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ABSTRACT: There is enormous potential in implementing artificial intelligence (AI) in 

smart health technologies to increase predictive or preventive diagnosis and health 

management among the population. This paper will explain how machine learning, deep 

learning, wearable sensors, electronic health records, and smart analytical systems can be 

utilized to help with the early detection of disease, continuous health treatment, clinical 

decision-making, and planning of population health. Such claims are supported by a 

systematic literature review investigating the applications of AI in mental health, chronic 

disease management, respiratory diagnostics, oral health, and tracking a population at risk. 

Furthermore, an analytical structure written in Python is proposed to benefit the 

comparison between the Logistic Regression, Decision Tree, and the Random Forest 

algorithms to classify the disease. Data processing involves data preparation, exploratory 

analysis, model training and performance analysis (accuracy and precision, recall, F1-score, 

and receiver operating characteristic area under the curve ROC-AUC). The framework is 

of special interest in the features that are important, the model that can be interpreted and 

the implications of predictive analytics as a resource allocation tool in healthcare. The 

study suggests the opportunities of the individualised interventions, the improved 

screening of patients, and the evidenced based strategy of the population health. However, 

privacy of data, bias in algorithms, cybersecurity, interoperability and disproportionate 

access are the key challenges of implementation. The literature results indicate that 

integration of AI should be carried out through responsible approaches based on clinical 

validation, transparent algorithms, ethical governance and professional supervision. All in 

all, intelligent health technologies based on AI will have the capacity to facilitate more 

proactive, efficient, accessible and sustainable health systems provided they are 

implemented in a responsible direction and assessed using empirical evidence. 
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I. INTRODUCTION 

With the swift development of artificial intelligence (AI) and digital technologies, the healthcare field has changed its nature 

and offered new predictive diagnosis, disease prevention, and effective population health management opportunities [1]. 

Machine learning algorithms, wearable gadgets, electronic health records, the Internet of Medical Things (IoMT), and remote 

patient monitoring systems are smart health technologies that help healthcare professionals to gather, analyse, and interpret 

various data volumes of medical information [2]. These innovations aid in the early detection of diseases, personalised treatment 

choice, and streamline the delivery of health care. Due to the growing pressure on healthcare systems posed by the aging 

population, chronic diseases, epidemic outbreaks, and scarce healthcare resources, the utilisation of AI in healthcare has become 

a significant research topic. Predictive diagnosis is an AI-based approach that utilizes the power of computational tools to find 

the patterns in clinical data and predict the probability of the emergence of specific diseases. Machine learning and deep learning 

algorithms can be used to process medical images, lab data, patient history, and physiology, to help detect cardiovascular-related 

diseases, diabetes, and cancer [3]. Moreover, AI-cycle systems in the field of public health may assist in disease monitoring, 

outbreak prediction, resource distribution, and the identification of potential risk groups. Such abilities can empower evidence-

based decision-making and facilitate healthcare authorities to take time-prompted preventive actions. 

Despite these advantages, the implementation of smart health technologies is fraught with a number of challenges: emphasis 

on the problem of data privacy, algorithm bias, inability to combine data, the threat of cyberattacks and their accessibility to 

various groups. Additionally, the vulnerability and explicability of the AI-predictions are not only important to take into account 

when embracing the technology by clinicians but also to implement it in a responsible way. The solutions to these issues would 

include the establishment of the appropriate regulatory framework, the quality of datasets, the existence of an open algorithm, 

and collaboration between the healthcare professionals, technology developers, and the authorities of the public health. This 

research examines the application of AI in the smart health technologies, its use in predictive diagnosis and optimal control of 

the state of health in the population. It delves into the opportunities, operational complexity, and other issues of AI-driven 

healthcare solutions. This study attempts to make a contribution through these dimensions towards achieving how intelligent 

healthcare technologies can improve the performance of diagnostic, preventive healthcare and help achieve a more efficient, 

accessible and sustainable public health system. 

II. RELATED WORKS 

Artificial intelligence (AI) has now entered the sphere of smart healthcare, serving predictive diagnosis, personalised treatment, 

continuous health monitoring and disease management at the population level. The use of advanced computational methods 

to tackle various medical fields has been discussed by recent research indicating the potential of AI-enabled healthcare system 

usage, as well as challenges in its implementation. In a study of mental health diagnosis and therapeutic treatment with large 

language models (LLMs), Ghorbian and Ghobaei [15] noted the increasing role of using language-based AI in interpersonal 

relationships and support to clinical practice. These technologies could help to interpret the information provided by patients 

and complement the initial examinations. But when they are implemented, they need to consider a high degree of diagnostic 

dependability, patient confidentiality and the dangers of giving inaccurate prescriptions. Likewise, Hamada and Hemdan Ezz 

El-Din [16] studied a presentable AI-enabled health-scoring system of smart city sustainability. Their study links intelligent 

health assessment with the more general goals of urban sustainability, which imply that explainable AI systems may be used in 

health surveillance and evidence-based community health planning. Specialised diagnostic AIs have also been extended to 

specialised diagnostic applications. The review of recent progress in artificial intelligence in olfaction and gustation, Hao et al. 

[17] showed the applicability of intelligent technologies to the analysis of sensory data and associated diagnostic tasks. These 

innovations demonstrate the extent to which AI can be able to detect complex trends that are possibly hard to detect in a more 

traditional method. Moreover, Li et al. [24] considered AI practices in oral healthcare care, identifying both avenues of better 

diagnosis and patient management, as well as the problems on the path of implementation and clinical adoption. Lin et al. [25] 

were interested in AI-driven diagnostics of childhood asthma and respiratory anomalies with deep learning, and wearable 

sensors. The given field of research points to the possibilities of integrating the use of physiological monitoring with predictive 

algorithms to help identify respiratory abnormalities earlier. 

Another significant technological advance in smart healthcare is wearable technologies. Kim et al. [21] explored the concept of 

combining AI and wearable sensors to monitor and diagnose health at an advanced level. Such technologies can be used to 

record the continuous physiological measurements and analyze them in order to provide a timely intervention. Kumar et al. 
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[23] have taken into account AI-based wearable sensing technology to manage cancer, diabetes, and the COVID-19 as well. 

Collectively, these research areas are suggesting that there is possible positive impact that sensor-data can produce when coupled 

with smart algorithms to improve remote monitoring and management of chronic diseases. Nevertheless, the accuracy of sensor 

figures, security of data and reliability of the predictive models is a considerable factor. Responsible implementation is also 

needed in the burdened translation of technical achievements into efficient healthcare services. Haque [18] argued about 

responsible AI in healthcare considering the views of leadership and strategic management and pondered the significance of 

governance and organisational responsibility. Henry [20] carried out the study of the analytics lifecycles in the population health 

management whereby he stressed the need to incorporate the analytical processes in clinical decision-making. Besides, Kolivand 

et al. [22] conducted a survey of AI use in disaster governance using the health lens, providing the example of the way smart 

systems can be applied to emergency preparedness and coordination of public health. 

Additional background of population health work is on predictive healthcare planning. He et al. [19] investigated the burden of 

lower-extremity peripheral arterial disease in the world (prevalence and incidence), mortality, and disability-adjusted life years 

as well as projections. Such epidemiological evidence can be applied to predictive strategies in the sphere of public health and 

evaluate them. The study by Maciej et al. [26] looked at AI-based digital twins in healthcare both locally and globally, and this 

suggests that interconnected representations of computations are relevant in healthcare analysis and planning. No matter the 

progress, further studies into predictive diagnosis, wearable monitoring, explainable AI and population health analytics 

integration in consistent healthcare systems are needed. The present paper will address this gap by addressing how AI-driven 

smart health technologies can be used to aid in early disease prediction and effective population health management taking into 

account the problems of reliability, governance and implementation. 

III. METHODS AND MATERIALS 

The aim of the Smart Health Technologies: Integrating AI to Benefit Predictive Diagnosis and Efficient Public Health 

Management methodology is to test the potential of artificial intelligence (AI) to help with predictive diagnosis, disease 

surveillance, clinical decision-making, and planning of a population health. The primary programming platform of the data 

processing, exploration data analysis, machine learning modeling, and performance analysis will be Python [4]. The suggested 

method is a combination of a literature review and a computational framework of analysing healthcare information. In order to 

ensure methodological stasis, the study will divide the analytical processes that would be carried out, as well as the results that 

will be acquired once the experiments have been carried out. 

A. Research Design 

This method of research design is quantitative, calculational using secondary health care data. It is a perfect way of evaluating 

predictive models, as it enables evaluation of relationships among patient characteristics, clinical measures, and disease outcome 

with a systematic approach. The analysis of the available academic sources will be structured and will become the conceptual 

framework to seek the applications of AI in smart healthcare and population health management [5]. 

The computational component will focus on guided machine learning, where the models will be trained on labelled data on the 

patterns to classify into a desirable health outcome. The prime illustration of the analytical activity will be a classification activity, 

i.e., the predictability of a disease being present or absent. The paper will also take into account the wider ramifications of AI-

enabling tools, such as how wearable sensor data and electronic health records can be used to create the continuous monitoring 

and early intervention [6]. 

The methodology is not intended to replace clinical judgement but to be used to assess the predictive performance. Model 

predictions will be perceived as decision-support products that should be subject to being clinically validated. 

B. Materials and Data Sources 

The choice of secondary data will be a publicly accessible healthcare dataset, e.g., an appropriate dataset that is available on the 

UCI Machine Learning Repository or Kaggle. The ultimate dataset will be chosen based on the relevance to disease prediction, 

completeness, documentation, accessibility, and appropriateness to analysis with Python. Potential variables are age, biological 

measurements, blood pressure, glucose levels, cholesterol and a labelled disease outcome [7]. The variables will be chosen based 

on the dataset; that is, the variables will not be assumed to be present in all healthcare datasets. The proposed analysis will not 

need any personal identifiable information. 
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The table below displays the key materials and uses of those materials. 

Table 1. Materials and tools used in the proposed study 

Material/tool Purpose 

Public healthcare dataset Provides clinical attributes and 

disease labels for analysis 

Python Main programming and analytical 

environment 

Pandas and NumPy Data manipulation, cleaning, and 

numerical operations 

Matplotlib and Seaborn Data visualisation and exploratory 

analysis 

Scikit-learn Model training, validation, and 

performance evaluation 

Jupyter Notebook Documents and executes the 

analytical workflow 

C. Data Preprocessing 

A preprocessing of data will be done to enhance the good quality of data and reduce analytical errors prior to the development 

of the model. First, the dataset will be analysed in order to determine its dimensions, type of variables, missing data, redundant 

data and inconsistencies. Where necessary, duplicate entries will be eliminated, and missing values will be addressed with the 

help of a reasonable imputation method. In the case of numerical variables, when there are extreme numbers in the distribution, 

median imputation can be implemented; with a categorical variable, the most common category can be used as a form of 

imputation [8]. 

Where needed, categorical features will be represented into numerical representations. When methods like normalisation using 

a common nomenclature are sensitive to variations in the measured scales, it is possible to standardise numerical features, such 

as standard scaling. Selection of features will be informed by domain relevance, as well as quality of data [9]. Notably, the 

training transformation will also be fitted using the training data only, to avoid any information leakage to the test set. 

D. AI Model Development 

Three of the learning algorithms will be taken into consideration: Logistic Regression, Decision Tree and Random Forest. 

Logistic Regression will give a baseline classification model, and will give relatively interpretable estimates of predictor-outcome 

associations. Nonlinear relationships will be determined using hierarchical decision rules in Decision Tree and multiple decision 

trees, which will be grouped together in Random Forest to enhance predictive robustness and minimize the chances of 

overfitting [10]. 

The dataset will be separated into training and testing sets with 80:20 split where there are enough data to split. Stratified 

sampling will maintain the near distribution of outcome classes. Five-fold cross-validation with the training portion will be used 

to facilitate model choice and hyperparameter optimization. The test group will be kept apart till the late assessment [11]. 
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Table 2. Proposed AI models and evaluation metrics 

Model or 

metric 

Analytical purpose 

Logistic 

Regression 

Establishes a baseline for disease classification 

Decision Tree Identifies interpretable decision rules 

Random 

Forest 

Captures complex patterns through ensemble 

learning 

Accuracy Measures the proportion of correct predictions 

Precision Measures the proportion of positive predictions 

that are correct 

Recall 

(sensitivity) 

Measures the proportion of actual positive cases 

identified 

F1-score Balances precision and recall 

ROC-AUC Evaluates discrimination across classification 

thresholds 

E. Python-Based Implementation 

The entire prospect of analysis will be adopted in Python. Pandas and NumPy will be used to prepare data and create 

visualisations (Matplotlib and Seaborn) such as class-distribution plots, correlation heatmaps and comparative performance 

charts. The classification algorithms, and data-splitting functions, preprocessing pipelines, and evaluation metrics will be the 

work of scikit-learn [12]. 

It will be implemented in a reproducible workflow: loading the dataset, quality evaluation, preprocessing, exploratory data 

analysis, model training, cross-validation, test-set prediction, and performance analysis. Where possible, a fixed random seed 

will be employed to enhance reproducibility. This will be done in the form of confusion matrices and ROC curves to analyze 

how classification errors are made and how to differentiate the true-positive, false-positive, true-negative, and false-negative 

predictions [13]. 

The same test set held-out will be compared across the models. Accuracy will not be considered as the only measure of success 

since a misbalanced data set can yield false pictures of high accuracy. Specific focus will be given to recall and precision where 

inaccurate detection of cases of illness (missed and false-positive), may exhibit varying clinical outcomes. 

F. Data Analysis and Public Health Interpretation 

The overall analysis will be to determine the best predictive performance model that will be exhibited using the selected data 

set. Where appropriate, feature importance or model coefficients will be analyzed to know the contribution of single variables. 

But predictive associations will not necessarily be understood to be causal associations. 
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The results will be elaborated based on possible use in early diagnosis, stratification of population at risk, disease surveillance 

and allocation of resources to the general population health. To apply generalisation to real healthcare environments, further 

validation on representative populations and where feasible, external datasets will be needed. 

G. Ethical Considerations and Limitations 

Appropriate secondary data accessible will be used in the study and relevant dataset licensing terms will be adhered to. Privacy 

will be ensured through non-disclosure of unwarranted personal information, and any potential algorithmic bias and non-

equivalent predictive accuracy among demographic groups will be taken into consideration where the variables considered and 

sufficient sample sizes [14]. 

Limitations of the study might be the size of the data set, information missing, class imbalance, and discrepancies between the 

publicly available data and actual clinical populations. Moreover, the fact that an AI system can help improve patient outcomes 

cannot be proven by Python-based experiments. Before practical deployment, clinical validation, professional oversight, sound 

data governance and appropriate regulatory approval are still required. 

IV. RESULTS AND ANALYSIS 

A. Dataset Characteristics and Exploratory Analysis 

The paper explores the ways artificial intelligence (AI) could be used in predictive diagnosis based on structured healthcare data. 

It suggests Python libraries such as Pandas, NumPy, Matplotlib, Seaborn, and Scikit-learn to process data, visualise it, create 

models, and assess them. The data given in this section are illustrative images that are aimed at showing how the analysis is 

expected to be carried out; it is not experimental data. 

 

Figure 1: “Revolutionizing healthcare with an in-depth analysis of AI's transformative impact” 

The first analysis explores the completeness of datasets, distributions of variables, classes ratio as well as associations between 

clinical and outcome characteristics and the target disease outcome. The age, glucose levels, blood pressure, and cholesterol, as 

numerical variables, can be useful as predictive variables, depending on the chosen datasets. The missing data and the gaps in 

the data should be filled in prior to the training of the models as a way of making valid comparisons. 

Table 1. Illustrative dataset characteristics 

Parameter Illustrative value 

Total observations 1,000 
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Training observations 

(80%) 

800 

Testing observations 

(20%) 

200 

Numerical predictors 6 

Categorical predictors 2 

Target variable Disease status 

Data source Public healthcare 

dataset 

To analyze the data, in the exploratory analysis, histograms would be used to look at numerical distributions, bar charts would 

be used to look at disease prevalence, and correlation heatmaps would be used to look at relationships among numerical 

variables. High correlations can imply that there are similarities in the amount of information between the predictors, but 

correlation does not imply a cause-effect relationship [27]. Class imbalance would also be studied as it can affect the model 

training and evaluation. 

B. Comparative Performance of Machine Learning Models 

Three classification algorithms, including Logistic Regression, Decision Tree and Random Forest, are discussed to predict 

disease status. Their performance is evaluated in terms of accuracy, precision, recall, F1-score and receiver operating 

characteristic area under the curve (ROC-AUC). 

Table 2. Illustrative performance comparison of AI models 

Model Accu

racy 

(%) 

Preci

sion 

(%) 

Rec

all 

(%) 

F1-

score 

(%) 

RO

C-

AU

C 

Logistic 

Regressi

on 

82.0 80.0 78.0 79.0 0.86 

Decision 

Tree 

78.0 75.0 76.0 75.5 0.79 

Random 

Forest 

86.0 84.0 82.0 83.0 0.90 

The descriptive comparison indicates that Random Forest, when compared to the other two models, had the highest accuracy, 

F1-Score, and ROC-AUC. Its ensemble structure is the combination of forecasts of several decision trees, so it may reflect 

complicated links among clinical factors. Competitive Logistic Regression has a potential advantage of a competitive baseline, 
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and it might be simpler to interpret, whereas a single Decision tree presents rules of decision making in a transparent way, and 

overfitting can be more prevalent [28]. 

 

Figure 2: “Artificial intelligence in healthcare and medicine” 

Random Forest in this instance can be considered with an accuracy of 86% whereas Logistic Regression and Decision Tree can 

reach the accuracy of 82 and 78 respectively. Nevertheless, such differences could never prove the real superiority of any 

algorithm without implementation on the chosen dataset. A final ranking should be identified by a means of reproducible testing 

and suitable validation. 

C. Analysis of Classification Performance 

Accuracy measures the percentage of correct predictions, and it does not describe the nature of the error of a model. False 

negatives are of great interest in predictive diagnosis since they portray subjects of an illness who are misdiagnosed as being 

disease-free. False positives also can generate unwarranted follow-up tests and strain on medical care. 

Precision and recall are used to determine how many cases were predicted to be positive and as many cases that were actually 

positive respectively. F1-score gives a composite measure of recall and precision. ROC-AUC is used to evaluate how a model 

differentiates between positive and negative cases at various classification thresholds [29]. 

Table 3. Illustrative confusion matrix for Random Forest 

Actual 

class 

Predicted 

positive 

Predicted 

negative 

Positive 82 (true 

positives) 

18 (false 

negatives) 

Negative 14 (false 

positives) 

86 (true 

negatives) 

The input generates 168 accurate predictions according to 200 observations which is 84% accuracy. The resultant recall is 82 

and the precision is about 85.4. These estimates vary with the 86 percent accuracy in Table 2 since the confusion table is an 

independent illustrative example. It only has to be consistent, meaning to get the same metrics reported in an actual paper all 

have to come out of the same predictions. 
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Figure 3: “The Impact of Artificial Intelligence on Health Outcomes” 

The illustration shows why confusion matrices are useful in explaining model performance. Even a high accuracy model can 

result in some cases being missed that are clinically important. The classification threshold desired, therefore, must be based on 

the desired clinical use, effects of misdiagnosis, and the necessity of professional estimation [40]. 

D. Feature Importance and Predictive Factors 

Knowledge about what variables lead to predictive performance can assist the team of medical professionals in determining the 

relevance of AI-generated outputs. The direction of relationships may be provided by the coefficients of Logistic Regression, 

whereas the tree-based models can provide an estimation of the importance of features. Nevertheless, these techniques alone 

do not reveal causal relationships. 

Table 4. Illustrative feature-importance ranking 

Rank Clinical variable Illustrative importance (%) 

1 Glucose level 24 

2 Age 19 

3 Body mass index 17 

4 Blood pressure 15 

5 Cholesterol 13 

6 Other clinical variables 12 

 Total 100 

Here, random forest is best predicted by glucose level and age. This pattern may be clinically plausible to some datasets of 

metabolic diseases, yet its applicability is dependent on the conditions of interest, a population of patients, and the available 
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variables. The importances of features then should be directly obtained using the real training data and should be interpreted 

carefully. 

 

Figure 4: “How AI is Transforming HealthCare” 

Where possible, permutation importance or SHAP-based explanations could supplement conventional feature-importance 

measures. These methods can assist in determining the sensitivity of model predictions to individual characteristics though the 

explanations are still based on the information and the modelling assumptions. Subgroup analysis is also essential through which 

the ability of prediction can be investigated to determine the differences in age group, gender, and or any other population of 

interest. 

E. Implications for Public Health Management 

The AI-accompanied prediction may help in managing the population health by classifying statuses of the population that 

require further evaluation, fostering disease monitoring, and aiding the organisation of healthcare services to develop preventive 

strategies. Predictive systems could be used with wearable monitoring and electronic health records to predict changes to patient 

health sooner. 

Table 5. Potential applications of AI in public health management 

Applicatio

n 

Potential 

benefit 

Important 

consideration 

Early 

disease 

prediction 

Supports timely 

clinical 

assessment 

Requires clinical 

validation 

Population 

risk 

stratificatio

n 

Helps prioritise 

high-risk 

groups 

Must avoid 

demographic bias 

Disease 

surveillanc

e 

Supports 

monitoring of 

Depends on 

timely, reliable 

data 
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emerging 

patterns 

Resource 

allocation 

Informs 

planning for 

staff and 

services 

Predictions must 

reflect local needs 

Remote 

patient 

monitoring 

Supports 

continuous 

observation 

Requires privacy 

and cybersecurity 

safeguards 

These apps are illustrations of how predictive analytics may supplement traditional public health. As an example, validated risk 

estimates might allow the healthcare teams to prioritize follow-up appointments or to recognise communities that demand 

preventive screening. On the population level, aggregate data may be used to plan on the issue of medical supplies, staffing and 

health promotion. 

However, the better model performance is not necessarily associated with the better patient outcomes or reduced healthcare 

spending. The quality of data, interoperability, the training of the workforce, affordability, society trust, and relevant clinical 

supervision are key to successful implementation. The models that are trained with a population can also give poor performance 

when used in a different population whose demographics or clinical factors differ. 

F. Overall Analysis 

The suggested analysis offers a model on assessing the forecasting abilities of AI models and their possible applicability to 

intelligent healthcare. The example comparisons indicate that complementary measures can be used to detect variations in 

classification, whereas feature-importance analysis can be utilized to clarify and plan health services to the population. 

The location of the final experiment assessment must provide real-generated results of Python, consistent predictions on test-

sets, and preprocessing, cross-validation, and model settings. Before practical deployment external validation and subgroup 

assessment must be taken into consideration. After all, AI must act as a decision-making tool and not a direct substitute of 

healthcare providers. Its input to efficient management of health needs of the population has to be evaluated based on its 

predictive reliability and effectiveness in actual healthcare environments. 

V. CONCLUSION 

Introduction of the concept of artificial intelligence (AI) into smart health technologies can be considered one of the primary 

steps in predictive diagnosis and effective population health management. The paper elaborated on whether machine learning, 

deep learning, wearable sensors, electronic health records and smart analytical systems could be used to make the disease 

prediction process, clinical decision-making process, and population health monitoring more effective. The literature review 

indicates that AI-based technologies in the healthcare sector can be used to facilitate timely detection of health hazards, constant 

patient care, tailored treatment, and resource-richer allocation of healthcare. The competencies are particularly relevant to the 

management of chronic, respiratory diseases, mental diseases, and emerging health challenges to individuals. The proposed 

Python-based analytical system provides a systematic approach to the evaluation of the Logistic Regression, Decision Tree and 

the Random Forest algorithms to predict the diseases. Data preprocessing, exploratory data analysis, model training, and 

performance analysis can help the framework to identify the strengths and weaknesses of different predictive methods as 

compared to others. However, the actual model operation must be ascertained with the experimental data sets and results 

produced experimentally. The predictive accuracy is not enough and precision, recall, F1-score, ROC-AUC, interpretability, 

and performance according to the demographic groups should also be taken into account as the measures of clinical suitability. 

Regardless of these possibilities, there are still multiple challenges such as data privacy, cybersecurity, algorithmic bias, lack of 

interoperability, and unequally spread access to digital healthcare infrastructure. To address these issues, it will be required to 
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have transparent AI systems, responsible organisational leadership, effective regulatory compliance, and collaboration between 

medical professionals and researchers, technology developers and government bodies in the health field. The Artificial 

Intelligence is able to make predictions that can be introduced into clinical judgement but not replace health care specialists. It 

is recommended that research in the future should be based on external validation, clinical testing in practice, explainable AI, 

and non-privacy-cutting data analysis and integration with wearable monitoring devices. More research also needs to be 

conducted to comprehend how far AI-based interventions can improve the outcome of patients, reduce the cost of health care 

and the preparation of populations in various regions to meet the pandemic. In conclusion, smart health technologies have high 

potential to transform healthcare into reactive care to predictive and preventive, and data-driven healthcare management. Their 

triumph needs to be supported by the convergence of credible analytical procedures and moral control, clinical verification, and 

affordable accessibility. An evidence-based and mature attitude to AI can lead to easier, healthier, and more sustainable 

healthcare systems and enable citizen decision-making of their health. 

REFERENCE 

[1]     Abrar, M., ur Rehman, M., Khalid, S. & Ullah, R. 2026, "The intersection of artificial intelligence and assistive technologies 

in the diagnosis and intervention of mental health conditions", The Artificial Intelligence Review, vol. 59, no. 2, pp. 40. 

[2]     Alexandros, R., Petros, S., Athanasios, G., Thrassos, P., Paravantis, J.A., Skouras, E.D. & Giouli, M. 2025, "Artificial 

Intelligence for Enhancing Indoor Air Quality in Educational Environments: A Review and Future Perspectives", 

Sustainability, vol. 17, no. 22, pp. 10117. 

[3]     Allayl, M. & Bahari, G. 2026, "Integrating Artificial Intelligence into Clinical Care: A Cross-Sectional Study to Advance 

Healthcare in Saudi Arabia", Journal of Multidisciplinary Healthcare, vol. 19, pp. 1-14. 

[4]     Aloughani, M. 2026, "TOWARD SMARTER URBAN FUTURE: A STRUCTURED REVIEW OF THE CONCEPTS, 

IMPLEMENTATION STRATEGIES, AND GLOBAL APPLICATIONS", Theoretical and Empirical Researches in Urban 

Management, vol. 21, no. 1, pp. 5-36. 

[5]     Alsabah, M., Naser, M.A., Albahri, A.S., Albahri, O.S., Alamoodi, A.H., Abdulhussain, S.H. & Alzubaidi, L. 2025, "A 

comprehensive review on key technologies toward smart healthcare systems based IoT: technical aspects, challenges and 

future directions", The Artificial Intelligence Review, vol. 58, no. 11, pp. 343. 

[6]     Alsehani, F.N. 2026, "Harnessing Artificial Intelligence and Digital Technologies for Sustainable Healthcare Delivery in 

Saudi Arabia: A Comprehensive Review, Issues, and Future Perspectives", Sustainability, vol. 18, no. 3, pp. 1461. 

[7]     Branda, F., Stella, M., Ceccarelli, C., Federico, C., Giancarlo, C., Antonello, M., Massimo, C. & Fabio, S. 2025, "The Role 

of AI-Based Chatbots in Public Health Emergencies: A Narrative Review", Future Internet, vol. 17, no. 4, pp. 145. 

[8]     Chuang, G., Guangjian, Z., Wang, Y., Dandan, S., Xiangjin, S. & Wang, Z. 2025, "Research Status and Development 

Trends of Artificial Intelligence in Smart Agriculture", Agriculture, vol. 15, no. 21, pp. 2247. 

[9]     Correia, V., Mascarenhas, T. & Mascarenhas, M. 2025, "Smart Pregnancy: AI-Driven Approaches to Personalised Maternal 

and Foetal Health—A Scoping Review", Journal of Clinical Medicine, vol. 14, no. 19, pp. 6974. 

[10]   Das, D.K. 2025, "Integrating IoT and AI for Sustainable Energy-Efficient Smart Building: Potential, Barriers and Strategic 

Pathways", Sustainability, vol. 17, no. 22, pp. 10313. 

[11]   De La Hoz, Jeimy Martinez, Islam, M.D.S., Bappy, M.M. & Hayes, M.P. 2026, "AI-enabled modeling for smart rural 

wastewater treatment systems: current practices and remaining gaps", Applied Water Science, vol. 16, no. 2, pp. 40. 

[12]   Elgammal, Z., Albrijawi, M.T. & Alhajj, R. 2025, "Digital twins in healthcare: a review of AI-powered practical applications 

across health domains", Journal of Big Data, vol. 12, no. 1, pp. 234. 

[13]   Elmosaad, Y.M. 2026, "Artificial Intelligence in Social Health: A Narrative Review of Uses, Advantages, Challenges, and 

Future Directions", Healthcare, vol. 14, no. 14, pp. 2114. 

[14]   Ezeji, C.L. 2025, "Smarter corrections and intelligence-driven innovations in correctional services in contemporary 

society", International Journal of Business Ecosystem & Strategy, vol. 7, no. 6, pp. 244-262. 



Natural Resources for    
Human Health 
eISSN: 2583-1194 

 
 

373 
 Natural Resources for Human Health (NRFHH) 

https://nrfhh.com 

[15]   Ghorbian, M. & Ghobaei-Arani, M. 2026, "Large language models for mental health diagnosis and treatment: a survey", 

The Artificial Intelligence Review, vol. 59, no. 1, pp. 9. 

[16]   Hamada, N. & Hemdan Ezz El-Din 2026, "Explainable AI-Driven Health Scoring Framework for Smart City 

Sustainability", Sustainability, vol. 18, no. 9, pp. 4617. 

[17]   Hao, Z., Li, H., Guo, J. & Xu, Y. 2025, "Advances in artificial intelligence for olfaction and gustation: a comprehensive 

review", The Artificial Intelligence Review, vol. 58, no. 10, pp. 306. 

[18]   Haque, A. 2025, "Responsible artificial intelligence (AI) in healthcare: a paradigm shift in leadership and strategic 

management", Leadership in Health Services, vol. 38, no. 4, pp. 644. 

[19]   He, Y., Zhou, M., Tang, J., Zheng, Y., Chen, J., Xing, B., Li, D., Liang, M., Tang, W., Li, X. & Wang, X. 2025, "Global, 

regional, and national burden of lower extremity peripheral arterial disease: a systematic analysis of prevalence, incidence, 

deaths, and dalys from 1990 to 2021 with projections and dietary risk factors to 2036", Journal of Health, Population and 

Nutrition, vol. 44, no. 1, pp. 351. 

[20]   Henry, J.A. 2026, "Population health management fit lifecycles in analytics", Frontiers in Artificial Intelligence, vol. 8, pp. 

1496945. 

[21]   Kim, D., Ahmed, S.S., Amirhossein, A., Kwanghee, W. & Xiaojun, X. 2026, "Integrating Artificial Intelligence with 

Wearable Sensors for Advanced Health Monitoring and Diagnosis", Biosensors, vol. 16, no. 6, pp. 344. 

[22]   Kolivand, P., Azari, S., Bakhtiari, A., Namdar, P., Ayyoubzadeh, S.M., Rajaie, S. & Ramezani, M. 2025, "AI applications 

in disaster governance with health approach: A scoping review", Archives of Public Health, vol. 83, no. 1, pp. 218. 

[23]   Kumar, A., Shubham, G., Abhishek, C., Sunil, D., Mishra, V.K. & Kumar, R. 2025, "Artificial Intelligence-Based Wearable 

Sensing Technologies for the Management of Cancer, Diabetes, and COVID-19", Biosensors, vol. 15, no. 11, pp. 756. 

[24]   Li, H., Chen, S., Chang, B., Wang, X., He, Y., Xu, B., Sun, G., Yang, C., Li, G., Li, S. & Li, G. 2026, "Application of 

artificial intelligence in oral health management: challenges and opportunities", Frontiers in Medicine, vol. 13, pp. 1700529. 

[25]   Lin, J., Tan, Y., Lin, Y. & Qiu, X. 2026, "Artificial intelligence-enhanced diagnostics for pediatric asthma and respiratory 

irregularities using deep learning and wearable sensors", PeerJ Computer Science, , pp. 26. 

[26]   Maciej, P., Aleksander, G., Ewelina, P., Jolanta, M., Mikołajewski Dariusz, Izabela, R. & Mikołajewska Emilia 2026, "From 

Local to Global Perspective in AI-Based Digital Twins in Healthcare", Applied Sciences, vol. 16, no. 1, pp. 83. 

[27]   Maji, P.K., Chakraborty, S., Sadiq, A., Basu, S. & Ghosh, K. 2026, "Empowering healthcare 5.0 with deep learning: 

techniques, trends, and future directions", The Artificial Intelligence Review, vol. 59, no. 9, pp. 188. 

[28]   Masood, S., Al-Bashrawi, M., Khan, M.A. & Dwivedi, Y.K. 2026, "From data to diagnosis: a systematic review on AI-

driven approaches to diabetes prediction", The Artificial Intelligence Review, vol. 59, no. 3, pp. 103. 

[29]   Md Mobashir, H.S., Coresh, J., Dunn, J., Shiroma, E.J., Wilkins, K.J., Wolff-Hughes, D., Zhao, R., Hong, Y. & Anaya, G. 

2026, "Big data integration for enhanced epidemiological research: insights and directions from NHLBI's workshop", 

Frontiers in Digital Health, vol. 8, pp. 1770258. 

[30]   Oleribe, O.O., Florida, U., Adati, T., Olaniran, O.H. & Taylor-Robinson, S. 2026, "Transforming Public Health Practice 

with Artificial Intelligence: A Framework-Driven Approach", Healthcare, vol. 14, no. 3, pp. 385. 

 


	A. Research Design
	B. Materials and Data Sources
	C. Data Preprocessing
	D. AI Model Development
	E. Python-Based Implementation
	F. Data Analysis and Public Health Interpretation
	G. Ethical Considerations and Limitations
	A. Dataset Characteristics and Exploratory Analysis
	B. Comparative Performance of Machine Learning Models
	C. Analysis of Classification Performance
	D. Feature Importance and Predictive Factors
	E. Implications for Public Health Management
	F. Overall Analysis

