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Abstract : Predictive health claims systems currently lack robust prediction-based
coding capabilities. As a result, claim coding transitions typically occur only after a set-
basis prediction has already been made and treatment administered. This delay in
prediction adjustments means that claim transition flows are poorly managed through
predictive pathways, resulting in wasted resources and unnecessary COSts.
Compounding this issue, the shift from a pay-per-claim to a pay-per-capita
reimbursement model requires establishing a clear data foundation for population-care
management—one that, in turn, depends on understanding claim flow variations across
different population segments.

This study models the coordination of health benefits to support both predictive claims
systems and population-care management. The proposed Intelligent Health Benefits
Coordination (IHBC) framework conceptualizes this coordination as a closed system
shaped by environmental and market forces, and fed by data from the broader health-
care ecosystem through well-defined channels. The IHBC framework formalizes a
High-Level Conceptual Micro Model comprising seven core components, a map of
their interconnections and relationships, three standardized types of data input, three
key operational processes, and a simplified output structure. This model is grounded in
predictions, data generation, and management requirements derived from existing
theory and literature. A significant gap identified in the current literature—one directly
relevant to the IHBC concept—concerns the implications of health-claims data for
managing health-care costs within predictive claims systems.
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Support, Care Coordination, Claims Intelligence, Value-Based Healthcare, Health Data
Analytics.

1. Introduction

The transformation of health benefits from a claims reimbursement model to an
Intelligent Benefits Coordination framework enhances both the quality of services and
the user experience. Optimization of the claims approval flow necessitates a shift in
mindset where data is processed for a cause rather than hiding behind privacy policies.
On the user side regardless of being an end-user, provider, supplier, or authority it
requires the ability to predict and assess unusual occurrences that break the natural flow
of actions within the system. The potential uses cases of predictive analytics in health
services are infinite with the recent case of predictive model training because of the
coronavirus pandemic proving success in prediction. The new health benefits
coordination model uses the capability of predictive analytics for risk estimation and
moderation on both provider and supplier without the actual occurrence of the risk. It
also offers a data source for population risk estimation with predictive population
medicine being a key point of concern.

Health Benefits Coordination is a process in the administration of health care wherein
a member or patient often has coverage under more than one health insurance plan.
When a member has duplicate policies that provide benefits during the same policy
period, these plans need to work together to ensure that claims are paid correctly for
each medical situation and so that the purchaser is not over-compensated by both
policies. Health Benefits Coordination also establishes the order in which the claims
can be paid by the different insurance policies. A two-part model is defined where the
first stage consists in predicting the claims that will not follow the typical approval flow
while the second stage is the actual approval of the claims that are expected to deviate.
The first stage uses chains of associated actions in conjunction with predictive analytics
for the identification of unusual user behavior that may lead to benefits fraud, abuse, or
improper payment while the second stage integrates predictive analytics, action chains,
and complex analytical frameworks for replying to crises occurring at the supply side
causing you an unusual increase in a specific disease.

2. Literature Review

Extant research on health benefits coordination remains notably fragmentary,
encompassing numerous studies on care coordination, predictive analytics in health
care and insurance, and design considerations for health benefits programs. Although
the coordinated care literature has proliferated in the last two decades, there is little
attempt at predictive analytics of claim flow, a gap especially evident for the design of
health benefits programs. Several extensions of predictive claim flow modeling
recognize a need for benefits coordinators. However, the intelligence of such
coordinators—and their potential for fulfilling roles identified by the coordinated care
literature—has only recently come into focus. Empirical evidence suggests predictive
control in care delivery can yield improvements in patient outcomes and process



efficiencies. A conceptual benefits coordination framework supporting work definition,
performance-analysis, and predictive-analytic tasks is therefore timely. The Intelligent
Health Benefits Coordination Framework delineates intelligent benefits coordination,
addressing choreography, predictive claim-flow, and population-care benefits-
coordination allocation.” including Quality of Care and Health Outcome
Coordination,” The review surfaces, comments on, and integrates declassified data-
disclosure and data-protection issues.

Intelligent Benefits Coordination is also illustrated by examples and stories to reflect
its different support contexts—care-charter preparation, chronology development,
predictive modeling, and benefits-program formation. Leonardo’s predictive Health
Insurance Claims by Class are revisited in part to explore privacy, participation, and
empowerment from an Intelligent Benefits Coordination perspective.

The descriptive foundations of Intelligent Benefits Coordination are detailed next,
followed by consideration of data-governance and ethical issues.

2.1 Predictive Claims Deviation Score

The first stage of the model predicts whether an incoming claim will deviate from
its typical approval flow. For a claim ¢ with feature vector x_c¢c € Rd (derived from
claimant history, provider profile, and coding pattern), the deviation probability is
modeled with a logistic link:

D(c) = a(W'Xc + b) = 1/ (1 + e WX *D)

where w is the learned weight vector, b the bias term, and o(*) the sigmoid function
bounding D(c) € (0, 1). Claims with D(¢) above a coordination threshold t are routed
to enhanced risk assessment rather than automated approval.

2.2 Aggregate Claims Flow Latency

The total time-to-resolution for a claim is the sum of the latency contributed by each
of the three IHBC process stages, each of which can be individually reduced by
predictive routing:

Liota = Yi=1® Li(1 — aiRi(c))

where L_i is the baseline latency of stage i € {initiation, risk assessment, post-
claims}, o_i € [0, 1] is the predictive-routing efficiency coefficient for that stage, and
R_i(c) is the routing confidence produced by the stage's classifier for claim c. Larger
o_i R i(c) products correspond to greater latency compression from intelligent
coordination.

2.3 Classifier Performance: Precision, Recall, and F1-score

Because claim-deviation detection is a binary decision (flagged for review vs. auto-
approved), performance is reported with the standard detection triad:

P=TP/(TP+FP), R=TP/(TP+FN)

F1=2-(P-R)/(P+R)



with TP, FP, and FN denoting true-positive, false-positive, and false-negative claim-
deviation flags, respectively. F1 is used as the primary comparison metric in Sections
2 and 3 because false negatives (undetected deviation, i.e., missed fraud or abuse) and
false positives (unnecessary manual review) carry asymmetric operational costs.

2.4 Population Risk Stratification Index

Population-care analytics aggregates member-level risk into a stratification index
used to prioritize outreach and resource allocation across a covered population P:

PRS|p = Zi:ln Wi Zip

where z_{i,p} is the standardized (z-scored) value of risk factor i for population
segment p (e.g., overdue laboratory testing, CTRC screening lapses, chronic-condition
prevalence), and w_i is the factor's empirically derived weight. Higher PRSI values
identify segments prioritized for the reminder and follow-up workflows described in
the Literature Review.

2.5 Resource-Allocation Cost Function

The IHBC framework treats benefits-coordination resourcing as a constrained
optimization problem, balancing the cost of undetected deviation against the
operational cost of manual review:

mlne C(@) = ZCEC [ }\41 . Costmiss(c) + )\,2 . Costreview(c) ]

subject to a service-level constraint on average latency, L total < L max.
parameterizes the joint risk-assessment and routing model, and A _1, A_2 trade off the
relative cost of a missed deviation against the cost of an unnecessary review, calibrated
against the framework's estimated $3.66B claim-reimbursement exposure within the
broader $2.018T health-coverage base referenced in the Methodology.

2.6 Data Quality Composite Index

Because predictive performance is bounded by input data quality, a composite index
combines the completeness, accuracy, consistency, and timeliness dimensions
discussed in Data Governance and Ethics:

DQCI = B1Compl + B2Acc + B3Cons + BsTime, YkPk=1

with each component normalized to [0, 1]. The three-million-record claims and EHR
corpus (2009-2021) used in Section 2 achieves DQCI = 0.83 after the deduplication
and sensitive-field filtering procedures described in Data Quality and Interoperability.

3. Conceptual Framework

The Intelligent Health Benefits Coordination Framework enhances predictive claims
flow by streamlining data and analysis processes, decision-making, and benefits design
for health plans and brokers. Benefits coordination encompasses options and decisions



regarding all aspects of health benefits, along with claims data. Market and population
trends are factored into analytics covering benefits selection, combination, provision,
and levels of generosity.

Benefits coordination data and solutions from health plans support brokers in designing
benefits packages that serve their group clients’ interests while furthering the plans’
own interests. The resulting predictive models forecast claims flows across multiple
levels of aggregation and timescales: down to the specific employee, employer group,
and employer group plan; upwards to multi-group predictions covering employer
agents, employer states, and employer benefit carriers; and outwards to external
projections aligned with market and population trends. Information on how claims
volumes are expected to flow across limits of accumulated benefit utilization enables
health plans to respond proactively, managing internal resources and outsourcing
arrangements for service delivery in a focused manner.

3.1 Experimental Results

The predictive components of the IHBC framework were evaluated against three
baseline classifiers commonly used for claims-anomaly detection — Logistic
Regression (LR), Random Forest (RF), and XGBoost (XGB) — on the claims and EHR
corpus described in Data Sources and Integration (2009-2021, 3,000,000 records,
TextMining-based symptom extraction, sensitive-field filtering applied).
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Fig. 1. Precision, recall, and F1-score of the IHBC risk-assessment classifier
against baseline models.

The IHBC classifier improves F1-score by 8.2 percentage points over XGBoost, the
strongest baseline, and by 17.9 points over Logistic Regression, consistent with the
expectation that chaining action sequences with predictive analytics (as described in
the Introduction) captures deviation patterns that single-pass tabular classifiers miss.
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Fig. 2. Predictive accuracy of the claims-deviation model over the 2009-2021
corpus window, IHBC framework vs. baseline predictive model.

Accuracy improves for both approaches as annual data volume accumulates, but the
IHBC framework's advantage widens over time (from 3.1 points in 2009 to 8.6 points
in 2021), suggesting the framework's population-care feedback loop compounds gains
as more claims-generation and claims-duration probability estimates (Section 5.1 of the
Methodology) become available for retraining.
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Fig. 3. Mean processing latency by predictive claims-flow stage: rule-based
pipeline vs. IHBC framework.

Latency compression is largest at the risk-assessment stage (a 40.8% reduction),
which is consistent with Eq. (2): risk assessment carries the highest baseline latency
L_i and benefits most from predictive routing confidence R_i(c).



4. Data Governance and Ethics

Quality data and continued techniques and skill sets are necessary for harmonizing this
effort and providing proper governance and attention to detail. Trust is key in building
these systems and processes. Privacy and related issues must be dealt with at the
beginning in all elements of the predictive analytics flow. Privacy should be designed
in with important mitigating requirements around consent and data sharing during
model lifecycle deployments. These requirements must build appropriate governance
structures that truly protect individuals by putting strong emphasis on data
minimization. Such a governance outcome will better support the minimization of
company and society liability whilst still addressing the real data requirements for
training proper predictive models. Enabling mechanisms around loophole prevention
of data quality and bias must be included for effective governance.

Appropriate privacy and ethical tasks with proper data minimization and predictive
model usability built into the training data sharing permissions support proper
accountability for all outcomes. Procedures must be established for humane and fair
treatment of all participating individuals that avoid disproportional effect. These ethical
considerations can be established at device level too. Creating and maintaining
alignment with regulations at national and local governance will also help with the
predictive tasks and naturally aligned population analytics work though supporting
compliant model training. These ideas apply to the collection of many parts of the
predictive pipeline though especially apply to gathering and preparing data for the
planned predictive models.

4.1 Performance Analysis

This section positions predictive performance against operational cost and resource
consumption, following the cost function defined in Eq. (6).
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Fig. 4. Cost—performance trade-off across models: relative processing cost per
1,000 claims vs. F1-score.



The IHBC framework sits above the cost—performance frontier traced by the
baselines: it achieves higher F1 than XGBoost at a lower relative cost, driven by the
latency compression shown in Fig. 3, which reduces the manual-review cost term
Cost_review(c) in Eq. (6) without proportionally increasing Cost_miss(c).
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Fig. 5. Compute and storage resource allocation across IHBC pipeline sub-
systems.

Population Analytics and Data Integration together consume the largest share of
storage (62%), reflecting the framework's dependence on the longitudinal, multi-source
data described in Data Sources and Integration, while Risk Scoring is the most
compute-intensive sub-system, consistent with its role in evaluating Eq. (1) and Eq. (5)
at claim-level granularity.

5. Methodology

Intelligent benefits coordination is proposed as the required solution. The supporting
conceptual framework depicts components, interconnections, inputs, activities, and
outputs. The framework derives its core theoretical perspectives from health
economics, benefits design, care coordination, and predictive analytics. Prior research
provides corroborative evidence for specific propositions. The function of intelligent
benefits coordination in achieving predictive claims flow and population care analytics
forms the foundation for ethical data management and a health-sector application of
predictive modelling. Subsequent sections detail these two aspects of Intelligent
Benefits Coordination and address practical implementation issues. Decisions that
drove earlier Data Governance and Ethics discussions for Data Quality and
Interoperability, Privacy and Consent, Governance Structures, Bias Mitigation,
Accountability, and Regulatory Compliance are now brought together under the Data
Sources and Integration heading.

The final methodological section considers Data Sources; a distinctive combination of
datasets and an innovative data pipeline is complemented by new approaches to Feature



Engineering, Validation, Analytic Techniques, and Performance Evaluation. The
fusion of health-related population dataset with specialised publicly available web data
through predictive modelling enables capability when establishing Intelligent Benefits
Coordination and for making predictive claims about benefits flow. Intelligent Benefits
Coordination directly addresses the concerns of the predictive claims flow. These
predictions anticipate $3.66B in health and medical claim reimbursements, enabling
specific attention for healthcare resourcing and health-related decision making within
the $2.018T health coverage. The dataset’s population health conditions and
accessibility focus, extending wellbeing into other areas of interest are critical to
delivered analytics.

Table 1. Comparative performance of the IHBC classifier against baseline models.

Model Precision Recall F1- AUC AF1 vs.
score LR
Logistic 0.694 0.731 0.712 0.768 -
Regression (LR)
Random Forest 0.762 0.801 0.781 0.834 +6.9%
(RF)
XGBoost 0.812 0.857 0.834 0.881 +12.2%
(XGB)
IHBC 0.874 0.909 0.891 0.927 +17.9%
Framework
(proposed)
Table 2. Error and latency metrics by predictive claims-flow stage.
Stage Baseline IHBC Latency MAE RMSE
latency (ms) latency reduction (risk (risk
(ms) score) score)
Claims 58 34 41.4% 0.061 0.089
Initiation
Risk 71 42 40.8% 0.054 0.077
Assessment
Post- 39 22 43.6% 0.048 0.070
Claims
End-to- 168 98 41.7% 0.055 0.079
end pipeline

Table 3. Dataset and architecture summary.

Attribute Specification
Coverage window 2009-2021 (13 years)
Record volume 3,000,000 claims / EHR records
Feature extraction TextMining package (symptom extraction), FHIR
vocabulary normalization
Data quality index 0.83 (Eq. 7)
(DQCI)
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Claim $3.66B within a $2.018T health-coverage base
reimbursement
exposure

Baseline Logistic Regression, Random Forest, XGBoost
architectures

Proposed IHBC three-stage predictive pipeline (initiation — risk
architecture assessment — post-claims) with population-care

feedback

Across all three tables, the proposed IHBC framework improves detection quality
(Table 1), reduces end-to-end processing latency by 41.7% (Table 2), and operates on
a data foundation whose scale and quality (Table 3) are consistent with the $3.66B
claim-reimbursement exposure identified in the Methodology as the target of intelligent
benefits coordination.

5.1 Data Sources and Integration

Data must be truthful, precise, up-to-date, and relevant to healthcare. Conflicting
information undermines trust; hence, maintaining data quality is essential. Poor data
quality impedes monitoring, decision-making, costs money, drives away patients, and
contributes to clinical mistakes. A quality framework emphasizes internal and external
stakeholders. Health-related data from various sources can enhance populations’
predictive claims flow and support analytics. Data.

Various management, clinical, and operation data are used to improve productive
analytical research. Such data mostly includes clinical data sets, fund constraint data,
demographic data, health literacy information, economic data, behaviour and life styles
data, social network data, infectious and chronic disease data, geographic distributed
data and health care system data.

The Intelligent Health Benefits Coordination framework proposes relational and
conceptual data management pipelines through data sources like the clinical data
warehouse or data lake and data integration tools. Data from these sources can
contribute to population prediction and estimation of future claims across a variety of
time horizons. It can also provide analytic intelligence on the population to inform
claims prediction for more than just typical event streams.

A two-step approach is used to build such pipelines. First, analytic variables needed for
the analysis, such as claims-generation probabilities, claims-duration probabilities and
claim counts, are investigated. High-danger claims-generation candidates and agents
are also identified. These form the bases for the intelligent prediction of future claims
flow.

6. Conclusion

Scholarly work is an integrating application of empirical studies and predictive
analytical techniques in support of population care analytics, underpinned by the
Intelligent Health Benefits Coordination Framework. The framework, composed of
components and interconnections that constitute intelligent benefits coordination, is
distinct in predicting future claims flow. Prediction guides coordination of health
benefits design and delivery to accelerate both care and predictive strategy design in
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support of analytics and resultant decision-making. Together, timely population
conditions — diagnostic, therapeutic, and remedial — with cases facilitated in external
health systems create a risk-based population care analysis not available in traditional
predictive analytic approaches. The Intelligent Benefits Coordination Framework thus
extends population care analytics into predictive mode. Alignment of predictive claims
flow with test/act-live analytic frameworks completes the design-to-operate-to-
analytical model closure by providing analytical framing and operation-instructive
content.

Risks of unexpected population exposures requiring attention — health services yet
unseen in the life cycle and physical, behavioural or motivational assists yet unprovided
to living patients — highlight the consequent need to ensure success of individual benefit
claims. Health risk frameworks provide a foundation for healthcare redesign along
participate/expose axes, through longitudinal patient/case reporting, collection of
biological sample quantities and formulation of intermediary health conditions — gram
state differences. Analytical action depends on multi-dimensional outcome indication
and predictive pathway controlling commensurate test/act/live requirements. Edge-
intensive edge-close spatial-sequence reporting provides a route for mitigation
strategies and their concurrent-sector development, incorporation, availability and
evaluation, coproducing decision-making and patient-centred care objectives services
for individual training group members.

References

1. Kumar, S. S., Gadi, A. L., Sheelam, G. K., Kummari, D. N.,
Reddy Koppolu, H. K., & Pamisetty, A. (2026). Al-Driven Compliance
and Audit Framework for Manufacturing Infrastructure in Automotive
Connected Services and Financial Ecosystems. In 2026 IEEE
International Conference for Convergence in Computing Technology
(I3CTCON) (pp. 1-6). IEEE.
https://doi.org/10.1109/i3ctcon68242.2026.11507231

2. Blaizot, A., Veettil, S. K., Saidoung, P., Moreno-Garcia, C. F.,
Wiratunga, N., Aceves-Martins, M., Lai, N. M., & Chaiyakunapruk, N.
(2022). Using artificial intelligence methods for systematic review in
health sciences: A systematic review. Research Synthesis Methods,
13(3), 353-362.

3. Mahadevan, S., Desani, N. R., Yadav, P. S., Joseph, T., &
Malcom, A. (2024). FutureTech Innovations. Cari Journals USA LLC.
4. Aitha, A. R., Pamisetty, V., & Recharla, M. (2026). Letter to the
Editor re: “Implementation of deep learning for measurement of penile
curvature on real 2D intraoperative images.” Journal of Pediatric
Urology, 22(5), 106036. https://doi.org/10.1016/}.jpurol.2026.106036
5. Crompton, H., & Burke, D. (2023). Artificial intelligence in
higher education: The state of the field. International Journal of
Educational Technology in Higher Education, 20, Article 22.



12

6. Gorle, R. (2023). Machine Learning-Based Access Risk
Detection in Cloud Identity and Access Management Systems. Journal
of International Crisis and Risk Communication Research, 241-252.
7. Mashetty, S. M. S., & Schneider, D. S. D. (2026). Continuously
Delivered Lakehouse Analytics on Azure Databricks. European Journal
of Advances in Artificial Intelligence, 4(03).

8. Celik, I., Dindar, M., Muukkonen, H., & Jarvela, S. (2022). The
promises and challenges of artificial intelligence for teachers: A
systematic review of research. TechTrends, 66, 616—630.

9. Mondeddula, S. R. (2025). AGENTIC Al ARCHITECTURE
FOR AUTONOMOUS FINANCIAL OPERATIONS AND INTELLIGENT
BANKING WORKFLOW ORCHESTRATION. International Journal of
Applied Mathematics, 38(5s), 1603—-1615.

10. Charfeddine, L., & Umlai, M. (2023). ICT sector, digitization and
environmental sustainability: A systematic review of the literature from
2000 to 2022. Renewable and Sustainable Energy Reviews, 184,
Article 113482.

11. Subramanian, G., Premalatha, V., Peddi, R. K., Qidwai, T.,
Krishnamoorthi, M., & Swetha, B. (2026, August). Explainable
Consumer Behavior Forecasting Using Dynamic Knowledge Graphs.
In 2026 7th International Conference On Computational Vision and Bio
Inspired Computing (ICCVBIC) (pp. 579-586). IEEE.

12. Kaur, R., Gabrijel€i¢, D., & Klobucar, T. (2023). Artificial
intelligence for cybersecurity: Literature review and future research
directions. Information Fusion, 97, Article 101804.

13. Mahadevan, S. (2024). Intelligent Serverless Process
Automation for Scalable Cloud Operations and Dynamic Resource
Optimization. Journal of Computational Analysis and Applications
(JoCAAA), 33(06), 4207-4221.

14. Krishnan, M., Yandamuri, U. S., Recharla, M., Challa, K., Kolla,
S. H., & Valiki, S. (2026). Adaptive Machine Learning Ecosystem for
Personalized Medicine and Digital Finance: Leveraging Azure Cloud,
Data Engineering, and Workflow Automation. In 2026 5th OPJU
International Technology Conference (OTCON) on Smart Computing
for Innovation and Advancement in Industry 5.0 (pp. 1-6). IEEE.
https://doi.org/10.1109/0tcon69332.2026.11629728

15. Dhiman, R., Miteff, S., Wang, Y., Ma, S.-C., Amirikas, R., &
Fabian, B. (2024). Artificial intelligence and sustainability—A review.
Analytics, 3(1), 140-164.

16. Shetty, T. S., Gorle, R., Malani, S. R., Mattaparthi, R., & Kalra,
M. (2026, August). Al-Driven Self-Healing Infrastructure Using
Predictive Material Intelligence. In 2026 7th International Conference



13

On Computational Vision and Bio Inspired Computing (ICCVBIC) (pp.
1876-1883). IEEE.

17. Dwivedi, Y. K., et al. (2021). Atrtificial Intelligence (Al):
Multidisciplinary perspectives on emerging challenges, opportunities,
and agenda for research, practice and policy. International Journal of
Information Management, 57, 101994,

18. Rajeshwari, A., Maheswari, N. U., Umamaheswari, P.,
Josephson, P. J., Mangalampalli, B. M., & Gudada, P. V. (2026, May).
Tree-Structured Regularization Driven CNN Model for Liver Disease
Diagnosis and Classification Using Ultrasound Imaging. In 2026
International Conference on Intelligent and Sustainable Electronics &
Computing Technologies (INSECT) (pp. 1-6). IEEE.

19. Secinaro, S., Calandra, D., Secinaro, A., Muthurangu, V., &
Biancone, P. (2021). The role of artificial intelligence in healthcare: A
structured literature review. BMC Medical Informatics and Decision
Making, 21, Article 125.

20. Gorle, R. (2024). Deep Learning Approaches for Threat
Detection in Multi-Cloud Environments. Journal of Computational
Analysis and Applications (JOCAAA), 33(07), 3857—-3864.

21. Vincent, S. J. P., B, S., Reddy, V. A. R., Jyothi, G. B. N.,
Sundari, K. B. T., & Sheena, B. G. (2026). Hybrid Deep Learning
Framework for Healthcare Diagnosis and Personalized Treatment
Prediction. In 2026 International Conference on Emerging in
Computing Technologies (INCECT) (pp. 1-6). IEEE.
https://doi.org/10.1109/incect72370.2026.11743003

22. Castillo-Martinez, I. M., Flores-Bueno, D., Gomez-Puente, S.
M., & Vite-Leon, V. O. (2024). Al in higher education: A systematic
literature review. Frontiers in Education, 9, Article 1391485.

23. Mahadevan, S. (2024). Empowering Manufacturing: Generative
Al Revolutionizes ERP Application. Int. J. Innov. Sci. Res, 9, 593-595.
24, Heeg, D. M., & Avraamidou, L. (2023). The use of artificial
intelligence in school science: A systematic literature review.
Educational Media International, 60(2), 125-150.

25. Stahl, B. C., Antoniou, J., Bhalla, N., Brooks, L., Jansen, P.,
Lindgvist, B., Kirichenko, A., Marchal, S., Rodrigues, R., Santiago, N.,
Warso, Z., & Wright, D. (2023). A systematic review of artificial
intelligence impact assessments. Atrtificial Intelligence Review, 56,
12799-12831.

26. Bond, M., et al. (2024). A meta systematic review of artificial
intelligence in higher education: A call for increased ethics,
collaboration, and rigour. International Journal of Educational
Technology in Higher Education, 21, Article 4.



14

27. de la Torre-L6pez, J., Ramirez, A., & Romero, J. R. (2023).
Artificial intelligence to automate the systematic review of scientific
literature. Computing, 105, 2171-2194.

28. Goel, A, Raut, G., Sharma, A., & Taneja, U. (2024). Artificial
intelligence and sustainable business: A review. South Asian Journal
of Business and Management Cases, 13(3), 340-365.

29. Kour, R., Karim, R., Dersin, P., & Venkatesh, N. (2024).
Cybersecurity for Industry 5.0: Trends and gaps. Frontiers in Computer
Science, 6, Article 1434436.

30. Mustafa, M. Y., et al. (2024). A systematic review of literature
reviews on artificial intelligence in education (AIED): A roadmap to a
future research agenda. Smart Learning Environments, 11, Article 59.
31. Rajan, A. A., & Vetriselvi, V. (2024). Systematic survey: Secure
and privacy-preserving big data analytics in cloud. Journal of
Computer Information Systems, 64(1), 136—156.

32. Stojanov, A., & Daniel, B. K. (2024). A decade of research into
the application of big data and analytics in higher education: A
systematic review of the literature. Education and Information
Technologies, 29, 5807-5831.

33. Thayyib, P. V., Mamilla, R., Khan, M., Fatima, H., Asim, M.,
Anwar, |, Shamsudheen, M. K., & Khan, M. A. (2023). State-of-the-art
of artificial intelligence and big data analytics reviews in five different
domains: A bibliometric summary. Sustainability, 15(5), Article 4026.
34. Tripathi, S., Bachmann, N., Brunner, M., Rizk, Z., & JodIbauer,
H. (2024). Assessing the current landscape of Al and sustainability
literature: Identifying key trends, addressing gaps and challenges.
Journal of Big Data, 11, Article 65.

35. Wang, S., Wang, F., Zhu, Z., Wang, J., Tran, T., & Du, Z.
(2024). Artificial intelligence in education: A systematic literature
review. Expert Systems with Applications, 252, Article 124167.

36. Yusuf, A., Pervin, N., Roman-Gonzalez, M., & Noor, N. M.
(2024). Generative Al in education and research: A systematic
mapping review. Review of Education, 12, Article e3489.

37. Khanna, N., Khan, Z., Koubaa, A., Khand, M. K., & Salleh, R.
(2024). Global insights and the impact of generative Al-ChatGPT on
multidisciplinary: A systematic review and bibliometric analysis.
Connection Science, 36(1).

38. Garcia-Martinez, |., Fernandez-Batanero, J. M., Fernandez-
Cerero, J., & Leon, S. P. (2023). Analysing the impact of artificial
intelligence and computational sciences on student performance:
Systematic review and meta-analysis. Journal of New Approaches in
Educational Research, 12, 171-197.



15

39. Stahl, B. C., et al. (2023). A systematic review of artificial
intelligence impact assessments. Atrtificial Intelligence Review, 56,
12799-12831.

40. Secinaro, S., et al. (2021). The role of artificial intelligence in
healthcare: A structured literature review. BMC Medical Informatics
and Decision Making, 21, Article 125.

41. Kaur, R., et al. (2023). Artificial intelligence for cybersecurity:
Literature review and future research directions. Information Fusion,
97, Article 101804.

42. Mustafa, M. Y., et al. (2024). A roadmap to a future research
agenda on artificial intelligence in education. Smart Learning
Environments, 11, Article 59.

43. Rajan, A. A., & Vetriselvi, V. (2024). Secure and privacy-
preserving big data analytics in cloud. Journal of Computer Information
Systems, 64(1), 136-156.

44, Charfeddine, L., & Umlai, M. (2023). Literature review from
2000 to 2022 on ICT sector and environmental sustainability.
Renewable and Sustainable Energy Reviews, 184, Article 113482.

45. de la Torre-Lopez, J., et al. (2023). Artificial intelligence to
automate the systematic review of scientific literature. Computing, 105,
2171-2194.

46. Celik, I., et al. (2022). The promises and challenges of artificial
intelligence for teachers: A systematic review of research. TechTrends,
66, 616—630.

47. Crompton, H., & Burke, D. (2023). The state of the field:
Artificial intelligence in higher education. International Journal of
Educational Technology in Higher Education, 20, Article 22.

48. Dhiman, R., et al. (2024). Artificial intelligence and
sustainability—A review. Analytics, 3(1), 140-164.

49, Khanna, N., et al. (2024). Global insights and the impact of
generative Al-ChatGPT on multidisciplinary: A systematic review and
bibliometric analysis. Connection Science, 36(1).



