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Abstract 

Human-Computer Interaction (HCI) is a key factor in determining how 

easily and effectively computers can be used. Recent years have seen a 

substantial increase in interest in the design and development of 

mathematical models for HCI due to their potential to improve user 

experience and boost system performance. In-depth analysis of the 

creation and development of mathematical models for HCI is presented in 

this research work, with an emphasis on their uses, difficulties, and 

potential future approaches. The many mathematical modelling 

approaches used in HCI are discussed in the study, including statistical 

models, machine learning techniques, and cognitive models. It looks at 

their benefits and drawbacks and emphasises the significance of using 

user-centered design principles all the way through the modelling process. 

The paper also looks at case studies that show the practical application and 

assessment of mathematical models in real-world HCI Scenario. Finally, it 

highlights new directions for study and emerging trends in the area of 

mathematical models for HCI. 

Keywords- substantial ,assessment, emphasises,modelling,potential 

 

 

Introduction 

The multidisciplinary discipline of "human-computer interaction" (HCI) is concerned with 

designing and assessing computer systems to improve productivity and user experience. 

Understanding how people interact with computers is essential to the success of HCI, and 

mathematical models have shown to be useful tools in this process. Researchers and practitioners 

can make well-informed design decisions and improve system performance thanks to mathematical 

models' systematic approach to capturing and analysing the complex dynamics of human-computer 

interactions.Recent years have seen a substantial increase in interest in the design and development 

of mathematical models for HCI due to their potential to improve user experience and boost system 

performance. These models enable the characterization and forecasting of numerous user-system 

interaction variables, providing insightful data on user behaviour, preferences, and cognitive 

processes. Researchers and professionals can increase the usability, efficacy, and efficiency of 

computer systems by using mathematical models.In order to analyse huge datasets and find trends 

in user behaviour, statistical models are essential in HCI. These algorithms can help with 

personalised suggestions by predicting user preferences and needs. Deep neural networks and other 

machine learning algorithms have demonstrated the potential to learn from human interactions and 

make intelligent predictions, enabling more efficient and natural interactions with computers. A 

deeper understanding of mental processes during HCI is provided by cognitive models, which are 

motivated by theories of human cognition. Cognitive models also direct the design of interfaces in 
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accordance with human cognitive capacities.For bettering the interface between people and 

computers and for comprehending it, mathematical models have become indispensable tools. 

Researchers and practitioners can learn a great deal about user behaviour, preferences, and 

cognitive processes by utilising statistical models, machine learning algorithms, and cognitive 

models. By examining the design and development of mathematical models for HCI and 

highlighting potential directions for further study, this research paper will add to the body of 

knowledge by paving the way for more user-friendly, effective, and intuitive computer systems. 

 

1. Background And Related Work 

Multidisciplinary study, design, and assessment of interactive computer systems and their effects on 

human users are all part of the field of human-computer interaction (HCI). Although HCI involves a 

variety of strategies and approaches, there isn't a single mathematical formula that encompasses all 

of the work done in the field.  

a. Fitts' Law:  

Fitts' Law explains how quickly and precisely human pointing movements occur. The time needed 

for users to move a pointing device, such as a mouse cursor, to a target, is frequently modelled 

using this method. The calculation looks like this: 

T = (a+b*log2(D/W + 1)) 

Where: 

• The movement time is denoted by T. 

• The constants a and b were determined empirically. 

• The distance D between the starting and target points. 

• W stands for the target's width or size. 

b. keyboard Level Model (KLM) : 

The keyboard Level Model (KLM) is a prediction model that calculates how long it will take users 

to complete keyboard and mouse-click operations. It divides jobs into a series of simple operations, 

each of which takes a set amount of time. The formula for calculating the KLM for task completion 

time is: 

T = Σ(Ti) 

Where: 

• T is the total task completion time. 

• Ti represents the time for each individual action in the task. 

c. In HCI research, regression analysis is a statistical method frequently used to examine the 

relationship between variables and make predictions. Regression analysis can be used in HCI to 

determine how different variables affect user performance or pleasure. Here is the equation for 

multiple linear regression in its general form: 

𝑌 =  𝛽0 +  𝛽1𝑋1 +  𝛽2𝑋2 + . . . + 𝛽𝑛𝑋𝑛 +  𝜀 

Where: 

 

• Y is the dependent variable (e.g., user performance or satisfaction). 

• β0 is the y-intercept or constant term. 

• β1, β2, ..., βn are the regression coefficients that represent the influence of the corresponding 

independent variables (X1, X2, ..., Xn) on Y. 
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• X1, X2, ..., Xn are the independent variables (e.g., task difficulty, interface complexity, user 

experience). 

• ε represents the error term or residual, which captures the unexplained variance in Y not 

accounted for by the independent variables. 

The regression coefficients (), which measure the intensity and direction of the link between the 

independent factors and the dependent variable, are frequently of particular importance in HCI 

research. The coefficients can shed light on how various variables affect user experience or 

efficiency. 

 

2. Mathematical Modelling in HCI 

Through the provision of a formal framework for comprehending, analysing, and optimising the 

intricate dynamics of the user-system interaction, mathematical modelling plays a crucial role in 

Human-Computer Interaction (HCI). Statistical models, machine learning algorithms, and cognitive 

models are only a few examples of the many mathematical modelling techniques used in HCI, each 

of which has a distinct function in improving the design and assessment of computer systems.In 

HCI, statistical models are frequently used to examine and interpret user data. These models enable 

insights into user behaviour, preferences, and performance by allowing researchers to find patterns, 

trends, and linkages across big datasets. Regression analysis, factor analysis, and clustering are 

three statistical methodologies that offer quantitative approaches to studying user interactions, 

decision-making, and usability evaluations. HCI researchers can utilise statistical models to 

optimise system efficiency, personalise user experiences, and make well-informed design decisions 

based on empirical data. 

Data gathering, preprocessing, model selection, development, assessment, and validation are all 

steps in a systematic process that goes into the creation and development of mathematical models 

for HCI. Throughout the modelling process, it is crucial to keep user-centered design principles in 

mind, include user feedback, and involve users in usability testing and evaluation. Because HCI 

modelling is iterative, it is possible to continuously enhance and modify designs based on actual 

data.In order to better understand user behaviour, preferences, and cognitive processes, researchers 

and practitioners in HCI often turn to mathematical modelling. Analysing user data, predicting user 

behaviour, and enhancing system performance can all be done quantitatively using statistical 

models, machine learning techniques, and cognitive models. HCI practitioners can build more user-

centered, efficient, and intuitive computer systems that improve the user experience by combining 

mathematical modelling methods with user-centered design concepts. 

 

2.1 Overview of mathematical modelling 

In HCI, mathematical models are crucial because they offer a formal, quantitative framework for 

comprehending, evaluating, and improving user-computer interaction. They enable the application 

of mathematical concepts and methods to numerous facets of HCI investigation and design. 

Following are some examples of how mathematical models are crucial in HCI, along with the 

accompanying mathematical formulas: 
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a. Understanding and Predicting User Behavior: 

Mathematical models enable the representation and analysis of user behavior patterns. For example, 

a Markov model can be used to describe user transitions between different states during an 

interaction. 

Formula: P(Xt+1 = x | Xt = y) represents the probability of transitioning from state y to state x at 

time t+1, where Xt represents the state of the user at time t. 

 

b. Performance Assessment and Prediction: 

Based on a variety of variables, mathematical models can be used to forecast user performance 

metrics like job completion times or error rates. For instance, based on the quantity of interface 

components and user knowledge, a regression model can be used to forecast job completion time. 

Formula: Y = β₀ + β₁X₁ + β₂X₂ + ... + βₙXₙ represents a linear regression model, where Y is the 

predicted performance metric, β₀, β₁, β₂, ..., βₙ are the coefficients, and X₁, X₂, ..., Xₙ are the input 

variables. 

 

c. Decision-making and optimisation 

To enhance usability and user experience, HCI design factors can be optimised with the help of 

mathematical models. To determine the best values for design variables that maximise a particular 

objective function, such as user happiness or job efficiency, optimisation techniques can be utilised, 

such as mathematical programming. 

 

The objective function (f) to be maximised or minimised, subject to constraints (such as design 

limitations, usability requirements), is represented by the formula max f(X), subject to constraints, 

where X represents the design variables. 

3.2 Types of mathematical models used in HCI 

3.3.1 Statistical models: 

In HCI, statistical models are frequently employed to analyse user data, spot trends, and forecast 

user behaviour and system performance. In the context of HCI, these models offer a mathematical 

framework for comprehending the link between input variables and output variables. Here are a few 

statistical models that are frequently applied in HCI. 

A statistical technique used to evaluate the variation across groups and determine whether there are 

statistically significant differences between them is the analysis of variance (ANOVA) algorithm. 

ANOVA compares the means of various groups to determine whether any differences are actually 

between groups or just a result of chance. 

The ANOVA algorithm is represented mathematically below in steps: 

Step 1: 

• Define the hypotheses in. 

• The null hypothesis (H0) states that all groups' means are equal. 

• Alternative Hypothesis (H1): At least one group mean differs from the others in a 

substantial way. 

Step 2: Do the Group Means Calculation: 

• Determine the average for each group. 

• Let the means of the k groups be represented by 1, 2,..., k. 
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Step 3: Determine the SSB, or Sum of Squares Between Groups 

• The SSB calculates the difference between the group means and the average. 

• SSB = Σ (nᵢ * (μᵢ - μ)²) , where ni is the total number of observations in group i. 

Step 4: Calculate the Mean Square Between Groups (MSB): 

• MSB = SSB / dfB 

Step 5: Calculate the Mean Square Within Groups (MSW): 

• MSW = SSW / dfW 

Step 6: Calculate the F-statistic: 

• The F-statistic is the ratio of the mean square between groups to the mean square within 

groups. 

• F = MSB / MSW 

Step 7: Determine the p-value: 

• The p-value is calculated based on the F-statistic and the degrees of freedom. 

• It represents the probability of obtaining a test statistic as extreme as, or more extreme than, 

the observed value if the null hypothesis is true. 

• The p-value is compared to a predetermined significance level (e.g., 0.05) to determine 

statistical significance.  

By comparing the SSB and SSW, the ANOVA algorithm evaluates the variation across groups, and 

the F-statistic establishes the statistical significance of the observed differences. Note that if the 

overall ANOVA result is statistically significant, additional post-hoc tests may be used to determine 

individual group differences. 

 

3. Design and Development Process 

The system seeks to analyse and comprehend the user's query or intention in the spoken discourse 

by using a discrete Hidden Markov Model (HMM). A discrete HMM is a probabilistic model that 

can detect transitions between hidden states and sequential patterns. The concealed states in this 

situation could stand in for various user intentions or dialogue actions. 

The system can model spoken words and identify the most likely user intention or enquiry thanks to 

the discrete HMM application. This data is then utilised to direct the call to the right division within 

the business, ensuring quick and accurate response to client questions or requests. 

 

 
Figure 1: User interaction with HMM 
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The parameters of the HMM applied in user interface understanding system introduced in the work 

as given below: 

1. N - let N denote the number of states. The states in the understanding problem are 

represented using Word Semantic Sets (WSS). 

2. M – is the number of input taking part in the training process for the givenproblem. 

3. V- is the all possible observations setV = {Vi … . . Vm} 

4. Initial State distribution A = ∑ 𝑃 (𝑎
𝑗
) 𝑥𝑘+1 𝑎𝑛−𝑘

𝑛

𝑖=1
 

5. The probability function of observation elements can be expressed as: 

P(o|s = i) =  P(o|s = i, θ) 

 

HMM is briefly represented as  λ = (A, B, π) 

Calculating the transition probabilities from one state to another based on the Word Semantic Sets 

(WSS) associated with the order of words in the phrase is necessary for the evaluation of the 

Transition Matrix A in the given problem. Given the semantic context of the words in the phrase, 

these transition probabilities show the possibility of changing from one state to another. 

On the other hand, determining the distribution of the user's query terms to the relevant WSS is 

necessary for evaluating the probability distribution B. The probability distribution of the 

observational components in states is represented by this distribution. In the context of the WSS 

(states), it reflects the likelihood of noticing particular words (observation elements). 

The system can capture the semantic linkages between the words in the sentence and model the 

transitions between states in accordance by analysing both the Transition Matrix A and the 

probability distribution B. As a result, the system can comprehend the user's question and determine 

the best course of action based on the probability and semantic linkages at play. 

 

 
Figure 2: Using a neuro-fuzzy model, learn user intention 

 

A neuro-fuzzy model is used in the context of learning user intention. This model effectively 

captures and decodes user intentions by combining the benefits of neural networks and fuzzy logic. 

The neuro-fuzzy model can precisely categorise and grasp user intentions by combining the neural 

network's capacity for learning from data with fuzzy logic's capacity for dealing with uncertainty 

and language notions. Using labelled data, the model is trained using user inputs that are connected 

to particular intentions or categories. The neuro-fuzzy model builds fuzzy rules and membership 

functions through the learning process, enabling it to make educated judgements about user intents, 

resulting in improved engagement and tailored answers in human-computer interaction systems. 
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Conclusion 

In order to improve the efficiency and usability of interactive systems, mathematical models for 

human-computer interaction (HCI) must be designed and developed. In order to analyse user 

behaviour, forecast user intents, and enhance the overall user experience, mathematical models 

offer a systematic framework. 

HCI academics and practitioners can analyse and interpret user data, spot patterns and trends, and 

make data-driven decisions to improve system performance by using mathematical equations, 

statistical models, and machine learning techniques. These models allow for the customization and 

personalization of user interfaces, recommendation systems, and intelligent decision-making 

procedures by enabling the extraction of useful information from user interactions.By giving a 

quantitative evaluation of system performance and user satisfaction, mathematical models make it 

easier to evaluate and validate HCI solutions. Researchers can evaluate the efficacy and accuracy of 

their models, pinpoint areas for development, and improve the design of interactive systems by 

comparing model predictions with actual user behaviour.Beyond system development, 

mathematical models are crucial to HCI. They also increase theoretical understanding of how 

humans engage with technology in terms of cognition, perception, and behaviour. By bridging the 

gaps between the fields of computer science, psychology, and human factors, mathematical models 

support multidisciplinary research and innovation in the HCI sector. 

Future research in mathematical modelling for HCI will focus on explainable AI to increase 

transparency and user confidence in AI-driven systems, integrate deep learning techniques for 

capturing complex patterns, and develop adaptive and context-aware models to accommodate 

different users and changing contexts. 

 

References 

[1] Renard Y., Lotte F. et al. 2010. OpenViBE: An Open-Source Software Platform to Design, Test 

and Use Brain-Computer Interfaces in Real and Virtual Environments, In Presence: 

Teleoperators and Virtual Environment 19(1), MIT Press  

[2] Wright, Matthew: Open Sound Control: an enabling technology for musical networking, in: 

Organised Sound, 2005/12/01, Volume 10, Issue 3, p.193-200, (2005) 

[3] Bates, R., Istance, H., Oosthuizen, L., and Majaranta, P.: Survey of DeFacto Standards in Eye 

Tracking, Communication by Gaze Interaction (COGAIN), IST-2003-511598, 2005  

[3] Pissaloux, E., Carbone, A., "Embedded eyetrackers : models and implementations." 16th 

European Conference on Eye Movements, Marseilles, France, 21 - 25 August 2011  

[4] Donoser, M., Riemenschneider, H., Bischof, H.: Shape Guided Maximally Stable Extremal 

Region (MSER) Tracking, 20th International Conference on Pattern Recognition (ICPR), 2010 

[5] A. Bertolino, A. Calabrò, F. Lonetti and A. Sabetta, "Glimpse: A generic and flexible 

monitoring infrastructure", Proc. of the 13th EWDC, pp. 73-78, 2011. 

[6] P. Blumschein, W. Hung and D. H. Jonassen, Model-based approaches to learning: Using 

systems models and simulations to improve understanding and problem solving in complex 

domains, Sense Publishers, 2009.  

[7] A. Calabrò, F. Lonetti and E. Marchetti, "Kpi evaluation of the business process execution 

through event monitoring activity", Proc. of Third International Conference on Enterprise 

Systems, 2015. 



Mathematical Statistician and Engineering Applications 
ISSN: 2094-0343 

DOI: https://doi.org/10.17762/msea.v70i1.2509 

 
568 

 
Vol. 70 No. 1 (2021) 

http://philstat.org.ph 

 

[8] Wright, Matthew: Open Sound Control: an enabling technology for musical networking, in: 

Organised Sound, 2005/12/01, Volume 10, Issue 3, p.193-200, (2005) 

[9]  K.R.Aida-zade, S.S.Rustamov, E.A.Ismayilov, and N.T. Aliyeva, "Using Fuzzy Set Theory for 

Understanding User's Intention in Human-Computer Dialogue Systems," Trans. of ANAS, 

series of physical-mathematical and technical sciences, Baku, vol. XXXI, No 6, pp. 80-90, 

2011 

[10] H.R. Chinaei, and B. Chaib-draa. "Learning user intentions in spoken dialogue systems," 

ICAART 2009 - Proceedings of the International Conference on Agents and Artificial 

Intelligence, Porto, Portugal, January 19 - 21, INSTICC Press, ISBN 978-989-8111-66-1. pp. 

107-114, 2009. 

[11] V. Salvador, M. Andrade, and A. Kawamoto, "Fuzzy theory applied on the user modeling in 

speech interface," IADIS International Conference Interfaces and Human Computer 

Interaction. ISBN: 978-972-8924-39-3. pp. 201-205, 2007. 

[12] K. Han, C.Y. Yeun, T. Shon, J. Park and K. Kim, "A scalable and efficient key escrow model 

for lawful interception of IDBCbased secure communication", International Journal of 

Communication Systems, vol. 24, no. 4, pp. 461-472, 2011. 

[13] E. Al Alkeem, S.K. Kim, C.Y. Yeun, M.J. Zemerly, K.F. Poon, G. Gianini, et al., "An 

enhanced electrocardiogram biometric authentication system using machine learning", IEEE 

Access, vol. 7, pp. 123069-123075, 2019. 

[14] D. Shehada, C.Y. Yeun, M.J. Zemerly, M. Al Qutayri, Y. Al Hammadi, E. Damiani, et al., 

"BROSMAP: A novel broadcast based secure mobile agent protocol for distributed service 

applications", Security and Communication Networks 2017, 2017. 

[15] S.K. Kim, C.Y. Yeun and P.D. Yoo, "An enhanced machine learning-based biometric 

authentication system using RR-interval framed electrocardiograms", IEEE Access, vol. 7, pp. 

168669-168674, 2019. 

[16] Y. Saleh and G. Issa, Arabic sign language recognition through deep neural networks fine-

tuning, 2020. 

[17] G.F. Issa, H.A. El-Ghalayini, A.F. Shubita and M.H. Abu-Arqoub, "A Framework for 

Collaborative Networked Learning in Higher Education: Design & Analysis", International 

Journal of Emerging Technologies in Learning, vol. 9, no. 4, 2014. 

[18] S Franklin, "COGNITIVE ROBOTS: PERCEPTUAL ASSOCIATIVE MEMORY AND 

LEARNING", [Conference] // Robots and Human Interactive Communication, 2005. 


