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Abstract

Literature on the use of Computational Notebook (Notebook) in the classroom remains fragmented, often limiting
the relationship between implementation challenges and impacts to narrative descriptions. Consequently, a
systematic literature review (SLR) is required to systematically extract the implementation—challenges—impact
triad. This SLR aims to synthesize evidence on how notebooks are implemented in classrooms, including the
challenges and impacts associated with their use. Following the PRISMA 2020 guidelines, this study focuses on
three synthesis constructs: implementation, challenges, and effects. The search was conducted across Scopus and
Web of Science Core for publications from 2021 to 2025, resulting in 71 included studies, with the highest
concentration in 2023. The dominant platforms identified were the Jupyter ecosystem and Google Colab, with
implementation contexts spanning schooling, higher education, and teacher training. In general, implementation
patterns indicate that notebooks are more frequently positioned as a core component, characterized by moderate
scaffolding and relatively high support layering or workflow. This suggests that the adoption of the Notebook in
classroom practice is supported more by operational and workflow regularity than by the intensification of
conceptual assistance. While technical and pedagogical-cognitive challenges recur, they are often reported
narratively. In contrast, challenges regarding assessment and integrity are more explicit because they directly affect
the legitimacy of grading. As a result, the correlation between challenges and impacts remains less accessible
across various studies. The practical implications point to a need to balance workflow strengths with reinforced
conceptual scaffolding. In contrast, the research implications emphasize improving documentation quality and
challenge detection to ensure that 21st-century skill outcomes are more grounded in structured evidence.
Ultimately, this study offers an operational perspective on what makes technology “work” in the classroom and
provides a shared language for mapping technology adoption across core activity integration, scaffolding levels,
and operational support.

1. Introduction

Computational Notebooks, commonly referred to simply as Notebooks, are widely used in education for their ability
to integrate explanatory narratives, code, and computational output into a single document. This ecosystem
evolved from interactive computing practices that emphasize exploration and human-computer dialogue (Perez &
Granger, 2007). In an educational context, this narrative and execution format makes thought processes and
problem-solving steps easy to trace. Such teaching practices facilitate a seamless blend of conceptual context and
coding practice, particularly when learning requires step-by-step data visualization and analysis (Reades, 2020).

Regarding the quality of computational practices, Notebooks bring forward critical issues of reproducibility and
process traceability. On the one hand, they simplify the sharing of analyses through explicit procedural traces; on
the other hand, the quality of a Notebook determines whether others can replicate its results. Specific Notebook
characteristics influence reproducibility and inform best practices when used for instruction or assessment
(Pimentel et al., 2021). Further research reveals that reproducibility challenges lie within the code, execution
environment, and dependencies. In a study of millions of notebooks on GitHub, Pimentel et al. (2021) found that
poor documentation practices, reliance on libraries with ambiguous versions, and non-sequential cell execution are
common causes of reproduction failure. This is exacerbated in educational contexts, where students tend to
explore code at random, thereby deviating from the instructor's intended workflow (Samuel & Mietchen, 2024). To
address these issues, various tools are being developed to identify potential problems in notebooks and suggest
improvements.
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Furthermore, the effectiveness of Notebooks is inseparable from the pedagogical design in which they are utilized.
The existence of Notebooks as digital content opens significant opportunities for the application of active learning
and blended learning models. A blended learning approach is particularly relevant, as Notebooks can serve as a
bridge between classroom theory and independent practice at home (De Santo et al., 2022). Through Notebooks,
students can actively engage with the material as experimenters, receiving instant feedback from code execution.
This supports a shift from traditional teacher-centered instruction toward a more student-centered learning
environment, where exploration and discovery are key.

Within a broader framework, Notebooks are highly relevant to 21st-century learning, which demands cross-
disciplinary competencies. Comparative analyses show a consistent spectrum of skills associated with Notebook
use, despite differences in terminology and emphasis (Voogt & Roblin, 2012). A foundational concept in this regard
is computational thinking, in which Notebooks serve as a practical medium for orchestrating learning activities that
combine modeling, exploration, and communication through computational artifacts (Wing, 2006). Computational
Thinking (CT), with its core pillars of decomposition, abstraction, pattern recognition, and algorithmic design, has
become increasingly crucial across all disciplines in the digital era. Notebooks provide a rich environment for
teaching and practicing these CT skills. They facilitate the learning of both programming syntax and the
computational mindset essential for solving real-world problems (De Santo et al., 2022).

Despite their growing adoption, empirical evidence suggests that effectiveness depends on implementation design,
student readiness, and infrastructural support. Classroom studies indicate that Notebooks can enhance
engagement, learning experiences, and outcomes (Amoudi & Tbaishat, 2023). At the instructional level, their use
entails varying operational consequences across courses and institutions (Reades, 2020), including the need for
computational scaffolding, material management, and support for self-directed learning. A significant gap exists
concerning the quality of notebook artifacts and reproducibility. Research shows that issues with documentation,
execution order, and re-execution failures are common; a Notebook may "appear successful" when created but
remain difficult for others to verify or replicate (Pimentel et al., 2021; Samuel & Mietchen, 2024). In practice, best-
practice recommendations emphasize that the quality of process documentation, narrative structure, and execution
habits determines the Notebook's readability, repeatability, and utility (Rule et al., 2019). Furthermore, while
Notebooks are often used as assessment media, this adds a layer of complexity. Studies show that using
Notebooks for formative assessment can improve attitudes and self-efficacy but can also introduce hurdles, such
as programming anxiety, resistance to open-source technology, and specific technical requirements (Temel et al.,
2025). On the tooling side, ecosystems like nbgrader demonstrate that automating the distribution, collection, and
grading of Notebooks requires standardized task structures and consistent management practices (Jupyter et al.,
2019).

The current literature remains fragmented: some studies focus on implementation patterns and learning
experiences, others on quality, and others on assessment and grading automation. Consequently, evidence
regarding the relationship between implementation, challenges, and impacts is largely limited to narrative
descriptions. Therefore, a Systematic Literature Review (SLR) is needed to structurally extract: (a) implementation
characteristics, (b) types of challenges and their detection methods, and (c) types of impacts. This extraction
enables a traceable synthesis and opens opportunities for quantitative analysis.

This study is designed as an SLR reported following the PRISMA 2020 guidelines through a process of
identification, selection, and synthesis (Page, McKenzie, et al., 2021). The review focuses on three synthesis
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constructs: implementation, challenges, and impacts. Based on this foundation, the study synthesizes evidence to
answer the following research questions:

RQ 1: How are Notebooks implemented in learning environments?
RQ 2: What are the challenges of using Notebooks in learning?
RQ 3: What is the impact of using Notebooks in learning on 21st-century skills?

The primary contribution of this study is providing an evidence map that links the role of Notebooks in learning
across three areas: implementation practices, quality issues as computational artifacts, and classroom
assessment issues. By combining these perspectives, this study positions the Notebook as a learning artifact
whose quality influences the learning experience, challenges, and outcomes. Thus, this SLR provides a basis for
more evidence-informed Notebook implementation design and paves the way for further quantitative analysis.

2. Literature Review

Notebooks are presented as tools and formats for executable computational artifacts. Consequently, their
existence carries pedagogical implications that support exploration, as well as methodological consequences
involving risks of statefulness and iterative processes. This concept originates in literate programming, which
treats a program as a narrative that explains computational logic and procedures (Knuth, 1984). This pioneering
work evolved through interactive computing, such as IPython, into Jupyter Notebooks (Perez & Granger, 2007). The
resulting document is an integrated fusion of text, code, and outputs (Kluyver et al., 2016).

2.1 The Evolution and Characteristics of Computational
Notebooks

Notebooks treat programs as narratives that explain computational logic, allowing readers to follow the reasoning,
steps, and structure of problem-solving. This narrative and code format facilitates procedural reasoning and step-
by-step reflection during the production process (Knuth, 1984). Developed through interactive computing,
notebooks reinforce iterative exploration in scientific computing. Users can test code snippets, modify them, rerun
them, and immediately interpret the output. This characteristic aligns with exploration-based learning patterns,
where understanding is formed through a "test-interpret-revise" cycle (Perez & Granger, 2007). Building on this,
Jupyter Notebook formalized the notebook as a document that integrates text, code, and output into a single
artifact. Kluyver et al., (2016) emphasize the notebook as a publication format for reproducible computational
workflows. This is documentation of an analytical process that readers can follow and re-execute.

The next development is the shift toward cloud-based platforms, with Google Colab serving as a prominent
representation of this phase. Colab is a hosted Jupyter Notebook service that runs in a browser and provides
computational access, making it easier to adopt for network-based learning and computational projects (Google,
2025). In an educational context, Colab’s primary value lies in lowering initial technical barriers—such as
installation, OS compatibility, and dependencies—so the focus can shift to learning activities. Google has even
positioned Colab as the easiest way to start Python programming since 2017 (Google, 2025). Evidence of its utility
can be seen in studies integrating GitHub and Colab to ensure equitable access across devices and eliminate
installation friction for students (Osério & Garma, 2025). Based on this evolution, the key characteristics of
Notebooks can be summarized as:
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* Narrative—Executable: Explanation and computation within a single document.
 Interactive—Ilterative: Readily supporting rapid exploration and revision.
 Stateful: Results are influenced by the execution order of cells and the environment.

» Service-based Accessibility: Minimal setup, available computing power, and streamlined sharing/collaboration.

2.2 Implementing Notebooks in Education

The implementation of Notebooks is understood as the design of a learning ecology that orchestrates (i) the extent
to which Notebooks are integrated into the course structure, (i) the types of computational activities at the core of
learning, and (iii) the sustained practical support provided to students. Notebooks function as a learning
environment that binds together content, exercises, and computational artifacts. Successful implementation
requires a well-contained approach toward both the depth of curricular integration and the specific forms of activity
(Reades, 2020; Rowe et al., 2021). For Notebooks to serve effectively as a learning medium, the role of scaffolding
—through templates, step-by-step guidance, and interpretation prompts—must be carefully managed (Vallejo et al.,
2022). Furthermore, implementation almost always depends on the chosen deployment ecosystem and distribution
workflow.

Notebooks appear across a broad spectrum of integration: from structured worksheets interspersed within a
course to serving as the pedagogical backbone, where they are the primary medium. Reades (2020) describes
Notebooks as a teaching infrastructure that accelerates curriculum development and data-driven learning activities.
Physics laboratory studies show that Notebooks can be integrated without drastically altering the course structure
while remaining the primary media for data analysis exercises (Tufino et al., 2024). At the assignment level,
Notebooks can be positioned as the central artifact for narrative-computational tasks, such as computational
essays that combine scientific modeling with communication (Odden & Malthe-Sgrenssen, 2020).

Notebook implementations can be categorized into several activity patterns: (a) data analysis and visualization, (b)
modeling, and (c) narrative-computational assignments. Examples of data analysis include integrating Python for
physics lab analysis (Tufino et al., 2024) and using notebooks for problem-based learning in geosciences
(Campbell et al., 2025; Rowe et al., 2021). Modeling examples are seen in thermodynamics notebooks paired with
virtual simulations in Google Colab (Vallejo et al., 2022) and the redesign of Computational Fluid Dynamics (CFD)
learning that combines Notebooks with industrial packages (Seddighi et al., 2020).

Implementation is generally supported by scaffolding via templates, sequenced steps, worked examples,
interpretation cues, and tiered exercises. In Colab-based thermodynamics learning, Notebooks are structured as
learning objects containing both exercises and solutions. In laboratory data analysis, Notebooks are designed with
exercises and physics application examples to guide mastery of programming. In data-driven machine learning,
modules are equipped with worked examples and modeling process structures so students can emulate
generalized modeling practices (Fleischer et al., 2022).

Implementation choices are often determined by how the Notebook is brought to life in the classroom: via local
installations (e.g., Jupyter) or cloud platforms (e.g., Colab) to minimize installation and compatibility barriers.
Studies on Colab for thermodynamics highlight browser-based Notebooks as e-learning resources and a gateway
to coding for students without prior programming experience. Meanwhile, implementations in computing-heavy
courses may be paired with other tools that require managing computational environments and technical support
readiness (Seddighi et al., 2020). In practice, literature also indicates that implementation shifts the friction from
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installation to activity design and support, such as through online resources, problem-solving sessions, or
accessible material repositories (Campbell et al., 2025; Vladis & Coleman, 2021).

A decisive dimension for implementation consistency is how Notebooks are distributed, completed, and collected.
In this context, tooling such as nbgrader marks a more "systematic" implementation approach, as it supports
structured assignment creation, distribution, and grading. Examples include integration with Learning Management
Systems (LMS) within the Jupyter ecosystem (Kluyver et al., 2016). Conversely, some computing education studies
utilize code repositories to support material replication, version tracking, and student access. When Notebooks are
positioned as a medium for formative assessment, implementation can also take the form of assessment activities
designed directly within the notebook (Temel et al., 2025).

2.3 Challenges in Notebook Implementation

Implementation challenges arise because Notebooks play a dual role: as a computational environment (runtime,
dependencies, execution, reproducibility) and as a pedagogical artifact (narrative—code—output serving as a
medium for learning and assessment). Their interactive and stateful nature means the execution order of cells,
environment configurations, and computational work habits heavily influences the learning experience.
Consequently, challenges are defined by activity design, heterogeneity in programming proficiency, and assessment
mechanisms (Johnson, 2020; Pimentel et al., 2021; Reades, 2020; Rule et al., 2019). Across various educational
contexts, reports consistently highlight dependency friction, debugging burdens, and the complexities of evaluating
notebooks as both products and processes. Therefore, literature emphasizes the importance of identifying
challenges and their detection methods—whether based on perception (surveys), artifacts (Notebooks), process
traces (logs), or assessment mechanisms (workflows) (Gonzalez-Carrillo et al., 2021; Kluyver et al., 2016; Nwulu et
al., 2021; Vladis & Coleman, 2021).

Technical challenges center on reproducibility and environment stability: package and version dependencies,
configuration errors, and inconsistent results due to cell execution order or runtime states. Literature indicates that
execution order issues, incomplete artifacts, and poor documentation practices can diminish the reproducibility of
an analysis. These issues become critical when Notebooks are used as instructional materials that must be
executed by many students across different devices (Pimentel et al., 2021; Rule et al., 2019). In teaching practice,
deployment choices are often presented as strategies to reduce installation friction, yet they still leave unresolved
issues of compatibility, environmental management, and packaging requirements (Campbell et al., 2025; Reades,
2020; Seddighi et al., 2020). Cloud-based studies confirm the benefits of accessibility, but the technical
consequences shift toward file management, connectivity, resource limits, or service dependencies (Osério &
Garma, 2025; Vallejo et al., 2022). Within a course context, environmental stability and device readiness are often
prerequisites to ensure that the learning focus is not consumed by troubleshooting (Dominguez et al., 2021; Ruiz-
Sarmiento et al., 2021).

In the cognitive domain, the key challenge is the dual learning load: students must grasp domain concepts while
simultaneously building computational competence. Many reports show that basic programming hurdles can
submerge conceptual goals if scaffolding is inadequate (Fleischer et al., 2022; Johnson, 2020; Reades, 2020).
Heterogeneity in prior programming skills is frequently cited as a source of gaps in participation and learning
tempo. Evidence for this emerges from both student-perception studies and classroom-implementation narratives
(Campbell et al., 2025; Nwulu et al., 2021; Vladis & Coleman, 2021). In some studies, highly structured Notebook
designs are used to lower cognitive load and help students link computational output with conceptual meaning
(Dominguez et al., 2021; Fleischer et al., 2022; Vallejo et al., 2022). In team-based learning or guided inquiry, social

Page 6/37



support and collaborative structures are employed to reduce debugging friction and facilitate more productive
problem-solving (Kumwichar, 2023; Osério & Garma, 2025; Rowe et al., 2021).

Assessment challenges arise when the Notebook is used as an assessment format that combines narrative, code,
and output: what should be graded, and how can fairness and consistency be maintained? A Notebook may appear
"correct” in one runtime but fail to execute cleanly upon a fresh re-run, making assessment based on re-execution or
test cases complicated (Pimentel et al., 2021; Rule et al., 2019). Tooling such as nbgrader institutionalizes
workflows to reduce operational burdens and improve consistency. Autograding studies highlight the challenges of
maintaining validity and fairness when student solutions vary, as well as the risk of teaching to the tests if feedback
is not designed to be educational (Gonzalez-Carrillo et al., 2021). In studies where Notebooks serve as a digital
assessment medium, issues of readiness and perception toward the assessment itself become part of the
implementation challenges (Amoudi & Thaishat, 2023; Temel et al., 2025).

The three categories of challenges mentioned above serve as a framework for detection. Challenges reported
through surveys provide an overview of the learning experience, but the weight of their evidence differs from
challenges demonstrated by artifacts, process traces, or assessment mechanisms that yield operational evidence.

2.4 The Impact of Notebooks on 21st-Century Skills

Within the framework of 21st-century competencies, the impact of Notebook implementation is understood as a
multi-domain output: cognitive-conceptual, computational, and socio-affective. 21st-century competencies
emphasize higher-order thinking skills and collaborative practices embedded in authentic activities. Conceptual and
professional outcomes emerge when Notebooks are positioned as artifacts where students link narratives, models,
and evidence within a single document. This pattern frequently appears in the tradition of computational essays in
physics, where Notebooks serve as a medium to demonstrate scientific reasoning and professional practice
(Odden, 2019; Odden & Malthe-Sgrenssen, 2020). Furthermore, integrating Notebooks into laboratory settings
emphasizes data interpretation and evidence-based argumentation (Casebeer & Frano, 2025; Tufino et al., 2024). In
several studies, Notebooks are linked to enhanced learning processes and module comprehension through
problem-based tasks and automated question generators (Bascufiana et al., 2023; Castilla & Pefia, 2023;
Dominguez et al., 2021; Seddighi et al., 2020).

The Computational Thinking (CT) framework positions Notebooks as a means to develop computational ways of
thinking (Wing, 2006). This outcome typically occurs when Notebooks are used for data analysis, modeling, and
programming exercises integrated with domain-specific goals. For instance, learning Python or R through
Notebooks in biomedical and health contexts emphasizes computational analytical skills and data-driven problem
solving (Gupta et al., 2023; Kumwichar, 2023; Vladis & Coleman, 2021). Robotics contexts demonstrate CT as the
ability to apply computation to real-world systems and applied tasks (Castilla & Pefia, 2023; Ruiz-Sarmiento et al.,
2021; Seddighi et al., 2020). In implementations where Notebooks are the core of activity design, CT outcomes also
intersect with computational literacy: writing, executing, debugging, and communicating code (Campbell et al.,
2025; Osério & Garma, 2025; Rowe et al., 2021). Even when the research focus is on improving module learning,
Notebooks are positioned as a medium that "compels” students to explicitly practice CT through computational
tasks.

Notebooks can be understood as a learning-as-assessment medium that influences engagement and agency.
Students observe a direct correlation between their actions and the resulting consequences, making the learning
experience more meaningful. Impact is often reported through indicators of attitude, perception, and learning
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experience—such as engagement, perceived usefulness, or readiness to use Notebooks (Amoudi & Tbaishat, 2023;
Temel et al., 2025). Implementing cloud-based Notebook designs that blend simulations with interactive activities
is positioned as a factor that enhances accessibility and learning engagement. Additionally, when Notebooks are
used as an assessment format, aspects of self-confidence and digital assessment readiness become vital
outcomes. This outcome framework confirms that the impact of Notebooks on 21st-century skills can manifest as
reinforced conceptual understanding and reasoning, enhanced CT and computational practices, or affective-agency
shifts and technological readiness.

3. Methods
3.1 Research Design and Protocol

This study employs an SLR design to synthesize empirical evidence concerning the implementation of Notebooks
in learning (IMP), the challenges arising from such implementation (CHA), and the reported outcomes regarding
21st-century skills (OUT). The review adopts the principles of evidence-informed and transparent reviewing, which
include the formulation of explicit research questions, replicable search and screening procedures, and auditable
data extraction rules (Tranfield et al., 2003; Xiao et al., 2021). Reporting is structured according to the PRISMA 2020
guidelines, providing a traceable account of the identification, screening, eligibility, and inclusion processes (Page,
McKenzie, et al., 2021; Page, Moher, et al., 2021). In line with documentation recommendations, this protocol has
been archived in the Zenodo repository to provide a permanent methodological record.

3.2 Search Strategy

Two multidisciplinary bibliographic databases, Scopus and Web of Science (WoS), were utilized for the literature
search. The search was conducted via the advanced search interface of each database to enable field-specific
retrieval. The search strategy and reporting methods were aligned with established guidelines for reporting
literature searches in SLR (Rethlefsen et al., 2021).

The search query combined two conceptual blocks using Boolean logic:

1. Computational notebook terms: "computational notebook" OR Jupyter* OR "Google Colab*" OR "Kaggle"
2. Education/Learning context terms: classroom OR educat* OR teach* OR student* OR course* OR curricul*
(with the addition of "pedagogy" in WoS).

Wildcard symbols (*) were employed to capture spelling variations and morphological forms; for instance, educat*
retrieves "educate,’ "education," and "educational." The timeframe targeted publications from 2021 to 2025 to
capture the post-2020 growth in notebook-aided learning practices as a window into current state-of-the-art
developments.

In Scopus, the query was executed across titles, abstracts, and keywords, with filters for publication years 2021-
2025, document types (article and conference paper), English language, and Open Access (all):

(TITLE-ABS-KEY ("computational notebook" OR Jupyter* OR "Google Colab*" OR "Kaggle")
AND TITLE-ABS-KEY (classroom OR educate* OR teach* OR student* OR course* OR curricul*))

AND PUBYEAR >2020 AND PUBYEAR < 2026
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AND (LIMIT-TO (DOCTYPE, "cp") OR LIMIT-TO (DOCTYPE, "ar"))
AND (LIMIT-TO (LANGUAGE, "English"))

AND (LIMIT-TO (OA, "all"))

AND (LIMIT-TO (SRCTYPE, "j") OR LIMIT-TO (SRCTYPE, "p"))
This search yielded n = 262 records.

In WoS, the query utilized the same combination of notebook and education concept blocks, limiting results to
English, Open Access, and document types (Article or Proceedings Paper):

("computational notebook" OR "Jupyter*" OR "Google Colab*" OR "Kaggle")
AND (classroom OR teach* OR educat* OR course* OR pedagogy OR curricul*)
AND (Publication Years: 2021 OR 2022 OR 2023 OR 2024 OR 2025 OR 2026)
AND (Document Types: Article OR Proceedings Paper)

AND (Language: English)

AND (Open Access)

This search yielded n =190 records.

All retrieved records were exported from their respective databases and merged into a Zotero library for duplicate

checking. The de-duplication procedure involved matching combinations of title, author, year, and DOl.In total, the

combined search from Scopus and WoS gathered 452 records (262 + 190). After removing 132 duplicates, n = 320
unique records remained for the abstract screening phase.

3.3 Eligibility Criteria

Eligibility criteria were established to ensure a transparent and replicable study selection process. Studies were
included if they met all of the following conditions: (1) involved learning activities within a classroom-like setting,
such as lectures, laboratory sessions, tutorials, or workshops; (2) utilized Notebooks, such as Jupyter
Notebook/JupyterLab, Google Colab, or other notebook environments; and (3) reported assessments, such as
pre/post-tests, concept inventories, assignment scores, artifact analysis, learning gains, or evidence of conceptual
understanding. This structural framework is compatible with educational technology research to avoid overly broad
specifications (Cooke et al., 2012; Xiao et al., 2021).

Several exclusion rules served as primary filters, including:

1. Non-classroom: Excluded when the abstract or full text indicated that the setting was not a formal learning
activity or the participants were not learners or instructors. Common indicators included an emphasis on
"research workflow," "pipeline,’ "reproducible research," or "scientific computing” without a pedagogical context.

2. Non-computational notebook: Excluded when the technology used was not notebook-based. Required
indicators for inclusion included explicit mentions of "Jupyter Notebook/JupyterLab,' "Google Colab,
"computational notebook," "notebook-based," or R Markdown notebooks.
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3. Non-learning assessment: Excluded when the publication did not evaluate learning. Studies reporting only
satisfaction surveys were excluded unless accompanied by evidence relevant to learning, such as pre-/post-
measures, artifacts, performance data, or interviews.

3.4 Screening and Selection

The screening and selection of studies followed a two-stage process, as reported in the PRISMA 2020 flow diagram
(Fig. 1) (Page, McKenzie, et al., 2021; Page, Moher, et al., 2021).

First, an abstract screening was conducted in accordance with the eligibility criteria. Out of 320 records, 197 were
excluded at this stage for failing to meet core requirements: non-classroom context (n = 134), non-notebook
technology (n = 43), and lack of learning assessment (n = 20). The remaining 123 records underwent full-text
retrieval; however, 14 full-text articles were unavailable and excluded at the eligibility stage.

Second, full-text screening was performed on 109 articles to confirm eligibility and ensure that the notebook
intervention, classroom-based learning context, and learning assessments were explicitly documented in the full
manuscripts. At this stage, 38 studies were excluded: non-classroom context (n = 20), lack of learning assessment
(n=15), and non-notebook technology (n = 3). Following these exclusions, 71 studies met all inclusion criteria and
were included in the final synthesis.

3.5 Data Synthesis and Analysis Plan

The data synthesis is designed to maintain auditability while enabling a scoring process for IMP, CHA, and OUT.
Coding is guided by a codebook that treats each field as a structured evidence container: coders record brief
descriptors and concise paraphrases directly linked to the article's content. The codebook emphasizes: (i)
descriptive coding for implementation features regarding what was done, how often, and with what infrastructure;
(ii) analytical categorization for types of challenges and outcome domains; and (iii) explicit statements regarding
the strength of evidence. This approach requires transparent coding rules and traceable evidence, in the form of
extracts or citations.

The synthesis is conducted in two steps. First, all included studies are summarized through a structured extraction
table that preserves the evidence for IMP, CHA, and OUT. Second, a deterministic scoring scheme is applied to the
extracted fields to generate numerical indicators. This two-step approach—preserving raw evidence before applying
transparent, rule-based quantification—supports traceability and mitigates subjective bias when synthesizing
heterogeneous studies.
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Table 1

Scoring rules for the implementation, challenges, and impacts of Notebook use.

Indikator 1 2 3 4 5
Depth/Role & NR Demo role Repeated use Core role or modules = Core + high-intensity
intensity or (=2 2 or replaces part of implementation,
(IMP1) single/once  activities/tasks) core instruction
use
Scaffold 0 1-2tokens  3-4tokens 5-7 tokens >8 tokens or = 5
richness token tokens + explicit
(IMP2) advanced scaffolds
Support NR 1 support 2 support >3 elements or Layered support + at
layering element elements structured support least one “strong
(IMP3) package”:
Technical NR Mentioned Reported Explicit source Strong evidence: =2
challenges enerally narratively source types and
(CHAT) ?no (reported =Y, quantified frequency
concrete sources/freq
evidence) NR)
Pedagogical/ NR Implied/ Reported Explicit source but no Strong evidence +
cognitive mentioned narratively frequency/triangulation  quantified/triangulated
challenges generally
(CHA2)
Assessment/ NR Implied/ Reported Explicit source but no Strong evidence +
integrity mentioned narratively frequency/triangulation  quantified/triangulated
challenges generally
(CHA3)
Conceptual/ NR Intended Reported Clear Statistical evidence
professional benefit narratively measure/instrument
outcomes claim only
(0UT1)
Computational NR Intended Narrative Clear Statistical/strong
outcomes claim only qualitative measure/instrument design evidence
(0UT2) evidence
Affective/ NR Intended Narrative Clear Statistical/strong
agency claim only qualitative measure/instrument, design evidence
outcomes evidence
(0UT3)

The scoring rules in this article follow the rubric presented in Table 1. A score of 1 represents the lowest, while 5
represents the highest. Certain indicators include additional explanations; for instance, IMP1 with a score of 5, e.g.,
any = 2 strong signals: multiweek; managed environment; gradebook; containerization; scaled repeated events. IMP
2 strong packages, for example: tiered tasks, worked examples, reflection, and step-by-step transparency. IMP3
support element: documentation, link, instructor support; structured support: (training, TA, clinic, or formal
troubleshooting); strong packages: autograder, versioning, or formal troubleshooting pipeline. CHA1 Explicit source:
survey, interview, artefact, assessment, or material, but no frequency or triangulation. OUT1 Reported narratively
with qualitative evidence reflections, observations, or quotes; Clear measure: (test, rubric, survey, or artefact) but no
robust stats; Statistical evidence: p effect size, pre—post, or comparator.

4. Result
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4.1 Study characteristics

A total of 71 studies were included in the quantitative synthesis (Table 2 in the Appendix), published from 2021 to
2025, with the highest concentration in 2023, as illustrated in Fig. 2. The most dominant platforms identified belong
to the Jupyter ecosystem and Google Colab, as shown in Fig. 3. Based on the contextual descriptions in the
evidence summary, Notebook implementation is distributed across K-12 schooling, higher education, and teacher
training, as depicted in Fig. 4. The subject areas represented are quite diverse; while several studies mention
specific fields, others are not sufficiently explicit to be classified.
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Table 2
Sintesized data

S017

S036

S039

S079

S093

S114

S144
S151

S162

S175
S178

S211

S212

S220

S227

S226

S248
S251

WO001

w004

WO006

Article

(Allen et al., 2025)
(Sytnykova et al.,
2025)

(Ho et al., 2025)
(Sugiarto et al.,
2024)

(Conroy et al., 2024)
(Balovsyak et al.,
2024)

(Seebut et al., 2024)
(Seth et al., 2023)
(W.B. Lane et al,,
2023)

(Lo et al., 2023)

(Heredia-Negron et
al., 2023)

(Lyu et al., 2022)
(Lee & Perret, 2022)

(Kozakai et al.,
2022)

(Podworny et al.,
2022)

(Fleischer et al.,
2022)

(Tang, 2021)

(Foster & Wagner,
2021)

(Truong et al., 2024)

(De Santo et al.,
2022)

(Llerena-lzquierdo
et al., 2024)

Platform

Jupyter Notebook on HPC via web portal (TAP) + CLI + DCV; containers
(Apptainer/Docker)

Google Colab (cloud Jupyter notebook environment; Python); interactive
widgets (ipywidgets) + plots/visualization

Proceedings of the Thirty-Ninth AAAI Conference on Artificial Intelligence
(AAAI-25); copyright AAAI; DOI = NR; indexing = NR

Jupyter Lab + Python + SymPy
Python Jupyter notebooks (interactive training repository) + ATLAS Open Data;
tools: ROOT/uproot, python stack

Google Colab (Jupyter Notebook) + Python; hardware: PC atau Raspberry Pi
3B ++ USB cameras

Google Colab (Jupyter) + GPT (GPT-3.5) + Python

Pluto n)otebooks (Julia/Pluto.jl) + AeroFuse (MADE software; online, open-
source

Jupyter Notebooks (Python) + Zoom (online synchronous PD)

Google Colab (Jupyter Notebook)

TalentLMS asynchronous course + Jupyter Notebook framework; coding with
Python & R; ML libraries

Google Colab (Jupyter Notebook) + Web-based game (Unity/WebGL) + Kahoot
+Zoom

?oogl)e Colab (Jupyter Notebook) + interactive web tools/games + online PD
sync

Google Colaboratory (Jupyter) + Google Drive (sharing); senior online via
Zoom,; junior face-to-face

Jupyter Notebook (browser-based) + Python; prepared notebooks
(markdown+code cells); sensor boxes (senseBox)

Jupyter Notebook (Python) as computational essay; decision-tree ML; project-
course context

Jupyter-Python Notebook; materials via GitHub; plotting libs

Google Colab (Jupyter Notebook); scikit-learn; HuggingFace Transformers;
PyTorch Lightning;

Google Colab (Jupyter Notebook); SLEAP (open-source ML); resources via
GitHub/Linktree

Graasp digital notebook; built-in Python code app + Answer app + Point-counter
gamification app

Google Colab (Jupyter Notebook) + Gemini (GenAl); also Moodle + PSelnt
(pseudocode/flowchart)
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WO015

WO016

WO017

WO018

W020

w022

w023

W024

W025

w027

W028

WO029

WO031
WO033

WO037

Wo043

W044

W045

W046

W054

WO058

Article

(Vidal-Silva et al.,
2022)

(Tufino et al., 2025)
(Laky et al., 2023)
(Temel et al., 2025)
(Kumwichar, 2023)
(Betlem et al., 2025)
(Lonsky et al., 2024)
(Wang et al., 2023)
(Tufino et al., 2024)

(Spencer-Tyree et
al., 2024)

(Liebal et al., 2023)
(Wagemann et al.,
2022)

(Nwulu et al., 2021)

(Elshall & Badir,
2025)

(King & Sharifi Far,
2024)

(Goswami et al.,
2023)

(Xiao et al., 2021)
(Zhao et al., 2025)
(W.B. Lane et al,,

2023)

(Cai et al., 2025)

(Bascufana et al.,
2023)

Platform

Google Colab (Jupyter Notebook) + Python (in remote teaching); comparison
baselines: Java/Eclipse and C/Linux (2020)

Jupyter Notebooks (Python) via Anaconda on lab PCs; GitHub materials;
(Colab discussed but not adopted due to privacy)

Jupyter Notebook + PharmaPy (open-source Python pharmaceutical
manufacturing process simulator); Anaconda for package/env management

Jupyter Notebooks; Python + R; (nbgrader, jupyterquiz, jupytercards,
Graphviz/pydot, Markdown)

Jupyter Notebook for R via self-hosted JupyterHub server (online); PDF
instruction + GitHub materials

Jupyter Book integrated with GitHub backend + multimedia (GIFs/videos) +
code snippets/templates

Jupyter Notebook controlling Ubermag (interfaces OOMMF/mumax3); cloud
via Binder/MyBinder;

Jupyter Notebook + Google Colaboratory (runs in browser via link); optional
local Jupyter via Anaconda

Jupyter Notebooks (Python) in Anaconda environment (in-class); GitHub
repository (EN/DE versions); cloud (Google Colab)

Jupyter Notebook (Python) used in-class; students used computers during
labs

Jupyter Notebook + silvio virtual-organism simulator; via JupyterHub (RWTH)
and/or Binder; Moodle as course hub;

Jupyter Notebooks + hosted JupyterHub training platform (LTPy) +
JupyterBook + GitLab

Jupyter Notebook (Python) + GEKKO optimizer (FOSS)

Environmental Data Science course ; materials via Jupyter Book; Al coding
assistance via Jupyter Al + ChatGPT (3.5 Turbo)

Jupyter notebooks; (Noteable/ EDINA) integrated with institutional VL; uses
Microsoft Teams + Miro; assessment tools nbgrader + CodeRunner

Jupyter Notebook (Python) on JupyterHub; collaborative extension “Thyone”
(Flowchart + Discuss + Share Cellg)

Jupyter Notebook cell-based workflow used consistently across 3 languages
(Python, R, MATLAB); course materials publicly available (Google Sites)

CyberFaCES platform: Halcyon-based CMS front end + JupyterHub back end;
Jupyter Notebook environment; backend connects to HPC resources

Python workshop for high school physics teachers using Jupyter Notebooks
(online synchronous; breakout rooms)

Jupyter Analytics: two JupyterLab extensions (Telemetry + Dashboard) + cloud
backend server; embedded real-time dashboards inside JupyterLab

Jupyter Notebook (Python) (interactive notebook untuk pembelajaran konsep
chemical engineering)
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WO059

WO061

W064

W065

W066

WO075

W091

w097

W101

W106

W119

W120

W132

W144

W148

W149

W150

W153

W157

W167

Article

(Castilla & Pefia,
2023)

(Chen & Asta, 2022)
(Biehler & Fleischer,
2021)

(Gonzélez-Carrillo
et al., 2021)

(Ruiz-Sarmiento et
al., 2021)

(Alzahrani, 2025)

(Zabasta et al.,
2024)

(Rainey et al., 2024)
(Santos &
Collaboration,

2025)

(Fransson et al.,
2023)

(Kayhan & Berndt,
2023)

(Kim & Henke,
2021)

(Lapefha-Mafero et
al., 2022)

(Elhayany & Meinel,
2023;

(Roundy et al.,
2022)

(Krugh & Mears,
2027)

(Werth et al., 2022)
(Resendez et al.,
2025)

(Osoério & Garma,
2025)

(Hall & Cantrell,
2024)

Platform

Jupyter Notebooks (Python; Jupyter/JupyterLab) + Moodle forum; public
GitHub repo for course notebooks

Jupyter Book + cloud execution via JupyterHub (UC Berkeley DataHub) and
optional Google Colab; hosted on GitHub Pages; files on GitHub (CC BY-SA 4.0)

CODAP (Arbor decision-tree plug-in; web-based) + ProDaBi Decision Tree
Jupyter Notebook

UNCode (built on INGInious) + Jupyter Notebooks (Python) + OK CLI + Docker
sandbox; web platform https://uncode.unal.edu.co

Jupyter Notebooks (Python) educational notebook suite for mobile robotics;
public student notebooks on GitHub; executable in class via web browser

Web-based Jupyter notebooks hosted on GitHub; runnable via Google Colab
and/or JupyterHub (incl. HPC via ACCESS); accessible on any device incl.
smartphones

SMSE (Shared Modeling and Simulation Environment) integrates Jupyter
(Notebooks) + Moodle LMS; virtual labs via Jupyter capabilities

Google Colab Notebook (Python) for postlab data analysis; queries NIST
Atomic Lines DB

,(Auger)Open Data portal + Python Jupyter notebooks; Auger 3-D Event Display
Unity);

eChem e-book (web) built with Jupyter Notebook + Jupyter Book; workflows
run with Python-driven QC packages

Jupyter Notebook + MongoDB Atlas + MongoDB Compass;
notebooks/materials hosted on GitHub

Jupyter Notebook + GitHub + Binder; SQL via BeakerX;

Python-based open-source assignment generator + auto-grader using Jupyter
Notebook as GUI

Integrates JupyterLab with MOOCs/openHPI)

HydroLearn (edx.hydrolearn.org) module + Google Colab with Python
ipywidgets-based interactive Ul

Python JupyterLab notebooks + Microsoft PowerBI dashboard; loT sensor
network

Google Colaboratory (Colab) used throughout an online large-enrollment
physics CURE

JupyterHub + virtual delivery (live lectures + recorded asynchronous viewing)

Cloud-hosted interactive Python notebooks: Jupyter notebooks hosted on
GitHub and run via Colab; post-session survey via Microsoft Forms
Google Colaboratory (hosted Jupyter Notebook) + GitHub repository with
student notebooks and stand-alone tutorial notebooks
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ID Article Platform
W169 (Rese;ndez etal, JupyterHub + virtual recorded lectures (asynchronous viewing)
2025
W173  (Angara et al, IBM Quantum Experience with native Qiskit + Jupyter Notebooks + Circuit
2022) Composer;
W175 (Zhangetal,, 2023)  JupyterLab “fillable worksheets” + supporting Python library functions;
code/notebooks available on GitHub
W176  (Grazioli et al., Python + Jupyter Notebook; open-source Lennard-Jones (LJ) fluid simulation
2023) code + notebooks on GitHub
W177  (Vanegas-Guillén et ~ RemotelLabo RLMS; JupyterLite + student sandbox + lab interface; MQTT pub-
al., 2023) sub (AWS loT) + WebRTC video
W178  (Sanchez-Peia et R Markdown (LearnR package) for an interactive tutorial; R programming
al., 2023) environment used in course
W180 (Wen et al., 2022) JupyterHub + Kubernetes cluster; integrated Android Emulator +
OpenAirinterface (QNB/nrUE) + Rust-based 5G core + P4 (BMv2)
W184 (B. Laneetal, HydroLearn open + integrated CUAHSI HydroShare + CUAHSI JupyterHub +
2021) ESRI Story Maps; also uses open data services
W190 (CaIIl;pe etal, Google Colab (Jupyter notebooks, Python) + open-source data-science stack
2021

The surge in publications in 2023, shown in Fig. 2, can be explained by the combined effect of a post-COVID-19
"research maturation” following the accelerated digital transformation in education and a "new topical wave" that

prompted many researchers to revisit digital learning practices. Conceptually, the accelerated digitalization during
the pandemic forced institutions to establish more permanent digital learning ecosystems; consequently, research
data collected between 2020 and 2022 entered the writing phase and was published in 2022-2023 (Bygstad et al.,
2022). Furthermore, the emergence of chatbots and Large Language Models (LLMs) in education, which peaked in
2023, contributed to the increased publication volume, as many early articles focused on mapping opportunities
and limitations, academic integrity, and pedagogical implications (Memarian & Doleck, 2023).

Meanwhile, the decline observed after 2023 does not necessarily reflect a decrease in research activity; rather, it is
influenced by bibliometric artifacts: (1) publication lags that can span several months, preventing articles from
being published or counted in time (Bjérk & Solomon, 2013), and (2) indexing delays in databases after articles
become available online, with indexing speeds ranging from weeks to months (Moed et al., 2016). Consequently,
the post-2023 decline indicates that data for the most recent years have not yet stabilized, suggesting a field
moving from initial euphoria toward a slower phase of empirical consolidation.

The dominance of Jupyter Notebook and Google Colab, as shown in Fig. 3, stems from their "fitness for purpose” in
educational contexts. Both offer a mature computational-narrative format (text, code, and output in a single
document) with low barriers to adoption. From its inception, Jupyter Notebook has been designed to support
explainable, shareable computational analysis, making it ideal for learning activities that require step-by-step
demonstrations (Pimentel et al., 2021; Rule et al., 2019). Meanwhile, Google Colab reinforces the Jupyter
ecosystem's dominance by providing a similar notebook experience hosted in the cloud, allowing many classroom
contexts to operate without the burden of software installation or environment conflicts (Vallejo et al., 2022).
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The dominance of K-12/secondary and higher education contexts in Fig. 4 is driven by (a) curricular agendas and
(b) the readiness of implementation ecosystems. At the K-12 level, many countries have begun positioning coding
and computational thinking as core competencies across various subjects (Mills et al., 2025). In higher education,
this dominance arises because Notebooks are relatively easy to integrate into STEM courses as interactive
worksheets, computational labs, or assessment tools. Furthermore, university instructors and researchers typically
have more stable access to infrastructure and devices, and greater freedom to design their own evaluation
methods (Bascuiana et al., 2023).

Notebooks are designed for data-centric work, combining code, narrative, and output into a single interactive, easily
shareable document, as illustrated in Fig. 5. This characteristic aligns perfectly with typical data science activities
that require rapid iteration and analytical transparency. Consequently, studies on notebook-based learning appear
most frequently in data science and statistics contexts (Pimentel et al., 2021; Samuel & Mietchen, 2024).
Conversely, the lower proportion in Mathematics/Modeling suggests a long-standing tradition of established tools
in mathematics education, such as Computer Algebra Systems (CAS), whose research and practice ecosystems
flourished well before the advent of modern Notebooks (Marshall et al., 2012). For Chemistry, several factors
contribute to the scarcity of notebook studies. Chemistry curricula rely heavily on "wet lab" practical components.
Additionally, programming is not yet a conventional part of the undergraduate chemistry curriculum in many
contexts, leading to slower adoption of Notebooks as a learning medium compared to data science (Vallejo et al.,
2022).

4.2. Notebook Implementation in the Classroom

Notebook implementation in learning appears predominantly as a core instructional component, characterized by
moderate scaffolding and robust workflows, as illustrated in Fig. 6.

The dominance of Score 4 in Role Depth and Intensity of Use (IMP1) indicates that Notebooks are a core part of the
learning process, used across multiple activities or as a replacement for significant portions of core instruction. In
practice, when instructors decide to adopt Notebooks, they rarely use them as a one-off tool. Instead, Notebooks
are bundled into a series of activities or modules repeated over several sessions to justify their evaluation as a
learning intervention. This pattern is evident in studies that design Jupyter-based modules for curriculum
development (Reades, 2020) and in those that develop activity sets to support course modules and track learning
progress (Bascufiana et al., 2023). Furthermore, the Notebook ecosystem "encourages” instructional designs based
on recurring activity packages because they are easily structured as lesson-by-lesson units, shareable, and
adaptable across topics. The prevalence of Score 4 in IMP1 signals that the majority of studies describe Notebooks
as a well-established, recurring intervention within core learning.

The high frequency of Score 2 in Scaffolding Richness (IMP2) reveals a design pattern favoring minimal-to-
moderate scaffolding. From the perspectives of Cognitive Load Theory and worked example research, learning
computational skills is most effective when novices receive clear guidance, yet such guidance is often not
"maximized" at every stage. Evidence suggests that increasing the proportion of worked-solution steps can reduce
extraneous load; however, "highly guided" designs must be managed to facilitate a transition toward independent
problem-solving. Thus, many educators opt for "moderate" scaffolding as a practical compromise: providing
enough help for beginners while maintaining space for exploration and incremental problem-solving (Kirschner et
al., 2006; Renkl & Atkinson, 2003; Schwonke et al., 2011). Educational reports often lack detailed descriptions of
scaffolding; consequently, in feature-based quantization, articles may be scored as 2 even when additional teacher-
led support is present in the actual classroom. Literature reviews on scaffolding highlight that contingent
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scaffolding processes are frequently underdocumented in research reports, which explains why "highly rich
scaffolding” categories appear rare in data extracted from published articles (Dominguez & Svihla, 2023).

Conversely, the relative scarcity of Score 5 suggests that instructional designs involving numerous integrated
components are often avoided or not reported in granular detail. "Rich" scaffolding requires significant design time,
pedagogical expertise, and high-level technological support. Even in programming research, studies testing fade-in
or fade-out scaffolding paradigms emphasize the complexity of design, timing, and support adjustment within
instructional materials (Zheng et al., 2022).

The dominance of Score 5 in Support Layering and Workflow (IMP3) demonstrates that operational support and
workflow management are "mandatory” requirements for successful notebook-based learning. Since Notebooks
serve as both a reading medium and an execution environment, the risk of environment errors is high without clear
guidance. Therefore, authors often provide layered support packages that include execution instructions, step-by-
step instructions, file links, templates, output examples, troubleshooting guides, and streamlined workflows. Good
Notebook writing practices also emphasize the need to "narrate the analytical flow," ensuring the content is
understandable and shareable (Rule et al., 2019).

Based on the combination of high "core use" (IMP1), high "strong workflow support" (IMP3), and moderate
"scaffolding” (IMP2), implementation practices can be summarized into four major types:

1. Course-integrated Modules: Notebooks are used across multiple sessions to build computational competence
incrementally. Layered support for instructions, data, workflow, and troubleshooting is provided to ensure
classroom stability.

2. Interactive Lab Worksheets: Notebooks function as "computational laboratories" for running models, adjusting
parameters, and interpreting output. Workflow support is explicitly defined, while cognitive scaffolding tends to
vary.

3. Product-based Analysis Projects: Notebooks are used for data exploration, modeling, or mini-research. This
type aligns with the Notebook's character as a shareable and reproducible analytical narrative medium.

4. Textbook-like Delivery: Notebooks are packaged as self-paced learning materials. These packages emphasize
flow structure and operational support, while the depth of conceptual scaffolding varies according to the
author's design.

4 3. Challenges in Notebook Usage

The dominance of narrative reporting in CHA1 indicates that many articles present technical hurdles as a
"classroom reality" without necessarily documenting them as measurable data, as shown in Fig. 7. These technical
obstacles include library errors, internet connectivity issues, hardware limitations, file management difficulties, or
non-linear cell execution behavior. These findings align with the literature, which emphasizes that Notebooks
possess a unique complexity that can disrupt both learning flow and the replication of activities (Pimentel et al.,
2021; Rule et al., 2019).

The prevalence of Score 3 in CHA2 suggests that most studies report learning difficulties primarily as a narrative:
heterogeneous participants (ranging from beginners to advanced) often experience cognitive load when
simultaneously grasping domain concepts and syntax, compounded by time-consuming "debugging" friction.
Theoretically, this condition is consistent with arguments that minimally guided instruction tends to be inefficient
for novices due to limitations in working memory (Kirschner et al., 2006; Renkl & Atkinson, 2003; Schwonke et al.,
2011). Consequently, this dominance signals that studies more frequently "recount" cognitive challenges rather

Page 18/37



than measuring them in detail. In contrast, the instructional design literature emphasizes the importance of
evidence on assistance levels and cognitive load when working with novice learners.

The dominance of Score 4 in CHA3 indicates that many articles explicitly address threats to validity or assessment
integrity. In notebook-based assignments, plagiarism or solution similarity represents a classic risk; thus, it is
common for studies to include notes on integrity, policies, or mitigation strategies (Joy & Luck, 1999; Karnalim,
2023). Furthermore, several notebook learning studies still rely on self-report measures (perceptions, satisfaction,
"perceived improvement"), which are susceptible to reporting bias (Tourangeau & Yan, 2007). When studies utilize
log/trace data or learning analytics, validity issues may shift toward data interpretation, ethics, and privacy, as
learning data collection carries policy and moral consequences that must be explicitly stated (Rubel & Jones, 2016;
Slade & Prinsloo, 2013). The more "explicit" pattern in CHA3 compared to CHAT-CHA2 arises because threats to
validity/integrity are typically standard components of research reporting, while technical and cognitive problems
are often relegated to the level of "implementation experience" and are not always quantified.

3.4. Impact of Notebooks on 21st-Century Skills

Figure 8 shows that the majority of studies report that outcomes were measured (Measure =Y), particularly for
learning outcomes (OUT1) and computational/digital skills (OUT2). However, markers of strong statistical evidence
(Stats strong = Y) appear more frequently in OUT1 and OUT2 than in Affective/Agency Outcomes (OUT3). This is
consistent with the score distribution: OUT1 and OUT2 have a higher proportion of Score 5, while OUT3 more
frequently plateaus at Score 4. Overall, these findings indicate that in the included literature, the impact of
Notebooks on 21st-century skills is most often reported as strong to very strong for OUT1-0UT2. In contrast, for
OUTS, the impact remains dominantly strong but less frequently reaches the "very strong" category according to the
quantization criteria used.

The dominance of OUT1 in the Score 4-5 range can be attributed to two factors: (a) edtech evaluation patterns that
prioritize "easily measurable outcomes," and (b) reporting structures that provide OUT1 with robust measures and
statistical evidence. Generally, educational technology evaluation research shows that the most dominant focus is
on learning outcomes, as studies are better equipped to provide quantitative instruments and reporting for these
metrics (Lai & Bower, 2019). Furthermore, OUT1 tends to be more easily driven toward "strong" evidence because
many studies utilize designs that yield direct numerical data, such as pre-post tests, assignment grades, or
performance indicators. In contrast, other dimensions of 21st-century skills often require more complex
operationalization (performance rubrics, process observation, triangulation, or longitudinal tracking); thus, while
impacts are reported, "Level 5" evidence is harder to achieve consistently. When studies rely on self-reports for
certain outcomes (e.g., perceived skills or confidence), the evidence is often weaker due to inherent reporting bias,
leading to rarer top scores for perception-based indicators than for performance-based ones (Tourangeau & Yan,
2007).

The dominance of Scores 4-5 in OUT2 is logical, as OUT2 typically reflects impacts proximal to the Notebook's use
—skills directly practiced. At the same time, students work within the environment, such as computational
practices, problem-solving, and digital literacy. Consequently, many studies provide strong evidence, at least at the
level of task performance, work products, or skill indicators directly tied to computational tasks. From a platform
perspective, Notebooks support the "verification" of OUT2 by facilitating an explicit workflow (code + output +
narrative), allowing learning activities and achievements to be documented as assessable artifacts. Evidence from
best practices indicates that Notebooks are ideal for constructing readable, shareable analyses, making student
work processes easily accessible for assessment and reporting (Rule et al., 2019).
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The prevalence of Score 4 in OUT3 reflects affective-agency outcomes, including engagement, motivation, attitude,
self-efficacy, and collaborative experience. While many studies "measure and report" these impacts, they rarely
reach the "strongest" evidence level for two main reasons. First, OUT3 measurements are often dominated by self-
reports or post-course feedback (questionnaires, reflections), which are practical for real-world classrooms but
susceptible to context bias and social desirability. Thus, even with positive results, the evidentiary strength often
stays at "moderately strong" (Score 4) rather than "very strong" (Score 5). Methodological studies suggest that
social desirability can affect students’ reports of motivation; therefore, claims based on self-reports should be
interpreted cautiously and ideally supported by data triangulation (Lavidas et al., 2022). Second, OUT3 is a multi-
dimensional "layered" construct—covering behavioral, cognitive, and affective aspects—leading to inconsistencies
in operational definitions, instruments, and measurement timing (Buntins et al., 2021).

Based on the score distributions of OUT1-0UT3, three dominant impact typologies emerge:

1. Uniformly Strong Impact (4-4-4): This is the most frequent pattern. In this group, all three outcomes are
measured, but they are rarely supported by evidence deemed "strong." This aligns with trends in edtech
research that demonstrate "strong" results across dimensions in classroom implementation, but with reporting
quality and instrument consistency varying significantly (Lai, 2019).

2. Very Strong Core Outcomes (5-5-4): Many studies achieve the highest evidence levels in OUT1 and OUT2, while
OUT3 remains at the "strong" level. Substantively, this occurs because 21st-century skill frameworks place
competencies on a broad spectrum. "Technical-cognitive" dimensions are easier to operationalize into
performance-based assessments, whereas affective/agency dimensions often require more complex or multi-
source instruments (Voogt & Pareja Roblin, 2012).

3. Comprehensive Very Strong Impact (5-5-5): This group represents studies that not only report high impacts
across all three dimensions but also include very strong statistical evidence and measurement.
Methodologically, this "5-5-5" pattern typically emerges when assessments are authentic/performance-based,
utilize multiple indicators, and feature transparent evaluation reporting (Vlachopoulos & Makri, 2024).

4.5 Best Practices and Opportunities for Notebook
Implementation

Based on the synthesis of the results, the most consistent best practices for implementing Notebooks in
educational settings can be formulated as follows:

1. Position Notebooks as "Core Tools" rather than accessories. Implementation should involve recurring designs
across activities and be deeply integrated into course modules. In practice, Notebooks should be structured as
a clear learning path—starting with orientation and guided exercises, then progressing to performance tasks
that demand student-led modification and exploration.

2. Employ "Precise and Economical" Scaffolding. Since scaffolding tends to be moderate in effective
implementations, the focus should be on targeted support. This involves utilizing worked examples at the
beginning and gradually reducing support (fading) to prevent cognitive overload for novices while still providing
space for problem-solving as their competency stabilizes.

3. Provide Layered Operational Support. A prominent finding is that successful Notebooks are rarely just
standalone code files; they are wrapped in a comprehensive support workflow. This includes step-by-step
instructions, starter templates, checklists, assessment rubrics, "correct output” examples, debugging FAQs,
links to supplementary resources, and clear help-seeking channels.

Page 20/37



4. Maintain Pedagogical Coherence to Address Cognitive Challenges. To mitigate pedagogical-cognitive hurdles,
the best practice is not necessarily to add more features, but rather to ensure internal pedagogical coherence.
Every code block should have an explicit conceptual objective, accompanied by brief reflective questions that
force students to link representations and explain their modeling decisions.

5. Shift Assessment toward Process and Authenticity. To address academic integrity and validity concerns, the
most robust practice is to shift from "final answer" evaluation to process-oriented, authentic performance
assessment. This includes context-based assignments, Notebook artifacts that display "thinking traces," and
short reflective components justifying the choice of models.

6. Facilitate Measurable Performance for 21st-Century Skills. To ensure a strong impact on 21st-century skills,
Notebooks must simultaneously facilitate measurable cognitive-technical performance and a "visible" learning
experience. Authentic modeling or data-based tasks and performance assessments are typically most
effective because they align with the broad spectrum of 21st-century competencies outlined in international
frameworks.

5. Discussion

The research conducted is an effort to interpret an SLR regarding the use of Notebooks in education, focusing on
three domains: implementation (IMP), challenges (CHA), and outcomes (OUT). This discussion emphasizes the
significance of emerging patterns, explains their underlying mechanisms, and situates Notebooks within the
broader context of learning.

5.1 Interpretation of Finding

5.1.1 Implementation (IMP): From Auxiliary Media to Learning
Architecture

Notebooks are frequently a core component, consistent with the argument that they integrate narrative, code, and
output into a single learning artifact. Consequently, the Notebook becomes the locus of learning activities—ranging
from conceptual exploration and practice to assessment (Amoudi & Tbaishat, 2023; Temel et al., 2025). In this
context, the didactic consequence is a shift from teaching with code to teaching through an executable artifact.
Material is not merely read but is executed and modified by students. Studies in chemistry education, for instance,
demonstrate that Notebooks can be used to strengthen conceptual understanding through interactive activities and
self-assessment (Bascufiana et al., 2023).

However, the literature also cautions that establishing the Notebook as a core component demands high standards
for artifact quality to ensure that learning is not derailed by technical issues or procedural confusion. Educational
Notebook design principles emphasize the importance of instructions that are both machine- and human-readable,
dependency management, and the reinforcement of reproducible practices (Wagemann et al., 2022). Critically, a
"counter-intuitive" potential arises when Notebooks become central: while some studies report pedagogical
benefits, they also reveal initial resistance, such as prejudices against programming, anxiety, and the need for
intensive support during the early stages (Temel et al., 2025). This reinforces the implication that the decision to
make Notebooks a core component must be accompanied by transition strategies, such as technical orientation,
foundational exercises, and measures to mitigate initial barriers.
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The "moderate" pattern in scaffolding richness aligns with Cognitive Load Theory: for novice learners, cognitive
load can surge if tasks require exploration that is too open-ended or lacks direction. Thus, support must be
provided. However, excessive support can also increase extraneous load (Sweller, 1988). Critics of minimal-
guidance approaches argue that novices require sufficient guidance for efficient learning (Kirschner et al., 2006).
Therefore, moderate scaffolding often serves as a pragmatic choice—providing enough structure so that beginners
do not become lost, while leaving space for realistic exploration. Many modern classroom Notebook practices rely
on feedback mechanisms that indirectly function as scaffolding. Nevertheless, their development requires mature
test designs, rubrics, and mechanisms (Gonzélez-Carrillo et al., 2021).

From a didactic perspective, the tendency toward a high "workflow as pedagogy" suggests that the learning
structure is derived not only from conceptual sequencing but also from predictable, repetitive action sequences.
This process helps students reduce "procedural uncertainty," allowing them to focus on problem-solving. Empirical
evidence shows that Notebooks can be utilized for formative assessment by integrating various tools and
packages. However, the success of these practices is heavily determined by workflow design, user readiness, and
process support (Temel et al., 2025).

Interestingly, the high level of support layering/workflow appears to be a solution to the "moderate" level of
scaffolding richness. When conceptual scaffolding is not exhaustive, instructors and systems often "compensate”
by enriching the workflow scaffolding. Educational Notebook design literature also emphasizes that reproducibility
is an inherent part of the workflow; thus, layered support (covering environment, instructions, and artifacts) is a
prerequisite for the Notebook to function as a reliable learning medium (Wagemann et al., 2022). This situation
confirms that the "superiority" of Notebooks in the classroom is not merely due to their interactivity, but because
they enable practice-based learning through infrastructure-enabled routines.

5.1.2 Challenges (CHA): From Operational Hurdles to Learning
Validity Issues

Technical challenges frequently emerge in narrative reports, aligning with the literature, which identifies
environmental management as a primary source of friction in Notebook usage. Research on reproducibility
indicates that Notebooks are not "automatically reproducible”; re-execution failures are often triggered by
ambiguous dependencies, library versions, and environment configurations (Samuel & Mietchen, 2024). Conversely,
educational Notebook design literature asserts that most technical issues can be mitigated through workflow
hygiene: documenting environments, managing data paths, and maintaining habits such as "run-all" and output
verification (Wagemann et al., 2022). Furthermore, Notebooks possess unique challenges that may seem minor but
have significant impacts, such as non-linear cell execution and hidden states. The reproducibility literature
highlights that practices such as out-of-order execution, hard-coded paths, or residual kernel states can
compromise result repeatability (Samuel & Mietchen, 2024). Consequently, technical challenges encompass not
only internet access or installation issues but also the computational execution mental models that students must
grasp in the early stages.

Pedagogical challenges are frequently reported but not always rigorously measured, reflecting the consequences of
heterogeneous prior knowledge and the Notebook's nature of combining conceptual and procedural demands
within a single activity. Theoretically, this is consistent with Cognitive Load Theory (Sweller, 1988). For novices,
Notebook tasks can increase extraneous load (e.g., managing errors, understanding syntax, interpreting output, and
following technical instructions), thereby disrupting the focus on germane processing for the target scientific
concepts. Novice learners generally require sufficient guidance to avoid becoming mired in unproductive trial-and-
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error (Kirschner et al., 2006). In the context of Notebooks, "guidance" does not necessarily mean lengthy theoretical
explanations; it can take the form of worked examples, code templates, step-by-step instructions, checkpoints, and
formative feedback.

In notebook-based learning, assessment issues often revolve around: (i) whether the evaluation measures true
understanding or merely "working code," (i) how to ensure clean re-runs for grading, and (iii) how to minimize copy-
pasting. Literature on Notebook autograding emphasizes a dual perspective: autograding accelerates feedback and
scalability, but its quality depends on the evaluation design. It can foster perceptions of "unfairness" if the feedback
is uninformative (Gonzalez-Carrillo et al., 2021). Regarding integrity, common mitigation strategies include task
variation and automated problem generation, ensuring each student receives a different version without drastically
increasing the grading workload. An example of this approach is found in generative grading systems designed to
reduce opportunities for cheating while maintaining efficiency (Lapefia-Mariero et al., 2022).

Technical and pedagogical challenges often conclude as "lessons learned" without supporting frequency data,
activity logs, or triangulation. In the literature, this is evidenced by the dominance of perception data or
implementation reflections, which—while useful for early-stage adoption—limit the precision of causal claims
(Amoudi & Thaishat, 2023; Temel et al., 2025). Large-scale reproducibility evidence provides a strong argument that
technical problems are systemic patterns. When a majority of Notebooks fail to re-execute due to dependency and
environment documentation issues, the need for standardized workflows, documentation, and verification becomes
a methodological necessity—for both research and education (Samuel & Mietchen, 2024; Wagemann et al., 2022).

5.1.3 Outcomes (OUT): Strong Proximal Achievements, Varied
Affective-Agency Impact

The pattern of strong conceptual outcomes aligns with the literature viewing the Notebook as an executable
narrative. By integrating text, code, and output within a single space, students can test concepts directly and revise
their understanding based on empirical evidence. In higher education contexts, replacing portions of traditional
lectures with Jupyter has been reported to facilitate deeper conceptual understanding and the achievement of
learning outcomes while simultaneously increasing student engagement (Amoudi & Thaishat, 2023). On a more
applied level, Notebooks are used to reinforce key concepts through interactive activities and self-assessment,
which are subsequently evaluated via learning achievement indicators and student feedback. Studies indicate that
such practices can improve learning and provide a positive experience (Bascufana et al., 2023). However, the
literature also signals that high conceptual outcomes typically emerge when Notebooks do not merely "present
code" but actively guide scientific practice.

Computational outcomes tend to be very strong, consistent with the argument that computational thinking
flourishes through the habits of formulating problems, executing procedures, verifying results, and iterating (Wing,
2008). Compelling empirical support comes from "interactive computing textbook" studies based on Jupyter: active
interaction is a stronger predictor of performance than traditional "reading" metrics. This reinforces the
interpretation that computational outcomes are forged through coding activities and traceable engagement—
computational activities that are actually performed (Smith et al., 2021). In practice, computational outcomes are
often higher when Notebooks are supported by an assessment ecosystem that enables rapid iteration and
execution verification. Tools like nbgrader are built for the release—work—collect—execute—grade cycle, effectively
making the workflow an inherent part of computational learning itself (Jupyter et al., 2019).
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Affective outcomes tend to be strong but are less likely to reach the "strongest” level; this pattern is consistent with
the nature of affective constructs. Motivation, self-efficacy, attitudes, and agency are predominantly measured
through self-reporting and are highly susceptible to contextual influences (Temel et al., 2025). Here, there is a
productive "counter-point" to discuss. While literature often reports more enjoyable or engaged learning
experiences when Notebooks are interactive, affective effects can fluctuate depending on whether technical
hurdles and debugging burdens are successfully mitigated. This implies that affective outcomes are likely mediated
by the quality of implementation and the intensity of technical and pedagogical challenges.

5.2 Implications

This study contributes to the broader field of educational technology by offering a more operational framework for
understanding "what makes technology work in the classroom." By treating implementation, challenges, and
impacts as a cohesive object of study, this SLR shifts the focus from mere platform selection or feature sets
toward a more fundamental question: whether a technology truly shapes a learning workspace that remains stable
and executable for diverse learners within real-world classroom conditions. This benefit is cross-contextual,
providing a lens to analyze both the successes and failures of various instructional technologies.

A further implication is the provision of a shared language—simple yet robust—to map technology adoption through
three lenses: technology as the core of learning activities, the level of instructional assistance provided, and the
strength of the supporting operational workflow. In practice, this language facilitates coordination among
stakeholders who often speak in different "dialects," including educators, technical teams, curriculum developers,
and policymakers. When an innovation falters, this framework allows for a fairer and more precise diagnosis. Often,
the issue lies not in the pedagogical concept itself, but in a fragile workflow that leads to inconsistent learning
experiences.

Furthermore, this study offers a realistic outlook on educational technology. The finding that impacts are most
consistent in outcomes proximal to the technological activity itself provides a roadmap for program planning.
Technology typically yields "quick wins" in skills directly practiced through digital routines, whereas changes in
affective agency tend to require longer time horizons and a broader ecology of support. Armed with this
understanding, institutions can design incremental strategies: securing proximal achievements as a foundation,
then building toward affective-agency goals through richer and more sustainable learning experience designs.

Finally, this study serves as a tool for refining the evaluation of learning technologies. It encourages assessing the
infrastructure of the learning experience: whether the process is repeatable, whether errors serve as productive
feedback, whether operational support mitigates classroom heterogeneity, and whether impact claims are
supported by sufficiently robust evidence.

5.3 Limitations

The primary limitation of this study stems from its reliance on the quality of reporting in the primary studies. Many
articles describe implementation and challenges narratively but do not always provide sufficient detail to
consistently assess the strength of evidence. Consequently, some emerging patterns in this synthesis may reflect
"reporting richness" rather than the actual intensity of classroom phenomena.

Furthermore, while the IMP-CHA-OUT rubric enhances comparability across studies, the quantization process still

involves interpretive decisions when information in the articles is ambiguous or incomplete. Simultaneously, the

heterogeneity of contexts limits generalizability; findings should be read as ecological tendencies across contexts

rather than uniform causal claims. Additionally, the search strategy and inclusion criteria may introduce coverage
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bias—for instance, reducing the representation of field practices that are technically rich but not indexed in the
targeted publication channels. As many studies do not explicitly test the implementation—challenge—-impact
relationship, the discussion and implications presented here should be understood as a mapping of patterns and
hypothesized mechanisms that require more rigorous empirical testing in future research.

6. Conclusion

This SLR concludes that the use of Computational Notebooks in education is best understood as a reconfiguration
of the learning work structure. Three emerging implementation patterns: (i) the positioning of Notebooks as a core
component, (ii) a tendency toward moderate scaffolding richness, and (iii) relatively high support workflow. These
patterns indicate that Notebook adoption is sustained more by operational regularity than by the intensification of
conceptual assistance. In other words, Notebooks are rapidly becoming the center of classroom activity, while
cognitive scaffolding enrichment proceeds more cautiously, constrained by learner heterogeneity, design costs, and
instructional time.

Simultaneously, the patterns of challenges confirm that Notebooks introduce two distinct types of issues. Technical
and pedagogical-cognitive challenges tend to recur as friction points but are often reported narratively. In contrast,
challenges regarding assessment and integrity are more frequently stated explicitly because they directly affect the
legitimacy of grading. Consequently, the most significant hurdle to adoption is that learning continuity is often
insufficiently measured. This explains why workflow has become dominant: when measuring challenges is not yet
robust, the most viable and widely practiced solution is to strengthen operational routines that reduce friction.

Thus, current literature presents the Notebook more as a learning work system than as a standalone pedagogical
strategy. The direct implication for future research and practice is the urgent need to improve the quality of
documentation and the measurement of challenges. This shift is necessary to move the academic discourse
beyond what is frequently recounted toward identifying the factors that most decisively determine successful
implementation in real-world classrooms.
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PRISMA diagram of Notebook implementation in the classrooms.
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