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Extensions of the ordered response model applied to

consumer valuation of new products.

Marcel Das ∗

Department of Econometrics

Tilburg University

January 1995

Abstract

In an ordered response model the observed variable is based upon classifying an

unobserved variable into one out of a finite number of intervals forming a dissection of the

real line (cf. Amemiya, 1981). This model considers the boundaries of the intervals as

(unknown) deterministic parameters, the same for every individual. Terza (1985) extended

this through the relaxation of the assumed constancy of the boundaries: he allowed the

boundaries to be a linear function of observed explanatory variables. We extend the

deterministic model by allowing for random boundaries that vary across individuals. A

case study on consumer valuation of new products indicates that random boundaries

significantly improve the standard ordered response model.

∗The author is grateful to Ben v.d. Genugten and Arthur v. Soest for helpful comments and suggestions.
Many thanks also to MARS for providing the data.
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1 Introduction

In his survey article, Amemiya (1981) described the ordered response model in which the

dependent variable can take more than two discrete values. Econometric examples of these

ordered multi-response models can be found in Silberman and Talley (1974, bank chartering)

or David and Legg (1975, demand for housing). More recent applications are opinions about

job satisfaction (Clark, 1993) or satisfaction with life (Melenberg and Van Soest, 1994).

To characterize the responses of the discrete dependent variable y, one constructs an un-

observable continuous random variable y∗. The variable y is then based upon classifying the

unobserved variable y∗ into one out of a finite number of intervals forming a dissection of the

real line. According to Amemiya, the variable y∗ needs no interpretation except to say that it

is a continuous variable that affects the outcome of y.

In the standard model, the boundaries of the intervals are considered to be unknown constants

with the interpretation that the partition of the real line does not vary across individuals. This

seems not so realistic. Terza (1985) relaxed the assumption of constant boundaries. He assumed

that the boundaries of the intervals are a linear function of known explanatory variables. When

a (linear) relationship is indeed found, the boundaries are observation specific.

As Terza does, we also assume that every individual may have a different dissection of the

real line. However, this dissection is known by the individual but cannot be observed by the

researcher. Without assuming a functional form between boundaries and known explanatory

variables, we proceed as follows. If we draw a random sample from a population of individuals,

then we have also a random sample from a "population of boundaries" since the individual

specific boundaries are unobserved by the researcher. This means that we replace the determin-

istic boundaries by random boundaries. The unobserved y∗ will then be classified according

to a random dissection of the real line. This extension of the standard ordered response model

is the main focus of this paper. An empirical application indicates that the random boundaries

significantly improve the model, while Terza’s linear relationship might be too restrictive to

explain individual specific boundaries.

As underlying distribution of y∗, conditional on the explanatory variables, one often chooses

the normal distribution. "Ordered response" is then replaced by "ordered probit". However,

it is a common characteristic of limited dependent variable models that when the underlying

distributional assumption is invalid, estimation of the model may lead to inconsistent estimates.

The distributional assumptions could be relaxed by using semiparametric techniques (see for

instance M-j. Lee, 1992, Melenberg and Van Soest, 1994).
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Although we are aware of the above criticism concerning the ordered probit model, we will

use the normal distribution throughout the paper. The emphasis in the extensions discussed in

this paper will be in terms of the interpretation of the model.

The outline of the paper is as follows. Section 2 describes the standard ordered response

model. Section 3 discusses two extensions of the standard ordered response model: the exten-

sion proposed by Terza and the extension to random boundaries. Next, these two extensions

are applied to a data set in section 4 – focussing on consumer valuation of three new products

on a seven-point scale. The last section concludes.

2 The basic framework

In the (univariate) ordered response model, the discrete dependent variable yi is based upon an

unobserved continuous variable y∗i ∈ IR. Assume that y∗i can be modelled as

y∗i = X ′iβ + εi, i = 1, . . . , n

where n is the number of individuals,Xi ∈ IRk is a vector of k explanatory variables, β ∈ IRk

is a vector of unknown parameters and εi is a random disturbance term independent of Xi.

Furthermore, we assume that the disturbance terms are i.i.d. with zero mean : εi/σ ∼

F, i = 1, . . . , n (e.g. F is the normal cdf.). The dependent variable yi takes p values

1, . . . , p corresponding to a partition of the real line into p parts using p + 1 boundaries

m0 ≡ −∞ < m1 < . . . < mp−1 < mp ≡ ∞:

yi = j if mj−1 ≤ y∗i < mj, j = 1, . . . , p. (1)

The most common way of estimating model (2.1) for known F is by applying maximum

likelihood. Define

yij ≡

 1 if yi = j

0 if yi 6= j,

with i = 1, . . . , n and j = 1, . . . , p and Pij ≡ P (yi = j). The likelihood function (LF) can

then be written as

LF =
n∏
i=1

p∏
j=1

P
yij
ij .

It is common to work with the logarithm of LF, which will be denoted by LLF.

In this basic model the boundaries m1, . . . ,mp−1 are considered as deterministic but un-

known. For identification in this model, location and scale must be fixed. This can be done by
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fixing m1 and mp−1. Another possibility is to fix m1 and σ. The first procedure is preferable

since this leads to a more natural interpretation of the parameter estimates. In applications

(like the one in section 4), y∗ will be considered as some continuous analog of y. An obvious

choice would then be m1 ≡ 11
2

and mp−1 ≡ p− 1
2
.

3 Extensions

This section discusses two extensions of the basic ordered response model introduced in the

previous section. As mentioned in the introduction the emphasis will be in terms of the

interpretation of the model.

These extensions entail the elimination of the assumption of constant boundaries. It is not

realistic to assume that individuals base their opinions on the same dissection of the real line.

Besides the better interpretation of the model, it is interesting whether this relaxation of the

assumption of constant boundaries leads to a significantly better model.

First comes a brief discussion of the extension proposed by Terza (1985). He assumed

that the boundaries are a linear function of known explanatory variables. Next follows the

extension to random boundaries.

3.1 Terza’s extension

Terza extended the conventional probit model described in McKelvey and Zavoina (1975) to

analyze ordinal qualitative variables. He assumed that the boundaries m1, . . . ,mp−1 can be

written as a linear function of a known vector of exogenous variables, Zi. This results in

writing the boundaries with a subindex i: mi,j. The relationship is then given by

mi,j = Z ′iαj (1)

where α1, . . . , αp−1 are the unknown parameter vectors to be estimated. As mentioned by

Terza, unconstrained maximization of the loglikelihood function may violate the ordering in

the boundaries. The ordering in the boundaries – mi,j−1 ≤ mi,j – together with (3.1) implies

that Z ′iαj−1 ≤ Z ′iαj must hold for every i and j. If this condition is violated, the likelihood

function should be maximized subject to the inequality constraints.

We also assume that the boundaries are not constant but vary across observations. This idea

of having different dissections of the real line will be applied in another way.
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3.2 Random boundaries

This subsection extends the standard ordered response model with the assumption that the

individuals classify their scores into a self-chosen dissection of the real line. We do not assume

a functional relationship between boundaries and known explanatory variables as Terza does.

Section 3.2.1 will introduce the univariate case and section 3.2.2 will extend the univariate

case to the multivariate case.

3.2.1 Univariate case

Assume now that every individual has a specific array of boundaries of the intervals. Individuals

know these boundaries and according to this known dissection of the real line they classify their

scores. However, the individual-specific boundaries cannot be observed by the researcher. A

random sample from a population of individuals will therefore imply a random sample from a

population of boundaries. This random individual effect in the boundaries means that instead of

considering deterministic boundaries, we consider random boundaries: mi(1) < . . . < mi(p−1)

are assumed to be distributed according to some distribution function. We make the following

assumptions:

• mi(1), . . . ,mi(p−1) are the order statistics of mutually independent mi,1, . . . ,mi,p−1 and

the distributions of mi,j only differ with location:

mi,j − θj ∼ D (j = 1, . . . , p− 1)

with θ1 < . . . < θp−1,

• Xi and {mi,1, . . . ,mi,p−1} are independent,

• εi and {mi,1, . . . ,mi,p−1} are independent.

Note that mi,1, . . . ,mi,p−1 are only auxiliary variables to determine mi(1) < . . . < mi(p−1),

which are assumed to be used as boundaries by individual i.

Defining mi(0) ≡ −∞ and mi(p) ≡∞ (deterministic), model (2.1) becomes

y∗i = X ′iβ + εi

yi = j if mi(j−1) ≤ y∗i < mi(j), j = 1, . . . , p.
(2)

Although model (3.2) and (2.1) resemble each other, the likelihood function is more difficult

to calculate in the case of (3.2) (the likelihood contributions are given in Appendix A). This

will certainly be true when we extend the univariate case to the multivariate case. To evade

this difficulty, we will consider a submodel in the multivariate case.
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3.2.2 Multivariate case

This section briefly discusses the extension to the multivariate case. Empirical examples in

which the dependent variable is multivariate are valuations or opinions about more than one

subject (see the application in section 4).

The extension of the univariate case (3.2) to the multivariate case is straightforward. We

only make some additional assumptions. Every individual gives a valuation or opinion about l

subjects or issues: yi ∈ IRl. Assume that the subjects are more or less of the same kind. Thus,

assume that for each individual the boundaries do not vary with l : ∀i,j,l mi(j)l ≡ mi(j). The

multivariate extended ordered response model for individual i can then be written as

y∗i,h = X ′i,hβh + εi,h

yi,h = jh if mi(jh−1) ≤ y∗i,h < mi(jh)

(3)

with h = 1, . . . , l and jh = 1, . . . p. The error terms εi = (εi,1, . . . , εi,l)′ ∈ IRl are assumed to

be i.i.d. with zero mean: Σ−
1
2εi ∼ Fl and

Σ =


σ2

1 σ12 · σ1l

· σ2
2 · σ2l

· · · ·

· · · σ2
l


(in the application l = 2 and Fl is the bivariate normal distribution function). The off-diagonal

elements in the matrix Σ may be different from zero, so some correlation is allowed between εit
and εis. Individuals who are likely to give high scores will do this for each valuation. Further,

the error terms corresponding to different valuated subjects may have different variances. This

point receives attention in section 4.2.

As mentioned in section 3.2.1, calculating the likelihood function is rather complex in the

multivariate case, particularly for a relatively large p. Therefore consider now a special case

of (3.3). Assume that R(D) = (−∆,∆), with 0 ≤ ∆ ≤ 1
2

min(θj − θj−1, j = 2, . . . , p− 1).

This means thatmi,1 = mi(1), . . . ,mi,p−1 = mi(p−1). If ∆ = 0, the model reduces to the model

with deterministic boundaries. Note: although it has been assumed that everymi,j can vary on

equally sized intervals, it doesn’t necessary follow that these intervals are equally spaced.
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4 Application

This section applies the ordered response model with its extensions introduced in the previous

section. The application concerns consumer valuations of new products. New products are

crucial to successful growth, but their introduction is risky (Urban and Hauser, 1993). Firms

must therefore understand how different compositions of a new product will be valuated before

the final product is put on the market.

Section 4.1 will briefly describe the experimental design and the data used in this appli-

cation. Estimation results appear in section 4.2 and section 4.3 examines different product

characteristics.

4.1 Experimental design and data

The data are taken from a research project from MARS (Veghel, the Netherlands). MARS

investigated the opinion on three new compositions of the candy-bar TWIX, henceforth coded as

T1, T2 and T3. Individuals were asked to give their opinion about two of the three compositions.
1 The order in which the questions were asked might be of significance.

Every family member aged 9 years or older filled in a questionnaire. The total number of

individuals used in the sample equals 853. The valuation of the first product tasted by individual

i will be denoted by yi,1 and the second valuation will be denoted by yi,2. Individuals gave

their valuations on a seven-point scale ranging from very bad (1) to very good (7). Appendix

B.1 provides the number of observations in each cell. Note that the number of observations

corresponding to low valuations is very small. This can trouble the performance of the ML-

estimator based on asymptotic properties. Therefore we combined several cells: the values 1,2

and 3 are redefined as 3. The discrete dependent variables yi,1 and yi,2 can thus take the values

3, 4, 5, 6 and 7.

The data matrices X1 and X2 contain information about the following variables:

dumT1 : 1 if valuation is related to product T1; 0 otherwise,
dumT2 : 1 if valuation is related to product T2; 0 otherwise,
dumT3 : 1 if valuation is related to product T3; 0 otherwise,
age/10 : age (in tens of years),

1Psychologists argue that it is ill-advised to let one individual taste more than two products. This leads to
unreliable answers. Therefore individuals taste only two of the three products. The researcher decides (randomly)
which two products will be tasted by a particular individual.
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gender : 1 = male, 2 = female,
fam size : family size,
ch < 15 : number of children younger than 15 living at home,
chocolate : opinion about chocolate taste, 1 = very bad, ...., 5 = very good,
caramel : opinion about caramel taste, 1 = very bad, ...., 5 = very good,
biscuit : opinion about biscuit taste, 1 = very bad, ...., 5 = very good.

Some summary statistics can be found in Appendix B.2. Results reveal hardly any difference

between the mean valuation of the different product characteristics chocolate, caramel and

biscuit taste with respect to the compositions T1, T2 and T3. Since larger families (fam size)

and in particular a larger number of young children (ch< 15) can influence the appetite for the

product (interdependency), these variables are also taken into account.

A significant order-effect would result in an obvious difference between the estimated

parameters corresponding to the first and second evaluation. Because in neither of the estimated

models an LR-test rejected the hypothesis β1 = β2, we assume (for simplicity) β1 = β2 = β.

4.2 Estimation results

This section presents the estimation results. First we will estimate the standard model with

constant boundaries and the extended model in which the boundaries are a linear function

of some individual characteristics (section 3.1). All the estimated models are based on (3.3)

with l = 2 and F as the bivariate normal distribution with covariance matrix Σ(σ1, σ2, ρ) with

ρ = σ12/σ1σ2. The results are summarized in Table 1.
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Table 1 (Standard errors in parentheses)

(1) Standard model (2) Terza’s extension
parameter estimate estimate
constant∗ 1.99 (0.22) 2.13 (0.23)
dumT1 -0.0720 (0.039) -0.0717 (0.040)
dumT2 -0.0645 (0.039) -0.0635 (0.039)
age/10 -0.290 (0.067) -0.328 (0.088)
(age/10)2 0.0350 (0.010) 0.0385 (0.014)
gender 0.0752 (0.051) 0.0376 (0.068)
fam size 0.0419 (0.029) 0.0431 (0.029)
ch < 15 0.0222 (0.026) 0.0211 (0.026)
chocolate 0.540 (0.030) 0.538 (0.030)
caramel 0.313 (0.026) 0.314 (0.026)
biscuit 0.147 (0.027) 0.145 (0.027)
m1 3.5 3.5
m2 4.33 (0.046)

constant 4.34 (0.192)
age/10 0.0346 (0.109)
(age/10)2 -0.00421 (0.017)
gender -0.0497 (0.075)

m3 5.19 (0.037)
constant 5.47 (0.159)
age/10 -0.105 (0.092)
(age/10)2 0.0106 (0.014)
gender -0.0615 (0.070)

m4 6.5 6.5
σ1 0.709 (0.026) 0.703 (0.027)
σ2 0.799 (0.026) 0.798 (0.027)
ρ 0.642 (0.023) 0.639 (0.023)
LLF -1680.3 -1676.9
∗ We included a constant term, dumT1 and dumT2 instead of the three
dummies. The remaining two dummies can then be interpreted as
differences between T1 and T3, and T2 and T3.

Examination of the coefficients corresponding to the exogenous variables in the linear

specification for the boundaries, reveals that no parameter is significantly different from zero

except the constant terms. A (joint) LR test cannot reject the hypothesis of having constant

boundaries (6.74 < χ2
6:0.05 = 12.59).
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Section 4.1 stated that there was no order-effect: valuations of the second tasted product

did not systematically differ from valuations of the first tasted product. On the other hand, a

difference did exist between the variations of the two opinions: σ2 is (significantly) larger than

σ1. After evaluating the first tasted product, individuals seem to have some standard measure.

Based on this standard measure, they could provide more extreme valuations for the second

tasted product.

With regard to other parameter estimates in the standard model (1), note that gender, fam

size and ch < 15 are not significantly different from 0. On the other hand, the variables age/10

and (age/10)2 are significantly different from 0. The negative coefficient corresponding to

age/10, together with the positive coefficient of (age/10)2, implies (ceteris paribus) a U-shaped

relation between age and the valuation – with a minimum at 41 years of age. The relatively

younger and older people prefer the product more than middle-aged individuals do.

The coefficients with respect to chocolate, caramel and biscuit taste are (as would be

expected) positive: the better some product characteristics are valuated, the better the overall

product is valuated. The ordering in the parameter estimates corresponding to the product

characteristics means that chocolate taste is the most important characteristic in determining

the overall opinion about the product. 2 However, these coefficients do not tell anything about

the final composition of the product. The next section further analyzes the chocolate, caramel

and biscuit taste.

An interesting hypothesis to test is whether a significant product effect exists; that is,

whether the coefficients corresponding to dumT1 and dumT2 are equal to zero. Estimating the

restricted model in which the coefficients corresponding to dumT1 and dumT2 are zero yields

a LLF-value of −1682.51. Compare the realization of the test statistic in a LR-test (= 4.43)

with the critical value (χ2
2;0.05 = 5.99), and it can be concluded that the data give no reason to

expect a product effect.

Turn now to an alternative model extension – a model with random boundaries. Again the

estimated models are based on (3.3), with l = 2 and F as the bivariate normal distribution with

covariance matrix Σ(σ1, σ2, ρ) with ρ = σ12/σ1σ2. We estimated the following two models:

(1) extended model with random boundaries and

mi,j ∼ U(θj −∆, θj + ∆),

2We also estimated a model in which interactions of dumT1, dumT2 and dumT3 with the different tastes were
included. This didn’t yield a significantly higher LLF-value.
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(2) extended model with random boundaries and

mi,j ∼ Beta(2, 2) distribution at the interval (θj −∆, θj + ∆).

In the case ∆ = 0, the model with random boundaries reduces to the model with constant

boundaries. Both in (1) and (2) we fix θ1 ≡ 3.5 and θ4 ≡ 6.5. The estimation results are

summarized in Table 2.

Table 2 (Standard errors in parentheses)

(1) mj−(θj−∆)

2∆
∼ U(0, 1) (2) mj−(θj−∆)

2∆
∼ Beta(2, 2)

parameter estimate estimate
constant 1.97 (0.21) 2.00 (0.21)
dumT1 -0.0704 (0.039) -0.0692 (0.040)
dumT2 -0.0620 (0.038) -0.0599 (0.039)
age/10 -0.289 (0.067) -0.272 (0.065)
(age/10)2 0.0350 (0.010) 0.0328 (0.010)
gender 0.0746 (0.051) 0.0807 (0.049)
fam size 0.0426 (0.029) 0.0377 (0.028)
ch < 15 0.0210 (0.026) 0.0186 (0.025)
chocolate 0.540 (0.030) 0.530 (0.031)
caramel 0.317 (0.026) 0.313 (0.027)
biscuit 0.149 (0.027) 0.144 (0.027)
θ1 3.5 3.5
θ2 4.33 (0.045) 4.33 (0.048)
θ3 5.19 (0.038) 5.18 (0.038)
θ4 6.5 6.5
σ1 0.664 (0.029) 0.669 (0.026)
σ2 0.759 (0.029) 0.760 (0.027)
ρ 0.667 (0.025) 0.599 (0.027)
∆ 0.413 ∗ 0.341 (0.029)
LLF -1674.6 -1674.1
∗ Since ∆ = 1

2 minj(θj − θj−1) – so it lies on the boundary of
the parameter space – we did not calculate a standard error.

Hardly any difference exists in the parameter estimates corresponding to the explanatory

variables as compared to the deterministic case (Table 1, (1)). However, the estimates for σ1

and σ2 are lower in the case of the random boundaries. Some of the variation is now shifted to

the boundaries. Estimates for ρ also differ. Those estimates, together withσ1 and σ2, imply that
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the covariance is lower in the case of the random boundaries. This is due to the assumption that

the boundaries do not vary across the two valuated products. Again, some of the covariance

structure is shifted to the boundaries.

As mentioned before, in the case ∆ = 0, the model with random boundaries reduces to the

model with constant boundaries. An approximate (95%) confidence interval for ∆ in the case

of the Beta(2,2) distribution (Table 2, (2)) does not contain 0, which favors for the random

boundaries. Further, note that in both cases in Table 2, the value of the LLF respectively is

increased from−1680.3 to −1674.6 and −1674.1. An interesting hypothesis to test is ∆ = 0

versus ∆ > 0 (deterministic boundaries versus random boundaries). But since ∆ = 0 is a

parameter value on the boundary of the parameter space, we cannot make use of the usual

ML-based tests. Therefore we consider a subproblem.

In the deterministic case – Table 1, (1) – ∆ is fixed at 0. This will be model A. Model B

will be the random case – Table 2, (1) – with ∆ fixed at 1
2

minj(θj − θj−1). This implies two

strictly non-nested models. 3 Then we can use a model selection test for strictly non-nested

models described by Vuong (1989).

Vuong described a test based on the total loglikelihood and the separate loglikelihood

contributions of each observation. Given a pair of competing models, the model which is

closest to the "true" model is selected. Under the null hypothesis the test statistic has a standard

normal limit distribution (see for details Vuong). In our context the two competing models are

modelA and modelB. The realization of the test statistic (Vuong, equation 5.6) is−1.83. This

outcome gives us a first indication that our extended ordered response model might outperform

the standard version.

Next section displays the results when estimating a bivariate ordered probit model for

the different product characteristics chocolate, caramel and biscuit taste. The improvement

obtained by random boundaries is even more obvious.

4.3 Product characteristics

As mentioned in section 4.1, individuals evaluated the three product characteristics chocolate,

caramel and biscuit taste on a five-point scale ranging from very bad (1) to very good (5). In

the previous section we used the chocolate, caramel and biscuit taste as explanatory variables.

This section, analyzing each product characteristic separately, has two aims. First we want

3We realize that this is some kind of sequential procedure. We choose two strictly non-nested models after
estimation. But since ∆ = 0 and the estimate ∆̂ = 1

2
min{θj − θj−1} both lie on the boundary of the parameter

space it is hard to test in a different way.
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to explain which components are important, and to what extent, in determining the different

product characteristics. Second, this gives us another opportunity to compare deterministic

and random boundaries. 4

1) Chocolate taste

To determine the overall opinion about the chocolate taste we make use of the following

variables: strength of chocolate taste, creaminess of chocolate and quantity of chocolate. Each

of these variables can take three values: too little/weak (1), exactly right (2), too much/strong

(3). This results in the following set of dummy variables:

strength1 : 1 if strength of chocolate taste is too weak; 0 otherwise,
strength2 : 1 if strength of chocolate taste is exactly right; 0 otherwise,
strength3 : 1 if strength of chocolate taste is too strong; 0 otherwise,
cream1 : 1 if creaminess of chocolate is too little; 0 otherwise,
cream2 : 1 if creaminess of chocolate is exactly right; 0 otherwise,
cream3 : 1 if creaminess of chocolate is too much; 0 otherwise,
quantity1 : 1 if quantity of chocolate is too little; 0 otherwise,
quantity2 : 1 if quantity of chocolate is exactly right; 0 otherwise,
quantity3 : 1 if quantity of chocolate is too much; 0 otherwise,

For identification we fixed the coefficients corresponding to strength2, cream2 and quantity2

at 0. This means that it would be expected that the parameters corresponding to the other dummy

variables would be negative. The results are displayed in table 3:

4For the random boundaries we will choose:

mi,j ∼ Beta(2, 2) distribution at the interval (θj −∆, θj + ∆), j = 1, . . . , 4

(see section 4.2). In each estimated model, ∆ lies on the boundary of the parameter space, so no standard error is
calculated.
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Table 3 : Chocolate taste
(Standard errors in parentheses)

(A) Deterministic boundaries (B) Random boundaries
parameter estimate estimate
constant 3.94 (0.036) 3.93 (0.033)
strength1 -0.757 (0.041) -0.680 (0.037)
strength3 -0.503 (0.052) -0.453 (0.048)
cream1 -0.487 (0.042) -0.429 (0.039)
cream3 -0.324 (0.063) -0.297 (0.054)
quantity1 -0.0562 (0.043) -0.0614 (0.038)
quantity3 -0.189 (0.066) -0.170 (0.062)
θ1 1.5 1.5
θ2 2.07 (0.050) 2.27 (0.039)
θ3 3.17 (0.037) 3.25 (0.029)
θ4 4.5 4.5
σ1 0.698 (0.022) 0.603 (0.018)
σ2 0.703 (0.024) 0.582 (0.024)
ρ 0.647 (0.020) 0.565 (0.025)
∆ 0.387
LLF -1472.4 -1446.8

The most important component in determining the chocolate taste is the strength. Individuals

evaluated the chocolate taste in the case of a too weak strength worse than they did in the

case of a too strong strength of the chocolate taste. The same holds for the creaminess of the

chocolate. With regard to the quantity of the chocolate, only too much chocolate significantly

lowers the valuation.

After a discussion of the caramel and biscuit taste, some attention will be paid to the differ-

ence between deterministic boundaries (A) and random boundaries (B).

2) Caramel taste

To determine the overall opinion about the caramel taste we make use of the following

variables: strength of caramel taste, chewiness of caramel and quantity of caramel. The analysis

is analogous to the previous case (instead of cream1, cream2 and cream3, we substituted chew1,

chew2 and chew3 ). The results are displayed in table 4:
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Table 4 : Caramel taste
(Standard errors in parentheses)

(A) Deterministic boundaries (B) Random boundaries
parameter estimate estimate
constant 3.85 (0.038) 3.85 (0.034)
strength1 -0.907 (0.047) -0.841 (0.046)
strength3 -0.440 (0.044) -0.410 (0.043)
chew1 -0.300 (0.050) -0.288 (0.048)
chew3 -0.312 (0.044) -0.305 (0.042)
quantity1 -0.196 (0.043) -0.191 (0.042)
quantity3 -0.194 (0.048) -0.175 (0.046)
θ1 1.5 1.5
θ2 2.11 (0.049) 2.22 (0.039)
θ3 3.28 (0.036) 3.31 (0.031)
θ4 4.5 4.5
σ1 0.700 (0.025) 0.633 (0.023)
σ2 0.723 (0.024) 0.650 (0.024)
ρ 0.604 (0.023) 0.548 (0.028)
∆ 0.362
LLF -1603.6 -1585.4

Table 4 shows that an evaluation of too weak with regard to chewiness has the same impact as

that of too strong with regard to chewiness of the caramel. The same is true for the quantity

of the caramel. Regarding the strength of the caramel taste, a significant difference appears

between an evaluation of too weak and too strong.

3) Biscuit taste

To determine the overall opinion about the biscuit taste we make use of the following

variables: strength of biscuit taste, crispiness of biscuit and quantity of biscuit. The analysis

is analogous to the previous case (instead of chew1, chew2 and chew3, we substitute crisp1,

crisp2 and crisp3). The results are displayed in table 5:
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Table 5 : Biscuit taste
(Standard errors in parentheses)

(A) Deterministic boundaries (B) Random boundaries
parameter estimate estimate
constant 3.74 (0.036) 3.75 (0.032)
strength1 -0.751 (0.043) -0.690 (0.041)
strength3 -0.506 (0.046) -0.466 (0.044)
crisp1 -0.422 (0.042) -0.395 (0.040)
crisp3 -0.343 (0.053) -0.321 (0.050)
quantity1 -0.181 (0.048) -0.173 (0.045)
quantity3 -0.245 (0.043) -0.243 (0.040)
θ1 1.5 1.5
θ2 2.17 (0.041) 2.32 (0.031)
θ3 3.16 (0.034) 3.22 (0.028)
θ4 4.5 4.5
σ1 0.677 (0.022) 0.585 (0.021)
σ2 0.703 (0.022) 0.603 (0.020)
ρ 0.689 (0.019) 0.617 (0.025)
∆ 0.410
LLF -1523.2 -1485.6

Only the strength of the biscuit taste has different parameter values with respect to evaluations

of too weak and too strong. A too weak evaluation of the biscuit taste is valuated worse than a

too strong taste. For the crispiness and quantity, no difference was found if it is too weak/little

or too strong/much. Both extremes lower the valuation for the biscuit taste to the same extent.

The second aim for the estimations of the bivariate ordered probit models in this section is

the additional opportunity to compare deterministic boundaries with random boundaries. Table

4, 5 and 6 show that the LLF is reduced by a rather large amount. The standard errors of all

parameter estimates are (slightly) reduced (except for ρ). We can use Vuong’s test in the same

way as we did in the previous section. The results for all three cases are presented in table 6:
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table 6: Vuong’s test statistics

Test statistic

Chocolate taste -3.22
Caramel taste -3.21
Biscuit taste -4.72

Compare the test statistics in table 6 with the critical value (−1.96), and it can be concluded that

the random boundaries are a significant improvement. In these cases the improvement is even

more obvious than in the previous section. We also estimated a model with uniform distributed

random boundaries. This yielded the same significant improvement. Finally, we tested the

uniform distributed random boundaries versus Beta(2,2) distributed random boundaries, again

by using Vuong’s test. In neither of the three models the null hypothesis was rejected, except

in the case of biscuit taste. In this case the Beta(2,2) distribution for the boundaries was

significantly better than the uniform distribution.

5 Concluding remarks

This paper discussed some extensions of the basic ordered response model. These extensions

allowed for a possible individual effect in the scale on which the individuals classify their

opinion.

Although Terza (1985) found in an application (concerning bond rating determinants)

significance of all the parameters appearing in the linear relationship for the boundaries, we

found no significance in our application. On the contrary, we presented some evidence by the

use of random boundaries that there is an individual specific effect in the scale on which the

individuals classify their opinion.

We mentioned already in the introduction that the underlying distributional assumptions are

very important. We chose the normal distribution for the error term and (rather arbitrarily)

the uniform and the Beta(2,2) distribution for the mi,j’s. These latter two distributions were

mainly chosen for simplicity. Other distributions are also possible. Further research could

clear up this issue.
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Appendix A

In this appendix the likelihood contributions in the case of the extended (univariate) model are

presented. For the ease of notation we drop the index i corresponding to the i-th individual.

Define

Aj ≡ {mj < y∗} j = 1, . . . , p− 1

Bk ≡ {"exactly k of the Aj’s do occur"} k = 1, . . . , p− 2

Sj ≡
∑

. . .
∑
P (Ai1, . . . , Aij) j = 1, . . . , p− 1

1≤i1<...<ij≤p−1

then

P (Bk) =
p−1−k∑
r=0

(−1)r
(
k + r

r

)
Sk+r.

Let f denote the density function of y∗. The likelihood contributions can then be written as

P (y = 1) =

∞∫
−∞

[
p−1∏
j=1

(1− P (Aj)) ]f(y∗)dy∗,

P (y = k) =

∞∫
−∞

P (Bk−1)f(y∗)dy∗ (k = 2, . . . , p− 1),

P (y = p) =

∞∫
−∞

[
p−1∏
j=1

P (Aj) ]f(y∗)dy∗.
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Appendix B.1

Table with number of observations in each cell.

y2

y1 1 2 3 4 5 6 7

1 2 0 0 0 1 0 0

2 1 0 0 0 0 0 0

3 0 1 2 9 2 1 0

4 0 1 6 30 24 13 2

5 0 0 6 31 87 92 9

6 1 1 6 23 104 221 77

7 1 0 0 2 8 30 59
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Appendix B.2

This appendix contains some summary statistics of the variables used in the analysis in section

4.

# obs.

males 406

females 447

total 853

yi1 T1 T1 T2 T2 T3 T3

yi2 T2 T3 T1 T3 T1 T2

# obs. 145 141 141 144 143 139

age 9-19 20-29 30-39 40-49 50-59 60-69 70-79 80-89

# obs. 327 90 190 168 49 24 3 2

variable mean std. min. max.

age males 28.71 16.01 9 87

females 29.90 14.85 9 82

total 29.34 15.42 9 82

fam size 4.22 1.27 1 9

ch < 15 1.44 1.31 0 7

chocolate taste T1 3.72 0.75 1 5

T2 3.69 0.75 1 5

T3 3.74 0.75 1 5

caramel taste T1 3.58 0.75 1 5

T2 3.56 0.76 1 5

T3 3.55 0.80 1 5

biscuit taste T1 3.51 0.81 1 5

T2 3.54 0.81 1 5

T3 3.60 0.78 1 5


