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“Abstract”  
The increasing role of data analytics and machine learning (ML) across different fields has created a 

strong need for educational tools that support both theoretical understanding and hands-on practice. 

Although Python is widely used as the main programming language for data analytics, many students and  

early-stage researchers find it difficult to use effectively because of steep learning curves in programming, 

statistics, and ML frameworks. This study introduces MLapi, an API-based machine learning tool 

designed to reduce technical barriers and make ML methods more accessible in educational and applied 

analytics settings. MLapi uses a three-tier architecture that links Microsoft Excel as the user interface 

with a Python-based analytics engine, allowing users to run statistical analysis and ML algorithms while 

viewing the underlying Python code in Jupyter Notebook format. To assess usability, an empirical study 

was conducted using the System Usability Scale (SUS) with data analytics professionals. The evaluation 

included reliability testing, hypothesis testing across demographic groups, and Principal Component 

Analysis to identify usability dimensions. Results show high overall usability, strong internal consistency, 

and no significant differences between demographic groups, indicating that MLapi provides an inclusive 

and user-friendly learning environment. These findings suggest that MLapi can serve as both an 

educational tool and a practical analytics solution, helping to create accessible ML learning 

environments and encouraging broader participation in data analytics education.  

Keywords: Machine learning, Data Analytics, System Usability Scale, API-based Architecture, 

HumanComputer Interaction, Principal Component Analysis   

1. Introduction  
The growing use of data-driven research and decision-making in both academic and professional fields 

has made machine learning (ML) a core skill rather than a niche expertise. Modern developments in 

artificial intelligence (AI) and ML are based on long-standing theoretical studies of human reasoning and 

logic, which trace back to classical thinkers like Aristotle (Zhang, 2022). However, these ideas only 

became practical with the rise of digital computing in the mid-20th century. Key contributions by Turing 

(1950) and the formal launch of AI as a research discipline at the Dartmouth Conference in 1956 marked 

a major milestone in the development of intelligent systems (Moor, 2006).  

Early AI systems mainly used symbolic reasoning and clearly defined rules to handle very specific tasks. 

These methods worked well in controlled settings but could not adapt or generalize beyond the conditions 

they were designed for (Reddy and Fields, 2022). Because of these limitations, researchers developed 

machine learning techniques that allow systems to learn patterns directly from data (Mohammadi and 

Farsijani, 2023; Panch, Szolovits and Atun, 2018). Statistical learning and neural networks became 
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popular in the late 20th century, and later, deep learning grew rapidly thanks to more computing power 

and larger datasets (Liu et al., 2018; Zou, Han and So, 2009; Brunton, Noack and Koumoutsakos, 2019; 

Injadat et al., 2021). Today, machine learning and deep learning are widely used in predictive analytics, 

helping organizations make data-driven decisions, improve efficiency, and cut costs by extracting 

valuable insights from their data (Lindéus and Shetty, 2023; Balaji and Silic, 2022). These advances have 

turned ML into a key technology for applications like predictive analytics, pattern recognition, and 

automated decision-making across many industries.  

In contemporary data analytics, machine learning techniques are commonly categorized into supervised 

and unsupervised approaches. Supervised methods, including classification and regression, rely on 

labeled data to generate predictive models, whereas unsupervised techniques such as clustering and 

dimensionality reduction uncover latent structures within unlabeled datasets (Dike et al., 2018; Nasteski, 

2017). The widespread adoption of these methods has been facilitated by the Python programming 

language, which has emerged as the dominant platform for data analytics due to its readable syntax and 

extensive ecosystem of open-source libraries (Nagpal and Gabrani, 2019; Srinath, 2017). Libraries such 

as scikit-learn, pandas, and matplotlib have become standard tools in both academic research and industry 

practice (Hao and Ho, 2019; Molin, 2021).  

Despite these advances, the effective use of Python-based ML tools remains challenging for many 

learners and novice researchers. Applying machine learning methods typically requires not only 

programming proficiency but also a solid understanding of statistics, data preprocessing, and model 

evaluation. These requirements can significantly hinder engagement with data-driven methodologies, 

particularly among individuals without prior technical backgrounds (Alzahrani et al., 2018; Sundberg and 

Holmström, 2023). As a result, a skills gap persists between the availability of powerful analytical tools 

and the ability of learners to use them confidently and productively (Wu, 2018). This gap is especially 

evident in educational settings, where learners may struggle to transition from conceptual understanding 

to practical implementation.  

To address these challenges, numerous educational platforms and software tools have been developed to 

support the teaching of machine learning concepts. While many of these tools offer user-friendly 

interfaces and lower the barrier to entry, they often abstract away the underlying programming logic, 

limiting opportunities for learners to develop transferable Python skills. Consequently, learners may gain 

conceptual familiarity with ML processes without acquiring the coding competence necessary for 

advanced or independent analytical work.  

In response to this limitation, the present study introduces MLapi, an API-based machine learning tool 

designed to support both data analytics practice and education. MLapi enables users to execute statistical 

and ML methods through a familiar spreadsheet-based interface while simultaneously exposing the 

underlying Python source code in a Jupyter Notebook structure. This dual design aims to reduce technical 

complexity while promoting transparency, reproducibility, and progressive skill development. By 

integrating usability-focused system design with established analytical workflows, MLapi seeks to bridge 

the gap between accessibility and technical depth in machine learning education.  

The study evaluates the usability of MLapi using the System Usability Scale (SUS) and examines whether 

demographic factors influence user perceptions of the system. Through quantitative analysis and 

dimensionality reduction techniques, the research contributes empirical evidence on the design of 

inclusive and user-centered ML educational tools. In doing so, it aligns with ongoing efforts to enhance 

accessibility and effectiveness in data analytics and machine learning education.  
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2. Related Work and Theoretical Background  

2.1 Machine learning in practice  

Machine learning has become a core part of data analytics, helping to identify patterns, make predictions, 

and support decision-making from increasingly large and complex datasets. In business contexts, 

successful adoption of analytics depends not only on technology but also on organizational, cultural, and 

process factors. Critical success factors include combining technical, business, and soft skills, 

standardizing data practices, and using advanced analytical tools (Rao and Provodnikova, 2021). In 

education, ML plays a dual role, as a subject of study and as a practical tool for analyzing data.  

Python has become the leading language for teaching and applying machine learning (Nagpal and 

Gabrani, 2019; Hodeghatta and Nayak, 2023). Although Python is more accessible than many other 

programming languages, using ML libraries effectively still requires technical skills that many learners 

lack in the early stages of their education (Ye et al., 2024). This gap between understanding concepts and 

applying them in practice has led to the development of specialized educational tools and platforms.  

2.2 Educational software tools for machine learning  

A wide range of software tools have been developed to support the teaching and learning of machine 

learning concepts, each emphasizing different learning priorities such as accessibility, visualization, or 

computational power. Cloud-based platforms like Google Colab have become particularly popular in 

educational settings due to their ease of access and integration with Jupyter Notebooks. Colab allows 

learners to execute Python code and experiment with ML models without local installation, fostering 

engagement and rapid experimentation (Bisong, 2019; Nelson and Hoover, 2020; Ferreira et al., 2024). 

However, reliance on internet connectivity and external infrastructure can introduce accessibility 

constraints, especially for learners with limited resources (Llerena-Izquierdo et al., 2024).  

Frameworks such as TensorFlow and Keras provide powerful environments for developing and deploying 

ML and DL models. TensorFlow’s scalability and extensive ecosystem make it suitable for industrial 

applications, while Keras offers a high-level API that simplifies model prototyping and experimentation 

(Abadi et al., 2016; Heaton, 2020). Although these frameworks are widely used in research and practice, 

studies indicate that their complexity often limits their effective integration into introductory educational 

curricula, particularly where institutional support and curriculum modernization are lacking (Demir, 2022; 

Rovshenov and Sarsar, 2023).  

Other tools adopt low-code or no-code approaches to reduce the technical demands placed on learners. 

Teachable Machine, Create ML and Open Mind represent this category by enabling users to build ML 

models through graphical interfaces without writing code (Carney et al., 2020; Apple, 2025). These tools 

are effective for introducing ML concepts and fostering early engagement, yet they abstract away the 

programming logic underlying model construction. As a result, learners may gain conceptual familiarity 

while remaining unable to transfer knowledge to Python-based analytical environments.  

Traditional data mining platforms such as WEKA and KNIME occupy an intermediate position between 

accessibility and analytical depth. WEKA provides a comprehensive suite of algorithms and visualization 

tools through a graphical interface, supporting experimentation and research workflows (Pedregosa et al., 

2011; Jain et al., 2022). KNIME extends this approach with visual workflows and optional integration 

with Python and R, allowing users to combine drag-and-drop analytics with scripting when desired 

(Berthold et al., 2013; O’Hagan and Kell, 2015). While these platforms are effective for demonstrating 

analytical pipelines, they do not consistently expose or generate Python code in a manner that supports 

systematic programming skill development.  
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2.3 Research gap  

Although existing educational tools for machine learning successfully lower initial barriers to entry, a 

persistent gap remains between usability and skill transfer. Many platforms prioritize ease of use by 

concealing implementation details, thereby limiting learners’ opportunities to understand how ML 

algorithms are executed in Python. Conversely, professional ML frameworks expose full programming 

complexity but often overwhelm novice users. This dichotomy creates a challenge for educators and 

learners seeking tools that are simultaneously accessible, transparent, and educationally effective.  

The literature suggests a need for educational ML systems that support gradual skill development by 

combining intuitive interfaces with explicit exposure to underlying code and analytical workflows. More 

specifically, tools that integrate familiar environments, such as spreadsheets commonly used in data 

analysis, with Python-based ML execution may offer a promising pathway for bridging this gap 

(Konomos, 2026). Addressing this need requires not only technical innovation but also empirical 

evaluation of usability and inclusivity.  

In response, the present study proposes MLapi as an API-based machine learning tool designed to balance 

accessibility and technical transparency. The following sections describe the system design and present an 

empirical evaluation of its usability within a professional data analytics context.  

3. MLapi: System Design and Architecture  

3.1 Design and objectives  

MLapi was designed to function simultaneously as a data analytics tool and an educational resource for 

machine learning. Its design is guided by four core objectives: accessibility, transparency, reproducibility, 

and educational value. Accessibility is addressed by allowing users to initiate machine learning analysis 

from a familiar spreadsheet-based environment, reducing the need for advanced programming expertise. 

Transparency is achieved by exposing the underlying Python source code alongside analytical results, 

enabling learners to observe and progressively understand ML implementations. Reproducibility is 

supported through standardized analytical workflows and notebook-based reporting, while educational 

value is embedded through structured templates that align statistical reasoning with machine learning 

practice.  

Rather than replacing existing ML frameworks, MLapi acts as an intermediary layer that orchestrates 

established Python libraries and presents their functionality in a form suitable for educational and applied 

analytics contexts. This approach enables learners to focus on analytical reasoning and interpretation 

while gradually developing technical proficiency.  

3.2 System architecture  

MLapi adopts a three-tier architecture, a widely used design paradigm for scalable and maintainable 

systems (Ford et al., 2022; Bass et al., 2025). The architecture separates presentation, communication, and 

processing concerns into distinct layers, facilitating modularity and extensibility.  

The Client tier serves as the presentation layer and is responsible for user interaction. In this study, 

Microsoft Excel is used as the primary client application due to its widespread adoption in data analytics 

practice. Excel allows users to prepare datasets, configure analytical requests, and initiate machine 

learning tasks without requiring direct interaction with programming environments.  

The API tier provides a RESTful interface that receives analytical requests from the client. Implemented 

using PHP and hosted on an Apache web server, this tier is responsible for request validation, data 



Global Journal of Business and Integral Security  5  

  

serialization, and communication with the backend processing environment. Data are transmitted in JSON 

format, enabling structured and platform-independent exchange of analytical parameters and datasets.  

The Processing tier hosts the core analytical logic and executes all statistical and machine learning 

computations. This tier is implemented in Python using the Anaconda distribution, which provides a 

stable and reproducible environment for scientific computing and machine learning. Communication 

between the API tier and the processing tier is facilitated through a secure file-based interface within a 

shared network environment.  

This architectural separation ensures that MLapi remains flexible and adaptable to different client 

interfaces and computational environments, while maintaining consistency in analytical execution.  

3.3 Analytical engine and supported methods  

The processing tier of MLapi integrates a comprehensive set of statistical and machine learning methods 

commonly used in data analytics education and practice. These include descriptive statistics, inferential 

tests (such as t-tests and ANOVA), and reliability measures, as well as machine learning algorithms for 

classification, regression, clustering, and dimensionality reduction. The selection of methods reflects both 

educational relevance and practical applicability.  

MLapi leverages established Python libraries such as scikit-learn, pandas, matplotlib, and related 

packages to ensure methodological robustness and alignment with industry-standard practices. Analytical 

execution is organized through predefined templates that encapsulate complete workflows, including data 

preprocessing, model training, evaluation, and visualization. Users may select optional post-hoc analysis 

and diagnostic outputs, allowing for flexible yet structured experimentation.  

3.4 Data preprocessing and model evaluation  

Data preprocessing is a critical component of reliable machine learning analysis and is handled within 

MLapi through automated and configurable pipelines. These pipelines include handling of missing values, 

encoding of categorical variables, feature scaling, and class imbalance adjustment. One-hot encoding is 

applied to categorical features to ensure compatibility with numerical ML algorithms, while class 

imbalance can be addressed through up-sampling or down-sampling strategies depending on the 

analytical context (Dahouda and Joe, 2021; Harrison, 2019).  

Model evaluation procedures are tailored to the type of analysis performed. For classification tasks, 

MLapi reports standard performance metrics such as accuracy, precision, recall, F1-score, and area under 

the ROC curve. Regression analysis include error-based metrics and coefficients of determination, while 

clustering and dimensionality reduction methods are accompanied by internal validation measures such as 

silhouette scores, Elbow method diagnostics, and explained variance ratios. These evaluation outputs are 

presented alongside visual representations, supporting intuitive interpretation and comparative analysis.  

To enhance robustness and generalizability, MLapi incorporates k-fold cross-validation and automated 

hyperparameter optimization using GridSearchCV. This functionality reduces overfitting risks and 

familiarizes users with best practices in model tuning and validation.  

3.5 Educational output and learning support  

A distinctive feature of MLapi is its use of Jupyter Notebook–formatted reports as the primary output 

medium. Each analytical request generates a response containing the executed Python code, textual 

explanations, numerical results, and visualizations. This format supports transparency and reproducibility 

while serving as an instructional artifact that learners can review, modify, and reuse.  

By presenting code and results together, MLapi encourages a learning-by-observation approach, allowing 

users to gradually transition from interface-driven interaction to direct engagement with Python-based ML 
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workflows. This design supports incremental skill acquisition and aligns with constructivist learning 

principles, where understanding is built through active exploration and reflection.  

4. Research Methodology  

4.1 Research design  

The present study adopted a quantitative research design to evaluate the usability of MLapi as a machine 

learning tool for data analytics and educational use. The focus of the evaluation was on perceived 

usability rather than learning outcomes, as usability is a critical prerequisite for the effective adoption of 

educational technologies.  

A demonstration-based evaluation approach was employed. Participants were introduced to MLapi 

through a standardized video presentation that illustrated the system architecture, analytical workflow, 

supported statistical and machine learning methods, and output format. This approach ensured consistent 

exposure to system functionality across participants and minimized variability arising from differences in 

prior programming experience or individual usage strategies.  

4.2 Sample and participant characteristics  

The study population consisted of professionals working in data analytics–related roles within the Greek 

banking sector. This population was selected due to its frequent engagement with data analysis tasks and 

its increasing exposure to machine learning methods in professional practice. Participants represented a 

heterogeneous group in terms of gender, age, educational background, and professional experience, 

allowing for the examination of usability perceptions across diverse user profiles.  

The demographic variables collected included gender, age, highest level of education attained, and years 

of professional experience. These variables were incorporated into the analysis to test predefined 

hypotheses regarding their potential influence on perceived usability.  

4.3 Sample size determination and power analysis  

To estimate the sample size, a pilot assessment using the SUS was conducted with 30 participants. This 

preliminary evaluation produced 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).   

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 goal of the 

analysis was to determine whether the MLapi’s usability score would significantly exceed this threshold. 

To support a noted statistical comparison, Confidence level of 95% (α = 0.05) and Statistical power of 

80% (β = 0.20) were applied.  

Using these parameters, the required sample size 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 

ttest, raising it 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 
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established recommendations in usability and behavioral research, as larger samples reduce the likelihood 

of incurring a Type II error, that is, failing to detect an actual effect (Cohen, 1988).  

4.4 System usability scale  

Usability was assessed using the System Usability Scale, a standardized instrument widely used for 

evaluating perceived usability across different types of systems (Brooke, 1996; Brooke, 2013). The SUS 

consists of ten items rated on a five-point Likert scale, with alternating positively and negatively worded 

statements.  

SUS scores were calculated according to established scoring procedures, resulting in a composite score 

ranging from 0 to 100. Higher scores indicate better perceived usability. The SUS was selected due to its 

simplicity, robustness, and extensive use in usability research, including evaluations of information and 

educational systems (Bangor et al., 2008).  

4.5 Data collection procedure  

Data collection was conducted electronically. Participants were first exposed to a video demonstration of 

MLapi, which illustrated the complete analytical workflow, including data submission via Excel, 

execution of statistical and machine learning algorithms through the API, and presentation of results. 

Following the demonstration, participants completed the SUS questionnaire along with a brief 

demographic survey. Participation was voluntary and anonymous, and no personally identifiable 

information was collected.  

4.6 Data analysis  

Data analysis was performed using quantitative statistical methods. Descriptive statistics were computed 

to summarize SUS scores and participant demographics. The internal consistency of the SUS instrument 

was assessed using Cronbach’s alpha, with values above the commonly accepted threshold indicating 

satisfactory reliability.  

Inferential statistical analysis was conducted to test the four predefined hypotheses. Independent samples 

t-tests were used to examine gender-based differences in usability perceptions. Correlation analysis was 

employed to assess relationships between SUS scores and continuous variables such as age and 

professional experience. Differences across educational attainment levels were examined using one-way 

analysis of variance (ANOVA). Statistical significance was evaluated at the 0.05 level.  

In addition to hypothesis testing, Principal Component Analysis (PCA) was conducted to explore the 

underlying structure of usability perceptions and to identify latent dimensions within the SUS responses.  

4.7 Methodological limitations  

While the selected methodology enabled a robust evaluation of perceived usability, certain limitations 

should be acknowledged. The demonstration-based evaluation did not capture extended hands-on 

interaction or longitudinal usage patterns. Furthermore, the professional context of the sample may limit 

generalizability to purely academic or novice learner populations. These limitations are addressed in the 

discussion and future research sections.  

5. Results  

5.1 Descriptive statistics and reliability analysis  

The study sample covered 150 individuals, with 58.0% identifying as male and 42.0% as female. 

Regarding educational level, most participants held a bachelor’s degree (44.7%), followed by master’s 

degree holders (34.7%); 16.0% had completed high school, and 4.7% possessed a Doctorate. The mean 
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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, and SUS scores 

all significantly deviated from a normal distribution (p < .001), suggesting a potential need for non-

parametric methods in the upcoming analysis.  

The internal consistency of the SUS instrument was assessed using Cronbach’s alpha. The analysis 

yielded a coefficient of α = 0.84, indicating strong reliability and confirming that the SUS items measured 

a coherent usability construct within the context of MLapi.  

5.2 Hypothesis testing  

Four hypotheses were formulated to examine whether demographic variables influenced perceived 

usability of MLapi.  

Hypothesis 1 (H1): Gender Differences  

There is a statistically significant difference in SUS scores between male and female participants.  

An independent samples t-test was conducted to compare SUS scores across gender groups. 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. The 

result approached significance but did not reach the conventional threshold: U = 2275, p = 0.071. Thus, 

H1 was not supported, suggesting that gender did not influence perceived usability.  

Hypothesis 2 (H2): Age  

There is a statistically significant relationship between participant age and SUS score.  

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 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. Consequently, H2 was not supported, indicating that usability perceptions were 

not associated with age.  

Hypothesis 3 (H3): Educational Level  

There are statistically significant differences in SUS scores across educational attainment levels.  

A one-way analysis of variance (ANOVA) was conducted to compare SUS scores among participants with 

undergraduate, postgraduate, and doctoral-level education. The results showed no statistically significant 

differences between groups (F(3, 146) = 1.54, p = 0.207). Given the violation of normality assumption, a 

Kruskal-Wallis test was also performed as a non-parametric alternative. The test similarly revealed no 

statistically significant differences in SUS scores across education levels: χ²(3) = 4.46, p = 0.216. 

Therefore, H3 was not supported, suggesting that educational background did not affect usability 

evaluations.  

Hypothesis 4 (H4): Professional Experience  

There is a statistically significant relationship between years of professional experience and SUS score.  
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Both Pearson’s r (r = 0.013, p = 0.871) and Spearman’s rho (rho < 0.001, p = 0.997) were calculated to 

assess the relationship between SUS scores and years of professional experience. Neither correlation was 

statistically significant (p > .05). As a result, H4 was not supported, indicating that usability perceptions 

were consistent regardless of professional experience level.  

5.3 Principal component analysis  

To explore the underlying structure of usability perceptions, a Principal Component Analysis (PCA) was 

conducted on the ten SUS items.  The PCA yielded three components, collectively explaining 90.3% of 

the total variance. Varimax rotation was applied to enhance interpretability.  

• Component 1: Complexity (explained variance: 45.5%)  

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 (explained variance: 27.5%)  

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 (explained variance: 17.4%)  

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 dimension is critical in early adoption phases, especially 

for technical tools like APIs, where steep learning curves can delay user engagement.  

Reliability analysis of the extracted components demonstrated excellent internal consistency, with high 

Cronbach’s alpha values (Complexity: 0.942, Agility: 0.975, Learnability: 0.880), supporting the stability 

and interpretability of the identified usability dimensions.  

5.4 Summary of results  

The statistical analysis indicates that MLapi achieved high perceived usability, strong reliability, and 

consistent evaluations across demographic groups. None of the four statistical hypotheses were supported, 

demonstrating demographic neutrality in usability perception. The PCA revealed three underlying 

dimensions, Complexity, Agility, and Learnability, that together accounted for 90.3% of the variance in 

responses. Follow-up analysis 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.  

6. Discussion  
The objective of this study was to evaluate the usability of MLapi and to examine whether demographic 

factors influenced users’ perceptions of the system. The findings provide empirical support for MLapi as a 
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usable and inclusive machine learning tool for data analytics and educational settings. In this section, the 

results are interpreted in relation to the research objectives, the identified research gap, and existing 

approaches to machine learning education.  

6.1 Interpretation of usability findings  

The overall SUS score indicates that MLapi achieved a level of usability classified as good to excellent. 

This result suggests that the system successfully balances functionality with ease of use, despite 

supporting complex statistical and machine learning methods. High perceived usability is particularly 

important in educational contexts, where excessive technical complexity can discourage engagement and 

hinder learning progression.  

The strong internal consistency of the SUS responses further supports the reliability of the usability 

evaluation. Together, these findings indicate that MLapi provides stable and coherent user experience, 

aligning with its design objectives of accessibility and transparency.  

6.2 Demographic neutrality and inclusivity  

None of the four hypotheses examining demographic differences in usability perceptions were supported. 

Specifically, perceived usability did not differ significantly across gender, age, educational level, or 

professional experience. This demographic neutrality is a notable finding, as it suggests that MLapi can be 

effectively used by individuals with diverse backgrounds and levels of expertise.  

In the context of machine learning education, such neutrality is particularly valuable. Educational 

technologies that disproportionately favor users with advanced technical backgrounds risk reinforcing 

existing skill gaps. The absence of demographic effects in this study indicates that MLapi lowers entry 

barriers and supports equitable access to machine learning tools, aligning with broader goals of inclusivity 

in data analytics education.  

6.3 Usability dimensions and system design  

The Principal Component Analysis revealed three underlying dimensions of usability perception:  

complexity, agility, and learnability. These dimensions correspond closely with the core design principles 

of MLapi. Perceived complexity reflects users’ sensitivity to unnecessary cognitive effort and technical 

friction. The fact that complexity emerged as a distinct dimension suggests that users were attentive to 

how effectively MLapi reduced operational burden while executing sophisticated analytical tasks. System 

agility captures perceptions related to smooth integration, responsiveness, and workflow coherence, 

which are critical for both professional analytics and educational experimentation. Learnability, the third 

dimension, is particularly relevant for educational applications, as it reflects users’ confidence in their 

ability to quickly become proficient with the system. The emergence of these dimensions supports the 

notion that usability in ML tools is multidimensional and extends beyond simple ease of use.   

6.4 Positioning MLapi within education tools  

Existing ML educational tools often adopt one of two contrasting approaches. Low-code or no-code 

platforms emphasize accessibility but hide implementation details, limiting opportunities for learners to 

develop transferable programming skills. Conversely, professional ML frameworks expose full technical 

complexity but can overwhelm novice users.  

MLapi occupies an intermediate position between these extremes. By enabling users to initiate analysis 

through a familiar spreadsheet interface while simultaneously exposing the underlying Python code and 

results in a Jupyter Notebook format, MLapi supports progressive skill development. Users can engage 

with machine learning concepts at an accessible level while gradually developing an understanding of 

Python-based workflows.  
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The high usability scores and demographic neutrality observed in this study suggest that this hybrid 

design approach is effective. MLapi demonstrates that it is possible to support both ease of use and 

technical transparency, addressing a key gap identified in the literature and in existing educational 

practice.  

6.5 Summary  

Overall, the discussion of results indicates that MLapi achieves its primary design objectives and 

addresses a critical gap in ML education tools. The combination of high usability, demographic neutrality, 

and multidimensional usability supports MLapi’s potential as both an educational technology and a 

practical data analytics tool. These findings provide a foundation for considering broader implications, 

limitations, and future research directions, which are discussed in the following section.  

7. Implications, Limitations, and Future Research  

7.1 Implications for educational practice  

The findings of this study suggest that MLapi has the potential to support data analytics and machine 

learning education by reducing technical barriers while preserving analytical transparency. The high 

usability scores and the absence of demographic differences indicate that MLapi can be adopted by 

learners and professionals with diverse backgrounds, levels of experience, and educational attainment. 

This inclusivity is particularly important in educational settings, where learners often enter with 

heterogeneous skill profiles.  

By integrating a familiar spreadsheet-based interface with Python-based machine learning execution, 

MLapi enables learners to engage with analytical workflows without requiring immediate mastery of 

programming syntax. At the same time, the exposure of underlying Python code through Jupyter 

Notebook outputs supports gradual skill development and promotes reproducibility. This dual design 

allows educators to introduce machine learning concepts in a progressive manner, aligning conceptual 

understanding with practical implementation.  

7.2 Implications for educational technology design  

From a system design perspective, the results underscore the importance of balancing usability and 

technical depth in educational machine learning tools. The identification of distinct usability dimensions 

(perceived complexity, system agility, and learnability) highlights the multifaceted nature of user 

experience in analytical systems. Educational technologies that address only surface-level ease of use may 

fail to support deeper learning, while technical systems risk alienating novice users.  

MLapi demonstrates that architectural choices, such as the separation of client interaction from analytical 

processing and the use of standardized output formats, can enhance both usability and educational value. 

These design principles may inform the development of future learning tools that aim to support data 

analytics and machine learning outcomes without sacrificing accessibility.  

7.3 Implications for professional data analytics practice  

Beyond educational contexts, the findings suggest that MLapi may also be useful in professional 

environments where analysts rely heavily on spreadsheet tools but require access to advanced machine 

learning capabilities. The ability to execute robust analytical methods while maintaining transparency and 

reproducibility can support exploratory analysis, model validation, and collaborative work. The system’s 

usability across varying levels of professional experience indicates its potential applicability in mixedskill 

teams.  
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7.4 Limitations of the study  

Several limitations should be considered when interpreting the results of this study. First, the evaluation 

focused exclusively on perceived usability rather than on learning outcomes or performance measures. 

While usability is a critical prerequisite for adoption, it does not directly capture the extent to which 

MLapi enhances conceptual understanding or skill acquisition.  

Second, the study employed a demonstration-based evaluation rather than prolonged hands-on usage. 

Although this approach ensured consistent system exposure, it may not fully reflect usability perceptions 

that emerge through extended interaction or real-world application.   

Third, the sample consisted of professionals from a specific sector and geographical context, which may 

limit the generalizability of the findings to academic or novice learner populations.  

7.5 Directions for future research  

Future research could extend the present study in several ways. Longitudinal studies involving hands-on 

use of MLapi in classroom settings could examine its impact on learning outcomes, skill development, 

and learner confidence. Comparative studies could evaluate MLapi against other machine learning 

educational tools to assess relative effectiveness and learning value.  

Further research may also explore adaptations of MLapi for different educational levels or domains, as 

well as enhancements to its functionality, such as expanded algorithm support or adaptive learning 

features. Investigating how learners transition from interface-driven interaction to independent Python 

coding when using MLapi would provide valuable insight into its role in supporting progressive learning 

pathways.  

8. Conclusion  
This study introduced MLapi, an API-based machine learning tool designed to support data analytics 

education by balancing accessibility, usability, and technical transparency. Addressing a persistent 

challenge in machine learning education, MLapi seeks to reduce entry barriers while enabling users to 

engage with authentic Python-based analytical workflows. The system’s architecture integrates a familiar 

spreadsheet interface with a Python-driven analytics engine, producing transparent and reproducible 

outputs in a Jupyter Notebook format.  

An empirical usability evaluation using the System Usability Scale demonstrated that MLapi achieved 

high perceived usability, strong internal reliability, and consistent evaluations across demographic groups. 

The absence of statistically significant differences related to gender, age, educational level, and 

professional experience indicates that MLapi supports inclusive use across diverse user profiles. 

Exploratory analysis further revealed that usability perceptions were structured around key dimensions 

related to complexity, agility, and learnability, reflecting the system’s design objectives.  

The findings contribute to the field of educational technology by providing empirical evidence that 

machine learning tools can be both user-friendly and technically transparent. MLapi illustrates how 

architectural and interface design choices can support progressive skill development without 

oversimplifying analytical processes. As such, the system offers a viable approach for integrating machine 

learning into data analytics education and practice.  

While the study focused on usability evaluation, the results establish a foundation for future research 

examining learning outcomes, long-term engagement, and comparative effectiveness. Overall, MLapi 

represents a step toward more accessible and inclusive machine learning education, supporting broader 

participation in data-driven analysis and decision-making.  
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