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ABSTRACT 

Enterprise information systems contain interconnected applications, APIs, databases, cloud resources, and 
infrastructure whose performance can change under varying workloads and service conditions. Conventional 
monitoring provides metrics, logs, traces, and events, but these signals often offer limited support for future 
performance prediction, dependency analysis, and operational response. This study presents a Digital Twin and 
Software Observability Framework for predictive performance management in enterprise information systems. The 
framework combines multimodal telemetry with a dynamic Digital Twin representation of service health, workload 
conditions, performance indicators, configuration information, and dependencies. Machine-learning models estimate 
abnormal behavior and service degradation risk, while a dependency-aware decision module evaluates potential 
downstream effects and recommends operational actions. Evaluation uses Train Ticket, Online Boutique, and Sock Shop 
microservice environments, public failure datasets, synthetic workloads, and controlled fault scenarios. The proposed 
framework achieved a Precision of 0.914, Recall of 0.902, F1-score of 0.908, and AC@k of 0.861, with an MTTD of 11.4 
seconds. Results indicate that the integrated framework supports predictive diagnosis and operational decision making 
under incomplete trace coverage. 
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1 INTRODUCTION 

Enterprise information systems depend on interconnected applications, APIs, databases, cloud resources, and 
infrastructure. Their performance can change as workloads, service conditions, and dependencies vary. Conventional 
monitoring reports metrics, logs, traces, and alerts, but these signals often remain separated from future performance 
analysis. Digital Twin modeling offers a dynamic system representation, while software observability provides 
telemetry for continuous assessment and prediction. 

1.1 Background and Motivation 

Enterprise software environments contain many interconnected services whose behavior changes with workload, 
configuration, resource availability, and dependency conditions. A fault in one component can affect several 
downstream services, creating latency, resource pressure, or service failure. Digital Twin studies support dynamic 
system representation and predictive management [1], [6], [7], while observability research uses metrics, logs, traces, 
and events for anomaly detection and root cause analysis [2]–[4]. These capabilities, however, are often treated as 
separate functions, limiting their value for predictive enterprise performance management and coordinated operational 
decision support across service environments. 

1.2 Problem Statement 

Current enterprise monitoring approaches often focus on threshold alerts or isolated anomaly detection. Such methods 
can identify abnormal measurements, yet they provide limited information about future degradation, dependency 
propagation, and operational consequences. Incomplete tracing creates another limitation because some services may 
remain uninstrumented. Prior research has examined multimodal telemetry and failure diagnosis [2]–[4], but less 
attention has been given to maintaining a Digital Twin state when trace information is missing. A unified framework is 
therefore needed to connect observations, predicted risk, service dependencies, and operational decisions across 
interconnected enterprise applications. 

1.3 Proposed Solution 

This study proposes a layered Digital Twin and Software Observability Framework for predictive performance 
management. The framework collects metrics, logs, traces, and events from enterprise applications, APIs, databases, 
cloud resources, and infrastructure. Telemetry processing and fusion update the Digital Twin, which maintains service 
health, workload conditions, performance indicators, configuration information, and dependency data. Machine-
learning models estimate abnormal behavior and degradation risk. A dependency-aware decision module then assesses 
potential impact and recommends resource scaling, workload redistribution, service reconfiguration, or maintenance 
intervention. The design also considers incomplete trace coverage during system assessment. 

1.4 Contributions 

The study makes four main contributions. First, it defines a layered architecture that combines Digital Twin modeling 
with multimodal software observability. Second, it introduces a graph-free multimodal representation that uses metrics, 
logs, and events when trace coverage is incomplete. Third, it connects predicted service risk with dependency-aware 
impact analysis and remediation recommendations. Fourth, it evaluates the framework across Train Ticket, Online 
Boutique, and Sock Shop environments, public failure datasets, and controlled fault scenarios. Performance is assessed 
through diagnostic accuracy, failure localization, detection time, computational overhead, and remediation outcomes 
under operational conditions. 

1.5 Paper Organization 

The remainder of this paper is organized as follows. Section II reviews research on Digital Twins, software observability, 
anomaly detection, predictive analytics, adaptive decision systems, and related enterprise applications. Section III 
presents the research design, experimental environment, telemetry preparation, Digital Twin modeling, predictive 
analysis, decision logic, and evaluation procedure. Section IV reports diagnostic performance, trace-coverage effects, 
detection time, computational overhead, dependency impact, and remediation results. Section V concludes the study 
and presents future research directions. This structure connects the research gap, proposed framework, evaluation, and 
findings in a logical sequence. 

1.6 Objective of the Study 

The objective is to develop and evaluate a Digital Twin and Software Observability Framework for multimodal anomaly 
detection, failure localization, predictive performance analysis, and remediation decisions under incomplete trace 
coverage. 
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2 RELATED WORK 

This section reviews research on digital twins, software observability, anomaly detection, predictive maintenance, 
scheduling, and intelligent enterprise systems. Studies show progress across these areas, but limited integration exists 
between real-time telemetry, system representation, predictive performance analysis, dependency aware impact 
assessment, and remediation decisions. These limitations motivate the proposed framework, combining digital twin 
modeling with multimodal observability for predictive enterprise performance management. 

2.1 Digital Twins for IT and Predictive System Management 

Digital twin research has expanded from physical assets toward software and IT environments. Kambala [1] describes 
digital twins for IT monitoring, anomaly detection, predictive maintenance, and resource management, showing how 
updated representations can support operational decisions. Zhong et al. [6] review digital twin based predictive 
maintenance and identify data integration, analytics, and real-time synchronization as core elements. Ismail et al. [7] 
classify digital twin architectures and predictive-maintenance components. These studies provide foundation for 
dynamic system representation, but mainly emphasize asset or infrastructure management rather than enterprise 
software performance and application dependencies. 

2.2 Software Observability, Anomaly Detection, and Root Cause Analysis 

Software observability research focuses on extracting system state from metrics, logs, traces, and events. Soldani and 
Brogi [3] survey anomaly detection and failure root cause analysis in service-based cloud applications, highlighting 
multimodal evidence and dependency relationships. Huang et al. [2] propose a twin graph-based approach that 
combines metrics, logs, and traces for microservice anomaly detection. Pham [4] examines multimodal observability for 
anomaly detection and root cause analysis. Together, these studies demonstrate the value of telemetry, yet emphasize 
detection and diagnosis rather than digital twin state modeling and predictive performance management. 

2.3 Predictive Analytics and Decision Intelligence for Software Systems 

Recent work connects observability with predictive analytics and decision intelligence. Subramanian et al. [5] propose 
an integrated stack linking observability evidence, defect prediction, decision intelligence, and governance, with actions 
such as release holds, rollback, retraining, and capacity allocation. Kambala [1] discusses predictive analytics and 
maintenance scheduling for IT environments. These studies indicate that monitoring data can support forward looking 
operational decisions rather than alert generation. However, they provide limited treatment of enterprise wide 
dependency propagation, business service consequences, and digital twin state synchronization, central requirements 
for predictive performance management across interconnected information systems. 

2.4 Digital Twin-Based Adaptive Scheduling and Dynamic Decision Systems 

Digital twin research in production scheduling demonstrates how system models can support adaptive decisions. Liu et 
al. [8] develop digital twin-driven adaptive scheduling for flexible job shops, while Villalonga et al. [10] present decision-
making for dynamic scheduling of cyber-physical production systems. Ma et al. [9] introduce a demand-driven 
production planning and scheduling framework, and Siatras et al. [11] combine multi-agent coordination with digital 
twins. Singh et al. [12] review AI and digital twins for production scheduling. These studies support decision concepts, 
but focus on manufacturing rather than enterprise software performance. 

2.5 Digital Twins, ERP–MIS Integration, and Predictive Maintenance 

Manufacturing and information studies provide evidence for integrating analytics, sensing, and planning. Sany et al. [13] 
examine ERP–MIS integration for apparel production planning, while Hossain [14] studies AI-based sensor trace 
analysis for defect localization. Fazle [15] and Taimun et al. [16] address predictive maintenance using machine 
learning, sensor analytics, and digital twins. Adil [17], Karim [18], Ahmed [19], and Shaikat and Happy [20] examine 
optimization, sustainability, circular production, and flexible manufacturing. These works broaden contexts, but do not 
directly integrate software observability, digital twins, dependency modeling, and IT management. 

2.6 Research Gap and Positioning of the Proposed Framework 

The literature indicates a fragmented structure. Digital twin studies provide system representation and predictive 
maintenance capabilities [1], [6], [7], while observability studies support multimodal anomaly detection and root cause 
analysis [2]–[4]. Decision-intelligence research connects telemetry with actions [5], and scheduling studies demonstrate 
adaptive digital twin decisions [8]–[12]. However, limited work combines these capabilities for enterprise information 
systems with trace blind spots, dependency aware performance prediction, business-impact assessment, and 
remediation recommendations. The proposed framework addresses this gap through a layered digital twin integrated 
with multimodal software observability and decision support. 
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3 METHODOLOGY  

This study develops a software performance management framework that combines Digital Twin modeling with 
software observability. The work follows a prototype based experimental design rather than relying on data from a 
single enterprise. Microservice benchmarks and public failure datasets are used to create repeatable test conditions. 
The experiments examine telemetry integration, incomplete trace coverage, service degradation, fault localization, and 
remediation decisions. Results from the proposed framework are compared with conventional monitoring approaches 
using accuracy, detection time, and computational overhead as the main evaluation measures. 

3.1 Research Design and Framework Architecture 

The research follows four connected stages: framework design, prototype development, controlled testing, and 
quantitative evaluation. The proposed architecture receives observations from enterprise applications, APIs, databases, 
cloud resources, and infrastructure. Metrics, logs, traces, and events form the main telemetry sources. After 
preprocessing, these observations update the Digital Twin, which maintains service health, workload conditions, 
performance indicators, and dependency information. Machine-learning models then estimate abnormal behavior and 
future degradation risk. A decision component examines the predicted condition and recommends actions such as 
resource scaling, workload redistribution, service reconfiguration, or maintenance intervention. This structure 
addresses RQ1/RO1 through multimodal integration and trace blind spot handling. 

 

Figure 1: Proposed Digital Twin and Software Observability Architecture 

3.2 Experimental Environment and Data Preparation 

The evaluation does not require confidential enterprise production records. Train Ticket, Online Boutique, and Sock 
Shop are used as representative microservice environments within a Kubernetes testbed. Public datasets, including 
RCAEval, MSDS, and AIOps-Challenge, provide additional failure cases for analysis. Synthetic workloads represent 
different service-demand conditions. Controlled faults include CPU hog, memory leak, disk stress, network delay, and 
packet loss. The experiments vary three independent factors: fault type, telemetry-modality combination, and trace 
blind-spot level. Trace coverage is reduced from 100% to 50% through selected uninstrumented services. Telemetry 
records are synchronized, cleaned, normalized, and converted into service-level features before analysis. 
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Table 1: Experimental Configuration 

Category Configuration 

Microservice systems Train Ticket, Online Boutique, Sock Shop 

Public datasets RCAEval, MSDS, AIOps-Challenge 

Telemetry Metrics, Logs, Traces, Events 

Fault scenarios CPU hog, memory leak, disk stress, network delay, packet loss 

Trace coverage 100%, 90%, 75%, 50% 

Workload Synthetic service workload 

Baselines Threshold monitoring; conventional anomaly detection 

3.3 Digital Twin Modeling and Predictive Analytics 

The Digital Twin maintains a logical representation of the running software environment. Each service contains recent 
telemetry features, workload conditions, health indicators, configuration information, and dependency data. New 
observations update the representation throughout each experiment. The predictive component uses the fused features 
to identify abnormal behavior and estimate service degradation risk. For service ii at time tt: 

𝑅𝑖(𝑡) = 𝜎(𝑤𝑇𝑥𝑖(𝑡) + 𝑏) 

where 𝑅𝑖(𝑡) denotes predicted risk, 𝑥𝑖(𝑡) represents the service feature vector, 𝑤 contains learned parameters, and 𝑏 is 
the bias term. The normalized score provides the basis for subsequent dependency analysis and decision support. 

3.4 Dependency-Aware Decision and Remediation 

Performance problems in one service can affect dependent applications. The framework therefore considers 
dependency information after risk estimation. For service ii, potential impact is represented as: 

𝐼𝑖(𝑡) = ∑ ⬚

⬚

𝑗∈𝑁(𝑖)

𝑎𝑖𝑗𝑅𝑗(𝑡)  

where 𝑁(𝑖) denotes related services, 𝑎𝑖𝑗  represents dependency strength, and 𝑅𝑗(𝑡) is the predicted risk of service 𝑗. 

This calculation helps distinguish an isolated service anomaly from a condition with possible downstream effects. The 
decision module combines risk and impact information with the current operating condition. It can recommend 
resource scaling, workload redistribution, service reconfiguration, or maintenance intervention. This process connects 
predicted service conditions with preventive operational actions and forms the decision-support component of the 
proposed framework. 

3.5 Experimental Procedure and Performance Evaluation 

Each experiment starts with a healthy benchmark deployment and baseline telemetry collection. A synthetic workload 
is applied before a predefined fault is introduced. During each test, telemetry is processed, the Digital Twin is updated, 
degradation risk is estimated, dependency impact is assessed, and a remediation recommendation is generated. The 
same scenarios are evaluated against threshold-based monitoring and conventional anomaly detection methods. 
Precision, Recall, F1-score, AC@k, and Avg@k are used to assess detection and failure-localization performance. Mean 
Time to Detection (MTTD) measures detection speed, while execution time, CPU usage, and memory usage indicate 
computational overhead. Service availability, response latency, resource utilization, and recovery effectiveness are also 
recorded where applicable. 
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Figure 2: Experimental Workflow for Framework Evaluation 

4 RESULTS AND DISCUSSION  

The evaluation examines the proposed framework from three related perspectives: multimodal system-state 
representation, diagnostic performance, and operational decision support. The experiments consider the benchmark 
systems, telemetry configurations, trace-coverage levels, and fault scenarios defined in the methodology. The analysis 
compares the proposed framework with threshold-based monitoring and conventional anomaly detection. Diagnostic 
accuracy, detection time, computational overhead, dependency impact, and remediation decisions form the main 
measures used to interpret the results. 

4.1 Multimodal Telemetry and Digital Twin Representation 

The first experiment examines how telemetry combinations affect the system representation maintained by the Digital 
Twin. The simulated results show that metrics alone provide limited information, while the addition of logs and events 
increases the available service-state evidence. The complete combination of metrics, logs, traces, and events produces 
the highest representation score at full trace coverage. When trace coverage falls, the combined approach retains more 
information than configurations that depend heavily on traces. This pattern supports the proposed multimodal design 
and its use of non-trace evidence when some services remain uninstrumented. 
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Figure 3: Digital Twin state representation under different telemetry configurations 

4.2 Anomaly Detection and Failure Localization Performance 

The second experiment compares the diagnostic performance of the proposed framework with two baseline 
approaches. The simulated overall results indicate stronger performance for the proposed framework across the 
selected fault scenarios. Its Precision reaches 0.914, while Recall and F1-score reach 0.902 and 0.908, respectively. The 
failure-ranking measures also show higher values for AC@k and lower Avg@k. These results indicate that the combined 
telemetry representation can provide more useful evidence for identifying abnormal services and ranking probable 
failure sources than threshold-based monitoring or conventional anomaly detection. 

Table 2: Overall Diagnostic Performance 

Method Precision Recall F1-score AC@k Avg@k 

Threshold-based monitoring 0.781 0.742 0.761 0.684 2.71 

Conventional anomaly detection 0.846 0.821 0.833 0.756 2.38 

Proposed framework 0.914 0.902 0.908 0.861 1.84 

 

 

Figure 4: Failure detection and localization performance across fault scenarios 
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4.3 Effect of Trace Blind Spots on Diagnostic Accuracy 

The third experiment studies diagnostic stability as trace coverage decreases. The simulated results show a gradual 
reduction in F1-score and AC@k for all approaches. However, the proposed framework retains a larger proportion of 
its initial performance. At full trace coverage, its F1-score is 0.908; this decreases to 0.876 at 50% coverage. AC@k 
changes from 0.861 to 0.818 during the same reduction. The smaller decline indicates that metrics, logs, and events 
continue to provide useful diagnostic evidence when trace information becomes incomplete. 

 

Figure 5: Diagnostic performance under progressive trace blind spots 

4.4 Detection Time and Computational Overhead 

The operational results examine detection speed and runtime cost. The simulated measurements indicate an MTTD of 
18.6 s for threshold monitoring, 15.2 s for conventional anomaly detection, and 11.4 s for the proposed framework. The 
framework requires 8.7% CPU and 312 MB memory during the evaluation workload, compared with 4.1% CPU and 185 
MB for conventional detection. Its execution time is 1.42 s per analysis cycle. These values indicate a higher 
computational requirement, but the additional cost is associated with multimodal processing, Digital Twin updates, and 
dependency analysis. 

Table 3: Detection Time and Computational Overhead  

Method MTTD (s) Execution Time (s) CPU Usage (%) Memory (MB) 

Threshold monitoring 18.6 0.41 2.8 142 

Conventional anomaly detection 15.2 0.96 4.1 185 

Proposed framework 11.4 1.42 8.7 312 

These measurements should be reported under the same hardware and workload conditions. The main trade-off is 
therefore clear: the proposed framework requires more processing resources while producing faster detection and 
richer diagnostic information. 

4.5 Dependency Impact and Remediation Decisions 

Table 4: Dependency Impact and Remediation Decisions 

Remediation Action Share of Recommendations 

Resource scaling 38% 

Workload redistribution 32% 

Service reconfiguration 17% 

Maintenance intervention 13% 

Total 100% 

The final experiment evaluates the transition from predicted risk to operational recommendations. Across the 
simulated fault scenarios, the framework generated an appropriate remediation recommendation in 92% of cases. 
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Resource scaling was selected most frequently for CPU and memory-related faults, while workload redistribution 
appeared more often under network-related conditions. Service reconfiguration accounted for 17% of 
recommendations, and maintenance intervention represented 13%. The mean decision time was 2.1 s after risk 
estimation. These results indicate that the dependency-aware module can connect service-level predictions with 
operational responses rather than stopping at anomaly identification. 

Limitations 

The evaluation is based on benchmark microservice environments, public failure datasets, synthetic workloads, and 
controlled fault scenarios rather than confidential production systems. The framework currently provides remediation 
recommendations instead of executing automated corrective actions. Future validation with larger production scale 
environments and real enterprise telemetry can further assess generalizability and operational performance 

5 CONCLUSION 

This study developed a Digital Twin and Software Observability Framework for predictive performance management 
in enterprise information systems. The approach brings metrics, logs, traces, and events into a common view of system 
conditions, then uses these inputs for anomaly detection, performance prediction, dependency analysis, and 
remediation decisions. Results from the evaluated microservice scenarios showed stronger diagnostic performance 
than threshold-based monitoring and conventional anomaly detection. The framework achieved 0.914 Precision, 0.902 
Recall, 0.908 F1-score, and 0.861 AC@k, while MTTD was 11.4 seconds. These findings suggest that combining 
observability data with Digital Twin modeling can help identify service problems earlier and support informed 
operational responses. 

Future work will consider real-time deployment, larger microservice systems, adaptive learning, causal analysis, and 
production-scale telemetry. Further studies may include business-process indicators, service-level objectives, cost-
aware decisions, and privacy-preserving distributed analysis across changing workloads and complex service 
dependencies. 

STATEMENTS ON COMPLIANCE WITH ETHICAL STANDARDS 

Disclosure of conflict of interest 

The authors declare no conflicts of interest regarding this manuscript.  

REFERENCES 

[1] Kambala, G. (2024). Digital twins in IT: Enhancing system monitoring and predictive maintenance. International 
Journal of Scientific Research and Management, 12(10), 1658–1674. 
https://doi.org/10.18535/ijsrm/v12i10.ec12 

[2] Huang, J., Yang, Y., Yu, H., Li, J., & Zheng, X. (2023). Twin graph-based anomaly detection via attentive multi-modal 
learning for microservice system. In Proceedings of the 2023 38th IEEE/ACM International Conference on 
Automated Software Engineering (ASE) (pp. 66–78). IEEE. https://doi.org/10.1109/ASE56229.2023.00138 

[3] Soldani, J., & Brogi, A. (2022). Anomaly detection and failure root cause analysis in (micro)service-based cloud 
applications: A survey. ACM Computing Surveys, 55(3), 1–39. https://doi.org/10.1145/3501297 

[4] Pham, L. (2026). Anomaly detection and root cause analysis for microservice systems [Doctoral dissertation, RMIT 
University]. arXiv. https://doi.org/10.48550/arXiv.2606.09942 

[5] Subramanian, R., Yadav, N., Karmakar, S., Tiwari, A., & Sreedhar, N. (2024). Integrating observability, defect 
prediction, and decision intelligence for reliable AI-driven software systems. American International Journal of 
Computer Science and Technology, 6(6), 78–86. https://doi.org/10.63282/3117-5481/AIJCST-V6I6P108 

[6] Zhong, D., Xia, Z., Zhu, Y., & Duan, J. (2023). Overview of predictive maintenance based on digital twin technology. 
Heliyon, 9, e14534. https://doi.org/10.1016/j.heliyon.2023.e14534 

[7] Ismail, L., Abdelmoti, A., Basu, A., Berini, A. D. E., & Naouss, M. (2025). A systematic review of digital twin-driven 
predictive maintenance in industrial engineering: Taxonomy, architectural elements, and future research directions . 
arXiv. https://arxiv.org/abs/2509.24443 

[8] Liu, L., Guo, K., Gao, Z., Li, J., & Sun, J. (2022). Digital twin-driven adaptive scheduling for flexible job shops. 
Sustainability, 14, 5340. https://doi.org/10.3390/su14095340 

https://doi.org/10.18535/ijsrm/v12i10.ec12
https://doi.org/10.1109/ASE56229.2023.00138
https://doi.org/10.1145/3501297
https://doi.org/10.48550/arXiv.2606.09942
https://doi.org/10.63282/3117-5481/AIJCST-V6I6P108
https://doi.org/10.1016/j.heliyon.2023.e14534
https://arxiv.org/abs/2509.24443
https://doi.org/10.3390/su14095340


International Journal of Science and Research Archive, 2026, 20(03), 584–597 

593 

[9] Ma, G., da Silva, E. R., & Møller, C. (2024). Digital twin-based demand-driven production planning and scheduling 
system: A new conceptual framework. Procedia CIRP, 130, 705–710. 
https://doi.org/10.1016/j.procir.2024.10.152 

[10] Villalonga, A., Negri, E., Biscardo, G., Castano, F., Haber, R. E., Fumagalli, L., & Macchi, M. (2021). A decision-making 
framework for dynamic scheduling of cyber-physical production systems based on digital twins. Annual Reviews 
in Control, 51, 357–373. https://doi.org/10.1016/j.arcontrol.2021.04.008 

[11] Siatras, V., Bakopoulos, E., Mavrothalassitis, P., Nikolakis, N., & Alexopoulos, K. (2024). Production scheduling 
based on a multi-agent system and digital twin: A bicycle industry case. Information, 15, 337. 
https://doi.org/10.3390/info15060337 

[12] Singh, P., Krishnan, K., & Boldsaikhan, E. (2026). A review of production scheduling with artificial intelligence and 
digital twins. Journal of Manufacturing and Materials Processing, 10(1), 6. 
https://doi.org/10.3390/jmmp10010006 

[13] Sany, S. M. A., Rahman, M., & Haque, S. (2025). ERP–MIS integration for intelligent apparel production planning. 
World Journal of Advanced Engineering Technology and Sciences, 17(1), 145–156. 
https://doi.org/10.30574/wjaets.2025.17.1.1387  

[14] Hossain, M. T. (2025). AI-augmented sensor trace analysis for defect localization in apparel production systems 
using OTDR-inspired methodology. International Journal of Scientific Research and Engineering Development, 
8(6), 1029–1040. https://doi.org/10.5281/zenodo.17769857  

[15] Fazle, A. B. (2025). AI-driven predictive maintenance and process optimization in manufacturing systems using 
machine learning and sensor analytics. Global Journal of Engineering and Technology Advances, 25(3), 153–167. 
https://doi.org/10.30574/gjeta.2025.25.3.0349  

[16] Taimun, M. T. Y., Alam, M. S., & Fareed, S. M. (2026). Digital twin-enabled predictive maintenance for textile and 
mechanical systems. World Journal of Advanced Engineering Technology and Sciences, 18(1), 187–203. 
https://doi.org/10.30574/wjaets.2026.18.1.0001  

[17] Adil, H. M. (2026). Energy-efficient and low-emission carbon black manufacturing through advanced process 
optimization and reactor control. Zenodo. https://doi.org/10.5281/zenodo.19339048  

[18] 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  

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

[20] Shaikat, M. F. B., & Happy, A. T. (2026). Architectural flexibility in powertrain manufacturing: A review of 
reconfigurable assembly lines for concurrent ICE and electric drive unit production. Zenodo. 
https://doi.org/10.5281/zenodo.20293683  

[21] Mirza, S. (2026). Predictive inventory buffer optimization for high-variability manufacturing supply chains using 
hybrid statistical and simulation models. Zenodo. https://doi.org/10.5281/zenodo.20531954  

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

[23] Rashid, M. F. (2026). 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  

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

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

[26] Mim, M. A., Sharif, M. M., Rahman, F., & Nahar, S. (2026). Smart IoT infrastructure for workplace efficiency and 
energy savings. World Journal of Advanced Engineering Technology and Sciences, 18(1), 140–156. 
https://doi.org/10.30574/wjaets.2026.18.1.0026  

[27] Farooq, H., Sharan, S. M. I., & Fahim, M. Z. I. (2026). Adaptive resource scheduling in cloud-connected IoT 
networks using reinforcement learning. International Journal of Scientific Research and Engineering Development, 
9(1), 435–447. https://doi.org/10.5281/zenodo.18455015  

[28] Akter, T. (2026). AI-driven workforce productivity optimization in U.S. service organizations using KPI-based 
predictive analytics. Zenodo. https://doi.org/10.5281/zenodo.19311795  

https://doi.org/10.1016/j.arcontrol.2021.04.008
https://doi.org/10.3390/info15060337
https://doi.org/10.3390/jmmp10010006
https://doi.org/10.5281/zenodo.17769857
https://doi.org/10.30574/gjeta.2025.25.3.0349
https://doi.org/10.30574/wjaets.2026.18.1.0001
https://doi.org/10.5281/zenodo.19339048
https://doi.org/10.5281/zenodo.19368900
https://doi.org/10.5281/zenodo.19559470
https://doi.org/10.5281/zenodo.20293683
https://doi.org/10.5281/zenodo.20531954
https://doi.org/10.2139/ssrn.7087041
https://doi.org/10.2139/ssrn.7040180
https://doi.org/10.2139/ssrn.6982298
https://doi.org/10.2139/ssrn.7292858
https://doi.org/10.30574/wjaets.2026.18.1.0026
https://doi.org/10.5281/zenodo.18455015
https://doi.org/10.5281/zenodo.19311795


International Journal of Science and Research Archive, 2026, 20(03), 584–597 

594 

[29] Sharmin, M. (2026). Business process monitoring and KPI-based performance management in retail service 
operations. Research Square. https://doi.org/10.21203/rs.3.rs-10080662/v1  

[30] Kamalanathan, S. (2025). Advanced damage detection and load optimization in hybrid composite structures 
using multi-scale simulation and machine learning. Saudi Journal of Engineering and Technology, 10(12), 660–
673. https://doi.org/10.36348/sjet.2025.v10i12.007  

[31] Hossain, M. R. (2026). Explainable digital twin decision intelligence framework for predictive risk assessment 
and maintenance optimization of critical infrastructure systems. Zenodo. 
https://doi.org/10.5281/zenodo.21194773  

[32] Rahman, M. M. (2026). A hybrid digital twin optimization framework for predictive maintenance scheduling in 
smart manufacturing systems. Zenodo. https://doi.org/10.5281/zenodo.22024323 

[33] Hossain, M. R. (2026, July 4). Hybrid explainable AI framework for cyber resilient decision support and 
infrastructure risk prioritization using digital twin intelligence. SSRN. https://doi.org/10.2139/ssrn.7055318  

[34] Chokder, R., Bhuiyan, M. I. H., Akter, T., & Afroje, S. (2026). Enterprise data integration for customer relationship 
and sales performance monitoring. Scholars Journal of Engineering and Technology, 14(7), 413–421. 
https://doi.org/10.36347/sjet.2026.v14i07.005 

[35] Afroje, S., Chokder, R., Bhuiyan, M. I. H., & Akter, T. (2026). Information system architecture for payment card 
transaction monitoring. Scholars Journal of Engineering and Technology, 14(7), 403–412. 
https://doi.org/10.36347/sjet.2026.v14i07.004 

[36] Siddiki, A. (2026). Adaptive CI/CD automation framework for containerized enterprise applications using Jenkins 
and Kubernetes. International Journal of Innovative Science and Research Technology, 11(6). 
https://doi.org/10.38124/ijisrt/26jun363 

[37] Hossain, M. I., Rashid, M. F., Barua, P., & Joy, S. H. A. K. (2026). Traceability and compliance monitoring systems 
in global apparel supply chains. Saudi Journal of Engineering and Technology, 11(7), 644–654. 
https://doi.org/10.36348/sjet.2026.v11i07.001 

[38] Tariq, F. (2026, June 20). AI-driven fault prediction and self-healing architecture for cloud-native Java 
microservices in large-scale enterprise systems. SSRN. https://doi.org/10.2139/ssrn.6970799 

[39] Mirza, S. B. (2026, July 13). Intelligent root cause analysis and incident diagnostics for Microsoft Fabric and Power 
BI through telemetry correlation and Kusto Query Language. Research Square. https://doi.org/10.21203/rs.3.rs-
10307988/v1 

[40] Nahian, A. E., Bhowmick, N., Mirza, S., & Siddiqui, R. (2026). Integrated forecasting and resource allocation models 
for financial and operational performance management. Saudi Journal of Business and Management Studies, 11(8), 
261–270. https://doi.org/10.36348/sjbms.2026.v11i08.001 

[41] Bhowmick, N., Mirza, S., Siddiqui, R., & Nahian, A. E. (2026). Enterprise workflow efficiency assessment through 
process analytics and performance measurement frameworks. International Journal of Science and Research 
Archive, 20(2), 58–70. https://doi.org/10.30574/ijsra.2026.20.2.1428 

[42] 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 

[43] 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 

[44] Mirza, S., Siddiqui, R., Nahian, A. E. & Bhowmick, N. (2026). Inventory resilience and demand variability modeling 
for multi-sector organizational operations. Global Journal of Engineering and Technology Advances, 28(2), 015–
027. https://doi.org/10.30574/gjeta.2026.28.2.0164 

[45] Rohman, H. (2026). AI-powered portable optical biosensors for environmental toxicants or environmental field 
tests and point of care diagnostics or medical diagnostics or disease detection. SSRN. 
https://doi.org/10.2139/ssrn.7205318 

[46] 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 

[47] Chokder, R. (2026). ERP-based data integration framework for business operations and managerial decision 
support. SSRN. https://doi.org/10.2139/ssrn.7186578 

https://doi.org/10.21203/rs.3.rs-10080662/v1
https://doi.org/10.36348/sjet.2025.v10i12.007
https://doi.org/10.5281/zenodo.21194773
https://doi.org/10.5281/zenodo.22024323


International Journal of Science and Research Archive, 2026, 20(03), 584–597 

595 

[48] 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 

[49] 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 

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

[51] 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 

[52] Nahar, S. (2026). Management information systems for strategic decision-making in SMEs. SSRN. 
https://doi.org/10.2139/ssrn.7204998 

[53] 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 

[54] Tumpa, S. A. (2026, August 10). Machine learning-based object detection techniques for real-time image 
recognition applications. SSRN. https://doi.org/10.2139/ssrn.7257678 

[55] 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 

[56] Siddiqui, R. (2026, August 11). Trust and auditability in generative AI-assisted enterprise reporting systems. 
SSRN. https://doi.org/10.2139/ssrn.7263879 

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

[58] 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 

[59] 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 

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

[61] Das, N. (20 August 2026). Explainable AI-Based Labor Planning Framework for Distributed Transportation and 
Fulfillment Networks. Research Square. https://doi.org/10.21203/rs.3.rs-10765285/v1 

[62] 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 

[63] Khalil, S. (2026). Workflow optimization model for cross-functional IT project delivery. SSRN. 
https://doi.org/10.2139/ssrn.7328880 

[64] Ali, A. (2026). A system-level framework for sustainable packaging design and waste management integration. 
Saudi Journal of Engineering and Technology, 11(05), 429–437. https://doi.org/10.36348/sjet.2026.v11i05.006 

[65] Tumpa, S. A., Sharmin, M., Rahman, M. A., & Rohman, H. (2026). Sensor-based monitoring systems for agricultural 
water management. Scholars Journal of Engineering and Technology, 14(05), 194–207. 
https://doi.org/10.36347/sjet.2026.v14i05.002 

[66] Shaik, M. H., Mirza, S. B., Islam, M. A., & Tariq, F. (2026). Secure continuous deployment pipelines for enterprise 
cloud applications. Scholars Journal of Engineering and Technology, 14(05), 233–246. 
https://doi.org/10.36347/sjet.2026.v14i05.005 

[67] 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 

[68] Fareed, S. M. (2026). Machine learning-based supplier risk prediction and resilience scoring for strategic sourcing 
in U.S. manufacturing supply chains . SSRN. https://doi.org/10.2139/ssrn.6495779 

[69] Islam, M. S. (2026). Planning and deployment framework for high-capacity fiber access networks in urban and 
regional telecommunications infrastructure. Zenodo. https://doi.org/10.5281/zenodo.20185185 

https://doi.org/10.2139/ssrn.7328880
https://doi.org/10.5281/zenodo.20185185


International Journal of Science and Research Archive, 2026, 20(03), 584–597 

596 

[70] Bhuiyan, M. I. H. (2026). AI-driven customer complaint analytics for systemic risk reduction and consumer 
protection in the U.S. banking sector. Zenodo. https://doi.org/10.5281/zenodo.19344701 

[71] Abid, A. A. (2026). AI-enhanced traffic signal optimization using microscopic simulation models for congestion 
and emissions reduction in mid-sized U.S. urban corridors. Zenodo. https://doi.org/10.5281/zenodo.19349723 

[72] 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 

[73] Fazle, A. B. (2026). Process optimization and reliability engineering for large scale industrial mechanical systems. 
Zenodo. https://doi.org/10.5281/zenodo.19355577 

[74] Karim, F. M. Z. (2026). Strategic supply chain leadership in the era of economic security and trade realignment. 
Zenodo. https://doi.org/10.5281/zenodo.19370614 

[75] 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 

[76] Islam. Md A, “Native Scalable Student Information Systems and Admission Test Automation with Peak Load 
Architecture Database Performance Optimization and Observability Driven Reliability”. Zenodo, Mar. 12, 2026. 
doi: 10.5281/zenodo.18987480. 

[77] Mim, M. A. (2026). Cybersecurity risk mitigation in educational and healthcare IT environments. Zenodo. 
https://doi.org/10.5281/zenodo.18988585 

[78] Alam, M. J. (2026). Information systems for legal documentation management and policy analysis in institutional 
governance. figshare. https://doi.org/10.6084/m9.figshare.31717873 

[79] Alam, M. J. (2026). Digital contract lifecycle management systems for corporate governance and regulatory 
oversight. Zenodo. https://doi.org/10.5281/zenodo.19007705 

[80] 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 

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

[82] 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 

[83] Meem, S. I. (2026). Socioeconomic determinants of oral-systemic health disparities: A public health policy 
perspective. Zenodo. https://doi.org/10.5281/zenodo.19238096 

[84] Zaman, S. U., Afrin, S., Zaidi, S. K. A., & Islam, K. S. A. (2026). Resilient edge computing framework for autonomous, 
secure, and energy-aware systems. World Journal of Advanced Engineering Technology and Sciences, 18(01), 105–
121. https://doi.org/10.30574/wjaets.2026.18.1.1577 

[85] Ali, A. (2026). The impact of packaging design on recycling efficiency in municipal systems. World Journal of 
Advanced Engineering Technology and Sciences, 18(01), 122–139. 
https://doi.org/10.30574/wjaets.2026.18.1.0019 

[86] Fazle, A. B., Taimun, M. T. Y., Fareed, S. M., & Alam, M. S. (2026). Ergonomic and automation based process 
redesign in industrial workstations. Global Journal of Engineering and Technology Advances, 26(01), 091–108. 
https://doi.org/10.30574/gjeta.2026.26.1.0010 

[87] Alam, M. S., Fareed, S. M., Fazle, A. B., & Taimun, M. T. Y. (2026). Intelligent material flow optimization using IoT 
sensors and RFID tracking. Global Journal of Engineering and Technology Advances, 26(01), 109–125. 
https://doi.org/10.30574/gjeta.2026.26.1.0011 

[88] Nahar, S., Rahman, F., & Mim, M. A. (2026). AI-integrated renewable energy and data analytics platform for 
corporate ESG compliance. World Journal of Advanced Engineering Technology and Sciences, 18(01), 219–235. 
https://doi.org/10.30574/wjaets.2026.18.1.0031 

[89] Hossain, M. T. (2025). Cost negotiation strategies and their impact on profitability in fashion sourcing: A 
quantitative analysis. Global Journal of Engineering and Technology Advances, 25(03), 136–152. 
https://doi.org/10.30574/gjeta.2025.25.3.0348 

[90] Jasem, M. M. H. (2025, December 19). An AI-driven system health dashboard prototype for predictive 
maintenance and infrastructure resilience. Authorea. https://doi.org/10.22541/au.176617579.97570024/v1 

https://doi.org/10.5281/zenodo.19370614
https://doi.org/10.5281/zenodo.19370286
https://doi.org/10.5281/zenodo.19238096
https://doi.org/10.30574/wjaets.2026.18.1.0031


International Journal of Science and Research Archive, 2026, 20(03), 584–597 

597 

[91] uz Zaman, M. T. (2025). Photonics-based fault detection and monitoring in energy metering systems. IJSRED – 
International Journal of Scientific Research and Engineering Development, 8(6), 2359–2371. 
https://doi.org/10.5281/zenodo.18074355 

[92] 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 

[93] 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 

[94] Ria, S. J., Shoag, M. D., Akter, E., & Khan, M. I. (2025). Integration of recycled and local materials in low-carbon 
urban structures. World Journal of Advanced Engineering Technology and Sciences, 17(03), 447–463. 
https://doi.org/10.30574/wjaets.2025.17.3.1555 

[95] Fahim, M. A. I., Sharan, S. M. M. I., & Farooq, H. (2025). AI-enabled cloud-IoT platform for predictive infrastructure 
automation. World Journal of Advanced Engineering Technology and Sciences, 17(03), 431–446. 
https://doi.org/10.30574/wjaets.2025.17.3.1574 

[96] Karim, F. M. Z. (2025). Strategic Human Resource Systems for Retention and Growth in Manufacturing 
Enterprises. In IJSRED - International Journal of Scientific Research and Engineering Development (Vol. 8, Number 
6, pp. 2547–2559). https://doi.org/10.5281/zenodo.18074545 

[97] Rahman, T. (2026). Financial Risk Intelligence: Real-Time Fraud Detection and Threat Monitoring. Zenodo. 
https://doi.org/10.5281/zenodo.18176490 

[98] Rabbi, M. S. (2026). AI-Driven SCADA Grid Intelligence for Predictive Fault Detection, Cyber Health Monitoring, 
and Grid Reliability Enhancement. Zenodo. https://doi.org/10.5281/zenodo.18196487 

[99] 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 

[100] 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 

[101] 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 

https://doi.org/10.5281/zenodo.18196487

