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Abstract 
Automated evaluation of flowchart representations is essential for the facilitation of the acquisition of basic 

programming concepts. Nevertheless, traditional evaluation systems that rely exclusively on structural matching 

demonstrate some of their most fundamental limitations. The false negative misclassification rates of such systems 

are frequently high when students create visually distinct structures for algorithmic logic that are semantically 

equivalent. A hybrid assessment framework is introduced in this study to improve the reliability and efficacy of 

code evaluation in order to address this challenge. The model that has been proposed combines the probabilistic 

feature extraction capabilities of Graph Convolutional Networks (GCNs) with mathematical logic verification 

through symbolic execution of an SMT Solver. While the SMT Solver deterministically establishes functional 

equivalence, the GCN module adaptively manages graph topological variations. Use of a real-world dataset 

consisting of 3.600 flowcharts generated by novice students was implemented to assess the hybrid system's 

functionality. According to quantitative experimental results, the proposed framework obtained a peak F1 Score 

of 0.88, which is a substantial improvement over conventional Abstract Syntax Tree (AST) methods (F1 Score 

0.75). Additionally, the 77.4% reduction in false negative rates was achieved by incorporating the SMT Solver in 
comparison to a pure GCN configuration. Finally, the semantic equivalence and structural divergence issues that 

arise during algorithm assessment are effectively resolved by this dual architectural integration. By implementing 

the proposed system, higher education institutions are equipped with a more dependable mechanism for reducing 

human error, thereby improving the impartiality, accuracy, and efficiency of the evaluation process. 

 

Keyword: Automated Evaluation, Flowchart, Graph Convolutional Network, Symbolic Execution, Semantic 

Equivalence 

 

 
Copyright: ©2026 The authors. This article is published by LPPM  and is licensed under the CC BY 4.0 license 

(http://creativecommons.org/licenses/by/4.0/). 

 
  

INTRODUCTION 

Computational thinking (CT) constitutes a vital skill set in modern educational systems, 

augmenting critical thinking and problem-solving abilities. Proficiency in CT establishes a vital 

algorithmic framework and acts as a stimulus for novice learners to accurately understand 

various programming languages [1], [2]. In educational settings, visual aids like flowcharts 

serve as essential cognitive tools in the early phases of programming instruction[3]. Flowcharts 
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facilitate a superior understanding of algorithmic reasoning compared to mere textual formats 

[4]. Recent research in software engineering indicates that structure-oriented assessments, such 

graphical representations, surpass text-based methods in capturing the essential elements of 

logic [5]. Consequently, higher education institutions continue to incorporate flowcharts as a 

core component of introductory programming courses.  

In the age of digital educational platforms, institutions increasingly necessitate automated 

evaluation systems (auto graders) to facilitate quantifiable skill improvement in pupils[6]. The 

rapid increase in the student population makes manual assessment by teachers susceptible to 

inconsistency, overwhelming workload, and delayed feedback[7] [8] Furthermore, paradigm 

shifts in software development, shown by the concept of vibe coding, intensify these issues by 

shifting from deterministic instructions to probabilistic methods, resulting in significant 

variability in student solutions [9] [10]. Traditional visual auto graders have demonstrated 

insufficiency, as they overlook both structural and semantic information while depending on 

manually produced metrics [11]. 

The dependence on singular methodological approaches has resulted in a significant 

research gap between syntactic and semantic evaluation. Structural divergence occurs when 

students create functionally accurate solutions with visual topologies that differ from the 

reference answers. Pure Graph Neural Network (GNN) models may discern topological 

patterns via representation learning. Nevertheless, they do not substantiate mathematical 

functional equivalence (semantic equivalent). Recent data corroborates this restriction, 

indicating that single representation frameworks markedly elevate false positive and false 

negative rates in code assessment [12]. Precise analysis requires tree or graph-based extraction 

to capture the semantic depth of programs, as demonstrated in contemporary code clone 

detection techniques[13]. 

This paper presents a hybrid paradigm to address these constraints in automated 

flowchart assessment. The methodology corresponds with cutting-edge research trends that 

incorporate structure-guided and semantics-enhanced designs [14]. The proposed model 

integrates the probabilistic features of Graph Neural Networks (GNNs) with deterministic 

formal verification through Satisfiability Modulo Theories (SMT) solvers to ascertain semantic 

equivalence. This study yields three principal outcomes: (1) the creation of a novel hybrid 

assessment framework; (2) the availability of an anonymized empirical flowchart dataset for 

subsequent research; and (3) empirical evidence substantiating the efficacy of formal validation 

in AI-based auto-graders.  

This research empirically establishes three leading questions to assess the suggested 

framework. Initially, it examines the degree to which hybrid models surpass traditional 

structural matching techniques in evaluative precision. The examination focuses on the specific 

contribution of integrating symbolic execution to the reduction of false negative rates resulting 

from structural divergence. The strength of the statistical correlation between the automated 

scores produced by the proposed system and the expert human evaluation metrics, which serve 

as the ground truth, is validated. 
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RESEARCH METHOD 

This study employed a quantitative experimental research design to evaluate the 

effectiveness of a hybrid intelligent assessment framework for automated evaluation of student-

generated flowchart algorithms. As illustrated in Figure 1, the proposed methodology consists 

of four major stages: (1) Data Collection and Preprocessing, (2) Hybrid System Architecture, 

(3) Experimental Framework, and (4) Assessment Metrics. The framework integrates graph-

based structural learning and formal semantic verification to achieve robust, reliable, and 

semantically consistent automated assessment results. 

 
Figure 1. Proposed hybrid intelligent assessment framework for automated flowchart-based 

algorithm evaluation. 

Data Collection and Pre-processing  

This research utilized an empirical dataset of visual flowchart representations. The 

information was gathered from assignments submitted by 300 students participating in the 

Introduction to Programming course in the Business Information Systems program at the 

Department of Information Technology, Politeknik Negeri Malang. The dataset included 

algorithmic answers obtained from 12 educational courses. All data were meticulously 

anonymised to adhere to academic research ethical norms. In the preprocessing stage, spatial 

and linguistic information was extracted from raw flowcharts to create machine-processable 

mathematical data structures. This method corresponds with the bidirectional transformation 

paradigm between diagrammatic and code representations [15]. Due to the significant 

heterogeneity in student replies, error-tolerant code segmentation techniques were employed 

to rectify syntactic errors in visually flawed flowcharts [16]. Thereafter, each flowchart was 

transformed into a Control Flow Graph (CFG), officially defined as a directed graph 𝐺 = (𝑉, 𝐸).  
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The set 𝑉 corresponds to operational blocks in the flowchart, while the set 𝐸 denotes logical 

execution flows as edges. This extraction approach successfully maintained both structural 

information and the sequence of student algorithms [17]. 

 

Hybrid System Architecture  

Recent literature has shown that dependence on singular representations be they 

structural or semantic results in elevated false positive rates in code assessment [12]. This paper 

provides a hybrid framework based on this theoretical foundation. The system functions via 

two main subsystems: a probabilistic structural assessment module and a deterministic 

semantic validation module. The initial subsystem employs a Graph Convolutional Network 

(GCN) to derive latent representations from Control Flow Graphs (CFGs). The GCN 

architecture executes convolutional operations on graph structures, consolidating features from 

each node and its adjacent nodes in accordance with the specified propagation rule [13][18]. 

𝐻(𝑙−1) = 𝜎(𝐷̃−
1

2𝐴̃𝐷̃−
1

2𝐻(𝑙)𝑊(𝑙)) (1) 

where 𝐴 ̃denotes the adjacency matrix with self-connections, 𝐷̃ represents the degree matrix, 

𝐻(𝑙)is the feature representation at layer 𝑙, 𝑊(𝑙) is the trainable weight matrix, and 𝜎 is a 

nonlinear activation function. This model produces high-dimensional embedding vectors 𝑣. 

The system then computes cosine similarity between the student vector 𝑣𝑠and the reference 

answer vector 𝑣𝑟 to quantitatively measure structural similarity: 

𝑆𝐶(𝑣𝑠 , 𝑣𝑟) =
𝑣𝑠 .𝑣𝑟

|𝑣𝑠||𝑣𝑟|
 (2) 

The second subsystem tackles structural divergence via symbolic execution. Graph-

based methodologies have demonstrated their significance in encapsulating the semantic depth 

of programs, particularly in code clone detection, where architecturally disparate programs 

display semantic equivalence [13]. Every potential execution path in student control flow 

graphs is converted into collections of logical constraint equations. Semantic conflict resolution 

is implemented by annotation-based rules to adeptly manage logical circumstances [19]. An 

SMT solver subsequently validates these logical restrictions to provide mathematical 

functional equivalence between student algorithms and reference algorithms [20]. The 

incorporation of formal verification guarantees that solutions with varying graph structures yet 

identical mathematical outputs are accurately assessed as valid responses. 

 

Experimental Framework  

A controlled experimental setup was established to assess the efficacy of the suggested 

hybrid model. An empirical evaluation was performed by contrasting system predictions with 

ground truth values. Ground truth was determined via independent manual evaluations 

conducted by three academic specialists in computer science. To illustrate the importance of 

the model's contribution, two baseline techniques were established for comparison.  

The first baseline utilized a traditional method employing the tree edit distance algorithm on 
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Abstract Syntax Trees (ASTs) to quantify code edit distance [21][22]. Previous literature has 

condemned the utilization of pure Abstract Syntax Trees (ASTs) for their informational 

redundancy and representational inefficiency [23]. This baseline was utilized to confirm the 

comparative advantage of the proposed CFG-based representation. The second baseline 

employed a purely artificial intelligence methodology, depending exclusively on a GCN 

classification model without activating the symbolic execution module [18]. 

 

Assessment Metrics  

Two classifications of evaluation indicators were utilized to examine the efficacy of the 

automated assessment system. The initial category included typical classification measures for 

quantifying model accuracy, primarily focusing on the F1 Score, which equilibrates Precision 

and Recall: 

Precision =
𝑇𝑃

𝑇𝑃+𝐹𝑃
,  Recall =

𝑇𝑃

𝑇𝑃+𝐹𝑁
, 𝐹1 =

2⋅Precision⋅Recall

Precision+Recall
 (3) 

 

𝑇𝑃 represents true positives, 𝐹𝑃 signifies false positives, while 𝐹𝑁 indicates false 

negatives. The 𝐹1Score was chosen as the primary metric because it offers a balanced 

assessment of both sensitivity and specificity in classification tasks. The second category 

concentrated on evaluating system reliability with Cohen’s Kappa (κ). This statistical indicator 

quantifies the level of concordance between scores produced by the artificial intelligence 

system and those provided by human experts. The formulation is articulated as: 

𝜅 =  
𝑝0−𝑝1

1− 𝑝𝑒
 (4) 

where 𝑝0 denotes the observed agreement proportion and 𝑝𝑒 represents the predicted agreement 

by chance. Cohen’s Kappa was chosen to guarantee that the evaluation framework attained 

quantitative correctness while also aligning with expert judgment, thus confirming the 

reliability of the automated assessment method. 

 

RESULTS AND DISCUSSION 

Comparative Analysis of Model Performance (Addressing RQ1)  

The efficacy of the suggested hybrid framework was empirically assessed in 

comparison to two baseline techniques. A comparative analysis was performed to assess the 

correctness and reliability of each system architecture. Table 1 provides a detailed description 

of evaluation metrics derived from testing on the student flowchart dataset. 

Table 1. Comparative Performance of Automated Assessment Models 

Architecture Model Accuracy Precision Recall F1-Score 

AST + Tree Edit Distance (Baseline 1) 0.76 0.77 0.73 0.75 

GCN Murni (Baseline 2) 0.83 0.84 0.80 0.82 

Hybrid (GCN + SMT Solver) 0.89 0.90 0.87 0.88 

As shown in Table 1, the hybrid architecture obtained higher values across all evaluation 
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metrics compared to both baselines. These results suggest a consistent trend of improved 

performance, although statistical significance was not formally tested. Figure 2 illustrates the 

comparative F1 Scores of the three system topologies, underscoring the importance of 

collective performance enhancement. 

 
Figure 2. F1-score comparison of the proposed hybrid system against baseline models 

 

A comprehensive examination of Table 1 and Figure 1 verifies that the hybrid system's 

superiority arises from its capacity to address structural divergence and semantic equivalence 

challenges. The traditional AST method in Baseline 1 had significant deficiencies in evaluative 

flexibility, achieving the lowest F1 Score of 0.75. The Tree Edit Distance technique exhibited 

significant sensitivity to differences in graph topology [21]. Consequently, AST based systems 

erroneously penalized student solutions when algorithmic structures varied visually yet 

remained semantically equal. This structural stiffness supports previous studies on redundancy 

and inefficiency in pure tree representations [23], [24] which directly diminishes evaluation 

scores and elevates false negative rates.  

Conversely, the pure GCN model in Baseline 2 demonstrated a significant enhancement 

in performance, with an F1 Score of 0.82. This artificial intelligence model demonstrated 

probabilistic adaptability in representing structural differences in graphs of student solutions. 

Nonetheless, the pure GCN design exhibited significant shortcomings in semantic anomaly 

detection. The system consistently accepted logically flawed solutions as it identified solely 

visual representation patterns without executing mathematical logic checking. This empirical 

result corroborates theoretical assertions that dependence solely on latent structural 

representations induces increased false positive rates in algorithmic assessment [12]. The 

hybrid framework successfully mitigated the deficiencies of both baselines via thorough 

integration, attaining optimal performance (F1 Score 0.88). The suggested approach offers 

practical benefits by utilizing GCN capabilities to probabilistically address changes in graph 

structure, while concurrently employing the SMT Solver to ensure semantic validity an key 

concept for recognizing program equivalence [25], [26]. This investigation further confirms 

that graph-based visual evaluation methods provide adaptive benefits for novice programming 

tasks in comparison to text-based representations.  

Prospective Research Avenues: This research presents multiple strategic opportunities 
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for enhancing automated evaluation systems. For instance, ensemble learning frameworks can 

be employed to improve prediction stability. In addition, symbolic reasoning tools such as SMT 

solvers may be explored to handle semantic conflicts more [27][28][29]. The suggested method 

has the potential for incorporation into collaborative code editors powered by large language 

models (LLMs), facilitating interactive programming instruction [30]. Third, subsequent 

research ought to implement Explainable AI (XAI) frameworks to convert mathematical graph 

topologies into detailed textual feedback for students [31]. The utilization of generative 

artificial intelligence approaches to facilitate bidirectional transformations between diagrams 

and code will enhance system resilience during preprocessing  [15]. These developments will 

collectively convert static evaluation tools into comprehensive intelligent teaching systems. 

 

Effects of Semantic Verification (Responding to RQ2)  

An ablation study was performed to assess the distinct impact of the symbolic execution 

module on overall system performance. The evaluation utilized a comprehensive dataset of 

3.600 flowcharts gathered from 300 students over 12 training modules. Ground truth values 

were independently determined by three teaching assistants via manual evaluation. Table 2 

provides a detailed comparison of performance characteristics between single component 

configurations and the hybrid design. 

Table 2. Ablation Study Results for System Configurations 

System Configuration Accuracy Precision Recall F1-Score False-Negative Cases 

GCN Only 0.83 0.84 0.80 0.82 420 

SMT Solver Only 0.78 0.81 0.76 0.78 510 

Hybrid (GCN + SMT Solver) 0.89 0.90 0.87 0.88 95 

 

Table 2 demonstrates that the hybrid arrangement consistently surpassed single 

component structures in all evaluation metrics. The paramount discovery pertains to the false 

negative (FN) metric. The unadulterated GCN setup yielded 420 false negative cases, 

indicating the system's inability to identify roughly 11.7% of accurate student solutions. The 

activation of the semantic verification module in the hybrid architecture decreased the mistake 

count to 95 cases, reflecting a 77.4% reduction in misclassification. Figure 3 illustrates the 

association between the significant reduction in false negatives and enhanced model 

performance. 
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Figure 3. Ablation study of F1-score and False-Negative (FN) cases across different system 

configurations 

 

The SMT Solver module's impact is plainly demonstrated by the visualization in Figure 

2. As the system transitions from pure GCN to the hybrid framework, the trend line indicates 

a precipitous decline in false negative cases, which is consistent with an increase in F1 Score. 

This reduction in FN mathematically induced an increase in Recall from 0.80 to 0.87 (see Table 

2). The SMT Solver is not merely a supplementary component; it is a critical "savior 

component" that prevents the unjust penalization of correct pupil solutions, as these consistent 

quantitative findings confirm.  

The hybrid framework's ability to suppress false negative metrics is illustrated by a 

representative case of structural divergence that is emphasized through qualitative analysis. In 

a particular test scenario, the reference solution employed a FOR structure to implement a loop, 

with counter initialization embedded within the iteration block. In contrast, a student 

constructed the flowchart by introducing a fictitious variable and positioning counter 

initialization outside the main block, utilizing a WHILE structure. During the initial stages of 

programming education, it is common for neophyte students to decompose intricate 

algorithmic instructions into more explicit procedural steps, resulting in this type of divergence.  

The computational semantics of both flowcharts were identical for iterations from 1 to N, 

despite the visual topological distinctions. The student solution was not accurately evaluated 

by the unadulterated GCN subsystem. The cosine similarity score was 0.62 as a result of the 

spatial similarity measurement. The Adjacency Matrix Extraction during Graph Convolution 

was substantially distorted by the addition of external initialization nodes and dummy 

variables, which significantly altered the Control Flow Graph (CFG) architecture. 

Consequently, the GCN subsystem misclassified the student solution as inappropriate by 

reducing similarity below the heuristic acceptance threshold (0.70). This prediction failure 

directly validates the theoretical limitations in prior literature, which underscored the 

susceptibility of singular topological representations to misclassification in software 

engineering evaluation [12], [18]. 

To resolve this evaluation conflict, the SMT Solver subsystem acted as a deterministic 

verifier. Symbolic execution traced all possible CFG paths to extract path constraints. The 
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student graph was translated into the logical formula 𝜙𝑠 = {𝑖 = 0; while(𝑖 < 𝑁){𝑖 + +}}, 

while the reference graph was expressed as 𝜙𝑟 =  {for(𝑖 = 0; 𝑖 < 𝑁; 𝑖 + +)}. The Z3 Theorem 

Prover comprehensively analyzed both logical constraints. During inference, Z3 identified that 

the presence of the dummy variable in the student algorithm had no computational impact on 

the final state of output variables. This computational flexibility demonstrated the system’s 

capability to resolve semantic conflicts effectively [32]. Symbolic computation ultimately 

proved absolute equivalence, 𝜙𝑠 ≡ 𝜙𝑟. 

According to the program equivalence proof [13], the hybrid decision subsystem 

immediately superseded the initial GCN classification, reclassifying the student answer as 

accurate. This empirical argument offers definitive proof that the hybrid design demonstrates 

remarkable resilience to various programming styles (vibe coding). The GCN subsystem 

probabilistically manages visual variability, whilst the SMT Solver subsystem ensures logical 

correctness. This architectural integration efficiently bridges the divide between syntactic 

diversity and semantic accuracy, allowing higher education institutions to provide automated 

assessment systems that are more equitable, precise, and dependable. 

 

Human–AI Concordance (Addressing RQ3)  

The viability of automated evaluation systems is evaluated not just by technical accuracy 

measures but also by their capacity to continuously emulate human judgment. This study 

assessed the concordance between the ground truth ratings assigned by teaching assistants 

(human evaluators) and the predictions produced by the Hybrid system (GCN + SMT Solver). 

The statistical study utilized two main metrics: Cohen’s Kappa (κ) for assessing categorical 

agreement (Correct/Incorrect) and Pearson’s correlation coefficient (r) for evaluating score 

distribution. Table 3 encapsulates the outcomes of the statistical tests. 

Table 3. Statistical Agreement Tests: Human Raters vs. Hybrid AI System 

Evaluation Metric Statistical Value Significance Level Agreement Interpretation 

Cohen’s Kappa (κ) 0.86 p < 0.001 Almost Perfect Agreement 

Pearson’s Correlation (r) 0.89 p < 0.001 Very Strong Positive Correlation 

Absolute Agreement Accuracy 89.2% – Very High Alignment 

 

Table 3 demonstrates that the suggested Hybrid system attained a Cohen’s Kappa score 

of κ=0.86. As per the statistical interpretation criteria established by Landis and Koch (1977), 

this number indicates "almost perfect agreement." Additionally, Pearson’s correlation analysis 

demonstrated a robust positive connection (r=0.89, p<0.001) between human and machine 

ratings. Figure 4 illustrates the alignment level shown by the confusion matrix, affirming that 

the AI system did not compromise the grading criteria set by the teaching team. 
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Figure 4. Confusion Matrix of Agreement Between Human Raters And The Hybrid Model 

The significant concordance between human and computer assessments has profound 

implications for operational efficiency in higher education. A comparison of time efficiency 

was made to emphasize this influence. Teaching assistants required an average of 4 minutes 

for a comprehensive assessment of each flowchart. The manual grading of the dataset of 3.600 

flowcharts required an estimated 240 man-hours. The Hybrid architecture executed graph 

preprocessing, GCN feature extraction, and Z3 SMT Solver verification in an average of 1.2 

seconds per flowchart. The AI system completed the full dataset in just 1.5 hours. This 

comparison indicates a substantial workload decrease over 99%. The significant time savings 

illustrate the practical viability of applying the suggested framework in actual educational 

settings. By diminishing the cognitive burden linked to repetitious administrative duties, 

institutions can redirect faculty and assistant resources to more essential educational initiatives, 

such as individualized support for students facing challenges with algorithmic reasoning [12], 

[33]. 

In addition to speed, qualitative assessments during testing indicated significant 

reliability issues. In several anomalous instances, the AI model effectively identified possible 

concealed infinite loops that were missed by teaching assistants. This discovery underscores 

the vulnerability of human assessors to cognitive exhaustion when evaluating several 

assignments featuring repeated visual structures [34], [35]. In contrast, the SMT Solver module 

reliably performed mathematical logic verification without endurance constraints. The 

empirical findings validate that the suggested Hybrid system is academically reliable, serving 

both as an effective assessment tool and as an auxiliary verification layer to reduce human error 

in code evaluation. 

 

Validity Threats  

Despite the hybrid framework exhibiting robust empirical performance, certain risks to 

validity were found that must be acknowledged for an impartial evaluation of the results. This 

essential discourse has three principal dimensions: construct validity, internal validity, and 

external validity. Regarding construct validity, which assesses the degree to which assessment 
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metrics reflect the original notion, the primary hazard is in the definition of algorithmic 

correctness. This study utilized an SMT Solver to establish semantic equivalence between 

student solutions and reference answers, concentrating solely on functional correctness while 

neglecting non-functional efficiency. The suggested system continued to classify student loop 

logic as similar despite the approach demonstrating suboptimal temporal complexity. This 

constraint may skew assessment results in advanced instructional modules where code 

optimization is emphasized [23], [36].  

Concerning internal validity, focus was placed on possible biases or confounding 

variables affecting experimental outcomes. The initial threat in this realm stemmed from the 

ground truth creation process. Despite the calibration of AI evaluation with human judgment, 

teaching assistants continued to be susceptible to cognitive fatigue and subjective bias [37]. To 

alleviate this risk, cross-validation processes were established, incorporating three independent 

teaching assistants utilizing majority voting mechanisms. In addition to human concerns, 

internal validity was further compromised by the technological constraints of mathematical 

proof engines. The Z3 Theorem Prover is prone to state space inflation when evaluating graphs 

with extensively nested branches [38]. While computational failures were absent in the current 

dataset, the potential for processing timeouts remains for more intricate structures.  

Ultimately, external validity underscores the constraints of extrapolating results outside the 

present experimental parameters. The collection comprised 3.600 flowcharts sourced from 12 

beginning programming programs. These lessons concentrated extensively on imperative and 

procedural paradigms for beginner learners. Thus, the efficacy of the hybrid system cannot 

currently be extrapolated to graph representations of more dynamic paradigms, such object-

oriented programming or concurrent systems [39]. Structural transformations inherent in these 

advanced paradigms would require significantly more complex path constraint formulations 

for SMT Solver verification. 

 

4. Conclusion  

This study introduced and assessed a hybrid automated evaluation framework that 

combines the probabilistic adaptability of Graph Convolutional Networks (GCNs) with the 

mathematical precision of symbolic execution using an SMT Solver. Empirical testing 

indicated that this architectural integration helped address anomalies in algorithmic 

assessment. The suggested approach achieved an F1 Score of 0.88, showing higher values than 

traditional baseline techniques (RQ1). Furthermore, ablation studies suggested that the 

inclusion of the semantic verification module reduced false negative rates by 77.4% compared 

to the pure GCN model. These findings indicate that the system can accommodate structural 

differences while maintaining functional equivalence across various student solutions (RQ2). 

In addition to technological benefits, operational practicality was supported by a high 

concordance with human evaluators, reflected in a Cohen’s Kappa value of 0.86. The AI 

approach also reduced assessment time from 240 hours of human grading to under 1.5 hours 

of computational processing. This quantitative evidence highlights the potential feasibility of 

the framework in alleviating teacher workload, reducing human error due to cognitive fatigue, 

and supporting more objective assessment procedures in higher education (RQ3). Future 
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research will aim to enhance system capabilities by integrating Explainable AI (XAI) 

frameworks. A key direction involves converting mathematical proofs produced by the SMT 

Solver into detailed textual feedback. This development is expected to transform the current 

static assessment tool into an intelligent tutoring system, enabling interactive programming 

instruction for beginner learners. 
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