
APPENDIX A

Methodological Materials for Chapter 3

In this appendix we discuss the estimation of multivariate statistical models. We begin with a brief discussion

of a common approach for estimating multivariate statistical models: multiple regression. Readers of chapter

3 of the printed book will recall that we use multiple regression in our analysis of “Who is informed about the

IRS?” in that chapter. Multiple regression is particularly suited for a situation where the dependent variable

(the variable one is attempting to explain) has an important property—it is continuous. In other words, it is

measured by a variable that has meaningful, integer-type valuation. For the assumptions needed to insure

that multiple regression estimation produces results with reliable statistical properties (the estimated impacts

of independent variables are unbiased and efficient—statistical properties which loosely translate into the

estimated impacts being the best guesses that provide the least uncertain estimates), the dependent variable

must be something like our IRS information variables.

Continuous Dependent Variable Models

If the dependent variables are continuous or essentially continuous, then we can proceed using most

statistical software packages (including many spreadsheet packages) to estimate something like the following:

Yi = α +βXi + εi (A.1)

whereYi is the dependent variable we wish to explain and whereXi is the independent variable we are using

to explainYi. In this equationα is a parameter we estimate called the “intercept” or “constant,” andβ is

the “slope.” Lastly,εi is the “error” term, or the part of the dependent variable which we do not explain by

α+βXi. The addition of the error term to the statistical model allows us to partition the variation inY across

different individuals (i) into the part that we can explain (which we will call the “systemic component”) and

the part we cannot explain (which we will call the “error component”).

When we undertake multiple regression on such a statistical model, we get numerical estimates for both

parameters (α andβ), which we can easily interpret. In the multiple regression setup, the slope parameter
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(β) is usually the most important estimated parameter and is understood as the impact we expect to see inY i,

given a 1-unit change inXi. So, for example, in our multiple regression results for the IRS “soft” information

measure, we interpret the estimated impact of the income independent variable as showing that if we increase

income by 1-unit, we will obtain a 2.4-unit increase in the respondent’s soft information rank.

Multiple regression also provides an estimate of how certain we can be in our inferences about the

impacts of the slope parameters: the estimated standard errors. The estimated standard errors can be used

in one of two ways to gain understanding of our estimation certainty. The first way is to use the estimated

standard errors to construct confidence intervals around the estimate of a particular slope parameter. To

continue the example from the IRS soft information multiple regression, we have an estimated impact of

2.4 with a standard error of .7. We can construct a 95% confidence interval using this estimated standard

error—roughly twice the standard error, which in this case ranges from 1 to 3.8. Thus, we are 95% confident

that the impact of income in this case falls within this interval.

The second way in which the standard error can be used is to construct a precise statistical test for the

statistical significance of a parameter. Usual practice is to infer that a parameter is statistically different from

zero—from having no effect at all—if the estimated parameter is larger than roughly twice the estimate’s

standard error. So with our estimated impact of “soft” information of 2.4, we infer that this estimated impact

is statistically different from zero when it is greater than approximately twice the size of the standard error

(in this case 1.4).1

Binary Choice Models

In many situations, however, we do not have continuous dependent variables. In fact, virtually all of

the survey questions we use in our analyses as dependent measures are not continuous. Since most of our

dependent variables are not continuous we must use techniques that are more appropriate for non-continuous

dependent variables. In the applications we examine in this book we have dependent variables which are

either binary (yes or no, agree or disagree) or ordinal (agree strongly, agree weakly, disagree weakly, or

disagree strongly).

Luckily, a special class of statistical models has been developed which are appropriate for binary or ordi-

nal dependent variables—discrete choice models. While these statistical models have their roots in economic

applications, they are now quite common in many social science applications.

The most basic of the discrete choice models is the binary choice model. Here we start with a model
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which is identical to that above:

Yi = α +βXi + εi (A.2)

where the variables and parameters are identical to those we discussed earlier. The problem is that we do

not really observeYi, instead we observe a binary realization of the underlying continuous variable. For

example, we commonly assume that while survey respondents may have attitudes which might be thought

of as continuous, in the survey setting we ask them to provide only a binary indication of their underlying

continuous attitude:

Y �

i = 1 iff Yi � µ (A.3)

Y �

i = 0 iff Yi < µ (A.4)

Thus, if we have asked our survey respondent to tell us whether she or he agrees or disagrees that women

should have the right to an abortion only when the mother’s life is in danger, our survey respondent would say

“agree” if her underlying opinion was greater than some threshold we denote byµ (which we would then code

in our dataset as a 1) or he would say “disagree” if his underlying opinion was less than his thresholdµ (which

we would then code in our dataset as a 0). Thus, given that we do not elicit from our survey respondents in

these types of situationsYi but instead we ask themY �

i we need a different statistical model than multiple

regression.

The solution is quite simple, since we have two almost identical statistical distributions, the normal and

the logistic, which we can employ in this situation to appropriately cope with the binary dependent variable.

We need to assume for simplicity here thatµ = 0 and that the variance ofε = 1. We first write the probability

thatY �

i = 1 as:

Prob(Y �

i = 1) = Prob(α +βXi � 0) (A.5)

= Prob(µ ��(α +βXi)) (A.6)

= F(α +βXi) (A.7)

whereF is either the standard normal distribution (which we will later refer to asΦ) or a logistic distribution

function. When we use the normal density, we have what is usually called the “probit” model; when we use

the logistic, we have what is called the “logit” model. In practice the probit and logit binary choice models
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are for all purposes identical in the binary choice case.

Estimation of the probit or logit model is straightforward using today’s powerful computers, also the

probit and logit models are common in most statistical software packages. But there are important differences

between the binary choice (and all discrete choice models) and the multiple regression approach. The most

important of these differences is in how a researcher can interpret the probit or logit model estimates.

Recall our discussion above, where we pointed out that multiple regression estimates can easily be in-

terpreted as the marginal change caused by a 1-unit variation in the independent variable upon the dependent

variable. Unfortunately, all of the discrete choice models we use in this book are nonlinear statistical models,

which means that the estimates cannot be interpreted in such a straightforward manner. As is easily seen in

the binary choice model derivation above, the probability functions we employ in the probit or logit cases are

not linear, so that the estimated impact of one independent variable on the explanatory variable is dependent

upon the values of other independent variables and their estimated impact on the explanatory variable as well.

This makes interpretation of discrete choice models quite complicated. Our practice throughout the book is

to avoid discussion of model estimates as much as possible, and to report instead the model estimates in the

chapter appendices posted here. We present in the empirical chapters printed in the book only our estimates of

the impacts of each variable upon the dependent phenomenon under examination. In appendix B we discuss

in much more detail how we obtain these estimated marginal impacts in our discrete choice models. But in

the next section of this appendix we turn to a slightly more complicated type of non-continuous dependent

variable model, one for ordinal dependent variables.

Ordinal Choice Models

Ordinal choice models differ from binary choice models. In fact, most survey response data are either

binary or ordinal, depending on the choice options and the decision of the researcher whether to include “don’t

know”s in the response model. In any case, many of the survey questions we use as dependent variables in our

analyses in this book are ordinal in nature: for example, questions asking respondents whether they “agree

strongly,” “agree weakly,” “disagree weakly,” or “disagree strongly.” If we want to assume that these survey

responses represent categories which come from some underlying one-dimensional scale, then the ordinal

choice model is appropriate for the analysis of these survey responses.
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We assume that there is a continuous underlying scale or attitudeYi such that:

Yi � F(yi j πi) (A.8)

where the systemic component is:

πi = F(Xiβ) (A.9)

Next we denote our threshold parameters byµ j, wherej = 1; : : : ;m andµ1 =�∞ andµm = ∞. The threshold

parameters are simply estimates of the breakpoints between ordinal responses, or the place where we would

assume that a respondent would switch from one category of response to the next. We constrain the thresholds

so that the probabilities are always positive:

µ j�1 < µ j < :: : < µm (A.10)

We know from the data which categoryyi belongs to, so we can write thatyi belongs to categoryj if the

following expression holds:

µ j�1 < yi � µ j (A.11)

Next we assume thatyi is a series ofj binary variables (instead of being coded as one ordinal variable) such

that:

yi j =

�
1 if µ j�1 < yi � µ j

0 otherwise
(A.12)

We next write the probability thatyi is in j as:

P(yi = j) = P(µ j�1 < yi � µ j) (A.13)

= F

�
µ j�β0Xi

σi

�
�F

�
µ j�1�β0Xi

σi

�
(A.14)

Here we assume, just as we did in the previous binary choice model derivation, that the error terms are

homoskedastic or that they have identical variance, which we write asσ i = 1.

The likelihood for a given set of parameters is:

L =

n

∏
i=1

m

∏
j=1

�
F

�
µ j�β0Xi

1

�
�F

�
µ j�1�β0Xi

1

��yi j

(A.15)

7



We take logs to produce the log-likelihood function:

lnL =

n

∑
i=1

m

∑
j=1

yi j ln

�
F

�
µ j�β0Xi

1

�
�F

�
µ j�1�β0Xi

1

��
(A.16)

By substituting either the standard normal cumulative distribution forF or a logistic cumulative distribution,

we can readily estimate this model. The ordinal choice model, typically implemented using the normal

distribution, is usually called the “ordered probit” model. It is programmed in most common statistical

packages and is relatively simple to estimate. The only problems arise infrequently when the estimated

underlying thresholds do not have the necessary ordering; this happens either when the dependent variable

has been miscoded (so that, for example, two response options are inadvertently switched) or when survey

respondents see the response categories in a different ordering than did the designers of the survey. Lastly, the

ordinal choice model is exactly like the binary choice model in that both are nonlinear models; in appendix B

we discuss in more detail how we produce results from our estimation of the ordinal choice models to yield

estimates which are easier to understand.
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Notes

1:For more detailed discussion of hypothesis testing, please see Greene 1993: 125-36.
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