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Many forms of preference data 

· “Survey” – any form of data collection in which preferences and/or choices are elicited from samples of respondents.

· eg, simple “paper & pencil” surveys or elaborate multi-media events with full motion video, graphics, audio, etc.

· Application dictates type of “survey” - simple, well-known goods can use familiar survey methods; complex, unfamiliar goods - may require elaborate multi-media.
· Measurement is uninterpretable, even meaningless without theory.

· eg, how to interpret category rating scales that “measure” attitudes, beliefs, preferences, satisfaction, etc, such as “how satisfactory was your fishing experience?”

· Sam says “6” (on a scale of 0 - 10).  What does a “6” mean?

· Preference/choice responses state if (1 objects are =, ( or ( than one another. Many order measures consistent with Random Utility Theory (Luce & Suppes, 1965), such as

· Discrete choice of one option from a set of options.

· “Yes, I like this option”. “No, I do not like this option”.

· Ranking of options from most to least preferred & preferences expressed on scale ratings or other methods.

· Allocations of fixed resources (money, trips, chips, etc.), and, potentially many more ...
Intro to experimental design

· Most SP data derived from systematic, planned design process.

· Simple experiments manipulate one/more values of a variable & take observations for each value manipulated.

· The manipulated variable is a “Factor”;

· The manipulated values are called “Factor Levels”.

· “Independent,” “explanatory” variables; or “attributes” if features/characteristics of products/services.

· Each unique factor level is called a “Treatment” - if >1 factor manipulated, each unique combination of factor levels is called a “Treatment Combination”.

· Marketers call the latter “profiles”.

· Designed experiments manipulate attributes & levels to permit rigorous tests of certain hypotheses of interest.

· “Design” = science of planning exactly what observations to take and how to take them to permit the best possible inferences to be made from the data vis-à-vis one’s hypotheses.

Factorial Designs

· Each level of each attribute is combined with every level of all other attributes.

· eg, 3 attributes, each with 2 levels like stream attributes – number of fish/quarter mile (6 or 18), size of stream (river or creek) and distance from origin (20 or 100 miles).

· Each combination of these attribute levels describes a unique stream (eg, river with 18 fish per quarter mile 100 miles away).

· All streams that can be created from this set of attributes & levels are given by a factorial combination of their levels.

· ie, there are 2 x 2 x 2, or eight total streams, as below:

	
	Streams
	# Fish
	Stream
	Distance

	
	1
	6
	River
	20 mi

	
	2
	6
	River
	100 mi

	
	3
	6
	Creek
	20 mi

	
	4
	6
	Creek
	100 mi

	
	5
	18
	River
	20 mi

	
	6
	18
	River
	100 mi

	
	7
	18
	Creek
	20 mi

	
	8
	18
	Creek
	100 mi


· More generally, factorial designs consist of (2 attributes, each with (2 levels: eg, a 2 x 2 and a 2 x 2 x 2 factorial.

	
	
	Attributes of a 2 x 2
	Attributes of a 2 x 2 x 2

	
	Treatment Combination
	A - 2 levels
	B - 2 levels
	A - 2 levels
	B - 2 levels
	C - 2 levels

	
	1
	0
	0
	0
	0
	0

	
	2
	0
	1
	0
	0
	1

	
	3
	1
	0
	0
	1
	0

	
	4
	1
	1
	0
	1
	1

	
	5
	
	
	1
	0
	0

	
	6
	
	
	1
	0
	1

	
	7
	
	
	1
	1
	0

	
	8
	
	
	1
	1
	1


· Factorial designs represent all possible combinations of attribute levels - called “complete/full” factorial designs.

Full factorials insure all attribute effects are independent. 

· “Effects” = means, variances and regression parameters (or slopes) in the case of ANOVA and multiple regression models.

· An “effect” is a difference in treatment means.

· A “Main Effect” is the difference in the means of each level of a particular attribute and the overall or “Grand Mean”.

· A regression main effect is defined by a polynomial of degree L-1, where L is the number of levels of a particular attribute.

· “Contrasts” = differences in means of qualitative attributes - factorial designs insure that contrasts are orthogonal.

· Full factorials are practical if few attributes or levels or both. 

· Rare for SP problems to be small enough to use full factorials.

· eg, five attributes A - E (levels in parens): A(4) x B(5) x C(8) x D(2) x E(4), or 2 x 42 x 5 x 8 = 1280.

· As #s of attributes, levels or both increase, #s of possible combinations increases exponentially – typically motivates one to reduce problems to smaller sizes for field applications.

Fractional factorial designs

· Selective sample from factorial - certain effects can be estimated/identified independently of other effects with given levels of statistical efficiency.

· All fractions lose statistical info - can be & usually is very large.

· ie, fractions require assumptions about non-significance of higher-order effects - interactions of two or more attributes.

· eg, a 1/2 fraction of the 2 x 2 x 2 factorial below:

	
	Combination
	A - 2 levels
	B - 2 levels
	C - 2 levels
	

	
	1
	0
	0
	0
	

	
	2
	0
	1
	1
	Fraction 1

	
	3
	1
	0
	1
	

	
	4
	1
	1
	0
	

	
	1
	1
	1
	1
	

	
	2
	1
	0
	0
	Fraction 2

	
	3
	0
	1
	0
	

	
	4
	0
	0
	1
	


· Each half of the 23 contains exactly 4 combinations.

· 1st two columns in each half are identical (attributes A and B), but the third column differs.

· Each half statistically equivalent – 3rd column ( AB interaction.

· Transform 1, 2 codes so that each column sum = 0 & inner product of each pair of columns = 0 (orthogonal codes) – let 1 = -1 & 2 = +1 (mean centering suffices if 2-levels).

	
	Combination
	A - 2 levels
	B - 2 levels
	C - 2 levels
	

	
	1
	-1
	-1
	-1
	

	
	2
	-1
	+1
	+1
	Fraction 1

	
	3
	+1
	-1
	+1
	

	
	4
	+1
	+1
	-1
	

	
	1
	-1
	-1
	+1
	

	
	2
	-1
	+1
	-1
	Fraction 2

	
	3
	+1
	-1
	-1
	

	
	4
	+1
	+1
	+1
	


· Product A x B perfectly correlated with column C = AB interaction (cross-product) in both fractions.

· C = C main effect, AB interaction or combination of both.

· 4 interactions - AB, AC, BC & ABC - orthogonal in full factorial, but perfectly correlated with one column in each fraction.

· eg, BC = A, but ABC = -1 in fraction 1 & +1 in fraction 2.

· So ABC exactly equals the intercept (grand mean).

· Design columns not only = main effects assigned to them (ie, A, B & C), but also unobserved interactions (omitted variables).

· If omitted interactions ( 0 (ie, at least one ( 0), effects are biased - nature & extent of bias unknown - depends on the unobserved effects. 

· Now consider a larger fraction (eg, 24-1):

	
	Profile
	A
	B
	C
	AB
	AC
	BC
	ABC

	
	1
	-1
	-1
	-1
	+1
	+1
	+1
	-1

	
	2
	-1
	-1
	+1
	+1
	-1
	-1
	+1

	
	3
	-1
	+1
	-1
	-1
	+1
	-1
	+1

	
	4
	-1
	+1
	+1
	1
	-1
	+1
	-1

	
	5
	+1
	-1
	-1
	-1
	-1
	+1
	+1

	
	6
	+1
	-1
	+1
	-1
	+1
	-1
	-1

	
	7
	+1
	+1
	-1
	+1
	-1
	-1
	-1

	
	8
	+1
	+1
	+1
	+1
	+1
	+1
	+1


· Which column of the factorial to use for the ME of Factor D?

	
	Profile
	A
	B
	C
	D?
	D?
	D?
	D?

	
	1
	-1
	-1
	-1
	+1
	+1
	+1
	-1

	
	2
	-1
	-1
	+1
	+1
	-1
	-1
	+1

	
	3
	-1
	+1
	-1
	-1
	+1
	-1
	+1

	
	4
	-1
	+1
	+1
	1
	-1
	+1
	-1

	
	5
	+1
	-1
	-1
	-1
	-1
	+1
	+1

	
	6
	+1
	-1
	+1
	-1
	+1
	-1
	-1

	
	7
	+1
	+1
	-1
	+1
	-1
	-1
	-1

	
	8
	+1
	+1
	+1
	+1
	+1
	+1
	+1


· Which columns to use for the ME’s of Factors D & E?

	
	Profile
	A
	B
	C
	D, E?
	D, E?
	D, E?
	D, E?

	
	1
	-1
	-1
	-1
	+1
	+1
	+1
	-1

	
	2
	-1
	-1
	+1
	+1
	-1
	-1
	+1

	
	3
	-1
	+1
	-1
	-1
	+1
	-1
	+1

	
	4
	-1
	+1
	+1
	1
	-1
	+1
	-1

	
	5
	+1
	-1
	-1
	-1
	-1
	+1
	+1

	
	6
	+1
	-1
	+1
	-1
	+1
	-1
	-1

	
	7
	+1
	+1
	-1
	+1
	-1
	-1
	-1

	
	8
	+1
	+1
	+1
	+1
	+1
	+1
	+1


	
	24 Design
	Selected Interactions

	Trmt #
	A
	B
	C
	D
	AB
	AC
	AD
	BC
	ABC
	ABCD

	1
	-1
	-1
	-1
	-1
	
	
	
	
	
	

	2
	-1
	-1
	-1
	+1
	
	
	
	
	
	

	3
	-1
	-1
	+1
	-1
	
	
	
	
	
	

	4
	-1
	-1
	+1
	+1
	
	
	
	
	
	

	5
	-1
	+1
	-1
	-1
	
	
	
	
	
	

	6
	-1
	+1
	-1
	+1
	
	
	
	
	
	

	7
	-1
	+1
	+1
	-1
	
	
	
	
	
	

	8
	-1
	+1
	+1
	+1
	
	
	
	
	
	

	9
	+1
	-1
	-1
	-1
	
	
	
	
	
	

	10
	+1
	-1
	-1
	+1
	
	
	
	
	
	

	11
	+1
	-1
	+1
	-1
	
	
	
	
	
	

	12
	+1
	-1
	+1
	+1
	
	
	
	
	
	

	13
	+1
	+1
	-1
	-1
	
	
	
	
	
	

	14
	+1
	+1
	-1
	+1
	
	
	
	
	
	

	15
	+1
	+1
	+1
	-1
	
	
	
	
	
	

	16
	+1
	+1
	+1
	+1
	
	
	
	
	
	


Interactions

· Interaction - preferences for levels of one attribute depend on the levels of a second.
· eg, if pref’s for levels of # of fish depend on levels of distance.

· eg, if subjects less sensitive to driving distance for higher fish numbers, # of fish slopes will differ by levels of distance.

· Economic theory generally silent about interactions, but if utility fct is strictly additive, all attributes must be preferentially independent.

· Unlikely in real markets; hence, additive utility very naive.

· As problem complexity increases, may need to rely on additive assumptions because fractions may be too large otherwise.

· Hence, one would have to use main effects designs or do nothing.

· Main effects designs can be used to predict

· Additive models often predict well even if parameters biased.

· 2 different and often conflicting objectives in choice research:

1. Understanding process demands the most information possible (ie, full factorials) or high resolution designs.

· The resolution of a design is the highest order of effects that can be independently estimated.

· “Main effects” designs have lowest resolution, but science needs highest resolution designs possible.

2. Practical prediction often achieved without understanding.

· Most experimental conditions insure predictive accuracy even if utility functions are misspecified.

Understanding may lead to better prediction, but better prediction will not necessarily lead to better understanding.

Ways to handle interactions

· Consider a fraction with 5 four-level attributes (ie, 45).

· Smallest orthogonal main effects design has 16 combinations - 45 factorial has 1024.

· Main effects have 15 df - main effects design requires you to assume the rest away (ie, 1024-15 = 1009).

· Miraculous if 1009 interactions not significant – no theory to suggest otherwise (serious issue for problems of real size!).

· So, researchers interested in understanding process as opposed to practical prediction should think seriously about using fractions.

· Field applications trade off prediction for bias & incorrect inference.

· ie, interaction columns used to represent main effects justified by results for linear models (eg, Dawes & Corrigan 1974):

· main effects capture about 70%-90% explained var.

· 2-way interactions capture about 5%-15% explained var.

· higher-order interactions account for the rest.

Takeaway – even if interactions are significant/large, they rarely account for much explained variance (unless there are several qualitative attributes).

Practical design strategies

· Use reso 5 designs to estimate all ME + 2-way interactions - main effects + 2-way interactions account for most reliable variance.

· Little remaining variance accounted for by omitted effects - should minimize bias in estimates of primary interest. 

· If attribute preference direction known, explained variance usually very high (Dawes & Corrigan 1974; Anderson & Shanteau 1977). 

· If responses monotonic with levels (or can be transformed), additive models will fit data & cross-validate well.

· ie, if more good attribute levels = more positive responses, additive models will fit & predict well in the experimental space.

· Corollary of conditional attribute monotonicity – interaction effects also have properties that benefit practical prediction.

· Most explained variance should be in linear-by-linear interaction terms (simple cross-products of linear components).

· Let X, Z have L levels – can fit L means exactly with polynomial of degree L-1.

· 2-way interactions fit exactly with all (L-1) x (L-1) polynomial components (cross-products): XZ, X2Z, …, XL-1Z, XZ2, XZ3,…, XZL-1, X2Z2, …, XL-1ZL-1 (bilinear component = XZ).

· If responses monotonic to X & Z, almost all reliable variance explained by X x Z should be in XZ.

Conditional monotonicity design strategies

· Bilinear components explain most variance in 2-way interactions – so use  “endpoint designs” based on extreme attribute levels.

· eg, use fractions of 2J factorials (J = no. of attributes) in which all main and 2-way interactions are orthogonal.

· Combine with a main effects design for all original levels.

· Can estimate a) non-linear main effects & b) all linear x linear 2-way interaction effects.

· Combined design not orthogonal - is well-conditioned & one can estimate all effects with reasonable statistical efficiency.

· eg, 46 = 4096 combinations, so smallest main effects design uses 32/4096  ( 1000’s of significant effects unobserved!

· If we restrict all attribute levels to the 2 extremes, there are 6 main + 15 two-way interaction effects = 21 df.

· Estimate all linear main + bilinear 2-way interactions with 32 treatment 26-1 orthogonal fraction & combine with a 32 treatment main effects design for 4-level main effects.

· Combined design = 64 treatments. If duplicates removed, will be minor non-orthogonality.

· Or use duplicate profiles to estimate response reliability (test-retest reliability).

eg, combining designs to capture variance

	
	Using a 25 fraction to estimate main + 2-way interaction effects

	
	Combo #
	A1
	A2
	A3
	A4
	A5

	
	1
	0
	0
	0
	0
	0

	
	2
	0
	0
	0
	3
	3

	
	3
	0
	0
	3
	0
	3

	
	4
	0
	0
	3
	3
	0

	
	5
	0
	3
	0
	0
	3

	
	6
	0
	3
	0
	3
	0

	
	7
	0
	3
	3
	0
	0

	
	8
	0
	3
	3
	3
	3

	
	9
	3
	0
	0
	0
	3

	
	10
	3
	0
	0
	3
	0

	
	11
	3
	0
	3
	0
	0

	
	12
	3
	0
	3
	3
	3

	
	13
	3
	3
	0
	0
	0

	
	14
	3
	3
	0
	3
	3

	
	15
	3
	3
	3
	0
	3

	
	16
	3
	3
	3
	3
	0


	
	45 orthogonal fraction to estimate main effects

	
	Combo #
	A1
	A2
	A3
	A4
	A5

	
	17
	0
	0
	0
	0
	0

	
	18
	0
	1
	1
	2
	3

	
	19
	0
	2
	2
	3
	1

	
	20
	0
	3
	3
	1
	2

	
	21
	1
	0
	1
	1
	1

	
	22
	1
	1
	0
	3
	2

	
	23
	1
	2
	3
	2
	0

	
	24
	1
	3
	2
	0
	3

	
	25
	2
	0
	2
	2
	2

	
	26
	2
	1
	3
	0
	1

	
	27
	2
	2
	0
	1
	3

	
	28
	2
	3
	1
	3
	0

	
	29
	3
	0
	3
	3
	3

	
	30
	3
	1
	2
	1
	0

	
	31
	3
	2
	1
	0
	2

	
	32
	3
	3
	0
	2
	1


Profile duplication can be minimised by reversing order of attribute levels in some columns - eg, if column A1 codes for 17 to 32 = 0, 1, 2, 3, reverse codes in every other column beginning with A1 or A2 (ie, 0=3, 1=2, 2=1, 3=0). 

· Simple example & design options

· eg, assume 9 attributes for Boston to LA flights - 2 at 4 levels & 7 at 2 levels - complete factorial is 42 x 27.

	Attributes of Boston – LA flights
	
	Levels of features

	Return fare
	
	$300, $400, $500, $600

	Departure time
	
	8am, 9am, noon, 2pm

	Total time to LA
	
	5, 7 hours

	Non-stop service
	
	non-stop, 1 stop

	Music/audio entertainment
	
	yes, no

	TV-video clips, news
	
	yes, no

	Movie(s)
	
	yes, no

	Hot meal
	
	yes, no

	Airline
	
	United, Delta


· Effects & df can be decomposed as follows:

· Main effects (13 df)

· Two-way interactions (72 df)

· Other interactions (2,048 - 13 - 72 - 1 = 1,952 df)

· Each subject unlikely to evaluate 2048 tickets reliably, so need more parsimonious statistical models or blocking + aggregation.

· Can be derived from theory, hypotheses or empirical evidence; or one can curve-fit (typical). Possibilities for design-based models include the following (in increasing order of complexity):

· Only main effects

· Main effects orthogonal to unobserved 2-way interactions

· Main effects + some two-way interaction effects

· Main effects + all two-way interaction effects

· Designs with higher order effects

· Blocking + aggregation

· Divide larger designs into “versions” or blocks – eg, a 22 x 42 x 8 design = 512 treatments.

· One can make 32 blocks/versions of 16 treatments – randomly assign treatments & subjects to versions.

· Must make aggregation assumptions – segments, distribution(s) of utilities, etc.

Nested attributes/levels

· Nesting ( at least some levels of (2 attributes cannot logically vary independently, or levels of one attribute must differ due to levels of a second.

· eg, a) length of fishing charter (4 vs 8 hrs) & associated rates; b) auto makes/models & associated prices; c) types of transport modes & destination travel times, or etc.

· Nesting often can be handled by combining levels:

· short trip ($2.75, $3.75); long trip ($4.00, $5.50) - 4 levels;

· Installation fee and fee waiver ($0 if 3 or more, $10, $20, $30 each if less than 3), or 4 levels.

· Try to avoid nesting or try to minimize resulting numbers of levels - can be large in combined attributes.

· Nesting complicates designs & may require large designs if “combined” (new) attributes contain eight or more levels.

Experiments for binary responses

· Typical design objectives are:

· Identification - form(s) of utility functions one can estimate from a given experiment.

· eg, some designs allow only additive, main-effects models; others allow more general models with non-additive effects.

· Precision ( confidence intervals of parameter estimates, given particular specifications & sample sizes. More precise estimates have smaller intervals, hence, greater statistical efficiency.

· Cognitive complexity ( task complexity &/or difficulty created by experiments. Little consensus or empirical data about optimum levels of complexity - pilot tests usually inform this decision.

· Market realism ( degree to which experiments & tasks match actual decision environments. The closer experiments resemble actual markets, the higher the face validity.

· Also must satisfy properties of discrete choice models underlying responses - must consider such properties in design + other aspects like sampling methods & sample sizes.

A binary response model

· Consider the binary logit model (BLM):

P(yes|yes, no) = exp(Vyes)/[exp(Vyes) + exp(Vno)],

· Recall Vno can be set = 0 to satisfy the identification restriction. Thus,

P(yes|yes, no) = exp(Vyes)/[exp(Vyes) + 1],

· The odds of responding “yes” relative to “no” are
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· Taking natural logarithms of both sides, we see that:


[image: image2.wmf]yes

)

no

,

yes

|

no

(

P

)

no

,

yes

|

yes

(

P

e

V

Log

=

ú

û

ù

ê

ë

é

,

· Recall Vyes specified as linear-in-parameters:

Vyes = (k (kXk + (m (mZm,

(k - vector of K attribute effects (Xk); (m - vector of M individual measure effects (Zm) interacted with intercept or elements of Xk.

· Key property – can effects of Xk be estimated independently?

· Xk contains main effects + (possibly) interactions - so, models that can be estimated depend on design of Xk columns.

Random assignment strategies

· Random samples of full factorials should yield independent effects: 

· If sample is large enough, it should closely approximate the orthogonality of main & interaction effects of interest.

· If all subjects evaluate all stimuli, no consensus about how many profiles they can/will complete before reliability, bias or response rates are compromised. 

· Based on experience, I offer the following rules of thumb:

· Many experiments use at least 32 profiles successfully.

· As #s of attributes increase, task complexity increases with #’s of things to which respondents must attend.

· As level complexity rises, task complexity increases due to cognitive effort comprehending/attending to information.

· Thus, if ( 10 attributes, &/or levels are complex, might consider reducing nos. of scenarios (Carson, et al. 1993).

· For large problems, random samples of ( 32 profiles are unlikely to approximate properties of factorials - design likely not orthogonal & may be correlations, so random samples of profiles may be OK for large samples. 

· Only design for “yes” responses (like linear models) - develop fractional factorial designs that allow identification of effects:

· ie, main effects only; main effects + foldover; main effects + all 2-way interactions, higher resolution designs, etc.

· Can block larger designs to estimate all effects needed.

Example: “Main Effects Only” design codes for flight example

	
	
	Design codes for an orthogonal main effects fraction

	
	Flight
	Fare
	Depart
	Time
	Stops
	Audio
	Video
	Meals
	Airline

	
	1
	0
	0
	0
	0
	0
	0
	0
	0

	
	2
	0
	1
	1
	1
	0
	1
	1
	0

	
	3
	0
	2
	2
	1
	1
	0
	1
	1

	
	4
	0
	3
	3
	0
	1
	1
	0
	1

	
	5
	1
	0
	1
	0
	1
	0
	1
	1

	
	6
	1
	1
	0
	1
	1
	1
	0
	1

	
	7
	1
	2
	3
	1
	0
	0
	0
	0

	
	8
	1
	3
	2
	0
	0
	1
	1
	0

	
	9
	2
	0
	2
	1
	0
	1
	0
	1

	
	10
	2
	1
	3
	0
	0
	0
	1
	1

	
	11
	2
	2
	0
	0
	1
	1
	1
	0

	
	12
	2
	3
	1
	1
	1
	0
	0
	0

	
	13
	3
	0
	3
	1
	1
	1
	1
	0

	
	14
	3
	1
	2
	0
	1
	0
	0
	0

	
	15
	3
	2
	1
	0
	0
	1
	0
	1

	
	16
	3
	3
	0
	1
	0
	0
	1
	1


· Replace design codes with their levels to produce profiles below. 

· Like “find & replace” – replace codes with verbal, graphical, quantitative, etc, “string” or symbol to describes a level.

	
	Design codes for an orthogonal main effects fraction

	Flight
	Fare
	Depart
	Time
	Stops
	Audio
	Video
	Meals
	Airline

	1
	$300
	8.00 am
	4 hrs
	0
	No
	No
	No
	Delta

	2
	$300
	9.00 am
	5 hrs
	1
	No
	Yes
	Yes
	Delta

	3
	$300
	Noon
	6 hrs
	1
	Yes
	No
	Yes
	United

	4
	$300
	2.00 pm
	7 hrs
	0
	Yes
	Yes
	No
	United

	5
	$400
	8.00 am
	5 hrs
	0
	Yes
	No
	Yes
	United

	6
	$400
	9.00 am
	4 hrs
	1
	Yes
	Yes
	No
	United

	7
	$400
	Noon
	7 hrs
	1
	No
	No
	No
	Delta

	8
	$400
	2.00 pm
	6 hrs
	0
	No
	Yes
	Yes
	Delta

	9
	$500
	8.00 am
	6 hours
	1
	No
	Yes
	No
	United

	10
	$500
	9.00 am
	7 hours
	0
	No
	No
	Yes
	United

	11
	$500
	Noon
	4 hours
	0
	Yes
	Yes
	Yes
	Delta

	12
	$500
	2.00 pm
	5 hours
	1
	Yes
	No
	No
	Delta

	13
	$600
	8.00 am
	7 hours
	1
	Yes
	Yes
	Yes
	Delta

	14
	$600
	9.00 am
	6 hours
	0
	Yes
	No
	No
	Delta

	15
	$600
	Noon
	5 hours
	0
	No
	Yes
	No
	United

	16
	$600
	2.00 pm
	4 hours
	1
	No
	No
	Yes
	United


· Once designed, put profiles in survey format & administer.

Example “Yes/No” responses to flight profiles

	
	Responses
	Attributes Of Flights In Experiment (n=100)

	Scen
	Yes
	No
	fare
	depart
	time
	stops
	audio
	video
	meals
	brand

	1
	80
	20
	$300
	8.00 a
	4 hrs
	0
	No
	No
	No
	De

	2
	60
	40
	$300
	9.00 a
	5 hrs
	1
	No
	Yes
	Yes
	De

	3
	50
	50
	$300
	Noon
	6 hrs
	1
	Yes
	No
	Yes
	Un

	4
	30
	70
	$300
	2.00 p
	7 hrs
	0
	Yes
	Yes
	No
	Un

	5
	60
	40
	$400
	8.00 a
	5 hrs
	0
	Yes
	No
	Yes
	Un

	6
	50
	50
	$400
	9.00 a
	4 hrs
	1
	Yes
	Yes
	No
	Un

	7
	20
	80
	$400
	Noon
	7 hrs
	1
	No
	No
	No
	De

	8
	35
	65
	$400
	2.00 p
	6 hrs
	0
	No
	Yes
	Yes
	De

	9
	10
	90
	$500
	8.00 a
	6 hrs
	1
	No
	Yes
	No
	Un

	10
	15
	85
	$500
	9.00 a
	7 hrs
	0
	No
	No
	Yes
	Un

	11
	40
	60
	$500
	Noon
	4 hrs
	0
	Yes
	Yes
	Yes
	De

	12
	20
	80
	$500
	2.00 p
	5 hrs
	1
	Yes
	No
	No
	De

	13
	30
	70
	$600
	8.00 a
	7 hrs
	1
	Yes
	Yes
	Yes
	De

	14
	5
	95
	$600
	9.00 a
	6 hrs
	0
	Yes
	No
	No
	De

	15
	10
	90
	$600
	Noon
	5 hrs
	0
	No
	Yes
	No
	Un

	16
	15
	85
	$600
	2.00 p
	4 hrs
	1
	No
	No
	Yes
	Un


· Analyze responses with binary logit/probit regression methods (must take into account panel nature of data - repeated measures).

Example binary logit regression results

	Effect
	Coefficient
	Std Error
	T-Value

	Return fare
	-0.007
	0.001
	-12.649

	Depart @ 8am
	0.604
	0.103
	5.873

	Depart @ 9am
	-0.098
	0.112
	-0.876

	Depart @ Noon
	-0.215
	0.107
	-2.011

	Total time
	-0.361
	0.054
	-6.642

	No. of stops
	-0.003
	0.123
	-0.026

	Audio entertain (no = -1)
	0.340
	0.125
	2.728

	Video entertain (no = -1)
	0.058
	0.123
	0.476

	Meals (no = -1)
	0.523
	0.122
	4.285

	Airline (Delta = +1)
	-0.181
	0.062
	-2.912

	Intercept
	3.927
	0.398
	9.860

	Statistics: -2[L (0)-L (()] = 501.86, df =11, (2 = 0.839


· Caveat - responses may not be independent, so IID error assumptions may not hold within/between individuals.

· Within-individual responses to successive profiles may depend in some way on previous responses.

· Between-individuals preference differences may violate the IID assumption if the joint distribution of taste weights is correlated.

· Repeated measures issues arise – diff subjects respond to same scenarios – panel data problem.

Multiple choice experiments

· Sets of choice sets sampled from all possible choice sets to satisfy certain statistical properties.

· Identification & precision + realism & complexity.

· 2 types of options: generic, alternative-specific.

· Generic - options have no specific name or “label.”

· Alternative-specific - options have names or “labels” like brands of detergent, fish species, holiday destinations, etc.

· Thus, 2 types of choice experiments - “labelled” (alternative-specific), and “unlabelled” (generic).

· General ways to design choice experiments for both types:

1. Sequentially design options & then design choice sets to place them in, and/or 

2. Simultaneously design options & assign to choice sets. 

· Generic effects - attribute &/or individual characteristic effects that are constant for at least 2 or more options;

· Alternative-specific effects - if effects differ for at least one option, they are alternative-specific for the options that differ.

· Main & interaction effects can be either.

· Two other effects can be estimated from choice experiments related to violations of IID error assumptions in utility specifications:

· “Own effects” - main &/or interaction effects of options on their own utility or choices. 

· “Cross-effects” refers to main &/or interaction effects of other options on a particular option’s utility or choices.

· If errors IID, only “own” attribute effects significant; if not IID - more “cross-effects” than chance should be signif.

· Objective of choice experiments - design options & choice sets to estimate effects with reasonable statistical precision.

· Features of multiple choice experiments:

· ( 2 choice options (eg, 2 brands + no-choice; 8 brands, etc.), & 

· Choice set sizes may vary (ie, sets with 2, 4, 8, etc, brands).

Designs For MNL Models

· Linearize MNL model to motivate the discussion:
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· The odds of choosing a over r (a reference option) is:
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· So, log odds of a/r estimates a utility difference of options a & r.

· Utility of one option must be constant (typically 0) because only J-1 options are identified ; so, if r = 0 log odds of a/r estimates the utility of a up to a positive linear transformation. 

· Generally r not constant - its attributes vary over choice sets.  If r’s utility effects are generic we would have the following:
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· Thus, MNL is a “difference-in-attributes” model.

· So, vary attribute differences, NOT absolute values

· If r’s attributes constant (eg, no choice), can vary abs levels – ie, Va(r - Vr = C, a linear transformation of the absolute levels.

· Linear transformations affect intercepts, not slopes - if r constant, standard design theory applies.

· Testing (k “genericness” requires one to estimate alternative-specific (ka‘s independently.

· If MNL holds & utility is generic, design economies apply:

· ie, design an initial set of P total alternatives (profiles)

· Make choice sets with ( 1 other options, say M, as follows:

1. Make M-1 copies of P profiles. Put original + copies in M “urns”. Randomly pick M without replacement to make P choice sets of size M (let no profiles be same). Repeat until all PxM assigned.

2. Enhance efficiency & identification - make M statistically equal designs. Repeat # 1 to make PxM total profiles.

3. Make P profiles as #1; make P choice sets by “shifting” (Huber & Zwerina 1996) – use modular arithmetic to add constants to profile levels based on original # of levels.

4. Make P(P-1)/2 pairs of P profiles (gets BIG as P increases).

· Assumes IID errors - if not, estimates biased & incorrect – so, be cautious of simple designs in some commercial software.

Multiple choice design principles

· Unlabelled, generic options – generic because “labels” convey no additional information.

Example of a generic choice experiment

	
	
	Option A
	Option B

	
	Set
	Fare
	Service
	Time
	Fare
	Service
	Time

	
	1
	$1.20
	5
	10
	$2.00
	15
	15

	
	2
	$1.20
	5
	20
	$2.00
	30
	30

	
	3
	$1.20
	15
	10
	$3.00
	30
	30

	
	4
	$1.20
	15
	20
	$3.00
	15
	15

	
	5
	$2.20
	5
	10
	$3.00
	30
	15

	
	6
	$2.20
	5
	20
	$3.00
	15
	30

	
	7
	$2.20
	15
	10
	$2.00
	15
	30

	
	8
	$2.20
	15
	20
	$2.00
	30
	15


Design strategy

· M choice options with A attributes, all attributes at L levels - treat all attributes as LMA factorial - use smallest, orthogonal main effects plan (eg, 4 options, each with 9 4-level attributes = 49x4, or 436).

· Smallest main effects plan has at least one more observation than the total df for all implied main effects. 

· Total df = sum of df for each main effect, or ( MA(L-1) (4 x 9 attributes = 36 main effects = 36 x 3 = 108 df).

· So, smallest orthogonal design requires 128 choice sets. 

· Number of choice sets for problems of various sizes based on the smallest, orthogonal main effects plans shown below.

· Many recommend minimal designs – avoid because less sets relative to parameters = less power.

· Also avoid unbalanced designs - statistical power differs within attribute levels &/or between attributes & creates artificial correlations with grand means or model intercepts. 

· Also avoid irregular fractions due to difficulty of knowing confoundment structure.

· Designs below are balanced & based on powers of 2, which should be useful in many applications.

Sizes Of Designs Based On Factorials

	
	# options
	# attributes
	# levels
	Full factorial
	Smallest

	
	2
	4
	2
	28
	16 sets

	
	2
	4
	4
	48
	32 sets

	
	2
	8
	2
	216
	32 sets

	
	2
	8
	4
	416
	64 sets

	
	2
	16
	2
	232
	64 sets

	
	2
	16
	4
	432
	128 sets

	
	4
	4
	2
	216
	32 sets

	
	4
	4
	4
	416
	64 sets

	
	4
	8
	2
	232
	64 sets

	
	4
	8
	4
	432
	128 sets

	
	4
	16
	2
	264
	128 sets

	
	4
	16
	4
	464
	256 sets

	
	8
	4
	2
	232
	64 sets

	
	8
	4
	4
	432
	128 sets

	
	8
	8
	2
	264
	128 sets

	
	8
	8
	4
	464
	256 sets

	
	8
	16
	2
	2128
	256 sets

	
	8
	16
	4
	4128
	512 sets

	
	16
	4
	2
	264
	128 sets

	
	16
	4
	4
	464
	256 sets

	
	16
	8
	2
	2128
	256 sets

	
	16
	8
	4
	4128
	512 sets

	
	16
	16
	2
	2256
	512 sets

	
	16
	16
	4
	4256
	1024 sets


· Labelled options – “labels” convey info – Ss may infer missing (omitted) information ( inferences correlated with random components.

· eg, brand names often levels of “brand name” attributes in unlabelled choice (& conjoint analysis) experiments.

· Omitted variable bias can lead to alternative-specific attribute effects &/or IIA violations if random component var’s/cov’s differ for options &/or tastes & preferences differ among consumers.

· Often misinterpreted by analysts - report significant differences in consumer sensitivity to attributes (often price).

· eg, diff price effects associated with omitted brand variables - “good” inferences lead to less price sensitivity & “bad” inferences lead to more price sensitivity.

· Estimated models will not forecast well if the covariance structure of the omitted variables changes.

· Statistical properties of labelled choice experiments (as before, identification & precision). Key issue is precision:

· If attribute differences = 0 - no statistical info about choice because consumers can’t use that attribute to make choices.

· All else equal, the more 0 attribute level differences for a given option pair, the fewer attributes drive choices – so, design to minimize number of 0 attribute differences for a given sample size (hard if ( two choice options).

· Difference designs (Louviere & Woodworth 1985):

· Begin with a set of profiles described by A attributes.

· Make M more choice options by using an orthogonal difference design based on the LMA factorial (L = constant no. of levels).

· eg, if attributes numerical & L= 4 (-3, -1, +1, +3) – profile attributes operated on by difference columns to create the attribute levels of a second option.

· eg, if attribute levels = $5, $7, $9, $11, dollar levels of a second option are $5 ( 1, 3, $7 ( 1, 3, $9 ( 1, 3 & $11 ( 1, 3 (ie, $2, $4, $6, $8, $10, $12, $14).

· Now 7 levels - design is orthogonal in attribute level differences, not absolute attribute levels.

· Difference designs require A less columns

· Differences relative to original columns –so original attributes need not be orthogonal.

· 2nd strategy - use LMA approach to make smallest orthogonal design with identification properties of interest & add a constant option to each choice set (row in the design).

· Caveat - some between-option attribute differences = 0; some sets have dominant options; & large(r) number of sets.

· Example for 2 labelled options, each described by three, 2-level attributes. The design is an orthogonal main effects 26-3 fraction.

· Treat 3 attributes of train & bus as collective 26 factorial & use smallest orthogonal main effects plan to make options & sets - 2 diffs = 0 (train - bus) for servfreq - diffs not orthogonal – servfreq/travtime correlation = 0.474 (other correlations = 0).

Example - labelled design & its attribute differences

	
	
	Commuter train
	City bus
	Attribute differences

	
	Set
	1-way
	Freq
	Time
	1-way
	Freq
	Time
	1-way
	Freq
	Time

	
	1
	$1.20
	5
	10
	$2.00
	15
	15
	-0.80
	-10
	-5

	
	2
	$1.20
	5
	20
	$2.00
	30
	30
	-0.80
	-25
	-10

	
	3
	$1.20
	15
	10
	$3.00
	30
	30
	-1.80
	-15
	-20

	
	4
	$1.20
	15
	20
	$3.00
	15
	15
	-1.80
	0
	+5

	
	5
	$2.20
	5
	10
	$3.00
	30
	15
	-0.80
	-25
	-5

	
	6
	$2.20
	5
	20
	$3.00
	15
	30
	-0.80
	-10
	+5

	
	7
	$2.20
	15
	10
	$2.00
	15
	30
	+0.20
	0
	-5

	
	8
	$2.20
	15
	20
	$2.00
	30
	15
	+0.20
	-15
	-10


· Use same design & add a constant option like “chose another mode of travel to work” - subtracts constant difference from each column (differs by respondent, so is a distribution, not a single option).

· In applications - measure attributes & include in estimation.

A labelled experiment with constant 3rd option

	
	Train
	Bus
	I’d

choose

some

other

mode

of

travel

to

work

	
	1-way
	Freq.
	Time
	1-way
	Freq.
	Time
	

	
	$1.20
	5
	10
	$2.00
	15
	15
	

	
	$1.20
	5
	20
	$2.00
	30
	30
	

	
	$1.20
	15
	10
	$3.00
	30
	30
	

	
	$1.20
	15
	20
	$3.00
	15
	15
	

	
	$2.20
	5
	10
	$3.00
	30
	15
	

	
	$2.20
	5
	20
	$3.00
	15
	30
	

	
	$2.20
	15
	10
	$2.00
	15
	30
	

	
	$2.20
	15
	20
	$2.00
	30
	15
	


· Same design with random assignment - use two designs to make profiles for train & bus & generate pairs by randomly selecting one profile from each mode without replacement & pairing them. 

· More statistically efficient - correlation between service frequency & travel time differences = 0.16 (1/3 of last design - correlation between other attribute difference columns = 0).

· So, randomly generated designs can beat orthogonal designs.

Attribute level differences in random designs

	
	
	Train
	Bus
	Attribute diffs

	
	Set
	1-way
	Freq
	Time
	1-way
	Freq
	Time
	1-way
	Freq
	Time

	
	1
	$1.20
	5
	10
	$3.00
	15
	30
	-1.80
	-10
	-20

	
	2
	$1.20
	5
	20
	$2.00
	15
	30
	-0.80
	-10
	-10

	
	3
	$1.20
	15
	10
	$3.00
	30
	15
	-1.80
	-15
	-5

	
	4
	$1.20
	15
	20
	$2.00
	30
	15
	-0.80
	-15
	-5

	
	5
	$2.20
	5
	10
	$2.00
	15
	15
	+0.20
	-10
	-5

	
	6
	$2.20
	5
	20
	$3.00
	15
	15
	-0.80
	-10
	+5

	
	7
	$2.20
	15
	10
	$2.00
	30
	30
	+0.20
	-15
	-20

	
	8
	$2.20
	15
	20
	$3.00
	30
	30
	-0.80
	-15
	-10


Variable choice set size designs

· Choice sets vary in nature & composition in many applied problems.

· eg, commuters rarely have all transport modes available to commute & and if you don’t own an auto, it’s not an option.

· eg, out-of-stock - supply interruptions or difficulties.

· eg, closures/service interruptions - bridges collapse, ski area roads close due to avalanches or rock slides.

· eg, new products - new entrants are/aren’t introduced.

· Designs get complex rapidly as numbers of options &/or attributes & levels increase - eg, only brand names (or “labels”) vary:

· If IID errors hold, J-1 brand-specific intercepts estimated by designing experiment so that brand presence/absence varies independently - all brands occur equally often or are balanced.

· eg, treat J brands as 2-level (present/absent) factors  (Louviere & Woodworth 1983); use 2J fractional factorials to make sets.

· Use smallest orthogonal 2J main effects plan & assign brands to sets based on occurrences of “present”.

· If errors not IID - use smallest orthogonal 2J main effects design + its foldover (Anderson & Wiley 1993).

· More generally, test IID assumption by designing experiments to estimate all label main & 2-way interactions.

· ie, portion of design subtended by each label’s presence is an orthogonal main effects design for the other J-1 options.

· If a particular label is “present” (eg, “A”), presence & absence of all other labels is orthogonal & balanced.

· Thus, IID can be tested by estimating “Mother Logit” models (McFadden, Train & Tye 1977).

· eg, a simple choice experiment below involving only labels.

	Set
	United
	Delta
	Northwest
	American
	Southwest

	1
	P
	P
	P
	P
	P

	2
	P
	P
	A
	P
	A

	3
	P
	A
	P
	A
	A

	4
	P
	A
	A
	A
	P

	5
	A
	P
	P
	A
	P

	6
	A
	P
	A
	A
	A

	7
	A
	A
	P
	P
	A

	8
	A
	A
	A
	P
	P


· Each airline appears equally often & presence/absence of each is independent of presence/absence of others.

Properties of availability designs

· All brand marginals can be estimated independently of one other.

· Brand marginals are best estimates of alternative-specific intercepts.

· Alternative-specific intercepts differ by data aggregation, but are proportional to one another (hence, differ only by scale).

· So, data aggregation is a matter of a) convenience and b) the level and detail of explanation one wishes/needs to achieve.

· eg, to describe sample average trends in data, models estimated from sample choice frequencies may suffice.

· eg, to use variables to account for differences in choices at different levels of aggregation, you must disaggregate to a level appropriate for explaining the data.

· We discuss only a few basic approaches; others discussed in Lazari and Anderson (1991) and Wiley and Anderson (1994). 

· Types of problems: 1) all options vary in availability, & 2) some options are always available, but availability of others varies.

· Availability designs have two levels of complexity: 1) availability is the only aspect of the option that varies, or 2) when an option is available, attributes of that alternative also vary.

Options vary in availability only

· Recall simple case – option presence/absence varies, but no attributes vary.

· Designs can be made by treating J options as 2-level factors (ie, present/absent) & selecting sets from a 2J factorial.

· Simple approach requires IID errors, so better to:

· Combine smallest orthogonal main effects design with foldover (Wiley & Anderson 1994 show sufficient to test IID & estimate certain non-IID models); or 

· Use fractions where all main + 2-way interaction effects of the J design columns are orthogonal.

· Each present/absent level spans subdesigns where pres/abs of other J-1 options varies orthogonally – so, J-1 option effects on J-th option can be estimated.

· Use fractions where all main + 2-way interaction effects of the J design columns are orthogonal.
· The average choice set size of 2J fractions is J/2, so choice set size increases rapidly with J.

· Availability design + foldover below for 6 options (A to F).

Availability design + foldover

	
	Set
	Option A
	Option B
	Option C
	Option D
	Option E
	Option F

	
	Original 26-3 Orthogonal Main Effects Design

	
	1
	P
	A
	P
	A
	P
	A

	
	2
	P
	A
	A
	A
	A
	P

	
	3
	P
	P
	P
	P
	A
	P

	
	4
	P
	P
	A
	P
	P
	A

	
	5
	A
	A
	P
	P
	P
	P

	
	6
	A
	A
	A
	P
	A
	A

	
	7
	A
	P
	P
	A
	A
	A

	
	8
	A
	P
	A
	A
	P
	P

	
	Foldover Of Original 26-3 Orthogonal Main Effects Design

	
	9
	A
	P
	A
	P
	A
	P

	
	10
	A
	P
	P
	P
	P
	A

	
	11
	A
	A
	A
	A
	P
	A

	
	12
	A
	A
	P
	A
	A
	P

	
	13
	P
	P
	A
	A
	A
	A

	
	14
	P
	P
	P
	A
	P
	P

	
	15
	P
	A
	A
	P
	P
	P

	
	16
	P
	A
	P
	P
	A
	A


· Subdesign that applies when option A = “present” below. Similar subdesigns associated with “presence/absence” of other options. 

· Subdesign spanned by options B to F is orthogonal & balanced; so cross-effects of B, C, … F on the choice of A can be independently estimated. Cross-effects are violations of IID assumption.

· Availability designs offer significant advantages for modeling switching - rates independent of co-occurrences + probabilities of staying/switching independent of option availability.

Subdesign for option A = “present”

	
	Set
	Option A
	Option B
	Option C
	Option D
	Option E
	Option F

	
	Subdesign Of Original 26-3 Orthogonal Main Effects Design

	
	1
	P
	A
	P
	A
	P
	A

	
	2
	P
	A
	A
	A
	A
	P

	
	3
	P
	P
	P
	P
	A
	P

	
	4
	P
	P
	A
	P
	P
	A

	
	5
	P
	P
	A
	A
	A
	A

	
	6
	P
	P
	P
	A
	P
	P

	
	7
	P
	A
	A
	P
	P
	P

	
	8
	P
	A
	P
	P
	A
	A


Option availability + attributes vary

· Nest designs to vary attributes of options under level = “present” in the availability design. Two basic approaches:

· Use orthogonal fraction of 2J to make present/absent conditions & use orthogonal fraction of collective factorial of the attributes of “present” options to make sets in each condition.

· eg, use a 2J design to make availability conditions + a fraction of 23xJc to make profiles & choice sets in each condition (Jc = the # of options in c-th condition).

· Options A, B & C each have three 2-level attributes - availability conditions design = smallest orthogonal fraction of 23, yielding 3 “present” conditions (4th condition = all options “absent”).

· Availability conditions design = ½ of the 23 for ABC - design codes for ABC = 000, 011, 101, 110 (0 = absent, 1 = present).
Attribute availability nesting using fractions

	Set No.
	A
	B
	C

	Condition 1 (011): Based On smallest fraction of the 26

	1
	ABSENT
	000
	000

	2
	ABSENT
	001
	011

	3
	ABSENT
	010
	111

	4
	ABSENT
	011
	100

	5
	ABSENT
	100
	101

	6
	ABSENT
	101
	110

	7
	ABSENT
	110
	010

	8
	ABSENT
	111
	001

	Condition 2 (101): Based on smallest fraction of the 26

	9
	000
	ABSENT
	000

	10
	001
	ABSENT
	011

	11
	010
	ABSENT
	111

	12
	011
	ABSENT
	100

	13
	100
	ABSENT
	101

	14
	101
	ABSENT
	110

	15
	110
	ABSENT
	010

	16
	111
	ABSENT
	001

	Condition 3 (110): Based on smallest fraction of the 26

	17
	000
	000
	ABSENT

	18
	001
	011
	ABSENT

	19
	010
	111
	ABSENT

	20
	011
	100
	ABSENT

	21
	100
	101
	ABSENT

	22
	101
	110
	ABSENT

	23
	110
	010
	ABSENT

	24
	111
	001
	ABSENT


· Many possible variations, but designs can be very large. Key design properties of interest are as follows:

· Presence/absence of alternatives is orthogonal and balanced.

· Attributes of alternatives are nested within “presence” levels.

· Non-IID error models require an orthogonal availability and/or nested attribute availability subdesign that spans the space of the “presence” levels of each alternative.

· Some non-IID models require attribute orthogonality within and between alternatives + within- & between-availability conditions.

· Latter properties can lead to very large designs as numbers of options and/or numbers of attributes (levels) increases.
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