriting, but also raw data, such as the x and y coordinates of the pen position, 

time stamps, pen orientation such as azimuth and altitude, and pen pressure, and manipulate this 

data further to find derivatives (speed, acceleration, and jerk) with respect to time, direction, and 

curvature of the handwriting process (WACOM, 2023).  

Figure 2. Typical workflow of software handwriting analysis (t = time, p = pressure). 

Credits: Joseph Garre-Olmo et al., 2023. 

Two different research projects utilized the Wacom tablet in a similar manner to analyze 

the handwriting process. In one experiment conducted in Spain, participants (either control or 

suffering from Alzheimer’s) were instructed to perform several tasks using the smart pen and 

tablet, such as draw a spiral, copy a sentence, and construct the Clock Drawing Test, where the 
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subjects had to sketch an analog clock that represented a certain time of day (Josep Garre-Olmo 

et al., 2023). In comparison, the other experiment, carried out in France, involved a group of 

control subjects and groups of seniors suffering from early to moderate Parkinson’s or 

Alzheimer’s, and mild cognitive impairment. The tasks, which were also carried out on a Wacom 

tablet and smart pen, encompassed gradually writing in French and Arabic as well as tracing 

spirals over lines (Ibtissame Aouraghe et al., 2017). It is important to note that there may be 

discrepancies between the intended and the interpreted meanings of this particular paper as the 

original file was published nearly completely in French – for the best analytical purposes, this 

file was translated into English first. Nonetheless, both research projects utilized the software 

features on the Wacom software which quantified the parameterized coordinates <(x(t),y(t),p(t)> 

where t is in seconds, into kinematics, including horizontal/vertical speed, acceleration, and jerk, 

spatial features, including direction, curvature, length of letter spaces, and height, and dynamics, 

including pressure and pressure variation over time (Ibtissame Aouraghe et al., 2017). A 

comparison of results and procedures revealed gaps in both experiments. To illustrate, Ibtissame 

Aouraghe et al. did not have a results section, nor did they explain their findings in the context of 

their subjects. One of the biggest flaws with the experiments was a bias introduced due to the 

lack of variety of ages of the participants. The researchers did not list the ages of their subjects, 

which is necessary for representative semi-random sampling. Although they did include a key, 

the data visualization section was unclear as the researchers failed to separate the control 

subjects' data from the Alzheimer’s or Parkinson’s subjects, leading to overgeneralization 

(Ibtissame Aouraghe et al., 2017). On the other hand, Josep Garre-Olmo et al. did capably 

include a results section, discuss their findings in the context of their subjects, and list age ranges 
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for their subjects. However, a drawback of this study was the small sample size, which could 

create less generalizable results (Josep Garre-Olmo et al., 2023). There is a need for an effective 

program that easily collects handwriting kinematics data and records it in an accessible database 

through software and data collection. 

  

Figure 3. Ibtissame et al.’s visualization of writing pressure. Credits: Ibtissame Aouraghe 

et al., 2017. 

Furthermore, a literary review on dynamic handwriting analysis by computer science 

student Gennaro Vessio revealed that handwriting analysis studies conducted up to 2019 focused 

mostly on Alzheimer’s and Parkinson’s detection. For Parkinson’s detection, studies looked at 

using handwriting analysis to gain insights into motor control changes, monitor disease 

progression and treatment effects, and develop automated diagnostic tools. For Alzheimer’s 

detection, the focus was more on understanding motor and cognitive changes and early diagnosis 

(Vessio, 2019). This reveals trends between previously conducted studies on handwriting 

analysis and NDs further, increasing the sample size of the research. 
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Research Gap & Questions 

During brainstorming, it was hypothesized that using an AI-powered deep-learning 

classifier algorithm would streamline the screening process of individuals at risk of 

neurodegenerative diseases such as Alzheimer’s, Parkinson’s, and multiple sclerosis through 

quantified handwriting analysis. Furthermore, no current methods for NDs detection are 

effective; most involve manual assessments by certified experts, which are slow, ineffective, and 

universally inapplicable for accurate NDs detection and diagnosis. Therefore, this led to the 

essential research questions: how do neurodegenerative diseases affect kinematic and motor 

functions of individuals, and how can that data be quantified? Additionally, how can an AI 

algorithm, such as a random forest classifier, utilize this data to accurately and efficiently predict 

individuals at risk of NDs?  

To address these gaps in the research field of neurodegeneration, the NeuroTrace 

application was designed and programmed. By determining the relationship between handwriting 

and neurodegenerative diseases, NeuroTrace has the potential to heighten awareness and 

promulgate the importance of early detection and treatment for those who may be destined to 

suffer from neurodegenerative diseases, improving the quality of life for those who need and 

deserve it most in the near future.  
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Methods 

Overview 

Throughout the past few months, NeuroTrace has constantly been in development. The 

goal of this project was to train a machine-learning algorithm backend and a software package 

frontend with implications as a quick, accurate, and efficient NDs testing/checkup tool, 

especially for the senior population, and then test this prototype on real-life seniors (with and 

without NDs) to verify its accuracy.  

Considering the lack of prior personal experience, especially in the development of an 

entire machine-learning algorithm and application, an immense amount of learning has occurred 

over the past few months of strenuous work. Not only does this develop a personal portfolio of 

experiences and skills, but, more importantly, also harnesses personal passions and hobbies to 

contribute towards a world where advancements in technology are harnessed for the quality of 

life for individuals, particularly the elderly. 

 

Ethical Considerations 

Since this project involved engaging with human participants, it was imperative that IRB 

(Institutional Review Board) approval was obtained to ensure all experimental procedures were 

ethical. Every potential subject was notified that participation was optional and their information 

would be kept completely confidential; those who volunteered to participate in the NeuroTrace 

pilot study willingly signed informed consent forms. Moreover, certain participants gave photo 

consent for their body parts (i.e. hands, arms) to be photographed for the pilot study, and may be 

featured in this paper. There was no compensation of any kind involved.   
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Outline 

Throughout NeuroTrace development, to keep organized through this multifaceted project, a 

rough chronological roadmap was followed, which is as listed below:  

1.​ Preprocess the DARWIN dataset, visualize the data, and remove unnecessary features 

2.​ Utilize Python to develop a machine-learning model with decent ND detection (via 

handwriting kinematics data), which could be trained with a public dataset, and engage in 

model hyperparameter fine-tuning 

3.​ After obtaining a WACOM Intuos tablet, design and code a portable, lightweight 

software program, NeuroTrace, that could: 

a.​ Receive pen input from the tablet at a constant polling rate and display the input 

accurately on a computer screen 

b.​ Reliably record the raw pen positional data (x, y, pressure, pen ups/pen downs) at 

a constant polling rate (~120hz), write the data constantly to a CSV 

(comma-separated values) formatted file, and download that file locally when 

prompted. 

c.​ Process and normalize the raw CSV file into analyzable metrics (speed, 

acceleration, jerk, pressure mean, etc) using numerical approximations.  

d.​ Plug the processed CSV file back into the trained model in step 1 to obtain the 

algorithm’s predicted results.  

4.​ Verify NeuroTrace model accuracy by conducting pilot testing at senior facilities nearby  
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1. Data Processing and Visualization 

​ The NeuroTrace model is based on the publicly available DARWIN (Diagnosis 

AlzheimeR WIth haNdwriting) dataset (n=174), which is open-source on both Kaggle and the 

University of California - Irvine’s Machine Learning Repository. The largest, most 

comprehensive database for handwriting kinematics in relation to NDs, the DARWIN dataset 

involved 174 demographics-matched (gender, age, level of education, vocational history) 

participants, comprising 89 Alzheimer’s and 85 healthy control subjects. They were recruited 

using standard clinical tests for neurodegeneration, such as the Mini-Mental State Examination, 

Frontal Assessment Battery, and Montreal Cognitive Assessment (Cilia et. al). The participants 

were then subjected to 25 handwriting tasks, where their handwriting kinematics were tracked, 

collected, and processed into 18 metrics (features, in technical terms). 

Figure 4. DARWIN’s set of 25 tasks for data collection. Credits: Cilia et. al, 2020. 
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​ The published DARWIN dataset is in the format of a CSV (comma-separated values) file, 

with 175 rows and 451 columns (18 features * 25 tasks + class column). The class column 

concludes the dataset and is vital to the dataset by defining whether each participant is a control 

or an actual Alzheimer’s patient (P).  

To gain a more thorough understanding of the dataset once it was obtained, a series of 

data visualizations were performed, where the sets of numbers are represented graphically. For 

example, scatterplots serve as an excellent indicator of overall trends within a certain task, where 

the x-axis represents the 174 participants, and the y-axis represents a specific measured feature. 

 

Figure 5. Each of the 18 metrics (or features) the DARWIN dataset collected (for each of the 25 

tasks), where disp_index is the displacement index and GMRT is the generalized mean relative 

tremor (both calculated with special formulas). 

 

 

Figure 6. Scatterplot visualizations of subjects’ total time taken to perform tasks 3 and 9. 
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​ In an effort to simplify the DARWIN dataset to reduce unnecessary data noise, another 

series of visualizations were performed, involving analyzing and comparing the individual tasks 

and features themselves to their neighboring tasks and features (“task and metric importance”), 

respectively; this facilitated in “weeding out” unnecessary tasks and features, leaving behind an 

easier model-training process. By doing this, the 25 tasks and 18 metrics were reduced to 6 tasks 

and 11 metrics, maintaining appropriate and acceptable model accuracy in the process while 

dramatically decreasing the workload for data collection and calculations. 

Figure 7. DARWIN task and metric importance. Notice the prevalence of certain tasks (9, 2, 3, 

24, 7) and metrics (total_time, air_time, mean_speed) in the bar chart. 
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2. Model Training and Optimization 

Having set some limitations for the dataset, model training could begin. The actual 

training process of the machine learning model was rather trivial, requiring little brainpower, as 

the process itself was easily replicated from how-to websites accessible online. The model was 

trained and hosted on Google Colab’s Python 3; this was the best solution for portability and 

cost. The Scikit-learn library of machine-learning algorithms – more specifically, the Random 

Forest Classifier (an ensemble-learning classifier which bases its predictions off the majority 

voting by a series of feature-built “decision trees”) – was utilized, due to several reasons: 

a.​ There are extensive resources on the web for Random Forest model training/tuning. 

b.​ While there exists a multitude of other classifiers that could prove practical for this 

project, the Random Forest is less prone to overfitting, which occurs when the model is 

trained so well on a specific dataset that it fails to generalize to new datasets. 

c.​ Generally, Random Forest balances accuracy with data specificity (Kho). 

With that said, the programming aspect could warrant a logbook of its own. Moreover, given the 

personal minimal coding experience, a sizable portion of the code throughout the NeuroTrace 

developmental stage was formulated with occasional assistance from online searches, forums, 

and artificial intelligence, like ChatGPT. This assistance streamline the workflow massively for 

debugging. 

Figure 8. Code snippet for Random Forest Classifier training/testing (75% & 25% split) 
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Several important metrics exist for the Random Forest model, which define how 

“successful” the algorithm is at completing its prediction task: 

●​ Accuracy (%) represents the overall correctness of the classifier’s predictions.  

●​ Precision, the positive predictive value, answers: “Of all the instances predicted as 

positive, how many are actually positive?” 

●​ Recall, the sensitivity value, answers: “Of all the actual positive instances, how many did 

the model correctly predict?” 

○​ In this project, recall is more important as it is more costly and dangerous to 

falsely label a potential patient as “healthy” than the other way around. 

●​ F1 Score, the weighted mean of precision and recall, provides a balanced metric for rates 

of both false positives and negatives. 

●​ Area Under the Precision-Recall Curve (AUC-PR) provides insights into the classifier’s 

performance across different levels of precision and recall. 

●​ Cross-Validation score evaluates the generalizability of a predictive model, indicating 

how the model will perform on unseen data. 

With this information, the hyperparameter tuning process can proceed, which will involve 

considerable data analysis. Every machine-learning algorithm has adjustable parameters, which, 

if tinkered with correctly, can boost performance significantly.  

Figure 9. Model tuning flowchart 
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For example, one adjustable hyperparameter is the number of features, which accounts 

for the number of features taken into consideration during each decision-tree splitting process 

and contributes to the randomness or overfitting of the model. By utilizing for loops of 

increasing increments of max_features, the optimal range of this parameter was determined:  

Figure 10. Performance metrics vs # of features (0-80) 

From Figure 10, it was determined that 5-fold Cross-validation (generalizability) scores drop 

significantly after about a value of 10 for max_features, and that accuracy also decreases slightly 

around a max_features value of 15. Therefore, a max_features value of 9 was selected.  

Figure 11. Performance metrics vs max depth (0-750) 
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Similarly, the optimal range for another parameter, depth, which controls how complex 

each individual decision-tree becomes, was experimented with. From Figure 11, it is seen that 

after a max_depth value of about 50, the 5-fold cross-validation score continually decreases and 

flattens out, indicating that a max_depth value that is less than 50 would create a model that 

generalizes better towards new datasets. It is also important to note that increasing the max depth 

gradually increases the computation time of the model since there are more nodes and decisions 

to consider, with a complexity of O(log[n]).  Therefore, a max_depth value of 40 was selected.  

While the hyperparameter tuning process can be elaborated on extensively, its exhaustive 

documentation exceeds the scope of this paper. However, before the next section, some 

preliminary data analysis regarding the trained and tuned model is necessary – it is imperative to 

have a “baseline” model to compare with when the real-life data is collected and tested. 

Figure 12.1. Average performance metrics 

for tuned NeuroTrace model                    

Figure 12.2. Confusion matrix for tuned 

model when testing with a 75/25 split 

Thus, Figure 12.1 indicates that the model has high accuracy (90%) and precision (94%), 

with fairly good recall (84%). Intuitively, the model is very reliable at identifying/flagging cases, 
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with some false positives. The 5-fold Cross-validation score (80%) and ROC Area Under Curve 

score (90%) indicate that NeuroTrace generalizes well across unknown datasets and real-life 

data. Moreover,  Figure 12.2 proves that NeuroTrace results are statistically significant, as the 

error bars do not overlap with 0.5,  yielding significantly better results than chance (~50%). 

 

3. NeuroTrace Frontend Development 

​ The third major milestone was developing the NeuroTrace frontend application. Written 

completely in JavaScript and HTML, this prototype is portable (requires no local installation) 

and fast. Since NeuroTrace is currently designed to work with the WACOM Intuos Tablet, a 

portion of NeuroTrace was borrowed from the WACOM Developer GitHub page (WACOM 

cited in GitHub), a portal for open-source code showcasing device-integration capabilities of 

their tablets (more specifically, the wacom-device-kit-web webpage).  

Figure 13. Testing device: WACOM Intuos Tablet Medium 
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The initial borrowed API already had tracing capabilities, where movements on the 

WACOM tablet would be mirrored instantaneously onto the computer screen attached, allowing 

for pen-tracking. However, the actual drawings were buggy and did not poll at a fast enough 

cycle, leading to straight lines and inaccurate reported data. Several weeks were spent ensuring 

that both the drawing projections and the handwriting kinematics data reporting were accurate. 

Figure 14. Initial wacom-device-kit-web API, often buggy and reporting inaccurate data. 

​ In addition to fixing the buggy tracking, extra capabilities to the software were added, 

allowing the pen tracking of the handwriting kinematics to be exported via a CSV file at the 

press of a key. This involved: 

a.​ Tracking the pen movements (x, y, pressure, tilt, pen lift ups and lift downs) at 120hz 

b.​ Appending this continuous stream of data into an array that updates in real-time 

c.​ Post-process said array with a header and converting the .txt format into .csv format 
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Then, several tracing guideline pictures (replicating the 6 NeuroTrace tasks) were created 

to replace the orange background in the figure above. The tasks were replicated to the closest 

dimensions possible (e.g. explicitly stated in DARWIN database that circle-tracing tasks were 

3cm and 6cm in diameter, etc.) so the total time to complete these tasks would be normalized and 

similar to the original DARWIN data collection deviance. These pictures were also printed out 

and taped on top of the WACOM tablet, so participants could have a guideline of what to draw. 

Figure 15.1. The 6 NeuroTrace tasks       Figure 15.2. Experimental tablet setup 

The WACOM Intuos tablet has a built-in software that allows screen-mapping to specific 

pixels on the computer screen. Therefore, the WACOM tablet mapped it exactly to the active 

regions of the NeuroTrace application on the computer, which is ~1050 x 1620 pixels.  

So, ultimately, the NeuroTrace frontend process outline follows a process: 

Figure 16. NeuroTrace application flowchart. 
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Some screenshots of the finished application are displayed: 

Figure 17. NeuroTrace home page. 

Figure 18. NeuroTrace ‘le’ tracing task 
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After the 6 raw CSV files are exported per user, they are uploaded back into Python to 

finish mathematical post-processing via NumPy and Pandas, since the raw CSVs are unusable. 

Conceptually, since these numbers are in the form of parametric equations, the following 

approximations can be used to find necessary metrics:  

Figure 19. Central difference approximation formulas for parametric equations (120hz) 

The CSVs are then converted into 11 usable metrics/features:  

[air_time, mean_acc_in_air, mean_acc_on_paper, mean_jerk_in_air, 

mean_jerk_on_paper, mean_speed_in_air, mean_speed_on_paper, num_of_pendown, 

paper_time, pressure_mean, total_time] 

Finally, the array of 6 * 11 usable metrics (for the 6 tasks) of each participant (n=18, in the 

pilot-testing case) are appended together and exported directly to the trained Random Forest 

model for testing. 

 

4. Real-Life NeuroTrace Pilot Testing 

​ Verifying the accuracy of NeuroTrace necessitated volunteers that would be willing to 

participate in a trial-run of NeuroTrace. After drafting up informed consent forms and an overall 

experimental plan, nearby senior facilities, such as memory cares, independent living, and public 
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senior centers, were contacted. After weeks of back-and-forth contact with several facilities, 18 

participants were secured by the end of the project. The experimental procedure is outlined 

below, and took less than 10 minutes on average per participant: 

1.​ The willing participant was notified that they (or a Power of Attorney) were required to 

sign an informed consent form (which explained the purpose of study and data 

collection/protection procedures), that participation was optional, and all sensitive 

information would be kept confidential. 

2.​ After signing, the participant (or a Power of Attorney) filled out a quick, 5-min 

demographic questionnaire, which included content such as: 

○​ Self-diagnosing whether they  

a.​ Currently suffer from a neurodegenerative disease  

OR  

b.​ Think they suffer from symptoms of a neurodegenerative disease  

○​ Recall their former vocational/educational history, including: 

i.​ Number of years of high school/college (or other secondary education) 

ii.​ A description of their longest past career/field & avg. hours worked/week 

iii.​ Age of retirement 

3.​ Utilized the WACOM tablet and digital pen to complete the 6 NeuroTrace tracing tasks.  

Overall, the participants were receptive towards the study, with many enthusiastically finishing 

the handwriting tasks and quip me with humorous remarks such as: 

●​ “So… Did I pass the handwriting test?” 

●​ “Don’t let him trace! His handwriting is so bad it’ll diagnose him with every disease!” 
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Figure 20. Participant completing the ‘cursive l’ task. Depicted is the typical experimental setup. 

 

Figure 21. Another participant (Alzheimer’s patient). Although she (age 97) couldn’t speak or 

communicate well, she followed directions perfectly! 
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After analysis of the demographic questionnaires by the 18 participants, some insights appeared: 

●​ There were 6 participants self-reporting a neurodegenerative disease, primarily: 

○​ Alzheimer’s, Parkinson’s, Multiple Sclerosis, and Essential Tremor  

●​ The rest of the participants (12) self-reported as healthy.  

●​ The average age of the participants was 80.  

Subsequently, the 18 participants’ raw handwriting kinematics CSV data was entered into the 

NeuroTrace Python preprocessing program, exported as one CSV file (labeled with Class as well 

to indicate healthy control or patient):  

Figure 22. A snippet of processed CSV file, ready for NeuroTrace analysis testing 
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Data Analysis 

By testing the processed data with the trained NeuroTrace Random Forest model, it is 

evident that the model was a success, with an 88% accuracy rate at identifying the correct class 

of the participants (i.e. whether healthy or patient), with 5-fold cross-validation. While the 

real-life collected dataset is slightly skewed, with more healthy controls (12) than patients of 

NDs (6), the NeuroTrace model was able to adjust to this and produce a decently accurate result 

nonetheless.  

Figure 23. Confusion matrix for NeuroTrace validation data. 

​ From the confusion matrix above, it is evident that NeuroTrace identifies most patients 

(positives) as patients, and most healthy controls (negatives) as healthy.  

Figure 24. NeuroTrace model training vs. model testing accuracy metrics. 
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Additionally, from Figure 24 above, the accuracy only decreased slightly, from 90% to 88%, 

while the precision, recall, and F1 (weighted average of precision and recall scores) dropped 

from 94%, 84%, and 88% to 80% for all three. This is normal, as training datasets are expected 

to be more accurate than testing datasets, as testing datasets’ performances will vary based on the 

degree of normalization of the newly unseen data.  

Thus, from solely the participant data (n=18), with accuracy metrics above 80%, 

NeuroTrace is reliable at detecting neurodegeneration, proving that a distinct difference between 

healthy control subjects’ and NDs subjects’ handwriting kinematics exist.  

 

 



 

NEUROTRACE: A SYSTEM SOFTWARE TO DETECT NEURODEGENERATION WITH HANDWRITING KINEMATICS       29 

Limitations 

One challenge for NeuroTrace is detecting NDs when hand or motor control is not 

impacted. For example, some patients with dementia may have motor control comparable to the 

average healthy senior of the same age. In these cases, NeuroTrace would be unable to detect or 

flag the individual for potential NDs. Therefore, for the most accurate classifier, more data and 

samples are still needed. 18 samples absolutely cannot represent an entire region, country, or 

worldwide population of seniors with and without NDs.  

Subsequently, while one asset of NeuroTrace is its capability to detect NDs with 6 simple 

tracing tasks, some may argue whether only these 6 tasks provide enough complexity and depth 

to accurately detect neurodegeneration. This was evident during some patient testing, where 

some subjects with NDs traced (qualitatively speaking) steadily and as well as healthy controls.  

Likewise, training databases and collected samples that currently train and serve as 

reference NeuroTrace are limited to certain populations. For example, the utilized DARWIN 

dataset in this classifier contained only Italian seniors, and may not generalize well to all 

populations across the world. Finally, the single-dimensionality of numerical data is limiting; 

there is only so much that can be analyzed and interpreted from just numerical data – this will 

lead into the future research section.  

Future Research 

In the future, there will be a need to utilize other datasets in conjunction with DARWIN 

to train and amalgamate a more robust model. This is where multimodal software integration, 
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such as qualitative image analysis or other sensory data (speech, hearing, etc), can provide 

deeper insights and more accurate results. For example, while one subject with Parkinson’s had 

steady tremors but had no difficulty completing the tasks, another subject with Alzheimer’s 

could understand the tasks but would get confused by the tracing tasks (and ultimately be unable 

to complete certain tasks). With more data collection and model training, it could be possible for 

NeuroTrace to even differentiate between the different types of neurodegeneration in the future.  

Furthermore, analysis of seniors’ individual lifestyles through user personalization 

(profiling) in NeuroTrace has the ability to deepen model complexity and heighten accuracy. 

Personalization methods could involve asking for personal information such as demographics 

(age, ethnicity), genetic history (to check for genetic NDs), vocational/educational history (as 

some careers have statistical correlations with NDs), education history, and overall lifestyle (diet, 

hobbies, health). By utilizing more online databases such as the GEO (Gene Expression 

Omnibus), the users’ details could be matched to preexisting profiles in the database to warn the 

users/healthcare providers as a preemptive measure. 

Additionally, future development could focus on extending device support to all digital 

platforms. Since devices like WACOM digitizing tablets are less common, broader device 

support – such as iPads, Galaxy Tab, or Microsoft Surface – would streamline setup, 

implementation, and testing processes, while still maintaining the tracking accuracy and 

sensitivity of a digitizing tablet (following some workarounds and likely additional coding). 
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Conclusion & Implications 

Ultimately, based on real-life participant data, NeuroTrace will ensure early 

neurodegeneration detection with an accuracy greater than 80%. The continuously-improving 

artificial intelligence model will contribute to early detection efforts, enabling timely 

interventions, improving patient outcomes, and enhancing quality-of-life. Additionally, 

NeuroTrace will greatly contribute to handwriting and kinematics relevance in the research field 

of neurodegeneration – emphasizing the relevance of handwriting kinematics as a potential 

biomarker for neurodegenerative diseases. 

A novel system software that can streamline medical procedures for hundreds of millions 

worldwide, NeuroTrace has several implications and applications, as a quick, accurate, and 

non-invasive screening tool for seniors worldwide. For instance, with the recent implementation 

of in-store digital (iPad-based) self-screening/checkup systems at a nearby Walgreens, users can 

perform wellness checkups and screenings more efficiently than before. In this case, NeuroTrace 

can be perfectly applied as an addition to these check-up systems where it is targeted towards the 

senior or soon-to-be-senior population. Additionally, it can serve as a cheap, efficient application 

for low-resource groups, with support for all devices, browsers, and operating systems. 

Moreover, NeuroTrace will effectively act as a remote diagnostic in areas without nearby 

healthcare or neurology professionals and serve as a virtual medical monitor in a world that is 

growing more online and distanced than ever.  Ultimately, NeuroTrace creates a future where 

the burden of neurodegenerative diseases is alleviated, increasing quality-of-life for those 

who need and deserve it most. 
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Appendices 

Note: Certain portions of appendices blacked out to protect privacy 

Appendix A.  

Informed Consent Forms for Participants with Self-Power of Attorney 
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Appendix B.  

Informed Consent Forms for Participants WITHOUT Self-Power of Attorney 

 



 

NEUROTRACE: A SYSTEM SOFTWARE TO DETECT NEURODEGENERATION WITH HANDWRITING KINEMATICS       36 

Appendix C.  

NeuroTrace Study Recruitment Flyer 
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Appendix D.  

Demographic Survey Completed by all Participants 
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Appendix E.  

NeuroTrace Application Interface 
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Appendix F. 

Email Correspondence to Cadence Chandler Senior Living’s Activities Director
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Appendix G.  

Email Correspondence to Parkland Memory Care’s Activities Director, who Emailed Families
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Appendix H.  

Email Correspondence to “P”, wife and POA of “D”, one of the Residents at Parkland Memory 

Care. She was very interested in my project, and very willing to get “D” to help out 
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Appendix I. 

Participant Testing Process - Pictures 

*For video, click on link: 

https://drive.google.com/file/d/13miprDh7Zmr13lyIDRuevlw5oBGinXh8/view?usp=sharing  

 

 

https://drive.google.com/file/d/13miprDh7Zmr13lyIDRuevlw5oBGinXh8/view?usp=sharing


 

NEUROTRACE: A SYSTEM SOFTWARE TO DETECT NEURODEGENERATION WITH HANDWRITING KINEMATICS       61 

 

 



 

NEUROTRACE: A SYSTEM SOFTWARE TO DETECT NEURODEGENERATION WITH HANDWRITING KINEMATICS       62 

 

 



 

NEUROTRACE: A SYSTEM SOFTWARE TO DETECT NEURODEGENERATION WITH HANDWRITING KINEMATICS       63 

 



 

NEUROTRACE: A SYSTEM SOFTWARE TO DETECT NEURODEGENERATION WITH HANDWRITING KINEMATICS       64 

Appendix J. 

NeuroTrace Project Slides (submitted for AzSEF, the Arizona Science and Engineering Fair) 
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Appendix K.  

Final in-person Project Board (36x48 in.), presented at AzSEF 
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