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UNIT 1l BUSINESSFORECASTING
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Analyzing a large volume of data is already a crucial part of the decisiang process for any
businessirrespectiveof its volume.Availablebig dataresolveeverydayproblemslike improving
the conversion rate or to attaining customer loyaltyafoecommerce business. Bdib you know
that you can also use this data to forecast events before they actually hajppeszhe value of
Predictive Analytics Solutiongo predict user behavior based on historical datal act
consequentlyo optimizesales.

For online businesses, occasionally execupirgglictive analyticés equal to improving your
understandingf the customerand classifying changesn the market before they occur. The
predictive analytics modelstakeout patterndrom past andransactionatlatato recognizeisks
and opportunities. Seléarning software will automatically evaluate the existing data and
provide tools for future problems.It will enableyou to build new salesstrategiesto adjust
according tahe changesndincreaseprofit growth.



https://www.existbi.com/services/implementation-services/business-intelligence/predictive-analytics/
https://www.predictiveanalyticstoday.com/what-is-predictive-analytics/
https://www.existbi.com/blog/the-5-key-predictive-analytics-models-you-need-to-know/
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INTRODUCTION TO BUSINESSFORECASTING TECHNIQUES

Companies conduct business forecasts to determine their goals, targets, and project plans for each
new period, whetherquarterly, annually, or even 2i 5-year planning. Some companiesutilize
predictive analytics software to collect and analyzethe datanecessaryo make an accurate
businesdorecast.Predictiveanalyticssolutionsgive you the toolsto storedata,organize
informationinto comprehensivalatasetsdeveloppredictive modelsto forecastbusiness

opportunities, adapmtataset$o datachangesandallow import/exporfrom otherdatachannels.

Forecasting helps managers guide strategy and make informed decisions aboubusitiesls

operationsuch as sales, expenses, revenueresalirce allocationVhen done right, forecasting

adds a competitive advantage and can be the difference between successful and unsuccessful

companies.

In this tobusinesgorecastingwe'll cover:

x Whatis businesgorecasting?

X

Whatarethe bestforecastingechniques?

X

Why forecastingh managemeris important?

X

How to conductbusinesdorecasts?

X

A few forecasting examples ftwusinesses

To deal with the increasing variety and complexitynainagement forecasting problems, many
forecasting methods have been documented in recent years. All the methods have distinct usage
and attention must be paid to select the right method for a specific application. The administrator
and the manager of the forecast share a significant role in choosing the technique; and the better
they recognize the various forecast opportuni
will pay off.

What is businessforecasting?

Businesdorecastingis a projectionof future development®f a businesor industry basedon
trendsand patternsf pastand present data.

Choosinga right forecasting method dependson many factors i


https://www.wrike.com/blog/planning-resources-for-operations-team/
https://www.wrike.com/blog/planning-resources-for-operations-team/
https://www.wrike.com/project-management-guide/faq/what-is-resource-allocation-in-project-management/
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significanceandaccessibilityof historical data,
thebackgroundf the prediction,

time availablefor analysis,

thedegreeof precisionanticipated,

value tothe Company,

And desiredtime periodfor forecast.

Exhibin | Cost of Forecasting Versus Cost of Inaccuracy For a Medium-Range Forecast, Given

rasmmeg
“

Cocrwyg samncy

Manager and forecaster need to collectively work to achieve successftdsting, they must try
to answer théollowing questions:

How theforecast igyoingto beuseful?i precisely the purpossf it
Understandhe mechanismandsensitivities othe systemfor which forecastis made?
How relevantis pastin predictingfuture?
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Qualitative Techniques:

Quialitative Techniques applied when enough data is not availdhle. when theproduct
is launched in the market for the first time. They use huewatuation and ratingchemedo
convert qualitativelata intoquantitative calculations.

The goal is to gather all information and considerations related to the factors being evaluated in a
logical, impartial, and systematic manner. Such methods are often used in the field of new
technol ogi es, where the devel opment of pr oduc
difficult to study the research and development requirements, and the perception and entry of the
market is veryuncertain.

Quialitative business forecasting predictionsand projectionsbased on experts' and
customers' opinions. This method is best when there is insufficient past data to analyze to reach a
guantitative forecast. In these cases, industry experts and forecastetsgrtioer available data
to makequalitativepredictions.

Qualitative models are most successful with stemh projections. They are expert
driven,bringingup contrastingopinionsandrelianceonjudgmentovercalculabledata.Examples
of qualitativemodels in business forecasting include:

x Market research: This involves polling people experts, customers, employéet® get
their preferencegpinions,andfeedback on @roductor service.
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x Delphi method The Delphi methodelies on asking a panel of experts for their opinions

and recommendatioradcompilingthem intoaforecast.

BASIC FORECASTING TECHNIQUES

UNIT -llI

A. Qualitative Methods

Technique 1. Delphi Method 2. Market Research 3. Panel Consensus
A panel of experts is interro- | The systematic, formal, and | This technique is based on
gated by a sequence of conscious procedure for the ion that several
questionnaires in which the | evolving ond hmmw experts can arrive of a beller
responses 1o one question- ses about real markets. forecast than one person.
naire are used 1o produce the There is no secrecy, and com-
next questionnaire. Any sel munication is encouraged.
of information available to The forecasts are sometimes
Description some experts and not others influenced by social factors,
isllw:p:ﬁuodrl'hl‘oholh- and may not reflect a true
ers, enol a experts o CONsensUs.
have occunsg 1o all the infor-
mation for forecasting. This
technique eliminales the
bandwagon effect of majority
opinion.
Accuracy
Short term (0-3 months) | Fair to very good Excellent Poor 1o fair
Medium term (3 months— | Fair to very good Good Poor 1o fair
2 years)
Long term (2 years & up) | Fair to very good Fair to good Poor
Identification of turning Fair to good Fair to very good Poor to fair
Forecasts of long-ronge and | Forecosts of longrange and | Forecasts of long-ronge ond
pptoct cpplections new-product sales, forecasts | new-product sales, forecasts | new-product soles, forecasts
of margins. of margins. of margins.

Data required A coordinator issves the se- | As a minimum, two set of re- | Information from a of
quence of questionnaires, ed- | ports over time. One needs | experts is ptmmox:dy
iting and consolidating the a considerable collection of | in group meetings 1o arrive
responses. market data from question. al a consensus forecast.

naires, surveys, and fime se- in, o minimum is two sels
ries analyses of market reports over lime.
variables.

Cout of forecasting *

With o computer $2,000+ $5,000+ $1,000+
Is calculation possible Yes Yes Yes
without a computer?

Time required to develop 2 months + 3 months + 2 weeks +

an application & make o

forecast

References North & Pyke, * ‘Probes’ of | Bass, King & Pessemeier, Ap —
the Technological Future,” phications of the Sciences in

HBR May-June 1969, p. 68.

Marketing Management

gw York, John Wiley &
s, Inc., 1968).

*These estimates are based on our own experience, using this machine configuration: on IBM 360.40, 256 K system and o Univac 1108
Time-sharing System, together with such smoller squipment os GE Timesharing and 1BM 340-30's and 1130%.
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Time SeriesAnalysis

Time Series is a set of observatiamsthe valueghat a variable takest different timesExample:
Sales trend, stock mar ket prices, \eelestddlaer f
You would have cells that are connected on every month basis. Like for Januasp|d/@60,

andin February,you sold abouta bit morelet us assumehreehundredand so on forall the 12
months. So, you have your sales data, right? This becomes a time series for ygiveArttat

thereis a pattern, wecanpredictthefuture sales ofhesame unit.

or

CasualMethods:

Causal forecasting recognizes tiia¢ predicted dependent variable affects one or more other
independent variables. Causal methods take into account all possible factors that may affect the
dependent variable. Consequently, the data necessary for such forecasting can vary from internal
data to external data, such as surveys, macroeconomic indicators, product characteristics, social
chatter, etc. Typically, casual models are infinitely modified to ensure that the latest data are
included inthemodel.

A. Qualitative Methods (continued) B. Time Series Analysis & Projection

4. Visionary Forecast

5. Historical Analegy

1. Moving Average

2. Exponential Smoothing

A prop that uses per-
sonal insights, judgment,

This is a comparative analy-
sis of the introduction and

Each point of a moving av
erage of o time series is the
o= o

This technique is similar to the
moving average, except that more

and, when possible, facts | growth of similar new prod. fic or weighted av- | recent data points are given more

about different scenarios of | uets that bases the forecast | erage of @ number of con- | weight. Descriptively, the new

the future. It is charocter- on similarity patterns. secutive points of the series, | forecast is equal to the old one

ized by subjective guess. where the number of dala rlus some proporfion of the past

work and imagination; in points is chosen so thot the | forecasting error. Adaptive fore-

general, the methods used effects of weasonals or irreg- | casting is somewhat the same ex-

are non-scientific. m or both are elimi cept that seasonals are also

. computed. There are many vario-

tions of exponential smoothing:
some are more versatile than oth-
ers, some are computationally
more complex, some require
more computer lime.

Poor Poor Poor to good Fair to very

Poor Good ko fair Poor Poor 1o ijood

Poor Good lo fair Very poor Very poor

Poor Poor to fair Poor Poor

Forecasts of longrange
and new-product sales,

forecasts of margins.

Forecasts of longrange and
newproduct sales, forecasts
of margins.

Inventory control for low-
volume items.

Production and inven
forecasts of margins
financiol data.

control,
other




CCW331-BUSINESSANALYTICS UNIT -llI

A set of possible scenarios | Several * history of A minimum of two of | The same as for @ moving aver-
about the future prepared | one or my::" ptodlth. sales history, if mymsonds age. .
by a few experts in kght of are present, Otherwise,
past events. less data. (Of course, the
more history the better.) The
moving average must be
specified.
$100+ $1,000+ $.005 $.005
Yes Yes Yes Yes
1 week + 1 month + | day - 1 day -
— Spencer, Clark & Hoguet, , Introduction to Brown, “Less Risk in Inventory Esti-
Business & Economic Fore- | Business Statisics (San Fran- | mates,” HBR July-August 1959,
casting , i cisco, Holden-Day, Inc p. 104,
l'ugs,"mdmvd D. Irwin, Inc., | 1968).
61).

BASIC FORECASTING TECHNIQUES (continued)

B. Time Series Analysis & Projection (continued)

Technique 3. Box-Jenkins 4. X-11 5. Trend Projections
Exponential smoothing is a Developed by Julius Shiskin of | This technique fits a trend line
speciol case of the Box- the Census Bureau, this tech- | to o ical equation
Jenkins technique. The time | nique s a time se- | and then projects it into the
s ol o o O s gl o Ll Jpcs g B
maticol ot is es, and i equation. There are
in the sense that it assigns ments. Primarily used for de- | variations: the slope-charac-
smaller errors 1o history than | tailed time series analysis teristic method, polynomials,
any other model. The (inchuding estimating season- | logarithms, and so on.
d:’nﬁ‘d:lmonbﬂdo”;bd ds):wmhmv«w”;dodh
an poramelers then es. uses o forecasting o

Descripion :::abd. This is oppomlyl trocking ond o:;ﬁim by i:

most accurale stalistica
routine presently available mnd Mu
but also one of the most k , s the
costly and time-consuming most effective technique for
ones. medium-range forecasting—
three months to one year—
ollowing one to
turning points and 1o time spe-
cial events.
Short term (0-3 months] | Very good to excellent Very good 1o excellent Very good
Medium term (3 months— | Poor 1o good Goof Gooj
2 years)
Long term (2 years & up) | Very poor Very poor Good

Identification of turning Fair Very good Poor

points

Typical applications Production and inventory Tracking and woming, fore- | New-product forecasts (por-
control for large-volume casts of company, msion, ticularly intermediate- (1’::
items, forecasts of cash bal or department sales. longderm).
ances.
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Dota required The some as for a moving av | A minimum of three years’ Varies with the techn
erage. However, in this case | history to start. Thereafter, used. However, o go?dn e
more history is very advonto. | the complete history. of thumb is to use a minimum
geous in model identifico- of five * annval data o
tion. stort. r, the com-
plete history.
Cost of forecasting*
Wit o computer $10.00 $10.00 Varies with application
Is calculation possible Yes No Yes
without a computer?
Time fo develop 1-2 days 1 day 1 day -
an & make o
forecast
References Box-Jenkins, Time Series Mclaughlin & Boyle, “Time | Hadley, Introduction to Busi-
Analysis, Forecasting & Series Forecasting,” Ameri- | ness Sktistics (San Fron-
Control Francisco, can Marketing Association cisco, , Inc.,
Holde , Inc., 1970). Booklet, 1962, Marketing 1968); Oliver & , "Tech-
Research Technique Series niques of Production Con-
No. 6. trol,” Imperiol Chemicol
Industries, 1964,
*These sstimotes bosed " , using thi hine configuation: on IBM 360-40, 256 K system ond o Univoc 1108
Tiwesheving Systom, hogether wih such smller eqipment o1 GE Tumesharing ond 1M 360-30 and 11301, ’
BASIC FORECASTING TECHNIQUES (continued)
C. Causal Methods (continued)
5. Economic Input- | 6. Diffusion 7. Leading 8. lfe-Cycle
Technique Output Model Index Indicator Analysis
Econometric models and | The percentage of a | A time series of an | This is an analysis and
models are [ group of economic | economic activity forecasting of new-
sometimes combined for |indicators that are | whose movement in o growth rates
sting. The inputout | going up or down, | given direction pre- sed on Scurves. The
put model is used to pro- | this percentage then |cedes the movement |phases of product ac-
vide longterm trends for | becoming the index. |of some other time se- | ceplance by the various
Descripion the econometric model; it ries in the some direc- | groups as innovo-
also stabilizes the fion is a leading fors, ea ’
econometric model. indicator. early majority, lote mo-
b s
are central to the analy-
sis.
Accuracy
Short term months) |Not applicable Poor to good Poor to good Poor
Mmhr% Good to very good Poor to good Poor to good Poor to good
months—2 years)
Long term (2 years & up) |Good 1o excellent Very poor Very poor Poor to good
Identification of turning Good Good Good Poor to good
points
Typical applications Company sales for indus- | Forecasts of sales by | Forecasts of sales by |Forecasts of new-prod-
trial sectors ond subsec- | product class. product class. vet soles,
fors.
Data required The same as for a moving | The some as an inten- | The some as an inten- [ As o minimum, the an-
average ond X.11. tiondo-buy survey. tiondobuy survey + | nual sales of the prod-
510 10 years’ history. | uct being consi
or of a similar product
It is often necessary o
do morket surveys
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*Cost of forecasting
With a computer $100,000 $1,000 $1,000 $1,500
Is calculation possible No Yes Yes Yes
without a computer?
Time required 1o develop |6 months + 1 month + 1 month + 1 month +

an application & make o
forecas

References

Evans & Preston, “Discus-
sion Paper #138."
Wharton School of Fi-
nance & Commerce, The
University of Pennsylve-
nia

Evons, Macroeco-
nomic Activity: The-
ory, Forecasting &
Contol (New York,
Harper & Row Pub-
lishers, Inc., 1969)

Evans, Macroeco-

nomic Activity: The-

ory, Forecasting &

Control [New York,
Harper & Row Pub-
lishers, Inc., 19469)

Bass, “A New Product
Growth Model for
Consumer Durables,”
Management Science,
Janvary 1969

*These sdimates are bowd on owr own sxparience, using this machine :-.‘41'!-’.--1!01\ on IBM 346040, 2546 K syshem ond a Univac 1108
Tumesharing Sysem, together with such smoller equipment as GE Timesharing ond IBM 340-30' and 11307

Quantitative businessforecasting

Use quantitative forecasting when there is accurate past data available to analyze patterns and
predict theprobability of futureeventsin your business dandustry.

Quantitativeforecasting extracts trends from existing data to determine the more probable results. It
connects and analyzes different variables to establish cause and effect between events, elements, and
outcomesAn exampleof datausedin quantitativeforecastings pastsalesnumbers.

Quantitative models work with data, numbers, and formulas. There is little human interference in
guantitativeanalysis Examples ofjuantitativemodelsin businesgorecastingnclude:

x The indicator approach: This approachdepends on theelationship betweenspecific
indicators being stable over time, e.g., GDP and the unemployment rate. By following the
relationship betweethesetwo factors,forecasterganestimatea business'performance.

x The average approachThis approach infers that the predictions of future values are equal
to the average of the past data. It is best to use this approach only when assuming that the
future will resemblehe past.

x Econometric modeling Econometric modeling is a mathematically rigorous approach to
forecasting. Forecasters assume the relationships between indicators stay the same and test

the consistency and strengththe relationshifpetweerdatasets.

x Time-series methodsTime-series methods use historical data to predict future outc@yes.
tracking what happened in the past, forecasters expect to getacnaeate view of thieiture

How do you choosethe right businessforecastingtechnique?

Choosingheright businesgorecastingechniquedepend®n manyfactors.Someof theseare:

x Contextof theforecast
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x Availability andrelevanceof past data
x Degreeof accuracy required

x Allocatedtime to conducttheforecast
x Period tobeforecast

x Costsandbenefits oftheforecast

x Stageof theproduct obusinesseedingheforecast

Managers and forecasters must consider the stage of the product or business as this influences the
availability of dataandhow you establistrelationshipetweernvariables A newstartupwith no
previous revenue data would be unable to use quantitative methods in its forecast. The more you

understand thase,capabilities andimpact ofdifferentforecasting techniques, the

Why is businesdforecastingimportant?

Forecasting is valuable to businesses because it gives the ability to make informed business
decisions and develop dadaven strategies. Financial and operational decisions are made based
on current market conditions and predictions on how the future looks. Past data is aggregated and
analyzed to find patterns, used to predict future trends and changes. Forecasting allows your
company to b@roactiveinsteadof reactive.

Any insight into the future puts your organization at an advantage. Forecasting helps you predict
potentialissuesmake better decisionand measure the impacttbbse decisions.

By combining quantitative and qualitative techniques, statistical and econometric models, and
objectivity, forecastingpecomes formidable tooffor your company.

Business forecasting helps managers develop the best strategies for current and future trends and
eventsToday,artificial intelligence forecastingsoftware andbig datamake businessorecasting
easier, more accuratend personalizeth eachorganization.

Forecasting does not promise an accurate picture of the future or how your business will evolve,
but it pointsin adirectioninformedby data,logic, and experientialeasoning.

What are the integral elements ofbusinessforecasting?

While there arelifferent forecasting techniques and methods, all forecasts follow the same
procesonaconceptual level. Standard elemeotdusinesgorecasting include:
10
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x Prepare the stageBefore you begin, develop a system to investigateudhent state of

business.

x Choose a data poirntAn example for any business could be "What is our sales projection

for nextquarter?"”

x Choose indicators and data setddentify the relevant indicators and data sets you need

and decidénow tocollectthe data.

x Make initial assumptions To kick start the forecasting process, forecasters may make

some assumptiorte measure againgariablesand indicators.

x Selectforecastingtechnique Pickthetechniquehatfits yourforecastest.
x Analyze data: Analyzeavailabledatausingyour selectedorecastingechnique.

x Estimate forecasts Estimate future conditions based on data you've gathered to reach data

backed estimates.

x Verify forecasts Compare your forecast to the eventugults. This helps you identify any
problems, tweak errant variables, correct deviations, and continue to improve your

forecasting technique.

X

Review forecasting processReview any deviations between your forecasts and actual

performancelata.

How do you do businesdorecasting?

Successful business forecasting begins with a collaboration between the manager and forecaster.

They work togetheto answethefollowing questions:

1. Whatis the purpose aheforecast? Howvill it beused?
2. Whatarethecomponentanddynamics othesystem thdorecasts focusedon?

3. How relevantis pastdatain estimatingthefuture?

11
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Once these answers are clear, choose the best forecasting methods based on the stage of the product
or business lifeycle, availability of past data, and skills of the forecasters and managers leading

the project.
With the right forecasting method, you can develop your process using the integral elements of

businesgorecastingnentionedabove.

How do you getdata for businessforecasting?

A forecastis only asgoodasthedatasupplied. Beforeollectingdata, ask:

x  Why doyouneed it?

x  What kindof datado you need?
x  When willyou collect it?

x  Where willyou gather it?

x Whois in charge ofcollectingit?
x How will youcollect it?

x Howwill youanalyzeit?

Whenyou havetheseanswersyou canstartcollectingdatafrom two mainsources:

x Primary sources These sources are gathered {firahd using reporting toos you or

memberof yourteamsourcedatathroughinterviews,surveysyesearchor observations.

x Secondary sourcesSecondary sources are sectrahd information or data that othésasve
collected. Examples include government reports, publicatidimancial statements,
competitorsannualreports journals,and other periodicals.

Ideally, prediction methods should be evaluated in the situations in which they will be
used. The basis for conducting the evaluation is the need to test methods against
reasonablalternatives.

12
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The evaluation consistsof four steps:

testassumptions,
testdataandmethods,
repeatesults,
andevaluataesults.

Most of the principles for testing prediction methods are based on gersredgted
methodological procedures, such as defining criteria or obtaining a large sample of
predictionerrors.However forecastersftenviolate suchprinciples,evenin academic
studies.

Someprinciples may be surprising, suchas

notusingtheR squared,
notusingthemearsquarecerror,
andnotusingfit within thesampleto definethe mostaccuratdime seriesmodel.

A checklistof 32 principlesis providedto assisin thesystematiassessmeraf

predictionmethods
Evaluation Principles Checklist

Using reasonable alternatives Assessing outputs
e Compare reasonable forecasting methods e Examine all important criteria
Testing assumptions Prespecify criteria
e Use objective tests of assumptions Assess face validity
e Test assumptions for construct validity Adjust error measures for scale
e Describe conditions of the problem Ensure error measures are valid
e Match tests to the problem Avoid error measures sensitive to degree of
e Tailor analysis to the decision difficulty

Testing data and methods e Avoid biased error measures
e Describe potential biases e  Avoid sensitivity to outliers
e Assess reliability and validity of data e Do not use R?to compare models
e Provide easy access to data e Do not use Root Mean Square Error
e Disclose details of methods e  Use multiple error measures
¢ Find out whether clients understand the methods e Use ex ante tests for accuracy
Replicating outputs e  Use statistical significance only to test
e Use direct replication to identify mistakes accuracy of reasonable models
e Replicate studies to assess reliability e  Use ex post tests for policy effects
e Extend studies to assess generalizability e  Obtain large samples of independent forecast
e Conduct extensions in realistic situations errors
e Compare with forecasts obtained by different e  Conduct explicit cost/benefit analysis
methods

13
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BUSINESSFORECASTING PROCESS

The way a companyforecastsis always unique to its needsand resourcesput the primary
forecastingorocessanbesummedupin five stepsThesestepsoutline how businesgorecasting

starts witha problemandendswith not only a solutionbut valuablelearnings.

Business Forecasting Process

@ O 6 4 5

Choose an issue Createa Pick a forecasting Analyze the Verify your
to address data plan technique data findings

Define the Collect as much Determine

1.Choosean issueto address

The first step in predicting the futaguesoni s ¢ hc
youdre trying to answer. T Wwhieteer yowr audidnewill bes s i mp
interested in a new product your c oimigvaany i s d ¢

data,it reliesoninternalconsiderations andecisiongo definethe problemat hand.

2. Create a data plan

The next step iforecasting is to collect as much data as possible and decide how to use it. This

may require digging up some extensive historical company data and examining the past and
present market trends. Suppose your company is trying to launch a new product. In this case, the
gathered data can be a culmination of the performance of your previous product and the current

performanceof similar competingroductsin thetarget market.

14
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3. Pick a forecastingtechnique

After collectingthemecessary data, i1itds time to wokkbkbose a
with the available resources and the type of prediction. All the forecasting modeleatve

and get you on the right track, but one may be more favorable than others in creatiggea
comprehensivéorecast.

Forexamplejf youhaveextensivalataonhand,quantitativeforecastings idealfor interpretation.

Quialitative forecasting is best if you have less hard data available and are taillimgestin

extensivemarketresearch.

4. Analyzethe data

Once theball startsrolling, you canbegin identifying patternsin the past and predicthe

probability of their repetition. This information will help your ¢ o mp a degiioamakers

determine whato dobeforehando prepardor the predicted scenarios.

5. Verify your findings

The end of business forecasting is simple. You wait to see if what you predattesdlyhappens.

This step is especialljmportant in determining not only the success of yotgcastut also the
effectiveness of the entire process. Having done some forecasting, you can dbmpaesent
experiencavith theseforecastdo identify potentiabreas fogrowth.

When in doubt, never t lnformationeofloagforetastinglpoocessat a. T |
alsobe usedasthe pastdatafor anotherforecast.l t li&esa life cycle of businesslevelopment

predictions.

Businesdorecastingexamples

Someforecastingexampledor businessnclude:

1. Calculatingcashflow forecastsi.e., predictingyour financial needsvithin atimeframe
2. Estimatingthethreatof newentrants intoyour market

3. Measuringthe opportunity ofdeveloping anew productor service

15
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4. Estimatingthe costsof recurringbills

5. Predicting futuresalesgrowthbasedn pastsalesperformance

6. Analyzingrelationshipetweernvariablesge.g.,Facebookadsandpotential revenue

7. Budgetingcontingenciesindefficientallocationof resources

8. Comparingcustomelacquisitioncostsandcustometifetime valueovertime
BusinessForecasting:How it Works & RealLife Examples

A rapidly evolving modern businessclimate has proven how fast things can change,with
businesses evolvingeside it to succeedn fact,t o d a y 0 sequikes adilestrategy and
management.

This is where business forecasting can help, enabling businesses to plan for un expected events.
I n this, youol |l |l earn the basic principles of
techniquesn your business planning.

What is businessforecasting?

Business forecasting involves forecasting tools and techniques to help businesses predict certain
developmentssuch as revenue,sales, and growth. Through analytics, data, insights, and
experience, business forecasting provides organizations with the information they can use to
improve their decisiomaking. Whether you have a large or small company or offer products or
servicesaccuratdorecasts cahelpyourbusinesprepareor futureeventsandfuturetrends.

For example, | etbs say a new company bkegamarted t
to skyrocketbecauseof a new marketing techniquespreadingbrand awarenessApplyinga

business forecasting technique, the team can better gauge Q40 galegaring inventory,

expanding their team, anakingthe necessarstepsto havea successfugjuarter.

3 exampleof businesdorecastingn action

Now t hat you understand the basics of busi ne
practice. Read the following examples to better understand the different approachs®seéss
forecasting.
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1. A companyforecastingits salesthrough the end of the year

Letdbs suppose a small greeting card cdhmpany v
year.Thecompanyhasjustayearanda half of experienceandlimited datato use for predictions.

Though the first few quarters were slow to start, they have gained argpagdtionin the last

three quarters. For thisason, salesreontherise.

Sincethebusinessiaslimited historicaldata theymightconsideaqualitativemodelforpredicting

future sales. By polling their customers, the greeting card company can gawgkirigaess of

their audience to buy new cards and pricing for the remaining quartersyefattddarket surveys
are a type of qualitative forecasting, which utilizes que stionnairestimatefuture customer
behavior.

2. A companyforecastingsalesfor the next quarter

Il n this exampl e ;established shoe Hrand |5 doseeastiag profasl fdr the next
guarter. Normally, this company would use the time series forecasting technique to gsbiitate
for the next quarter. However, economic conditions have shifted, anchémeploymentate is
higher than normal. As a result, the company chooses the indiggiarach to predict tiaetual
performanceof its product.

In this scenario, the company might compare two variables: employment rate and spaeding
With this business forecasting approach, the company predicts it will have a decpra$iesfor
the upcomingquarter.Following this prediction,it choosego producefeweritemsinresponseo
economicchangesandadjustbudgetsaccordingly.

3. A companyforecastingreturns on a new product

I n this next exampl e, |l etds suppose a |l oungev
slippers. Since this product is new to the company, there are no official metrics for priding
popularity.For this reasonthe companyneedgo gaugetheinterestievel of its targe audience.

In this case, demand forecasting would be a great approach to gauge how much castomers
willing to spend and how much the company will needtht@st in terms of materials. Bysing

this forecastingrocess, the loungewear compamay decide if the product wilberform welland

what kind of demand exists. Ultimately, this will help the team niafikemed businesdecisions

for productionas wellas sales.
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What are the limits of businessforecasting?

You can follow the rules, use the right methods, and still get your business forecast wrong. It is,

afterall, anattempt tgpredictthefuture. Someéimits to busines$orecastingnclude:

x Biasesanderrorsby theforecasters omanagers

X

Incorrectinformationfrom employeesexperts or customers

X

Inaccuratgpastnumbers

X

Sudderchange imarketconditions

X

New industryregulations
PREDICTIVE ANALYTICS

Predictive analytics uses historical data to predict future events. Typically, historical data is used to
build a mathematical model that captures important trends. That predictive model is then used on
currentdatato predictwhatwill happemext,or to suggestctionsto takefor optimal outcomes.

Predictive analytics has received a lot of attention in,recent years due to advances in supporting
technology, particularlyn theareasof big dataandmachinelearning

Riseof Big Data

Predictive analytics is often discussed in the context otlatg, Engineering data, for example,
comes from sensors, instruments, and connected systems out in the world. Business system data
at a company might include transaction data, sales results, customer complaints, and marketing
information. Increasingly, businesses make -digigen decisions based on this valuable trove of
information.

Increasing Competition

With increaseadompetition businesseseekanedgein bringingproductsandservicego crowded
markets Datadriven predictivemodelscanhelpcompaniesolvelong-standingproblemsn new
ways.

Equipment manufacturers, for example, can find it hard to innovate in hardware alone. Product
developers can add predictive capabilities to existing solutions to increase value to the customer.
Using predictive analytics for equipment maintenance, or predictive maintenance, can anticipate
equipment failures, forecast energy needs, and reduce operating costs. For example, sensors that
measure vibrations in automotive parts can signal the need for maintenance before thiailghicle

on theroad.
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Companies also use predictive analytics to create more accurate forecasts, such as forecasting the
demandor electricityontheelectricalgrid. Thesdorecast€nableaesourcelanning(forexample,
scheduling of varioupowerplants),to bedonemoreeffectively.

Cutting-Edge Technologiesfor Big Data and Machine Learning

To extract value fronbig data, businesses apply algorithms to large data sets using tools such as
Hadoop and Spark. Thiata sources might consist of transactional databases, equipmieslog
imagesyideo,audio,sensorpr othertypesof data.lnnovationoftencomesfrom combiningdata

from severalources.

With all this data, tools are necessary to extract insights and trends. Machine learning techniques
are used to find patterns in data and to build models that predict future outcomes. A variety of

machine learning algorithms are available, including linear and nonlinear regression, neural

networks supportvectormachines, decisiotmees,andotheralgorithms.

Predictive Analytics Examples

Predictive analytics helps teams in industries as diverse as finance, healthcare, pharmaceuticals,
automotive, aerospacand manufacturing.

=X 7~ B

Automotive 1 Breaking new ground with autonomous vehicleCompanies
developing driver assistance technology and new autonomous vehicles use peaatdiltiiasto
analyzesensodatafrom connectedehiclesandto build driverassistancalgorithms.

Aerospacei Monitoring aircraft engine health
Toimproveaircraftup-time andreducenaintenanceosts anenginemanufacturecreatecareat
time analyticsapplicatiorto predictsubsystenperformancédor oil, fuel, liftoff, mechanicahealth,

andcontrols.

Energy Production Forecasting electricit price.  and  demand
Sophisticatedforecastingapps use models that monitor plant availability, historicaltrends,

seasonalityandweather.

Financial ~~  Servicesl Developing credit risk models
Financialinstitutionsusemachindearningtechniguesndquantitativetoolsto predictcreditrisk.

Industrial Automation and Machinery i Predicting machine  failures
A plastic and thin film producer saves 50,000 Euros monisilyg a health monitoring and
predictive maintenancapplication that reduceowntimeandminimizeswaste.

19



CCW331-BUSINESSANALYTICS UNIT -lI

A Medical Devicesi Using patterrdetection algorithms to spot asthma &@@PDAN
asthma management device records and analyzes patients' breathing sounds andnstavities
feedback via amart phone@ppto help patientsnanageasthma an€€OPD.

How Predictive Analytics Works

Predictive analyticsis the process of using data analytics to make predictions based ohhisata.
process uses data along with analysis, statisticsjreaathine learning techniques to create
predictivemodelfor forecastinguture events.

The term dApredictive analyticso describes th
technique to create a quantitative prediction about the future. Frequeightvised machine

learning techniqgueare used to predict a future value (How long can this machine run before
requiring maintenance?) or to estimate a probability (How likely is this customer to default on a
loan?).

Predictive analytics starts with a business goal: to use data to reduce waste, save tirnests. cut
Theproces$arnessebeterogeneousftenmassivedatasetsinto modelsthatcangenerate clear,
actionable outcomes to support achieving that goal, such as less materiallegastmcked
inventory, and manufacturgmtoductthatmeetsspecifications.

Predictive Analytics Workflow

We are all familiamwith predictivemodels for weather forecasting. vital industry applicatiorof

predictive models relates to enetggd forecastingo predict energy demand. In this cassergy
producers, grid operators, and traders need accurate forecasts of energynaketiecisions for
managing loads in the electric grid. Vast amounts of data are available, andresiiajive
analytics, grid operatoisn turnthis information into actionablasights.
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Predictive analytics workflow.

Step-by-StepWorkflow for Predicting Energy Loads

Typically, theworkflow for a predictiveanalyticsapplicationfollows thesebasicsteps:

1.

Import datafrom varied sourcessuchasweb archives,databasesand spreadsheets.
Data sources include energy load data in a CSV file and natieaglher data showing

temperature andew point.

Cleanthe data by removing outliers and combining data sources.

Identify data spikes, missing data, or anomalous points to remove from the data. Then
aggregate different data sources togetharthis case, creating a single table including
energy load, temperaturapddew point.

Developan accurate predictive model basedon the aggregateddata using

statistics, curve fitting tools, or machinelearning.

Energy forecasting is a complex process with many variables, so you might choose to use
neural networks to build and train a predictive model. Iterate through your training data set
to try different approaches. When the training is complete, you can try the model against

newdatato seehow wellit performs.
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4. Integrate the model into a load forecastingsystemin a production environment.
Once you find a model that accurately forecasts the load, you can move it into your
production system, making the analytics available to software programs or devices,
includingweb apps, serversr mobiledevices.

Create modelsand forecastfuture outcomes

Predictive modeling is a technique that uses mathematical and computational methods to predict
an event or outcome. A mathematical approach asesguatiorbased model that describes the
phenomenon under consideration. The model is used to forecast an outcome at some future state
or time based upon changes to the model inputs. The model parameters help explain how model
inputs influence the outcome. Examples incluohee-series regressiomodelsfor predicting

airline traffic volumeor predicting fuel efficiencypased on #inear regression modef engine
speedversus load.

Thecomputationapredictivemodelingapproachiffersfrom themathematicalapproactbecause

it relies on models that are not easy to explain in equation form and often reiquitation
techniques to create a prediction. mMmddeli|g appr o
because the model structure does not provide insight into the factors that magnpodé&

outcome. Examples include usimgeural networkgo predict which winerya glass ofwine

originated fronor bagged decision treésr predictingthe credit ratingof a borrower.

Predictive modeling is often performed using curve and surface fitting, time series regression, or
machindearningapproachefRegardlessf theapproactusedtheproces®f creatingapredictive
modelis the samacross method3.hesteps are:

Cleanthedataby removingoutliersandtreating missinglata

Identify aparametricor nonparametripredictivemodelingapproacto use
Preprocesthedatainto aform suitablefor the chosermodelingalgorithm
Specifyasubsebdf the datao beusedfor training themodel

Train, or estimate, modgdarameters frorthetrainingdataset
Conductmodelperformancer goodnesf-fit tests tocheckmodeladequacy
Validate predictivenodeling accuracgn datanotusedfor calibratingthe model

© N o s~ wDdh R

Usethemodelfor predictionif satisfiedwith its performance

Typesof Predictive Models

While dataanalystsarerequiredto makedecisionsregardingwhich mathematicamodelto use
in a given situation, they are not actually the ones crunching the data. Statisticiansand
programmers develop computer programs that carry out these processes,vdach operates
usingadifferentmathematicamodel.
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AThe tools webre wusing for predictive analyt
sophisticated, 06 Goul ding says, explaining tha
massive amounts of dataways wec o u | bdenféar e . 0

The advancement of these tools has also resulted in the use of predictive analytics to identify
Aunknownso that previously could not be addre
cansuccinctly identify whichmodel besalignswith thetype of unknownin eachscenario.

Below, we explore four common predictive models and the types of questions they can be best
usedto answer.

1. Linear Regression

Linear regression is one of the most famous and historic modeling tools, according to Goulding.
This model considers all the known data points on a graph and creates a straight line that travels
throughthe centerof thosedatapoints.Thisline representshe smallestpossibledistancéetween

all the points on the graph. A linear regressionmathematicalmodeling tool can therbase
predictions about nonexistent data off of the relationship between this line and the ebating
points.

RealWorld Example
70
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X = BMI
A linear regression model would hes e f u | when a doctor wants t

cholesterol based only on their body mass index (BMI). In this example, the analyst would know
to put the data the doctor gathered from his 5,000 other pétiemtkiding each of their BMIs

and cholesterol levadsinto the linear regression model. They are hoping to predict an unknown
basedn apredeterminedetof quantifiabledata.
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The linear regression model would take the data, plot it onto a graph, and establish a litteedown
center that properly depicts the smallest distance between all plotted data pointssdartaig,

when that new patient arrives knowing only that their BMI is 31, a data analyst vabledo
predict the patient ds camdbdeang that cholestebollevabst o ki n g
closely alignswith otherpatientswho havea BMI of 31.

2. Text Mining

Whereaslinear regressionusesonly numeric data, mathematicaimodels can also be usedto
make predictionabout nomumericalfactors.Textmining isaperfect example.

AText mining is part of predictive analytics
information | previously knew nothinga b o uGbulding says.In this scenario,the tool takes

data points in the form dextbased words or phrases and searches a giant database for those
specific points.

Sound Familiar? The algorithm used by Google or other search engines to bring up relevant links
whenyou search for apecific keyword is aexampleof textmining.

RealWorld Example

Although tools like searchengie®r even the Afindo function yo
a word in a digital body of ted@trepresent some common examples of text mining, there are also
industryspecificinstancesvhere thigype ofpredictive analytickomesnto play.

Goulding describes another medical application of predictive analytics, explaining how doctors
rely on text mining when analyzing patient sy
|l 6m a doctor and | have 50 children inthat ront
the next patientto walk in the door [with similar symptomsJalsohasthef | tesays.ii B if It

see an unusual set of symptoms from just one patient, | may need the case higtheytsfrom

all over the world to make a correcthowkveggnosi
can. o0

Especially in complex patient cases, an analyst can use text mining modeling tools to comb
databases, locate similar symptoms among patients of the past, and generate a prediatiat as to
this newpatientisi molsit k e | y 0 from basefd errthatrdata.

3. Optimal Estimation

Optimal estimation is a modeling technique that is used to make predictions based on dastemged

This model has been used in analytics for over 50 years and has laid the groundwakyfaf the

other predictive tools used today. According to Goulding, past applications ohéfid include
determining Ahow to best recal i br estmatingvgevea p me nt
bulletmightgowhens h oaswelbasin otheraspect®f thedefensendustry.

RealWorld Example
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If two planes were flying toward one another, an analyst might use the optimal estimation model
to predict if or when they will collide. To do this, the analyst would put a variety of observed
factors into the mathematical model i napgld ool ,
and more. The mathematical model would then be able to help predict at which oigt,thie
planeswould meet.

4. Clustering Models

Clustering models are focused on finding different groups with similar qualities or elenitbins
the dataMany mathematicaimodeling tooldall within this categoryjncluding:

K-Means
HierarchicalClustering
TwoStep
DensityBasedScanClustering
Gaussian Clustering Model
Kohonen

RealWorld Example

If a fastfood restaurant wanted to open a new location in a new city, the corporate teavonhay
with a dataanalyst to figure out exactly where that new location should go. The awalytst start
by gatheringan array of specificrelevant data about each locatidrincluding factors like
demographics, where the higind houses are, how close the location is to a colétg8, then
input all of that data into a clustering mathematical model. This model wouldefiicgtntly
analyze this particular type of data and predict where the most strategic locatiastynftnehat
restauranis based on thdataalone

5. Neural Networks

Neural networks are complex algorithms inspired by the structure of the human brain. They
process historical and current data and identify complex relationships within the data taipeedict
future, similarto howthe humanbraincanspottrends angbatterns.

A typical neural network is composed of artificial neurons, called units, arranged in different
layers. The neural network uses input units to learn about and process data. On the other hand,
output units are on the opposite side and outline how the neural network should respond to the
input units. Between the two are hidden layers, which are layers of mathematical functions that
produce apecificoutput.

RealWorld Example

If an ecommerce retailer wants to accurately predict which products its customers are likely to
consider purchasing in the future, a data analyst or data scientist might use neural networks to inform
thec o mp apnogu@teecommendatioalgorithm.Theanalystwill pull purchasalataand
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feedit to the neural network, givinthenetwork real examples learnfrom. Thisdata will travel
through the neural network through various mathematical functions until the oufpatised
and aproductrecommendatiopopulates.

Other Common Predictive Models

In additionto the mathematicaimodelsabove thereareadditionalmodelsthat dataanalystsuse
to makepredictionsjncluding:

Decision trees
Random forests
Logistic regression
Bayesiammethods

Why Is Predictive Analytics Important?

While organizationshave recognized the importance of gathering data as a means of loaging
on industry trends for years, business teams have only just started scratching the surface of
possibility when icomes to predictivanalytics.

AAnal ytics is getting exciting in every indus
the data in the back room that has been gath
Goulding says.

From insuranceto retail to healthcare,organizations aretarting to adaptto this model of
informed decisiormakingandareusingit to their advantage:

x Today, insurance companies can predict if a new client is a risk based on thieistagg,
health conditions, etc. They can weigh this data and makefemned decisiorabout
whether or not they wamd coverthatindividual.

x Retail organizations can predict how new brands or items might sell in their local market
based on consumer demographics. They can then make strategic decisions abouthhow
productto stock.

x Doctors can use predictive data to help d
conditions point to but also their chances of survival, whether or not they need immediate
surgeryandt hei r c expedtediedliree ov@scertain period ofime.

No matter the industry, the recent advancements in mathematical modeling and the overall lean
into data as a prescriptive form of insight have changed the way businesses operate today.
Businessesanmakedatadrivendecisiondasedn predictivemodels allowing them to mitigate
potential risks and maximize profits. These changes have created an overall tdecdsion

making that isureto continue developingnd expanding foyearsto come.
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Predictive Analytics vs. Prescriptive Analytics

Organizations that have successfully implemented predictive analytics see prescriptive analytics
asthenextfrontier. Predictiveanalyticscreatesanestimateof whatwill happennext;prescriptive
analyticstells youhowto reactin the bestvay possible giverthe prediction.

Prescriptive analyticss a branch of data analytics that uses predictive models to suggest actions
to take for optimal outcomes.Prescriptiveanalytics relies on optimization and rulesbased
techniquedor decisionmaking. Forecastinghe load on the electricgrid over the next 24 hours

is an example gbredictive analyticswhereas decidingow to operate power plantsased orthis
forecastrepresentprescriptiveanalytics

PREDICTIVE ANALYSIS VS FORECASTING i HOW CAN IT HELP COMPANIES?
Forecasting is a method by which companies find out trends that will dominate the matieet in
companyearslt hasmanyadvantagesotjustfor newstartupsutfor establishe@ndoldcompanies.
Forecasting is defined as a planning tool that can help the management to copeimgtriain future,
mainly through the use of past data and analysis of market trends. The prdoessastingoegins
with certain assumptionghat are basedon the managementexperience knowledge and astute
judgement sense of the management team. These estimates are then projeciedques like Box
Jenkinsmodels, Delphi method, exponential smoothing, moving averaggsession analysis, and
trend projection. Since any error in the assumptions will also resukimikr or magnified error in
forecasting results, the technique of sensitivity analysis is used whemgeof valuesis assignedo

uncertainfactors,which arealsocalledvariables.

4 Major Benefitsof ForecastingGivenbelow areghe majorbenefitsof forecasting.

1. Forecasting helps in establishing new startups and promoting new brands:
Forecasting is an important element when new brands are being set up in the imtisstry.
is especially true when the industry is filled with multiple challenges and thensazre
hurdlesin the path of seeingp a successfubrand.Forecastinganhelp
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entrepreneurs to find out the best way that they can overcome these challeribesetayd
establish a successful company. Through forecasting brands can understaneyhoi
be perceived in the market and whether their products have the capabitigetahe
expectations and demands of the target audience. In short, good andstroasting can
help startup companies tocrease their chances of success by helgnegn plan and
strategies their entry in a much better manner. At the same timefayeodstingcanhelp
newbrandsto meetthe supplyanddemandsituation,therebyncreasing theibrandpower

and loyalty.

2. Forecastingcanhelp brands to usetheir financial resourcesin amuch better manner,
than before: Financial concerns, especially for new and small companiesvisrya
important aspect. That is why it is important that in such situations, the avadsbleces
are utilised in a proper and effective manner. As no brand can survive vatteqiate
capital, financial forecasting plays a very important role in such a scenariceling
companies to divide their resources in a proper manner, financiaa$bireg carhold the
key to proper andffectivefinancial planningin acompany.

3. Forecasting can help the administration take good and successfulmanagement
decisions:Every company is based on good administrative decisions. Without a strong
administrative backbone, companies will completely turn into a failure, sooner of feter.
administration team of any company is essentially a decision making process and has
responsibilityfor making decisions and for ascertainthgt the decisions made aaried
out. That is why it is important that the wheels of the administrative departmenkiisg
in a continue manner and it is here that forecasting plays a very importantitrblel@s
companiego takedecisionsat theright time.

28



CCW331-BUSINESSANALYTICS UNIT -lI

4. Forecasting helps companies to plan in a systematic mannelPlanning is a very
important component of any company, be it in the long term or short term. Forecasting
help companies to plan their growth strategy while keeping in mind the needs of the
consumers while at the same time having an intricate understanding of the market trends
as well. In other words, good and proper planning whether it is for the overall growth of
thecompanyor for asectionof thecompanyis completelydependentn goodforecasting

techniques.

Conclusion

In the end, both Predictive Analysis vs Forecasting are two techniques through which brands can
correctly forecast and understand market techniques while at the same time meet customer
expectations as well. In short, the need today is not for better Predictive Analysis vs Forecasting

methods, butor better applicationf the techniqueat hand.
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LOGIC AND DATA DRIVEN MODELS

Predictive modeling means the developing motleds can be used to forecast or

predict future events. Modetsin bedevelopeckither through logic odata.

x 1. Logic driven modelsremain based on experience, knowledge and logical relationships
of variables and constantsconnectedto the desired businessperformanceoutcome
situation.

x 2. Data-driven Models refersto the modelsin which datais collected from many
sources to qualitatively establish model relationships. Logic driven models is oftegsused
a first step to establistelationships through datiriven models. Data driven models
include sampling and estimation, regression analysis, correlation analysis, forecasting
modelsand stimulation.

It leverages statistics to predict outcomes. Most often the event one wants to predictfigumehe

but predictive modeling can be applied to any type of unknown event, regardless oit when
occurred. For example, predictive models are often used to detect crimes and identify suspects,
after thecrime has takerplace.

In manycases the model is chosen on the basis of detection theory to try to guess the probability
of an outcome given a set amount of input data, for example given an email determiniikglyow
thatit is spam.

Models can use one or moctassifiers in trying to determine the probability of a set of data
belonging taanother setsay spanoré h a mo .

Dependingon definitional boundaries,predictive modeling is synonymouswith, or largely
overlapping with, the field of machine learning, as it is more commonly referred to in acatdemic
research and development contexts. When deployed commercially, predictive modefteg is
referredto as predictivanalytics.

Usage

Predictive models can either be used directly to estimagpanse (output) given a defined et
characteristicginput), or indirectly to drive thechoiceof decision rules.

Depending on the methodology employed for the prediction, it is often possible to derive a formula
that may be used in a spreadsheet software. This has some advantages for end users orakecsion
themainonebeingfamiliarity with the softwareitself, hencealower barrierto adoption.

Nomogramsreusefulgraphicalrepresentatioof a predictivemodel.As in spreadsheetoftware,

their use depends on the methodology chosen. The advantage of nomogranmnettiacy of
computingpredictionswithoutthe aid of acomputer.
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Pointestimatesablesareoneof thesimplestform to represené predictivetool. Herecombination
of characteristics of interests can either be represented via a table or a graplrassutihied
predictionreadoff the y-axisor thetable itself.

Tree based methods (e.g. CART, survival trees) provide one of the most graphically iwaytve
to presentpredictions.However, their usageis limited to those methodsthat use this typeof
modellingapproachwhich canhaveseveral drawback3.reescanalso beemployedto represent
decisionrules graphically.

Scorecharts are graphical tabular or graphical tools to represent either predictions or decision
rules.

A statisticalmodel embodiea set of assumptiorm®ncerning the generatioof the observedata,

and similardatafrom a larger population.A model representsoften in considerablyidealized

form, the datayenerating process. The model assumptions describe a set of probability
distributions, some of which are assumed to adequately approximate the distribution from which
a particuladatasetis sampled.

A logic-driven is based on experience, knowledge and logical relationships of variable and
constants connected to the desired performance outcome. To help conceptualize the relationships
inherent inasystem, diagrammingethodsareuseful.

Cause and effect diagram enables a user to hypothesize relationships between potentaidcauses
of an outcome.

Influence diagram ar@nother tool to conceptualize relationships with business performance
relationships.

Examplei

A restaurant customer dines 6 times a year and spends an average of $50 per visit. The restaurant
realizesa40% margin on thaveragebill for food anddrinks.

Annual grossrofit onacustomer =$50(6)(0.40)= $120
30% of customers do not return each year. Average lifetime of a customer = 1/.3 = 3.33 years.
Average gross profior acustomer $120(3.33)= $400

OR Averagegrossprofit for a customer $120/.3= $400

_RXFXM
D

Vv

Thus,theeconomic valuef acustomer is
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V =valueof aloyal customer

R = revenue pepurchase

F = purchasdrequency (numbevisits peryear)

M = grossprofit margin

D = defectionrate(proportioncustomersot returningeachyear)

X X X X X

» Logic-Driven Modeling

» Data-Driven Modeling

P Analyzing Uncertainty and Model Assumptions
» Model Analysis Using Risk Solver Platform

Logic-Driven Modeling

P Predictive modeling is the heart and soul of
business decisions.

P Building decision models is more of an art than a
science.

P Creating good decision models requires:
- solid understanding of business functional areas

- knowledge of business practice and research
- logical skills

P It is best to start simple and enrich models as
necessary.
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Logic-Driven Modeling

Example 8.1 The Economic Value of a Customer

>

4

4

A restaurant customer dines 6 times a year and spends an average
of $50 per visit.

The restaurant realizes a 40% margin on the average bill for food
and drinks.

Annual gross profit on a customer = $50(6)(0.40)
=5120
30% of customers do not return each year.
Average lifetime of a customer = 1/.3 = 3.33 years
Average gross profit for a customer = $120(3.33)
= $400

OR Average gross profit for a customer = $120/.3
= S$400

Logic-Driven Modeling

Example 8.1 (continued)

The Economic Value of a Customer

RXFXM
D
V = value of a loyal customer
R = revenue per purchase
F = purchase frequency (number visits per year)
M = gross profit margin

D = defection rate (proportion customers not
returning each year)

33



CCW331-BUSINESSANALYTICS UNIT -lI

Logic-Driven Modeling
Example 8.2 A Profit Model

* Develop a decision model for predicting profit in face of

uncertain demand.
P = profit
R =revenue
C =cost

p =unit price

e ‘ Cost
¢ = unit cost A St
F :ﬁXEd COSt Undt Prce Quanity Soid )<= qunmv ) S
S = quantity sold e ) O &Y
D =demand

Q = quantity e
produced

Figure 8.1
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Logic-Driven Modeling

Example 8.2 (continued) A Profit Model
* Cost = fixed cost + variable cost
C=F+¢cQ
* Revenue = price times quantity sold
R = pS
* Quantity sold = Minimum{demand, quantity sold}
S=min{D, Q}
* Profit = Revenue — Cost
P=p*min{D, Q} — (F +cQ)
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Logic-Driven Modeling
Example 8.2 (continued)_A Profit Model

L] p: 40

e c=S24 ;onllll‘odo? " .

« F=5400,000 2 0w

« D=50,000 : g

* Q=40,000 A

Compute: ' s

* R=p*min{D,Q} S owmes em
= 40(40,000) = 1,600,000 mew w0

. C=F+cQ=1,360,000 - iz

«  =400,000 + 24(40,000) = ot Lo

« P=R—C= 1,600,000 - 1,360,000 = 52400%

Logic-Driven Modeling
Example 8.2 (continued)_A Profit Model

A B C A B C
1 Profit Model 1 Profit Model
2 2
3 Data 3 Data
kS 4
5 Unit Price $40.00 5 Unit Price 40
6 Unit Cost $24.00 6 Unit Cost 24
7 Fixed Cost $400,000 00 7 Fixed Cost 400000
8 Demand 50000 8 Demand 50000
9 9
10 10
11 Model 11 Model
12 12
13 Unit Price 13 Unit Price =B5
14 Quantity Sold 14 Quantity Sold =MIN(B8 B18)
15 Revenue 15 Revenue =513'814
16 16
17 Unit Cost 17 Unit Cost =B6
18 Quantity Produced 18 Quantity Produced 40000
19 Variable Cost 19 Variable Cost =B17'B18
20 Fixed Cost 20 Fixed Cost =87
21 21
2 Profit 2 Profit
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Logic-Driven Modeling

Example 8.3 New-Product Development

» Moore Pharmaceuticals needs to decide whether
to conduct clinical trials and seek FDA approval
for a newly developed drug.

Estimated figures:

» R&D cost = $700 million

» Clinical trials cost = $150 million
» Market size = 2 million people

» Market size growth = 3% per year
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Logic-Driven Modeling

Additional estimated figures

» Market share = 8%

» Market share growth = 20% per year (for 5 years)
P Revenue from a monthly prescription = $130

P Variable cost for a monthly prescription = S40

P Discount rate for net present value = 9%

Moore Pharmaceuticals wants to determine net present
value for the next 5 years and to determine how long it
will take to recover fixed costs.

Logic-Driven Modeling

Example 8.3 (continued) New-Product Development

A 8 C 4} E F
Moore Pharmaceuticals

Market size 2000000
Unit (monthly Rx) revenue 130
Unit (monthly Rx) cost 40
Discount rate 009

10 Project Costs

1 R0 700000000
12 Clinical Trials 150000000
13 Total Project Costs =811+812

-
e d e e—————

15 Model

16

17 Year 1 2 3 4 5

18 Market growth factor 003 003 003 003

19 Market size =85 =B19%(1+4C18) =C19%(1+D18) =D19°(1+E18) =E19°(1+F18)
20 Market share growth rate 02 02 02 02

21 Market share 0 08 =B21%(14C20) =C21°(1+4020) =021"(1+£20) =E21°(1+F20)
2 Sales =819°B21 =C19°C21 =019°D21 =E19'E21 =F19°F21

2

24 Annual Revenve =B22°5856°12 =C22'38%6*12 =D22'$8$6*12 =E22°38%6*12 =F22"58%6"12
- Annual Costs =522°5587°12 =C22°$B37"12_=022°$B$7"12_=E£22°$8ST"12_=F22"S887"12
26 Profit =824.825 =C24.C25 =024.025 =£24.£25 =F24.F25

27

2 Cumulative Net Profit[=826.8

29

30 Net Present Vlluq 5.F26) 813 |

Figure 8.3b
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Logic-Driven Modeling

Example 8.3 (continued) New-Product Development

A B C D E F
1 Moore Pharmaceuticals
2
3 Data
4
5 Market size 2,000,000
6  Unit (monthly Rx) revenue $ 130.00
7 Unit (monthly Rx) cost § 4000
8 Discount rate 9%
9
10 Project Costs
11 R&D § 700,000,000
12 Clinical Trials $ 150 000 000
13 Total Project Costs _ § 850,000,000
14
15 Model
16
17 Year 1 2 3 4 5
18 Market growth factor 3.00% 3.00% 3.00% 3.00%!
19 Markot sizo 2,000,000 2,060,000 2,121,800 2185454 2251018
20 Market share growth rate 20.00% 20.00% 20.00% 20.00%
21 Market share 8.00% 9.60% 11.52% 13.82% 16.59% NPV_
22 Sales 160,000 197,760 24440 02,117 34T o7
23 HIR
2 Annual Revenue § 249600000 § 308505600 § 381312922 S471302771 $582530.225 5185 ml” lon
25 Annual Costs § 76800000 S 96924800 § 117.327.053 § 145.016.237 § 179.240.069
26 Profit § 172800000 § 213580800 § 263985869 $326.286534 $§403.290.156
27 .
28 Cumulative Net Profit 200 000 § 200) 9 633 13 25 653 203 5 13 358 PrOﬁtabIe
= in 4t year
% Net Present Valuo [STTS5N0E860] y

Figure 8.3a

Logic-Driven Modeling

Single-Period Purchase Decisions

P One-time purchase decisions often must be
made in the face of uncertain demand.

Newsvendor Problem:

How many newspapers to purchase each day?

P C= cost to purchase a newspaper

» Q= number of newspapers the vendor purchases
» D= number of newspapers demanded

» R =revenue from selling a newspaper

P S=salvage value of unsold newspapers

P Net profit = R(min{Q,D}) + S(max{0,Q—D}) — CQ
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Logic-Driven Modeling
Example 8.4

A Single-Period Purchase Decision Model
* Net profit =18(min{Q,D}) + 9(max{0,Q—D}) —12Q

(| A ] A B
1 Newsvendor Model 1 Newsvendor Model

2 2

3 Data | 3 Data

4 4

5 Selling price $§ 18.00 5 Selling price 18

6 Cost § 1200 6 Cost 12

7 Discount price $  9.00 7 Discount price 9

8 8

9 Model 9 Model

10 B 10

11 Demand 41 11 Demand 41

12 Purchase Quantity 44 12 Purchase Quantity 44

13 13

14 Quantity Sold 41 14 Quantity Sold =MIN(B11,B812)

15 Surplus Quantity 3| 15 Surplus Quantity =MAX(0,812-811)

16 16

17 17 Profit[FB14"B5+B15°B7-812°86 |

Figure 8.4
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Logic-Driven Modeling

Example 8.5 A Hotel Overbooking Model

P A popular resort hotel has 300 rooms.

» The room rate is $120 per night.

P Reservations can be cancelled by 6:00 p.m.
D Cost of overbooking is $100 per occurrence.

Determine net revenue on the rooms.

» Q=300, P=120, C=100
» D = Reservations — Cancellations

P Net revenue = P(min{300,D}) — C(max{0,0—Q})
= 120(min{300,D})—100(max{0,0—300})

Logic-Driven Modeling

Example 8.5 (continued)

A Hotel Overbooking Model

Net revenue = 120(min{300,D0})—100(max{0,0—300})

A B A B
Hotel Overbooking Model Hotel Overbooking Model

1
2
Data 3 Data
4
Rooms available 300 5 Rooms available 300
Price $120 6 Price 120
Overbooking cost __ $100 7 Overbooking cost 100
8
Model 9 Model
10
Reservation limit 300 1 Reservation limit 300
Customer demand 290 12 Customer demand 290
Reservations made 290 13 Reservations made =MIN(B11,812)
Cancellations 15 14 Cancellations 15
Customer arrivals 275 15 Customer arrivals =B13-B14
Overbooked customers 0 16 Overbooked customers =MAX(0.815-85)
17
18

Net revenue [$33.000 | Net revenue [EMIN(B15.85)'86-516'B

Figure 8.5
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Logic-Driven Modeling

Example 8.6 A Retirement-Planning Model
D Start work at age 22, earning $50,000 per year.

P Expect a salary increase of 3% per year.

P Required to contribute 8% to retirement.
P Employer contributes 35% of that amount.
P Expect an annual return of 8% on the portfolio.

Determine the value of the retirement account
when the employee is 50 years old.

Logic-Driven Modeling

Example 8.6 (continued) Retirement-Planning Model
P Salary = 1.03(previous year’s salary)
» Employee contribution = 0.08(salary)
» Employer contribution = 0.35(employee contrib.)
» Value of account = 1.08(previous value) + employee
contribution + employer contribution

A B8 C D £

1 Retirement Plan Model

2

3 Deta

4

5  Retirement contribution (% of salary) 0 08

6 Employer match 0 35

7 Annual salary increase 003 |

8 Annual return on investment 0 08 |

9

10 Model

1

12 Employee  Employer

13 Age Salary c c B

1 22 50000 =014°58%5 =$B%6°CH =Ci4+DU

1523 = B14Y(145887) =B15°$885 =$BS6°C15 =E14°(145888) + C15+015

16 24 = B15%(145887) =B16°S885 =$BS6°C16 =E15°(1+38$8) + C16+016
( vric 17 25 = B16°(1+8B87) =B17°$885 =$BS6°C17 =E16°(1+58388) + C17+017 Figure 8.6a
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Logic-Driven Modeling

- A & [+ ] 3
, E— Example 8.6 (continued)
: - 1
3 Dota - I
4
5 Retiremeat contribution (% of salary) I
; e Q. Retirement Planning
7 Annual salary increase
4 Annual retwin on rvestment M d |
b
B ode ode
11
i Ago Contribution Contribution Batance Value at 22 years old =
" b %.ﬂ 54,000 $1.400 85,400
15 228 5150 10 Sl42 SO $5 400
6 Hs 50 424 $1435 S0 ’
17 %S 6N $4371 $165%0 S5
8 %8 %25 84,502 1576  $33486
0] TS ST 46M $1623 842425
0 235 N $4.77% $1672  §52.267
n 28 s 4.9 sz 808
n s O $5,067 $1.7713  snusn
3 NS 529 $5.21% $1827  sson
M s 1% 5376 $1881  $M23N0
» s a2 $5.557 $1938  $117.980
2% NS 1288 50 $199% S15.118
n ¥s nar 5874 3
b} XS B 96,050 $2118 SN
3 ns nm. $2n $2181  S166M
30 XS 0285 6,419 RNT 22100
3 NS ne2 $6.611 234 sauror
2 05 Bz %5510 $2383 SamW
n 45 e 7,014 $2455  $M832)
14 235 9 ST 2529 s
ENY 498 N0 7441 $2604  $380207
3 “3 wen o $2.763 $466 306
37 :
13 45 § 101640 sm 2046 8513507
» @ meem  sor wer seowl | Value at 50 years old =
a @3 e sams B semeen
41 4 ;
2 D3 ume  mw o smawl| | 9751757

Figure 8.6b
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Data-Driven Modeling

Example 8.7

Modeling Retail Markdown Pricing Decisions

» In the spring, a department store introduces a new line
of bathing suits that sells for $70.

» The store purchases 1000 of these bathing suits.

» During the prime selling season, the store sells an
average of 7 units per day at full price (40 days).

P On 10 sale days, the price is discounted 30% and sales

increase to 32.2 units per day.

» Around July 4th, the price is marked down 70% to sell

off remaining inventory.

P Determine total revenue from the bathing suits.

Data-Driven Modeling

Example 8.7 (continued)
Modeling Retail Markdown

UNIT -llI

Pricing Decisions

Assume a linear trend model between
sales and price:

daily sales = a — b(price)
7=a-b(70)
32.2 = a—b(49)

Daily sales = 91 — 1.2(price)

8

A~ 8
Markdown Pricing Model

Retail price 70
Inventory 1000

Selling season (days) 50

Days at full retail 40

Intermediate markdown 03

Clearance markdown 07
Demand function

aM

b12

Model

Full Retail Sales
Retail price =64
Daily sales =811.812'817
Days at retail price =87
Units sold at retail *818"819

Retail revenve =820'817

Discount Sales
Discount =88
Discount price =817%(1.823)
Daily sales =811 - B12°624

Unit sold =MINB25"(B86-819) B5-820)
Discount revenue =B826'824

Clearance Sales
Clearance price =84°(1-89)

Units sold at clearance =MAX(0 B5-820.826)
Clearance revenue =829°830

Total revenue [=C21+C27+C31 |

Figure 8.7
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UNIT -llI

Data-Driven Modeling

Example 8.7 (continued)

Revenue from full retail sales
= units sold * days * price

= (7)*(40)*(70)

=$19,600

Revenue from sale weekends
=(32.2)*(10)*(49)

=ST5:778

Revenue from clearance sales
= leftovers * price

= (1000—7(40) — 32.2(10))*(21)
=(398)(21)

= 58,358

A 8 Cc
1 Markdown Pricing Model

2
3 Deta
Retail price 70
Inventory 1000
Selling season (days) 50
Days ot fulll retail 40
Intermediote markdown 03
Clearance markdown 07
Demand tunction
aN
b12

Model

4
5

6

7

8

9

10

11

12

13

14

15

16 Full Retail Sales

17 Retail price =84
18 Daily sales =B811.812'817
19 Days at retail price =B7

20 Units sold at retail 815819

21 Retail revenue ~B20'817 |
22

23

24

a5

26

27

Discount Sales
Discount =63
Discount price =B17'(1.823)
Daily sales =811 - 512824
Unit sold =MINE25"(D6-819) B5-820)
Discount revenue =B26'824

28 Clearance Sales

29 Clearance price =84%(1.89)

0 Units sold at clearance =MAX(0 B5-820-826)

31 Clearance rovenwe =829'830

32
33

Figure 8.7
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Data-Driven Modeling

Example 8.7 (continued)
Modeling Retail Markdown Pricing Decisions

1 Markdown Pricing Model 1 Markdown Pricing Model

F 2

3 Dots 3 Dets

4+ Retail price 70 4 Retad price $T000

S Iaventory 1000 5 Invemtory 1000

6 Sellwng season (days) 0 L Selling season (days) @

4 Days at dull retall 40 7 Darys at tull retail 40

& Intermediate markdown 0 ) §  etermediste markdown 0%

° Clearance markdown 07 9 Cleatance markdown 70%

10 Demand tunction 10 Demand function

11 a 1 a "

12 b12 12 b 12

13 12

14 Mode! 14 Model

15 15

16 Full Retail Soles 16 Full Retaill Sales

17 Retail price =54 17 Retad price $7000

8 Daily sales =811.812°817 18 Daily sales 100

19 Days at retall price =87 19 Days ot retail price 40

20 Units sodd at retail ~815°819 0 Units sodd at retail 280

21 Retall revenwe ~6820°817 21 Retail revenve $19 £00 00|

22 Discount Sales ‘ 22 Discount Sales

P 3 ] Discount =52 23 Discount 0%

4 Discount price =817°(1.823) 24 Discount price 0

25 Daily sales =811 . B12°624 28 Daily sales 22 Total revenue

26 Unit sold  =0NBE2S 86-819) BL.820) % Unat sold kv /4

27 [ 2624 27 Discount revenve $15 778 00 = $43 736

26 Clearance Sales 26 Clearance Sales ’

9 Clearance price =B4°(1.89) 29 Clearance price 210

30 Units sold at clearance =MAXD 85820 82%) 30 Units sold at clearance e

n Clearance revenwe =£29°6%0 n Clearance revenve $8 358 00

 + ]

3 1otal revenve (wC21e 33 Total vvmu-
Figure 8.7

Data-Driven Modeling
Modeling Relationships and Trends in Data

* Create charts to better understand data sets.
* For cross-sectional data, use a scatter chart.
* For time series data, use a line chart.

* Consider using mathematical functions to
model relationships.
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Data-Driven Modeling

Excel Trendlinetool

P Layout

UNIT -lI

Format Trenging ¢ -t
Click on a chart s | [ rendine Optios
» Chart tools ] © s
R J 9 Lrew
. _J ol
» Trendline ] © oo
J Pormew
Choose a Trendline. ] © wmesen
Choose whether to s
display equation and —
R-squared. ot 5 s
R-squared values closer to 1 | s
indicate better fit of the Papley ot whis e durt 4
Trendline to the data. i
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Data-Driven Modeling

Example 8.8 Modeling a Price-Demand Function

Linear demand function:

Sales =-9.5116(price) + 20

512

A

1

2

3 Price

4 $50 00
5 $60 00
6 $70 00
7 $80 00
8 $90 00
9 $100 00
10 $110 00
11 $120.00
12 $130 00
13 $140 00
14 $150.00
15 $160.00
16 $170 .00
17 $180 00
18 $190.00
19 $200 00
20 $210.00
21 $220 00
22 $230.00
23 $240 00
24 $250 00

B

Price.Sales Data

Demand

19964 085
19706 855
20240 83
19698 807
20095 808
19390 94
19430 071
19273 695
18716 381
18925 364
19484 776
18934 879
18915 765
18893 373
18961 622
18443 24
18811 981
18561 917
18158 619
18412 56
17771 387

C

Sakes

20500
20000
19500
19000
18500
18000
17500

$000

E F G H |

y=-95116x+20512

Price-Sales Data &' 0833

\"0—»_‘
. & I‘n L
.‘ ~® v
r e
-

$S000 $10000 S$15000 $20000 $25000 $30000
Price

Figure 8.9

Analyzing Uncertainty and Model Assumptions

What-If Analysis

* Spreadsheet models allow you to easily

evaluate what-if questions.

* How do changes in model inputs (that reflect

key assumptions) affect model outputs?

* Systematic approaches to what-if analysis
make the process easier and more useful.
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Analyzing Uncertainty and Model Assumptions

Data Tables

P Data Tables summarize the impact of one or two
inputs on a specified output.

P Excel data table types:
One-way data tables — for one input variable
Two-way data table — for two input variables
To construct a data table:

} Data D;::em: ? gﬂ\‘"

} What'/fAna/ySiS Cokumn nput cel: =)
(o J[ comn

» Data Table |

Figure 8.14

Analyzing Uncertainty and Model Assumptions

Example 8.11
A One-Way Data Table for Uncertain Demand

Create a column of demand - S ® r
values (column E). 2 D:M
Enter =C22 in cell F3 § ok Price S|
(to reference the output cell). ; :.EEE W%‘
Highlight the range E3:F11. Ny | ] S
Choose Data Table. @ s = - et
Enter B8 for Column input cell. | Qeanly okt s
(tells Excel that column E is " UnCom  $2000
demand values) ; M% = eyt
z Proft [ 5240,606 00
Figure 2.153
Deta Tabe V-
e

[ ox ][ cece

Ce ght © 2013 Pearson ~
Education. Inc. publishina as Flgurg 8]:,['4
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Analyzing Uncertainty and Model Assumptions

Example 8.11 (continued)

A One-Way Data Table for Uncertain Demand

A B c D E F
The Data Table tool computes ey
the profit values in column F 2
3 Data Demand  $240.000.00
(below $240,000). 4 25000 $(360,000 00)
5 Unit Price $40.00 30000 $(160.000.00)
6 Unit Cost $24.00 35000 § 40,000.00
7 Fixed Cost $400,000.00 40000 $§ 240,000 00
8 Demand 50000 45000 $ 240,000.00
9 50000 $ 240,000.00
10 55000 § 240,000.00
11 Model 60000 S 240,000.00
12
13 Unit Price $40.00
" Quantity Sold 40000
15 Revenue $1,600,000.00
16
17 Unit Cost $24.00
18 Quantity Produced 40000
19 Variable Cost $960,000.00
20 Fixed Cost $400.000.00
g; Profit _ Figure 8.15b
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Analyzing Uncertainty and Model Assumptions

Example 8.12
One-Way Data Tables with Multiple Outputs
* Create a second output, revenue.

>
@
o
o
m
-
(2]

Enter =C15 in
cell G3.
Highlight E3:G11.

30000 $(160,000.00) $ 1.200,000.00

Choose Data Table s :zﬁtm mm
. 5000 $ 24000000 $ 1,600,000 00
Proceed as in the 9 50000 § 240,00000 $1,600,000.00

. 0 55000 § 240,000.00 ,600,000 00
previous example. : : 4

11 Model 60000 $ 24000000 $ 1,600,000 00
Excel computes the B
revenues values. - i

7 Unit Cost

18 Quantity Produced 40000
19 Variable Cost

20 Fixed Cost

21

2 Profit

Figure 8.15

Analyzing Uncertainty and Model Assumptions

Example 8.13
A Two-Way Data Table for the Profit Model

* Evaluate the impact of both unit price and unit cost

Create a column of e — ——— ——— )
unit prices (F5:F15). | — — -
Create a row of unit } ke s
costs (G4:J4). :
Enter =C22 in cell F4. e e et
Select F4:J15. CEar— T
Choose Data Table. oy Pt 48090
: Variatie Comt 963 500 00
» e Cw

Figure 8.17a

Enter B6 for Row input cell.
Enter B5 for Column input cell
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Analyzing Uncertainty and Model Assumptions

Example 8.13 (continued)
‘A Two-Way Data Ta_ble for t_hﬁe 7Pr<_3ﬁt Model

B c D £ F G T iF

4 A
1 Profit Model
2
3 Data
4 Unit
5 Unit Price $40.00 Price
6 Unit Cost $24.00
7 Fixed Cost $400,000.00
8 Demand 50000

UNIT -llI

Figure 8.17b
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Analyzing Uncertainty and Model Assumptions

Goal Seek

Goal Seek allows you to alter the data used in a
formula in order to find out what the results will

be.

P Set cellcontains the formula thegesillaatuzs thg

1 . Goal Seek ™)
result you're seeking. e =
P To value is the target value you | mw :1
By ghanging cell: =
want the formula to return. ==

» By changing cell is the location &+

-

Figure 8.21

of the input value that Excel
can change to reach the target.

Analyzing Uncertainty and Model Assumptions

Example 8.15 Finding the Breakeven Point in the Outsourcing
Model (using Goal Seek)

Find the value of demand - -
a 5 1 Outsourcing Decision Model
at which manufacturing Qra—
3 Data
cost equals purchased cost :
5 Manufactured in-house
6 Fixed $50,000
» Setcell B19 7 ISl Seaials o $125
8
" Gosl Seek LR 9 Purchased from supplie
* Tovalue: 0 — =1 N e G
= 11
- To yalhue .
* Bychanging oy dengrg it ) T Productie 1000
cell B12. o) [ o -
4 16 Total manufacturing cost $175,000
Figure 8.21 17 Total purchased cost $175,000
18
The breakeven volume is 1000 units. = Con "‘{,‘:;;7;:
Figure 8.22
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Model Analysis Using Risk Solver Platform
Tornado Chart
* Shows the impact that variation in a model
input has on some output while holding all
other inputs constant.
* Shows which inputs are the least and most
influential on the output.
* Helps you select the inputs that you would
want to further analyze.
Model Analysis Using Risk Solver Platform
Example 8.17
Creating a Tornado Chart in Risk Solver Platform
Profit Model @ dd-89 ——— P—my )
C R BT B > )

Select cell C22.

Parameters $50,000.00 §150/000.00 $250,
Identify soss |

A 10% change in unit price
(B5)

affects profit the most.
Next is unit cost (B6).

Parameter Type  Sermtrvty

Figure 8.28
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PREDICTIVE MODELING

Predictive modeling is a method of predicting
the premier ways a business can see its path forward and make plans accordingly. While not
foolproof, this method tend$o have highaccuracyrates whichis why it is socommonlyused.

In short, predictive modeling is a statistical technique using machine learning and data mining to
predict and forecast likely future outcomes with the aid of historical and exigtiaglt worksy
analyzing current and historical data and projecting what it learns on a model gendatszhii

likely outcomes. Predictive modeling can be used to predict just about anythind,\froatings

and ac u s t onexdpuréhase to credit risked corporate earnings.

A predictive model is not fixed; it is validated or revised regularly to incorporate changes in the
underlying data. | n -anddbne prediatiorr. Bredictivei modets make t a
assumptions based on what has happened in the past and what is happening now. If ileaming,

data shows changes in what is happening now, the impact on the likely future outcolme must
recalculated, too. For example, a software company could model historical sales data against
marketing expenditures across multipdgions to create a model for future revenue based on the
impactof themarketingspend.

Most predictive models work fast and often co
banks and retailers can, fexample, calculate the risk of an online mortgage or credit card
applicationand accept odecline the requesimost instantlpbasedon that prediction.

Some predictive models are more complex, such as those usedhputationalbiology and
guantum computinghe resulting outputs take longer to compute than a credit card applization
aredonemuchmore quickly thanwas possiblein the pastthanksto advancesin technological
capabilitiesjncludingcomputing power.

Top 5 Typesof Predictive Models
Fortunately, predictive mo daalcls forceweery @pplicdtiianvy e t o

Predictive analytics tools use a variety of vetted models and algorithms that can be applied to a
wide spreadf usecases.
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Predictive modeling techniques have been perfected over time. As we add more data, more
muscul ar computing, Al and machine | earning a
able to do morevith thesemodels.

Thetopfive predictive analytics modelxe:

1. Classification model: Considered the simplest modelcdtegorizes data for simple and
direct query response. An exampl e use case
fraudul ent transaction?o

2. Clustering model: This model nests data together by common attributes. It works by
grouping things or people with shared characteristics or behaviors and plans strategies for
each group at a larger scale. An example is in determining credit risk for a loan applicant
basedonwhat other people ithe samer asimilar situationdid in the past.

3. Forecast model:This is a very popular model, and it works on anything with a numerical
value basedon learning from historical data. For example,in answeringhow much
lettuce a restaurant should order next week or how many calls a customer support agent
shouldbe ableio handle pedayor week,the system lookback tohistorical data.

4. Outliers model: This model works by analyzing abnormal or outlying data points. For
example,a bank might use an outlier model to identify fraud by askingwhethera

transaction is outside of the customerds n
given category is normal or not. For example, a $1,000 credit card charge for aamaksher
dryer in the cardhol derdés preferrespenbi g bo

on designer clothing in a location where the customer has never charged othmargtems
beindicativeof abreached account.

5. Time series model:This model evaluates a sequence of data points based on time. For
example, the number of stroke patients admitted to the hospital in the last four months is
used to predict how many patients the hospital might expect to admit next weeRpn#xt
or the rest of the year. A single metric measured and compared over time msoiteus
meaningfulthanasimpleaverage.

Common Predictive Algorithms

Predictive algorithms use one of two things: machine learning or deep learning. Both are
subsets of artificial intelligence (Al). Machine learning (ML) involves structured data, such as
spreadsheet onachine data. Deep learning (DL) deals with unstructured data such aswvidieo,
text, social media posts and imagesssentially the stuff that humans communicate thi#t are
notnumbers or metriceads.
Someof themorecommonpredictivealgorithms are:

1. Random Forest: This algorithm is derived from a combination of decision trees, none of
which are related, and can use both classification and regression to classify vast amounts
of data.
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2. Generalized Linear Model (GLM) for Two Values: This algorithm narrows down the
|l ist of wvariabl es t o tigpingnpdintsénoahange ddtgaptured0 |t
and other influences, such eategorical predictors, 0 det er mi ne t he HfAbes
therebyovercoming drawbackis othermodels, suclasaregular linearegression.

3. Gradient Boosted Model: This algorithm also uses several combined decision trees, but
unlike Random Forest, the trees are related. It builds out one tree at a time, thus enabling
the next tree to correct flaws in the prev
search engineutputs.

4. K-Means: A popular and fast algorithm,-Kleans groups data points by similarities and
so is often used for the clustering model. It can quickly render things like personalized
retail offers to individuals within a huge growguch as a million or more customers with
a similarliking of linedredwool coats.

5. Prophet: This algorithm is used in timgeries or forecast models for capacity planning,
such as for inventory needs, sales quotas and resource allocations. It is highly flexible and
can easily accommodalteuristicsandanarray of useful assumptions.

Predictive Modeling and Data Analytics

Predictivemodelingis alsoknownaspredictiveanalytics.Generally thetermfipr edi ct i v e
modelingo is favored in academic settings, wh
commercialapplicationsof predictivemodeling.

Successfuliseof predictiveanalyticsdependseavily on unfetteredaccesgo sufficient volumesof
accuratecleanandrelevantdata.While predictivemodelscan be extraordinarilycomplex,suchas

those using decisiontrees and k-meansclustering, the most complex part is always the neural

network thatis, the model by which computers are trained to predict outcomes. Machine learning
uses a neur al network to find correlations 1in
identify patterns withirthe data.

Benefitsof Predictive Modeling

In a nutshell, predictive analytics reduce time, effort and costs in forecasting business outcomes.
Variables such as environmental factors, competitive intelligence, regulation changes and market
conditions can be factored into the mathematical calculation to render more complete views at
relatively low costs.

Examples of specific types of forecasting that can benefit businesses include demand forecasting,
headcount planning, churn analysis, external factors, competitaigsis, fleet and IT hardware
maintenancand financiakisks.
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Challengesof Predictive Modeling

|l tds essential to keep predictive analytics f
not everythingthis technologydigs up is useful. Somemined information is of value only in

satisfyinga curious mind and hasfew or no businessmplications. Getting sidetrackedis a
distractionfew businesses caiford.

Also, being able to use more data in predictive modeling is an advantage only to a point. Too much
data can skew the calculation and lead to a meaningless or an erroneous outcome. For example, more
coatsare soldastheoutsidetemperaturelrops.But only to a point. Peopledo not buy more

coats wl)deagreestadis enhei t out si de ddagiees belowv freezng.d o wh
At a certain point, cold is cold enough to spur the purchase of coats and more frigid temps no
longer appreciablghangethatpattern.

And with the massive volumes of data involved in predictive modeling, maintaining security and
privacywill alsobea challengeFurther challenges rest machind e a r dimitatigns.s

Limitations of Predictive Modeling
Accordingto a McKinseyreport,commonlimitationsandtheirfi b € g tximckide:

1. Errors in data labeling: These can be overcome wittinforcemenlearningor
generativeadversariahetworks (GANS).
2. Shortage of massive data sets needed to train machine learnifgpossible fix isione

shot learning 6 wher ein a machine | earns fathem a s
thanon amassivadataset.
3. The machinebds inability to exMahnesdonsthat an

At h ionfkloe dike mumans.Likewise, their computationscan be so exceptionally
complexthathumanshavetroublefinding, let alonefollowing, the logic. All this makes
it difficult for a machineto explain its work, or for humansto do so. Yet model
transparency is necessary for a number of reasons, with human safety chief among them.
Promising potential fixes: locahterpretablenodetagnostic explanationf IME) and
attention techniques.

4. Generalizability of learning, or rather lack thereof: Unlike humans, machines have
difficulty carryingwhatt h e yeérwedorward.In otherwords,theyhavetroubleapplying
what theydve | earned to a new s edpplicable ci r cu
to one use case only. Thisagely why we need not worry about the risébfoverlords
anytimesoon.For predictive modelingusing machinelearningto be reusablé that is,
usefulin morethanoneusecas® a possibldix is transferlearning.

5. Bias in data and algorithms: Nonrepresentationcan skew outcomesand lead to
mistreatment of large groups of humans. Further, bakéthses are difficult to find and
purge later. In other words, biases tend to-getpetuate. This is a moving target, and no
clear fixhas yetbeenidentified.
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The Future of Predictive Modeling

Predictivemodeling, also known as predictigaalytics, and machinkearning are still youngnd
developingtechnologiesmeaningthereis much more to come. As techniquesmethodgpols
andtechnologiesmprove, so will thebenefitsto businesseandsocieties.

However, these are not technologies that businesses can afford to adopt later, aftergheliesh
maturity and all the kinks are worked out. The Aeam advantages are simply tstvongfor a
late adopteto overcome and remagompetitive.

DATA MINING
Thedatamining processs usedto getthe pattern angbrobabilities fronthelargedatasetiueto

which it is highly used in business for forecasting the trends, along with this it is also used in fields
like Market, Manufacturing, Finance, and Government to make predictions and analysis using the
tools and techniques like-Rnguage and Oracle data mining, which involves the flow of six

different steps.

One of the essential tasks of data mining relates to the automatic aralusematic analysis of

large quantities of raw data and information to extract the previously unknown exciting set of
patterns such as clusters or a group of data records, anomaly detection (unusual forms) and also in
the case of dependencies which makes use of sequential pattern mining and association rule
mining. This makes use of spatial indices. These patterns can be known to be among the kinds in
the input data and can be usedurther analysis, such as predictive analysis and machine learning.
More accurate sets of results can be obtained once you start making use of support decision

systems.

How doesData Mining Work?

Thereis anabundancef datain theindustryacrosslomainsandit become®ssentiato treatand
procesghedataaccordingly Basically,in anutshell,it involvesthe ETL setof processesuchas

theextraction transformationandloadingof thedataandeverythingelserequiredfor thisETL to
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happen. Thignvolves the cleansing, change, and processing of data in various systems and
representationslhe clients canusethis processedlatato analysethe businesseandthe trends

of growth intheir companies.

Advantages

The advantage of data minimgcludes the ones related to business and ones like medicine, weather

forecasthealthcaretransportationinsurancegovernmentetc. Someof theadvantagesiclude:

1. Marketing/Retail: It helps all the marketing companies and firms to build moahlsh
are based on a historical set of data and information to predict the responsiveness to the
marketing campaigns prevailing today, such as online marketing campaigns, direct mail,
etc.

2. Finance/Banking: The data mining involves financiatstitutions provide information
about loans and also credit reporting. When the model is built on historical information,
good or bad loans can then be determined by the financial institutions. Furthermore,
fraudulent andguspicioudransactionsremonitoredby the banks.

3. Manufacturing: The faulty equipment and the quality of the manufactured products can
be determined by using the optimal parameters for controlling. For example, for some of
the semiconductor development industries, water hardness and quality become a major
challengeastheytendto affect thequality oftheirp r o d producfios.

4. Government: The governments can be benefitted from the monitoring and gauging the

suspiciousactivitiesto avoid antrmoneylaundering activities.

Different Stagesof Data Mining Process

Thedifferentstageof the datamining processareasfollows
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Different Stages

of
Data Mining Process

C 1. Data cleansing
2. Data integration
c 3. Data transformation

4. Data discretization
c 5. Concept hierarchies
6. Pattern evaluation and data presentation

1. Data cleansing:This is the initial stage in data mining, where the classification of the data
becomes an essential component to obtiaal data analysis. It involves identifying and
removing inaccurate and tricky data from a set of tables, databases, and record sets. Some
techniquesncludethe ignoranceof tuple, which is mainly found whenthe classlabelis not
in place; the nexapproach requires filling the missing values on its own, replacing missing
valuesandincorrectvalueswith globalconstantor predictableor meanvalues.

2. Data integration: It is a technique that involves merging the new set of information with
the existing group. The source may, however, involve many data sets, databases or flat

files. Thecustomarymplementatiorfor dataintegrationis creatingan EDW (enterprise
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data warehouse), which then talks about two conctegld and loos€e oup |l i ng, but
not dig intothedetail.

3. Data transformation: This requires transforming data within formats, generally from the
source system to the required destination system. Some strategies include Smoothing,
Aggregation, Normalization, Generalization, and attritmatestruction.

4. Data discretization: The technique that can split the continuous attribute domain along
intervals is called data discretization. The datasets are stored in small chunks, thereby
making our study much more efficient. Two strategies involve-dapn discretization
and bottoraup discretization.

5. Concept hierarchies: They minimize the data by replacing and collecting -lewel
concepts from higtevel concepts. Concept hierarchies define the rdittiensional data
with multiple levels of abstraction. The methods are Binning, histogram analysis, cluster
analysis, etc.

6. Pattern evaluation and data presentationif the data is presented efficiently, the client
and the customers can make use of it in the best possible way. After going through the
abovesetof stagesthedatais presentedh graphsanddiagramsandtherebyunderstanding

it with minimum statisticalkknowledge.

Toolsand Techniques

Data mining tools and techniques involve how these data can be mined pattbeair and
effective use. The following two are among the most popular set of tools and techniques of data

mining:
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1. R-language:It is an opersource tool that is used for graphics and statistical computing. It has
awidevarietyof classicabtatisticakests classificationgraphicakechniquestime-seriesanalysis,

etc. Itmakesuseof effective storagéacilities anddatahandling.

2. Oracle data mining: It is popularly known as ODM, which becomes a part of Oracle advanced
analytics database, thereby generating detailed insights and predictions specifically used to detect

customeibehavior developcustomeprofiles,andidentify crosssellingwaysopportunities.

Conclusion

Data mining is all aboutexplaining historical dataand a real streamingset of data, thereby
making use of predictionsand analysison top of the mined data. It is closely relatedto data

scienceandmachindearningalgorithmssuchasclassificationregressionglusteringXGboosting,

etc., agheytendto form essentiatlata miningechniques.

One of the drawbackscan include the training of resourceson software, which can be a
complicated and time onsumi ng t ask. Data mining becomes
systemtoday, and by making efficient use of it, businessesan grow and predict their future

salesandrevenue.
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