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Leverage AI opportunities dynamic Tools for 
Addressing Health disparities and Interventions 
AI in Healthcare .This paper discusses the 
development and implementation of such 
dashboards intelligently designed, AI driven 
community health dashboards that allow for real-
time health disparity analysis for timely and data 
informed interventions. Using machine learning, 
predictive analytics, and natural language 
processing, these dashboards compile and present 
data from a variety of sources, such as electronic 
health records, social determinants of health, and 
community surveys. The modeled system allows 
for the ongoing tracking of disparities by 
demographic group, geographic region, and 
socioeconomic stratum. Initial results showed that 
these dashboards have the potential to improve 
decision making, guide resource allocation and 
address health inequities. We address challenges, 
such as data privacy, algorithmic bias, and 
infrastructural gaps, while proposing strategies 
for ethical and equitable implementation.  

 
1. Introduction 

Health disparities inequities in health outcomes and access to care among 
different populations present a challenge common to all health systems 
globally. Such disparities are often grounded in social determinants of health 
(SDOH) including income, education, geographical location, and racial or 
ethnic identity (Braveman et al., 2011). A lack of precise and timeliness typical 
of classic approaches to health disparities, where the focus is on the same data 
being analyzed in hindsight and the same public health initiatives blanket the 
population has designed a system where we know that we have to fix 
something but do not know how. In this context, Artificial Intelligence (AI) 
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presents a transformative opportunity for improving the identification, 
analysis and mitigation of health inequities. 
Artificial intelligence (AI) tools, such as machine learning (ML), predictive 
analytics and natural language processing (NLP), can analyze large and 
heterogeneous datasets to identify patterns, trends, associations that might not 
be apparent using conventional methods (Topol, 2019). AIdriven dashboards 
powered by data from electronic health records (EHR), social determinants and 
community surveys can deliver realtime health disparity insights. These 
systems allow healthcare providers, policymakers, and community 
organizations to better allocate resources, implement timely interventions, and, 
ultimately, improve health equity and population outcomes. 
Community health dashboards are not a completely new idea, of course; for 
many years public health agencies have made use of data visualization boards 
to track health indicators. But with the addition of AI these tools become much 
more useful. Dashboards infused with AI may deliver a continuous stream of 
dashboards populated with evolving data, help to find emerging trends or 
predict upcoming disparities much more proactive than reactive. For example, 
an AI powered dashboard could identify a surge in respiratory illness in a 
particular area and associate it with environmental pollution data, triggering a 
response. 
In this paper we describe the evolution and the potential role of AI Powered 
Community Health  
The impact of artificial intelligence on community health dashboards extends 
past the bounds of health care delivery. It also resonates with more broad 
efforts to attain the Sustainable Development Objectives (SDOs), especially 
those targeting decreasing inequalities (SDO 10) and making sure healthy lives 
and well-being for all (SDO 3) (United Nations, 2015). Nevertheless, the 
introduction of AI powered resources brings forth significant challenges related 
to data privacy, algorithmic bias, and access that need to be tackled to facilitate 
their fair implementation. 
Thus, analyses of design, functions, and implementation challenges of AI 
powered features of this tool could contribute to the expanding research base 
on AI applications for public health. It offers providers actionable 
recommendations for leveraging technology to advance health equity while 
addressing the ethical and practical challenges of AI adoption. 
 

2. Literature Review 
New potential use cases for AI in dynamics of community health dashboards 
with special focus on away use of diverse datasets, predictive analytics and 
dynamics of visualization techniques, these dashboards provide analysis in real 
time and actionable insights which help mitigate health disparities. This study 
discusses the most important facets, uses and challenges of such systems and 
emphasizes the potential the technology has to transform public health 
programs. 
AI in Public Health 
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AI has demonstrated great potential as a public health tool, enhancing our work 
through surveillance, predictive modeling, and resource allocation. 
Researchers such as Topol (2019) argue that AI can integrate and interactively 
analyze large-scale datasets from electronic health records (EHR), social 
determinants of health (SDOH), and community surveys. Such an integrated 
framework provides a broader view of health disparity, thus improving 
evidence informed decision making. 
Health Disparities and Social Determinants of Health 
Income, education, housing, and access to healthcare, which are the social 
determinants of health, are dominant factors for health disparities (Braveman 
et al 2011). Dashboards powered by AI offer step-by-step breakdowns of these 
determinants — by health outcomes in a community and across geographic 
boundaries. For example, Wang et al. (2020) demonstrate or example how well 
AI has been used to find correlations between air pollution and rates of acute 
respiratory illness and to call for more integration of environmental data into 
health dashboards. 
Community Health Dashboards 
For many years, traditional community health dashboards have been used by 
public health agencies to monitor metrics including disease prevalence, 
vaccination rates and hospitalizations (Lyles et al., 2017). Such dashboards tend 
to be static data and retrospective analyses, limiting the ability to provide 
timely interventions. AI Democratic Dashboards such as that addressed by 
Johnson et al. (2021) refine data on community level disparities in health and 
utilize them to inform stakeholders to devise targeted strategies for intervention 
that could address the disparities. 
Real Time Monitoring and use of Predictive Analytics 
In addition, AI predictive analytics facilitate the identification of at risk 
populations and disease burden prediction. For example, prediction of hospital 
readmissions is another area where machine learning models have been 
implemented (Rajkomar et al., 2018), whereby healthcare providers can allocate 
resources in an anticipatory manner. Similarly, NLP methods are able to 
process unstructured data like social media posts or news articles to target 
active health trends in specific communities (Graham et al., 2020). 
As a result, many public health use cases have implemented AI powered 
dashboards. For example: 
• Disease Surveillance: AI embedded dashboards have been used to monitor 
outbreaks of infectious diseases like COVID19, providing real time information 
on the spread of disease and proactively predicting the risk of the disease 
(KassHout & Alhinnawi, 2020). 
• Allocation of Resources: AI has been helpful in identifying unmet population 
needs and optimizing the distribution of resources like vaccine and medical 
supplies (Wang et al., 2020). 
• Chronic Disease Management: The integration of data influx via AI systems 
into community health dashboards has assisted in managing more people with 
chronic diseases by identifying at risk patients and curtailing chronic disease 
via personalized interventions (Shah & Patel, 2020). 
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Challenges and Ethical Considerations 
AI powered dashboards are a game changer to be sure, however, the 
integration of them presents a set of challenges: 
Data privacy and security: Health data is sensitive, and therefore the system has 
to ensure data security or else it loses the trust of the public. Studying strong 
encryption protocols and compliance to data protection laws, Yu and Kohane 
(2019) do a lot to highlight the importance of strong encryption protocols and 
adherence to data protection laws. 
Algorithmic Bias: AI models could perpetuate existing health inequities if the 
training data are not diverse (Obermeyer et al., 2019). AI needs carefully 
curated datasets and ongoing interrogation to prevent bias. 
Implementing AI integrated dashboards requires sufficient technical 
infrastructure which might not be available in resource limited environments 
(Graham et al., 2020). 
Future Directions 
And new research is exploring ways to enhance AIdriven dashboards through 
the integration of varying datasets, improved algorithm transparency, and 
userfriendly interfaces (UIs). Other key steps are the interdisciplinary 
partnerships among technologists, public health professionals, and policy 
makers that will help to navigate the ethical and logistical challenges posed by 
these systems. 
 

3. Methodology 
This refers to the methodology responsible for this study's approach to explore 
new AI powered community health dashboards for real time measurement and 
intervention of community disparities. It takes a mixed methods approach, 
integrating quantitative and qualitative data to assess the functionality, 
benefits, and challenges of such systems. This methodology is organized into 
three main layers: data collection, system design, and evaluation. 
Research Design 
This study employs a mixed methods research design allowing for an in depth 
evaluation of AI enabled health dashboards, both in terms of implementation 
and impact. A quantitative part (health outcomes and system performance 
metrics) and a qualitative one (insights from stakeholders such as healthcare 
providers, policymakers, and community members) were the two main 
components of the data. 
Data Collection 
Data collection for this study involved multiple sources to cover the usage and 
the influence of the AI based dashboards: 
Quantitative Data: 
· Health Metrics: Detooled health information from EHRs and open health 
database services on disease prevalence, hospitalization rates, and mortality 
rates; 
· Social Determinants of Health (SDOH): Government reports, surveys, and 
open data platforms provided data on income, education, housing, and 
environmental factors. 
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· Performance Metrics: And metrics explored included accuracy of AI 
prediction, average time to intervene, and efficiency of resource allocation. 
Qualitative Data: 
The data sources were (1) Interviews and Focus Groups: Semistructured 
interviews and focus groups were conducted with 20 healthcare providers, 10 
policymakers, and 15 community health workers. They delved into user 
experience, pain points, and perceived benefits of using the dashboards. 
· Case Studies: A few existing AI driven dashboards were examined, like 
COVID19 tracking dashboards to understand their design and impact. 
System Design 
The AI based community health dashboards were designed to integrate diverse 
data when delivered, to offer actionable delivery for ‘real time inequality 
analysis and intervention’29 through detailed local level insights for 
cities/states. The key components of the system include: 
Data Integration: 
AI algorithms were utilized to combine data from EHRs, SDOH datasets, and 
community survey results to provide a comprehensive view on health 
disparities. 
· We cleaned, normalized, and anonymized the data to ensure data quality and 
privacy during preprocessing. 
Machine Learning Models: 
· Predictive Analytics: Health disparities were predicted using machine 
learning algorithms to identify populations with higher risk for specific 
conditions. 
· Natural Language Processing (NLP): Used NLP techniques to analyze 
unstructured data such as social media posts and community feedback. 
Visualization Tools: 
· Data visualization frameworks such as Tableau and Power BI were used to 
create interactive dashboards for stakeholders to explore trends, disparities and 
intervention effects. 
Ethical and Privacy Measures: 
· Implementing strong encryption techniques and ensure compliance with 
regulations like HIPAA and GDPR to secure sensitive patient information 
within the system 
Evaluation Framework 
The AI driven dashboards were evaluated based on criteria as given below: 
Accuracy: 
· The predictive accuracy of the machine learning models was evaluated by 
comparing their output with historical data and palynological expert 
evaluation. 
Timeliness: 
· We measured the system’s ability to generate realtime updates and alerts for 
emerging health disparities. 
User Satisfaction: 
Stakeholders' feedback was analysed to assess the usability and relevance of 
the dashboards. 
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Impact on Health Outcomes: 
· Health outcomes (e.g., decreased hospitalization rates and better resource 
allocation) were assessed via pre and post implementation data. 
Data Analysis 
Quantitative data were analyzed by statistical methods, in order to identify 
trends, correlations, and predictive performance of AI algorithms. The 
qualitative data were thematically analyzed to extract dominant insights and 
recurring themes concerning user experiences and ethical issues associated with 
the use of AI tools in the design process. 
· Statistical tools : R and Python were the frameworks used to analyze the data, 
concentrating on validating the predictive model and performance metrics. 
· Thematic Analysis: Interview transcripts and focus group discussions were 
analyzed using NVivo software; 
 

4. Results 
The findings show how such real time AI powered community health 
dashboards might be used to tackle health inequities. It made important 
progress in identifying at risk populations, optimizing resource allocation, and 
addressing health inequities. Concerns about data privacy, algorithmic bias, 
and infrastructure gaps were also raised, underscoring the need for ethical and 
equitable implementation. 
Details of Figures 

 
Figure 1: Health Disparity Detection Accuracy 
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Description: 
This bar chart shows the relative accuracy of traditional methods and AI 
powered dashboards in identifying health disparities: 
· Traditional Approaches (70%): Indicates the constraints of traditional 
methods in detecting disparities based on static and past data analysis. 
· AI Driven Dashboards (92%): Places emphasis on the accuracy improvement 
enabled by real time data processing and sophisticated AI algorithms. 
This illustrates the ability of AI powered solutions to deliver more accurate and 
practical recommendations

 
Figure 2: Resource Allocation Efficiency 
Description: 
The following bar chart depicts how effectively resources were allocated before 
and after deploying AI powered dashboards: 
· Before AI Implementation  (60%): The effectiveness of traditional, non-
technological resource allocation approaches. 
· After AI Implementation 85%: Reflects tremendous efficiency gains driven by 
the data driven decisioning and predictive analytics that the AI dashboards 
have provided. 
This illustrates AI’s potential for maximizing the allocation of healthcare 
resources, particularly in areas that are underserved. 
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Figure 3: Population Coverage 
Description: 
This bar chart shows urban versus rural health care coverage: 
· Urban Areas (75%): Maternal healthcare services are more available in the 
urban area. 
· Rural Areas (50%): Suggests less health care coverage, due to possibly 
infrastructure gaps and limited resources. 

 
Figure 4: Data Privacy Concerns 
Description: 
This bar chart, for example, shows the rate of respondents worried about data 
privacy together with AI driven health systems: 
· Data Privacy Concerns (45%): Associated with concerns surrounding the 
secure collection of sensitive health data. 
This finding generates a clear need for secure encryption, regulatory 
compliance (e.g., HIPAA, GDPR), and transparent data governance policies. 



Bulletin of Engineering Science and Technology (BESTEC) 
Vol. 01, No. 01, 2025: 01-17 

                               

    

 

 
Figure 5: Algorithmic Bias Concerns 
Description: 
The following bar chart depicts the share of respondents that are worried about 
algorithmic biases in AI systems: 
· Algorithmic Bias Concerns (50%): Concerns related to biased representation 
in training data for AI models resulting in unequal treatment. 
To help combat bias and accommodate diverse data, we need continuous 
assessment of the models and fairness audits. 

 
Figure 6: Infrastructure Gaps in Underserved Areas 
Description: 
This bar chart shows what portion of respondents identified a gap in 
infrastructure in underserved areas as a barrier to implementing AI driven 
health solutions: 
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· Infrastructure Gaps (60%): Identifies major roadblocks to deploying AI 
technologies in resource constrained contexts due to lack of access to internet, 
hardware and technical expertise. 
This highlights the importance of investing in infrastructural training to narrow 
the digital gap and foster equal AI use. 
Details of Tables 

 
Table 1: Summary of Key Results 
Description: 
In this table, we are comparing the traditional way of doing things compared 
with an AI powered way across three key metrics. 
Health Disparity Detection: Accuracy 
· Traditional Ways (70%): Not very precise Iteration relies on static and 
retrospective data. 
AI Powered Systems (92%) :Represented relevant improvement with 
integrating real time data to the system and enabling enhanced insights 
generation. 
Efficient Resource Allocation: 
Traditional Methods (60%): Challenges owing to reactive processes and limited 
predictive capabilities 
· AI Powered Systems (85%): Enhanced efficiency through predictive analytics 
and targeted allocation of resources. 
Population Coverage: 
· Urban: 75%: Higher accessibility of healthcare solutions in urban areas. 
· Rural Areas (50%): Emphasizes pronounced gaps in healthcare access, often 
attributable to infrastructure limitations. 
The table stresses the revolutionary role of AI in improving accuracy, efficiency, 
and equity in the delivery of healthcare. 
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Table 2: Key Ethical Concerns 
Description: 
Here is a table summarizing the key ethical issues raised by AI based health 
systems, and the proportion of respondents that identified each issue as 
important: 
Data Privacy Concerns (45%): 
• May be a reaction to concerns about protecting sensitive health data and 
complying with privacy laws such as HIPAA and GDPR. 
Algorithmic Bias Issues (50%)(50%) 
• Highlight issues of bias in AI models, as training datasets may not be 
representative, thus can lead to unevenly distributed healthcare outcomes. 
Infrastructure Gaps (60%): 
• It exposes the challenges towards deploying AI solutions in pared down areas 
with little technical infrastructure and access to resources. 
 

5. Discussion 
This study's findings highlight the transformative potential of AI driven 
community health dashboards in bridging the gap for health disparities and 
improving healthcare delivery. These tools were found to significantly improve 
accuracy of disparity detection, efficiency of allocational resource and coverage 
of the population. But the research also identifies key ethical and logistical 
hurdles data privacy issues, algorithmic bias and infrastructure deficiencies that 
need to be addressed before the effort could be implemented equitably. 
Improved Disparity Detection and Resource Allocation 
Whereas traditional methods for identifying health disparities rate accuracy at 
just 70%, B2B AI driven dashboards significantly outperform at a rate of 92%. 
This resonates with Topol (2019) who focused on AI’s strength in dealing with 
massive datasets and identifying insights which traditional methods won’t 
discover and who added to the voice of those scientists or professionals who 
want to be called idiotic by the AIs in return for false data which they detect on 
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the web. Through real time monitoring and predictive analytics, these 
technologies facilitate timely intervention so at risk populations can access 
essential resources and care. 
Optimize healthcare delivery AI improved the efficiency of resource allocation 
by 2 from 60% to 85% in the case Hellotrade mentioned, further emphasizing 
the significance of AI in improving the healthcare delivery system. Predictive 
models can help determine where resources can be best applied, so that waste 
is minimized and results are maximized. Wang et al. reported similar results 
Jennifer F. G. et al. (2020) advocates that AIbased tools would lead to an equal 
distribution of healthcare services especially in deprived regions. 
Despite overall progress, major differences in the population coverage by urban 
(75%) and rural (50%) catchment areas are reported. This discrepancy is largely 
due to a lack of infrastructure and resources in such rural environments. 
Specific AI dashboards could close those gaps by pinpointing neglect, tailoring 
interventions. However, as Graham et al. (2020) Successful initiatives and 
investment in infrastructure will rely on the workforce needed to run AI 
systems. 
Ethical Considerations 
Data Privacy: 
Data privacy is another big concern, with 45% of respondents mentioning risks 
associated with sensitive health data. Yu and Kohane (2019) emphasized the 
importance of strong encryption, data anonymization, and adherence to privacy 
regulations such as HIPAA and GDPR to maintain trust in AI powered 
technologies. 
Algorithmic Bias: 
The challenge of algorithmic bias is even more urgent; 50% of respondents 
named concern about inequitable outcomes. This aligns with Obermeyer et al. 
(2019), which showed that healthcare AI algorithms are biased these algorithms 
are trained on non-representative datasets. This is a critical problem when it 
comes to AI systems, and should be mitigated through using data sets that are 
diverse in relation to the domains of interest, as well as continually evaluating 
the model and performing fairness audits to ensure fairness in the outcome. 
Infrastructure Gaps: 
Implications for Practice 
These results suggest that AI dashboards can help to promote health equity by 
both communicating information and revealing needs. However, sustainable 
and inclusive implementation will need strong answers to ethical and logistical 
challenges. It is imperative that technologists, policymakers and public health 
practitioners learn to work together to take advantage of the opportunity that 
new tools represent. 
Future Directions 
Further work should consider: 
Longitudinal Measures: Do AI driven dashboard narrow the gap in health 
outcome distribution? 
Scalability in resource poor environments challenges in deployment and scaling 
AI solutions in resource poor environments 
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Explainable AI Models: Developing transparent and interpretable AI based 
systems to help build confidence against hesitance in implementation of the AI 
based systems by the health care personnel and regulatory sectors. 
 

6. Conclusion 
Building on expert insights and lessons learned from this rapidly evolving field, 
this report explores the potential of AI driven community health dashboards to 
transform healthcare by tackling health disparities, effectively directing limited 
resources, and improving real time monitoring and intervention. This study's 
results highlight how tools like these can facilitate actionable insights and 
enable targeted solutions, cementing their importance in modern public health 
strategies. But the study also points to the urgent need to tackle ethical, 
logistical and infrastructural obstacles to their fair and effective deployment. 
Summary of Key Findings 
Enhanced Disparity Identification: Health disparity detection using AI enabled 
dashboards achieved much higher detection accuracy of 92% relative to 
traditional methods achieving only 70%. Such improvements are consistent 
with the work of Topol (2019), who noted that AI has the capacity to reveal 
patterns and correlations that are not recognized by more traditional methods. 
With the implementation of AI, the resource allocation efficiency improved 
from 60% to 85% which gets generated from the training related to the skills 
and knowledge of employees. Wang et al. (2020) described how these 
dashboards use predictive analytics for healthcare providers to prioritize high 
need populations and ensure optimal resource use. 
Population Coverage: Urban areas enjoyed a population coverage of 75%, 
whereas rural coverage was only 50%, highlighting the need to allocate more 
resources to rural regions. Well designed AI dashboards can be crucial in 
spotting these gaps and resolving them, if infrastructure and expertise are 
sufficiently built out. 
Ethical and Logistical Considerations Ethical and Logistical Considerations 
The third and most critical trap in the successful adoption of AI driven 
dashboards is overcoming the following hurdles: 
Data Privacy and Security: Ensuring the protection of sensitive health data is 
crucial to maintaining the trustworthiness of AI systems. Strong encryption, 
anonymization, and compliance with privacy laws such as the Health Insurance 
Portability and Accountability Act (HIPAA) and General Data Protection 
Regulation (GDPR) are critical (Yu & Kohane, 2019). 
Algorithmic bias: This was highlighted through news stories such as the AI 
used in facial recognition systems and bias in hiring algorithms. Thus, the 
challenge of addressing bias is essential to avoid continuing health inequities, as 
advocated by Obermeyer et al. (2019). 
Data availability and data lags: Poorer regions sometimes simply lack the data 
infrastructure needed to fuel machine learning. To address this gap, 
investments in technical infrastructure and training of the workforce need to be 
made (Graham et al., 2020). 
Implications for Policy and Practice 
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This changing nature of health data that allows harnessing AI for achieving the 
better equity in healthcare outcome provides a learning perspective for a project 
of our case that aimed to build an AI powered health outcome dashboard. 
Policy makers and public health leaders must prioritize: 
Development: Building technical expertise and training of healthcare workers 
to utilize AI tools effectively. 
Infrastructure Investment: It ensures that the missing areas are provided with 
the infra required for implementing AI (Internet connectivity + hardware) 
Ethical Governance: Developing clear guidelines at the local and national level 
on data privacy, data security, and algorithmic fairness. 
AIbased community health dashboards offer a major tool to help close these 
inequities in health and improve public health interventions. These systems 
improve the identification and mitigation of disparities through the use of 
realtime data integration, predictive analytics, and dynamic visualization. Yet 
ethical and logistical hurdles will need to be tackled with innovative 
investments, capacity building, and collaboration among technologists, public 
health practitioners and policymakers. If pursued in an intentional and 
collaborative way, AI driven dashboards could become a foundation of 
equitable and effective health care delivery. 
 
 
 
References 

7. Braveman, P., Egerter, S., & Williams, D. R. (2011). The social 
determinants of health: Coming of age. Annual Review of Public Health, 
32(1), 381–398. 

8. Graham, G. N., Ostrowski, M., & Sabina, A. B. (2020). Defining and 
addressing disparities in COVID19 mortality. Health Equity, 4(1), 41–52. 

9. Johnson, C. K., Smith, R. A., & Patel, M. R. (2021). AIdriven community 
health dashboards: Realtime monitoring of health disparities. Journal of 
Public Health Informatics, 13(2), e124e130. 

10. KassHout, T. A., & Alhinnawi, H. (2020). Social media in public health 
surveillance: Uses, opportunities, and barriers. Global Public Health, 15(5), 
744–765. 

11. Lyles, C. R., Lunn, M. R., ObedinMaliver, J., & BibbinsDomingo, K. 
(2017). The new era of precision population health: Insights for the All of 
Us Research Program and beyond. Journal of Translational Medicine, 15(1), 
211. 

12. Obermeyer, Z., Powers, B., Vogeli, C., & Mullainathan, S. (2019). 
Dissecting racial bias in an algorithm used to manage the health of 
populations. Science, 366(6464), 447–453. 

13. Rajkomar, A., Dean, J., & Kohane, I. (2018). Machine learning in 
medicine. New England Journal of Medicine, 380(14), 1347–1358. 

14. Shah, P., & Patel, M. (2020). The role of wearable devices in health care 
monitoring: A review. International Journal of Information Management, 50, 
139–145. 



Bulletin of Engineering Science and Technology (BESTEC) 
Vol. 01, No. 01, 2025: 01-17 

                               

    

 

15. Topol, E. J. (2019). Highperformance medicine: The convergence of 
human and artificial intelligence. Nature Medicine, 25(1), 44–56. 

16. Wang, F., Casalino, L. P., & Khullar, D. (2020). Deep learning in 
medicine: Promise, progress, and challenges. Medical Journal of Data 
Science, 2(4), 35–48. 

17. Yu, K. H., & Kohane, I. S. (2019). Framing the challenges of artificial 
intelligence in medicine. BMJ Quality & Safety, 28(3), 238–241. 

18. Tarafder, M. T. R., Mohiuddin, A. B., Ahmed, N., Shihab, M. A., & Kabir, 
M. F. (2022). Block chain-Based Solutions for Improved Cloud Data 
Integrity and Security. BULLET: Jurnal Multidisiplin Ilmu, 1(04), 736-748. 

19. Hossain, M. E., Tarafder, M. T. R., Ahmed, N., Al Noman, A., Sarkar, M. 
I., & Hossain, Z. (2023). Integrating AI with Edge Computing and Cloud 
Services for Real-Time Data Processing and Decision 
Making. International Journal of Multidisciplinary Sciences and Arts, 2(4), 
252-261. 

20. Tarafder, M. T. R., Mohiuddin, A. B., Ahmed, N., Shihab, M. A., & Kabir, 
M. F. (2023). The Role of AI and Machine Learning in Optimizing Cloud 
Resource Allocation. International Journal of Multidisciplinary Sciences and 
Arts, 2(1), 262-27. 

21. Ahmed, N., Hossain, M. E., Rishad, S. S. I., Rimi, N. N., & Sarkar, M. I. 
Server less Architecture: Optimizing Application Scalability and Cost 
Efficiency in Cloud Computing.. BULLET : Jurnal Multidisiplin Ilmu, 1(06), 
1366–1380. 

22. Ahmed, N., Hossain, M. E., Rishad, S. S. I., Mohiuddin, A. B., Sarkar, M. 
I., & Hossain, Z. Leveraging Reinforcement Learning for Autonomous 
Cloud Management and Self-Healing Systems. JURIHUM : Jurnal Inovasi 
Dan Humaniora, 1(6), 678–689.  

23. Hossain, M. E., Kabir, M. F., Al Noman, A., Akter, N., & Hossain, Z. 
(2022). ENHANCING DATA PRIVACY AND SECURITY IN MULTI 
CLOUD ENVIRONMENTS. BULLET: Jurnal Multidisiplin Ilmu, 1(05), 967-
975. 

24. Habib, H. (2015). Awareness about special education in 
Hyderabad. International Journal of Science and Research (IJSR), 4(5), 
1296-1300. 

25. Habib, H., Jelani, S. A. K., Numair, H., & Mubeen, S. (2019). Enhancing 
Communication Skills: AI Technologies for Students with Speech and 
Language Needs. Journal of Multidisciplinary Research, 5(01). 
 

26. Habib, H., Jelani, S. A. K., Alizzi, M., & Numair, H. (2020). Personalized 
Learning Paths: AI Applications in Special Education. Journal of 
Multidisciplinary Research, 6(01). 

27. Habib, H., Jelani, S. A. K., & Rasheed, N. T. (2021). Tailored Education: 
AI in the Development of Individualized Education Programs 
(IEPs). Multidisciplinary Science Journal, 1(01), 8-18. 



Rinky, Ahmed 

 

 

28. Habib, H., Jelani, S. A. K., & Najla, S. (2022). Revolutionizing Inclusion: 
AI in Adaptive Learning for Students with Disabilities. Multidisciplinary 
Science Journal, 1(01), 1-11. 

29. Habib, H., Jelani, S. A. K., Ali, S. S., & Kadari, J. (2023). From Assessment 
to Empowerment: The Role of AI in Special Education Progress 
Monitoring. Journal of Multidisciplinary Research, 9(01), 67-98. 

30. Habib, H., & Janae, J. (2024). Breaking Barriers: How AI is Transforming 
Special Education Classrooms. Bulletin of Engineering Science and 
Technology, 1(02), 86-108. 

31. RASEL, M., Bommu, R., Shovon, R. B., & Islam, M. A. (2023). Ensuring 
Data Security in Interoperable EHR Systems: Exploring Blockchain 
Solutions for Healthcare Integration. International Journal of Advanced 
Engineering Technologies and Innovations, 1(01), 212-232. 

32. Rasel, M., Salam, M. A., & Mohammad, A. (2023). Safeguarding Media 
Integrity: Cybersecurity Strategies for Resilient Broadcast Systems and 
Combatting Fake News. Unique Endeavor in Business & Social 
Sciences, 2(1), 72-93. 

33. RASEL, M., Bommu, R., Shovon, R. B., & Islam, M. A. (2022). Blockchain-
Enabled Secure Interoperability: Advancing Electronic Health Records 
(EHR) Data Exchange. International Journal of Advanced Engineering 
Technologies and Innovations, 1(2), 193-211. 

34. Rana, M. M., Kalam, A., & Halimuzzaman, M. (2012). CO RPO RATE SO 
C IAL RESPO NSIBILITY (C SR) OF DUTC H-BANG LA BANK 
LIMITED: A CASE STUDY. 

35. Halimuzzaman, M., Khaiar, M. A., & Hoque, M. M. (2014). An analysis 
of progress of rural development scheme (RDS) by IBBL: A study on 
Kushtia Branch. Bangla Vision, 13(1), 169-180. 

36. Sohel, M. S., Shi, G., Zaman, N. T., Hossain, B., Halimuzzaman, M., 
Akintunde, T. Y., & Liu, H. (2022). Understanding the food insecurity 
and coping strategies of indigenous households during COVID-19 crisis 
in Chittagong hill tracts, Bangladesh: A qualitative study. Foods, 11(19), 
3103. 

37. Islam, M. F., Eity, S. B., Barua, P., & Halimuzzaman, M. (2023). Liabilities 
of Street Food Vendors for spreading out Chronic Diseases and Environment 
Pollution: A Study on Chattogram, Bangladesh. JETIR, 10 (11), Article 11. 

38. Halimuzzaman, M., & Sharma, J. (2022). Applications of accounting 
information system (AIS) under Enterprise resource planning (ERP): A 
comprehensive review. International Journal of Early Childhood Special 
Education (INT-JECSE), 14(2), 6801-6806. 

39. Halimuzzaman, M., Sharma, J., Islam, D., Habib, F., & Ahmed, S. S. 
FINANCIAL IMPACT OF ENTERPRISE RESOURCE PLANNING (ERP) 
ON ACCOUNTING INFORMATION SYSTEMS (AIS): A STUDY ON 
PETROLEUM COMPANIES IN BANGLADESH. 

40. Halimuzzaman, M., Sharma, J., Karim, M. R., Hossain, M. R., Azad, M. 
A. K., & Alam, M. M. (2024). Enhancement of Organizational Accounting 
Information Systems and Financial Control through Enterprise Resource 



Bulletin of Engineering Science and Technology (BESTEC) 
Vol. 01, No. 01, 2025: 01-17 

                               

    

 

Planning. In Synergy of AI and Fintech in the Digital Gig Economy (pp. 315-
331). CRC Press. 

41. Halimuzzaman, M., Sharma, D. J., Bhattacharjee, T., Mallik, B., Rahman, 
R., Rezaul Karim, M., ... & Fokhrul Islam, M. (2024). Blockchain 
technology for integrating electronic records of digital healthcare 
system. Journal of Angiotherapy, 8(7). 

42. Datta, R., Halimuzzaman, M., & Honey, S. (2024). A Comparative 
Analysis of Safety Performance in Commercial and Residential 
Construction: Unraveling Critical Insights. Journal of Control & 
Instrumentation, 15(01), 1-10. 

43. Islam, M. F., Debnath, S., Das, H., Hasan, F., Sultana, S., Datta, R., ... & 
Halimuzzaman, M. (2024). Impact of Rapid Economic Development with 
Rising Carbon Emissions on Public Health and Healthcare Costs in 
Bangladesh. Journal of Angiotherapy, 8(7), 1-9. 

44. Datta, R., Pankaj Sarker, K., Shikdar, L., Halimuzzaman, M., & Rezaul 
Karim, M. (2024). Mobile Applications for Enhancing Safety Audits in 
Healthcare Construction Sites. Journal of Angiotherapy, 8(9), 1-6. 

45. Halimuzzaman, M., Sharma, J., & Khang, A. (2024). Enterprise Resource 
Planning and Accounting Information Systems: Modeling the 
Relationship in Manufacturing. In Machine Vision and Industrial Robotics 
in Manufacturing (pp. 418-434). CRC Press. 

46. Halimuzzaman, M., & Sharma, J. (2024). The Role of Enterprise Resource 
Planning (ERP) in Improving the Accounting Information System for 
Organizations. In Revolutionizing the AI-Digital Landscape (pp. 263-274). 
Productivity Press. 

47. Hasan, A. S., Debu, S. S. S. D., Eti, I. J., Halimuzzaman, M., & Rezaul, M. 
Machine Learning Models for Predicting Risky Pregnancies in Early 
Clinical Interventions. 

48. Halimuzzaman, M., Sharma, J., Hossain, M. I., Akand, F., Islam, M. N., 
Ikram, M. M., & Khan, N. N. Healthcare Service Quality Digitization 
with Enterprise Resource Planning. 

49. Kacheru, G., Bajjuru, R., & Arthan, N. (2019). Security Considerations 
When Automating Software Development. Revista de Inteligencia Artificial 
en Medicina, 10(1), 598-617. 

50. Arthan, N., Kacheru, G., & Bajjuru, R. (2019). Radio Frequency in 
Autonomous Vehicles: Communication Standards and Safety 
Protocols. Revista de Inteligencia Artificial en Medicina, 10(1), 449-478. 

51. Kacheru, G., Bajjuru, R., & Arthan, N. (2022). Surge of Cyber Scams 
during the COVID19 Pandemic: Analyzing the Shift in Tactics. BULLET: 
Jurnal Multidisiplin Ilmu, 1(02), 192-202. 
 

 
 
 
 

17 


