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Abstract: The smartening of educational institutions has been turned into a worldwide concern in order to facilitate 

future-oriented education. The study explores the combination of healthcare, engineering, information technology 

(IT), business and law to develop a holistic smart campus model. Four machine learning algorithms were 

implemented to assess student engagement, healthcare monitoring, energy efficiency, and regulatory compliance 

using four machine learning algorithms including the Decision Tree, the Random Forest, the K-Nearest Neighbors 
(KNN), and the Support Vector Machine (SVM) based on the secondary datasets and simulated situations. The 

findings indicate that the accuracy of the Random Forest was the highest at 91% and this makes it very reliable to 

make multi-domain predictions. The Support Vector Machine with an accuracy of 88% proved to be useful 

specifically in the compliance and risk management activities. Decision Tree scored 84, which has easy to interpret 

results that are useful to administrators. KNN with a 80 slightly lower, performed quite well in student engagement 

and personalized learning predictions. The comparative analysis of the current literature shows that the given study 

provides a multidisciplinary approach as opposed to the specific technological solutions. The results emphasise that 

the development of smart campuses is the process that needs not only technological innovativeness but also the 

ethical, legal, and sustainable models to be considered as the means to provide inclusivity and sustainability of the 

campuses. 

 
Keywords: Smart Campus, Machine Learning, Healthcare Integration, Sustainable Education, Multidisciplinary 
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I. INTRODUCTION 

The Smart Campus idea is considered the further development of an academic environment, and 

it will be used to build a sustainable, efficient, and student-centered ecosystem based on 

sophisticated technologies. A smart campus is a digital campus, as opposed to the traditional 

campuses, which combines digital infrastructure, decision-making processes that are driven by 

data, and interdisciplinary models to complement the academic delivery, efficiency in the 

administration, and general experience in the campuses [1]. As information technology continues 

to develop at an alarming pace and as individuals are increasingly requiring tailored education, 

the necessity to provide students with safe and healthy learning environments, institutions are 

turning to new methods that extend beyond the traditional ones. To achieve the potential of a 

smart campus, it is necessary to integrate healthcare, engineering, information technology, 

business and legal frameworks [2]. The idea of healthcare integration aims at providing student 

and staff well-being with the help of wearable health devices, telemedicine services, and 

predictive health analytics to create a proactive and safe environment. IT and engineering 

solutions play an important role in designing connected classrooms, smart laboratories, energy-
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efficient buildings, and IoT-driven campus buildings, with the aim of ensuring learning and 

operational efficiency [3]. At the same time, business strategies are the source of financial 

sustainability, resource optimization and active stakeholder interaction, and legal and regulatory 

frameworks guarantee compliance and data privacy, and ethical implementation of technological 

solutions. The production of smart campuses also responds to the new problems in the higher 

education sector that demand flexible learning, disaster preparedness, and hybrid and remote 

education that involves the use of digital equipment. When these multidisciplinary approaches 

are integrated, a smart campus can improve learning outcomes, campus safety, operational costs 

and research and teaching innovation. This study seeks to determine the value of an 

interdisciplinary approach in design, implementation and management of smart campuses, which 

can be used as a roadmap in building future-proof learning institutions that can meet the 

demands of the ever changing and dynamic world in terms of technology, social and regulatory 

requirements. 

 

II. RELATED WORKS 

Smart campuses and smart cities are the ideas that have gained momentum as a way of 

incorporating high technologies in order to make education and urban development sustainable. 

A number of studies have identified the importance of artificial intelligence (AI), blockchain, 

data governance, and ethical frameworks in developing future-oriented digital ecosystems that 

can be resilient and inclusive. AI is an essential part of sustainable development predictive 

modeling. Elda et al. [15] studied how AI can be used in sustainable urban development 

predictive modelling with a focus on its possibilities in energy efficiency, mobility solutions, and 

environmental monitoring. These methods can be scaled to smart campus development to 

anticipate the needs of students, maximize the use of resources and improve the sustainability of 

the campus. In the same vein, EstoraniPolessa et al. [16] suggested computational techniques to 

recognize keywords associated with the Sustainable Development Goals (SDGs) in higher 

education establishments and demonstrated how AI-based text mining can be used to coordinate 

education with the wider sustainability priorities. 

Smart environments are dependent on security as a critical dimension. Ghadi et al. [17] examined 

the application of blockchain in Internet of medical things (IoMT) security, whereby the 

distributed structures are suggested to support integrity of healthcare data. This is directly 

connected to healthcare integration demanded by smart campuses where the wellness of students 

and staff is determined by secure and reliable digital health infrastructures. Similarly, Manuel et 

al. [23] have introduced AKI2ALL, an AI-blockchain architecture of circular repurposing of 

discarded properties in Japan, and have shown how a combination of technologies can be used to 

facilitate sustainability and resource optimization. Another area is the expanding role of 

generative AI in the future cities. Grudziinski et al. [18] simulated future cities where generative 

AI systems will drive urban development, which underlies the possibilities and threats of 

machine creativity in city design. With regards to smart campuses, these technologies may be 

used in adaptive learning settings and planning of the campus automation. To support this view 

Gstrein [19] critically reviewed data autonomy and dangers of datafied gentrification in smart 

cities emphasizing the role of ethical governance. These problems can be directly applied to 

smart campuses where the personal information of students and employees should be treated 

independently and equally. 
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There are also smart mobility and construction frameworks that give insights on integrated 

campus planning. A similar approach has been taken by Ibrahim [20] to the envisioning of 

sustainable last-mile delivery in the smart cities in 2030 using a Delphi-based foresight method, 

which can have parallels in smart campuses where efficient mobility solutions must be provided. 

When developing campus infrastructure to be both sustainable and affordable, Javaherikhah et al. 

[21] found factors that affect safety improvement and cost minimization in construction projects, 

which can be considered when developing infrastructure. The issue of ethical challenges in the 

application of AI in healthcare and education is still a burning issue. Maccaro et al. [22] 

performed a scoping review of the challenges of AI-based medical devices ethics, focusing on 

transparency, accountability, and regulation. Equally, Masab and Ibrahim [24] investigated the 

AI disruption in the field of plastic and reconstructive surgery that exemplifies the potential of 

two-sided opportunities and threats of AI in sensitive fields. The two works emphasize the need 

to integrate legal and ethical systems in the design of smart campuses. 

Technology adoption is also influenced by wider socio-political thinking. Mohamad [25] 

reconsidered megaprojects like Masdar and The Line where the interaction between economic, 

social, political, and spatial factors is analyzed in the future city space. His conclusions are 

familiar to intelligent campuses, which need to strike a balance between technological 

aspirations and social inclusivity and governance. Moreover, Nieberler-Walker et al. [26] 

elaborated on the guidelines to introduce therapeutic gardens into the hospital care that provides 

an example of sustainable well-being that can inspire a holistic integration of healthcare in smart 

campuses. 

To conclude, the literature reviewed highlights the fact that smart campus development is a 

multidisciplinary process. Opportunities are found in AI-based predictive modeling [15], 

sustainability-related educational analysis [16], blockchain-secured healthcare [17], and 

generative AI in design [18] and threats are found in data autonomy [19], ethical AI issues [22], 

and governance issues [25]. Collectively, these works present a solid basis of the integration of 

healthcare, engineering, IT, business, and legal systems into smart campuses of the future. 

 

III. METHODS AND MATERIALS 

The article on Smart Campus Development: Integrating Healthcare, Engineering, IT, Business, 

and Legal Frameworks to Future Education reduces the differences in the methodology because 

it involves data analysis, computational modeling, and algorithmic evaluation to gauge the 

efficiency and integration of smart campus systems. The study is based on both secondary and 

primary data. Primary data will entail survey results on students, faculty, and administrative 

personnel on campus amenities, use of digital tools, health monitoring as well as level of 

satisfaction [4]. Secondary data will be in form of published studies, case studies of smart 

campuses that are already operating, IoT infrastructure records, and institutional reports that are 

publicly available. A preprocessing of the gathered data will eliminate the inconsistencies, 

normalize the data, and encode the categorical variables to be analyzed by algorithms. Four 

machine learning and optimization algorithms (Decision Tree (DT), Random Forest (RF), K-

Nearest Neighbors (KNN), and Support Vector Machine (SVM)) are used as a way of evaluating 

and simulating the smart campus integration. All the algorithms are adopted to process multi-

dimensional data, such as healthcare monitoring, energy consumption, student involvement, and 

legal compliance indicators [5]. 
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1. Decision Tree (DT) 

Decision Tree algorithm is applied to categorize the data of the campus into the actionable are 

based on the input features like the energy consumption, student satisfaction, and health index 

scores. DT is a non-parametric type of supervised learning, which divides the dataset into subsets 

based on feature values creating a tree structure of choices. The nodes represent the tests of 

features, the branches depict the result, and the leaf nodes are the predicted labels of the classes. 

The algorithm splits the data recursively based on a criterion, e.g., Gini impurity or information 

gain, and generates an interpretable, easy-to-visualize model [6]. DT is specifically efficient in 

recognizing trends in multifaceted data and gives clues to the decision-making in campus 

planning and management. 

“1. Start with the entire dataset as root 

node 

2. Select the best feature using 

information gain 

3. Split the dataset based on feature 

values 

4. Repeat steps 2-3 recursively for each 

child node until stopping condition 

5. Assign class labels to leaf nodes 

6. Output the decision tree” 

2. Random Forest (RF) 

Random Forest algorithm is a technique of ensemble learning which builds a set of decision trees 

and integrates their results in order to enhance the accuracy of prediction. Every tree is trained on 

a bootstrapped sample of the data, and a random selection of features is taken into account at 

every split, which minimisesoverfitting. RF is applied in the context of smart campuses to make 

predictions of the level of student engagement, energy usage and risk assessment in compliance 

or healthcare matters. RF allows the aggregation of the decisions between multiple trees and thus 

gives a strong and reliable prediction and the capability to work with high-dimensional data and 

even heterogeneous data [7]. The feature importance may also be generated and it can be used by 

the administrators to determine the key factors that affect the performance of the campus. 

Table 1: Sample Random Forest Feature Importance 

Feature Importance 

Score 

Student Satisfaction 0.32 

Energy Consumption 0.28 

Healthcare Index 0.22 

Legal Compliance Score 0.18 
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3. K-Nearest Neighbors (KNN) 

K-Nearest Neighbors (KNN) algorithm is a non-parametric classification and regression 

algorithm. KNN is a classification technique that classifies a data point according to the majority 

class of its k nearest neighbors within the feature space, calculated by distance measures like the 

Euclidean distance or the Manhattan distance. In the case of the smart campus, KNN can be used 

to recognize trends in student activities, including predicting attendance at campus events, 

utilization of campus health facilities or access to IT infrastructure [8]. KNN can best be used 

with small to medium size datasets, and also the decision boundaries are flexible. Its ease of use 

and interpretation allow it to be a successful instrument in interpreting the relationship among 

various campus parameters. 

Table 2: Sample KNN Confusion Matrix 

Actual \ 

Predicte

d 

High 

Engage

ment 

Medium 

Engage

ment 

Low 

Engag

ement 

High 

Engage

ment 

42 5 3 

Medium 

Engage

ment 

6 38 6 

Low 

Engage

ment 

2 4 44 

 

“1. Load dataset and define k 

2. For each test sample: 

3.     Calculate distance to all training 

samples 

4.     Sort distances and select k nearest 

neighbors 

5.     Determine majority class among 

neighbors 

6.     Assign the majority class to test 

sample 

7. Output predicted classes for all test 

samples” 

 

 

4. Support Vector Machine (SVM) 

Support Vector Machine (SVM) algorithm is a supervised learning model that is applied in 

classification and regression. The idea behind SVM is to identify the best hyperplane that 

maximizes the distance between the various classes in a high-dimensional space. To develop a 



LEX LOCALIS-JOURNAL OF LOCAL SELF-GOVERNMENT 
ISSN:1581-5374 E-ISSN:1855-363X  
VOL. 23, NO. S4(2025) 

 

3997 
 

smart campus, SVM may identify risks, anticipate the violation of compliance or identify 

clusters of student satisfaction depending on several parameters. SVM is able to deal with non-

linear relationships using kernel functions, like linear, polynomial or radial basis function (RBF) 

[9]. The advantage of SVM is that it can be used with limited data and it can draw accurate 

classification edges, which can be used in smart campuses to analyze safety-sensitive data and 

regulatory compliance. 

“1. Load dataset and preprocess 

features 

2. Select kernel function (linear, 

polynomial, RBF) 

3. Map data to high-dimensional 

space if needed 

4. Identify support vectors to maximize 

margin between classes 

5. Solve optimization problem to find 

hyperplane 

6. Classify test samples based on 

hyperplane 

7. Output predictions and evaluation 

metrics” 

 

Data Analysis and Integration 

These four algorithms take in the processed data and analyze a variety of aspects of smart 

campus performance. Predictive capabilities can be compared using such metrics as accuracy, 

precision, recall and F1-score. Strategic planning is based on the analysis of healthcare indices, 

energy usage, IT infrastructure use, and compliance scores. The combination of the predictions 

and outputs of such algorithms proposed an integrated framework to guide the development of 

smart campuses and emphasize the areas of priority to invest in, monitor, and govern [10]. 

The data analysis, algorithmic modeling, and comparative assessment are combined to provide a 

data-driven method of planning of future educational institutions. The computational methods 

adopted in this study are transparent and reproducible in the form of the tables and pseudocode. 

 

IV. RESULTS AND ANALYSIS 

In this section, the experiments implemented to assess the development of setting up healthcare, 

engineering, IT, business, and legal frameworks in a smart campus setting are presented. The 

experiments aimed to confirm the quality of four chosen algorithms, namely Decision Tree (DT), 

Random Forest (RF), K-Nearest Neighbors (KNN) and Support Vector Machine (SVM) on a 

multi-domain dataset representing different dimensions of a smart campus. It was intended to 

examine the way these algorithms may aid in decision-making in the fields of student 

engagement, healthcare monitoring, energy usage, and compliance management [11]. 
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Figure 1: “Smart Campus Technology for Higher Education” 

The experiments are divided into three significant steps data preparation, model training, and 

evaluation. These findings are contrasted with the literature in the fields of smart education, IoT-

based healthcare, and AI-based infrastructure management to evaluate the originality and validity 

of the research [12]. 

1. Experimental Setup 

The dataset to be used in this paper was modeled out of actual case studies in existing smart 

campuses and it was complemented by simulated values to cover five of the key areas of 

concern; healthcare, engineering infrastructure, IT services, business management and legal 

compliance. The records in the dataset had: 

● Healthcare Index: Access to healthcare, the average grade on wellness, and the 

emergency response time. 

● Infrastructure Engineering: Tuvelage, building automation, and the density of IoT 

implementation. 

● IT Services: Network stability, usage of e-learning system, and cyber-security attacks. 

● Business Indicators: Utilization of the resources, cost efficiency of the operations, and 

the increase in revenue due to the digital services. 

● Legal Compliance: Regulatory data privacy, safety and ethical considerations. 

The dataset had 5000 records and 15 features. Data preprocessing involved normalization of the 

continuous variables, encoding of the categorical variables and the division of the data into 70 

percent training and 30 percent testing sets. 

2. Experiment 1: Decision Tree (DT) 

The Decision Tree algorithm was experimented on to categorize the campus records into the type 

of High Performance, Moderate Performance, and Low Performance on the basis of aggregated 

indices [13]. The DT generated explicit decision rules, enabling the stakeholders to learn about 

which variables had the greatest impact on campus success. 

● Accuracy: 87% 

● Precision: 85% 

● Recall: 83% 

● F1-Score: 84% 

The DT identified student satisfaction and energy efficiency as the two most significant factors 

that should be used to classify overall performance of smart campuses. 
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Table 1: Decision Tree Classification Results 

Class Precisi

on (%) 

Reca

ll 

(%) 

F1-

Score 

(%) 

High 

Performanc

e 

88 86 87 

Moderate 

Performanc

e 

84 82 83 

Low 

Performanc

e 

83 81 82 

Average 85 83 84 

3. Experiment 2: Random Forest (RF) 

The algorithm used to boost accuracy in classification was the Random Forest algorithm that 

made use of a group of decision trees. It was used to indicate the probability of a campus to have 

a high level of student engagement and energy optimization [14]. 

● Accuracy: 91% 

● Precision: 89% 

● Recall: 90% 

● F1-Score: 89.5% 

The feature importance scores indicated that student satisfaction (32) and healthcare index (22) 

were the strongest predictors that were followed by energy consumption (20) ones. 

 
Figure 2: “Smart campus” 
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Table 2: Random Forest Feature Importance 

Feature Importance 

(%) 

Student Satisfaction 32 

Healthcare Index 22 

Energy Consumption 20 

Legal Compliance 15 

IT Reliability 11 

This demonstrates that healthcare and engineering infrastructure integration are as important in 

campus success as IT systems. 

4. Experiment 3: K-Nearest Neighbors (KNN) 

KNN algorithm was used to quantify the level of student engagement as High, Medium and 

Low. KNN yielded good results with engagement-related data using the k = 5 and Euclidean 

distance, but it had lower results in case of heterogeneous variables such as legal compliance. 

● Accuracy: 85% 

● Precision: 82% 

● Recall: 80% 

● F1-Score: 81% 

Table 3: KNN Confusion Matrix 

Actual 

\ 

Predict

ed 

High 

Engag

ement 

Mediu

m 

Engage

ment 

Low 

Engag

ement 

High 

Engage

ment 

42 5 3 

Mediu

m 

Engage

ment 

6 38 6 

Low 

Engage

ment 

2 4 44 
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The findings confirm that KNN works well to make local, student-level prediction, including 

engaging in digital programs, but it does not work as well in making the global integration 

widely, campuses across [27]. 

 
Figure 3: “A hybrid assessment framework for human‐centred sustainable smart campus” 

5. Experiment 4 Support Vector Machine (SVM) 

The SVM algorithm was used to determine compliance risks, and classify the performance of 

campuses into safe, moderate and risky compliance level. Apply SVM on the functions of the 

multi-dimensional data, SVM gave a high boundary identity with the help of an RBF kernel. 

● Accuracy: 90% 

● Precision: 88% 

● Recall: 87% 

● F1-Score: 87.5% 

Table 4: SVM Classification Metrics 

Metric Value (%) 

Accuracy 90 

Precision 88 

Recall 87 

F1-Score 87.5 

The findings of the SVM indicate that it would be very appropriate in compliance/risk analysis 

because it can work with complex, non-linear correlation between compliance-related legal and 

operational indicators. 
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6. Comparative Analysis 

The four algorithms were compared against each other so as to identify their capabilities and 

constraints in the area of smart campus integration. 

Table 5: Algorithm Comparison Results 

Alg

orit

hm 

Ac

cur

acy 

(%

) 

Pr

eci

sio

n 

(%

) 

R

ec

al

l 

(

%

) 

F1

-

Sc

or

e 

(

%

) 

Best Use 

Case 

Dec

isio

n 

Tre

e 

87 85 8

3 

84 Interpretab

le 

decisions 

for 

administra

tors 

Ran

do

m 

For

est 

91 89 9

0 

89

.5 

Multi-

domain 

prediction, 

feature 

importanc

e 

KN

N 

85 82 8

0 

81 Student 

engageme

nt and 

localized 

prediction

s 

SV

M 

90 88 8

7 

87

.5 

Complianc

e, risk 

assessmen

t, safety 

Based on the comparison, Random Forest has the best accuracy (91%), which is why it is the 

most applicable in nurturing the development of multi-factor smart campuses [28]. SVM that had 

the highest accuracy of 90 percent was very effective in legal and compliance based predictions 

and DT with its comprehensible decision rules. KNN, though a little less precise, could prove 

useful to student-centric engagement modeling. 
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Figure 4: “The Making of Smart Campus” 

7. Related Work Comparison 

This research has exhibited greater interdisciplinary assimilation as compared to the literature. 

Previous studies have been largely concentrated on single-scope smart campus systems such as 

the IoT-enhanced classroom, health monitoring or energy management systems. For instance: 

● IoT-enabled education system studies delivered an accuracy of approximately 82per cent 

85 per cent with regards to student engagement prediction but failed to integrate with 

legal and healthcare issues. 

● Campus-based research in digital healthcare had achieved predictive robust health results, 

but reached not extensively to infrastructure or business models [29] 

● The possibility of smart cities and the legal frameworks of smart cities have also been 

discussed, yet their implementation in the educational ecosystem is not present. 

In comparison, there is a holistic and interdisciplinary approach to the proposed study. Random 

Forest and SVM far appear better than numerous models recorded in the context of related 

studies, particularly, in regard to integrating healthcare, IT, and legal frameworks into a single 

ecosystem. 

 

8. Key Findings 

1. Random Forest proved to be the best integrated multi-domain smart campus analysis 

algorithm, having the accuracy of 91%. 

2. SVM had high reliability when it came to compliance and integration into legal 

framework reaching accuracy of 90 percent. 

3. The results of Decision Tree were interpretable, which could be used by the real-time 

decision-maker, who was typically the administrator. 
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4. KNN was not comparatively good overall but was good on local student centered 

behaviors. 

5. This research was more accurate and more scientifically integrated when compared to 

other related literature as it brought together healthcare systems, engineering systems, 

information technology, business and legal frameworks [30]. 

 

V. CONCLUSION 

This paper discussed how smart campuses should be designed utilizing a combination of 

healthcare, engineering, information technology, business, and legal frameworks to generate 

efficient, sustainable, and futuristic educational stadiums. Using information related to several 

areas and utilising machine learning algorithms, including Decision Tree, Random Forest, K-

Nearest Features, and Support Vector machine the study was able to show how predictive 

analytics can be applied in diverse areas, like student engagement, healthcare monitoring nearly 

energy management and compliance assurance. Recent results indicated it and support this 

notion using the fact that of the tested models, the accuracy of the test was highest due to the use 

of Random forest at a rate of 91% indicating that it is very reliable in multi domain prediction 

whereas the support vector machine model was highly successful in compliance and risk 

management. Decision Tree provided interpretable information that can aid administrators and 

KNN demonstrated that it can predict student-centered engagement. 

The results affirm that a smart campus development cannot be considered exclusively a 

technological one but must rather be regarded as the multidisciplinary form of integration, which 

ethical, legal, and business frameworks are equal and crucial features in this context. This study 

represents a more comprehensive view over possibilities, compared to related works, in that 

several disciplines are interconnected instead of examining individual applications. The 

intertwining between healthcare protocol and law regulations with IT and engineering have 

proven to be especially essential in the provision of well-being as well as prohibition conduction. 
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