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Asynchronous code review in programming education frequently
suffers from disorganized, text-heavy feedback that increases learners’
extraneous cognitive load and complicates error identification.
Despite the growing adoption of visual and contextual annotation
tools, the literature remains fragmented, and no systematic synthesis
has established their comparative effectiveness. Following PRISMA
2020 guidelines, we searched five databases (Scopus, Web of Science,
IEEE Xplore, ERIC, and ACM Digital Library) in September 2025,
yielding 987 initial records. After rigorous screening, 35 peer-
reviewed studies published between 2015 and 2025 were included to
evaluate the impact of these tools on learner comprehension, workflow
efficiency, and instructor workload. The synthesized empirical data
indicate that situating visual feedback adjacent to code significantly
reduces extraneous cognitive load measured via validated instruments
like NASA-TLX and accelerates syntax error remediation (RQI,
RQ2). Furthermore, automated visual grading frameworks reduce
instructor evaluation latency by 12% to 58% in large cohorts while
maintaining a constant grading load, though initial configuration
time and a lack of pedagogical depth for nuanced design choices remain
primary constraints (RQ3). These findings suggest that educators
should adopt hybrid feedback architectures, pairing automated visual
triage with human oversight to maximize both operational efficiency
and pedagogical depth.
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1. INTRODUCTION

Programming skills are learned in different ways. Learners' background, technology
experience, and teaching style all play a role [1], [2]. Understanding these differences can
improve teaching. This study discusses visual feedback for learners at all skill levels:
beginner, intermediate, and advanced. Each group needs different methods. Visuals are
usually more effective than text for explaining concepts [3], [4]. For example, clear visuals
and web layouts help understanding [5], [6], while too much text can confuse and make it
hard to see how code works [7].

Traditional feedback can cause confusion when not linked to specific code. Students
then have to search for the right context [8], [9]. This means they must interpret feedback
and find connections before making changes. This takes time that could be spent learning.
Although previous studies have highlighted inefficiencies in students' review processes,
recent evidence suggests that while tooling plays a role in review speed, the primary
limiting factor is reviewers’ willingness to dedicate time to examining others’ code changes.
Linked feedback helps reduce wasted effort. Studies show this is a common problem in
beginner programming courses, especially during independent work [10], [11].

Recent advances in programming education tools have produced a proliferation of
systems designed to minimize cognitive load through targeted information presentation.
Features such as visual coding environments, live execution previews, and immediate
feedback mechanisms have been shown to facilitate quicker identification of learning
outcomes [3], [12], [13]. Applications that generate guided execution diagrams or link
annotations directly to interface elements represent a particularly promising category, as
they situate feedback within the learner's immediate working context [14], [15].
Nevertheless, these tools have largely been developed in isolation, and few systems
meaningfully integrate insights from novice programming pedagogy, interactive
development environments, and delayed feedback models [10], [16]. This fragmentation
limits the transferability of findings and hinders educators seeking evidence-based tool
selection. Examining this technological landscape through the intersecting lenses of
educational psychology, cognitive science, and visual design is therefore essential for
developing a comprehensive account of tool effectiveness. A multi-representational
feedback strategy one that combines context-enriched visual representations with
structured textual commentary has emerged as a promising approach. Recent
interdisciplinary evidence suggests that such strategies yield higher learner engagement
and comprehension compared to single-modality (visual-only or text-only) feedback [3],
[17]. However, the extent to which these benefits persist across different learner profiles,
programming task types, and class sizes remains insufficiently examined in the systematic
literature, motivating the present review. Three primary issues are examined in the analysis:

e RQ1: How do context-enriched visual representations impact learners' comprehension,
efficiency, and cognitive load compared to textual feedback?
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e RQ 2: What are the effects of visual feedback tools on students' workflow efficiency and
error remediation, and do these tools enhance learning outcomes without
compromising accuracy?

e RQ 3: How do visual feedback tools influence instructors' grading efficiency and
workload, particularly in large class settings, and who benefits most from these tools in
terms of time savings and accuracy?

2. RESEARCH METHOD

Application of the PRISMA guidelines facilitated the selection of terms, definition of
eligibility criteria, and documentation of decisions during study selection. This approach
enabled consistent evaluation of research across different fields.

2.1. Search and Selection Strategy

A systematic search was conducted in September 2025, adhering to the PRISMA 2020
reporting framework. Five electronic databases were queried: Scopus, Web of Science
(WoS), IEEE Xplore, Education Resources Information Center (ERIC), and the ACM Digital
Library. The final query string applied across databases was: ("visual feedback" OR
"contextual annotation" OR "code annotation") AND ("code review" OR "programming
assessment”) AND ("asynchronous”" OR "online learning”) AND ("cognitive load" OR
"comprehension” OR "grading efficiency"). Individual database adaptations were made to
accommodate platform-specific syntax requirements. Searches were limited to publications
from January 2015 through September 2025, written in English. In addition to database
searching, a manual search was performed through (1) backward reference checking of all
full-text included studies (snowball sampling), and (2) forward citation tracking of seminal
papers using Google Scholar. The Publish or Perish (PoP) software was employed to retrieve
and manage citation data during the initial identification phase (see Figure 1). Duplicate
records were identified and removed using manual cross-checking by the primary reviewer.
The complete screening and selection process is documented in the PRISMA 2020 flow
diagram (Figure 2). Stage results:
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Figure 2. PRISMA Flow diagram

P.ISSN: 2086 — 4981
E.ISSN: 2620 - 6390
tip.ppj.unp.ac.id



https://doi.org/10.24036/jtip.v19i1.1091

Jurnal Teknologi Informasi dan Pendidikan
Volume 19, No. 1, March 2026
https://doi.org/10.24036/jtip.v19i1.1091

2.2. Inclusion and Exclusion Criteria

The study considered peer-reviewed papers, including conference proceedings and
journal articles, published between 2015 and 2025 that investigated the automation of code
review tasks using real datasets, with particular emphasis on empirical research related to
teaching coding or design. Only peer-reviewed, full-text English-language studies were
included, while books, book sections, review articles, critical perspectives, opinion pieces,

and research lacking empirical evidence were excluded.

Table 1. Study Inclusion and Exclusion Criteria

Criteria

Inclusion Criteria (Studies Included)

Exclusion Criteria (Studies Excluded)

Time Range

Studies published between January 1, 2015, and
December 31, 2025.

Studies outside this time range.

Publication Type - Journal Articles (international, peer-reviewed) - Books
- Conference Proceedings (peer-reviewed) - Book Chapters

- Literature Reviews (SLR, Systematic
Review, Mapping Study)
- Book Reviews

Language Studies written in English. Studies in languages other than
English.

Availability Full-text articles were accessible. Non-full-text publications (e.g.,
abstract only, posters).

Topic & Content (I1) Study discusses feedback systems or methods  (E3) Studies that are purely

in programming/design education.

theoretical or conceptual without

evaluation/implementation.
(I2) Study presents an empirical evaluation, case
study, or tested prototype.

2.3. Data Extraction and Analysis

A comprehensive dataset was assembled by aggregating related studies using the
Publish or Perish (PoP) approach. Key variables included task categorization, review
automation techniques, evaluation metrics, and other relevant outcomes, following
procedures established in systematic reviews of automated code review such as. To ensure
findings addressed the collected data were mapped to the research questions as follows:
participant characteristic variables facilitated analysis of differential learner responses to
feedback types, supporting examination of cognitive load and comprehension outcomes
(RQ1): classroom context data enabled investigation of pedagogical differences across
educational settings relevant to workflow efficiency and error remediation (RQ2): and
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feedback type variables and evaluation instruments provided evidence for assessing the
influence of feedback on learning efficacy, aligning with the study of personalized code
understandability scores as described in recent dynamic assessment methods. and cognitive
engagement (directly informing RQ3 on instructor efficiency and workload). Synthesis of
similar findings enabled identification of core patterns relevant to each research question,
with data extraction structured purposefully, as instructors can use features such as prompt-
pooling in systems like Autograder+ to guide feedback style through selected prompt
templates.

Key actionable insights emerged from this analysis, indicating that integrating visual
cues in feedback can significantly enhance students' immediate understanding and
retention. For instructors, employing systems with real-time visual feedback not only
reduces the cognitive load on students but also streamlines the grading process, particularly
in large classes. Systems that categorize errors and offer visual guidance can aid students in
faster error correction and foster a more engaging learning environment. Implementing
such tools can lead to improved learning outcomes without diminishing grading accuracy.

2.4. Quality Assessment

Only peer-reviewed articles were included, while unfinished drafts and unapproved
internal documents were excluded. Each selected study was evaluated for clarity of research
questions, relevance of evidence, and validity of outcome correlations.

Table 2. Quality Checklist

No.  Quality Criterion Response Options Score
Q1 Are the research objectives clearly stated? Yes / Partial / No 2/1/0
Q2  Istheresearch design explicitly described and appropriate for the RQ? Yes / Partial / No 2/1/0
Q3 Are the visual feedback tools or interventions described in sufficient Yes / Partial / No 2/1/0

detail for replication?

Q4 Are the measurement instruments for cognitive load or comprehension Yes / Partial / No 2/1/0
identified?

Q5 Are outcome measures reported quantitatively? Yes / Partial / No 2/1/0

Q6 Are inclusion/exclusion criteria for study participants described? Yes / Partial / No 2/1/0

Q7  Arelimitations of the study acknowledged by the authors? Yes / No 1/0

Q8  Is the study published in a peer-reviewed venue (journal or conference Yes / No 1/0
proceedings)?
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3. RESULTS AND DISCUSSION

3.1 Overview of Findings

A notable trend across the literature is the decline of traditional text-based coding
tools in favor of systems that employ visual elements to enhance user engagement [11], [12],
[13]. These platforms allow users to manipulate code logic visually and, in some cases,
provide step-by-step execution views [3], [18]. Additionally, automated systems, including
autograders and artificial intelligence, have become prevalent due to the demand for
immediate feedback [19], [20], [21], [22]. However, deeper analysis reveals that while
automation addresses the need for rapid responses, it introduces new pedagogical
challenges. Specifically, automation is limited in its capacity to provide the nuanced,
formative feedback that supports higher-order thinking and skill development. It tends to
focus on surface features such as code correctness, often missing opportunities to foster
critical reflection, problem-solving strategies, and creative coding practices. Although
automation can offer efficient, objective grading, it may inadvertently reinforce a narrow
conception of programming proficiency, emphasizing syntactic correctness over conceptual
understanding or innovation. Furthermore, automated feedback sometimes lacks
contextual sensitivity, failing to adapt to the learner's developmental stage or individual
learning path. Researchers have highlighted instances in which reliance on automation led
students to overlook underlying errors or persist in unproductive trial-and-error cycles
rather than engaging in substantive code revision. This underscores the importance of
balancing automated assessment with opportunities for human-mediated interpretation
and mentorship. The interplay between visual methods, automation, and human judgment
is a recurring theme that underpins the research questions. Recent work by [23].
demonstrates that presenting clustered code statements to maintain their semantic
relationships, visualizing correctness variations through histograms, and enabling
interactive navigation with semantic filters can enhance learners’ ability to connect feedback
with specific mistakes, thereby reducing ambiguity and confusion in asynchronous code
review.

3.2 RQ1: Impact on Comprehension and Cognitive load

In the reviewed literature, comprehension is operationalized through specific
performance indicators rather than subjective self-assessment. The primary comprehension
indicators include syntax error reduction rates, post-test completion scores, and process
comprehension metrics such as flow accuracy and logical completeness [2], [12], [24]. When
supported by visual-contextual tools, learners demonstrate a significantly higher
proficiency in mapping abstract text patterns to functional logic [25]. Furthermore, to
evaluate cognitive load, the included studies avoid generic assumptions of cognitive strain
and instead utilize validated measurement instruments. The majority of the literature
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employs the NASA Task Load Index (NASA-TLX) to quantify perceived mental, physical,
and temporal demand during programming tasks [26], [27] while other studies leverage
objective neurophysiological measures, such as Electroencephalogram (EEG) recordings, to
track frontal theta and parietal alpha power ratios [5]. These empirical measurements
confirm that situating actionable, visual feedback directly adjacent to the erroneous code
significantly reduces learners' extraneous cognitive load. Additionally, automated systems
assist students by clustering recurring mistakes; for example, specific tools analyze student
errors in SQL, classify the error topologies, and deploy targeted visual cues, thereby
expediting the error correction process without overwhelming the learner's working
memory [28].

3.3 RQ2: Student Remediation and the Influence of Interaction

Students' behavior is strengthened through error-correction exercises, exemplified
by the use of an interactive feedback tool. These exercises provide students with brief,
regular electronic nudges throughout their editing process. The quick, efficient feedback on
the application allows students to break challenging tasks into smaller components and
receive the corrective feedback needed to make multiple successful changes[20]. In contrast
to activities with latency and traditional tasks, this approach reduces second-guessing to a
level below uncertainty. Research shows that adaptive simulations outperform more
traditional methodologies[29]. Self-directed activities give learners an opportunity to make
mistakes, recognize them, and correct them. Step-by-step digital facilitators can enhance
participants' competencies in organizing learning experiences, which may help keep
learners on task [11], [29]. The outcomes observed by others can lead to careful reflection on
their instructional approaches[6].

Repeated practice enhances comprehension. Systems that permit students to
resubmit assignments and revise their work foster both skill development and confidence.
In digital classrooms, students who receive immediate feedback persist with challenging
tasks more consistently than those awaiting instructor comments [30].

3.4 RQa3: Instructor Workflow Efficiency and Constraints

Quantitative evidence across the reviewed literature demonstrates that integrating
visual-contextual feedback and automated evaluation significantly mitigates instructor
workload, shifting the pedagogical bottleneck from manual syntax-checking to higher-order
assessment. Data from system implementations indicate a drastic reduction in grading
response times; for instance, Al-assisted visual code review systems have been measured to
reduce evaluation latency by 12% to 58% compared to traditional online judges, while
optimizing API call costs for large-scale deployments [31]. Furthermore, automated grading
frameworks utilizing differential semantic analysis can evaluate student submissions with
an overall accuracy of 92.80% in mere seconds, effectively eliminating the need for
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instructors to manually trace logic errors across hundreds of submissions[15].Beyond full
automation, hybrid approaches such as visually-guided peer code review frameworks also
yield measurable efficiency. Deploying strict visual rubrics allows instructors to maintain a
constant grading load regardless of class size, adding less than a 10% workload increase for
students while achieving a grading standard deviation identical to that of Teaching
Assistants (TAs). Similarly, the use of automated classifiers to attach visual hints to common
logical errors successfully captures 87% to 91% of student mistakes, saving instructors from
repeatedly typing identical feedback [32]. Despite these compelling efficiencies, significant
operational constraints persist. The initial configuration of these tools such as defining
robust test suites, adapting grading rubrics, and mapping error topologies to visual hints
demands substantial upfront instructor time. Long or overly complex visual rubrics have
been shown to decrease peer-review accuracy. Moreover, while these systems excel at
syntax and basic logic validation, they lack the pedagogical depth to evaluate architectural
clarity or subjective design choices, necessitating continuous human oversight for

comprehensive evaluation.
Study Intervention Type Key Quantitative Metric  Constraints Identified
(Efficiency / Accuracy)

Tseng et al. (2025) Al-Assisted Code Review  12% - 58% reduction in grading N/A (Study focused
response time. primarily on API cost
optimization).
Lee (2024) Semantic Autograder 92.80% overall accuracy in System struggles with
autonomous logic verification. complex nested loops,
causing timeout issues.
Song et al. (2020) Visual Rubric Peer- Constant instructor load; <10% High upfront setup time;
Review student workload increase. long or overly detailed
rubrics reduce accuracy.
Haldeman et al. (2021)  Automated Error Hinting ~ 87% - 91% accuracy in capturing Requires significant
and hinting logical errors. historical data to train the

error classifiers effectively.

4. CONCLUSION

This study synthesizes findings concerning the differences and interrelations
between traditional written feedback and visual feedback for programming tasks, offering
an integrative perspective on their respective impacts. Recent systematic reviews have
summarized empirical research on technology-assisted feedback, including both written
and visual modalities, within computer science education, highlighting developments in
feedback systems since 2015[6]. While previous research has investigated automated
feedback that emulates human-written commentary, particularly via learnersourcing
methods [28], more direct empirical comparisons are required to determine how visual and
textual feedback distinctly contribute to learner understanding. The synthesis of evidence
demonstrates that visual cues facilitate swifter concept acquisition and alleviate cognitive
load for students, while prompt forms of feedback reduce time spent on corrections and
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subsequently boost both learning efficiency and learner confidence [20], [33]. Integrating
these insights, the review underscores that student cognition, instructional practices, and
institutional resources are deeply interconnected and must be considered collectively to
achieve meaningful learning outcomes. Practical implementation, therefore, calls for a
holistic adoption of visual feedback technologies that not only quicken grading and
comprehension [21], [34], but simultaneously supply instructors with robust, actionable
data to guide real-time pedagogical adjustments. The synergy between immediate, user-
friendly visual feedback tools and traditional strategies enables the development of
dynamic classroom environments, promoting iterative improvement among both learners
and educators. Nevertheless, the ultimate efficacy of these technologies depends on their
usability and reliability, as tools that are cumbersome or inaccurate fail to yield sustained
benefits in educational contexts [35]. In summary, an integrated approach leveraging visual
feedback and immediate response systems maximizes efficiencies for instructors and
students alike, supports deeper conceptual understanding, and enhances the overall
effectiveness of programming education.

The scope of this review is constrained by several notable limitations. First, the
selection of studies was restricted by the specific search parameters and inclusion criteria,
which may have led to the exclusion of relevant research published under alternative
terminology or in emerging venues not indexed by the chosen databases. As a result, studies
employing innovative or interdisciplinary approaches outside traditional programming
education literature may not have been captured. Second, only sources published in English
were included, potentially excluding valuable perspectives from non-English literature.
Third, the exclusion of informal and grey literature, such as blog posts, internal reports,
dissertations, and unpublished studies, while increasing the reliability of findings, may also
have limited the diversity of practical insights represented. Additionally, publication and
selection biases may have influenced the composition of the reviewed evidence. Limitations
in access to full texts and reliance on available metadata occasionally hindered
comprehensive evaluation of all potentially relevant studies. These constraints restrict the
generalizability of the findings and suggest that caution should be exercised when applying
the recommendations beyond the reviewed literature. As a result, interpretations and
practical applications derived from this review should account for these boundaries,
particularly considering that some innovative or context-specific insights may be absent.
Future collaboration between researchers and educators remains essential. Instructors are
encouraged to engage in research initiatives by piloting innovative tools and sharing
classroom data, as such contributions can yield practical insights and support the
refinement of feedback mechanisms to suit evolving educational contexts.

Future research should prioritize the development of robust, validated methods for
assessing cognitive load in learners, as well as rigorous experimental designs for
determining the specific pedagogical and contextual factors that influence the effectiveness
of visual feedback. In addition to refining these measurement techniques, further
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investigation is necessary to identify how individual differences among learners, course
contexts, and the nature of programming tasks interact with visual feedback mechanisms.
Longitudinal studies are especially needed to examine whether the observed benefits of
visual feedback on immediate task performance persist over time and contribute to deeper,
sustained learning outcomes beyond initial task completion. Moreover, comparative
research across instructional modalities and feedback system designs would clarify best
practices and inform scalable implementation strategies for asynchronous code review
environments.
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