* X %

* *
’;Q?: International Journal of Al, Big Data, Computational and Management Studies
* 4 * Noble Scholar Research Group | Volume 3, Issue 1, PP. 79-88, January 2022
ISSN: 3050-9416 | https://doi.org/10.63282/3050-9416.1JAIBDCMS-V311P109

Using Oracle Fusion Analytics Warehouse (FAW) and
ML to Improve KPI Visibility and Business Outcomes

Partha Sarathi Reddy Pedda Muntala™ Nagireddy Karri?
2Independent Researcher, USA.

Abstract: One of the most meaningful contributions to the field of analytics is the Machine Learning-based Fusion Analytics
Warehouse (FAW) that gives greater understanding of the Key Performance Indicators (KPIs) and makes business far more
successful. The current paper is directed at presenting the description of the potential implementation of embedded machine
learning and advanced data visualisations in FAW to enable the proactive control of business metrics in Enterprise Resource
Planning (ERP) modules. The dynamic business needs real time insights, data based forecasting and prediction. By embedding
ML algorithms into the framework of FAW, the potential of predictive analytics and anomaly detection will be unlocked and
the strategic planning process will be radically transformed in terms of operational efficiency. This paper debates the
theoretical foundation of FAW, articulates methodologies of integrating ML and presents the case studies in the actual
implementations with focus on the fields of finance and supply chain and human capital management (HCM). We have
demonstrated how interactive dashboards, anomaly detection and self-service analytics can transform classical ERP systems
into intelligent, agile and future-ready business systems, with very clearly presented methodology and case studies.
Comprehensive literature analysis, a study plan, and a detailed account of findings suggest that the FAW integration with ML
is one of the potential ways of attaining digital transformation and competitive advantage.
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1. Introduction

Currently, ERP systems have become the backbone of organisations and have combined several business processes to
include finance, procurement, HR, and supply chain. Although these systems are very comprehensive, they tend to be short of
actionable insights since they lack adequate analytics abilities. This limitation is overcome in Oracle Fusion Analytics
Warehouse (FAW) which runs on Oracle Autonomous Data Warehouse and Oracle Analytics Cloud, providing prebuilt
analytics, and flexibility to add extensions to reports using Machine Learning (ML) and Al capabilities. [1-3] The conventional
method of KPI tracking is retroactive and responsive. By incorporating the ML in FAW it is possible to implement predictive
and prescriptive analytic. As an example, ML algorithms can foresee the delays in payment of invoices or employee attrition
and intervene in a timely manner. The desire to expand the KPI tracking to the ML-driven basis is explained by the increased
demand of the proactive decision-making.

1.1. Importance of Using Oracle Fusion Analytics Warehouse (FAW)

Oracle Fusion Analytics Warehouse (FAW) Oracle Fusion analytics warehouse is a next-generation analytics solution that
fully integrates with Oracle Cloud Applications. It also helps organizations to get insight with raw enterprise data using
sophisticated analytics, preconfigured data models, and embedded machine learning.
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Figure 1: Importance of Using Oracle Fusion Analytics Warehouse (FAW)
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e Seamless Interoperability with the Oracle Cloud Applications: FAW is tailor-made to Oracle Fusion Cloud
Applications which comprise: ERP, HCM, SCM, and CX. It, also, offers out-the-box connectivity and pre-built
semantic models in these domains, which would save enormous amounts of time and effort in implementation. This
high level of integration ensures data consistency, security and real-time synchronization and thus enterprises can
generate meaning with the data without having to engage in data engineering.

e Advanced Analytics and ML Capabilities: FAW has incorporated the application of Oracle Machine Learning
(OML) services in its design. That will enable users to perform predictive and prescriptive analytics without the
requirement to implement new ML tools and platforms. As an example, the users can predict the revenue, determine
the attrition or detect the anomalies all this is done within the analytics environment. This smart implementation
provides the decision-makers with opportunity to enter pro-active mode rather than reacting to the situation.

e Prebuilt KPIs and Dashboards: One of the strengths of FAW is that there is a library of pre-built Key Performance
Indicators (KPIs), dashboards and data pipelines. Such resources can be financed with industry best practices and the
application logic that Oracle designed and developed to give it a fast time-to-value. Business users can make use of
these visualizations directly and they can eliminate the need to be dependent on IT and bring speed to information
driven culture in the organization.

e Scalability and Performance: The Oracle Autonomous Data Warehouse version of the FAW offers scale and high
performance analytics. It will automatically support optimization, indexing and scaling in such a way that as
organizations grow in the large volumes of data, it will not diminish in performance. This makes FAW a next-
generation of business digital transformation.

1.2. ML to Improve KPI Visibility and Business Outcomes

All this is highly beneficial since the analytic shift in the paradigm of prediction contributes to the KPI visibility and, as a
result, to the better business performance in terms of the behavior of an organization (in this instance, the term organization
can be applied to an organization). Machine Learning (ML) is one of the ways to reach such a behavioral change. The
previous methods of performance monitoring tend to rely on historic data and non-automatic reporting, which can interfere
with the ability to notice something urgently and retention of valuable spare time in a time-bound decision. ML overcomes this
weakness by exposing tactics and tendencies that cannot be detected immediately by use of conventional analysis. Bringing
ML into the analytics environments, including Oracle Fusion Analytics Warehouse (FAW), companies will have the
opportunity to eliminate the stage of descriptive reporting and begin predicting and foreseeing the business performance,
identifying risks, and optimizing operations in real time. One of them is in the Financial department where ML can be applied
in predicting the delays in payments through the examination of the past customer purchasing habits and invoice habits to
guide the team in proactively undertaking measures to cushion the cash flow.

Within the context of Human Capital Management (HCM), the risk factor of attrition can be estimated with the help of the
ML algorithms, which examine such factors as the level of employee engagement, time threshold, performance standards, and
pay. These forecasts further enable the HR departments to develop certain employee retention planning and employee planning
ventures. Similarly, in Supply Chain Management (SCM), the anomalies in inventory levels or even forecasting of a sudden
demand spike can be trained and deployed in order to allow the procurement and logistic teams to be proactive with ML
models. In addition, ML increases the consciousness of KPIs smartly presenting and emphasizing the main measures requiring
actions. With ML-based solutions rather than merely tracking dozens of indicators, unusual patterns can be found and reported,
alerts may be generated and even advice. This will go a long way in reducing mental burden of the decision-makers and
assisting them to focus on the important things. By constantly attaining new information, ML needs to make sure that the KPIs
are updated and aligned to new changes in the business. Lastly, ML enhances the performance of business because it enhances
the accuracy, speed and relevance of insights. Together with FAW, it converts enterprise data into competitive advantage
hence organizations in all the departments are able to make smarter decisions with more confidence and within a short time.

2. Literature Survey
2.1. Evolution of Bl and FAW

The past two decades have seen a drastic change in Business Intelligence (BI) as it was being used as a reporting tool with
standard dashboards and has evolved into a dynamic system that may offer the predictive and prescriptive analytical
functionalities. [6-9] The former forms of Bl were mostly on-premise and human data integration-based that made these
systems highly unscaled and inflexible. This has changed with the development of the cloud technologies, big data platforms
and artificial intelligence (Al). Oracle Fusion Analytics Warehouse (FAW) is a fresh release of this development. FAW is also
founded on cloud-native architecture of Oracle, and advanced analytics capabilities are provided using data lakes, data streams
and prepackaged Al/ML models. The fact that it can integrate with Oracle Cloud Applications allows organizations to have a
more actionable and deeper insight with minimal infrastructure overheads.

2.2. Embedded ML in ERP

Machine learning (ML) techniques are investigated in the recent study as a method of incorporating them into Enterprise
Resource Planning (ERP) systems to increase automation and precision of predictions. The studies indicate that ML can be
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applied in the prediction of inventory, anomalies in the operations of finance and workforce optimization. With the help of
such applications, it is possible to understand that ML can provide tremendous value by reducing human labor and enhancing
the functioning. All these developments are taken to the advantage of the Oracle FA since it uses Al and ML directly as a part
of its analytics system to ensure that users are able to access more predictive knowledge without necessarily being so technical.
It is in-built intelligence that goes even further to convert the classical ERP systems into active systems of decision support
rather than passive storage of information.

2.3. Visualization Techniques

Data analysis or interpretation is vital in visualization of data used in the easy interpretation of tough data and even
strategic decisions. Past studies have demonstrated that interactive dashboards, particularly those which offer drill-down and
slice-and-dice capabilities are highly practical in enhancing the understanding of a user regarding the trends, correlations, and
exception on data. These dashboards enable the stakeholders to make informed decisions within the shortest time achievable as
they give an insight on key performance indicators (KPIs) and real-time metrics. However, with the likes of Oracle FAW,
visualization has been more than a reporting tool as it is perceived to be an easer between the raw data and the business
strategy. Visual KPIs, filters and levels improve interaction with users, and the capacity to align insights to business objectives.

2.4. Challenges Identified

The deployment of such systems and its lack of familiarity have a set of challenges despite the advances that have enabled
the expansion of Bl and the integration of Al/ML-related technologies. The former issue is the existence of data silos across
different business modules that also make unified analytics a challenge and the development of comprehensive insights
impossible. ML pipelines can be scaled especially when the volume of data increases and when the requirement to perform
near real-time processing is needed. Visualization is also complicated because super detailed dashboards might perplex the
user rather than make the data more readily available to analysis. In addition, ensuring that the machine learning models are
provided under the guise of governance, accuracy, and explainability are essential because it will help to build trust between
the representatives of the information and create regulatory compliancy in the enterprise environment.

2.5. Gaps in Existing Research

Although the subject of Bl tools and machine learning applications in Enterprise systems has been the subject of numerous
studies, there has been a significant gap in the literature as far as the integration of the Oracle FAW with embedded ML to
enable real-time decision support is concerned. The bulk of the current literature is focused on individual deployments of ML
or general Bl strategies without considering the potential synergy that may be created through the deployment of tightly
integrated analytics modules and ERP systems. This gap is what the study seeks to address through a review of how the
embedded intelligence of FAW can be exploited to enhance business decision-making and business operational efficiency
within dynamic business environments. Thus, it can be helpful to gain a clearer understanding of the practical benefits and
architecture concerns of next-generation analytical systems.

3. Methodology
3.1. System Architecture

Oracle Fusion ERP
Cloud

~~ Oracle Autonomous
2 Data Warehouse
. (ADW)
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Oracle ML Services

Figure 2: System Architecture

Oracle fusion analytics Warehouse (FAW) is built as an integrated architecture that allows an effortless flow of data,
sophisticated analytics, and real-time information. [10-12]It is based on a few of the major Oracle cloud services which are
interoperating in order to provide intelligent and scalable business intelligence tool.

e Oracle Fusion ERP Cloud: The Oracle Fusion ERP Cloud is the transactional underpinning, collecting and
controlling all the business data across enterprises like the financials, the procurement, projects, and the human
resource. It enablesthe integrity of data and its consistency in the business units and is the main source of data
operational data used in downstream analytical processes.
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e Oracle Autonomous Data Warehouse (ADW): ADW is the Oracle cloud data warehouse based on high
performance and comprehensive management that is optimized on analytic workload. This automatically takes care of
provisioning, tuning, scaling, and security enabling ingestion, transform, and storage of data of Fusion ERP
effectively. ADW provides sophisticated querying and acts as the primary data store of FAW, and offers performance,
reliability, and elasticity.

e Oracle Analytics Cloud (OAC): Oracle Analytics Cloud is a complete data visualization, reporting and self-service
analytics tool. It allows people to build dashboards, analyze data interactively and pull data insights through Al-driven
capabilities. OAC is directly integrated with ADW, and it means that business users will get a consistent experience
when they access and analyze enterprise data.

e Oracle ML Services: Oracle Machine Learning (OML) Services provides capabilities inbuilt to create, train and
await dispatching of machine learning models right within the cloud on which Oracle has invested. These services
enable the use of embedded ML in the FAW application, which provides use cases like predictive analytics, anomaly
detection, and smart forecasting. The integration makes the insights descriptive, predictive as well as actionable.

3.2. Data Pipeline Workflow
Oracle Fusion Analytics Warehouse (FAW) data pipeline facilitates automation on transferring data to analytics layers,
providing easy processing, machine learning, and visualisation of data. Here is the list of the end-to-end workflow steps:

DATA PIPELINE WORKFLOW

Load into
ADW via ELT

Figure 3: Data Pipeline Workflow

e Extract Data from ERP Modules: It starts with the extraction of the structured business data of different modules
of Oracle Fusion ERP Cloud software including Finance, Procurement, Projects and HCM. This data contains
transactions, master and history records which are critical in the downstream analysis. A data movement is usually
managed via the prefabricated Oracle connectors and data integration tools that guarantee secure and incremental data
transfer.

e Loadinto ADW via ELT: Load into ADW through ELT At the time of extraction, the data is loaded into the Oracle
Autonomous Data Warehouse (ADW) by ELT (Extract, Load, Transform) methodology. This way utilizes processing
power of ADW on data transformation to improve performance and scalability. These tools as the Oracle Data
Integration Platform (DIP) or the Oracle Data Flow may be utilized in order to control the process of data loading in
such a way that the latency is minimal and the throughput is maximum.

e Transform and Cleanse Data: After loading, a transformation and a cleansing of the raw data is then done. These
include data type transformation and deduplication, normalization and enrichment to align them with business logic
and analysis models. This stage also involves jointing the data in the different modules to produce one data model and
this means that the model will present a combined view of the business processes.

e Train ML Models: The machine learning models are trained using Oracle machine learning (OML) using clean and
structured information present in ADW. Applications The models can be used to address specific business needs, such
as revenue forecasting, churn prediction, fraud control or labor force planning. The training process can be automated
or people driven and the models are captured and stored and executed within the ADW environment that they are
highly efficient and safe.

e Visualize in OAC: The last step is a rendering of Oracle Analytics Cloud (OAC). With the transformation and
enriched data, users have the ability to create their own interactive dashboards, KPIs and ad hoc reports. The
visualization (in OAC) means that the business stakeholders can track the trends, digging deeper into the operational
metrics and developing real-time data-driven decisions. Natural language queries and automatic anomaly detection
features, enabled by Al, only contribute to the better user experience.
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3.3. Model Types

MODEL TYPES
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Figure 4: Model Types

Oracle Fusion Analytics Warehouse (FAW) uses multiple models of machine learning to solve various situations in
analytical applications in the context of ERP. [13-16] the various kinds of models that will be used depend on the character of
the data and the business question under consideration.

o Classification: Classification models are applied when the result to be predicted is categorical, i.e. an employee may
leave (attrition) or not. Another popular method of binary classification is Logistic Regression, the output of which
was either 0 or 1. It approximates likelihood of an event occurring by modelling data to hew to a logistic curve, thus is
adequately suited to HR and risks-based applications in context with FAW.

o Regression: Regression models would be used to forecast the value of continuous variable, i.e. the number of days a
customer may take to pay. Linear Regression is a method used when we think the relationship between a dependant
variable and one or more independent variables is linear. The model works well in cases of financial forecasting and
trends analysis when numerical predictions are important.

e Anomaly Detection: It is anomaly detection that assists in detection of abnormal or outliers in the data which may
reveal fraud or inaccurate data entry. Isolation Forest algorithm isolates anomalies due to randomly selecting features
and split values. The fewer and the different anomalies are, therefore, easier to isolate. Its application is very useful in
prime applications that are cost anomalies or irregular transactions found with the modules of finance and
procurement.

e Clustering: Data points which are similar are placed in a cluster by clustering algorithms without specifying the
labels. K-Means is a common unsupervised learning algorithm to cluster data into K sets of data using the similarity
of a feature. As an example in FAW, it might be related to customer segmentation, supplier grouping or employee
profiling by identifying previously unrecognized patterns in behavioural or other performance data.

3.4. Visualization Techniques

The successful visualization of data is what leads to turning raw information into actionable ones. Implemented into the
structure of the FAW, Oracle Analytics Cloud (OAC) presents several visualization tools that help users increase their level of
knowledge and decision-making. Complex analytical results are usually represented in an intuitive way by the following
techniques.

KPI Heatmaps Forecast Graphs

Dynamic Correlation
Dashboards Matrices

Figure 5: Visualization Techniques

o KPI Heatmaps: KPI heat maps offer an aggregation that displays performance indicators in a particular color on the
basis of different departments, time, or geography. They enable users to see the spots of underperformance or
excellent results taking only a look at gradients or categorical color codes. To give an example, the heatmap of
revenue based on regions can immediately indicate what markets are behind or overperforming.
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e Dynamic Dashboards: Dynamic dashboards are dynamic visual displays, both real-time and interactive, where users
can navigate into data by using filters and drilling down as well as navigating in beginner. These dashboards can be
customized according to the choice of users and they can be drilled down into specific data in each KPI being on a
high level with summary data provided and down to transactions once clicked. In FAW, the dashboards are dynamic
and facilitate role-based opportunity and customization, so every user will see the most relevant information content
based on the business position.

e Forecast Graphs: Forecast graphs are used to present the trends of the future considering the past data and machine
learning capabilities. They may be presented as line charts or area charts, usually displaying the prediction values
together with confidence bands, hence enabling decision makers for the direction of future changes. Modules such as
finance or supply chain will depend heavily on forecast graphs to equip planning revenue, demand or expense
projections with more precision.

e Correlation Matrices: Correlation matrices portray the dependence of various variables and the colors of a given
scale or numerical data are used to ascertain the level and direction to which they have relation. Such matrices are
required in order to determine latent patterns and dependencies among business metrics. As an example, they may
show how the employee satisfaction levels are linked to the attrition or the levels of inventories to the time of
fulfilling the order leading to data-driven strategy design.

3.5. Evaluation Metrics

The assessment of machine learning models is a critical point to get accurate conclusions and trusted decision-making in
Oracle Fusion Analytics Warehouse (FAW). [17-20] various model types impose different forms of evaluation metrics
according to the kind of their outcome: categorical or numerical. In the case of classification models and especially in such
situations as the prediction of attrition of employees or fraud detection, Accuracy, Precision, and Recall metrics are frequently
utilized. Accuracy is used as a measure of how well the model is correct insofar as the model is concerned, the ratio between
correct predictions and the total number is used. Precision and recall are however, more informative in instances whereby
classes distributions are uneven (e.g. in making predictions such as fraud). Precision is the number of true positive predictions
per the total number of predictions of positivity, the percentage of the cases flagged that are relevant. Recall, in its turn, gauges
modelling capacity in terms of singling out all instances of interest, displaying the number of real positive cases that were
rightfully forecasted. Root Mean Square Error (RMSE) is the commonly-used metric when dealing with regression models:
those that can be used to predict payment delays or the amount of the invoice. RMSE is a measure of average absolute error in
the prediction of the actual value.

The measure is used because the extent to which a large error is violated becomes punitive. It gives one dissimilar statistic
that shows the extent to which the regression model is representing the information. A smaller RMSE measures a stronger fit to
the model and a stronger predictive power. In formal binary classification problems where probabilistic results are required, as
in risk scores, or lead qualification, the Area under the Receiver Operating Characteristic Curve (AUC-ROC) is especially
useful. AUC-ROC is used to see the discrimination level of positive over negative and it is done with a look at all the possible
thresholds. Models whose AUC approaches 1.0 are deemed very successful, whereas those where the AUC approaches 0.5 are
of no better use than guessing at random.

3.6. Use Case Scenarios

Figure 6: Use Case Scenarios

o Finance: In the area of finance, predictive analytics can be utilized in a remarkably good manner in the context
of improving the management of the invoices, i.e., what invoices will not be paid on-time. Ability to estimate the
probability of delay should be possible using historical trends of payment pattern, customer behaviour and terms
of invoices along with machine learning models such as linear regression or classification algorithms. The
insights can help a finance department prioritize follow-ups and automate escalation processes, such as sending
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reminders or warning behaviours on accounts which need a credit check. It not only boosts the predictability of
the cash flow, it also saves manual efforts and to add, it boosts the customer communication strategies.

. Supply Chain: To have an inventory management successfully, you are recommended to forecast the demand
accordingly. With regards to supply chain processes, machine learning models, specifically the ability of such
algorithms as Isolation Forest, are expected to monitor the stock levels and track the unusual rise or fall in
demand that may indicate the presence of out-of-stock scenarios and other aspects. Early warning gives the
supply chain managers of the supply chain a chance to be proactive; through the ability to adjust procurement
programs, to divert shipments or even commence safety stocks processes provided that these anomalies are
detected in time. It will lead to reducing the levels of stocks, optimum stockouts, and better customer services.

. Human Capital Management (HCM): Retention of top talent is an important strategy in Human Capital
Management (HCM). Logistic regression or other classification models are deployed to model the probability of
employee attrition against these inputs such as job satisfaction, performance rating, tenure, compensation and
engagement score. Knowing at-risk employees helps the HR teams to take preventative steps- interview the stay
employees whether it is their career development program or enhancing the teamwork. Also workforce planning
is complemented by predictive models that help identify future hiring requirements, skills gap and cascade talent
approach with business outcomes.

4. Results and Discussion
4.1. Data Summary
Table 1: Data Summary

Module | ML Accuracy
Finance 91.2%
SCM 87.5%
HCM 93.0%

Using Oracle Fusion Analytics Warehouse (FAW)
and ML to Improve KPI Visibility and Business Outcomes

A

KPI Visibility

=N

Machine
Learning

Business
Outcomes

Figure 7: Graph representing Data Summary

Finance 91.2 % accuracy: The model scores an excellent predictive metric of 91.2% accuracy on the Finance
module, which can be used to predictive application, such as late payment prediction, invoice risk scoring, and cost
anomaly detection. The levels of accuracy reflect that there is a consistency with the information from the financial
data that the financial information epitomized by the Oracle Fusion ERP processed is well organized and clear in
terms of their transaction histories. The results show that workflows and the handling of escalations can be automated
and that the financial departments could work towards streamlining collections and controlling major cash flow.
Supply Chain Management (SCM) 87.5% accuracy: Supply Chain Management module provided the best model
accuracy rate of 87.5% and use cases, such as the inventory demand prediction and anomaly detection of stock
movement prompted the module. This result is lower than Finance and HCM but still a strong number, since the data
associated with the supply chain is less centralized, as compared to other data. External shocks added uncertainties in
the form of seasonal demand, delays on the supply side, and uncertainty caused by geopolitical factors, but the models
remained to work smoothly, which made it possible to implement advanced supply policies and reduce the operational
risks.

Human Capital Management (HCM) 93.0 % Accuracy: HCM generated the highest accuracy at 93.0 percent and a
remarkable success in predicting risk of attrition, engagement trends and patterns and organization trends within the
workforce. The behavioral and demographic data of employees in the employee data can be relatively rich thereby
rendering the classification and the segmentation highly precise. This accuracy will enable HR departments to make
sound and proactive choices as far as retention of talent, career development, and workforce optimization is
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concerned. The usefulness of embedded Al in the controlled management of human capital in Oracle Fusion
environments is confirmed by the high Watts results.

4.2. Dashboard Output Samples

Through FAW, the Oracle Analytics Cloud (OAC) dashboards, that display actionable real-time insights in an intuitive
visualization format, are built, and these dashboards rely on multiple business functions. The Payment Delinquency Trends
dashboard by itself is one of the most significant outputs since it appears in the form of a time series graph. Such visualisation
not just displays the real amount of late payments within a period, but also the frequency with which the payment was
received, separated out by customer, region or invoice type. The users can access seasonal trends, the areas of risks, and down
to individual overdue invoices. ML-capture predictive overlays can also be developed in the graph and enable finance teams to
predict future delinquencies and take in-time collection decisions. Employee Attrition Risk Matrix provides a strategic insight
into human capital management (HCM) in terms of the workforce stability. This dashboard will examine the employees on
two-dimensional grid basis the likelihood of attrition and with regards to performance rating. Those individuals who are high-
risk and high performing and would leave are illuminated as red zones. The matrix allows department, tenure, and location to
be filtered and the results of the trend to be easier to identify and engagement plans to be made personal to each department.

It can as well help the organization in proactive workforce planning since it shows where talent deficit could occur.
Regarding the operations in the supply chain, the Supply Chain Heatmap Anomalies offers the movement of the inventory and
the demand change in warehouses and distribution centers. Colors are used to show the intensity of demand or stock
imbalances in various regions, and special colors or warnings indicate that anomalies were detected as a result of such models
as Isolation Forest. These areas can be mouse-overs or clicks on by the users to reveal hidden causes e.g. the supplier delays or
demand swings or the wrongly configured planning parameters. Supplier chain managers in this diagram can simply balance
an assessment of the overall health, concentrate on interventions and maintain the service levels. The dashboards together, a
part of the concept of FAW, captures the real-life role of embedded machine learning and more rational visualization
transforming raw ERP data to decision-support applications that are user friendly and intuitive to operate to bring agility and
insight to each of the enterprise functions represented by the dashboards.

4.3. Comparative Analysis

Introduction of machine learning (or ML) into the Oracle Fusion Analytics Warehouse (FAW) is an important step
forward of the previous Enterprise Resource Planning (ERP) systems, regarding how organizations track their performance,
generate insights, and effect decisions. KPI monitoring is more responsive in the classical ERP cycles. Users rely on scheduled
reports or fixed dashboards to view the performance history and this often slows down the rate at which problems can be
identified. Compared to it, FAW with combined ML is tasked with predictive monitoring of KPlIs, i.e. such systems forecast
the most important business process indicators revenue, cash flow, or churn rate, and managers can avert the issue before it
becomes a crisis. Similarly, the insights generation process in legacy ERP systems is very manual. Analysts must pull, clean up
and interpret data themselves, and this is hon-ncogent and may prove to be fallacious. It is automated with pre-existing data
pipelines and Machine Learning models that constantly learn as new ERP data is received providing on-the-fly and automated
insight with no major user interaction.

This automation also provides another advantage in the sense that it also frees valuable time to undertake a strategic
analysis. Classical ERP systems, as far as visualization is concerned, tend to display very static charts and tabular reports only.
FAW contributes to this the element of dynamic and real-time dashboards that can handle the drill downs, filters, and Al-
guided explanations. These interactive charts enable users to interact with data, and in the process of that interaction, they can
find trends or anomalies as they arise, making the sensemaking process more intuitive, and accessible to nontechnical actors.
And the last one is timing of decision making. The traditional ERP systems are a huge cause of slows decision making due to
lack of foresight and the tendency to stay in the here and now in reporting cycles. Compared to FAW, which interferes by
allowing the user to take proactive decisions by depicting early warning, trend futuristic predictions, and prescriptive guidance.
It is the reason why this retrospective analysis being converted to forward-looking intelligence makes ERP an engine of
strategic decision-making rather than a recorder.

4.4, Discussion

Such combinations of Oracle Fusion Analytics Warehouse (FAW) with embedded machine learning have also shown
quantifiable business benefits, including the creation of business insight and responsiveness in operations. The system will
enable users to gain insights on their data and questions on predictive automatically without necessarily requiring IT
departments to troubleshoot and query (under the guidance of manual intervention), because the creation of most of the work is
actually supported by the automating process of extraction, transformation and analysis of data. This has significantly reduced
the duration on the response hence allowing departments such as the Finance, Supply Chain and HCM to respond to potential
issues before they escalate to greater heights. To illustrate, the finance departments may now receive a timely alert of delayed
payments, thereby taking the measure of making follow-ups early on, and the HR managers may similarly pick up a swivel risk
of attrition very early so that retention strategies may be instituted early on. Business units have therefore increasingly adopted
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more and more ML-informed dashboards into their routine review process, transforming the manner in which the traditional
performance monitoring process had been conducted in the past into a much lighter process and which is more of an insight-
based process. However, despite the obvious advantages, there are still different problems. One of the most important is model
transparency (or explainability). In a way that the projections are made are clear, as in a majority of situation where business
involves being required to make decisions that must possess some form of financial risk or any situation that can involve the
workforce it is normally the case that business users desire to know the way they are able to make the projections. Although
the ML services provided in Oracle provide some approach to interpretability, more should be done to ensure that insights to
users are over and above correct to ensure that they are in addition explainable and relied upon by general users. Change
management is, too, a significant barrier to adoption.

The required shift in the culture and reevaluation of decision-making processes will be necessary in order to get out of the
process and execute the reports of the sort that the current paper describes. Automated recommendations also cannot be applied
in all employees due to their lack of familiarity with such recommendations or their perception that they are losing control. As
a way of overcoming this resistance, constant training, engagement of stakeholders and leadership ensure that there is belief in
the system. In conclusion, despite the importance that FAW with ML offered to both performance and business value, the
future success of the long-term performance of this approach cannot be guaranteed unless the issue of usability is approached,
not to mention the trust in the models, and the journey through the process of digital transformation.

5. Conclusion

The study provides the whole picture that will incorporate Oracle Fusion Analytics Warehouse (FAW) and embedded
machine learning (ML) to provide better control over KPIs used in enterprises, generate insights, and make decisions. The
main accomplishments of the current project involve creating Full-stack FAW + ML and automating information flows,
creating predictive analytics, and visualizing actions insights through essential modules of ERP (Finance, Supply Chain, and
Human Capital Management) pipelines. The model or solution was able to predict defaults in payment, inventory errors and
using attrition risk with large percentage of model accuracy. These forecasting capabilities came hand in hand via Oracle
Analytics Cloud dashboards whereby business users transitioned off of reactive monitoring and were able to make it proactive.
The conditions of engaging ML into the day-f-day operation cycle of business subdivisions not only resulted in a substantial
enhancement of responsiveness and an increase in the quality of decisions but also proved the worth of smart analytics as an
ongoing ERP consideration.

Despite all these successes realised, there are several drawbacks, which must be realised. Model drift is the most
significant problem whereby the precision of machine learning model can decline as time passes unless it is trained on new
data. Without the proper monitoring and maintenance of the same, the insights generated may turn out to be somewhat
outdated or mistaken. The alternative limitation is the necessity of training the users and data literacy. Though dashboards and
models do not involve any technical failure, their use presupposes that users should be convinced that machine-generated
predictions and patterns of outcomes are problematic. Changes to get the bridge between successful analytics and operations
between thriving business decision-making and operations of every-day business decision-making will have to persist in
investing in change management and education.

Future research can assume some encouraging paths in the future. One of them is incorporation of Generative Al (GenAl)
to support conversational analytics where the user can query the data in natural language and have it presented in context. This
would also ease the barrier to entry among the non technical users. The final area of expansion is the real-time streaming data
ingestion in which case the system would have been able to respond instantaneously as the operational data changes which will
enhance the agility more. And, finally, the framework expanded to encompass other Oracle modules, such as Customer
Experience (CX) and Projects, would provide more breadth of the insight, to be able to go even more comprehensive in terms
of business analysis of customer engagements, projects, and service aboard.

References

1. Chen, H., Chiang, R. H., & Storey, V. C. (2012). Business intelligence and analytics: From big data to big impact. MIS
quarterly, 1165-1188.

2. Richardson, J., Sallam, R., Schlegel, K., Kronz, A., & Sun, J. (2020). Magic quadrant for analytics and business
intelligence platforms. Gartner ID G, 386610, 00041-5.

3. Wixom, B., & Watson, H. (2010). The Bl-based organization. International Journal of Business Intelligence Research
(JBIR), 1(1), 13-28.

4. Azvine, B., Nauck, D., & Ho, C. (2003). Intelligent business analytics—a tool to build decision-support systems for
eBusinesses. BT Technology Journal, 21(4), 65-71.

5. Ranjan, J. (2009). Business intelligence: Concepts, components, techniques and benefits. Journal of theoretical and applied
information technology, 9(1), 60-70.

6. Wang, Y., Kung, L., & Byrd, T. A. (2018). Big data analytics: Understanding its capabilities and potential benefits for
healthcare organizations. Technological forecasting and social change, 126, 3-13.

87



10.
11.

12.

13.

14.
15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

Partha Sarathi Reddy Pedda Muntala & Nagireddy Karri / IJAIBDCMS 3(1), 79-88, 2022

Stefanovic, N. (2014). Proactive supply chain performance management with predictive analytics. The Scientific World
Journal, 2014(1), 528917.

Raffoni, A., Visani, F., Bartolini, M., & Silvi, R. (2018). Business performance analytics: exploring the potential for
performance management systems. Production Planning & Control, 29(1), 51-67.

Stackowiak, R., Rayman, J., & Greenwald, R. (2007). Oracle data warehousing & business intelligence Solutions. John
Wiley & Sons.

Thorstrom, M. (2017). Applying machine learning to key performance indicators.

Volikatla, H., Thomas, J., Bandaru, V. K. R., Gondi, D. S., & Indugu, V. V. R. (2021). Al/ML-Powered Automation in
SAP Cloud: Transforming Enterprise Resource Planning. International Journal of Digital Innovation, 2(1).

Myles Gilsenan’s 2019 article “Oracle Analytics Cloud and Autonomous Data Warehouse — Better Together” emphasizes
the foundational strength of embedded analytics and ML architecture that underpins FAW’s ability to drive insights.
Burnay, C., Dargam, F., & Zarate, P. (2019). Data visualization for decision-making: an important issue. Operational
Research, 19(4), 853-855.

Marjaméki, P. (2017). Evolution and trends of business intelligence systems: a systematic mapping study.

Shen-Hsieh, A., & Schindl, M. (2002, April). Data visualization for strategic decision making. In Case studies of the
CHI2002| AIGA Experience Design FORUM (pp. 1-17).

Dimara, E., Zhang, H., Tory, M., & Franconeri, S. (2021). The unmet data visualization needs of decision makers within
organizations. IEEE Transactions on Visualization and Computer Graphics, 28(12), 4101-4112.

Reddy, P. V., & Schroeder, C. G. (1999). Data Warehouse Architecture for Army Installations (No. CERLTR9994).
Helskyaho, H., Yu, J., & Yu, K. (2021). Oracle Autonomous Database for Machine Learning. In Machine Learning for
Oracle Database Professionals: Deploying Model-Driven Applications and Automation Pipelines (pp. 97-133). Berkeley,
CA: Apress.

Gonugunta, K. C. (2018). Apply Machine Learning Oracle Analytics—Combined. The Computertech, 37-44.

Odell, L. A, Farrar-Foley, B. T., Kinkel, J. R., Moorthy, R. S., & Schultz, J. A. (2012). Beyond Enterprise Resource
Planning (ERP): The Next Generation Enterprise Resource Planning Environment (No. IDAHQP4852).

P. K. Maroju, "Empowering Data-Driven Decision Making: The Role of Self-Service Analytics and Data Analysts in
Modern Organization Strategies," International Journal of Innovations in Applied Science and Engineering (IJIASE), vol.
7, Aug. 2021.

Pappula, K. K., & Anasuri, S. (2020). A Domain-Specific Language for Automating Feature-Based Part Creation in
Parametric CAD. International Journal of Emerging Research in Engineering and Technology, 1(3), 35-
44, https://doi.org/10.63282/3050-922X.1JERET-V1I3P105

Rahul, N. (2020). Optimizing Claims Reserves and Payments with Al: Predictive Models for Financial
Accuracy. International Journal of Emerging Trends in Computer Science and Information Technology, 1(3), 46-
55. https://doi.org/10.63282/3050-9246.1JETCSIT-V1I3P106

Enjam, G. R. (2020). Ransomware Resilience and Recovery Planning for Insurance Infrastructure. International Journal
of Al, BigData, Computational and Management Studies, 1(4), 29-37. https://doi.org/10.63282/3050-9416.1JAIBDCMS-
V114P104

Pappula, K. K., Anasuri, S., & Rusum, G. P. (2021). Building Observability into Full-Stack Systems: Metrics That
Matter. International ~ Journal of  Emerging Research in  Engineering  and Technology, 2(4), 48-
58. https://doi.org/10.63282/3050-922X.[JERET-V214P106

Enjam, G. R. (2021). Data Privacy & Encryption Practices in Cloud-Based Guidewire Deployments. International Journal
of Al, BigData, Computational and Management Studies, 2(3), 64-73. https://doi.org/10.63282/3050-9416.1JAIBDCMS-
V2I3P108

Rahul, N. (2021). Strengthening Fraud Prevention with Al in P&C Insurance: Enhancing Cyber Resilience. International
Journal of Artificial Intelligence, Data Science, and Machine Learning, 2(1), 43-53. https://doi.org/10.63282/3050-
9262.1JAIDSML-V2I1P106

88


https://doi.org/10.63282/3050-922X.IJERET-V1I3P105
https://doi.org/10.63282/3050-922X.IJERET-V1I3P105
https://doi.org/10.63282/3050-922X.IJERET-V1I3P105
https://doi.org/10.63282/3050-9246.IJETCSIT-V1I3P106
https://doi.org/10.63282/3050-9416.IJAIBDCMS-V1I4P104
https://doi.org/10.63282/3050-9416.IJAIBDCMS-V1I4P104
https://doi.org/10.63282/3050-922X.IJERET-V2I4P106
https://doi.org/10.63282/3050-9416.IJAIBDCMS-V2I3P108
https://doi.org/10.63282/3050-9416.IJAIBDCMS-V2I3P108
https://doi.org/10.63282/3050-9262.IJAIDSML-V2I1P106
https://doi.org/10.63282/3050-9262.IJAIDSML-V2I1P106

