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2 The Value Chain Processes Strategy

Product development strategy specifies the portfolio of new products

that a company aims to develop.

Marketing and sales strategy specifies how the market will be
segmented and how the product will be positioned, priced, and

promoted.

= Supply Chain strategy -/
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WHAT IS FORECASTING?

Procedure to predict future events.

e’

v Historical data + mathematical model

v Intuition (e.g. this new version of the game
will sell 30% more than the old one.) \

v Managers’ judgement

v Combination of the above.
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DEMAND FORECASTING IN SC: WHY?

Effective supply chain planning depends on demand forecasting of the firm’s products and services.

Essential for all strategic and planning business decisions (production, supplies, inventory, human
resources, facilities etc.

Key for push and pull processes:

v Pull processes: act in response to customer demand -> demand forecast to determine the available inventory level of
material/ parts to produce the ordered products.

v Push processes: act in anticipation of customer demand -> demand forecast to plan distribution, production etc.
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DEMAND FORECASTING IN SC: WHY?

Demand Driven leaders have:
15% less inventory
17% stronger order fulfillment

Which translates to: 60% better profit margins

N
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EFFEC"I’ OF INACCURATE DEMAND FORECASTING IN
SCM =

Producer Retailer

Distributor

Source: Russell and Taylor, 2011.
Operations Management, 7th edition, John
Wiley & Sons - Chapter 12.




EFFECT OF INACCURATE DEMAND FORECASTING IN
SCM

* United Airlines
v’ April, 2017
v Overbooked flight
V' Airlines usually oversell, betting on the number of passengers who
will miss their flights.
v/ Result: a passenger being blooded was dragged from his seat.
v Social media -> customers call for a boycott of United Airlines
v Market capitalization dropped by more than $250 million.

* Nike, 2001
v/ new demand planning system
v Inadequate system testing
v excess stock of low selling shoes & not enough shoes of fast
moving shoes
v

Sales loss: $100 million. ~ Q)
et ) ‘



Forecasting: Facts

- Forecasts are always inaccurate.

. Forecasts should always include measures of forecast errors.

. Long-term forecasts are usually less accurate than short-term forecasts.
. There is seldom one superior forecasting method.

. Forecasts may be influenced by:

v unpredictable outside factors (e.g. weather changes, unpredicted
political events)

v product life cycle
v demand of related products (e.g. sales of navigation systems and cars)

- N/ - J.
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Forecasting: Facts

. Aggregated and product family forecasts are more accurate.

. The farther a supply chain partner is from the consumers, the less accurate
the demand forecasts.

. Balanced mix of quantitative forecasts + human intuition (managers take
the final decision).

. Competitors’ actions, state of the economy, pricing strategy, marketing
activities should be considered when generating demand forecasts.

. Forecasts must be updated regularly to maintain their accuracy and \e?/

integrity. o Ly ®) 9 ),
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__“ PRODUCT LIFE CYCLE EFFECT ON FORECASTING

'

DECLINE * Product introduction and growth

4 INTRODUCTION GROWTH MATURITY

require longer forecasts than
maturity and decline.

SALES

 Forecasting is critical for
introduction and maturity stages.
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»  *As products go through their life
TIME

Product life cycle: the stages a product goes

through from when it was first thought of until

it finally is removed from the market. production capacity and inventory
Whe

S
planning. SE\ Z

cycle and reach maturity and
decline, forecasts are useful for



SALES

Qualitative

forecastin is less

significant.

INTRODUCTION : GROWTH : MATURITY : DECLINE
1 I
1 g 4
4 8 g
¢ Forecastingis i
Hard to 8 critical. 8
forecast. : Long-range : :
Need for long- ¢ forecasts g : g
still im Easier to
range B g forecast g Hard to
forecasting. ] f ' 4 forecast, but
g g & forecasting
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FORECASTING TIME HORIZON

Short-range

Medium
(Intermediate)-range

Long-range

Time horizon

Usually <3 months and,
<1 year

> 3 months
and < 3 years

> 3 years

Suitable for

Planning purchasing, job
scheduling, workforce
levels, job assignments
and production levels.

Sales and Production
planning, budgeting,
operations planning.

Planning new
products and
facilities locations,
research and
development.




FORECASTING TIME HORIZON

Short-range

Medium-range Long-range

e Utilizing quantitative
approaches.

* More accurate than
long-range forecasts.

Utilizing combinations of qualitative and
guantitative approaches e.g. launching
a new product may require a market
survey, a focus group etc.

Necessary to decide on more
comprehensive issues e.g. a firm’s
decision to buy a small, national
production facility to expand to a new
market. Such decisions may take years
of study and they are multi-criteria
problems.

¥ NS N T\




Forgcqsﬁng: FACTORS INFLUENCING THE CUSTOMER O
- DEMAND LIFE CYCLE

. Seasonality

. Competition




1. Identify the purpose
of the forecast

6. Evaluate forecast
accuracy with one or
more measures

7.
Is accuracy of
forecast
acceptable?

Yes

8a. Forecast over
planning horizon

No

2. Collect historical data

5. Develop/compute
forecast for period of
historical data

3. Plot data and identify
patterns

4, Select a forecast
model that seems
appropriate for data

8b. Select new forecast
model or adjust the
parameters of the existing
model

9. Adjust forecast based
on additional qualitative
information and insight

10. Monitor results and
measure forecast
accuracy

o

el

N/
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Source: Russell and Taybr/

2011. Operations Management,
7th edition, John Wiley & Sons -
CTTSpter 12.
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DEMAND FORECASTING PROCEDURE

2 Collect historical data + 3 Plot data and identify patterns

Recognize the customer segments and their needs and differences-

> different segments may need different forecasting approaches.

Recognize factors that have major influence on demand
(seasonality, different sales channels e.g. e-shops, competitive

products, substitute products etc.)

N
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TYPES OF FORECASTING METHODS &

1. Characteristics  Based on human judgment, Based on mathematics;
opinions; subjective and quantitative in nature.
nonmathematical.

2. Strengths Can incorporate latest changes Consistent and objective;
in the environment and “inside  able to consider much

information.” information and data at

Can bias the forecast and reduce
forecast accuracy.




QUALITATIVE FORECASTING

Suitable when little prior information/ knowledge
is available e.g. launching new products or new
technologies, entering new markets etc.

Involves intuition, experience of experts.



QUALITATIVE FORECASTING APPROACHES

e Jury of executive opinion

Group of high-level experts gives its opinion, sometimes
complemented by statistical forecasting models.

 Delphi method
Group of experts queried iteratively.

* Sales force composite

Sales staff provide their intuitive forecasts -> review and aggregation.

 Market Survey

Consumers are queried.

el \./ - \‘_,\
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- JURY OF EXECUTIVE OPINION

High-level experts and managers form a small group.
They estimate demand by working together.

Managerial experience and knowledge + statistical
models.

Advantage: Relatively quick, Good for launching new
products and technologies.

Disadvantage: one members’ opinion may dominate
the discussion and the results.

uu ®




DELPHI METHOD

lterative process until consensus is reached.
Collective intelligence
3 types of participants:

v Decision makers (5-10 experts) make the forecast.
v Survey respondents (people in different places whose opinion matters)
v Administrative staff (supporting the whole procedure — managing the survey

and producing the results).
—

: Excellent for launching new products and technologies.

o

N U = )

: fime consuming



DELPHI METHOD

Start - send a questionnaire to a group of demand forecasting experts
Create a summary of the responses from the first round
Share the summary with your panel.

Repeat - successive rounds

The answers from each round, shared anonymously, influence the next set of

responses.
The Delphi method is complete when the group comes to a consensus.
Draw on the knowledge of people with different areas of expertise.

Anonymity ->frank answers. Nt ] -



SALES FORCE COMPOSITE

'

e’

* Each sales employee is asked to forecast sales in
his region and for the products he handles.

* Review each sales person’s projection.

 Combination and Aggregation at district &
national levels and per product/ service line.

: sales staff know consumers first S e
hand. ~

: over optimistic projections



- MARKET SURVEY

* Representative sample of consumers
participate to a survey (and on-line).

\\\Qv\\
 Consumers’ interviews %\5\\' R
» Useful and for product/ service design. 9\0‘&\‘
7 L\

: simple and direct

vcollects optimistic perceptions, not actions.

vdifficult to build a good questionnaire

u-\/ ()



\/ “€OLLABORATIVE PLANNING FORECASTING &

REPLENISHMENT (CPFR)
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COLLABORATIVE PLANNING FORECASTING &
REPLENISHMENT (CPFR)

Establish collaborative relationships between buyers and sellers (they
share data)

Create a joint business plan
Create a collaborative sales forecast
ldentify exceptions for sales forecast
Resolve/collaborate on exception items
Create collaborative order forecast
Identify exceptions for order forecast —
Resolve/collaborate on exception items e
Generate orders
~



CPFR WHEN:

Demand is hard to Predict

New product introductions are frequent

Lead-times for production and/or replenishment are long
Product life cycles are short

Forecast accuracy is low

High levels of inventory exist in the supply chains
Consumer expectations are frequently not met

Seasonal demand variances are significant.



CPFR WHEN:

Demand is hard to Predict

New product introductions are frequent

Lead-times for production and/or replenishment are long
Product life cycles are short

Forecast accuracy is low

High levels of inventory exist in the supply chains
Consumer expectations are frequently not met

Seasonal demand variances are significant.

N U




CPFR IN WALMART:

CPFR plays an important role in
SCM of WALMART:

By Avoiding Stock outs

By Avoiding Lost Sales

Lost Customers

By Better controlling inventory
By Eliminating bullwhip effect
By Reducing manual orders

By Reducing excess inventory

By Improving service levels.

WHAT Role does CPFR Plays:

By Improving Responsiveness to

Consumer Demand

By Greater Forecast accuracy
with single shared forecast

By Increasing Sales
By Reducing Inventory
By Reducing Costs

By Improving production
capacity Utilization and

By Improving relationship b/w
O @e trading partners,

N/
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< CPFR IN WALMART:

Measuring Metrics % age
(Performance) Improvements




TOP DEMAND PLANNING SOFTWARE

SAP Integrated Business Planning (Cloud deployment - Real-time
scenarios and simulation)

Oracle Demantra (incremental forecasting, excel-like worksheets,
web-based personalized Ul)

Demand Planning (ingests demand-driving variables, uses machine
learning)

Logility Solutions (Logility Digital Supply Chain Platform - blend o
artificial intelligence (Al) and advanced analytics)

NETSTOCK (cloud-based inventory management solution, easy to
use dashboard)

Forecast Pro (off-the-shelf forecasting software trusted by 12,000+
organizations globally to create statistically-based forecasts,
integrates into broader planning systems) \/}

N’
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QUANTITATIVE FORECASTING

Utilized when there are available historical
data and the context is relatively ‘stable’.

Past is a good indicator of the future.

Involves mathematical, objective approaches.



QUANTITATIVE FORECASTING

Forecast =
v S :expected value of demand

v Forecasting techniques focus on identifying the systematic
component.

v R part of demand (noise) is not explicitly determined.
v The size and variability of R reflect the forecast error.

Forecasting aspires to filter out the random component and calculate
the systematic component. I

SN U </



QUANTITATIVE FORECASTING APPROACHES <

V Historical data are formed as a time series of data
v Assume that future resembles the past.
v Demand is only related to time.

v The simplest demand forecasting approach.

V' Explores cause-and-effect relationships between demand and context

factors.
v Uses leading context indicators to predict the future e.g. how price is =
related with demand. —"
- o\ 7.



TIME SERIES DEMAND FORECASTING

Forecast =
* Systematic component (S) = (level + trend) X seasonal factor
v Level : deseasonalized demand

v Trend: rate of growth or decline in demand (increasing or decreasing

pattern)
v Seasonal factor — predictable seasonal fluctuations in demand 2
P
(demand pattern of constant length that regularly repeats itself) /

N U = )
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< TIME SERIES

—

4

~ Time series: a sequence of evenly spaced (weekly, monthly, quarterly, and so on) data points.

Period Orders (in cases)
(Week) 4

Trend ,
1 275 — Seasonality >
2 315 1

3 200 Actual demand
line
4 285
5 245 c v Average demand
e
6 215 gl ~
7 240 /
I I I I >
8 210 1 2 3 4

e u Time (weeks) \/ /



o TIME SERIES

No Pattern
(@)
C (0} ® (e} (o) A
@ ©
g|oe™© ° ° Seasonal Pattern
()]
0O ° ® ° -
~ c ° ° Increasing °
Tim © o o o Linear Trend °




Q TIME SERIES FORECASTING

Time Series models

v'Naive approach




D NAIVE APPROACH

Demand in next period = actual demand in the last period

v Fua= L L= A

v I:t+1= At

v F.,.,: Forecast of demand for period t+1

v L, : Level of demand in period t

v A, :Actual demand in period t

Sometimes cost effective and efficient

Can be good starting point

Period Orders (in cases)
(Week)
1 275
2 315
3 200
4 285
5 245
6 Fe,,= A = 245
-/
Nt

/.




D SIMPLE MEAN

Demand in next period = average of all
available demand data in n periods

¢ Fur= L, L=3A/n
v I:t+1=zAt/n

Period (Week)

Orders (in cases)

1 275
2 315
3 200
4 285
5 245
6 Feop= (Ac+A+A+A+A)/5 < F. =
1320/5=264
N
~ N\
N/ = J.




MOVING AVERAGE —

Demand in next period = average of demand in the most recent N
periods

. N-period moving average
v Fia=L, L=D;+ D1+ D+ ... + Diyyg /N

v F3=Di+ D1+ Dy+ .+ Dy /N

. Useful if there is little or no trend.
. Useful for smoothing out short-term irregularities in the data series. "/

SN U = )
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WA =

@) Moving Average

Large N
Actual Higher N ->

== bigger

Small N smoothing
effect




Moving Average Example

t Actual Demand (A) 3-month Moving Average
: \

2 June 12 \

3

July 13 v




WEIGHTED MOVING AVERAGE

Useful when a demand trend or pattern is present -> focus on recent values
with

Weights are selected based on intuition and experience.

All weights add to 100% or 1.

N-period weighted moving average

v Fui=L, L=wDi+w D g+ Wi, Dot + Wiy Dy

v Fua= WD+t We D+ Wi, Dyt + Wi Dinig

v w,=1

. Simple moving average weights equally all demand periods.



o

%

Weighted Moving Average Example

Weight Month Actual Demand (A)
(w)

20% May 10

30% June 12

50%

Jul

13




t Weight (w) Actual Demand (A) 3-month Moving Average

1 20% May 10 ‘

2 30% June 12 \\ \

3 50% July 13 \ \ Y

4 August 16 F, =0.2X10 + 0.3X12 +0.5X13
= 2+3.6+6.5 = 12.1




Deman

Weighted Moving Average

Actual

Time

/ Large weight on

recent data

Higher weight on
recent demand
data -> more
accurate forecast



MOVING AVERAGE APPROACHES - PROBLEMS

1. Increasing N smooths the forecast, but it is less sensitive to

changes in demand.

2. Trends are not recognized very well; they cannot predict higher

or lower levels of demand.

3. We need extensive historical demand data.

el \./ - \‘_,\

N
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Moving Average Approaches - Problems

Deman

Actua
| sales

Weighted moving

/ average

N
Moving

average

Tim
e



S

1. Identify the purpose 2. Collect historical data 3. Plot data and identify

of the forecast patterns

6. Evaluate forecast 5. Develop/compute 4. Select a forecast

accuracy with one or forecast for period of model that seems

more measures historical data appropriate for data

7.
Is accuracy of
y No 8b. Select new forecast
forecast .
——— model or adjust the
’ parameters of the existing
model
Yes =
9. Adjust forecast based 10. Monitor results and

8a. Forecast over on additional qualitative measure forecast /,

planning horizon information and insight accuracy Source: Russell and Taylon
2011. Operations Management,
7th edition, John Wiley & Sons -
CTTSpter 12.

e . \



TIME SERIES FORECASTING MODELS

F..,: Forecast of demand for period t+1
A, : Actual demand in period t

Time Series Model | Formula More
Naive Foir = A
Mean F.i=2A/n Avg. of all available demand data in

n periods

N-period Moving
Average

Fioy= D+ Dy + Dip+ o + Dt-N+1/ N

For each new forecast, add the
most recent demand observation
and drop the earliest.

N-period Weighted
Average

Fiop =W D+ W Dy + W, Do+ +

Wt-N+1 Dt-N+1

All weights add to 100% or 1.
ow, =1

S’

~ 9




TIME SERIES DEMAND FORECASTING

Forecast =
* Systematic component (S) = (level + trend) X seasonal factor
Vv Level : deseasonalized demand

v Trend: rate of growth or decline in demand (increasing or

decreasing pattern)

v Seasonal factor — predictable seasonal fluctuations in demand

(demand pattern of constant length that regularly repeats itself)

Y N N/ -



TIME SERIES FORECASTING MODELS (MORE)

e Exponential smoothing (EkBetikny E€opaAuvon)

* Exponential smoothing with Trend adjustment
(Holt’s model)

e Exponential smoothing with Trend and Seasonality
adjustment (Winter’s model)

N



EXPONENTIAL SMOOTHING

Demand Forecast = Last Forecast + a (Last Actual Demand — Last Forecast
Demand)

Last Actual Demand — Last Forecast Demand: random component

Fr=F + (A -Fy
v F,,;: Forecast of demand for period t+1, F,: Forecast of demand for period t
v L : Level of demand in period t
v A;: Actual demand in period t

v Smoothing (weighting) coefficient 0 < a < 1 (subjective value)

Easy to implement, minimal amount of data -> time series
forecasting approach \/

SN U = )



EXPONENTIAL SMOOTHING

Foi=L, L =F +a(A -F)
Fi=F +a(A -F)

L, : Average of all historical demand data

New demand observation A,,; -> revision of L

v L= Fyqta (At+1 - Ft+1) =0 A, (1'0‘)Ft+1 &

v Weighted average of current demand and old level L

u\/ )
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Exponential Smoothing Example @
v
o
Actual Forecast (F) Level (L)
Demand (A) For1= L L, = oA, + (1 - a)F,
a=0.3 L,=>A./n

1 May 37 F,=L,=41.67 L, = (37+40+41+37+45+50)/6 = 41.67

2 June 40 F,=L,=40.27 L,=0A; +(1-a)F; =
=0.30*37 + 0.70*41.67
=40.27

3  July 41 F;=L,=40.19 L,=aA,+(1-a)F, =
=0.30*40 + 0.70*40.27
=40.19




° ° :/
Exponential Smoothing Example @
v
o
Actual Forecast (F) Level (L)
Demand (A) Foor= L L, = aA, + (1 - a)F,
a=0.5 L, =5A./n

1 May 37 F,=L,=41.67 L, = (37+40+41+37+45+50)/6 = 41.67
2 June 40 F,=1,=39.33 L,=aA, +(1-a)F; =

=0.50*37 + 0.50*41.67
=39.33




SMOOTHING COEFFICIENT A

Fia=F +a (A -F)
. ais selected by the forecaster

- a=0,F,,=F, (the forecast does not focus on the recent data)

- a=1,F,,=A, (the forecast focuses on the most recent data — naive
approach)

The higher the a becomes, the less we consider the older demand values.
- a=0.2,F, ,=0.2A, +0.8F

- a=0.35, F,,;=0.35A, +0.75F,

- a=0.5,F,,=05A, +0.5F



SMOOTHING COEFFICIENT A

™ -
- o
Y

e 0.05<a<0.5for

Actual a=0.5 business applications

demand 1 * Higher a -> more

'ccs responsive to recent
g observations




TREND-ADJUSTED EXPONENTIAL
SMOOTHING —

. Suitable for data that exhibit a trend, but no seasonality.

. Exponentially smoothed/ weighted average of demand data + adjustment
for positive or negative lag in trend.

- LR ra(A-F) @ L=l + T +alA - (L, - Tyl ©

v L, : exponentially smoothed average of demand in period t

v T.: exponentially smoothed trend in period t ~/

v B: smoothing (weighting) coefficient of trend 0 < B < 1 (subjective value) /
\/ , e /

) A



// v
~ TREND-ADJUSTED EXPONENTIAL o
E SMOOTHING |

I:t+1 = Lt + Tt
. L=aA +(1-a)(L + T,
. Tt= (1'B)Tt-1+ B (Lt - Lt-l)




Linear Regression

Linear Regfession Equahon MOdeIS llihe reldfionShip between TWO
E=a+bX \ variables as a straight line.

Fits a straight line to a time series data.

>
% Actual Values y=a +bx
s
% 2 | x: time period (independent variable)
| . .
% } | y: value for time period x (dependent
@ Error .
= (difference between VCII’ICIb|e)
actual value and
J regression equation) | a: y-intercepts of the line - height at which
the line intercepts the y-axis (y value at
. x=0)

Source: R. Dan Reid & Nada R. Sanders,

2010 Operations Management, 4 jndependent Variable X b: slope of the line (expected change)




valTucwo

Linear Regression

Deviation

Actual value y Deviation

* Deviation
5

6
Deviation

3
Deviation

4

Deviation {

1 Deviation y=a+bx
(error) * 5
I I I I I
| |
1 Tiny 3 4 5
6 € 7

We select to build a straight line that
minimizes the deviations of the actual

values from the line, namely

* a and b define a straight line that

minimizes the sum of the squared errors.

e error = difference between actual value

and y

* Least-squares straight line



Linear Regression

y = a + bx

b = (3xy — navg(x)avg(y)) / (>x*> — navg(x)?)

a = avg(y) — bavg(x)
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‘PERFORM TREND-ADJUSTED EXPONENTIAL SMOOTHING
“

1. Smoothing the demand series

L =a A +(1-a)(L, + Ty y)

2. Smoothing the trend




Trend-adjusted Exponential Smoothing Example

8,000 1. Calculate L, T,

13,000
23,000
34,000

10,000
18,000 3. Smoothing the trend

2. Smoothing the demand series

23,000
38,000
12,000 4. Forecasting including Trend
13,000
32,000

41,000 Q) |

O 00 N o Ul B W N -

S =
N P O



| & 4
\/ PerForm Trend-adjusted Exponential Smoothing —

°
Using Excel
o’

HOME INSERT PAGE LAYOUT FORMULAS DATA REVIEW VIEW
AXEEEBOER @ B oo B

Insert  AutoSum Recently Financial Logical Text Date & Lookup & Math &  More Name __: S

Function - Used ~ - - - Time~ Reference~ Trig~ Functions~ Manager E5 Create from Selection  Iix Rer

Function Library Defined Names
6 - ft | =INTERCEPT(B7:B18,A7:A18)
A B c D

1

=153 1. Calculate L, T,
3B 0.2

4

5 Week Sales Level Lt+1 = cAt+1 + (1-a)(Lt + Tt) Trend Tt+1 = p(Lt+1 - Lt) + (1-B)Tt

6|0 12,015.15 N 1,548.95

7|1 8,000

8 |2 13,000

9|3 23,000

10 4 34,000

115 10,000 T, = SLOPE (y, x)

126 18,000 ° ’ i
13 |7 23,000

148 38,000 L, = INTERCEPT (y, x)

5|9 12,000

16 10 13,000

17 |11 32,000

18 |12 41,000 e
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Perform Trend-adjusted Exponential Smoothing —

FILE HOME INSERT

- X Cut

Pastel E copy

N Format Painter

Clipboard
c7 -

“ B
1
2 o 0.10
3 |B 0.20
4
5 Week Sales
& 0
7 1 8,000
8 |2 13,000
913 23,000
10 |4 34,000
11 |5 10,000
12 |6 18,000
137 23,000
14 8 38,000
15 19 12,000
16 |10 13,000
17 11 32,000
18 |12 41,000
19

Using Excel

PAGE LAYOUT ~ FORMULAS DATA  REVIEW  VIEW
Arial 12 ~AA T== - E’WrapText Number ?
B IU- v~ O-A- === &35 SMergedCenter - $ ~% o % 2 Cond

Forma
Font Alignment e Number ]
fr | =$B$2*B7+(1-$BS$2)*{C6+D6)
C D
Level Lt+1 = aAt+1 + (1-a)(Lt + Tt) Trend Tt+1 = B(Lt+1 - Lt) + (1-p)Tt
12,015.15 1,548.95
113,007.69 |1,437.67
14,300.83 1,408.76
16,438.63 1,554 .57
19,593.88 1,874.71
20,321.73 1,645.33
21,570.35 1,565.99
23,122.71 1,563.27
26,017.38 1,829.55
26,262.23 1,512.61
26,297.36 1,217.11
27,963.02 1,306.82
30,442.86 1,541.42
T —

N/

2. Smoothing the
demand series

o/



\/ Perform Trend-adjusted Exponential Smoothing —

et ° e’
Using Excel
-t HOME = INSERT  PAGELAYOUT  FORMULAS DATA  REVIEW  VIEW

.‘T ™ X et Arial -2 A A[T= = - E}’Wrap Text Number ' :=

— 3 Copy - _ . ¥
Pafte N Format Painter B I U~ i~ O - A' = = = £3= E_E:Merge & Center ~ s "% 0 tﬂ -::IE F{T:\:;:::i‘l:lf

Clipboard F] Font ?’- Alignment f Number
D7 - Jr | =8BS3*{C7-CE)+(1-5BS3)*D6
A B C D

1
2 d 0.10
3B 0.20
4 .
5 Week Sales Level Lt+1 = aAt+1 + (1-a)(Lt + Tt) Trend Tt+1 = B(Lt+1 - Lt) + (1-B)Tt 3. SmOOthlng the
6 0 12,015.15 1,548.95 trend
7 |1 8,000 13,007.69 |1,437.6?
8 |2 13,000 14,300.83 1,408.76
9|3 23,000 16,438.63 1,554.57
10 4 34,000 19,593.88 1,874.71
11 |5 10,000 20,321.73 1,645.33
12 |6 18,000  21,570.35 1,565.99 ~’
13 |7 23,000 23,122.71 1,563.27
14 8 38,000 26,017.38 1,829.55
15 9 12,000 26,262.23 1,512.61 \ /
16 10 13,000 26,297.36 1,217.11
17 111 32,000 27.,963.02 1,306.82
18 |12 41,000 30,442.86 1,541.42
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Perform Trend-adjusted Exponential Smoothing —

- HOME
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Using Excel

DATA  REVIEW = VIEW

Zoom 100% Zoom to
Selection Window  All

Workbook Views Show Zoom
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1
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4

5 Week Sales  LevelLt+1=gAts1 +(1-a)(Lt+Tt) Trend Tt+1 = BLt+1 - Lt) + (1-H)Tt

5 0 12,015.15 1,548.95

71 8,000  13,007.69 1,437 67

8 |2 13,000 14,300.83 140876

9|3 23,000 16,438 63 1,554 .57

10 4 34,000 19,593.88 1,874.71

1|5 10,000 20,321.73 1,64533

126 18,000 21,570.35 1,565.99

137 23,000 231221 1,563.27

14 |8 38,000 26,017.38 1,829.55

159 12,000 26,262.23 1,512.61

1610 13,000 26,297 .36 1,217.11

17 |11 32,000 27,963.02 1,306.82
30,442 86 154142
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— 4. Forecasting

[13.564.10

14,445 36
15,709.59
17,993.20
21,468.58
21,967.06
23,136.35
24 685 98
27,846.93
27,774 .84
2751447
29,269 84




SMOOTHING COEFFICIENT B

. B is selected by the forecaster
. High B -> more responsive to recent changes in trend.
. Low B -> smooths out the present trend.

. Values of a and B can be found by the trial-and-error approach -
>



FORECASTING ACCURACY

Forecasting results are never perfectl!

The accuracy of forecasting models should be
assessed over time.

, Forecast error in period t
* over-forecast = negative forecast error
* under-forecast = positive forecast errors



FORECASTING ACCURACY METRICS

Mean Absolute Deviation ( ) : average of the
absolute forecast error over all periods n

MAD = ) Absolute(E,) / n
Mean Squared Error )

MSE =) (E)? / n
* Mean Absolute Percentage Error ( )

MAPE =[5 Absolute(E, /A,)*100]/ n



FORECASTING ACCURACY METRICS

: sum of forecast errors over all periods n
V' shows whether the forecast model consistently under- or overestimates demand

V' If bias fluctuate around 0, the error is truly random.
Bias = ) E,

Tracking signal TS: how well a forecasting model performs
v should be within the range of +6

v/ TS<-6 under forecasting, TS>6 over forecasting

TS, = bias, / MAD, = ) E, / MAD,



- v

SELECTING THE RIGHT FORECASTING MODEL

1.Amount & Type of available data
2. Degree of forecast accuracy expected
3.Length of forecast horizon

4.Presence of data patterns



Big dataranalytics and demand forecasting in supply chains:
_a conceptual analysis —

2toxoc — NMwc Big Data Analytics (BDA) BeAtlwvel forecasts’
accuracy

To 2012, n apepikavikrn alvoida Alaviknig Target €otelle
KOUTIOVLA YLa BPEPLIKA pouxa O€E pla Pasntpia AUKELou,
MPOBAENOVTAG TNV EYKUKOOUVN TNG TPLV Kav TO paseLn
olkoyévela tng. OL AtavonwAnTES yvwpilouy Toug
KaTavaAwTEC KaAuTepa ano O,TL ot idlot Tov eauTd TOUG.

Mapa Tov TEPACTLO OYKO HEdOPEVWY, OL TAPadOOIaKES

LEBO0LOL MPOBAEWNC amoTuyXAvouyv o€ €va MePLBAAAoV

VUCA (AotaBela, ABeBatotnta, MoAurmhokdtnta, Aoapela).

H AvaAutikn MeyaAwv Aebopévwy (BDA) eival To epyaleio /
HETATPOMNAG AuTOL Tou BopuRoL oe akpLBeis TPoBAEWELS.



J \/
. To Owoovotnpa Awavikng: Mapayovteg
ETtippong t™ng Zntnong

Mpoiov
MotwotnTa, TN,
unokaraotara

MapKETIVYK

Mpoowpopég,
SLapnpIoTIKES
Kapnavieg

KatavaAwTtng

MNpotpnoerg, poda,
avtidnyn enwvupiag

E€wTtepikoi
Mapayovteg
Kaipdg, s161ka yeyovora,
Jakpoolkovopia

Katraotnpa

Tomkog avTaywvigpog,
eAkuoTIKOTNTA, BLatagn

E@obLaopog
AwBeowportnta,
nuepopnvieg ARENG

u I
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“Mapadoolakec pebodol Forecasting

[MowotikeEC MEBoDOL

Moootikeg MEBoSOL

Baong / NwAntwv (Grassroots)
A E€aptdtat ano oxeoelg. MoAOTAOKO Kal
QoaEG 0T ALaviKn.

Xpovooelpég (Time-Series)
A\ Baoiletal og 10TOPLKA OTOLXELQ. ATTOTUYXAVEL
otav mpokUMTouV e18IKA, anpoBAETTA YEYOVOTA.

‘Epeuva Ayopac (Market Research)
A Anattei otkila dedopeva yla Eykatpo
EVTOTILOPO TACEWV.

Attiaka MovtéAa (Causal)
A MTVWOTEC POV AYEC ALTIOKES OXEOELG.
E€alpeTika akptBo kat S0okoAo va apaxBei eykaipwg.

Exktipunoeig EWdikwv (Experts)
A Abuvapia dokipng vmoBeoewy, amnouaia
ano@acewv Bacel oKANpwy dedopeEvwy.




Big Data — 4 Vs

eData Quality
eData Reliability

s Unstructured
oSturctured
*Semi-structured

egroth from
Terabytes to
yottabytes

*Real-time
processing

N/
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AAvolda atloc Big Data

Mnyn

MNpoobdlopiopog 3V: Oykog,
Mowkthia, Taxotnta. MN.x.
TuvaAhayeg, Kowvwvikd
Aixtua, AloBnTrpeg.

Evowpdatwon

AmoBriKsuan kat opyavwon
oe Hadoop, Data
Warehouses, NoSQL.

Avalvon

E@appoyn Twv 5
MUAWVWY TNG
AvaAutiknc (BDA).

Apaon
Anopacelg Kat BsAtiwon
NG npdBAeyng ZAtnong.




"’

AAvolda aclac Big Data

Enlerprise
1 .
Data sources ‘\] Integrate data Analyze dala ™| Actionable
| ;
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% ] Diparational Analytical
5 : 2 s dalabanas datubase b __II*B!!-_ Diats = Discavery and
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ﬁ==§ ! chala faw data
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_ To ®aopa g AvaAutikig (Ot 5 MuAwveg tou BDA)

Q & %

E€epelvnon (EX) Evowpatwpévn (EA) Mponypévn (AA)
OnTtikonoinon kat IKavoTnTES Mnyavikn pasnon yia
Karavonan ano TonoBetnpéveg anavtnon oe ovvBeta
ENLYELPNOLAKOUG aneuBeiag oTo onpeio gpwrnpara anod Data
XPrOTEC. bpaonc. Scientists.
KaBobnyolpevo KaBobnyoupevo
ané tov AvBpwno ano t Mnyavi
(S i) . Bt S —— -

R =
g -~
AwadpaoTtikn (IA&P) Ponig (SA)
Napabooraxn Apeon ava\uvon
ENLYeLpPaTtik gLospyopevwy
gupuia pe dbopnpéva bebopévwy oe
debopéva. Tpaypatiko xpovo.
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(2) Advanced Every kind of

analytics
(AA)

data accessed
from Hadoop,
NoSQL DBs,
or EDW

Dimensional,
structured

LAFLLLEJLALLEER

Data
preparation
technologies to

bring structure
to unstructured

data,
distributed

computing and

storage,
Hadoop, graph
anal}ftics,
cognitive
computers,
cloud
computing

EDW, relational

database,

data stored in  OLAP, SQL

the EDW
(fmancial,

CRM, etc.)

Advanced Data
analytics modeling  scientists
software:

IBM SPSS Modeler

SAS Enterprise

Mmer, Text Mmer,
SAS/OR, SAS

Visual Data

Discovery

KNIME

RapidMiner

Oracle Data Mmer

Traditional Bl
software:

SAS Office
Analytics
IBM Cognos
QlikView

Business
users,

business
analysts

Descriptive,
predictive, and
prescriptive
models;

processed data;

embedded
analytics and
stream
analytics
solutions

A — 4

Lozano (2013)
Kadochnikov
(2013)
Laumanns
and
Squillante
(2013)

Abbott (2014)

Petitclerc
(2013)
Sallam ef al.
(2015)
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(4) Embedded Processed

analytics
(EA)

(5) Stream
analytics
(SA)

data from
machmes,
social media,
CRM,
temporal,
geospatial,
fmancial, etc.

Incoming
data streams
from
machines,

the internet
(weather,
market,

etc.), and
supply chams

Special-purpose
solutions, cloud
computing,
technologies

to embed
analytics in
CRM, ERP, etc.

Stream
Processing
technology,
complex event

processmg, fast-

access database

Custom-built
applications:

Pentaho embedded

analytics
IBM MobileFirst

for 108

Complex event
processing
software:

IBM InfoSphere
Streams

Apache Spark and

Storm

Informatica Stream

Analytics

Operational
user

Operational Operational )

decision
support, easy-
to-grab data
presentations,
accessible on
various devices,
mteractive
computer
models
Event-driven
notifications,
dashboards,
processed
streaming data,
real-time
msights

@

=/

Logi
Analytics
(2014)
Aberdeen
Group (2014)
Apple (2014)
Dorschel
(2015)
Loshin (2015)

Aslett (2013)
Spicer (2013)
Dorschel
(2015)
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| Aktivoypagia twv EpyaAeiwv BDA

TeXViKi Tomog Asdopevwy Koplo¢ Xpnotne Mapadoteo Insight
E€epeuvnon (EX) Mn dopnpeva / Keipevo  Business Analyst aill 23;:: : ; ; qlr]08l(,‘ .
: OAa ta €idn e g Neplypapika &
lponyuevn (AA) (Hadoop/NoSQL) Latdielentist % MpoyVwOoTIKA PovTEAT
AladpaoTtikn (IA&P) i(ﬁEonvr\]lyevu OLKOVORIKA By siness Analyst 8?:3\?:&?; A‘i‘v dhuon
. Enefepyaopéva Emiyelpnolakog Ynootnpién ano@acswy

Evowpatwpevn (EA) ETLXELPNOLaKA XpRotng OTNV MPWTN YPaUN

; 2UVEXELG POEC Emuxelpnotakog Etbomnoinoetg & Avauon
Ponc (SA) (AloBntnpeg, Web) Xpnotnge TpaypatikoL Xpovou -/

R N



. AtoKwoKomowwvtacg tTnv NMponyuEvn )
AvaAvutikn (AA)

A

2. MpoyvwoTiKi

, Tt 6a ouuBei?
1. NMeprypaypikn

Tt ouveBn?

TUVEXEIG EKTIPNOELS KABE
TIUAG-0TOXOV. MPappIKN

Aopei axarépyaom dedopéva.
Ouaéonomon, KQVOVEQ
OUOXETLONG, avaAuon KSlUSVOU.
AELOAOYNON EK TWV VOTEPWV.

naAvépopnon, devtpa anogaong.
Mapexel unxavikn diaiobnon.

3. Ka8odnyntikn

Tt MPEMEL va KAVOUE?

Mponyuévn BeAtioTomoinon,
Bewpia matyviwy, mpooopoiwan
yla Tov KaBopLopo

NG amoAuTa KAAUTEPNS

Suvathg evépyeLag. /




\J W@oto mou ocuvdualel Big Data + Demqnﬁj

Forecasting @

O

Information level
(with contingencies)

Data
level

Level of decision | 5

problem
(“What?")

Methodical
level
(“How?"



\/ i‘l?(ouoto mou ocuvduadlel Big Data + Demcméf/

Forecasting @

A
1

Eninedo Acdopevwy (Data Level)
Mny£g peyalwv dedopévwy mou guAAEyovTal amo Tnv e@odlacTikn ahuvoida.

)

€0060AoyLko Eninedo: H Metayppaon

b = = = - -

I

S R i S e e E6w 10 BDA @IATpapet Tov BOpuBo Kal mpooappodel |~~~ """ T T T T Tt T T o m T
‘ Ta 6edbopeva atn MeBodo MpopAeyng. l
A

v

Eninedo Anopaong (Decision Level)

H teAikn MpoBAewn ZAtnong pe 6pactika petwpevn apepatdotnta
Kat eEAeYXOpEVO Kivbuvo.

\d
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. H'EEuntvn AvaBadpuion: EEEALEN Twv MeBodwV

»

‘Epguva Ayopdg

Meplypagikn
+
MPOoyVWOTLKN

XpOVoOEIPES

AvaluTikn Pong (SA)

AlTIaKA MovTEAa

I'Iponv'pévr]
+ Pong +
Evowpatwpevn

‘Epeuva Ayopdg

EpmthouTtiopevn pe Asdopeva

Evroniopog tacewv oAl mptv ekdnAwBolv
padika.

Xpovooelpeg Baoel Kavovwy

Autopatn diakonn kat 610pBwon tng npdRAeyng
otav aviyvevovral Eapvikd yeyovorta.

Attiakn MpoBAeywn Baoet

Acbopevwy Kal Oswpiag

H anoAutn o0vBean yia Tov EAeyX0 TIOAUTTAOK WY, /
Suvapikwy nepBaAAovVTwy ALQviKng.

SR ()
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I'I?ﬂﬁgto mou ocuvdualel Big Data + Deman ‘
Forecasting - Epappoyn

N

—apvikn AAayn Katpou

ExmtwTtikn Evépyeila

Kivbuvog E€avtAnong
(Out-of-Stock)

» Avalutikn Pong (SA):
MapakoAouBnon
PETEWPOAOYLKWY CLVBNKWY OE
TIPAYHATLKO XPOVO Kal Aueon
g16010inon TWV TOTIKWY
KQTaoTNUATwWV.

= Mpoyvwotikn (AA):
BeATioTOMOINON TWV KWOLKWVY
anoBepatog avaloya pe Tnv
aAAayn ZAtnong Aoyw Katpou.

» Evowpatwpevn AvaAuTiki

(EA): Zwvtavn evnuéEpwon
TWV TOTUKWYV dlevBuvtwy oTa
tablet Toug yia Tnv dueon
ETIPPON TNG EKMTWONG OTIC
TOTIKEC TIWANCELC KAl TNV
avaykn avepodiaopoo.

= AvaAutikn Pong (SA):

JuveXnGg mapakoAolBnon Twv
amoBePATWY OTO PAPL KAl
gkboon

QUTOHATOTOLNHEVWY ONUATWY
avarmAnpwong mpog Tnv
KEVTPLKI anoBrkn mpLv To
npolov e€avtAnBei.




y; 7 Edpappoyn
e

Zevapto: ‘Eva nAtoAovoto ZaBpatokiplako

MaAta M€Bobdog NEa M€Bodo¢

‘Epeuva Ayopac / XpovooeLpeEg. _> Attiakn MpoBAeyn

Aev ipooappodovratl ypryopa. Apeon evowpdtwon PeETEwPOAOYIKWY dedopevwy aTo
HOVTENO yLa av€non anoBepdtwy oe Kahokalpvd €ion.

Zevaplo: Zntnpa Mowotntag (.X. avagopa poAuvvong)

MaAta MeBobog Néa M€Bodog

‘Epeuva Ayopacg. _> ‘Epeuva EpmAoutiopévn pe Aedopéva. Avaiuon
ouvalodnuatog (sentlment analysis) og npavuanko
XPOVO ano KPLTIKES Kal social media yla aueon anooupon.

Apyn avtibpaon kat guyKEVTPwOn dedopevwy.

Tevaplo: Ektaktog ®opog fj Nopobeoia

MaAa M€Bodo¢ NEa M€Bodog

EkTiunoetg Eldikwy. _H Attiakn MpoBAeyn. AvTIKATAOTAON TWV QMAWY
Baoilovtal 0To avBpwrivo £VOTIKTO. XPOVOOELPWV PE EVOWHATWON TWV VEWV JETABANTWY
KOOTOUG OTOV TIPOYVWATIKO aAyopLBpo.
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.. Xpovikoli Opl{ovTeg:
Aev Yniapxet Mia Avon Nna OAa

210)0¢: BeAtiotomnoinon Itoxoc: EmAoyn tonoBeoiwyv
2TOY0G: AVTanokplan os TIHOAOYNONG, OXEDLAONOG VEWV KATAoTNUATWY,
TPAYHATIKO XPOVO, anopuyn nolKIAiag, avaAloelg Taoswy Katavonon TEPAcTLWY HaKpo-
out-of-stock papLou. ayopag. TACEWV (TL.X. KALHATIKN aAAayn).

Kuplapxein Kuplapxein
MpoyvwaoTikn (PDAA) E€epevvnon (EX)
& Meprypagikn (DAA) & Mponypevn (AA)
Bpayumnpdbeopa MecoomnpoBeopa MakpormpoBeapa /
(Huepeg/ERdopadec) (Mrveg/Enoxeq) (Etn)

A SR G



Mnv entevdLEeTE TUPAQ OTNV
Texvoloyia. MNMpoodlopiote
TOV TUTIO TNG MPORBAEYNS
(oTpaTnyIKn, TAKTIKA,
ETILXELPNOLAKN) Kal ETUAEETE
TO KataAAnAo BDA mov
YEQUPWVEL TO KEVO.

OL tapadootakeg pEBodolL
dev Ba e€apavioTtouy, aAAd
TIPETEL VA avaBabuLloTouvy.

To BDA eival to @iATpo mou
HETATPETEL TNV
aBepatotnta o dlaxeLpiolo
PLOKO.
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To Néo AvraywvioTiko
MAeovéxkTnpua
To ¢ntoopevo bev eivar nia
EmpBAendpevn pévc? 10 rréoo ayopaZouv
Mabnon ot nehdteg, alhd n Badud,
) . nolubidorarn karavonon Tneg
Topuds roucklorl owneppopic ok ow
. . IKG TL 3 ?
Ano v AﬁlOAOYI'LOI] bivovrag 1o ol;luoré "gdpoc' Ol o “
otnv Autoparonoinon oe kaBe pia kat anokAeiovrag
To Saasiiiva Lasiilig uurb;hsqru blabikaoieg pe % ;
avrinpoownevel Tn petdpaon and XUNpl e, M
gn\é anopovwpévn agloAéynon e
e =
oAmhkuNFpoTimuLY. e .
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