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Allocation task

» Exactly how analysts distribute the levels of the design attributes over the
course of an experiment (which typically is via the underlying experimental
design), may play a big part in whether or not an independent assessment
of each attribute’s contribution to the choices observed to have been made
by sampled respondents can be determined.

» The allocation of the attribute levels within the experimental design may
also impact upon the statistical power of the experiment insofar as its
ability to detect statistical relationships that may exist within the data.
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Stated choice experimental designs

Oyster Bay Casa del Cerro | Fazi Battaglia
Cost (per bottle) €14 €10 €8
Grape M Riesling Verdicchio

Year bottled 2009 2008 2009

ofeMalig A MO le[}M New Zealand Italy Chile i

| would choose: O O O O —
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Stated choice experimental designs

[ wwen [ wnes
Muscat Riesling
2009 2008
New Zealand Italy

| would choose:
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Stated choice experimental designs

» Conceptually, an experimental design may be viewed as nothing more

than a matrix of values that is used to determine what goes where in a SC
survey.

» The values that populate the matrix represent the attribute levels that will
be used in the SC survey, whereas the columns and rows of the matrix

represent the choice situations, attributes and alternatives of the
experiment.




THE UNIVERSITY OF

SYDNEY

Experimental Designs

Stated choice experimental designs

[ wnoa | wines | Nowo
Muscat Riesling
2009 2008
New Zealand Italy
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Stated choice experimental designs
[T WimeA  wieB | Nome
Cost (per bottle) €14 €10 |/~ Alternative

Grape Muscat Hgm\ Attrl b Ute
Year bottled 2009 2008 .
Attribute level

Choice task

] (0%e]aligXeI MO Te[s M| New Zealand Italy
“WieA | Wnes | More
Cost (per bottle) €12 €14
Pinot Blanc Semillon
2007 2009
France Australia
[ wnea | wnes | None
Sav. Blanc Riesling
2008 2008
France | Italy




THE UNIVERSITY OF

SYDNEY

Experimental Designs

Terminology

» Different literature use different terminology to describe components of an
experimental design

Literature Source
; Choice task /choice
Attribute 4

Transport Bliemer and Rose (2010) Attribute level Alternatives set/ choice

situation

Huber and Zwerina (1996) ——
Marketing and Attribute level Alternative/Profile Choice set
Sandor and Wedel (2002)

. . . . . Attribute . . Choice set/choice
Environmental Economics Ferrini and Scarpa (2007) Attribute level Alternative profile task/
. rlsson and Martisson . Attri . .
Health Economics Carlsson and Martisso Attribute tribute Alternative Choice set

(2003) level
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Stated choice experimental designs

Cost (per bottle) €14 €10
Muscat Riesling
2009 2008
New Zealand Italy
[ winea | wnos | Nome
Cost (per bottle) €12 €14
Pinot Blanc Semillon
2007 2009
France Australia
[ wnea | wnes | None
Sav. Blanc Riesling
2008 2008
France | Italy

‘None’ or status quo
alternatives, whilst
important for the
design later, have no
attribute levels.

10
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Stated choice experimental designs

=xperimental Design ()

Cost (per bottle) €14 €10

Wine A Wine B

Year bottled 2009 2008
(7ol sligXeI MO e[ New Zealand Italy

Cost (per bottle) €12 €14
Pinot Blanc Semillon
2007 2009
France Australia
| wnea | wies _
€10 €10 Each column represents an attribute.
Sav. Blanc Riesling Each row represents a choice task.
2008 2008
France Italy

11
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Discrete choice modelling process

Typical modelling steps in discrete choice studies

Survey
Experlmental deS|gn Please look at each of the following scenarios Respondents Data ESt|mat|On
and choose the alternative you most prefer in
1 30 3 15 4 each Task1of‘3
2 30 1 35 4 0010
3 30 1 20 4 (e |
4 20 1 25 4 p n:.:n, s 0100 m
5 25 5 30 2 1 2600 260 0100
6 20 3 35 2 Naw Jealand lal hils
7 20 1 20 4 > . 0001 —> &\ 0\
8 25 3 40 2 . , \
I E - Task 2 of 3 1000 \,\
0 20 5 15 2 0100
11 30 5] 30 2
12 25 3 40 4 W Re e 1000
20 2008 2000
w Zoaland aly Chis
o) 0 0 0
_ Tesk3of3 Specification of: K
Oy Casadol Carro | Faz Battaglia lone —
’ t & cu 1 MOdel type l/]_ - ZﬂlkX]_/(
i 2. Utility functions k=1
New Zonland faly Ehil —~ K
0 o) o 0 .
ﬂ < I/Z - Z IB 2k X2/(
k=1

se(p)

K
Results |// — ;ﬁjk)(jk

13
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How do we determine the efficiency of a design without conducting the
survey?

Survey
Experl mental deSIQ n Please look at each of the following scenarios Respondents Data EStI mat|0n

and choose the alternative you most prefer in
each

1 30 3 4 Task 1 of 3

2 30 1 4 0010
3 30 1 4

4 20 1 4 0100
5 25 5 2 0100
6 20 3 2

7 20 4 0001 —> (
8 25 3 2

9 25 5 2
10 20 5 2
11 30 5 2

3 4

= =
1000 <"
0100
17000

Specification of: K
1. Model type V4 = Z,Blkxlk
2. Utility functions k=1

K
Vz - Z ﬂzkxzk
k=1

<€
The question is what is the relationship se(p)
between the results and the experimental Results Vo= " X
design? / ;’B’k s

14
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To progress....

» How do we determine the efficiency of a design without conducting
the survey?

- First, assume prior parameter estimates (best guesses for the true
parameter values)

- Second, approximate the variance-covariance matrix for the parameter
estimates - This can be done without conducting any surveys!

Experimental design

15
35
20
25
30
35
20
40
25
15
30
40

=) 5 m) se(f)

A
N-=2000oONOOOP~WN=
N
o
WO WwW-=WwWao == 2w
ANNMNDNMNNANNAEDRMDAD

15
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Asymptotic variance covariance matrix

The Ain AVC

» The asymptotic variance-covariance (AVC) matrix is an
approximation of the true variance-covariance matrix

» “Asymptotic” means
- assuming a very large sample; or
- assuming a large number of repetitions using a small sample

» The roots of the diagonals of the variance-covariance matrix denote
the standard errors

4 2
variance- Se('B 1)

covariance matrix =| : where Se(f, ) is the standard

error of parameter ,Bk

se(f,)?

17
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Asymptotic variance covariance matrix

Step 1: Log-likelihood function

» First, determine the loglikelihood function:

I—N (ﬂl X,y) = S:;:;: yjsn |Og I:)jsn(x |ﬂ)

n=l s=1 j=1

» Note that:

» In estimation, given the (design) data X and the observations y, one aims

to determine estimates # such thatL, (£| X,y) is maximised [maximum
likelihood estimation]

> When generating an experimental design, these parameter estimates
are unknown f

» The values of Py, (X |/B)depend on the model used (MNL, NL, ML)

18
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Step 2: Determine the Fisher Information Matrix

» Secondly, determine the Fisher information matrix:

2 [expected negative
0Ly (Bl X.Y) Hessian matrix of
opop’

second derivatives]

IN(ﬂlxiy):_Ey(

19
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Asymptotic variance covariance matrix

Step 3: Determine the AVC Matrix

QN (IB| X,y): Igl(ﬂ| X’y) [inverse matrix]

» Note that:

- The AVC matrix depends on the design, X

- The AVC matrix depends on the choice observations, y
- The AVC matrix depends on the parameters, /3
- The AVC matrix depends on the number of respondents, N

»Both y and £ are unknown when generating a
design

20
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MNL model AVC

» Example: MNL model with generic parameters (McFadden, 1974)

IN(ﬁl X) :_Zzzxjklsnpjsn(x |ﬂ)[xjkzsn B - XikzsnPisn(X |ﬂ)j

n=1l s=1 j=1
Assuming that all responds observe the same choice situations,

IN(,B| X) =—N 'szjklspjs(x |ﬂ)(xjkzs _inkzspis(x |,B)j

s=1 j=1

=N-1,(8]X)

Therefore, the AVC matrix becomes:
Q(BIX)=17(B]X)
:ﬁ' |1_1(,B| X)

21
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Measuring efficiency

Its all about the AVC matrix

> Numerical Example

MNL model: U, = g, + B,A + BA, Priors: f =-0.2
Ug = 5,B, + 5,B, p,=0.3

p;,=04

B,=0.5

i

Design:

0 = RO 0D b ba| B

— WM m L) —
[0 N S N N
IR N R AR T S

B B By b B b B B

N r ~
p (4130 003 382 240 B, (oes| oo7 ome 029

|1(ﬂ| X) — gz ooz 354 06 079 Qlo (,Bl X) _ ﬂ; ooy |004) 000 004
3

382 016 -1821 789 008 000 |003] 001
o (280 073 769 56 B, 0 o004 oo 005

23
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Comparing AVC matrices

> Numerical Example

Al [ A2 TBI B2 ( A
T 876 0F3 078 291
Desi 1 é g i g 0 0BY 038 002 039
esign 1. =
g N R 1 078 002 030 007
43| 2|2
I (291 01 07 16
4 N
Al A2 BT B2 597 022 077 192
51 3 | 2 | 2
PR I I O _ |92 01 012 o
Design 2: el L |o77 012 039 02
1| 2|2 192 006 021 127
4| 3|6 |3 4 J

Which design is more efficient?

24
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Measuring efficiency

Its all about the AVC matrix

» In order to assess the efficiency of different designs, several
efficiency measures have been proposed

» The most widely used ones are:

- D-error =det(Q, )llK [determinant of AVC matrix]
- A-error = tr(Ql) [trace of AVC matrix]
K

K = number of parameters (size of the matrix), used as a scaling
factor for the efficiency measure

» The lower the D-error or A-error, the more efficient the design

25
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Comparing AVC matrices...

a1 [ 42 BB ( )
o1 (SR 876 069 078 291
Desian 1- é g E g O — |08 038 002 03 D-error = 0.568
esign 1. S ' lo7s om 03 ow7 A-error = 2.761
413 |2]2
i I - - (291 03 007 181
4 N
Al A BB 697 022 077 192
B | 3| 2 | 2
4 1] 6|1 O — |02 o1 o2 0w D-error = 0.434
Design 2: el ' lo77 o012 o3 oz A-error = 2.194
B | 1|2 |2 192 006 021 127
4 13|83 \ J

Design 2 is more efficient

26
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Optimising sample sizes

» So, if we know B, and se (£,), then we can compute the £ -ratio for any
sample size.

» Suppose that a 7-ratio of t” is requested for parameter S

» Then the required sample size for this parameter is N, = (—Self'gk)t ]

» The required overall sample size (for all parameters) is N = mkaX{Nk}

27
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Utility balance |
» The property of utility balance is sometimes seen as a requirement
for efficiency (Huber and Zwerina, 1996)

- A design is more utility balanced if there are no dominating alternatives
in the choice situations

s (a2 [BI[E2|[UATUB |[PATPE|[ B
21 | 2 | 1 08 | 1.1 |[043 | 067 || 95% « compute UA and UB
4 | 3|6 | 2 ||22]28 |03 ]|065]|| 92%
6|5 | 4|3 ||36|27|lom 02| 2% * compute P, and Py
205 | 4 |1 24 | 17 || 067 | 033 || B9% . 1t
135 ol an | 16 | loe | ams | o compute utility balance factor B
E | 1|6 | 3 ||20] 33 (|02 ]|079]|| 67%
B87% U,=-02+03-2+04-1=0.8
U, =5+B8A+BA B, =-0.2 U,=03-2+051=11
U, = BB, +3B, 5=03 P, =exp(0.8)/(exp(0.8) +exp(1.1)) = 0.43
p,=0.4 P, =exp(1.1)/(exp(0.8) +exp(1.1)) = 0.57

B, =05 B 0.43)( 0.57 «100% — 98%
0.50 /1 0.50

28
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Utility balance Il

> Numerical Example

» General formulation of the utility balance is measure:

J
» Utility balance per choice situation: B_= H[lljji] ]xlOO%
j=1

P = (2, 2) gives 100%, P = (1,0) gives 0%
P = (Y5, Vs, ¥5) gives 100%, P = (1,0,0) and P = (%, ¥2,0) give 0%

S
» Average utility balance for whole design: B :%Z B,
=1

=

FIHIE I I b o

023 | 017 | 060 | 63% |— B, = x100% = 63%
0.33)10.33 )\ 0.33

057 | 0.38 | 005 [ 29%
017 | 043 | 040 [ /9%
030 | 0.31 | 0339 [ 95%
026 | 037 | 0.37 | 96%
093 | 0.08 | 004 | 3% 3%+ 29% -+ 79% -+ 98% + 96% + 3%

1% |— B = 5 =61%

29
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Utility balance Il

» The higher utility balance, the better? No!
» A 100% utility balanced design will be very inefficient (why?)
» A design with a very low utility balance is inefficient too (why?)

» What is a good level of utility balance?

Indication for a design with 2 alternatives: utility balancegf 70% — 90%
-error
This corresponds with probabilities (0.25,0.75) I

— (0.35,0.65) B VA

These probabilities are confirmed by so-called “Magic P” | « « « N\ | | | | i

values (discussed later) A U R R |

More research on this topic needed (especially with Lol NG

IIIIIIIII

respect to designs with more than 2 alternatives) R

utility balance

30
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Willingness to pay

» WTP is calculated as the ratio of the change in marginal utility of attribute k
to the change in marginal utility for a cost attribute

—— B X
Ax, _ dx, ﬁkk Py
ACost d Bx. B
dx

» Both parameters have standard errors and covariances (which come from
the AVC matrix)

» Using the delta method

~iar _ 25 o, +&2ar
S.e.[ﬂkJ—\/ﬂz{V (ﬂk) ,B C (:Bluﬂc) (,ij ('BC)]

c c c

31
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Willingness to pay

» It is therefore possible to minimise the standard errors of the ratios of two
parameters (WTP)

» We call this C-error (or WTP-error)

C —error = mkin< max| s.e. .

32
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The prior parameters

Where can | get my priors?

» Prior parameter estimates can be obtained from:
- the literature
- pilot studies
- focus groups
- expert judgement

» If no prior information is available, what to do?
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The prior parameters

Parameter prior misspecification |

» What if the priors have been wrongly specified?
» For example, what if £, is 0.6 instead of 0.4 ?
» The AVC matrices and D-errors for the D-efficient design are:

b1 hZ h3 b4 b3 ht Tl
b1 0110 0085  0.058 0133 0124 0088 0141
b2 0085 0079 0065 oogy 0144 0086 O.11B
ﬂ — 04 b3 0059 0085  0BOS 0.044 1166 0040 0125
1 b4 0133 0D0% 0044 0.334 0332 00/ 0250

D-error = 0.1775 b5 0124 0144 1166 0332 22034 2554 092 : L
b6 0065 0056 0040 0076 2564 0586 0.133 Designs are efficient

bi 0141 0118 0125 0.250 05852 0133 0337 under the assumption Of
true parameter values.
b1 b2 h3 hd b5 b6 hi

b1 0142 0083 0074 0470 0186 0087 0183 Wrongly specified priors

b2 0083 009 0079 0115 0202 0070 0142 i i
,6 — O 6 b3 0074 0072 0706  0.054 1.431 0020 01585 typ|Ca”y Iead toa IOSS n
1 L]

b4 0170 0115  0.054 0.402 0332 009 0312 efﬁCiency.
—_ b3 0186 0202 1.431 033 25911 3081 -1.134
D-error = 0.2074 b6 0057 0070 0020 ooss 3081 0OB3E 0164
bf 0183 0142 0155 0312 1134 0188 0471

35
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Parameter prior misspecification Il

The prior parameters

D-error
0.34 E 0.34 E 0.34 i
0.32 E 0.32 E 0.32 i
0.3 E 0.3 E 0.3 i
,Bl ,32 ,33
0.2 H 0.2 ' 0.2 H
0.24 i 0.24 i 0.24 '

0.23 ' 0.23 i 0.23 :
0.1 ; 0.1 ' 0.1 :

0.1 0.2 0.3 OIA 0.5 0.6 0.7 0 0.1 0.2 OI.3 0.4 0.5 0.6 0 0.1 0.2 0.3 0.4 0.5 0.3 0.4 0.5 0.6 0.7 0.8 0.9
03 03 It is possible to already
o 03 i check beforehand to
N N 5 which parameters the
o 0 /87 design is most sensitive
0.24 0.2 E tO.

0.2 022 E

2 ° i One can put more effort
0.1\ X 0.1 . . f. d. d . f

-1.8 -1.6 -1.4 1.2 -1 -0.8 -0.6 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.4 0.5 0.6 0'_7 0.8 0.9 In In Ing goo prlors Or

these parameters.
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Introduction to Ngene

oo
CHOICEMETRICS www.choice-metrics.com

Pty Ltd
Home Ngene Forum Contact
Features MNgene is designed to be the single source of stated choice (SC) experimental

designs. As such, it has an extensive range of features and outputs.
Screenshots

. With Mgene you can:
Documentation d Y

Download Specify designs with great flexibility:

* Generate designs with any number of choice situations, alternatives,
attributes and attribute levels.

* Maintain attribute level balance, or specify that an attribute must occcur
an exact number of times or between a minimum and maximum number
of times.

« Dummy and effects code attributes.

* Specify logical rules to limit what attribute levels can coexist in a choice
situation.

* Interrogate design level correlations as calculated using a range of
correlation formulas (Pearson product moment, G index, J index,
Spearman rank, Point biserial, CP coefficient, H index).

Purchase

Generate full and fractional factorial designs.
Generate orthogonal designs:

* Maintain orthogonality either across or within alternatives.

Obtain orthogonal designs for a very large range of design dimensions.
Add blocking and foldover columns.

Generate optimal orthogonal in the differences designs.

Find the most efficient orthogonal design.

38
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Introduction to Ngene

Example syntax

EEE
Fil= Edit Run Toole ‘Window Help
| | Mews Syrkax (2 Open % AddToProject [E] Save | Open Most Recent (& Project (2 Synkax [ Data o | B ocut S8 Copy [ Paste | o Unda < Redo

= Syntax - lntitled Syntax 1.ngs™

design

;alts altl, alt2, alt3

;rows 8

;eff = (nnl,d,Fixed)

;con

;model :

ualtl) bi[1.2] + b2[-0.6]*A[6,8,10,12] + b3[-0.4]*B[4,8] + b4[0.3] *C[0,1] /
ualt2) b5[0.8] + b2 *A + b3 *B + b6[0.8] *C /
ualt3d) b2 *A + b7[-1.0]*C

$

U, =1.2 -0.6x, —0.4x,+0.3x, X, %y, Xy €{6,8,10,12},
U,=0.8-0.6x,, —0.4%,, +0.8X,5  X,,, X, €{4,8}, and
U, = —0.6xg —1.0X33 X3, X5, Xg3 €{0,1}.

| Ready | g

39
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Design Output |

Ngene - [Design - M -Error: 0. 781687, Evaluation 9452

m Fie Tools  Window  Help - 8 x
|J Mt Synkac qu' Dpen ﬁ Add n Save | Open Mosk Recent qu' Project ﬁ Synkax ﬁ [rata -
J Properties || Synkax || Formatted scenarios |
'Pruperty Shaw | | | | | | |
e ML efficiency measures
Diesign properties, MUL |

D errar 0.781687
A errar 3.084758
B estimate 60852916
3 estimate 122206160
Prior b1 bz b3 b4 bs be b7
Fixed prior value 1.2 -0.6 -0.4 0.3 0.8 0.6 -1
Sp estimates 16305621  2.082905 3.247753 122.206166 33.729539 20.16354 12.709599
Sp k-ratios 0.485386 1,358067 1.087588 0.1773 0,337482 0.436434 0.54977%
Design
Chaice situation alktl.a alkl.b altl ¢ alkz.a alkz b alz.c alk3.a alt3.c
1 1z 4 1} & g o 10 0
2 g 4 1 -] g 1 g o
3 & 3 o g 4 1 g 1
4 10 4 o g g [u] 1z 1)
5 g g 1 10 4 o 10 1
& 1z g 1 12 g 1 1z 0
7 [ g 1} 10 4 o & 1
g 10 4 1 12 4 1 & 1

Ready |
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Bayesian prior parameter distributions

Background

» Efficient design

- Example:

- Find D-efficient design based on priors
» Bayesian efficient design

- Example:

- Find Bayesian D-efficient design based on priors S, ~ N (,uk,O'kz)

42
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Bayesian prior parameter distributions

Prior parameter distributions

Pr(/)

Fixed

Normal
B ~ N (4, sz)

Pr(4)

o3 ~U(Ik’hk)

Pr(4)

Uniform

P

43
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Bayesian prior parameter distributions

Bayesian measures |

» Each efficiency measure (D-error, A-error, etc.) has a Bayesian
counterpart (Bayesian D-error, Bayesian A-error, etc.)

» Since the priors are random parameters, the efficiency measures
will be random too

» Bayesian efficiency measures the expected efficiency

Example:
Using D-efficiency as efficiency measure and assuming £ ~ N (, 0'2)

1/K

D-error = det(Q(,B| X))
Bayesian D-error = J-ﬂdet(Q(,B| X))llK f(B|u,c?)dp

L Normal probability density function

44
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Bayesian measures Il

» Bayesian efficiency is difficult to compute, it needs to evaluate a
complex (multi-dimensional) integral

Bayesian D-error = J-ﬂdet(Q(,B| X))llK f(p|0)dp

» However, it is nothing more than a simple average of D-errors:

R
BayeSian D-error = %Zdet(g(ﬂ(r) | X ))1/K
r=1

where S"are random draws from the distribution function (we take
r=1,...,Rdraws)

45
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Bayesian prior parameter distributions

Bayesian versus locally optimal designs |

D-efficient design Bayesian D-efficient design

[ A2 eTeaT A1 | A2 TerreaT]

U,=BA+B5A A x| 2| : . EARREIR
Uy =B, + 5B EIRREIE HHEE
B _ﬂl 1 ﬂz 2 5 4 5 1 1 40 4 a0 0

6 3 35 2 10 2 B5 2

7 2 50 2 7 gl 3 35 a

g 3 b5 1 8 el 2 20 2

3 20 1 10 2 20 2

2 a0 1 10 3 35 1

2z 20 2 a0 3 b5 1

3 20 0 40 2 &0 2

B, =0.20 B, ~ N(0.20,0.08)

p, =110 B, ~N(1.10,0.5%)

D-error = 0.0276 D-error = 0.0330

Bayesian D-error = 0.0488 Bayesian D-error = 0.0440

What if: 2 =939 5

8,=060 ° D-error = 0.1188 D-error = 0.0691
, =0.
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Bayesian versus locally optimal designs Il

» Efficient designs are more efficient than Bayesian efficient designs
if the prior parameters are correct

» However, if the priors are wrong, an efficient design can become
quite inefficient

» The efficiency of a Bayesian D-efficient design is less sensitive to
misspecification of the priors, and therefore called more robust

47
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Generating Bayesian efficient designs

» The same algorithms for determining an efficient design can be
used for generating a Bayesian efficient design

» If R random draws (e.g., 100) are used for computing the Bayesian

efficiency, finding a Bayesian efficient design may take R times
longer

» It is recommended to always use ‘smart draws’ (e.g., Halton draws)
instead of random draws

48
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Example Syntax

BEEEX
File Edit Run Tools ‘Window Help
DNBW Synkax @Open AddToProject nSave |Open Mosk Recent @Prnject ﬁSyntax EF:Data | P Run E-:'-.'-r_-| x Cut _h Copy L‘]"_-],Paste | 2 Undo  © Redo =

== Syntax - efficient. ngs*

design

;alts = altl, alt2, alt3
;rows = 12

;eff = (nnl,d,mean)
;bdraws = halton(100)
;con
;model :
ualtl)
u(alt2)
u(alt3)
$

bi[1.2] +[b2[(n,-0.6.,0.2)*A[6,8,10,12] + b3[-0.4]*B[4,8] + b4[0.3] *C[0,1] /
b5[0.8] + b2 *A + b3 *B + b6[0.8] *C /
b2 *A + b7[-1.0]*C

B, ~ N(-0.6,0.2)

| Ready | |4
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Interpreting Bayesian output

Ngene - [Design - Mean Bayesian MNL D-Error: 0.529652, Evaluation 672, Untitled design 1.ngd] =]
ﬁ File: Tools  Window  Help - G X
|J Mew Synkazx Dq' Cpen ﬁ Add n Save | Open Most Recent @ Project Dq' Synitax Dq [raka

Properties || Synkax || Farmatted scenarios |

'Property Shaw | | | | | | Z‘
| T ML efficiency measures
[+} Design properties, ML | T
Bayesian
Mean otd dev.  Median Minimurn  Maximum
Or error . 0.529652 10.048518 0.521632 0.465775 0.70012
A error . 1906501 [0.170675  1.664145 1.724306 2551559
B estimate . 4 53.059459 [10.159579 54.924404 25539025 06.725585
5 eskimate . 4 83.169873 [5.664817  B1.717595 B80.74721 100.883516
Priar b1 bz b3 b bs b& b7
Fixed prior value 1.z -0.6 -0.4 0.3 0.5 0.8 -1
3p estimates §.969113  1.5159 2.195552 §1.105082 19450221 1421168 7512479
Sp t-ratios 0.654457 1.590345 1.32276  0.217633 0.44442  0.519916  0.724809 =
Sh mean estimates 9.240322  1,534833  2.287835  83,169573 19955231 14.420716 7525571
I Shb mean t-ratios 0.647151 1.525497 1.,3053131 0.21506  0.440102 0.51732 0.716376 ]
Dresign
Choice situation altl.a altl.b altl.c alkz.a alkz.b alkz.c alt3.a alk3.c
1 12 4 1 g g ul 12 u]
2 12 4 o 10 g 0 1z 1
3 g g 1 3] 4 ul B 1
4 3] g 1 12 4 1 g 1
) 10 4 1 10 g 1 10 o
3] 10 g 1] 12 g ul 10 1
7 g g 1] 10 4 ul 12 u]
5 & 5 0 12 4 0 g o P
9 g 4 1] 3] g 1 g 1
10 & g 1 g 4 1 10 u]
11 10 4 1] g 4 1 B ul
Ready 4
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The AVC matrix and advanced models

Typical modelling steps in discrete choice studies

Survey
Experl mental deSIQ n Please look at each of the following scenarios Respondents Data EStI mat|0n

and choose the alternative you most prefer in
each

1 30 3 4 Task 1 of 3

2 30 1 4 0010

= 0100 m

5 25 5 2 0100

? 0 1 ‘ 0001 —> 5 & (’

ggg g g 1000 )\
10 20 5 2 0100 /
1 30 5 2 1000

5 4

Specification of: K
1. Model type V4 = Z,Blkxlk
2. Utility functions k=1

~ K
ﬂ < V, = Zﬂzkxzk
- k=1
The question is what is the relationship se(p)
between the results and the experimental Results Vo= " X
design? / ;’B’k s
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The AVC matrix and advanced models

Recall...

» The asymptotic variance-covariance (AVC) matrix is an
approximation of the true variance-covariance matrix

» “Asymptotic” means
- assuming a very large sample; or
- assuming a large number of repetitions using a small sample

» The roots of the diagonals of the variance-covariance matrix denote
the standard errors

4 2
variance- Se('B 1)

covariance matrix =| : where Se(f, ) is the standard

error of parameter ,Bk

se(/5,)?
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The AVC matrix and advanced models

The MNL model

» First, determine the loglikelihood function:

N
LL:XX y: ynsj In(I:)nsj )

n=1seS, jedns

» Secondly, determine the Fisher information matrix:
o°LogL N

J
== P X =Y PoX
aﬁl;aﬂl; Z Z Z an.lkl nsj (XnSsz ; nsi Xn5|k2j

n=1seS, jed

o°LogL N

J
—— == P I X = P
o A D AN LS X ALY

n=1seS, jed,

(N
2 Z Z Z leklszZkZS les szs' If Jl # JZ’
5 LOgL n=1seS, jed

op.. 0p. N TR
Pl 505 3 Xy KaPra (LR 1Fi= ke

[ N=lseS, jedy

54



THE UNIVERSITY OF

SYDNEY

The AVC matrix and advanced models

The cross sectional MMNL model

» First, determine the loglikelihood function:

LL = yyyynqln[ (”SJ)]

n=1seS, jedys

» Secondly, determine the Fisher information matrix:

0 log E(L) N 0 F’nsJ 1 5Pnsj 5Pnsj
— E E :
69k m169 ;; J; nsj (PnSj) (86’k1m186’k2m2 (E(PSJ ))2 80klml 86’k2m2

nsi
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The panel MMNL model

» First, determine the loglikelihood function:

=3 [TTTT(P)" f (510)d5

n=1 B S€S, j€dpng
» Secondly, determine the Fisher information matrix:

PE(R) 1 o *)8E(Pn*)}

&*log E(L) i 1

*

OB
" 96,00,

AP

kom, S€S, jedn

nSj

The AVC matrix and advanced models

ns;

b,

06,00, 3| E(P)) 06,,00,, (E(Pn*))z 00, 00,
N 1 O°P 1 oP” oP”
= E E n_E
HZ_;, E(P) (aa aakzm) (E(pn*))2 (8%} [aakmzﬂ
where P, _p Op yns, ns,
aekm aekm Sz J§ nSj aﬂk
o°p, 1 oP P 8ﬁk1 Op P
06, 1,00, 1, - P 001, OO 1, 89 0, . SGZS: ,; op, Xosi, ¥
OP..
a,BkJ = nSj[ nsjk |§ nsi nmkj
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The AVC matrix and advanced models

Error components models

» Error components models are a form of MMNL models

Unsj — IBanj +772ndh +gnsj
1 ifaltiisinnesth
0 otherwise.

where dh =
and Z ~N(0,0)

» They can be therefore also be treated as cross sectional or panel models
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The AVC matrix and advanced models

Bayesian random parameters...

EEE
Fil= Edit Run Toole ‘Window Help
| ] Mew Synkax G2 Open % AddToProject [ Save |Open Most Recent [ Project (2 Synkasx BF"Data| [ run 3'.-:.;-| & cur 2 copy ;ﬂpaste| % Undo < Redo

= Syntax - lntitled Syntax 1.ngs™

Design

;alts altl, alt2, alt3
;rows 20

;eff = (rpecpanel,d)

: S_=_gauss(?)
|;bdraws = gauss(2)

;rep = 250

;model :

UCaltl) = SP1[0.8] # bl[n,(n,-0.8,0.1),(u,0.1,0.2)] * A[5,10,15,20]

b2[n,1.2,0.2] B[0,1,2,3]
b3[1.2] * C[0,1,2,3]
b4[-0.7] * D[1,2,3,4]
EC[EC,1] /

u(alt2) = SP2[0.6] + b1 * A+ b2 *B + b3 *C + b4 *D + ECS
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Bayesian random parameters...

Ngene EEE
Fil= Edit Run Toole ‘Window Help
- | I Mew Syntax (2 Open | AddTorroject [ Save |Open Most Recent [ Project (2 Syntax [= Data | [ run | & cut 2 copy [ Paste | % Undo < Redo

== Design - RPEC-Panel D-Error: 0.947543, Evaluation 3, Untitled design 2.ngd
| Properties || Syntax || Formatted scenarios ‘

=
Syntax - [Property
== Design

Des i g It Design properties, ML

Design properties, RP

;a Its Design properties, EC

Design propertics, RPEC

; rOWS Design propetties, RP Panel

- ff 4 Design propetties, EC Panel
3 e | | C Design properties, RPEC Panel

srdraf o
;bdray
ilities

; rep 3 - Cavariance matrix (Bayesian average)
- mode I - Fisher matrix (Bayesian average)

7 - Sample

feles)

][

RPEC-Panel efficiency measures

Fixed Bayesian mean
D error 0.947543  0.673599
A error 2388008 1.774717
B estimate 2575483 0.029229
5 estimate 417959873 6191503

Priar b1 bz b3 b4 bl std dev. b2 stddev. ecstddev.
Fixzed prior walue -0.8 1.2 1.2 0.7 0.15 0.2 1

Sp estimates 3639919 4.972793 3.869626 7297598 B1.746545 417959873 27.020095
Sp t-ratios 1.027331 0.878933 0.996372 0.725533 0.691944  2.086129  2.65Z085

Design
Chuice situation altl.b altl.c altl.d gtz altz.b alkz.c

aooman —I—IQ—I—I—I—I—I—Iﬂg

ualt] 5o o

s

20




Experimental design influences on
stated choice outcomes

Case study 1: An empirical study in air travel choice

Bliemer, M.C.J. and Rose, .M. (2011) Experimental design influences on stated choice
outputs: an empirical study in air travel choice, Transportation Research Part A, 45(1),
63-79.

John Rose | Prof.
Experimental Designs| Dec 4th-5t
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Introduction

Orthogonal vs. efficient designs

» Orthogonal designs have been widely used in stated choice
experiments.

» Efficient designs have been proposed to yield smaller standard errors in
model estimation.

» Until now, efficient designs have not been compared to orthogonal designs
In real life with respect to their standard errors, only in hypothetical
simulation studies.

» In this study we investigate whether the theoretical advantages of

» efficient designs (smaller standard errors at smaller sample sizes) indeed
translate into practice.
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Introduction

Empirical studies

“More efficient designs lead to greater error variance (lower
scale parameter).”
— Louviere et al. (2008)

“Efficient designs only lead to marginal improvements over
orthogonal designs, design blocking seems more important.”
— Hess et al. (2008)

“Efficient designs can lead to significantly lower standard errors and
require smaller sample sizes than using an orthogonal design.”
— Bliemer and Rose (2010)

63



(=
THE UNIVERSITY OF

SYDNEY




THE UNIVERSITY OF

SYDNEY

Description case study

Air travel choice

» Investigate travel behavior of travelers, depending on:
= Airline
= ticket price
= transfers
= departure time
= egress travel time

= egress travel costs

using a web-based stated choice experiment for a trip from Amsterdam to
Barcelona.
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Description case study

Barcelona or Girona airport?

ELE & =
Mande b
7 : —_— ia Bisbal
. Pusg-reig Gurb Girona Alrport Salt e Bequr
(100 km from city) ‘ )L‘ SEmpoes 7
Amsterdam ey . Vie _ Palalrugell
| lavas - Cassa de
Watel Santa Coloma aSelva  Calonge
Tona Seva de Farners s
Suria et Llagostera Platja d'Aro
Sallent , )
Moid  cCentelles %
Vidieres Sant Feliu
rJ G ot de Guixols
Nor 10554
T de Ma
Manresa Parc Natural de'Sant _ Tordera . Lsorel e Mar
Sanl Salvador Lloreng del Munl o coc Sant Celoni de Mar
de Guardiola Serra de IOba “‘-’c:—'._"_“\'l‘_:”;:-“ p Blanes
-, Pineda
e J Caslellar ST S
' i L del Vallés Granollers Calelia, «de Mar
alada : Canet
_all r
Esparreguera Terrassa Sabadell Mataré de Mar
Barcelo Piera T —
. Cerdanyola
Sant Cugal del Vallés #%el Masnou
del Valles .
- - Badalona
N-340 1'Hosp|:alel
de Llobregat Barcelona
Vilafranca "
deliPenedés ant Boi de
¥y Vilade h Llgmeaat
Sant Pere sclelderef\
de Ribes == e Barcelona Airport
Cilnpc .
SN (13 km from city)
Vilanova
latell”  ilaGellrd
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Description case study

Online booking vliegwinkel.ga

look and book offers travelinformation
Er is maar één viiegwinkel. -
‘ - ‘ -
Contact | OurVliegwinkels | Lowestprice guarant

vueling
(Ticket p.p.: € 68,- + Tax € 47,- )
date from to flightno. dept. arr. stops
@ Fr 9 May Amsterdam Barcelona VY5174 19:50 > 22:00 0

details conditions

Total price: € 116,- show more flights

IBERIAF
(Ticket p.p.: € 79,- + Tax € 40,- )
date from to flightno. dept. arr. stops
@ Fr 9 May Amsterdam Barcelona IB5704 21:05 > 23:10 0

details conditions

Total price: € 119,- show more flights

(Ticket p.p.: € 65,- + Tax € 59,- )
date from to flightno. dept. arr. stops
@ Fr 9 May  Amsterdam Barcelona HVS5131 06:15 » 08:20 0

details conditions
Total price: € 124,-

show alternative times

show more flights

67



THE UNIVERSITY OF

Description case study

Online booking

Attribute Show Sort by Information

Flight

Airline W]

Departure Time ¥]

Arrival Time | ; Depature time + inflight time + transfer time

Number of Stops / Transfer Time ] Time spent waiting at the stop(s)

Travel Time @ ‘(I;lr-lac\;ﬁLzllgﬁ%?;gfuqr::;nn»;r:;e;;arrt?r:;)sarcelona airport or to Girona airport
Price (] ) Ticket price (flight only) including fees and taxes

Ground transportation

Travel Time ¥ Additional price for traveling from the arrival airport to the city centre
Price V] Additional time needed to travel from the arrival airport to the city centre

Total travel time (including inflight time and ground transportation travel time)

Ul vl from Amsterdam airport to Barcelona City
- = Total price (including flight price and ground transportation price) from
v <
[ o Amsterdam to Barcelona City
Iberia IBERIAF Total 3hr40min €65
From To Departure  Arrival Stops Travel Time  Price Choose this ticket
Flight Amsterdam Girona Airport 6:00 8:00 0 2 hr 00 min €50 -
Ground Transportation  Girona Airport Barcelona City 1 hr 40 min €15
Transavia Total Shro0min €65
From To Departure  Arrival Stops Travel Time Price Choose this ticket
Flight Amsterdam Girona Airport 12:00 16:00 1-(2hr00) 4 hr00 min €50
Ground Transportation  Girona Airport Barcelona City 1 hr 00 min €15
Vueling vualing Total 4 hr 20 min €84
From To Departure  Arrival Stops Travel Time Price Choose this ticket
Flight Amsterdam Girona Airport 6:00 9:00 1-(1hr00) 3hr00min €75
Ground Transportation  Girona Airport Barcelona City 1 hr 20 min €9
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Experimental design

Design dimensions

» Alternatives: 5

A

Number of choice situations per respondent: 6

Attributes and levels:

N

= airline: Air France, KLM, Iberia, Vueling, Transavia, EasyJet
= ticket price: €50, €75, €100
= transfer time: none, 1 hour, 2 hours

= departure time:  6am, noon, 6pm
= egress travel time: 20min, 30min, 40min (Barcelona)
60min, 80min, 100min (Girona)
= egress travel costs: €1, €3, €5 (Barcelona)
€9, €12, €15 (Girona)
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Experimental design

Design generation (using Ngene)

» Three designs have been generated:

- orthogonal design
Number of choice situations: 108
Number of blocks: 18

- Bayesian D-efficient design 1*
Number of choice situations: 108
Number of blocks: 18

- Bayesian D-efficient design 2*
Number of choice situations: 18
Number of blocks: 3

" Using parameter priors from pilot study (36 respondents, orthogonal design)
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Experimental design

Bayesian parameter priors

Attribute Parameter t value Prior (mean) Prior (stdev)
Air France -0.5816 -1.45496 a 0.323
kLI 0194 0661 a 0.293
Ilberia -0.2148 -0.724 a 0.299
Yieling 0124 0.426 a 0.293
Transavia -0.547 -1.7645 a 0.31
Ticket Price -0.04 -8.444 -0.04 0.0045
Ceparture Time (Barm 0.215 0.4974 a 0,221
Ceparture Time (12p070 0.E14 2.883 0.614 0.213
Transfer Time -0.006 -3.2498 -0.006 0.0oz2
Egress Price -0.027 -0.904 a 0.03

Egress Time -0.018 -3.2645 -0.018 0.00
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s A EF ] A
11 2 100 12 B 3 an | 1o 1 0 00 & 120 9 ]
1 2 1 1 180 15 B0 |10 2 3 o0 18 0 3 20
Efficient design * 1 3 2 100 18 &0 1 40 |10 3 1 50 18 BO 12 80
14 4 7E12 1200 1 a | 1o 4 0 0 B 120 9 &0
1 & 0 1 B &0 1 |10 5 5 712 0 3 40
21 5 7% 12 B0 5 20 |11 9 1 50 18 120 1 20
2 2 2 100 18 B0 3 a0 11 2 O 100 12 120 5 30
2 3 4 7518 0 12 B0 |11 3 5 100 B 0 5 a0
2 4 3 10 B B0 3 a0 11 4 2 75 B B0 5 40
2 5 3 0 B 120 9 1o |11 s 3 501 12 0 g 80
31 D 7B 120 3 00 |12 1 4 0 B 1200 15 B0
3 2 4 75 B D 5 an |12 2 2 100 B B0 12 BD
3 3 3 7B12 120 9 B0 | 12 3 0D 0 12 0 1 30
3 4 5 75 B B0 12 80 |12 4 5 501 18 0 12 100
3 5 2 0 18 120 12 EBOD |12 5 1 00 18 B0 3 a0
41 2 100 18 ED 12 100 |13 1 3 7B B 0 12 &0
4 2 3 0 18 120 5§ o |13 2 5 7R18 1200 1 a0
4 3 1 2 B 0 3 0013 3 0 50 12 BED 12 100
4 4 5 01 B 120 9 en | 13 4 1100 B B0 3 a0
4 5 4 7512 0 15 B0 |13 5 2 {00 18 0 3 20
E 1 1 50 B 0 1 30 | 14 9 2 7512 120 5 40
E 2 4 50 12 120 15 100 |14 2 5 50 B 0 15 80
5 3 5 &0 18 B0 15  EOD |14 3 4 o0 12 120 3 20
5 4 0 &0 18 120 15 &0 |14 4 3 01 18 0 9 100
5 5 4 100 18 D 1 o |14 5 1 100 18 BO0 12 80
B 1 3 51 B B0 15 80 [ 15 1 5 100 12 B0 9 B0
E 2 O 50 12 BD 9 B0 | 15 2 3 7B B 0 g 80
E 3 5 7B 12 1200 3 am |15 3 4 501 18 0 15 100
E 4 2 100 18 D 5 3o |15 4 1100 12 B0 1 0
E 5 2 1 B 120 5§ M0 |15 5 0 BB 120 5 a0
7o 4 20 18 1200 1 ETl IR 4 7B B 0 3 a0
7 2 0 10 B B0 3 o |15 2 1 7B 18 0 12 B0
73 1 75 B B0 15 80 |18 3 2 75 18 ED 1 20
74 2 1m0 120 3 o | 1E 4 3 0 12 120 5 20
7 5 5 100 12 ®OD 12 1m0 |18 5 5 75 B &0 1 40
ERE 1 100 18 D 3 20 |17 9 3 00 12 B0 15 100
g5 2z 2 50 12 120 9 1m0 |17 2 1 7512 1200 1 40
8 3 3 10 6 120 5 0 |17 3 2 51 B 0 g &80
8 4 0 100 12 0 15 B0 |17 4 4 75 18 BD 12 AOD
8 5 3 100 18 120 5 o |17 5 0 7B 12 BOD 15 100
3 5 50 18 120 12 80 [18 1 1] 7B 18 0 5 30
53 2 4 100 B B0 1 o |1 2 5 7B 12 BD 12 100
3 3 0 7BO12 120 5 0|18 3 3 10 B 120 3 a0
9 4 4 7B 18 0 1 a0 |1 4 1 7BO12 1200 15 100
3 5 1 7BO12 0 15 B0 |18 5 4 0 B 120 9 &0
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Model Estimation

Pooled data results (using Nlogit)

Attribute parameter t-ratio lower 95% upper 95%
Air France 0.377 6.019 0.254 0.500
KLM -0.232 -3.456 -0.364 -0.101
Iberia -0.535 -7.629 -0.672 -0.398
Vueling -0.008 -0.120 -0.132 0.117
Transavia -0.137 -2.046 -0.268 -0.006 “Trave”ers are Wllllng tO
Ticket Price -0.028 -25.115 -0.030 -0.026 pay 1 O euros more for
Departure Time (6am) 0.283 6.221 0.194 0.372 a thket tO Barcelona
Departure Time (12pm) 0.460 9.860 0.368 0.551 ]
Transfer Time -0.015 -32.228 -0.016 -0.014 Alrport (and SaV.e 40 ”»
Egress Price -0.035 -5.956 -0.047 -0.024 mInUteS egreSS tlme)
Egress Time -0.009 -8.459 -0.011 -0.007
Model fits
LL(ASC only model) -56879.526 206 orthogonal design
L@ ~4774.862 208 efficient design 1
o W 204 efficient design 2
Respondents @
Observations 3708
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Model Estimation

Design-specific results

Design 1: Orthogonal, S = 108 Design 2: Efficient, S = 108 Design 3: Efficient, S = 18
lower upper lower upper lower upper
Attribute par. t-ratio 95% 95% par. t-ratio 95% 95% par. t-ratio 95% 95%

Air France  0.422 3.423 0.180 0.664 0.319 2.994 0.110 0.527 0.457 4.401 0.253 0.660

KLM  -0.231 -1.883 -0.471 0.010 -0.402 -3.265 -0.643  -0.161 -0.112 -1.017 -0.328  0.104

Iberia  -0.488 -3.756 -0.742 -0.233  -0.650 -5.445 -0.884 -0.416  -0.417 -3.523 -0.649 -0.185

Vueling 0.285 2.345 0.047 0.524 -0.141 -1.324 -0.349 0.068 -0.131 -1.173 -0.351 0.088

Transavia  0.024 0.190 -0.227 0.276 -0.301 -2.635 -0.524  -0.077  -0.052 -0.469 -0.270 0.166

Ticket Price  -0.035 -17.780  -0.038  -0.031 -0.023  -10.808 -0.027  -0.019 -0.021 -9.649 -0.026  -0.017
Departure Time (6am)  0.300 3.311 0.123 0.478 0.410 5.387 0.261 0.560 0.171 2.285 0.024 0.318
Departure Time (12pm)  0.627 7.181 0.456 0.798 0.348 4.181 0.185 0.511 0.303 3.786 0.146 0.460
Transfer Time  -0.011 -13.999  -0.012 -0.009 -0.015 -19.410 -0.017  -0.014 -0.018 -22.350 -0.020 -0.017

Egress Price  -0.041 -3.311 -0.065 -0.017 -0.038 -3.894 -0.057  -0.019  -0.032 -3.330 -0.051  -0.013

Egress Time  -0.012 -5.205 -0.016  -0.007  -0.006 -3.102 -0.010  -0.002  -0.006 -3.342 -0.01 -0.003

Model fits
LL(ASC only model) -1953.577 -1940.001 -1983.633
LL(B) -1557.904 -1607.444 -1550.317
0? 0.203 0.171 0.218
Respondents 206 204 208
Observations 1236 1248 1224
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Design comparison

Efficient 1 (5=108) vs. Efficient 2 (S=18)

Design 1: Orthogonal, S = 108 Design 2: Efficient, S = 108 Design 3: Efficient, S = 18
lower upper lower upper lower upper
Attribute par. t-ratio 95% 95% par. t-ratio 95% 95% par. t-ratio 95% 95%

Air France  0.422 3.423 0.180 0.664 2.994 0.110 0.527 4.401 0.253 0.660

KLM  -0.231 -1.883 -0.471 0.010 -0.402 -3.265 -0.643  -0.161 -0.112 -1.017 -0.328 0.104

Iberia  -0.488 -3.756 -0.742  -0.233 -5.445 -0.884  -0.416 -3.523 -0.649 -0.185
Vueling  0.285 2.345 0.047 0.524 -0.141 -1.324 -0.349 0.068 -0.131 -1.173 -0.351 0.088

Transavia 0.024 0.190 -0.227 0.276 -0.301 -2.635 -0.524  -0.077  -0.052 -0.469 -0.270 0.166

Ticket Price  -0.035  -17.780 -0.038  -0.031 -10.808  -0.027  -0.019 -9.649 -0.026  -0.017
Departure Time (6am)  0.300 3.311 0.123 0.478 0.410 5.387 0.261 0.560 0.171 2.285 0.024 0.318

4.181 0.185 0.511 3.786 0.146 0.460

Departure Time (12pm) 0.627 7.181 0.456 0.798

Transfer Time  -0.011 -13.999 -0.012  -0.009 -19.410 -0.017  -0.014 -22.350 -0.020 -0.017

Egress Price  -0.041 -3.311 -0.065 -0.017 -3.894 -0.057  -0.019 -3.330 -0.051  -0.013

-3.102 -0.010  -0.002 -3.342 -0.01 -0.003

Egress Time  -0.012 -5.205 -0.016  -0.007

Model fits
LL(ASC only model) -1953.577 -1940.001 -1983.633
LL(B) -1557.904 -1607.444 -1550.317
p? 0.203 0.171 0.218
Respondents 206 204 208
Observations 1236 1248 1224
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Design comparison

Orthogonal (S=108) vs. Efficient 1 (S=108)

Design 1: Orthogonal, S = 108 Design 2: Efficient, S = 108 Design 3: Efficient, S = 18
lower upper lower upper lower upper
Attribute par. t-ratio 95% 95% par. t-ratio 95% 95% par. t-ratio 95% 95%

Air France 3.423 0.180 0.664 2.994 0.110 0.527 0.457 4.401 0.253 0.660

KLM  -0.231 -1.883 -0.471 0.010 -0.402 -3.265 -0.643  -0.161 -0.112 -1.017 -0.328 0.104

Iberia -3.756 -0.742  -0.233 -5.445 -0.884 -0416  -0.417 -3.523 -0.649 -0.185
Vueling  0.285 2.345 0.047 0.524 -0.141 -1.324 -0.349 0.068 -0.131 -1.173 -0.351 0.088
Transavia  0.024 0.190 -0.227 0.276 -0.301 -2.635 -0.524  -0.077  -0.052 -0.469 -0.270 0.166

Ticket Price | -0.085 -17.780 -0.038 -0.031 -0.023 -10.808 -0.027 -0.019 -0.021 -9.649 -0.026  -0.017

Departure Time (6am) 3.311 0.123 0.478 5.387 0.261 0.560 0.171 2.285 0.024 0.318
Departure Time (12pm) | 0.627 7.181 0.456 0.798 0.348 4.181 0.185 0.511 0.303 3.786 0.146 0.460

Transfer Time | -0.011 6 -13.999 -0.012 -0.009 [-0.015 -19.410 -0.017 -0.014 -0.018 -22.350 -0.020 -0.017

Egress Price -3.311 -0.065 -0.017 -3.894 -0.057 -0.019  -0.032 -3.330 -0.051  -0.013

Egress Time [ -0.012 -5.205 -0.016  -0.007 [ -0.006 -3.102 -0.010  -0.002  -0.006 -3.342 -0.01 -0.003

Model fits
LL(ASC only model) -1953.577 -1940.001 -1983.633
LL(B) -1557.904 -1607.444 -1550.317
p? 0.203 0.171 0.218
Respondents 206 204 208
Observations 1236 1248 1224
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Design comparison

D-errors of the data sets

Orthogonal design  D-efficient design 1 D-efficient design 2
(S=108) (S=108) (S=18)

D-error 0.1253 0.1035 0.1017

= Efficient designs are in practice indeed more efficient;

Shows that theoretical efficiency indeed translates into practical efficiency.

= Size of the design does not influence efficiency;
Shows that small designs are sufficient.

Note: there exists no orthogonal design with S<108.
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Design comparison

Standard errors (bootstrapped)

eecccccccce

Orthogonal design (S=108)
Efficient design 1 (S=108)

Efficient design 2 (S=18)
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Design comparison

______ Orth | desi S=108
Standard errors (bootstrapped) ogonal design (5=108)
Efficient design 1 (S=108)
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Design comparison

Required sample sizes (bootstrapped)

Air France
KLM

Iberia

Ticket Price
Departure 6am
Departure noon
Transfer Time
Egress Time

Egress Price

0 50 100 150 200 sample size

s Orthogonal (S=108) s fficient (S=108) mmmmefficient (S=18)
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Design comparison

Prediction power of t-ratios

25

20

e orthogonal design
] e efficient design (S=108)
e efficient design (S=18)

15

10 4

observed t-ratio

° These t-ratios can be used

5 ® ° to obtain indications about
‘\ ° minimum required sample sizes

0o® (S-estimates).
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predicted t-ratio
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Conclusions and discussion

Take away 1 and 2

» 1. Efficient designs lead in practice to smaller standard errors, as predicted
by the theory, thereby outperforming orthogonal designs.

» 2. The size (number of choice situations) of the design has no influence on
the efficiency. Hence, there is no need to use large designs. Small

orthogonal designs in general do not exist, however efficient designs can
be kept very small.
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Conclusions and discussion

Take away 3 and 4

» 3. The S-estimates introduced by Bliemer and Rose (2005,2009) & Rose
and Bliemer (2005) seem indeed to offer a good prediction for the required
sample sizes for statistically significant parameter estimates.

» 4. Accurate parameter priors used for generating efficient designs are

important, efficiency is quickly lost with incorrect priors. Bayesian priors
are therefore recommended.
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Conclusions and discussion

Take away 5 and 6

» 5. As also found by Louviere et al. (2008), highly efficient designs yield
larger error variance (smaller scale). Less efficient designs (e.g.,
orthogonal designs) seem to have smaller error variance (larger scale) due
to the existence of more dominant alternatives in a choice situation.
Therefore, the design can have an influence on the exact parameters due
to this scale factor.

» 6. Although in this case study the MNL model was used, the same
arguments can be used for other model types (e.g., MMNL).
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What's next

What are we working on...

» Availability designs

- To date, all work in efficient designs has assumed all alternatives are available in
all choice tasks

- Here we allow variable choice set sizes (varying the number of alternatives)
either at the discretion of the user or as a variable to optimize on

» Best worst designs
- Best worst cases 1,2 and 3 can be set up to be modeled using logit models
- The difference is the data structure

- We are working on optimizing for the unique data structures associated with
these question mechanisms
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What's next

What are we working on...

» Designs accounting for information processing strategies (IPS)
- In generating designs, it is assumed that all attributes will be fully attended to

- A zero prior is not the same as assuming that an attribute will be ignored given

that in modeling we would remove an attribute with an insignificant parameter
estimate

Ly (B1X) Y )
8,2 8,6’ :Zzzxjklsnpjsn(x |ﬂ) Xjkzsn B : XikzsnPisn(>< |ﬂ)
ky K, n=l s=1 j=1 i=1

- Here we add an additional Bayesian which will remove an attribute from the utility
function up to a probability

» Designs allowing for non-linear utility functions

> New model types including designs for WTP space, latent class
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Serial Choice Conjoint Analysis for
Estimating Discrete Choice Models

Case study 2: The future????

Bliemer, M.C.J. and Rose, ].M. (2010) Serial Choice Conjoint Analysis for Estimating
Discrete Choice Models in Hess, S. and Daly, A. (ed.) Choice Modelling: State-of-the-Art
and the State-of Practice: Proceedings from the Inaugural International Choice
Modelling Conference, Emerald Press, Bingley, United Kingdom, 139-61.
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What is a good design?

A good experimental design

» yields parameter estimates with high accuracy

unbiased, close to true values

» yields parameter estimates with high precision

high reliability, low standard errors
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What is a good design?

A good experimental design

Observation 1:

Any experimental design can be used to find the true parameters

[all designs yield accurate parameter estimates... in the limit!]

Observation 2:

A ‘good’ experimental design will find these true parameters at (much)
smaller sample sizes than ‘bad’ designs;

[@a good design yields more precise parameter estimates]

So, how to find these ‘good’ (efficient) experimental designs?
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Building good designs

Different design types

Efficient?

Orthogonal?

Yes No
No Orthogonal designs Other designs
Yes D-optimal (efficient)

D-optimal (efficient)
designs based on

B=0

no parameter
priors needed
(assumed zero)

designs based on

p#0

parameter
priors needed
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Building good designs

Parameter priors

» Priors are best guesses for the unknown parameter values.

v

Usually obtained from:

literature studies

expert judgment

pilot studies
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Building good designs

Example orthogonal design (zero priors)

== Dezign - MHNL D-Emor: 0092542, Evaluation 1, orthogonal dezsign.ngd™

|J Propetties || Swnita || Formatted scenatios |
] . J Display || HTML source code |
| Configure scenario formatting |
. ) -
f ) Scenario 1
| Export to HTML files |
Apply style sheet: Route A Route B
Elue buttons .
— Travel time
Bone
Default Travel costs
ruchConfiguration
i 7
red hat 1 Which route do you prefer?
Stopher
Display Farmat Scenario 2
(*) all
() one Route A Route B
Travel time
Travel costs
— Which route do you prefer?
w
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Building good designs

Example orthogonal design (non-zero priors)

&= Dezign - MHL D-Emror: 0.034871,. Ewvaluation 1, efficient design.ngd®

|§ Properties || Synkas || Formatted scenarios |
. . J Displary || HTML source code |
| Configure scenario Formatting |
. ) -
r . Scenario 1
| Export to HTML Files |
Apply stvle sheet: Route A Route B
Blue buttons .
e Travel time
Bone
Default Travel costs
MuchiConfigur akion
i ?
med hat B Which route do you prefer?
Stopher
Display Format Scenario 2
(=) al
() one Route A Route B
Travel time
Travel costs
B Which route do you prefer?
w
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Building good designs

Parameter priors

» Experimental designs are only efficient under the assumption that the assumed priors
are accurate.

» Orthogonal designs assume zero-valued priors.
- If the parameters are all zero, why doing the estimation?
- Therefore, orthogonal designs will always loose efficiency.

» D-optimal designs assume non-zero valued priors.
- If the parameters priors are all accurate, why doing the estimation?
- Therefore, D-optimal designs will always loose efficiency.

» How much efficiency is lost?
- Depends on how much the actual values deviate from assumed priors.
- Approach: create designs in a serial fashion based on current estimates.
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Adapt or die...

Adaptive designs

» Adaptive designs (such as serial/sequential designs) may be subject to endogeneity
bias (Toubia et al., 2003):

“To understand this result we first recognize that any adaptive question-design
method is potentially subject to endogeneity bias. Specifically, the gth question
depends upon the answers to the first g —1 questions. This means that the gth
question depends, in part, on any response errors in the first g—1 questions. This is
a classical problem, which often leads to bias (see, for example, Judge et al. 1985,
p. 571). Thus, adaptivity represents a tradeoff: We get better estimates more quickly,
but with the risk of endogeneity bias.”

» Adaptations in the design can happen within-respondent (higher risk of bias)
Johnson (1987, 1991), Green et al. (1991)
» across respondents (lower risk of bias)

This presentation
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Adapt or die...

Parameter priors

» 1. Initialization
e Setn=1.
*  Set priorsﬁ(”) =0.

» 2. Generate D-optimal design

* Find experimental desig&x n that minimizes the determinant of the asymptotic variance-covariance
matrix, assuming priors IB(”),

« Give design to respondent n.

« Observe choices Yn,

» 3. Estimate parameters
* Usedata (X ,Y, ) toobtain maximum likelihood parameter estimates IB("),

» 4. Update priors

. set = 3™, if parameter is statistically significant;  Set n:=n+1.
0, otherwise. return to Step 2.
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Adapt or die...

Disadvantages serial design process

* Designs need to be generated during the survey, requiring a more complex
survey process

« Mainly suitable for
«  CAPI (computer aided personal interviewing)
. Internet-based surveys

* Respondents have to be interviewed in a serial manner,
) or alternatively (as proposed by Kanninen and others):

interview 10% of respondents

. estimate parameters

. generate new efficient design

. interview next 10% of respondents
. etc.
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Case study

Background

» In the case study, we use simulation to generate choice observations. We
repeat this process 100 times in a Monte Carlo setting.

» Three experimental designs are considered:

 Orthogonal design~
- Fixed D-optimal design (based on true parameters)

- Serial D-optimal design (based on parameter estimates) ™

* Generated using Ngene 1.0

** Generated using Matlab implementation
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Case study

Priors

MNL model with following utility functions:
Vi=p A+ LXK+ LaXon+ FsXsy

Vo= Lot PaXip+ BaXoo+ P X3

Vs = PaXy3 + 7 X33
Attribute levels:

Xl,j €{6,8,10,12}, Xz,j {4,8}, X3,j {01}

Parameter priors:

S =(1.2,0.8-0.6,-0.4,0.3 0.8,-1.0)

Number of choice situations per respondent: 12
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Case study

What was done

> Compare the following experimental designs:

1. Orthogonal design (no priors needed)
orthogonal design, see Louviere et al. (2000)

2. Locally D-optimal design, assuming =/
efficient design, see Huber and Zwerina (1996)

3. Locally D-optimal design, assuming 3 = ﬂ(')
serial design, this presentation
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Case study

Results |

B efficient design B orthogonal design ~ serial design
2 -2 2
0 10 20 30 40 50 60 70 n 0 10 20 30 40 50 60 70 n i 0 10 20 30 40 50 60 70 n
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Case study

Results |

efficient design - orthogonal design ~ serial design

~
i
I
2 2
15 15
1 1
0.5 0.5
0 0
-0.5 -0.5
1 1
0 10 20 30 40 50 60 70 n 0 10 20 30 40 50 60 70 n
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Case study

Results |
~ efficient design ~ serial design
P, 2
40 10 20 30 40 50 60 70 h
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Case study

Results |
~ efficient design - orthogonal design ~ serial design
,82 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ﬂZ 2 :
i
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Case study

Results Il

E(5,)

1

............... efficient design

0.95

————orthogonal design

0.9

serial design

0.7

0.65

0.6
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Case study

Results Il

t —ratio (8,/se,)

3.5

............... efficient design

————orthogonal design

25

serial design

05 s/
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Case study

Results: Expected parameter estimates for different sample sizes

E(4) E(5,)

E(4,)
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--------- efficient design
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Case study

............... efficient design

————orthogonal design

serial design
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Case study

Results: Required sample size for parameter estimation”

*

N

[ cfficient design

140

B orthogonal design
[ serial design

120

100

80

60

40

20

*for statistical significance (a =0.05)
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Potential problem?

Biases?

» Serial designs may lead to biased parameter estimates in small sample
sizes

» However, serial designs enable small standard errors (high t-ratios)

» Parameters seem biased in small sample sizes due to (very) bad priors
used to generate serial designs for the first few respondents

» Solution: Use orthogonal design for first few respondents, and then
generate serial efficient designs
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Potential problem?

Case study revisited

> Compare the following experimental designs:

1. Orthogonal design (no priors needed)

orthogonal design, see Louviere et al. (2000)

2. Locally D-optimal design, assuming [ = IE
efficient design, see Huber and Zwerina (1996)
3. a) For first 20 respondents: orthogonal design

b) For next respondents: locally D-optimal design, assuming 7 = 3"
serial design, see this presentation
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New results

Potential problem?

E(f,)

1

.....................

30 40

efficient design

50

60 70

20

30

40

50 60 70

serial design
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Conclusions

Summary

With a serial design, no predefined priors are required (zero-valued

parameter values are assumed), therefore one need not worry about priors
misspecification.

With a serial design, approx. the same level of efficiency can be achieved
as with a D-optimal design based on accurate priors.

Since parameters are estimated continuously, data collection can
automatically stop if sufficient respondents have been interviewed.

Endogeneity bias in small sample sizes can be avoided by using an
orthogonal design for the first few respondents.

Respondents need not be interviewed in a completely serial manner, but
can be interviewed in batches.
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