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Predictive Analytics for New Product Forecasting
More Analytics and less Judgment: a Case Study
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Both?

Statistics?

e.g. Norton-Bass e.g. Delphi
Szenarios

Market Tests

Classification
Clustering

Social-media analysis

-> Statistics vs. Judgment in New Product Forecasting?

Prediction Markets

(intel)' The Challenge
» How to forecast high-tech products (CPU,RAM) at Intel?

= Product sourcing & production lead times are longer than sales
period = every product is “new”

= Often requires building new production facilities (or even plants)
- high costs for under & overforecasting

= 100s to 1,000s of new products per season

= 2-4 innovation cycles (selling seasons) per year
- Requires semi-automated & standardized process

= How to they do New product forecasting?

intel “ te
Pentium’

__ Inside” COre 2

Duo

pentium™

Aocesson

@O INTEL '92
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e Norton-Bass Model
S Sales of products with continuous repeat purchasing?

Norton Bass Model Eight Generations of DRAM Chips Actual and Fitted 1974-2000 Same ps and gs (Data from Gartner Dataquest)
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Common Problem

Catalogue Retailers
> er.from China/ India

. thsé,lead_t-irﬂf"
>-A-Gataloguesper.year

lead time,;”
ggper yed g

DISCOUNT PRICES

1/ CHECKIT OUT NOW.

Sourcing lead times are
longer than sales period
(for many products)

- many products are “new”
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Common Problem

» CDs, DVDs, BlueRays, Video Games ...

>Product launch & intial sales before, during & after go-
live (i.e. pipeline-filling) are most important

game, Et

Common Problem

QU ... check out the scaled thumbnails of the first 8 weeks
A of sales time series plots for 100 new DVD releases

Number of Serios)= 100 (Maximum Timo)=o
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Few things are completely new!
TECHNOLOGY

T B ‘ \@T!
. >
I Product E Line Extensions
mprovements | <
Forecast using Analogie
CURRENT
Em—————
New Use
New Market Q

© Copyright 201

->How to find similar products from history (aka Analogies) automatically?

Finding Analogies: you try it!

aka statistical technique called ,,Clustering*

qu‘ # Q
Comparing Comparable Ings

Cluster 2:
Oranges

Cluster 1:
Apples
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Hard to extract useful information!

Analogies in Time Series?

==mmp N0 additional information

ng tha

Focus on the first three months (new products) |
Time series with 27 months of observations ! 2 s

- Finds clusters of typical initial sales behavior

Analogies in Time Series?

New product to be launched

Nuihiptnelistiaiadioles . ..

(plus 10s of product attributes etc.)

350
300
250 -
by 200
E

P 150 -
100
50

Week

- Need to be careful in specifying

New Product Forecasting with Analytics
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similarity
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Take average shape of
cluster as forecast!
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“Similarity”?

New Product Forecasting with Analytics
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Similarity in Time Series?

Euclidean Distance between Database Distance Rank
two time series Q = {0y, Qg «++s Un}
and S ={sy, Sy, ..., Sp}

- h
~s ||#
DQ.5)= $(-5)" ) Findsimitar m v
@3)= | I fh%‘
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0.98 4

shapes in
L time series

|

kigOVAIdaL i

¥

Empirical
Testing!
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”% +44 1772 651199
[w] Request a callback

- AboutUs Product - Hospitals Education Hotel & Leisure Special Offers Contact Us

. Contract Fabrics

Visit our brand
: new website at :
: www.ilivcontract.co.uk :
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“é Case Study Task(s)

Clustering Approach Objectives?

—allocate to clusters on more data ->support complete launch process!

Clustering of the

1st pre-order
& product attributes

Clustering on the Initial behaviour matching
first three observations Very short history

Forcast inital pipline filling
Without sales history

Longer history
Recalibrate matching

Clustering on the
first six observations

- after the 6! month the history is long enough to use time series methods A

New Product Forecasting with Analytics
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SMD

Sample new product — First 52 weeks of deliveries

Pipeline filling Normal behaviour

1 |
350 f " 1

Know initial |250

delivery volume

200

Units

150
100
50

0 - S S _— S
1 7 13 19 25 31 37 43 49
Week

How to forecast with zero weeks of sales?

Stage | - Clustering
P

New Product Clustering

160,

C“>OOE:>Rep

- l:> . ository of
r clusters (with
= O archetypical new
L Sales history time series clustering
Stage |l - Forecast
( O X Classification to Adapt pattern )
Q repository to new product
3000 units ::Z Calculat
75000 units alculate
45 units E\> wow\/\/J\A E'|> safety stock
%0 and use!
Initial known orders ' 9
. . . 5 10 15 20
K(nnterwew, trial etc.) )

- Automatic forecasting by structured analogy A
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CONTRACT

Ill. 8 clusters — Optimal number

Clustering Results

3 first observations

IV. Each cluster — Average behaviour found

I. 262 products used with history up to 27 months

Il. Each product — Only first three months used

V. Average behaviour — New products will be matched with

Cluster 1

CONTRACT

Cluster 2

Clustering Results

3 first observations

Cluster 3

Cluster 4

2

Cluster 8

Cluster 1] Cluster 2| Cluster 3 | Cluster 4| Cluster 5] Cluster 6 | Cluster 7 | Cluster 8
CC 64.29%]  59.09% 3.57%
TBKS 35.71%]  40.91%]  16.07%
UL 80.36%]  13.04%] 100.00%] 16.67%] T6.67%] 46.27%
LD B2.61% 83.33%] 16.67%| 47.76%
WAL 4.35% 6.67% 5.97%
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CONTRACT

Forecasting

I Using the estimation for the first month value and the product type

find the correct cluster using the three first observations clustering
e.g. First value = 150, Unlined curtain =s==sp Cluster 7!

Shape Shape in % change
Cluster Population 1st Value|2nd Value|3rd Value] 1st Value |2nd Value]3rd Value
Cluster 1 14 5.34% 72614 J24.14 365.21 - 5536% | 1267%
Cluster 2 22| 8.40% 343.14 427.95 32427 - 24.72% -24.23%
Cluster 3 56| 21.37% 296.20 56.43 56.02 - 7ET% | -0.62%
Cluster 4 45 EG.74 39.50 30.83 - -40.81% | -21.96%
Clusters 9 30.67 170.89 115.44 - 457.25% | -32.44%
Cluster B 18 83.17 52.28 05,39 - 37 14% | 84.38%
30 164.13 54.97 102.33 - -48.23% | 20.44%
B7] 2557% | 14421 37.34 4260 - 74.10% | 14.07%
Cluster 1| Cluster 2 | Cluster 3| Cluster 4| Cluster 5| Cluster 6 | €liister 7| Cluster 8|
CC 64.29%]  59.09% 3.57%
NTBKS 35.71%|]  40.91%]  16.07%
UL 80.36%] 13.04%] 100.00%] 16.67%| 76.67%| 46.27%
LD 82.61% 83.33%|  16.67%| 47.76%
VAL 1.35% 6.67% 5.97%

CONTRACT

Forecasting

I Using the estimation for the first month value and the product type
* find the correct cluster using the three first observations clustering

I I Use the % change of the average shape of the cluster to form the
. 2"d and 39 value

Shape Shape in % change

Cluster Population 1st Value|2nd Value|3rd Value] 1st Value |2nd Value]3rd Value
Cluster 1 14 5.34% 726,14 324.14 365.21 - 5536% | 1267%
Cluster 2 22| 8.40% 343.14 427.95 324.27 - 24.72% | -2423%
Cluster 3 56| 21.37% 296,20 56.43 56,02 - 77E7% | -0.62%
Cluster 4 46] 17.56% B6.74 39.50 30.83 - -40.81% | -21.96%
Cluster 5 ol 3.44% 3067 170.89 115,44 - 457 25% | -32.44%
ClusterB 18| B.87% §3.17 52.28 95.39 - 37 14% | 84.38%
Cluster 7 30] 11.45% 164.13 84.97 102.33 -48.23% | 20.44%
Cluster 8 67| 25.57% 144.21 37.34 -74.10% 14.07 %

Second Value (Month): Third Value (Mon
150 * (1-0,4823) = 77.65 77.65 * (1+0,2044) = 93.52

New Product Forecasting with Analytics
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”% Forecasting

I Using the estimation for the first month value and the product type
* find the correct cluster using the three first observations clustering.

I I Use the % change of the average shape of the cluster to form the
. 2"d and 39 value.

I I I For the 4-6th month forecasts use the clustering of the first 6 months
. to find the product membership (similar procedure!).

IV Update the forecasted values with real whenever they are available.
* If possible re-evaluate membership when new values are available.

V To forecast after the sixth value/month use a statistical model. The
. product history is now long enough!

“% New Product Forecasting

Experimental Evaluation

How accurate is it?
Evaluate on time series of the given data

Proposed Approach 1200 Statistical Forecasting
Testl
Test2
1000 \: Test3
e Forecas
Mean Mean e Emmg Mean Mean
Absolute | Absolute 8oor e Forecast3 || Absolute | Absolute
Error Percentage § Error Percentage
Test1 11.3 21% 600 Test1 7.0 95%
Test2 92.3 23% Test2 495.0 123%
Test3 15.0 32% 400 Test3 22.0 62%

- Time series clustering always outperforms statistical approach
- Time series clustering outperformed human demand planner

New Product Forecasting with Analytics
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New Product Clustering

Allows us to

measure safety stock!

Historical Data

Clustering

Profiles

“E
Inventory Performance Results
Clustering on
Sales Sales & Features
160 ) 160 ® [ J
140 140
120 120 d
3 100 3 100
¢
7 80 & 80
60 1 60 1
[ [ J
40 e | 40 ]
® ® .. |
20— @——— - 20 [ )
150 200 250 300 150 200 250 300
Inventory Inventory

Empirical Evaluation

Inventory Performance

S1: Features

S2: Initial Orders

S3: Features & |. Orders

S4: Features & Sales (2)

S5: Features & Sales (6)

New Product Forecasting with Analytics
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”E Clustering Results
5 A simple Forecasting Tool
SMD Home: New Product Forecasting
1. Select Product Unined Curtan [~] Select product using the drop-down
2. Providenitialsales | 16| menu and input initial sales
3. Prwld:‘::t;;lm information (if available)
— If no additi |; intont Is available
m: then leave cel o | —
Forecasts [H 0 aditional information is avalable
Inital sales 160,00 . sl ware ezt
Month2 23 oo AL -l RN =
- Outcome: simple MS EXCEL application that can be automated A
Take aways
» Many industries specialize on
Looking for New Product Forecasting

companies for a
free-of-charge
pilot study
(to present at IBF?)

-> opportunities to learn (steal fire)

» Clustering creates insightful groups
of similar products - helpful
to planners to improve judgment

» Allows large-scale automation of
new product forecasting

» Predictive Analytics provides new
solutions to forecasting challenges

... room for improvement!

[LCF ISF09, SAS New Product Presentation ISF 2008]
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© 2016 by Sven F. Crone - all rights reserved. Page 17



Lancaster Centre for

Forecasting

www.forecasting-centre.com

Questions?

ASSistantiProfessor, Director
Lancaster UniverSityaManagement School
Researchj€entre for Forecasting

Llancaster, LA1 4YX

) icrone@lancaster.ac.uk

Lancaster University
MANAGEMENT SCHOOL

Copyright © All rights reserved, Dr. Sven F. Crone

These slides are from a presentation on forecasting.

You may use these slides for internal purpose only, Sal as they
are clearly identified as being created gand pyrighted
© by Sven F. Créne. 4 :

PURIay Mot use the tEXt andiMages in a
‘ replicate Gr alter
explicit prior

ancaster, LA1 4YX
el +44 1524 5-92991
rone@lancaster.ac.uk

)\ Lancaster University
MANAGEMENT SCHOOL
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