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Product attributes

The goal of discrete choice analysis in marketing is to assess the influence of product- and
service-attributes on customers’ choice behaviour
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Product comparisons

=

In product comparison questionnaires, respondents indicate their preferred choice or purchase
pattern in a series of ‘choice tasks’

_ |3l x|
Product 1 Product 2 Product 3
Brand Brand Brand v Brand 2 Men |
Price 35 EUR /d 45 ELUR./d 25 EUR,/d
Efficacy 90 % 80 % 70 % Typical example:
Doctors are asked to
Ciuration 11 Weeks 8 Weeks O Weeks indicate the prescription
share for each of the shown
Application Spray Spray Tablets treatments (e.g. for the last
10 patients with the
Side Effect | Mervousness MNausea Sleepyness corresponding indication)
3 2 3 [z
mlol ool olo| o«
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Utility parameters

=

The preference of individual customers or customer groups for the different product elements is
parametrised and can be used to calculate the preference for existing or new products
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Market simulation

=

In the marketing practice, discrete choice data often feeds larger market models in which
companies can test the outcome of different strategies

Customer preferences

—

e Customer preferences as

measured via the discrete

choice questionnaire

e Either individual or group
preferences

Product information Additional information from the

Target segments . _ survey
Description of existing and ® Price barriers
future products e Brand value

e Strengths and weaknesses

Market simulation
Simulation of customers

choice in scenarios
® Price changes
® New products
® Competitive reaction

Market information
e Market size
e Market shares

Price information

Most important
products in the market

Changes in time

Demand curve and
profit-optimal price

\

e Group-wise results or
aggregation of individual
results

e Obtain market effects e.g.
for a price change

¢ Determine optimal new
price
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Marketing applications: Example of a simulation tool

e [B - EI _NE
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Hubraurm in ccm 00K 4.163 5.204 4.999 4.799 5461 6.208 4.196
ange I 5 & 7 8 7 7 &
Verbrauch (1f100km) 00K 10,9 13 4 148 114 116 143 126
Absatz | 0 OO | YOOH, 0K | 00K, YOO | K | OO
Szenario A Szenario B Szenario C
45 S0 35
0 364 i 00 :; . -\\ 00 50 4, 508 e 100
35 T
& 0 \sug ESS- sug EES_ \Sng
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Price in KELIR Price in KELIR Price in KELIR
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Marketing applications: Substitution effects

One practical challenge is the estimation of substitution (or portfolio-) effects. This often
requires that the parameters of the model be estimated for each individual customer

Demand index

Demand including substitutes

Profit including substitutes
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— Profit new product alone
Sales new product alone 8 Effects from substitute A
Effects from substitute A 3 B Effects from substitute B
Effects from substitute B B Effects from substitute C
Effects from substitute C — Profit effect portfolio
T T T T T T T T
50 100 150 200 50 100 150 200
Price index Price index

e Substitution effects strongly influence the optimal price decision

e Complexity of substitution decisions is best captured by models based

on individual choice data
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Marketing applications: Bundling

Creating optimal bundles is another area which requires knowledge of the individual
preferences

Demand for equipment X and Y Profit of equipment bundle
Effect of bundling " Profit equipment X
Price of X Customer buys more B Profitequipment Y
Price of Y A Customer buys less P Price X + Price Y
—— Price of bundle (X+Y) @® No change 3 Price of bundle (X+Y)
z [}
5 £
g 3 &7
2 5 "
5} =
o o
G =
iy o
=
o
S
w
o_
| | | | |
0 2000 4000 6000 8000
WTP equipment X Price of bundle
e [ndividual preferences and WTP for the e Testing of bundling scenarios leads to
different products are estimated in a the best bundles to sell and their optimal
discrete choice study price

e From this, one can estimate which
products customers will purchase and in
which combination
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Goals of optimal discrete choice design

=

The goal of discrete choice design is to minimise the error of parameter estimates while keeping

respondent burden at a minimum

Brand Price
=[Ol x|
Brand Z -3_23 25 EURS I 1 5
30 EURS I 025
Product 1 Product 2 Product 3 Brand ¥ -_31 5 BRI o
40 EURA -0 4
Brand Brand X Brand ¥ Brand Z | MNew | Brand ¥ _ 058 45 EuR | DT
T T T T T T T T
Price | 35 EUR/d ‘ |45 EUR,’d‘ | 25 ELR/d ‘ 05 0o 05 10 2 1 0 1 2
Parameter Parameter
Efficacy | a0 % ‘ | 80 % ‘ | 70 9% ‘ Efficacy Duration
0% ) o o 8\ieeks nas
Duration | 11 Weeks ‘ | 8 Weeks ‘ | 9 Weeks ‘
80% CLdoos 9Veeks LT Joar
Application | Spray ‘ | Spray ‘ | Tablets ‘ 0% I ) 10Weeks [
60 % 11 Wik [ J-085 |
Side Effect |Nervousness‘ | MNausea ‘ |Sleepyness‘ lz._ . . T oo - T T . . .
40 05 00 05 10 15 2 40 @05 00 05 10 13
’3_ ’2_ ’3_ ’7 Parameter Parameter
Application Side.Effect
+| (- +| (- +)| (-
( Jl E)l ( Jl E)l (+) ()l OKl e | T
Tshlets 099
Sleepyness |:|:] -0.081
- Mervousness D:I:l 064
Spray 0499 Nore |—| .
T T T T T T T T T T
10 05 o0 05 10 15 2 1 i 1 2

Parameter

Consultant
e (Obtain reliable and valid results
e Have a variety of design options

Study sponsor
e Reduce task complexity ® Reduce cost and

e Reduce number of choice obtain reliable and
tasks valid results

e Avoid respondent fatigue

Respondents
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Discrete choice modelling

Probabilistic discrete choice

1. Product attributes: A = {A;,...,Asa}, e.g. A1 = { 'Mercedes’, ’Audi’,
2. Space of products: M(A) =[],.4 4
3. Probability measure: q(n) = g(n?,...,n4) =], A qa(n?)

4. Choice probability for choice sets C C M(A) and n € C: q(n|C) =
q(n)/q(C)

Multinomial logit parameters

1. Introduce 'utility’-space U(A) = [[ 4ca U(A) and map u — q:

exp(uy)
(1,exp(ua))

U(A):={ueR*[(1,u) =0}, and us+— qu=

2. For C introduce §C x Y #A-’design’ matrix X (row vectors are binary
representations of the choice items n € C)

3. MNL formula: qc¢ = q(u)(+-|C) = exp(Xcu)/ (1, exp(Xcu)).
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Classical design criteria (1)

Maximum likelihood theory

1. For a choice set C write Y¢ for the multinomial rv of the number of choices:
_ (Ne ve _ [ Ne exp((Ye, Xcu)) Ne\ (1,Ye)!
P(YC‘U) — (YC> qC(u) — (YC> <1,exp(Xcu)>NC ) \ ~ Tmee Ye(m)!

2. Likelihood: L(w;Y) =P(Y1,...,Yk|u) = Hfil (Nz) exp((Yi,Xc,u))

Y; ) (Lexp(Xc,u))Ni
3. Information matrix: Iy(u) = Zfil N;XZ (D(qc,) — ac,a¢,) Xe,

4. Expected covariance: Yy (U) = (IU(G)\U(A)>_1 :

Optimal discrete choice design: Choose the series C; to minimise the vari-
ance of the (ML-) estimate, e.g.

(C1) 'D-criterion’: Minimise detU(A)(Z)%(lA)

(C2) ’E-criterion’: Minimise max([|S|y(a)l|)'/? (= vlargest eigenvalue)
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Classical design criteria (2)

Heuristics for optimal discrete choice design:

(H1)

(H2)

(H3)

(H4)

(H5)

'Minimal overlap’: Within each choice set C; the levels of each attribute
should be repeated as little as possible

'Level balance’: Across all choice sets C;, the levels of an attribute A € A
should appear as equally as possible

'Utility balance’: Based on a best guess of u, the choice probabilities
qc(u) for the choice items in C should be approximately equal.

'Total level balance’: If partial profiles / choice sets are allowed, all
levels across all attributes and all choice tasks C; should appear (approxi-
mately) equally often.

’Consistency’: The choice items in C should have no a priori ordering
(e.g. cet. par. do not compare a harddrive of 200 GB’ for '100 EUR’
with a harddrive of 100 GB’ for 150 EUR’)
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Bayesian adaptive design (1)

Bayesian approach

1. Introduce a prior distribution on U(A) by P(u) = N(u, A)|u(a)

2. Posterior: P(u|Y) = Pé?@‘;)P(u) = P(lY)E(u; Y)P(u)

3. Bayesian parameter estimate: up = E(u|Y)
4. Covariance: cov(u|Y) = cov(u,u|Y) = E(uu?|Y) - E(u]Y) - E(u|Y)?.
5. Expected entropy: Hy (u|Z) = —E(log, (P(u|Z,Y))|Y) = —E(Hzv(u)]Y).

Bayesian adaptive design: Given the posterior P(u|Y), choose the next
choice task Z = Z¢ according to one of:

B1) 'Bayesian D-criterion’: Minimise det(E(cov(u|Z,Y)|Y)) ,

B2) 'Bayesian E-criterion’: Minimise |E(cov(u|Z,Y)[Y)|,

™

B4) ’Bayesian utility balance’: Maximise Hy (%),

(
(
(
(
(

)
)
3) 'Expected Entropy’: Minimise Hy (u|Z),
)
)

B5) ’Simplified utility balance’: Maximise H(P(Z|up)) = H(P(Z|E(ulY))).
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Bayesian adaptive design (2)

Entropy, Covariance and Updating
1. Law of total covariance: E(cov(q|Z,Y)|Y) = cov(q|Y)—cov(E(q|Z,Y)|Y)
2. Entropy identity: Hy (u|Z2) = Hy (Z|u) + Hy (u) — Hy (2)

Th entropy identity provides the intuition that minimising the expected entropy

Hvy (u|Z) should be better than just providing utility balance (i.e. maximising
Hy(Z) )

H(Z)
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Sequential Monte Carlo (1)

Sequential Monte Carlo estimation
To estimate and update the posterior density P(u|Z,Y) we use the 'Reweight
-Resample -Move’ algorithm:

(Ul) Start: Draw a sequence of unweighted iid-draws (Uy, 1) for the prior
P(u)

(U2) Reweight: Given a weighted sample (UY, W¥) for P(u|Y), get the
updated weighted sample (UY 1Y, WY for P(u|Z,Y) by reweighting:

W{V ' P(Z|U{V) : W+ _ WlN;P(Z’u{Vz)

UN+1 — UN, WN-l-l — 1.€. ; -
2 T (WY P(Z[0Y) YL WP (ZIu))

(U3) Resample:

(a) Sample UY ™! from UYH! according to the weights W11,

(b) Set Wi tl =1
This is still a sample of P(u|Z,Y), but with lower variance of the weights.
(U4) Move: Diversify the sample using a Markov kernel K as follows
(a) Sample UNT! via u{\jfl ~ K(ué\f:rl)(),

(b) Wt = W2+t (ie. no change)
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Sequential Monte Carlo (2)

u1)
Start
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O O

-
— g
=
(@ ¥
o
@
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R-implementation %
p & =

We created a test-suite in R to compare the different design strategies in simulations. Our tests
are based on a typical scenario from pharmaceutical market research

PRODUCT DESCRIPTION DESIGN PARAMETERS
Attribute Levels | Ordered Screens with full profiles
Brand 3 No 3 products per screen
Price 5 Yes No fixed levels or attributes
Efficacy 4 Yes STUDY PARAMETERS
Duration 4 Yes 150 virtual respondents
Application 2 No 20 questions
Side-effects 4 No Distribution of 10 points

SCENARIOS
Algorithm (B1), (B2), (B3), (B5), Fixed, Random

Prior parameters pw=0, A=D(5)

Virtual respondents | (ordered) draws with =0, A =D(2)
Move-step MH normal random walk

Size of SMC sample | 5.000, 10.000, 20.000, 40.000

This is a typical scenario from pharmaceutical market research. Here, doctors are asked to
estimate the prescription share of each of the presented treatments. Compared to simple
choice questions, this provides sufficient information for individual-level estimation
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Results (1 Jg
(1 -
RMSE for Utilities RMSE vs. # questions
05 ° i ; —
0 ° il — B1 Det
o g — 08 — B2 sz
o — B3Ent
_ . — — B5 Simpl
o4 ‘ 0.7 - — Fixedmpe
= Random
0.3 ‘ 0.6
%
=
02 ‘ ‘ 057 %
0.1 — L
M=0.248 M=0.254 M=0.253 M=0.269 M=0.282 M=0.32
P=2e-04 P=0.002 P=0.001 P=0.2 P=NA P=3e-05 0.3
007 : : : : : : | # of qluestions | |
B1 Det B2 Max B3 Ent B5 Simple Fixed Random 5 10 15 20
Results:
(a) Methods (B1), (B2), (B3) peform significantly and consistently better
than the best fixed design in terms of RMSE. On average, the RMSE of
these methods was 10%-15% better than the RMSE from the fixed design.
(b) The ’simplified utility balance’ criterion (B5) performed as well as the
fixed design in terms of RMSE, and thus significantly worse than the
'fully Bayesian’ methods (B1), (B2), (B3).
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Results (2)

ML D-criterion: Avg SE
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Det Max Ent Sim Fix

Rnd

Bias of estimates

Estimated values

"True' values

Bias factors

B1 Det:1.108
B2 Max: 1.088
B3 Ent:1.102

B5 Simple : 1.102
Fixed : 1.067
Random:1.016

[
0

1 I
2

(a) The adaptive methods also perform well compared to the classical criteria.

(b) As is to be expected, there is considerable small-sample bias, which is
strongly influenced by the choice of prior. We hope to alleviate this by

using a hierarchical Bayes approach in the future.

(¢c) The results also indicate that there is an upwards oriented endogeneity

bias.
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Performance

RMSE vs. MC sample size and processing time

0.7 Update=2.5 s Update=11s
Select=2.7 s Select=13 s
Update=0.45 s Update=5.2 s Update=22 s
06 Selectx0.51 s Selecé=5.8 s Select=24 s
05 8
e S ° 8
8 2]
04 w —_—
(7))
=
03 &
0.2 ‘ | ‘
0.1 M=0.278 M=0.248 M=0.263 M=0.241 M=0.242
P=NA P=0.002 P=0.1 P=1e-04 P=2e-04
0.0 MC sample size
I I I I I
1000 5000 10000 20000 40000

(a) We tested the time-performance of the adaptive algorithms. The indicated
times are for 1 core of an Intel Core2Duo at 1.83 GHz.

(b) The current R-implementation is not yet fast enough for online implemen-
tation, but tweaking of parameters, like reduction of the SMC sample size,
and parallelisation will bring it there.
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