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Abstract 

The rapid growth of digital technologies has significantly increased the volume, velocity, and 

complexity of information available to organizations. As business environments become increasingly 

dynamic, conventional decision-support systems based primarily on historical reporting may be 

insufficient for situations requiring immediate interpretation and rapid managerial action. Intelligent 

analytics models provide an advanced approach by integrating real-time data processing, predictive 

analytics, machine learning, artificial intelligence, pattern recognition, and decision-support 

mechanisms. This study examines intelligent analytics models for real-time decision support and 

develops a conceptual framework connecting continuous data acquisition, preprocessing, intelligent 

analysis, prediction, decision generation, and performance evaluation. A conceptual and descriptive 

research methodology is adopted through a structured review and synthesis of scholarly literature 

addressing real-time analytics, business intelligence, decision-support systems, machine learning, 

streaming data, and intelligent computing. The study identifies real-time data availability, analytical 

accuracy, processing speed, model adaptability, explainability, data quality, infrastructure scalability, 

and user interaction as important factors affecting decision-support effectiveness. The proposed 

framework integrates descriptive, diagnostic, predictive, and prescriptive analytical capabilities into a 

continuous decision-support cycle.  

The study further demonstrates that real-time decision support requires close coordination 

between technological infrastructure and managerial decision processes. Intelligent analytical systems 

can support applications in finance, healthcare, manufacturing, transportation, retail, cybersecurity, 

supply-chain management, and digital services. However, challenges related to data quality, model 

reliability, latency, security, privacy, interpretability, computational cost, and organizational adoption 

may limit successful implementation. The study concludes that intelligent analytics models can 

significantly strengthen real-time decision support when they are designed around organizational 

objectives, continuous data flows, appropriate analytical methods, and transparent decision processes. 

The findings provide a conceptual foundation for developing adaptive and scalable intelligent decision-

support environments capable of responding effectively to rapidly changing information conditions. 
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1. Introduction 

The increasing digitization of organizational activities has created an environment in which data are 

generated continuously from enterprise applications, Internet of Things devices, financial transactions, 

customer interactions, mobile platforms, social networks, sensors, and automated operational systems. 

Organizations are therefore required to interpret information at increasingly higher speeds. Traditional 

decision-support systems often depend on historical databases and periodically generated reports, which 

may not adequately support decisions in rapidly changing environments. Real-time analytics addresses 

this limitation by processing and interpreting information as it becomes available. The integration of 

artificial intelligence and machine learning further enables analytical systems to identify patterns and 

generate insights without relying exclusively on manual interpretation. 

Real-time decision support refers to the use of continuously updated information and analytical 

models to assist individuals or automated systems in making timely decisions. Unlike conventional 

analytical systems that primarily examine historical information, real-time decision-support 

environments continuously evaluate incoming information and compare it with historical patterns, 

predefined rules, predictive models, or organizational objectives. This capability can be particularly 

valuable when delays in decision-making can result in financial losses, operational disruptions, safety 

problems, or missed opportunities. Intelligent analytics therefore provides an important mechanism for 

transforming rapidly generated data into actionable information. 

The development of intelligent analytics has been supported by advances in machine learning, 

deep learning, cloud computing, stream processing, distributed databases, edge computing, and artificial 

intelligence. These technologies allow analytical models to process large datasets and identify 

relationships that may be difficult to detect through traditional statistical reporting. Predictive models 

can estimate future events, anomaly-detection algorithms can identify unusual behavior, and prescriptive 

models can recommend potential responses. The combination of these capabilities can create decision-

support systems that are not only responsive but also increasingly adaptive to changing information 

environments. 

However, the development of real-time intelligent decision-support systems presents several 

challenges. Continuous data streams may contain missing values, noise, duplication, inconsistent 

formats, and rapidly changing patterns. Analytical models must therefore maintain accuracy while 

processing information within strict time constraints. In addition, organizations must address data 

security, privacy, explainability, model bias, infrastructure scalability, and computational costs. A 

technically sophisticated analytical model may have limited practical value if its recommendations 

cannot be interpreted, trusted, or integrated into actual decision processes. 

This study examines intelligent analytics models for real-time decision support and develops a 

conceptual framework for understanding how continuous data processing can be transformed into 

intelligent organizational decisions. The study focuses on the integration of data acquisition, 

preprocessing, real-time analytics, predictive modeling, decision generation, and feedback mechanisms. 

It also evaluates the major technological and organizational factors affecting system effectiveness. The 

objective is to provide a structured academic perspective on how intelligent analytics can support faster, 

more accurate, adaptive, and evidence-based decision-making in modern organizations. 

 

http://www.aijard.com/


 

American International Journal of Advanced  

Research and Development (AIJARD) 
 

E-ISSN: XXXX-XXXX   ●   Website: www.aijard.com   ●   Email: editor@aijard.com 

 

AIJARD Volume 2, Issue 2, March-April 2020 36 

 

2. Objectives of the Study 

2.1 Primary Objective 

The primary objective of this study is to examine intelligent analytics models that enable real-time 

decision support through continuous data processing, predictive analysis, machine learning, pattern 

recognition, anomaly detection, and intelligent recommendations for improving the speed, accuracy, 

reliability, and adaptability of organizational decision-making. 

 

2.2 Evaluation of Real-Time Analytical Capabilities 

The study evaluates how real-time descriptive, diagnostic, predictive, and prescriptive analytics can 

support continuously changing decision environments. It examines the ability of intelligent analytical 

models to identify emerging patterns, detect anomalies, forecast future conditions, evaluate alternatives, 

and generate timely recommendations. Particular attention is given to analytical responsiveness and the 

transformation of streaming information into actionable organizational knowledge. 

 

2.3 Assessment of Decision-Support Effectiveness 

The study identifies major factors affecting intelligent real-time decision support, including data quality, 

processing latency, model accuracy, scalability, adaptability, explainability, security, privacy, 

computational efficiency, and user acceptance. The objective is to establish a comprehensive conceptual 

understanding of how these factors influence the reliability and practical usefulness of intelligent 

analytics systems. 

 

3. Review of Literature 

3.1 Development of Real-Time Analytics 

Real-time analytics has developed in response to the increasing requirement for immediate information 

processing in modern organizations. Traditional business intelligence systems generally relied on batch-

oriented data collection, data warehousing, periodic reporting, and dashboard updates. While these 

approaches remain useful for historical analysis, they may not be suitable when organizations must 

respond immediately to rapidly changing information. Real-time analytics addresses this limitation by 

processing information continuously and providing updated analytical outputs. 

Streaming analytics has become particularly important in environments where data are generated 

continuously. Financial transactions, industrial sensors, online customer activities, cybersecurity events, 

and transportation systems can produce large numbers of events every second. Analytical systems must 

therefore process information quickly while maintaining accuracy and reliability. Stream-processing 

architectures provide mechanisms for filtering, aggregating, correlating, and analyzing incoming 

information. 

Real-time analytics can also improve operational awareness by enabling organizations to detect 

deviations from expected conditions. When a system identifies an unusual transaction, machine 

condition, customer behavior pattern, or network event, it can trigger alerts or initiate additional 

analysis. This transforms analytics from a retrospective reporting activity into a continuous monitoring 

and response mechanism. 
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3.2 Intelligent Analytics and Machine Learning 

The integration of machine learning with real-time analytics has expanded the capabilities of decision-

support systems. Machine-learning algorithms can learn patterns from historical information and apply 

those patterns to new incoming data. Classification models can categorize events, regression models can 

estimate numerical outcomes, clustering algorithms can identify groups, and anomaly-detection methods 

can identify unusual observations. 

Predictive analytics is particularly important because decision-makers frequently require 

information about potential future events. A real-time predictive model can continuously update 

predictions as new information becomes available. For example, organizations can estimate demand, 

detect potential equipment failure, predict customer behavior, evaluate financial risk, or identify possible 

cybersecurity threats. 

Intelligent analytics can also support prescriptive decision-making. Instead of simply predicting 

an event, an analytical system can evaluate possible responses and recommend an appropriate action. 

This creates a progression from data to prediction and finally to decision support. The effectiveness of 

such systems depends on the quality of analytical models and the degree to which their 

recommendations correspond to actual organizational objectives. 

 

3.3 Real-Time Decision-Support Systems 

Decision-support systems have traditionally been developed to assist managers in evaluating information 

and selecting among alternatives. Intelligent decision-support systems extend this concept by 

incorporating machine learning, artificial intelligence, knowledge-based reasoning, predictive models, 

and automated recommendations. Such systems can continuously monitor information and provide 

decision-makers with context-sensitive analytical support. 

The practical value of intelligent decision support depends on the relationship between analytical 

outputs and organizational processes. A prediction that is not connected to a specific decision may have 

limited practical value. Therefore, real-time analytics should be designed around decision objectives, 

operational constraints, performance indicators, and organizational responsibilities. 

Another important consideration is human involvement. Fully automated decisions may not be 

appropriate for all organizational contexts, particularly when decisions involve significant financial, 

legal, ethical, or safety consequences. Human-in-the-loop architectures can combine automated 

analytical processing with managerial review. This approach allows intelligent systems to provide 

recommendations while maintaining human responsibility for important decisions. 

 

4. Research Methodology 

4.1 Research Design 

This study adopts a conceptual and descriptive research design to examine intelligent analytics models 

for real-time decision support. The study synthesizes scholarly knowledge concerning real-time 

analytics, artificial intelligence, machine learning, decision-support systems, streaming data, predictive 

analytics, and intelligent computing. The conceptual design enables the integration of technological and 

managerial perspectives into a unified framework for real-time decision support. 
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4.2 Data Sources and Analytical Procedure 

Secondary scholarly literature was examined according to themes including real-time data processing, 

intelligent analytics, machine learning, predictive modeling, decision support, anomaly detection, data 

quality, processing latency, explainability, security, and scalability. The identified literature was 

conceptually compared to determine recurring relationships between real-time data, analytical models, 

decision processes, and organizational outcomes. A thematic synthesis was subsequently used to 

organize the findings into major analytical dimensions. 

 

4.3 Conceptual Framework 

The proposed framework consists of seven interconnected stages: continuous data acquisition, data 

preprocessing, real-time analytical processing, intelligent modeling, decision generation, human or 

automated action, and performance feedback. Continuous information is collected from organizational 

and external sources. Preprocessing removes noise and prepares incoming data for analysis. Intelligent 

models then identify patterns, anomalies, and potential future outcomes. Analytical results are 

transformed into recommendations or alerts and delivered to decision-makers or automated systems. 

Feedback from decisions and outcomes is subsequently incorporated into the analytical environment to 

improve future performance. 

 

5. Analysis 

5.1 Real-Time Data Processing and Intelligent Pattern Detection 

Real-time decision support depends fundamentally on the ability to process incoming data rapidly and 

accurately. Continuous information may originate from sensors, financial transactions, customer 

applications, enterprise systems, websites, mobile devices, or external information services. The 

analytical system must collect and organize these streams without introducing excessive processing 

delays. Efficient stream-processing mechanisms are therefore essential for maintaining timely analytical 

performance. 

Data preprocessing represents an important stage because real-time datasets may contain 

incomplete, inconsistent, duplicated, or noisy observations. Automated validation and filtering 

mechanisms can improve the quality of information entering analytical models. Data normalization, 

transformation, anomaly filtering, and feature extraction can also improve model performance. 

Intelligent pattern detection allows analytical systems to recognize relationships and deviations 

in incoming information. Machine-learning algorithms can compare current observations with historical 

patterns and identify significant changes. In operational environments, such detection can support early 

warning systems, fraud identification, equipment monitoring, cybersecurity, and customer behavior 

analysis. 

 

5.2 Predictive Analytics for Real-Time Decisions 

Predictive analytics extends real-time decision support by estimating future outcomes using 

continuously updated information. A predictive model can analyze current conditions together with 

historical patterns to determine the probability of future events. For example, organizations may use 
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predictive models to estimate demand, identify customer churn, anticipate supply-chain disruptions, or 

predict equipment failure. 

The value of predictive analytics depends on model accuracy and responsiveness. Real-time 

environments can experience concept drift, meaning that relationships within data may change over 

time. A model that performs well under historical conditions may become less accurate when customer 

behavior, market conditions, technology, or operational processes change. Continuous model monitoring 

and updating are therefore important components of intelligent analytics. 

Real-time predictive models can also support proactive rather than reactive decision-making. 

Instead of responding only after an event occurs, organizations can identify early indicators and take 

preventive action. This capability can reduce operational risk, improve resource allocation, and increase 

organizational responsiveness. 

 

Table 1: Intelligent Analytics Models for Real-Time Decision Support 

Analytics Model Primary Function Real-Time Application 
Decision 

Contribution 

Descriptive Analytics 
Summarizes current 

conditions 
Operational monitoring Situation awareness 

Diagnostic Analytics 
Identifies potential 

causes 
Incident analysis 

Problem 

understanding 

Predictive Analytics 
Forecasts future 

outcomes 

Demand and risk 

forecasting 
Proactive decisions 

Prescriptive Analytics Recommends actions Resource optimization Action selection 

Anomaly Detection 
Identifies unusual 

patterns 
Fraud and cybersecurity Early warning 

Classification Models Categorizes events 
Risk and customer 

analysis 

Rapid 

categorization 

Recommendation 

Models 
Suggests alternatives 

Customer and operational 

services 

Personalized 

decisions 

Deep Learning 

Models 

Learns complex 

patterns 

Image, sensor, and signal 

analysis 

Advanced 

recognition 

 

5.3 Intelligent Decision Generation and Performance 

Intelligent decision generation represents the stage at which analytical results are translated into practical 

recommendations. Decision rules, optimization algorithms, predictive probabilities, and machine-

learning outputs can be combined to determine potential actions. For example, an analytical system may 

detect increased demand and recommend additional resource allocation based on predicted requirements. 
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The quality of decision recommendations depends on both analytical accuracy and contextual 

understanding. A recommendation that appears statistically optimal may not be appropriate if it violates 

organizational constraints, budget limitations, regulatory requirements, or operational policies. 

Intelligent decision-support systems should therefore incorporate relevant constraints and business rules 

into the decision-generation process. 

Performance evaluation provides the feedback necessary for continuous improvement. Systems 

should monitor prediction accuracy, processing latency, false-positive rates, resource consumption, 

decision outcomes, and user acceptance. These measurements can help identify weaknesses and support 

the refinement of analytical models. 

 

Table 2: Performance Dimensions of Real-Time Intelligent Analytics 

Performance Dimension Measurement Focus Importance 

Accuracy Correctness of predictions Reliable decisions 

Latency Processing and response time Timely action 

Throughput Data processed per unit time High-volume processing 

Adaptability Response to changing patterns Long-term reliability 

Scalability Performance under increasing workload Growth support 

Explainability Interpretability of recommendations User trust 

Reliability Consistency of system operation Decision continuity 

Security Protection of information Risk reduction 

Resource Efficiency Computational consumption Cost control 

User Acceptance Practical system utilization Organizational adoption 

 

6. Discussion 

6.1 Contribution to Real-Time Organizational Decision-Making 

 Intelligent analytics can transform continuously generated data into actionable information.  

 Real-time monitoring can improve organizational awareness of changing conditions.  

 Predictive models can identify potential risks before they become major problems.  

 Anomaly detection can support early identification of unusual activities.  

 Prescriptive analytics can assist managers in selecting appropriate actions.  

 Continuous information processing can reduce dependence on delayed reports.  

 Automated alerts can accelerate responses to critical events.  

 Intelligent recommendations can support evidence-based decision-making.  
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6.2 Integration of Artificial Intelligence and Decision Support 

 Machine learning can identify complex relationships in large datasets.  

 Deep learning can support advanced pattern recognition.  

 AI models can continuously process incoming information.  

 Predictive models can improve forward-looking decision support.  

 Recommendation systems can personalize analytical outputs.  

 Automated reasoning can support rule-based decision environments.  

 Human-in-the-loop approaches can maintain managerial oversight.  

 Model monitoring can identify changes in analytical performance.  

 

6.3 Organizational Implications 

The findings indicate that intelligent analytics can provide organizations with a stronger ability to 

respond to dynamic conditions. Instead of waiting for periodic reports, managers can receive 

continuously updated information concerning operational performance, customer behavior, market 

changes, financial conditions, or emerging risks. This can improve organizational responsiveness and 

reduce the delay between information generation and managerial action. 

However, organizations should not assume that automation automatically produces better 

decisions. Intelligent systems require appropriate data, well-designed analytical models, reliable 

infrastructure, and clear decision objectives. Analytical outputs should be aligned with organizational 

priorities and communicated in ways that decision-makers can understand. 

The findings also suggest that organizations should balance automation with human judgment. 

Automated systems can process large quantities of information faster than human decision-makers, but 

humans can provide contextual knowledge, ethical judgment, and consideration of factors that may not 

be represented in available datasets. A collaborative model can therefore combine computational 

efficiency with managerial responsibility. 

 

7. Challenges 

One major challenge in real-time intelligent analytics is maintaining data quality while processing 

continuously generated information. Streaming datasets may contain missing observations, duplicated 

records, inconsistent formats, measurement errors, and noisy information. Because analytical models 

may process these observations immediately, errors can propagate rapidly into predictions and 

recommendations. Organizations therefore require automated quality-control mechanisms capable of 

identifying and correcting problematic data without introducing excessive latency. 

Another important challenge is maintaining analytical accuracy as real-world conditions change. 

Machine-learning models are typically developed using historical information, but relationships within 

data may evolve over time. Changes in consumer preferences, market conditions, technological 

environments, operational processes, or external events can reduce model accuracy. Continuous 

monitoring, model validation, retraining, and drift detection are therefore necessary for maintaining 

reliable performance in dynamic environments. 

Security and privacy create additional challenges because real-time analytical systems may 

process highly sensitive information. Financial transactions, customer behavior, operational records, 
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location information, and organizational activities can be analyzed continuously. Unauthorized access or 

misuse of such information may result in significant organizational and societal consequences. Strong 

authentication, encryption, access management, privacy controls, and responsible data-governance 

practices are therefore essential. 

A further challenge involves explainability and user trust. Complex machine-learning and deep-

learning models may produce highly accurate predictions while providing limited explanations for their 

outputs. Decision-makers may hesitate to rely on recommendations that they cannot understand or 

verify. This problem becomes especially important when analytical decisions have significant financial, 

legal, operational, or human consequences. Real-time intelligent analytics should therefore incorporate 

appropriate explanation mechanisms, confidence indicators, human oversight, and clear accountability 

processes. 

 

8. Limitations 

This study has several limitations. First, the research uses a conceptual and descriptive methodology 

based on secondary literature rather than primary experimental data. Consequently, the proposed 

framework provides a theoretical synthesis of intelligent analytics capabilities but does not establish 

universal performance values for specific algorithms or platforms. 

A second limitation is that real-time analytics performance can vary considerably according to 

data volume, processing architecture, hardware resources, network conditions, algorithm complexity, 

and application requirements. A model that performs effectively in one organizational environment may 

produce different results in another environment. Therefore, the framework requires contextual 

adaptation. 

Another limitation concerns the rapid development of artificial intelligence and real-time 

computing technologies. New machine-learning architectures, edge-computing approaches, streaming 

platforms, and AI-based decision systems continue to emerge. Technological changes may influence the 

relative effectiveness of analytical approaches considered in the present study. 

Finally, organizational decision-making includes human, social, financial, ethical, and regulatory 

considerations that cannot always be represented mathematically. Intelligent analytics can support 

decisions but cannot necessarily replace managerial judgment in complex situations. Future research 

should therefore examine human-AI collaboration and decision accountability in real-world 

environments. 

 

9. Conclusion 

Intelligent analytics models provide an important foundation for real-time decision support by 

integrating continuous data processing with advanced analytical capabilities. Traditional decision-

support systems often depend on historical information and periodic reporting, whereas intelligent real-

time systems can continuously interpret incoming information and generate updated insights. This 

transformation enables organizations to respond more rapidly to changing operational, financial, 

customer, and environmental conditions. 

The analysis demonstrates that descriptive, diagnostic, predictive, prescriptive, and anomaly-

detection models can perform complementary roles within intelligent decision-support environments. 
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Descriptive analytics provides awareness of current conditions, diagnostic analytics helps identify 

potential causes, predictive analytics estimates future outcomes, and prescriptive analytics supports 

action selection. When these capabilities are integrated into a continuous analytical architecture, 

organizations can move from reactive decision-making toward proactive and adaptive management. 

The effectiveness of intelligent analytics depends on more than algorithmic capability. Data 

quality, processing speed, infrastructure scalability, model adaptability, explainability, security, privacy, 

and user acceptance all influence system performance. Organizations should therefore develop 

integrated analytical environments in which data engineering, machine learning, decision processes, 

governance, and human oversight operate together. Continuous evaluation is also necessary to identify 

model degradation and changing data patterns. 

Overall, intelligent analytics can significantly strengthen real-time decision support by 

transforming continuously generated information into timely, predictive, and actionable knowledge. 

Future research should focus on adaptive learning models, explainable AI, edge-based analytics, human-

AI collaboration, automated model governance, privacy-preserving real-time analytics, and intelligent 

resource optimization. Such developments can contribute to the creation of more reliable, responsive, 

transparent, and scalable decision-support systems for modern digital organizations. 

 

10. Declaration 

The author declares that this research was prepared independently for academic and scholarly purposes 

and that no external organization influenced the research design, analysis, interpretation, or conclusions. 

The study is based on secondary scholarly literature and does not involve confidential personal 

information or direct experimentation with human participants. No financial or commercial relationship 

influenced the preparation or presentation of this manuscript. The research follows principles of 

academic integrity, transparency, responsible data use, and objective scholarly interpretation. The author 

accepts responsibility for the academic accuracy and presentation of the information contained in this 

manuscript. 

 

References 

1. Aggarwal, C. C. (2015). Data mining: The textbook. Springer. https://doi.org/10.1007/978-3-319-

14142-8  

2. Chen, H., Chiang, R. H. L., & Storey, V. C. (2012). Business intelligence and analytics: From big 

data to big impact. MIS Quarterly, 36(4), 1165–1188.  https://doi.org/10.2307/41703503 

3. Davenport, T. H., Harris, J. G., & Morison, R. (2010). Analytics at work: Smarter decisions, better 

results. Harvard Business Press.  

4. Fayyad, U., Piatetsky-Shapiro, G., & Smyth, P. (2000). From data mining to knowledge discovery in 

databases. AI Magazine, 17(3), 37–54.  

5. Han, J., Kamber, M., & Pei, J. (2011). Data mining: Concepts and techniques (3rd ed.). Morgan 

Kaufmann.  

6. Hastie, T., Tibshirani, R., & Friedman, J. (2009). The elements of statistical learning: Data mining, 

inference, and prediction (2nd ed.). Springer.  https://doi.org/10.1007/978-0-387-84858-7 

7. Inmon, W. H. (2005). Building the data warehouse (4th ed.). Wiley.  

http://www.aijard.com/
https://doi.org/10.2307/41703503
https://doi.org/10.1007/978-0-387-84858-7


 

American International Journal of Advanced  

Research and Development (AIJARD) 
 

E-ISSN: XXXX-XXXX   ●   Website: www.aijard.com   ●   Email: editor@aijard.com 

 

AIJARD Volume 2, Issue 2, March-April 2020 44 

 

8. Kudyba, S., & Hoptroff, R. (2001). Data mining and business intelligence: A guide to productivity. 

Idea Group Publishing.  

9. Laursen, G. H. N., & Thorlund, J. (2010). Business analytics for managers: Taking business 

intelligence beyond reporting. Wiley.  

10. Negash, S. (2004). Business intelligence. Communications of the Association for Information 

Systems, 13, 177–195. https://doi.org/10.17705/1CAIS.01315  

11. Olszak, C. M., & Ziemba, E. (2007). Approach to building and implementing business intelligence 

systems. Interdisciplinary Journal of Information, Knowledge, and Management, 2, 135–148. 

https://doi.org/10.28945/105  

12. Provost, F., & Fawcett, T. (2013). Data science for business: What you need to know about data 

mining and data-analytic thinking. O'Reilly Media.  

13. Sharda, R., Delen, D., & Turban, E. (2014). Business intelligence and analytics: Systems for decision 

support (10th ed.). Pearson.  

14. Simon, H. A. (2000). Administrative behavior: A study of decision-making processes in 

administrative organizations (4th ed.). Free Press.  

15. Stonebraker, M., & Çetintemel, U. (2005). “One size fits all”: An idea whose time has come and 

gone. In Proceedings of the 21st International Conference on Data Engineering (pp. 2–11). IEEE. 

https://doi.org/10.1109/ICDE.2005.1  

16. Turban, E., Aronson, J. E., Liang, T.-P., & Sharda, R. (2007). Decision support and business 

intelligence systems (8th ed.). Pearson Prentice Hall.  

17. Vassiliadis, P. (2009). A survey of extract–transform–load technology. International Journal of Data 

Warehousing and Mining, 5(3), 1–27. https://doi.org/10.4018/jdwm.2009070101  

18. Watson, H. J., & Wixom, B. H. (2007). The current state of business intelligence. Computer, 40(9), 

96–99. https://doi.org/10.1109/MC.2007.331  

19. Wixom, B. H., Yen, B., & Relich, M. (2013). Maximizing value from business analytics. MIS 

Quarterly Executive, 12(2), 111–123.  

20. Witten, I. H., Frank, E., & Hall, M. A. (2011). Data mining: Practical machine learning tools and 

techniques (3rd ed.). Morgan Kaufmann. 

http://www.aijard.com/

