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Abstract: Machine learning and analytics are being integrated into many sorts of information systems.
These technologies are exciting, but modern companies struggle to leverage them to effectively exploit
their data and address their problems. Business analytics and machine learning solutions involve
requirements elicitation, design, development, and deployment. Conceptual modeling and requirements
engineering are significant and useful, although little research has been done. A conceptual modeling
framework for business analytics and machine learning solutions is presented and assessed in this study.
The framework includes instantiations, meta-models, techniques, design patterns, catalogs, rules, and
recommendations. Three modeling viewpoints represent various aspects of a solution or roles in system
building. The company View elicits company analytical requirements by capturing stakeholders, strategic
objectives, options, questions, and insights. Algorithms, measurements, and quality criteria help develop
machine learning solutions in the Analytics develop View.
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I. INTRODUCTION
The use of analytical elements in software-based systems, services, and products is growing. Many businesses find it
difficult to use business analytics and machine learning, despite the buzz. Capable Inadequate analytics implementation
impedes the development of the organization.
Knowing the limitations of analytical techniques like machine learning algorithms is essential to creating practical
business analytics solutions. A business case must be established before it can be transformed into analytical problems.
This covers feature selection and data pretreatment, algorithm selection and trade-off analysis, incorporating machine
learning models into operational procedures, and matching corporate strategy with discovered applications. To address
these challenges, stakeholders and executives must be analytical and machine learning literate.
Requirements Elicitation of business analytics is challenging. The majority of projects begin with inadequate and
ambiguous analytics requirements. Stakeholders may be aware of their strategic objectives, such as enhancing
marketing initiatives or lowering stock levels, but they may not be aware of how analytical methods might support
them. There is a conceptual mismatch between stakeholders and data scientists who possess combined skills in
databases, statistics, machine learning, and optimization. This disparity exacerbates the problem.
To get the benefits, analytics must be connected to business strategy. Inaccurate assumptions about the role analytics
play in business strategy, a lack of leadership support, and poorly executed analytics projects may result from a failure
to align. The company must decide which data assets to prioritize, how to allocate resources, and the objectives of its
analytics project in order to accomplish this alignment. Finding, defending, and demonstrating the need of analytics
should be a top priority for all companies. Finding business objectives and converting them into analytics goals are
necessary to achieve this goal.

OBJECTIVES OF THE STUDY
e Formally sound and application domain-abstract procedures are the key objective.
e  This helps create productive and successful information systems.
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e Conceptual modelling, a key part of requirements engineering, may help plan, create, and deploy business
analytics system implementations.

LITERATURE REVIEW

The development of machine learning and business analytics has been aided by a number of academic publications. Our
research is as varied as business analytics.

The thesis is made up of theories, ideas, artifacts, and contributions. This chapter assesses the body of research in each
area, provides background information for our study, and highlights the ways in which our contributions to the
literature are both similar to and distinct from those of others.

Yu-hua et al., [1] To capture user application needs, provided solutions, and data mining approach resources, create a
data mining ontology. The Universal Knowledge Grid is a framework for networked, grid-based knowledge discovery
systems that includes this ontology. Function, Algorithm, and Solution are the main topics of this ontology. An
application job is a subset of the application domain that is carried out by one or more algorithms. By demonstrating
how the ontology may be used for money laundering, they developed use cases for data mining.

Bernstein et al., [2] created a prototype of an Intelligent Discovery Assistant to assist in selecting data mining
techniques for a particular task. The prototype looks for suitable data mining operator sequences in the design space and
assigns a speed and accuracy rating to each one. For Al planning, the IDA makes use of a data mining operator
ontology. Data mining methods are divided into three categories by the ontology: pre-processing, induction, and post-
processing. Each operator's input, output, precondition, and effects on data and data mining are documented in the
ontology.

ILLUSTRATIONS OF THE FRAMEWORK

1. Descriptive Cases

Here are two examples. To achieve predetermined objectives, requirements engineer, data scientist, and conceptual
modeler evaluated these circumstances. The models presented in this chapter are derived from two primary sources: (1)
an extensive collection of online business analytics case studies and white paper materials, and (2) the author's and
participants' practical data mining experiences in both fields. Assumptions may be used to clarify models.

Case-1: A Shopping Mobile App

In the first case, a company allows customers to purchase a variety of items directly from the app. Rewarding devoted
customers aids in the expansion and profitability of the business. Managers of loyalty programs and marketers are
interested in using machine learning to address business problems. User profiles, app use, and e-commerce histories are
stored in company databases.

Case-2: A Grocery Retailer.

The second example involves a chain of stores and a food distribution facility. The company's objectives include in-
store experience, logistics and operational expenses, and online grocery deals. Businesses may accomplish their goals
with the use of contemporary business analytics and data sets. Loyalty cards monitor the behavior of customers. These
days, it gathers sensor data from people living in metropolitan areas and shop entrances.

CONCEPTUAL MODELING IN BUSINESS ANALYTICS-WHY?

Here, we outline some ways the framework might support the study and development of business analytics solutions.
These illustrate the applications of the framework.

1. Eliciting Needs for Analytical Tasks

It's challenging. Building business analytics solutions is challenging. The primary cause is the significant disconnect
between analytics experts and business stakeholders. The gap is widening quickly due to machine learning and
analytical techniques, tools, and applications.

Unfamiliarity with business analytics impedes system development. Although stakeholders acknowledge the value and
practicality of analytics systems in a variety of business contexts, they usually don't fully comprehend the analytical

abilities required and the situations in which they work best.
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Figure 1: The Grocery Store's Partial Business View Shown
As analytical methods, technology, and applications develop, the gap widens. Research indicates that system
development is hampered by unfamiliarity with business analytics approaches. Although stakeholders recognize the
value and practicality of analytics systems in a variety of business settings, they usually don't fully comprehend the
analytical abilities required and the applications in which they are most useful.

DESCRIPTIVE ANALYTICS NECESSITIES

Analytics expectations are often requested by stakeholders and the analytics team. Because the analytics team or system
emphasizes issues that are not as important to stakeholders, analytics programmers fail. In order to iteratively improve
the process and arrive at better questions, insights, and conclusions, data science initiatives often pose and test a series
of incorrect questions.

The analytics job, including algorithm selection, methodology, and data preparation procedures, may be altered by the
language of business queries. Key stakeholders often pose unclear queries about the project's analytics, which causes
ambiguity in the definitions of crucial variables, according to research. It takes a lot of effort and stakeholder interaction

to address these uncertainties and formulate the best business questions. They save time and money by preventing
analytics results from being misinterpreted.

1. Value of Modeling and How It Can Be Used

To select user interaction methods, the actor must have a thorough understanding of the users, as illustrated in Figure 1
of the Business View model. What is the primary online activity of each user group? What makes it difficult for users to
engage?

This is addressed by the User Clustering Model. This Insight article creates user cohorts that respond to the question,
"What are each user group's key online activities?" using demographics and click data.

Stakeholder uncertainty is reduced early on when business concerns are broken down into smaller topics. Links for
Decomposition subdivide “Who are the users?" is divided into smaller questions by Question Goals. Question
objectives are determined by Type, Topic, Tense, and Frequency.

By defining Question Goal qualities, developers and stakeholders may exchange information and make expectations
clear.

Knowledge of the Question Goal is shown by insights. Stakeholders are included, analytics are made simpler, and
ambiguity is decreased by breaking down Question Goals into sub-questions and creating Insights during modeling.
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ORIGINATING ANALYTICS EXPLANATION ENTERPRISE

Analytics requirements guide design, algorithm testing, and deployment. creating more algorithms. For instance, there
are several methods for numerical prediction. The choice of algorithm has an impact on the memory, noise tolerance,
scalability, missing values, and understandability of business analytics solutions.

The success of the system is determined by these quality objectives. Numerical metrics must be balanced while
choosing an algorithm. It is difficult to find the optimal trade-off.

Analytics Design Center model, Case 1. Analytics Objective: Forecast user attrition. To do that, the analytics system
must categorize user profiles and purchases. The model's categories include SVM, Decision Trees, Naive Bayes, and
Neural Networks. The sensitivity and accuracy of algorithms are investigated. The model demonstrates how soft
objectives like tolerance for noisy input and missing data are addressed in system development. The model illustrates
the impact of each approach on measures and qualitative labels for soft targets. While neural networks increase
sensitivity to 0.75, they decrease Softgoal Understandability. SVM with a Gaussian kernel function is the model's
choice.

Analytics techniques rely on design results. Type, Analytics Goal, and Generates connections are all part of the system.
The kind of insight influences the outcome of the business question.

Relevant algorithms are suggested by the analytics purpose. Analytics Goal metrics, algorithms, and softgoals are
available in the Algorithm Catalogue. The project team may develop the analytics system using the catalogue. Several
algorithms are capable of predicting user profiles and purchase categorization. Algorithms for business analytics are
chosen. These demands are approximated by soft objectives and indicators. Analytics techniques may be compared
using goal-oriented reasoning. Think about analytics indicators, prioritizing, soft objectives, and their effects. These
qualities are essential for soft goals.

EMERGING PROJECT DESIGNS FOR ANALYTICS EXPLANATIONS

Many businesses now have access to machine learning-based business analytics technologies. Adoption of analytics
may be hampered by a lack of machine learning and statistics specialists. The development of machine learning makes
system design more difficult. Additionally, stakeholders need to understand business statistics and machine learning

algorithms.
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Figure 2: A section from the Catalog of Algorithms
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1. Value of Modeling and How It Can Be Used

The model formalizes the abilities involved in classification. Random Forest and k-Nearest Neighbor might meet
classification prediction objectives. Neural networks using back-propagation and perceptron’s are shown. Additionally,
the model displays precision and recall as indicators for algorithm evaluation. Soft objectives like learning speed are
also included in the model. Impact The model learns how various algorithms behave on certain attributes via links from
algorithms to soft objectives.

METHODOLOGY

A example process for creating models in each of the three modeling perspectives of the framework is then explained.
The modeling steps, which begin with business objectives, involve data preparation, algorithm and solution design, and
analytical requirements. Nonetheless, such models may be developed and improved using hybrid and bottom-up
approaches. This approach is thus an example. Furthermore, several responsibilities need to support model creation
from various angles. The ideal people to create Business View models are business analysts. Analytics Design View
models are created by data scientists. View models are often created for data preparation by database administrators and
data engineers.

Roles may vary and overlap in real-world projects according on the challenge and project structure. For modeling and
elicitation, the analyst or modeller has to have access to the appropriate stakeholders.

1. Sample Methodology Example

Process of a retail mobile app company. 2. Strategic Goals, Indicators, Situations, and Influences form Business View
models. Figure 2 shows email marketing strategic goals to retain clients and boost performance. Indicators CTR and
CR. Consumer switching costs are modest.

Modeling continues with Decision and Question Goals. Email decision objectives are in Figure 3. To succeed, the actor
sending emails to targets must pick content. Most relevant commodities for each user group? Goal question. It
illustrates that email content decision-makers must know which commodities each user group cluster needs. Answers
link Insights to Goals. User-Product Association Rule Model, Figure 3. Logic answers "What are the most relevant
elements for each user group?" (Canadians aged x—y are inclined to purchase product z. To identify Products as
solutions, User demographics are needed. The 60-month data gives weekly insights. Figure 3 shows Business View
modeling. Goals of Analytics Analytics Design View models provide insights. Figure 3 predicts user turnover by
classifying user profiles and transactions. Describe user buying trends using analytics.

Comparison criteria, performance monitoring, and modeling techniques continue. Softgoals, indicators, and algorithms
model this. Finding patterns algorithms Apriori, ECLAT, FP Growth. Speed of Learning and Tolerance to Missing
Values are soft objectives; Accuracy and Sensitivity are indicators.

Explain how algorithms affect algorithm selection after modeling. Create and label algorithm-soft goal-indicator
influence linkages. This method will affect softgoal accomplishment owing to Apriori-Speed of Learning Influence
Link. For that indicator, FP-Growth and the Indicator % of duplicate rules generate 0.17 in trials. Figure 3 illustrates
Analytics Design View modeling concepts.

Learn data tables, characteristics, and links to build data view models. Figure 3 (bottom) shows user demographics.
Declare the dataset(s) ready for algorithmic analysis. Churn and Demographic Product Variable tables connect to
previous views.
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Figure 3: Three shopping mobile app modelling perspectives

Impact Factor: 7.67

Data table creation and extraction are determined by modeling. The blue-shaded Data Preparation View in Figure 3
displays a Data Reduction process. Five-year non-shoppers are eliminated by the algorithm. Make a column and use the
Join function. Data flows show the reliance and sequencing of operators.
Modelers may describe each Operator using Note components. Take note Y if > 90 days is a new data column created
for every user using the Create column operator. Additional Data Preparation View concepts are shown at the bottom of

Figure 5.1.

STRATEGIES

Instructions are included with the framework. The standards improve the framework's consistency and effectiveness

while making models simpler to apply, correct, and understand from all three modeling viewpoints.

The author's experience with goal-oriented modeling techniques, along with benchmarks from existing goal-oriented
catalogues (s), and lessons learned from a project where the framework was tested and models were discussed with
actual business stakeholders, served as the basis for these guidelines in addition to the observations of a professional
who used the framework. The rules are divided into three categories: elicitation, syntax, and naming guidelines.

PATTERN-SOLVING TECHNIQUES FOR MACHINE LEARNING
In software engineering, design patterns expedite development and improve design efficacy. Design patterns provide
tried-and-true solutions to common design problems, which streamlines software development and developer

communication.
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discussed sampling approaches, catalogs, met models, and suggestions. In order to create effective machine learning
architectures for business analytics challenges, this chapter expands the metamodel by adding solution patterns.
Machine learning and other analytical techniques may be used in business analytics solutions. Even in the absence of
machine learning, business analytics may provide results.
A solution pattern is made up of stakeholders, decision-making processes, business concerns, machine learning
algorithms, measurements and parameters, contextual data, quality requirements, datasets, and data preparation
techniques. General machine learning solutions for corporate environments are shown in the conceptual model.
Information about machine learning solution designs is arranged, stored, and shared using solution patterns. Reusable
solutions to machine learning problems are offered by solution patterns.
Software design patterns are not the same as the solution patterns in this chapter. There is less problem-specificity in
design patterns. These oughts to be implemented first as they are, in theory, the most practical answer.

METAMODEL FOR RESOLUTION DESIGNS
UML class diagram for semantics and concept modeling. The metamodel of solution patterns includes other elements.
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Actors have objectives. Making a choice is the aim of an actor. Actors must respond to Question Goals in order to
achieve Decision Goals. Actors use Question Goals to influence their decisions. The result of a machine learning
solution that addresses a Question Goal is called an Insight. The business problem of the machine learning solution is
reflected in the Business View metamodel structures. Why insight is necessary for actors.

Similar to prediction goals, analytics goals seek to get insights from data. Analytics goals are accomplished using
algorithms. A means-end approach to analytics goals is provided by algorithms. Algorithm performance is tracked
using soft objectives and indicators. The machine learning solution to the business issue is described by the Analytics
View met model. They provide examples of how to evaluate and choose machine learning algorithms.

Data is prepared by Dimensionality Reduction. Operators are linked via data flows. Datasets with attributes are entities.
The metamodel's Data Preparation View explains how to prepare data for machine learning algorithms.

In earlier chapters, the three perspectives were shown. This section discusses solution-pattern-specific modeling.
Situations. Three situations are distinguished by verification. Contexts must be verified by solution users. Data contexts
that can be verified. Advice on data transformation and preparation. Algorithm settings and parameters Verify the
model contexts. They suggest sets of experiments and solutions. This differentiation demonstrates which data and user
situations a solution design, including algorithm selection and data preparation techniques, is suitable for, as well as
how parameters need to be defined. EBNF context expression is shown in Table 1.

II. CONCLUSION

Solution patterns may improve the design and development of machine learning solutions. Solution patterns may help
cut down on the time and expense of developing machine learning. The project team was able to use tried-and-true
insurance claim fraud detection methods and processes by using solution patterns rather than beginning from scratch.
This limited early project research and testing. Additionally, patterns streamlined code by directing programmers to
machine learning algorithm implementations and libraries. The solution space is constrained by patterns according to
the end user's and modeler's priorities.

Neural network techniques are recommended by the fraud detection trend if redundant features are essential. Machine
learning design was made easier by visual patterns. After a brief introduction to goal-oriented modeling languages, the
development team was able to understand and apply the patterns. It was necessary to include suggested enhancements
for the prototype. During the installation phase, system-verified Conflicting environments and soft aims in these cases,
systems are necessary. Extensibility requires criteria for creating new patterns and expanding current ones. A structured
template or domain-specific language may be used to extract the patterns in the present graphical format, link them to
machine learning libraries, and connect them.
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