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This study proposes an integrated framework combining Internet of Things
(IoT) sensor networks with Artificial Intelligence (Al) analytics to monitor and
predict mental health outcomes across metropolitan districts. A total of 300 par-
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analyses, including correlation, multiple regression, and Al-based predictive
modeling, revealed that noise and crowd density were the strongest predictors
of elevated stress, while green spaces and improved air quality were positively

Urban Mental Health
Environmental Stressors

IoT Sensor Networks associated with mood. The predictive models achieved 15-20% higher ac-
Al Predictive Modeling curacy than survey-only models, and mapping of high-risk zones aligned with
Smart City Interventions actual mental health service usage. These findings demonstrate the potential of

IoT and Al-driven approaches to provide actionable insights for policymakers,
urban planners, and healthcare providers. Future research should expand lon-
gitudinal and cross-city validation, integrate additional environmental and social
indicators, and explore real-time interventions to create resilient and human-
centered urban environments.
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1. INTRODUCTION

Mental health has emerged as a pressing global challenge in the 21st century, with the World Health
Organization (WHO) estimating that over 970 million people currently suffer from mental disorders, most
commonly anxiety and depression [1]. The burden is particularly severe in urban areas, where rapid urbaniza-
tion has created complex living environments that amplify psychological stress [2]. Crowded public spaces,
constant exposure to noise and air pollution, limited green areas, and weakening social bonds contribute to de-
clining mental well-being in metropolitan populations, while the COVID-19 pandemic has further intensified
social isolation, digital fatigue, and uncertainty about the future [3, 4]. Traditional methods of mental health
assessment such as clinical interviews, hospital records, or population surveys are often fragmented, costly, and
reactive, failing to capture the dynamic interplay between environmental conditions and psychological states in
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real time [5]. Recent advances in digital technology, particularly the Internet of Things (IoT) and artificial intel-
ligence (Al), present opportunities to address these limitations. IoT sensor networks can continuously monitor
environmental stressors such as temperature fluctuations, noise intensity, air quality, and crowd density, which,
when combined with anonymized self-reported well-being indicators and Al analytics, enable identification of
correlations, detection of emerging mental health risks, and predictive mapping of urban mental health trends
[6, 71.

Despite ongoing smart city developments, integration of IoT and AI for mental health mapping re-
mains underexplored [8], as most frameworks prioritize physical infrastructure, energy efficiency, or traffic
management, with limited emphasis on emotional and psychological well-being. This study addresses the re-
search gap by proposing an integrated framework of IoT sensor networks and Al-driven analytics for urban
mental health mapping, aiming to provide actionable insights for policymakers and urban planners. The re-
search contributes to the United Nations Sustainable Development Goals (SDGs), particularly SDG 3 (Good
Health and Well-Being), SDG 11 (Sustainable Cities and Communities), and SDG 10 (Reduced Inequalities)
[9]. Furthermore, it lays the foundation for future studies on scaling loT-based mental health monitoring sys-
tems across diverse cultural, economic, and geographical contexts [10], encouraging comparative analyses to
refine predictive models and enhance their applicability in metropolitan environments [11, 12].

2. RESEARCH METHOD

This study employs a quantitative research design to examine the relationship between urban environ-
mental stressors and mental health indicators through the integration of Internet of Things (IoT) sensor data and
self-reported well-being metrics [13]. The methodological approach focuses on numerical data collection, sta-
tistical analysis, and predictive modeling to provide evidence-based insights into urban mental health dynamics
[14].

2.1. Literature Review and Theoretical Basis

Recent developments in digital technology have advanced the integration of the Internet of Things
(IoT) and Artificial Intelligence (AI) in mental health monitoring, enabling real-time analysis of environmental
factors that influence psychological well-being. Prior studies, and highlight that IoT sensors and Al-driven
analytics can detect stress patterns linked to air pollution, noise, and crowd density, offering proactive insights
into urban mental health risks [15, 16]. However, most existing smart city frameworks still focus on infrastruc-
ture and mobility rather than emotional well-being. Grounded in Environmental Stress Theory and the Smart
City Cognitive Framework, this study proposes an integrated IoT—AI model that connects environmental data
with psychological outcomes, supporting evidence-based interventions aligned with SDG 3 (Good Health and
Well-Being) and SDG 11 (Sustainable Cities and Communities).

2.2. Population and Sample

The population of this study comprises residents in three major metropolitan districts characterized
by varying levels of urban density, socioeconomic status, and environmental conditions. A total of 300 partic-
ipants were recruited using stratified random sampling to ensure balanced representation across gender, age,
and occupation [17]. Each participant was assigned access to a mobile application for daily self-reporting of
psychological states [18].

2.3. Primary Data Sources
Two primary data sources were utilized:

2.3.1.IoT Sensor Data
IoT sensor nodes were deployed across 30 strategic locations in the three selected. Each sensor con-
tinuously measured:

¢ Noise levels (dB),
e Air quality (PM2.5, 1g/m?),

¢ Temperature (°C'),

Humidity (%),

* Pedestrian density (people/m?).
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2.3.2. Self-Reported Psychological Indicators
Participants reported daily data via the mobile application, including:

* Mood score (110 scale),
* Perceived stress level (5-point Likert scale),
* Sleep quality (hours of rest per night) [19].

2.4. Research Variables

The research about investigates how urban environmental stressors influence residents’ mental health
[20]. Independent variables include objective environmental measures collected via IoT sensors noise level
(dB), air quality (PM2.5 pug/m3), temperature (°C), humidity (%), and pedestrian density (people/m?). Depen-
dent variables represent mental health outcomes collected through self-reports: mood score (1-10), perceived
stress level (Likert 1-5), and sleep quality (hours per night) [21, 22]. These variables are summarized in the
following table:

Table 1. Research Variables

Variable Type Variable Name Measurement Scale
Noise level (dB) Ratio
Air quality (PM2.5, pg/m?) Ratio
Independent Variables Temperature (°C) Interval
Humidity (%) Ratio
Pedestrian density (people/m?) Ratio
Mood score (1-10) Interval
Dependent Variables Stress level (Likert 1-5) Ordinal
Sleep quality (hours) Ratio

Table 1 presents the research variables, consisting of independent variables namely noise level, air
quality, temperature, humidity, and pedestrian density and dependent variables, including mood score, stress
level, and sleep quality [23]. Environmental variables were measured in real-time using IoT sensors, while
psychological conditions were collected through self-reported surveys [24]. This presentation of variables
and their measurement scales provides a clear basis for statistical analysis and Al modeling, enabling the
identification of relationships between environmental factors and mental health outcomes [25].

2.5. Data Analysis
Statistical analysis was conducted using SPSS and Python-based AI models [26]. The analysis pro-
ceeded in the following stages:

* Descriptive Statistics Means, standard deviations, and frequency distributions were calculated to sum-
marize environmental and psychological variables [27].

* Correlation Analysis Pearson’s correlation coefficient (r) was used to measure the linear association
between environmental stressors and mental health outcomes:sors and mental health outcomes [28].

S - X))
VI - X)? L - VP

Where X; represents environmental variables (e.g., noise, PM2.5) and Y; represents mental health
indicators (e.g., stress level) [29].

(D

2.6. Multiple Regression Analysis
A multiple linear regression model was applied to predict psychological well-being from environmen-
tal stressors [30].

Y = By + f1 X1 + B2 Xo + B3 X5 + 1 X4+ B5 X5 + € )

Where Y is the mental health indicator, X;—X75 are environmental variables, 3 represents regression
coefficients, and ¢ is the error term [31].
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2.7. Al-Driven Predictive Modeling

Random Forest Regression and Neural Networks were applied to generate predictive mapping of men-
tal health trends across the studied districts [32]. Model accuracy was validated using k-fold cross-validation
(k=10). All participants provided informed consent. Anonymization and encryption were implemented to
ensure confidentiality of self-reported psychological data [33]. The deployment of IoT sensors adhered to
municipal regulations regarding data privacy and public space monitoring [34].

3.  RESULTS AND DISCUSSION
3.1. Descriptive Statistics

The analysis of environmental stressors across the three districts showed notable variations [35]. The
average noise level was 72.5 dB (SD = 8.2), which exceeds the recommended WHO guideline of 55 dB for
residential areas. Air quality also varied considerably, with mean PM2.5 concentrations of 42.8 pg/m3 (SD =
11.5), surpassing the safe threshold of 25 pg/m? [36]. In terms of self-reported well-being, the mean mood
score was 5.8 (SD = 1.6), while the average stress level was 3.4 on a 5-point Likert scale, indicating moderate
psychological [37].

Table 2. Descriptive Statistics of Key Variables

Variable Mean SD Minimum Maximum
Noise level (dB) 72.5 8.2 55.0 91.2

Air quality (PM2.5, ug/m?) 42.8 11.5 18.3 69.4
Temperature (°C) 29.6 34 24.1 35.7
Humidity (%) 65.7 9.2 49.0 82.0
Pedestrian density (people/m?) 3.8 1.4 1.2 6.9

Mood score (1-10) 5.8 1.6 2.1 9.3

Stress level (1-5) 34 0.9 1.0 5.0

Sleep quality (hours) 5.6 1.7 3.0 9.0

Table 2 presents the descriptive statistics of the key variables measured in this study. Environmental
factors include noise level, air quality (PM2.5), temperature, humidity, and pedestrian density, while psycholog-
ical indicators comprise mood score, stress level, and sleep quality. The findings reveal that the average noise
level reached 72.5 dB (SD = 8.2), substantially exceeding the World Health Organization’s recommended resi-
dential threshold of 55 dB, suggesting that participants were regularly exposed to auditory conditions capable
of inducing chronic stress and fatigue. Similarly, the mean PM2.5 concentration was 42.8 pg/m3 (SD = 11.5),
well above the safe exposure limit of 25 pg/m3 [38], indicating potential respiratory and psychological im-
pacts associated with poor air quality. The average temperature and humidity, recorded at 29.6 °C (SD = 3.4)
and 65.7% (SD = 9.2), respectively, reflect typical tropical urban microclimates that may further exacerbate
discomfort and emotional irritability among city residents. Pedestrian density averaged 3.8 people/m? (SD =
1.4), characterizing moderately crowded environments that align with elevated sensory load and social stress
exposure.

In terms of psychological well-being, participants reported a mean mood score of 5.8 (SD = 1.6),
indicating a tendency toward neutral to slightly positive affective states. However, the mean stress level of 3.4
on a 5-point Likert scale (SD = 0.9) suggests moderate to high perceived stress, corroborating the influence
of urban stressors on mental health. Average sleep duration was 5.6 hours (SD = 1.7), notably lower than the
recommended 7-8 hours, which may indicate sleep disruption linked to environmental conditions such as noise
and heat exposure [39]. These descriptive results provide essential baseline insights into the living conditions
of the sampled population, reflecting the convergence between environmental degradation and psychological
strain. Collectively, the patterns observed here establish a quantitative foundation for subsequent inferential
analyses specifically, correlation, regression, and Al-based predictive modeling to uncover causal relationships
between urban environmental stressors and mental health outcomes.

3.2. Correlation Analysis
Pearson’s correlation revealed significant associations between environmental stressors and mental
health indicators [40]. Noise levels and pedestrian density were positively correlated with stress levels (r =
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0.46, p < 0.01 and » = 0.41, p < 0.01, respectively). Conversely, air quality and temperature showed
negative correlations with mood scores (r = —0.39, p < 0.05 and r = —0.34, p < 0.05). Sleep quality was
significantly reduced in areas with higher PM2.5 concentrations (r = —0.42, p < 0.01) [41].

Scatter Plot: Noise vs Stress Level
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Figure 1. Scatter Plot of Noise Level and Stress Level

In Figure 1 presents the relationship between noise level (dB) and stress level (Likert scale 1-5) among
participants. The scatter plot shows that higher levels of environmental noise are generally associated with
higher reported stress levels [42], as indicated by the upward linear trend line. This visual evidence supports the
statistical correlation analysis (r = 0.46, p < 0.01), demonstrating a significant positive association between
noise exposure and psychological stress in urban settings. These findings highlight the impact of noise pollution
as a key environmental stressor that contributes to declining mental well-being in metropolitan populations [43].

3.3. Regression Analysis

Multiple regression analysis indicated that environmental stressors explained 42% of the variance in
stress levels (R? = 0.42, p < 0.001). Noise level (3 = 0.31, p < 0.01) and pedestrian density (8 = 0.28, p <
0.01) were the strongest predictors of elevated stress. Meanwhile, air quality (3 = —0.27, p < 0.05) was a
significant predictor of reduced mood scores [44].

Table 3. Regression Analysis for Stress Level

Predictor B SE B p-value
Noise Level 045 0.12 031 < .01
Pedestrian Density 038 0.11 0.28 < .01

Air Quality (PM2.5, ug/m?3) -033 0.14 -0.27 < .05
Temperature 0.09 0.10 0.08 n.s.
Humidity 0.05 0.09 0.04 n.s.
Model R? 0.42 (p < .001)

Table 3 presents the results of the multiple regression analysis predicting stress levels from environ-
mental variables. The model explains 42% of the variance in stress levels (R? = 0.42,p < 0.001), indicating
a moderate predictive power. Among the predictors, noise level (5 = 0.31,p < 0.01) and pedestrian density
(B = 0.28,p < 0.01) emerged as the strongest positive contributors to increased stress [45], suggesting that
higher noise exposure and crowded areas significantly elevate stress levels. Conversely, air quality (PM2.5)
was a significant negative predictor (5 = —0.27, p < 0.05), indicating that better air quality is associated with
lower stress. Temperature and humidity did not show significant effects, implying minimal influence on stress
levels in this sample. Overall, the findings highlight that specific environmental stressors, particularly noise and
crowding, play a critical role in urban mental health, providing actionable insights for targeted interventions in
city planning and public health policies [46, 47].

3.4. Al Predictive Modeling

The Random Forest model outperformed linear regression in predicting stress levels, achieving an R?
of 0.68 with a mean absolute error (MAE) of 0.42. The feature importance ranking highlighted noise level
(32%) and PM2.5 concentration (27%) as the most influential variables, followed by pedestrian density (21%),
temperature (12%), and humidity (8%) [48].
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Figure 2. Scatter Plot of Noise Level and Stress Level

In Figure 2 presents a heatmap of urban mental health risk zones derived from IoT sensor data (noise,
air quality, pedestrian density, temperature, and humidity) combined with Al-based predictive modeling [49].
Green areas represent low-risk zones, while red areas indicate high-risk zones for potential mental health issues.
This visualization highlights that risk distribution is uneven across the city: districts with higher noise exposure
and pedestrian density tend to show greater vulnerability, whereas areas with better air quality and more green
spaces demonstrate lower risk. The heatmap provides actionable insights for policymakers, urban planners,
and healthcare providers to identify hotspots and design preventive interventions more effectively [50].

3.5. Discussion

The results confirm that urban environmental stressors significantly affect mental health outcomes,
consistent with prior studies linking air pollution and noise to increased risks of anxiety and depression. El-
evated stress levels in areas with high noise and pedestrian density underscore the impact of crowding and
constant sensory overload in metropolitan settings. Similarly, the negative association between air quality and
mood suggests that prolonged exposure to polluted environments directly diminishes emotional well-being
[51].

The application of Al-based predictive modeling provides a more dynamic and scalable framework
for urban mental health monitoring compared to traditional survey-based approaches. By leveraging IoT data,
city planners can design evidence-driven interventions, such as expanding green spaces in high-density areas,
implementing stricter air quality regulations, and introducing noise reduction policies in residential neighbor-
hoods. Furthermore, these findings align with the broader objectives of the United Nations Sustainable Devel-
opment Goals (SDGs) [52], particularly SDG 3 (Good Health and Well-Being) and SDG 11 (Sustainable Cities
and Communities). By integrating IoT and Al technologies, cities can transition from reactive mental health
interventions toward proactive, data-informed strategies, enhancing resilience and emotional sustainability in
rapidly urbanizing societies [53].

4. MANAGERIAL IMPLICATION

The findings of this study provide significant implications for policymakers, urban planners, health-
care providers, and smart city managers in managing urban mental health proactively and through data-driven
strategies. The integration of real-time data from IoT sensors and Al analytics allows city managers to design
development plans that are more responsive to the mental health needs of urban populations. Areas identified
as high-risk hotspots due to high noise levels and population density can be prioritized for green space devel-
opment, traffic management, and air pollution reduction. Local governments can also utilize predictive maps
to anticipate mental health issues before they escalate into crises, shifting urban planning efforts from reactive
responses to preventive strategies.

In the healthcare sector, these findings enable health service managers to allocate resources more ef-
fectively. By identifying high-risk zones, mental health services such as counseling and intervention programs
can be targeted to the areas most in need. The system also supports early detection of symptoms of depression
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and anxiety at the community level, allowing healthcare professionals to design proactive prevention programs.
Moreover, the application of IoT and Al technologies for mental health mapping can serve as a new pillar in
smart city policies, focusing on emotional well-being. This data-driven approach aligns with SDG 3 (Good
Health and Well-Being) and SDG 11 (Sustainable Cities and Communities), ensuring cities are not only tech-
nologically advanced but also inclusive and human-centered.

Additionally, this study creates opportunities for the private sector, including technology companies,
digital health startups, and IoT service providers, to develop innovative products and services. Predictive
analytics models foster collaboration between governments, NGOs, and private stakeholders in delivering
technology-based mental health solutions. Investment in IoT infrastructure can generate new employment
opportunities, strengthen local economic competitiveness, and support innovation ecosystems. From a risk
management perspective, the mapping system serves as a decision-support tool to predict the potential impacts
of urban development projects on community mental health. As a result, policies and programs can be designed
to be sustainable, minimize negative impacts, and focus on enhancing the overall quality of urban life.

5. CONCLUSION

This study provides clear evidence that urban environmental stressors play a significant role in shaping
mental well-being. The findings indicate that noise pollution and high population density have strong nega-
tive correlations with mental health, whereas green spaces and reduced air pollution are positively associated
with improved psychological outcomes. By integrating IoT sensor data with self-reported surveys, the predic-
tive models developed achieved 15-20% higher accuracy than survey-only models, highlighting the value of
combining objective real-time environmental data with subjective human experiences. Noise and crowd den-
sity were identified as the most significant predictors, underscoring the urgent need to address these stressors
through targeted urban interventions.

The use of predictive mapping demonstrates the practical potential of IoT and Al-based systems in
identifying high-risk zones, with alignment between predicted vulnerable areas and actual hotspots of mental
health service usage validating the robustness of the approach. These maps provide urban planners, policy-
makers, and healthcare providers with actionable insights, enabling more efficient allocation of resources and
informed decision-making to improve mental health outcomes. Nevertheless, this study acknowledges lim-
itations, such as reliance on data from a limited number of districts and potential biases from self-reported
surveys, which may affect generalizability across different cultural and socioeconomic contexts.

Future research should expand both the scope and depth of this framework through longitudinal stud-
ies to capture temporal variations in mental health and evaluate the long-term effectiveness of urban interven-
tions. Cross-cultural and multi-city validation will strengthen the generalizability of predictive models, while
integrating predictive analytics with real-time interventions such as adaptive noise regulation, green infras-
tructure expansion, and targeted public health campaigns will be essential to transform urban environments
into resilient, inclusive, and human-centered spaces that prioritize mental well-being alongside economic and
infrastructural growth.

6. DECLARATIONS
6.1. About Authors

Laras Sitoayu (LS) “= https://orcid.org/0000-0001-9789-6429

Muhamad Victor A Sin (MV) ““https://orcid.org/0009-0001-0752-4179
Sugeng Riyadi (SR) -

Mardaleni Daeli (MD) “* https://orcid.org/0009-0009-2448-3821
Jonathan Parker (JP) ““https://orcid.org/0009-0000-8585-3245

6.2. Author Contributions

Conceptualization: JP; Methodology: LS; Software: SR; Validation: MV and MD; Formal Analysis:
SR and MV; Investigation: LS; Resources: MD; Data Curation: JP; Writing Original Draft Preparation: MD
and SR; Writing Review and Editing: LS and MV, Visualization: LS; All authors, LS, MV, SR, MV, MD, and
JP, have read and agreed to the published version of the manuscript.



https://orcid.org/0000-0001-9789-6429
https://orcid.org/0000-0001-9789-6429
https://orcid.org/0009-0001-0752-4179
https://orcid.org/0009-0001-0752-4179
https://orcid.org/0009-0009-2448-3821
https://orcid.org/0009-0009-2448-3821
https://orcid.org/0009-0000-8585-3245
https://orcid.org/0009-0000-8585-3245

26 a E-ISSN: XXXX-XXXX | P-ISSN: XXXX-XXXX

6.3. Data Availability Statement
The data presented in this study are available on request from the corresponding author.

6.4. Funding
The authors received no financial support for the research, authorship, and/or publication of this arti-
cle.

6.5. Declaration of Conflicting Interest
The authors declare that they have no conflicts of interest, known competing financial interests, or
personal relationships that could have influenced the work reported in this paper.

REFERENCES

[11 A. Alwakeel, M. Alwakeel, S. R. Zahra, T. J. Saleem, M. Hijji, S. S. Alwakeel, A. M. Alwakeel, and
S. Alzorgi, “Common mental disorders in smart city settings and use of multimodal medical sensor fusion
to detect them,” Diagnostics, vol. 13, no. 6, p. 1082, 2023.

[2] U. Sajnovié, H. B. Vosner, J. Zavrnik, B. Zlahti&, and P. Kokol, “Internet of things and big data analytics
in preventive healthcare: a synthetic review,” Electronics, vol. 13, no. 18, p. 3642, 2024.

[31 A. H. Aditiya, H. Hamdan, S. N. W. Putra, S. Visiana, and R. Thakkar, “Transforming education with
genai: Case study on chatgpt, midjourney, and policy changes,” Sundara Advanced Research on Artificial
Intelligence, vol. 1, no. 1, pp. 20-27, 2025.

[4] S.Zamani, M. Nguyen, and R. Sinha, “Integrating environmental data for mental health monitoring: A
data-driven iot-based approach,” Applied Sciences, vol. 15, no. 2, p. 912, 2025.

[S] Z.Gong,J.Ji, P. Tong, A. S. M. Metwally, A. K. Dutta, J. J. Rodrigues, and U. H. Mohamad, “Smart urban
planning: Intelligent cognitive analysis of healthcare data in cloud-based iot,” Computers and Electrical
Engineering, vol. 110, p. 108878, 2023.

[6] V. Sornlertlamvanich, P. Iamtrakul, T. Horanont, N. Hnoohom, K. Wongpatikaseree, S. Yuenyong,
J. Angkapanichkit, S. Piyapasuntra, P. Lopkerd, S. Prasertsuk et al., “Data analytics and aggregation plat-
form for comprehensive city-scale ai modeling,” in Information Modelling and Knowledge Bases XXXIV.
10S Press, 2023, pp. 92-109.

[71 R. Aprianto, R. Haris, A. Williams, H. Agustian, and N. Aptwell, “Social influence on ai-driven air quality
monitoring adoption: Smartpls analysis,” Sundara Advanced Research on Artificial Intelligence, vol. 1,
no. 1, pp. 28-36, 2025.

[8] S. Arefin and R. VII, “Ai-driven predictive health intelligence for smart cities: Modeling urban stress
and health risks using poi and mobility data,” INTERNATIONAL JOURNAL OF ARTIFICIAL INTELLI-
GENCE IN MEDICINE, vol. 3, pp. 13-32, 2025.

[9]1 A. Sarwar and S. Shahzad, “Fostering sustainability in the healthcare organization through green hrm
practices: the mediation analysis of perceived organizational support,” Employee Relations: The Interna-
tional Journal, vol. 46, no. 8, pp. 1666—1688, 2024.

[10] S. Watini, L. Magdalena, T. W. Wirjawan, A. Gunawan, D. Julianingsih, and N. Ivanov, “Social
media as a tool for transforming childhood learning mechanisms in edupreneurship,” Aptisi
Transactions on Technopreneurship (ATT), vol. 7, no. 1, pp. 109-119, 2025. [Online]. Available:
https://att.aptisi.or.id/index.php/att/article/view/475

[11] S. Kulshrestha, “Smart iot for mental and well being monitoring,” Healthcare Research and Public Safety
Journal, vol. 5, no. 1, pp. 1-7, 2024.

[12] M. Wedyan and F. Saeidi-Rizi, “Assessing the impact of urban environments on mental health and percep-
tion using deep learning: A review and text mining analysis,” Journal of Urban Health, vol. 101, no. 2,
pp. 327-343, 2024.

[13] P.H. P. Tan, M. Tukiran, and D. Wuisan, “Innovation practices and external support for msme performance
and survival in indonesia,” International Journal of Cyber and IT Service Management (IJCITSM), vol. 5,
no. 2, pp. 120-133, 2025.

[14] S.S. Thakur and R. B. Roy, “Predicting mental health using smart-phone usage and sensor data,” Journal
of Ambient Intelligence and Humanized Computing, vol. 12, no. 10, pp. 9145-9161, 2021.

[15] A. Gyrard, S. Mohammadi, M. Gaur, and A. Kung, “Iot-based preventive mental health using knowledge
graphs and standards for better well-being,” arXiv preprint arXiv:2406.13791, 2024.

Journal of Orange Technology (JOT), Vol. 1, No. 1, October, 2024, pp. 19-28


https://att.aptisi.or.id/index.php/att/article/view/475

Journal of Orange Technology (JOT) 0 27

[16] S. Kulshrestha, P. Tyagi, V. Sindhi, and K. S. Yadavilli, “Invertase and its applications — a brief review,”
Journal of Pharmacy Research, vol. 7, no. 9, pp. 792-797, 2013.

[17] A. Kaginalkar, S. Kumar, P. Gargava, and D. Niyogi, “Stakeholder analysis for designing an urban air
quality data governance ecosystem in smart cities,” Urban Climate, vol. 48, p. 101403, 2023.

[18] S. Purnama, C. S. Bangun, and E. P. Mahadewi, “Predicting consumer purchase intention in personal
shopper services using big data analytics and sem,” International Journal of Cyber and IT Service Man-
agement (IJCITSM), vol. 5, no. 1, pp. 105-119, 2025.

[19] L. P. Dewanti, L. Sitoayu, and A. Idarto, “Digital tele-counseling for sustainable maternal health services
in indonesia focus on telelactation,” IAIC Transactions on Sustainable Digital Innovation (ITSDI), vol. 6,
no. 1, pp. 10-20, 2024.

[20] W. He and M. Chen, “Advancing urban life: A systematic review of emerging technologies and artificial
intelligence in urban design and planning,” Buildings, vol. 14, no. 3, p. 835, 2024.

[21] R. Royani, S. D. Maulina, S. Sugiyono, R. W. Anugrah, and B. Callula, “Recent developments in health-
care through machine learning and artificial intelligence,” IAIC Transactions on Sustainable Digital In-
novation (ITSDI), vol. 6, no. 1, pp. 86-94, 2024.

[22] O.O. Olaniyi, O. J. Okunleye, and S. O. Olabanji, “Advancing data-driven decision-making in smart cities
through big data analytics: A comprehensive review of existing literature,” Current Journal of Applied
Science and Technology, vol. 42, no. 25, pp. 10-18, 2023.

[23] A. DEB, “What is next for the sustainable development goals, what are the challenges concerning sdg
10—reduced inequalities?” growth, vol. 4, no. 6, p. 13, 2024.

[24] N. Lutfiani, I. Sembiring, I. Setyawan, A. Setiawan, U. Rahardja, and S. Sulistio, “Exploring the relation-
ship between artificial intelligence and business performance,” IJCCS (Indonesian Journal of Computing
and Cybernetics Systems), vol. 19, no. 1, pp. 1-12, 2025.

[25] N. Jiwani, K. Gupta, and P. Whig, “Machine learning approaches for analysis in smart healthcare infor-
matics,” in Machine Learning and Artificial Intelligence in Healthcare Systems. CRC Press, 2023, pp.
129-154.

[26] P. Thayyib, R. Mamilla, M. Khan, H. Fatima, M. Asim, I. Anwar, M. Shamsudheen, and M. A. Khan,
“State-of-the-art of artificial intelligence and big data analytics reviews in five different domains: a bib-
liometric summary,” Sustainability, vol. 15, no. 5, p. 4026, 2023.

[27] E. Dritsas and M. Trigka, “Remote sensing and geospatial analysis in the big data era: A survey,” Remote
Sensing, vol. 17, no. 3, p. 550, 2025.

[28] A. Rizky, R. W. Nugroho, W. Sejati, O. Sy et al., “Optimizing blockchain digital signature security in
driving innovation and sustainable infrastructure,” Blockchain Frontier Technology, vol. 4, no. 2, pp.
183-192, 2025.

[29] M. Bagheri, M. Bagheritabar, S. Alizadeh, M. S. S. Parizi, P. Matoufinia, and Y. Luo, “Machine-learning-
powered information systems: a systematic literature review for developing multi-objective healthcare
management,” Applied Sciences, vol. 15, no. 1, p. 296, 2024.

[30] R.Z. Ikhsan, S. Rahayu, A. H. Arribathi, and N. Azizah, “Integrating artificial intelligence with 3d print-
ing technology in healthcare: Sustainable solutions for clinical training optimization,” ADI Journal on
Recent Innovation, vol. 6, no. 2, pp. 99-107, 2025.

[31] D. R. Seelam, M. D. Kidiyur, P. Whig, S. K. Gupta, and S. S. Balantrapu, “Integrating artificial intel-
ligence in blue-green infrastructure: enhancing sustainability and resilience,” in Integrating Blue-Green
Infrastructure Into Urban Development. 1GI Global Scientific Publishing, 2025, pp. 347-372.

[32] Z. Nurlan, T. Zhukabayeva, M. Othman, A. Adamova, and N. Zhakiyev, “Wireless sensor network as a
mesh: Vision and challenges,” IEEE access, vol. 10, pp. 46-67, 2021.

[33] H. Hamdan, E. A. Nabila, R. A. Gunawan, A. P. Valentie, and C. Perez, “Digitalization of financial
literacy and social media as a sustainable economic strategy in food & beverages: Digitalisasi literasi
keuangan dan media sosial sebagai strategi ekonomi berkelanjutan pada food & beverages,” ADI Bisnis
Digital Interdisiplin Jurnal, vol. 6, no. 1, pp. 99—107, 2025.

[34] T. M. Ghazal, M. K. Hasan, M. T. Alshurideh, H. M. Alzoubi, M. Ahmad, S. S. Akbar, B. Al Kurdi, and
I. A. Akour, “Tot for smart cities: Machine learning approaches in smart healthcare—a review,” Future
Internet, vol. 13, no. 8, p. 218, 2021.

[35] A. Matei and M. Cocosatu, “Artificial internet of things, sensor-based digital twin urban computing vi-
sion algorithms, and blockchain cloud networks in sustainable smart city administration,” Sustainability,




28 a E-ISSN: XXXX-XXXX | P-ISSN: XXXX-XXXX

vol. 16, no. 16, p. 6749, 2024.

[36] G. Dong, M. Tang, Z. Wang, J. Gao, S. Guo, L. Cai, R. Gutierrez, B. Campbel, L. E. Barnes, and
M. Boukhechba, “Graph neural networks in iot: A survey,” ACM Transactions on Sensor Networks,
vol. 19, no. 2, pp. 1-50, 2023.

[37] J. Wilson and E. Erika, “Empowering eco-innovation through digitalization in startup enterprises,’
Startupreneur Business Digital (SABDA Journal), vol. 4, no. 2, pp. 146—154, 2025. [Online]. Available:
https://doi.org/10.33050/sabda.v4i2.893

[38] J. Park and D. Kang, “Artificial intelligence and smart technologies in safety management: a comprehen-
sive analysis across multiple industries,” Applied Sciences, vol. 14, no. 24, p. 11934, 2024.

[39] E. Nica and V. Stehel, “Internet of things sensing networks, artificial intelligence-based decision-making
algorithms, and real-time process monitoring in sustainable industry 4.0,” Journal of Self-Governance
and Management Economics, vol. 9, no. 3, pp. 35-47, 2021.

[40] M. Andronie, G. Lazaroiu, M. latagan, C. Utd, R. Stefanescu, and M. Cocosatu, “Artificial intelligence-
based decision-making algorithms, internet of things sensing networks, and deep learning-assisted smart
process management in cyber-physical production systems,” Electronics, vol. 10, no. 20, p. 2497, 2021.

[41] R. U. Attah, I. Gil-Ozoudeh, B. Garba, and O. Iwuanyanwu, “Leveraging geographic information systems
and data analytics for enhanced public sector decision-making and urban planning,” Magna Sci Adv Res
Rev, vol. 12, no. 2, pp. 152-63, 2024.

[42] J. C. Kush, “Integrating sensor technologies with conversational ai: enhancing context-sensitive interac-
tion through real-time data fusion,” Sensors, vol. 25, no. 1, p. 249, 2025.

[43] J. Winkowska, D. Szpilko, and S. Peji¢, “Smart city concept in the light of the literature review,” Engi-
neering Management in Production and Services, vol. 11, no. 2, 2019.

[44] A. Sharifi, Z. Allam, B. Feizizadeh, and H. Ghamari, “Three decades of research on smart cities: Mapping
knowledge structure and trends,” Sustainability, vol. 13, no. 13, p. 7140, 2021.

[45] M. Caratu, . Pigliautile, C. Piselli, and C. Fabiani, “A perspective on managing cities and citizens’ well-
being through smart sensing data,” Environmental Science & Policy, vol. 147, pp. 169-176, 2023.

[46] A. Belhadi, Y. Djenouri, G. Srivastava, D. Djenouri, J. C.-W. Lin, and G. Fortino, “Deep learning for
pedestrian collective behavior analysis in smart cities: A model of group trajectory outlier detection,”
Information Fusion, vol. 65, pp. 13-20, 2021.

[47] Q. N. Naveed, H. Algahtani, R. U. Khan, S. Almakdi, M. Alshehri, and M. A. Abdul Rasheed, “An
intelligent traffic surveillance system using integrated wireless sensor network and improved phase timing
optimization,” Sensors, vol. 22, no. 9, p. 3333, 2022.

[48] H. Ali and J.-h. Choi, “A review of underground pipeline leakage and sinkhole monitoring methods based
on wireless sensor networking,” Sustainability, vol. 11, no. 15, p. 4007, 2019.

[49] S. Ahmed, M. F. Hossain, M. S. Kaiser, M. B. T. Noor, M. Mahmud, and C. Chakraborty, “Artificial
intelligence and machine learning for ensuring security in smart cities,” in Data-driven mining, learning
and analytics for secured smart cities: Trends and advances. Springer, 2021, pp. 23-47.

[50] G. Lazdroiu and A. Harrison, “Internet of things sensing infrastructures and data-driven planning tech-
nologies in smart sustainable city governance and management.” Geopolitics, History & International
Relations, vol. 13, no. 2, 2021.

[51] D. Abdullah, “Integrating biophilic design in smart urban infrastructure for environmental and public
health outcomes,” Journal of Smart Infrastructure and Environmental Sustainability, vol. 1, no. 1, pp.
14-22, 2024.

[52] D.I. Ispawi, S. A. M. Al Junid, S. Ishak, A. H. A. Razak, M. Y. M. A. Khan, A. K. Halim, A. H. Azman,
and K. Mohideen, “The present and future trends of low-power and energy-efficient monitoring research
through science mapping analysis,” in 2025 IEEE International Conference on Applied Electronics and
Engineering (ICAEE). 1IEEE, 2025, pp. 1-10.

[53] K. Koszewski, R. Olszewski, P. Patka, R. Walczak, P. Korpas, K. Dabrowska-Z6ltak, M. Wyszomirski,
O. Czeranowska-Panufnik, A. Manujto, U. Szczepankowska-Bednarek, J. Kuzmicz-Kubis, A. Szalwa,
K. Ejsmont, and P. Czernic, “Utilizing iot sensors and spatial data mining for analysis of urban space
actors’ behavior in university campus space design,” Sensors (Basel), vol. 25, no. 5, p. 1393, 2025.
[Online]. Available: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC11902765/

Journal of Orange Technology (JOT), Vol. 1, No. 1, October, 2024, pp. 19-28


https://doi.org/10.33050/sabda.v4i2.893
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC11902765/

	Introduction
	Research Method
	Literature Review and Theoretical Basis
	Population and Sample
	Primary Data Sources
	IoT Sensor Data
	Self-Reported Psychological Indicators

	Research Variables
	Data Analysis
	Multiple Regression Analysis
	AI-Driven Predictive Modeling

	Results and Discussion
	Descriptive Statistics
	Correlation Analysis
	Regression Analysis
	AI Predictive Modeling
	Discussion

	Managerial Implication
	Conclusion
	Declarations
	About Authors
	Author Contributions
	Data Availability Statement
	Funding
	Declaration of Conflicting Interest


