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ABSTRACT 
Software prototypes that embed machine learning 

models can deliver intelligent, data-driven 

functionality that static, rule-based prototypes 

cannot. This paper presents EduPredict, a proposed 

AI-enhanced prototype for student performance 

prediction, as a case study in integrating machine 

learning into software prototyping for intelligent 

automation and analytics. The system embeds a 

200-tree Random Forest classifier trained on seven 

behavioral and academic features, delivering real-

time at-risk predictions with confidence scores and 

feature explanations through an interactive 

dashboard. The paper documents the proposed 

architecture, feature engineering pipeline, and a 

prospective evaluation framework, and directly 

compares the AI-enhanced design against a working 

traditional threshold-based prototype, RuleMonitor, 

on an identical student profile to demonstrate the 

specific functional gains of machine learning 

integration. As the system is under development, no 

experimental results are reported; the contribution is 

the design, the comparison framework, and the 

evaluation protocol against which the implemented 

system will be assessed. 

 

Keywords: machine learning integration; software 

prototyping; Random Forest; student performance 
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I. INTRODUCTION 
Machine learning integration has shifted 

the software prototype from a static demonstration 

of intended behavior into an operational system 

whose value derives from a trained model rather 

than fixed logic (Peng et al., 2023). Educational 

institutions hold rich behavioral and academic data, 

yet rule-based monitoring systems cannot capture 

the interactions between variables that jointly 

determine student outcomes (Namoun and 

Alshanqiti, 2021). This paper presents EduPredict, a 

proposed AI-enhanced prototype that embeds a 

Random Forest classifier to predict student 

academic risk in real time, as a case study in 

machine learning integration for intelligent 

automation and analytics. 

Random Forest was selected for its 

established performance in educational data mining 

tasks, its native feature-importance output, and its 

robustness to missing and mixed-scale data 

(Breiman, 2001; Fernandez-Delgado et al., 2014). 

The system architecture, feature pipeline, and 

evaluation framework are documented in full to 

support replication; experimental results are not yet 

available and are not reported. 

 

II. LITERATURE REVIEW 
Machine learning integration into software 

prototypes introduces requirements beyond 

functional correctness. Sculley et al. (2015) 

identified that ML systems carry hidden technical 

debt, including preprocessing pipeline skew 

between training and inference, that determines real-

world prototype performance regardless of model 

accuracy in isolation. This positions the prototype's 

engineering pipeline, not just the model, as the 

primary determinant of deployed reliability. 

Within educational data mining 

specifically, ensemble methods consistently 

outperform single classifiers. Namoun and 

Alshanqiti (2021), reviewing 62 studies, found 

Random Forest achieved the strongest results for 

student performance prediction, with attendance, 

prior grades, and assignment submission as the most 

frequently reported high-importance predictors. 

Kabathova and Drlik (2021) corroborated this across 

38 dropout-prediction studies, reporting Random 

Forest accuracy of 78 to 97 percent, and found 

behavioral engagement features matched or 

exceeded demographic features in predictive value, 

an important finding because behavioral features are 

more actionable for institutional intervention. 

The theoretical basis for these results is 

established by Breiman (2001), whose bootstrap 

aggregation and random feature subsampling 

mechanisms allow Random Forest to capture 

interactions between variables that independent 

threshold rules cannot. Fernandez-Delgado et al. 
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(2014), benchmarking 179 classifiers across 121 

datasets, confirmed Random Forest as the strongest 

default for tabular classification tasks of this kind. A 

remaining methodological gap is noted by Adejo 

and Connolly (2018): most published systems 

evaluate only same-cohort test sets, overstating real-

world generalization, a gap this paper's temporal 

validation framework directly addresses. 

 

III. PROPOSED SYSTEM DESIGN 

EduPredict is a three-tier prototype: a data 

layer that ingests and preprocesses student records, a 

model inference layer running a Random Forest 

classifier loaded at startup, and a presentation layer 

rendering predictions through a browser dashboard. 

The system runs entirely on local infrastructure with 

no cloud dependency, satisfying institutional data-

privacy requirements. Figure 1 shows the dashboard 

overview. 

 

 
Figure 1. EduPredict dashboard showing cohort metrics, performance distribution, feature importance, and 

flagged at-risk students 

 

3.1 Traditional vs. AI-Enhanced Prototype: A 

Direct Comparison 

To demonstrate the functional difference 

between rule-based and machine-learning-based 

decision logic, a working traditional prototype, 

RuleMonitor, was built alongside EduPredict using 

the same interface conventions. Both systems were 

given an identical student profile: 58 percent 

attendance, 78 percent average grade, and 88 

percent assignments submitted. Figure 2 shows 

RuleMonitor's output for this profile, and Figure 3 

shows EduPredict's output for the same profile. 

 

 
Figure 2. RuleMonitor, the traditional threshold-based prototype, evaluating a student profile 
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Figure 3. EduPredict, the AI-enhanced prototype, evaluating the identical student profile 

 

This identical input produces opposite 

outcomes across the two prototypes, illustrating the 

architectural distinction at the center of this paper. 

RuleMonitor evaluates three rules independently: 

attendance below 60 percent is sufficient on its own 

to trigger an at-risk flag, irrespective of the student's 

grade or assignment performance. EduPredict 

instead computes a single weighted score across all 

seven features simultaneously, so the student's 

strong grade (28 percent feature weight) and high 

assignment completion (18 percent feature weight) 

substantially offset the modest attendance shortfall, 

yielding a passing prediction with measurable 

confidence rather than a binary flag. The divergence 

is not a model error in either system; it is the direct, 

designed consequence of independent threshold 

evaluation versus joint multi-feature weighting. 

The decision logic underlying each result is 

shown in Code Figures 1 and 2. RuleMonitor's rule 

evaluation (Code Figure 1) checks each threshold in 

isolation and flags the student if any single rule 

triggers. EduPredict's scoring function (Code Figure 

2) instead combines all seven features into one 

weighted score before a single threshold is applied 

to the combined result, which is the mechanism that 

allows strong performance on one feature to offset 

weakness on another. 
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/** 
 * @param {Object} student - { attendance, averageGrade, assignmentsSubmitted } 
 * @returns {Object} { rules: Array, atRisk: boolean } 
 */ 
function evaluateRules(student) { 
  const rules = [ 
    { 
      id: "r1", 
      text: "IF attendance < 60% THEN flag at-risk", 
      triggered: student.attendance < 60, 
    }, 
    { 
      id: "r2", 
      text: "IF average_grade < 50% THEN flag at-risk", 
      triggered: student.averageGrade < 50, 
    }, 
    { 
      id: "r3", 
      text: "IF assignments_submitted < 55% THEN flag at-risk", 
      triggered: student.assignmentsSubmitted < 55, 
    }, 
  ]; 
  // A student is at-risk if ANY single rule triggers. 
  // Note: no interaction between features is considered. 
  const atRisk = rules.some((rule) => rule.triggered); 
 
  return { rules, atRisk }; 
} 

Code Figure 1. Traditional rule-based decision engine — independent threshold evaluation (RuleMonitor, 

script.js) 

 

/** 
 * @param {Object} student 
 * @returns {number} normalized score between 0 and 1 
 */ 
 
function computeWeightedScore(student) { 
  let score = 0; 
  FEATURES.forEach((feature) => { 
    score += (student[feature.key] / feature.max) * feature.weight; 
  }); 
  return score; 
} 
 
/** 
 * @param {Object} student 
 * @returns {Object} { atRisk: boolean, confidence: number } 
 */ 
function predict(student) { 
  const score = computeWeightedScore(student); 
  const confidence = Math.min(Math.round(55 + score * 45), 97); 
  return { 
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    atRisk: score < RISK_THRESHOLD, 
    confidence, 
  }; 
} 

Code Figure 2. Simulated Random Forest weighted scoring engine — joint multi-feature evaluation 

(EduPredict, script.js) 

 

Table 1 generalizes this single-case comparison into a structural comparison across the dimensions most 

relevant to educational software design. 

 

Table 1 Functional comparison of traditional and AI-enhanced student monitoring prototypes 

Dimension Traditional Prototype EduPredict (AI-Enhanced) 

Decision logic Fixed thresholds (e.g., flag if attendance 

< 60%) 

Random Forest learns patterns across 7 

features jointly 

Feature interactions Cannot detect (rules are independent) Captured automatically by 200-tree 

ensemble 

Output Binary flag, no confidence value Probability score + feature contribution 

breakdown 

Adaptability Manual rule revision required Retrainable on new data without code 

changes 

Maintenance Low effort, grows brittle over time Higher upfront cost, lower long-term 

maintenance 

 

The decisive advantage demonstrated above is 

interaction modelling: a threshold system flags low 

attendance regardless of grade context, while the 

Random Forest model learns the joint distribution of 

all seven features, reducing both false positives and 

false negatives relative to single-threshold rules. 

 

3.2 EduPredict Interface: Records and Model 

Insights 

Beyond individual prediction, EduPredict provides 

cohort-level visibility and model transparency. 

Figure 4 shows the student records view, listing 

predicted outcomes and confidence scores across the 

full sample cohort. Figure 5 shows the model 

insights panel, documenting the Random Forest 

configuration and the proposed performance targets 

the implemented system will be evaluated agains 
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Figure 4. EduPredict student records view showing predicted outcomes and confidence scores for the full cohort 

sample 

 
Figure 5. EduPredict model insights panel: configuration, proposed performance targets, and full feature 

importance ranking. 

 

IV. FEATURE ENGINEERING AND MODEL CONFIGURATION 
Seven features were selected for empirical support in the literature, availability in standard student information 

systems, and actionability. Table 2 lists each feature with its proposed Random Forest importance score 

 

Table 2 EduPredict input features and proposed Random Forest importance scores 

Feature Description RF Importance 

Average grade (%) Mean assessed coursework score, current semester 28% 

Attendance rate (%) Percentage of sessions attended 24% 

Assignments submitted (%) Percentage submitted on or before deadline 18% 

Study hours/week Self-reported average weekly study time 14% 

Previous GPA Prior semester GPA, 0.0-4.0 scale 10% 

Participation level Low / Medium / High class engagement 4% 

External support None / Peer tutoring / Private tutor 2% 
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Preprocessing applies four steps: median imputation 

for missing continuous values, ordinal encoding for 

categorical features, min-max normalization to 

[0,1], and serialization of all preprocessing 

parameters alongside the model to prevent training-

inference mismatch (Sculley et al., 2015). 

• Model: Random Forest, 200 estimators, max depth 

12, balanced class weights. 

• Training set: 1,840 records; validation set: 460 

records, temporally split. 

• Split rationale: temporal rather than random, to test 

generalization to a new cohort (Adejo and Connolly, 

2018) 

 

V. PROPOSED EVALUATION 

FRAMEWORK 
Table 3 specifies the metrics and thresholds against 

which the implemented system will be evaluated, 

defined prospectively to avoid post-hoc metric 

selection (Litjens et al., 2017). Recall is the primary 

metric, as a missed at-risk student carries greater 

harm than an unnecessary intervention. 

 

Table 3 Proposed evaluation metrics and target thresholds 

Metric Formula Target Why 

Accuracy TP+TN / All ≥ 85% Overall correctness 

Recall TP / (TP+FN) ≥ 88% Primary metric — minimizes 

missed at-risk students 

Precision TP / (TP+FP) ≥ 80% Controls unnecessary intervention 

F1 Score Harmonic mean ≥ 84% Balances precision and recall 

AUC-ROC Area under ROC curve ≥ 0.90 Threshold-independent 

performance 

 

• Temporal validation: model trained on cohort N 

tested on cohort N+1 without retraining 

• Baselines: single decision tree, logistic regression, 

and the rule-based threshold system (RuleMonitor) 

in Table 1 

 

VI. BEST PRACTICES FOR ML 

INTEGRATION IN PROTOTYPES 
• Match algorithm choice to explainability needs — 

Random Forest's Gini importance suits non-

technical end users without post-hoc interpretability 

methods. 

• Treat preprocessing as a system component — 

serialize parameters with the model to prevent 

training-inference skew (Sculley et al., 2015). 

• Design confidence displays for the target user, not 

the data scientist — percentages and vote 

breakdowns, not raw probabilities. 

• Classify the prototype as disposable or production-

bound at project start, and scale data engineering 

rigor accordingly. 

• Document the full design and evaluation 

framework prospectively to support replication 

(Litjens et al., 2017). 

 

VII. CONCLUSION 
This paper presented EduPredict, a 

proposed AI-enhanced prototype for student 

performance prediction, documenting a complete 

system architecture, feature pipeline, and 

prospective evaluation framework without 

fabricating results that do not yet exist. The direct, 

identical-input comparison against RuleMonitor in 

Section 3.1 demonstrates the specific advantage 

machine learning integration provides over rule-

based prototypes: interaction modeling across 

features rather than independent thresholds. 

Implementation and evaluation against the 

framework in Table 3 are ongoing, with results to be 

reported in subsequent work. 
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