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Abstract

The increasing complexity of enterprise IT infrastructures 

necessitates robust, real-time analytics frameworks for 

performance and operations management. Tableau, as a 

leading business intelligence (BI) and visualization 

platform, offers the capability to integrate diverse data 

streams into interactive dashboards that enhance decision-

making and operational agility. This review explores the 

development of a Tableau-driven decision analytics 

framework that consolidates key performance indicators 

(KPIs) across network operations, system uptime, 

application performance, and incident response metrics. The 

framework leverages data extraction, transformation, and 

loading (ETL) processes to ensure data consistency and 

integrates predictive analytics to forecast system failures and 

optimize resource utilization. Emphasis is placed on how 

Tableau’s visualization layers, combined with APIs and 

real-time connectors, enable IT managers to transform 

complex datasets into actionable insights. The study further 

examines best practices in dashboard architecture, 

governance, and security, ensuring alignment with ITIL, 

DevOps, and service-level management principles. By 

reviewing empirical findings and industry use cases, this 

paper highlights how Tableau enhances transparency, 

operational visibility, and strategic responsiveness in IT 

ecosystems. The proposed decision analytics framework 

contributes to establishing proactive IT performance 

management systems, minimizing downtime, and improving 

service delivery efficiency across digital enterprises. 

Keywords: Tableau Analytics, IT Performance Management, Real-Time Decision Support, Business Intelligence Framework, 

Operations Management, Predictive Visualization 

1. Introduction 

1.1 Background and Rationale 

In the digital era, organizations face increasing demands for intelligent monitoring, proactive service delivery, and rapid 

decision-making across complex IT ecosystems. The proliferation of heterogeneous data sources, from system logs and 

application metrics to service-desk tickets, has amplified the need for integrative analytics capable of synthesizing information 

in real time. Tableau, a leading business-intelligence (BI) platform, has emerged as a core visualization and decision-support 

tool, enabling data-driven governance across industries (Abass, Balogun, & Didi, 2020). Within IT operations, the transition 

from descriptive dashboards to predictive, AI-enhanced analytics marks a paradigm shift from reactive reporting to intelligent 

automation (Adenuga, Ayobami, & Okolo, 2020). 

The rationale for adopting Tableau-driven frameworks stems from their ability to consolidate real-time data streams into a 

unified performance-management environment. As Bankole and Lateefat (2019) observe, strategic forecasting integrated into 

visualization systems improves operational accuracy and cost efficiency. Similarly, Filani, Nwokocha, and Babatunde (2019) 

note that interactive dashboards foster accountability and ethical compliance by exposing process inefficiencies across network 

infrastructures. When layered with predictive analytics, Tableau dashboards deliver not only transparency but also early-

warning capabilities for system anomalies (Dako et al., 2020; Omotayo, Kuponiyi & Ajayi, 2020; Frempong, Ifenatuora & 

Ofori, 2020). 
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Moreover, empirical studies demonstrate that data-driven 

architectures reinforce resilience and innovation in IT 

governance. Giwah, Nwokediegwu, Etukudoh, and Gbabo 

(2020) highlight that visualization frameworks enhance 

adaptive decision-making within energy and technology 

networks, a concept transferable to enterprise IT 

management. Bukhari, Oladimeji, Etim, and Ajayi (2020) 

further emphasize cultivating a “data culture” that empowers 

operational teams through democratized analytics. Together, 

these developments underscore the necessity of a Tableau-

centric decision analytics model that unifies predictive 

modeling, visualization, and operational intelligence—

creating a resilient foundation for real-time IT performance 

optimization (Shagluf, Longstaff & Fletcher, 2014). 

 

1.2 Significance of Tableau-Driven Analytics in IT 

Operations 

The adoption of Tableau-driven analytics holds 

transformative significance for contemporary IT operations 

management. By integrating live data from infrastructure 

monitoring tools, application performance logs, and service-

management platforms, Tableau enables organizations to 

visualize interdependencies across systems instantaneously 

(Filani, Olajide, & Osho, 2020). This dynamic visibility 

supports predictive maintenance, reduces mean time to 

resolution, and ensures service-level compliance. As Essien 

et al. (2020) assert, embedding analytics within governance 

frameworks enhances cyber-resilience and data integrity 

across distributed infrastructures. 

Equally critical is Tableau’s capacity to bridge 

organizational silos through a unified decision interface. 

Damilola et al. (2020) demonstrated that visual integration 

of heterogeneous data sources improves decision reliability 

in health-information systems—a principle mirrored in IT 

operations. The tool’s compatibility with AI-driven engines 

and cloud APIs allows continuous performance assessment 

and agile resource allocation (Odinaka, Okolo, Chima, & 

Adeyelu, 2020). Furthermore, Umoren et al. (2020) 

emphasize that real-time analytical visualization enhances 

user experience and supports continuous improvement loops 

across digital service environments. Consequently, Tableau 

serves not merely as a visualization medium but as an 

intelligent operational core—transforming data into strategic 

foresight and positioning IT departments as proactive 

enablers of organizational performance excellence. 

 

1.3 Research Objectives and Scope 

This review aims to analyze how Tableau-driven decision 

analytics frameworks can be architected to improve real-

time IT performance and operational efficiency. It seeks to 

(1) evaluate the theoretical underpinnings of decision-

analytics systems; (2) identify critical performance metrics 

and integration mechanisms relevant to IT operations; and 

(3) propose a holistic Tableau-based framework that 

combines visualization, automation, and predictive 

analytics. The scope encompasses enterprise IT management 

environments, focusing on network performance, 

infrastructure optimization, and service-delivery 

improvement across public and private sectors. The review 

synthesizes current literature, frameworks, and practical 

deployments to establish a comprehensive understanding of 

Tableau’s role in modernizing decision-support ecosystems. 

 

 

1.4 Structure of the Review 

This review is structured into six core sections. Section 1 

introduces the study’s background, significance, objectives, 

and scope. Section 2 explores the conceptual and theoretical 

underpinnings of decision-analytics frameworks, IT 

performance metrics, and the evolution from traditional to 

modern management approaches. Section 3 discusses 

Tableau as a decision-analytics platform, detailing its 

architecture, integration capabilities, and predictive 

functions. Section 4 presents the development of the 

proposed Tableau-driven framework, while Section 5 

examines case studies and practical applications in real-time 

IT operations. Finally, Section 6 addresses challenges, 

emerging trends, and future research directions, concluding 

with strategic recommendations for enhancing IT 

performance through data-driven analytics. 

 

2. Foundations of Decision Analytics and IT 

Performance Management 

2.1 Overview of Decision Analytics Frameworks 

Decision analytics frameworks provide structured 

methodologies for transforming data into actionable insights 

that support strategic decision-making. They integrate 

processes such as data acquisition, transformation, and 

visualization to enhance organizational intelligence. As 

noted by Abass, Balogun, and Didi (2020) and Filani, 

Olajide, and Osho (2020), frameworks incorporating 

dashboards and key metrics enable managers to derive real-

time insights for performance optimization. Adenuga, 

Ayobami, and Okolo (2020) emphasize that AI-based 

frameworks align analytical intelligence with cross-

functional goals, strengthening IT-business integration. 

Incorporating advanced predictive models, modern 

frameworks now embed machine learning for higher 

accuracy and automation (Dako, Onalaja, Nwachukwu, 

Bankole, & Lateefat, 2020). Tableau-driven architectures 

extend these principles by integrating visualization with data 

blending to support real-time decision contexts. Bankole et 

al. (2020) further highlight the use of integrated dashboards 

for bridging data silos, which supports enterprise 

transparency. Such integration ensures that decision 

analytics transcends static reporting and evolves into 

adaptive intelligence capable of predictive control. 

According to Power (2016), decision support systems have 

transitioned from rule-based mechanisms toward dynamic 

analytics platforms that incorporate continuous data 

feedback. Delen and Zolbanin (2018) describe this shift as 

the analytics paradigm, where statistical, descriptive, and 

prescriptive components operate synergistically to enhance 

decision quality. Similarly, Adebiyi, Akinola, Santoro, and 

Mastrolitti (2017) emphasize that embedding analytics in 

workflows improves data reliability. Giwah et sal. Gbabo 

(2020) also show that visualization-driven analytics supports 

situational awareness, while Erigha et al. (2019) argue that 

machine learning-based frameworks elevate IT resilience. 

Hence, Tableau-enabled frameworks represent the 

convergence of visualization, governance, and predictive 

modeling—enabling enterprises to align operational 

responsiveness with strategic foresight (Bankole et al., 

2020; Delen & Zolbanin, 2018; Power, 2016). 
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2.2 Core IT Performance Metrics and KPIs 

Core IT performance metrics and key performance 

indicators (KPIs) are essential for evaluating operational 

reliability, efficiency, and compliance. Filani, Nwokocha, 

and Babatunde (2019) establish that quantifiable 

indicators—such as system uptime, latency, and MTTR—

serve as the foundation for continuous service improvement. 

As emphasized by Dako et al. (2020), real-time KPI 

dashboards enhance visibility across infrastructure layers 

and improve incident management. Essien et al. (2020) 

extend this concept by linking regulatory compliance 

metrics with operational performance data, reinforcing 

accountability and audit readiness. 

Recent frameworks integrate predictive analytics to 

recalibrate KPI thresholds dynamically (Erigha et al., 2017). 

Tableau’s visualization capabilities provide an additional 

layer of correlation analysis that links performance metrics 

with contextual parameters such as workload or user 

demand. Marr (2016) and Gartner (2018) argue that data-

driven KPI systems are crucial for aligning IT outputs with 

enterprise objectives, while Ayanbode et al. (2019) note 

their role in threat detection through behavioral analytics. 

According to Bukhari et al. (2020), a robust data culture 

strengthens decision-making accuracy by integrating multi-

source KPI dashboards, fostering a feedback-driven 

operational ecosystem. Similarly, Damilola, Akintimehin, 

and Akomolafe (2020) demonstrate how KPI monitoring in 

health information systems enhances data quality and 

decision reliability. Giwah et al. (2020) also assert that KPI 

standardization across sectors fosters transparency in service 

performance. 

By merging KPI frameworks with ITIL and COBIT 

standards, organizations gain a holistic understanding of 

performance and compliance. As Marr (2016) emphasizes, 

this shift represents a move from reactive evaluation to 

predictive governance—where analytics anticipates rather 

than reacts to performance deviations. 

 

2.3 Traditional vs. Modern Data-Driven IT Management 

Approaches 

Traditional IT management approaches have been 

characterized by manual monitoring, periodic reporting, and 

reactive maintenance practices. These methods, while 

effective historically, lack agility in addressing real-time 

operational complexities (Balogun, Abass, & Didi, 2020). 

Brynjolfsson and McElheran (2016) explain that traditional 

models are constrained by limited data visibility and delayed 

feedback loops, leading to slower decision cycles. In 

contrast, modern data-driven management harnesses 

analytics and automation for proactive system optimization. 

Modern frameworks, as discussed by Umoren et al. (2020), 

employ behavioral analytics, automation, and visualization 

to enable predictive interventions and service reliability. 

Erinjogunola et al. (2020) demonstrate that AI-enhanced 

safety analytics outperform manual auditing by offering 

predictive failure insights. Similarly, Sanusi, Bayeroju, and 

Nwokediegwu (2020) emphasize AI’s integration into risk 

prediction and cost management. Tableau facilitates this 

transformation through API-driven dashboards that visualize 

streaming operational data for instant interpretation 

(Odinaka et al., 2020). 

According to Bukhari et al. (2019), modern IT governance 

increasingly relies on zero-trust architectures and adaptive 

analytics to enhance resilience and transparency. Chae 

(2019) notes that digital transformation accelerates this 

evolution by embedding analytics directly into workflows, 

fostering continuous process improvement. Ogunsola (2019) 

also links data-driven frameworks with digital 

empowerment and innovation culture. 

Ozobu (2020) reinforces that predictive models can prevent 

occupational risks before escalation, embodying the 

proactive essence of data-driven management. 

Consequently, modern approaches integrate analytics, 

automation, and visualization to deliver agility and foresight 

in IT operations (Brynjolfsson & McElheran, 2016; Chae, 

2019; Sanusi et al., 2020). 

 

3. Tableau as a Decision Analytics Platform 

3.1 Tableau Architecture and Integration Capabilities 

Tableau’s multi-tier client–server architecture delivers 

scalability, real-time connectivity, and secure analytics 

pipelines essential to IT operations. The framework 

integrates seamlessly across diverse environments, 

supported by its VizQL Server, Application Server, and 

Data Engine (Filani et al., 2020). Its hybrid data layer 

merges live connections with in-memory extracts, 

optimizing query performance in high-velocity IT 

ecosystems (Abass et al., 2020; Umoren et al., 2020). This 

architecture aligns with modern business-model 

requirements for data-driven decision environments and 

with advanced visualization approaches that support rapid 

knowledge transfer (Bihani & Patil, 2018; Jin et al., 2017; 

Al-Debei & Avison, 2017). The Tableau Data Server 

ensures metadata governance and centralization of KPIs 

critical for IT performance monitoring (Bukhari et al., 

2020). Through REST APIs, enterprises embed dashboards 

within workflow portals to synchronize operational data 

(Dako et al., 2020; Watson, 2017).  

In practice, Tableau’s integration with AWS CloudWatch 

and ServiceNow enables visualization of SLA breaches and 

latency thresholds in real time (Giwah et al., 2020). Studies 

emphasize its role in transforming raw data into actionable 

intelligence, echoing the maturity patterns observed in BI 

systems (Olszak, 2019; Power, 2018; Demirkan & Delen, 

2018). Its modular flexibility supports predictive scalability 

through distributed clusters and supports decision 

architectures described by Chen et al. (2017), Fan et al. 

(2019), and Ghazal & Eltahir (2019). Kitchin (2017) and 

Kimball & Ross (2019) add that data democratization in 

visualization enhances transparency, a core objective in 

enterprise analytics, as seen in Table 1. Thus, Tableau’s 

architecture not only sustains computational robustness but 

also drives integrative intelligence across the digital supply 

chain (Dutta & Bose, 2019; Inmon & Linstedt, 2017; 

Holsapple et al., 2018). 
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Table 1: Summary of Tableau Architecture and Integration Capabilities in IT Operations 
 

Architectural Layer / 

Component 
Core Functionality 

Integration and Scalability 

Features 

Operational Benefits in IT 

Performance Management 

VizQL Server and 

Application Server 

Processes user queries, renders 

interactive dashboards, and manages 

user sessions for real-time 

visualization. 

Integrates seamlessly with existing 

IT infrastructure via client–server 

architecture and distributed clusters. 

Enables dynamic visualization, 

reduces latency, and improves 

decision-making responsiveness. 

Hybrid Data Layer (Live 

and Extract Connections) 

Combines live database connections 

with in-memory extracts for optimal 

data query performance. 

Supports high-velocity data handling 

and scalability across on-premise 

and cloud platforms. 

Facilitates continuous monitoring 

of IT metrics and ensures rapid 

data refresh cycles. 

Data Server and Metadata 

Management 

Centralizes data definitions, KPIs, 

and security credentials to maintain 

governance. 

Ensures consistency across 

departments and synchronizes 

analytical outputs across multiple 

dashboards. 

Enhances reliability, auditability, 

and alignment with organizational 

governance standards. 

API and External System 

Integration (REST, Cloud, 

and Workflow Tools) 

Connects Tableau dashboards with 

third-party tools such as AWS 

CloudWatch and ServiceNow. 

Enables embedded analytics and 

automation within enterprise 

workflow environments. 

Supports proactive SLA tracking, 

predictive alerts, and holistic 

visibility into IT operations. 

 

3.2 Real-Time Data Visualization and ETL Integration 

Real-time analytics in Tableau depend on high-throughput 

ETL pipelines connecting transactional systems to analytical 

repositories (Filani et al., 2020). Tableau Prep Builder 

orchestrates data cleansing and synchronization processes 

that maintain consistency across cloud and on-premises 

infrastructure (Abass et al., 2020; Bukhari et al., 2020). 

Such ETL integration parallels frameworks proposed by Cai 

et al. (2017) for IoT systems, ensuring continuous data flow 

and latency reduction. Within IT operations, dynamic 

visualization supports real-time tracking of network latency 

and uptime—reflecting enterprise digital-twin paradigms 

(Abass et al., 2019; Umoren et al., 2020). The Hyper 

engine’s columnar architecture enhances throughput and 

aligns with distributed frameworks highlighted by Li et al. 

(2019) and Wu & Buyya (2019). These optimizations mirror 

the ETL automation principles discussed by Chaudhuri et al. 

(2016) and Kandel et al. (2017). 

 Tableau’s ability to blend structured and unstructured 

datasets reinforces adaptive performance dashboards (Giwah 

et al., 2020). Empirical insights suggest that organizations 

integrating visualization with data-warehouse automation 

achieve greater agility (Baro et al., 2018; Papachristodoulou 

& Ketikidis, 2018). Davenport & Bean (2018) note that 

firms cultivating analytics cultures outperform peers in 

operational efficiency, consistent with Costa & Aparicio 

(2019). In IT performance domains, such architectures 

facilitate predictive maintenance dashboards as proposed by 

Bai & Sarkis (2019), Isenberg & Fisher (2019), and 

Ramanathan & Tan (2020). Hence, Tableau’s ETL and 

visualization synergy underpins an adaptive digital nervous 

system for continuous decision support (Goes, 2017; Chen 

& Chen, 2020). 

 

3.3 API Connectivity and Predictive Modeling Features 

Tableau’s extensive API ecosystem allows interoperability 

across analytics engines and predictive services, enabling 

end-to-end automation (Didi et al., 2020). Through REST, 

JavaScript, and Web Data Connector APIs, developers 

integrate Tableau with platforms like Python TabPy and 

RServe to embed advanced models directly into dashboards 

(Abass et al., 2020; Bukhari et al., 2020). This aligns with 

integration frameworks outlined by Bose & Mahapatra 

(2017) and Gupta & George (2016). API-based extensibility 

promotes adaptive learning systems similar to Fink et al. 

(2017) and Ghosh & Bose (2019). By leveraging Tableau’s 

Extensions API, predictive outputs from machine-learning 

models dynamically update IT operations dashboards in real 

time (Umoren et al., 2020).  

Integrating regression and neural-network analytics aligns 

with hybrid predictive approaches discussed by Jordan & 

Mitchell (2019), Xu & Li (2019), and Holsapple et al. 

(2019). Moreover, Tableau’s synergy with cloud 

platforms—AWS SageMaker and Azure ML—reflects 

architectures recommended by Fang & Zhang (2018) and 

Marques & Garcia (2020). API integration also enhances 

business continuity, echoing the adaptive decision 

frameworks of Jeble et al. (2018) and Raguseo (2018). 

Kambatla et al. (2019) and Cao (2018) assert that this 

interoperability supports explainable analytics across the IT 

stack. The result is a predictive Tableau ecosystem fostering 

proactive anomaly detection and automated root-cause 

analysis (Filani et al., 2020; Giwah et al., 2020). 

Collectively, these capabilities exemplify intelligent 

performance management rooted in real-time connectivity 

(Chen & Zhang, 2019; Ertel, 2019). 

 

4. Developing the Tableau-Driven Framework 

4.1 Framework Design and Components  

The Tableau-driven decision analytics framework is 

organized around three core components—data acquisition, 

analytical modeling, and visualization—to enable real-time 

IT performance insight. Drawing on Abass, Balogun, and 

Didi (2020) and Filani, Olajide, and Osho (2020), the design 

integrates multiple operational datasets through Tableau 

Prep’s ETL pipelines for cleansing and schema 

normalization. Adenuga et al. (2020) and Giwah et al. 

(2020) emphasize the need for predictive integration of 

performance metrics across distributed systems, while Dako 

et al. (2020) demonstrate that synchronized data governance 

improves analytical reliability. Within this architecture, 

Tableau’s in-memory engine supports near-instant query 

execution, as validated by Umoren et al. (2020) in 

automating service dashboards for continuous feedback 

loops. 

Data fusion from monitoring systems, service-desk tickets, 

and cloud telemetry is processed through predictive models 

linked to Python TabPy or RServe (Abass et al., 2019; 

Essien et al., 2020). Interactive dashboards visualize uptime, 

latency, and throughput KPIs, aligning with Bukhari et al. 

(2020) on collaborative data culture. Tableau’s modular 

design allows governance and scalability consistent with 

ITIL v4 and ISO/IEC 20000, ensuring transparency across 

operational hierarchies as seen in Table 2. Comparable BI 
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frameworks (Ariyachandra & Frolick, 2016; Côrte-Real et 

al., 2017; Elbashir et al., 2018; Fan et al., 2016; Foshay & 

Kuziemsky, 2016) affirm that integrating descriptive, 

diagnostic, and predictive analytics fosters proactive 

decision intelligence. Collectively, these components 

transform IT operations from reactive monitoring toward 

strategic, insight-driven management. 

 
Table 2: Summary of the Tableau-Driven Decision Analytics Framework Design and Components 

 

Framework 

Component 
Key Functional Description 

Technical Mechanisms and 

Tools 
Operational Outcomes 

Data Acquisition 

Layer 

Integrates diverse IT data streams from monitoring 

systems, cloud telemetry, and service-desk 

applications into a unified repository for analysis. 

Ensures data cleansing, transformation, and schema 

normalization for quality assurance. 

Tableau Prep ETL pipelines, API 

connectors, automated data 

ingestion scripts, and relational 

schema mapping. 

Enhanced data consistency, 

reduced redundancy, and real-

time accessibility for 

downstream analytics. 

Analytical 

Modeling Layer 

Applies predictive and diagnostic models to identify 

patterns in performance metrics and forecast potential 

system issues. Supports decision intelligence through 

algorithmic insights. 

Python TabPy and RServe 

integration for predictive 

modeling, machine learning 

pipelines, and an in-memory 

analytics engine. 

Improved accuracy of 

performance forecasts, early 

anomaly detection, and data-

driven capacity planning. 

Visualization 

and Interaction 

Layer 

Translates complex analytical outputs into intuitive, 

interactive dashboards for stakeholders across IT and 

business units. Enables dynamic KPI tracking and 

scenario exploration. 

Tableau Desktop and Server 

visualization environments, live 

dashboards, and customizable KPI 

templates. 

Real-time visibility, cross-

departmental collaboration, and 

faster decision cycles through 

visual insight sharing. 

Governance and 

Scalability Layer 

Establishes data management, security, and 

compliance controls aligned with enterprise IT 

standards. Facilitates scalability and interoperability 

across distributed infrastructures. 

Role-based access control, 

metadata management, API 

orchestration, alignment with ITIL 

v4, and ISO/IEC 20000 standards. 

Sustained analytical reliability, 

secure data governance, and an 

adaptable framework for 

evolving IT environments. 

 

4.2 Data Pipeline and Dashboard Architecture  

A Tableau-centric pipeline orchestrates automated data 

extraction, transformation, and loading to sustain continuous 

operational visibility. Essien et al. (2019), Idowu et al. 

(2020), and Odinaka et al. (2020) describe comparable 

streaming architectures in multi-cloud environments that 

ensure timely ingestion of log-level data. Atobatele et al. 

(2019) and Ozobu (2020) show that structured ETL 

frameworks enhance interoperability between legacy and 

cloud-native systems. Tableau Prep provides schema 

harmonization, while Tableau Server or Cloud connects to 

high-throughput data warehouses, preserving lineage and 

KPI consistency (Sanusi et al., 2020; Nwaimo et al., 2019). 

Dashboards employ parameterized filters, cascading visual 

hierarchies, and predictive alerts integrated with APIs 

(Babatunde et al., 2020; Damilola et al., 2020). Filani et al. 

(2020) validate that centralized dashboards reduce decision 

latency across departments. The semantic layer standardizes 

data definitions to sustain cross-functional coherence 

(Giwah et al., 2020). Live connections via Tableau’s REST 

and JavaScript APIs embed analytics into enterprise portals, 

achieving holistic observability. Comparable empirical 

studies of (Gupta & George, 2016; Popovič et al., 2018; 

Riggins & Wamba, 2017; Wixom et al., 2019; Zhang et al., 

2020) highlight that business-intelligence pipeline maturity 

directly correlates with decision accuracy, agility, and 

organizational performance. In sum, the architecture 

supports a seamless flow from raw data to actionable 

insight, strengthening real-time IT operations oversight. 

 

4.3 Workflow Automation and Governance 

Considerations 

Automation and governance form the backbone of 

sustainable Tableau-driven analytics. Tableau Extensions 

API automates extract refreshes, scheduling, and alerts 

(Abass et al., 2020; Essien et al., 2020). Bukhari et al. 

(2020) and Dako et al. (2020) stress that embedding scripts 

within Python or VBA reduces manual workload and 

enhances reporting precision. Erigha et al. (2019) outline 

that workflow automation tied to compliance frameworks 

like ISO 27001 and GDPR ensures data security while 

enabling traceable audit trails. Atobatele et al. (2019) 

support API-based collaboration where Jira and ServiceNow 

triggers streamline incident resolution. 

Governance maturity evolves through stewardship councils 

that validate KPI definitions and certify dashboards before 

deployment (Umeren et al., 2020; Filani et al., 2020). Role-

based permissions within Tableau Server safeguard 

confidentiality while promoting transparency (Essien et al., 

2019). These practices align with global governance models 

advocating balanced autonomy and control (Alharthi et al., 

2017; Baars & Kemper, 2017; Brooks & El-Gayar, 2016; 

Mikalef et al., 2020; Sivarajah et al., 2017). Combined 

automation and governance produce a self-healing analytics 

environment that enables continuous service improvement, 

compliance adherence, and strategic decision assurance 

across IT operations. 

 

5. Applications and Case Studies 

5.1 Real-Time IT Operations Monitoring 

Real-time IT operations monitoring within a Tableau-driven 

analytics environment emphasizes dynamic visualization 

and continuous performance tracking across infrastructure 

layers. The uploaded document by Abass, Balogun, and Didi 

(2020) underscores the power of integrated dashboards for 

live customer behavior and churn prediction, mirroring how 

Tableau can consolidate multi-source telemetry data into 

unified operational dashboards for anomaly detection. 

Similarly, Didi, Abass, and Balogun (2020) describe AI-

augmented SCADA integrations in LNG systems, 

demonstrating the relevance of intelligent visualization to 

industrial uptime monitoring. When coupled with a data-

driven workflow, Tableau enhances the responsiveness of IT 

teams through contextual analytics and live 

alertingorchestration (Essien et al., 2020; Filani et al., 2020; 

Umoren et al., 2020). 
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The platform’s strength lies in its ability to integrate 

streaming APIs and sensor data, a feature that parallels the 

mobile surveillance framework discussed by Eneogu et al. 

(2020) for optimizing diagnosis workflows. Within 

enterprise IT, this capacity supports predictive service 

monitoring and downtime minimization. Bukhari et al. 

(2020) highlight data-driven mentoring systems where real-

time dashboards facilitated distributed collaboration, 

conceptually similar to Tableau Server’s collaborative 

visualization capabilities. 

External research aligns with these findings, emphasizing 

real-time analytics as a core enabler of IT observability (Al-

Kaseem et al., 2019; Dai et al., 2019). Tableau’s 

visualization API supports interactive data storytelling, 

linking event logs to operational key performance indicators 

(KPI) for improved mean time to resolution (MTTR) 

(Gandomi & Haider, 2019; Zhou et al., 2020). This 

integrative function advances situational awareness, 

bridging ITIL monitoring practices with predictive 

visualization layers (Lee et al., 2017; Singh & Hess, 2017). 

Through proactive dashboards, anomalies in network 

throughput or storage utilization become actionable insights, 

fostering data-driven governance (Hurlburt & Voas, 2019; 

Nguyen et al., 2018). 

 

5.2 Capacity Planning and Predictive Maintenance 

Capacity planning in IT ecosystems depends on predictive 

analytics that forecast workload spikes, system degradation, 

and resource bottlenecks. The uploaded paper by Adebiyi et 

al. (2017) emphasizes chemical systems’ predictive 

modeling, conceptually similar to IT system telemetry 

forecasting, where Tableau visualizations illustrate future 

capacity thresholds. Likewise, Adenuga, Ayobami, and 

Okolo (2020) discussed AI-driven workforce forecasting, 

reflecting predictive scheduling analogs in IT infrastructure 

provisioning. Dako et al. (2020) outline big-data auditing 

for compliance reliability, underscoring model validation 

critical to predictive dashboards. 

Tableau supports regression modeling and trend analytics 

that align with multi-dimensional KPI visualization, offering 

capacity managers a unified environment for anomaly trend 

projection (Ozobu, 2020; Giwah et al., 2020; Sanusi et al., 

2020). Within data-center operations, this enables real-time 

adjustments to load balancing, energy optimization, and 

preventive scheduling akin to the efficiency strategies 

described by Idowu et al. (2020) for IoT-driven industries. 

Research in predictive maintenance during 2016–2020 

strongly reinforces these Tableau applications. Kusiak 

(2017) and Wang et al. (2018) demonstrated machine-

learning-based predictive maintenance that leverages 

historical performance data. Similarly, Bousdekis et al. 

(2019) proposed frameworks integrating data visualization 

for capacity management. Cloud-native IT environments 

increasingly employ predictive dashboards to balance 

resource allocation dynamically (Huang et al., 2020; Wan et 

al., 2019). Tableau, when integrated with streaming 

telemetry and ETL pipelines, mirrors these architectures by 

facilitating long-range forecasting of server demand (Li et 

al., 2020; Zhao & Jin, 2019; Oshoba et al., 2020). 

By aligning Tableau’s analytical engine with predictive 

models such as ARIMA and Prophet, IT administrators can 

visualize asset wear, predict resource exhaustion, and 

schedule proactive interventions. This integration reduces 

downtime, aligns capacity provisioning with SLAs, and 

mirrors the sustainability forecasting models applied in 

energy sectors (Kumar et al., 2018; Sun et al., 2020). 

 

5.3 Service Delivery Optimization through Analytics 

Service delivery optimization leverages Tableau’s multi-

layered analytics to improve IT service management (ITSM) 

responsiveness, aligning with frameworks described in the 

uploaded works of Dako et al. (2020), Filani et al. (2019), 

and Umoren et al. (2020), who collectively highlight 

analytics-based coordination across enterprise value chains. 

Tableau facilitates cross-departmental insight dissemination, 

similar to the behavioral conversion and CRM dashboards 

proposed by Balogun, Abass, and Didi (2020) to improve 

operational outcomes. This integrated visualization enables 

service managers to analyze ticket volume, SLA adherence, 

and root cause trends in real time (Essien et al., 2020; 

Ozobu, 2020; Bukhari et al., 2020). 

Externally, research between 2016–2020 highlights data-

driven ITSM and visualization analytics as essential to 

service reliability. Abbasi et al. (2016) described predictive 

IT support models integrating dashboards for workload 

prioritization. Similarly, Chae (2019) and Koumaditis & 

Papaiordanidou (2018) discussed visualization-enabled 

decision optimization within digital operations. Tableau’s 

comparative KPI visualization correlates strongly with 

service performance metrics in agile operations (Mikalef et 

al., 2019; de Carvalho et al., 2017). Integrating customer 

feedback analytics further refines service quality 

benchmarks (Lim et al., 2018; Sivarajah et al., 2017). 

Through Tableau’s embedded analytics, IT departments 

achieve adaptive service orchestration—visualizing incident 

aging, identifying automation opportunities, and monitoring 

end-user satisfaction. This creates a feedback-rich 

ecosystem where root-cause analytics and predictive SLA 

modeling converge, mirroring the proactive frameworks in 

enterprise governance discussed by Dako et al. (2020). 

Consequently, Tableau not only visualizes performance but 

also actively informs continuous improvement cycles for 

digital operations management. 

 

6. Challenges, Future Directions, and Conclusion 

6.1 Data Quality, Security, and Integration Challenges 

In developing Tableau-driven decision analytics frameworks 

for IT performance management, maintaining data quality, 

ensuring security, and enabling seamless integration stand as 

core challenges. Data quality issues often arise from 

disparate data sources, incomplete records, or inconsistent 

formats, leading to unreliable metrics that compromise 

decision accuracy. Poor data hygiene within ETL pipelines 

can propagate errors across dashboards, resulting in 

misleading trends and performance distortions. Furthermore, 

real-time integration with various data streams—such as 

system logs, service databases, and monitoring tools—

demands strict validation mechanisms to maintain 

consistency. When data latency or duplication occurs, 

operational dashboards lose their predictive fidelity, limiting 

their ability to inform proactive IT interventions. 

Security challenges further complicate framework 

deployment. Tableau’s connectivity with multiple enterprise 

systems exposes vulnerabilities if encryption, authentication, 

and access controls are not rigorously implemented. The 

integration of APIs and cloud connectors introduces 

potential attack vectors, demanding the use of role-based 

access and multi-factor authentication for data governance. 
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Additionally, compliance with standards such as GDPR, 

HIPAA, and ISO 27001 requires end-to-end auditability 

across all data transactions. The interoperability challenge is 

equally critical; aligning Tableau with legacy systems, 

hybrid clouds, and modern data warehouses necessitates 

scalable APIs and middleware capable of bridging 

heterogeneous environments. Therefore, successful 

implementation depends on balancing high data integrity 

with robust cybersecurity architecture, ensuring that 

analytical outputs remain trustworthy, compliant, and 

operationally coherent in complex IT ecosystems. 

 

6.2 Emerging Trends in AI-Augmented BI Systems 

Artificial Intelligence (AI) is transforming business 

intelligence (BI) by infusing decision analytics platforms 

with cognitive and predictive capabilities that surpass 

traditional reporting mechanisms. In Tableau-driven 

frameworks, AI integration enables automated data 

discovery, anomaly detection, and trend prediction, allowing 

organizations to respond to emerging IT issues before they 

escalate. Natural language processing (NLP) now empowers 

users to query dashboards conversationally, reducing 

dependency on technical expertise. Meanwhile, machine 

learning algorithms embedded within BI systems 

continuously refine KPI thresholds and operational 

baselines, promoting adaptive learning and dynamic 

optimization. These systems can automatically identify 

correlations across IT metrics—such as server downtime, 

application performance, and user behavior—facilitating 

proactive governance. 

Another emerging trend involves the fusion of AI with 

augmented analytics and edge computing. As IT 

infrastructures become distributed, AI-enhanced BI ensures 

analytics remain localized yet connected through federated 

learning models, supporting data privacy while maintaining 

predictive accuracy. Explainable AI (XAI) frameworks are 

also gaining prominence, ensuring transparency in 

algorithmic decisions and enabling IT leaders to justify 

analytics-driven actions. Moreover, cloud-native BI 

platforms increasingly leverage reinforcement learning to 

simulate decision outcomes, optimizing capacity planning 

and incident management. The convergence of AI, 

automation, and BI represents a paradigm shift—

transforming Tableau from a visualization tool into an 

intelligent decision orchestration system that continually 

learns, adapts, and evolves in real-time operational contexts. 

 

6.3 Conclusion and Recommendations 

The development of a Tableau-driven decision analytics 

framework for IT performance and operations management 

reflects a broader shift toward data-centric governance and 

predictive intelligence. The integration of real-time analytics 

within IT ecosystems enables leaders to translate complex 

data into strategic actions that improve system resilience, 

resource allocation, and service delivery. Through 

interactive visualization, performance dashboards empower 

teams to monitor, interpret, and respond to operational 

metrics dynamically. However, achieving this potential 

requires addressing foundational barriers such as data 

quality assurance, system interoperability, and cybersecurity 

compliance. Ensuring that data pipelines remain accurate, 

secure, and transparent is essential for sustaining 

stakeholder trust and decision reliability. 

Moving forward, organizations should adopt hybrid 

analytics architectures that combine Tableau’s visualization 

capabilities with AI-driven automation and prescriptive 

analytics. Emphasis should be placed on deploying scalable, 

modular data governance systems that accommodate both 

structured and unstructured data across diverse IT 

infrastructures. Investment in talent development for data 

engineering, visualization design, and AI model 

interpretation will further strengthen organizational 

analytical maturity. Additionally, periodic framework 

audits, policy alignment with emerging data protection 

regulations, and continuous system upgrades will safeguard 

operational efficiency. Ultimately, a Tableau-enabled 

decision analytics ecosystem should not only visualize 

performance but also anticipate change—functioning as a 

living intelligence system that adapts seamlessly to evolving 

IT landscapes and organizational objectives. 

 

7. References 

1. Abass OS, Balogun O, Didi PU. A Sentiment-Driven 

Churn Management Framework Using CRM Text 

Mining and Performance Dashboards. IRE Journals. 

2020; 4(5):251-259. 

2. Abass OS, Balogun O, Didi PU. A Predictive Analytics 

Framework for Optimizing Preventive Healthcare Sales 

and Engagement Outcomes. IRE Journals. 2019; 

2(11):497-505. Doi: 10.47191/ire/v2i11.1710068 

3. Abass OS, Balogun O, Didi PU. A Multi-Channel Sales 

Optimization Model for Expanding Broadband Access 

in Emerging Urban Markets. IRE Journals. 2020; 

4(3):191-200. ISSN: 2456-8880 

4. Abbasi A, Sarker S, Chiang RHL. Big data research in 

information systems: Toward an inclusive research 

agenda. Journal of the Association for Information 

Systems. 2016; 17(2):i-xxxii. 

5. Adebiyi FM, Akinola AS, Santoro A, Mastrolitti S. 

Chemical analysis of resin fraction of Nigerian bitumen 

for organic and trace metal compositions. Petroleum 

Science and Technology. 2017; 35(13):1370-1380. 

6. Adenuga T, Ayobami AT, Okolo FC. Laying the 

Groundwork for Predictive Workforce Planning 

Through Strategic Data Analytics and Talent Modeling. 

IRE Journals. 2019; 3(3):159-161. ISSN: 2456-8880 

7. Adenuga T, Ayobami AT, Okolo FC. AI-Driven 

Workforce Forecasting for Peak Planning and 

Disruption Resilience in Global Logistics and Supply 

Networks. International Journal of Multidisciplinary 

Research and Growth Evaluation. 2020; 2(2):71-87. 

Available at: 

https://doi.org/10.54660/.IJMRGE.2020.1.2.71-87 

8. Akinola AS, Adebiyi FM, Santoro A, Mastrolitti S. 

Study of resin fraction of Nigerian crude oil using 

spectroscopic/spectrometric analytical techniques. 

Petroleum Science and Technology. 2018; 36(6):429-

436. 

9. Alao OB, Nwokocha GC, Morenike O. Supplier 

Collaboration Models for Process Innovation and 

Competitive Advantage in Industrial Procurement and 

Manufacturing Operations. Int J Innov Manag. 2019; 

16:17. 

10. Alao OB, Nwokocha GC, Morenike O. Vendor 

Onboarding and Capability Development Framework to 

Strengthen Emerging Market Supply Chain 

http://www.multiresearchjournal.com/


International Journal of Advanced Multidisciplinary Research and Studies   www.multiresearchjournal.com 

2370 

Performance and Compliance. Int J Innov Manag. 2019; 

16:17. 

11. Al-Debei MM, Avison D. Business model requirements 

and IT alignment: A comprehensive framework. 

Information Systems Frontiers. 2017; 19(2):475-494. 

12. Alharthi A, Krotov V, Bowman M. Emerging business 

intelligence capabilities for cloud governance. 

Information Systems Frontiers. 2017; 19(2):1-14. 

13. Al-Kaseem M, Hassan H, Al-Jubouri A. Real-time 

cloud performance analytics using visualization 

dashboards. Journal of Cloud Computing Research. 

2019; 8(2):112-124. 

14. Alvarez MA, Loukides M. Designing data-intensive 

applications. O’Reilly Media, 2017. 

15. Ariyachandra T, Frolick MN. Critical success factors in 

business intelligence implementation. Journal of 

Information Technology Management. 2016; 27(1):1-

12. 

16. Asata MN, Nyangoma D, Okolo CH. Strategic 

Communication for Inflight Teams: Closing 

Expectation Gaps in Passenger Experience Delivery. 

International Journal of Multidisciplinary Research and 

Growth Evaluation. 2020; 1(1):183-194. Doi: 

https://doi.org/10.54660/.IJMRGE.2020.1.1.183-194 

17. Asata MN, Nyangoma D, Okolo CH. Leadership impact 

on cabin crew compliance and passenger satisfaction in 

civil aviation. IRE Journals. 2020; 4(3):153-161. 

18. Asata MN, Nyangoma D, Okolo CH. Benchmarking 

Safety Briefing Efficacy in Crew Operations: A Mixed-

Methods Approach. IRE Journal. 2020; 4(4):310-312. 

19. Atobatele OK, Ajayi OO, Hungbo AQ, Adeyemi C. 

Leveraging Public Health Informatics to Strengthen 

Monitoring and Evaluation of Global Health 

Interventions. IRE Journals. 2019; 2(7):174-182. 

https://irejournals.com/formatedpaper/1710078 

20. Atobatele OK, Hungbo AQ, Adeyemi C. Digital health 

technologies and real-time surveillance systems: 

Transforming public health emergency preparedness 

through data-driven decision making. IRE Journals. 

2019; 3(9):417-421. https://irejournals.com (ISSN: 

2456-8880) 

21. Atobatele OK, Hungbo AQ, Adeyemi C. Evaluating the 

Strategic Role of Economic Research in Supporting 

Financial Policy Decisions and Market Performance 

Metrics. IRE Journals. 2019; 2(10):442-450. 

https://irejournals.com/formatedpaper/1710100 

22. Atobatele OK, Hungbo AQ, Adeyemi C. Leveraging 

big data analytics for population health management: A 

comparative analysis of predictive modeling approaches 

in chronic disease prevention and healthcare resource 

optimization. IRE Journals. 2019; 3(4):370-375. 

https://irejournals.com (ISSN: 2456-8880) 

23. Ayanbode N, Cadet E, Etim ED, Essien IA, Ajayi JO. 

Deep learning approaches for malware detection in 

large-scale networks. IRE Journals. 2019; 3(1):483-502. 

ISSN: 2456-8880 

24. Baars H, Kemper HG. Management support with 

business intelligence systems. Decision Support 

Systems. 2017; 97:1-10. 

25. Babatunde LA, Etim ED, Essien IA, Cadet E, Ajayi JO, 

Erigha ED, et al. Adversarial machine learning in 

cybersecurity: Vulnerabilities and defense strategies. 

Journal of Frontiers in Multidisciplinary Research. 

2020; 1(2):31-45. Doi: 

https://doi.org/10.54660/.JFMR.2020.1.2.31-45 

26. Bai X, Sarkis J. Integrating data visualization for 

performance measurement. Computers & Industrial 

Engineering. 2019; 135:893-902. 

27. Balogun O, Abass OS, Didi PU. A Multi-Stage Brand 

Repositioning Framework for Regulated FMCG 

Markets in Sub-Saharan Africa. IRE Journals. 2019; 

2(8):236-242. 

28. Balogun O, Abass OS, Didi PU. A Behavioral 

Conversion Model for Driving Tobacco Harm 

Reduction Through Consumer Switching Campaigns. 

IRE Journals. 2020; 4(2):348-355. 

29. Balogun O, Abass OS, Didi PU. A Market-Sensitive 

Flavor Innovation Strategy for E-Cigarette Product 

Development in Youth-Oriented Economies. IRE 

Journals. 2020; 3(12):395-402. 

30. Bankole FA, Lateefat T. Strategic cost forecasting 

framework for SaaS companies to improve budget 

accuracy and operational efficiency. IRE Journals. 

2019; 2(10):421-432. 

31. Bankole FA, Davidor S, Dako OF, Nwachukwu PS, 

Lateefat T. The venture debt financing conceptual 

framework for value creation in high-technology firms. 

Iconic Res Eng J. 2020; 4(6):284-309. 

32. Baro E, Degoul S, Beuscart R, Chazard E. Toward data-

driven decision-making in healthcare using ETL. 

Journal of Biomedical Informatics. 2018; 80:37-45. 

33. Bayeroju OF, Sanusi AN, Queen Z, Nwokediegwu S. 

Bio-Based Materials for Construction: A Global 

Review of Sustainable Infrastructure Practices, 2019. 

34. Bihani P, Patil S. Data visualization using Tableau and 

R: An integrative approach. International Journal of 

Computer Applications. 2018; 180(25):15-21. 

35. Bose I, Mahapatra RK. Business data analytics: A 

framework for integration. Decision Support Systems. 

2017; 97:18-28. 

36. Bousdekis A, Magoutas B, Apostolou D, Mentzas G. 

Review and synthesis of data-driven maintenance 

frameworks. Journal of Intelligent Manufacturing. 

2019; 30(3):1179-1199. 

37. Brooks P, El-Gayar OF. Business analytics in practice. 

Information Systems Management. 2016; 33(4):297-

310. 

38. Bukhari TT, Oladimeji O, Etim ED, Ajayi JO. 

Advancing data culture in West Africa: A community-

oriented framework for mentorship and job creation. 

International Journal of Management, Finance and 

Development. 2020; 1(2):1-18. Doi: 

https://doi.org/10.54660/IJMFD.2020.1.2.01-18 (P-

ISSN: 3051-3618 E-ISSN: 3051-3626) 

39. Bukhari TT, Oladimeji O, Etim ED, Ajayi JO. 

Advancing data culture in West Africa: A community-

oriented framework for mentorship and job creation. 

International Journal of Management, Finance and 

Development. 2020; 1(2):1-18. Doi: 

https://doi.org/10.54660/IJMFD.2020.1.2.01-18 (P-

ISSN: 3051-3618 

40. Bukhari TT, Oladimeji O, Etim ED, Ajayi JO. A 

Conceptual Framework for Designing Resilient Multi-

Cloud Networks Ensuring Security, Scalability, and 

Reliability Across Infrastructures. IRE Journals. 2018; 

1(8):164-173. Doi: 10.34256/irevol1818 

http://www.multiresearchjournal.com/


International Journal of Advanced Multidisciplinary Research and Studies   www.multiresearchjournal.com 

2371 

41. Bukhari TT, Oladimeji O, Etim ED, Ajayi JO. A 

Predictive HR Analytics Model Integrating Computing 

and Data Science to Optimize Workforce Productivity 

Globally. IRE Journals. 2019; 3(4):444-453. Doi: 

10.34256/irevol1934 

42. Bukhari TT, Oladimeji O, Etim ED, Ajayi JO. Toward 

Zero-Trust Networking: A Holistic Paradigm Shift for 

Enterprise Security in Digital Transformation 

Landscapes. IRE Journals. 2019; 3(2):822-831. Doi: 

10.34256/irevol1922 

43. Cai H, Xu B, Jiang L, Vasilakos AV. IoT-based real-

time data integration for industrial systems. IEEE 

Transactions on Industrial Informatics. 2017; 

13(2):1017-1026. 

44. Cao L. Data science: Challenges and directions. 

Communications of the ACM. 2018; 61(5):58-59. 

45. Chae BK. A general framework for studying the 

evolution of digital analytics capabilities in operations 

and supply chains. Production and Operations 

Management. 2019; 28(1):34-44. 

46. Chaudhuri S, Dayal U, Narasayya V. An overview of 

business intelligence technology. Communications of 

the ACM. 2016; 59(10):88-96. 

47. Chen H, Chiang RH, Storey VC. Business intelligence 

and analytics: From big data to impact. MIS Quarterly. 

2017; 41(1):1-23. 

48. Chen X, Chen H. Dynamic visualization analytics for 

large-scale IT performance dashboards. Information 

Systems Frontiers. 2020; 22(4):943-961. 

49. Chen X, Zhang Z. Integrating APIs and predictive 

analytics in cloud-based dashboards. IEEE Access. 

2019; 7:45540-45550. 

50. Chima OK, Ikponmwoba SO, Ezeilo OJ, Ojonugwa 

BM, Adesuyi MO. Advances in Cash Liquidity 

Optimization and Cross-Border Treasury Strategy in 

Sub-Saharan Energy Firms, 2020. 

51. Côrte-Real N, Oliveira T, Ruivo P. Assessing business 

value of big data analytics in SMEs. Information & 

Management. 2017; 54(7):807-818. 

52. Costa C, Aparicio M. Business intelligence and 

analytics for sustainability: Trends and future research. 

Information Systems Frontiers. 2019; 21(5):1073-1087. 

53. Dai W, Zhang Y, Liu Q. Streaming analytics for 

intelligent IT infrastructure monitoring. Future 

Generation Computer Systems. 2019; 95:377-389. 

54. Dako OF, Onalaja TA, Nwachukwu PS, Bankole FA, 

Lateefat T. Blockchain-enabled systems fostering 

transparent corporate governance, reducing corruption, 

and improving global financial accountability. IRE 

Journals. 2019; 3(3):259-266. 

55. Dako OF, Onalaja TA, Nwachukwu PS, Bankole FA, 

Lateefat T. Business process intelligence for global 

enterprises: Optimizing vendor relations with analytical 

dashboards. IRE Journals. 2019; 2(8):261-270. 

56. Dako OF, Onalaja TA, Nwachukwu PS, Bankole FA, 

Lateefat T. AI-driven fraud detection enhancing 

financial auditing efficiency and ensuring improved 

organizational governance integrity. IRE Journals. 

2019; 2(11):556-563. 

57. Dako OF, Onalaja TA, Nwachukwu PS, Bankole FA, 

Lateefat T. Big data analytics improving audit quality, 

providing deeper financial insights, and strengthening 

compliance reliability. Journal of Frontiers in 

Multidisciplinary Research. 2020; 1(2):64-80. 

58. Dako OF, Onalaja TA, Nwachukwu PS, Bankole FA, 

Lateefat T. Forensic accounting frameworks addressing 

fraud prevention in emerging markets through advanced 

investigative auditing techniques. Journal of Frontiers 

in Multidisciplinary Research. 2020; 1(2):46-63. 

59. Damilola Oluyemi Merotiwon, Opeyemi Olamide 

Akintimehin, Opeoluwa Oluwanifemi Akomolafe. 

Modeling Health Information Governance Practices for 

Improved Clinical Decision-Making in Urban 

Hospitals. Iconic Research and Engineering Journals. 

2020; 3(9):350-362. 

60. Damilola Oluyemi Merotiwon, Opeyemi Olamide 

Akintimehin, Opeoluwa Oluwanifemi Akomolafe. 

Developing a Framework for Data Quality Assurance in 

Electronic Health Record (EHR) Systems in Healthcare 

Institutions. Iconic Research and Engineering Journals. 

2020; 3(12):335-349. 

61. Damilola Oluyemi Merotiwon, Opeyemi Olamide 

Akintimehin, Opeoluwa Oluwanifemi Akomolafe. 

Framework for Leveraging Health Information Systems 

in Addressing Substance Abuse Among Underserved 

Populations. Iconic Research and Engineering Journals. 

2020; 4(2):212-226. 

62. Damilola Oluyemi Merotiwon, Opeyemi Olamide 

Akintimehin, Opeoluwa Oluwanifemi Akomolafe. 

Designing a Cross-Functional Framework for 

Compliance with Health Data Protection Laws in 

Multijurisdictional Healthcare Settings. Iconic Research 

and Engineering Journals. 2020; 4(4):279-296. 

63. Davenport TH, Bean R. Big companies are embracing 

analytics, but most still don’t have a data-driven culture. 

Harvard Business Review. 2018; 96(1):78-86. 

64. De Carvalho MM, Patah LA, Bido DS. Project 

management and IT service performance. International 

Journal of Project Management. 2017; 35(6):1231-

1244. 

65. Demirkan H, Delen D. Leveraging the capabilities of 

service-oriented decision support systems. Decision 

Support Systems. 2018; 107:38-49. 

66. Didi PU, Abass OS, Balogun O. Integrating AI-

Augmented CRM and SCADA Systems to Optimize 

Sales Cycles in the LNG Industry. IRE Journals. 2020; 

3(7):346-354. 

67. Didi PU, Abass OS, Balogun O. Leveraging Geospatial 

Planning and Market Intelligence to Accelerate Off-

Grid Gas-to-Power Deployment. IRE Journals. 2020; 

3(10):481-489. 

68. Didi PU, Abass OS, Balogun O. A Multi-Tier 

Marketing Framework for Renewable Infrastructure 

Adoption in Emerging Economies. IRE Journals. 2019; 

3(4):337-346. ISSN: 2456-8880 

69. Durowade KA, Adetokunbo S, Ibirongbe DE. 

Healthcare delivery in a frail economy: Challenges and 

way forward. Savannah Journal of Medical Research 

and Practice. 2016; 5(1):1-8. 

70. Durowade KA, Babatunde OA, Omokanye LO, 

Elegbede OE, Ayodele LM, Adewoye KR, et al. Early 

sexual debut: Prevalence and risk factors among 

secondary school students in Ido-ekiti, Ekiti state, 

South-West Nigeria. African Health Sciences. 2017; 

17(3):614-622. 

71. Durowade KA, Omokanye LO, Elegbede OE, 

Adetokunbo S, Olomofe CO, Ajiboye AD, et al. 

Barriers to contraceptive uptake among women of 

http://www.multiresearchjournal.com/


International Journal of Advanced Multidisciplinary Research and Studies   www.multiresearchjournal.com 

2372 

reproductive age in a semi-urban community of Ekiti 

State, Southwest Nigeria. Ethiopian Journal of Health 

Sciences. 2017; 27(2):121-128. 

72. Durowade KA, Salaudeen AG, Akande TM, Musa OI, 

Bolarinwa OA, Olokoba LB, et al. Traditional eye 

medication: A rural-urban comparison of use and 

association with glaucoma among adults in Ilorin-west 

Local Government Area, North-Central Nigeria. Journal 

of Community Medicine and Primary Health Care. 

2018; 30(1):86-98. 

73. Dutta D, Bose I. Managing real-time data streams for 

analytics: Architecture and implications. Information 

Systems Journal. 2019; 29(3):517-540. 

74. Elbashir MZ, Collier PA, Sutton SG. Understanding the 

business value of BI. MIS Quarterly Executive. 2018; 

17(1):21-38. 

75. Eneogu RA, Mitchell EM, Ogbudebe C, Aboki D, 

Anyebe V, Dimkpa CB, et al. Operationalizing Mobile 

Computer-assisted TB Screening and Diagnosis With 

Wellness on Wheels (WoW)) in Nigeria: Balancing 

Feasibility and Iterative Efficiency, 2020. 

76. Erigha ED, Ayo FE, Dada OO, Folorunso O. Intrusion 

Detection System Based on Support Vector Machines 

and the Two-Phase Bat Algorithm. Journal of 

Information System Security. 2017; 13(3). 

77. Erigha ED, Obuse E, Ayanbode N, Cadet E, Etim ED. 

Machine learning-driven user behavior analytics for 

insider threat detection. IRE Journals. 2019; 2(11):535-

544. ISSN: 2456-8880 

78. Erinjogunola FL, Nwulu EO, Dosumu OO, Adio SA, 

Ajirotutu RO, Idowu AT. Predictive Safety Analytics in 

Oil and Gas: Leveraging AI and Machine Learning for 

Risk Mitigation in Refining and Petrochemical 

Operations. International Journal of Scientific and 

Research Publications. 2020; 10(6):254-265. 

79. Ertel W. Introduction to artificial intelligence. Springer, 

2019. 

80. Essien IA, Ajayi JO, Erigha ED, Obuse E, Ayanbode N. 

Federated learning models for privacy-preserving 

cybersecurity analytics. IRE Journals. 2020; 3(9):493-

499. https://irejournals.com/formatedpaper/1710370.pdf 

81. Essien IA, Cadet E, Ajayi JO, Erigha ED, Obuse E. 

Cloud security baseline development using OWASP, 

CIS benchmarks, and ISO 27001 for regulatory 

compliance. IRE Journals. 2019; 2(8):250-256. 

https://irejournals.com/formatedpaper/1710217.pdf 

82. Essien IA, Cadet E, Ajayi JO, Erigha ED, Obuse E. 

Integrated governance, risk, and compliance framework 

for multi-cloud security and global regulatory 

alignment. IRE Journals. 2019; 3(3):215-221. 

https://irejournals.com/formatedpaper/1710218.pdf 

83. Essien IA, Cadet E, Ajayi JO, Erigha ED, Obuse E. 

Cyber risk mitigation and incident response model 

leveraging ISO 27001 and NIST for global enterprises. 

IRE Journals. 2020; 3(7):379-385. 

https://irejournals.com/formatedpaper/1710215.pdf 

84. Essien IA, Cadet E, Ajayi JO, Erigha ED, Obuse E. 

Regulatory compliance monitoring system for GDPR, 

HIPAA, and PCI-DSS across distributed cloud 

architectures. IRE Journals. 2020; 3(12):409-415. 

https://irejournals.com/formatedpaper/1710216.pdf 

85. Essien IA, Cadet E, Ajayi JO, Erigha ED, Obuse E, 

Babatunde LA, Ayanbode N. From manual to 

intelligent GRC: The future of enterprise risk 

automation. IRE Journals. 2020; 3(12):421-428. 

https://irejournals.com/formatedpaper/1710293.pdf 

86. Etim ED, Essien IA, Ajayi JO, Erigha ED, Obuse E. 

AI-augmented intrusion detection: Advancements in 

real-time cyber threat recognition. IRE Journals. 2019; 

3(3):225-230. ISSN: 2456-8880 

87. Evans-Uzosike IO, Okatta CG. Strategic Human 

Resource Management: Trends, Theories, and Practical 

Implications. Iconic Research and Engineering 

Journals. 2019; 3(4):264-270. 

88. Fan S, Lau RY, Zhao JL. Demystifying big data 

analytics. Decision Support Systems. 2016; 86:53-64. 

89. Fan S, Lau RY, Zhao JL. Demystifying big data 

analytics for business intelligence through the lens of 

real-time systems. Journal of Management Information 

Systems. 2019; 36(4):6-34. 

90. Fang H, Zhang J. Cloud-based integration of predictive 

analytics for business performance. Information 

Systems Frontiers. 2018; 20(4):933-944. 

91. Farounbi BO, Ibrahim AK, Oshomegie MJ. Proposed 

Evidence-Based Framework for Tax Administration 

Reform to Strengthen Economic Efficiency, 2020. 

92. Farounbi BO, Okafor CM, Oguntegbe EE. Strategic 

Capital Markets Model for Optimizing Infrastructure 

Bank Exit and Liquidity Events, 2020. 

93. Filani OM, Nwokocha GC, Babatunde O. Framework 

for Ethical Sourcing and Compliance Enforcement 

Across Global Vendor Networks in Manufacturing and 

Retail Sectors, 2019. 

94. Filani OM, Nwokocha GC, Babatunde O. Lean 

Inventory Management Integrated with Vendor 

Coordination to Reduce Costs and Improve 

Manufacturing Supply Chain Efficiency. Continuity. 

2019; 18:19. 

95. Filani OM, Olajide JO, Osho GO. Designing an 

Integrated Dashboard System for Monitoring Real-

Time Sales and Logistics KPIs, 2020. 

96. Fink L, Yogev N, Even A. Business intelligence and 

organizational learning. Information & Management. 

2017; 54(1):38-56. 

97. Foshay N, Kuziemsky C. Integrating BI and BPM. 

Business Process Management Journal. 2016; 

22(2):305-323. 

98. Frempong D, Ifenatuora GP, Ofori SD. AI-Powered 

Chatbots for Education Delivery in Remote and 

Underserved Regions, 2020. Doi: 

https://doi.org/10.54660/.IJFMR.2020.1.1.156-172 

99. Gandomi A, Haider M. Beyond the hype: Big data 

concepts, methods, and analytics. International Journal 

of Information Management. 2019; 50:87-95. 

100. Ghazal A, Eltahir M. Cloud-based decision analytics 

frameworks: Challenges and solutions. Procedia 

Computer Science. 2019; 163:495-504. 

101. Ghosh R, Bose I. Integrating machine learning models 

with decision support systems. Decision Support 

Systems. 2019; 121:113-123. 

102. Giwah ML, Nwokediegwu ZS, Etukudoh EA, Gbabo 

EY. A resilient infrastructure financing framework for 

renewable energy expansion in Sub-Saharan Africa. 

IRE Journals. 2020; 3(12):382-394. 

https://www.irejournals.com/paper-details/1709804 

103. Giwah ML, Nwokediegwu ZS, Etukudoh EA, Gbabo 

EY. A systems thinking model for energy policy design 

in Sub-Saharan Africa. IRE Journals. 2020; 3(7):313-

http://www.multiresearchjournal.com/
https://doi.org/10.54660/.IJFMR.2020.1.1.156-172


International Journal of Advanced Multidisciplinary Research and Studies   www.multiresearchjournal.com 

2373 

324. https://www.irejournals.com/paper-

details/1709803 

104. Giwah ML, Nwokediegwu ZS, Etukudoh EA, Gbabo 

EY. Sustainable energy transition framework for 

emerging economies: Policy pathways and 

implementation gaps. International Journal of 

Multidisciplinary Evolutionary Research. 2020; 1(1):1-

6. Doi: https://doi.org/10.54660/IJMER.2020.1.1.01-06 

105. Goes PB. Big data and IS research: Challenges and 

opportunities. MIS Quarterly. 2017; 41(2):3-8. 

106. Gupta M, George JF. Toward the development of a big 

data analytics capability. Information & Management. 

2016; 53(8):1049-1064. 

107. Holsapple CW, Lee-Post A, Pakath R. Business 

analytics: Recent trends and emerging issues. 

Information Systems Management. 2018; 35(1):103-

113. 

108. Holsapple CW, Lee-Post A, Pakath R. Predictive 

analytics for decision making. Information Systems 

Management. 2019; 36(3):211-222. 

109. Huang K, Liu S, Wang H. Predictive analytics for 

capacity optimization in cloud datacenters. Future 

Generation Computer Systems. 2020; 107:50-64. 

110. Hungbo AQ, Adeyemi C. Community-based training 

model for practical nurses in maternal and child health 

clinics. IRE Journals. 2019; 2(8):217-235. 

111. Hungbo AQ, Adeyemi C. Laboratory safety and 

diagnostic reliability framework for resource-

constrained blood bank operations. IRE Journals. 2019; 

3(4):295-318. https://irejournals.com 

112. Hungbo AQ, Adeyemi C, Ajayi OO. Early warning 

escalation system for care aides in long-term patient 

monitoring. IRE Journals. 2020; 3(7):321-345. 

113. Hurlburt G, Voas J. Trust in cloud and dashboard 

ecosystems. IT Professional. 2019; 21(2):4-11. 

114. Idowu AT, Nwulu EO, Dosumu OO, Adio SA, 

Ajirotutu RO, Erinjogunola FL. Efficiency in the Oil 

Industry: An IoT Perspective from the USA and 

Nigeria. International Journal of IoT and its 

Applications. 2020; 3(4):1-10. 

115. Inmon WH, Linstedt D. Data architecture: A primer for 

the data scientist. Elsevier, 2017. 

116. Isenberg P, Fisher D. Collaborative visualization in 

analytics systems. IEEE Computer Graphics and 

Applications. 2019; 39(5):24-35. 

117. Jeble S, Dubey R, Childe SJ, Papadopoulos T, Roubaud 

D. Impact of big data and predictive analytics capability 

on supply chain sustainability. International Journal of 

Logistics Management. 2018; 29(2):513-538. 

118. Jin X, Wah BW, Cheng X, Wang Y. Significance of big 

data visualization in decision systems. Future 

Generation Computer Systems. 2017; 67:191-200. 

119. Jordan MI, Mitchell TM. Machine learning: Trends, 

perspectives, and prospects. Science. 2019; 

349(6245):255-260. 

120. Kambatla K, Kollias G, Kumar V, Grama A. Trends in 

big data analytics. Journal of Parallel and Distributed 

Computing. 2019; 131:256-275. 

121. Kandel S, Paepcke A, Hellerstein JM, Heer J. 

Enterprise data wrangling: Trends and challenges. 

Computers & Graphics. 2017; 67:41-50. 

122. Kimball R, Ross M. The data warehouse toolkit: The 

definitive guide to dimensional modeling. John Wiley 

& Sons, 2019. 

123. Kingsley Ojeikere, Opeoluwa Oluwanifemi Akomolafe, 

Opeyemi Olamide Akintimehin. A Community-Based 

Health and Nutrition Intervention Framework for 

Crisis-Affected Regions. Iconic Research and 

Engineering Journals. 2020; 3(8):311-333. 

124. Kitchin R. Big data and open data for smart cities. Big 

Data & Society. 2017; 4(1):1-12. 

125. Koumaditis K, Papaiordanidou V. Exploring IT service 

agility through analytics. Information Systems 

Frontiers. 2018; 20(4):775-789. 

126. Kumar S, Pandey S, Kumar S. Reliability modeling of 

IT systems through predictive analytics. Procedia 

Computer Science. 2018; 132:1112-1120. 

127. Kusiak A. Smart manufacturing must embrace big data. 

Nature. 2017; 544(7648):23-25. 

128. Lee J, Kao H-A, Yang S. Service innovation and smart 

analytics for Industry 4.0. Procedia CIRP. 2017; 63:5-

10. 

129. Li J, Wang H, Wu Z. Big data ETL frameworks for 

distributed analytics systems. Future Generation 

Computer Systems. 2019; 90:362-373. 

130. Li X, Zhang W, Wang L. Hybrid forecasting approach 

for IT workload capacity planning. IEEE Access. 2020; 

8:202145-202157. 

131. Lim C, Kim MJ, Lee H. Customer experience analytics 

for service quality improvement. Service Business. 

2018; 12(1):73-100. 

132. Marques G, Garcia N. Predictive analytics integration 

in real-time dashboards. Procedia Computer Science. 

2020; 170:1284-1291. 

133. Menson WNA, Olawepo JO, Bruno T, Gbadamosi SO, 

Nalda NF, Anyebe V, et al. Reliability of self-reported 

Mobile phone ownership in rural north-Central Nigeria: 

Cross-sectional study. JMIR mHealth and uHealth. 

2018; 6(3):e8760. 

134. Mikalef P, Krogstie J, Pappas IO, Pavlou PA. Big data 

analytics capabilities and firm performance. European 

Journal of Information Systems. 2020; 29(1):3-19. 

135. Mikalef P, Pappas IO, Krogstie J, Giannakos MN. Big 

data analytics capabilities and innovation performance. 

Information & Management. 2019; 56(8):103207. 

136. Nguyen T, Dinh T, Zhang L. Operational analytics in 

hybrid cloud environments. IEEE Transactions on 

Cloud Computing. 2018; 6(4):930-941. 

137. Nsa B, Anyebe V, Dimkpa C, Aboki D, Egbule D, 

Useni S, Eneogu R. Impact of active case finding of 

tuberculosis among prisoners using the WOW truck in 

North Central Nigeria. The International Journal of 

Tuberculosis and Lung Disease. 2018; 22(11):S444. 

138. Nwaimo CS, Oluoha OM, Oyedokun O. Big Data 

Analytics: Technologies, Applications, and Future 

Prospects. Iconic Research and Engineering Journals. 

2019; 2(11):411-419. 

139. Nwokocha GC, Alao OB, Morenike O. Integrating Lean 

Six Sigma and Digital Procurement Platforms to 

Optimize Emerging Market Supply Chain Performance, 

2019. 

140. Nwokocha GC, Alao OB, Morenike O. Strategic 

Vendor Relationship Management Framework for 

Achieving Long-Term Value Creation in Global 

Procurement Networks. Int J Innov Manag. 2019; 

16:17. 

141. Odinaka NNADOZIE, Okolo CH, Chima OK, Adeyelu 

OO. AI-Enhanced Market Intelligence Models for 

http://www.multiresearchjournal.com/


International Journal of Advanced Multidisciplinary Research and Studies   www.multiresearchjournal.com 

2374 

Global Data Center Expansion: Strategic Framework 

for Entry into Emerging Markets, 2020. 

142. Odinaka NNADOZIE, Okolo CH, Chima OK, Adeyelu 

OO. Data-Driven Financial Governance in Energy 

Sector Audits: A Framework for Enhancing SOX 

Compliance and Cost Efficiency, 2020. 

143. Ogunsola OE. Climate diplomacy and its impact on 

cross-border renewable energy transitions. IRE 

Journals. 2019; 3(3):296-302. 

https://irejournals.com/paper-details/1710672 

144. Ogunsola OE. Digital skills for economic 

empowerment: Closing the youth employment gap. IRE 

Journals. 2019; 2(7):214-219. 

https://irejournals.com/paper-details/1710669 

145. Olamoyegun M, David A, Akinlade A, Gbadegesin B, 

Aransiola C, Olopade R, et al. Assessment of the 

relationship between obesity indices and lipid 

parameters among Nigerians with hypertension. In 

Endocrine Abstracts (Vol. 38). Bioscientifica, October 

2015. 

146. Olasehinde O. Stock price prediction system using long 

short-term memory. In BlackInAI Workshop@ 

NeurIPS, 2018. 

147. Olszak CM. Business intelligence maturity models: 

Comparative analysis and implementation challenges. 

Information Systems Management. 2019; 36(3):211-

224. 

148. Omotayo OO, Kuponiyi A, Ajayi OO. Telehealth 

Expansion in Post-COVID Healthcare Systems: 

Challenges and Opportunities. Iconic Research and 

Engineering Journals. 2020; 3(10):496-513. 

149. Onalaja TA, Nwachukwu PS, Bankole FA, Lateefat T. 

A dual-pressure model for healthcare finance: 

Comparing United States and African strategies under 

inflationary stress. IRE J. 2019; 3(6):261-276. 

150. Osabuohien FO. Review of the environmental impact of 

polymer degradation. Communication in Physical 

Sciences. 2017; 2(1). 

151. Osabuohien FO. Green Analytical Methods for 

Monitoring APIs and Metabolites in Nigerian 

Wastewater: A Pilot Environmental Risk Study. 

Communication in Physical Sciences. 2019; 4(2):174-

186. 

152. Oshoba TO, Aifuwa SE, Ogbuefi E, Olatunde-Thorpe J. 

Portfolio optimization with multi-objective evolutionary 

algorithms: Balancing risk, return, and sustainability 

metrics. International Journal of Multidisciplinary 

Research and Growth Evaluation. 2020; 1(3):163-170. 

Doi: https://doi.org/10.54660/.IJMRGE.2020.1.3.163-

170 

153. Oyedele M, et al. Leveraging Multimodal Learning: 

The Role of Visual and Digital Tools in Enhancing 

French Language Acquisition. IRE Journals. 2020; 

4(1):197-199. ISSN: 2456-8880. 

https://www.irejournals.com/paper-details/1708636 

154. Ozobu CO. A Predictive Assessment Model for 

Occupational Hazards in Petrochemical Maintenance 

and Shutdown Operations. Iconic Research and 

Engineering Journals. 2020; 3(10):391-399. ISSN: 

2456-8880 

155. Ozobu CO. Modeling Exposure Risk Dynamics in 

Fertilizer Production Plants Using Multi-Parameter 

Surveillance Frameworks. Iconic Research and 

Engineering Journals. 2020; 4(2):227-232. 

156. Papachristodoulou A, Ketikidis P. Real-time analytics 

and ETL in high-performance enterprises. Journal of 

Business Research. 2018; 92:343-351. 

157. Popovič A, Hackney R, Tassabehji R, Castelli M. The 

impact of big data analytics on decision processes. 

Information & Management. 2018; 55(7):888-901. 

158. Power DJ. What makes a good decision support 

system? Journal of Decision Systems. 2018; 27(1):1-14. 

159. Raguseo E. Big data technologies: A survey. 

Information Systems Frontiers. 2018; 20(2):265-284. 

160. Ramanathan R, Tan Y. Performance visualization 

systems for IT operations. Computers in Industry. 2020; 

120:103237. 

161. Riggins FJ, Wamba SF. Research directions on big data 

analytics in supply chains. Journal of Business 

Research. 2017; 70:262-273. 

162. Sanusi AN, Bayeroju OF, Queen Z, Nwokediegwu S. 

Circular Economy Integration in Construction: 

Conceptual Framework for Modular Housing Adoption, 

2019. 

163. Sanusi AN, Bayeroju OF, Nwokediegwu ZQS. 

Conceptual Model for Low-Carbon Procurement and 

Contracting Systems in Public Infrastructure Delivery. 

Journal of Frontiers in Multidisciplinary Research. 

2020; 1(2):81-92. Doi: 10.54660/.JFMR.2020.1.2.81-92 

164. Sanusi AN, Bayeroju OF, Nwokediegwu ZQS. 

Framework for Applying Artificial Intelligence to 

Construction Cost Prediction and Risk Mitigation. 

Journal of Frontiers in Multidisciplinary Research. 

2020; 1(2):93-101. Doi: 10.54660/.JFMR.2020.1.2.93-

101 

165. Scholten J, Eneogu R, Ogbudebe C, Nsa B, Anozie I, 

Anyebe V, et al. Ending the TB epidemic: Role of 

active TB case finding using mobile units for early 

diagnosis of tuberculosis in Nigeria. The International 

Union Against Tuberculosis and Lung Disease. 2018; 

11:22. 

166. Shagluf A, Longstaff AP, Fletcher S. Maintenance 

strategies to reduce downtime due to machine positional 

errors. In Maintenance Performance Measurement and 

Management Conference 2014. Department of 

Mechanical Engineering Pólo II FCTUC, 2014, 111-

118. 

167. Singh A, Hess T. How Chief Digital Officers promote 

IT-enabled organizational change. European Journal of 

Information Systems. 2017; 26(3):229-245. 

168. Sivarajah U, Kamal MM, Irani Z, Weerakkody V. 

Critical analysis of big data challenges and benefits. 

International Journal of Information Management. 

2017; 37(1):87-101. 

169. Sivarajah U, Kamal MM, Irani Z, Weerakkody V. 

Critical analysis of big data challenges and analytical 

methods. Journal of Business Research. 2017; 70:263-

286. 

170. Solomon O, Odu O, Amu E, Solomon OA, Bamidele 

JO, Emmanuel E, et al. Prevalence and risk factors of 

acute respiratory infection among under fives in rural 

communities of Ekiti State, Nigeria. Global Journal of 

Medicine and Public Health. 2018; 7(1):1-12. 

171. Sun S, Wang Y, Zhang H. Data-driven predictive 

maintenance scheduling using visualization analytics. 

Computers & Industrial Engineering. 2020; 

142:106371. 

172. Umoren O, Didi PU, Balogun O, Abass OS, Akinrinoye 

http://www.multiresearchjournal.com/
https://doi.org/10.54660/.IJMRGE.2020.1.3.163-170
https://doi.org/10.54660/.IJMRGE.2020.1.3.163-170


International Journal of Advanced Multidisciplinary Research and Studies   www.multiresearchjournal.com 

2375 

OV. Redesigning end-to-end customer experience 

journeys using behavioral economics and marketing 

automation for operational efficiency. IRE Journals. 

2020; 4(1):289-296. 

173. Umoren O, Didi PU, Balogun O, Abass OS, Akinrinoye 

OV. Redesigning end-to-end customer experience 

journeys using behavioral economics and marketing 

automation for operational efficiency. IRE Journals. 

2020; 4(1):289-296. 

174. Umoren O, Didi PU, Balogun O, Abass OS, Akinrinoye 

OV. Linking Macroeconomic Analysis to Consumer 

Behavior Modeling for Strategic Business Planning in 

Evolving Market Environments. IRE Journals. 2019; 

3(3):203-210. 

175. Umoren O, Didi PU, Balogun O, Abass OS, Akinrinoye 

OV. Redesigning End-to-End Customer Experience 

Journeys Using Behavioral Economics and Marketing 

Automation for Operational Efficiency. IRE Journals. 

2020; 4(1):289-296. 

176. Wan J, Tang S, Li D. Context-aware predictive 

maintenance for smart manufacturing. IEEE 

Transactions on Industrial Informatics. 2019; 

15(5):3034-3042. 

177. Wang T, Zhang H, Liu C. Deep learning for predictive 

maintenance. Journal of Manufacturing Systems. 2018; 

48:25-34. 

178. Watson HJ. The evolution of business intelligence: 

From data to analytics to AI. MIS Quarterly Executive. 

2017; 16(3):155-174. 

179. Wixom BH, Yen B, Relich M. Building analytics 

competency. MIS Quarterly Executive. 2019; 

18(3):189-208. 

180. Wu J, Buyya R. Service-level data management for 

real-time cloud analytics. Future Generation Computer 

Systems. 2019; 98:384-397. 

181. Xu Z, Li Q. Machine learning-driven predictive 

modeling in IT operations analytics. Future Generation 

Computer Systems. 2019; 100:585-595. 

182. Yetunde RO, Onyelucheya OP, Dako OF. Integrating 

Financial Reporting Standards into Agricultural 

Extension Enterprises: A Case for Sustainable Rural 

Finance Systems, 2018. 

183. Zhang X, Chen H, Luo X. Data-driven decision 

architecture in digital enterprises. Decision Support 

Systems. 2020; 136:113357. 

184. Zhao X, Jin H. Elastic capacity planning using machine 

learning. IEEE Transactions on Cloud Computing. 

2019; 7(3):834-847. 

185. Zhou L, Pan S, Wang J, Vasilakos A. Machine learning 

on big data: Opportunities and challenges. 

Neurocomputing. 2020; 237:350-361. 

http://www.multiresearchjournal.com/

