Menu-Based Choice (MBC)

for Multi-Check Choice Experiments

Bryan Orme, Sawtooth Software

Copyright Sawtooth Software 2011
All Rights Reserved




Table of Contents

Acknowledgements .. ......cciiiiiiiiiiiiiii ittt it e ii
PrologUE . ...ttt it i i i e ettt e iii
OVBIVIBW & o ittt it iii i teetteetasnsonsnssnnsssnssosssosnsssnssnassnnss iv
Chapter 1: Introduction to Menu-Based Choice..............ciiiiiiiiinennnn, 1
Chapter 2: Designing Menu-Based Choice Questionnaires .................... 13
Chapter 3: Preparing DataFilesfor MBC . ...........citiiiiiiiinrennennnnnns 25
Chapter 4: Counting Analysis ........ccoitiiiiiineiineernneeenanenneennnns 31
Chapter 5: ConceptualizingMBCModels ..........c.ciiiiiiiiiiiniiinnnnnns 45
Chapter 6: Building Models (SpecifyModelsTab) . .............cceiiian... 59
Chapter 7: Analyzing MBC Data Using Aggregatelogit....................... 71
Chapter 8: AnalyzingMBCDataUsingHB .............cciiiiiiiiiiennnnnnn. 81
Chapter 9: Simulating Respondent Choices ..............ciiiiiiiiiennnn. 89
Chapter 10: Simulating Combinatorial Choice Outcomes ..................... 97
Chapter 11: Case Study: Configuring an Automobile ........................ 105
Appendix: TechnicalDetails . . .. ...ttt it i it iietenaennans 119
References . ... ovi it i i i i i it it e ettt 129
3T T 131



Acknowledgements

Many people have had a role in inspiring, consulting, programming, testing, and
otherwise helping with this documentation and with the MBC software itself. For
inspiration, we owe much to David Bakken, John Liechty, and Steve Cohen, for their
published articles on this subject. We’ve borrowed ideas from their work, and have
cited them in this booklet. Tom Eagle, Peter Lenk, Jeffrey Dotson, John Howell, and
Aaron Hill provided ideas and guidance as we formulated our plans for the software
and our direction on the analytical procedures. We should note that not all of these
contributors endorse all aspects of the approach we have taken, but their insight has
been very helpful. During the development of the software over 150 people signed
on as “development partners” and agreed to respond to periodic feedback emails that
we sent. This proved very useful as we made decisions about philosophical direction
and software functionality.

Software of course needs quality control and testing, and Murray Milroy deserves
heaps of credit for his careful and often inventive work (attempting to do sometimes
nonsensical things that the typical human would never try). Walt Williams is the lone
master programmer who cranked the software out from start to finish, and is known
to create the fastest HB code on the planet. We are ever so grateful to the many
customers who have served as beta testers for the software. And, of course, Rich
Johnson deserves a great deal of credit for hours spent counseling us regarding our
strategic direction and on some of the technical details of MBC software.

Excel and Word are trademarks of Microsoft Corporation.

Cover graphics, menu screenshots captured from: www.westburyfarms.com,
www.dell.com, www.store.apple.com.

Copyright Sawtooth Software, 2011
All Rights Reserved


http://www.westburyfarms.com/
http://www.dell.com/
http://www.store.apple.com/

Prologue

For nearly 30 years, Sawtooth Software has created software tools to solve
guantitative market research problems, especially those involved with predicting
consumer behavior. The real client problem of predicting demand for complex
products and services led our founder, Rich Johnson, to develop ACA (Adaptive
Conjoint Analysis), released as a commercial software program in 1985.

In the early 1990s, we noticed that certain pricing research problems weren’t being
served well by ACA. This led to the development of the first DOS-based version of CBC
software in 1993. Johnson certainly didn’t invent the technique, as Dan McFadden
had laid the groundwork in discrete choice methods in the 70s, and Jordan Louviere
had championed discrete choice experiments within the marketing community in the
80s.

Over the last few decades, we have worked closely with our software customers in
technical support, training, and consulting. When we see common problems that
don’t seem to be solved well by our existing tools, it naturally leads us to ponder
whether something new could be developed to meet the challenge.

For example, in the late 1990s, we heard of ACA users using 20 to 30 binary (two-
level, on/off) attributes, when what they really needed was either the Method of
Paired Comparisons or MaxDiff (originally invented by Jordan Louviere in the late
1980s). Steve Cohen (In4dmation Insights) had written some fine articles on MaxDiff
(based on Jordan’s work) that were winning industry awards. MaxDiff soon followed
as a Sawtooth Software product.

Lately, we’ve seen many of our clients wanting to do menu-based choice tasks, but
struggling to get CBC and MaxDiff software to handle the problem. We’ve recently
tackled some MBC projects on our own using power tricks involving CBC and CBC/HB,
a lot of data processing, and Excel simulators. The experience was satisfying, but
ultimately very time consuming. These experiences have led to this first version of
Menu-Based Choice (MBC) software.

We do not claim to be world’s leading experts in menu-based choice. Nor do we claim
that the approach we’ve taken is the best possible solution. But, we believe we've
chosen an approach that is practical, robust, and scalable, to solve varied and often
demanding menu-based problems.

Certainly, our capable software users will report how well this first version of MBC is
working via direct feedback and in future Sawtooth Software conferences, and this
will give us an opportunity to review our progress and perhaps make needed course
adjustments.



Overview

Menu-Based Choice (MBC) is software for analyzing a variety of menu-based and
discrete choice problems in survey-based market research. It does not design the
guestionnaires or collect the data. It does, however, analyze results and provide a
market simulator.

This software requires more expertise to use properly than our other conjoint analysis
tools. The user should have solid background in CBC and multivariate statistical
modeling, especially in terms of building models (regression, MNL) and the theory
behind coding independent variables. While the software manages most details
involving the data processing, independent variable coding, model estimation and
simulations, the user must understand and direct the process intelligently.

The steps to use the program are as follows:

1. Using your own means, you design the questionnaire and collect the data.
This may be done using randomized (preferred method, such as using CBC's
Complete Enumeration or Shortcut designs), blocked, or “fixed” designs (such
as using our CVA system’s capable designer).

2. Using other tools, such as Excel or SPSS, you prepare the data in .csv format.
The data include CaselDs, independent variables, and dependent variables. A
separate demographics file may be prepared, which may include weights and
segmentation (covariate) variables.

The final steps all are done using the MBC software:

3. Open the data file and identify the independent and dependent variables. If
an optional demographics file is available, point MBC to that file as well.

4. Use Counting Analysis to examine the effect of independent variables on the
menu choices (the dependent variables). This allows you to develop
hypotheses regarding which variables (such as prices for menu items) affect
which choices on the menu, and the shape of utility functions (linear or non-
linear).

5. Use Counting Analysis to report the most commonly selected bundles of items
on the menu. This identifies which combinations were most commonly
selected, accumulated across the various manipulations of your menu design.

6. With the aggregate logit routine provided, you can formally test which
variables are significant predictors of choice and the appropriate functional
form for price on different menu choices (e.g. linear, non-linear). The
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aggregate logit routine may be used for building final models as well, though
many researchers prefer HB estimation.

7. Using the hierarchical Bayes (HB) routine provided, you estimate utility
weights for the independent variables (attribute levels) that are predictive of
respondent choices on the menu. Typically, multiple sub-models are built,
where each sub-model predicts a specific portion of the menu.

8. MBCincludes a market simulator to predict the proportion of respondents
expected to select each item on the menu, given specific menu prices or
realizations of other independent variables. The simulator can also predict
the combinatorial selections of items, if HB estimation has been employed.

The choice simulator may be delivered to clients for a reasonable licensing
fee.

Technical Support

As with our other software systems, we provide free technical support during
business hours. Technical support is intended to respond to difficulties in making the
software function. It is not intended to provide free consulting help to assist with the
many design and conceptual aspects of analyzing MBC studies.
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Chapter 1

Introduction to Menu-Based Choice

Increasingly, stated preference choice projects involve Menu-Based Choice scenarios
(MBC) where respondents can select one to multiple options from a menu. This is not
surprising, given the fact that buyers commonly are allowed to customize products
and services (mass customization). Examples include choosing options to put on an
automobile, selections from a restaurant menu, banking options, configuring an
insurance policy, or purchasing bundled vs. a la carte services including mobile
phones, internet, and cable.

Here is a very simple menu, where the respondent chooses options and a total price is
shown:

Which of the following options would you buy? Select as many as
you wish, or none of the items.

M Option A $12
Q Option B $24
M Option C $7
QO Option D $55
M Option E $3

Total Price of Selected Options: $22

Figure 1.1

Respondents can select from zero to five choices on the menu in Figure 1.1. This
particular respondent has selected three items, for a total price of $22. There are
2°=32 possible ways respondents can complete this menu. The questionnaire is
designed so that some or all of the prices vary across respondents, or even across
repeated menus given to the same respondent.

If prices are varied across menu questions, we can observe whether changing prices
influences what respondents pick. Economic theory, of course, suggests that as the
price of a menu item increases, its likelihood of choice will decrease. But, is that
relationship fairly linear? Does reducing the price for an item cause a different item
on the menu to be chosen more likely (or even less likely)? In other words, are items
on the menus substitutes or complements? Menu-Based Choice (MBC) experiments
(yet another form of conjoint analysis) can investigate such issues.

A second example below involves the choice of a base model followed by
configuration of options on that base model:
1



Which of the following would you buy? Select a Base Model, and then any add-
on options you wish.

@) Base Model 1 $200
Base Model 2 $275
Base Model 3 $550

®

Q

M Option A $12
O Option B $24
M Option C $7
Q Option D $55
M Option E $3

Total Price of Selections: $297

Figure 1.2

There are (3)(2°) = 96 possible combinations of selections for this menu. Prices might
vary from menu to menu, or maybe some options (such as Base Model 3) are not
always available. With larger menus, there are often thousands or even millions of
possible ways to make choices from the menu.

Over the past decade, there has been increasing interest in designing and analyzing
menu-based choice questionnaires, as they often more realistically reflect real-world
buying situations than standard Choice-Based Conjoint (CBC) or ratings-based
conjoint. Examples in the literature include articles by Liechty et al. (2001), and Cohen
and Liechty (2007).

Cohen and Liechty (2007) write: “While choiceboards and menus have become more
attractive, how should the practicing researcher design studies and analyze the data
to better understand mass customization with menus? ... At first glance,
understanding product bundles—which consist of discrete features—seems like
something that conjoint analysis should be able to handle. But, the complexity of the
menu situation renders traditional conjoint analysis wholly inadequate.”

My first experience with menu-based problems involved a classic “BYO” or
“Configurator” task while | was working for IntelliQuest in 1994. We programmed a
computerized “disk-by-mail” survey (remember those old 3.5” floppy disks?). Much
like the Dell website of today, respondents were shown different computer features
and prices, and were asked to configure their ideal computer (see Figure 1.3). As
respondents made choices such as for brands, hard drive sizes, and processor speeds,
the total price for the configured product was shown. After respondents were
satisfied with the configuration and total price, they moved to the next question.



Please select the PC you’d be most likely to
purchase:

© Dell ($500)

Q IBM ($600)

QO Compaq (5550)

Q Acer ($525)

QO 100 GB Hard Drive (S0)
® 200 GB Hard Drive ($60)
(O 500 GB Hard Drive ($90)
O 1 MB RAM ($0)

O 2 MB RAM ($80)

® 4 MB RAM ($150)

® Base Processor (S0)

Q Enhanced Processor ($250)
Q 17-inch screen (S0)

® 19-inch screen ($40)

Q 21-inch screen ($90)

Q No office ($0)

Q Office (5200)

® Office + Access ($240)
Q 90-day warranty (S0)

Q 180-day warranty ($50)
® 365-day warranty ($100)

Total Price: $1090

Figure 1.3 (BYO)

The client was pleased with this question type, but we as analysts were less enthused,
because we didn’t quite know what to do beyond the basics for analysis. We hadn’t
varied the prices to be shown to respondents, so the aim was not to measure price
sensitivity. Inthe end, we simply conducted “counting” analysis. We reported the
percent of times each option was chosen, as well as the percent of times each pair of
options was chosen. We also reported the n most commonly configured product
alternatives for the sample.

The Sawtooth Software community was made aware of menu-based choice
experiments through articles given at the Sawtooth Software conference by Bakken
and Bayer in 2001, and Bakken and Bond in 2004. The 2001 paper involved BYO
experiments, whereas the 2004 paper involved a menu-based choice of bundles vs. a
la carte items. (Sawtooth Software conference proceedings including these articles
may be downloaded for free from our website at
http://www.sawtoothsoftware.com/education/techpap.shtml.)
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The 2004 paper by Bakken and Bond was particularly interesting, and here are some

examples from that paper.

In the first example, respondents choose a restaurant to visit, and whether to buy a
bundled item or a la carte items.

Below are three different restaurant options with menu items and their respective
prices. Please select what you would typically choose from the items from one

restaurant.

Please keep in mind that you cannot choose items from more than one restaurant.

McDonalds

Burger King

Wendy’s

O Big Mac $2.25

O Whopper $3.25

O Classic Double $2.75

QO Large French Fries $1.75

O Large French Fries $1.49

O Biggie Fries $1.49

Q Large Drink $1.49

O Medium Drink $0.99

O Biggie Drink $1.45

O Big Mac Extra
Value Meal $4.99

U Whopper Value Meal
$5.25

O Classic Double Combo
Meal $5.25

Figure 1.4




In the second example from Bakken and Bond, respondents chose among different
options for purchasing scalpels, forceps, and sutures. Respondents could buy them
together as a package, or separately from two different suppliers.

Please review the information below and make your selection by either selecting each of the
products individually from one manufacturer or the other, or selecting all products from one
brand as a bundle (all from Brand A or Brand B).

Brand A Brand B
Frequency of Weekly Monthly
Sales Rep Contact:
Telephone 12 hours a day, 5 days a week 24 hours a day, 7 days a week
Technical Support
Availability:
Contract 50% 90%
Compliance
Requirement:
Scalpels Forceps Sutures Scalpels Forceps Sutures
Overall Quality: Superior | Expected | Expected | Superior Expected Superior
End User
Preference: Good Preferred Good Preferred Good Good
Individual Product
Price: 5% 5% Current 5% Current 10%
Less higher Higher Lower
To Make Your
Selection...
Choose one of
each product
here ——> a a a a a a
Price for Scalpels, Forceps, and Price for Scalpels, Forceps, and
OR Sutures together from Brand A Sutures together from Brand B
20% Lower 10% Lower

Select all products
from one brand Q @)
here [——>

Figure 1.5

Bakken and Bond used logit-based model estimation, and they posited that
respondents approached the task in Figure 1.5 with two-step decision making. First,
the respondent chooses any one of the bundled offers or rejects all bundles. If all
bundles are rejected, then the buyer chooses one or more a la carte items from the

menu.

The separate logit models making up the two stages (estimated via HB and having
individual-level utilities) were linked via a first-choice market simulator. First,
respondents were predicted to pick a bundled offer or not. If respondents were
projected to not choose a bundle in the first stage, then their most likely choices

5




among the a la carte selections were predicted. Choices were accumulated across
respondents to create market predictions.

While we have not chosen to build simulators for our MBC software in precisely the
same way, we employ a principle that Bakken and Bond advocated in their paper:
specifically, the idea that decisions for some menus may be modeled as having a
nested, or staged structure. We also employ logit-based models, but use the logit rule
to predict likelihoods of choice rather than the first choice rule.

Others have advocated multivariate probit analysis for menu-based problems (Liechty
et al. 2001, Cohen and Liechty 2007). Multivariate probit seems to provide a more
theoretically complete model, directly incorporating the idea that items on the menu
can be substitutes or complements. A single model is run, rather than a sequence of
separate logit models. The logit-based models seem to provide good simulated share
predictions of the likelihood of the sample selecting different items on the menu. But,
multivariate probit may particularly have an advantage when the goal is to predict the
combinations of menu selections that each individual makes. Other researchers such
as Eagle have also suggested nested logit for menu choices. Perhaps in the future we
will investigate multivariate probit or nested logit for MBC. For now, we are more
familiar with logit analysis, and find that it tends to work quite well. We worry about
the scalability of multivariate probit to the more complex types of menus that our
users may wish to attempt. The logit framework we’ve chosen is very flexible, and
can handle from small to large menuing problems.

Starting in about 2006, we included an MBC example in our advanced CBC tutorials.
To provide data for that tutorial, we fielded an SSI Web questionnaire (our program
for web-based interviewing) where we programmed (using Free Format questions and
Javascript verification) a simplified version of a fast-food restaurant menu (a generic
combination of the McDonald’s and Burger King menus), as shown in Figure 1.6.



Menu Scenario #1: Please imagine you pulled into a fast-food restaurant to order dinner for just

yourself. If this were the menu, what (if anything) would you purchase?

O Deluxe Hamburger Value Meal

O Chicken Sandwich Value Meal

O Fish Sandwich Value Meal

-Deluxe Hamburger -Chicken Sandwich -Fish Sandwich
-Medium fries -Medium fries -Medium fries

-Medium drink -Medium drink -Medium drink
$3.99 $5.59 $3.99

(Only order sandwiches, fries or drinks from this area if you did not

pick a value meal above.) Salads:

Sandwiches:

O Deluxe Hamburger $1.99
O Chicken Sandwich $3.59
O Fish Sandwich $1.99

Fries:

O Small $0.79
O Medium $1.49
O Large $1.69

Drinks:

O Small $0.99
O Medium $1.69
O lLarge $2.19

O Cobb dinner salad $4.79
O Grilled chicken salad $4.39

Healthy Sides:

O Carrots/Celery with Ranch
dressing $1.19

O Apple slices/Grapes with
dipping sauce $0.99

Desserts:

O Apple/Cherry/Berry pie $0.99
O Cookies $1.19

Total Price: $

O 1 wouldn’t buy anything from this menu.
I’d drive to a different restaurant, or do something else for dinner.

Figure 1.6

681 respondents each completed 10 choice tasks like the one in Figure 1.6. Within
each category, the selections were mutually exclusive. As with the Bakken and Bond
example (Figure 1.5), this is a bundling vs. a la carte example (mixed bundling). The
value meal bundles were always offered at a discount compared to the cost of
purchasing the separate items a la carte. We also employed some special pricing
rules, to ensure that the prices for larger size fries or drinks were always more
expensive than the smaller sizes.

Case Study: TGl Friday’s Restaurant

Adapted from “Analysing Pick 'n Mix Menus via Choice Models to Optimise
the Client Portfolio—Theory and Case Study” by Chris Moore, GfK, NOP,

2010 Sawtooth Software Conference Proceedings.

At the 2010 Sawtooth Software Conference, Chris Moore (GfK, NOP)
described an MBC project conducted by his firm for TGI Friday’s restaurants.
The study design followed a two-stage process (both stages within the same
questionnaire). In the first stage, a CBC study was used to predict which of
several restaurants (including TGI Friday’s) respondents would choose to
visit, given changes in the main aspects of the menu. In the second stage, a
menu-based choice study was used to predict what buyers would pick from
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the TGI Friday’s menu, given price changes just for TGl Friday’s items. 1,500
online respondents completed the survey.

For the first-stage model, Chris employed analysis similar to a CBC study.
The second-stage TGI Friday’s menu tasks were analyzed with an approach
nearly identical to that employed by our MBC software. The market simulator
was used (together with an Excel-based optimization program called Crystal
Ball) to optimize pricing for key dishes to ultimately increase net profit for the
client.

The model predicted holdout scenarios well, with an R-squared better than
0.95. But, the proof of the pudding was whether the firm could increase
profits by following the researcher’'s recommendations and implementing the
optimized menu. That they did, and after six months of sales data, the test
store showed 15% higher profit than the control stores.

The next example is one that all CBC users should find familiar:

If these were the only three options, which one would you choose?

Brand A Brand B Brand C
Low Performance Medium Performance High Performance
Average Service Average Service Superior Service
$100 $200 $300
®) Q Q
Figure 1.7

Figure 1.7 is the standard CBC task (with brands sorted in natural order), which
incidentally may also be analyzed using MBC software. Sawtooth Software’s CBC
program only considers the main effects and first-order interactions for CBC questions
during HB estimation. MBC software can model those (as the user specifies the
coding properly). Although it’s probably unnecessary for a standard CBC design
analyzed under HB, MBC additionally can incorporate cross-effects into its models
(such as the effect of Brand A’s characteristics on the choice likelihood of Brand B).
And, if you needed to extend the CBC example (Figure 1.8) to use a check-box (select
all that apply) response, MBC could be used to analyze the data, whereas our
standard CBC software would treat the data as constant-sum allocation.




Which of the following would you choose?
Select all that apply (or None of the boxes, if none appeal to you).

Brand A Brand B Brand C
Low Performance Medium Performance High Performance
Average Service Average Service Superior Service
$100 $200 $300
a a a
Figure 1.8

In pharma studies, we often hear of projects involving CBC-looking tasks with multiple
drugs and a patient profile in the prologue. The task involves showing a patient
profile with varying characteristics, an array of drugs with varying characteristics, and
doctors are asked to select which drug or combination of drugs they would prescribe
to a patient with those characteristics. Such CBC-looking studies cannot be analyzed
with our standard CBC software, but they can be done with MBC. The likelihood of
selecting each drug is modeled as a function of that drug’s characteristics as well as
the characteristics of the patient profile.

As you can see, there are myriad possibilities within the family of discrete choice and
multi-check menu choice questionnaires. Many questionnaires are hybrids, with
characteristics of both discrete choices among mutually-exclusive options and multi-
check menus. Some also involve hierarchical (staged) processes, where respondents
first choose among multiple options, and then select among other options conditional
on the first-stage selection. MBC software is flexible enough to handle the examples
in this chapter, and many more possibilities that you or your clients might envision.

The final case study we present below (Ford Fusion) as far as we know did not use any
of our software tools, but shows how menu-based configurators can be used to
collect valuable information to direct product design and pricing efforts.




Case Study: Ford Fusion

Source: “Net Gives Ford Fusion Pricing Clues: A bit of con-fusion on the
Fusion Web site” (July 10, 2005) by Paul A. Eisenstein, The Car Connection,
downloaded from: http://www.thecarconnection.com/tips-article/1007615 net-
gives-ford-fusion-pricing-clues.

When Ford announced plans to launch its critical new Fusion sedan at
$17,995, it took many observers by surprise, especially when compared with
competitors such as the Hyundai Sonata, which starts $500 higher.

In today’s hotly competitive market, the launch price of a new vehicle is
critical, but so are other factors, including the standard equipment package
and option prices.

So the automaker has taken an unusual approach to getting consumers to tell
what they expect to pay for the new four-door, and what sort of options they
expect on the car. It “added a layer of real-time research,” using a specially
designed Web site.

It's common these days for manufacturers to set up dedicated Web sites well
before a new product hits the road. That provides a way to communicate with
the curious, and keep the attention of so-called “hand-raisers,” especially
likely prospects. The Fusion site initially featured several subtle differences
that only the most observant visitors might have noticed.

The most critical feature was built into the Fusion pricing calculator. Prior to
setting the $17,995 base, the automaker programmed in a range of possible
prices, Geist reveals, between the $13,600 price of the smaller Ford Focus
and the $22,700 for the full-size Five Hundred.

“We call it randomized pricing,” explains Geist “It changed every time a
consumer would go to the Web site. We were trying to see if the take (likely
purchase) rate changed if the price was higher or lower.”

The system also created a randomized list of standard and option features,
helping the automaker get a better sense of what web visitors expected on the
Fusion. One thing they asked for was all-wheel drive. Ford had expected that
option to have a much lower rate of demand on the smaller Fusion than on
the Five Hundred, said Geist, “but they came in pretty darn close.”

Unfortunately for Ford, it made an early decision not to make the AWD
package available at launch. But it has been able to adjust other option
features in time for Fusion’s upcoming debut. Indeed, with the low base price,
the Web site research indicated buyers will “want a richer mix of premium
options,” says Geist, than originally forecast in-house.

The automaker got a lot more feedback than it had anticipated. Of the first
50,000 visitors to the Fusion site, a full 30,000, or 60 percent, “built” a vehicle
to their specifications. Part of the challenge for Ford was to then interpret that
data.

“When you’re not stroking a check, you may be designing a vehicle that’s a
little more expensive than what you’d actually buy at the dealership,” cautions
Geist. But he said the automaker was able to compare the Web data with
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other research for Fusion. There have been the usual clinics and focus
groups, but the online approach has been especially helpful in making last-
minute tweaks.

“If they can configure the car correctly,” says Dan Gorrell, chief analyst with
the California research firm, Strategic Visions, “it will help Ford improve
customer satisfaction, and generate more buzz.”

“This is a logical progression” in the effort to get customers involved in the
development of a new vehicle, says Geist, hinted that in the future, projects
like this could be put in place “even earlier in the process.”
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Chapter 2

Designing Menu-Based Choice Questionnaires

MBC software has been designed to analyze a variety of menu-based choice
problems, samples of which were shown in the previous chapter. However, the
experimental design for these projects as well as the creation of the questionnaire
and data collection is left for you to manage using other tools (described below).

There are common elements involved in typical MBC questionnaires:

1. Respondents choose among menu items, each typically featuring item-
specific prices (also known as alternative-specific prices).

2. Respondents make from zero to multiple selections per choice task (but
do not specify volume/quantity of purchase).

3. The price of the total ticket is shown, and is updated as respondents
“buy” more items on the menu (it isn’t necessary to show the total price,
but it is common to do so).

4. There are often constraints on the combinations of items that can be
chosen.

5. There are often constraints on pricing (e.g. medium size drinks must be
higher price than small size; price of the bundle must be less than
purchasing the same items a la carte).

Questionnaire development and data collection may be done with any questionnaire
instrument (even paper-and-pencil) or web survey tool of your choice, including
Sawtooth Software’s SSI Web program. We generally recommend using randomized
design strategies, as they are robust and convenient to use for MBC studies. If you
use SSI Web, you will need to customize the questions using Free Format and typically
some customized Javascript code that you must write on your own.

The focus of this chapter is on experimental design, and we assume the reader
already is proficient in conjoint and CBC analysis.

Constructing Factors and Levels

In conjoint analysis, we consider multiple factors (attributes), where each attribute
has at least two levels. Menu-based choice problems also involve multiple factors,
each having multiple levels. Whereas we often think of a CBC question as being

composed of multiple product concepts (cards), we should think of the entire MBC
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menu question being represented by a single card. This allows researchers to use the
familiar tools for conjoint design with MBC experiments (CBC or CVA Software,
Warren Kuhfeld’s SAS routines), except that the number of factors for MBC
experiments will often be much larger than for traditional conjoint or CBC.

Consider an example introduced in the previous chapter:

Which of the following would you buy? Select a Base Model, and then any add-
on options you wish.

O Base Model 1 $200
Base Model 2 $275
Base Model 3 $550

®

@)

M Option A $12
Q Option B $24
M Option C $7
O Option D $55
M Option E $3

Total Price of Selections: $297

Figure 2.1

Let’s imagine that Base Model 3 was sometimes available and sometimes not
(controlled by a binary “on/off” factor). Furthermore, each option on the menu can
vary in terms of its prices. We could draw truly continuous random prices for each
option (within a given range), but it makes it easier for both design and analysis if we
select a limited number of discrete prices, such as five per option.

The nine factors in our experiment, with their levels are as follows:

1) Prices for Base Model 1: $150, $175, $200, $225, $250

2) Prices for Base Model 2: $250, $275, $300, $350, $400

3) Availability of Base Model 3:  Available, not Available

4) Prices for Base Model 3: $400, $500, $550, $650, $750

5) Prices for Option A: $10, S12, 14, $16, S20

6) Prices for Option B: $16, S20, 24, 528, $S36

7) Prices for Option C: $3, 84, S5, $6, S7

8) Prices for Option D: S50, $55, $60, $70, $80

9) Prices for Option E: $2.00, $2.50, $3.00, $3.50, $4.00
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The total number of possible combinations® (full-factorial) is: 53x2*= 781,250.
Thankfully, respondents are not required to respond to all 781,250 combinations to
allow us to estimate the effect of these variables on choices. We can use a subset
(fractional factorial) of the possible combinations to include in the questionnaire.

Fractional Factorial Design Strategies

With the very earliest form of conjoint analysis (card-sort conjoint), analysts used
design catalogues or specialized software to select a very limited number of cards to
display to respondents. The formula to determine the minimum number of cards to
enable utility estimation (main effects) is: Total_Levels — Total_Attributes + 1.

Consider a conjoint study with 6 attributes each with 3 levels; the minimum number
of cards needed is 18-6+1 = 13. Using the minimum is not recommended in practice,
since there are no degrees of freedom and therefore respondent error may result in
severe errors of estimation. For traditional (card-sort) conjoint, analysts typically have
wanted to use 1.5x to 2x as many cards as parameters to be estimated. 18, 21, or 24
cards might be advantageous choices in this case, as all are divisible by 3 (each
attribute has 3 levels), leading to the possibility of finding a level balanced, near-
orthogonal plan. That said, designs that sacrifice a modest degree of level balance
and orthogonality may still be quite adequate in practice. Sawtooth Software’s CVA
program has a very good designer for working with traditional conjoint designs (and
also MBC designs, as we’ll show later).

As we just illustrated, with just a few attributes each with a few levels, often about 18
cards would be enough to support precise estimates of all main effects. Since card-
sort conjoint interviewing was typically done on paper, it was easiest when there was
just one deck of cards to replicate across respondents. Each respondent saw the
same set of cards (but perhaps in random order). This represents a one-version plan.

Traditional conjoint design software (such as Sawtooth Software’s CVA) can be used
effectively for MBC questionnaires. Each card defines an MBC task. For the MBC
example in Figure 2.1, we have 8 attributes with 5 levels, and 1 attribute with 2 levels.
The minimum number of cards is 42-9+1=34. To obtain 1.5x as many cards as
parameters to estimate (giving us some degrees of freedom), we’d have (34)(1.5)=51
cards. To obtain a level-balanced plan, we would probably try either 50 or 60 cards
(divisible both by 5 and 2). This is probably too many MBC tasks to ask any one
respondent, so we would consider dividing the cards into different blocks of
questions, such as 5 or 6 blocks each with 10 questions.

! The attentive reader will notice that we’ve simplified this computation for illustration. In
reality, if Base Model 3 is not available, then the five prices for the base model do not apply.
Therefore, there are only 6 possible combinations of factors 3 and 4. Thus, the full factorial is
actually 5'x6'= 468,750 combinations.
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With CBC, designs became more complex, as researchers were interested not only in
main effects, but sometimes in interactions and cross-effects. These higher-order
effects required larger numbers of cards (concepts) and choice tasks to estimate the
parameters of interest with reasonable precision—typically more choice tasks than
any one respondent could complete. For example, if the experimental design called
for 72 total choice tasks (each made up of multiple concepts), researchers might
divide these into six blocks of 12 questions. Each respondent would complete just
one of the blocks, and all the effects accommodated by the design could be estimated
by pooling the analysis across respondents.

Why all this discussion of historical methods for designing conjoint and CBC? If you
plan to collect the data using a method that requires you to hard-code the specific
guestions respondents will see, then you will be striving for MBC questionnaires that
can be fielded using a limited number of questions and question blocks (our CVA
software could be quite useful is designing such studies). However, if you use a
computerized interviewing method that can dynamically display the MBC
guestionnaire based on a database of pre-designed tasks, or based on designs
generated on-the-fly using randomized methods (where each respondent gets a
unigque questionnaire version), you will have greater flexibility in handling complex
designs and MBC questionnaires. Also, the useful counting analysis built into MBC
software is best supported by randomized plans.

Number of Price Levels

To study price sensitivity requires that we vary prices and observe respondent
reaction. At minimum we need to have two price points to study price sensitivity.
But, if we use just two price points, we haven’t observed how respondents react to
prices in between those two points. We can only assume some function to estimate
reactions to interior prices (such as linear). With three price points (e.g. $200, $300,
and $400), we have an opportunity to capture some non-linearity in the price
function, but with just one inflection point. More price points lead to greater
opportunity to capture non-linearity in the price function, and to assess which specific
points along the function are associated with regions of non-linearity (elbows, or
dramatic changes in slope). It would be tempting to test dozens of price points along
the range, but this approach comes with some drawbacks, which we’ll discuss further
below.

It is not a requirement in MBC to use equidistant spacing across price levels. For
example, prices: $200, $250, $300, $400, $S600 are reasonable, as well as: $200, $300,
$400, $500, $S600. Both price level specifications measure five price points between
$200 and $600. But, the first probes more granular spacing at the lower prices. If at
all possible, try to include specific price levels that the client is interested in taking to
market, or that might represent psychological break-points (thresholds of resistance)
for different segments of respondents.
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We suggest you maintain symmetry across factors of the design, in terms of number
of levels. It wouldn’t make sense to have one item vary across 3 prices and another
item vary across 10. The conjoint literature is replete with cautions about the
“Number of Levels” effect, and we should expect this could lead to bias in MBC
experiments as well.

We generally recommend including about 5 levels of price variation per menu item
(no fewer than 4 and no greater than about 9). The decision regarding number of
price levels to include per menu item for a given study depends on a number of
factors:

e The type of design you plan to use: fixed (limited block) or randomized plan
e The utility function you plan to specify for each price effect
e The sample size

We'll discuss each of these points in turn.

If you plan to generate a minimal-sized design (with as few cards and blocks as
possible), then increasing the number of price levels per item on the menu will make
it harder to generate a plan with a reasonably small total number of cards (MBC
qguestions). You'll therefore want to use relatively few price levels per menu item. If,
however, you are able to use randomized design strategies (e.g. unique questionnaire
version for each respondent) and questionnaires built on-the-fly via computerized
interviewing, this gives you greater flexibility to study more levels of price.

Many researchers will want to have the ability to estimate non-linear functions for
price, using the “part-worth” functional specification (dummy-coding®). With dummy-
coding, a k-level price attribute is estimated as k-1 parameters in the model. If five
levels of price are used for a menu item, the effect of its price can be captured as 5-1
=4 parameters. However, if 20 total price levels were selected, this would require 19
parameters to estimate. Not only would this tax the estimation, but it would likely
lead to utility reversals among adjacent price level estimates.

The sample size also affects the ability to investigate non-linear functions for price
using the dummy-coded “part-worth” functional form. We should ensure that
enough occurrences of each price point are available in the data to lead to reasonably
stable estimates of the utility at each price point. In MBC experiments, it may be
typical to interview 800 respondents, each having seen 8 menu tasks. This leads to
6,400 total completed menus. If 20 price levels are defined for a particular menu

2 Many readers will recognize that using dummy-coding and effects-coding lead to either
identical or nearly identical model fit and predictions. Our CBC and CBC/HB software employ
effects-coding. Our CVA software employs dummy-coding. We have decided to employ
dummy coding for ease of developing MBC and user understanding. With dummy-coding, the
reference level is set to have a utility of 0.
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item, this means that each price level will have been seen about 6,400/20 = 320 times.
While this wouldn’t pose any problem for linear or log-linear estimation, it can lead to
troubles for part-worth (dummy-coded) functions. There would only be 320 support
points for each discrete price level, and the aim of part-worth functions is to
independently estimate the utility at each discrete price point. Our general rule of
thumb is that each level of independent variable (attribute) in a choice experiment
occur at bare minimum 500 times, and preferably 1000 times. For a study involving
6,400 total completed menu tasks in the data file, this means that one should
probably not go much beyond about 6 levels for a price attribute.

Since this section has been pretty lengthy, we summarize the main points:

e We generally recommend using about 5 levels of price per menu item

e Symmetry: the number of price levels per menu item should be the same
across items in the design

e Price levels don’t need to be equidistant

e The [#respondents x #menu_tasks]/price_levels should be around 1000. In
other words, each price point should appear about 1000x across all
respondents and menu tasks.

Single-Block, Multiple-Block and Randomized Plans

We've already discussed how for traditional card-sort conjoint, typically just one
version of the cards was printed, and all respondents got the same set of cards. With
CBC, often there were more tasks in the design than any one respondent could
answer. If 72 total tasks were required, these could be split into 6 blocks of 12
guestions. Each respondent would be randomly assigned to complete one of the
blocks.

Over the years, researchers have begun to favor larger designs (especially for CBC),
with greater numbers of blocks. In the limit, each respondent can receive his/her own
unique version (block) of the plan. In the Sawtooth Software literature, these are
referred to as “randomized” plans. That is to say that each respondent is randomly
assigned to receive one of many available versions of the questionnaire, where each
version has been designed carefully according to standard design principles such as
level balance and orthogonality.

Having multiple blocks not only has benefits for design efficiency, but it reduces order
and context effects, which can contaminate utility estimation.

Although we’ve spent a good deal of space discussing carefully designed plans
according to catalogues or specialized design software, it turns out that for
computerized interviewing, and relatively large sample sizes (both likely for MBC
projects), purely randomized plans are convenient and quite robust.
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Sawtooth Software’s CBC software can generate designs that you employ in MBC, and
the fast-food example in Chapter 1 (Figure 1.6) was designed using CBC’s Shortcut
design methodology. However, purely random designs (such as using “list building” in
SSI Web or other randomizing methodologies provided by other computer
interviewing software) are quite suitable. It is best to try to control for level balance
when using random designs, but if the random number generator is good, there will
be quite reasonable level balance across hundreds of respondents and thousands of
tasks. Exact level balance is not required.

Although some researchers might feel that using randomized designs with no explicit
control for level balance or orthogonality seems haphazard and unscientific, it turns
out that such designs are often about 80% as efficient (when considering aggregate
analysis) as the best designed plans available. For some practitioners, randomized
plans are especially alluring because they are easy to implement and can help hold
development costs down. But, if individual-level analysis via HB is to be used, we
recommend more careful design procedures that lead to excellent level balance and
near-orthogonality within each respondent’s tasks.

Our preference is to use CBC software with its controlled randomization strategies to
design MBC questionnaires, and to field the studies using SSI Web and the “Free
Format” questions with Javascript verification.

Individual Item Price Variation or Lock-Step Category Price Variation

In the example shown back in Chapter 1 (Figure 1.6), the price of each menu item was
varied independently. Drinks and fries posed a special problem, since we wanted to
measure the price sensitivity separately for the small, medium, and large varieties.
We imposed some modest prohibitions in the design, to avoid displaying illogical price
comparisons (e.g. large fries costing less than medium fries). However, another
approach to investigating respondent choices in the face of changing prices is to vary
the price of all items within the category in a correlated (lock-step) fashion.

For example, rather than draw a random price variation for each size of fries, we
could draw a single variation to apply to all fries. For example, we could establish
average prices for three different sizes of fries:

Average Prices:
$1.09 Small fries

$1.59 Medium fries
$1.99 Large fries
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Then, for a given choice task, we might reduce all prices by $0.20:

Prices all decreased by $S0.20:
$0.89 Small fries

$1.39 Medium fries

$1.79 Large fries

Rather than having three separate independent variables that control prices for the
three sizes of fries, we can use a single independent variable to control all prices for
fries. That variable might take on 5 levels: -$0.40, -$0.20, +$0.00, +50.20, +50.40.

We still model the choice of each size of fries as a function of price changes, but price
changes overall for the category rather than for each item independently. In general,
guantity demanded of fries (net as a category) should increase as the category price
decreases for fries. But, we shouldn’t necessarily expect the quantity demanded of
each item within the category to increase as the category’s price decreases. For
example, as the category price for fries uniformly decreases for all three sizes,
respondents might shift away from the smaller fries in favor of medium and large
fries. So, small fries could show a decrease in quantity demanded as category price
for fries decreases. Conversely, as category price increases, small fries might show an
increase in quantity demanded, as people shift away from more expense larger fries.

Each area of the restaurant menu shown in Figure 1.6 could be designed using
category price variations rat