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BUSINESS INTELLIGENCE L T P C  3 0 0 3

OBJECTIVES
The student should be made to:
1. Be exposed with the basic rudiments of business intelligence system
2. Understand the modeling aspects behind Business Intelligence
3. Understand of the business intelligence life cycle and the techniques used in it
4. Be exposed with different data analysis tools and techniques

COURSE OUTCOMES
At the end of the course the students will be able to
1. Understand the fundamentals of business intelligence.
2. Applying link to data mining with business intelligence.
3. Apply various modelling techniques.
4. Understand the data analysis and knowledge delivery stages.
5. Apply business intelligence methods to various situations and decide on appropriate
technique.

UNIT – I BUSINESS INTELLIGENCE
Effective and timely decisions – Data, information and knowledge – Role of 
mathematical models –              – Enabling factors in business intelligence projects – 
Development of a business intelligence system – Ethics and business intelligence.

UNIT – II KNOWLEDGE DELIVERY
The BI user types, Standard reports, Interactive Analysis and Ad Hoc Querying, 
Parameterized Reports and Self-Service Reporting, dimensional analysis, 
Alerts/Notifications, Visualization: Charts, Graphs, Widgets, Scorecards and Dashboards, 
Geographic Visualization, Integrated Analytics, Considerations: Optimizing the 
Presentation for the Right Message.

UNIT – III EFFICIENCY
Efficiency measures – The CCR model: Definition of target objectives- Peer groups –
Identification of good operating practices; cross efficiency analysis – virtual inputs and
outputs – Other models. Pattern matching – cluster analysis, outlier analysis

UNIT – IV BUSINESS INTELLIGENCE APPLICATIONS
Marketing models – Logistic and Production models – Case studies.

UNIT- V FUTURE OF BUSINESS INTELLIGENCE
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Future of business intelligence – Emerging Technologies, Machine Learning, Predicting
the Future, BI Search & Text Analytics – Advanced Visualization – Rich Report, Future
beyond Technology.

TEXT BOOK

1. Efraim Turban, Ramesh Sharda, Dursun Delen, “Decision Support and Business
Intelligence Systems”, 9 th Edition, Pearson 2013.
REFERENCES

1. Larissa T. Moss, S. Atre, “Business Intelligence Roadmap: The Complete Project
Lifecycle of Decision Making”, Addison Wesley, 2003.
2. Carlo Vercellis, “Business Intelligence: Data Mining and Optimization for Decision
Making”, Wiley Publications, 2009.
3. David Loshin Morgan, Kaufman, “Business Intelligence: The Savvy Manager‟s 
Guide”,
Second Edition, 2012.
4. Cindi Howson, “Successful Business Intelligence: Secrets to Making BI a Killer App”,
McGraw- Hill, 2007.
5. Ralph Kimball , Margy Ross , Warren Thornthwaite, Joy Mundy, Bob Becker, “The
Data Warehouse Lifecycle Toolkit”, Wiley Publication Inc.,2007

Unit - I
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TOPICS TO BE COVERED:

1. Effective and timely decisions
2. Data, information and knowledge
3. Role of mathematical models
4. Ethics and business intelligence

 Business intelligence :

Introduction :

 The main purpose of business intelligence systems is to provide knowledge 

workers with tools and methodologies that allow them to make  decisions at right time.

What is Business Intelligence 

Business Intelligence (BI) is about getting the right information, to the right decision 

makers, at the right time.BI is an enterprise-wide platform that supports reporting, 

analysis and decision making.BI leads to fact-based decision making.

Definition :
Business intelligence may be defined as a set of mathematical models and analysis 

methodologies that exploit the available data to generate information and knowledge 

useful for complex decision-making processes. 

Loads of heterogeneous data available everywhere. It is possible to convert such data into 

information and knowledge that can then be used by decision makers. Business 

intelligence may be defined as a set of mathematical models and analysis methodologies 

that exploit the available data to generate information and knowledge useful for complex 

decision-making processes. The main purpose of business intelligence systems is to 

provide knowledge workers with tools and methodologies that allow them to make 

effective and timely decisions.
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1. THE ROLE OF MATHEMATICAL MODEL

A business intelligence system provides decision makers with information and 
knowledge extracted from data, through the application of mathematical models and 
algorithms. 
 In some instances, this activity may reduce to calculations of totals and percentages, 
graphically represented by simple histograms, whereas more elaborate analyses require 
the development of advanced optimization and learning models. 
In general terms, the adoption of a business intelligence system tends to promote a 
scientific and rational approach to the management of enterprises and complex 
organizations. 

 Even the use of a spreadsheet to estimate the effects on the budget of fluctuations 
in interest rates, despite its simplicity, forces decision makers to generate a mental 
representation of the financial flows process. Classical scientific disciplines, such as 
physics, have always resorted to mathematical models for the abstract representation of 
real systems. Other disciplines, such as operations research, have instead exploited the 
application of scientific methods and mathematical models to the study of artificial 
systems, for example public and private organizations.  the rational approach typical of 
a business intelligence analysis can be summarized schematically in the following main 
characteristics.
 • First, the objectives of the analysis are identified and the performance indicators that 
will be used to evaluate alternative options are defined. 
•SECOND Mathematical models are then developed by exploiting the relationships 
among system control variables, parameters and evaluation metrics. 
• THIRD, what-if analyses are carried out to evaluate the effects on the performance 
determined by variations in the control variables and changes in the parameters. 
Although their primary objective is to enhance the effectiveness of the decision 
making process, the adoption of mathematical models also affords other 
advantages, which can be appreciated particularly in the long term. 
First, the development of an abstract model forces decision makers to focus on the 
main features of the analyzed domain, thus inducing a deeper understanding of the 
phenomenon under investigation. 
Furthermore, the knowledge about the domain acquired when building a mathematical 
model can be more easily transferred in the long run to other individuals within the 
same organization, thus allowing a sharper preservation of knowledge in comparison to 
empirical decision-making processes. 
Finally, a mathematical model developed for a specific decision-making task is so 
general and flexible that in most cases it can be applied to other ensuing situations to 
solve problems of similar type.
1.2 Illustration of concepts
         Mathematical Models
Mathematics can be used to represent real-world situations. The instruments used to 
represent real world in such a manner are called mathematical models. They help us 
understand how the real world works.

Most models don't recreate the real world as it is, but they offer a simplified 
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approximation of the real-world situations. A simple mathematical model representing 
profit calculation is illustrated as 

Every mathematical model requires a set of inputs and mathematical functions to 
generate an output.

Use of Mathematical Models in Business

There are several ways in which mathematical models are used in the field of business. 
We will explore some of them here.

1. Decision Making

Making decisions is a crucial activity for businesses. It often involves multiple 
participants with conflicting views. Decision making mathematical models can be of 
great use here. Such models use input variables and a set of conditions to be fulfilled to 
help management arrive at a decision.

One of the most common decision-making problem faced by any business is 
the investment decision, where it must decide whether to invest in a project or not. 
Businesses often use mathematical models that assess the potential valuation of the 
project against the investment to be made for making such decisions. Examples of such 
models are net present value (NPV), internal rate of return (IRR), etc. A simple NPV 
model can be illustrated as below:

2. Making predictions

Often businesses have the requirement of predicting certain factors, such as revenue, 
growth rate, costs, etc. These are usually used in case of new product launch, change in 
strategy, investment needs, expansion projects, etc. In such cases, predictive 
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mathematical models are used that analyze historical data and use probability 
distribution as input for predicting the future values.

Regression analysis is one of the most commonly used techniques for predictive 
models.

Let's understand more with the help of an example of a company that is 
conceptualizing a new product for kids aged 8-12 years. Before the production, the 
company would want to understand the potential demand for the product. In doing so, 
it will require understanding the interests of their target audience. Then, with the help 
of a predictive model, they can forecast the demand in the future.

3. Optimizing

Businesses often need to make optimize certain variables to control costs and ensure 
maximum efficiency. Such variables might include capacity planning, human resources 
planning, space planning, route planning, etc. Optimization mathematical models are 
typically used for such problems. These models often maximize or minimize a quantity 
by making changes in another variable or a set of variables.

In devising a pricing strategy, price optimization models are commonly used to 
analyze demand of a product at different price points to calculate profits. The goal of 
the model is to maximize profits by optimizing prices. Thus, a company can determine 
a price level that achieves maximum profit.

4. Financial Analysis

Mathematical models can be used in analyzing financial statements of a company to 
estimate its financial standing in comparison with its peers or industry in general. This 
gives a comprehensive picture of the company's performance against its competitors to 
the management and helps them in formulating goals and strategy.

Analysis of financial ratios is commonly undertaken by businesses. Management of a 
company often compares quantities such as profit margins, operational efficiency, etc. 
with its peers to understand their relative performance.

2. ETHICS AND BUSINESS INTELLIGENCE :
LECTURE NOTES:

The adoption of business intelligence methodologies, data mining methods and 
decision support systems raises some ethical problems that should not be 
overlooked.
 Indeed, the progress toward the information and knowledge society opens up countless 
opportunities, but may also generate distortions and risks which should be prevented 
and avoided by using adequate control rules and mechanisms.
 Usage of data by public and private organizations that is improper and does not 
respect the individuals’ right to privacy should not be tolerated. More generally, we 
must guard against the excessive growth of the political and economic power of 
enterprises allowing the transformation processes outlined above to exclusively and 
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unilaterally benefit such enterprises themselves, at the expense of consumers, workers 
and inhabitants of the Earth ecosystem. However, even failing specific regulations that 
would prevent the abuse of data gathering and invasive investigations, it is essential 
that business intelligence analysts and decision makers abide by the ethical principle of 
respect for 18 BUSINESS INTELLIGENCE the personal rights of the individuals.
 The risk of overstepping the boundary between correct and intrusive use of 
information is particularly high within the relational marketing and web mining fields
 For example, even if disguised under apparently inoffensive names such as ‘data 
enrichment’, private information on individuals and households does circulate, but that 
does not mean that it is ethical for decision makers and enterprises to use it. 
Respect for the right to privacy is not the only ethical issue concerning the use of 
business intelligence systems. There has been much discussion in recent years of the 
social responsibilities of enterprises, leading to the introduction of the new concept of 
stakeholders. 
This term refers to anyone with any interest in the activities of a given enterprise, such 
as investors, employees, labor unions and civil society as a whole.
 There is a diversity of opinion on whether a company should pursue the short-term 
maximization of profits, acting exclusively in the interest of shareholders, or should 
instead adopt an approach that takes into account the social consequences of its 
decisions. 
As this is not the right place to discuss a problem of such magnitude, we will confine 
ourselves to pointing out that analyses based on business intelligence systems are 
affected by this issue and therefore run the risk of being used to maximize profits even 
when different considerations should prevail related to the social consequences of the 
decisions made, according to a logic that we believe should be rejected.

 For example, is it right to develop an optimization model with the purpose of 
distributing costs on an international scale in order to circumvent the tax systems of 
certain countries Is it legitimate to make a decision on the optimal position of the tank 
in a vehicle in order to minimize production costs, even if this may cause serious harm 
to the passengers in the event of a collision? As proven by these examples, analysts 
developing a mathematical model and those who make the decisions cannot remain 
neutral, but have the moral obligation to take an ethical stance.
ILLUSTRATION OF CONCEPTS
An example of an ethical decision:
A manager of a BI system that chooses to use cheaper data in his/her data mining 
activities to save money. The data he/she chooses to implement involves personal 
credit score reports. The cheaper data sets have a 20% possibility of being incorrect. 
The manager did not see it as being an unethical decision when it was made, just a way 
to continue to generate close-to-accurate reports and save money.

The impacting decision on 20% of the company’s customers may have different results 
as more people are turned down for credit because inaccurate reports. It is not a crime 
to have implemented the inaccurate data sets but it may seem as an unethical practice 
to others.
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While it is important for managers to be able to make their own decisions, this example 
decision being made should have involved more managers since it affected the whole 
business.

The manager’s choice could bankrupt the company as user start to leave their business 
for more accurate competitive companies. As the example points out, sometimes there 
is no really clear answer to wither an issue involves an ethical or legal choice and each 
situation can be different. Trying to make decisions based on individuals’ beliefs when 
dealing with a company can amount to intellectual stalls and trying to come to a 
decision can be expensive and time consuming.

3. QUESTIONS FOR PRACTICE

1) The instruments used to represent real world in such a manner are 
called mathematical models
2) Decision making mathematical models can be of great use here. Such models use 
input variables and a set of conditions to be fulfilled to help management arrive at a 
decision.
3) predictive mathematical models are used that analyze historical data and use 
probability distribution as input for predicting the future values.
4) price optimization models are commonly used to analyze demand of a product at 
different price points to calculate profits. 
5) the objectives of the analysis are identified and the performance indicators that 
will be used to evaluate alternative options are defined
6) Mathematical models are then developed by exploiting the relationships among 
system control variables, parameters and evaluation metrics. 
7) Business ethics is the study of appropriate business policies and practices 
regarding potentially controversial subjects including corporate governance, insider 
trading, bribery, discrimination, corporate social responsibility, and fiduciary 
responsibilities.
4.ASSIGNMENT:

1.Describe the different types of mathematical model and its real word examples
    2.write a few lines on ethics followed by business analyst in a firm 

      5.REFERNCES
1.https://study.com/academy/lesson/how-mathematical-models-are-used-in-
business.html

https://study.com/academy/lesson/how-mathematical-models-are-used-in-business.html
https://study.com/academy/lesson/how-mathematical-models-are-used-in-business.html
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Unit – II

1. The BI user types, Standard reports, 
2. Interactive Analysis and Ad Hoc Querying,
3. Parameterized Reports and Self-Service Reporting, 
4. Dimensional analysis, Alerts/Notifications, 
5. Visualization: Charts, Graphs, Widgets, Scorecards and Dashboards,
6. Geographic Visualization, Integrated Analytics, 
7. Considerations: Optimizing the Presentation for the Right Message.

Knowledge Delivery :

2.1 Types of consumers of the results for the BI and analytics environment

Power users, who constitute of experienced sophisticated analysts who want to use 

complex tools and techniques to analyze data and whose results will inform decision – 

making processes. Business users, who rely on domain – specific reporting and analyses
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prepared by power users, but who also rely on their own ad hoc queries and desire access 

to raw data for drilling down, direct interaction with analytics servers, extractions, and 

then further manipulation, perhaps using desktop utility tools. Casual users, who may 

represents more than one area of the business, and rely on rolled – up entrics from across 

functions or operational  areas summarized from predesigned reports presented via 

scorecards or dashboards. Data aggregators or information providers, which are business 

that collect industry – or societywide data and enhance and reorganize that data as a way 

of providing value – added services to customers and subscribers. Some example include 

database marketing services, financial and credit information services, real estate business 

information services audience measurement services, market research providers, and 

national statistical agencies, among others. 

Operational analytics users, who indirectly rely on the results of analyrics 

embedded within operational applications. Examples include call center representatives 

whose scripts are adjusted interactively in relation to customer protiles, predicted 

behavioural predispositions and ad placement, or users of retail shelf management 

systems that adjust stock levels based on demand across multiple regions. extended 

enterprise, users comprising external parties, customers, regulators, external business 

analysts, partners, suppliers, or anyone with a need for reported information for tactional 

decision making; IT users, mostly involved in the development aspects of BI, and whose 

use of BI is more for supporting the needs of other information consumers. Each of these 

user types has different expectations for his or her interactive experience, and each is 

framed within the context of the driving factors for delivery of actionable knowledge and 

the types of actions each would take based on the presented results for non – IT and non – 

aggregator users. The upshot is that there are many different modes of presentations that 

are relevant user types. The next sections provide an overview of the typical methods 

employed for delivery and presentation.

Users Type Example 

users

Actionable 

knowledge

Type of Action Example usage

Excceptions 

Power users Data scientist 
research

Behaviour 
patterns

Behaviour 
patterns

Unonncumbered 
access to data
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analytics “data
mines”

statistical 
anomalies
analytical 
results,
predictive 

modes

statistical 
anomalies
analytical results,
predictive modes

ability to slice 
and dice
dimensional 
data, integrated 
data
mining models, 
ad hoc queries,
accepts to 
analytical 
patterns and
programming 

models.

Business
Users

Operations
managers,
division
managers

Operational 
reports,
behaviour that 
derivatives
from 
expectations 
within
business 
function

Further drill 
down
communication 
with front line
employees, 
recommendations
to senior 
management

Periodically 
updated 
standard
reports 
notifications 
and alerts,
presentations of 
currents status
within 
monitored 
business
function ad hoc 
queries

Casual users Senior 
managers

Deviation from 
expected
behaviour 
order activity,
perssmization 
across
business 
function

Alert business 
managers and
users for further 
investigation
and resolution

Monitoring of 
continuously
updated reports 
and manners
across different 
business
functions 
notifications 
and alerts

Operational
analytics
users

Line or
production
managers staff
workers

One going 
operational
statuses 
anomaloes
behaviour

One going 
operational
statuses 
anomaloes
behaviour

Onegoing 
operational
statuses 
anomaloes
behaviour

Extended
enterprise
users

Extended
enterprise
users

Current status 
of
integrations 
with the
business

Purchase or sale 
of assets
revising porticilo 
payment

Secure 
presentation via 
the web
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2.2 Standards Reports

The most “generic” approach to presentation of information reflects a relatively basic two 

– dimensional alignment of information, characterized within a grid of rows and columns. 

Standard, static reports derived from user  specifications provide a consistent view of 

particular aspects of the business, generated in batch and typically delivered on a 

scheduled basis through a standard (web) interface. The columns typically articulate the 

item or characteristics being measurement while the rows will generally correspond to the 

division and hierarchies for which those measures are provided. The intersection of each 

row and column provides the specific measure for the column’s characteristics  for the 

row’s item. For example, let’s example a sample report provided by the US Census 

Bureau. In this example, there are two measures (in the columns) the estimated of owner 

occupied housing units with a mortgage, and the margin of error associated with the 

measure. There are four groups of items being measured; 

 The number of owner – occupied hosing units with a mortgage ’ 

 Value of the houses 

 Mortgage status

 Household income for the previous 12 months

Within some of these groups, these are further hierarchical breakdowns, such as the dollar 

groupings for value, or the categories for mortgage status. These are relatively generic 

categories/ hierarchies, and this is reflected in the fact that these are indeed “canned” (or 

static) reports that have been already prepared for presentation. The presumption is that 

the static nature of standard reports will drive the need for alternative methods for 

additional insight. In order words, standard reports present analytical results unless any of 

the reported numbers are perceived to be beyond the bounds of expectations. And in 
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either case, the standard report only provides a view into what was intended to be shared, 

but is limited in providing answers to

specific business questions.

2.3Interactive Analysis and Ad hoc Querying

BI users looking for additional details regarding information delivered in standard 

reports may not opt to drill into the data, either with broader visibility into the existing 

data or with a finer level of granularity. Both are intended to go beyond the relatively 

strict format of the standard report, even if they open up different views into the data.The 

first option involves taking data formatted into a standard report 

and downloading it into a framework that allows you to slice and dice the existing data 

more freely. One example involves data from the report into a desktop spread sheet tool 

that provides organizations around hierarchies.

 This precursor to 

dimensional analysis 

provides some level of 

interactive analysis, and is 

often manifested as a pivot 

table. These pivot tables 

enable broader flexibility in 

grouping data within 

ordered hierarchies, 

development of static graphs 

and charts, or just perusing the data from different angles. 
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The second option is more powerful in enabling finer granularity by allowing more 

sophisticated users to execute their own queries into the analytical data platform. Users 

with an understanding of the data warehouse’s data inventory and who have some skill at 

understanding their help users describe the data  they’d like to review. These tools 

reformulate those requests in SQL 

queries that are executed directly. 

The result sets are also suitable 

for loading into desktop tools for 

further organization and analysis, 

as well as forming the basis for static charts and graphs. However, there are some caveats 

when allowing users to formulate and execute ad hoc queries here are some. 

Performance:  Writing efficient queries is a skill, and many queries involve joints across 

multiple tables that can bring a system’s performances to knees. The users would be 

expected to be highly before letting many implies they their own queries.
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Semantic consistency :  Allowing users to write their own queries implies they know and 

understand the meanings of the data elements they have selected to include in their result 

sets. However, without comprehensive, standardized business term glossaries and 

metadata repositories, users may 

see data element  names and 

impulse their definitions, 

potentially assigning meanings 

that are different than what was 

intended by the data creators 

These discrepancies may impact 

believability of the results.

Repeatability.: The ad hoc 

process involves a sequence 

consisting of multiple iterations of the two – phased query and review of the result set 

process. The operationa11

l process allows the analyst to effectively follow a thread or train of thought, but without 

a means for capturing the thought process driving the sequences, it is difficult to capture 

the intuition that drives the ultimate result. In other words, the sequence may yield some 

results, but it may be difficult to replicate that process a second or third

time. 

Standard reports can provide knowledge to a broad spectrum of consumers, even if 

those consumers must have contextual knowledge to identify the key indicators and take 

action. Ad hoc queries enable grater drill – down and potential for insight. However, 

given the growth of data into the petabytes coupled with the complexity and 

performances impacts of ad hoc queries, standard reporting is rapidly yielding to more 

organized methods for delivering results, through parameterized reporting,
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dimensional analysis, and notification, alerts exception reporting.

2. 4 Parameterized reports and Self – service reporting:

After monitoring the types of ad hoc queries performed, it because apparent in many 
scenarios that users within similar categories were executing very similar queries. The 
problem was that despite the similarity of the queries, each was being executed in 
isolation, with each contributing to degradation of overall performance. 

However, knowledge of the similarly of query patterns allows the system managers 
to optimize the environment to help reduce system load but reorganizing the data to make 
it more ameanable to the similar queries, preprocessing some aspects of those queries, or 
caching parts of the data to reduce memory access and network latency. 

Precomputed of even via form – based drop downs. In other words, the queries are 
generally static, and differ only by defined set of parameter values. Satisfying these 
parameterized reports bridges. The parameterized approach is particularly beneficial in 
operational scenarios in which similar queries and drill – downs are done over and 
performances by location the queries are always the same, they just differ by the location 
parameter.
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 The data discovery process by 
presenting a palette of data sets 
that  the user can access and use.

 The data access methods by 
masking or virtualizing access to 
the data to be queried.

 The documentation of the 
“make – up” of the report via 
collaborative means so that the 
results, and more importantly, the 
process for generating the results, 
can be shared with other analysts.

 The development of the presentation layer, whether that is simple row/ column 
reports, or using more sophisticated visualization techniques (as we will explore in 
the next few sections).

Another benefit of self – services BI is that it is intended to reduce or eliminate the IT 

bottleneck. In many environments, the IT department is responsible for developing 

reports and as the BI program gains more acceptance, there will be greater demand for IT 

resources for report development. This becomes a bottleneck when the time for 

responding to a request exceeds the window of opportunity for exploiting the actionable 

performs within its first week of release so that adjustment and tweaks can be made; if it 

takes three weeks for the report to be readied, it is already too late to take action.

  2. 5 DIMENSIONAL ANALYSIS

Multidimensional Analysis and online analytical processing (OLAP) add a layer on 

top of the pivot table approaches used within desktop spreadsheet tools. The 

multidimensional analysis provided by OLAP tools helps analysis “slice and dice” 

relationships between different variables within different levels of their own hierarchies. 

Some examples include reviewing “ items sales by time period by region” (in which there 
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are different types of items, different time period durations, and different. For example, a 

national call center manager might review average hold times by regional call center. As 

long as the average hold time is between 30 and 60 seconds, the averages remain within 

the acceptable level of service. However, once an average hold time for any regions 

exceeds 60 seconds, the call center manager will need to reach out to the regional call 

center manager to investigate why the hold times are longer than expected. Of course, you 

can envision many similar scenarios in which the action needs to triggered only when 

certain variables hit specific values. And in each of these cases, reviewing the entire 

reports is overkill – the business  user only need to know the specific variables’ value, 

and only when that value would need to trigger an action; otherwise the variable’s value 

can be ignored. 

This realization means that instead of presenting an entire report, alerts or 

notifications can be an alternative method for delivering actionable knowledge. This 

method is nicely suited to operational environments in which notifications can be 

delivered via different methods. Some examples include email, instant messages, direct 

messages delivered through (potentially

internal) social networking sites, smart phones, other mobile devices, radio , banks or 

visual consoles). In these situations, the notifications method can embody the context; for 

example , a flashing amber lights provides the medium for notification as well as the 

message. This approach not only simplifies the delivery of the critical peace of 

information, it reduces the effort for inspecting the critical values and there by enable 

actions.  Levels of granularity for regions or “product availability by product 

classification by supplier by location “ (in which there are multiple layers of product 

classifications and different levels of granularity for locations) 

The use of the word “by” 

suggests a pivot around which the 

data can be viewed, allowing us to 
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look at items sold, grouped by item classification and then grouped by time periods, then 

by regions or the other way around, grouped by regions then by time periods. OLAP lets 

the analyst drill up and down along the hierarchies in the different dimensions to uncover 

dependent relationships that are hidden within the hierarchies.

Since OLAP queries are generally organized around partial aggregations along the 

different dimensions, the data can be organized along the different dimension in queries 

that “slice” or “dice” the data. “Slicing” fixes the region (Northeast) and reviewing items 

sales grouped by classification and or more dimensions, such as selecting a collection of 

item classifications and then presenting those selected items by time period and locations. 

Any of the dimensions can be drilled through (also referred to a drill – down) by 

navigating  along the different levels of a dimension’s hierarchy. 

For example, once a region is selected 

(Northeast), sales by item by time 

period can be reviewed at the next level 

down in the regional hierarchy (such as 

by each of the states in the Northeast 

region) OLAP environments presents 

the data aligned along selected 

dimensions. The presentations layer 

often provides a palette from which 

dimensions can be selected for visualizations and those dimensions can be pivoted around 

each other. The data can be presented in the same grid format as the standard report, or 

can be visualized using graphical components. The slicing, dicing, and drill through 

provided by the OLAP presentations provides much greater flexibility for the power user 

performing data to identify anomalous behaviour or to look for potential patterns may 
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also benefit through the use OLAP environment.

 2.6Geo Visualization &its  different types of visualizations modes of data :

The methods discussed have largely focused on the means of delivery of the analytical 
results, but less on the presentation. Yet our conclusion at the end of the previous section 
suggested that presentations methods for specific pieces of information might be better in 
conveying a message or triggering the and then comparing analytical results. There are 
many different types of visualizations modes for data, and while this is not intended to 
provide a comprehensive overview of visualization techniques, it is meant to provide an 
overview of a handful of ways to present actionable knowledge.

2. 7 Geographic Visualization

In aspects of location intelligence and spatial analytics, and the results of that type 
of analysis can be presented within the context of a map. Instead of using the standard 
graphical widgets described in a previous section, aggregate values and totals can be 
attributed to a visual representation of a map. For example, population statistics for each 
country in the European Union can be superimposed on top of a map of Europe. These 
maps can satisfy the desire to drill down; interactive selection or clicking on one segment 
of the map can be zoom in from a geographic standpoint. In addition, spatial analysis 
results can be layered within the mapping interface.

 For example, in an insurance management application, hazard zones can be 
superimposed on top of regions potentially affected by weather events to help guide 
determination of heightened risk areas the company’s customer base. Another example 
employs the heat map concept to geographic regions using and colors to present a 
collection of variable values. Often dashboards will link more than one visualization 
component to others, and this can be easily applied to geographic visualization. For 
example a dimensional analysis presentation (such as pivot table) for a geographic 
hierarchy can be presented in one frame while the aggregated values are displayed within 
a map. Realigning the dimensions in the grid will automatically update the map, and 
drilling through regions

• Geovisualization or geovisualisation (short  for geographic visualization), refers 
to a set of tools and techniques supporting the analysis of geospatial  Data [ lat & 
long ] through the use of interactive visualization

Applications of Geo Visualizations 
• Wildland fire fighting - Sandbox
• Forestry - CommonGIS and Visualization Toolkit
• Archaeology -
• Environmental studies
• Urban planning
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Geovisualization tools : 
 Mapbox - creating beautiful web and mobile maps (satellite images, geocoding or 

directions) 

• CARTO – CartoDB, best platform for complex and dynamic geospatial data 
visualization and analysis.

• ArcGIS Online - Easy to use, cloud based   environment
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Heat map. This is graph that tiles a two – dimensional space using tiles of different sizes 
and colors. A heat map is good for displaying many simultaneous values yet highlighting 
specific ones based on their values. As an example, a heat map can display the number of 
times each particular link on a web page was clicked, and can highlight the times of 
greatest activity.

Spider or radar chart. A spider chart displays a series of variable values across a 
collection of dimensions. Each dimension is represented as an axis emanating from the 
centre with specific gradations. A set of observations can be mapped as points (and 
connected with lines). Different observations can be graphed using different colors. An 
example using a spider chart looks at a number of different characteristics of products 
(price, height, width, weight, mean time between failure) and relative success allowing 
the analyst to quickly compare different products and look for correlation of the variable 
values. 

Spark line. Spark line are small line graphs without axes or coordinates. Many spark line 
can be used in relative comparison regarding trends. As an example, the trends of 
different stock price histories for similar companies can be compared to determine of 
there are industry trends relating to stock price.

There are many other types of visual “widgets” that can be used for presentation of 
information. A good resource for understanding graphic visualization is the classic.

2. 8 Score cards and dash boards

Beginning with notification and alerts, we can extend the concept of carefully 
crafting the visual presentation of broader collections of relevant analytical results. In 
other words, if a trained eye is required to scan key performances metrics form standard 
reports, simplifying the presentation of the key performances metrics may better enable 
the knowledge worker to transition from seeing what has already happened to 
understanding the changes necessary to improve the business process. Scorecards and 
dashboards are two different approaches for consolidating the presentation of reported 
results to a particular user type. 

A scorecard usually presents the value of key performances indicators as well ass 
indicators reflecting whether those KPI values are acceptable or not. The scorecard 
presentation may also be enhanced with historical trends and indications if the KPIs have 
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been improving or not over time. Scorecards are often updated on a periodic basis (e.g., 
daily or hourly) Dashboards provide some degree of flexibility to the user in crafting the 
presentation that is most relevant to the way he/she operates. 

Given an inventory of presentation graphics (such as those described in the 
previous section), an analyst and business user can work together in selecting the most 
appropriate methods of data consumer to customize an up – to – date presentation of 
summarized performance metrics, allowing continuous monitoring throughout the day. 
Pervasive delivery mechanism can push dashboards to a large variety of channels, 
ranging from the traditional browser – based format to handheld mobile devices. Through 
the interactive nature of the dashboards, the knowledge worker can drill down through the 
key indicators regarding any emerging opportunities, as well as take action through 
integrated process – flow and communication engines. 

Another approach to dashboards is the concept of a mashup, which  allows the 
knowledge consumers themselves the ability their own combination of analytics and 
reports with external data streams, news feeds, social networks, and other web2.0 
resources in a visualization framework that specifically suits their own business needs and 
objectives. The mashup framework provides the “glue” for integrating data stream and BI 
with interactive business applications.
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2. 9 Considerations: Optimizing the Presentation for the Right Message 

We have covered the range of presentation from the traditional grid style report all the 
way to fancy  visualization, all intended to help convey the results of analyses that should 
trigger actions to benefit the business. However, the wide palette of available graphs, 
charts, indicators, dials,  knobs, and such can, at times, detract from the content when the 
presentation overwhelms the values that are being presented. Here are somne quick 
guidelines to keep in mind when laying out a BI dashboard.

Choose the right visualization graphic: Don’t let the shiny graphics fool you into using 
a visual component that does not properly convey the indent result. For example, line 
charts are good for depicting historical trends of the same variable over time but bar 
charts may not be as good a
choice. 

Manage your “real estate”. The available screen space limits what can be displayed at 
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one time, and this is what is referred to as screen “real estate”. When optimizing the 
presentation for the right message, consider the following considerations; the main 
context, consistency, simplicity of the message, and engagement.

Maintain context: You must recognize that the presentation of value is subjected to 
variant interpretations when there is no external context defining its meaning. For 
example, presenting a value on a dial – gauge
conveys the variable’s magnitude, but not whether that value is good, bad, or indifferent. 
Adjusting the dial gauge with a red zone (to indicate a bad value) and a green zone (to 
indicate a good value) provides the context of the displayed magnitude.

Be Consistent. When the power of self – service dashboard development is placed in the 
hands of many data consumers, their own biases will lead to an explosion of variant ways 
of representing the same
or similar ideas. The result is that what makes sense to one grows with wider 
dissemination. Consistent representations and presentations (and corresponding selection 
of standard visualization graphics) will help to ensure consistent interpretations.

Keep it simple. Don’t inundate presentation with fancy – looking graphics that don’t add 
to the decision making process. Often the simpler the presentation, the more easily the 
content is conveyed. Engage. Engage the user community and agree on standards 
practices, and a guide book for developing visualization parameters for delivery and 
presentation.

Unit –II Question for practices:

PART-A:

1. Defines Standard Reports?
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2. What are the caveats to allow users to formulate and execute adhoc queries?
3. What are the different types of consumers of the results from the
4. and analytics environment?
5. Define Multi dimensional Analysis?
6. Define Repeatability?
7. Define Semantic Consistency?
8. What are the Characteristics of business process that suits to integrate

analytics?
Part –B

9. What are the Characteristics of business process that suits to integrate
analytics?

10. What are the Characteristics of business process that suits to integrate
analytics?

11. What do you meant by Parameterized reports and Self – service
reporting?
     12. Explain in detail about DIMENSIONAL ANALYSIS?
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Unit –III
1.Efficiency measures 
2.The CCR model: Definition of target objectives
3.Peer groups 
4 Identification of good operating practices
5. cross efficiency analysis 
6. virtual inputs and outputs 
7.Other models
8 .Pattern matching – cluster analysis, outlier analysis

1.Efficiency measures

1.1Date envelopment analysis?  
           The purpose of data envelopment analysis (DEA) is to compare the operat- ing 
performance of a set of units such as companies, university departments, hospitals, bank 
branch offices, production plants, or transportation systems. 

In order for the comparison to be meaningful, the units being investigated must be 
homogeneous. The performance of a unit can be measured on several dimensions.

 For example, to evaluate the activity of a production plant one may use quality 
indicators, which estimate the rate of rejects resulting from manufacturing a set of 
products, and also flexibility indicators, which measure the ability of a system to react to 
changes in the requirements with quick response times and low costs. Data envelopment 
analysis relies on a productivity indicator that provides a measure of the efficiency that 
characterizes the operating activity of the units being compared. This measure is based on 
the results obtained by each unit, which will be referred to as outputs , and on the 
resources utilized to achieve these results, which will be generically designated as inputs  
or production factors . 

If the units represent bank branches, the outputs may consist of the number of 
active bank accounts, checks cashed or loans raised; the inputs may be the number of 
cashiers, managers or rooms used at each branch. If the units are university departments, 
it is possible to consider as outputs the number of active teaching courses and scientific 
publications produced by the members of each department; the inputs may include the 
amount of financing received by each department, the cost of teaching, the administrative 
staff and the availability of offices and laboratories.

1.2 the Efficiency measures for Data Envelopment analysis?  
In data envelopment analysis the units being compared are called decision- making 

units (DMUs), since they enjoy a certain decisional autonomy. Assum- ing that we wish 
to evaluate the efficiency of n units, let N = {1, 2,..., n} denote the set of units being 
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compared. If the units produce a single output using a single input only, the efficiency of 
the j th decision-making unit DMUj , j ∈ N, is defined as yj θj  = j ,                    

in which yj  is the output value produced by DMUj   and xj  the input value used. If 
the units produce multiple outputs using various input factors,

 the efficiency of DMUj  is defined as the ratio between a weighted sum of the 
outputs and a weighted sum of the inputs. Denote by H = {1, 2,..., s} the set of pro- 
duction factors and by K = {1, 2,... , m} the corresponding set of outputs. If xij , i ∈ H, 
denotes the quantity of input i used by DMUj   and yrj , r ∈ K, the quantity of output r 
obtained.

for  weights  u1 , u2,..., um    associated  with  the  outputs  and  v1, v2,..., vs 
assigned to the inputs. In this second case, the efficiency of DMUj  depends strongly on 
the system of weights introduced. 

At different weights, the efficiency value may undergo relevant variations and it 
becomes difficult to fix a single structure of weights that might be shared and accepted by 
all the evaluated units. In order to avoid possible objections raised by the units to a preset 
system of weights, which may privilege certain DMUs rather than others, data 
envelopment analysis evaluates the efficiency of each unit through the weights system 
that is best for the DMU itself – that is, the system that allows its efficiency value to be 
maximized. Subsequently, by means of additional analyses, the purpose of data 
envelopment analysis is to identify the units that are efficient in absolute terms and those 
whose efficiency value depends largely on the system of weights adopted.    
1.3. What is Efficient Fronier 

The efficient frontier , also known as production function , expresses the rela 
tionship between the inputs utilized and the outputs produced. It indicates the maximum 
quantity of outputs that can be obtained from a given combination of inputs. 

At the same time, it also expresses the minimum quantity of inputs that must be 
used to achieve a given output level. Hence, the efficient frontier corresponds to 
technically efficient operating methods. The efficient frontier may be empirically 
obtained based on a set of observations that express the output level obtained by applying 
a specific combination of input production factors.

 In the context of data envelopment analysis, the observations correspond to the 
units being evaluated. Most statistical methods of parametric nature, which are based for 
instance on the calculation of a regression curve, formulate some prior hypotheses on the 
shape of the production function. Data envelopment analysis, on the other hand, forgoes 
any assumptions on the functional form of the efficient frontier, and is therefore 
nonparametric in character. It only requires that the units being compared are not placed 
above the production function, depending on their efficiency value. To further clarify the 
notion of efficient frontier.   

Evaluation of the efficiency of bank branches.   
A bank wishes to compare the operational efficiency of its nine branches, in terms 

of staff size and total value of savings in active accounts. It shows for each branch the 
total value of accounts, expressed in hundreds of thousands of euros, and the number of 
staff employed, with the cor- responding efficiency values calculated based on definition 
.The graph shows for each branch the number of employ- ees on the horizontal axis and 
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the value of accounts on the vertical axis. The slope of the line connecting each point    to 
the origin represents the efficiency value associated with the corresponding branch. The 
line with the maximum slope, represented by a solid line, is the effi- cient frontier for all 
branches being analyzed. The branches that are on this line correspond to efficient units, 
while the branches that are below the efficient frontier are inefficient units. The area 
between the efficient frontier and the positive horizontal semi-axis is called the 
production possibility set .   

A possible alternative to the efficient frontier is the regression line that can be 
obtained based on the available observations.

 In this case, the units that fall above the regression line may be deemed excellent, 
and the degree of excellence of each unit could be expressed by its distance from the line. 
However, it is appropriate to underline the difference that exists between the prediction 
line obtained using a regression model and the efficient frontier obtained using data 
envelopment analysis. 

The regression line reflects the average behavior of the units being compared, 
while the efficient frontier identifies the best behavior, and measures the inefficiency of a 
unit based on the distance from the frontier itself. Notice also that the efficient frontier 
provides some indications for improving the performance of inefficient units. Indeed, it 
identifies for each input level the output level that can be achieved in conditions of 
efficiency. By the same token, it identifies for each output level the minimum level of 
input that should be used in conditions of efficiency. In particular, for each DMUj , j ∈ N, 
the input-oriented efficiency θ I can be defined as the ratio between the ideal input 
quantity x∗ that should be used by the unit if it were efficient and the actually used 
quantity xj :

Similarly, the output-oriented efficiency θ O  is defined as the ratio between the 
quantity of output yj  actually produced by the unit and the ideal quantity y∗ that it should 
produce in conditions of efficiency:

 The problem of making an inefficient unit efficient is then turned into one of 
devising a way by which the inefficient unit can be brought close to the efficient frontier. 
If the unit produces a single output only by using two inputs, the efficient frontier 
assumes the shape. In this case, the inefficiency of a given unit is evaluated by the length 
of the segment connecting the unit to the efficient frontier along the line passing through 
the origin of the axes. For the example illustrated in Figure 15.2, the efficiency value of 
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DMUA  is given by

where OP  and OA  represent the lengths of segments OP  and OA,  respectively. 
The inefficient unit may be made efficient by a displacement along segment OA that 
moves it onto the efficient frontier. Such displacement is tantamount to progressively 
decreasing the quantity of both inputs while keeping unchanged the quantity of output. In 
this case, the production possibility set is defined as the region delimited by the efficient 
frontier where the observed units being compared are found.  

2.THE CCR MODEL. 
Using data envelopment analysis, the choice of the optimal system of weights for a 

generic DMUj  involves solving a mathematical optimization model whose decision 
variables are represented by the weights ur , r ∈ K, and vi , i ∈ H, asso- ciated with each 
output and input. Various formulations have been proposed, the best-known of which is 
probably the Charnes – Cooper – Rhodes (CCR) model. The CCR model formulated for 
DMUj   takes the form
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The objective function involves the maximization of the efficiency measure for 
DMUj . Constraints require that the efficiency values of all the units, cal- culated by 
means of the weights system for the unit being examined, be lower than one. Finally, 
conditions guarantee that the weights associated with the inputs and the outputs are non-
negative. In place of these conditions, some- times the constraints ur , vi  ≥ δ, r ∈ K, i ∈ H  
may be applied, where δ > 0, preventing the unit from assigning a null weight to an input 
or output. Model can be linearized by requiring the weighted sum of the inputs to take a 
constant value, for example 1. This condition leads to an alterna- tive optimization 
problem, the input-oriented CCR model, where the objective function consists of the 
maximization of the weighted sum of the outputs

2.1the  target objectives of CCR model  

In real-world applications it is often desirable to set improvement objectives for 
inefficient units, in terms of both outputs produced and inputs utilized. Data envelopment 
analysis provides important recommendations in this respect, since it identifies the output 
and input levels at which a given inefficient unit may become efficient. The efficiency 
score of a unit expresses the maximum propor- tion of the actually utilized inputs that the 
unit should use in conditions of effi- ciency, in order to guarantee its current output 
levels. Alternatively, the inverse of the efficiency score indicates the factor by which the 
current output levels of a unit should be multiplied for the unit to be efficient, holding 
constant the level of the productive inputs used. Based on the efficiency values, data 
envelopment analysis therefore gives a measure for each unit being compared of the 
savings in inputs or the increases in outputs required for the unit to become efficient. To 
determine the target values, it is possible to follow an input- or output- oriented strategy. 
In the first case, the improvement objectives primarily concern the resources used, and 
the target values for inputs and outputs.

Other performance improvement strategies may be preferred over the proportional 
reduction in the quantities of inputs used or the proportional increase in the output 
quantities produced:

 • priority order for the production factors – the target values for the inputs are 
set in such a way as to minimize the quantity used of the resources to which the highest 
priority has been assigned, without allowing variations in the level of other inputs or in 
the outputs produced; 

• priority order for the outputs – the target values for the outputs are set in such a 
way as to maximize the quantity produced of the outputs to which highest priority has 
been assigned, without allowing variations in the level of other outputs or inputs used;
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 • preferences expressed by the decision makers with respect to a decrease in 
some inputs or an increase in specific outputs.

3. Peer groups in Data Envelopment Analysis:

Data envelopment analysis identifies for each inefficient unit a set of excellent 
units, called a peer group, which includes those units that are efficient if evalu- ated with 
the optimal system of weights of an inefficient unit. The peer group, made up of DMUs 
which are characterized by operating methods similar to the inefficient unit being 
examined, is a realistic term of comparison which the unit should aim to imitate in order 
to improve its performance. The units included in the peer group of a given unit DMUj  
may be identified by the solution to model . Indeed, these correspond to the DMUs for 
which the first and the second member of constraints  are equal:  

Notice that within a peer group a few excellent units more than others may 
represent a reasonable term of comparison. 

The relative importance of a unit belonging to a peer group depends on the value of 
the corresponding variable λj in the optimal solution of the dual model. 

The analysis of peer groups allows one to differentiate between really efficient 
units and apparently efficient units for which the choice of an optimal system of weights 
conceals some abnormal behavior. In order to draw this dis- tinction, it is necessary to 
consider the efficient units and to evaluate how often each belongs to a peer group. One 
may reasonably expect that an efficient unit often included in the peer groups uses for the 
evaluation of its own efficiency a robust weights structure. Conversely, if an efficient unit 
rarely represents a term of comparison, its own system of optimal weights may appear 
distorted, in the sense that it may implicitly reflect the specialization of the unit along a 
particular dimension of analysis.

4.Identification of good operating practices  

By identifying and sharing good operating practices, one may hope to achieve an 
improvement in the performance of all units being compared. The units that appear 
efficient according to data envelopment analysis certainly represent terms of comparison 
and examples to be imitated for the other units. However, among efficient units some 
more than others may represent a target to be reached in improving the efficiency. 

The need to identify the efficient units, for the purpose of defining the best 
operating practices, stems from the principle itself on which data envelopment analysis is 
grounded, since it allows each unit to evaluate its own degree of efficiency by choosing 
the most advantageous structure of weights for inputs and outputs. In this way, a unit 
might appear efficient by purposely attributing a non-negligible weight only to a limited 
subset of inputs and outputs. Further- more, those inputs and outputs that receive greater 
weights may be less critical than other factors more intimately connected to the primary 
activity performed by the units being analyzed. In order to identify good operating 
practices, it is therefore expedient to detect the units that are really efficient, that is, those 
units whose efficiency score does not primarily depend on the system of weights selected. 
To differentiate these units, we may resort to a combination of different methods: 
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1. cross-efficiency analysis ,
2. evaluation of virtual inputs and virtual outputs 
3. weight restrictions .  

4. 1.Cross-efficiency analysis 
 The analysis of cross-efficiency is based on the definition of the efficiency matrix , 

which provides information on the nature of the weights system adopted by the units for 
their own efficiency evaluation. 

The square efficiency matrix contains as many rows and columns as there are units 
being compared. 

The generic element θij  of the matrix represents the efficiency of DMUj  evaluated 
through the optimal weights structure for DMUi , while the element θjj  provides the 
efficiency of DMUj   calculated using its own optimal weights. If DMUj is efficient (i.e. 
if θjj  = 1), although it exhibits a behavior specialized along a given dimension with 
respect to the other units, the efficiency values in the column corresponding to DMUj   
will be less than 1. 

Two quantities of interest can be derived from the efficiency matrix. The first 
represents the average efficiency of a unit with respect to the optimal weights systems for 
the different units, obtained as the average of the values in the j th column. 

The second is the average efficiency of a unit measured applying its optimal system 
of weights to the other units. The latter is obtained by averaging the values in the row 
associated with the unit being examined.

 The difference between the efficiency score θjj  of DMUj  and the efficiency 
obtained as the average of the values in the j th column provides an indication of how 
much the unit relies on a system of weights conforming with the one used by the other 
units in the evaluation process. If the difference between the two terms is significant, 
DMUj  may have chosen a structure of weights that is not shared by the other DMUs in 
order to privilege the dimensions of analysis on which it appears particularly efficient.  

4.2. Virtual inputs and virtual outputs :
 Virtual inputs and virtual outputs provide information on the relative importance 

that each unit attributes to each individual input and output, for the purpose of 
maximizing its own efficiency score. Thus, they allow the specific competencies of each 
unit to be identified, highlighting at the same time its weaknesses. The virtual inputs of a 
DMU are defined as the product of the inputs used by the unit and the corresponding 
optimal weights. Similarly, virtual outputs are given by the product of the outputs of the 
unit and the associated optimal weights. Inputs and outputs for which the unit shows high 
virtual scores provide an indication of the activities in which the unit being analyzed 
appears particularly efficient. Notice that model admits in general multiple optimal 
solutions, corresponding to which it is possible to obtain different combinations of virtual 
inputs and virtual outputs. Two efficient units may yield high virtual values 
corresponding to different combinations of inputs and outputs, showing good operating 
practices in different contexts. 

In this case, it might be convenient for each unit to follow the principles and 
operating methods shown by the other, aiming at improving its own efficiency on a 
specific dimension. 

     4.3.Weight restrictions  
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To separate the units that are really efficient from those whose efficiency score 
largely depends on the selected weights system, we may impose some restric- tions on the 
value of the weights to be associated with inputs and outputs. In general, these restrictions 
translate into the definition of maximum thresholds for the weight of specific outputs or 
minimum thresholds for the weight of specific inputs. 

Notice that, despite possible restrictions on the weights, the units still enjoy a 
certain flexibility in the choice of multiplicative factors for inputs and outputs. For this 
reason it may be useful to resort to the evalua- tion of virtual inputs and virtual outputs in 
order to identify the units with the most efficient operating practices with respect to the 
usage of a specific input resource or to the production of a given output.

5.Other Models 
Model is based on the hypothesis that the units being compared operate with 

constant returns to scale. 
 Recall that the returns to scale express the variation in the quantity of outputs in 

terms of variations in the quantity of inputs used.
 • When the returns to scale are constant, if the inputs increase in a given 
 • proportion then the outputs also increase in the same proportion.

The hypothesis of constant returns to scale leads to an efficient frontier 

 • In particular, if X denotes the matrix of inputs used by the n units and Y denotes 
the corresponding matrix of outputs, in the hypothesis of constant returns to scale 

This means that if the point (x, y) belongs to P, then any other point of the form 
(kx, ky), k > 0, will also belong to the production possibility set.

 • If the hypothesis of constant returns to scale is not adequate, one may resort to 
formulations other than model For example, the Banker–Charnes–Cooper model is based 
on the hypothesis of variable returns to scale,

6.pattern matching-cluster analysis&outlier analysis:

6.1Clustering Methods 
• The aim of clustering models is to subdivide the records of a dataset into homogeneous 
groups of observations, called clusters,
 • observations belonging to one sgroup are imilar to one another and dissimilar from 
observations included in other groups.

For example, grouping customers based on their purchase behaviors may reveal the 
existence of a cluster corresponding to a market niche to which it might be appropriate to 
address specific marketing actions for promotional purposes

• In a retention analysis, a preliminary subdivision into clusters may be followed by 
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the development of distinct classification models, with the aim of identifying with greater 
accuracy the customers characterized by a high probability of churning

Finally, grouping into clusters may prove useful in the course of exploratory data analysis 
to highlight outliers and to identify an observation that might represent on its own an 
entire cluster, in order to reduce the size of the dataset.
Clustering methods must fulfill a few general requirements, as indicated below. – 
Flexibility
 – Robustness
 – Efficiency

6.2.Outliers analysis
• An outlier, in mathematics, statistics and information technology, is a specific data 

point that falls outside the range of probability for a data set. 
• In other words, the outlier is distinct from other surrounding data points in a 

particular way. 
• Outlier analysis is extremely useful in various kinds of analytics and research, 

some of it related to technologies and IT systems. 
• The easiest way to detect outliers is to create a graph. 

Plots such as Box plots, Scatterplots and Histograms can help to detect outliers. 
Alternatively, we can use mean and standard deviation to list out the outliers. Interquartile 
Range and Quartiles can also be used to detect outliers
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• Outlier data points can represent either a) items that are so far outside the norm that 
they need not be considered or b) the illustration of a very unique and singular 
category or variable that is worth exploring either to capitalize on a niche or find an 
area where an organization can offer a unique focus.

• When considering the use of Outlier analysis, a business should first think about 
why they want to find the outliers and what they will do with that data. That focus 
will help the business to select the right method of analysis, graphing or plotting to 
reveal the results they need to see and understand.

• When considering the use of Outlier analysis, it is important to recognize that, 
when the Outlier analysis is applied to certain datasets, the results will indicate that 
outliers should be discounted, while in other cases, the outlier results will indicate 
that the organization should focus solely on those outliers. 

• For example, if an outlier indicates a risk or a mistake, that outlier should be 
identified and the risk or mistake should be addressed. If an outlier indicates an 
exceptional result, such as a person that recovered from a particular disease in spite 
of the fact that most other patients did not survive, the organization will want to 
perform further analysis on the outlier result to identify the unique aspects that may 
be responsible for the patient’s recovery.

• When a business uses Outlier analysis, it is important to test the results and analyze 
the overall dataset and environment to be sure that the presence of outliers does not 
indicate that the dataset may be more complex than anticipated and may require a 
different form of analysis.

II.ILLUSTRATION OF CONCEPTS:

1.Cross-selling in the retail industry

The company considered in this section operates in retail consumer electronics, and 
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wishes to segment its customer base in order to optimize marketing actions aimed at 
promoting a specific product or group of products. The goal is therefore to develop a 
predictive model able to assign to each customer a score that indicates her propensity to 
respond positively to a cross-selling offer. Besides prediction purposes, the model should 
be used also to interpret explanatory factors that have a greater effect on the purchase of 
the product promoted. Finally, the model is to be used for assessing the existence of 
causal and temporal correlations between the purchase of the product promoted and the 
purchase of other items.

Analysis and results
The data available for cross-selling analysis are mainly transactional, referring to 
customers who have signed up for a loyalty card at one of the company’s retail stores. 
These data include the following information: 

• personal information (socio-demographic); 
• date of signing up for the loyalty card, which can be regarded as the starting date 

for the relationship between customer and company; 
• dates of first and last purchase, marking the boundary of the time interval within 

which purchases have been made by each individual customer; 
• cash slips, indicating which items, and in what quantities, have been purchased by 

each customer; 
• purchases of sale items made by each customer; 
• participation in point-earning programs and related prizes won; 
• consumer financing requested to make purchases. Hence, a binary classification 

problem can be formulated, where the target variable corresponds to the purchase of the 
specific product to be promoted. Since the prediction should be available a month in 
advance, classification models should take into account the corresponding latency.

 Exploratory data analysis enabled the detection and removal of anomalies and 
missing data.

 Then a data preparation stage took place at which those variables were removed 
that showed a low correlation with the target. Finally, some new explanatory variables 
were generated through transformations of the original attributes, with the purpose of 
highlighting trends in the temporal sequence of the expenditure amounts.

III. question for practices:

PART-A:
1. What is the purpose of DEA?  
2. Define inputs and outputs in DEA?
3. Define Decision Making Units?
4. How to measure the efficiency of Decision making Units?
5. Define Efficient Frontier?
6. Define efficient and in-efficient units?
7. Define Production Possibility Set?
8. Define input oriented and output oriented efficiency?
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9. Define CCR model?  
10.Define Peer group?

PART-B:
1. Explain about Date envelopment analysis?
2. What are the Efficiency measures for Data Envelopment analysis?
3. Explain in detail about CCR model?
4. What  are the Identification of good operating practices?
5. Explain about  Peer groups in Data Envelopment Analysis?

IV. ASSIGNMENT
 
     1. Illustrate CCR model with the real time examples
    2. explain pattern matching and its parts with an examples
      
V.REFERNCES

1.https://study.com/academy/lesson/how-mathematical-models-are-used-in-
business.html

UNIT-4

1. Marketing models 
2. Logistic 
3. Production models 
4. Case studies.

MARKETING MODELS
Marketing decision processes are characterized by a high level of complexity due to the 

simultaneous presence of multiple objectives and countless alternative actions resulting from 
the combination of the major choice options available to decision makers.

Relational marketing
Aim of a relational marketing strategy is to initiate, strengthen, intensify and preserve 

over time the relationships between a company and its stakeholders, represented primarily by 
its customers, and involves the analysis, planning, execution and evaluation of the activities 
carried out to pursue these objectives.

https://study.com/academy/lesson/how-mathematical-models-are-used-in-business.html
https://study.com/academy/lesson/how-mathematical-models-are-used-in-business.html
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Motivations and objectives
The increasing concentration of companies in large enterprises and the resulting 

growth in the number of customers have led to greater complexity in the markets.

Since the 1980s, the innovation – production – obsolescence cycle has 
progressively shortened, causing a growth in the number of customized options on the 
part of customers, and an acceleration of marketing activities by enterprises.

                  

                                                                     
     

Network of relationships involved in a relational marketing strategy
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An environment for relational marketing analysis

Information infrastructures include the company’s data warehouse, obtained from the 
integration of the various internal and exter- nal data sources, and a marketing data mart that 
feeds business intelligence and data mining analyses for profiling potential and actual 
customers.

                 Components of an environment for relational marketing analysis

A company data warehouse provides demographic and administrative 
information on each customer and the transactions carried out for purchasing 
products and using services. The marketing database con- tains data on 
initiatives carried out in the past, including previous campaigns and their 
results, promotions and advertising, and analyses of customer value. A further 
possible data source is the salesforce database, which provides infor- mation on 
established contacts, calls and applicable sales conditions. Finally, the contact 
center database provides access to data on customers’ contacts with the call 
center, problems reported, sometimes called trouble tickets, and
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                  Types of data feeding a data mart for relational marketing analysis

related outcomes, website navigation paths and forms filled out on-line, 
and emails exchanged between customers and the support center.

Lifetime value
During the customer lifetime, showing the cumulative value of a customer 

over time.
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Lifetime of a customer

Web mining
The web is a critical channel for the communication and promotion of a 

company’s image. Moreover, e-commerce sites are important sales channels.

Web mining methods are mostly used for three main purposes,

1. Content mining. Content mining involves the analysis of the content of 
web pages to extract useful information.

2.  Structure mining. The aim of this type of analysis is to explore and 
understand the topological structure of the web. Using the links presented 
in the various pages, it is possible to create graphs where the nodes 
correspond to the web pages and the oriented arcs are associated with 
links to other pages.

3. Usage mining. Analyses aimed at usage mining are certainly the most 
relevant from a relational marketing standpoint, since they explore the 
paths followed by navigators and their behaviors during a visit to a 
company website
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                                                Taxonomy of web mining  analysis

Business case studies

Retention in telecommunications
Companies operating in the mobile telephone industry were among the first    to 
use learning models and data mining methods to support relational marketing 
strategies.
Company and objectives
A mobile phone company wishes to model its customers’ propensity to churn, 
that is, a predictive model able to associate each customer with a numerical 
value (or score) that indicates their probability of discontinuing service, based 
on the value of the available explanatory variables
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An example of segmentation for retention analysis in a mobile telephone 
company

The analysis carried out using clustering methods confirms the 
appropriateness of the segments considered, and leads to the subdivision 
of customers into groups based on the following dimensions:

• customer type (business or private);

• telephone card type (subscription or prepaid);

• years of service provision, whether above or below a given 
threshold;

• area of residence.

The marketing data mart provides for each customer a large amount of 
data:

• personal information (socio-demographic);

• administrative and accounting information;

incoming and outgoing telephone traffic, subdivided by period 
(weeks or months) and traffic direction;

access to additional services, such as fax, voice mail, and special 
service numbers;

• calls to customer assistance centers;

• notifications of malfunctioning and disservice;

• emails and requests through web pages.

•

•
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There are approximately 100 explanatory variables available for constructing 
predictive models.

Analysis and results
Once the dataset for developing the models has been extracted from the 

data mart, a detailed exploratory  analysis  can be carried out. On the one hand, 
it shows a certain number of anomalies,  in the form of outliers and missing 
values, whose removal improves the quality of data.
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Unit V
1. Future of Business Intelligence 
2. Emerging Technologies, Machine Learning, Predicting the Future
3. BI search & Text Analytics
4. Advanced Visualization
5. Rich Report 
6. Future beyond Technology

1. Future of Business Intelligence

The future of business intelligence centers on making BI relevant
for everyone, not only for information workers and internal employees, but
also beyond corporate boundaries, to extend the reach of BI to customers
and suppliers.

As the Successful BI case studies have demonstrated, when best
practices are applied, BI usage can explode beyond the paltry
25% of employees today to a much more prevalent business tool. It
will take cultural shifts, new ways of thinking, and continued
technical innovation.

Business intelligence has the p owe r to change people's way of
working, t o enable businesses to compete more effectively a n d
Efficiently, and to help nonprofits stretch their dollars further , Al l of this
is possible based on insights available at the click of a mouse, push of a
button, or touch of a screen.

As discussed , mu c h o f the key to successful business intelligence has
to do with the people, processes, and culture. Don't rely on technical
innovation alone to solve the biggest barriers to Bf success, but by all
means, do get excited about the innovations that will make BI easier and
more prevalent. ‘BI as a technology has changed dramatically since its
inception in the early 1990s.

2. Emerging Technologies 

As part of the Successful BI Survey, respondents were asked to choose
items from a list of emerging technologies that they believe will help
their companies achieve greater success.

The majority of survey respondents believe web-based dishoards,
alerting, and predictive analytics will allow greater success. These are
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considered most important in helping companies achieve greater
success. Web-based business intelligence and dashboards were rated the
highest, with predictive analytics and alerting also at the top. Surprising to
me, Microsoft Office Integration, BI Search, and Mobile BI were
selected by only a small percentage of survey respondents.

The view according to business users, however, is slightly
different. Business users account for only 10% of the survey
respondents. Those who describe themselves as hybrid business-IT
personnel account for 23% of respondents. I have specifically excluded
IT personnel and hybrids , to show the gap in perceived importance
of certain technologies. When viewing responses only for business
users, the importance of Microsoft Office integration moves to the top
of the list, while alerting moves down.

Some of these differences can be explained by gaps in
understanding of the feature benefits, but also by a respondent's point of
view. For example, IT professionals have been burned in the past by the
thousands of disconnected spreadsheets and the ensuing data chaos. As
Microsoft Office integration with BI has improved dramatically in 2007,
IT professionals may not realize that spreadsheet-based analysis. A number of 
companies are not yet on the latest releases, though, and still use client/server 
BI deployments.

Depending upon Where a survey respondent is in their web-based
BI deployment will influence how this capability was rated. 
At The Data Warehousing February 2007, I participated Institute's in a panel
(TDWI) Executive Summit in on the role of emerging technologies
in extending the reach and impact of business intelligence.

Attendance was restricted to BI directors and executive sponsors who
influence their company's Bl strategy. Attendees could vote on a limited
number of items that they thought would have the biggest impact in the
next fe\v years. The most highly ranked item: performance management and
predictive analytics, The things that got few to no votes were BI search,
dashboards, and rich Internet applications, contrary to what I believe
will have the biggest impact. 
As we delved into what these technologies mean, and in some cases, 
demonstrated them, the perceptions changed Significantly. In this way we 
sometimes don't know the impact any of these capabilities will have until the 
technology has become more mature and the industry understands it better. If 
you think about the way breakthroughs like the iPod and YouTube have 
revolutionized their markets, when they first were introduced, they were met 
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with a mixture of fascination and confusion, without a clear understanding of
where they would lead. Recent BI innovations must go through a similar
process of the industry first understanding their potential.

The Y axis, then, indicates the degree to which an enabling technology
will take BI's reach closer to 100% of employees. Business impact and BI
prevalence are not linearly correlated, however, One enabling technology,
such as predictive analytics, may yield a big value for a single decision, say,
a $4 million savings by better marketing campaign management. 

Another enabling technology such as BI embedded in operational processes 
may affect thousands of users, each of whom makes dozens of decisions on a
daily basis; the monetary value of these individual decisions It may be
small when measured in isolation, but enormous when taken in aggregate.
The size and shading of the bubbles give an indication of which items have
a bigger single value. The bigger the bubble and darker the shading,
the bigger the impact on a single decision or person.

2.2Machine Learning

For each innovation, consider both the technical maturity and the
business impact to decide how to proceed:

• Embrace Items in the upper-right quadrant show innovations that
are mature and that should be embraced as they will help speed user
adoption across multiple user segments.

• Adopt Where Appropriate Items in the lower-right quadrant show
innovations that are mature but that may serve only specific segments
of users. Mobile BI is an example of this; the technology is more
mature than BI search, for example, but benefits only those users who
have smart phones such as a BlackBerry.

• Evaluate and Test Items in the upper-left quadrant are relatively
new but will have'a profound impact on user adoption. BI Search is a
good example of this. The technology is very new and not well under
stood. A number of usability and performance issues still need to be
worked out, but the potential impact on user adoption is enormous.

• Monitor and Understand Items in the lower-left quadrant are so
new that they may be riskier investments. Items here are less proven
and have less market adoption.
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It portrays broad industry maturity of these capabilities and the
degree to which most vendors offer the capabilities. For clarity, I
have selected only certain innovations; it is not meant to be an
exhaustive list of all things going on in the industry . All items are
in the context of business intelligence as a technology. So while
performance management is certainly a mature concept and technology,
the integration of performance management with business intelligence
is still a work in progress, leaving this item positioned slightly behind
web-based BI and Microsoft Office integration on the maturity spectrum.

2.3  Predicting  the Future  

Data mining, statistical analysis, and predictive analytics are nothing
new. These technologies of different applications are well established and are 
used such as fraud detection, customer in a number scoring, risk analysis, and 
campaign management. What's changed is how they have become integrated in 
the Bl platform. 

Traditionally, predictive analytics has been a backroom task performed by a 
Limited few statisticians who would take a snapshot of the data (either from a 
data warehouse or from a purpose-built extract from the source system), build a 
model, test a model, finalize it, and then somehow disseminate the results. 

While the expertise to build such models remains a unique skill set, the indus
try recognizes that the results of the analysis should be more broadly
shared, not as a stand-alone application, but rather, as an integral part of the BI 
solution. This does not mean that predictive analytics software
will become "mainstream," but rather that the results of such analyses
can be readily incorporated into everyday reports and decision making.
The analysis, then, is what needs to become mainstream.

Predictive analytic tools from different vendors do continue to differ
significantly in how they work and in what information is stored in the
database versus calculated and presented in a report or incorporated
into an operational process.

At Corporate Express, for example, predictive analytics are being
used to improve customers' online shopping experience. Market basket analysis 
helps retailers understand which products sell together and provide product 
recommendations. In the past, Corporate Express provided these 
recommendations by logical product pairings. So if a customer ordered a 
stapler, the online store would recommend a staple remover as the marketing 
team had marked this as a complementary product.
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ln analyzing the data, though, it turned· out that what was most
often purchased with a stapler was not a staple remover, but rather a
ruler, tape dispenser, and a wastepaper basket-s-items that indicate a
purchase for a new employee. 
With the manually associated product recommendations, there was no 
significant impact on sales. Leveraging micro Strategy and SPSS, Corporate 
Express tested a new market basket option. They analyzed past shopping carts 
and produces recommendations to ensure the greatest lift. As a result, the 
average order size for market basket pairings doubled (versus those orders with
no pairings), and the market basket application is expected to generate
an incremental gross profit of more than $2 million in 2007.

Dow Chemical also has begun extending the reach of predictive
analytics with SAS's JMP product (pronounced "jump"), a solution that
combines visual analysis with statistics. Dow uses Business Objects and
Cognos Powerplay as enterprise reporting and analysis standards.
Through these tools and the data in the data warehouse, Dow began
looking at the high cost of railroad shipments: $400 million annually across 
North America."

A team of statistical experts studied the variables that most affected
these costs and pulled data from the data warehouse and external data
sources into SAS JMP. By benchmarking current payments versus industry 
norms, the analysis showed Dow was overpaying by 20%, of $80 million. In 
entering new contracts, the purchasing department now uses the software to 
predict appropriate rates, enabling them to negotiate more aggressively,

For both Corporate Express and Dow Chemical, the move to predictive 
analytics has been evolutionary. The underlying information architecture and a 
culture of fact-based decision making had to first reach a level of maturity and 
data quality before predictive analytics could be embraced. While both 
companies have been doing statistical analysis for decades, the degree to which 
predictive analytics has now been incorporated into daily processes (online store 
at Corporate Express and purchasing negotiations at Dow Chemical) reflects the 
degree to which predictive analytics has shifted from the backroom to the front 
line, with the most casual of users deriving value from such analytics.
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3. BI Search & Text Analytics

3.1 BI Search

BI Search offers a number of promising benefits to business intelligence:
• Simple user interface.
• A more complete set of information to support decision making, with the 
Integration of structured (quantitative) and unstructured content(textual). 
Structured data refers to the numerical values typically captured in the 
operational systems and subsequently stored in a data warehouse. Unstructured 
content refers to information stored in textual comment Fields, documents, 
annual reports, websites, and so on

Users can find what they need through search, rather than through navigating a 
long list of reports.

A BI Search interface promises to change the way users access information. 
Picture a Google interface to BI. Without any training in a BI tool, users can 
enter a phrase such as "Recent sales for customer A" and then be presented with 
either a list of predefined reports or, in some cases, a newly generated query. 
The added benefit is that in addition to displaying reports coming from the £1 
server, the search engine will also list textual information that may be relevant-a 
customer letter, sales can notes, headline news. When search capabilities are 
combined with text analytics, a report may include numerical data that scans the
comment field to indicate number of complaints with number of positive 
comments. Never before has such unstructured data been so nicely accessible 
with structured or quantitative data.

If the integration of search and BI is successful, it is yet another innovation that 
will make BI accessible and usable by every employee in an organization. 
According to Tony Byrne, founder/president of EMS Watch, a technology 
evaluation firm focusing on enterprise search and content management systems, 
search as a technology has existed for more than 50 years. 

Consumer search (Google and Yahoo, for example) as a technology emerged 
with the Internet in the mid-1990s. In many respects, the success of consumer 
search has helped spur hype around enterprise search, ill which companies 
deploy search technology internally to search myriad document repositories.
and thus has helped business users to understand the possibilities.

To illustrate the point, note that BI search was selected by only 27%of the 
Successful BI Survey respondents as a capability that wouldhelp foster greater 
success. Yet in discussing these technologies with individual executives who 
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don't currently use business intelligence, a Google-like interface to BI generated 
the most enthusiasm.

3.2Text Analytics

Text analytics is closely related to search in that unstructured information or 
text can be transformed into quantitative data. For example, it allows for 
searching of information in a comment field to see how many times a customer 
praised a particular product. Text analytics is the numerical analysis of textual 
information.

Text analytics has existed for 25 years but with usage in limited sectors, 
particularly, the government. The convergence of search with business 
intelligence first emerged in 2006. Google is not the only enterprise search 
solution has BI vendors support but it is one that has the most consumer 
recognition
Despite all the improvements in data warehousing and BI front-end tools, users 
continue to feel overwhelmed with reports yet under satisfied with meaningful 
information. They don't know what's available or where. Similar reports are 
created over and over because users don't know which reports already exist or 
how, for example, the report "Product Sales" differs from "Product Sale TID." 

Some of the most valuable information is hidden in textual data.The 
incorporation of text analytics with traditional business intelligence is still in its 
infancy. I place both Bi search and text analytics close to the Monitor and 
Understand quadrant but in the Evaluate and Test quadrant . 
Again, both technologies independent of BI have existed for decades; it is that 
convergence with BI that is new. While the convergence is still relatively 
immature, the promise it brings for BI to reach more users and in the value of 
incorporating textual data I·S enormous.

The number o f customers taking advantage o f the BI Search a n d
text analytics integration is only a handful. BlueCross Blue Shield
(BCBS) of Tennessee (TN) is an early adopter of these capabilities. 
IBCBS of TN is a not-for-profit provider of health insurance. In 2006,
it paid $ 7 billion in benefits for its 2 million commercial members.
Managing claims and negotiating rates with providers is critical in
ensuring BCBS can meet its obligations to the members it insures.

While the insurer has had a mature business intelligence deployment
for ten years," Frank Brooks, the senior manager of data resource
management and chief data architect, recognized that there was value
in bringing the text data stored in comment fields from call center
notes together with information in the data warehouse if Given how
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new the technology is, Brooks asked their Bl vendor, Cognos, along
with IBM (who produces the search solution Omni Find) and SAS
(who offers text analytics solution Text Miner) to work together to
develop several prototypes and show the business users the concept
of bringing BI, enterprise search, and text analytics together. WitI1
this capability, a business user can enter the key word "diabetes" in
the Omni Find search box and be presented with a ranked list of
things such as:
• Cognos reports and OLAP cubes that show claims paid for
diabetic treatments
• Call center notes that involve
diabetes
• New research on improving care for diabetes
patients
The business was enthusiastic, There has been a high degree of collaboration 
between Be BS of TN and its information technology partners category for all 
regions.
The dimensions (time and region)and scale within each graph are the same, 
allowing for a rapid comparison. Sales seem to have dipped in 2003,particularly 
in the easternregion.
By toggling the quick filters it's possible to focus on the individual
Customer segments to see that technology sales to corporations
are on a steady decline, whereas consumer and small business
segments show strength.

Creating this kind of display with standard BI software is theoretically possible, 
but one that would take many, many more steps. As well, if J am uncertain as to 
the best way to display the information, advanced visualization software can 
make suggestions. The capability to create easily such advanced visualizations 
is generally not available in BI suites. 
Users must rely on specialty products. In a theme similar to predictive analytics 
and search, visualization software has existed for years; the change is in its 
convergence with business intelligence such that advanced visualizations are 
appearing in dashboards and reports. In
this regard, the emphasis for BI tools is changing from a focus of simply
"getting to the data" to "what insights can I discover from the data and
how can the most information be displayed in the smallest space."
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4. Advanced Visualization:

Data Visualization technologies help individuals ‘see’ data and transform large 
quantitative data sets into useful information with countless organizations 
depending heavily on these tools for decision support and business intelligence 
Data visualization helps individuals “make sense of the ever increasing stream 
of information with which we’re bombarded and provides a creative antidote to 
the analysis paralysis that can result from the burden of processing such a large 
volume of information”
An organization is filled up with tons and tons of data. Emerging technologies 
have changed the way to deal with the available information, brought in new 
ways to determine and understand business trends. The availability of 
information brings not only opportunities but also challenges.
Advanced Analytics is the autonomous or semi-autonomous examination of 
data or content using sophisticated techniques and tools, typically beyond those 
of traditional business intelligence (BI), to discover deeper insights, make 
predictions, or generate recommendation.
Microsoft Power BI brings advanced analytics to help users gain important 
insights and transform data into breakthroughs and solve business problems. 
Advanced analytics in Power BI helps business users to monitor key 
performance indicators in real time. It helps the business to determine which 
metrics are driving more opportunities and success. Power BI provides beautiful 
and interactive dashboards which have complex data management systems. It 
uses data mining & BI systems to identify data patterns and has many features 
that supports advanced analytics.
Read on to know more about 10 interesting advanced analytics features of 
Power BI:

1. Quick Insights: This feature in Power BI is developed in conjunction with 
Microsoft Research and on a developing set of advanced analytical algorithms. 
This provides the user a new and intuitive way to search insights from the 
business data. A user can discover interesting insights from different subset of 
data set while applying advanced algorithms. With just one click, Quick 
Insights let the user find better visibility to data insights within a given span of 
time.

2. Ask a Question: This feature gives the user liberty to add a ‘question’ button 
within the report. This enables the user to carry out random analysis whilst 
developing a report or while reading it. This feature gives the freedom to ask a 
question in plain English (natural language).

3. Integration with R: Using R connector, a user can run R scripts in Power BI. 
Then, the resulting data sets can be imported into a Power BI data model.

https://www.cloudmoyo.com/advanced-analytics-consulting-services/
https://www.cloudmoyo.com/enterprise-data-management/
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4. Intelligent App Suggestions: The sophisticated model of this feature helps the 
users to list down their app based on popularity, relevance, content and review 
of other users.

5. Integration of Azure Machine Learning: With integration of Machine 
Learning in Power BI, users can now visualize the results of Machine Learning 
algorithms by just dragging, dropping and connecting data modules.
Are you looking to dive deeper into some of the interesting features of Power 
BI? Contact us today!

6. Data Shaping with R: The integration of R in Power Query editor enables the 
users to accomplish data cleansing and then, with just a few clicks, data 
shaping, and advanced analytics of the data set can be performed.

7. Segmentation & Cohort analysis: It is one of the simplest yet powerful ways 
to explore the relationship between data sets. It breaks or combines different 
data sets into one meaningful cluster. It then compares those clusters to identify 
meaningful relationship between the data sets. The feature also helps in 
developing a hypothesis of the available business data or understands the 
requirement for any further analysis. Clustering, Grouping and Binning are 
Power BI tools that take this process ahead.

8. Data Analysis Expression: DAX or Data Analysis Expression helps in 
achieving one or more values out of a data set by calculating multiple data with 
the current data. It is basically a set of functions that calculates with 
formulas/expressions. It works like Microsoft Excel minus the complexity with 
numbers and rows. DAX reports are easy to understand and build.

9. Integration with Microsoft Azure Stream Analytics: Power BI integration 
with Azure Machine Learning and Azure Stream Analytics allows users to get 
access to real-time data. Stream Analytics gives shape and combine different 
data sets. This powerful combination enables predictive intelligence allowing 
business users to take proactive action.

10.Data Visualization in Power BI: Power BI gives user better visibility of their 
data to find business insights in real-time. It gives you vast options of pre-built 
visualizations, add customization to the existing ones or choose from the 
expanding list of in-built visualization in the community gallery.
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5.  Rich Report 

Report-based     interactivity    is  a    term    that   warrants    a  better 
name.   

It is an active report used for formatting and navigating reports. These are  
similar  terms  that  also  don't  fully capture   the  value  of this  capability. 

I suspect   poor  terminology   and  lack of awareness   also explains  why 
survey  respondents    ranked  this  capability  on the  low end  of importance for  
emerging   technologies  .

  So  after   much   thought and  brainstorming   with  some  colleagues,   I 
will refer  to this  capability  as "rich  reportlets."   

The  difference   in power  and  appeal  with  rich  report- lets  versus,  
say, green-bar   paper  reports   and  much  of what  is currently deployed  over 
the Web,  is comparable   to the  difference   between  a black Ford  Model  T 
and  a red  Mercedes   sports  coupe. Rich  reportlets   are  powered  by Web 2.0  
technologies    to create  rich Internet    applications    (RIA).  

When   Bl suites   were  first  re-architected for the web,  report  
consumers   could  only view a static  page.  Given  how static  a display  this  
was,  more  sophisticated   users  would  export  the  data to Excel for analysis.  
Less sophisticated    users would submit   requests   to  IT or to the Bl team to 
modify the report design.  The  web in this  case is only  a delivery  vehicle  for  
data;  it  does  not  facilitate   user  adoption and  insight.   

With   rich  reportlets,    someone   accesses   a report   over  the Web  but  
in  a  much   more  interactive    and  appealing    way. 

At  a  simple click,   data   can   be  re-sorted,    filtered,   or  graphed,    
without   having   to launch   a complicated    report   editor.  With  the  use  of 
either  Adobe   Flex or  Macromedia    Flash,   these   reports   come   to  life  in  
ways  that   make business   intelligence   fun.  

I have  seen,  for example,   a bubble   chart  that displays   bubbles   
dancing   across   the  screen   as  the   time  axis  marches onward.   Such   
animation    makes   BI  appealing    as  well  as  insightful   as users  see the  
trend  in action.   In this  regard,  the  term  "report"  doesn't  do justice   to the  
capability   that  is more  akin  to a mini  application. 

This   type  of  interactivity    affects   all  BI  users,   whether    casual   
or power   users.   The   appeal   makes   BI more   engaging,    and   while   
some technologists at: the   importance    of this,   when   other   barriers  to 
adoption   exist,  appeal  matters.  

 A lot the ability to interact   with the data in a simple   and intuitive   way 
facilitates   greater   insight   at  the bands  of the  decision   maker. The  report  
consumer   is not  forced  to delay this  insight   until  a  power  user  can  
modify  the  report.   Lastly,  the  cost of ownership   is lowered  because   a 
single  reportlet   can  be "tweaked"   to that  decision   maker's   needs,   
without   IT  having  to  maintain   thousands of individualized   reports.  
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6.  The future beyond technology in BI

Technical    innovation    is  only  one   aspect   that   will  help   increase    
Bl's prevalence.   In discussing   future  plans  with  many  of the  case study  
companies,   much  of their  concern   was not  about  technology,   but  rather,  
in Finding new  ways to use  BI to address  common   business   problems.   For 
the  more  large-scale   deployments,    some  expressed  concern   about  man- 
aging  the  risk  of  making  any  kind  of major  change   to  such  a  business 
critical,   complex   application.      

With   success,   of  course,   comes   greater demands   on  the  systems   
and  the  people.   Ensuring   an  effective   way of prioritizing   competing   
requests   warrants   constant   attention.      

One  business  leader  expressed   frustration    at  his  department's    
inability   to  make wise investments,    while  witnessing   other  departments,    
working  in more unison  and getting  more value  from business  intelligence.   
Yet he remains optimistic   that   his  business   will get  there  and  that   BI will 
be the  first thing  people   look  at,  even  before  email 
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III.question for practices:

PART-A:
1. What is the future of Business Intelligence ?
2. What are the factors to be considered before to proceed an innovation 

with BI ?
3. What do you mean by predictive analysis ?   
4. What are the benefits of  BI search ?
5. Define Text Analytics.
6. What is the use of BI search interface ?
7. What is BCBS ?
8. What is report  based interactivity ?

PART-B:
1. Explain about the future of  Business Intelligence.
2. How to proceed an innovation ?
3. Explain in detail about BI search.
4. Explain in detail about future beyond technology in BI.

IV. ASSIGNMENT

1. How to Visualize the Business Intelligence in advanced technology ?
2.  Can you explain the terms Text Analytics and Rich Report .

V.REFERNCES
1.https://study.com/academy/lesson/how-mathematical-models-are-used-in-
business.html

https://study.com/academy/lesson/how-mathematical-models-are-used-in-business.html
https://study.com/academy/lesson/how-mathematical-models-are-used-in-business.html
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