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Conjoint studies

Widely used in Marketing Research to study consumers’
product preferences
which features drive the preferences

Product features are called “attributes”
e.g. credit card interest rate

A set of chosen attribute levels is used in the study
e.g. 8.99%, 17.99%

Combinations of attribute levels form
product “profiles” or “alternatives”

Respondents evaluate a set of product profiles using

ratings or rankings or choices

Evaluations are used to estimate average (and covariances)
of “part-worths” of the attribute levels, which explain their
contributions to the overall profile evaluation.
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Contexts

Consumer preferences and sensitivities
are context dependent,
e.g.:

Demographics of consumer

Purchase environment

Consumption environment

We list the contexts in matrix Z



Contexts, continued

We list the contexts in matrix Z

e.g. for demographics, Z might contain

Z =


age respondent 1, household income 1
age respondent 2, household income 2
: :
age respondent n, household income n





A Hierarchical Linear Model

The model (for respondent i):

yi |βi , σ
2
i =Xiβi + εi , (1)

βi |θ,Λ =Ziθ + δi , (2)

εi ∼ Nmi (0¯
, σ2

i Imi ), δi ∼ Np(0
¯
,Λ).

If Zi = I, this is the linear mixed model

Lenk, Desarbo, Green and Young (1996)
Entholzner, Benda, Schmelter and Schwabe (2006)
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A Bayesian Hierarchical Linear Model

The Model (for respondent i):

yi |βi , σ
2
i =Xiβi + εi ,

βi |θ,Λ =Ziθ + δi ,

εi ∼ Nmi (0¯
, σ2

i Imi ), δi ∼ Np(0
¯
,Λ).

Prior Distributions (non-informative priors):

θ ∼ Nq(θ0 = 0
¯
,D−1

0 = 100Iq),

Λ ∼ IW (ν0 = p + 3,V0 = ν0Ip),

σ2
i ∼ IG (3/2,1/2), i = 1, . . . ,n



Optimal Design Criterion for Estimation of θ

Our interest is in the estimation of hyperparameters

Following Chaloner and Verdinelli (1995):

we seek the optimal design that maximizes the expected gain
in Shannon information; that is, which maximizes∫ [

log p(θ|y, X̃, Z̃)
]

p(θ|y, X̃, Z̃)p(y|X̃, Z̃)dθdy,

where X̃ = (X1, . . . ,Xn) and Z̃ = (Z1, . . . ,Zn)

This is not closed form. After some standard approximations,
the design criterion becomes:
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ψI Criterion

Need to find design matrix X̃ = (X1, . . . ,Xn) and associated
covariate matrix Z̃ = (Z1, . . . ,Zn) that maximizes∫ {

log
∣∣∣ n∑

i=1

Z′
iX

′
i(σ

2
i I + XiΛX′

i)
−1XiZi

∣∣∣}p(Λ)p(σ2
1, ., σ

2
n)dΛdσ2

1, .,dσ
2
n

we call this the ψI-criterion

If we are not in the Bayesian setting, and
if each Zi = I, this reduces to the
mixed-effects model D-criterion
Fedorov and Hackl (1997); Entholzner et al (2005)
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The Level Effect

We will use the ψI criterion to select a design for estimating
the level effect

“ addition of intermediate levels of a monotonic attribute
increases the estimated contrast between the
lowest-level and the highest-level part-worth”

Example – Credit Limit:

Study 1 ($5,000 $10,000 $20,000)
Estimated Contrast = 3.5

Study 2 ($5,000 $7,000 $10,000 $12,000 $20,000)
Estimated Contrast = 5

Well-known phenomenon – occurs regardless of
measurement types

– Rating, Ranking or Choice.
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Implications of the Level Effect

Implications in the market place:
Consumer preference sensitivity to a product attribute is
affected by the variety of attribute levels offered

Standard conjoint analysis models do not account for the
variety of attribute levels offered, and therefore can not predict
well to a different context

To model the level effect
we borrowed two concepts from the Psychology literature

Range-Frequency Theory
(Parducci 1965, 1974; Cooke et al 2004)

Distance-Density Theory
(Krumhansl 1978)
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Range-Frequency Theory

Range Principle: Tendency to map the range of the attribute
levels linearly onto the range of the response scale

Credit Limit ($5K , $10K , $20K )

Range Principle (0, 10
3 , 10)

Frequency Principle: Tendency to use categories along the
response scale with equal frequency, i.e., spread ratings
evenly along the scale.

Credit Limit ($5K , $10K , $20K )

Frequency Principle (0, 10
2 , 10)
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Range-Frequency Theory

“Perceived value” of level g of an attribute:

Ag = m
[
ωRg + (1 − ω)Fg

]
= mFg + mω(Rg − Fg)

ω is the perceived effect of skewness of the distribution of
attribute levels
m is the perceived distance between the lowest and highest
levels



Distance-Density Theory

To model m:
“Two points in a relatively dense region of a stimulus space would
have a smaller similarity measure than two points of equal
interpoint distance but located in a less dense region of the space”
(Krumhansl 1978)

Example:

Credit Limit ($5K , $10K , $20K )

Perceived Distance [0 a]

Credit Limit ($5K , $7K , $10K , $12K , $20K )

Perceived Distance [0 a+]



Contextual Influence: Mathematical Expression

Range-Frequency: Ag = mFg + mω(Rg − Fg)

Distance-Density: m = κ+ νL

Ag = κFg + νLFg + κω(Rg − Fg) + νωL(Rg − Fg)

Example:
Credit Limit ($5K , $10K , $20K )

A$10K = κ( 1
2 ) + ν(3 ∗ 1

2 ) + κω( 1
3 −

1
2 ) + νω[3 ∗ ( 1

3 −
1
2 )]



Survey Design Criterion

Zi,s contains F , LF , R − F , L(R − F ) for all monotonic
attribute levels

and dummy variables for qualitative attribute levels

Need to estimate nonlinear function of θ

model contains:

θ = (µ, κA, νA, κAωA, νAωA, θP , θC , θT )′

want to estimate

θ∗ = (µ, κA, νA, ωA, θP , θC , θT )′

Design criterion: Maximize

∫ − ln

∣∣∣∣∣∣
(
∂θ∗

∂θ

)′
(

S∑
s=1

ns∑
i=1

Z′
i,sX′

i,s(σ
2
i,sI + Xi,sΛsXi,s)

−1XsZs

)−1(
∂θ∗

∂θ

)∣∣∣∣∣∣


p(θ)p({Λs}p({σ2
i,s})dθd{Λs}d{σ2

i,s} (3)
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Estimation

To estimate level effect parameter, ν, two studies are needed
with different numbers of levels of the factor

To estimate ω, at least one part of the study must have
unequally spaced levels

Three studies were designed, each with 12 profiles

all subjects had the same design in the same study

Xi,s = Xs; Zi,s = Zs;
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Designs

To mimic credit cards available on the market, there were 7
possible values of APR ranging from 8.99% to 17.99%

Study 1: APR had 2 levels 8.99% and 17.99%
12 possible profiles; full factorial

Study 2: APR had same 2 levels & 2 intermediate levels
24 possible profiles; only 12 needed for the study(5

2

)
possible Z

The best pair X,Z was selected under the ψI criterion

Study 3: APR had same extreme levels & 1 intermediate
18 possible profiles; only 12 needed for the study

Design selection as for Study 2



Web-based 12-profile survey studies,continued

Studies 1 and 2 were used to estimate the model parameters

Study 3 was used to assess prediction accuracy



Web-based 12-profile survey studies

Through Harris Interactive, we ran three studies:

Study 1 APR: (8.99%, 17.99%)
(v = 12) Provider: (Capital One, Citibank)

Reward: (None, Cash, Travel)

Study 2 APR: (8.99%, 9.99%, 15.99%, 17.99%)
(v = 24) Provider: (Capital One, Citibank)

Reward: (None, Cash, Travel)

Study 3 APR: (8.99%, 9.99%, 17.99%)
(v = 18) Provider: (Capital One, Citibank)

Reward: (None, Cash, Travel)



Designs for Study 2



Four Versions of Designs in Part 2

Relative Design I Design II Design III Design IV

Efficiency (Baseline) Bayes D-opt Alternative ψI-opt

ψI 100% 95.5% 98.4% 100.4%

D 100% 105.1% 101.4% 93.1%











Model Fitting

MCMC method used to estimate θ∗

Metropolis-Hastings algorithm used within a Gibbs sampler to
generate posterior draws



Model Fitting Results

Table: Posterior Estimates of θ∗ From Study 1 and Study 2

θ∗ Design I Design II Design III Design IV
µ 0.325 0.234 0.254 0.202

(0.117) (0.115) (0.112) (0.112)
κA 3.427 3.27 3.495 3.174

(0.499) (0.512) (0.506) (0.52)
νA 0.224 0.289 0.24 0.373

(0.138) (0.15) (0.141) (0.143)
ωA 0.925 0.891 0.922 0.943

(0.07) (0.092) (0.07) (0.054)
θP -0.048 0.061 -0.015 -0.126

(0.123) (0.125) (0.129) (0.12)
θC 1.595 1.705 1.414 1.684

(0.18) (0.175) (0.164) (0.172)
θT 0.529 0.508 0.681 0.631

(0.163) (0.163) (0.151) (0.153)



Design Performance Comparison

Table: Performance Comparison of the Four Designs in Survey Part 2

Performance Design I Design II Design III Design IV

(Baseline) Bayes D-opt Alternative ψI -opt

Measure Rel. ψI = 100% Rel. ψI = 95.5% Rel. ψI = 98.4% Rel. ψI = 100.4%

Rel. D = 100% Rel. D = 105.1% Rel. D = 101.4% Rel. D = 93.1%

|Var(θ̂∗)|1/q 0.013 0.017 0.014 0.013

Rel. Efficiency 100% 76.5 % 92.9 % 100%

Tr(Var(θ̂∗))/q 0.046 0.054 0.051 0.046

Rel. Efficiency 100 % 85.2% 90.2 % 100%



Predictive Performance

Table: MSE of Mean Rating Predictions of Survey Part 3

Model Design I Design II Design III Design IV

(Baseline) Bayes D-opt Alternative ψI -opt

Rel. ψI = 100% Rel. ψI = 95.5% Rel. ψI = 98.4% Rel. ψI = 100.4%

Rel. D = 100% Rel. D = 105.1% Rel. D = 101.4% Rel. D = 93.1%

Our Model 0.198 0.209 0.161 0.189

Model 2 0.199 0.201 0.183 0.194

Model 3 0.200 0.198 0.180 0.194



Summary and Other Work

We modelled the level effect using the
range-frequency and distance-density theories

The Bayesian Hierarchical model and ψI-efficient designs verified
the existence of the level effect in a web-based study on credit cards

Future research

extension to choice designs
customized studies for different groups of respondents
design criterion for prediction
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Thank you!





Approximations

using a multivariate normal distribution as an approximation to the
posterior distribution of θ,

computing the expected Fisher information matrix,

using the prior distributions to approximate the predictive
distributions of the maximum likelihood estimates in the
approximate distribution



Comparisons with Other Models

Model 1: Model parts 1 and 2 of the study independently

Model 2: Treat APR as a continuous variable in βi

Model 3: Treat APR as a continuous variable in θ



In-Sample Fit Comparison to Baseline Models

Table: In-Sample Fit Based on Log Marginal Density

Model Design I Design II Design III Design IV

(Baseline) Bayes D-opt Alternative ψI -opt

Rel. ψI = 100% Rel. ψI = 95.5% Rel. ψI = 98.4% Rel. ψI = 100.4%

Rel. D = 100% Rel. D = 105.1% Rel. D = 101.4% Rel. D = 93.1%

Our Model -4515 -4455 -4414 -4258

Model 1 -4526 -4491 -4438 -4296

Model 2 -4583 -4803 -4446 -4615

Model 3 -4600 -4744 -4483 -4559
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