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ABSTRACT

Coding environments that integrate graphical output into programming instruction can enhance
engagement, comprehension, and motivation among beginners. This study evaluates Thonny-pySmode: a
plugin for the Thonny IDE that emulates the Java-based Processing creative coding IDE but instead
supports Python via the py5 library. Guided by the Task-Technology Fit (TTF) framework, we extend the
model with personalised learning, hedonic motivation, and effort expectancy to capture factors influencing
Thonny-py5Smode user adoption in educational contexts. The study analyses survey data from 143 students
in a first-year university Python course that incorporated four weeks of Thonny-py5Smode use, including an
assessment requiring participants to recreate six graphical challenges. We employ Structural Equation
Modelling (SEM) to test nine hypotheses mapped to our extended TTF framework. Our results show that
Thonny-pySmode’s usability and task support, along with its ease of use, contributed to a strong perceived
TTF, which in turn influenced students’ intention to continue using it. These results highlight the Thonny-
pySmode design priorities that can encourage adoption and sustained use in related educational coding
environments and tools.

Keywords: Task technology fit (TTF), Python, Introductory programming, Integrated development
environment (IDE)
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1. INTRODUCTION

Introductory programming courses commonly prioritise text-based input and console output, emphasising
syntax and abstract logic over visual or interactive feedback. While this approach aligns with traditional
computer science pedagogy, it can pose barriers for novice learners, particularly those from creative or
interdisciplinary backgrounds who may struggle to connect abstract code to observable outcomes. Prior
research indicates that programming for graphical output can reduce cognitive load, encourage
experimentation, and increase learner motivation by making code behaviour more visible and tangible
(Chiodini et al., 2025).

Creative-coding environments such as Processing and p5.js address these challenges by enabling
learners to generate graphical and interactive outputs with minimal setup code (Funk & Zhang, 2024;
Shiffman, 2024). In contrast to console-oriented environments, these conveniently packaged beginner-
friendly IDEs (similar to Figure 1) centre on graphical output rather than textual feedback. In Processing, a
persistent drawing canvas controls a continuous animation loop (via a draw() function), with easy
programmatic access to built-in mouse and keyboard event handling. To simplify things further, beginners
can omit the draw() function entirely and enter simple circle(), square(), and other graphics functions
without animating them—and, in this way, decipher the workings of their code expressed through visible
shapes, motion, and colour, as opposed to inferring programming state and dynamics from textual output
alone. That said, Processing and p5.js also include a console that supports debugging and print-based output
alongside visuals.

However, these environments rely on Java or JavaScript, creating misalignment for courses that
prioritise Python due to its readability, low entry threshold, and cross-disciplinary relevance (Guo, 2021;
Xu & Frydenberg, 2021). Processing 3.x previously offered a Python mode, Processing.py, but it is now
unmaintained and incompatible with Processing 4.x, leaving a gap for Python—Processing pedagogy
(Feinburg, 2023). This study addresses that gap through Thonny-pySmode: a bespoke plugin that integrates
the Processing creative-coding paradigm using the beginner-oriented Thonny IDE and the py5 graphics
library.

Thonny-pySmode (Figure 1) allows students to write Processing-style sketches in Python without
manual package installation or environment configuration. The interface mirrors the Processing IDE,
including a dedicated sketch runner and additional Processing-inspired tools (like a colour mixer) to reduce
friction for novice learners or those transitioning to Python from other Processing environments.

demo.py

def setup():
size(400, 400)
rect_mode(CENTER)

def draw():
square(mouse_x, mouse_y, 10)

def mouse_clicked():
fill(random_int(255), random_int(255), random_int(ZSS)ﬂ

Figure 1. Thonny-py5Smode Interface
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While tool development for novice programmers is well established, fewer studies empirically
examine how Processing-like environments align with graphical programming tasks and learners’ personal
learning characteristics. To respond to this need, this study evaluates Thonny-pySmode using the Task—
Technology Fit (TTF) framework (Goodhue & Thompson, 1995). TTF posits that technology use and
performance depend on how well a system supports the tasks users must perform. Recognising critiques
that traditional TTF applications underrepresent learner-level factors (Tzeng et al., 2022), we extend the
framework by incorporating effort expectancy, hedonic motivation, and personalised learning as
characteristics that influence perceived fit and adoption. Guided by this extended TTF framework, we report
findings from a survey of students enrolled in an introductory Python programming course, investigating
how well Thonny-pySmode supported their programming tasks by reducing perceived effort,
accommodating learner preferences, and enhancing engagement through graphical output.

The rest of this paper is structured as follows: Section 2 reviews prior work on introductory
programming environments for graphical output and the theoretical models relevant to the study. Section 3
(Hypothesis Development) describes our extended TTF framework, including formal definitions for
personalised learning, hedonic motivation, and effort expectancy. Section 4 describes the course context
and instructional setting; Section 5 details research methodology, instrument design, data collection, and
analytical approach. Section 6 presents the SEM analysis results and hypothesis testing, with Section 7
discussing how the findings relate to theory and prior research. Section 8 outlines the study’s implications
for research and practice, while Section 9 (Conclusion) summarises key contributions, limitations, and
directions for future work.

This paper makes two key contributions: (1) it reports an empirical examination of Thonny-py5Smode
as a Python-based creative-coding environment used by novice learners in an introductory programming
course; and (2) it applies and extends the TTF framework by incorporating learner personal characteristics
to analyse students’ perceptions and intention to continue using the tool.

2. BACKGROUND

Learning to program requires novices to develop syntactic knowledge, abstract reasoning, and mental
models of program execution. In text-only programming contexts, learners must infer program behaviour
from code and console output, which can impose higher cognitive demands and hinder early understanding
(Chiodini et al., 2025). Prior studies show that programming graphical output supports experimentation,
reduces cognitive load, and increases engagement, particularly for beginners and those from creative or
interdisciplinary backgrounds (Bakar et al., 2020; Chiodini et al., 2025).

Python is widely adopted in introductory programming due to its readable syntax, comparatively
shallow learning curve, and relevance across various domains (Guo, 2021; Xu & Frydenberg, 2021).
Despite this, many Python learning settings rely primarily on console-based interaction, limiting
opportunities for visual feedback. Creative-coding environments such as Processing and p5.js demonstrate
how simplified graphical frameworks can support novice programming tasks (Funk & Zhang, 2024;
Shiffman, 2024), but their reliance on Java or JavaScript restricts their integration into Python-focused
curricula. While Python’s Turtle module offers basic graphical capabilities, it does not readily support more
expressive or interactive creative-coding tasks (Hunt, 2019); Pygame provides robust support for interactive
graphics but primarily orients toward 2D game development rather than rapid visual sketching and
Processing-style pedagogy (Hussain & Hussain, 2024).

The TTF model proposes that we can maximise technology use and performance when system
capabilities align with task requirements (Goodhue & Thompson, 1995). Although previous research has
proven that the fit between learning task requirements and technological characteristics is a central
antecedent of technology adoption, these studies overlooked students’ personal characteristics. This
omission weakened the TTF’s effectiveness and reduced its explanatory power, as technology must not
only meet task requirements but also align with individual learners’ traits (Bere, 2018). Researchers have
observed similar limitations in TPB (Theory of Planned Behaviour), which emphasises attitude, subjective
norm, and perceived behavioural control, but has faced criticism for neglecting individual-level
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characteristics beyond its core constructs (Tzeng et al., 2022). Beyond generic adoption models, studies in
South African higher and basic education underscore that curriculum-level technology integration and
educators’ ICT self-efficacy meaningfully shape how they appropriate tools in practice (Mlambo et al.,
2020; Rambe, 2016).

3. HYPOTHESIS DEVELOPMENT

Figure 2 presents our extended TTF model, integrating the nine hypotheses. To better frame these, we
broaden the Personal Characteristics construct.

H4

H3 :- i Task Characteristics

H2 | H5

;---1---1---1 Technology Characteristics ﬁ

H9
Task-Technology Fit —> Behavioural Intention

Personal Characteristics A A A

o . . H6 oo

----r---1---  Personalised Learning ---7---------------okooioond
. ) o H7 P
"----I--» Hedonic Motivation SRl R e Poo

HS8

AR --»  Effort Expectancy I CrFRR

Figure 2. Extended TTF Model for Thonny-pySmode

Specifically, the Personal Characteristics domain includes Personalised Learning, Hedonic
Motivation, and Effort Expectancy—{factors shown to influence learners’ technology engagement and
capture individual differences in perceived fit (Shahzad et al., 2025). This highlights the pedagogical
affordances of Thonny-py5Smode that go beyond functional alignment, incorporating insights from
acceptance models such as TAM and UTAUT/2, in which tailored experiences, perceived enjoyment, and
case of use are recognised as critical drivers of behavioural intention (Bere & Rambe, 2016; Mosunmola et
al., 2018).

In programming education, tasks are not experienced solely as functional requirements but are
interpreted through learners’ cognitive capacity, motivation, and perceived effort. Accordingly, these
personal characteristics (personalised learning, hedonic motivation, effort expectancy) are theorised to
explain how task characteristics and technology characteristics translate into perceived task—technology fit.
This extension aligns with prior critiques (Bere, 2018; Lim & Lee, 2021) that TTF underrepresents learner-
level factors and responds to calls for models that better capture affective and experiential dimensions of
technology use in learning environments. This conceptualisation is grounded in the course design, which
required students to recreate predefined graphical challenges using a constrained set of Thonny-py5
drawing functions, Python control structures and loops. We detail the conceptualisation and
operationalisation of all the constructs in the subsequent sections, where we develop their specific
hypotheses.

RQ1: How well does Thonny-pySmode support introductory Python programming tasks in terms of
task—technology fit?

RQ2: How do learner personal characteristics (personalised learning, hedonic motivation, and effort
expectancy) influence perceived fit and intention to use the tool?

Sections 3.1-3.8 following describe each construct and its associated hypotheses (Figure 2), while
Section 4 details the analysis methodology.
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3.1 Task Characteristics
In higher education, task characteristics refer to the cognitive and instructional demands of learning
activities such as problem complexity, structure, collaboration, and cognitive load that influence how
effectively technology supports student learning (Bere, 2018). In the TTF model, better alignment between
task requirements and technology capabilities leads to improved performance, satisfaction, and adoption
(Goodhue & Thompson, 1995; Hidayat et al., 2021). In this study, Python programming tasks include
writing and debugging code, incorporating py5 drawing functions, and solving graphical challenges, which
require rapid feedback, low cognitive load, and ease of use—capabilities Thonny and Thonny-py5Smode
strive to provide. We base the following hypotheses on the task characteristics relationship with hedonic
motivation and TTF constructs.

HIi: Task Characteristics positively influence the Hedonic Motivation associated with Thonny-
pySmode-supported learning.

H4: Task Characteristics positively influence the Task—Technology Fit associated with Thonny-
pySmode-supported learning.

3.2 Technology Characteristics
Refers to the functional features, properties, and usability aspects of a system that determine how effectively
it supports users’ tasks (Goodhue & Thompson, 1995), including reliability, accessibility, data quality,
interactivity, and alignment with user abilities and needs (DeLone & McLean, 2003). In the TTF
framework, strong alignment between technology characteristics and task requirements enhances
performance, adoption, and satisfaction, while poor alignment can hinder task completion, particularly in
education (Park, 2019). In this study, Thonny-py5Smode’s beginner-friendly interface, graphical output, and
real-time debugging aim to meet the needs of Python novices, lowering cognitive load and supporting tasks
such as py5 coding, visualisation, and problem-solving. We base the following hypotheses on the
technology characteristics construct relationship with effort expectancy and task—technology fit,
respectively.

H2: Technology Characteristics positively influence the Effort Expectancy associated with Thonny-
pySmode-supported learning.

H5: Technology Characteristics positively influence the Task—Technology Fit associated with Thonny-
pySmode-supported learning.

3.3 Personal Characteristics

Refers to individual user traits, motivations, preferences, and cognitive capabilities that can affect how a
user perceives and interacts with technology, as well as how they perform tasks (Furneaux, 2012; Venkatesh
et al., 2003). These attributes shape perceptions of fit, ease of use, and enjoyment, and can ultimately affect
technology adoption and outcomes (Tamilmani et al., 2021; Wang & Kartika Sari, 2024). As Figure 2
illustrates, we operationalise personal characteristics through three constructs: Personalised Learning,
Hedonic Motivation, and Effort Expectancy, detailed in the subsections 3.4, 3.5, and 3.6, respectively.

3.4 Personalised Learning

Refers to tailoring the environment to an individual’s needs, preferences, and pace of learning to enhance
engagement, satisfaction, and performance (Melzer, 2019). In TTF terms, personalisation enables system
features and tasks to adapt to learners’ cognitive abilities, motivations, and learning styles. Thonny-
pySmode supports this through optional tool panels, real-time visual feedback, and coding activities that
can be approached at varying levels of complexity, allowing learners to progress at their own speed and
focus on relevant concepts. By aligning with students’ cognitive and emotional needs, these features can
increase engagement and enjoyment in programming, particularly for novices (Alyoussef, 2021; Skorié et
al., 2021). In resource-constrained contexts, higher ICT self-efficacy supports more constructive classroom
uses of technology, suggesting that personalisation, which builds confidence, can strengthen fit (Mlambo
et al., 2020). We base the following hypotheses on the personalised learning construct relationship with
task characteristics and task—technology fit, respectively.
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H3: Personalised Learning positively influences the Task Characteristics associated with Thonny-
pySmode-supported learning.

H6: Personalised Learning positively influences the Task—Technology Fit associated with Thonny-
pySmode-supported learning.

3.5 Hedonic Motivation
Refers to the extent to which a technology is perceived as enjoyable or fun to use (Ayasrah, 2020). Higher
enjoyment can increase users’ intention to adopt the technology and lead to their improved task performance
(Ayasrah, 2020; Cheng et al., 2020). Within the TTF framework, hedonic motivation can also promote
engagement and reduce cognitive resistance in learning contexts (Thabet et al., 2024). In this study,
Thonny-pySmode’s visual feedback, interactive coding environment, and immediacy aim to create an
enjoyable learning experience that sustains interest—particularly for novice programmers—enhancing
satisfaction and encouraging continued use (Wang & Kartika Sari, 2024). We base the following hypothesis
on the relationship between the hedonic motivation construct and task—technology fit.

H7: Hedonic Motivation positively influences the Task—Technology Fit associated with Thonny-
pySmode-supported learning.

3.6 Effort Expectancy
Refers to the perceived ease of use of a technology (Ayasrah, 2020). Alongside TTF, it is a key construct
for user acceptance and can influence performance in educational contexts (Alyoussef, 2021; Skori¢ et al.,
2021). TTF suggests that the easier a technology is to use, the better its fit to the task, the stronger the
learning outcomes, and the lower the resistance to adoption (Abbad, 2021). In this study, Thonny-py5Smode
is designed to offer high perceived ease-of-use through a simplified, learner-friendly interface, clear error
messages, and near-instant visual feedback. These features minimise the effort required for novices to
complete coding tasks effectively and confidently (Annamaa, 2024; Skorié¢ et al., 2021). We base the
following hypothesis on the effort expectancy construct relationship with task—technology fit.

HS8: Effort Expectancy positively influences the Task—Technology Fit associated with Thonny-
pySmode-supported learning.

3.7 Task—Technology Fit
Describes the degree of alignment between a technology’s capabilities and the requirements of a user’s task
(Goodhue & Thompson, 1995; Wang & Kartika Sari, 2024). As Figure 2 illustrates, it encompasses three
dimensions—7ask Characteristics, Technology Characteristics, and Personal Characteristics—that
together determine how effectively a system supports task performance. High fit is typically associated with
positive outcomes such as productivity, satisfaction, and behavioural intention to use the technology. In this
study, Thonny-pySmode-supported learning demonstrates task—technology fit when these three dimensions
align, meeting the demands of graphical Python programming tasks and the needs of novice learners. We
base the following hypothesis on the task—technology fit construct relationship with behavioural intention.
HY9: Task—technology fit positively influences students’ Behavioural Intention to learn using Thonny-
pySmode.

3.8 Behavioural Intention

Refers to a person’s willingness or intent to use a technology in the future, over a sustained period (Thabet
et al., 2024; Venkatesh et al., 2003). This is a core psychological variable in technology acceptance models
such as UTAUT and UTAUT2, where it not only reflects interest but also predicts actual system use.
Several aspects shape behavioural intention, including performance expectancy, effort expectancy, and TTF
(Abbad, 2021; Wang & Kartika Sari, 2024). Higher behavioural intention is associated with greater
engagement, improved performance, and stronger adoption continuity (Cheng et al., 2020; Thabet et al.,
2024). In Thonny-pySmode-supported learning, beginner-friendly features, graphical feedback, extendable
libraries, and a low learning curve (with the capacity to support more advanced projects over time) aim to
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address both task and personal needs, which should increase students’ willingness to adopt and continue
using it (Wang & Kartika Sari, 2024).

4. COURSE SETTING

This study evaluated students’ perceptions of Thonny-py5Smode in an introductory programming offering
at an Australian university. The course was a 12-week, first-year-level unit delivered in Trimester 1, 2025,
introducing Python to beginners. During the first four weeks of the course, students worked in IDEs such
as Jupyter Notebook, PyCharm, and Spyder, producing console-based output only. Instruction during this
period focused on foundational programming concepts, culminating in Assessment 1.

Assessment 1, due at the end of Week 4, tested students’ understanding of core Python syntax,
decision-making, and data structures through text-based output.

Assessment 2, due at the end of Week 8, required students to complete a series of graphical coding
challenges using Thonny-pySmode. Weeks 5-8 introduced students to Thonny-py5Smode. This second
instructional block built on the foundational concepts introduced earlier, extending them into graphical
programming tasks using Python and the pyS5 library. Specifically, the Assessment 2 tasks required students
to apply if-else statements and for and while loops in combination with a limited set of approximately 15
py5 drawing functions, with additional marks awarded for clear program structure and effective
commenting. Figure 3 presents the six tasks for students to recreate using Python code, drawing on
knowledge developed across the course.

77\
V/

~ ~ | A
ooooooooooo. \ ;\ < \ ]
oooooloo..... § 2§ N\ }{:ﬁ «
S == et
LYYYYS § 2§ 5‘ AN
== = 4 AMM
— ;\ N‘A\} \Q
\ /\ « L“L §

Figure 3. Thonny-pySmode Assessment 2 Challenges

To summarise, the weekly content leading up to Assessment 2 covered: (Week 1) Introduction to
Computer Programming and IDEs; (Week 2) Fundamentals of Decision Logic; (Week 3) Intermediate
Decision Logic; (Week 4) Lists and Dictionaries; (Week 5) Nested Decision Logic; (Week 6) Simple
Loops; (Week 7) Basic Functions; and (Week 8) Intermediate Loops, with a particular emphasis on the
instructional content and learning activities of Weeks 5-8 (which explicitly build on those concepts
introduced in Weeks 1-4). Weeks 9—12 content fell outside the scope of this study.
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5. METHODOLOGY

Our proposed model (Figure 2) examined key factors shaping novice learners’ behavioural intention to
learn Python programming using Thonny-py5Smode. The methodology employed a quantitative, survey-
based approach, selected for its confirmatory and deductive qualities and its typical application in studies
that apply TTF and other technology acceptance frameworks (Alyoussef, 2021; Budiartha et al., 2024;
Wang & Kartika Sari, 2024). The model involved testing a priori hypotheses and examining theoretically
grounded relationships using data from real-world educational settings (Furneaux, 2012; Mosunmola et al.,
2018; Park, 2019).

We applied a structured validation approach to develop and validate the measurement instrument: a
survey questionnaire comprising seven sections (Table 1) aligned with our model constructs (see Figure 2).
We first developed our model through a literature review to identify and define theoretical constructs,
refining these through specialist (Python lecturer) input and analysis. Experts in Python teaching and
learning reviewed the draft questionnaire to improve its structure and wording. Based on feedback, we
amended potentially ambiguous statements to establish the instrument’s content validity (Budiartha et al.,
2024; Yaakop et al., 2020).

We recruited participants aged 18 years or older from campuses in Adelaide, Brisbane, Melbourne,
Sydney, and online. From Week 9, following the submission of Assessment 2, we invited students to
complete a voluntary, anonymous questionnaire either online or on paper, with no incentives offered and
assurances that participation would not affect their grades. All items used a 5-point Likert scale (1 = strongly
disagree to 5 = strongly agree) addressing constructs across the study’s extended TTF model. Table 1
outlines the model constructs alongside their corresponding item groupings. To ensure construct—item
congruence, each measurement item in Table 1 directly derives from its theoretical construct, aligning with
the hypothesised relationships in the extended TTF model.

The researchers conducting the study did not teach or grade the course, and students were aware that
the Thonny-pySmode was under evaluation. The online questionnaire closed one week after the 12-week
course concluded (it opened in Week 9), and we distributed paper questionnaires for completion up until
Week 12 classes. Completion time averaged 10—15 minutes across both in-class and online administrations.
All participants provided informed consent, and the study complied with the research ethics guidelines
approved by the TUA Human Research Ethics Committee (HREC; Application 0394), classified as Low
and Negligible Risk (LNR).

We employed Structural Equation Modelling (SEM), which requires an adequate sample size to ensure
consistent and reliable results. Guidelines for SEM recommend that the minimum sample size exceed the
number of distinct model parameters, with a common rule of thumb of 5-10 observations per indicator
(Hair et al., 2019; Hair et al., 2021). The conceptual model in this study comprised 24 indicators, suggesting
an appropriate sample size of 120-240 participants. We collected data from 157 respondents. Data
screening procedures addressed missing values, outliers, normality, and multicollinearity (Hair et al., 2019,
pp. 62-73, 196-198), resulting in the removal of 14 cases. Table 2 presents an overview of the screened
respondent statistics, comprising 143 valid responses, exceeding the minimum (120) recommended for
SEM and thereby supporting the reliability of the analyses.

We selected and applied all statistical analysis procedures, including SEM, Confirmatory Factor
Analysis (CFA), reliability testing, and goodness-of-fit evaluation, in accordance with established theory
for latent variable modelling and prior empirical studies employing the TTF framework (Bere, 2018; Park,
2019).
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Construct Items for Modelling
Task e Thonny-py5mode supports effective hands-on learning through graphics creation
Characteristics using Python.

(TC) (sec. 3.1)

Programming graphics using Thonny-py5Smode encourages critical thinking and
analytical skills.

Overall, Thonny-py5Smode is an effective environment for learning programming
fundamentals.

Technology e Thonny-py5mode features an intuitive, user-friendly interface.
Characteristics | e« 1 can complete graphical coding tasks efficiently using Thonny-pySmode.
g T2 Cf) (sec. e Thonny-pySmode provides reliable, stable performance during coding sessions.
Personalised | o Using Thonny-py5Smode to code graphical output supports my ability to learn at
Learning (PL) my own pace.
(sec.3.4) e ] can customise the Thonny-py5Smode environment to match my learning
preferences.
e Thonny-pySmode accommodates different learning styles and strategies.
e Overall, Thonny-py5Smode promotes a personalised learning experience.
Hedonic e Thonny-pySmode allows me to express my creativity through coding.
Motivation e Learning to code graphical output with Thonny-pySmode is fun and enjoyable.
(HM) e Thonny-pySmode motivates me to experiment with different coding techniques
(sec.3.5) and ideas.
e Overall, coding graphical output with Thonny-pySmode is a positive and
enjoyable experience.
Effort e Thonny-py5mode is easy to install and set up.
Expectancy e Thonny-pySmode is easy to learn for beginners.
(EE) e Thonny-py5mode makes it easy to debug code.
(sec. 3.6) e Opverall, Thonny-py5Smode is efficient and easy to use.
Task— e Thonny-pySmode makes it easy for me to learn new coding concepts.
Technology Fit Thonny-pySmode provides useful and efficient debugging tools.
(( IT. F)3 7 e Overall, Thonny-pySmode supported the enhancement of my coding skills.
sec. 3.
Behavioural e [ intend to continue using Thonny-pySmode for future projects.
Intention (B) | e 1 would recommend Thonny-pySmode to others learning to code.
(sec. 3.8) e [ expect to use Thonny-py5Smode frequently for regular graphics and interactive

coding activities.

Table 1. Measurement Items for the Study
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Measure Item Count Percentage

Participant Campus Melbourne 34 23.78%
Sydney 29 20.28%
Adelaide 15 10.49%
Brisbane 13 09.09%
Online 52 36.36%

Gender Male 91 63.64%
Female 52 36.36%

Age 18-22 71 49.65%
23-27 47 32.87%
28-32 18 12.59%
33+ 7 04.90%

Table 2. Demographics

6. DATA ANALYSIS AND RESULTS

Prior to SEM estimation, the data were assessed for univariate normality using skewness and kurtosis
statistics. Across all measurement items, skewness values ranged from -0.94 to -0.21, while kurtosis values
ranged from -0.88 to 1.67. All values fell within acceptable thresholds for SEM (|skewness| < 2; |kurtosis|
< 7), indicating no substantial departures from normality. These results support the suitability of the data
for subsequent CFA and SEM analyses.

We further examined the dataset for common-method bias using Harman’s single-factor test and the
marker-variable test (Hair et al., 2021). Harman’s single-factor test was conducted using an unrotated
exploratory factor analysis including all measurement items. The results indicated that multiple factors
emerged, with the largest factor accounting for 38.2% of the total variance, which is below the commonly
accepted threshold of 50%. This suggests that no single factor dominated the variance and that common-
method bias is unlikely to be a significant concern.

We also performed a marker-variable test to further assess common-method bias. We included a
theoretically unrelated marker variable, examining its correlations with the substantive constructs. The
average correlation between the marker variable and the main study constructs was r = 0.07, while the
average substantive construct correlations exceeded r = 0.40. After partialling out the marker-variable
effects, the substantive path coefficients remained stable and statistically significant. These results indicate
that method variance is minimal relative to substantive variance. Together, these findings suggest a low
likelihood of common method bias in this study.

Following data preparation and bias checks, we applied SEM to test and validate the research model,
examining the critical determinants of students’ intention to learn Python programming using the Thonny-
pySmode coding environment. To empirically test the validity and reliability of the constructs presented in
Figure 2, we conducted a CFA in AMOS version 26 using the survey data. Before assessing model fit in
AMOS, the measurement instrument was first evaluated for internal consistency and construct validity
using Cronbach’s alpha (o), Composite Reliability (CR), item reliability (IR), and CFA to ensure the
robustness of the measurement model. The goodness-of-fit (GOF) statistics assessed were the likelihood
ratio chi-square (x?), the ratio of ¥* to degrees of freedom (y*df), the root mean square error of
approximation (RMSEA), and the Comparative Fit Index (CFI). Table 3 reports the results of the
measurement model evaluation.
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Construct | Item | FL IR CR v/idf | p CFI RMSEA | a
Recommended value >0.70 >0.50 | =0.50 | <0.30 | =0.05 | =0.90 <0.08 >0.70
Task TCl1 0.84*** | (.71 0.93 1.67 0.14 0.98 0.06 0.91

Characteristics TC2 0.89%** 0.79

(TC) TC3 | 0.91*** | 0.83

Technology TCsl | 0.83*** | 0.70 0.90 0.90
Characteristics [ TCg2 | (.79%** 0.68

(TCs) TCs3 | 0.85%** | 0.73

Personalised PL1 0.77*** 0.65 0.88 0.86
learning PL2 | 0.83*** | 0.70

(PL)

PL3 0.86*** | (.74
PL4 0.86*** | (.74
Hedonic HM1 | 0.77*** | 0.75 0.89 0.85
Motivation HM2 | 0.73%** 0.63
(HM) HM3 | 0.84%** | (.71
HM4 | 0.81*%** | (.68
Effort EE1 0.94*** | (.88 0.94 0.92
Expectancy EE2 (0.9 %% 0.82
(EE) EE3 0.88*** | (.77
EE4 0.91*** | (.81
Task TTF1 | 0.79*%** | 0.68 0.98 0.86
Technology  'TTF2 [ 0.86*** | 0.74
Fit (TTF) TTE3 | 0.83%%* | 0.70
Behavioural BI1 0.84*** | (.71 0.93 0.91
Intention (BI) BI2 0.94 %% 0.88

BI3 0.92*** | (.85

Note(s): ***p <0.001, **p <0.01, *p <0.05

Table 3. Measurement Model Validation and Reliability Statistics

As shown in Table 3, all measurement items exhibit strong psychometric properties, confirming the
adequacy of the measurement model. Standardised factor loadings (FL) range from 0.73 to 0.94 and are all
statistically significant (p < 0.001), exceeding the minimum acceptable threshold of 0.50 and the preferred
level of 0.70 (Hair et al., 2019). Item reliability (IR), assessed using squared multiple correlations, exceeds
0.50 for all items, indicating adequate reliability.

Composite Reliability (CR) values for all constructs range from 0.88 to 0.98, well above the
recommended threshold, demonstrating high internal consistency and strong convergent validity. Construct
reliability was further evaluated using Cronbach’s alpha (o), with all coefficients exceeding 0.85 and
surpassing the acceptable benchmark of 0.70 (Hair et al., 2019). Collectively, these results provide robust
evidence of convergent validity and construct reliability, justifying progression to goodness-of-fit
assessment and subsequent structural model analysis.

We assessed the GOF statistics for the final measurement model after conducting validity and
reliability tests. The normalised chi-square value (¥%/df = 1.67) fell below the recommended cut-off of 3.00,
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indicating that the model did not significantly differ from the observed data. The RMSEA value (0.06) was
below the 0.08 threshold, and the CFI value (0.98) exceeded the 0.90 threshold. Together, these results
indicate a good fit between the model and the data, making it suitable for hypothesis testing.

Discriminant validity is supported when the square root of the AVE for each construct is greater than
its correlations with other constructs (Hair et al., 2019). Table 4 presents the correlation matrix for the seven
constructs. All constructs demonstrated high discriminant validity, with AVE values ranging from 0.77 to
0.85. For example, the AVE for Effort Expectancy (0.85) exceeds its correlations with other constructs,
which range from 0.22 to 0.77, indicating strong discriminant validity.

TC TCs PL HM EE TTF BI
TC 0.82
TCs 0.56 0.79
PL 0.48 0.42 0.84
HM 0.62 0.52 0.47 0.82
EE 0.39 0.49 0.53 0.38 0.85
TTF 0.51 0.44 0.41 0.36 0.28 0.77
BI 0.45 0.38 0.49 0.42 0.41 0.22 0.81

Table 4. AVE and Squared Correlation Matrix

We assessed the overall fit of the structural model using multiple fit indices to evaluate the proposed
hypotheses. Table 5 summarises the results. The chi-square (%?) value normalised by the degrees of freedom
(x?/df) was 2.34, below the recommended cut-off of 3. The GFI (0.92) and AGFI (0.93) exceeded the
recommended threshold of 0.80, while the TLI (0.98) and CFI (1.12) were above the 0.90 threshold (note
that AMOS occasionally reports CFI values slightly above 1.0 due to rounding). The RMSEA (0.07) was
below the recommended maximum of 0.08. Overall, these results indicate that the structural model provides

a good fit to the data (Hair et al., 2019).

Model Fit Indices Recommended Value Actual Value
y2/df I<NC<3 2.34 (p £0.001)
RMSEA <0.08 0.07

GFI >0.80 0.92

AGFI >0.80 0.93

TLI >0.90 0.98

CFI >0.90 1.12

Table 5. Research Model’s Goodness-of-Fit (GOF) Indices

Table 6 presents the results of hypothesis testing for the structural model. The path coefficients ()
and significance levels (p-values) provide statistical support for eight hypotheses (H1, H2, H4, HS, H6,
H7, H8, and H9), while there is insufficient support for H3.
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Hypothesis Path Coefficient () SE p-value Model Support
H1 TC |—» | HM 0.43 0.065 0.003 Supported
H2 TCs | —» | EE 0.18 0.067 0.000 Supported
H3 PL |— | TC 0.02 0.072 0.170 Not Supported
H4 TC |—» | TTF 0.56 0.055 0.000 Supported
H5 TCs | —» | TTF 0.66 0.049 0.005 Supported
Ho6 PL |— | TTF -0.33 0.061 0.003 Supported
H7 HM | —» | TTF 0.26 0.054 0.000 Supported
H8 EE |—» | TTF 0.41 0.060 0.000 Supported
H9 TTF | —» | BI 0.33 0.057 0.000 Supported

Table 6. Structural Model Path Coefficients and Hypothesis Testing Results

Figure 4 presents the model from Figure 2 with the corresponding path coefficients, standard errors,
and significance levels for each hypothesised relationship in the extended TTF model.

HI: 0.48%**
L. H4: 0.56%%*
i Task Characteristics
H3: 0.02
b . H5: 0.66%*
;---i---1---1 Technology Characteristics —¢
P HY: 0.33%+
Task-Technology Fit > Behavioural Intention
Personal Characteristics A A A
[ . . H6: -0.38%* !
'----r---1---  Personalised Learning ---{----------------r---i---o
' . L H7: 0.26%%*
'----F--» Hedonic Motivation R R il
i HS8: 0.41%%**
bt --p  Effort Expectancy Rl R LR e R LR,
H2: 0.18%**

Notes: ***p <0.001, **p <0.01, *p <0.05
Figure 4. Extended TTF Model With Path Estimates and Significance

The hypothesis-testing results indicated strong support for most of the proposed relationships in the
extended TTF model. H1 — Task characteristics positively influenced hedonic motivation in Thonny-
pySmode-supported learning (B = 0.43, p = 0.003), indicating that engaging, well-structured tasks enhanced
enjoyment and emotional engagement. H2 — Technology characteristics positively influenced effort
expectancy (B =0.18, p <0.001), suggesting that user-friendly features reduced the perceived effort required
to use Thonny-pySmode. H3 — Personalised learning did not significantly influence task characteristics (3
= 0.02, p = 0.170), indicating that adaptive or individualised elements did not alter perceptions of the
learning tasks. H4 — Task characteristics positively influenced task—technology fit (B = 0.56, p < 0.001),
showing that clarity and relevance shaped perceptions of tool-task alignment. H5 — Technology
characteristics positively influenced task—technology fit (B = 0.66, p = 0.005), underscoring the role of
usability and functionality. H6 — Personalised learning negatively influenced task—technology fit (f =
—0.33, p = 0.003), suggesting that greater personalisation sometimes reduced perceived alignment. H7 —
Hedonic motivation positively influenced task—technology fit (p =0.26, p <0.001), affirming that emotional
engagement improved perceptions of alignment. H8 — Effort expectancy positively influenced task—
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technology fit (p = 0.41, p < 0.001), indicating that ease of use strengthened perceived fit. H9 — Task—
technology fit positively influenced behavioural intention to use Thonny-pySmode (f = 0.33, p < 0.001),
showing that students were more likely to adopt the environment when it aligned with their learning needs.

7. DISCUSSION

Our structural model (Figure 4) shows that task characteristics, technology characteristics, personalised
learning, hedonic motivation, and effort expectancy all have direct, significant effects on the TTF of
Thonny-pySmode. Moreover, this fit has a direct, significant impact on students’ adoption of Thonny-
pySmode for learning Python across four campuses in Australia and its online cohort. However,
personalised learning did not significantly affect technology characteristics in this study.

H1 tested whether task characteristics influence hedonic motivation, demonstrating that the model
supports H1 (B = 0.43, p = 0.003). This aligns with previous findings that well-structured, cognitively
engaging learning tasks can significantly enhance learners’ enjoyment: Skori¢ et al. (2021) found that
aligning programming task demands with technology capabilities improves student satisfaction and
continued use intentions; similarly, Melzer (2019) noted that task design (an aspect of task characteristics)
can strengthen motivation and engagement in information systems education. In our context, Thonny-
pySmode’s support for step-by-step debugging, output visualisation, and structured logic-based graphical
challenges appears to heighten students’ emotional involvement, thereby raising hedonic motivation. These
task effects also ripple into effort expectancy perceptions. When learners like using a tool because it
structures tasks clearly and responds instantly, they tend to see the tool as less effortful. In this study,
Thonny-py5Smode matched the structure of students’ tasks and provided immediate feedback, increasing
intrinsic motivation and creating a more pleasant Python learning experience.

H2 examined the link between technology characteristics and effort expectancy, confirming that
Thonny-py5Smode significantly influenced the latter for students learning Python programming (f = 0.18,
p=0.007). Prior research finds that usability, clear feedback, and responsive system design reduce cognitive
load and increase perceived ease of use. Wang and Kartika Sari (2024) reported that user-friendly interface
features and visual feedback mechanisms enhance perceived ease of use in educational technology contexts;
Skorié et al. (2021) observed that web-based programming tools offering simplified navigation, real-time
debugging, and platform accessibility support higher levels of perceived task—technology fit and reduce
effort required. Thonny-pySmode’s intuitive layout, error reporting, and graphical output lower the
cognitive and physical effort students expend during learning. This pattern suggests that effort expectancy
is shaped by how well the system aligns with novices’ cognitive needs. When friction drops, learners can
focus on grasping Python concepts rather than wrestling with the environment.

H3 tested whether personalised learning shapes task characteristics. Contrary to some prior work, our
model did not support H3 (B =0.02, p=0.170). Melzer (2019) reported that personalisation, when grounded
in cognitive fit theory, can improve learners’ perceptions of task clarity in information systems education.
However, our findings suggest that personalisation alone does not automatically yield clearer or better-
structured tasks. To influence task characteristics, system designers likely need to embed personalisation
into the tasks’ logic and scaffolding, not just into interface-level features.

H4 concerned the impact of task characteristics on task—technology fit, demonstrating a significant,
positive effect (= 0.56, p <0.001). This positive relationship suggests that Thonny-py5Smode’s supportive
interface design, such as its syntax alerts, integrated visual feedback, and simplified debugging, may
contribute to learners’ perception of task—technology alignment. Prior research confirms that, when tasks
are clearly defined and supported by interactive affordances such as real-time feedback and visualisation,
students perceive a stronger TTF (Liu et al., 2023). Yaakop et al. (2020) found that collaborative and well-
structured tasks in cloud-based learning systems improved perceived alignment between tasks and
technological tools.

HS5 tested whether technology characteristics directly influence task—technology fit, showing a strong
positive relationship (f = 0.66, p < 0.005). Research from Thabet et al. (2024) shows that system quality
elements—particularly intuitive interfaces, real-time visual output, and error-handling assistance—improve
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perceptions of how well a technology matches task demands; similarly, Wang and Kartika Sari (2024)
observed that platform responsiveness and adaptability enhance user engagement and strengthen TTF
perceptions. In this study, the approachable Thonny-py5Smode interface, convenient installation process,
graphical output, and shell panel support closely match the requirements of creative coding tasks. Through
this alignment, students can focus on problem-solving rather than wrestling with the environment, thereby
reinforcing perceptions of strong TTF.

H6 indicates that personalised learning had a significant negative effect on task—technology fit (f =
—0.33, p = 0.003), suggesting that greater personalisation was associated with lower perceived alignment
between Thonny-py5Smode and the programming tasks. This aligns with H3’s finding that personalisation
did not significantly improve task characteristics, implying limited integration with the task structure. In
contrast, Melzer (2019) found that tailoring environments to individual preferences can strengthen
perceived fit; Ishaq et al. (2024) reported that adaptive difficulty, personalised feedback, and real-time code
visualisation can enhance alignment in programming contexts. One possible explanation is that aspects of
Thonny-py5Smode that could support personalisation, such as immediate visual feedback and the creative
flexibility of py5 commands and graphical output, were not tailored to individual learners or sufficiently
integrated into the assessment scaffolding. This made them seem loosely connected to the programming
tasks and fostered a perception of mismatch rather than synergy.

H7 addresses hedonic motivation’s role in task—technology fit and indicates a significant, positive
relationship (B = 0.26, p < 0.001). Skori¢ et al. (2021) found that, when students perceive interactive
programming environments as enjoyable, their assessment of TTF improves; Ishaq et al. (2024) similarly
reported that adaptive difficulty, personalised feedback, and real-time code visualisation can heighten both
enjoyment and perceived alignment in programming contexts. Thonny-pySmode’s graphics-oriented output
provides a form of immediate visual feedback (alongside shell output), and its simplified interface likely
makes programming less intimidating for Python novices.

HS8 tested the effect of effort expectancy on task—technology fit, finding a significant, positive
relationship (B = 0.41, p < 0.001). Prior research supports this link between perceived ease of use and
stronger perceptions of task—technology alignment. Lim and Lee (2021) found that intuitive interfaces and
reduced complexity enhance users’ sense of fit with learning tasks; Thabet et al. (2024) reported that clear
navigation structures, immediate feedback, and low cognitive load significantly improve the perceived
match between system capabilities and intended tasks. Thonny-py5mode’s clean layout, integrated
debugging, and graphical output likely reduced effort, reinforcing perceptions of fit with the graphical
programming tasks.

H9 links task—technology fit to behavioural intention. The effect is significant and positive ( = 0.33,
p <0.001). DeLone and McLean’s (2003) IS success model emphasises the role of system—task alignment
in driving continued use; Skori¢ et al. (2021) confirmed that when students perceive web-based
programming tools as fitting well with learning activities, they show stronger continuance intentions.

Taken together, these results highlight an integrated picture of adoption. Task—technology fit is a
central driver of behavioural intention, shaped by clear, well-scaffolded tasks (H1, H4), strong technology
characteristics (H2, HS), and user-centric elements that make the experience both enjoyable (H7) and easy
(H8). In Thonny-py5Smode, features such as syntax alerts, intuitive debugging, and integrated graphical
output closely align with the demands of graphical Python tasks. Personalised learning, however, shows a
more complex pattern: it does not significantly alter task characteristics (H3) and, in this study, was
associated with lower TTF (H6). This suggests that when adaptive elements, such as immediate visual
feedback or the creative possibilities offered by py5 commands, are not tightly embedded in task
scaffolding, they may reduce rather than enhance perceived alignment.

For practice, three implications stand out: (1) design tasks that are structured, cognitively engaging,
and tightly mapped to learning outcomes, while ensuring the environment provides immediate, meaningful
feedback; (2) adopt environments with novice-friendly interfaces, visual feedback, and streamlined
debugging features that reliably lower effort, raise enjoyment, and strengthen TTF; and (3) treat
personalisation with care by ensuring that task scaffolding and learning pathways closely integrate with
adaptive pacing and feedback, rather than layering these superficially at the interface level.
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We do, however, note a limitation of this study: the sample consisted primarily of first-year students
in an introductory Python course. While appropriate for examining early adoption, prior programming
experience may moderate how learners perceive fit and adoption. Future work will therefore include more
cross-cohort and experienced-student groups to evaluate the influence of previous programming experience
and IDE exposure.

In the specific case of Thonny-pySmode, the convergence of usability, visual immediacy, and
supportive debugging appears to deliver a strong perceived fit to core Python programming tasks. Students
who experienced this fit reported greater enjoyment, lower perceived effort, and stronger intentions to
continue using the environment. The overall pattern suggests that Processing-like, graphically oriented
Python environments such as Thonny-py5Smode can meaningfully enhance early programming experiences
when they balance clear task design, robust interactive affordances, and thoughtfully embedded
personalisation.

Future research should adopt a longitudinal design to examine how task—technology fit and
behavioural intention evolve as students’ progress from introductory to advanced programming courses,
where changing task complexity, expertise, and learner expectations may alter the features required to
sustain perceived fit and continued use.

In addition to longitudinal designs, future research would benefit from adopting mixed methods
approaches that incorporate qualitative data to complement SEM-based findings. While this study identifies
statistically significant relationships among task characteristics, technology characteristics, and learner
personal characteristics, qualitative methods such as interviews, focus groups, or reflective learning journals
could provide deeper insight into how students interpret and experience these relationships in practice. For
example, qualitative data could help explain why personalised learning exhibited a negative relationship
with task—technology fit, uncovering learners’ perceptions of misalignment between adaptive features and
assessment scaffolding. Mixed methods designs would also allow researchers to capture contextual factors
such as learner expectations, prior programming experience, and affective responses that are not fully
observable through survey instruments alone. By integrating qualitative insights with quantitative
modelling, future studies could develop a more nuanced understanding of user experience, sense-making
processes, and pedagogical implications associated with creative-coding environments such as Thonny-
pySmode.

8. RESEARCH IMPLICATIONS

The study offers both theoretical and practical contributions for the use of Thonny-pySmode. Theoretically,
it extends TTF theory by incorporating three personal characteristics: personalised learning, hedonic
motivation, and effort expectancy. While traditional TTF frameworks focus on aligning task needs and
technology characteristics (Furneaux, 2012), our model posits that learners’ experiences and motivations
also mediate this relationship. Testing hypotheses 1 through 9, we confirm that perceived fit depends on
both system functionality and users' enjoyment, learning needs, and intention to use the system, echoing
prior work demonstrating the joint influence of system quality and user factors on TTF (Skori¢ et al., 2021;
Thabet et al., 2024), expanding TTF to include emotional and motivational dimensions alongside functional
alignment. The insignificant effect between personalised learning and technology characteristics further
suggests that adaptive learning systems must consider not only the quality of system features but also the
user's context and capability, consistent with insights from Melzer (2019) on the role of cognitive fit in
personalised learning design. Design implications resonate with findings that effective curriculum
transformation requires embedding authentic uses of technology in programme design (Rambe, 2016). That
sustained self-efficacy support through hands-on, scaffolded training enables educators to adopt more
constructive, knowledge-building uses of ICT in classrooms (Mlambo et al., 2020).

Beyond its theoretical extension of the TTF framework, this study contributes methodologically by
providing a rigorously validated measurement model with robust reliability and construct validity for
learner-centred constructs in programming environments for graphical output.
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Practically, the findings suggest selecting or designing coding environments like Thonny-py5Smode for
their ability to support structured learning tasks while remaining stimulating and user-friendly. In Thonny-
pySmode, features such as graphical output via py5 sketches, seamless integration between the sketch
window and Thonny panels, and a simplified, non-command-line interface that avoids package
management reduce cognitive load and boost satisfaction (Lim & Lee, 2021; Thabet et al., 2024). These
elements align closely with our results on task—technology fit, as the environment’s layout and immediacy
in generating graphics help beginners stay oriented and engaged. The strong link between hedonic
motivation and TTF is illustrated by Thonny-pySmode’s ability to make coding sessions more enjoyable
through real-time graphical results, encouraging sustained use (Skori¢ et al., 2021; Yaakop et al., 2020).
For educators, these findings can inform the adaptation of existing IDEs or the design of new ones tailored
to specific Python multimedia libraries, without sacrificing ease of use. By pairing beginner-friendly tools
with scaffolded coding tasks and challenges, educators can help novices build confidence and skills. Finally,
the significant influence of TTF on behavioural intention shows that, when students feel Thonny-pySmode
fits their needs, they are more inclined to continue using it—underscoring the importance of aligning the
tool's features with both pedagogical goals and learner characteristics (DeLone & McLean, 2003).

This study further contributes by demonstrating that personalisation implemented at the user-
experience level alone is insufficient to enhance learning, underscoring the need for pedagogically
embedded and task-aligned personalisation within extended TTF models.

9. CONCLUSION

This study applied an extended Task—Technology Fit framework to examine factors shaping university
students’ intention to use Thonny-pySmode for learning Python. The results show that task characteristics,
technology characteristics, hedonic motivation, effort expectancy, and personalised learning all influenced
perceived fit, with TTF in turn driving behavioural intention. While personalisation did not significantly
shape task characteristics and, in this case, was associated with lower TTF, the combination of structured
tasks, user-friendly design, and an engaging graphical approach created strong perceived alignment
between Thonny-pySmode and learners’ needs.

For practice, our findings underscore the value of beginner-friendly IDEs that integrate graphical
output and beginner-friendly design, complemented with scaffolded tasks to reduce cognitive load and
sustain engagement. We demonstrated this by extending TTF theory to integrate motivational constructs
alongside functional alignment in predicting technology adoption in programming education. In Thonny-
pySmode, the balance between usability and a workflow oriented toward graphical output reduced effort
and encouraged continued use. Future research should examine how personalisation can be more tightly
embedded in task scaffolding and how contextual factors, such as prior programming experience and
educator support, influence adoption outcomes.
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