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ABSTRACT

This dissertation consists of three essays in applied cconomics. Comion to cach
essay 1s the use of aggregate data. The first two cssays address the demand for tax
return preparation services and the cffect of that demand on tax evasion. The third
essay 1s an analysis of the effect of general cconomic conditions on congressional House
clections.

In the first chapter, I analyze taxpayer choices of return preparation services. In
particular, I distinguish between two types of nonpaid preparation, six types of paid
third partics, and sclf-preparation. Among other things, I find significant differences
in the factors which explain the demand for paid third partics who are and are not
able to represent clients before the IRS. Among these factors are increases in IRS
andit rates, the frequency of IRS penalties, and the complexity of the tax return.

The sccond chapter builds upon the results of the first chapter and analyzes the
cffect that different modes of tax return preparation have on tax evasion. Specifically,
I allow for three assisted modes of return preparation and sclf-preparation to effect
the level of tax evasion detected on returns they prepared. Chief among my findings
1s that while returns prepared by third partics who are able to represent their clients
before the IRS are characterized by the greatest amounts of income and the most
complex tax situations, after controlling for these factors, these returns exhibit less
non-compliance than those prepared by the other modes of return preparation.

The third chapter addresses a long standing controversy as to whether general
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cconomic conditions cffect the outeome of congressional House clections. T test this
general hypothesis by applying new estimates of historical gross national product and
unemployment, as well as robust regression techniques uscful for the identification of
influential obscervations, to a variety of models in the political science literature that
address the outeomes of congressional House elections. The use of new data strongly
supports the proposition that changes in gross national product and uncmployment

have a significant impact on the congressional House clection outcomes.
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Chapter 1

The Demand for Tax Return

Preparation Services

1.1 Introduction

The IRS has estimated that 44.2 percent of the individual returns filed in 1979
were self prepared, and that these returns accounted for 22.8 percent of detected
noncompliance.! Returns prepared with third party assistance accounted for 55.8
percent of filings and 77.2 percent of the detected noncompliance. Among returns pre-
pared with third party assistance, however, only 16.7 percent used what we call here

a “fax practitioner” (public accountant or attorney), yet these returns accounted for

42.7 pereent of underreported tax, 28.5 percent used other paid preparers accounting

"This chapter was published in The Review of Economics and Statistics, pages 75 to 82, 1992,
with coauthors Jeffrey Dubin, Michael Graetz, and Louis Wilde.
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for 30.8 percent of underreported tax, and the remaining 10.6 percent used nonpaid
assistance accounting for 3.7 percent of underreported tax.? A detailed breakdown of
the distribution of preparation modes for 1979 and the associated proportions of tax
noncompliance arc reported below in Table 1.

Economic theory has only recently focused on the demand for third party assis-
tance and its role in tax compliance. Scotchmer (1989), ciphasizing the informational
aspects of third party assistance, snggests that if risk neutral taxpayers are not sure
of their frue taxable income, they will tend to overreport their tax liability because
the cost of underreporting exceeds the cost of overreporting due to IRS penaltics.
In her models, taxpayers hire the services of informed third partics who reduce or

climinate uncertainty, and thereby lower the amount of reported tax lability.

Reinganum and Wilde (1991) analyze a game theoretic model of taxpayer, tax
practitioner, and IRS behavior that focuses on the service aspeets of third party as-
sistance. They characterize four types of equilibria, depending on whether taxpayers
prefer to use tax practitioners and whether the IRS prefers them to nse tax practi-
tioners. When tax practitioner penaltics for noncompliance are sufficiently low and
the efficiency gains from using practitioners are sufficiently high, the IRS prefers tax-
payers to prepare their own returns, but taxpayers prefer to use a tax practitioner. In

this case, the use of a tax practitioner is associated with lower compliance and higher

2CPAs and attorneys are automatically able to represent clients before the IRS. Other paid
preparers may provide these services only after passing a written exam sponsored by the IRS, and
fulfilling certain continuing education requirements. Because most public accountants meet these
requirements, we include them in the tax practitioner category.
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INTRODUCTION

Table 1.1: Returns and Proportion of Non-Compliance

Total Returns Filed Proportion of
Mode of Preparation  Number  Frequency  Noncompliance

Self 39959000 442 228
Non-Paid

IRS assisted? 1265686 014 004
Other Non-Paid® 8317320 .092 .033
Puaid Preparers

National Tax Scervice 8588600 .095 054
Local Tax Service 10488000 116 132
Other Paid 6690000 074 122
Practitioners

Public Accountant® 5605200 .062 102
CPAY 6057200 067 258
Attorney and CPA 3435450 .038 067
Total 90406000 1.000 1.000

“The IRS Agsistance category consists of three services. They are IRS Advice,
with a population frequency of .011; IRS Prepared, with a population frequency
of .001; and IRS Reviewed, with a population frequency of .004.

"The other nonpaid category usnally consists of a family member who helps
prepare the return. We have combined in this category all VITA prepared re-
turns. VITA is an acronym for Volunteer Income Tax Assistance, which consists
of unpaid volunteers who prepare returns after receiving limited instruction,
typically from the IRS.

“Public Accountants are licensed at the state level with requirements varying
by state. Only four states, North Carolina, Virginia, Kansas, and Wyoming, do
not regulate Public Accountants. National Tax Services, which in 1979 consisted
entirely of H & R Block and Beneficial Financial Services Co., and Local Tax
Services often provide their own training, but do not require employees to be
Public Accountants.

YCPA is an abbreviation for Certified Public Accountant.
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audit rates.

Finally, Mazur and Nagin (1987), cinphasizing the strategic aspects of third party
assistance, observe that many paid preparers are “not just passive scribes whose
function is limited to relieving their clients of the mechanical reguirements of return
preparation. To varying degrees they provide information on legal requirements and
the penaltios for their breach, develop strategics for reducing tax hability, provide

counsel on the risks of execenting such strategies and inform clients of topical enforce-

ment prioritices.”

Most cmpirical analyses of the demand for third party assistance have estimated
the effects of types of income, other return characteristics, and various socio-cconomic
factors on the choice between self preparation and all forms of third party assistance.
Using a varicty of data sources including surveys (Slemrod and Sorum, 1984; Collins,
Milliron and Toy, 1988; Hite, 1987), TCMP data (Dubin, Gractz, and Wilde, 1989;

Erard, 1993), and the IRS Master File (Long and Caudill, 1987), rescarchers have
found that the demand for third party assistance increases with amounts of total or

complex income, age, return complexity, tax rates, the number of dependents, and

sclf employment, and decreases with the level of education.

A complete characterization of the impact of third partics on tax compliance would
inclnde analyses of taxpayer choices of the kind of third party assistance, the effect
of third partics on tax compliance, and the IRS posture towards returns completed

by third partics. We begin this expanded characterization by analyzing taxpayers’
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1.2. A MODEL OF PAID PREPARER SELECTION
cholces among 12 modes of third party assistance, using nested logit technigues ap-
plied to aggregate data from the Special Academic Rescarch File of the 1979 Indi-
vidual Return Taxpayer Compliance Measurcment Program (TCMP). Although the
best data on third party assistance released to date by the IRS, this data file limits
the analysis to 696 aggregated observations from 12 TRS audit classes and 58 IRS
districts.?

The paper 1s organized as follows. Section 2 presents an cconometric specification
of the demand for tax preparation services. Scetion 3 describes the data we use and

models we estimate. Scection 4 presents our results and conclusions.

1.2 A Model of Paid Preparer Selection

We group fypes of return preparers according to natural patterns of substitutabil-
ity. One group consists of CPA’s; attorneys, and public acconntants, which we label
“practitioners,” most of whom are licensed to represent taxpayers before the IRS. The
sccond group consists of national tax scrvices, local tax services, and other paid pre-
parcrs who generally are not able to represent their clients before the IRS. The third
group consists of third party assistors who are free of charge. A final group consists
of self-preparcrs. We account for this pattern of substitutability in our estimation by

using a two-stage nested multinomial logit model.”!

*For precise definitions of IRS audits classes as well as recent estimates of overall noncompliance
see IRS (1990).

*For a detailed discussion of the nested logit model, see McFadden (1978).
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First we estimate taxpayer cholces among the four broad categories: practitioners,
paid preparers, nonpald preparers, and sclf preparation. Then we estimate taxpay-
ers’ choices between the modes of assistance within cach category. Let 2 = 1,....1
index the preparation category, and let 7 = 1.2, ..., J; index the specific assistance
modes within category «. We assume that the probability that an individual chooses

alternative iy, Py, can be written as the product of the conditional probability Pj;

and marginal probability P; with cach probability in the multinomial logit form

3c., . X
¢k

Bjji

-

J; S,
ijél el
(10:;3'-+0,jl,j

Ji el Y61
2ty %

Here X and Y are vectors of observed attributes which vary by audit class and IRS
district and /; is the expected maximum utility (or inclusive value) a taxpayer derives

L

from alternatives in the i category with

T
I; =logy" P (1.3)
j=1

The unknown parameters in this model are 5, g, and 6; with the latter being a

~ - - . . > - - . &9
measure of the dissimilarity of alternatives in the i category.®

*McFadden (1978) proves that if #; lies in the closed interval [0,1], the resultant nested logit is
consistent with random utility maximization.
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Since our data is aggregated to the IRS district level, we estimate Pjj; and P using
an aggregate form of the nested logit model.® Specifically, we form the log odds for

cquations (1) and (2) as

le'i Al v . .
log {PHJ =3X Vi #L (1.4)
and
P I . ‘
l()g [?j' = (_l’,,iy + 9](]] — [1) Y1 # 1. (15)
1

Estimation of equations (4) and (5) requires estimates of the choice probabilitics for
which we use the observed scleetion frequencics and measures of X and Y for which
we use group weighted averages. Denote the probability that an individual in the
k™ IRS district chooses alternative ij as Pfj Let the number of cases in the & IRS
district be M* and denote the frequency of occurrences of alternative 17 in district k

a8 F,Aj Suppressing the superseript & we can write

and
F? AV A oA
1()g [F] = (_lf,i}' -+ 9,([, — [] ) + i, (1 (')
1

%The estimation of nested logit models has to date relied exclusively on individual level data.
We extend the nested logit method for use with aggregate data following Berkson (1944) and Theit
(1969). Implicit in this development is the assumption of homogeneity of individuals within the
aggregation classes. For a discussion of the robustness properties of logit techniques when applied
to aggregate data, see also Allenby and Rossi (1991).
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with p;; = log [Fj[.i/Fll.i} —log [Pﬂ,i/P] [.i} and p; = log[Fy/F)] — log[P;/P]. 7

Straightforward calculations show that

Epji) = 0
. 1 1 1 _ .
Vipsp) = ~ (m + H) for j # 1, (1.8)
. 1 . ~
cov(fii)i, i) = NPy, for y # 1, (1.9)
and that
E(p;) = 0
. 1 (1 1 .
() = —|—=—+ = for 3 # 1, 1.10
‘ (1“7/) ‘,7\/' (PJ _I_ P] ) 01 .] # 3 ( )
1 , .
cov(pe, ph) = NE for 7 # 1. (1.11)
NF

Since Fj; varics with the alternative and N varies with the size of cach andit class
and TRS district, cquations (8) and (10) present a classic form of heteroscedastic-

ity. Furthermore, a nonzero covariance is also present (equations (9) and (11)) since

the log odds equations (6) and (7) use common comparison groups. Minimum chi-
squarc estimation of the nested logit model corrects simmultancously for this covariance

structure.®

TOur data set has an average of 70 individuals per cell. Monte Carlo evidence reported in
Domencich and McFadden (1975) shows that when cell sizes are large (over 30 observations) the
Berkson-Theil estimator of equations (6) and (7) has very small sample bias (see Table 5.1, page
113).

®The appendix discusses the derivation and estimation of the model presented above as well as
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1.3 Model Specification

The TCMP program involves line-by-line audits of approximately 50,000 randomly
chosen individual tax returns. Our data file aggregates the results of the 1979 TCMP
audits by IRS district and andit class. Six audit classes comprise returns where
income was not derived principally from farm or sole-proprictorship activitics, three
others where income was derived principally from sole-proprictorships, and a final
three where income was derived principally from farm activities. For every line for
cach audit class in cach of the districts, taxpayers’ reported amounts are recorded
as well as the adjusted amounts recommended by the TCMP andit. For the 1979
TCMP, additional information was recorded on the 12 return preparation modes used
by taxpayers. To avoid districts with too few observations, we combine all attorneys
into a single category and assign the following mnemonics to the resulting practitioner

alternatives:

PA = Public Accountant
ATT = Attorncy, or Attorney and CPA
CPA = C(Certified Public Accountant

The three paid-preparer alternatives are:

i

present estimates of equations (6) and (7).



10CHAPTER 1. THE DEMAND FOR TAX RETURN PREPARATION SERVICES

LTS = Local Tax Service
OPP = Other Paid Preparer
NTS = National Tax Service

Finally, we combine several nonpaid assistance alternatives and assign the following

MNCINONICS:

IRS = 1IRS prepared, IRS reviewed, or [RS assisted
ONP = Volunteer Income Tax Assistance, or Other Nonpaid Preparers
SELF = Sclf-prepared

As discussed in the Introduction, three basic motives for taxpayers to use third

party assistance have been identified: information (Scotchmer); service (Reinganum

and Wilde); and strategic (Mazur and Nagin). Our choice of explanatory variables
parallels these motives. In particular, we assume that the probability of choosing any
mode of third party assistance or self-preparation is a function of the IRS audit rate
(AUDIT), the frequency of penaltics (PENALTY), the percent of the adult population
with a high school education (EDUCATE), the percent of the adult population over
65 years old (AGEG5), state, local, and real-estate tax deductions (TAXDED), other
deducetions (OTHDED), the number of excmptions (EXEMPT), the sum of wage,
interest, and dividend income (SIMPLE), the sum of schedule C gross receipts and

partnership income (BUSINESS), other income (OTHINC), and the number of forms
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included with the taxpayer’s return (FORMS).

Although we make no attempt to test one against another, our predictions regard-
ing the cffects of the explanatory variables on the demand for third party assistance
arc based on the service, information, and strategic motives. We next summarize our
general expectations regarding the effects of the explanatory variables on the demand
for third party assistance with occasional reference to specific motives.

Since neither nonpaid nor paid preparers generally can represent clients before the
IRS, increases in the IRS enforcement activity variables RATE or PENALTY should
increase the demand for practitioners.? Because more educated taxpayers are hetter
able to prepare their own returns, represent themscelves before the IRS, determine
their own true tax lHability, and engage in appropriately strategic behavior, increases
in EDUCATE should reduce the demand for all modes of third party assistance and
increase self-preparation. An incrcase in AGE65 may possibly increase the demand
for preparers and practitioners based on the service and information motives.'®

Our tax return variables reflect the TCMP adjusted levels for three basic com-
ponents of the tax calculation: income, deductions, and exemptions.!’ We use three
measures of income: the sum of wages, interest, and dividends, the sum of schednle

C gross receipts and partnership income, and all other income. Increases in SIMPLE

?The audit rate is based on audits accomplished data provided by the Examination Division of
the IRS. The frequency of penalties is obtained directly from the agegregated TCMP data file.

The percent of the adult population with a high school education and the percent of the adult
population over age 65 are from the Statistical Abstract of the United States for the year 1979.

""The TCMP provides not only what the tax return reported amounts were, but what the IRS
believed the true amount to he. We use the corrected amounts of deductions and exemptions as
meaningful measures of the true amounts of these items.
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should decrcase the demand for third party assistance and increase scelf-preparation,
since for taxpayers with predominately wage, interest, or dividend income, there is
less need for service or information, less opportunity for strategic behavior and little
likelihood of TRS enforcement attention. Increases in BUSINESS should increase the
demand for practitioners since owners of small businesses do face substantial IRS en-
forcement attention, considerable complexity, and may as a normal business practice
require the services of attorneys or highly qualified accountants. We have no a priori
expectations with respect to the effeet of increases in OTHINC on the demand for
third party assistance and sclf-preparation, but include 1t in our specification in order
to account for all income.

We divide deductions into state, local, and real estate taxes and other deductions.
Since taxpayers who pay state and local taxes may be subject to state enforcement
attention as well as IRS enforcement attention, increases in TAXDED may increase
the demand for practitioners.'? Unlike state, local, and real estate taxes which are
not likely to be contested, other deductions often are contested. This suggests that
increases in OTHDED should also incrcase the demand for practitioners. By our
definition, EXEMPT primarily measures family size. To the extent that larger fam-
ilics have greater demand for tax services, an increase in EXEMPT should inercase

the demand for both preparers and practitioners.’ Finally, the number of forms is a

"“See Dubin, Graetz, and Wilde (1989) for a discussion of the relationship between state and
federal enforcement activity.

¥We subtract exemptions for over 65 years of age and blindness from total exemptions. The
remainder is a measure of the number of persons supported by the taxpayer.
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straightforward measurce of return complexity and as such increases in FORMS should

increase the demand for hoth preparers and practitioners.

1.4 Results and Conclusions

The choice of third party assistance is estimated in fwo stages, as discussed o Section

2 and illustrated in Figure 1 below. !

"The branch structure of the choice tree in figure 1 is suggested hy key features of the choice of
return preparation assistance. From the top of the tree downward, there are four general categories of
tax return preparation assistance specified. These are Self-prepared returns and the three modes of
assisted return preparation. The three modes are Non-paid asistance, comprised of family members
or friends and of IRS sponsored assistance; Paid preparers who cannot represent their clients in
the case of an IRS audit, comprised of the National Tax Services, Local Tax Services, and Other
Paid Preparers; and Practitioners, comnprised of Public Accountants, CPA’s, and Attorneys, who
can represent their clients in the event of an IRS audit, as well as provide expert opinions for tax
positions held on the tax return.

One restrictive property of the nested mulitnomial logit model is known as the independence of
irrelevant alternatives (ITA). This property states that the ratio of the probabilities of choosing any
two alternatives is independent of the attributes of any other alternative in the choice set. When
applied to the nested multinomial logit, this property implies that the 1TA property must hold at
each multinomial logit along each branch of the choice tree. A violation of this property at any stage
of the nested logit model would invalidate the nested multinomial model.

Hausman and McFadden (1984) derive tests for violations of the IIA property in the multinomial
logit and the nested multinomial logit models. The first of these, a Hausman (1980) type specification
test can be estimated for each multinomial logit by comparing the parameter estimates of two
multinomial logits that differ only in the exclusion of a subset of the alternatives. If the parameter
estimates are similar, then the test statistic will be small and the ITA property cannot be rejected
by the inclusion of the subset of alternatives.

More specifically, let the choice set for the Non-paid’ branch be composed of the {IRS, Other}
alternatives; for the Paid’ branch as {National Tax Service, Local Tax Service, Other Paid Tax
Service}, and for the Practitioner branch as {Public Accountants, CPA’s, Attorneys} where the
prime designates a subset of the choice set. Denote alternative choice sets as Non-Paid {IRS,
Other, Self}; Paid {National Tax Service, Local Tax Service, Other Paid, Public Accountants}, and
Practitioner’ {CPA’s, Attorneys}. These alternative choice sets generate a similar two stage model
as depicted in figure 1 except that the top stage has three alternatives rather than four because
the Self prepared returns are grouped with all other Non-paid alternatives and in the second stage
Public Accountants have been moved into Paid preparers who are not Practitioners. This is but one
of a large number of alternative configurations for a nine alternative model, but it represents the
most plausible alternative construction because it tests for two empirically relevant issues. The first
of these is whether there is any difference between returns that are Self-prepared and those that use
Non-Paid assistance. The second is whether Public Accountants, many of whom are enrolled agents
able to repregent clients before the IRS, are more like Practitioners than Paid preparers who cannot
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Figure 1.1: Choice of Tax Return Preparation Services

14% 2% 3T% 23%

IRS ONP SELF LTS NTS OPP PA ATT CPA

Table 2 presents the clasticitics of the unconditional choice probabilitics P; with
respect to the underlying explanatory variables.!®

Our results generally are consistent with our expectations. Increases in the IRS
andit rate or frequency of penaltics increase significantly the demand for practitioners.
For the audit rate this cffect is limited to CPA’s, but for the frequency of penalties
the effect applics to all three types of practitioners. For the audit rate, this increase
comes at the expense of national tax services while for the frequency of penaltics 1t

comes largely at the expense of self-preparation.

represent their clients before the IRS.

Denote the k& x 1 vector of coefficients estimated by equation (1.6) as # and the k x k estimated
covariance matrix in equations (1.8) and (1.9) as C'OV. Hausman and McFadden (1984) show that
the statistic

(Fpaia’ = APaid) (COVpaia = COVpaia) ™ (Fpaia’ — FPaia)

is asymptotically distributed chi-square with % degrees of freedom under the null hypothesis that
the IIA property is valid for the larger choice set. We estimated equation (1.6) for the choice sets
Paid and Paid’; Non-Paid and Non-Paid’; and Practitioner and Practitioner’ and constructed the
test statistic with 11 degrees of freedom for each pair of choice sets. The values of the test statistic
were 38, 26, and 15 respectively, indicating that the choice sets Non-Paid’ and Paid’ violated the ITA
property while the Practitioner’ set did not. As a result, we excluded the Self-prepared alternative
from the Non-Paid choice set and included the Public Accountant alternative with the Practitioner
choice set, as shown in figure 1.

These elasticities are based on sequential estimation of the nested logit model, which includes
the estimation of the dissimilarity parameters as discussed in Section 2. These parameters are (.28,
0.85, and 1.4 for nonpaid preparers, paid preparers, and practitioners, respectively. The last of these
is not significantly different from 1. The calculation of the elasticities is complicated by the fact that
each explanatory variable has a distinct affect on all alternatives at each level of the nested logit
tree. The mean values of all variables and a discussion of their units is available on request.
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As predicted, an increase in the percent of the adult population with a high school
education increases sclf-preparation. However, it does not decrcase the demand for
all forms of third party assistance. In particular, other nonpaid preparers show a
statistically significant fall in demand, and the demand for national tax services ac-
tually shows a significant increase. An incerease in the percent of the adult population
over age 65 increases the demand for practitioners and decreases the demand for paid

preparers.

Some of our strongest results are obtained with respect to tax return variables.
[ncreases in wages, interest, and dividends significantly decrease the demand for all
forms of third party assistance except IRS assistance, and very significantly increase
sclf-preparation. Increases in schedule C gross receipts and partnership income, as
expected, increase the demand for practitioners and have no significant cffect on any
other particular mode of preparation including self-preparation. Finally, an increasce
in other income, perhaps surprisingly, has no statistically significant cffect on any

form of third party assistance or self-preparations.

With respect to deductions, an increase in state, local, or real estate taxes sig-
nificantly increases the demand for practitioners. However, it actually decreases the
demand for local and national tax services, an cffeet which we did not expect. Among
all the explanatory variables, the number of exemptions has the strongest effects; in-
creases 1n it significantly decrease self-preparation and incrcase the demand for all

forms of paid third party assistance. It also significantly decreases the demand for
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nonpaid preparers. Finally, the number of forms also has a pattern of effects consis-
tent with our expectations; increases in the number of forms increase the demand for
practitioners, decrease self-preparation, and have little effect on the demand for other

modes of third party assistance.

These results generally confirm the results obtained by other investigators. How-
ever, in many cases we find significant differences between the effect of explanatory
variables on paid-preparers as compared to practitioners. In particular, many of the
results obtained in previous studics which differentiate only between self-preparation
and all forms of third party assistance scem to be driven by the demand for prac-
titioners. We also have obtained new results regarding the effect of audit rates and
the freguency of penaltics on the demand for third party assistance. These results
will be particularly important when we turn to the effects of third party assistance
on noncompliance. Nevertheless, some of our results must be viewed as preliminary.
In particular, while our results with respect to the percent of the adult population
over 65 and the number of exemptions conform to our expectations, better data and
further investigations are needed fully to understand the relationship hetween these

variables and the demand for third party assistance.

Even at this carly stage, we can, however, speculate on the change in noncom-
pliance induced by a shift in return preparation. For example, consider a change in
information reporting which has the effect of increasing the amount of simple income

relative to other forms of income. In this case, we would predict an increase in self
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Table 1.2: Response Elasticities by Mode of Preparation

Nonpaid Preparers Paid Preparers
Mode IRS ONP LTS op NTS
CONSTANT BT 4.609 -1.664 -.701 -1.614
(.715) (8.591) (-2.189) (-.890) (-2.066)
RATE -.586 247 291 -.171 -.734
(-1.942) (1.239)  (.849)  (-.493) (-2.011)
PENALTY -.176 .033 -.016 126 047
(-.785) (.277)  (-.274) (1.723)  (.667)
EDUCATE -.852 -3.085 461 -.080 1.088
(-1.458) (-8.519) (1.145) (-.185)  (2.570)
AGEGS .099 -.530 -.192 -.575 -.250
(.356) (-2.967) (-1.402) (-3.293) (-1.601)
TAXDED 100 .052 -.161 087 -.180
(.516) ((534)  (-2.543) (1.294) (-2.547)
OTHDED -.338 -.039 134 -.038 -. 140
(-1.511) (-.332)  (1.732) (-.445) (-1.655)
EXEMPT -.973 -1.534 1.100 1.264 1.372
(-2.239) (-6.371) (6.299) (6.426) (6.986)
SIMPLE -.107 -.392 -.249 -.330 -.204
(-.539) (-3.320) (-4.042) (-4.458) (-4.045)
BUSINESS .856 -.694 017 021 031
(1.235) (-1.625)  (.359) (.406) (.571)
OTHINC 235 -.269 -.101 -.112 -.074
(.462) (-1.041) (-1.450) (-1.347) (-.822)
FORMS 077 208 492 266 152
(.124) (.637)  (2.895) (1.388)  (.780)

Note: t-statistics in parcnthesis.
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Table 1.3: Response Elasticitics by Mode of Preparation, cont’d.

Pracfitioners Self-prepared
Mode PA ATT CPA Self
CONSTANT -3.774 -5.568 -3.849 715
(-6.232) (-8.485) (-6.621) (4.808)
RATE .266 203 A87 -.050
(.292) (.947)  (2.407) (-.417)
PENALTY 400 281 529 -.190
4.728) (2.887) (6.529) (-5.791)
EDUCATE -.252 558 -.485 323
(-.645) (1.265) (-1.308) (1.934)
AGEGS 623 787 232 106
(2.641) (3.022) (1.026) (1.605)
TAXDED 139 155 098 -.001
(3.609) (3.889) (2.755) (-.062)
OTHDED 041 .265 466 -.084
(.356) (2.227)  (4.058) (-2.495)
EXEMPT 1.368 1.179 936 -.931
(7.415) (5.432)  (5.487) (-12.537)
SIMPLE -.242 -.348 - 157 348
(-3.444) (-4.583) (-2.420) (12.026)
BUSINESS .099 .085 114 009
(2.100) (1.725)  (2.439) (.207)
OTHINC -.058 -.060 -.062 118
(-1.043) (-.987) (-1.176) (2.480)
FORMS 692 1.440 1.199 -.673
(4.472) (8.550)  (8.246) (-7.423)

Note: t-statistics in parenthesis.
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preparation. If the level of noncompliance attributable to sclf prepared returns docs
not change, then a net reduction in noncompliance would result. However, since the
choice of a type of tax return preparation may itself be conditioned on the level of
tax cvasion, consistent determination of the levels of noncompliance attributable to

specific preparer types must take account of the potential for self-selection bias.
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1.5 Appendix

1.5.1 Minimum Chi Square Estimation

This scction concerns the estimation of the multinomial nested logit with aggregate
data when all variables arc interacted with alternative specific constants. We first
derive this model and show the covariance restrictions implied by its construction. We
then compare estimation of the aggregate data univariate nested logit using minimum
chi square, maximum likelihood methods, and GLS methods.'6

Let i = 1,...,1 index the preparation category, and let j = 1,2,...,.J; index the
mode, conditional upon using category i, to choose from a set of J; specific assistance
modes. We assume that the taxpayer d(\l'ivcs utility U;; from alternative 75 where

and where V5 is a function of non-stochastic observed attributes, and €; is a random
component of unobserved attributes. The probability that the individual chooses

alternative 4y is

Py = PlUy;> Uy, Vkl#1j]
= PVij+ey > Vg tew, VEl#ij]

= P[E]f] — €5 S 1’;1 - ‘/}\3], Y ki 7£ /}] (113)

1610 the next section I show that minimum chi square and maximum likelihood estimators are
asymptotically equivalent.
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The strict utility component is assumed to be of the form

Vig = 9LX + oY (1.14)

where X and Y are vectors of mean values of obscrved attributes varying with cach
of the 12 audit classes in the 58 IRS districts. They also include alternative specific
constants.'”

We also assume that e has a gencralized extreme value distribution with cumm-

lative distribution function

T Ji %
F(e0) =cap | — Z o6 /0
i=1 \j=1
where € = (g;). Under these assnmptions, McFadden (1978) demonstrates that

Py; can be written as the product of the conditional probability Pj; and marginal

probability P; where cach probability is in the multinomial logit form:

8 X
P e (1.15)
ik J;  BAL.X L9,
Sl
oLV BT /
P = s (1.16)

S AR S

1"Specification of the strict utility without interactions with alternative specific constants would
lead to the universal logit model (McFadden (1975)) which is not consistent with the GEV speci-
fication and does not satisfy stochastic utility maximazation. However, it also is not restricted by
the ITA assumption.
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where I; denotes the expected maximum utility (or inclusive value) taxpayers derive

1

from alternatives in the i category,

J; O ‘ »
I; = 10gz (ﬂaﬂi‘}‘, (1.17)
j=1

and 6, is a measurce of the dissimilarity of alternatives in the ¢ category.'® We

estimate a version of this model in which the §'s arc unigue to specific ¢'s.

To extend the sequential multinomial logit model to the aggregate multinomial
logit model, we first introduce the superseripts k to denote an IRS audit class, and 7
to denote an IRS district. Let A% denote the number of cases in the &7 IRS audit
class in the #PIRS district. The frequency of the 7% casce in andit class & in district
t is then

1 Nk
kt

kbt okt
Fi,j = Arpt hhy
h=t1

(1.18)

where (Sf;zj is an indicator equal to onc if the A™ person in audit class k in district

t chooses alternative 47, Assming constant probability for alternative 4j i audif

"8 MecFadden (1978) proves that if the random component of the utility function is specified with
the GEV distribution, and if # is between () and 1, the resultant nested logit is consistent with random
utility maximization. If # = 1, then the choice of an alternative is unaffected by the presence or
absence of other alternatives, i.e., all alternatives are independent of each other. In this restrictive
case, the joint probability P;; is of the multinomial logit form. A value of # in the interval (0, 1)
constitutes rejection of this independence, and the joint probability F;; is of the nested multinomial
logit form. In this case, alternatives are independent only within a category. If § = O, the nested
logit model assesses the choices among alternatives in category 7 as if there were a single maximal
alternative.
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class/district kt, it follows that for large enongh N*

E(6y;) = P

. 1 \ B

E(FY) = w2 Py =Py (1.19)
* h=1

We estimate the log odds of alternative i) relative to alternative il in cach IRS andit

- - q
class /district as'?

F“]
log [ 1LY R BLXE R (1.20)
LA ’ d |
for + = 1,2,..,1 and 5 = 2.3,...,.J;
F/mf Pkt
where /1‘5{7‘, = log Fl — log PJA|; (1.21)
1)i 1)

and for the sccond stage we estimate the log odds of category 7 relative to category 1

s

FF . - v , .
log [—F—“-} = oYM QI — I (1.22)
1
for + = 1,2,...,1
] F/n‘ PAf ‘
where g = log [ﬁJ — log [F;ﬁ} ) (1.23)

\7lf
YWhere 27 = \“Zh |t
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Rewrite cquation (21) as

pi = log it — log Fi; — log Plit +log P!

= logF |l—1()gP|, (l()gF]]l l()e;P”,)

27

Now do first order Taylor’s serics approximations of Fy; around Pj; and of Fyj; around

1
log Flii = log Pjii + (Fjii — PA|’)<P|)+<)(FI, Pji)

kit

1
1()gF']|, & l()gPH]—!—(FAl, PW) (—f)ﬂ) +()(‘F1|,—P|)
1i

substituting the above expansions into (21) yields

. o Fi =P (R = P
ey = Fi R
}DJ|1 Pllz

Thercfore,
E (//jm =0
and

Vi) = VIFG) | V) 2”’”(F|r i)
(Pkf) (Plll) P“PIAI?;

ili Jli

(1.24)

(1.25)
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Pl — Pl PR - P 2PkPH

jlit jli- gl
(PRPNE T (PRRNR T PRI
kt kot
R R N
- P[Lf P]Lf Nkt
Jli 1]7
= ‘(’1 + 1) forj #1 (1.26)
—  NR\ DRt Dt Jor S v
‘lei P1|i

cov ( ,u,fﬁ, /I;T;) = FE( /l% /I;T;) forj #1 45.01#1
EKW%ﬂm(m_mvCW_m)uﬁd%y

kit kt kt kt

P! Pl Pf! Pl ]|

_coo (FiLFR) _cov (FiF W) cou(F, iF W) V(R i)

- kt Dkt kt Dkt - kt Dkt " pkt\2

P By Phi P P B (P)?

kt ket
S T I T 1 o T (1.27)
AR Nk Nk ( Pﬁf:)QNM N PlAf; o
The same caleulations show that

E(ufy = 0 (1.28)
o 1 1 1 o .
V (/Iff) = W (_PF -+ W) for Y] 75 1 (129)
(:()V(/,I,é't;/,l,é"t) = W for y # 1. (1.30)

Note the resulting structure of the system covariance matrix illustrated in figure
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Table 1.4: Minimum Chi Square Covariance Matrix

| 1
prt T P“)

ile 1

[
O NKT (

[
Nkt

i 1
pKT + pKT )

i 1]

Where 9 =2.3,...,L ..., Jand i =1,2, ...,

: 7

I. For cach cquation in the system,

the variance 1s a diagonal matrix whose clements arce given by equation (26). The off

diagonal clements of the variance matrices are zero by the assumed independence of
the observations. The system covariance terms are the off-diagonal matrices and arce
given by equation (27). The off-diagonal ferms for the covariance matrices are zero
20

as a result of the assumed independence of alternatives. This convenient structure

results from the assumption of independence between observations and alternatives.
This system covariance structure allows for minimum chi square estimation of the
multinomial logit, correcting simultancously for two sources of heteroskedasticity.
From (19), since PJ]‘]: changes with cach alternative, the variance is heteroskedastic.

Further, the term % in the denominator is not constant, but varies with the size of

the IRS district and the andit class adding an additional source of heteroskedasticity.

20T his feature of the the covariance matricesis due to the ITA property of the MNL. The covariance
terms result from the construction of the reduced form equations and represent the correlation of
the alternatives with the comparison group.

0
1 1 O 1 I ) 0
NF 5] ke = T B
NE (P'I]f) N (PJ]I F1|I
1 1
0 '}’T ( Il'T) 0 *1\’7“ ( =T+ I'T)
- NE Pir N P Py i
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Additionally, correlation with the comparison group is controlled by the covariance

terms.

The system covariance matrix may casily be caleulated in the following manner.
Let 7 be a veetor of ones whose length equals J — 1. For a binary logit this is 1, for a
frinary logit it is 2, ete... Denote the identity matrix whose rank equals J —1 as 1. Let
the comparison group be denoted by the subseript 1, and the remaining alternatives
as j = 2.3,...,.J. Let N denote a veetor whose length is KT and whose clements are
the number of cases in cach aggregation. Here, an aggregation is an IRS district /andit
class pair. The number of casces is the number of returns in that district and andit class
pair. Let P be a veetor of length KT of the probability of choosing the comparison
group, and finally, create a vector P; of length KT of probabilitics of choosing the
4™ alternative. This last vector is to be “stacked” so that for each alternative to be
compared, the vector has the choice probabilitics arranged 1,2, ... KT, for J -1

7 3

alternatives; ¢.g., For the binary logit Tfl,— is a length KT vector; for the trinary logit

P f\'.T

11
Py

SKT
L F:;|i
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is of length 2K7T'. Then the system covariance matrix is

, 1 . 1 . 1 ‘ , .
Vi(p) = (T ® 1) (‘diag—ﬁ ® i)+ diag(};for j=2.3,..0) =X, (1.31)

The Aitken’s estimator for this model is

f = (X(x7)X) (XY (1.32)
where
x, X
Xz — X
X =
X;—X,
log (%)
log (%)
Y =
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1.5.2 Asymptotic Equivalence of Minimum Chi Square and

Maximum Likelihood Estimators

To show the asymptotic cquivalence between minimum chi squarc estimators and

maximum likelithood estimators for models with multinomial distributions let

N = fotal number of responses
a; = number of responses in the i cell

P; = probability of response in i cell i =1, ... K

We specily the cell probabilitics as a function of the set of parameters 3= (5,3, ....0,)

25

where s < K, and choose values of these parameters to minimize Pearson’s chi square

o (2, — NPy(8))? ‘
= NP (1.33)

Differentiating with respect to 3 yields

() - ] TP,Q( 3) 0f

2

Ox? 25— NB(3) (2 — NP{(3)*] 0P(5)
9 _ o s\
[ LTNEG) 2T A

— _ SN
B 2NP(3) 23

19y 3 x; = NP(3) (i — NPJ(3)?] 0P;(5)
200

i
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Now for large N, the sccond term within the brackets becomes negligible, and the

above expression reduces to

1 0_\3 _ Z xi — NP{(3)| 0P(5)

200 & Pi(3) a3
S x; OP)(7) 3 NP;(3)0Pi(3)
=P(B) a8 - P,(f) (Je)

Obscrve that since N is constant, and 37, P; = 1, the sccond term on the right sums

to 0 and the expression reduces further to

x; OP{(1) .
———— =0 1.34
Zi: P][(’[;) d,j) ( )
A solution to these @ equations approximately minimizes the chi square.

For maximum likelihood estimation, the log of the mmltinomial p.d.f. is

log f(r;) = log {— H;,;i(/g)'riJ

Differentiating with respect to 3 yields

dlog f(x;) a; OP(7)

=0 (1.35)

Solving these i equations yields maximum lkelihood estimates for P;, which arc
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asymptotically cquivalent to the minimmm chi square estimates.

1.5.3 Future Research

This chapter and its companion that follows extend the use of multinomial logit
models for individual level response data to situations where the observations are
aggregations of responses. This chapter extends the nested multinomial logit model

of McFadden (1978) to the case where the observations are replicates. The following

chapter extends the discrete-contimous framework of Dubin and MceFadden (1984) to
the case where the observations are replicates. Common to both examples is the use of
a sequential estimation strategy. The following is a brief discussion of some remaining
1ssues in extending these models to situations where aggregate level responses are used
with a sequential estimation procedurc.

Sequential estimation procedures are often used when the computational burden
of the likelihood function of a fully specified model can be reduced to a serics of
casily estimated steps. The nested mulitnomial logit model with aggregate data
specified by cquations (15) to (17) and (25) to (30) casily lends itself to sequential
estimation using minimum chi square estimation. Equations (15) to (17) along with
(25) to (30) constitue the extension of the minimum chi square estimation procedure
of Berkson (1955) and Theil (1971) to the nested mulitnomial logit with aggregate
data. A full information procedure to estimate the nested multinomial logit would

entail simultancous, non-lincar estimation of the lower stage (cquation (15)) and
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upper stage (equation (16)) probabilitics as well as the inclusive values (equation

(17)). The approach adopted in this rescarch was to estimate cach stage separately
and include an estimate of the inclusive value in estimation of the top stage. Amemiya,
(1978) has shown that this two-step procedure results in incorrect standard errors for
the top stage estimates because sequential estimation treats the inclusive values as
non-stochastic regressors, when in fact they are only estimates (althonugh consistent)
of the inclusive value. He developes a procedure by which correct standard crrors
for sequential estimation procedures can be obtained. This procedure relics on a
modification to the top stage estimation (equation (16)) by nsing the hessian of the
first stage estimates (equation (15)). Brownstone and Small (1989) proposc a siwilar

procedure. To date, these correction procedures have not been applied to sequential

estimation with aggregate data.

To extend their work to the aggregate data nested multinomial logit the proof
from the previous section that the minimum chi square estimator is asymptotically
equivalent to the maximum likelihood estimator must be extended to the case with
replicated observations for the nested logit likelihood function . When this is done,
1t should be possible to extend the gradient methods developed by Amemiya (1978)

and Brownstone and Small (1989) to the case of the nested multinomial logit with

replicated observations.

In the next chapter, an aggregate data version of the diserete-continnons systemn

derived by Dubin and McFadden (1984) is estimated. A sequential estimation pro-
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cedure is used in which first an aggregate data nested multinomial logit model is
estimated and sccond, an aggregate data continuous variable regression model is es-
tinated incorporating a correction for selection bias. This procedure uses estimated
choice probabilitics from the nested logit in the construction of selection bias cor-
rection terms for consistent estimation of the continuous variable (in this case, the
amount of tax evasion found on tax returns). Unfortunately, as Dubin (1985) has
shown, even for the case of individual level data the formulac for correcting the stan-
dard errors from this two stage procedure are quite involved. These procedures would
need to be extended first to nested logit models with replicated data, and second to

continuons variable regression models with replicated data.
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Chapter 2

Tax Return Preparers and Tax

Evasion

2.1 Introduction

The IRS estimates that for tax year 1992, 66 billion dollars of tax evasion will oceur

on individual income tax returns prepared by third party preparers (IRS 1990). The

largest amount of this tax cvasion will be associated with a relatively small percentage

of all returns that arc prepared by CPA’s, attorneys, and Public Accountants, many

of whom arce tax practitioners.! Two other types of third party return preparation

TCertified Public Accountants (CPA’s), attorneys, and Public Accountants who are in good stand-
ing within their professional organizations, and who meet certain continuing education requirements
established by the IRS’s Director of Practice are granted tax practitioner status. Tax practitioners
not only prepare tax returns for a fee, they also may represent the taxpayer in matters before the
IRS, including an audit, and provide expert opinions on positions maintained on a tax return that
effectively shield the taxpayer from large penalties. Public Accountants are licensed at the state
level with requirements varying by state. Only four states, North Carolina, Virginia, Kansas, and
Wyoming do not regulate Public Accountants. Tax Practitioner behavior is governed by the Trea-
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assistance account for the remainder of the 66 billion dollars of tax evasion. They are
the non-paid preparers, comprised mostly of volunteers trained by the IRS to prepare
tax returns, or a family member of the taxpayer,? and paid preparers who are not tax
practitioners.?

In this paper L analyze the role that third party preparers of individual tax returns
have on tax evasion. In particular, this rescarch sheds light on how much of the tax
evasion on returns can be attributable to the type of return preparation used. 1
estimate a four alternative simultancous switching regression model and allow the
amount of tax evasion found in cach alternative to be endogenous with the choice of
return preparation. The four types of return preparation used are non-paid assistance
(Non-Paid), paid assistance who are not tax practitioners (Paid), tax practitioners
(Practitioners), and self-prepared returns (Self). The number, relative frequency, and
proportion of tax cvasion attributable to these modes for tax year 1979 1s summarized
in table 1. I show that cven after controlling for taxpayer characteristics, the mode

of return preparation used affects tax compliance. An important finding is that the

use of a tax practitioner lowers the amount of tax cvasion while the use of Non-

sury Department’s Circular No. 230, which describes both grounds for, and penalties applicable for
violations of, acceptable conduct by tax practitioners. Table 1 shows that almost 17 percent of the
returns filed in 1979 used a tax practitioner.

2N on-paid assistance includes returns that were prepared, advised, or reviewed by the IRS; returns
prepared by unpaid volunteers under the VITA (Volunteer Income Tax Assitance) program sponsered
by the IRS; or more generally by a family member. Preparers in this category face no legal burdens
associated with providing tax return preparation assistance.

#Paid preparers include national tax services such as H & R Block, and local tax services that are
not tax practitioners. These firms set their own standards of conduct, unlike CPA’s, attorneys, and
Public Accountants, and provide their own training. Moreover, paid preparers are not empowered
to represent the taxpayer before the IRS in the case of an audit, and have no authority to provide
an expert opinion to justify a position maintained by the taxpayer. Table 1 shows that nearly 29
percent of the returns filed in 1979 used a paid preparer.
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Paid assistance or Paid assistance has no effect on tax cvasion. Another important
conclusion from this rescarch is that complexity of the tax return per se does not
increase the amount of non-compliance with the tax code if Practitioners prepare
the return. In fact, increased complexity may increase compliance with the tax code
if there is a concomitant increase in the use of Practitioners. 1 offer some possible

explanations for this result in the Conclusion.

Table 2.1: Returns and Proportion of Non-Compliance by Mode of Preparation

Returns Proportion of
Mode of Preparation Number Frequency Noncompliance
SELF 39959000 442 .228
NON-PAID 9583006 106 037
PAID PREPARERS 25766600 .285 .308
PRACTITIONERS 15097850 167 427
TOTAL 90406000 1.000 1.000

This paper is organized as follows. Section two sumimarizes the literature relevant
to tax return perparation and tax evasion. Scction three presents a model of the
demand for tax cvasion conditional upon the four modes of tax return preparation
and describes the models estimated and the data used. Seetion four presents results

of the estimation and contains conclusions.
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2.2 Literature Review

The diversity of services provided, skill levels, and business intentions of third party
tax return preparers has made it difficult for cconomists to develop a unified theory
of tax return preparer behavior. Although no single result applies to all of the modes
of third party return preparation, there are situations when the use of a tax preparer
results in less taxes paid.! For example, Scotchmer (1989a) found that third party
preparers reduce uncertainty about taxable income, which reduces reported tax li-
ability. A similar result was found by Reinganum and Wilde (1989) who focus on
the efficiency of third party preparers in lowering the cost of gathering information
and preparing the tax return. Subsequent work by Scotchmer (1989h), Gracts, Rein-
ganum and Wilde (1989), and Klepper, Mazur and Nagin (1991) focused on the effect
of tax practitioners per se on non-compliance. Scotchmer (1989h) showed that lax
cenforcement of professional standards for tax practitioners could result in lower tax
compliance. Gractz, Reinganum and Wilde (1989) and Klepper, Mazur and Nagin
(1991) emphasized the unique abilitics of tax practitioners to issue expert opinions
and to exploit the vagueness of particular sections of the tax code in reducing the

reported tax liability. Both underscore the ability of tax practitioners to influence

*Tax evasion is defined as the difference between a taxpayer’s reported liability and the true tax
liability. In certain situations, determining the true tax liability is difficult. This complicates the
analysis of tax evasion because in these situations, taxpayers, tax return preparers, and the IRS
disagree on what the correct tax should be. Resolving these differences often requires a compromise
on the part of the parties involved. In order to progress towards an understanding of the myraid
of factors that may effect the reported tax liability of a tax return, many theorists have abstracted
this problem away. In this research, I assume that the IRS determined tax liability is the correct
Liability.
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the determination of tax liability. These analyses suggest that Practitioners, and to
a lesser extent Paid preparers, should lower the amount of non-compliance found on

tax returns.

Nitzan and Tzur (1989) and Meclamud, Wolfson, and Ziv (1991) modelled the
relationship between the IRS and tax practitioners. In particular, they focused on
the ability of the IRS to grant monopoly profits to tax practitoners by controlling
the number of tax practitioners in exchange for an attestation function by the tax
practitioners when preparing tax returns. In this capacity, tax practitioners, through
training, professional codes of conduct, and through special penalties applicable to tax

practitioners verify amounts reported on tax returns which improves tax compliance.

The theoretical literature illustrates the diversity of perspectives from which to
analyze the role of third party tax preparers in general, and tax practitioners in
particular on tax compliance. One hypothesis tested in this paper is that as the
complexity of the tax return incrcases, non-compliance falls on Paid preparer and
Practitioner prepared returns. A second hypothesis is that the probability of receiving
a penalty will be lowered as a result of using a tax practitioner. One conscquence
of this “insurance” is a reduction in penaltics concomittant an increase in taxes as
a result of an IRS audit. This wounld occur because tax practitioners can provide
expert opinions, which insulate the taxpayer from the imposition of large penaltics.

A third hypothesis is that tax practitioncers lower tax non-compliance by fulfilling an

attestation function for the IRS.
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The cmpirical literature is more consistent in its findings on the demand for tax
return preparation services or the effect of tax return preparers on compliance. In a
serics of papers, Slemrod and Sorum (1984), Slemrod (1989), Collins, Milliron and
Toy (1987), Hite (1987), and Dubin, Gractz, Udell and Wilde (1992) found in gen-
cral that greater amounts of income, capital gains, probability of self-cmployment,
sole-proprictor income, itemized deductions, return complexity, age of taxpayer, and
marginal tax, penalty, and andit rates all increased the use of paid third party pre-
parers, while greater educational levels attained and/or greater knowledge of the tax
code reduced the use of paid third party preparers. With the exception of Dubin,
Gractz, Udell and Wilde (1992) these rescarches combined (or could not separate)
Practitioners from Paid preparers. They show that in addition to the preceeding

results, greater amounts of wage, interest, and dividend income reduce the demand

for Practitioncrs.

Long and Caudill (1987) modeclled both the demand for tax return assistance and
reported tax liability. Their findings for the demand for paid assistance are similar
to those above, while they find that in general the reported tax lability from returns
prepared by paid preparers is less than unassisted modes of return preparation. Erard
(1993) modelled the demand for tax returm preparation and for tax evasion among sclf
prepared, paid preparers who were not practitioners, and practitioners. He found that

the demand for tax practitioners and paid preparers who were not tax practitioners

Increases with capital gains, small business or farm activity, rents and royaltics, the
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number of tax forms attendant the return, being over 65 years of age, previous audit
history, the marginal tax rate, and the IRS audit rate. Unlike tax practitioners, he
found that the demand for paid preparers decreased with the marginal tax rate. One

striking result of this is that the use of tax practitioners lowers tax compliance.

The empirical literature shows that, in general, greater amounts of income, and
more complex returns, incrcase the demand for third party return preparation. The
cffeet of this increased demand for paid third party assistance on the amount of tax
evaded depends upon which type of return preparation assistance is demanded. If
increases in income and complexity incercase the demand for tax practitioners, then
this may result in less tax evasion because of their tax expertise, ability to exploit
ambiguity in the tax code, and attestation function.  Alternatively, if third party
return preparation assistance is largely a matter of convenience, then there may be
little if any cffeet on tax evasion from their use. In the model presented below, T test

these competing hypotheses.

2.3 Model

2.3.1 Specification

With the exceptions of Long and Caudill (1987) and Erard (1993), the cmpirical

K

literature on tax cvasion has not controlled for the endogeneity of third party tax
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return preparers on tax evasion.® These analyses control for the endogencity of the
mode of preparer, but because of statistical procedures, restrict the choice set for mode
of return preparation. [ extend the research on the demand for tax return preparation
services presented in Dubin, Gractz, Udell, and Wilde (1992) and use andited tax
return information to model the effect of self prepared (SELF), non-paid prepared
(NON-PAID), paid prepared who are not practitioners (PAID), and practitioners

(PRACTITIONERS) on tax cvasion with a simultancous switching regression model.

Dubin, Gractz, Udell, and Wilde (1992) specify the taxpayer’s choice of mode of
return preparation with a random utility model. Briefly, let @ = 1, ..., denote the
mode of return preparation. Let the taxpayer’s ntility U from the i mode of return
preparation be given by

Z/’v,,; = VL + ¢ (21)

where the striet utility component Vi is a function of non-stochastic obscrved at-

tributes, and ¢ is a random component of unobserved attributes. For the taxpayer

SLong and Caudill (1987) use unaudited 1983 tax return information to model the difference
between professional tax return preparation (combining tax practitioners and non-practitioner paid
modes) and non-paid modes of tax return preparation (combining self and non-paid assisted modes)
on reported tax Hability. Erard (1993) uses audited 1979 tax return information with a trinary
distinction between non-paid prepared (combining self and non-paid assisted modes), paid-prepared
that was not a practitioner, and practitioner-prepared returns to model their effect on tax evasion.
As Dubin, Graetz, Udell and Wilde (1992) show, restricting the choice of mode of return preparation
to two or three alternatives can produce misleading inferences about the motives for the demand for
tax return preparation assistance. We build on their research and analyze the effect of a larger choice
set on the demand for tax evasion. While Long and Caudill (1987) and Erard (1993) use micro data
and this research uses aggregate data, we believe that the costs associated with the aggregation of
alternatives is greater than the costs associated with the aggregation of the data. In the following
section, we describe the method of data aggregation used.
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we observe the choice of the it mode of return preparation when

6 = 1iff Up> Uy Vi m#

= 0 otherwisc. (2.2)

Denote the probability of choosing the i mode of return preparation be

P, = PlU;>U, ¥V, m# i
= PlVi+e>Vu+em Yo m#i

= Pley—6; <Vi=V, Vo m#i. (2.3)

Assuming that the random component of utility € is distributed with the independent

extreme value distribution and that non-random component of utility is of the form

where X; 1s a column vector of exogenous characteristics of a taxpayer that sclected
the i mode of return preparation and I'; is a row vecetor of unknown coctlicients,
McFadden (1978) demonstrates that the probability P is of the mulfinomial logit

form:
(3 2 1
P ==

—— 24
Z'i:] (‘{riAi ( )

The equation for the amount of tax evasion, Y, on a return prepared by the ith
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mode of return preparation is

YVi=w+3:Xi+n ité =1 (2.5)

where Y; is a scalar dependent variable, «; is a preparer specific parameter, 3; is a row
vector of parameters, X; is a column vector of exogenous characteristics of taxpayers
and their returns associated with the i mode of return preparation, and 7 is a scalar

. ) 5
random component with mean 0 and constant variance o~.

In the presence of correlation between 1 and 6;, ordinary least squares estimation
of equation (5) yiclds inconsistent estimates of «; and F;. Such correlation might
arisc because an nunobservable feature of the taxpayer that increases the probability
of sclecting a tax practitioner, such as a propensity to aggresively minimize reported
tax lability, may be corrclated with the amonnt of unreported tax discovered by the
IRS upon audit. In situations where this corrclation may arise, Dubin and McFad-
den (1984) and Dubin (1985) have derived several estimators that allow consistent

estimates of «; and J;.

To proceed, define v = 5 — E(n | & = 1). Then E(v | §; = 1) = 0. Dubin
and McFadden (1984) further assume that the conditional distribution of 7 given
€1 ... €7 has mean <%) S, piei and variance o%(1 — Y1, p?) where ©L, p; = 0 and

I 9 : . "
S p? < 1. Then p; is the correlation of 7 and € where ¢ has unconditional mean

.o, - . 2 . .y
0 and unconditional variance 4-, and 7 has unconditional mean 0 and unconditional



2.3. MODEL 49

variance o2, Under these assumptions, Dubin and McFadden (1984) show that

T [ —V6aip, log P,
E(r (sl =1) = a4 2 - P, — Oim
(la=1) = 3 (TR ) | | P =
T 92
—V60o? Im Pm lo Pm. . \
Y A ka S7m 4 og P, (2.6)
m#i Q 1 - Pm, '
where 6;, = 1 when ¢ = m oand 0 otherwise, o? is the unconditional variance of

n and where p,, is the correlation of the m™ mode of return preparation with 7).
Equation (7) specifics a correction for sclection bias when the choice model is of the

multinomial logit form and the continuous variable outcome associated with that

choice is a regression model. For the [ alternative model, cquation (7) specifies

I — 1 sclection bias correction terms. Each of these terms can be decomposed into a

correction variable

. . P, log P, .
C(Pp, P) = T_T+l()gP,; (2.7)

and a correction 1)?LI'?LILl(¥t(‘I’

—V652%p, .
S LY (2.

n

Including these terms in respecifying equation (5) with a correction for selection bias,
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yields for cach mode of return preparation

T
Y=+ 38X+ D 9 C(Pu, P) +v if 6 =1 (2.9)
mi

Dubin (1985) shows that when the true value of P, in cquation (7) is not known,

a, consistent estimate of P, may be substituted for P,,.9

Finally, I impose no cross equation restrictions on the cocfficients, ;. This later
assumption scems reasonable because there is no a priori reason to belicve that ex-
ogenous variables such as total income, age, and family size should have the same
offeet on tax evasion given the mode of return preparation. Different values of the
coefficients would indicate that these variables affect the amount of tax evasion fo dif-
ferent degrees depending upon what mode of return preparation is nsed. This reflects
the different levels of expertise and familiarity with the tax code and IRS procedures
that the preparer types represent.

Equations (2), (3) and (5) can be interpreted as a switching regression model
with I switches corresponding to the I modes of tax return preparation and the

offect of that demand on tax evasion. Egquation (6) specifies the distribution of the

lrd

errors associated with cquations (3) and (5) and equation (7) specifics a correction

6 Alternatively, consistent estimates of ; and 3; can be made with instrumental variables esti-
mation using a consistent estimate of §;. One such instrument would be P; (or a consistent estimate
of P;), the probability of choosing the i" mode of return preparation as specified by equation (4).
I attempted instrumental variables estimation, using the predicted probabilities of mode demand as
instruments for the mode specific dummy variables in equation (5). However, instrumental variables
estimates were very sensitive to the limited mimber of degrees of freedom of this model, and did not
yield stable estimates.
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for sclection bias. The unknown parameters, «;, 3, and Z,,’n#,i ~; arc estimated for
cach of the I equations on the subset of obscervations that sclected the i mode of

return preparation.

2.3.2 Aggregation

In a previous paper, Dubin, Gractz, Udell and Wilde (1992) estimate equation (4)
using aggregate data from the 1979 Taxpayer Compliance Measurement Program
(TCMP).” To cstimate cquation (10) with aggregate data, let k& = 1,..., K be the
number of taxpayers in an IRS district; ¢ = 1,..,1 be the number of modes of tax
return preparation available in an IRS district; and J =1, .., J be the mumber of IRS
districts. Let d;;, = 1 if the k™ taxpayer in the j™ IRS district selects the i** mode
sth

of return preparation, and zero otherwise. Define the number of taxpayers in the jf

IRS district who select the i mode of return preparation as

K
k=1

"This data set is the result of efforts by the Internal Revenue Service (IRS) to assess the size and
extent of non-compliance with the filing of individual Federal income tax returns. For public use,
the IRS prepared aggregate data extracts of the 1979 individual tax return micro-data set. For the
extracts used in this research, the aggregation takes place over all taxpayers in the 58 IRS districts,
which are geographically exclusive and exhaustive of the United States. One minor exception to this
is the exclusion of tax returns filed by U.S. citizens employed by the Federal government who are
resident overseas. Fourty-four of the districts are states. Of the remaining 14 districts, four are in
New York and there are two each in California, Texas, Pennsylvania, Illinois, and Ohio.
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The mean value of the amount of tax evasion found on tax returns prepared by the

i mode of return preparation in the j*% IRS district is

K

_ Biin o
Yi = z\—ﬂ}ﬂ (2.11)

k=1 "*"%

For the k™ taxpayer in the 7% IRS district who selects the i mode of return prepa-

ration, cquation (9) is

7
Yige = o + 8 Xije + 3 Y C (P Pigre) + vjg i 6350 = 1, (2.12)

m#i
where the probabilities Pojp, Pije in C( Pk, Pijr) are the probabilities that the k™
taxpayer sclects the m™ and i mode of return preparation within the j% IRS district
1

office. Summing across the K individuals within the i preparer class and the j t

IRS district cquation (12) becomes

K K K I K
S iaYir = oy Sin+ iy b Xig + S Am Y 65 C( Py Pijre) +
k=1 k=1 k=1 m£i k=1

K
> bipvie i e = 1. (2.13)
k=1

Equation (13) is the aggregate amounnt of evasion associated with the i preparer

class in the 5% IRS district. By combining equations (10) and (11), the aggregate
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amount of evasion in equation (13) can be rewritten as

K

Z é'»ijk}"ijk = 17\/1'3'}' ij- (2.14)

k=1
The same procedure used in cquation (14) can be used to rewrite cach variable and
the constant term as the product of the number of taxpayers in the i preparer class
in the 5% IRS district, N, and the mean value of the variable for taxpayers in the

i preparer class in the 3% IRS district so that equation (13) becomes

7
N'.,;j?.,;j = Njjo; + Ny 313&_',) + Nij Z Yrn ?U +
mti
iy iy =1 (2.15)
where
_ 1 & .
Ciy = N Z 0; it C(Projis P,,;jk) (2.16)

i k=1

is an average of the correction bias terms defined in equation (7) over the Kindividuals

in the 7% IRS district. Rewrite equation (15) replacing C';; which is the average of the

correction bias terms, by the correction bias term cvaluated at the average probability
1

of taxpayers who choose the m™ and i™ modes of return preparation respectively so

that

7
IIV,J ,VJ = 17\/',] (X; + A’IV,JL}PX',J -+ ‘N'IJ Z WmC(Pm.]/ P,J ) +
m#i
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where

K 5

_ B o
Py = > T\%Pijkf- (2.18)

k=1 *"4

and where
|' I o / ‘
'(/f",}j = "(/L’.,;j + "17\/71'3‘ z (/Yij - f\lr.ij Z C‘V(‘Pij, P,m_j> . (21())
m#i m#i

Still, this definition of the correction bias term requires knowledge of the individual
choice of return preparer probabilities which were not available for this rescarch. In-
stead, T use an estimate of P,; from Dubin, Gractz, Udell and Wilde (1992). With
their estimates of the choice of mode of return preparation, I replace the average of the
individual choice probabilitics for taxpayers sclecting the i™ mode of return prepara-
tion in the j7 IRS district, P;;, by the choice probability of an average individual in

the 47 RS district sclecting the i mode of return preparation, P...% Using probabil-
- < 3 ¥ &

8These probabilities were estimated by a multinomial nested logit model using aggregate data
and minimum chi square techniques described in Dubin, Graetz, Udell, and Wilde (1992). They are
defined as

er77v,Tj

P, -
ey T =
Z m=1 P’rm N

where

and where
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itics of taxpayer averages rather than the average of taxpayer probabilitics introduces
two possible sources of error. The first problem is that often Py, is a biascd estimate
of Ppn;.2 A sccond potential source of error is that we do not observe directly the true
valuce of P,,;, but use an estimate in its place. This introduces an approximation error
with using Pp,j. Both sources of crror can be mitigated by estimating Pp,; over suf-
ficiently homogencous classes of taxpayers using a consistent estimator for aggregate
choice sharcs. This approach was followed by Dubin, Gractz, Udell and Wilde (1992),
who used data grouped over 696 mutually exclusive and exhaustive :ategorics that
placed taxpayers info nearly homogencous aggregation classes, and cstimated aggre-
gate choice shares using a minimum chi square estimation procedure.'® Substituting

P,,; for P,;, cquation (17) can be rewritten as

T
NuYy = Ny + 8iNyXij+ Nig O 4mC (P, Py) +
m#i

Gh A6 =1 (2.20)

ey

I

= >Ny

1=1

is the total number of taxpayers in the j** TRS district.

9The bias occurs because the logit probabilities defined by equation (4) are non-linear in X. By
application of Jensen’s inequality, it can be shown that for high probability events, the probahility
of the average response is greater than the average of the probabilities of the individual response.
The converse holds for low probability events. Allenby and Rossi (1991) show that under certain
conditions logit models fitted to aggregate data do not produce bhiased estimates. They argue that
when heterogenous consumers have the same choice set and the same information about that choice
set, the resulting aggregate choice shares of individual consumers closely resemble the aggregate
choice shares of a representative consumer and therefore, very little information is lost from using
aggregate market share data.

10See Dubin, Graetz, Udell and Wilde (1992) for details.
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where

..(,,"/ ' ;J
mi mi m#i

Equation (20) relates the total amount of evasion associated with the i"" mode of re-
turn preparation in the 57 IRS district to aggregate taxpayer characteristics for that

IRS district and preparer class. To apply least squares estimation to equation (20),
) ~ - - . - .

note that the error term, ¢, has an expected value of 0 if ¢;; = 1 since it is the sum

of K terms, cach which has conditional expectation equal to 0. Furthermore, the vari-

> i 9 - v 7 ~ C > . > X —
ance of ¢ 18 of order Nj; = A’,‘:] 0ijp. Therefore, a correction for heteroscedasticity

1
can be made to equation (20) by dividing cach member through by N.ij.”

2.3.3 Data

The 1979 TCMP file for individual returns involves line-by-line andits of approxi-
mately 50,000 randomly sclected tax returns. Our file aggregates the results of the
1979 TCMP audits by the 58 IRS district and four modes of return preparation. The
four modes of return preparation used for estimation arce self-prepared (SELF), non-
paid prepared (NON-PAID, including IRS assisted and other non-paid assistance),
paid preparers (PAID) who were not enrolled agents (mostly H & R Block or Beneti-

¢ial Finance Corporation), and practitioners (PRACTITIONERS, including enrolled

15

" The number of returns that were self prepared averaged 69,248 per IRS district office, while the
number of returns for non-paid averged 15,86(0); for paid perparers 44,521; and for practitioners was
26,241.

i i I
= 4+ [Ny > Cij— Nig Y G(—ij;?ij)} + | Nij > C(Puj, Pij) = C(Puj, Pj)

|
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agents that were Public Accountants, CPA’s, or attorneys). Both the taxpayer’s re-
ported amonunts and the adjusted amounts recommended by the TCMP andit are
recorded .’ Our dependent variable (EVASION) is the difference between the tax-
payer reported liability and the IRS examiner’s corrected lability net of overreported
liability.

To test the hypothesis that tax cvasion decreases with the complexity of the fax
sitnation, [ include the number of forms filed with the tax return (FORM).' T also
include two variables that are generally believed to be positively correlated with tax
cvasion. They are the sum of income from schedules C, D, E, F, and Form 4797
(COMPLEX) and state, local and real estate tax deductions (ASSET). The later
acts as a measure of state and local tax burdens, while the former is associated with
federal tax burdens.

I include the frequency with which penaltics were assesed in the TCMP andit
(PENALTY) to test whether the frequency of Penalty situations act as a deterrent
to tax evasion. A central focus of this rescarch is to test whether the choice of mode
return preparation affects the amonnt of tax evasion. To test for this dependence, 1
include a preparer a specific variable, C(P,,;, Fi;), defined in the previous seetion to
control for the potential correlation between the choice of mode of return preparation

and the amount of evasion.

12We use the corrected amounts of deductions and exemptions as meaningful measures of the true
amounts of these items.

13 These forms include Schedule C for Profit or Loss from a Business; schedule D for Capital Gains
and Losses; schedule E the Supplemental Income Schedule to report income from rents, royalties,
and trusts; schedule F for Farm Income and Expenses; and Form 4797 for Sales of Business Property.
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To complete our specification, I include three additional variables. They are the
s of wage, salary, interest, and dividend income (SIMPLE), the number of depen-
dents cligible to be claimed by the taxpayer (EXEMPTION), and the number of tax-
payers over 65 years of age (OVERG65). Together, SIMPLE and COMPLEX account
for nearly all of a taxpayer’s income. Their mnemonics refleet the complexity of the
rules in the tax code governing the reporting of income from these sources. EXEMP-
TION and OVERG65 capture two important demographic features. By our definition,
EXEMPTION primarily measures family size. An increase in EXEMPTION, all clse
held constant, should increase the demand for tax evasion as the additional cost of a
family member typically exceeds the value of the exemption. I include OVERGS in
our specification to test whether the mode of return assistance used by the clderly is
related to the demand for tax evasion, or to the service and information aspects of
tax return preparation. The mean values of these variables for cach mode of return

preparation are reported in table 2.1

"Xote that the aggregation scheme described in the previous section places restrictions on the
use of variables that are auxilary to the 1979 TCMP data set. In particular, under this aggregation
scheme, the andit rate data that was available for this research would have resulted in constant
audit rates across preparer classes within an IRS district. Because there would be no within district
audit rate variation, it is not included in our estimation. However, omitting the IRS audit rate from
estimation of equation (5) is not the same as omitting the IRS andit rate from the analysis since the
IRS district level audit rate is employed in the estimation of the demand for tax return preparation
services as described in Dubin, Graetz, Udell, and Wilde (1992). In their analysis, the probability
of selecting the i*" mode of return preparation was estimated using audit class specific data within
an IRS distirict.
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Table 2.2: Mcan Values of Variables by Mode of Preparation

Variable Self  Non-paid Paid  Practitioner
SIMPLE 13,900 10,151 18,900 38,100
COMPLEX 963 740 2,255 7,252
ASSET 777 358 958 2,046
EXEMPTION 183 71 341 802
OVER 65 0.072 0.112  0.151 0.217
FORM 1.210 1.175  1.510 2.210
PENALTY 0.034 0.055  0.070 0.096
EVASION 112 130 225 655
Notes: Amounts in Dollars

Frequencies in Proportion of Returns

For cach of the four modes of return preparation, I estimate cquation (20) using
weighted least squares with the following specification'®(where the subseript j has

been suppresed from all variables):

+3; ASSET; + 34, EXEMPTION; + 35; OVERG65;
+7¢i QUESTIONABLE, + 3,,FORM; + 3s; PENAL;

+ Z Y C (P, P;) + ERROR.
m#£i

5 The correction terms have been normalized.
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2.4 Results

2.4.1 The Demand for Tax Evasion

Table 3 presents ordinary least squares estimates of equation (20). An increase in
cither SIMPLE or COMPLEX income increases the amount of tax cvasion on the
Practitioner mode of return preparation while only increases in COMPLEX income
increase the amount of evasion found on Paid prepared returns. I find no significant
effect from cither income variable on evasion for Self prepared or Non-paid prepared

;

returns. Our results for state and local taxes (ASSET), family size (EXEMPTIONS)
and faxpayers over the age of 65 years (OVER 65) show no cffect on tax evasion,
with the lone exception that greater state and local tax burdens increase the amount
of evasion found on Practitioner prepared returns.

Inercases in the penalty rate (PENALTY) increase the amount of evasion detected
among Sclf prepared and Paid prepared modes of return preparation.'® Although we
find no support for a deterrent effect from penaltics, note that relative to other modes
of return preparation, Practitioners reduce the exposure to penaltics, even though the
returns that they prepare certainly entertain situations where penaltics would apply
for non-compliance. Increases in the complexity of the tax return, as measured by

the average mimber of forms and schedules (FORM) attendant the return, decreases

"“The current penalty regime, with substantially higher penalty rates, was created largely during
the penalty reforms placed into law with the 1989 Omnibus Budget Reconcilliation Act. For example,
the penalty for intentional disregard of rules with respect to the paying of income tax was 5 percent
of the underpayment of tax in 1979 (per the Internal Revenue Code of 1954 section 6653(a)) but is
currently 20 percent (per the Internal Revenue Code of 1986 section 6662(bh) as amended in 1989).
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the amount of evasion found on returns prepared by Practitoners, but not for any
other mode of return preparation. Finally, the coefficient of the sclectivity correction

paramcter, C(P,,, P;),

K

1s significant, and positive, for the Practitioner mode. From
cquation (6), this means that there is a negative correlation between the unobservable
characteristics of the choice of the Practitioner mode to prepare a tax return and
the amount of evasion detected on that return and supports the hypothesis that
Practitioners reduce non-compliance. Note that the insignificance of the selectivity
correction parameter for the Paid preparer mode supports the view that paid tax
return preparers who are not Practitioners are providing a convenicnce role more

than a tax minimizing role for their clients.
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Table 2.3: Estimates of Tax Evasion

Weighted Variable Self Non-paid Paid Practitioner

ONE -8.617 -0.427 -87.698 61.159
(-0.283) (-0.007)  (-2.361) (1.172)
SIMPLE 0.001 0.005 0.010 0.007
(0.091) (0.378) (1.150) (1.830)
COMPLEX 0.084 0.090 0.074 0.094
(1.541) (1.116) (2.693) (6.842)
ASSET 0.035 0.067 -0.035 0.076
(0.707) (0.498)  (-0.918) (3.626)
EXEMPTION -0.046 0.113 -0.038 -0.034
(-0.199) (0.280)  (-0.268) (-0.026)
OVER 65 -415.762  -141.249 -69.943 -427.087
(-1.059) (-0.311)  (-0.212) (-1.384)
FORM 77.789 63.246 -89.682 -345.340
(0.557) (0.295)  (-0.723) (-3.902)
PENAL 1855.020 513.482 1846.570 36.152
(2.908) (0.781) (4.267) (0.085)
CORRECTION -57.010 15.041 135.024
(-0.759) (0.217) (2.539)
R-squared .79
Number of
Observations 232

Note: t-statistics in parenthesis.
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To derive the clasticity concepts used in table 4 below, start with a definition of

total evasion, Y, as

I J

i=1j=1
Taking expectations yields
T .
EY) = B> NyYiyléy=1]|Py;+
=1 j=1
1 .
E SONGY | 65 =0] (1= Py) (2.22)
i=1 j=1
where
Py = Prob(é; =1).

Note that the second term in the equation (22 ) is 0 becanse when 6;; = 0 it follows

that Y;; = 0. Thercfore, expected total evasion is

I J
EY)=3 S E(N;Yy | 6y =1)P, (2.23)

=1 j=1

The first term in equation (23 ), N;Y,; is given by equation (20), and the second

term, Py, 1s given by equation (4). Py was estimated by Dubin, Gractz, Udecll, and
Wilde (1992).17

Two clasticity concepts are presented in table 4. The fitst four columns show the

"Note that in equation (4), the subscript for the j* IRS district has been suppresed.
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mode specific short run clasticitics of tax evasion. They are estimated using equation
(23) by holding constant the demand for tax return preparation services. This treats

the Py in equation (23) as constant and is given by

J ) (17\17, 3 ?z j ) T”

short Z P
€; = = o i
F=1 ()\lj ]\/L.]} ij J
Zﬂi—v—?%ﬂ;j. (2.24)

7=1 Vg boig

The fifth column presents the sum of the short run elasticitios over all modes of return
preparation. The sixth column presents the long run clasticitios of tax evasion. For
this calenlation, the demand for cach mode of tax return preparation is allowed to

adjust, and is given by

J f : -~
fong — NV ) p oy ny v, 2 X 2.25
€ Z Z 0‘\ ‘lj 7.] + 7] 7.] ) \' j\l,'].] }r].] ( - ‘))

i=1j=1

was calculated in Dubin, Gractz, Udell, and Wilde (1992).

where
a2 i

The nnconditional effect of the two income variables, SIMPLE and COMPLEX,
Is to increase the amount of tax evasion among all modes of return preparation. The
first four colnmns of table 4 decompose the overall short Tun clasticity of 0.402 for
SIMPLE income into cach return preparation mode’s weighted contribution. The
three assisted modes of return preparation have contributions to the short run total
clasticity of 0.038 for Non-paid, 0.238 for Paid, and 0.071 for Practitioner prepared

returns. Increases in COMPLEX income have the greatest effect on tax evasion, with
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Table 2.4: Short Run and Long Run Elasticitics of Tax Evasion

Long Run

Short Run Elasticities Elasticities

Mode Self  Non-paid Paid  Practitioner Total Total
Variable (1) (2) (3) (4) (5) (6)

SIMPLE 0.055 0.038 0.238 0.071 0.402 0.325
COMPLEX 0.321 0.049 0.210 0.182 0.762 0.771
ASSET 0.108 0.015 -0.042 0.042 0.123 0.135
EXEMPTION -0.033 0.006 -0.016 -0.007 -0.050 -0.057
OVER 65 -0.118 -0.011 0.013 -0.025 -0.141 -0.165
FORM 0.374 0.055 -0.171 -0.204 0.054 -0.412
PENAL 0.250 0.021 0.163 0.001 0.435 0.398

a total short run clasticity of tax evasion of 0.762. Interestingly, the largest component
of the short run effect is from self prepared returns with a short run clasticity of 0.320
followed next by paid preparer’s at 0.210 followed by Practitioner prepared returns
at 0.182. The overall effect of state and local income taxes, ASSET, on tax cvasion
1s quite small, with a conditional clasticity of 0.123 and an unconditional clasticity of
0.135. However, consistent with our expectations greater amounts of ASSET increase
evasion on Practitioner prepared returns with an clasticity, albeit small, of 0.042.
Interestingly, family size, as measured with EXEMPTION, has very little overall
cffect on tax evasion. The overall clasticity of evasion with respect to AGEG5 is also
quite small at -0.141, with the bulk of this coming from self prepared returns, with a

mode clasticity of evasion of -0.118.

Our strongest results are for the variable (FORMS). The short run total clasticity

1s 0.054. However, the small size of this cffect belies its distributional character
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becanse the short run clasticities for Practitioner and Paid prepared returns are -0.203
and -0.171 respectively. These are more than offset by the short run clasticities for the
Sclf and Non-paid modes of return preparation, at 0.374 and 0.055 respectively. The
effect of complexity of the tax situation on tax evasion is clearly demonstrated by the
negative clasticitics for tax return preparer professionals versus the positive clasticities
for non-professional modes of return preparation.  For those able to purchase tax
expertise through a Paid preparer or a Practitioner, increased complexity results in
lower tax changes upon audit, while the opposite holds for the Self and Non-Paid
modes of return preparation.’™ These results are even more striking when inereased
complexity is allowed to affect the demand for tax return preparation assistance.
Referring to table 5, which shows the elasticities of demand for each of the four modes
of return preparation with respect to increases in the number of forms and schedules
attendant the tax return, incereases in complexity of the tax sitnation dramatically
icrcase the demand for Practitioners and significantly reduce the demand for Self
preparation. When these effects on the level of demand for cach of the four modes
of return preparation arc accounted for, the clasticity of tax cvasion with respect to
complexity (FORMS) is negative. That is, increased complexity decreases the amount

- xS v ¢
of tax evasion, as the final column of table 4 shows.'

Finally, increases in the number of situations cligible for penalty assesments (PENALTY)

""This result also supports the hypothesis that Practitioners provide an attestation function for
the IRS in return for monopoly rents from barriers to entry.

YThis result is in contrast to that of Erard (1993) who found that the use of a Practitioner
increases tax evasion.
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increasce the amount of evasion detected, with an overall conditional clasticity of 0.435,
with most of this coming from the Self and Paid modes of return preparation. Note
that the conditional clasticity of tax cvasion for Practitioners is insignificant. While
these results do not support the hypothesis that increases in penaltics provide a de-
terrent effect to tax evasion, they do suggest that relative to other modes of return
preparation, use of a Practitioner does reduce the taxpayer’s chance of receiving a
penalty. This result supports the hypothesis advanced by Gractz, Reinganum and
Wilde (1989) that the ability of Practitioners to issue expert opinions insulates tax-

payers from receiving penaltics.

2.4.2 Conclusion

[ find strong evidence to support the view that tax cvasion increases with income
(COMPLEX) with an overall clasticity of evasion with respect to amounts of COM-
PLEX income of 0.771. I find ounly marginal support for a deterrent cffect from
penalties. With the incidence of penalty assessments very low in the TCMP data,
this may reflect more about the unwillingness of TCMP examiners to impose penaltics
than the deterrent effect of the penalty regime per se. T also find support for the hy-
pothesis that increased complexity of the tax return decreases tax evasion. This is the
result of both the increased demand for Practitioners and the reduction in tax evasion
associated with returns prepared by Practitioners. This later feature of Practitioner

prepared returns supports the perspective modelled by Nitzan and Tvur (1989) and



68 CHAPTER 2. TAX RETURN PREPARERS AND TAX EVASION
Melamud, Wolfson and Ziv (1991) that Practitioners provide an attestation role for
the IRS.? This result also suggests that policies that V\J()IlldbiIl(:I'()?LS(.‘- the demand for
Practitioners, such as a deduction for Practitioner costs from gross income, may be

cost cffective because of their ability to increase compliance.

*MInterestingly, this result supports the result of Long and Caudill (1987) that paid tax return
preparers lower the reported liability. Our own estimation of the affect of tax return preparation on
reported liability confirms their findings. The use of a Practitioner reduces reported liability. (These
results are available upon request.) When combined, the picture of Practitioners that emerges is
that they 1) decrease reported tax liability, and 2) decrease the amount of tax evasion detected
upon audit. When considering the effect of Practitioners on taxes paid, which is the total effect
from taxes reported and from a tax audit, Practitioners reduce the variance associated with paying
Federal income tax.
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Table 2.5: Elasticitics of Demand for Mode of Return Preparation

Variable Self Non-paid Paid Practitioner
SIMPLE 0.345 -0.328 -0.273 -0.255
(12.397) (-3.195)  (-6.982) (-7.033)
COMPLEX -0.001 -0.226 0.018 0.088
(-0.003) (-0.746) (0.630) (3.275)
ASSET -0.005 0.048 -0.117 0.166
(-0.209) (0.544)  (-2.945) (7.867)
EXEMPTION -0.937 -1.505 1.212 1.224
(-12.680) (-7.009) (11.238) (10.901)
OVER 65 0.081 -0.459 -0.324 0.602
(1.416) (-2.943) (-3.761) (6.081)
FORM -0.624 0.254 0.284 0.972
(-6.526) (0.846) (2.471) (10.771)
PENAL -0.182 0.010 0.051 0.386
(-5.869) (0.092) (1.413) (9.886)
AUDIT -0.015 0.155 -0.214 0.298

(-0.111)  (0.871) (-1.033)  (2.605)

Note: t-statistics in parenthesis.
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Chapter 3

Congressional Elections and the

Economy

3.1 Introduction

One of the most influential studies in the history of political science is that of Kramer
(1971). It has inspired a large and steady flow of rescarch on cconomice conditions
and political outcomes that shows no sign of slackening. The results of his time se-
ries analysis indicate that short-term fluctuations in the cconomy account for much
of the variance in the share of the national vote won by congressional candidates of

the incumbent president’s party. Most of the explanatory power is associated with

a single measure—percentage change in real per capita personal income in the year
of the clection. Initial reaction was decidedly skeptical, with critics arguing cither

that cconomic fluctuations had no detectable influence upon congressional clection
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outeomes (Stigler 1973; Arcelus and Meltzer 1975), or that such effects were confined
to the small subset of elections in which cconomic performance was particularly poor
(Bloom and Price 1975). For the most part, however, political scientists disconnted
these refutations as readily as the electorate would appear to function of presidential
approval scores and annual change in real per capita disposable income, the mat-
ter scemed settled. Since then, other influential studics have reported strong links
between cconomic fluetuations and the incumbent party’s performance in presiden-
tial clections (Fair 1978), senatorial and gubernatorial elections (Stein 1990), and

b 13

in clections held in several advanced industrial democracics (Lewis-Beck 1987). No
proposition in political science enjoys a consensus (except, perhaps, for the one just
asserted). But the idea that the clectoral fortunes of the inenmbent party hinge on

the vigor of the cconomy was, as Erikson (1990) puts it, “as widely accepted ... as

any hypothesis about clections and voting behavior” (p. 373).

Recently, however, widespread agreement has given way to renewed controversy.
Echoing Stigler, Erikson (1990) concludes that cconomic conditions do not generally
affect the choices voters make in congressional clections, and that any observed impact
of cconomic conditions upon election outcomes is more apparent than real. Rosenthal
and Alesina (1989) make a similar claim that alternative, non-cconomic models of
congressional clections fit the data as well as Kramer-type models that do. Others,

cchoing Bloom and Price (1975), arguc that cconomic conditions play an important

role in only some types of congressional clections, or in only certain periods of time
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(Gough 1984; Radcliff 1988). In short, new questions have been raised about the
ubiquity of “cconomic voting.” No longer does it scemn wise to simply dismiss Kramer’s

carly critics as engaging in specification scarch for the worst-fitting equation.

In this paper we hope to shed some light on this controversy by systematically as-
sessing the robustness of both Kramer’s findings and those of major critics. There arce
three major components to this undertaking. First, we seek to guage the robustness
of these findings and counter-findings to variations in specification—in the dependent
variable in particular. Sccondly, we assess the extent to which their findings are pro-
duced by a few disproportionately influcntial sample observations. During the past
several years cconometricians have become inercasingly troubled by the propertics
of conventional regression technigques. In particular, paramecter estimates generated
by least-squares regression techniques can be extremely sensitive to the values taken
on by a small number of observations on a small number of variables. We apply
the technique of least median squares (LMS) as developed by Roussceuw and Leroy
(1987) to test for outliers in the data sets used. This problem is of special concern
here, in that the time series studies in this arca arc based upon a small number of

observations.

Thirdly, we investigate the extent to which Kramer’s findings and others” counter-
findings depend upon the income and uncmployment estimnates that arc used. Kramer
(1983) and rescarchers who followed him have regarded these aggregate cconomic

statistics as particularly hard kinds of data, not like the squishier stuff generated in
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opinion surveys. Several recent studies (most notably by Romer, 1986a.b, 1988, and
1989; Balke and Gordon, 1989), however, cast doubt on the guality of mauch of the cco-
nomic data—specifically, official government estimates of national income, product,
and unemployment for the period prior to World War II—upon which Kramer’s and
subsequent studies arce based. On the basis of new data, improvements in the analy-
sis of old data, or different assumptions about the structure of the prewar cconomy,
they derive revised estimates of prewar cconomic time series that differ significantly
from the official statistics. These studies raise the possibility that the ceffects regis-
tered upon clection outcomes by cconomic conditions depend upon which estimates

of income and uncmployment arc used.

[ show that new estimates of national unemployment by Romer (1986h) and Darby
(1976) and gross national product (put into per capita terms) by Romer (1986a, 1988,
1989) and Balke and Gordon (1989) substantially improve the explanatory power of
Kramer (1971) type models of the effects of general cconomic conditions on congres-
sional clections and provide strong cevidence to support the proposition that general
cconomic conditions influence congressional House clection outcomes. T also find that
the strength of the proposition that general cconomic conditions effect congressional
House election outcomes is significant regardless of whether the dependent variable
1s specified as the precentage of the popular vote cast for republican candidates as
in Kramer (1971) or Erikson (1990) or as the deviation of this percentage from the

average of the total votes cast for republican candidates over the preceeding cight
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clections, as in Tufte (1975). Morcover, regression diagnostics described below con-
sistently identify three elections as being “different” from the remaining elections in
the sense that their inclusion in least squares estimation would significantly alter esti-
mates of the size of the effect that general economic conditions have on congressional
House clections. Those observations arc 1) the 1894 clection; 2) the 1912 election, and
3) the clection of 1932, Of less significant note, in several instances the clections of

1942, 1944 and 1980 arc also identificd as observations that exert excessive influence

on least squares estimates.

3.2 Robustness to Changes in Specification

The assault on Kramer’s results came largely in the form of models with alternative
specifications that were maintained to he more sensible, while at the same time show-
ing little if any support for the hypothesis that general cconomic conditions affect
voting behavior. Broadly, these eriticisms focused on 1) changes in the independent
variables (Stigler, 1973 and Erikson, 1990); 2) changes in the specification of the
dependent variable (Tufte, 1975); 3) the inclusion of particular observations (Stigler,
1973) or entire scts of observations (Gough, 1984) the stability of parameter estimates
over time (Radeliff, 1988), and across mid-term versus presidential eleetions (Bloom
and Price, 1975 and Campbell, 1985), and 5) the level of data aggregation from na-
tional statistics (Kramer, 1971) to state level data (Radcliff, 1988), to county level

data (Owens and Olson, 1980) to individual level data (Fiorina, 1978). This rescarch
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focuses on the first four of these issues.

Stigler (1973) tested the sensitivity of Kramer’s variables to alternative construc-
tions and finds that changing the one-year time frame of the cconomic variables to two

years, and many other arbitrary changes in specification, affected the magnitude of

the coefficients associated with the economic indicators.! In some respects, Stigler’s
sensitivity testing was more supportive of Kramer’s basic findings than is gencrally
realized. in general, these changes in specification affected the magnitude of the coof-
ficients associated with the cconomic indicators, but they usunally continned to exceed
conventional levels of statistical significance.

Erikson (1990) identifies a change in specification that makes a dramatic difference
in the observed impact of the cconomy upon congressional clections. Looking first
at Tufte’s (1975) analysis of postwar midterm clections, he notes that the dependent

arlable in this study is specified as the difference between the incumbent (presi-

dent) party’s vote share and the average of its vote shares won in the previons cight

clections—what Tufte calls the “standardized vote.” He finds that the goodness-of-fit
of Tufte’s model, impressive as it is, can nonctheless be matched by a mch sim-

pler regression of the inenmbent party’s vote share on its vote share in the previous

- ') - - v - - I
clection.” On the basis of this and other comparisons, he concludes that “the appro-

'In particular, he showed that a two year difference in the unemployment rate, rather than
Kramer’s one year difference, produced a significant negative coefficient on unemployment changes
in models with an incumbency and nominal per capita income measures. Redefining nominal per
capita income in a like fashion produced these findings as well. Moreover, shuffling certain years in
and out of the specification, most notably the years prior to 1900, for which unemployment data
was particularly poor, and 1912, 1918, 1942, and 1944, also produced significant and insignificant
coefficients on the unemployment rate.

If one is interested solely in forecasting election outcomes, Erikson’s specification is unobjec-
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priate control for past voting” is simply the lagged dependent variable. In regressions
of this type, flnctuations in real per capita income appear to exert no influence upon
the incumbent party’s performance in midterm elections. Furthermore, Erikson ar-
gues that what at first appear to be effects associated with the income variable in
midterm clections are due to spurious correlation with presidential coattails. Once
the vote share won by the president is entered into the cquation, estimates of the
cffects of the cconomy in on-year congressional clections are also indistinguishable
from vzero.

The next major study to report negative findings concerning economic conditions
and clections was that of Owens and Olson (1980) who looked at the 1972, 1974, and
1976 congressional clections. Their rescarch on congressional clections shows them to
be primarily local affairs, candidate-oriented rather than party-oriented, and not, as
Kramer (1971) had supposed them, close approximations of “the Downsian case of
relatively anonymous candidates competing as members of a common party team” (p-
135). In their analysis, they regress changes in the vote for individual congressional

candidates upon district-level changes in real income and inflation. In equation after

tionable. This specification does present problems, however, for parameter estimation. The autore-

gressive model
Yi = a+3Y44¢, t=1,2,...,

is stationary only if [3] < 1 (Dickey and Fuller 1979). If |3| = 1, the variance of Y} is to? and the
time series is a “random walk.” If |3 > 1, the variance of Y, grows exponentially as ¢ increases.
Under these circumstances it is not possible to reliably estimate coefficients for other variables of
interest, and that the time series should be transformed, e.g., by differencing. We are indebted to
Doug Rivers for alerting us about the properties of estimators when time series have unit roots. The
problem of exponentially increasing variance when |3| > 1 will not necessarily occur in a regression
with intermittent observations, such as Tufte’s or Erikson’s analysis of midterms only. On the other
hand, failure of the model to specify that the incumbent party’s vote generally “bounces back?”
during the favorable on-year elections that are ommitted implies misspecification bias.
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cquation, the regression coetlicents of these two terms are cither statistically indistin-
guishable from zcero, or, if significant, in the wrong direction.

One obvious limitation of Owens and Olson’s study is that it looks only at three
clections (1972, 1974, and 1976), and then only at House districts in which an in-
cumbent was running for reelection. The later point may introduce selectivity bias.
Jacobson and Kernell (1981) find that a significant share of the impact of cconomic
conditions upon the two parties’” national vote shares is due to the strategic decision
of incumbents whether or not to seck reelection. Incumbents of the president’s party
arc more likely to run again when they expect a strong cconomy going into clection
day, while potentially strong candidates of the opposition party are correspondingly
more likely to remain on the sidelines.? The situation is reversed when it looks like the
cconomy will be faltering. Owens and Olson’s inability to compute district-level eco-
nomic data for most districts further reduces their sample to less than a third of the
districts in cach clection. Even if we accept their findings, however, it must be kept in
mind that they analyze the clectoral effects of cross-sectional, inter-district variation
in local cconomic conditions rather than temporal variation in national cconomic con-
ditions. Rather than implying that the cconomy “doesn’t matter” in congressional
clections, their findings can readily be interpreted as corroboration for Kinder and
Kiewiet’s (1979) hypothesis that it is in fact changes in national cconomic conditions

to which voters respond.

4Of course the most recent mid term election, in which members of the President’s party were
defeated wholesale despite the healthy state of the economy, throws cold water on this explanation.
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3.3 Disproportionately Influential Observations

Stigler (1973) made several adjustments to Kramer’s data. First, he lmited anlaysis
to years after 1900 because there was no reliable data on unemployment prior to that.
Sccond, he showed in an analysis of post-1934 clections, that including a year Krameor
omitted, 1942, while exclnding another that he had used, 1946, dramatically reduces
the size of the real personal income coefficient. To be sure, changing one obscrvation
out of a total of 14 represents a fairly large (over 7 percent) modification in the sam-
ple. But this pattern is indicative of the presence of one or more disproportionately
influential observations that exert a high degree of “leverage” on estimated regression
cocflicients. Stigler also discovered that the 11 values in the pre-1920 income series
Kramer used were miscoded. When his key equation (reproduced below) was recsti-
mated affer correcting these errors, the cocfficient of the income term was somewhat

smaller, but that of inflation became much larger and statistically significant.

Following a line of argument first advanced by Bloom and Price (1975), Camp-
bell (1985) maintained that incumbents are hurt only by a substantial downturn in
cconomic fortunes during years prior to the mid-term election. Gough (1984) also
examined this hypothesis by rerunning Kramer’s equation after omitting data from
the Depression era, and found that in the remaining “normal” years, the impact of
change in real income was indistinguishable from zero. Tufte (1978) argued that Pres-

idential popularity is responsive to prior year cconomic conditions, and Presidential

popularity at the time of the mid-term clection does affect the outcome.
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Radcliff (1988) maintained that in the years following World War II, Congressional
House clections became inercasingly uncoupled from general macrocconomic offects.
Building on Owens and Olson’s (1980) null results about macrocconomic offects of
House clections in 1972, 1974, and 1976, he argues that the increased importance
of candidate incumbeney had made House clections more responsive to local issues

rather than national cconomic conditions.

With the limited number of observations available to analyze the effects of gen-
eral cconomic conditions, and with the great variation in political and social contexts
surrounding cach clection, it is tempting to identify subsets of observations that one
may believe should be treated differently than the majority of observations. The pre-
ceeding literature, while in no manner exhaustive, is indicative of the problem that
crupirical rescarchers find themscelves in when confronted with a reasonably small
number of observations from which to test a hypothesis. That is, small modifications
to a general hypothesis invariably produce substantial improvements in estimated
models when tested on a few number of obscrvations.! In this rescarch [ use a rela-
tively new approach towards the identification of outliers and excessively influential
observations. Rather than rely on perceived changes in the political or social environ-
ment, [ use a purely statistical procedure developed by Roussccuw and LeRoy (1987)

known as Least Median Squares (LMS) regression. The strength of this procedure is

*Two other approaches are the elimination of particular observations, as Kramer (1971) did
with the elections of 1912, 1918, 1942 and 1944, and the use of time varying parameter estimation
techniques (Radcliff, 1988). The gains in model efficiency, as measured by regression standard errors
and R?, can be dramatic even from the differential treatment of a single observation.
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that 1t fits the data to the model rather than scarching for the model that fits the

.
data.”

3.4 Estimates of Income and Unemployment

Macrocconomists have long been aware that observed variance in all major conven-
tional indicators of cconomic activity, including industrial production, unciployment,
and GNP, is only about half as great in the years following World War II than in the
four or five decades prior to the war. Most have taken this as gratifying evidence of
the success of postwar stabilization policies in tamping down the amplitude of the
business cycle in the U.S. cconomy. Romer (19862, 1986h, 1988, 1989), however, ar-
gues that the greater variance in pre-war indicators of cconomic activity is instead an

artifact of the way in which pre-war estimates of cconomic activity were constrcted.

3.4.1 Unemployment Statistics

The standard unemployment series Kramer used in his analyses comes from two
sources. Beginning in 1940, the officially reported unemployment rate has been based
upon houschold survey data collected by the Current Population Survey. Estimates

for prior years arc those reported by Lebergott (1964). Secking to malke his estimatoes

*Their approach is but one of an emerging set of tools for the applied researcher known as robust
estimation procedures. The notion of robustness used here is defined explicitely in the following
sections and follows Rousseeuw and LeRoy (1987). While their estimation procedure provides an
important diagnostic for ordinary least squares estimation on small data sets, it is not without its
weaknesses. For a criticism of least median squares regression, see Hettmansperger and Sheather
(1992).
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as consistent as possible with the post-1940 figures, Lebergott adopted the Burcau
of Labor Statistics’ definition of uncmployment as the difference between the total
number of workers in the labor force and the total number of employed. Estimating
an annual serics for the former by first calculating labor force participation rates for
various demographic groups on the basis of decennial census data, he then aggregated
these figures and multiplied the resulting figures by annual estimates of total popu-
lation. Employment totals were estimated on the basis of a variety of industry-level
sonrces, including the Census of Manufacturing, which was administered every five
years prior to World War 11, and bicnnially thereafter. For the years in which these

figures were not available, he interpolated figures on the basis of fluctuations in the

Shaw (1947) scrics on commodity output, Kuznets” (1961) GNP estimates for 1919

t0 1929, and various industry- and state-level reports.

In making these interpolations, Lebergott assumed that the labor force participa-
tion rates he observed in census years remained fixed in intercensal years. According
to Romer (1986h), this procedure ignores changes in labor productivity and in the

“stickiness” of labor markets across the business cycle.®

fRomer’s estimates are based on the assumption that labor force dynamics in the prewar era
were similar to those in the postwar era. In light of the many major changes that have occurred in
the American labor force, this may be questionable. One reason why the variance in unemployment
rates may have been greater in the prewar era is that the labor force contained large numbers of
people who today are considered too young or too old to work. Eighty years ago, employers may have
been far less reluctant to shed child and adolescent laborers as they were adult labor in the 1970s.
Unionization, which peaked in the 1950s and has fallen ever since, probably also imparted some
degree of stickiness in the retention of workers over the course of the business cycle. In addition, the
demographics of the post war labor force has changed considerably. In particular, there has been a
large increase in the proportion of women 35 to 44 years of age in the labor force, from 39 percent in
1950 to 77 percent in 1992 along with a decline in the participation rates of males from 87 percent
in 1950 to 67 percent in 1992 (Kutscher, 1993). The increased participation of women in the labor
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More specifically, during periods of recession, the labor foree (or at least its rate
of growth) contracts, as “disconraged” workers cease job search and so drop out, and
new workers refrain from joining in the first place. In a recovery, in contrast, the
labor force expands as the number of entrants grows and the number of discouraged
workers falls. Incorporating these sources of cyclic behavior in the size of the labor
force, Romer (1986h) produces a series of annual unemployment estimates that is a

good deal smoother than the Lebergott series.” It is, of course, hard to say how these

many changes net out.

Another major adjustment to Lebergott’s figures is that of Darby (1976), who
adjusts Lebergott’s series from 1930 to 1943 by shifting workers emiployed in gov-
ernment programs such as the WPA out of the unemployed category and into the
cmployed. For 1938, the year of the largest adjustment, this increases cmployient
by 3.5 million workers and reduces the estimated uncmployment rate from 19.1 to

12.5 percent. Table 1 compares annual changes in the pre-1945 uncmployment rate

based npon BLS data with the revised estimates made by Romer and Darly.

force would tend to reduce volatility in the official unemployment rate if they are disproportionately
more likely to exit the labor force after losing a job. The decline of farm employment, on the other
hand, probably increased the volatility of unemployment figures, as farm labor tends to be subject
to more underemployment than unemployment.

"TEmphasizing this point, Balke and Gordon compare the volatility of the prewar to postwar
Gottlieb-Commerce construction index with the construction components of the Shaw series and
find that the former are significantly more volatile than the Shaw series. F inally, they compare the
prewar/postwar volatility of the transportation and communication series with the volatility of the
Shaw series and find that this series also is more volatile in the prewar period than the Shaw series.
The volatility of the transportation and communication sectors is notable because these are the only
annual data that predate 1909.
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3.4.2 Income and Product Statistics

Most of his data arc the official inflation and unemployment serics reported by the
Burcan of Labor Stafistics, and the annual series on personal income reported by the
Department of Commerce, the 1895 to 1929 scgment of his personal income series
is Kendrick’s (1961) GNP cstimates for that period, multiplied by a scale factor to

approximate personal income (Kramer 1971, p. 143).

The U.S. Department, of Commerce began tabulating National Income and Prod-
uct Accounts in 1929. This work is currently done by a subunit of the Department,
the Burcan of Economic Analysis. The BEA estimates gross national product by ag-
gregate personal consumption expenditures, private investment (including net change
in inventories), net exports, and government purchases of goods and services. Alter-
native methods of calculation by the BEA include aggregating by product (final sales
and net change in inventories for durable goods, nondurable goods, services, and
structures) and by scctor (houscholds, institutions, government, farm and nonfarm
business, and housing). Personal income is derived by subtracting from GNP capital
consumption, indireet business taxes and business transfer payments, corporate prof-
its, contributions for social insurance, and adding personal dividend income, interest
mcome, and government transfor payments to individuals. Alternatively, personal
mcome can be caleulated as the sum of wage and salary income, interest and divi-
dend income, transfer payments, and, after capital adjustment, rental and proprictor’s

income. In principle, cach of these methods can be related to cach other through ac-
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counting identitics and shounld yield identical figures. This never actually oceurs, but
the extent to which totals arrived at through alternative methods approximate cach
other is a good gauge of the accuracy and reliability of the BEA’s estimates. The
amount of information that the BEA processes in order to make these caleulations
1s impressive. They use data gencerated by the Census Burean’s annual surveys of
the wholesale, retail, manufacturing, construction, and service and government sce-
tors, but also receives data on farm income and expenditures from the Department
of Agriculture, wage and salary data from the Burcau of Labor Statistics, and federal
budget data from the Office of Management and Budget. The BEA collects its own
data on international trade and on capital stocks.

Over the years there has been substantial improvement in both the quantity and
quality of the data available to the BEA. In previous decades many of the Census
Burcau’s current annual surveys were conducted bianmally or not at all, and the
BEA depended to a much greater extent upon data provided by other federal agen-
cies and by state and local governments. Describing the calenlation of income and
product accounts shortly after World War I, Ruggles (1949) candidly observed that
“the Department of Commeree is forced to use ingenious and sometimes roundabout
methods of estimating the varions components in order to avoid the large gaps that
exist in the statistical material. Some of the sources are very mnch more reliable than

others” (p. 104).%

#One consequence of these ongoing improvements is that every few years the BEA revises many
of its product, income, and price series, often all the way back to 1929. In 1985, for example, the
entire 1929 to 1982 annual series of National Income and Product Accounts was revised in light of
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Although current methods for estimating GNP have often been the target of crit-
icisi, the current controversy in the macrocconomics literature centers on BEA osti-
mates of income and GNP prior to the initiation of the National Income and Product
Accounts. The official estimates for these years, reported in the Historical Statistics
of the United States, Colondal Times to 1970 and in other sources, are those derived
by John Kendrick, an cconomist at the BEA during the 1950s. These estimates were
made on the basis of much sparser data. Kendrick’s estimates of GNP for the 1889 to
1908 period are based primarily upon Kuznets’” carlier unpublished estimates, which
in turn are based primarily upon William Shaw’s (1947) annual serics on commodity
output from the agriculture, mining, and manufacturing scctors. Shaw derived his

annual estimates of commodity output by using data gathered in (decadal) census
years as benchmarks, and then interpolating values for intervening years on the basis
of a variety of industry- and state-level reports. The major improvement Kendrick
made was to incorporate much better estimates of government expenditures.? For the
1908 to 28 period, the official Commerce Departient statistics compiled by Kendrick

arc based upon a serics on consumer expenditures put together by Dewhurst (1947)

and upon other sccondary data sources. Unfortunately, the Commerce Department

improved estimates of imputed interest paid by life insurance companies, consumer expenditures for
goods, consumer purchases of energy, and, most notably, new estimates, derived from the Internal
Revenue Service’s Taxpayer Compliance Measurement Program, of the extent to which taxpayers
under-report income (Bureau of Economic Analysis 1985). Redefining and reclassifying old data also
produces changes in the accounts. For example, in the 1985 revisions, medical vendor payments,
which had previously been included in the government purchases category, were placed instead under
personal consumption expenditures (thus raising estimates of personal income as well).

“See Romer (1988), pp. 97 to 98, for details. The sources of the unpublished Kuznets data are
not reported.
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failed to document precisely how these estimates were derived; according to Romer
(1988), “all that rescarchers know about the creation of the Commerce series is what

Kendrick remembers” (p. 94).

Romer (1988) makes a prima facic case against the 1908 to 1929 Commerce GNP
scries by arguing that it is substantially different than Kendrick’s (1961) subsequent
(and thus presumably superior) estimates. She also offers persuasive evidence that
the official Commerce series is flawed by comparing the behavior of disaggregated
components of the two series during the severe downturn of 1919 to 1921. The
Kuznets (1961) GNP scrics, upon which the later Kendrick estimates are based, shows

a large drop of 22 percent in expenditures on durable goods but a small increase in

expenditures on nondurables and on services—precisely the pattern present in postwar
recessions. The official Commerce series, in contrast, also shows a large cyclical drop

in expenditures on services as well. This is not terribly plansible in her view, and

imparts substantially more volatity to the Commerce GNP estimates.

As for pre-1908 estimates of GNP, Romer’s (1989) major criticism is of Kuznets’
(and thus Kendrick’s) assumption that non-commodity components of GNP fluctuate
as much as the commodity components, or, more precisely, that deviations from the
trend in unobscrved non-commodity components of GNP move in a one-to-one rela-
tlonship with deviations from the trend in the observed, commodity-based component
of GNP. Commodity output from the agricultural, mining, and manufacturing sce-

tors constituted about one-third of GNP during this period (Balke and Gordon 1989).
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Romer argues that most of the time GNP actually moves much less over the conrse
of a business cycle than docs commodity ontput: “for the postwar cra it is widely
accepted that the noncommodity components of GNP such as services, trade, and
transportation, are much less cyclically sensitive than the commodity component”
(p. 94). Kuznets (1961) supports his assumption with a “frechand regression curve”
fit to the deviations from trend in GNP on the deviations from trend in commodity
output form 1909 to 1938. His cye is actually pretty good, as Romer’s computer-
assisted regression of GNP onto commodity output during this period came up with
an cstimate of 0.9. She argues, however, that this result is dominated by the un-
usual experience of the Great Depression: © .. .in very severe depressions services
and distribution may collapse as much as commodity output ... This could be due
to revisions in estimates of permanent income or to increasingly binding liguidity
constraints ... If these kinds of responses do indeed occur ... this could cause GNP
and commodity output to genuinely move together one-for-one in such periods.” To
cmphasize how unique the Great Depression was, Romer notes that, “the percentage
deviation of production from trend at the trough of the Great Depression was ap-
proximately two and a half times as large as the percentage deviation of production
from trend in the worst depression of the 1869 to 1908 period.” She then estimates
the relationship between deviations from the trend in GNP and deviations from the
trend in commodity output over two sample periods, 1909 to 1928 and 1947 to 1985.

Using a varying cocflicients regression model, she estimates the cocfficient on devia-
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flons 1n commodity output as 0.58, rather than 0.9 when the Great Depression years

arc 1ncluded.

In light of these problems, Romer makes several modifications to the pre-1929 GNP
series. First, she replaces the 1909 to 1928 Commerce estimates, based primarily on
the Shaw serics, with a slightly angmented version of the Kuznets-Kendrick GNP
estimates (Romer 1989). These income-payments-based ostimates of GNP rely on
data from a varicty of sources, including the IRS, Census Burcau, and state and
industry reports. The advantage of these data is primarily the increased coverage
of cconomic activity. For the pre-1908 years, Romer uses her significantly lower
estimate of the covariance between change in commodity output and change in GNP

to recompute GNP estimates.

Balke and Gordon’s (1989) cfforts to improve existing GNP estimates for the
pre-1929 era focus on incorporating components of GNP that are not present in the
Shaw series, most notably from the construction, transportation, and communication
scctors. For years prior to 1915 they use a construction output series assembled by
Gottlieb (1965), and splice it to the Commerce Department series on constraction
output covering 1915 to the present. For the transportation sector, they use Frickey’s

(1947) index of rail,

‘ street, and canal output from 1869 to 1889 and Kendrick’s (1961)

annual transportation index from 1889 to 1929. These sectors conibine to account for

ncarly 25 percent of GNP prior to 1929.

To show that estimates of GNP based exclusively on the Shaw commodity out-
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put series may be misleading, they construct an alternative commodity output serics
basced on the Frickey data, Fabricant’s (1942) 1900 to 1932 index of manufacturing
output, and the Federal Reserve Board index for manufacturing from 1940 to the
present. Interestingly, they report that their new hybrid series, as well as the individ-
ual components, displayed more volatility than the Shaw commodity output serics.
In contrast to Romer, Balke and Gordon conclude that reliance on the Shaw com-
modity output serics may impart too little volatility to the resultant GNP serics.
Further, they show that once the construction, communication, and transportation
sectors arc added to the estimation of GNP, inclusion of the Great Depression years
imparts no extra volatility (they estimate the cocfficient of deviations from trend of
commodity output on deviations from trend of GNP as less than 0.4, compared to
Romer’s 0.58). To form new estimates of pre-1929 GNP, Balke and Gordon combine
the Gottlich-Commerce series on construction with the Frickey-Kendrick series on
transportation and communication and the Shaw commodity output scries, using the
same benchmark years to derive trend GNP as Romer (1989).

Balke and Gordon also estimate an entirely new GNP deflator series from the
measures of consumer prices compiled by Hoover (1960) and Rees (1961). Unlike
the Shaw price serics, these series consist of final prices for goods paid by consumers.
These data exhibit smoother movements in prices than the conventional GNP deflator
scries in the years prior to 1908, but more volatile movements during the 1909 to 1928

period, primarily becanse of the inflation associated with World War 1. They then use
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a combination of the conventional GNP deflator and the Hoover-Rees consumer price
index deflator to arrive at the final estimates of real GNP, In contrast to Romer’s
revised estimates, estimates of annual percentage changes in real per capita GNP
based upon the Balke-Gordon series gencrate a series that is more volatile than the

Commerce serics as is shown in Figure 2.
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3.5 Model

3.5.1 Specification

Kramer (1971) specifies a lincar probability modal as'0:

g = Bot Boet Ba6 (—L-R;])%-

t
o o (Pr— Py I o .
346, (—> 4 B4 (Us = Upt) + 1 (3.1)
By
where
y = share of total vote for Republican party in House Congressional elections
0 = +1 if President is Republican

YTt is well know that a significant shortcoming of the linear probability model is that it can
produce probability estimates outside of the interval (0,1). (See, for example, Maddala (1983)).
This is especially true when observations for the dependent variable are either 0 or 1 (as in the case
with individual data observations) or when the values of the dependent variable approach either
0 or 1 (as in the case with aggregate data observations), because any significant deviation in the
independent variables in the forecast period from the values in the period observed could easily
result in predicted probabilities outside of the unit interval.

In chapter one of this dissertaion, a log-odds transformation of the dependent variable was specified
to map the probabilities from the interval (0,1) to the real line. This mapping implicitely bounds
the predicted probabilities onto the interval (0,1) regardless of the values the independent variables
may take. There are two reasons why the log odds transformation is not used in this chapter.
First, the popular vote for republican party candidates in U.S. House of Representative elections
has been well contained within the interval (0.35,0.65) throughout the period from 1894 to 1992.
For pracitical purposes, truly extreme variations in the independent variables, much more so than
occurred during the Great Depression which is included in the historical record, would be needed
to generate predictions outside of this interval. Since the probability of this happening is remote,
we need not concern ourselves with it here. Moreover, if such draconian changes were to occur, the
overall validation of predictions based on this model would be suspect since such an observation
would lie far outside of the range of historical data. Second, to emphasize how 1) alternative
estimates of historical data; 2) a longer historical record from which to estimate the model and; 3)
new statistical techniques for the detection of outlying observations can verify or dispel Kramer’s
original formulation I use the same general specification that he used.
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—1 otherwise

R = rtcal per capita income

P = cost of living index

U = Uncmployment Rate

t = " year of Congressional clection

Unlike Kramer, I assume that the residual gy follows a first-order autoregressive pro-

cess such that

Hr = pPll-1 + €

- ) . - . -
where |p| < 1 and ¢ has mean 0 and variance o2.'" This is a more general specification
than that used by Kramer (1971) and allows for potential serial correlation in the time
g 12
series.

Before investigating the sensitivity of new estimates of income and unemployment,,

"'The first order autoregressive process assumes that

E(u) = 0
E(up) = P”;z),
2
. o
E(up—y) = a’fl = €

where p is the correlation between observations in the year ¢ and ¢ — 1.

""Technically, the correction is for a second order autoregressive process and the rho reported
in Tables 1 through 5 represent the second period correlation in the data. However, because we
eliminate non-election year observations of the dependent variable, we estimate the model using an
ARI correction.
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we incorporate the following alterations into Kramer’s original analysis. First, we
extended the time series forward from 1964 to 1992 and backward a bit from 1896
to 1892, and include the years that Kramer excluded from his analysis—1912, 1918,
1942, and 1944. These additions add significantly to the cmpirical record, boosting
the number of observations from 31 to 51. In light of the very high corrclation that
exists between changes in unemployment and changes in per capita real income, we
follow Stigler’s (1973) and Fair’s (1978) practice of including an income term or an
uncrployment term only. '

I'also tested two specifications of the dependent variable. The first is defined as the
share of total vote for the Repbulican party in House congressional clections, and was
used by Kramer (1971), and by Erikson (1990) among others. The second, developed
by Tufte (1975), is the deviation of the share of the total vote for the republican party
in House congressional clections from the average of the eight preceeding clections for
the same. This is intended to measure clection outcomes as changes from a party’s

long term, average voter support.

3.5.2 Regression Diagnostics

In order to check the robustness of the regression results to one or a few highly in-

fluential cases, I reestimated the various equations using the regression diagnostic

1t may come as a surprise to researchers that historical GNP and unemployment series often use
the same underlying sources of data. Most notable among these is the use of the Shaw commodity
output series (1944) in Lebergott’s (1957) construction of unemployment and all constructions of
GNP used herein.
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procedures of Rousscenw and Leroy (1987). Their robust estimation procedure de-
tects outlying observations by an algorithim that minimizes the square of the median
residual (LMS or least median square) of the fitted model. A weighted least squares
model is estimated by applying a weight of 0 to observations detected as ontliers by
the LMS algorithim and a weight of 1 to all other observations. Rousseuw and Leroy

denote this special weighted least squares model as least trimmed squares (LTS). Y

3 s N

Briefly their procedure is as follows. Let ¢ = 1894, ..., 1992 denote the years of

congressional clections, and let

wo= Ba+ (3.2)

denote the classical lincar model with 5 a 1 X p vector of coefficients and a; a p x 1

vector of variables defined in equation (1). Define

tth

as the residual for the observation where 3 is an estimate of 3. A least median

LTS should not be confused with trimmed least squares, in which the largest and smallest values
of a variable are eliminated (trimmed) from least squares estimation. The choice of weights as 0 and
1is mainly for convenience in estimation. Other weight schemes could be considered. Rousseuw and
Leroy show that LTS has the same breakdown point as LMS.



98 CHAPTER 3. CONGRESSIONAL ELECTIONS AND THE ECONOMY

; : N - 1FR
square (LMS) solution to the above model is!®

Minimizeg {mcdt(‘y, — j?:tft)'z} : (3.3)

A measure of the dispersion of the residuals based on the minimal median is the

following scale factor

med, 7 2(/) (3.4)

57 =1.4826 1+

n—1p

where the first terms are a correction for small sample sizes.'® With this scale esti-

mate, define the standardized residuals

and apply the weight function w; to the entire data set where

1 if <25 o
wy = (3.5)

{0 othcerwise.

52

The weighted least squares procedure that uses these weights is called least trimmed

""There is no explicit formula to compute the LMS solution. Rather, a solution to this problem
; p

requires examination of a very large number of subsets of the data.

YThe scale estimate is used in much the same manner as the regression standard deviation is

g

to generate standardized residuals. The difference is that unlike the least sum of squares standard
error, this scale estimate provides a robust measure of the dispersion of the residuals. The LMS
estimates use this scale estimate to identify outlier observations.
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squares (LTS).'" Rousscenw and Leroy (1987) show that the LTS estimator has an
asymptotically normal distribution.'

Statistical inference from the LTS procedure is only approximate because the vn-
derlying distribution theory depends in a complicated way on the choice of observa-
tions that receive weights of 0 or 1. However, monte-carlo evidence demonstrates that
the t-statistics generated in the LTS model are close to their true values.' As a final
estimation step, T rerun the ARI correction on the subset of observations selected
by the LMS algorithim. This procedure is labelled GTS, for generalized trimmed
squares.

A sccond statistical problem that can seriously affect the stability of least squares
estimates is the degree to which combinations of the independent variables can result
1 the near singularity of the data matrix. To detect ill-conditioned data(The term ill-
condifioned is synonymons with near singularity of the X’ X data matrix.), I calenlate
the singular value decomposition for the data matrix X following Belsley, Kuh and

Welsch (1980). First, cach column of X is scaled by the cuclidean norm of the

1992
E + wyry
it.

Y"With these weights, a final scale estimate for the LMS model is ¢* = | where p is
]

the number of parameters estimated. This final scale estimate is useful as a means of comparison of
OLS and LMS residuals.

"See Theorem 4 in Rousseeuw and Leroy (1987).

"See tables 4 and 5 on pages 212-213 of Rousseuw and Leroy (1987). Moreover, inferences
generated from a model with outliers are clearly incorrect because the underlying distribution is
no longer gaussian. There are two significant advantages to this procedure. The first is that while
the sum of squared residuals is affected by a single outlier, the median residual is unaffected by as
many as i — 1 of the observations being outliers. The second advantage to their procedure is the
ability to detect multiple outliers. Other procedures to detect highly influential observations such
as the use of diagonal elements of the matrix X (X'X)~' X’ (the so called hat matrix described in
Belseley, Kuh, Welsch 1980) are appropriate only for the detection of a single outlier. The value of
this technique for present purposes is that it fits the model to the data according to a criterion that
is far less sensitive than ordinary least squares regression to outlier values that are highly influential.
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clements. Then the singular value decomposition of X is defined as

X = UDV’

where U'U = V'V = I, and D is a diagonal matrix with nonncgative diagonal
clements called the singular values. The singular values are equal fo the square root
of the cigenvectors of the matrix X'X. The ratio of the largest of these diagonal
values to the smallest diagonal value is the condition number of X. Belsley, Kuh and
Welch (1980) show that the condition number provides a measure of the sensitivity of
the change in the solution of the lincar system of equations ¥ = 3'X when clements
of X and Y change. In particular, the condition number is bounded from below
at 1, in which case the columns of the data matrix X are orthonormal.  As the
condition number becomes large, the data reflect a greater degree of ill-conditioning,
implying greater sensitivity of the coefficients 7 to small changes in either X and
Y .20 The condition number for cach of the regressions that use the Tufte and Kramer
specifications is 2 while for cach of the models that use the Erikson specification which
includes a lagged value of the dependent variable are 22. Therefore, ill-conditioning

does not appear to be an issue for the models tested.

2What constitutes a large condition number is an empirical question. Belsley, Kuh and Welsch
present evidence that indexes less than 10 indicate weak dependencies in the data, while those
between 30 and 100 indicate strong relations amongst the data.
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3.5.3 Data

Several data serics are used to estimate the model specified 1n the previous section.
The following five tables report estimates of the equations (1) and (3) using two
different dependent variables, three measures of per capita income, two measures of
national unemployemnt, and one measure of the rate of inflation.

For cach of the five tables, the dependent variable in the first three columns is
defined as the deviation of the vote share for republican candidates in congressional
House clections from the average of the same in the previous cight clections, following
Tufte (1975).2" The first column presents generalized least squares (GLS) estimates
of equation (1) on the full data sct, which for the Tufte dependent variable contains
44 observations, from 1906 to 1992. The sccond column presents least median squares
(LMS) estimates of equation (3) and the third column presents generalized trimmed
squares (GTS) estimates of equation (1) with observations deleted that were identified
by the LMS procedure as having excessive influence on the least squares estimates
using the cirterion of equation (5). The dependent variable for the next six columns is
defined as the share of the total vote for the republican party in House congressional
clections, following Kramer (1971). The fourth column presents GLS estimates of
equation (1) on the 51 congressional clections from 1892 to 1992, The fifth column
presents LMS estimates of equation (3) and the sixth column presents GTS estimates

of cquation (1) after deleting obscrvations identified by LMS cstimation as having

2TThe republican party share of the popular vote in congressional House elections is taken from
Ornstein (1993).
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excessive nfluence on the least squares estimates using the criterion of cquation (5).
The final three columns use the same dependent variable as do the models in columns
(4), (5) and (6) but also include as an additional regressor the share of the total vote
for the republican party in House congressional elections from the previous clection,
following Erikson (1990). The seventh columm, like the fourth, uses the 51 congres-
sional clections from 1892 to 1992 and presents GLS estimates of equation (1). The
cighth colummn, like the fifth, presents LMS estimates of equation (3) while the ninth
column presents GT'S estimates of equation (1) after deleting observations identified
by the eriterion of equation (5) as having excessive influence on the least squares
estimates.

The first table presents estimates of equation (1) using per capita income prepared
by the Burcan of Economic Analysis as reported in Historical Statistics of the United
States, Colonial Times to 1970 (HSUS) up to 1970. From 1970 to 1992 we nsc per
capita income reported in Statistical Abstract of the United States: 1993 (denoted
SUAS93) and in SUAS82-83. Inflation statistics are derived from the consumer price

index as reported in HSUS through 1970 and from the SUAS93 and SUAS82-83

through 1992.2 Table 2 replaces the pre 1930 BEA per capita income with the

*The BLS CPI is series E135-166 in HSUS. The estimates prior to 1913 are from unidentified
non-BLS sources; from 1912 to 1919 from surveys of shipbuilding and industrial centers for World
War I wage negotiations; and from 1919 thru the present from the BLS Monthly Labor Review.
The BEA per capita income series is from series F1 and F3 in HSUS for 1930 onward. Prior to
1930 the GNP series constructed by Kendrick for the Commerce Department was adjusted to match
the personal income estimates using the ratio between personal income in 1919 to GNP in 1919,
following Kramer (1971). This same adjustment was made to the Romer (1988, 1989) and Balke
and Gordon (1989) GNP series as well. These series were then converted to real dollars using the
Commerce Deptartment’s 1982 base GNP deflator and a new 1982 base GNP deflator for years prior
to 1929 constructed by Balke and Gordon (1989).
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scrics derived by Romer (1988, 1989), while table 3 replaces it with the series derived
by Balke and Gordon (1989). Table 4 substitutes the Burcan of Labor Statistics
historical uncmployment serics as reported in HSUS for the per capita income series
of tables 1 through 3.2 Table 5 replaces this series with that of Romer (1986Dh)
through 1930; and with Darby’s (1976) modifications for 1931 through 1943. The
share of the republican vote for congressional House clections, inflation rate, three
per capita Income measures and two uncmployment rate measures are shown in table
6 in the appendix.

Each table also includes a test of the hypothesis, following Radcliff (1988), that
congressional House clections have become unresponsive to national cconomic con-
ditions since the end of World War [1. A Chow test of the difference between con-
gressional House clections up to 1946 and congressional House clections after 1946
is represented for cach of the generalized least squares estimates (columns one, four,
and seven) and for cach of the generalized trimmed least squares estimates (colnmns

three, six, and nine).?!

23The BLS unemployment data are from series D85-86 in the HSUS. For years after 1970 unem-
ployment data are taken from SUAS93 and SUAS82-83.
2*The Chow test is an F-statistic with (k + 1) and ny +ny — ky — by degrees of freedom formed as

(RSS —URSS) [/ (k+1)
URSS/(ng 4 ng — k1 — ko)

where RSS denotes the residual sum of squares of estimation of equation (1) on the full set of
observations; where U RSS denotes the unrestricted sum of squares of estimation of equation (1)
on the full set of observations where each coefficient is allowed to take on different values for the
pre 1948 and the post 1946 sets of observations; where nq denotes the number of observations prior
to 1948; ny denotes the number of observations after 1946; ky denotes the number of coefficients
estimated on the ny set of abservations; kg is the number of coefficients estimated on the ny set of
observations and k is the number of coefficients on the full (1nq 4 ny) set of observations.



104 CHAPTER 3. CONGRESSIONAL ELECTIONS AND THE ECONOMY

3.6 Results

The first three tables present estimates of equation (1) by GLS, LMS (using cquation

(3)), and GTS procedures using per capita income measures derived from BEA, Romer

(1988, 1989), and Balke and Gordon (1989) respectively.

Table 1 presents estimates using BEA estimates of GNP. Colnmns (1), (4) and
(7) present GLS estimates on the 51 congressional House elections from 1892 to 1992.
These estimates show a small but significant positive effeet from changes in per capita
income on the republican share of the total vote. The party of the President incum-
beney cocflicient is negative, and significant, indicating (as in Kramer (1971)) a slight
anti-incumbency effect. The cocefficients on inflation arc not significant, but in column
(9) following Erikson (1990), the share of the vote for republican party candidates
in the prior congressional clection is positive and significant. Finally, when the de-
pendent variable is defined as a difference hetween the current vote for republican
candidates in congressional House clections and the average of the preceeding cight
congressional House elections, following Tufte (1975) in the first column, the hypoth-
esis that general cconomic conditions have the same cffect on congressional House
clections prior to 1946 as after 1946 cannot be rejected. When the dependent, vari-
able is defined simply as the share of the vote for the republican party in the current
congressional House clections, following Kramer (1971) and Erikson (1990), then this

hypothesis can be rejected at the 5 percent level of significance. As with Kramer’s

(1971) original models, these three models explain slightly more than one third of the
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variation in the dependent variables.

Least median squares estimates for the preceeding three specifications are pre-
sented in columns (2), (5), and (8). Rather than focusing on the estimates, attention

should be drawn to the number of observations that the LMS procedure identifies
as having excessive influence on least squares estimates. For example, in column (2)
LMS estimation 1dentificd 1906 and 1918 as outlicrs when the dependent variable is
defined following Tufte (1975), and in column (5), 1894 and 1912, when the depen-
dent variable was defined following Kramer (1971). Including the lagged value of the
vote share for republican candidates in congressional House clections as an additional
regressor in column (8) increases the number of observations identified as outliers.
For the model that incorporates BEA estimates of GNP, the clections of 1894, 1898,

1912, 1914, 1932, and 1948 were identified as outlying observations using the criterion

established with cquation (5).

Generalized frimmed sguares estimates are presented in columns (3), (6), and (9).
These three columns show GTS estimates on the subscet of observations not identified
as outliers with LMS estimation. GTS estimates in columns (3) and (6) show a
modest improvement in the overall fit with the coefficients on inflation now becoming
significant, and negative, as expected. That is an increase in the price level hurts
the incumbent party at the polls. Note that in the last column, GTS estimation

shows a marked improvement in the overall fit, with an R? of 0.65 and large and

highly significant effects from the lagged dependent variable and from inflation, with
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a smaller, and barcly significant coefficient on per capita income. Finally, as we
shall sce in subsequent tables, one of the casualtics of using alternative estimates of
GNP and uncmployment and of using GTS estimation is the demise of signficance of

incumbency of the President’s party.
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Table 3.1: Estimates With BEA GNP 1892 to 1992

Tufte Kramer Erikson
W o@ o’ @ G ® @’ o
Variahle GLS LMS GTS GLS LMS GTS GLS LMS GTS
constant -0.004 -0.003 -0.005 0.490 0470 0.489 0.330 0.202 0.241
(-0.009) (-0.010)  (0.009) (0.009)  (0.062) (0.047)
Yi—2 0.329  0.592 0.504
(0.123) (0.098)
& -0.019  -0.005 -0.019 -0.022  0.001 -0.016 -0.018  0.014 -0.001
(-0.009) (-0.010)  (-0.009) (-0.008) (-0.008) (-0.001)
inflation -0.273  -0.152 -0.258 -0.259  -0.625 -0.287 -0.255  -0.701 -0.409
(0.153) (-0.163)  (0.156) (-0.138) (-0.158) (-0.114)
income 0.310 0.145 0.315 0.225  0.190 0.227 0.276  0.237 0.146
(0.100) (0.100)  (0.104) (0.087)  (0.105) (0.081)
R? 41 .39 .35 .40 .38 .65
rho .28 .30 .26 .34
N 44 42 42 51 49 49 51 46 46
F-statistic
Pre-1946/
Post-1946 1.78 1.72 2.38 3.46** 2.54** 0.04
Notes: Standard errors in parenthesis.

** denotes significance at 95 percent confidence level.

In table 2. estimates of per capita income from BEA GNP are replaced with cs-
tinates of per capita income using the GNP sceries crcated by Romer (1988,1989).
Generally, the cocfficients of these models are slightly larger than those in table 1,
although the levels of significance are similar. Observations identified as outliers us-
ing LMS cstimation are 1918 for the model using a dependent variable defined as
in Tafte (1975) in colmnn (3); 1894, 1912, and 1932 for the basic Kramer (1971)
model in column (6); and 1894, 1912, 1914, and 1922 for the model that includes a
lagged dependent variable in column (9) following Erikson (1990). The Romer (1988,
1989) GNP based per capita income produces the same conclusions with respect to
the hypothesis that the pre 1946 estimates are the same as the post 1946 estimates

as with the BEA GNP based per capita income used in table 1. That is, no dif-
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ference is detected when the dependent variable is defined as a difference from the

standardized vote as in columns (1) and (3) but the hypothesis is rejected when the

dependent variable is defined as the vote share of the republican party in the current
clection, as in columns (4), (6) and (7). Finally, the overall fits of these models are

indistinguishable from those of table 1.

Table 3.2: Estimnates With Romer GNP 1892 to 1992

Tufte Kramer Erikson
(1) (2) (3) (4) (5) (6) (7) (8) (9)
Variable GLS LMS GTS GLS LMS GTS GLS LMS GTS
constant -0.004  0.015 -0.005 0.490 0.481 0.487 0.337  0.324 0.232
(-0.009) (-0.009)  (0.009) (0.008)  (0.062) (0.052)
Y12 0.315  0.337 0.519
(0.128) (0.107)
& -0.019  0.012 -0.019 -0.024  -0.008 -0.008 -0.019  -0.007 -0.007
(-0.009) (-0.009)  (-0.009) (-0.008)  (-0.008) {-0.006)
inflation -0.269 -0.806 -0.259 -0.246  -0.605 -0.418 -0.238  -0.596 -0.315
(-0.149) (-0.159) (-0.152) (-0.141)  (-0.156) (-0.117)
income 0.369  0.237 0.368 0.282  0.109 0.226 0.322  0.521 0.285
(0.111) (0.111)  (0.117) (0.103)  (0.118) (0.090)
R? 42 .39 .36 42 .39 .58
rho .25 27 27 27
N 44 43 43 51 48 48 51 47 47
F-statistic
Pre-1946/
Post-1946 1.01 1.10 3.51% 6.00** 2.69** 1.98
Notes: Standard errors in parenthesis.

** denotes significance at 95 percent confidence level.

The third table presents estimates using per capita income derived from a GNP
series created by Balke and Gordon (1989). In general, these estimates are similar to
those of table 2 using the per capita income series constructed with Romer’s GNP
serics. The major difference is in the number of observations identified as outlicrs
using LMS estimation. For the models in the first three columns that use the difference

between the standardized vote and the current vote for republican candidates in
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congressional House clections, LMS estimation identified 1912, 1932, and 1934 as
outlicrs, while for the models in columns (4) through (6) that used the vote share of
the republican party in the current election as a dependent variable, LMS estimation
identified 1894, 1912, and 1932 as outliers. Interestingly, when the lagged value of
the republican vote share is included as an additional regressor in the columns (7)
through (9) models, LMS estimation identifics 1894, 1912, 1914, 1922, 1932, 1942,
1946, 1948, and 1980 as outlicrs. As compared with columu (9) of table 2 which is the
same model but with per capita income defined from Romer’s GNP serices, the first
four years arc the same, but the later years of 1932, 1942, 1946, and 1980 arc unique
to the Balke and Gordon GNP construction. Since the 1980 value does not change af
all in either construction of GNP, this may be cause for some concern about what the
LMS cstimation is identifying. Keeping in mind that the Balke and Gordon (1989)
series 1s more volatile than the Romer series, what LMS estimation tells us in this
instance is that when the additional years of 1932, 1942, and 1946 arc delefed, 1980

. 514
becomes an outlier as well.?

25Data sets that contain multiple outliers often exhibit this property, known as masking, in which
certain observations are not identified as outliers until other outlying observations are removed. See
Atkinson (1986) for a discussion.
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Table 3.3: Estimates With Balke and Gordon GNP 1892 to 1992

Tufte Kramer Erikson
S R NG N ) B € BN (> B ¢ N () B )
Variable GLS LMS GTS GLS LMS GTS GLS LMS GTS
constant -0.003  -0.001 0.001 0.491 0479 0.489 0.313  0.223 0.272
(-0.009) (0.131)  (0.009) (0.008)  (0.061) (0.050)
Yi—2 0.364  0.547 0.440
(0.126) (0.102)
6 -0.019  -0.002 -0.005 -0.023  -0.004 -0.008 -0.018  -0.002 -0.004
(-0.009) (-0.006)  (-0.008) (-0.008)  (-0.008) (-0.006)
inflation -0.278  -0.488 -0.441 -0.254  -0.633 -0.427 -0.256  -0.522 -0.459
(-0.151) (-0.113)  (-0.154) (-0.141)  (-0.155) (-0.130)
ncome 0.345 0.309 0.314 0.276  0.037 0.237 0325 0.379 0.290
(0.103) (0.078)  (0.111) (0.094) (0.112) (0.118)
R? 42 .bb 37 43 .39 .65
rho .29 .21 .29 30
N 44 41 41 51 48 48 51 42 42
F-statistic
Pre-1946/
Post-1946 0.98 3.56%* 3.52%* 6.62** 3.23%* 0.01
Notes: Standard errors in parenthesis.

** denotes significance at 95 percent confidence level.

The fourth and fifth tables exchange the per capita income variable used in tables
one, two, and three with two different measures of the national unemployment rate.
Table four uses an unemployment rate series constructed by the BLS and reported

in HSUS and table five replaces this series for the years prior to 1943 with that of

Romer (1986h) throngh 1930 and Darby (1976) up to 1943. Unlike Kramer’s (1971)
results, these models show a large and significant negative relation between changes
in the unemployment rate and the vote share of republican candidates in House
congressional clections. In neither table is the cocfficient on the incumbency of the
President’s party significant.

Turning to table four, columns (1), (4), and (7) show estimates of the three speci-

fications on the full data sct. Perhaps the most striking result of this table is the very
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large negative and significant cffect from changes in the unemployment rate on the
republican vote share in congressional House elections. The cocflicient on inflation is

negative and significant in the Tufte (column (1)) and Kramer (column (4)) specifi-
cations of the dependent variable, but not in the Erikson (column (7)) model. Each
model explains a little more than once third of the total variation in the republican
vote share for congressional House clections. LMS estimation identified the clection
vears of 1908 and 1918 as outliers for the Tufte dependent variable in column (2);
1894, 1912, and 1932 for the Kramer specification in column (5); and 1892, 1894,
1898, 1912, 1914, 1922, 1924, 1932, 1948, and 1980 for the Erikson specification in

column (8). The GTS estimates that delete these observations show httle difference
from the GLS estimates on the full data set for the Tufte specification in column (3)
and the Kramer specification in column (6). However, for the Erikson specification
in colummn (9), the climination of ten observations, cight of which are from the pre
World War II record, results in a substantial improvement in the model fit, with an
R? of 0.82, and also leads to the rejection of the hypothesis that the pre 1946 model
coctlicients are the same as the post 1946 coefficients. As with the first three tables,
that used per capita income rather than changes in unemployment rates, the Tufte

models of columns (1) and (3) do not reject this hypothesis, while for the most part,

the Kramer models of columns (4) and (6) do reject this hypothesis.
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Table 3.4: Estimates With BLS Uncmployment 1892 to 1992

Tufte Kramer Erikson
e TN ) N ) B ) RN ( WY ¢ N W )
Variable GLS LMS GTS GLS LMS GTS GLS LMS GTS
constant -0.005  0.011 -0.005 0.489 0.478 0.487 0.334 0.329 0.230
(-0.009) (-0.009)  (0.009) (0.008)  (0.062) {0.039)
(0.129) (0.079)
& -0.010  0.017 -0.011 -0.016  -0.004 -0.003 -0.013  -0.001 0.007
(-0.009) (-0.010)  (-0.009) (-0.008)  (-0.008) (0.005)
inflation -0.307  -0.771 -0.246 -0.870 -0.633 -0.445 -0.263 -0.617 -0.583
(-0.154) (-0.166)  (0.157) (-0.144)  (-0.159) (-0.092)
Unemp. -0.782  -0.629 -0.869 -0.550  -0.040 -0.321 -0.656 -0.974 -0.741
(-0.265) (-0.277)  (-0.260) (-0.241)  (-0.251) (-0.165)
R? .38 37 .34 .38 .38 .82
rho 19 .19 22 .22
N 44 42 42 51 48 48 51 41 41
F-statistic
Pre-1946/
Post-1946 0.85 0.67 2.64** 4.85** 2.11 3.15%*
Notes: Standard errors in parenthesis.

** denotes significance at 95 percent confidence level.

In table five, replacing the BLS unemployment rate with that of Romer (1986h)

and Darby (1976) produces cocfficients on nnemployment nearly twice as large (and

negative) as those of table four. Morcover, the overall fits of the models estimated

on the full data set in columns (1), (4), and (7) arc larger than any other set of

models presented in this paper, and in the case of the Tufte type model in column

(1), explains ncarly one half of the variance in the difference between the republican

sharce of the vote in the current congressional House election and that of the previous

cight clections. LMS estimation identified the clection years of 1906 and 1918 as

outlicrs for the Tufte dependent variable, column (2); 1892, 1894, 1896, 1912, 1924,

1926, 1932, and 1980 for the Kramer specification in column (5); and 1894, 1912,

1914, and 1934 for the Erikson specification in column (8). GTS estimation on these
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modified data sets results in noticeably improved overall model fits, with the Kramer

type model of columns (4) and (6) increasing from an R? of 0.39 to 0.61, and the

models in columuns (7) and (9) that use an Erikson type specification increasing from

0.43 to 0.58. Interestingly, with the Romer and Darby uncmployment data, only the

Kramer type models of columns (4) and (6) reject the hypothesis that the pre 1946

model cocfficients are signficantly different from the post 1946 model coctlicients.

Table 3.5: Estimates With Romer and Darby Unemployment 1892 to 1992

Tufte Kramer Erikson
W o’ @ B ® O ®
Variable GLS LMS GTS GLS LMS GTS GLS LMS GTS
constant -0.001  0.001 -0.001 0.491 0.481 0.485 0.335  0.096 0.258
(-0.006) (-0.007)  (0.009) (0.006)  (0.059) (0.051)
Yi—2 0.321 0.776 0.466
(0.123) (0.104)
& -0.004  -0.019 -0.005 -0.016  0.004 0.004 -0.013  0.025 -0.004
(-0.008) (-0.008)  (0.009) (0.006) (-0.081) (-0.006)
inflation -0.388 -0.073 -0.328 -0.286  -0.726 -0.621 -0.268 -0.609 -0.295
(-0.131) (-0.146)  (-0.149) (-0.116) (-0.151) (-0.117)
Unemp. -1.555  -0.567 -1.543 -0.959 -0.892 -0.806 -1.280 -1.422 -0.887
(-0.314) (-0.326)  (-0.328) (-0.256)  (-0.308) (-0.261)
R? 49 A7 .39 61 43 .58
rho .06 .04 23 A7
N 44 42 42 51 43 43 51 47 47
F-statistic
Pre-1946/
Post-1946 1.52 1.13 3.08** 3.69** 2.58** 1.41
Notes: Standard errors in parenthesis.

3.7 Conclusion

** denotes significance at 95 percent confidence level.

In this paper, a variety of modifications to a model of the effects of general macro-

cconomic conditions on congressional House election outcomes as specified by equation
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(1) were tested. First and foremost among our conclusions is that regardless of the
construction of alternative data series for GNP and uncmployment, increasing the size
of the data set on which the various specifications of equation (1) are tested results
in strong support for the belief that genceral cconomic conditions effect the popular
vote 1n congressional House elections. Briefly, increases in the rate of inflation or in
the unemployment rate reduce the proportion of the popular vote cast for republican
candidates 1n congressional House clections while inercases in per capita income or in
the vote share in the prior congressional clection incerease the vote share. Morcover, |
find no cffect from the menmbencey of the President’s party. These models generally
explain between one third and one half of the variation of the republican vote share in
congressional House clections. Among the three speetfications tested, the most stable
in the sense that the fewest outliers are detected using the least median squares
estimation is when the dependent variable is defined as the difference between the
current vote share for republican candidates in House congressional clections with
those of the prior eight congressional clections following Tufte (1975). This is not too
surprising since the use of a standardized vote measure tends to modify the influence
of nnusual clection outcomes.®® By the same token, modcls specified with a lagged

value of the vote share for republican candidates in congressional House elections, as in

26T hree elections were consistently identified by LMS estimation as outlier observations. They
are 1894, 1912, and 1932. The later two have obvious interpretations as unusual elections because of
the strong third party challenge in 1912 and the depression in 1932. Interestingly, other researchers
have also identified these later years. Kramer (1971) omitted 1912, and Gough (1984) omitted
1932. However, the World War II elections were identified as outliers only once, when the Balke and
Gordon (1989) GNP series was used in table 3, and only then for the Erikson (1990) specification
in column (9). ‘ v
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Erikson (1990), arc the most skittish in the sense that large numbers (as many as ten)

of observations arc identified by least median squares estimation as outliers. These
- - - ) ~

models also experience the greatest swings in R” from a low of 0.58 for models that use

the Romer GNP scries and Romer and Darby modifications to BLS unemployment,

data to 0.82 for the model that uses the BLS unemployment series.

The use of revised historical estimates of GNP and unemployment clearly improve
the explanatory power of the basic model described in equation (1). The most com-
pelling results for per capita income are contained in table three, which uses a new
historical GNP series created by Balke and Gordon (1989) to construet per capita
income. The generalized trimmed squares estimates presented in columns (3), (6) and
(9) of table three are remarkably stable across cach of the three alternative specifica-
tious, for all of the variables with the cocfficient on the change in inflation at about
-0.45 and the cocfficient on the change in per capita income at about 0.30. More-
over, modcls using the Balke and Gordon (1989) GNP data have R%s of 0.55, 0.43
and 0.65 for the Tufte, Kramer, and Erikson specifications respectively. When the
models are fitted with new historical unemployment data from Romer (1986h) and
Darby (1976), again there is a sizeable and consistent improvement over the standard
historical unemployment series, as reported in table five. The generalized frimmed
squares estimates presented in table 5 report coeflicients on the change in inflation of

hetween -0.3 and -0.6 while the cocefficients on the change in the rate of unemployment

vary between -1.5 and -0.8.
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[ have mixed results on the test of the hypothesis that general cconomic condi-
tions prior to 1946 had a different cffect on the proportion of the vote for republican
candidates in congressional House clections than for the years after 1946. The only
model that uses a Tufte type dependent variable, in column (3) of cach table, that
rejects this hypothesis is when the Balke and Gordon (1989) GNP series is used (in
table 3) to construct per capita income, and the only model that uses the Erikson
(1990) type construction, in column (9) of cach table, which rejects this hypothesis
is when the BLS unemployment data are used, in table 4. On the other hand, gen-
cralized trimmed squares estimation of Kramer type models, in column (6) of cach

table, reject this hypothesis every time.
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3.8 Appendix



3.8. APPENDIX

Table 3.6: Data: 1892 to 1929

Share of Real Per Capita
Total Income
Vote for BLS Jonstant $ 1987 Unemployment Rate
Republican CPI Balke & Romer &
Year Party 1967=100 BEA Romer Gordon BLS Darby
1892 0.414 27.0 2510 2490 2520 3.0 3.7
1893 27.0 2380 2450 2470 11.7 8.1
1894 0.618 26.0 2250 2360 2350 18.4 12.3
1895 25.0 2470 2490 2580 13.7 11.1
1896 0.567 25.0 2310 2440 2480 14.4 11.9
1897 25.0 2530 2580 2630 14.5 12.4
1898 0.456 25.0 2580 2660 2640 12.4 11.6
1899 25.0 2820 2810 2890 6.5 8.7
1900 0.511 25.0 2920 2950 2910 5.0 5.0
1901 25.0 3150 3080 3200 4.0 4.6
1902 0.493 26.0 3180 3150 3190 3.7 4.3
1903 27.0 3220 3200 3220 3.9 4.4
1904 0.538 27.0 3130 3160 3280 5.4 5.1
1905 27.0 3370 3330 3510 4.3 1.6
1906 0.507 27.0 3660 3530 3590 1.7 3.3
1907 28.0 3650 3570 3460 2.8 3.6
1908 0.497 27.0 3330 3390 3210 8.0 6.2
1909 27.0 3780 3660 3520 5.1 5.1
1910 0.465 28.0 3690 3670 3460 5.9 5.9
1911 28.0 3740 3680 3510 6.7 6.3
1912 0.340 29.0 3910 3820 3660 4.6 5.3
1913 29.7 3980 3900 3730 4.3 4.9
1914 0.569 30.1 3600 3730 3380 7.9 6.6
1915 30.4 3680 3960 3460 8.5 7.2
1916 0.537 32.7 4280 4340 3960 5.1 5.6
1917 38.4 4250 4390 3910 4.6 5.2
1918 0.569 45.1 4540 4520 4160 1.4 3.4
1919 51.8 4110 4090 4020 1.4 2.9
1920 0.642 60.0 3950 3930 3880 5.2 5.2
1921 53.6 3710 3690 3680 11.7 8.7
1922 0.517 50.2 3940 3920 3880 6.7 6.9
1923 51.1 4380 4360 4350 2.4 4.8
1924 0.555 51.2 4370 4340 4380 5.0 5.8
1925 52.5 4410 4380 4420 3.2 4.9
1926 0.569 53.0 4630 4600 41620 1.8 4.0
1927 52.0 4580 4550 4580 3.3 4.6
1928 0.565 51.3 4650 4620 4610 4.2 5.0
1929 51.3 4740 4740 4740 3.2 4.6
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Table 3.7: Data: 1930 to 1966

Share of Real Per Capita
Total Income
Vote for BLS Constant § 1987 Unemployment Rate
Republican CPI Balke & Romer &

Year Party 1967=100 BEA Romer Gordon BLS Darby
1930 0.526 50.0 4320 8.7 8.9
1931 45.6 4010 15.9 15.3
1932 0.414 40.9 3440 23.6 22.5
1933 38.8 3290 24.9 20.6
1934 0.461 40.1 3440 21.7 16.0
1935 41.1 3760 20.1 14.2
1936 0.441 41.5 4240 16.9 9.9
1937 43.0 4340 14.3 9.1
1938 0.514 42.2 4030 19.0 12.5
1939 41.6 4330 17.2 11.3
1940 0.487 42.0 4520 14.6 9.5
1941 44.1 5170 9.9 6.0
1942 0.539 48.8 6170 4.7 3.1
1943 51.8 7300 1.9 1.8
1944 0.494 52.7 7770 1.2

1945 53.9 7740 1.9

1946 0.558 58.5 6480 3.9

1947 66.9 5970 3.9

1948 0.481 72.1 6040 3.8

1949 71.4 5890 5.9

1950 0.510 72.1 6290 5.3

1951 77.8 6620 3.3

1952 0.503 79.5 6840 3.0

1953 80.1 7020 2.9

1954 0.471 80.5 6860 5.5

1955 80.2 6990 4.4

1956 0.494 81.4 7130 4.1

1957 84.3 7150 4.3

1958 0.434 86.6 7190 6.8

1959 87.3 7230 5.5

1960 0.448 88.7 7330 5.5

1961 89.6 7430 6.7

1962 0.475 90.6 7610 5.5

1963 91.7 7770 5.7

1964 0.428 92.9 8080 5.2

1965 94.5 8405 4.5

1966 0.480 97.2 8733 3.8
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Table 3.8: Data: 1967 to 1992

Share of Real Per Capita
Total Income
Vote for BLS Constant § 1987 Unemployment Rate
Republican CPlI Balke & Romer &
Year Party 1967=100 BEA Romer Gordon BLS Darby
1967 100.0 9035 3.8
1968 0.482 104.2 9346 3.6
1969 109.8 9581 3.5
1970 0.445 116.3 9659 4.9
1971 121.3 9696 5.9
1972 0.464 125.3 10006 5.6
1973 133.1 10500 4.9
1974 0.405 147.7 10480 5.6
1975 161.2 10260 8.5
1976 0.421 170.5 10550 7.7
1977 181.5 10850 7.1
1978 0.447 195.4 11280 6.1
1979 217.4 11500 5.8
1980 0.480 246.8 11570 7.1
1981 272.4 11650 7.6
1982 0.433 289.1 11490 9.7
1983 298.4 11640 9.6
1984 0.470 3111 12180 7.5
1985 322.5 12530 7.2
1986 0.446 328.1 12820 7.0
1987 340.1 13190 6.2
1988 (0.455 355.4 13600 5.9
1989 372.5 13890 5.2
1990 0.450 392.7 14030 5.4
1991 409.2 13820 6.6
1992 0.456 421.5 14040 7.3




