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Abstract. Artificial intelligence (AI) increasingly supports code assessment in
programming education, yet evidence of its educational impact, reliability, and
responsible use remains fragmented. Following PRISMA guidelines, this sys-
tematic review synthesizes 106 empirical studies published from 2021 to 2025.
The corpus is concentrated in higher education and introductory programming,
with large language models as the most frequent approach, often in hybrid
pipelines. Although feedback is common and increasingly explanatory or proce-
dural, only six studies combine experimental or quasi-experimental designs with
objective learning indicators. Reliability is stronger for bounded judgements,
such as error detection and binary correctness, than for semantic, rubric-based,
or code-quality assessment. Reported concerns focus mainly on robustness,
generalization, privacy, and compliance, while transparency and governance
remain underexplored. Overall, the field is technically promising but pedagogi-
cally and methodologically uneven.

1. Introduction
Teaching programming requires frequent feedback on students’ code, but providing it at
scale remains difficult. Manual assessment supports rich pedagogical judgement, yet it
is hard to sustain in large classes or online environments. Automated code assessment
has long addressed part of this problem through unit tests, static analysis, and rule-based
systems, although these approaches often remain limited to correctness checking or short
diagnostic messages.

Recent advances in artificial intelligence (AI) have expanded what automated code
assessment can attempt. Machine learning, code representation models, and large lan-
guage models (LLMs) are now used not only to classify errors or predict grades, but also
to generate explanations, hints, and rubric-oriented judgements [Calatayud et al. 2021,
Lampou 2023, Al-Hossami et al. 2024, Chen et al. 2023]. This shift matters in program-
ming education because feedback is not only an output of assessment but also a mech-
anism through which students interpret errors, regulate their learning, and revise their
solutions [Hattie and Timperley 2007]. At the same time, AI in assessment introduces
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risks related to reliability, transparency, fairness, learner dependence, and academic in-
tegrity [Wieser et al. 2023, Porayska-Pomsta et al. 2024, Yan et al. 2024].

AI-based code assessment should therefore not be examined only as a technical
problem of prediction or classification. Its educational value depends on how judgements
are produced, how feedback is communicated, what evidence supports learning claims,
and whether ethical and governance concerns are addressed. Unreliable judgements lead
to misleading feedback, weak pedagogical grounding turns fluent explanations into su-
perficial support, and limited ethical reporting obscures the risks of automated decisions
in educational settings.

Previous reviews have mapped the evolution of automated programming as-
sessment and the continued relevance of paradigms such as unit tests, static compar-
isons, and feedback generation [Ala-Mutka 2005, Douce et al. 2005, Messer et al. 2023,
Paiva et al. 2022, Keuning et al. 2018]. These syntheses, however, do not jointly exam-
ine the instructional quality of AI-generated feedback, the reliability of AI-mediated
judgements, the evidence behind learning claims, and the treatment of ethics and gov-
ernance, although these dimensions are increasingly central to responsible educational
AI [Pargman et al. 2024].

Brazilian research has also examined AI in programming education,
including classroom applications, automated feedback, and LLM-mediated
assessment [Silva et al. 2024, Castilho et al. 2025, Silva and Aranha 2025,
Gomes and Hübner 2025]. This work highlights pedagogical opportunities along-
side concerns about learner dependence, assessment validity, teacher supervision, and
the distinction between apparent performance and actual learning, showing how the
international developments reviewed here intersect with local challenges of scalable
feedback, pedagogical integration, and responsible adoption.

To address this fragmented evidence base, this study presents a systematic litera-
ture review of empirical research on AI-based code assessment in programming education
published between 2021 and 2025. The review characterizes the educational contexts in
which these systems have been investigated and examines four analytical dimensions,
covering technique families and system architectures, feedback and learning evidence,
validation of assessment judgements, and barriers related to adoption, ethics, and gover-
nance. It is guided by the following research questions:
RQ1 Which AI technique families and system architectures are most commonly used for

automated code assessment?
RQ2 What types of feedback are provided by AI-based code assessment systems, and

what evidence exists regarding their effects on learning?
RQ3 To what extent do AI-based approaches produce reliable assessment judgements

when compared with established oracles such as unit tests, labeled datasets, base-
line autograders, or human graders?

RQ4 What barriers and ethical concerns are reported in the adoption of AI tools for
automated code assessment in educational contexts?

The contribution of this review is a critical, cross-dimensional synthesis of a
rapidly expanding but uneven field. Across 106 empirical studies, it shows how AI-based
code assessment has evolved toward LLM-based and hybrid systems while remaining het-
erogeneous in learning evidence, validation practices, and ethical operationalization, and
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how research stays concentrated in higher education and introductory programming. This
concentration is particularly relevant to settings with large classes and limited instruc-
tional support, where scalable formative assessment is a persistent challenge. The review
therefore identifies conditions that should guide the design of more reliable, pedagogically
grounded, and responsible AI-based assessment systems.

2. Methodology

This systematic literature review followed the PRISMA 2020 guide-
lines [Page et al. 2021] and methodological recommendations for secondary stud-
ies in software engineering and computing education [Kitchenham et al. 2015,
Kitchenham et al. 2023]. The protocol covered search strategy, eligibility criteria,
study selection, quality assessment, data extraction, and synthesis procedures. The re-
view was designed to characterize recent empirical research on AI-based code assessment
in programming education and to answer the research questions defined in Section 1.

2.1. Search Strategy

Searches were conducted on October 15, 2025, in Scopus, ACM Digital Library, and
IEEE Xplore. These databases were prioritized because the review focuses on program-
ming education and automated code assessment, a topic situated at the intersection of
computing education, software engineering education, and educational technology. The
database set was defined in the review protocol to prioritize peer-reviewed studies in En-
glish available through international bibliographic and publisher databases. This coverage
choice may underrepresent Brazilian and Portuguese-language publications not indexed
by the selected databases and is therefore treated as a limitation in Section 4.

The corpus was restricted to studies published between January 2021 and October
2025. This temporal scope is a methodological boundary rather than a claim that relevant
work began in 2021. Foundational studies and previous reviews are used to contextualize
the field, while the primary corpus captures the recent reconfiguration of code assessment
under contemporary AI techniques, particularly LLM-based and hybrid systems.

Searches were restricted to title, abstract, and keyword fields to improve precision.
The query combined four conceptual blocks connected by AND, with terms within each
block connected by OR: AI techniques (e.g., machine learning, LLM, generative AI, Chat-
GPT), assessment processes (e.g., automated grading, evaluation, testing), programming
tasks (e.g., code, exercises, assignments), and educational context (e.g., student, teach*,
educat*, novice). The final syntax was adapted to each database and benchmarked against
previously known relevant studies.

To improve transparency, an anonymized supplementary package accompanies
this submission with the database-specific search strings, the list of included studies, the
extraction matrices, the quality rubric, and study-level scores.

2.2. Inclusion and Exclusion Criteria

Eligibility criteria were defined to ensure relevance, empirical grounding, and minimum
methodological quality. The review included peer-reviewed empirical studies published
in journals or conference proceedings, written in English, and published between January
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2021 and October 2025. Studies were required to apply or evaluate AI techniques in the
context of automated code assessment or feedback for programming education.

The review excluded secondary studies, short papers with fewer than four pages,
book chapters, technical reports, non-peer-reviewed publications, and grey literature.
During full-text screening, studies were also excluded when they did not evaluate stu-
dent code, did not describe an AI-based approach with sufficient detail, focused primarily
on code generation or problem solving rather than assessment, lacked a clearly defined
methodology, or did not report an empirical evaluation. Studies without a clearly reported
educational level were retained when their educational context was established through
the use of student-code datasets or an explicit focus on assessment or feedback in pro-
gramming education.

2.3. Selection Process

Study selection was conducted in two stages by a review team composed of four review-
ers and one senior adjudicator. First, two reviewers independently screened titles and
abstracts, excluding records clearly outside the scope of the review, such as studies from
unrelated domains or studies not involving programming education. Disagreements and
uncertain cases were resolved through discussion and, when necessary, adjudication by
the senior reviewer. Second, potentially eligible full texts were analyzed through cross-
reading, with unresolved disagreements decided by the senior adjudicator.

Formal inter-rater agreement indices were not part of the review protocol and were
therefore not computed. Instead, consistency was supported by independent dual screen-
ing, cross-reading, consensus discussion, and senior adjudication. Consequently, agree-
ment before consensus cannot be quantified, although the reconciliation procedures are
explicitly documented. The resulting selection flow is summarized in Figure 1. After
full-text screening, 122 studies met the eligibility criteria, and 106 remained in the final
corpus after quality assessment.

2.4. Quality Assessment

The methodological quality of the selected studies was evaluated using a checklist adapted
from Kitchenham [Kitchenham et al. 2015] and Wohlin [Wohlin et al. 2012]. The check-
list comprised ten criteria: clarity of objectives, methodological detail, context descrip-
tion, threats to validity, generalizability, transparency of reporting, support for conclu-
sions, reproducibility, originality, and ethical considerations. Each criterion was scored
on a three-point scale, with 1 for fully met, 0.5 for partially met, and 0 for not met.

Each study was scored by one reviewer and audited by a senior reviewer. Dis-
agreements were resolved through discussion until consensus was reached. Studies scor-
ing below six points were excluded from the final synthesis according to a predefined
threshold intended to ensure a minimum level of methodological soundness. The com-
plete rubric and study-level scores are included in the anonymized supplementary pack-
age.

2.5. Data Extraction and Synthesis

Data extraction followed a structured protocol aligned with the research questions. The
extracted data included descriptive metadata, educational context, AI technique family,
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Figure 1. PRISMA flow for study selection.

system architecture, feedback type, evidence of learning effects, assessment target, vali-
dation oracle, reported metrics, barriers to adoption, and ethical or governance concerns.
Extraction was performed with standardized spreadsheets organized by research ques-
tion. Entries were audited by a senior reviewer, and ambiguities in the source texts were
resolved through discussion.

Because the corpus combined technical studies, educational applications, and em-
pirical evaluations with heterogeneous designs, the synthesis was descriptive and narrative
rather than meta-analytic. Frequencies and percentages were used to identify distribution
patterns, while cross-tabulations supported comparisons among technique families, feed-
back types, validation strategies, and reported concerns. Qualitative synthesis was used
to interpret recurring patterns and limitations across studies.

The heterogeneity of the corpus is treated as an empirical feature of the field rather
than only as a methodological obstacle. For this reason, the analysis does not estimate
pooled effects. Instead, it examines how AI-based code assessment has been studied, what
types of evidence are used to support claims, and where methodological, pedagogical, and
ethical gaps remain.

3. Results

The final corpus comprised 106 empirical studies published between 2021 and 2025. Of
the 122 studies that met the eligibility criteria after full-text screening, 16 were excluded
after quality assessment (Section 3.1).

The results first report the methodological quality profile of the corpus and char-
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acterize the educational contexts in which AI-based code assessment has been investi-
gated. These descriptive analyses provide the background against which the subsequent
subsections address the four research questions, focusing on AI techniques and architec-
tures (Section 3.3), feedback and learning evidence (Section 3.4), validation of assessment
judgments (Section 3.5), and reported barriers, ethical concerns, and governance issues
(Section 3.6).

3.1. Methodological Quality of the Corpus

After applying the predefined quality threshold, 106 studies remained in the final analyti-
cal sample. For criterion-level comparison, scores were analyzed on the [0, 1] scale.

The quality assessment indicates an uneven profile across the ten criteria.
Reporting-oriented dimensions performed consistently well, including clarity of objec-
tives (M=0.96), contextual description (M=0.95), transparency of results (M=0.95),
support for conclusions (M=0.95), and originality (M=0.93). Methodological adequacy,
understood here as the appropriateness of the chosen procedures for the stated objec-
tives, also scored high (M=0.88). However, dimensions related to the robustness and
transferability of the evidence were considerably weaker, particularly threats to validity
(M=0.51), generalizability (M=0.51), reproducibility (M=0.63), and ethical considera-
tions (M=0.28).

The mean raw quality score was 7.55 out of 10. This result suggests that most stud-
ies provide sufficient information to support descriptive synthesis, but that the evidence
base is uneven in important dimensions. Limited reporting on validity, generalization,
reproducibility, and ethics constrains the strength of claims that can be drawn from the
corpus regarding learning impact, transferability across contexts, and responsible educa-
tional deployment.

3.2. Educational Contexts of the Corpus

AI-based code assessment is predominantly reported in higher education. As shown in
Table 1, 72 studies (67.9%) are situated in undergraduate contexts, while K–12, postgrad-
uate, and mixed settings together account for fewer than 10% of the corpus. A substan-
tial portion of the studies (25; 23.6%) does not report an identifiable educational level,
typically presenting technically oriented approaches evaluated on student-code datasets
without describing the instructional environment. Although their educational relevance
could be established, this under-specification limits the analysis of pedagogical integra-
tion, classroom applicability, and ecological validity.

Within these levels, most studies focus on CS1 or introductory programming
courses (57; 53.8%), with smaller shares in broader computing or software engineer-
ing courses (13; 12.3%) and interdisciplinary courses involving programming (3; 2.8%).
Reported instructional objectives follow the same pattern: 42 studies (39.6%) target in-
troductory programming and logic skills, while only 12 (11.3%) address code quality and
style. This concentration should be considered when interpreting the results, since both
the technical landscape and the pedagogical claims observed in the corpus are shaped
mainly by undergraduate introductory programming.
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Table 1. Distribution of studies by educational level (final analysis set, N=106).

Educational Level Number of Studies % of Total

Undergraduate / Higher Education 72 67.9
Postgraduate 2 1.9
Undergraduate & Postgraduate 2 1.9
High school 1 0.9
Elementary school 3 2.8
K–12 (unspecified) 1 0.9
Not reported / unclear educational context 25 23.6

Total 106 100.0

3.3. RQ1: AI Technique Families and System Architectures

The technical landscape of AI-based code assessment comprises multiple technique fam-
ilies and system architectures. Because many systems combine different methods within
the same pipeline, this analysis prioritizes high-level families rather than individual algo-
rithms. A multi-label classification was adopted to capture this architectural overlap and
to provide a consistent basis for cross-study comparison.

Table 2 summarizes the predominant technique families and architectural la-
bels. Within the reviewed corpus, LLM-based approaches are the most frequent (62;
58.5%), followed by classical machine learning (28; 26.4%) and deep learning models
(21; 19.8%). In addition, 20 studies (18.9%) were identified as hybrid pipelines because
they combined at least two technique families. Smaller groups rely on code representation
or NLP-for-code models (5; 4.7%) or report techniques generically as neural networks
without specifying the underlying architecture (4; 3.8%). Eight studies (7.5%) report
nonstandard or insufficiently detailed techniques, while four (3.8%) do not provide an
identifiable technique classification or were considered not applicable. Taken together,
the categories with limited technical specification are consistent with the reproducibility
scores observed in Section 3.1.

Table 2. AI technique families and architectures (N=106).

Technique family or architectural label #Studies % of N

LLM-based approaches (generative assessment or feedback) 62 58.5
Classical machine learning (engineered features) 28 26.4
Deep learning models (e.g., CNN/RNN/GNN) 21 19.8
Hybrid pipelines (≥2 technique families) 20 18.9
Other or insufficiently detailed technique 8 7.5
Code representation / NLP-for-code models (embeddings or encoders) 5 4.7
Neural networks reported generically (ANN) 4 3.8
Technique not specified or not applicable 4 3.8

Note. Percentages use N=106 and may exceed 100% because categories overlap.

The predominance of LLM-based approaches should be interpreted with caution.
The search strategy was intentionally sensitive to contemporary AI and generative-AI
terminology, including terms such as LLM, GPT, and ChatGPT. Therefore, the finding
does not imply that LLMs dominate all research on automated code assessment. Rather,
it indicates that, within a recent corpus focused on AI-based approaches, LLMs have
become a central family since 2023, with non-LLM approaches becoming proportionally
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less frequent in subsequent years.

Within the LLM category, several studies report strategies intended to
improve reliability, including rubric anchoring and retrieval-augmented genera-
tion [Pathak et al. 2025]. Although these are not independent technique families, they
suggest movement toward more controlled uses of LLMs in assessment pipelines rather
than reliance on prompting alone.

Overall, the corpus suggests that recent AI-based code assessment is increasingly
characterized by architectural combinations rather than isolated models, with nearly one
in five studies (20; 18.9%) drawing on two or more technique families. At the same time,
a share of studies remains technically under-specified, which limits comparability and
reproducibility across systems and constrains stronger claims about their transferability
to educational settings.

3.4. RQ2: Feedback and Evidence of Learning Effects
This research question separates three issues: whether AI-based code assessment systems
provide learner-oriented feedback, what function that feedback serves, and what evidence
supports claims about learning effects.

Among the 106 studies, 79 (74.5%) explicitly implement feedback mecha-
nisms, while 27 (25.5%) focus on automated evaluation without pedagogical mediation.
Feedback-providing studies were grouped into three functional categories informed by
feedback theory, particularly Hattie and Timperley [Hattie and Timperley 2007]. Correc-
tive feedback indicates an error or correctness state with little or no explanation; explana-
tory feedback clarifies why a response is correct or incorrect or explains the underlying
issue; and procedural feedback offers hints, steps, or strategies to guide revision. The re-
sulting distribution was 16 studies with corrective feedback (20.3% of the feedback sub-
set), 23 with explanatory feedback (29.1%), and 40 with procedural feedback (50.6%).
These categories describe the intended function of the feedback rather than evidence of
its educational effectiveness.

The prevalence of explanatory and procedural feedback indicates a movement to-
ward more instructive forms of mediation, aligned with the diffusion of LLM-based sys-
tems discussed in Section 3.3. However, procedural feedback was often described only
in generic terms such as “hints” or “step-by-step guidance”, suggesting that elaborate
feedback frequently appears as a technical capability of generative models rather than as
the result of deliberate pedagogical design. Moreover, the corpus rarely shows whether
learners actually use such guidance to revise their approach.

Learning evidence was analyzed separately according to study design,
measurement source, and reported outcome. Only 16 studies (15.1% of the
corpus) report any measurement aimed at learning. Among them, three use
experimental designs with control groups [Hou et al. 2024, Naik et al. 2024,
Alrabah and Alawini 2025], five use quasi-experimental designs with intra-group or
historical comparisons [Kaleem et al. 2024, Troussas et al. 2023, Cámara et al. 2024,
Roldán-Álvarez and Mesa 2024, Qi et al. 2025], and eight are classroom experi-
ence reports [Taeb and Chi 2021, Frankford et al. 2024, Sanchez-Anguix et al. 2023,
Vadaparty et al. 2024, Denny et al. 2024a, Kimmel et al. 2024, Denny et al. 2024b,
Berrezueta-Guzman and Krusche 2023]. When measurement design and evidence source
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are considered together, only 6 studies (5.7% of the corpus, or 37.5% of those attempting
learning measurement) combine an experimental or quasi-experimental design with
objective or quasi-objective indicators such as test scores or course grades. This pattern is
consistent with the weaker validity, generalizability, and reproducibility scores reported
in Section 3.1.

Across these 16 studies, outcomes vary. Five studies with experimental or
quasi-experimental designs using objective indicators or course grades report positive
effects [Kaleem et al. 2024, Troussas et al. 2023, Hou et al. 2024, Cámara et al. 2024,
Roldán-Álvarez and Mesa 2024]. Three studies report mixed, null, or potentially ad-
verse effects, particularly in introductory programming contexts where LLM-based as-
sistance may coincide with weaker independent performance [Vadaparty et al. 2024,
Kimmel et al. 2024, Naik et al. 2024]. The remaining eight studies rely on perception-
based or inconclusive evidence, including experience reports and quasi-experiments using
usage proxies, for example [Frankford et al. 2024, Denny et al. 2024a]. Although such
studies often report positive attitudes, they do not establish actual learning improvement.
The full classification by design, measurement base, and reported outcome is provided in
the supplementary package.

Taken together, the corpus suggests that AI-based feedback can support learning
under specific conditions, but current evidence does not justify broad claims of learning
effectiveness. The main gap is not the absence of feedback mechanisms, but the limited
availability of robust empirical designs connecting feedback use to learning outcomes,
revision behavior, or longer-term development of programming competence.

3.5. RQ3: Reliability of AI-Based Assessment Judgments

This research question examines what current studies allow us to conclude about the re-
liability of AI-based assessment judgments. While RQ2 focused on whether feedback
supports learning, this section addresses an underlying condition for any pedagogical use:
whether the judgments produced by AI systems are consistent with reference standards.
An assessment judgment, in this analysis, refers to any output used to evaluate student
code, including pass or fail decisions, numeric scores, rubric ratings, error categories,
semantic adequacy, or code-quality judgments.

Of the 106 studies in the corpus, 94 (88.7%) explicitly evaluate assessment out-
puts. The remaining 12 (11.3%) propose supporting components such as recommendation
frameworks, feedback generators, or auxiliary tools, without treating assessment judg-
ments as the primary object of validation. The analysis below focuses on these 94 studies
and shows that the strength of reliability evidence depends on the interaction among the
type of judgment being evaluated, the oracle used as reference, and the breadth of the
validation setting.

The judgments with stronger validation evidence are those anchored in observable
outcomes. Within the assessment-focused subset, studies frequently evaluate error detec-
tion (24; 25.5%), numeric scoring (23; 24.5%), and binary correctness (22; 23.4%). When
these targets are paired with test-based oracles such as unit tests or online judges (14;
14.9%) or with curated labeled datasets (23; 24.5%), validation tends to be more trans-
parent and metrics easier to interpret. Higher-order judgments, including rubric-based
ratings (9; 9.6%), semantic understanding (6; 6.4%), and explicit code-quality evalua-
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tion (2; 2.1%), are less frequently studied and harder to validate because their reference
standards involve more interpretive judgment. A further 8 studies (8.5%) evaluate other
assessment-related targets, such as collaboration assessment, design pattern detection, or
emotional state estimation.

Reliability claims become more difficult to assess when the oracle itself is sub-
jective. The largest group of studies compares AI judgments against human graders (40;
42.6%), which establishes agreement with grading practice but does not provide an inde-
pendent functional oracle unless the grading process is externally validated. Mixed-oracle
strategies that combine tests with human review remain rare (7; 7.4%), and explicit com-
parisons with baseline autograders appear in only four studies (4.3%). The result is that
a substantial portion of the validation literature shows agreement with existing grading
judgments rather than convergence across independent sources of evidence.

A further limitation concerns the breadth of validation. Of the 94 assessment-
focused studies, 80 (85.1%) report quantitative validation using measurable indicators
such as classification metrics, agreement measures, or correlation measures. Although
these indicators are appropriate for the targets being evaluated, the validation settings
are often narrow, such as offline datasets, single-task configurations, or homogeneous
exercises. Few studies report behavior under distribution shifts such as unseen problems,
alternative solution strategies, multiple programming languages, or new learner cohorts.
Strong metric values within a controlled setting therefore offer limited assurance about
deployment in classroom conditions.

Taken together, these patterns suggest a graduation of reliability across the cor-
pus. AI-based assessment is most defensible when the judgment is bounded, the oracle is
verifiable, and the validation includes diverse conditions, and progressively less defensi-
ble as any of these conditions weakens. This graduation matters pedagogically: feedback
generated from less reliable judgments inherits that uncertainty, even when the feedback
text appears elaborate or contextualized.

3.6. RQ4: Barriers, Ethical Concerns, and Governance Issues
This research question examines the barriers and ethical concerns reported in the cor-
pus, identifying conditions that may constrain the educational adoption of AI-based code
assessment.

The most frequently reported barrier concerns robustness and reliability (50;
47.2%). Recurrent issues include false positives and false negatives, inaccu-
rate guidance, instability across repeated runs, hallucinations, and overly generic
feedback, especially in LLM-based systems [Hellas et al. 2023, Frankford et al. 2024,
Lagakis and Demetriadis 2024, Al-Hossami et al. 2024]. These findings reinforce the
analysis in RQ3, since reliability concerns are not limited to aggregate metrics but ap-
pear as concrete failure modes that affect trust and pedagogical usefulness.

The second most frequent barrier concerns data dependency and limited gener-
alization (32; 30.2%). Studies report difficulty handling diverse student solution strate-
gies, task formats outside the training distribution, underspecified assignments, multi-
file programs, and heterogeneous course materials [Li et al. 2024, Sokač et al. 2025,
Roldán-Álvarez and Mesa 2024]. Strong results in constrained settings therefore do not
necessarily imply robust behavior across new problems, cohorts, or instructional contexts.
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Less frequent barriers cover qualitatively distinct concerns, in-
cluding transparency and explainability (6; 5.7%) [Dong and Liang 2024,
Rico-Juan et al. 2023], pedagogical risks and misuse (5; 4.7%) [Vadaparty et al. 2024,
Berrezueta-Guzman and Krusche 2023], and infrastructure or usability constraints
(6; 5.7%). Although less common than robustness and generalization, these barriers
are directly relevant when AI-based assessment moves from optional support toward
consequential roles.

Ethical reporting in the corpus is uneven and often shallow. Nearly half of the
studies (51; 48.1%) provide no explicit ethical discussion. Among the 55 (51.9%) that
do, the discussion concentrates on privacy, anonymization, consent, or institutional ap-
proval. Broader concerns associated with responsible AI in education appear far less
frequently, including academic integrity and misuse (16; 15.1%), fairness and bias (10;
9.4%), transparency and accountability (5; 4.7%), learner dependency (5; 4.7%), and se-
curity (3; 2.8%). The depth is also limited: most references are procedural (29; 52.7%) or
brief (20; 36.4%), and only six (10.9%) provide deeper analytical discussion. This pattern
is consistent with the methodological quality profile in Section 3.1, in which ethical con-
siderations received the lowest mean score across all ten criteria. When compared with
established frameworks for responsible AI in education [Miao and Holmes 2023], several
of these dimensions, particularly those involving contestability of automated decisions
and learner protection, remain marginal in the empirical literature.

Taken together, the barriers reported in the corpus reinforce the central pattern of
this review. AI-based code assessment is advancing rapidly in technical capability, but its
educational adoption remains constrained by reliability, generalization, transparency, and
limited ethical operationalization. These constraints are especially relevant when systems
move from low-stakes feedback support toward decisions that may influence assessment,
progression, or learner behavior.

4. Discussion and Threats to Validity

The overall picture is a field whose technical capability has grown faster than its peda-
gogical and methodological maturity. LLM-based and hybrid systems dominate recent
research, yet the strength of the available evidence depends on what is being judged, how
judgments are validated, and how responsibly systems are reported. This discussion con-
nects these dimensions, since they interact in ways that the individual results do not fully
reveal.

Reliability emerges from the corpus as a conditional property rather than an at-
tribute of any technique. Validation is most convincing when the judgment is bounded,
as in error detection, binary correctness, and numeric scoring, and when the reference
standard is verifiable. The oracle also delimits what a metric can claim. Unit tests indi-
cate functional adequacy, human graders reflect rubric-based practice, and course grades
combine multiple curricular influences, so agreement with one reference does not trans-
fer to the others. Higher-order judgments involving semantics, rubrics, and code quality
remain less studied and depend on more interpretive standards. Studies should therefore
state what is validated, against which reference, and under what transfer conditions. This
need is most visible in the 25 studies without a reported educational level, whose dataset-
based evidence, although educationally relevant, offers limited support for claims about
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classroom integration and ecological validity.

These reliability conditions propagate directly to feedback. Explanatory or proce-
dural outputs may appear pedagogically convincing even when the underlying diagnosis
is unstable, and many systems present hints or step-by-step guidance as generative capa-
bilities rather than as choices grounded in feedback theory [Hattie and Timperley 2007].
Because only six studies combine experimental or quasi-experimental designs with ob-
jective learning indicators, most learning claims rest on perceptions or immediate task
performance. Such evidence may create an illusion of competence, in which fluent as-
sistance is mistaken for durable understanding or independent programming ability, so
learning claims should remain conditional on instructional integration, measurement de-
sign, and assessment validity.

A similar distance separates ethical awareness from ethical operationaliza-
tion. Reporting concentrates on privacy, consent, anonymization, and institutional
approval, while transparency, fairness, accountability, learner dependence, and con-
testability remain marginal despite existing guidance for responsible educational
AI [Miao and Holmes 2023, Castilho et al. 2025]. These dimensions are also relevant to
Brazilian contexts seeking scalable feedback without weakening teacher mediation, and
they become decisive as systems move toward consequential assessment, which requires
auditable judgments and clear mechanisms for human review.

The review itself has coverage and classification limitations. Searches restricted to
Scopus, ACM Digital Library, and IEEE Xplore may have missed studies indexed mainly
in educational databases, as well as Brazilian, Portuguese-language, grey-literature, and
unavailable publications. Interpretive categories are not standardized across the literature,
and no formal inter-rater agreement index was computed before consensus. The primary
evidence is also heterogeneous, and publication bias may underrepresent failures. The
findings therefore describe dominant patterns and gaps rather than a definitive estimate of
effectiveness.

5. Concluding remarks and future directions
This review shows that recent AI-based code assessment is increasingly organized around
controlled uses of LLMs embedded in hybrid pipelines, rather than around the simple
replacement of earlier paradigms by generative models. At the same time, technical ca-
pability has advanced faster than pedagogical validation and ethical operationalization.
Research remains concentrated in introductory programming and higher education, vali-
dation privileges bounded targets over higher-order judgments, and evidence of learning
effects is limited and methodologically uneven.

Addressing these gaps will require empirical work combining experimental or
quasi-experimental designs with objective learning indicators, validation strategies that
report behavior across cohorts and task variations, and stronger integration of ethical and
governance concerns beyond privacy and compliance. AI-based code assessment is best
understood as a socio-technical educational system whose value depends on the align-
ment between technical design, instructional integration, and robust evaluation. Beyond
programming education, the review contributes to broader debates on responsible AI in
learning environments by clarifying the conditions under which automated assessment
may become more trustworthy, pedagogically meaningful, and ethically grounded.
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Artifact Availability
The supplementary artifacts of this study are available at
https://github.com/genivansilva/sbie2026-slr-ia-artifacts.git.
The package includes the database-specific search strings, the list of included studies,
the educational-context file, the research-question extraction files, the quality assessment
criteria and study-level scores, and a README describing the files.

AI Use Statement
The authors used ChatGPT as a support tool during data analysis and manuscript prepara-
tion. The researchers performed the primary data extraction and produced the structured
spreadsheets used in the review. These spreadsheets were subsequently processed with
ChatGPT to support data organization and tabulation, the computation and verification
of descriptive metrics, and the generation of preliminary summaries and analytical in-
sights. ChatGPT was also used for language editing. It was not used to conduct database
searches, determine study eligibility, or make final methodological and interpretive deci-
sions. All AI-assisted outputs were reviewed and validated by the authors, who assume
full responsibility for the scientific content and conclusions of the article.
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