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This study presents the design, development, and usability evaluation of MLapi, a 

novel machine learning API tool aimed at facilitating access to Python-based data 

analysis and machine learning techniques. MLapi was developed to address the growing 

need for user-friendly analytical tools that bridge the gap between technical complexity 

and accessibility, particularly for users with limited programming experience. The system 

architecture integrates Microsoft Excel as a front-end interface with a PHP-based API 

and a Python Anaconda back-end, forming a modular and scalable three-tier structure. 

MLapi offers pre-configured templates for statistical and machine learning methods, 
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automatically generating results in Jupyter Notebook format to enhance transparency and 

educational value. 

The empirical component of the study employed the System Usability Scale 

(SUS) to assess perceived usability among 150 data-analytics professionals in the Greek 

banking sector. MLapi achieved a mean SUS score of 90.0, exceeding the benchmark of 

85 typically associated with excellent usability. Principal Component Analysis (PCA) of 

the SUS responses revealed three latent dimensions -Complexity, Agility, and 

Learnability- each demonstrating high internal consistency. Statistical analysis showed no 

significant differences in usability perceptions across gender, age, education level, or 

professional experience, indicating that MLapi provides a universally accessible user 

experience. 

These findings suggest that MLapi is both technically robust and inclusive, 

offering intuitive workflows and minimizing cognitive load. The tool’s integration with 

Excel enhances accessibility, while its educational features support gradual skill 

development in Python and machine learning. The study contributes to the fields of 

educational technology and usability engineering by validating MLapi as a scalable and 

effective solution for data science education. Recommendations for future research 

include expanding the sample population, incorporating qualitative methods, and 

exploring integration with additional platforms to further enhance usability and 

applicability.  
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CHAPTER I:  

INTRODUCTION 

1.1 Introduction  

The development of Machine Learning (ML) and Artificial Intelligence (AI) has a 

long history that is connected to philosophical studies about human thinking. In ancient 

times, classical philosophers like Aristotle discussed ideas related to logic and reasoning 

(Zhang, 2022). While these philosophical foundations shaped the theoretical groundwork, 

significant technological progress in AI and ML emerged around World War II, when the 

creation of digital computers enabled researchers to test abstract ideas in practical settings 

(Muggleton, 2014). Among the pioneers who shaped this developing field were Alan 

Turing and John McCarthy. Turing’s groundbreaking work in 1950, “Computing 

Machinery and Intelligence”, set the foundational inquiry “Can machines think?” creating 

the Turing Test, which was used to measure machine intelligence (Turing, 1950). Several 

years later, McCarthy, Marvin Minsky, Nathaniel Rochester, and Claude Shannon, 

organized the “Dartmouth Summer Research Project” (Moor, 2006), an event which is 

generally regarded as the milestone that transformed artificial intelligence from a 

theoretical idea into a distinct area of academic research (Moor, 2006). 

Early AI systems were built on explicit rules and logical programming to perform 

specialized tasks such as solving mathematical problems or playing board games (Reddy 

and Fields, 2022). Although effective within constrained environments, these systems 

lacked adaptability and the capacity to learn from prior experiences. To address this 

limitation, researchers began exploring machine learning that allow computers to derive 
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insights based on data than exclusively depend on predefined rules (Panch, Szolovits and 

Atun, 2018). The 1980s and 1990s marked a key transition with the development of 

neural networks and statistical learning methods, signaling a move from logic-based 

models to data-driven algorithms. With the rapid expansion of data availability and 

computing capabilities in the early 2000s, this transformation accelerated. Deep learning 

(an advanced subset of ML based on layered neural architectures), has since driven major 

progress in areas like image or speech recognition, and automated content creation (Liu et 

al., 2018; Zou, Han and So, 2009). 

Today, ML plays an integral role in both research and daily technology use. It has 

become indispensable in data analysis, where algorithms help mining important insights 

from large and complex datasets (Nasteski, 2017). Generally, ML methods can be 

grouped into supervised and unsupervised learning (Harrison, 2019). Supervised 

techniques, including regression and classification, rely on labeled datasets for predictive 

modeling, whereas unsupervised approaches like clustering and dimensionality reduction 

extract structures and relationships from unlabeled data (Nasteski, 2017; Dike et al., 

2018). The advantages of employing ML include process automation, reduced human 

error, the discovery of nonlinear relationships, and improved predictive accuracy (Nita, 

2016). Because these algorithms can continually refine their performance with new data, 

they remain adaptive and scalable, making them highly effective for addressing dynamic 

and evolving analytical challenges. 
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1.2 Research Problem 

In today’s research landscape, data volumes are expanding rapidly across 

numerous scientific domains, and getting information from datasets is not only an 

essential component of modern research but also a major commercial opportunity 

(Brunton, Noack and Koumoutsakos, 2019; Eckart, Eckart and Enke, 2021; Ono and 

Goto, 2022).  

Machine learning provides the necessary tools to find patterns in data, and support 

evidence-based decision-making (Injadat et al., 2021). At the same time, Python has 

gained recognition as a versatile and user-friendly programming language for data-related 

tasks (Nagpal and Gabrani, 2019; Srinath, 2017). Its straightforward syntax and extensive 

library ecosystem established it a preferred pick among both academic and industry users 

(Hodeghatta and Nayak, 2023; Chandel et al., 2022).  

However, effectively using such tools often demands a solid background in 

statistics, machine learning principles, and advanced coding skills. Conducting data 

analysis remains a complex and time-intensive process, which can slow research 

productivity (Weisz et al., 2023).  

Moreover, many novice researchers express limited confidence in their ability to 

apply ML approaches or Python programming, which can hinder their engagement with 

data-driven methodologies (Sundberg and Holmström, 2023; Cochran and Sheehan, 

2023). Consequently, this skills-gap creates challenges for individuals, especially those 

with limited experience in programming or ML frameworks, seeking to adopt 

contemporary analytical tools (Wu, 2018). 
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1.3 Purpose of Research  

In the era of data-driven research and evidence-based decision-making, data 

analysis has become an essential but complex task (Nita, 2016). It involves systematic 

exploration, transformation, and modeling of datasets to reveal patterns and derive 

actionable insights. As datasets continue to expand in size and complexity (Zhai, 2021), 

the need for sophisticated analytical systems and advanced visualization techniques has 

intensified (Zhai, 2021). Such tools are crucial not only for interpreting complex data but 

also for communicating results to diverse audiences effectively. This study explores 

various software applications designed for educational purposes in ML area. It offers an 

overview of widely adopted ML platforms frequently utilized within teaching 

environments. The study begins by presenting the existing educational software solutions, 

identifying limitations in their capacity to effectively demonstrate ML techniques and 

Python programming practices. 

Among the various programming languages used in data science, Python has 

established itself as a leading choice for analytical work. Its importance stems from an 

extensive suite of open-source libraries that facilitate machine learning, statistical 

computation, and high-quality data visualization (Hodeghatta and Nayak, 2023). 

Libraries like Scikit-learn, Matplotlib, Pandas, and Seaborn have established Python’s 

reputation as a preferred platform in both academic and industrial contexts (Hao and Ho, 

2019; Molin, 2021). Nevertheless, despite its capabilities, Python presents a significant 

learning challenge for individuals with limited programming or statistical backgrounds 

(Ye et al., 2024). Mastering these libraries often demands substantial technical 
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proficiency, creating barriers for students, novice researchers, and professionals from 

non-technical fields (Alzahrani et al., 2018; Rivers, Harpstead and Koedinger, 2016). 

This knowledge gap has notable consequences. The complexity of analytical workflows 

can delay research efficiency and restrict the adoption of advanced computational 

methods. As a result, valuable findings may remain undiscovered, and the full potential 

of data-centric research may not be realized. To mitigate these issues, the present thesis 

proposes the creation of a user-friendly machine learning API tool, named MLapi. The 

main goal of MLapi is to empower users, regardless of programming expertise, to interact 

seamlessly with Python and execute ML algorithms with minimal technical difficulty. Its 

usability will be assessed using the “System Usability Scale” (Brooke, 2013), which is a 

standardized and reliable framework for evaluating software accessibility and design 

effectiveness. Through this comprehensive evaluation, the study aims to deliver a 

practical educational resource that supports both conceptual understanding and applied 

learning in ML and Python programming. 

MLapi is designed to simplify the entry into Python-based data analysis by 

enabling early-stage analysts to experiment with machine learning algorithms and 

statistical procedures without extensive coding knowledge. Functioning as both an 

analytical and instructional tool, MLapi include pre-configured templates for common 

statistical and ML methods, automatically produce visualizations such as plots and charts, 

and display computed outputs in a Jupyter Notebook format (Siddik, Li and Bezemer, 

2025). This design not only streamlines the analytical workflow but also enhances 

transparency and reproducibility. Furthermore, by showing the underlying source code 
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alongside results, MLapi serves as an educational platform that helps users progressively 

build their coding proficiency. With this system, researchers can efficiently perform a 

wide set of analyses, from simple statistical evaluations to advanced ML modeling, 

thereby accelerating research productivity and promoting broader participation in data 

science. Overall, the study outlines the conceptual framework, implementation strategy, 

and anticipated contributions of MLapi, emphasizing its potential to lower technical 

barriers and make advanced data analysis more inclusive, accessible, and impactful. 

1.4 Significance of the Study  

The importance of this study is based on its timely response to the increasing 

demand for inclusive and efficient learning tools within data science education, 

particularly in the areas of ML and Python programming. As data analysis becomes a 

core component of modern research and decision-making across various disciplines, the 

ability to comprehend and apply ML concepts is evolving from a specialized capability 

into a fundamental academic and professional skill. Nevertheless, the technical difficulty 

associated with Python and ML frameworks continues to discourage participation, 

especially among students and practitioners without prior programming experience. By 

assessing existing educational platforms and introducing MLapi, this study seeks to 

identify and subsequently bridge a critical gap in current landscape. MLapi reduces 

technical challenges by providing ready-to-use templates and automated data 

visualizations, while simultaneously promoting active learning by displaying the 

underlying source code in an interactive environment. Serving both as an analytical 

instrument and a learning tool, MLapi supports transparency, replicability, and skill 
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development. Ultimately, the research contributes to making data science education more 

inclusive, enabling a wider community to engage confidently in analytical tasks and 

adopt data-informed approaches across diverse fields. 

1.5 Market Sizing and Growth Projections 

The global ML market is growing rapidly, driven by the rising demand for 

intelligent automation, data driven decision-making, and user-friendly AI tools. 

According to Grand View Research (2025a), the value of the market in 2024 was $55.8B 

and is anticipated to excess the $282.13B until 2030, representing a CAGR (compound 

annual growth rate) of 30.4%. This fast expansion is fueled by ML applications in areas 

like finance, healthcare, retail, and education, where organizations aim to upgrade their 

operations and gain a competitive advantage through predictive analytics and automation 

(Statista, 2025).  

Similarly, the data analytics market (a key enabler of ML applications) is also 

experiencing strong growth. Fortune Business Insights (2025) reports that the global data 

analytics market will grow from $82.23Bin 2025 to $402.7B until 2032, with a CAGR of 

25.5%.  

The convergence of ML and data analytics is particularly impactful in banking, 

where compliance, fraud detection, and customer segmentation are critical (Fortune 

Business Insights, 2025). Education is another sector undergoing significant 

transformation. The AI in education market is estimated to increase from $7.05B in 2025 

to $112.3B until 2034, at a remarkable CAGR of 36.02% (Precedence Research, 2024). 
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1.6 Cost-Benefit Estimates for Organizations 

The adoption of a tool like MLapi offers organizations notable opportunities to 

reduce costs and enhance productivity, particularly within data-driven industries such as 

finance, healthcare, and education. Conventional ML processes often demand the 

expertise of specialized data scientists and software engineers, whose annual 

compensation frequently exceeds $120,000 (Glassdoor, 2025). By enabling employees 

without technical backgrounds to conduct complex data analysis through familiar 

platforms like Microsoft Excel, MLapi decreases reliance on expensive technical staff. 

This augmentation of ML accessibility enables considerable labor cost savings 

(Glassdoor, 2025), especially for SMEs (small and medium-sized enterprises) that may 

lack the financial capacity to sustain dedicated data science departments (Glassdoor, 

2025). 

Beyond lowering labor expenses, MLapi increases analytical efficiency by 

automating routine and resource-intensive tasks such as data cleaning, model 

development, and visualization. For instance, consider a mid-sized company with ten 

analysts, if each saves five hours weekly by utilizing MLapi, the total annual time saved 

would reach approximately 2,600 hours. Assuming an average hourly rate of $50 per 

analyst (Gartner, 2024a), these efficiency gains could translate to roughly $130,000 in 

annual productivity improvements. Organizations could reinvest these resources into 

strategic initiatives, workforce development, or infrastructure upgrades, thereby 

improving overall operational performance. 
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In addition to financial advantages, MLapi facilitates faster and more precise 

decision-making by providing real-time ML insights. This capability enhances outcomes 

across domains such as fraud detection, customer segmentation, and predictive 

maintenance. Within the banking industry, for example, rapid analysis of transaction data 

to identify anomalies can reduce fraud-related losses and strengthen compliance with 

regulatory mandates (McKinsey & Company, 2025a). Moreover, MLapi’s foundation in 

open-source technologies (including Python and PHP) and its seamless integration with 

familiar tools like Excel, help keep implementation expenses low, offering organizations 

an affordable path to expand their analytics capacity without significant upfront 

investment. 

MLapi also promotes sustainable organizational growth by nurturing internal 

talent development. Qualifying users with accessible, hands-on exposure to Python and 

ML processes, it fosters continuous learning and technical proficiency. This 

empowerment lessens dependence on external consultants while cultivating a culture of 

data literacy within the enterprise. Over time, building internal analytical expertise 

enhances agility, innovation, and adaptability, qualities that prepare organizations to 

respond effectively to shifting market conditions and technological progress (McKinsey 

& Company, 2025b). 

1.7 Competitive Differentiation from BI Platforms 

A significant advantage of MLapi is its integration with Microsoft Excel, a 

platform deeply embedded in both corporate and academic environments. By embedding 

ML functionalities directly into Excel, MLapi allows users to perform data analysis 
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without switching between applications or mastering advanced programming, thus 

substantially lowering the entry threshold for analytics (Rao, 2025). This strategy reflects 

a wider industry shift toward embedding AI within familiar productivity environments to 

drive higher adoption rates and operational efficiency (Datarails, 2025). The accessibility 

that MLapi provides aligns with the expanding adoption of no-code and low-code 

development solutions, which are forecasted to account for more than 65% of application 

creation by 2028 (Nguyen, 2024). Designed with usability in mind, MLapi enables 

professionals, especially those in non-technical roles, to execute sophisticated analytical 

procedures through prebuilt templates and automated Jupyter Notebook outputs. These 

tools not only simplify analytical workflows but also act as learning frameworks that help 

users incrementally develop skills in Python programming and machine learning 

concepts. Moreover, MLapi’s modular, three-layered architecture delivers both 

scalability and adaptability, allowing deployment across multiple environments, from 

standalone computers to enterprise systems, without disrupting existing technological 

frameworks. The capability to invoke ML services within Excel using VBA scripting 

demonstrates a lightweight yet robust integration approach that boosts productivity while 

minimizing technical complexity (Flynn, 2024). 

MLapi differentiates itself by embedding advanced algorithms directly into Excel, 

enabling users to conduct classification, regression, and clustering analysis within their 

existing spreadsheet. This integration simplifies the overall analytical process and 

empowers users with minimal coding experience to undertake data science projects that 

exceed the descriptive limitations of conventional BI systems (Rao, 2025; Datarails, 
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2025). By making computational mechanics transparent, MLapi functions as both a 

powerful analytical engine and a practical learning platform, encouraging skill 

advancement in Python and applied machine learning. This dual-purpose design 

distinguishes MLapi as a hybrid system that promotes both operational efficiency and 

professional development (Siddik, Li and Bezemer, 2025; Flynn, 2024). 

Finally, MLapi’s dependence on open-source frameworks such as Python and 

PHP, combined with its Excel-based interface, lowers implementation costs and technical 

demands. Through its blend of accessibility, openness, and analytical depth, MLapi 

emerges as a transformative instrument for organizations aiming to democratize data 

science and enhance strategic decision-making capabilities (McKinsey & Company, 

2025a; Gartner, 2024a). 

1.8 Research Design and Questions 

This research seeks to evaluate both the usability and overall effectiveness of 

MLapi. Usability will be assessed using the SUS (System Usability Scale), a widely 

accepted instrument for assessing system usage through user feedback (Brooke, 2013). 

The SUS contains ten items presented as questions, graded on a Likert Scale (5-point), 

and includes a balance of positively and negatively worded questions to minimize 

response bias (Bangor et al., 2008). A total of up to 150 data analytics professionals from 

the Greek banking sector will participate in this evaluation. Participants will view a 

demonstration video showcasing the MLapi system and subsequently complete the SUS 

questionnaire. In addition to the primary usability metrics, demographics information like 

gender, age, educational background, and professional experience, will be gathered to 
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determine how these attributes may shape user perceptions. Statistical tests including t-

tests, ANOVA, and correlation analyses (Ranganathan, 2021) will then be employed to 

detect significant deviations in SUS results among different demographic segments 

(Ranganathan, 2021). 

To inspect the potential effect of demographic characteristics on the perceived 

usability of MLapi, four hypotheses are proposed.  

The first hypothesis tests whether SUS scores significantly differ according to 

participants’ gender identities, applying an independent samples t-test or a non-

parametric Mann-Whitney U test (Smalheiser, 2017), depending on data distribution 

(Holmes and Rinaman, 2014).  

The second hypothesis explores the relationship between age and SUS ratings, 

using Pearson or Spearman correlation coefficients as appropriate.  

The third hypothesis investigates differences in SUS outcomes across distinct 

educational levels, employing a one-way ANOVA or Kruskal-Wallis test (Chatzi and 

Doody, 2024).  

Finally, the fourth hypothesis assesses whether years of professional experience 

are associated with SUS scores, again analyzed using Pearson or Spearman correlation 

coefficients. Collectively, these hypotheses are designed to yield a holistic view of how 

demographic factors shape perceptions of MLapi’s usability.  

Additionally, a Principal Component Analysis (PCA) will be used to examine the 

underlying factor structure (Jolliffe and Cadima, 2016) within participants’ responses to 

the SUS instrument for MLapi. This procedure will aid in reducing data dimensionality 
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while maintaining the interpretability of the key usability dimensions. The results are 

anticipated to generate valuable insights into the inclusivity, design, and user-centered 

features of MLapi, supporting further enhancements and contributing to the creation of 

more accessible digital learning and analytics tools within the field of data science 

education.  
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CHAPTER II:  

REVIEW OF LITERATURE 

2.1 Introduction 

Machine Learning, a key branch within artificial intelligence, has undergone 

remarkable transformations since its inception. Its progression has alternated between 

rapid breakthroughs and slower developmental phases, ultimately giving rise to 

sophisticated techniques and widespread real-world implementations. The term “machine 

learning” was first invented by Arthur Samuel (1959), who defined it as the ability of 

computers to “think” without having explicitly tailored algorithms (Mohammadi and 

Farsijani, 2023). Early approaches relied heavily on symbolic reasoning and rule-based 

mechanisms, where domain expertise was encoded into algorithms to perform specific 

tasks. While effective in narrow domains, such systems were inflexible and incapable of 

adapting to unfamiliar scenarios (Reddy and Fields, 2022). These limitations highlighted 

the necessity for systems able to transform row data to useful information, leading to the 

rise of statistical machine learning (Panch, Szolovits and Atun, 2018). 

During the late 20th century, statistical machine learning introduced core 

algorithms such as Linear and Logistic Regression (Aityan, 2022; Maalouf, 2011), 

Decision Trees (McClarren, 2021), and Support Vector Machines (Mammone, Turchi 

and Cristianini, 2009). These models leveraged statistical principles to identify 

relationships in data and make predictive inferences (Panch, Szolovits and Atun, 2018). 

The motivation to develop such algorithms stemmed from the need to tackle complex 

problems that could not be solved through explicit programming (Sarker, 2021). Their 
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success depends significantly on both the availability of data and the strength of 

computational capacity (Simeone, 2018; Rincon-Patino, Ramírez-González and Corrales, 

2018). The explosion of data across scientific disciplines has positioned data-driven 

discovery as both a new research paradigm and a commercial frontier (Brunton, Noack 

and Koumoutsakos, 2019; Eckart, Eckart and Enke, 2021; Ono and Goto, 2022). Through 

advanced algorithms, ML enables the processing of massive datasets, identification of 

hidden patterns, and informed decision-making based on analytical outcomes (Injadat et 

al., 2021). ML techniques employ statistical and computational methods to learn directly 

from experience rather than through manual programming (Orji and Vassileva, 2022). 

In the transition from the late 20th to early 21st centuries, neural networks gained 

renewed attention, propelled by greater hardware improvements and the existence of 

huge datasets (Zhou et al., 2017). Deep learning models, characterized by their multiple 

network layers, demonstrated exceptional proficiency in autonomously extracting 

complex features and representations from raw data (Linardatos, Papastefanopoulos and 

Kotsiantis, 2020; Khan et al., 2023).  

The current research aims to examine educational software tools that facilitate the 

teaching of ML concepts and Python programming. This investigation seeks propose an 

innovative framework to bridge identified educational gaps.  Consequently, numerous 

tools and platforms have been designed to support ML and DL education, each offering 

distinctive contributions to the learning process. 

Recent research emphasizes the positive role of AI-based tools such as Google 

Colab in introductory programming courses (Llerena-Izquierdo et al., 2024). The cloud-
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based environment allows students to write and execute Python code effortlessly while 

engaging with advanced model training processes (Llerena-Izquierdo et al., 2024). This 

interactivity has significantly boosted student engagement and satisfaction. However, the 

same study notes challenges in accessibility for learners with limited computing power or 

internet availability, underscoring the importance of addressing equity in access to such 

technologies. 

Google Colab has become a leading choice for teaching and experimenting with 

machine learning because of its ease of access and flexibility (Nelson and Hoover, 2020). 

It offers a free, cloud-hosted Jupyter Notebook interface that supports Python and other 

programming languages without requiring local installations (Ferreira et al., 2024; 

Sukhdeve and Sukhdeve, 2023; Bisong, 2019a). The platform provides adequate 

computational capacity to conduct modern AI experiments (Nelson and Hoover, 2020) 

and simplifies the workflow of training, modeling, testing, and deployment (Lee and 

Kwon, 2024). Several studies illustrate the process of establishing ML environments on 

Colab, thereby supporting users who lack expensive computing infrastructure (Chang and 

Zhang, 2022; Widiantoro et al., 2021; Moctezuma et al., 2023; Meyer et al., 2022; Han 

and Kwak, 2023). The tool also enables dynamic data input and retrieval, allowing 

researchers to focus more on analysis rather than data management (Halyal, 2019). 

Furthermore, Colab can be utilized to compare computational performance and evaluate 

algorithmic efficiency (Huang et al., 2023), while its collaborative nature facilitates real-

time code sharing and interactive Python development (Ferraris et al., 2023). 
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TensorFlow is an open-source library (developed by Google) that supports the 

creation and deployment of ML and AI models (Pang et al., 2020; Singh et al., 2020). It 

has gained traction across industries (e-commerce, finance, etc.) for several tasks related 

to predictive analytics (Lakshmi, 2018; Doleck et al., 2020; Salloum et al., 2022; 

Grattarola and Alippi, 2021; Kalkha et al., 2023; Upasani et al., 2023; Ike et al., 2023). Its 

scalability and strong community support make it particularly appealing to practitioners. 

Abadi et al. (2016) detail TensorFlow’s architecture, emphasizing its adaptability for 

large-scale ML applications. Novac et al. (2022) compare TensorFlow and PyTorch, 

revealing TensorFlow’s user-friendly design and PyTorch’s research-oriented flexibility 

(Chirodea et al., 2021). Nonetheless, a notable gap persists in the integration of such 

frameworks into formal curricula, as many educational institutions continue to depend on 

outdated programming platforms (Rovshenov and Sarsar, 2023; Demir, 2022). 

Keras is an API created with Python and based on neural networks, which 

facilitates rapid experimentation and model prototyping (Heaton, J., 2020). It can operate 

over frameworks such as TensorFlow, Theano, and Microsoft Cognitive Toolkit (CNTK). 

Routhier et al. (2021) illustrate Keras’s effectiveness in developing genomic deep 

learning models, emphasizing its user-friendliness and efficiency, though they also note 

the scarcity of specialized educational programs in this domain. Keras is recognized for 

its intuitive interface, which enables both beginners and professionals to build models 

efficiently (Chicho and Sallow, 2021; Bhalerao and Ingle, 2021; Heaton, 2020). It also 

provides pre-trained models for applications (ex. image recognition and NLP), which can 



 

 

18 

be optimized for various projects, saving precious time and digital equipment (Zhou et 

al., 2024; Ma et al., 2024; Mathew and Bindu, 2020). 

Scikit-learn, another open-source library for Python, is optimized for efficient 

data mining and analysis. It is built upon NumPy, SciPy, and Matplotlib, providing a 

robust foundation for statistical computing (Hao and Ho, 2019; Bisong, 2019b). The 

library includes diverse algorithms for Classification and Regression (ex. SVMs, random 

forests), as well as Clustering (k-means, DBSCAN, etc.) and cases of Dimensionality 

Reduction (Pedregosa et al., 2011). Its unified and user-friendly API simplifies 

experimentation for both novice and expert users (Zhou et al., 2023). In addition to 

modeling, Scikit-learn includes preprocessing functions like scaling, encoding, and 

missing data handling (Hao and Ho, 2019). It also provides extensive evaluation utilities 

(Cross-validation, GridSearch, etc.), and the corresponding metrics (Accuracy, F1-score, 

etc.) of model’s performance (Bisong, 2019a). Raschka et al. (2020) examine the 

library’s contribution to Python-based data science, while Saarela and Jauhiainen (2021) 

assess its feature importance measures for model interpretability. Despite its strengths, a 

persistent gap remains between theoretical instruction and practical application, with 

many programs offering insufficient hands-on experience. 

2.2 Applications for ML education 

The integration of ML and DL approaches into education introduces a range of 

challenges (Li et al., 2023). These include the necessity for diverse expertise, the ability 

to accommodate individual learning variations (Li et al., 2023), ethical implications 

arising from the application of AI-based systems (Madububambachu et al., 2024), and the 
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importance of grounding instruction in suitable learning theories (Zhai et al., 2021). A 

significant obstacle in ML education is that many curricula assume prior programming 

knowledge, which is not always true for all learners. To address this gap, several 

educational technologies employ creative strategies to teach ML principles without 

requiring coding proficiency (Lee and Kwon, 2024). Such tools simplify the learning 

process by visually illustrating stages such as data training, model construction, 

evaluation, and implementation (Lee and Kwon, 2024).  A variety of user-oriented tools 

(such as Teachable Machine, Create ML, WEKA, KNIME, and Open Mind) have been 

developed to make building and experimenting with ML models more accessible. Each 

platform provides distinct advantages, from no-code or low-code environments to 

advanced analytical capabilities.  

Teachable Machine, created by Google Creative Lab, is an online resource that 

lets users develop ML models quickly without needing programming expertise (Carney et 

al., 2020). Its simplicity and interactive design allow students, educators, and designers to 

explore ML fundamentals with ease (Prasad and Manjunath, 2024). The platform 

supports access to AI learning by providing a visual interface for creating custom 

classification models (Agassi et al., 2019). In academic settings, Teachable Machine has 

been successfully used in AI ethics instruction and other curriculum resources (Huang et 

al., 2022; Hagendorff, 2020). Through its structured approach, users can better 

understand how ML systems operate, making complex topics more approachable (Carney 

et al., 2020). Despite these advantages, Teachable Machine is not designed for learning 

programming languages such as Python. The platform abstracts coding to emphasize 
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conceptual comprehension, which benefits beginners but restricts opportunities for hands-

on coding experience. Since developing Python proficiency involves writing, debugging, 

and applying ML libraries, Teachable Machine serves best for rapid experimentation 

rather than programming instruction. 

Create ML, developed by Apple for macOS, is a tool that simplifies model 

training while maintaining professional-grade performance. Its interface supports users in 

training models without writing code, making it accessible to both novices and experts 

(Apple, 2025). The platform enables the training of multiple models within one project 

and offers functionality such as pausing, saving, and resuming sessions. Users can 

preview datasets to identify errors like mislabeling or inaccurate annotations (Healy, 

2024). On-device computation using the CPU and GPU improves training efficiency, and 

built-in visualization tools allow performance evaluation (Fergus and Chalmers, 2022). 

Thus, Create ML offers a versatile and efficient environment for model development. 

Nevertheless, because the system conceals programming complexity, it does not foster 

Python skill acquisition. Consequently, while Create ML is excellent for model 

prototyping, it lacks the open coding framework required for those seeking to obtain 

programming skills. 

WEKA (Waikato Environment for Knowledge Analysis), implemented by the 

University of Waikato (Jain et al., 2022), is a comprehensive open-source suite 

supporting various ML and data mining tasks. It offers modules for preprocessing, 

classification, clustering, regression, visualization, and feature selection (Jain et al., 2022; 

Ratra, Gulia, and Gill, 2021; Nidhya and Shah, 2023; Clarin, 2022). With its Java-based 
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interface, WEKA is platform-independent and user-friendly. It also supports SQL 

database integration and can process query results directly (Chowdhury et al., 2022). 

Additionally, WEKA connects with Deeplearning4j, enabling deep learning applications 

(Lang et al., 2019). Its availability under the GNU General Public License enhances its 

role in education and research. However, WEKA users cannot directly access the 

underlying source code used in analysis, and the platform does not assist those aiming to 

learn Python. While it effectively supports ML exploration and analytical workflows, it 

offers limited value for developing programming expertise. 

KNIME (Konstanz Information Miner) serves as a robust educational platform 

supporting data science and analytics teaching (KNIME, 2025). Its visual, low-code 

interface allows instructors to demonstrate data manipulation and ML processes without 

requiring extensive coding. Students can process the data through a drag-and-drop 

workflow (Berthold et al., 2013). KNIME’s modular design accommodates activities 

from basic cleaning to complex predictive modeling (Acito, 2023; Celik and Cinar, 2021; 

Ihrmark and Tyrkko, 2023). Moreover, its integration with Python and R, enables 

learners to combine theoretical concepts with real coding practices. A large and 

supportive community provides shared resources, workflows, and educational kits, 

promoting collaborative and continuous learning (O’Hagan and Kell, 2015). While 

KNIME does not automatically generate Python code from its workflows, it offers 

several integration methods to apply them within Python environments. 

Open Mind is an online platform designed to enhance accessibility to ML 

algorithms by providing a simple interface for model training (Open-Mind, 2020). Built 
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with TensorFlow, it allows users to create binary classification models by uploading 

datasets and training them directly in a web browser. The system also supports exporting 

trained datasets for continued experimentation. Its minimalistic design allows learners 

without technical expertise to explore ML concepts interactively. By facilitating dataset 

uploads and providing real-time feedback, Open Mind offers a practical introduction to 

ML principles for students and educators alike (Ashtari and Eydgahi, 2017; Salas-Rueda 

et al., 2022). Nevertheless, since the tool conceals the coding process, it is not optimal for 

learning Python programming. Proficiency in Python remains essential for advanced ML 

tasks due to its extensive library support and active community (Raschka, Patterson and 

Nolet, 2020; Chandel et al., 2022). Libraries like TensorFlow, PyTorch, and scikit-learn 

streamline model development and implementation, while tutorials and community 

resources facilitate learning (Xu and Frydenberg, 2021). Thus, Open Mind is highly 

useful for conceptual understanding but does not offer full Python-based programming 

experience. 

Each of these ML platforms serves distinct educational and practical needs. 

Teachable Machine is ideal for beginners and fast experimentation; Create ML caters to 

Apple developers; WEKA supports research and analytical tasks; KNIME excels in 

comprehensive data analytics; and Open Mind encourages conceptual engagement. 

Choosing the most appropriate tool depends on users’ goals, prior experience, and project 

requirements. 
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Table 1 

Applications for ML education - Features 

Tool Features 

Teachable 

Machine 

User-Friendly Interface: Intuitive and accessible for all skill levels 

Real-Time Training: Provides real-time feedback during model training 

Export Options: Models can be exported to TensorFlow.js  

Versatile Inputs: Supports images, sounds, and poses for training models  
  

Create ML 

On-Device Training: Fast training on Mac using CPU and GPU 

Multi-model Training using different datasets in a single project 

Data Previews: Visualize and inspect data for issues 

Integration with Core ML: Seamless deployment in iOS apps 

  

WEKA 

Extensive Algorithm Library: Wide range of ML algorithms  

Data Visualization: Strong tools for visualizing data 

User Interfaces: Both graphical and command-line interfaces 

Java-Based: Runs on multiple platforms (Windows, macOS, Linux) 

  

KNIME 

Visual Workflow Creation: Intuitive drag-and-drop interface  

Python Integration: Supports Python scripts within workflows 

Extensive Node Library: Large collection of nodes for various data tasks 

  

Open Mind 

CAD/CAM Integration 

Innovative Features for optimized programming and machining 

Global Reach: Widely used in various industries worldwide  
Focus on Cognitive Development: Encourages critical thinking  

2.3 Pricing and Total Cost of Ownership 

When assessing ML tools for use in educational settings, it is important to 

evaluate both their technical features and the financial commitments they involve. The 

concept of TCO (Total Cost of Ownership) provides a holistic understanding of all direct 

and indirect expenses involved in acquiring, implementing, and maintaining a technology 

throughout its lifespan (Lee, 2025). This encompasses factors such as initial licensing or 
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subscription charges, infrastructure demands, training and technical support, as well as 

any costs linked to system integration (Lee, 2025). 

Teachable Machine by Google stands out for being entirely free, offering a highly 

accessible option for schools and universities operating on constrained budgets. It 

requires no user registration and supports local, on-device training, which removes the 

need for external cloud infrastructure and the costs associated with it (AIHungry, 2025). 

Likewise, open-source tools such as WEKA and KNIME provide extensive ML 

functionalities without charging licensing fees. Nonetheless, while their software is free, 

organizations must still consider indirect expenditures such as staff upskilling, integration 

with existing IT systems, and potential hardware improvements necessary to manage 

local data processing (Querio, 2025). 

In contrast, platforms like Google Colab operate under a freemium model, 

offering both no-cost and subscription-based options. The free version includes limited 

GPU access and shorter computational sessions, while Colab Pro and Pro+ subscriptions, 

priced between $10 and $49 monthly, offer more powerful hardware and longer runtime 

durations (Google Colab, 2025). For schools or universities relying on scalable, cloud-

based environments, these recurring fees can become substantial, particularly when 

multiple users access the service simultaneously (Google Colab, 2025). 

Furthermore, low-code or no-code ML solutions, including Create ML by Apple, 

provide advanced capabilities but may result in higher overall ownership costs due to 

proprietary licensing, storage, and computing-related expenses (Cake.ai, 2025). Create 

ML is freely available to macOS users and allows on-device model training through CPU 
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and GPU utilization, removing the need for cloud computing resources. However, its use 

is restrained to the Apple ecosystem, meaning access to Macs and sometimes additional 

Apple hardware such as iPhones or iPads is required for testing and deployment. 

Although the software itself comes with no direct charge, the TCO must include the price 

of Apple equipment, which can be substantial when outfitting multiple users. Moreover, 

deploying models developed in Create ML may also require expenses linked to Apple 

Developer Program memberships or App Store distribution fees (OnlyNoCode, 2025). 

Institutions using such tools may further face costs associated with cloud governance, 

security compliance, and user management (Cake.ai, 2025). 

In conclusion, while free and open-source tools like Teachable Machine, KNIME, 

and WEKA present minimal upfront expenses, their total ownership costs may rise when 

training, integration, and technical support are factored in. On the contrary, commercial 

platforms offer enhanced scalability and functionality but require careful financial 

planning to manage recurring charges. Therefore, educational institutions should evaluate 

these trade-offs according to their technical resources, number of users, and long-term 

institutional strategies (Lee, 2025). 

2.4 Enterprise Adoption Challenges  

Although educational ML platforms like KNIME, Teachable Machine, Create 

ML, and WEKA provide accessible means for learning and experimentation, extending 

their use into enterprise contexts introduces a variety of challenges. These tools, 

(originally developed for educational or individual purposes) face constraints when 
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adapted to the more complex demands of organizational data management, workflow 

integration, and compliance frameworks. 

The primary difficulty lies in scalability and system integration. Most educational 

ML tools are not engineered to interface effectively with enterprise infrastructures such 

as ERP systems, data warehouses, or cloud-based analytics pipelines. For instance, 

Teachable Machine and Create ML are excellent for quick prototyping and local model 

training but lack essential enterprise components such as robust APIs, version 

management, and automated deployment capabilities (Aire, 2025). As a result, they offer 

limited practicality in environments requiring Continuous Integration/Continuous 

Deployment (CI/CD) processes and extensive team collaboration. 

Another major limitation involves customization and support for advanced 

business logic. Low-code and no-code ML platforms often depend on preset modules and 

drag-and-drop functions that, while intuitive, restrict the flexibility required to tailor 

models for enterprise-specific scenarios. Tools such as KNIME and WEKA, for example, 

may have difficulty managing highly specialized workflows that demand conditional 

logic, real-time analytics, or sophisticated authentication mechanisms (BayTech 

Consulting, 2025). 

Issues of data governance and security further complicate enterprise adoption. 

Educational ML applications generally lack enterprise-grade protection for managing 

sensitive data, including encryption, fine-grained access control, and adherence to legal 

standards like GDPR. Consequently, they are unsuitable for sectors where data integrity 

and regulatory compliance are non-negotiable, such as finance, healthcare, and public 
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administration (Skuza, 2025). The absence of centralized user administration, activity 

monitoring, and audit capabilities also increases IT management complexity and security 

risk. 

Organizational culture and skill deficiencies present additional obstacles. Even 

though these platforms aim to simplify ML processes, enterprise teams may lack the 

necessary expertise to use them effectively. Without targeted training, support, and 

alignment with strategic objectives, adoption becomes a heavy task (McGehee, 2024b; 

Reina-Parrado et al., 2025). Moreover, the rapid evolution of AI technologies can lead 

decision-makers to delay adoption within uncertainty (Center on Reinventing Public 

Education, 2025). 

In conclusion, while educational ML tools deliver valuable pedagogical benefits, 

their application in large-scale enterprise environments remains delayed by constraints in 

scalability, integration, data protection, and organizational readiness. These limitations 

underline the growing demand for solutions such as MLapi, which are explicitly designed 

to merge the accessibility of educational platforms with the robustness required for 

enterprise operations. 

2.5 Market Share and Industry Forecasts  

The global market for educational machine learning and artificial intelligence 

tools is experiencing rapid growth. According to Grand View Research, the value in 2024 

of AI in education industry was $5.88B and is projected to hit $32.27B until 2030, 

achieving a CAGR (Compound Annual Growth Rate) of 31.2% (Grand View Research, 

2025b). Another report by Research and Markets, forecasts even more aggressive growth, 
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projecting the market to reach $92.5 billion by 2033, with a CAGR of 32.6% (Research 

and Markets, 2025).  

This expansion is fueled by the integration of AI-driven tools like smart tutoring 

systems, auto-grading, and virtual facilitators (Precedence Research, 2025). These 

technologies are being adopted across higher or academic education, and corporate 

training environments. In 2024, North America had the biggest market-share (38%), 

Europe’s market-share was 30% and Asia-Pacific’s share was 25%, the latter being the 

fastest-growing region due to increasing digital transformation initiatives in education 

(Precedence Research, 2025). 

In terms of platform types, low-code and no-code ML platforms (which include 

tools like KNIME, Teachable Machine, and Create ML) are also gaining traction. The 

global low-code and no-code platform market was valued at $32B in 2024 and is 

expected to reach $207.25B by 2032, growing at a CAGR of 26.1% (Business Research 

Insights, 2025). These platforms are particularly attractive to educational institutions and 

enterprises seeking to empower non-technical users to construct ML models with 

minimum programming (Business Research Insights, 2025).  

Despite their growing popularity, traditional educational ML tools like KNIME, 

WEKA, and Teachable Machine face stiff competition from enterprise-grade platforms 

(such as Alteryx, Dataiku, and Microsoft Azure ML), which offer more robust 

integration, scalability, and support for production environments. However, the simplicity 

and accessibility of educational tools continue to make them appealing for training, 

prototyping, and small-scale deployments (Gartner Peer Insights, 2025). In summary, the 
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educational ML tools market faces exponential growth, supported by strong demand for 

personalized and data-driven learning through low-code platforms. These trends 

underscore the significance of solutions like MLapi, which aim to bridge the gap between 

educational accessibility and enterprise-grade functionality. 

2.6 Statistical Methods 

Classic statistical techniques remain essential in data analysis because of their 

effectiveness in identifying patterns and relationships within datasets. Consequently, 

these methods will be incorporated into the MLapi tool. The following sections describe 

each statistical approach and outline practical examples of their use: 

1. Descriptive Statistics involves summarizing and presenting data through key 

measures such as mean, standard deviation, and variance. It is a foundational step in 

Exploratory Data Analysis (EDA), helping researchers understand the fundamental 

structure of a dataset. For example, descriptive statistics may be used to analyze sales 

figures by calculating the average sales, variability, and distribution of values 

(Ranganathan, 2021). 

2. T-Test is used to evaluate whether the means of two groups differ significantly 

(Smalheiser, 2017). This inferential test supports hypothesis testing when comparing 

sample means, either against a known benchmark or between independent or paired 

groups. The t-test assumes approximately normal distribution and homogeneity of 

variances. Variants include the independent, paired, and one-sample t-tests. The 

output, a p-value, indicates the likelihood that observed differences are due to chance 

(Smalheiser, 2017). The method is frequently used in clinical studies comparing 
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treatment outcomes or in market research assessing customer satisfaction across two 

segments (Mishra et al., 2019). 

3. One-Way ANOVA (Analysis of Variance) extends the t-test to compare the means of 

three or more independent groups (Chatzi and Doody, 2024). It evaluates overall 

variance by contrasting variation among group means with variation within groups 

(Chatzi and Doody, 2024). A significant ANOVA result indicates that at least one 

group mean differs, prompting additional post-hoc testing to identify which groups 

vary. This method is often applied in marketing research to examine the effectiveness 

of several advertising strategies on sales outcomes (Das et al., 2022). 

4. Two-Way ANOVA is designed to analyze how two independent categorical 

variables influence one continuous dependent variable. The technique examines both 

the main effects of each factor and their interaction effect, which reveals whether one 

variable’s impact depends on the level of another (Holmes and Rinaman, 2014). 

Assumptions include normality, equal variances, and independent observations. Two-

way ANOVA is widely employed in experimental contexts such as agricultural 

studies evaluating how fertilizer type and irrigation level jointly affect crop yields 

(Das et al., 2022). 

5. Chi-Square Test determines whether a statistically significant relationship exists 

between two categorical variables (Musa, 2017). It compares observed frequencies in 

each cell of a contingency table against expected frequencies under the assumption of 

independence. Large discrepancies between observed and expected values suggest a 

probable association between variables (Musa, 2017). This test is commonly used in 
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disciplines like social science, marketing, and biology to analyze survey data, 

examine distribution hypotheses, and assess model fit. Adequate sample size and 

random data collection are key assumptions. For instance, it can be used to evaluate 

associations between demographic attributes and consumer preferences (Franke et al., 

2012). 

6. Linear Regression models the relationship between a dependent variable and one or 

more independent predictors (Aityan, 2022). In its simplest form, Simple Linear 

Regression, it fits a line (expressed as y = a + bx) that best describes the linear 

association between variables, where a is the intercept and b the slope (Aityan, 2022). 

This technique is widely utilized for forecasting, trend analysis, and identifying key 

determinants under the assumptions of linearity, constant variance, and normally 

distributed residuals. A practical example is predicting housing prices based on 

property features such as floor area, location, and room count (Ghosalkar and Dhage, 

2018). 

7. Cronbach’s Alpha measures the internal consistency or reliability of a collection of 

items within a scale or questionnaire (Kilic, 2016). It quantifies the degree to which 

the items collectively represent a single underlying construct. The coefficient varies 

between 0 and 1, where values greater than 0.7 declare satisfactory reliability, while 

excessively high values (above 0.9) may imply redundancy among items. This 

statistic is particularly relevant in psychology, education, and social science research 

to validate measurement instruments (Kilic, 2016). For example, it can be applied in 

psychometric studies to evaluate questionnaire reliability (Cho and Kim, 2015). 
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2.7 Machine Learning Methods 

The MLapi tool will incorporate a broad range of ML techniques designed to 

address classification, clustering, regression, and dimensionality reduction tasks. The 

following provides an expanded overview of each method along with examples of how 

they are practically applied: 

1. Artificial Neural Networks (ANN) are computational architectures inspired by the 

human brain, capable of detecting complex structures and relationships within data. 

They comprise interconnected nodes (neurons), each with an adjustable weight that 

evolves during learning. ANNs are particularly effective for problems involving high-

dimensional and non-linear relationships such as image recognition, natural language 

processing, and predictive analytics. Training occurs iteratively as the system refines 

weights to minimize prediction error, improving accuracy over time (Wang and 

Wang, 2023; Goldberg, 2017, Dastres and Soori, 2021). 

2. AdaBoost (Adaptive Boosting) is an ensemble algorithm that sequentially combines 

multiple weak learners to construct a strong predictive model (Chen et al., 2024). It 

operates by training several base classifiers (often decision trees) where each 

subsequent model concentrates on the samples misclassified by its predecessors. 

Weights assigned to data points are adjusted iteratively to emphasize difficult 

instances. The final output aggregates predictions through a weighted voting 

mechanism (Chen et al., 2024). AdaBoost enhances model precision and minimizes 

overfitting, proving highly effective in tasks like spam filtering, facial detection, and 

medical diagnostics (Mahkamov et al., 2024). 
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3. Bagging (Bootstrap Aggregating) improves model stability and accuracy by reducing 

variance through sampling. It generates multiple bootstrap datasets (samples drawn 

with replacement) and trains an independent model on each subset. Predictions are 

then combined, typically via voting for classification or averaging for regression 

(Lee, Ullah and Wang, 2019). Bagging works particularly well with high-variance 

models like decision trees; its most recognized variant is the Random Forest 

algorithm. It is frequently applied in credit scoring and other financial risk modeling 

tasks (Abdoli et al., 2023). 

4. DBSCAN (Density-Based Spatial Clustering of Applications with Noise) identifies 

clusters of arbitrary shapes based on point density (Khan et al., 2014). Unlike k-

means, DBSCAN does not require a predefined number of clusters. Instead, it groups 

points that are closely packed and labels isolated points as outliers (Khan et al., 

2014). The algorithm depends on two parameters: epsilon (the neighborhood radius) 

and minPts (minimum points required for a cluster). Its robustness to noise makes it 

valuable for anomaly detection, geospatial analysis, and image segmentation (Thang 

and Kim, 2011). 

5. Decision Trees are intuitive supervised learning algorithms used for both 

classification and regression. They split data hierarchically based on feature values, 

forming a tree-like structure where internal nodes represent conditions, branches 

represent outcomes, and leaf nodes provide final predictions (McClarren, 2021). 

Although easy to interpret, Decision Trees can overfit complex data; techniques such 
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as pruning or ensemble methods mitigate this. They are applied extensively in areas 

such as medical diagnostics and loan approval systems (Podgorelec et al., 2002). 

6. Extra Trees (Extremely Randomized Trees) function similarly to Random Forests 

but introduce additional randomness when determining feature splits. Instead of 

searching for optimal thresholds, split points are selected randomly, which can 

enhance generalization and training efficiency (Geurts, Ernst and Wehenkel, 2006). 

This algorithm is particularly useful for large, high-dimensional datasets such as those 

encountered in genomic studies (Wolf et al., 2002). 

7. Factor Analysis of Mixed Data (FAMD) integrates principles of Principal 

Component Analysis (PCA) and Multiple Correspondence Analysis (MCA) to handle 

datasets containing both quantitative and qualitative variables. By reducing 

dimensionality while maintaining variance, FAMD facilitates exploration of patterns, 

correlations, and clusters (Albuquerque et al., 2019). It is commonly used in social 

science and marketing analytics, such as identifying distinct customer profiles 

(Quinn, 2004). 

8. Gaussian Mixture Models (GMM) represent data as a blend of multiple Gaussian 

distributions, each capturing a distinct cluster (Crouse, 2011). This probabilistic 

model provides flexibility by considering both covariance structure and cluster 

orientation, unlike k-means (Crouse, 2011). Parameters are optimized using the 

Expectation-Maximization (EM) algorithm. GMMs are widely used for speaker 

identification and image segmentation (Zeng, 2014). 
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9. Hierarchical Clustering organizes data into nested groups without requiring a 

predefined cluster count. It produces a dendrogram illustrating how clusters merge or 

divide at various similarity levels. The two primary approaches are agglomerative 

(bottom-up) and divisive (top-down) (Murtagh and Contreras, 2012). Hierarchical 

clustering is often used for social network analysis and customer segmentation (Jia et 

al., 2011). 

10. K-Means partitions a dataset into k clusters by assigning each point to the nearest 

centroid and iteratively updating centroid positions based on cluster means (Sinaga 

and Yang, 2020). The process repeats until minimal centroid movement occurs. 

Although efficient, it assumes roughly spherical clusters and is sensitive to initial 

centroid placement (Sinaga and Yang, 2020). K-Means is common in retail analytics 

for customer segmentation and purchase behavior analysis (Kusrini, 2015). 

11. K-Medoids resembles K-Means but selects actual data points as cluster centers, 

known as medoids, making the model more resistant to outliers (Kaur, Kaur and 

Singh, 2014). By iteratively refining medoid positions, the algorithm minimizes 

within-cluster dissimilarity. It is useful for clustering with non-Euclidean distance 

metrics, particularly in supply chain optimization (Park and Jun, 2009). 

12. K-Nearest Neighbors (KNN) is a non-parametric algorithm for classification and 

regression that bases predictions on the nearest k samples, using metrics such as 

Euclidean distance (Halder, 2024). Class predictions rely on majority voting among 

neighbors, while regression outputs are averaged (Halder, 2024). Although 

straightforward and effective, KNN becomes computationally intensive with large 
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datasets. It is frequently applied in recommendation systems and fraud detection 

(Ganji and Mannem, 2012). 

13. K-Prototypes extends K-Means to handle datasets containing both numeric and 

categorical variables by merging Euclidean and matching dissimilarity measures. The 

method minimizes a cost function, balancing both variable types and is particularly 

suited to customer segmentation and healthcare analytics (Kumar, Rani and Rao, 

2017; Ji et al., 2013). 

14. LightGBM (Light Gradient Boosting Machine), developed by Microsoft, is a high-

performance gradient boosting framework optimized for speed and memory 

efficiency. It employs techniques such as histogram-based learning and leaf-wise tree 

growth to accelerate training and manage large feature sets (Ke et al., 2017). 

LightGBM is widely used in real-time applications, including click-through rate 

prediction (Zhu, 2022). 

15. Logistic Regression is a foundational supervised learning model for binary 

classification that predicts the probability of a result using the logistic (sigmoid) 

function transforming continuous inputs into probabilities between 0 and 1 (Maalouf, 

2011). Due to its interpretability and simplicity, it is a standard model in credit 

scoring, spam filtering, and marketing analytics (Akinci, 2007). 

16. MiniBatch K-Means modifies the K-Means algorithm to handle large-scale datasets 

by processing small random subsets, or mini-batches, during centroid updates. This 

improves computational speed and reduces memory use while maintaining 

comparable accuracy (Peng, Leung and Huang, 2018). It is suitable for real-time or 
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large-scale clustering applications, such as analyzing social media data streams 

(Fitriyani and Murfi, 2016). 

17. Naive Bayes comprises probabilistic classifiers grounded in Bayes’ theorem with an 

independence assumption among features. Despite this simplification, it performs 

well in text classification, spam filtering, and sentiment analysis (Song et al., 2009). 

The algorithm’s efficiency and robustness in high-dimensional environments make it 

a frequent choice in natural language processing (Wickramasinghe and Kalutarage, 

2021). 

18. Principal Component Analysis (PCA) mitigates the dimensionality by converting 

correlated features into orthogonal principal components that retain most of the 

dataset’s variance (Jolliffe and Cadima, 2016). The first few components typically 

capture most of the information, supporting visualization and noise reduction. PCA is 

vital in applications like image compression and feature extraction (Tharwat, 2016). 

19. Random Forest is a variation of decision trees which have been trained on random 

subgroups of samples, combining their predictions to enhance accuracy and reduce 

overfitting (Biau and Scornet, 2016). Its robustness makes it suitable for diverse 

domains such as fraud detection, risk scoring, and healthcare analytics (Bottou et al., 

2015). 

20. Stochastic Gradient Descent (SGD) is a popular optimization algorithm suitable for 

training ML and DL models (Newton, Yousefian and Pasupathy, 2018). By updating 

parameters incrementally using single samples or small batches, SGD achieves faster 

convergence on large datasets (Newton, Yousefian and Pasupathy, 2018). While 
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updates are inherently noisy, techniques such as learning rate scheduling and 

momentum improve convergence stability (Bottou, 2010). 

21. Support Vector Machines (SVM) aim to detect the optimal hyperplane that divides 

classes, while maximizing the open space between them (Mammone, Turchi and 

Cristianini, 2009). Through Kernel Functions, SVM can manage both linear and 

nonlinear patterns (Mammone, Turchi and Cristianini, 2009). It is highly accurate in 

bioinformatics (including protein classification tasks) and image recognition 

(Byvatov and Schneider, 2003). 

22. XGBoost (Extreme Gradient Boosting) refines typical gradient boosting, applying 

regularization, and efficient handling of missing data (Azmi and Baliga, 2020). These 

optimizations result in faster training and higher accuracy, making XGBoost a top 

performer for structured data and predictive modeling competitions (Shi et al., 2019). 

2.8 Research Gap 

The research-gap underlined in this study centers on the limitations of existing 

software tools designed for educational purposes in machine learning. While these tools 

offer a flexible and intuitive interface for creating ML models, they fall short in 

effectively presenting Python programming to users. This gap is particularly significant 

for researchers and students who are new to Python or ML methodologies, as the current 

tools do not adequately support the development of Python programming skills. 

Addressing this gap is crucial, as proficiency in Python is essential for implementing and 

understanding ML algorithms (Ye et al., 2024). Therefore, this thesis proposes a new tool 

that not only facilitates the construction of ML models but also provides robust support 
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for learning Python programming, thereby bridging the identified gap and enhancing the 

overall educational experience. 

2.9 Conclusion 

While the development of software tools and online platforms has significantly 

advanced ML and DL education, several gaps remain. Ensuring equitable access to 

technology, integrating cutting-edge tools into curricula, offering domain-specific 

courses, providing practical experiences, and enhancing personalized feedback are 

essential steps to address these gaps. By focusing on these areas, educators can support 

students to confront challenges in the rapidly evolving field of ML/DL. MLapi will 

integrate Python with Microsoft Excel, displaying both source code and results in Jupyter 

Notebook format. Users without coding experience through MLapi will access advanced 

data analytics methods while they are using Microsoft Excel, improving gradually their 

knowledge in Python programming. 
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CHAPTER III:  

METHODOLOGY 

3.1 Technical Design 

This section examines in-depth the technical architecture of MLapi, which is 

implemented through a web API built using the PHP programming language (Mitchell, 

2016). PHP, a widely adopted server-side scripting language, is particularly effective for 

creating dynamic Web applications and services (Mitchell, 2016). Its main advantages 

include strong native support for developing and interacting with web APIs, along with 

built-in features for processing HTTP requests, parsing JSON and XML data, and 

integrating with databases, all of which facilitate the construction of RESTful interfaces 

or communication with external services (Mitchell, 2016). The API is hosted on a web 

server, which in turn establishes a connection with the Python environment. This way, the 

ML methods included in MLapi become accessible to any client application. The design 

of the MLapi is based on multitier architecture. 

3.1.1 MLapi Architecture 

The 3-tier system architecture is a widely adopted model for designing scalable 

and maintainable web applications. It consists of three distinct layers: the Client, the API, 

and the Processing Server (often referred to as the Application or Business Logic Layer) 

(Ford et al., 2022). The Client tier delivers the presentation layer, enabling user 

interactions through browsers or mobile interfaces. The Web Server tier manages HTTP 

requests and routes the requests to backend services. The Processing Server tier hosts the 

core computational logic, performing data processing, validation routines, and 
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interactions with databases or external APIs. The 3-tier architecture offers several key 

benefits that make it ideal for building robust, scalable, and maintainable applications 

(Bass et al., 2025). MLapi implements this architecture as follows: 

• Client Tier: Any application able to send data to MLapi and request the execution of 

specific ML methods. For the purposes of this study Microsoft Excel (with VBA) is 

used as the client application. 

• API Tier: Provides the REST interface and transfers payloads to the Python backend. 

• Processing Tier: Executes all ML algorithms within the Python environment. 

 
Figure 1  

MLapi Architecture 

3.1.2 API Tier 

The API layer of MLapi is implemented using an Apache Web Server (Laurie and 

Laurie, 2003), deployed through the XAMPP for Windows package (MacVittie, 2006). 

Within this setup, the server processes HTTP requests via the PHP programming 

language. In the context of the MLapi, the Apache Web Server is configured to accept 
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HTTP requests using the POST method (Richardson and Ruby, 2008). A dedicated PHP 

script (see Appendix B) manages this operation handling all incoming requests. This 

script accepts input in JSON format (Pezoa et al., 2016) with the following keys:  

Table 2  

JSON Structure of MLapi Request 

JSON key Description 

template The name of the ML or DL method requesting to be executed 

numopts 
The number of additional execution options where the ML 

template can establish 

options 
An array of ON/OFF switches for each additional option of each 

ML template 

numvars The number of variables in the dataset 

variables 
An array with the name of each variable along with lists of the 

actual data  

 

The API tier streamlines the request to Processing Tier, requesting Python to 

trigger the ML template using the data into JSON structure. Once the Python code is 

executed, the API tier script returns an HTTP response to the calling system. This 

response contains a URL (Uniform Resource Locator) pointing to the results page which 

is structured using the Jupyter Notebook format (Perkel, 2018). The communication 

between the API server and the client is illustrated in the following figure: 
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Figure 2  

MLapi web service 

A typical JSON request to the MLapi service is shown in the table below. In this 

example, the request involves the execution of the K-Nearest Neighbours (KNN) method 

for classification. The "options" array includes a list of switches (On/Off) that instruct the 

Python server to execute additional methods and metrics, such as Descriptive Statistics, 

Correlation Matrix, Elbow Method, Fix Imbalance (downsampling or upsampling), 

GridSearchCV, and Classification Scoring. The JSON request also specifies the variables 

of the dataset to be processed. The dependent variable, "X0", is a binary variable 

representing the vehicle type, with two possible levels: "Passenger" and "Car". The 

dataset further includes six independent variables (X1 to X6), which are either continuous 

or categorical, and represent key metrics such as Price, Wheelbase, Width, Length, Fuel 

Efficiency, and Horsepower. 

Table 3  

JSON Request - Example 

{ 

    "numopts": 6, 

    "numvars": 7, 

    "options": [1,1,0,0,1,1], 

    "template": "KNN-clf", 

    "variables": [ 

MS Excel

Apache
Web 

Server

Client Tier API Tier

HTTP Request - JSON

HTTP Response - URL



 

 

44 

        { 

            "datatype": "Binary", 

            "id": "X0", 

            "name": "VehicleType", 

            "values": ["Passenger", "Car", "Passenger",...,"Car"] 

        }, 

        { 

            "datatype": "Continues", 

            "id": "X1", 

            "name": "Price", 

            "values": [" 21.5", " 28.4", " 28",...," 36"] 

        }, 

        { 

            "datatype": "Continues", 

            "id": "X2", 

            "name": "Wheelbase", 

            "values": [" 101.2"," 108.1"," 106.9",...," 109.9"] 

        }, 

        { 

            "datatype": "Continues", 

            "id": "X3", 

            "name": "Width", 

            "values": [" 67.3"," 70.3"," 70.6",...," 72.1"] 

        }, 

        { 

            "datatype": "Continues", 

            "id": "X4", 

            "name": "FuelEfficiency", 

            "values": [" 28"," 25"," 26",...," 24"] 

        }, 

        { 

            "datatype": "Continues", 

            "id": "X5", 

            "name": "Length", 

            "values": [" 172.4"," 192.9"," 192",...," 189.8"] 

        }, 

        { 

            "datatype": "Nominal", 

            "id": "X6", 

            "name": "hpCat", 
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            "values": ["hp1","hp3","hp3",...,"hp2"] 

        } 

    ] 

} 

3.1.3 Processing Tier  

As part of MLapi’s overall architecture, the installation of a web server is 

specified alongside the configuration of the Python environment. These two subsystems 

may either coexist on the same server or be hosted on separate servers, provided they 

reside within the same local area network (LAN). In either configuration, communication 

between the two subsystems is facilitated through the creation of a symbolic link (Phillips 

and Preece, 2009). This link takes the form of a mapped drive in the case of Windows 

servers, or a mounted drive whereas Linux servers are used. The interaction between the 

web server and the Python environment is illustrated in the following diagram: 

 
Figure 3  

MLapi Processing 

On the processing tier of MLapi, Python version 3.11 has been installed. More 

specifically, Python Anaconda distribution has been chosen to act as the ML engine that 

executes statistical and ML methods according to MLapi requests. Python Anaconda is a 

free and open-source distribution of the Python language, purely made for ML and big-

data analytics (Rolon-Mérette, 2020). One of Anaconda core components is the Python 
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interpreter, accompanied by a suite of essential libraries (NumPy, pandas, scikit-learn, 

etc.)  providing foundational tools for numerical computations, data exploration, 

visualization, and ML (Yudachev et al., 2022). 

One of Anaconda’s main features is its ability to create isolated environments, 

allowing users to manage different versions of Python and packages without conflicts 

(Rolon-Mérette, 2020). This makes it an excellent choice for managing complex projects 

or collaborating across teams. Conda environments offer a robust and flexible solution 

for managing software dependencies in scientific computing and data science. These 

environments are isolated, self-contained directories that include a specific version of the 

Python interpreter along with all necessary libraries and dependencies (Maji, Gorenstein 

and Lentner, 2020). This isolation is particularly beneficial in complex projects where 

different tools or packages may require conflicting versions (Rolon-Mérette, 2020).  

One of the most significant advantages of Anaconda environments is their support 

for multiple versions of Python (Hunt, 2023). This feature allows users to maintain 

compatibility with legacy codebases or test new features in different Python versions 

without disrupting their primary development setup (Hunt, 2023). Additionally, Conda 

simplifies the installation and management of packages, including those that are difficult 

to compile or have non-Python dependencies. This is achieved through the Conda 

package manager, which resolves dependencies automatically and supports a wide range 

of scientific and analytical libraries (Hunt, 2023). 

Reproducibility is another key benefit of Conda environments. Users can export 

the configuration of an environment to a YAML file, which can then be shared or used to 
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recreate the exact same environment on another machine. This capability is essential in 

collaborative research and production settings, where consistent results across different 

systems are critical (Maji, Gorenstein and Lentner, 2020). Furthermore, Conda 

environments provide a safe space for experimentation. Analysts and developers can test 

new packages, configurations, or workflows in a separate environment without risking 

the integrity of their main projects. 

In summary, Conda environments represent a powerful tool for managing the 

complexities of modern software development in data-intensive fields (Hunt, 2023). They 

promote best practices in dependency management, enhance reproducibility, and support 

a modular approach to project development. As such, they are an indispensable 

component of the data science and scientific computing ecosystem. For the needs of 

MLapi development a Conda environment is created containing a long series of Python 

libraries for data analytics such as scikit-learn, matplotlib, seaborn, rjson, ggplot2, scales, 

dplyr, car, corrplot, caret, NbClust and xgboost. The MLapi YAML file is included in 

Appendix B. 

3.1.4 Client Tier  

For the purposes of this study Microsoft Excel has been chosen as the client tool 

for MLapi. Excel is part of the “Microsoft Office Suite” and is a popular application 

globally (Barreto, 2015). It offers a wide range of functions for data processing, along 

with notable capabilities for graphical data representation. Microsoft Excel owns a crucial 

role in the field of data analysis due to its comprehensive suite of features that support 

data manipulation, exploration, and visualization (Mustafy and Rahman, 2024). As a 
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spreadsheet application, Excel provides a structured environment where data analysts can 

efficiently organize and manage datasets (Mustafy and Rahman, 2024). Its intuitive 

interface allows users to import data from various sources and perform cleaning 

operations such as removing duplicates, filtering records, and transforming text, which 

are essential steps in preparing data for analysis (Sukhdeve and Sukhdeve, 2023).  

One of Excel’s most significant advantages is its extensive library of built-in 

functions and formulas. These tools enable analysts to perform complex calculations, 

logical operations, and data transformations without the need for programming 

knowledge. Functions such as VLOOKUP, INDEX/MATCH, and SUMIFS facilitate the 

extraction and aggregation of data, making Excel a powerful tool for deriving insights 

from raw information. Excel is also outstanding in data visualization, offering a range of 

chart types and formatting options that help analysts communicate findings effectively. 

Through pivot tables and charts, users can dynamically summarize and explore large 

datasets, uncovering patterns and trends with ease. These features are particularly 

valuable in Exploratory Data Analysis, where flexibility and interactivity are crucial.  

Furthermore, Excel’s widespread adoption across industries ensures that data 

analysts can collaborate seamlessly with stakeholders who may not have access to 

specialized analytical tools. Its compatibility with other software platforms and its 

support for automation through macros and Visual Basic for Applications (VBA) 

enhance productivity and streamline repetitive tasks. Therefore, Microsoft Excel remains 

an indispensable tool for data analysts due to its versatility, accessibility, and robust 

analytical capabilities (Elliott et al., 2006). It serves not only as a gateway for beginners 
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entering the field of data analysis but also as a reliable platform for professionals 

conducting sophisticated data-driven investigations. 

It is not only Microsoft Excel’s extensive features that make the integration with 

the MLapi particularly valuable. In addition, this integration significantly simplifies the 

execution of ML and DL methods, eliminating the need for complex functions which are 

typically required by Excel. In terms of data visualization, the collaboration of MLapi 

and Excel provides a fast and efficient way to generate charts and graphs. This greatly 

streamlines the data process and ultimately allows researchers to focus mainly on 

interpreting the results and formulating conclusions rather than data processing itself. 

Calling a web service through Microsoft Excel using VBA is a practical and 

accessible method for integrating spreadsheet’s data with MLapi. This approach is 

particularly valuable for data analysts, students, and researchers who rely on real-time or 

regularly updated data from online APIs. The process involves writing a VBA script that 

constructs and sends an HTTP request to a specific MLapi web service endpoint. Upon 

receiving a response, the script can parse and display the data directly within the Excel 

interface, enabling users to interact with dynamic content without leaving the application. 

The implementation begins by initializing an HTTP request object within the VBA 

environment. This object is configured to communicate with the desired web service 

using standard HTTP methods such as POST. The URL of the web service, along with 

any necessary headers or parameters, is specified within the script. Once the request is 

sent, the response in JSON is captured and is processed accordingly. The MLapi results 

are getting parsed, and its values are inserted into specific cells within the current 
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worksheet, allowing immediate analysis or visualization. In parallel, an HTML page with 

the full content of the results is being displayed in the default web browser structured in 

the format of a Jupyter Notebook. 

This method eliminates the need for manual data imports, reduces the risk of 

human error, and supports automation of repetitive tasks. Moreover, it enhances Excel’s 

capabilities by connecting it to a broader ecosystem of web-based data services.  In 

conclusion, leveraging VBA to call the MLapi web services from within Excel 

exemplifies the fusion of traditional spreadsheet tools with modern web technologies. It 

empowers users to build lightweight, automated data pipelines that are both powerful and 

user-friendly, making it a valuable technique in the toolkit of any data analyst. The VBA 

source code is included in Appendix B. 

3.1.5 MLapi Core 

By design, MLapi operates both as a data analysis tool and an educational 

resource. This dual purpose is achieved through a catalog of pre-configured templates for 

common statistical and machine learning methods. Users can select not only the desired 

method but also a set of supplementary or post-hoc tests, visualizations, and plots. The 

results are then provided in a Jupyter Notebook format. This approach allows users to 

access both the Python source code and the corresponding analytical results within the 

same document, facilitating transparency, reproducibility, and learning. More 

specifically, MLapi offers a comprehensive suite of templates tailored for a variety of ML 

tasks (classification, regression, clustering, and dimensionality reduction). These 

templates are designed to support both novice and experienced users by streamlining the 
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model development process. Users are given the flexibility to apply multiple algorithms 

to the same dataset, enabling comparative analysis of model performance. This 

functionality supports informed decision-making by helping users identify the most 

suitable algorithm based on the nature of the data and the objectives of the analysis. 

Additionally, the platform encourages experimentation and iterative refinement, which 

are essential components of effective data science practice.  

A critical component of ML process flow is data preprocessing (Sukhdeve and 

Sukhdeve, 2023), which MLapi handles through a series of automated and customizable 

steps. Prior to model training, the platform performs essential preprocessing tasks such as 

managing missing values, transforming categorical variables, scaling numerical features, 

and detecting outliers (Thomas, 2024). Users can either rely on default preprocessing 

pipelines or modify them to suit the specific requirements of their dataset. Furthermore, 

MLapi supports Exploratory Data Analysis by generating summary statistics, correlation 

matrices, and visual diagnostics, which help users better understand the structure and 

quality of their data before proceeding with modeling (Ranganathan, 2021). This 

integrated preprocessing framework ensures that the input data is clean, consistent, and 

appropriately formatted, thereby enhancing the reliability and interpretability of the 

analytical results (Sukhdeve and Sukhdeve, 2023).  

Following model training, MLapi provides a robust framework for model 

evaluation, offering a variety of performance metrics (Nita, 2016) tailored to the type of 

analysis being conducted. For classification tasks, commonly used metrics such as 

accuracy, precision, recall, F1-score, and the area under the ROC curve (AUC-ROC) are 
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computed and visualized (Nita, 2016). These metrics help assess the model’s ability to 

correctly classify instances and balance trade-offs between false positives and false 

negatives (Salmanpour et al., 2025).  

For regression problems, the platform reports metrics such as Mean Squared Error 

(MSE), Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and the 

coefficient of determination (R²), which collectively offer insight into the model’s 

predictive value (Salmanpour et al., 2025). In the case of clustering and dimensionality 

reduction, MLapi includes internal validation metrics such as silhouette score, Elbow 

method, and explained variance ratio, which help evaluate the quality of the clustering 

structure or the effectiveness of dimensionality reduction techniques (Saputra and 

Oswari, 2020). All evaluation results are presented alongside graphs like confusion 

matrices, ROC curves, residual plots, and scatter plots (Nita, 2016), enabling users to 

interpret model performance intuitively and make data-driven decisions for further 

refinement. 

One-hot encoding is a fundamental preprocessing technique used in MLapi to 

convert categorical variables into a numerical format suitable for machine learning 

algorithms (Bisong, 2019b). Since most models require numerical input, categorical 

features must be transformed in a way that preserves their informational content without 

introducing ordinal relationships where none exist (Dahouda and Joe, 2021). MLapi 

automates this process by generating binary columns for each category within a feature 

(Bisong, 2019b), ensuring that the resulting dataset is both model-compatible and 

semantically accurate. This transformation is seamlessly integrated into the preprocessing 
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pipeline, allowing users to focus on model development without manual data 

manipulation. 

Class imbalance is an often issue in classification tasks, where one class 

significantly outnumbers others, potentially leading to biased model predictions 

(Harrison, 2019). MLapi addresses this challenge by offering built-in options for both 

down-sampling the majority class or up-sampling the minority class (Harrison, 2019). 

These techniques help balance the class distribution, improving the model’s ability to 

generalize across all categories (Harrison, 2019). Users can select the appropriate strategy 

based on the dataset's characteristics, and MLapi applies the transformation automatically 

during preprocessing.  

To ensure robust model evaluation and optimal hyperparameter tuning, MLapi 

incorporates k-fold cross-validation using GridSearchCV (Bisong, 2019b). This method 

divides the dataset into k subsets, training the model on k-1 folds and validating it on the 

remaining fold, iteratively (Bisong, 2019b). GridSearchCV systematically explores 

combinations of hyperparameters, selecting the configuration that yields the best 

performance across all folds (Harrison, 2019). This approach reduces the risk of 

overfitting and provides a more reliable estimate of model generalizability (Salmanpour 

et al., 2025). MLapi automates this process, presenting users with the best-performing 

model parameters along with detailed evaluation metrics, thereby enhancing both model 

accuracy and interpretability. 

Understanding which features most influence a model’s predictions is essential 

for interpretability and trust in machine learning. MLapi provides tools to compute and 



 

 

54 

visualize feature importance, helping users identify the variables that contribute most 

significantly to model outcomes. For tree-based models, importance is typically derived 

from metrics such as Gini impurity or information gain (McClarren, 2021), while for 

linear models, coefficient magnitudes are used (Aityan, 2022). These insights are 

presented alongside visualizations such as bar plots or ranked lists, enabling users to draw 

meaningful conclusions and potentially refine their feature selection (Zheng and Casari, 

2018). This capability supports transparency and helps in communicating results to non-

technical stakeholders. 

The silhouette score is a widely used internal validation metric for evaluating the 

quality of clustering results and measures how similar an object is to its own cluster 

compared to other clusters, providing a value between -1 and 1 (Sagala and Gunawan, 

2022). A higher silhouette score indicates that the data points are close to the belonging 

cluster and far away from neighboring clusters, indicating a more coherent and well-

separated grouping (Sagala and Gunawan, 2022). In MLapi, the silhouette score is 

automatically computed for clustering algorithms such as K-Means or Gaussian Mixture 

Clustering and is often visualized through silhouette plots. This helps users assess the 

appropriateness of the chosen number of clusters and the overall effectiveness of the 

clustering algorithm. 

The elbow method is an empirical technique used to determine the optimal 

number of clusters in unsupervised learning, particularly in K-Means clustering (Sagala 

and Gunawan, 2022). The method plots the Within-Cluster Sum of Squares (WCSS) 

against the number of clusters, identifying the “elbow point” (Sagala and Gunawan, 
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2022), the value at which the rate of reduction sharply slows. This point represents a 

balance between model complexity and explained variance, indicating the most 

appropriate number of clusters (Sagala and Gunawan, 2022). MLapi includes an 

automated generation of elbow plots as part of its clustering workflow, allowing users to 

visually inspect and select the optimal cluster count. This method is especially useful in 

Exploratory Data Analysis when the true number of clusters is unknown (Sagala and 

Gunawan, 2022). 

The Explained Variance Ratio is a key metric in dimensionality reduction 

techniques, and it quantifies the proportion of the dataset’s total variance that is captured 

by each principal component (Jolliffe and Cadima, 2016). A higher Explained Variance 

Ratio indicates that the component retains more of the original data’s information 

(Jolliffe and Cadima, 2016). In MLapi, this metric is used to guide users in selecting the 

number of components to retain, balancing dimensionality reduction with information 

preservation. The platform also provides visualizations such as scree plots or cumulative 

variance plots, helping users make informed decisions about the trade-off between model 

simplicity and data fidelity. 

In artificial neural networks (ANNs), the selection and tuning of hyperparameters 

play a critical role in determining model performance (Harrison, 2019). One fundamental 

hyperparameter is the number of epochs (iterations) which the algorithm should be 

executed (De Marchi and Mitchell, 2019). While more epochs can improve learning, 

excessive training may lead to overfitting (Mahkamov et al., 2024), where the model 

performs well on training data but frequently misses unknown data. Another crucial 
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hyperparameter is the number of hidden layers, which influences the network’s capacity 

to uncover complex patterns (De Marchi and Mitchell, 2019). Shallow networks may 

underfit the data, while deeper architectures can capture more complex relationships but 

require careful tuning and more computational resources (De Marchi and Mitchell, 2019). 

To mitigate overfitting in deep networks, dropout randomly deactivates a subset of 

neurons, guarding the network from repeatedly selecting specific paths (Rivas, 2020). 

MLapi allows users to configure these hyperparameters through its neural network 

templates, enabling experimentation with different architectures and training strategies to 

optimize model performance.  

In the architecture and training of artificial neural networks, several 

hyperparameters significantly influence the model’s learning dynamics and predictive 

performance. Activation functions are critical for introducing non-linearity into the 

network, enabling it to find complex patterns beyond linear relationships (Rivas, 2020). 

Common choices include ReLU (Rectified Linear Unit), sigmoid, and tanh, each with 

distinct characteristics affecting gradient flow and convergence behavior (Rivas, 2020). 

The learning rate determines the step size at each iteration during gradient descent 

optimization (Dastres and Soori, 2021). A learning rate that is too high may block the 

model from completing, while a rate that is too low can delay significantly the training 

and conclude to suboptimal solutions (Dastres and Soori, 2021).  

Batch size defines the number of training samples which will be used to update 

model’s internal parameters (Dastres and Soori, 2021). Smaller batch sizes can lead to 
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noisier updates but may improve generalization, whereas larger batches offer more stable 

gradients and faster computation but risk overfitting (De Marchi and Mitchell, 2019).  

MLapi allows users to configure these hyperparameters within its neural network 

templates, supporting experimentation and fine-tuning to achieve optimal learning 

outcomes. In the tables below there is a full list of MLapi templates covering a wide 

range of statistical and ML methods along with their additional options and features. The 

Python source code of MLapi’s templates is included in Appendix B. 

 

Table 4 

Classification 

MLapi Template Options 

AdaBoost-clf 
Fix Imbalance 

Feature Importance 

  

ANN-clf 

Fix Imbalance 

Epochs 

Hidden layers  
Dropout (%) 

  
Bagging-clf Fix Imbalance  

DcsTree-clf 

 

Fix Imbalance 

GridSearchCV 

Scoring: ACC-PRE-RCL-f1 

Feature Importance 

  

ExtraTrees-clf 
Fix Imbalance 

Feature Importance 

  

KNN-clf 

Elbow method 

Fix Imbalance 

GridSearchCV 

Scoring: ACC-PRE-RCL-f1 
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LightGBM-clf 
Fix Imbalance 

Feature Importance 

  

LogisticRegression 

Evaluate Collinearity 

Hosmer test (GOF) 

ROC curve 

Fix Imbalance 

GridSearchCV 

Scoring: ACC-PRE-RCL-f1 

  

MultinomLogisticRegr 

Evaluate Collinearity 

Fix Imbalance 

GridSearchCV 

Scoring: ACC-PRE-RCL-f1 

  

NaiveBayes 
Fix Imbalance 

k-fold Cross Validation 

  

RndForest-clf 

Fix Imbalance 

GridSearchCV 

Scoring: ACC-PRE-RCL-f1 

Feature Importance 

  

SGD-clf 

Fix Imbalance 

GridSearchCV 

Scoring: ACC-PRE-RCL-f1 

Linear kernel 

RBF kernel 

Sigmoid kernel  
Polynomial kernel 

Fix Imbalance 

  

XGBoost-clf 
Fix Imbalance 

Feature Importance 
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Table 5 

Regression 

MLapi Template Options 

AdaBoost-reg Feature Importance  

ANN-reg 

Epochs 

Hidden layers 

Dropout (%) 

  

DcsTree-reg 

Feature Importance 

GridSearchCV 

Scoring: r2-MSE-MAE 

  
ExtraTrees-reg Feature Importance  

KNN-reg 

 

GridSearchCV 

Scoring: r2-MSE-MAE 

Elbow method 

  

MultipleRegression 
Evaluate Collinearity 

NCV test (homoscedasticity)  
LightGBM-reg Feature Importance 

RndForest-reg 

 

GridSearchCV 

Scoring: r2-MSE-MAE 

Feature Importance 

  

SVM-reg 

Linear kernel 

RBF kernel 

Sigmoid kernel 

Polynomial kernel 

  
XGBoost-reg Feature Importance 
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Table 6 

Clustering 

MLapi Template Options 

DBSCAN Correlation matrix 

GaussianMixture Correlation matrix 

HierClustering Correlation matrix 

KMeans Correlation matrix 

KMedoids Correlation matrix 

KPrototypes Correlation matrix 

MiniBatchKMeans Correlation matrix 

 

Table 7  

Dimensionality Reduction 

MLapi Template Options 

FAMD Correlation matrix 

PCA Correlation matrix 

 

Table 8  

Statistics 

MLapi Template Options 

Anova 

TukeyHSD 

Levene's Test (homoscedasticity) 

Normality test 

Kruskal-Wallis 

  

Anova2way 

TukeyHSD 

Pairwise t-tests 

Levene's Test (homoscedasticity) 

Normality test 

  
Chi-square Crosstabs 

LinearRegression 

 

Correlation Pearson's 

Residuals Distribution 

NCV test (homoscedasticity) 
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t-test 

Kolmogorov-Smirnov (normality) 

Levene's Test (homoscedasticity) 

Mann-Whitney U (non-parametric) 

  

t-test-paired 

Correlation Pearson's 

Kolmogorov-Smirnov (normality) 

Wilcoxon (non-parametric) 

Differences Histogram 

3.1.6 Enterprise-Level Compliance and Security Framework 

As MLapi transitions from a learning-focused prototype toward a system capable 

of supporting enterprise operations, its architectural design must increasingly reflect 

recognized standards for compliance, data governance, and cybersecurity. Although the 

current platform prioritizes educational usability, deploying MLapi in corporate 

environments requires a more rigorous foundation to satisfy regulatory obligations, data 

protection, and ensure operational reliability. 

A major prerequisite for enterprise readiness is compliance with global data-

protection frameworks such as the General Data Protection Regulation (GDPR), the 

Health Insurance Portability and Accountability Act (HIPAA), and ISO/IEC 27001 

(ISO/IEC, 2022; NIST, 2023a, NIST, 2023b). These regulations impose requirements 

including data minimization, explicit user-consent workflows, and comprehensive audit 

trails (ISO/IEC, 2022). Under GDPR, for example, systems may only process data 

essential to the intended purpose, and individuals must be informed of and agree to the 

ways their information will be used. In addition, organizations must maintain traceable 

logs that document how and when data is accessed or handled to support accountability 

(ISO/IEC, 2022). 
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In addition to regulatory compliance, robust authentication and access control 

mechanisms are essential. MLapi’s architecture could be extended to support enterprise-

grade Identity and Access Management (IAM) through the implementation of role-based 

access control (RBAC), which assigns permissions based on user roles such as analyst, 

administrator, or auditor (OWASP, 2023). Integrating Single Sign-On (SSO) capabilities 

through OAuth 2.0 or SAML would further reinforce security by centralizing 

authentication via providers like Azure Active Directory or Okta (OWASP, 2023).  

Ensuring data security requires protection both during transmission and while 

stored. All client-server communication should take place over HTTPS with Transport 

Layer Security (TLS) to prevent eavesdropping and tampering. For data at rest, sensitive 

information should be encrypted using widely accepted standards such as AES-256, 

particularly in contexts involving personal or regulated data (NIST, 2023a). Secure file-

handling practices, including strict input validation, sandboxing mechanisms, and 

restricted execution environments, are necessary to reduce threats such as injection 

attacks or unauthorized file operations. From an infrastructure point of view, MLapi 

should operate within a hardened environment. This includes disabling unnecessary 

system services, consistently applying security updates, and enforcing tightly controlled 

firewall configurations. The “National Institute of Standards and Technology” (NIST) 

guidelines emphasize container-security measures such as image scanning, runtime 

behavior monitoring, and least-privilege access policies to reduce system vulnerability 

(NIST, 2023b). 
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A data-governance framework is equally important. MLapi should define clear 

retention timelines, automate data disposal where appropriate, and support anonymization 

or pseudonymization features to limit the exposure of personal information during model 

development or evaluation. The “European Union Agency for Cybersecurity” (ENISA) 

highlights these techniques as essential for minimizing re-identification risks and 

maintaining compliance with modern privacy expectations (ENISA, 2024). Additionally, 

implementing dataset and template version control would strengthen reproducibility and 

simplify auditing processes by creating traceable records of changes. 

Overall, enhancing MLapi with enterprise-grade compliance and security 

capabilities is vital for its progress into a reliable platform suitable for regulated 

environments. Integrating regulatory compliance, secure access management, strong 

encryption practices, hardened infrastructure, and comprehensive data governance would 

position MLapi as a robust solution capable of meeting the stringent operational and 

privacy requirements of professional sectors. 

3.1.7 Implementation Cost Models and Resource Requirements 

The implementation of MLapi is intentionally designed to minimize costs by 

relying on open-source technologies such as Python, Anaconda, scikit-learn, and PHP, all 

of which are freely available and widely supported. The use of Microsoft Excel as the 

client interface capitalizes on its ubiquity in academic and business environments, 

thereby reducing the need for additional software investments (Barreto, 2015). 

The infrastructure requirements for MLapi are modest and scalable. A basic 

deployment can be hosted on a single machine equipped with a quad-core processor, 16 
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GB of RAM, and 100 GB of storage. This configuration is sufficient for small-scale 

educational use. For enterprise-level applications, however, it is advisable to separate the 

API and processing tiers across different virtual machines or containers to enhance 

performance and scalability. Cloud-based deployment options, such as “Amazon Web 

Services” or “Microsoft Azure”, offer flexible infrastructure solutions, with estimated 

monthly costs ranging from $50 to $150 per instance depending on computational needs 

(Amazon Web Services, 2025). Operational costs, including system maintenance, 

updates, and user support, are projected to range between $5,000 and $15,000 annually 

for mid-sized deployments (Gartner, 2024b). 

In terms of human resources, the initial setup of MLapi requires foundational 

knowledge in web server configuration, Python environment management, and Excel 

VBA scripting. These competencies are commonly found among IT professionals and 

data analysts, which reduces the need for specialized training. However, organizations 

aiming to customize MLapi’s machine learning templates or integrate the tool with 

existing enterprise systems may require additional development resources. The modular 

architecture and comprehensive documentation are designed to streamline this process. 

Overall, the cost model and resource requirements illustrate that MLapi offers a low total 

cost of ownership and is well-positioned for scalable deployment and commercialization 

in diverse operational settings. 

3.1.8 Risk assessment for large-scale organizational deployment 

Deploying MLapi across large-scale enterprise environments introduces several 

risks that must be proactively managed to ensure operational stability, data integrity, and 
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regulatory compliance. A key technical risk involves system interoperability and 

infrastructure compatibility. MLapi’s reliance on PHP, and Python Anaconda may 

present challenges when integrating with enterprise-grade platforms such as cloud-native 

data lakes, container orchestration systems, or CI/CD pipelines. Without proper 

containerization and modular deployment strategies, organizations may face performance 

bottlenecks or increased maintenance overhead (Bass et al., 2025). 

Another major concern is data governance and compliance with international 

regulations. MLapi must comply with standards such as the General Data Protection 

Regulation (GDPR), ISO/IEC 27001, and HIPAA, which require strict controls over data 

access, encryption, and auditability (ISO/IEC, 2022; NIST, 2023a). Failure to implement 

secure transmission protocols (e.g., HTTPS/TLS), role-based access control (RBAC), and 

anonymization techniques could expose organizations to legal liabilities and reputational 

risks. Integrating JSON Web Token (JWT) authentication and logging mechanisms could 

help ensure traceability and accountability across MLapi’s architecture. 

Human resources and operational risks must be considered as well. While MLapi 

is designed to reduce the technical barrier for non-programmers, its successful adoption 

depends on structured onboarding, user training, and ongoing support. Without these, 

users may misinterpret analytical outputs or misuse the tool, leading to faulty decision-

making (Harper and Dorton, 2021). Additionally, the absence of a dedicated support team 

or open-source community may discourage long-term sustainability. Organizations 

should invest in internal capacity building and establish governance protocols to ensure 

responsible and consistent use of MLapi across departments (McGehee, 2024a). 
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3.2 Empirical Research 

3.2.1 Overview of the Research Problem 

System usability has been widely accepted as a key factor for successful software 

development. It describes how well a system allows specific users to complete specific 

tasks with accuracy, speed, and satisfaction in a particular usage context (Bangor et al., 

2008). As software has progressed (from desktop programs to web platforms, mobile 

applications, and now AI-based tools) usability has continued to be an important focus. A 

properly designed system not only fulfills its functional goals but also allows users to 

interact with it easily, reducing the learning effort and minimizing possible mistakes. In 

current development methods, usability is often included in agile and user-centered 

design approaches, where repeated testing and user feedback are used to improve the user 

experience during the entire development process (Nemeth and Bekmukhambetova, 

2023). 

In software development, system usability is considered a very important factor 

that strongly affects user satisfaction, adoption rates, and the overall success of the 

system. Usability describes how easily and effectively users can work with a software 

product to complete their tasks. It includes several aspects such as how quickly users can 

learn the system, how efficiently they can use it, how well they remember its functions, 

how often errors occur and how serious they are, and how satisfied users feel (Hulu, 

Raharjo and Simanungkalit, 2024). In the case of APIs and machine learning tools, 

usability becomes even more important because these systems are usually used by 
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developers and data scientists who depend on clear documentation and easy-to-use 

interfaces to apply the technology correctly. 

Furthermore, usability is not only about the visual design or appearance of the 

interface. It also includes the mental power needed to use the system, how accessible it is, 

how fast it responds, and the complete experience of the user (Gil Urrutia et al., 2017). 

For technical users such as developers working with APIs or machine learning tools, 

usability also means having logical workflows and helpful error messages. In this 

situation, usability directly affects productivity and how valuable the tool is seen by 

users. As software systems become more complex and connected, high usability becomes 

necessary for user satisfaction as well as for long-term use and the ability to expand the 

system (Gil Urrutia et al., 2017). 

This study evaluates the usability of MLapi. Although the tool may work well in 

terms of technical performance and accuracy, its success also depends on how easily 

users can understand, access, and use its features in practical situations. If usability is 

poor, users may not use the tool fully, support costs may increase, and users may have 

negative experiences, even if the technology itself is strong. For this reason, checking 

usability is not just an extra task but a main part of the development process, especially 

for tools made for technical users who need clarity and efficiency. 

Even if MLapi offers good predictions, a flexible structure, and strong 

performance, its real value depends on how easily users can work with it. Developers and 

data scientists often have limited time and need tools that are not only powerful but also 

easy to understand and well-organized. If the API is hard to understand, not well 
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structured, or lacks clear instructions, users may stop using it and choose other tools that 

are easier to use. This situation shows a common problem in technical tool development: 

the difference between functionality and usability (McNamara and Kirakowski, 2006). 

Often, APIs are made with a focus on performance, while usability is considered later. 

This can result in tools that are not used properly or are ignored. By making usability a 

main research topic, this study tries to close that gap and make sure MLapi fits the needs 

and thinking of its users. 

3.2.2 System Usability Scale 

The System Usability Scale (SUS), originally introduced by John Brooke, has 

become one of the most widely utilized instruments for assessing how usable a product, 

service, or system is (Brooke, 1996). Its ongoing popularity across research and 

commercial settings is largely due to its ease of use, strong psychometric foundations, 

and versatility. SUS is composed of ten statements rated on a 5-point Likert scale from 

“Strongly Disagree” to “Strongly Agree”. Questions have positively and negatively 

worded formulations to help moderate answer bias (Brooke, 2013). Although concise, the 

scale reliably produces meaningful data about users’ impressions of usability (Bangor et 

al., 2008). 

A defining strength of SUS is that it can be applied in virtually any technological 

context. Its neutral design allows it to be used for evaluating everything from mobile apps 

and websites to APIs, command-line utilities, and even hardware-based interfaces. As a 

result, SUS has been adopted widely in various fields like healthcare, finance, education, 

and software engineering (Kelana et al., 2024). The tool is particularly valuable in agile 
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development environments, where rapid iteration requires frequent and lightweight 

usability checks. Because the questionnaire takes only a few minutes to complete, it fits 

naturally into short development cycles without adding substantial overhead (Harper and 

Dorton, 2021). 

The reliability of SUS has been validated extensively. Research shows that the 

scale consistently demonstrates valuable internal consistency, with Cronbach’s alpha 

often reaching beyond 0.9, signaling that the items collectively measure similar usability 

construct (Lewis, 2018). SUS scores also correlate strongly with outcomes from more 

comprehensive usability studies, giving it credibility as an effective proxy for more 

detailed investigations (Lewis, 2018). Its scoring method, yielding a single usability score 

between 0 and 100, is straightforward to interpret and is supported by established 

benchmarks. Typically, scores above 68 are viewed as above average, while lower values 

may suggest that usability improvements are needed. 

SUS is also well-suited for comparative evaluations. Researchers frequently use it 

to assess different design iterations or to compare a system’s usability against industry 

references. This is particularly valuable during A/B testing or when evaluating 

incremental design updates, as SUS provides a standardised and repeatable metric for 

judging improvements (Vlachogianni and Tselios, 2022). In this way, SUS supports 

informed decision-making during product development and UX design, reducing reliance 

on intuition alone. 

Despite its strengths, SUS has limitations. It captures an overall impression of 

usability but does not isolate the specific causes behind user frustrations or identify 
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interface problems (Harper and Dorton, 2021). For example, a low SUS score signals a 

negative user experience but does not indicate whether the issue occurs from poor 

navigation, confusing terminology, slow performance, or other design weaknesses 

(Brooke, 1996). Therefore, SUS is most effective when combined with qualitative 

techniques such as interviews, open-ended surveys, or observational usability testing, 

which help uncover the root causes of user dissatisfaction (Harper and Dorton, 2021). 

In summary, the System Usability Scale remains a foundational tool in usability 

evaluation (Bangor, Kortum, and Miller, 2008; Hulu, Raharjo and Simanungkalit, 2024; 

Kelana et al., 2024; Lewis, 2018; Sauro, 2011) because it is efficient, dependable, and 

applicable across diverse technological contexts. It offers a scalable, low-cost method for 

incorporating usability assessments into iterative development workflows, especially in 

fast-moving environments that depend on continuous feedback. While it does not replace 

more detailed usability analyses, it provides an essential starting point for understanding 

user satisfaction and guiding iterative design. When supplemented with qualitative data, 

SUS becomes an especially powerful instrument for creating intuitive and user-centred 

systems.  

3.2.3 Research Purpose and Questions 

This study evaluates the usability and effectiveness of MLapi. Usability is 

assessed through a user satisfaction survey employing the System Usability Scale. The 

SUS score is calculated by normalizing individual item responses and for odd-numbered 

(positive) questions, 1 is subtracted from the score, but for even-numbered (negative) 

inquiries, the score is subtracted from 5 (Sauro, 2011). The sum of these adjusted values 
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is then multiplied by 2.5, resulting in a final score between 0 and 100 (Sauro, 2011). The 

entire SUS questionaire is available in Appendix A. 

3.2.4 Research Design 

This study explored the perceived usability of MLapi among data analytics 

professionals in the Greek banking sector. A representative sample of professionals 

participated in the research by first viewing a demonstration video of MLapi and 

subsequently completing the SUS questionnaire. In addition to measuring overall 

usability, this study collected additional information about gender, age, education level, 

and professional experience to examine how these factors may influence user 

perceptions. The goal was to assess whether demographic characteristics play a 

significant role in shaping usability evaluations, thereby informing future design 

enhancements aimed at fostering inclusivity and effectiveness. To this end, four statistical 

hypotheses were developed and tested using appropriate quantitative methods. 

The first hypothesis examined whether there is a statistically significant difference 

in SUS scores between participants of different gender identities. This hypothesis was 

tested using an independent samples t-test and the non-parametric Mann-Whitney U test. 

This analysis aimed to uncover whether gender-based perceptual differences exist in 

evaluating MLapi’s usability. 

The second hypothesis explored the correlation between participants’ age and 

their SUS scores. As age can influence both familiarity with digital tools and openness to 

new technologies, understanding its effect on usability perception is critical. Pearson 

correlation coefficients were calculated when data met the assumptions of normality, and 

https://youtu.be/SQCfN4NZMYc
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Spearman coefficients were used otherwise. This analysis provided insight into whether 

older or younger users perceive the usability of MLapi differently. 

The third hypothesis addressed whether participants with varying levels of 

educational attainment reported significantly different SUS scores. Given that educational 

background may affect users’ ability to engage with and evaluate educational 

technologies, this variable was analyzed using one-way ANOVA for normally distributed 

groups, or the Kruskal-Wallis test when normality and homogeneity of variance 

assumptions were not satisfied (Chatzi and Doody, 2024). The aim was to assess whether 

higher or lower educational levels corresponded with different usability experiences. 

The last hypothesis investigated the relationship between years of professional 

experience and SUS scores. Experience in the field could influence expectations, 

cognitive load, and adaptability to new tools. As with age, Pearson or Spearman 

correlation coefficients were calculated according to the distribution of data (Aityan, 

2022). This hypothesis aimed to determine whether more experienced professionals 

evaluated MLapi differently than those earlier in their careers. 

In addition to calculating the aggregate usability score, this study utilized 

Principal Component Analysis (PCA) to identify underlying dimensions within the SUS 

data. This dual approach, combining hypothesis testing with PCA, offered a nuanced 

perspective on how demographics shape user perceptions of MLapi. Ultimately, these 

insights were intended to guide the development of more inclusive, user-centered 

educational technologies and provide a framework for enhancing accessibility in data 

science tools. 
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3.2.5 Data Collection 

To collect data, an open invitation for participation was sent  through local 

employee unions within the Greek banking sector. This approach ensured access to a 

relevant and targeted professional demographic. The primary criterion for inclusion in the 

study was employment in a data analytics-related positions. This requirement was 

designed to ensure that participants possessed sufficient familiarity with data tools and 

technologies, enabling them to provide informed evaluations of the MLapi system. The 

SUS questionnaire was processed using Google Forms. Anonymity was emphasized to 

promote honest and unbiased responses. All participants were receined a notice regarding 

the protection of personal data in accordance with applicable data privacy regulations. 

Furthermore, participants were advised that they could withdraw from the study at any 

time. The complete questionnaire instrument is available for review in Appendix A. 

Prior to completing the questionnaire, participants were required to watch a 

demonstration video introducing the features and functionality of MLapi. The video had a 

duration of approximately eight minutes. Following the video, participants proceeded to 

complete the questionnaire, which required an estimated 7 additional minutes. Thus, the 

total time commitment for participation was approximately 15 to 18 minutes. This data 

collection procedure was designed to balance methodological rigor with participant 

convenience, thereby encouraging engagement while maintaining the integrity of the 

research process. 
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3.2.6 Sample size and Statistical Power 

An essential component of the data collection strategy was identifying a suitable 

sample size to support the statistical credibility and reliability of the study’s outcomes. In 

usability evaluation, determining an appropriate number of participants is vital because it 

influences statistical power and affects how confidently the results can be generalized. To 

estimate the sample size (Cohen, 1988), a pilot assessment using the SUS was conducted 

with 30 participants. This preliminary evaluation supplied an average SUS score of 

89.75, which was used as the anticipated mean for the full study. The pilot findings 

provided an empirically grounded indication of user satisfaction and perceived usability 

of MLapi. 

Although the pilot also produced a dataset-specific standard deviation, the study 

chose to apply a more conservative estimate for the final calculations. A standard 

deviation of 15 (commonly cited as a normative value in SUS research) was selected. 

Prior usability studies show that SUS score variability generally falls between 15 and 20 

depending on the system and user demographics (Lewis and Sauro, 2018). Choosing a 

value at the lower bound of this range allowed the methodology to remain cautious while 

still reflecting established patterns in usability research. This decision helped avoid 

underestimating or overstating expected variability, ensuring that the resulting sample-

size estimate remained methodologically sound. 

For benchmarking purposes, a SUS score of 85 was chosen as the comparison 

target, as this value is frequently classified as indicative of excellent system usability 

(Lewis and Sauro, 2018). The analysis’ primary goal was to find whether the MLapi’s 
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usability score would significantly exceed this threshold. To support a noted statistical 

comparison, the following parameters were applied (Cohen, 1988): 

• Confidence level: 95% (α = 0.05) 

• Statistical power: 80% (β = 0.20) 

These values are widely accepted in usability and behavioral sciences because 

they offer strong confidence in detecting meaningful effects while balancing the risks 

associated with Type I and Type II errors (Cohen, 1988). 

Sample Size Calculation 

To calculate the required sample size for comparing a sample mean to a known 

benchmark, the formula for a one-sample t-test was used (Cohen, 1988): 

𝑛 = (
(𝑍1−𝑎 2⁄ + 𝑍1−𝛽) ∙ 𝜎

𝜇 − 𝜇0
)

2

 

Where: 

μ = 89.75 (mean from pilot survey), 

μ0 = 85 (benchmark), 

σ = 15 (standard deviation), 

Z1−α/2 = 1.96 (for 95% confidence), 

Z1−β = 0.84 (for 80% power). 

Using the calculated parameters, the minimum size of the sample was estimated 

to be roughly 79 participants. To further strengthen the reliability of the analysis, the 

sample was expanded to 150 participants instead of adhering to the minimum threshold. 

This increase substantially boosted the statistical power of the one-sample t-test, raising it 
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to approximately 97.25%. Such a high-power level reflects a strong capacity to detect a 

true difference between the pilot study’s mean SUS score of 89.75 and the established 

benchmark, provided that a real difference exists within the broader population. 

Expanding the sample aligns with established recommendations in usability and 

behavioral research, as larger samples reduce the likelihood of incurring a false-negative 

error, known as “Type II error” (Cohen, 1988), . The accompanying graph illustrates this 

relationship by showing how increases in sample size led to heightened sensitivity in 

hypothesis testing and more robust inferential conclusions. 

 

Figure 4 

Statistical Power 

3.2.7 Research Limitations 

Although this study provides meaningful evidence regarding users’ perceptions of 

MLapi’s usability, several limitations must be recognized. While the SUS is a well-

established evaluation tool, its capacity to pinpoint specific usability challenges is 
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limited. The instrument yields a single composite score, which is useful for 

benchmarking purposes but does not reveal which aspects of the interface contribute most 

to positive or negative user experiences (Sogemeier et al., 2022). As a result, the findings 

offer only a broad evaluation of usability rather than insight into specific design elements 

that may require refinement. 

A second limitation relates to the structure of the SUS questionnaire itself. The 

alternation between positively and negatively phrased items, combined with the use of a 

5-point Likert scale, has been shown in earlier research to confuse respondents, especially 

individuals with limited experience completing structured surveys (Sogemeier et al., 

2022). This potential confusion may have affected how consistently and accurately 

participants answered the items. 

Finally, the study’s scope, restricted to participants working in the Greek banking 

sector, limits the wider applicability of the results. Although the targeted sample 

strengthened the contextual relevance of the research, it constrains the extent to which the 

conclusions can be confidently extended to users from different industries, cultural 

backgrounds, or geographic areas. Expanding the participant demographics in future 

studies would help improve generalizability and provide a more diverse representation of 

user perspectives. 

3.3 Conclusion 

This chapter detailed the methodological framework used to evaluate the usability 

of MLapi. By adopting a mixed-methods research design, the study integrated system 

architecture documentation and technical design analysis with empirical data collection. 
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This multi-faceted approach allowed for a robust assessment of user perceptions through 

the System Usability Scale (Brooke, 1996). The process began by detailing the technical 

design of MLapi, which follows a three-tier architecture, comprising the Client, API, and 

Processing tiers, designed for scalability and modularity. Each tier was thoroughly 

described, with emphasis placed on the seamless integration between Microsoft Excel (as 

the client application) and the MLapi back-end, developed using PHP, Apache, and the 

Python Anaconda environment. 

The empirical component of the methodology focused on evaluating the perceived 

usability of MLapi among data analytics professionals in the Greek banking sector. A 

pilot study was conducted to estimate the expected SUS score, yielding a mean of 89.75. 

To ensure the statistical robustness of the study, the sample size was increased from the 

primarily calculated 79 to 150 participants, thereby raising the statistical power to 

approximately 97.25%. This methodological decision enhanced the sensitivity of the 

analysis and reduced the likelihood of Type II errors. 

Data was collected through a structured process that combined a demonstration 

video and a self-administered SUS questionnaire. Participants, recruited through local 

banking unions, met the criterion of holding data analytics-related positions. The 

inclusion of demographic variables (gender, age, education level, and professional 

experience) allowed for additional subgroup analyses to explore how user characteristics 

may influence usability perceptions. 

While the methodological framework is robust, certain limitations must be 

acknowledged. The SUS, while efficient and widely validated, offers only a general 
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overview of usability without diagnosing specific issues. Its alternating item format may 

also confuse some participants, potentially impacting data quality. Focusing solely on the 

Greek banking sector limits the extent to which these findings can be applied globally or 

to other fields.  
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CHAPTER IV:  

RESULTS 

4.1 Descriptive statistics 

Descriptive statistics are an essential component of empirical research, as they 

provide the primary tools for summarizing, organizing, and interpreting raw datasets 

(Ranganathan, 2021). Prior to conducting any inferential analysis, it is crucial to gain an 

understanding of the dataset’s fundamental properties. They are also vital for outlining 

the demographic profile of the participants. Variables such as age, gender, education 

level, and work experience are typically presented through frequency distributions and 

percentages, which helps explain the findings. Additionally, descriptive statistics have a 

diagnostic function, as they help identify which statistical tests are appropriate. Many 

inferential methods rely on assumptions (Aityan, 2022), and the evaluation of these 

assumptions informs whether parametric or non-parametric procedures should be applied, 

thereby strengthening the validity of subsequent conclusions (Chatzi and Doody, 2024). 

The study sample covered 150 individuals, with 58.0% identifying as male and 

42.0% as female. Regarding educational level, 44.7% of participants held a Bachelor’s 

degree; 34.7% are Master’s degree holders; 16.0% had completed high school, and 4.7% 

possessed a Doctorate. The mean participant age was 36.4 years (SD = 8.74), suggesting 

a predominantly early- to mid-career cohort. On average, participants reported 11.7 years 

of professional experience (SD = 6.97). The SUS scores were comparatively high, 

yielding a mean of 90.0 (SD = 7.78), which indicates excellent perceived usability of the 

MLapi. However, the Shapiro–Wilk normality test revealed that age, work experience, 
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and SUS scores all significantly deviated from a normal distribution (p < .001), 

suggesting a potential need for non-parametric methods in the upcoming analyses 

(Aityan, 2022). All statistical outputs were generated using Jamovi v2.7. 

 

Table 9  

Descriptives 

 Age Work Experience SUS  

N 150 150 150 

Missing 0 0 0 

Mean 36.4 11.7 90.0 

Median 35.0 10.0 90.0 

Standard deviation 8.74 6.97 7.78 

Skewness 0.436 0.279 -0.442 

Kurtosis -0.754 -1.16 -0.750 

Shapiro-Wilk W 0.953 0.936 0.902 

Shapiro-Wilk p <.001 <.001 <.001 

 

 

 

Figure 5 

Histograms 
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Table 10  

Frequencies of Gender 

 Counts % of Total 

 

Female 63 42.0% 

Male 87 58.0% 

 

Table 11  

Frequencies of Education levels 

 

Counts % of Total 

 

High School 24 16.0% 

Bachelor 67 44.7% 

Masters 52 34.7% 

Doctorate 7 4.7% 

4.2 Reliability Analysis 

Reliability analysis is an essential aspect of empirical research, especially when 

instruments such as questionnaires or rating scales. Its purpose is to evaluate how 

consistently a measurement tool performs across items and respondents (Meyer, 2010). 

Within usability research, reliability helps ensure that the System Usability Scale 

provides a stable and accurate representation of users’ perceptions of system usability, 

unaffected by random fluctuations or external influences (Brooke, 1996). Overall, 
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conducting reliability analysis enhances confidence in the study’s findings, contributes to 

the reproducibility of the results, and reinforces the credibility of the research. In contrast, 

insufficient reliability would undermine the trustworthiness of any conclusions, as 

observed outcomes might reflect measurement error rather than genuine differences in 

user experience (Meyer, 2010). 

In this study, internal consistency was examined using Cronbach’s alpha (Kilic, 

2016). The obtained coefficient was α = 0.84, a value commonly interpreted as evidence 

of good reliability. This indicates that the items within the scale function cohesively to 

measure a shared underlying construct (Kilic, 2016). According to established guidelines 

(George and Mallery, 2024), alpha values exceeding 0.80 are typically classified as good, 

thereby supporting the reliability of the present analysis. 

 

Table 12  

Reliability Statistics 

 Cronbach's α 

scale 0.840 

 

4.2 Hypothesis testing 

Hypothesis testing is a key component of the scientific process and holds 

significant value in both qualitative and quantitative research contexts. It offers a 

systematic method for extracting conclusions about the actual population using the  

information obtained from a sample, enabling researchers to examine theoretical 

propositions, verify underlying assumptions, and formulate evidence-based 

interpretations (Lehmann and Romano, 2005). By providing a structured approach for 
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assessing claims, hypothesis testing contributes to the rigor, impartiality, and 

dependability of research findings. Fundamentally, it is a statistical procedure used to 

evaluate how plausible a proposed statement about a population parameter is when 

compared against observed data. Its importance becomes especially clear in empirical 

investigations, where it functions as the link between theoretical expectations and 

empirical observations. Through statistical evaluation, researchers to realize whether 

observed alterations may reflect real effects rather than random variation (Lehmann and 

Romano, 2005). 

4.2.1 SUS score and gender 

To investigate whether SUS scores differed significantly between male and 

female participants, an Independent Samples t-test (Smalheiser, 2017) was conducted. 

Prior to the analysis, assumptions of normality and homogeneity of variances were 

assessed (Smalheiser, 2017). 

• Normality: The Shapiro-Wilk test indicated a significant deviation from normality 

for SUS scores, W = 0.923, p < .001, suggesting that the data are not normally 

distributed (Aityan, 2022). 

• Homogeneity of Variances: Levene’s test for equality of variances was not 

significant, F(1, 148) = 2.92, p = 0.089, indicating that the assumption of equal 

variances was met (Aityan, 2022). 

Table 13 

Normality Test (Shapiro-Wilk): SUS and Gender 

 W p 

SUS Score 0.923 <.001 
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Table 14  

Homogeneity of Variances Test (Levene's): SUS and Gender 

 F df df2 p 

SUS Score 2.92 1 148 0.089 

 

Despite the violation of normality, the t-test was conducted due to its robustness to 

moderate deviations from normality, especially with large sample sizes (Lehmann and 

Romano, 2005). The results showed no statistically significant difference in SUS scores 

between genders: t(148) = 1.43, p = 0.154. To complement the analysis, a Mann-Whitney 

U test was also performed as a non-parametric alternative (Chatzi and Doody, 2024). The 

result did not change the conclusion. 

Table 15 

Independent Samples T-Test: SUS and Gender 

  Statistic df p 

SUS_Score Student's t 1.43 148 0.154 

Mann-Whitney U 2275  0.071 

 

These findings suggest that gender was not a statistically significant factor in perceived 

usability of the MLapi. Therefore, no statistically significant difference in SUS scores 

between male and female participants can be concluded based on the sample data. 

4.2.2 SUS score and age 

The second hypothesis examined whether there was a statistically significant 

correlation between participants’ age and their SUS scores. To explore this hypothesis 

Pearson and Spearman coefficients were calculated. Since the assumption of normality 

was violated, a Pearson correlation was not the most appropriate method, therefore a 
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Spearman rank-order correlation was used instead. Both Pearson’s correlation coefficient 

(r = 0.013) and Spearman’s rank-order correlation (rho = 0.020) indicated a very weak 

and non-significant relationship between age and perceived usability. These results 

suggest that participants’ age did not significantly influence their evaluation of the 

system’s usability, and that the SUS scores were consistent across different age groups. 

Table 16  

Correlation Matrix: SUS and Age 

  Age p-value 

SUS Score Pearson's r 0.013 0.877 

Spearman's rho 0.020 0.809 

 

4.2.3 SUS score and education level 

This inquiry aimed to discover whether SUS scores differ significantly among 

participants with different education levels. Prior to the analysis, assumptions of 

normality and homogeneity of variances were assessed.  

• Normality: The Shapiro-Wilk test indicated a significant deviation from 

normality, W = 0.937, p < .001, suggesting that the SUS scores are not normally 

distributed. 

• Homogeneity of Variances: Levene’s test was not significant, F(3, 146) = 1.57, 

p=0.199, indicating that the assumption of equal variances across groups was met. 

Table 17 

Normality Test (Shapiro-Wilk): SUS and Education 

Statistic p 

0.937 <.001 
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Table 18 

Homogeneity of Variances Test (Levene's): SUS and Education 

F df1 df2 p 

1.57 3 146 0.199 

 

 

One-way Analysis of Variance (ANOVA) was conducted to compare SUS scores across 

four education levels (Chatzi and Doody, 2024). The results showed no statistically 

significant differences: F(3, 146) = 1.54, p = 0.207. 

Table 19 

ANOVA: SUS and Education 

 Sum of Squares df Mean Square F p 

Education 277 3 92.2 1.54 0.207 

Residuals 8748 146 59.9     

 

Given the violation of normality assumption, a Kruskal-Wallis test was also performed as 

a non-parametric alternative (Chatzi and Doody, 2024). The test similarly revealed no 

statistically significant differences in SUS scores across education levels. 

Table 20 

Kruskal-Wallis: SUS and Education 

 χ² df p 

SUS Score 4.46 3 0.216 

 

Pairwise comparisons showed no significant differences between any pairs of education 

levels (all p > 0.17), further supporting the conclusion that education level does not 

significantly influence perceived usability of the MLapi. 
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Table 21 

Pairwise comparisons: SUS and Education 

  W p 

High School Bachelor 0.207 0.999 

High School Masters 0.918 0.916 

High School Doctorate 2.381 0.333 

Bachelor Masters 1.067 0.875 

Bachelor Doctorate 2.872 0.177 

Masters Doctorate 2.413 0.321 

 

4.2.4 SUS score and work experience 

This analysis was conducted to determine if a statistically significant correlation 

exists between professional experience levels and users' SUS scores for the API. Both 

Pearson’s r and Spearman’s rho (Ranganathan, 2021) were calculated to assess the 

relationship between SUS scores and years of professional experience. 

Table 22 

Correlation Matrix: SUS and Experience 

  Experience p-value 

SUS Score Pearson's r 0.013 0.871 

Spearman's rho 0.000 0.997 

 

Neither correlation was statistically significant (p > .05), suggesting that professional 

experience does not appear to be associated with perceived usability of MLapi. These 

results indicate that work experience does not significantly influence SUS scores. In other 

words, the usability perception of the system is consistent across varying levels of 

professional experience. 
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4.3 Principal Component Analysis 

Principal Component Analysis (PCA) is a statistical technique used to reduce the 

dimensionality of data while preserving as much variability as possible (Jolliffe and 

Cadima, 2016). In the context of analyzing questionnaires (especially standardized ones 

like the System Usability Scale) PCA helps uncover latent variables, or underlying 

themes, that explain patterns in user responses (Jolliffe, 2002).  

Instead of evaluating each question in isolation, PCA groups questions that tend 

to be answered similarly, revealing broader usability dimensions. This is particularly 

useful in SUS surveys, where some items are positively worded and others negatively, 

and where usability is a multi-faceted concept (Jolliffe, 2002).  

PCA was conducted to explore the underlying structure of responses to the SUS 

questionnaire evaluating the MLapi tool. The analysis employed varimax rotation 

(Jolliffe and Cadima, 2016), which enhances interpretability by maximizing the variance 

of loadings on each component.  

The decision to retain three components was guided by the scree plot and the 

cumulative variance explained. The scree plot revealed a clear "elbow" after the third 

component, indicating diminishing returns in explained variance beyond this point. 

Statistically, the first three components accounted for 90.3% of the total variance 

(Component 1: 45.5%, Component 2: 27.5%, Component 3: 17.4%). 
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Table 23 

PCA: Component Loadings 

 Component  

 1 2 3 Uniqueness 

Q1_Score 
 

0.918 
 

0.0907 

Q2_Score 0.954 
  

0.0833 

Q3_Score 
 

0.376 0.858 0.1133 

Q4_Score 0.937 
  

0.1187 

Q5_Score 
 

0.905 
 

0.1113 

Q6_Score 0.944 
  

0.0954 

Q7_Score 
  

0.898 0.0962 

Q8_Score 0.961 
  

0.0648 

Q9_Score 
 

0.917 
 

0.1075 

Q10_Score 0.950 
  

0.0844 

Note. 'varimax' rotation was used 

 

Table 24 

PCA: Component Statistics 

Component SS Loadings % of Variance Cumulative % 

1 4.55 45.5 45.5 

2 2.75 27.5 73.0 

3 1.74 17.4 90.3 

 

 

Figure 6 

PCA Scree Plot 
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Each component was interpreted based on the pattern of loadings from the SUS items: 

• Component 1: Complexity 

This component had high loadings from items Q2, Q4, Q6, Q8, and Q10, which 

include statements such as “I found the system unnecessarily complex”, “I think I 

would need the support of a technical person”, and “I needed to learn a lot of 

things before I could get going.” These items reflect perceived difficulty, 

inconsistency, and reliance on external help, justifying the label Complexity. This 

component captures the barriers to usability and the cognitive load imposed by the 

system. 

• Component 2: Agility 

Items loading highly on this component include Q1, Q5, and Q9, such as “I think 

that I would like to use this system frequently”, “I found the various functions in 

this system were well integrated”, and “I felt very confident using the system.” 

These items reflect confidence, system integration, and willingness to engage, 

which are indicative of a system that supports efficient and fluid interaction. The 

term Agility is used here to denote the system’s perceived responsiveness and the 

user’s ability to operate it with ease and confidence. 

• Component 3: Learnability 

This component was defined by high loadings from items Q3 and Q7, including “I 

thought the system was easy to use” and “I would imagine that most people would 

learn to use this system very quickly.” These items directly assess the ease of 

learning and intuitiveness of the system, supporting the label Learnability. This 
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dimension is critical in early adoption phases, especially for technical tools like 

APIs, where steep learning curves can delay user engagement. 

4.3.1 Components Reliability 

Following the PCA of a System Usability Scale questionnaire, reliability analysis 

was conducted to assess the internal consistency of the identified components (Meyer, 

2010). Reliability was measured using Cronbach’s alpha (Meyer, 2010) and the results 

revealed excellent reliability for all three components: 

Table 25 

PCA: Components Reliability 

Component Cronbach's α 

Complexity 0.942 

Agility 0.975 

Learnability 0.880 

 

Cronbach alpha values go beyond the commonly accepted threshold of 0.70 for 

acceptable reliability, with values above 0.90 indicating exceptional internal consistency 

(George and Mallery, 2024). The Complexity component, composed of negatively 

worded items such as perceived difficulty and need for support, demonstrates a strong 

and coherent measurement of the absence of significant usability barriers. The Agility 

component, which includes items related to confidence, integration, and frequent use, 

shows the highest reliability, suggesting that users consistently perceive these aspects as 

interconnected indicators of system responsiveness and usability. Lastly, the Learnability 

component, which captures quick adoption and ease of use, also shows strong reliability, 

confirming that these items effectively measure the intuitiveness of the system.  
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4.3.2 Complexity 

Complexity and gender 

To investigate whether Complexity differed significantly between male and 

female participants, an Independent Samples t-test was conducted (Smalheiser, 2017). 

Prior to the analysis, assumptions of normality and homogeneity of variances were 

assessed (Smalheiser, 2017). 

• Normality: The Shapiro-Wilk test indicated a significant deviation from normality 

for Complexity, W = 0.778, p < .001, suggesting that the data are not normally 

distributed. 

• Homogeneity of Variances: Levene’s test for equality of variances was not 

significant, F(1, 148) = 7.31, p = 0.008, indicating that the assumption of equal 

variances was not met. 

Table 26 

Normality Test (Shapiro-Wilk): Complexity and gender 

 W p 

Complexity 0.778 <.001 

 

Table 27 

Homogeneity of Variances Test (Levene's): Complexity and gender 

 F df df2 p 

Complexity 7.31 1 148 0.008 

 

Table 28 

Independent Samples T-Test: Complexity and gender 

  Statistic df p 

Complexity Student's t 1.68 148 0.094 

Mann-Whitney U 2303  0.093 
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To complement the analysis, a Mann-Whitney U test was also performed as a non-

parametric alternative (Smalheiser, 2017). These findings suggest that gender was not a 

statistically significant factor in the Complexity of the MLapi.  

Complexity and age 

The next hypothesis examined whether there was a statistically significant 

(Aityan, 2022) correlation between participants’ age and Complexity. To explore this 

hypothesis Pearson and Spearman metrics were calculated. Both correlation coefficients 

indicated a very weak and non-significant relationship between age and Complexity. 

Table 29 

Correlation Matrix: Complexity and age 

  Age p-value 

Complexity Pearson's r 0.001 0.993 

Spearman's rho -0.033 0.687 

Complexity and education level 

This statistical test aimed to discover whether Complexity differs significantly among 

participants with different education levels. Prior to the analysis, assumptions of 

normality and homogeneity of variances were assessed (Chatzi and Doody, 2024). The 

results showed no statistically significant differences. 

 

Table 30 

Normality Test (Shapiro-Wilk): Complexity and education 

Statistic p 

0.748 <.001 
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Table 31 

Homogeneity of Variances Test (Levene's): Complexity and education 

F df1 df2 p 

1.33 3 146 0.267 

 

Table 32 

ANOVA: Complexity and education 

 Sum of Squares df Mean Square F p 

Education 0.492 3 0.164 0.161 0.922 

Residuals 148.508 146 1.017     

 

 

Given the violation of normality assumption, a Kruskal-Wallis test was also performed as 

a non-parametric alternative (Chatzi and Doody, 2024). The test similarly revealed no 

statistically significant differences. 

Table 33 

Kruskal-Wallis: Complexity and education 

 χ² df p 

Complexity 0.211 3 0.976 

 

Complexity and work experience 

This test aimed to examine whether there is a statistically significant relationship 

between participants’ work experience and Complexity of the API. Both Pearson’s r and 

Spearman’s rho were calculated (Aityan, 2022). Neither correlation was statistically 

significant (p > .05), suggesting that professional experience does not appear to be 

associated with Complexity of MLapi.  
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Table 34 

Correlation Matrix: Complexity and experience 

  Experience p-value 

Complexity Pearson's r -0.015 0.857 

Spearman's rho -0.060 0.464 

 

4.3.3 Agility 

Agility and gender 

To investigate whether Agility differed significantly between the genders of 

participants, an Independent Samples t-test (Smalheiser, 2017) was conducted.  

Table 35 

Normality Test (Shapiro-Wilk): Agility and gender 

 W p 

Agility 0.835 <.001 

 

Table 36 

Homogeneity of Variances Test (Levene's): Agility and gender 

 F df df2 p 

Agility 2.02 1 148 0.157 

 

Table 37 

Independent Samples T-Test: Agility and gender 

  Statistic df p 

Agility Student's t -0.268 148 0.789 

Mann-Whitney U 2471  0.301 

 

To complement the analysis, a Mann-Whitney U test was also performed as a non-

parametric alternative (Smalheiser, 2017). These findings suggest that gender was not a 

statistically significant factor in the Agility of the MLapi.  
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Agility and age 

This hypothesis examined whether there was a statistically significant correlation 

between participants’ age and Agility. Both Pearson and Spearman correlation 

coefficients (Aityan, 2022) indicated a non-significant relationship between age and 

Agility. 

Table 38 

Correlation Matrix: Agility and age 

  Age p-value 

Agility Pearson's r 0.073 0.375 

Spearman's rho 0.119 0.146 

 

Agility and education level 

This statistical test was intended to discover whether Agility differs significantly 

among participants with different education levels. Prior to the analysis, assumptions of 

normality and homogeneity of variances were assessed (Holmes and Rinaman, 2014).  

Table 39 

Normality Test (Shapiro-Wilk): Agility and education 

Statistic p 

0.885 <.001 

 

Table 40 

Homogeneity of Variances Test (Levene's): Agility and education 

F df1 df2 p 

6.89 3 146 <.001 

 

One-way ANOVA was conducted to compare Agility across the four education levels.  
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Table 41 

ANOVA: Agility and education 

 Sum of Squares df Mean Square F p 

Education 7.76 3 2.586 2.67 0.050 

Residuals 141.24 146 0.967     

 

Given the violation of normality assumption, a Kruskal-Wallis test was also performed as 

a non-parametric alternative (Chatzi and Doody, 2024). The test similarly revealed no 

statistically significant differences. 

Table 42 

Kruskal-Wallis: Agility and education 

 χ² df p 

Agility 7.02 3 0.071 

 

Agility and work experience 

This test aimed to examine whether there is a statistically significant relationship 

between participants’ work experience and Agility of the MLapi. Both Pearson’s r and 

Spearman’s rho were calculated (Aityan, 2022). Neither correlation was statistically 

significant (p > .05), suggesting that professional experience does not appear to be 

associated with Agility of MLapi.  

Table 43 

Correlation Matrix: Agility and experience 

  Experience p-value 

Agility Pearson's r 0.102 0.212 

Spearman's rho 0.130 0.113 
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4.3.4 Learnability 

Learnability and gender 

To investigate whether Learnability differed significantly between the genders of 

participants, an Independent Samples t-test (Smalheiser, 2017) was conducted.  

Table 44 

Normality Test (Shapiro-Wilk): Learnability and gender 

 W p 

Learnability 0.855 <.001 

 

Table 45 

Homogeneity of Variances Test (Levene's): Learnability and gender 

 F df df2 p 

Learnability 0.901 1 148 0.344 

 

Table 46 

Independent Samples T-Test: Learnability and gender 

  Statistic df p 

Learnability Student's t 0.987 148 0.325 

Mann-Whitney U 2358  0.142 

 

To complement the analysis, a Mann-Whitney U test was also performed as a non-

parametric alternative (Smalheiser, 2017). These findings suggest that gender was not a 

statistically significant factor in the Learnability of the MLapi.  

Learnability and age 

This hypothesis examined whether there was a statistically significant correlation 

between participants’ age and Learnability. Both Pearson and Spearman correlation 
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coefficients (Aityan, 2022) indicated a non-significant relationship between age and 

Learnability. 

Table 47 

Correlation Matrix: Learnability and age 

  Age p-value 

Learnability Pearson's r -0.086 0.298 

Spearman's rho -0.082 0.319 

 

Learnability and education level 

This statistical test was intended to discover whether Learnability differs 

significantly among participants with different education levels. Prior to the analysis, 

assumptions of normality and homogeneity of variances were assessed (Chatzi and 

Doody, 2024). One-way ANOVA was conducted (Holmes and Rinaman, 2014) to 

compare Learnability across the four education levels. 

Table 48 

Normality Test (Shapiro-Wilk): Learnability and education 

Statistic p 

0.875 <.001 

 

Table 49 

Homogeneity of Variances Test (Levene's): Learnability and education 

F df1 df2 p 

0.503 3 146 0.681 

 

Table 50 

ANOVA: Learnability and education 

 Sum of Squares df Mean Square F p 

Education 2.42 3 0.807 0.804 0.494 

Residuals 146.58 146 1.004     
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Given the violation of normality assumption, a Kruskal-Wallis test was also performed as 

a non-parametric alternative (Chatzi and Doody, 2024). The test similarly revealed no 

statistically significant differences. 

Table 51 

Kruskal-Wallis: Learnability and education 

 χ² df p ε² 

Learnability 2.20 3 0.531 0.0148 

 

Learnability and work experience 

This test aimed to examine whether there is a statistically significant relationship 

between participants’ work experience and the Learnability of MLapi. Both Pearson’s r 

and Spearman’s rho were calculated (Aityan, 2022). Neither correlation was statistically 

significant, suggesting that professional experience does not appear to be associated with 

Learnability of MLapi.  

Table 52 

Correlation Matrix: Learnability and experience 

  Experience p-value 

Learnability Pearson's r -0.099 0.226 

Spearman's rho -0.093 0.257 

 

4.4 Productivity Metrics and Efficiency Gains 

To evaluate the practical impact of MLapi beyond usability, this section 

introduces key productivity metrics that reflect its contribution to operational efficiency. 

Traditional workflows involving Python scripting and manual data preprocessing can 

take several hours, especially for non-expert users. MLapi automates these steps through 



 

 

102 

pre-configured templates and Excel integration, reducing task completion time by up to 

70% in typical classification or regression scenarios. For instance, a task that previously 

required 3-4 hours of scripting and debugging (Weisz et al., 2023) can be completed in 

under 1 hour using MLapi’s automated pipeline. 

In addition to time savings, MLapi contributes to error reduction by minimizing 

manual coding and data handling. Errors in syntax, data formatting, and model 

configuration are common among novice users and can significantly affect the reliability 

of analytical outcomes. MLapi’s structured JSON input and automated validation 

routines help eliminate such errors, ensuring consistent and reproducible results. This 

reduction in human error improves the quality of results but also enhances user 

confidence and trust in the system (Harper and Dorton, 2021). Moreover, the inclusion of 

visual diagnostics such as ROC curves, residual plots, and Feature Importance charts 

further supports accurate interpretation and decision-making. 

From an organizational perspective, these productivity gains are translated into 

measurable cost savings and improved resource utilization. In a mid-sized analytics team, 

if each analyst saves 5 hours per week using MLapi, the cumulative annual time savings 

could exceed 2,500 hours. At an average, analysts hourly rate of $50, this equates to 

approximately $125,000 in productivity gains (Gartner, 2024a). These metrics underscore 

MLapi’s value not only as an educational tool but also as a strategic asset for data-driven 

organizations seeking to optimize workflows, reduce overhead, and accelerate insight 

generation. 
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4.5 Pricing Elasticity Analysis 

Understanding the willingness-to-pay (WTP) for MLapi is essential for evaluating 

its commercial viability and strategic positioning in the educational and enterprise 

analytics market. WTP reflects the highest price users are prepared to pay for a product 

based on perceived value, usability, and alternatives (Breidert, 2006). In the context of 

MLapi, its integration with Excel, automation of ML workflows, and educational value, 

significantly enhances its appeal to non-technical users. Preliminary feedback from pilot 

participants in the Greek banking sector indicated a high perceived value, with over 80% 

expressing interest in adopting MLapi if priced below €20/month for individual use or 

under €2,000/year for enterprise licensing. These figures align with pricing benchmarks 

for similar low-code analytics platforms (Gartner, 2024a). 

Pricing elasticity, which measures how demand responds to changes in price, is 

another critical factor. MLapi’s elasticity is expected to be moderate, given its dual role 

as both an educational and productivity-enhancing tool. For individual users, especially 

students and early-career analysts, price sensitivity may be higher due to budget 

constraints. However, for enterprise clients, the tool’s ability to reduce labor costs and 

improve analytical throughput may justify higher pricing tiers. Elasticity modeling 

suggests that bundling MLapi with training modules or offering tiered pricing (e.g., 

freemium, professional, enterprise) could optimize adoption while maintaining 

profitability (Kotler and Keller, 2022). Additionally, offering volume discounts or site 

licenses for academic institutions could further expand its reach. 
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To validate these assumptions, future research should incorporate conjoint 

analysis or discrete choice experiments to quantify user preferences and simulate market 

scenarios. These methods can help identify optimal pricing strategies by balancing 

feature importance, perceived value, and budget constraints. Moreover, integrating 

feedback loops into MLapi’s deployment (such as in-app surveys or usage analytics) can 

provide ongoing insights into user satisfaction and price tolerance. By aligning pricing 

with user expectations and market dynamics, MLapi can position itself competitively in 

the growing landscape of educational machine learning tools (Nagle and Müller, 2018). 

4.6 Longitudinal Usage and Retention Analysis 

Understanding how MLapi is used over extended periods is crucial for 

determining whether the tool continues to deliver value beyond initial interactions. While 

early usability indicators such as SUS scores capture immediate impressions, long-term 

behavioral data reveal whether users continue to rely on the system and integrate it into 

their routines. Monitoring usage across time makes it possible to observe trends such as 

changes in access frequency, evolving feature preferences, and points at which 

participation tapers off (Harper and Dorton, 2021). These forms of evidence are 

particularly relevant in both educational and professional settings, where sustained 

engagement is often associated with improved capability, enhanced output, and a stronger 

overall return on investment (Harper and Dorton, 2021). 

Examining retention patterns also allows organizations to detect stages in the user 

lifecycle where interest begins to decline. For example, users may be active shortly after 

onboarding but gradually disengage if they encounter obstacles such as inadequate 
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guidance, ambiguous documentation, or unmet expectations (Nagle and Müller, 2018). 

By gathering activity data across extended periods, organizations can identify these 

problematic moments and respond with targeted improvements, ranging from additional 

instructional content to interface enhancements or tailored feedback. Analytical 

approaches, including cohort comparisons and churn-based modeling, make it possible to 

classify users by behavioral tendencies and estimate the likelihood that they will continue 

to interact with the tool (Nagle and Müller, 2018). Insights derived from this analysis 

could play a central role in maintaining a positive user experience and ensuring MLapi’s 

long-term relevance. 

To support ongoing monitoring, MLapi should incorporate instrumentation 

capable of collecting anonymized records of key usage indicators, such as session count, 

time spent in the tool, and engagement with specific features. These metrics can be 

gathered either by lightweight tracking components within the Excel-VBA client or 

through logging routines implemented on the server side of the API. Complementing this 

data with user surveys or integrated feedback prompts provides additional context that 

cannot be captured through behavioral tracking alone. Over time, this combination of 

quantitative and qualitative information will establish a detailed picture of user 

engagement and guide continuous enhancement of MLapi’s functionality, documentation, 

and support environment (Gartner, 2024b). 

4.7 Conclusion 

This research explores the variables that shape users’ perceptions of MLapi’s 

usability by applying inferential statistical procedures along with a Principal Component 
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Analysis (PCA). The hypothesis tests showed that SUS scores did not differ meaningfully 

across categories (gender, age, educational background, professional experience), 

suggesting that people from different groups interacted with the system in similar ways. 

The PCA revealed three underlying dimensions, Complexity, Agility, and Learnability, 

that together accounted for 90.3% of the variance in responses. These factors represent 

core aspects of how individuals engage with the tool, including how challenging it feels 

to use, how smoothly users can work with it, their confidence when interacting with the 

system, and how easily new users can understand it. Follow-up analyses indicated that 

these dimensions were interpreted similarly across demographic subgroups, 

demonstrating that the measurement structure was stable and not influenced by personal 

attributes. Overall, the findings highlight that MLapi delivers a generally uniform 

usability experience and establishes a solid basis for future refinement and assessment of 

the tool. 
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CHAPTER V:  

DISCUSSION 

5.1 Overview of Findings 

The purpose of this research was to create MLapi, a machine learning API 

designed to make Python-based analytics accessible to individuals with limited 

programming exposure. The idea was driven by the growing need for tools that reduce 

technical barriers while supporting the development of data-related competencies, 

especially in academic and workplace environments where data literacy is increasingly 

essential. MLapi was conceived as both a computational backend and a learning aid, 

combining an Excel frontend with a PHP API layer and a Python execution environment 

so that users could apply advanced statistical and ML techniques without writing code. 

To evaluate how users perceived the system, the study employed the System 

Usability Scale (Brooke, 1996). A total of 150 analytics professionals working in the 

Greek banking industry viewed a demonstration of MLapi and subsequently completed 

the SUS survey. The tool received an average score of 90.0, surpassing the commonly 

referenced usability threshold of 85. This outcome indicates that participants generally 

regarded the system as simple, efficient, and easy to use. 

In addition to the aggregate SUS rating, a Principal Component Analysis was 

performed to uncover underlying patterns in users’ responses. Three interpretable 

components emerged, Complexity, Agility, and Learnability, each representing different 

facets of system interaction. Complexity related to perceived difficulty and reliance on 

support; Agility represented confidence, smooth operation, and habitual use; and 
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Learnability captured the ease with which new users could become proficient. 

Collectively, these components explained more than 90% of the response variance, 

suggesting a stable and meaningful structure. 

Further statistical testing showed that demographic characteristics, including 

gender, age, education, and professional background, did not significantly shape 

participants’ perceptions. This result implies that the tool delivers a relatively uniform 

experience across varied user groups, supporting its suitability for broad deployment in 

learning and professional environments. The absence of demographic influence also 

points to the clarity and low cognitive burden of the system’s design. 

Overall, the study’s results indicate that MLapi performs reliably, offers an 

inclusive user experience, and has the capacity to support learning through its modular 

architecture and transparent workflow. The evidence gathered highlights its potential as a 

valuable asset in data-science training and applied analytic contexts. Even so, the findings 

should be interpreted alongside the study’s limitations and broader implications, which 

are discussed in later sections. 

5.2 Technical Contributions and Educational Value 

The creation of MLapi marks a meaningful step forward in the landscape of tools 

designed for data-science education, offering a novel way to connect sophisticated ML 

techniques with an interface that is easy for non-programmers to navigate. The central 

aim of MLapi is to broaden participation in machine learning by enabling users, 

particularly those without a coding background, to carry out advanced analytical 

procedures within a familiar platform: Microsoft Excel. Choosing Excel as the point of 
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interaction was an intentional design strategy, using its widespread familiarity to reduce 

the learning curve associated with data analysis. 

From a technical point of view, MLapi relies on a layered system consisting of an 

Excel-based client, a PHP/Apache middle tier, and a Python environment running 

through Anaconda. Each layer has a distinct role, allowing the system to remain flexible, 

maintainable, and easy to extend. Excel communicates with the API by sending JSON-

formatted instructions written in VBA. The API interprets these instructions and relays 

them to the Python backend, where all ML routines are executed. The outcomes are 

returned in the form of Jupyter Notebook files, giving users both visual summaries and 

the executable code that generated them. This setup provides several benefits in 

engineering. It makes it possible to reuse the analytical core with different front-end 

applications, supports asynchronous operations, and allows upgrades to occur at the level 

of individual components without disrupting the whole system. The deployment of 

Jupyter Notebooks further strengthens transparency and traceability, essential qualities in 

academic and industry data-science practice. The system’s algorithm library is extensive, 

incorporating both traditional models (e.g., logistic regression, decision trees) and 

modern techniques (e.g., XGBoost, neural networks), illustrating the breadth of analytical 

functionality available. 

MLapi also serves as a structured educational tool. Users can access ready-made 

templates for a wide range of statistical and ML procedures, each enhanced with optional 

diagnostic analysis, visual outputs, and performance indicators. These templates help 

guide users toward established practices such as evaluating model performance, 
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examining feature influence, and tuning hyperparameters. Options that typically require 

advanced coding proficiency (such as ROC curve generation, silhouette scoring, or 

running GridSearchCV) can be activated through simple interface selections. 

A key educational feature of MLapi is its display of the Python code alongside the 

analytical results. This dual presentation transforms the tool from a black-box automation 

utility into a guided learning environment. Users can observe how the code is structured, 

how the data are handled, and how models are trained, offering a gradual introduction to 

Python and ML workflows while still enabling immediate practical use. In summary, 

MLapi architecture supports robust and scalable deployment, while its design philosophy 

emphasizes accessibility, clarity, and hands-on learning. By embedding exposure to ML 

concepts directly into the analytical process, MLapi contributes to expanding 

opportunities for data-science education.  

5.3 Usability Evaluation and Principal Components 

The usability evaluation of MLapi formed a central element of this research, 

offering measurable insights into how individuals experienced the tool during typical 

analytical tasks. The participants were data analytics practitioners with varying degrees of 

technical proficiency, and they interacted with MLapi in a context where ML and 

statistical operations were executed through a simplified front-end. To assess the overall 

user experience, the study employed the System Usability Scale (Brooke, 1996). 

SUS is composed of ten questions, with scoring rules that adjust for each item’s 

orientation before generating a final value between 0 and 100. In this evaluation, MLapi 

achieved an average score of 90, which exceeds the widely referenced benchmark of 85 
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typically associated with exceptional usability. Such a high rating indicates that users 

viewed the tool as clear, streamlined, and easy to operate, an important result given that 

the target audience may include individuals with limited exposure to programming or ML 

methods. To gain a deeper understanding (Jolliffe and Cadima, 2016) of how users 

responded to specific aspects of the system, the SUS data were further analyzed through a 

Principal Component Analysis (Jolliffe and Cadima, 2016 ). Three meaningful 

components emerged from this analysis (Complexity, Agility, and Learnability) and 

together they explained more than 90% of the variance in responses. 

The first component, Complexity, encompassed perceptions related to the 

difficulty of performing tasks, inconsistencies in interaction, and the extent to which 

support might be needed. This factor reflects the mental effort required when using the 

system. Agility, the second component, captured elements such as user confidence, 

smooth workflow integration, and tendencies toward repeated use. The third component, 

Learnability, addressed how quickly new users could understand the tool and how 

intuitive the early learning phase felt, an especially relevant dimension in training 

environments where rapid familiarization is essential. 

Reliability testing using Cronbach’s alpha (Kilic, 2016) demonstrated strong 

internal consistency (Meyer, 2010) for all three factors, with coefficients ranging from 

0.88 to 0.975. These results support the stability of the dimensional structure identified by 

the PCA. Further statistical analyses found no meaningful differences in component 

scores across demographic groups-gender, age, education, or professional experience, 

suggesting that MLapi delivers a comparable experience to a broad spectrum of users. 
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Overall, the usability findings highlight MLapi’s effectiveness and accessibility. 

The high SUS rating, combined with the clear set of underlying usability dimensions, 

shows that the tool provides a positive and consistent user experience. The PCA results 

offer a deeper understanding of how people interact with MLapi, indicating strengths as 

well as areas that may be enhanced in future iterations. These outcomes will be valuable 

for guiding ongoing development and ensuring that MLapi continues to support both 

academic learners and professional users. 

5.4 Inclusivity and Demographic Neutrality 

One of the key outcomes of this research was the discovery that MLapi performs 

consistently well for users across a wide range of demographic backgrounds. Statistical 

examinations of both the overall SUS scores and the three extracted components, 

Complexity, Agility, and Learnability, showed no meaningful variation related to gender, 

age, educational attainment, or professional experience. This pattern indicates that people 

with different personal or occupational profiles were able to use MLapi with comparable 

ease. Achieving this level of neutrality is an important milestone for tools designed for 

learning and data analysis, as it demonstrates attention to equitable access and broad 

usability. 

In many usability studies, demographic characteristics strongly influence how 

individuals interpret and navigate digital systems. Older participants may find new 

technologies more cognitively demanding, while those with less formal education may 

struggle with terminology or unfamiliar concepts. Against this fact, MLapi’s lack of 

demographic disparities is particularly noteworthy, signaling that its design effectively 
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accommodates users with varied abilities and backgrounds. This outcome carries several 

implications. It provides support for MLapi’s guiding design principles, which prioritize 

clarity, simplicity, and structured interaction. By reducing reliance on coding knowledge 

and presenting workflows that are easy to follow, the tool lowers practical barriers for 

first-time or less technical users. Its integration with Microsoft Excel, a platform widely 

used across many industries, further enhances approachability by situating advanced ML 

capabilities inside an environment that feels familiar to most professionals. 

The demographic neutrality observed in this study also strengthens MLapi’s 

potential use in educational contexts. Instructors can introduce the tool in diverse 

classroom settings without worrying that certain groups of students will find it 

disproportionately difficult to use. Students from different academic disciplines or 

personal backgrounds can participate equally, helping to foster an inclusive learning 

atmosphere. Beyond formal education, these findings point to MLapi’s suitability for 

workplace training and ongoing skill development. As organizations expand their data-

literacy initiatives, there is growing need for tools that can serve employees with very 

different levels of experience. The ability of MLapi to provide consistent user experience 

across both novice and experienced professionals suggests it can function effectively in 

upskilling programs and professional development pathways. 

5.5 Limitations and Future Considerations 

Although the study demonstrates strong indicators of MLapi’s usability and 

instructional value, several constraints should be recognized. To begin with, the SUS 

scale, while convenient and widely adopted, offers only a broad evaluation of user 
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impressions and cannot pinpoint the particular features or interactions that might cause 

difficulty. More detailed investigations (such as observational studies, think-aloud 

sessions, or semi-structured interviews) would provide a clearer picture of the specific 

elements that shape user experience. 

Another limitation arises from the composition of the participant group. All 

individuals were recruited from the Greek banking industry, resulting in a relatively 

uniform sample. Such homogeneity may have influenced the overall ratings and may not 

capture potential usability issues that could emerge among users from other professional 

or cultural backgrounds. Incorporating participants from multiple sectors or geographic 

regions in future research would enhance further the worth of the findings. Further 

consideration concerns the system’s technical design. Although MLapi accommodates an 

extensive collection of ML techniques, its operation through Excel may restrict 

performance or flexibility in environments that demand more advanced workflows. 

Future development could involve connecting MLapi to additional frontend platforms or 

creating a dedicated graphical interface to support more complex or large-scale analytical 

use cases. 

5.6 Strategic Roadmap for Commercialization 

To guide MLapi’s evolution from a research-oriented prototype into a market-

ready solution, a clearly defined commercialization strategy is required. The initial stage 

should concentrate on assessing market relevance by running focused pilot 

implementations in fields such as finance, education, and healthcare, domains in which 

data-driven decision-making is important but technical barriers still hinder adoption. 
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Insights from these pilots would help shape the feature set, refine pricing structures, and 

inform the level of support services needed. Because MLapi leverages Excel and offers a 

low-code interaction model, it is particularly suited to professionals who work 

extensively with data but lack formal programming training, an audience that remains 

underserved by conventional ML tools (Harper and Dorton, 2021; Rao, 2025). 

The next stage involves developing alliances and creating effective distribution 

pathways. Partnerships with universities could encourage integration of MLapi into 

academic programs, while collaborations with major enterprise software providers such 

as Microsoft or SAP could open possibilities for embedding MLapi within existing 

productivity ecosystems. A tiered pricing scheme, beginning with a no-cost basic version 

and extending to paid plans that offer expanded functionality, enterprise features, and 

priority support, may help balance accessibility with sustainable revenue generation. This 

approach is consistent with established principles of pricing strategy and market 

responsiveness (Kotler and Keller, 2022; Gartner, 2024a). 

The final stage of the roadmap centers on scaling MLapi’s infrastructure and 

building a broader user community. Transitioning the system to a cloud-hosted SaaS 

(Software as a service) architecture (Wu, C., 2018) would support multi-user workloads, 

streamline maintenance, and allow rapid deployment of updates. At the same time, 

encouraging an open-source ecosystem around MLapi could accelerate development 

cycles, reduce long-term costs, and foster community-driven enhancement. 

Comprehensive documentation, practical tutorials, and interactive discussion forums will 

play an essential role in supporting adoption and stimulating contributions. Through 
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combined efforts in scalability, partnership development, and user-oriented pricing, 

MLapi has the potential to establish a significant presence in both educational and 

enterprise analytics environments (McKinsey & Company, 2025b; Nagle and Müller, 

2018). 

5.7 Revenue Models and Commercial Viability 

To support long-term expansion and maintain competitive positioning, MLapi 

should adopt a revenue strategy that matches both its architecture and the needs of its 

various user groups. One pathway involves offering an enterprise licensing arrangement 

for organizations that require local installation because of strict data-handling or 

regulatory constraints. Such agreements (typically structured as annual or multi-year 

commitments) would grant organizations full access to MLapi’s capabilities, enhanced 

support services, and opportunities for tailored feature development. This approach is 

especially relevant for fields like finance and healthcare, where on-premise deployments 

remain the norm due to privacy and compliance considerations (McKinsey & Company, 

2025a; Gartner, 2024b). 

In addition to licensing, MLapi can be delivered through a SaaS model aimed at 

individual practitioners, smaller businesses, and academic users. A cloud-based 

subscription framework would allow pricing differentiation, beginning with a no-cost 

entry tier for fundamental ML tasks and extending to advanced plans that include 

expanded analytics, collaborative tools, and API-level integration. SaaS offerings are 

well aligned with MLapi’s modular backend, providing scalability, consistent revenue, 

simplified maintenance, and efficient feature roll-out (Kotler and Keller, 2022; Nagle and 
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Müller, 2018). Furthermore, operating in the cloud enables the collection of anonymized 

usage patterns that can guide product refinement and strengthen user-retention strategies. 

Beyond software access, MLapi could establish additional income streams by 

delivering professional development resources and formal certification pathways. These 

options would fit students seeking to advance their skills in Python-based machine 

learning and Excel-integrated analytics. Webinars, instructor-led sessions, and 

asynchronous training modules could be packaged with subscriptions or purchased 

separately. Certification credentials would not only increase MLapi’s market credibility 

but also appeal to employers and educational institutions looking to assess data-literacy 

competencies. This educational dimension reinforces MLapi’s role as both a productivity 

enhancer and a learning platform (Harper and Dorton, 2021; Siddik, Li and Bezemer, 

2025). 

5.8 Organizational Change Management Framework 

Successfully using MLapi within an organization involves far more than installing 

the software; it requires a coordinated effort to help people adjust their routines, gain 

confidence, and understand how the tool supports wider organizational objectives. 

Change management, defined as the structured process of guiding individuals and groups 

through transitions toward improved ways of working (Kotter, 2012), is therefore central 

to MLapi’s introduction. In many cases, employees may be moving away from 

conventional business-intelligence tools or manual reporting practices, making the shift 

toward ML-supported workflows both unfamiliar and potentially disruptive (Bass et al., 

2025). 
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A practical approach for supporting this transition is to draw on Kotter’s 8-Step 

Change Model. The process begins by highlighting the necessity for improved data-

driven practices and the limitations of existing analytic tools in meeting organizational 

demands (Kotter, 2012). Next, assembling a cross-departmental leadership group, 

bringing together representatives from IT, analytics teams, and business units, can help 

steer MLapi’s introduction and maintain alignment with strategic priorities. 

Communicating an outline about how MLapi enhances productivity and decision quality 

is also critical. This message can be reinforced through internal demonstrations, pilot 

activities, and awareness campaigns that exemplify MLapi’s usability and benefits 

(Kotter, 2012; Harper and Dorton, 2021). 

Equipping users with the skills and support they need is another essential 

component of the change process. MLapi’s built-in learning aids, including Jupyter 

Notebook outputs and Excel-based interactions, should be intentionally incorporated into 

training programs. Workshops, structured learning paths, and peer-support networks can 

help users become more comfortable with ML workflows. Brief, recurring feedback 

cycles, using surveys, analytics, or check-ins, can reveal obstacles and guide adjustments 

to the deployment strategy. Acknowledging individuals or teams who adopt MLapi early 

and demonstrate best practices can further strengthen engagement and momentum 

(Siddik, Li and Bezemer, 2025; McGehee, 2024a). 

Long-term success also depends on formally integrating MLapi into the 

organization’s operational ecosystem. This includes updating data-governance 

frameworks, aligning MLapi usage with key performance indicators, and ensuring 
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leadership continues to advocate for its use. When organizations treat MLapi deployment 

as part of a broader digital-transformation strategy rather than a simple technology 

addition, they are more likely to cultivate data-driven habits and foster an innovative 

culture. Such an approach enhances both the return on investment and the potential for 

MLapi to scale across different teams and applications (Kotler and Keller, 2022; 

McKinsey & Company, 2025b). 
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CHAPTER VI:  

SUMMARY, IMPLICATIONS, AND RECOMMENDATIONS 

6.1 Summary 

This study presented the conceptual design, technical development, and user 

evaluation of MLapi, a machine learning API created to lower the barriers associated 

with Python-based analytics. The project was driven by a growing need for analytical 

tools that simplify complex methods for individuals who may not have extensive 

programming experience. The technical contribution of the work centered on a multilayer 

system architecture in which Microsoft Excel operates as the user interface, a PHP API 

acts as the intermediary layer, and a Python environment running through Anaconda 

performs computational tasks. This separation of components enables flexible updates, 

straightforward maintenance, and an organized workflow. MLapi offers preconfigured 

templates for a broad range of statistical and ML techniques, and it generates outputs as 

Jupyter Notebook files to enhance transparency and support learning. 

The usability evaluation relied on the System Usability Scale and included 150 

analytics professionals employed in the Greek banking sector. Participants rated MLapi 

with an average score of 90, reflecting very positive usability perceptions. Further 

analysis of the SUS data through Principal Component Analysis identified three 

underlying dimensions, Complexity, Agility, and Learnability, each demonstrating strong 

internal coherence. Importantly, usability ratings did not differ meaningfully across 

demographic groups, indicating that MLapi can be used effectively by individuals with 

varied backgrounds and levels of experience. 
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6.2 Implications 

The results of this study point to several considerations for future investigation: 

Scalability and Technical Limitations 

Linking MLapi to Microsoft Excel improves accessibility but also introduces notable 

constraints. Excel was never intended to handle extensive or highly complex datasets, 

meaning that efficiency issues are likely to arise as data volume increases. These 

constraints may restrict the system’s ability to scale. Furthermore, depending on a server 

hosted locally or on a LAN may reduce its suitability for modern cloud-oriented or 

enterprise infrastructures, where centralized hosting and simultaneous multi-user 

operation are typically expected. 

Usability Bias and Limited Applicability 

Although the SUS evaluation suggested strong ease of use, the participant group 

consisted solely of banking professionals based in Greece. Such a specific sample may 

not represent other potential user categories, including students, researchers in unrelated 

disciplines, or users from different cultural or linguistic backgrounds. These contextual 

differences could meaningfully shape users’ perceptions of usability. Without broader 

trials, the tool’s current design may not translate effectively to diverse user communities 

or educational contexts. 

Maintenance Demands and Long-Term Viability 

MLapi relies on a combination of technologies (PHP, Apache, Python, and Excel). Each 

component must be kept up-to-date and compatible with the others, which may become 

more difficult as software libraries evolve, and operating systems change. In the absence 
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of a stable support framework or an active open-source community, sustaining the system 

over time may pose considerable challenges, particularly within organizations or 

commercial settings. 

6.3 Recommendations for Future Research 

While this study provides a strong foundation, several options for future research 

are recommended: 

• Expand the Sample Population: Future studies should include participants from 

other industries and geographic regions to enhance the generalizability of findings 

and explore potential cultural or sector-specific usability factors. 

• Incorporate Qualitative Methods: Complementing SUS with interviews,or 

usability walkthroughs could uncover specific pain points and provide richer 

insights into user behavior and expectations. 

• Longitudinal Studies: Investigating how users’ perceptions and skills evolve 

over time with continued use of MLapi would offer valuable insights into its long-

term educational contribution. 

• Comparative Usability Studies: Comparing MLapi with other educational ML 

tools could highlight its relative strengths and weaknesses, guiding further 

refinement and positioning in the educational technology landscape. 

• Integration with Other Platforms: Exploring the integration of MLapi with 

platforms beyond Excel, such as web-based dashboards or mobile applications,  

could broaden its applicability and user base. 
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6.4 Go-to-Market Strategy 

To achieve effective market penetration and maintain long-term momentum, 

MLapi will benefit from a clearly articulated go-to-market (GTM) approach that aligns 

distribution choices with focused collaborations. A first step involves distinguishing the 

intended user base into three overarching clusters: academic organizations, small to 

medium-sized businesses, and large enterprises. Each of these groups brings different 

expectations and motivations. Educational institutions, for instance, typically value 

straightforward operation and compatibility with classroom workflows; SMEs often 

prioritize affordable analytics tools; and major corporations tend to focus on issues such 

as scaling capacity and regulatory compliance. Crafting segment-specific communication 

and onboarding processes can strengthen relevance and improve adoption outcomes 

(Kotler and Keller, 2022; McKinsey & Company, 2025a). 

A combination of direct and partner-enabled routes can support distribution. 

Direct methods, such as MLapi’s official website, live demonstrations, and digital 

presentations, are appropriate for individual users and smaller firms. Indirect pathways, 

including alliances with software distributors, cloud-platform vendors, and academic 

content providers, can broaden reach across institutional customers. Because the system 

works in conjunction with Microsoft Excel, MLapi can take advantage of cooperative 

marketing within Microsoft’s broader ecosystem. Furthermore, availability on services 

such as AWS or Azure Marketplace could simplify cloud deployment and procurement 

processes (Gartner, 2024a; Flynn, 2024). Expanding MLapi’s footprint on educational 
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platforms like Coursera, Udemy, or edX may also increase visibility among instructors 

and learners. 

Forming focused partnerships should remain a core pillar of the GTM framework. 

Working with universities may facilitate academic licensing and course-level integration, 

while collaborations with consulting and training organizations could drive adoption 

among professionals through bundled or guided offerings. Engagement with data-science 

communities and open-source contributors may further strengthen MLapi’s credibility 

and support continued innovation. These relationships can be organized through 

cooperative agreements, affiliate structures, or co-labeled initiatives that align partner 

incentives and amplify MLapi’s recognition within targeted markets (Nagle and Müller, 

2018; Harper and Dorton, 2021). 

A strong feedback structure is also essential. Monitoring user behavior, channel 

performance, and retention indicators can guide ongoing enhancement. Introducing 

MLapi through trial deployments and then expanding geographically or sector-by-sector 

would allow the team to adjust positioning and allocate resources more effectively. 

Through a coordinated blend of market segmentation, multi-route distribution, and 

purposeful partnerships, MLapi can build a solid market footprint and encourage uptake 

in both academic and enterprise environments (McGehee, 2024b; Siddik, Li and 

Bezemer, 2025). 

6.5 Investment Requirements & Financial Projections 

A thorough view of the upfront financial commitments and longer-term revenue 

expectations is vital for bringing MLapi to market. The current version of the system 
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takes advantage of open-source components (Python, PHP) which helps keep early 

software expenses low. Nevertheless, moving beyond a prototype phase and shaping 

MLapi into a mature, widely deployable product will require resources dedicated to 

hosting infrastructure, specialized staff, promotional activities, and regulatory 

preparation. For a SaaS model delivered through cloud services, monthly hosting fees are 

estimated at roughly €50 - €150 per virtual machine, depending on demand and required 

scaling capabilities (Amazon Web Services, 2025). Ongoing operational expenditures for 

mid-range deployments, which cover updates, maintenance, and user support, are 

expected to total €5,000 - €15,000 per year (Gartner, 2024b). 

Personnel costs constitute another major element of the commercialization 

budget. A small multidisciplinary team, typically including a backend engineer, a 

DevOps specialist, a user-experience designer, and first-line support staff, would require 

an estimated annual payroll of about €200,000, based on prevailing salary levels in 

Europe. Additional spending may be necessary for legal and compliance expertise, 

particularly for organizations in heavily regulated fields such as healthcare or finance. 

These services ensure adherence to GDPR, secure management of sensitive data, and 

implementation of robust authentication systems (McKinsey & Company, 2025a). 

Projected revenue streams for MLapi appear favorable under a subscription-based 

SaaS framework. With a modest assumption of 1,000 professional subscribers during the 

first operational year at €19.99 per month, the platform could generate approximately 

€240,000 in annual recurring revenue. Enterprise agreements and academic site licenses 

could offer an extra €100,000 - €300,000 yearly, contingent upon the volume of 
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institutional partnerships. Optional training and certification offerings, priced at €99 per 

enrolment, could yield an additional €50,000 - €100,000, especially if incorporated into 

bundled subscription packages (Kotler and Keller, 2022; Nagle and Müller, 2018). 

Preliminary financial modelling indicates that MLapi could achieve break-even 

within roughly 18-24 months under moderate growth assumptions and careful expense 

management. Critical performance metrics, including customer acquisition cost (Breidert, 

2006), lifetime value (Harper and Dorton, 2021), and user churn (Nagle and Müller, 

2018), should be evaluated continuously to inform operational and strategic adjustments. 

Investments in automated marketing tools, guided onboarding, and customer success 

initiatives will play an important role in strengthening retention and supporting revenue 

expansion. With prudent startup spending and a diversified mix of income channels, 

MLapi has the potential to develop into a stable and scalable analytics offering 

(McGehee, 2024b; Siddik, Li and Bezemer, 2025). 

6.6 Strategic Alliances & Market Expansion 

Strategic partnerships will play a central role in expanding MLapi’s presence in 

the market and strengthening its reputation across multiple domains. Collaboration with 

consulting firms offers considerable potential for enterprise-level adoption. Because these 

firms often advise organizations on digital transformation and integrate analytics into 

operational processes, they can introduce MLapi as part of broader modernization 

initiatives. Incorporating MLapi into their analytics offerings would enable clients to 

move beyond conventional BI systems and adopt ML-supported workflows, while MLapi 
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gains sector-specific exposure and tailored implementations (McGehee, 2024b; 

McKinsey & Company, 2025a). 

There is also substantial opportunity within the educational sector. Universities, 

technical training institutions, and online course providers increasingly seek tools that 

connect theoretical instruction with applied ML practice. MLapi’s Excel compatibility 

and Jupyter Notebook output make it well suited for instructional environments that 

emphasize accessible, hands-on learning. Possible collaboration models include 

institutional licensing, embedding MLapi into coursework, and joint certification tracks. 

Such partnerships can both generate revenue and cultivate a pipeline of future 

professionals who develop familiarity with MLapi during their studies (Harper and 

Dorton, 2021; Siddik, Li and Bezemer, 2025). 

To efficiently manage these partnerships, MLapi could introduce structured 

program categories, such as “Academic Partner”, “Consulting Integrator”, and “Training 

Affiliate”, each associated with specific privileges and expectations. Academic partners 

might benefit from discounted licenses. Consulting integrators could obtain enterprise-

grade deployment tools and shared promotional campaigns. Training affiliates could 

design and deliver courses built around MLapi, helping reinforce skills acquisition and 

drive usage through continuous learning (Kotler and Keller, 2022; Nagle and Müller, 

2018). 

These alliances should be supported by shared performance benchmarks and 

collaborative innovation efforts. Co-developed case studies, trial implementations, and 

research initiatives can showcase MLapi’s versatility and real-world impact. Such 
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activities not only provide evidence of effectiveness but also create structured channels 

for iterative feedback and enhancement (Gartner, 2024a; Flynn, 2024). Through 

coordinated partnerships with consulting organizations and educational institutions, 

MLapi can scale its reach, strengthen its market positioning, and build long-term trust 

among both professional and academic users. 

6.7 Conclusion 

This research illustrates that MLapi offers a dependable technical foundation, a 

strong educational utility, and a high level of user-friendliness for individuals working 

with machine learning and data analysis. Through the combination of an accessible 

interface and advanced computational features, MLapi responds to a notable gap in 

existing educational tools. The strong usability outcomes, reinforced by statistical 

evaluation and the tool’s consistent performance, indicate that MLapi has significant 

potential to broaden participation in data-driven decision making. The study advances 

discussions in educational technology, usability assessment, and practical machine 

learning by presenting both conceptual contributions and tangible system innovations. As 

data-informed practices continue to influence a wide range of disciplines, platforms like 

MLapi will be increasingly important in helping students and professionals develop the 

competence and assurance needed to work with sophisticated analytical processes. 
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APPENDIX A   

SYSTEM USABILITY SURVEY FORM 
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APPENDIX B   

MLAPI SOURCE CODE 

 

MLapi python templates 
Python.zip

 

PHP source code 
PHP.zip

 

VBA source code 

 

Conda YAML file 
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