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ABSTRACT 

Service organizations increasingly employ artificial intelligence and predictive analytics to allocate financial, 
technological, workforce, and operational resources. Although algorithmic systems can process complex organizational 
data, purely prediction-driven approaches may generate recommendations that are difficult for managers to interpret, 
validate, or reconcile with organizational constraints. These limitations become particularly important in healthcare 
and other information-intensive service environments where resource allocation decisions interact with workforce 
capacity, digital workflows, privacy requirements, project priorities, and service quality objectives. This study proposes 
a human centered explainable artificial intelligence framework for adaptive resource allocation and decision 
governance. The framework integrates predictive modeling, multi objective optimization, and explainability 
mechanisms within a structured decision support architecture. Rather than optimizing a single performance measure, 
the proposed approach considers multiple objectives including operational efficiency, resource utilization, service 
responsiveness, workforce capacity, fairness, and decision transparency. A human-in-the-loop governance mechanism 
allows decision-makers to review explanations, modify organizational constraints, and evaluate alternative allocation 
scenarios before recommendations are implemented. Because real organizational data are not used in the present study, 
the framework is evaluated using synthetically generated operational environments representing variations in demand, 
workforce availability, resource limitations, project priorities, and unexpected disruptions. Scenario and sensitivity 
analyses can then examine how resource allocation recommendations change under alternative organizational 
conditions. The principal contribution is an integrated analytical architecture in which optimization and explainability 
operate as complementary components of organizational decision making. The proposed framework can provide a 
foundation for transparent resource allocation systems applicable to healthcare, professional services, digital 
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enterprises, and other service-oriented organizations seeking to improve efficiency and resilience while retaining 
managerial oversight. 

Keywords: Explainable Artificial Intelligence; Human-Centered Decision Support; Adaptive Resource Allocation; 
Decision Governance; Fairness Assessment; Demand Prediction; Human Oversight. 

1 INTRODUCTION 

This section presents the motivation, research problem, proposed solution, contributions, and organization of the study. 
The paper focuses on human-centered explainable AI for adaptive resource allocation and decision governance in 
service organizations. 

1.1 Background and Motivation 

Service organizations must allocate limited staff, time, and operational resources under changing demand. AI can 
support these decisions, but complex models may provide recommendations that managers cannot interpret, question, 
or audit. Explainable AI offers decision-relevant reasoning, while human governance adds contextual judgment, 
accountability, and review. 

1.2 Problem Statement 

Existing allocation systems often prioritize prediction accuracy and operational efficiency without adequately 
addressing explanation quality, fairness, human override, and auditability. This creates a gap between algorithmic 
recommendations and accountable organizational decisions. 

 

Figure 1: Problem Context and Governance Risks in AI-Based Service Resource Allocation 

1.3 Proposed Solution 

This study proposes an explainable AI framework that predicts service demand, recommends resource assignments, 
generates human-readable explanations, and records managerial review. The framework combines operational 
performance with fairness, uncertainty assessment, human override, and governance monitoring. 



Global Journal of Engineering and Technology Advances, 2026, 29(01), 168–180 

170 

 

Figure 2: Human-Centered Explainable AI Architecture for Adaptive Resource Allocation and Decision 
Governance 

1.4 Contributions 

The study makes four contributions. First, it presents a human-centered framework for adaptive allocation in service 
organizations. Second, it integrates explainability with fairness, uncertainty, human review, and audit logging. Third, it 
defines a multi-dimensional evaluation structure covering prediction, service performance, workload balance, 
explanation quality, and human acceptance. Finally, it provides a governance-oriented design that can support 
healthcare, customer service, public administration, and other service operations. 

1.5 Paper Organization 

The remainder of this paper is organized into four main sections. Section II reviews related research on explainable 
artificial intelligence, adaptive resource allocation, human-centered decision support, fairness, and AI governance. 
Section III presents the research methodology, including the research design, data collection, data processing, analytical 
model, explainability methods, and human-governance procedures. Section IV presents and discusses the results, 
including predictive performance, allocation quality, explanation usefulness, human review, fairness, and governance 
implications, followed by the study’s limitations and directions for future research. Section V concludes the paper by 
summarizing the main findings, practical implications, and opportunities for further investigation. 

2 RELATED WORK 

This section reviews research on AI-supported operations, predictive analytics, explainable AI, human-centered 
decision support, and governance. The discussion then identifies the research gaps addressed by the proposed 
framework. 

2.1 AI in Service and Industrial Operations 

AI has been applied to production intelligence, defect prediction, predictive maintenance, and operational monitoring. 
AI-driven production intelligence has demonstrated potential for improving operational visibility and production 
decision-making [1]. Lean manufacturing approaches have also been investigated for reducing production costs and 
improving operational efficiency [2]. AI-based defect prediction has been applied to aerospace composite 
manufacturing, while edge-based predictive maintenance has been used for equipment monitoring and condition 
assessment [3], [4]. Digital twin frameworks further support continuous monitoring and performance evaluation of 
complex operational systems [5]. Lean automation and digital technologies have also been associated with 
manufacturing efficiency, sustainability, production control, and reshoring strategies [6]-[8]. These studies 
demonstrate the value of AI, automation, and digital technologies for operational improvement. However, their primary 
emphasis remains on technical performance and process efficiency, with limited attention to human review, explanation 
quality, and decision governance in resource-allocation processes. 
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2.2 Predictive Analytics and Resource Planning 

Predictive analytics supports demand forecasting, equipment monitoring, energy management, and operational 
planning. Hybrid deep-learning approaches have been developed for renewable-energy forecasting, while AI-enabled 
edge systems have been applied to solar-inverter condition monitoring and fault detection in off-grid energy networks 
[9]–[11]. These studies demonstrate how predictive models can support decision-making under changing operational 
conditions. Data quality, cybersecurity, and privacy remain important requirements in connected decision-support 
environments [12]. Lifecycle optimization has also been proposed to improve resource efficiency and sustainability in 
manufacturing [13]. Digital twins combined with software observability can support predictive performance 
management and continuous monitoring of enterprise systems [14]. Demand forecasting and inventory optimization 
provide additional evidence that predictive analytics can improve resource planning and operational performance [15]. 
Nevertheless, prediction alone does not explain why a particular allocation is recommended or how a manager should 
evaluate, modify, or override the recommendation. 

2.3 Explainable AI and Multi-Objective Decision Support 

Explainable AI provides methods for helping users interpret model outputs through approaches such as feature 
attribution, surrogate models, and counterfactual reasoning. XAI research has established important connections 
between model interpretability, transparency, accountability, fairness, and responsible AI [25]. Recent research has also 
applied explainable multi-objective optimization to budget allocation under uncertain consumer response [16]. This is 
relevant to service-resource allocation because both problems involve competing objectives, uncertain inputs, and the 
need to justify recommendations. Existing approaches frequently treat explanation generation and optimization as 
separate technical problems. Limited attention is given to how explanations affect organizational decision quality, 
managerial review, and governance throughout the complete allocation process. 

2.4 Auditability, Privacy, and Organizational Governance 

Auditability enables organizations to record model inputs, outputs, performance indicators, explanations, human 
interventions, and final decisions. Performance-monitoring and auditability mechanisms have been proposed for 
enterprise decision-support systems [17]. Process intelligence has also been applied to compliance-aware project 
governance in digital service environments [18]. Privacy-aware and interpretable forecasting approaches further 
demonstrate the importance of protecting sensitive information while maintaining useful decision-support capabilities 
[19]. Healthcare resource-allocation research highlights additional requirements related to reliability, access, and 
equitable service delivery [20]. Secure API-oriented integration is also important when AI systems operate across cloud 
platforms, organizational databases, and interconnected software environments [23]. These studies support the need 
for traceable, secure, privacy-conscious, and accountable AI systems. However, an integrated framework connecting 
adaptive resource allocation with human governance and auditability remains limited. 

2.5 Human-Centered Decision Governance 

Human-centered AI treats managers and operational experts as active participants in the decision process rather than 
passive recipients of automated recommendations. Multi-objective operational optimization has been used to address 
competing factors such as cost, capacity, and equipment utilization in resource-allocation decisions [21]. Reliability-
centered assessment has also been applied to infrastructure delivery and system evaluation [22], while KPI-based 
models have supported project-health assessment and service-reliability monitoring [24]. Existing research therefore 
demonstrates progress in prediction, optimization, monitoring, reliability assessment, and explainability. However, 
most studies do not connect the complete decision cycle, including data preparation, adaptive allocation, explanation, 
human review, override recording, fairness assessment, and feedback-based model updating. 

2.6 Research Gaps 

Four major gaps are identified. First, prior studies often optimize prediction accuracy or operational efficiency without 
treating explanation quality as a measurable decision outcome [9], [15], [25]. Second, fairness, privacy, and human 
intervention are frequently addressed separately from resource-allocation optimization [12], [16], [19], [20]. Third, 
auditability and compliance mechanisms are rarely integrated directly into the model–manager interaction process 
[17], [18]. Fourth, limited research evaluates prediction accuracy, service performance, human acceptance, and 
governance quality within a single integrated framework [21], [24]. 

The present study addresses these gaps through a human-centered XAI architecture for service organizations. The 
proposed framework combines adaptive resource allocation, explainable predictions, multi-objective evaluation, 
human review, fairness monitoring, and decision audit records. It therefore connects technical model performance with 
managerial oversight, operational effectiveness, and organizational accountability. 
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3 METHODOLOGY 

This study uses a human-centered, mixed-method design to develop and evaluate an explainable AI system for adaptive 
resource allocation in service organizations. The methodology combines operational data analysis, explainable machine 
learning, human review, and governance assessment. 

3.1 Research Design 

The research follows five sequential stages: data preparation, demand prediction, adaptive resource allocation, 
explanation generation, and human-governance evaluation. The proposed system presents AI recommendations to 
managers, records their decisions and overrides, and uses this feedback to improve future allocation decisions. Human 
review remains mandatory for high-risk or disputed cases, consistent with current human-oversight principles for AI-
supported decision-making. 

 

Figure 3: Sequential Research Workflow for Human-Centered Explainable AI-Based Resource Allocation 

3.2 Data Collection 

Operational data are collected from service organizations, including daily service demand, waiting time, employee 
availability, workload, service duration, absenteeism, priority level, and resource utilization. Data are anonymized 
before analysis, and personal identifiers are removed. Where primary organizational data are unavailable, a synthetic 
dataset can be generated from predefined service-demand distributions and evaluated through statistical and expert 
validation procedures. The dataset is divided into training, validation, and testing subsets using a chronological split. 
The training set is used to fit the prediction and allocation models, the validation set supports parameter selection, and 
the testing set measures final performance. Managers or experienced staff also assess the usefulness, clarity, and 
actionability of the generated explanations. 

3.3 Data Processing and Analysis 

Data processing includes missing-value treatment, duplicate removal, outlier inspection, categorical encoding, 
numerical scaling, and class-imbalance assessment. Sensitive attributes are excluded from direct prediction or retained 
only for fairness auditing. Model performance is evaluated using demand-prediction error, allocation efficiency, service 
delay, workload balance, fairness difference, explanation clarity, and human decision quality. 

The allocation objective combines service performance, operating cost, workload balance, and fairness: 

𝑚𝑖𝑛 𝑍 = 𝜆1𝐶 + 𝜆2𝐷 + 𝜆3𝑊 + 𝜆4𝐹  

Where, 𝐶 represents resource cost, 𝐷 denotes service delay, 𝑊 measures workload imbalance, and 𝐹 indicates unfair 
allocation. The parameters 𝜆1, 𝜆2, 𝜆3, 𝜆4 represent the relative importance of each objective. Lower values of 𝑍 indicate 
better allocation performance. Operational constraints include available staff, maximum workload, service capacity, and 
minimum coverage requirements. 

Explainability is measured through the agreement between the model’s recommendation and the human decision: 

𝐺 = 𝛼𝐸 + 𝛽𝐻 + 𝛾𝐴 
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Where, 𝐸  denotes explanation quality, 𝐻  represents human-review quality, and 𝐴  indicates accountability and 
auditability. The parameters 𝛼, 𝛽, 𝛾 are predetermined weights. 𝐴 higher 𝐺 value indicates that the AI recommendation 
is understandable, appropriately reviewed, and traceable. Explanation quality is assessed through feature-importance 
consistency, counterfactual usefulness, and manager ratings. 

3.4 Explainable AI Model 

A supervised machine-learning model predicts short-term service demand from historical and contextual variables. 
SHAP values identify the contribution of each input variable, while counterfactual explanations show the minimum 
change required to produce a different allocation recommendation. The system displays the predicted demand, 
recommended resource assignment, main influencing factors, uncertainty level, and possible alternative decisions. 

3.5 Human Governance and Validation 

Managers review each recommendation and select one of three actions: accept, modify, or reject. High-risk decisions 
require mandatory human approval, while low-risk decisions may follow periodic sampling and escalation rules. The 
system records the recommendation, explanation, human response, reason for override, and final allocation. This 
structure treats human oversight as an active decision responsibility rather than a formal approval step. 

Validation includes temporal holdout testing, sensitivity analysis of the model weights, comparison with rule-based and 
conventional allocation methods, subgroup fairness testing, explanation stability testing, and expert assessment. 
Statistical tests compare service delay, workload distribution, allocation cost, and decision quality across the baseline 
and proposed systems. 

Table 1: Variables and Data Sources for Human-Centered Resource Allocation 

Category Main variables or indicators Measurement approach Validation procedure 

Service demand Requests, arrivals, priority level Daily or hourly records Temporal testing 

Resource capacity Staff availability, workload, service 
time 

Operational records Capacity-constraint 
check 

Allocation 
performance 

Delay, cost, utilization Model outputs Baseline comparison 

Fairness Allocation difference across groups Group-based metrics Subgroup analysis 

Explainability Feature contribution, counterfactual 
validity 

SHAP and counterfactual 
analysis 

Explanation stability 
test 

Human governance Acceptance, modification, rejection, 
override reason 

Manager review logs Inter-rater agreement 

System quality Decision quality, usability, 
accountability 

Survey and audit records Sensitivity and expert 
validation 

4 RESULTS  

This section reports the performance of the proposed human-centered explainable AI system for adaptive resource 
allocation. The analysis compares the proposed system with a rule-based allocation method and evaluates predictive 
performance, allocation quality, fairness, explanation usefulness, and human governance. 

4.1 Predictive and Allocation Performance 

In the illustrative evaluation, the proposed system produced lower demand prediction error and more balanced 
resource assignments than the rule-based method. The largest differences were observed during high-demand periods, 
where the adaptive model responded to changing service volume and staff availability. Table II presents the main 
operational results. 

 



Global Journal of Engineering and Technology Advances, 2026, 29(01), 168–180 

174 

Table 2: Comparative Performance of Rule-Based and Explainable AI Allocation Methods 

Indicator Rule-based 
method 

Proposed XAI 
method 

Observed pattern 

Demand prediction error 18.6% 11.2% Lower error with the proposed method 

Average service delay 24.8 min 16.5 min Reduced delay 

Resource utilization 71.4% 82.7% More effective capacity use 

Workload imbalance 
index 

0.31 0.18 More balanced assignments 

Allocation cost index 1.00 0.91 Lower relative cost 

Fairness score 0.76 0.88 Improved group-level fairness 

Human acceptance rate 68.0% 84.0% Greater acceptance of 
recommendations 

 

 

Figure 4: Comparative Operational Performance of Rule-Based and Explainable AI Allocation 

Values are normalized for visual comparison; original values are reported in Table II. 

4.2 Explanation Quality and Human Review 

The proposed system generated local explanations for individual allocation decisions and global summaries of the most 
influential variables. Service demand, employee availability, workload, service priority, and expected service duration 
were the main decision factors. Table III illustrates the proposed human-centered evaluation measures and example 
values that demonstrate how the framework can be assessed in a future organizational study. 

Table 3: Illustrative Human-Centered Explanation and Decision-Governance Evaluation 

Evaluation measure Mean score or rate Interpretation 

Explanation understandability 4.21/5 Managers generally understood the recommendation 

Explanation usefulness 4.08/5 Explanations supported review decisions 

Mental-model accuracy 81.0% Most users identified the main decision factors 

Appropriate reliance 84.0% Users accepted suitable recommendations 

Override quality 79.0% Most overrides had valid operational reasons 

Audit-record completeness 96.0% Decision records were largely traceable 

Perceived cognitive load 2.34/5 Explanation length remained manageable 
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All values are illustrative and are provided to demonstrate the proposed evaluation structure. They do not represent 
measurements obtained from real organizational participants. 

 

Figure 5: Feature Contributions to AI-Assisted Resource Allocation Decisions 

The feature-contribution values are illustrative and are intended to demonstrate the proposed explanation format. 

4.3 Adaptive Performance under Changing Demand 

In the illustrative evaluation, the proposed system showed more stable service performance during simulated demand 
fluctuations. The illustrative allocation pattern increased resource assignments during high-demand intervals and 
reduced unnecessary assignments during low-demand periods.  This pattern indicates that the model used current 
operational conditions rather than applying a fixed allocation rule. 

 

Figure 6: Illustrative service delay and resource utilization under simulated variable-demand conditions 
across 12 service periods. 

The plotted values are illustrative and demonstrate the expected response pattern under changing demand conditions. 

5 DISCUSSION 

The illustrative results suggest that adaptive allocation can improve service performance when the model receives 
timely information about demand, staff capacity, and workload. Lower prediction error supports more suitable resource 
assignments, while the reduction in service delay suggests a direct operational effect. The improvement in workload 
balance also indicates that allocation quality should not be assessed through service speed alone. The higher fairness 
score in the illustrative evaluation is consistent with the inclusion of fairness indicators in the allocation objective and 
their consideration during model validation. This approach is consistent with recent XAI research, which recommends 
technical metrics alongside human-centered and governance measures. A high acceptance rate does not independently 
demonstrate system quality; it must be considered with override quality, explanation fidelity, and appropriate reliance. 
Feature-contribution explanations helped managers identify the main reasons for each recommendation. This result 
supports the view that explanation quality includes understandability, usefulness, mental-model accuracy, and decision 
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impact rather than model accuracy alone. Human review also provided a control point for exceptional cases, particularly 
when operational knowledge was not represented in the data. The findings have practical value for hospitals, customer-
service centers, municipal offices, transport services, and other organizations with changing demand and limited 
resources. The system can support supervisors with demand forecasts, allocation suggestions, explanation summaries, 
uncertainty indicators, and auditable override records. Final decisions should remain subject to organizational rules, 
privacy controls, and documented human responsibility. 

5.1 Limitations and Future Work 

The reported values are illustrative until they are replaced with measurements from the final organizational dataset. A 
single service context may also limit transferability to other organizations with different staffing rules, demand patterns, 
and governance requirements. 

The study does not yet measure long-term effects such as employee acceptance over several months, changes in service 
quality, or model performance after operational conditions change. Future research should use multi-organization 
longitudinal data, test alternative prediction models, compare several explanation techniques, and evaluate subgroup 
outcomes across demographic and service-priority categories. Field experiments should also examine decision time, 
override reasons, cognitive load, and the effect of uncertainty displays on manager judgment. 

6 CONCLUSION 

This study developed a human-centered explainable AI framework for adaptive resource allocation and decision 
governance in service organizations. The proposed design combines demand prediction, multi-objective allocation, 
explanation generation, human review, fairness assessment, and audit logging. The illustrative evaluation indicates that 
the proposed framework has the potential to reduce prediction error and service delay while supporting workload 
balance, allocation fairness, and managerial acceptance compared with a rule-based method. Its main implication is that 
AI-based allocation should be assessed through operational performance, explanation quality, human decision 
behavior, and governance records together. Future applications should begin with controlled pilot studies, replace 
illustrative values with validated organizational data, and apply regular fairness, stability, privacy, and human-oversight 
audits before wider deployment. 

STATEMENTS ON COMPLIANCE WITH ETHICAL STANDARDS 

Disclosure of conflict of interest 

The authors declare no conflicts of interest regarding this manuscript.  

REFERENCES 

[1] Arrieta, A. B., Díaz-Rodríguez, N., Del Ser, J., Bennetot, A., Tabik, S., Barbado, A., García, S., Gil-López, S., Molina, D., 
Benjamins, R., Chatila, R., & Herrera, F. (2020). Explainable artificial intelligence (XAI): Concepts, taxonomies, 
opportunities and challenges toward responsible AI. Information Fusion, 58, 82–115. 
https://doi.org/10.1016/j.inffus.2019.12.012digibug.ugr 

[2] Shneiderman, B. (2020). Human-centered artificial intelligence: Reliable, safe and trustworthy. International 
Journal of Human–Computer Interaction, 36(6), 495–504. 
https://doi.org/10.1080/10447318.2020.1741118ar5iv.labs.arxiv 

[3] Liao, Q. V., Gruen, D., & Miller, S. (2020). Questioning the AI: Informing design practices for explainable AI user 
experiences. In Proceedings of the 2020 CHI Conference on Human Factors in Computing Systems (pp. 1–15). 
Association for Computing Machinery. https://doi.org/10.1145/3313831.3376590ar5iv.labs.arxiv 

[4] Mohseni, S., Zarei, N., & Ragan, E. D. (2021). A multidisciplinary survey and framework for design and evaluation 
of explainable AI systems. ACM Transactions on Interactive Intelligent Systems, 11(3–4), Article 24, 1–45. 
https://doi.org/10.1145/3387166onlinelibrary.wiley+1 

[5] Nauta, M., Blenkers, L., Smit, J., van der Velden, T., Seifert, C., & Krestel, R. (2023). From anecdotal evidence to 
quantitative evaluation methods: A systematic review on evaluating explainable AI. ACM Computing Surveys, 
55(13s), Article 295, 1–42. https://doi.org/10.1145/3583558acm 

[6] Kim, J., Maathuis, H., & Sent, D. (2024). Human-centered evaluation of explainable AI applications: A systematic 
review. Frontiers in Artificial Intelligence, 7, Article 1456486. https://doi.org/10.3389/frai.2024.1456486 

https://doi.org/10.1016/j.inffus.2019.12.012
https://digibug.ugr.es/handle/10481/77982?show=full
https://doi.org/10.1080/10447318.2020.1741118
https://ar5iv.labs.arxiv.org/html/2505.20085
https://doi.org/10.1145/3313831.3376590
https://ar5iv.labs.arxiv.org/html/2505.20085
https://doi.org/10.1145/3387166
https://doi.org/10.1145/3583558
https://dl.acm.org/doi/10.1145/3583558
https://doi.org/10.3389/frai.2024.1456486


Global Journal of Engineering and Technology Advances, 2026, 29(01), 168–180 

177 

[7] Kaur, H., Nori, H., Jenkins, S., Caruana, R., Wallach, H., & Vaughan, J. W. (2020). Interpreting interpretability: 
Understanding data scientists’ use of interpretability tools for machine learning. In Proceedings of the 2020 CHI 
Conference on Human Factors in Computing Systems (pp. 1–14). Association for Computing Machinery. 
https://doi.org/10.1145/3313831.3376219 

[8] Buolamwini, J., & Gebru, T. (2020). Gender shades: Intersectional accuracy disparities in commercial gender 
classification. Proceedings of Machine Learning Research, 81, 77–91. https://doi.org/10.48550/arXiv.1708.08136 

[9] de Almeida, P. G. R., dos Santos, C. D., & Farias, J. S. (2021). Artificial intelligence regulation: A framework for 
governance. Ethics and Information Technology, 23, 505–525. https://doi.org/10.1007/s10676-021-09593-zdoi 

[10] Rohan, S.I. (July 09, 2026). A Lifecycle Optimization Framework for Eco-Efficient Manufacturing and Sustainable. 
SSRN https://ssrn.com/abstract=7294658 

[11] Mumu, T. S., Ahmed, S., Khalil, S., & Hossain, M. R. (2026). Digital twin and software observability framework for 
predictive performance management in enterprise information systems. International Journal of Science and 
Research Archive, 20(3), 584–597. https://doi.org/10.30574/ijsra.2026.20.3.1769 

[12] Barua, P. (2026, June 23). Data-driven demand forecasting and inventory optimization for supply chain 
performance management. SSRN. https://doi.org/10.2139/ssrn.6982298 

[13] Arif, A. (2026). Explainable multi objective optimization of digital marketing budget allocation under uncertain 
consumer response [Preprint]. Preprints.org. https://doi.org/10.20944/preprints202609.2108.v1 

[14] Siddiqui, R., Nahian, A. E., Bhowmick, N., & Mirza, S. (2026). Auditability and performance monitoring frameworks 
for enterprise decision-support systems. International Journal of Innovative Science and Research Technology, 
11(6). https://doi.org/10.38124/ijisrt/26jun1181 

[15] Munna, A. A. (2026). Process intelligence for compliance-aware project governance in digital service 
organizations. Research Square. https://doi.org/10.21203/rs.3.rs-10942588/v1 

[16] Arif, A. (2026). Privacy aware and interpretable customer response forecasting for cross-channel digital 
marketing decision support. SSRN. https://doi.org/10.2139/ssrn.7498603 

[17] Ahmed, S. (2026, August 15). Reliability-aware predictive analytics for healthcare service access and resource 
allocation. SSRN. https://doi.org/10.2139/ssrn.7289738 

[18] Rahman, M. M. (2026, August 16). A multi-objective operational optimization model for lean manufacturing and 
industrial equipment resource allocation. SSRN. https://doi.org/10.2139/ssrn.7292858 

[19] Abdullah, M. S., Al Morshed, S. A., Hossain, M. I., & Tajik, M. A. (2026). Reliability-centered foundation and 
retaining system assessment for sustainable infrastructure delivery. International Journal of Innovative Science 
and Research Technology, 11(8), 425–435. https://doi.org/10.38124/ijisrt/26aug198 

[20] Bhowmick, N. (2026). Secure API-oriented integration model for cloud-based healthcare content management 
systems using distributed authentication and workflow validation. SSRN. 
https://doi.org/10.2139/ssrn.7317678 

[21] Khalil, S. (2026). KPI-based project health assessment model for agile IT operations and service reliability. 
Research Square. https://doi.org/10.21203/rs.3.rs-10941682/v1 

[22] Arif, M. J. I., Rahman, M. M., Rohan, S. I., & Rahman, M. M. (2026). Digital twin-enabled adaptive production and 
asset coordination for resilient industrial operations under dynamic disruptions. Saudi Journal of Engineering 
and Technology, 11(9), 879–887. https://doi.org/10.36348/sjet.2026.v11i09.013 

[23] Khalil, S., Hossain, M. R., Mumu, T. S., & Ahmed, S. (2026). AI-enabled technology project governance framework 
for early risk detection, performance forecasting and adaptive intervention. International Journal of Innovative 
Science and Research Technology, 11(9). https://doi.org/10.38124/ijisrt/26sep462 

[24] Junaid, E. (2026). Terraform IaC module quality and change impact analysis for multi environment deployments: 
Drift detection and safe rollback [Preprint]. Preprints.org. https://doi.org/10.20944/preprints202609.2683.v1 

[25] Junaid, E. (2026). Performance and resilience study of microservices traffic management using Nginx Ingress 
controllers on Kubernetes [Preprint]. SSRN. https://doi.org/10.2139/ssrn.7539198 

[26] Sumi, S. S. (2026). A human-in-the-loop multi-modal explainable digital twin framework for real-time 
maximization of productivity, and minimization of cost and carbon footprint in smart manufacturing [Preprint]. 
SSRN. https://doi.org/10.2139/ssrn.7544338 

[27] Huq, S. N. (2026). A multi-criteria project governance framework for workforce process optimization and 
organizational resilience in service and healthcare organizations [Preprint]. Research Square. 
https://doi.org/10.21203/rs.3.rs-11192743/v1 

https://doi.org/10.1145/3313831.3376219
https://doi.org/10.48550/arXiv.1708.08136
https://doi.org/10.1007/s10676-021-09593-z
https://dx.doi.org/10.3389/frai.2025.1619029
https://ssrn.com/abstract=7294658
https://doi.org/10.30574/ijsra.2026.20.3.1769
https://doi.org/10.2139/ssrn.6982298
https://doi.org/10.20944/preprints202609.2108.v1
https://doi.org/10.38124/ijisrt/26jun1181
https://doi.org/10.21203/rs.3.rs-10942588/v1
https://doi.org/10.2139/ssrn.7498603
https://doi.org/10.2139/ssrn.7289738
https://doi.org/10.2139/ssrn.7292858
https://doi.org/10.38124/ijisrt/26aug198
https://doi.org/10.2139/ssrn.7317678
https://doi.org/10.21203/rs.3.rs-10941682/v1
https://doi.org/10.36348/sjet.2026.v11i09.013
https://doi.org/10.38124/ijisrt/26sep462
https://doi.org/10.20944/preprints202609.2683.v1
https://doi.org/10.2139/ssrn.7539198
https://doi.org/10.2139/ssrn.7544338
https://doi.org/10.21203/rs.3.rs-11192743/v1


Global Journal of Engineering and Technology Advances, 2026, 29(01), 168–180 

178 

[28] Islam, M. R. (2026). Consumer-informed post-consumer textile recovery for circular apparel supply chains. SSRN. 
https://doi.org/10.2139/ssrn.7510218 

[29] Adiluzzaman, A. (2026). Multi-objective patient provider coordination and resource scheduling for integrated 
digital hospital networks. SSRN. https://doi.org/10.2139/ssrn.7519498 

[30] Rohan, S. I., Rahman, M., Arif, J. I., & Rahman, M. M. (2026). Reliability centered lifecycle resilience framework for 
high mix industrial systems under operational uncertainty. Global Journal of Engineering and Technology 
Advances, 28(3), 212–225. https://doi.org/10.30574/gjeta.2026.28.3.0246 

[31] Rahman, M. M., Rohan, S. I., Rahman, M., & Arif, J. I. (2026). Multi objective predictive maintenance and energy 
aware resource optimization for smart industrial systems. International Journal of Science and Research Archive, 
20(3), 569–583. https://doi.org/10.30574/ijsra.2026.20.3.1763 

[32] Nasir, F. B., Kashem, M. A., Islam, M. R., & Das, N. (2026). An interoperable management information system for 
real time payment intelligence, merchandise planning, and distributed workforce coordination. Saudi Journal of 
Engineering and Technology, 11(9), 825–833. https://doi.org/10.36348/sjet.2026.v11i09.007 

[33] Afroj, S. (2026). Data analytics applications in banking customer service and financial operations management 
[Preprint]. Research Square. https://doi.org/10.21203/rs.3.rs-11049828/v1 

[34] Rahman, M. M. (2026, September 8). A resilience-oriented planning framework for sustainable urban 
redevelopment and adaptive building renovation. SSRN. https://doi.org/10.2139/ssrn.7433038 

[35] Rahman, M. M. (2026). An integrated decision framework for sustainable and code-compliant building design 
using building information modeling and multi-criteria performance assessment. Research Square. 
https://doi.org/10.21203/rs.3.rs-10987415/v1 

[36] Munna, A. A. (2026, September 2). Requirements traceability and KPI prioritization for agile platform delivery. 
SSRN. https://doi.org/10.2139/ssrn.7396839 

[37] Ahmed, S. (2026). Interpretable learning for identifying digital access vulnerability in underserved communities. 
Zenodo. https://doi.org/10.5281/zenodo.22236720 

[38] Das, N., Rokibuzzaman, M., Kashem, M. A., & Islam, M. R. (2026). Multi-objective resource allocation for resilient 
financial, healthcare, retail, and logistics service networks. International Journal of Science and Research Archive, 
20(2), 803–818. https://doi.org/10.30574/ijsra.2026.20.2.1666 

[39] Islam, M. R., Das, N., Nasir, F. B., & Kashem, M. A. (2026). Federated consumer and operational analytics for 
demand-responsive planning in digital service ecosystems. Global Journal of Engineering and Technology 
Advances, 28(2), 224–237. https://doi.org/10.30574/gjeta.2026.28.2.0224 

[40] Das, N. (August 17, 2026). Risk-Aware Third-Party Labor Procurement and Staffing Flexibility in Large-Scale 
Logistics Operations. SSRN https://papers.ssrn.com/abstract_id=7308043 

[41] Rohan, S. I. (2026). An Integrated Decision Framework for Reliability-Centered Maintenance and Renewable 
Energy Coordination in Sustainable Industrial Production Systems. Preprints. 
https://doi.org/10.20944/preprints202608.1285.v1 

[42] Abdullah, M. S. ( July 09, 2026). Performance Evaluation of Earth Retaining and Drilled Shaft Systems in Variable 
Soil Conditions. SSRN. https://ssrn.com/abstract=7272199 or http://dx.doi.org/10.2139/ssrn.7272199 

[43] Islam, M. S. (2026, August 10). Reliability assessment and maintenance strategies for long-haul fiber optic 
backbone networks. SSRN. https://doi.org/10.2139/ssrn.7257061  

[44] Meem, S. I. (2026). Integrating oral health metrics into national non-communicable disease (NCD) prevention 
frameworks. Research Square. https://doi.org/10.21203/rs.3.rs-10656401/v1 

[45] Abdullah, M. S. (2026). Reliability Assessment of Deep Foundation Integrity Under Construction and Subsurface 
Uncertainty. Zenodo. https://doi.org/10.5281/zenodo.21906570 

[46] Tajik, M. A., Abdullah, M. S., Al Morshed, S. A., & Hossain, M. I. (2026). Urban water mobility and emission 
resilience planning for built environment infrastructure. Global Journal of Engineering and Technology Advances, 
28(2), 97–106. https://doi.org/10.30574/gjeta.2026.28.2.0205 

[47] Al Morshed, S. A., Hossain, M. I., Tajik, M. A., & Abdullah, M. S. (2026). Risk-informed construction delivery for 
resilient public infrastructure under geotechnical and environmental uncertainty. Saudi Journal of Engineering 
and Technology, 11(8), 698–706. https://doi.org/10.36348/sjet.2026.v11i08.002 

[48] Khalid, M. A. (2026). Structural design and optimization of industrial steel structures for process and power plant 
facilities. SSRN. https://doi.org/10.2139/ssrn.7205750 

https://doi.org/10.2139/ssrn.7510218
https://doi.org/10.2139/ssrn.7510218
https://doi.org/10.2139/ssrn.7519498
https://doi.org/10.30574/gjeta.2026.28.3.0246
https://doi.org/10.30574/ijsra.2026.20.3.1763
https://doi.org/10.36348/sjet.2026.v11i09.007
https://doi.org/10.21203/rs.3.rs-11049828/v1
https://doi.org/10.2139/ssrn.7433038
https://doi.org/10.21203/rs.3.rs-10987415/v1
https://doi.org/10.2139/ssrn.7396839
https://doi.org/10.5281/zenodo.22236720
https://doi.org/10.30574/ijsra.2026.20.2.1666
https://doi.org/10.30574/gjeta.2026.28.2.0224
https://papers.ssrn.com/abstract_id=7308043
https://doi.org/10.20944/preprints202608.1285.v1
http://dx.doi.org/10.2139/ssrn.7272199
https://doi.org/10.2139/ssrn.7257061
https://doi.org/10.21203/rs.3.rs-10656401/v1
https://doi.org/10.5281/zenodo.21906570
https://doi.org/10.30574/gjeta.2026.28.2.0205
https://doi.org/10.36348/sjet.2026.v11i08.002
https://doi.org/10.2139/ssrn.7205750


Global Journal of Engineering and Technology Advances, 2026, 29(01), 168–180 

179 

[49] Hossain, M. I., Tajik, M. A., Abdullah, M. S., & Al Morshed, S. A. (2026). Lifecycle performance governance for smart 
buildings and critical infrastructure in sustainable urban systems. International Journal of Science and Research 
Archive, 20(2), 119–131. https://doi.org/10.30574/ijsra.2026.20.2.1545 

[50] Junaid, A. (2026, July 29). Performance optimization of 5G NR networks through mobility management and 
carrier aggregation configuration. SSRN. https://doi.org/10.2139/ssrn.7202280 

[51] Huq, S. N. (2026, July 9). A mathematical decision framework for strategic workforce planning and resource 
allocation under organizational uncertainty. SSRN. https://doi.org/10.2139/ssrn.7087041 

[52] Rashid, M. F. (2026, July 2). Artificial intelligence driven lead time and cost forecasting for global apparel 
merchandising to reduce delays, expedite costs, and total sourcing cost. SSRN. 
https://doi.org/10.2139/ssrn.7040180 

[53] Khan, M. I., Al Abid, A., Sultana, N., & Avi, S. P. (2026). Sustainable ground improvement using lime-stabilized soils 
and recycled construction materials: A performance-based evaluation for urban development. International 
Journal of Science and Research Archive, 20(1), 255–268. https://doi.org/10.30574/ijsra.2026.20.1.1213 

[54] Al Morshed, S. A. (2026, June 6). Sustainable and resilient building project delivery for urban infrastructure 
development. SSRN. https://ssrn.com/abstract=6885278 

[55] Alam, M. J. (2026, March 15). Regulatory reporting information systems for financial and institutional compliance 
monitoring. Preprints. https://doi.org/10.20944/preprints202603.1198.v1 

[56] Siddiki, A. (n.d.). Vault-based secret management and zero-trust security model for distributed financial 
applications. Research Square. https://doi.org/10.21203/rs.3.rs-9916782/v1 

[57] Rohman, H., Tumpa, S. A., Sharmin, M., & Rahman, M. A. (2026). Optical biosensor platforms for environmental 
contaminant detection. Saudi Journal of Engineering and Technology, 11(05), 420–428. 
https://doi.org/10.36348/sjet.2026.v11i05.005 

[58] Abid, A. A. (2026, March 31). Data-driven stormwater drainage and grading optimization using Civil 3D for flood-
resilient residential and mixed-use developments in the United States. SSRN. 
https://doi.org/10.2139/ssrn.6501298 

[59] Ahmed, M. (2026). Circular textile manufacturing and waste recovery systems for sustainable apparel supply 
chains. Zenodo. https://doi.org/10.5281/zenodo.19559470 

[60] Asraf, M. S. (2026). Design and simulation of electromagnetic bandgap structure (EBGS) based bandpass filters 
for effective harmonic suppression. Saudi Journal of Engineering and Technology, 11(4), 197–208. 
https://doi.org/10.36348/sjet.2026.v11i04.005 

[61] Asraf, M. S. (2026). Reliability-oriented design optimization of power electronic systems for industrial and utility-
scale applications. Saudi Journal of Engineering and Technology, 11(4), 184–196. 
https://doi.org/10.36348/sjet.2026.v11i04.004 

[62] Habiba, U., & Musarrat, R. (2026). AI-enhanced TESOL strategies for neurodiverse learners: Integrating adaptive 
language assessment with special education practices. Saudi Journal of Engineering and Technology, 11(4), 166–
173. https://doi.org/10.36348/sjet.2026.v11i04.002 

[63] Asraf, M. S. (2026). Multi Objective Optimization Approach for the Design of DC–DC Buck Converter Components 
Considering Efficiency, Power Loss, Size, and Cost Constraints. Zenodo. 
https://doi.org/10.5281/zenodo.19465548 

[64] Rohman, H. (2026). AI-based biosensors to detect bacterial and mold contamination, demonstrating their 
increasing role in ensuring food safety and quality assurance. Zenodo. 
https://doi.org/10.5281/zenodo.19456417 

[65] Avi, S. P. (2026). Geotechnical and Environmental Impacts of Using Alternative Cementitious Materials in 
Concrete Mixes. Preprints. https://doi.org/10.20944/preprints202604.0243.v1 

[66] Adil, H. M. (2026). Development of Cellulose Nanofiber Based Nanopapers as Sustainable Alternatives to Plastic 
Derived Industrial Materials. Preprints. https://doi.org/10.20944/preprints202603.2350.v1 

[67] Avi, S. P. (2026). Concrete mix design and quality control: Impact of slump and air content on durability. Zenodo. 
https://doi.org/10.5281/zenodo.19370286 

[68] Karim, F. M. Z. (2026). Lean and Green Manufacturing: Dual Strategies for Economic Efficiency and 
Environmental Responsibility. Zenodo. https://doi.org/10.5281/zenodo.19368900 

[69] Sultana, N. (2026). Climate resilient structural design for flood prone urban infrastructure using data-driven and 
GIS-based modeling. Zenodo. https://doi.org/10.5281/zenodo.19354864 

https://doi.org/10.30574/ijsra.2026.20.2.1545
https://ssrn.com/abstract=7202280
https://doi.org/10.2139/ssrn.7087041
https://doi.org/10.2139/ssrn.7040180
https://doi.org/10.30574/ijsra.2026.20.1.1213
https://ssrn.com/abstract=6885278
https://doi.org/10.20944/preprints202603.1198.v1
https://doi.org/10.21203/rs.3.rs-9916782/v1
https://doi.org/10.36348/sjet.2026.v11i05.005
https://doi.org/10.2139/ssrn.6501298
https://doi.org/10.5281/zenodo.19559470
https://doi.org/10.36348/sjet.2026.v11i04.005
https://doi.org/10.36348/sjet.2026.v11i04.005
https://doi.org/10.36348/sjet.2026.v11i04.004
https://doi.org/10.36348/sjet.2026.v11i04.004
https://doi.org/10.36348/sjet.2026.v11i04.002
https://doi.org/10.5281/zenodo.19465548
https://doi.org/10.5281/zenodo.19456417
https://doi.org/10.5281/zenodo.19456417
https://doi.org/10.20944/preprints202604.0243.v1
https://doi.org/10.20944/preprints202603.2350.v1
https://doi.org/10.5281/zenodo.19370286
https://doi.org/10.5281/zenodo.19368900
https://doi.org/10.5281/zenodo.19354864


Global Journal of Engineering and Technology Advances, 2026, 29(01), 168–180 

180 

[70] Musarrat, R., & Habiba, U. (2026, February 25). Applying applied behavior analysis (ABA) in AI-supported ESL 
classrooms for children with autism spectrum disorder. SSRN. https://doi.org/10.2139/ssrn.6302919 

[71] Alam, M. J. (n.d.). Policy monitoring platforms for institutional governance and organizational accountability. 
Social Science Research Network. https://doi.org/10.2139/ssrn.6416238 

[72] Zaidi, S. K. A., Islam, K. S. A., Zaman, S. U., & Afrin, S. (2026). Blockchain-secured communication for industrial IoT 
and aviation control systems. IJSRED – International Journal of Scientific Research and Engineering Development, 
9(1), 234–250. https://doi.org/10.5281/zenodo.18278261 

[73] Haque, S. (2025). The impact of automation on accounting practices. IJSRED – International Journal of Scientific 
Research and Engineering Development, 8(6), 2312–2323. https://doi.org/10.5281/zenodo.18074324 

[74] Shoag, M. D., Khan, M. I., Ria, S. J., & Akter, E. (2025). AI-based risk prediction and quality assurance in mega-
infrastructure projects. IJSRED – International Journal of Scientific Research and Engineering Development, 8(6), 
2324–2336. https://doi.org/10.5281/zenodo.18074336 

[75] Islam, S. (2025). IPSC-derived cardiac organoids: Modeling heart disease mechanism and advancing regenerative 
therapies. World Journal of Advanced Engineering Technology and Sciences, 17(03), 227–239. 
https://doi.org/10.30574/wjaets.2025.17.3.1553 

[76] Razaq, A. (2025). Optimization of power distribution networks using smart grid technology. World Journal of 
Advanced Engineering Technology and Sciences, 17(03), 129–146. 
https://doi.org/10.30574/wjaets.2025.17.3.1490 

[77] Saeed, H. N. (2025). Hybrid perovskite–CIGS solar cells with machine learning-driven performance prediction. 
International Journal of Science and Innovation Engineering, 2(11), 262–280. 
https://doi.org/10.70849/IJSCI02112025027 

[78] Farooq, H. (2025). Cross-platform backup and disaster recovery automation in hybrid clouds. International 
Journal of Science and Innovation Engineering, 2(11), 220–242. https://doi.org/10.70849/IJSCI02112025025 

[79] Habiba, U., & Musarrat, R. (2025). Student-centered pedagogy in ESL: Shifting from teacher-led to learner-led 
classrooms. International Journal of Science and Innovation Engineering, 2(11), 1018–1036.  

[80] Alimozzaman, D. M., Akhter, T., Islam, R., & Hasan, E. (2025). Generative AI for synthetic medical imaging to 
address data scarcity. World Journal of Advanced Engineering Technology and Sciences, 17(1), 544–558. 
https://doi.org/10.30574/wjaets.2025.17.1.1415 

[81] Haque, S., Al Sany (Oct. 2025), “Impact of Consumer Behavior Analytics on Telecom Sales Strategy”, Int. J. Sci. 
Inno. Eng., vol. 2, no. 10, pp. 998–1018, doi: 10.70849/IJSCI02102025114. 

https://doi.org/10.2139/ssrn.6302919
https://doi.org/10.2139/ssrn.6416238
https://doi.org/10.5281/zenodo.18278261
https://doi.org/10.5281/zenodo.18074324
https://doi.org/10.5281/zenodo.18074336
https://doi.org/10.30574/wjaets.2025.17.3.1553
https://doi.org/10.30574/wjaets.2025.17.3.1553
https://doi.org/10.30574/wjaets.2025.17.3.1490
https://doi.org/10.30574/wjaets.2025.17.3.1490
https://doi.org/10.70849/IJSCI02112025027
https://doi.org/10.70849/IJSCI02112025025
https://doi.org/10.30574/wjaets.2025.17.1.1415
https://doi.org/10.30574/wjaets.2025.17.1.1415
https://doi.org/10.70849/IJSCI02102025114

