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ABSTRACT 

Typing fluency plays a critical role in daily projects, communication, and procedures. In an 

increasingly digital world, people are continuously more reliant on typing to navigate day-to- 

day life, making typing speed and fluidity essential in the modern world. However, typing speeds 

are quite difficult to raise given the spacing of common characters on the traditional keyboard, 

and many disabilities present unresolved challenges to efficient keyboard use. To combat this 

issue, keystroke data was collected and analyzed using recurrent neural networks (RNNs) to 

identify individual typing proficiencies and deficiencies, and put into Markov Chains—

probabilistic models of key transitions—to capture common typing patterns and inform layout 

optimization. To develop the model, sequential timing characteristics were extracted from a 

timestamped keystroke dataset, standardized, and converted into fixed-length input sequences to 

train a Long Short-Term Memory (LSTM)-based RNN that can capture temporal relationships in 

typing behavior. Preliminary results indicate that based on time regularity and error density, the 

model successfully separates high- and low-proficiency important transitions. Early 

visualizations show clustered areas with high mistake rates and frequent hesitation, suggesting 

that the model could help identify the keyboard elements that slow users down the most and 

cause the most typing errors. These findings show how Markov Chains and RNNs can be 

combined to find significant patterns in each person's typing habits. This framework provides a 

potential solution to increase speed, accuracy, and comfort, particularly in consulting extreme 

typing deficiencies. Particularly, physical conditions such as cerebral palsy that make motor 

constraints that make using a regular keyboard laborious, slow, and prone to mistakes, are 

contrasted by specific regions of the keyboard where errors and delays are concentrated. A 

custom keyboard layout informed by data such as this repositions problematic keys to more 

accessible locations, both alleviating deficiencies and optimizing efficiency. 
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I. Introduction 

The QWERTY keyboard, renowned for its universal adoption, is inherently unrefined [1]. Its 

most outdated attribute is the leading cause for a barrier in typing speed, globally — keys are 

distances based on average frequency, intentionally slowing down the typer. In the early 20th 

century, such designs were favorable, minimizing keyboard jamming that allowed for a long-term 

increase in typing speed due to less implicit disruptions [2]. However, in the modern world, such 

details are far from relevant. Moreover, with innovations of convenience and function constantly 

emerging and shaping the world, the fact that faster keyboard layouts, such as Dvorak or Colemak 

[3], have not caught traction to a large audience, is indicative of a lack of publicity and 

technology put towards these layouts. Furthermore, with typing so common, persons of physical 

disabilities are significantly hindered by a static and unforgiving layout. For instance, individuals 

with Arthrogryposis are often restricted to a smaller radius of keys near the hand [4], and people 

with cerebral palsy are often confined just to specific fingers [5]. 

Fig. 1. The Dvorak keyboard layout, created in 1936 

 

Fig. 2. The Colemak keyboard layout, created in 2006 
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The motive of the product is to bridge a transition out of the static state of keyboard development. 

The project aims to tackle the processing aspect of a dynamic keyboard transition, seeking to 

analyze strings of text, collected as a basis of the experiment using secure keylogging, meant to 

be data of a specific individual. Upon process, output an ideal ordering of keys for a customizably 

optimal layout for that specific user. 

To define optimization, more factors than just typing speed come into play [6]. Such aspects 

include key frequency, error rate, and statistics of specific key sequences of 2 or 3, known as 

bigrams and trigrams. Due to the process of analysis, however, the analysis of key sequences is 

resolved within the input of all of the data into key sequencing technology. On the other hand, 

because adding a second independent variable would cause a less relevant question of the 

optimal balance between key speed and error rates, error rates were not assessed for the 

experiment. Instead, the core focus was on increasing raw typing speed; however, as research 

demonstrates, faster typing largely correlates with minimized errors [7]. 

II. Methodology 

In order to create a customized and user-friendly keyboard layout, the project's primary objective 

was to use in-depth keystroke analysis to pinpoint individual typing inefficiencies. This required 

quantifying and modeling typing behavior using sequential data. 

Fig. 3. The tabled data collected by the keylogger 
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First, typing data was gathered using a custom and harmless keylogger, which recorded the time 

interval between keystrokes as well as the keys pressed. This was solely implemented on one 

computer, and was simply used to generate sample data. The reasoning of such processes are 

elaborated on in applications for further use. This dataset, which forms the foundation for 

experimentation and model training, represents the time patterns of a single person. The natural 

fluctuation in typing rhythm between key transitions is represented by delays, which are measured 

in milliseconds. Keys that are on the home row and more commonly used in English typically 

have shorter delays, whereas keys that are less frequently used or physically distant have longer 

pauses. A portion of the gathered dataset is displayed in the table below, where each keystroke is 

accompanied by the corresponding delay pictured above. 

The data was normalized and divided into fixed-length sequences that could be fed into a 

sequential model after the raw keystroke-delay pairs were gathered. Local dependencies in 

typing behavior, including smooth or hesitant transitions between particular key combinations, 

were maintained by this formatting. 

To represent these temporal correlations, a Long Short-Term Memory (LSTM) network was 

utilized because of its capacity to capture both short-term rhythm and long-term patterns 

spanning typing sessions. The LSTM was trained to distinguish sequences indicative of efficient 

and inefficient typing, based on the regularity and size of inter-key delays. Delay-based pattern 

recognition worked well for detecting weak places in typing behavior, even though the current 

model does not yet include labeled typing errors. 

The LSTM's output identified clusters of important transitions that continuously slowed down 

the user, known as high-delay bigrams and trigrams. To illustrate inefficient locations, these 

were combined to create a heatmap of the keyboard. This timing data was then cross-referenced 

with critical transition frequencies using a Markov Chain-based analysis to suggest spatial 

rearrangements that prioritized faster transitions and reduced hand travel. 

This two-step process, LSTM-based typing performance modeling followed by Markov Chain-

guided layout optimization, lays the groundwork for a system that generates unique keyboard 

layouts tailored to the requirements of each user, increasing accessibility, decreasing strain, and 

speed. 

III. Results & Analysis 

The main goal of developing a data-driven tool for adaptive keyboard optimization was 

accomplished when the system produced tailored typing insights and layout suggestions from 

individual keylogging data. 
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A. RNN Output 

Average delays per key were calculated after the keylogger data was processed using the LSTM-

based model, and this was used to model transition complexity. 'j', 'z', 'q', and other punctuation 

marks were among the characters that the model consistently linked to larger delays. These 

findings were consistent with ergonomic predictions: the highest friction in typing performance 

was found in keys that are less often used or physically challenging to reach (for example, off the 

home row or written with weaker fingers). 

The below visualization reflects how temporal patterns captured by the LSTM can be aggregated to 

determine the user’s areas of inefficiency. These high-delay regions serve as indicators of both 

physical difficulty and transition irregularity, and provide targets for layout rearrangement. 

Fig. 4. Simulated RNN data of the worst delays from sample data 

 

B. Markov Chain Transition Modeling 

Using the important transition data, a Markov Chain was built to supplement the timing analysis. 

This made it possible to simulate bigram dependencies, or key-to-key probability transitions, 

which are most common in a user's typing patterns. Since they were among the most frequent, 

transitions like "t → h," "i → n," and "e → space" were given higher edge weights in the directed 

graph. 
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Fig. 5. The Markov Chain of weighted-relationships between keys 

 

The directed edges on the graph indicate the probability- weighted transitions between the nodes, 

which each represent a key. For clarity, we only included transitions with a significant frequency 

(normalized weight > 0.1). In addition to revealing which keys are challenging, this model 

provides important information about which transitions are most important for layout 

effectiveness. 

C. Integrating Both for Optimization 

The RNN-derived delay heatmap and the Markov Chain transition frequencies are combined to 

create a dual-axis representation of typing performance that takes into account both the difficulty 

of pressing a key and the frequency with which it follows or precedes other keys. The data-driven 

layout change is based on this combined understanding. It is possible to improve typing fluidity 
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and reduce finger travel by moving the most troublesome keys toward the user's central hand 

span and placing common transitions next to each other. 

This analysis demonstrates that probabilistic transition analysis in conjunction with sequential 

modeling can identify inefficiencies unique to a given user and offer practical advice for a 

keyboard layout that is improved. 

IV. Conclusions 

The success of the project highlights the capacity of machine learning models, specifically Long 

Short-Term Memory networks and Markov Chains, to accurately capture and reflect the 

intricacies of individual typing behavior. By accurately simulating temporal patterns in keystroke 

delays, the LSTM was able to pinpoint user-specific fluid transitions and locations of persistent 

hesitation. Simultaneously, the Markov Chain offered a structural interpretation of key 

sequencing, identifying the transitions that happened more frequently and, hence, ought to be 

given physical precedence. In addition to being technically sound, these technologies 

demonstrated a deep compatibility with the subtleties of human interaction. 

Beyond the modeling itself, the effort shows that keyboard layout customization is not only 

possible but also cognitively useful. The technique lessens the mental burden of remembering key 

placements and the physical strain of reaching them by designing the keyboard to match the 

user's natural movement patterns and frequently used sequences. This customization principle 

reflects more general interface design trends: user- adaptive systems perform better than static 

ones. When it comes to typing, this kind of adaptation directly results in increased speed, better 

accuracy, and longer-lasting comfort. 

Lastly, this framework establishes the groundwork for a fresh perspective on human-computer 

interaction and accessibility. The central point is that by having solidified rankings of keys, 

layouts will be shifted accordingly. The project, in a way, reinterprets the keyboard as a flexible 

interface that can adapt to each person's needs rather than viewing it as a universal tool. The 

methods established here can be used to a wide range of situations, including improving learning 

curves, treating physical limitations, and simply increasing efficiency. One keystroke at a time, it 

is a step toward more inclusive, adaptive, and applicable technology. 

V. Applications For Further Use 

The applications of the project are significant. Firstly, for those seeking to raise their speed of 

typing, switching to a keyboard that doesn’t hold an inherent barrier can be vastly beneficial. 

Moreover, if such a culture catches on, having children use these sorts of layouts when learning, it 

breaks the cognitive barrier of having to re-learn how to type. Furthermore, in the community of 
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physical disabilities, many people have severe unaccommodated typing restrictions, which this 

project aims to oppose. Though a stretch from being able to implement similar technology 

internationally, the product was a step towards a novel and practical invention. 
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