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RANSACKING CPS TABULATIONS: APPLICATIONS OF
THE LOG LINEAR MODEL TO POVERTY STATISTICS

BY FREDERICK J. SCUEUREN

The log-linear model as deceloped by Goodman, Kullback. and others affords researchers a powerful
tool for analyzing tabulations of surrey data. Presented are some applications of the model to counts of

the poor published by the Census Bureau from the anaal income supplement to the Current Population
Survey (CPS).

In keeping with the use of the word “ransacking™ in the title. the approach is exploratory and des-
criptive. Formal itypothesis testing and other confirmetory tecliniques arc dealt with only peripheraily.
Some attention is paid. though. to the statistical problems posed by the complex (muiti-stage) nature of
the CPS sample.

1. INTRODUCTION

The annual income and poverty reports, published by the Census Bureau, from
the Current Populaiion Survey (CPS) are one of the most important socurces of
information on the economic status of Americans. This paper takes some of the
well-known techniques for fitting log-linear models to tabular material. and apphes
them to the CPS poverty figures. In the cases examined. the relationship between
a family’s poverty status and the demographic characteristics of the farmly head
can be described quite simply and succinctly. Nearly all the information in several
long and involved cross-tabulations can be summarized by the models studied.

L1, Formulating the Model
To introduce the notation we will need, consider the following data taken
from the March 1971 CPS.

TABLE A
Numeer OF U.S. FAMILIES BY POVERTY STATUS. AGE. SEX. AND RACE OF HEAD

{In Thousands)

Poor Nonpoor
Age and Sex of Head
White Nonwhite White Nonwhite

Male-headed

Under 65 years old 1.821 495 34649 2873

65 years or older 783 181 4.896 300
Female-headed :

Under 65 years old 939 773 2.552 651

65 years or older 138 64 737 76

Source: U.S. Burcau of the Census. Current Population Reports. Series P-60, No. 81~ Character-

istics of the Low-Income Population. 1970 U.S. Government Printing Office. Washington. D.C..
1971 {page 67).
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Table A has four dimensions: Poverty. race. sex. and age. To refer to an individual
cell of the table let Ntijkm) denote the total number of families having the ith
poverty status (i = 1 if the family is poor. i = 2 if nonpoor). jth race ( I = | non-
white. j = 2 white). kth sex (k = 1 if fanmly is headed by a male, k = 2 if head 1S a
female) and mtl age (m = 1ifthe head is under 65, it = 2 if the head is 65 years or
older). The true proportions of families in any cell will be denoted by

N(ijkm)

{

(L.h Plijkm) =

where N is the total number of families in the U.S. noninstitutional population.
Estimates | pijkm)} are formed from Table A by substituting sample values for
both N(ijkm) and N in (L. 1).

Depending on the head's age. race and sex. the odds that a given family will
be poor vary considerably. For example the odds that a white male-headed family
will be poor are 34.649 to 1821 or about 19 to 1 if the head is under 65 but grow to
4.896 10 783 or about 6 to 1 if the head is 65 or more. For nonwhite male-headed
families the odds are net as favorable as for whites: 2.873 to 495 if the head is
under 65 and 300 to 18! if the head is 65 or more. An interesting result emerges
if one looks at the relative odds’ ratios for whites and nonwhites at each age level.
For male heads under 65 this relative poverty ratio is

N2 T HINL2 LD 34649/1821 B

(1.2 NOLLUML LIS 28 =32

2.873/495
which is not toe different from the ratio for families with maulc heads 55 or more. ie..

(3 Y201 2)N(1L 2012 _ 4.896,783

- N L2UNI LT 2) T 300181

It turns out. in fact. that for any given combination of age and sex of the family
head the odds of being noupoor are about 33 times better for whites than for
nonwhites.

i.2. General Model Equations

To pursue this type of analysis rigorously for Table A. the natural logorithms
of the cell proportions will be fit to a model with coefficients whieh are functions
of the relative odds™ ratios considered above. In its full generality the model
equition is

Inplitkm) = B, + fi¥ + B+ B+ B
itd) + B AR B B+ R o pa

jm

+ /;PF:S 4 /‘PR\ + ﬁ[’s-\ + /jRS.—\ + /‘PRS:\.

ij ijm tkm jkm ijkm

The superscripts P. R S. and A stand for poverty. raee. sex. and age respeetively.
The four f#'s having only one superscripi refleet the contribution of each of the
factors taken by itself. There are six f's needed to aceount for the factors aeting in
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pairs ; the f§°s with three subscripts absorb the interaction of sets of three dimensions
simultaneously ; 78> is the four-way interaction.

Expression (1.4) is the usual dummy variable regression model except that
the independent variables have been suppressed for the sake of brevity. Readers
who find the notation troublesome should consult the footnote.! To have a defined
system some of the coefficients must be dropped. The convention will therefore
be adopted of setting to zero all s having a *2" as any part of their subscript.

From (1.4) it can be shown that the log of the poverty odds ratio for a given
age, race or sex group is

Wi = I {p(Ljkm)/(2jkm)
= In p{Ljkm) — n p2jkm)

(15) ST
= B+ B R
+ UK+ B + BT+ iR

The coeflicients of the logit model (1.5) are factors which taken together give the
odds of a family’s being poor. The overall odds arc a function of % while the
relative odds by race, sex and age are determined from %, g3 and gt respectively.
The remaining four terms are corrections to these relative odds made neeessary
by the fact that sometimes two or more dimensions act jointly. Morc will be said
about the interpretation of the model parameters in Scction 3 where the actual

numerical values for Table A are discussed.

2. FITTING THE LOG LINEAR MoODEL

Models such as (1.4) or (1.5) can be fit in regression by {weighted) least squares
(2:26]). We will, however. employ another estimation procedure here [9: 181. ene
based on the theory of minimum discrimination information. While to some
extent the choice between these two possible procedures is a matter of tastc. there
are often computational advantages 'o the use of information-theoretic techmques.
They also can allow one to visualize in an intuitively satisfying way the implications
of a particular model for the table being examined. Readers not interested in the
mathematical details of the fitting algorithms can safely skip the rest of this section
provided they are willing to accept our measure of fit. 12, and use it as one could
use R? in ordinary regression.

1]
o
=
1

1l
)
3
]
—
i
te

l\_i:{l i‘:l. ij{l i=1 .\_k:{lk o

0 j=2 0 k
then there is an ¢xact correspondence between (1.4) and the more familiar model

in plifkm) = fio + BPX, + BRX, + X, + X + BRYX,
+ PN X FPAN N+ XY RN+ BN
+ BESKX X, + BRAXX X, + RN XX, + XY, X,
+ BPSAXLY XX
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2.1 Mavimum Discrimination Information

As applied to tabulated data the Minimum Discrimination approach
involves consideration of the quantity
. plijkm)
2 (p:p) = ) nplijkm)In -=-0"
2.1 (F:p) =3 npij ko)
where n is the sumple size, the Plijkm)) are the survey estimates of the cell pro-
portions. and the (Plijkim)| are selected to minimize 1(p:p) subject to the restriciions
imposed by the model chosen, including the requircments that

(2.2) Y pijkn) = 1 and Rijkm) >0 foralli.j k and m.

To see how the {p(ijkin)} are used to obtain the model parameters we wil
write (1.4) in matrix form. Let ¥ be the column vector of natural logarithms of the
estimated cell proportions. c.g. in Table A

(2.3) Y= LL b n Lt 1. 2. Inp2.2.2.2)y

then the mathematical models to be studied can be expressed succinctly in the form
(2.4) y=Xp+e

where X is a matrix of exogenous variables (assumed to be of full rank). B is a
vector of unknown parameters and e is a random variable with zero mean and
variance-covariance matrix .

Using the Minimum Discrimination approach. the estimated value of § is
obtained from

(2.9) p=(XxX) "Xy
where in Table A
(2.6) i:(lnﬁ(l_l.l_l).lnﬁ(l.l.l_z) ..... Inp(2.2.2, 2.

This way of proceeding is just backwards from that in ordinary regression (with
V= a’I). In regression one first gets P from

(2.7) B=(xx)'xy
and then the “‘predicted values § are given oy
(2.8) ¥ = x§.

2.2, Iterative Scaling Procedure

For the types of models we will mainly consider in this paper. a direct relation-
ship exists between the equation one assumes and the marginal totals of the table.
Broadly speaking. once one has specified what rim totals the table is to have, the
model has also been determined.

The marginais needed (o fit a particular model are found by examining the
parameters assumed to be nonzero, For instance if

(29) In plijkm) = g, + g7 + By + B+ pd o+ Bix
then the Poverty-Race marginal is needed since B is hypothesized te be nonzero,
162
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Because this two-way marginal determines the one-was Poverty and Race
marginals, estimating 87 or 5 creates no new problems. But to obtain /1 and
S the one-way sex and age marginals inus also be used.”

The estimated cell entries imphied by the model are found by an iterative
process. Commonly the initial step in a computer program is to enter s in all
the cells. These valies are then sealed so that the table will agree with the first
marginal one has specified. The resulting array is used as input to the nexi step
where the entries are fitted to a second specificd marginal. In snbsequent steps
the other marginals are mtroduced mn turn. The iterative cyele may need to be
repeated a number of times, cach stage beginning with the cell valies taken from
the previous stage until the desired degree of securaey has been achieved. Con-
vergence 1s generally guite rapid.

One can also use the iterative scaling procedure te “standardize’™ o tabic’s
values by fitting 1t to a marginal or marginals taken from another table. When
engaged in standardization the iteration docs not begin with " F's™ in all the celis.
but with the original entries. For an illusiration of this technique, see Table D.

2.3, Fitting Criterion

Considerations of parsimony make 1t desirable to reduce the number of esti-
mated f’s as far as possible without leaving out something “essential.” To do this.
reliance will be placed on a criterion [9:246] similar to R*. Ixpressed in the
notation of Table A. the relative information statistic £° is obtained as follows:

Let |p] be the set of cell proportions estimated when fitting the model

. plLjkm) »
nees o= i
P(2jkm)

(2.10) ‘{ijm = |

Further, let {p} be the set of celi proportions estimated for some other variant of
(1.5), inchiding the parameter S}, such s

210 Wi = B+ Y+ B
It can then be shown [17] that
(2.12) Hp:py = Hp:p)+ 1p:p)

where the {p! are the original estimated cell proportions. [(p ) 13 the toral amount
of variation in the cell frequencies which remains unexplained when we assumie
that the odds of being poor are constant for all groups. I(:p)is a measire of the
variation explained by allowing for the assoctation (regresston) between poverty.
race and sex. I(p: pYis the varation which continues to remam unexplained under
model (2.11). Thus (2.12) 1s of the form

Total variation = Explained 4 Unexplained.

* It should be noted for future reference (page 163) that in fitting (345 by assumption the race
poverty effect waslaken to be independent of age and sex: hence all the mformation aboui the assoc-
ation between them is found in the rare- poverty marginal totals. Similarly the informution about the
age-sex-poverlty effect is contained entirely 1n the age- sex-poverty marginal. Since from (1.4 we must
also deal with relavionships between age, race and sex which do not involve poverty. the age race sex
marginal totals must be preserved. Thus to fit (3.4) a table was constructed which conformed to the
marginals: poverty crossed with race. poverty crossed with age sex, and race ¢rossed with age sex.

163




NP AR

Dividing both sides of (2.12) by I(p-p) and rearranging terms we define 17 ay

: - Ip:p) | lp:py
) T S h-S5Y
(213 Ip: iy 1tp:p)
Since [17)

12.14) I(p:py = Ip:p) =0

v

then. except for the tivial case when Ip.p =0
(2.13) 0< "< 1.

This definition allows us 1o mterpret 1 in much the same wayv as the R? of standard
regression. Of course. R? itself conld have been used i assessing relative fir,
However. to do so wonld be 10 introduce an extrancons clement. We prefer 12
because it is directly linked to the estimation process.

24 Descriptive Use of Log Linear Model

The approach tuken to the CPS data in this paper is frank|v exploratory and
descriptive [e.g. 52233 The use of the word “Ransacking ™ in the title was meant
to imply this. We have not resorted to formal hypothesis testing as such. As a
matter of fact. given a belief in the inherent granularity of large finite populations
{like the universe of all US. families). one would not expect that any of the fi's
in a model such as (1.5) could actually be left ont and still have an exact fit 1o data
collected in a complete ¢ensus. Often enough thongh. some of ihe higher-order
mteractions. whose meanmg can be hard to get hold of intuitively, may be so close
to zero that to assume that they are does not seriously impair the model's descriptive
power.

With large-scale surveys. like the CPS, a subjective measure of fit such as /2
may be a betier guide for the researcher than considerations of statistical signifi-
cance. For one thing when the sample size is large relative 1o the number of cells
then substantively insignificant ¢ffects can become statistically significant. It also
turns out to be quite difticult 1o make even approximate significanice statements
when the data come from complex multi-stage samples. designs which seem to be
SO common 1 practical work.

3. THE ODDS OF BEING Poor GiviNn A RacE, AND Sky

One of the problems inherent in using the relative information. 12, as a gude
tn choosing a model is deciding how iarge it must be for the At to be “satisfactory.”
Considerations such as descriptive simplicity, the size of the table. and still other
concerns all play a part in addressing what is inherently a subjective question.
For sitnations like Table A where only a small number of cells are involved we
Propose 1o nse a rather stringent criterion requuring that 12 > 95 percent. Sinee
povertyvis relatively areater among nonwhites. among families headed bv a woman
or by someone 65 years or older it is natural 1o begin with a model which brings
in all of these factors in some way. The simplest form for doing this is
(3.1 Vi = i1 + BI% 4 pi 4 s

fm-
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In (3.1) we posit that there is only a pairwise association between poverty and
cach of the other three dimensions, Le. that the relationship between poverty and
any one “independent” variable is the same no matter what values are taken o
by the other two variables. To see what is meant. consider again the relative odds
ratio for whites and nonwhites. as was done in (1.2 and (1.3). From (1.4) with some
algebra the ratio

N2, 2 k. imy NOL.2 ko) Copth Lk p(2o1 4kom)
Nk my N ko) pil. 2 kom)yp(2.2. k.om)

e (PR PRS PRA FRSA )
=oxp S + B + P + B

(3.2

In the special case of pairwise assaciation this ratio becomes
(3.3) exp A3}
that 1s. 2 constant which does not vary from one age sex combination to another.

When the pairwise associative model (3.1) was fit to Table A the relative
information accounted for was 91.3 pereent. At the cost of inchuding just one
more coeflicient (the poverty age sex interaction. 5153) a very good it (I° = 999
pereent) was obtained. In what follows we will discuiss the fatter model in some
detail.

First. the fact that the poverty-age-sex interaction is nonzero indicates that
it might be better to treat age and sex as just one: dimension in looking at poverty
since they do rot act separately but jointly. Thinking of age and scx as one factor
the model can be rewritten as
(34) W, = B+ B g

J

where the {83y = | 4 are the quantities required to account for the impact

of sex and age on poverty. The actual numerical vahies of the fi’s werc:

B = —2950  (Ovcrall poverty coeflicient)

% = 41206  (Poverty coeflicient for nonwhites)

Bt = +1952 (Poverty coctlicient for female hicads under 65)
BN = 4 1.341 (Poverty coeflicient for female heads 65 or older)
BYSA = +1.134  (Poverty coeflicient for male heads 65 or older)

where we set 1% = 5" = O (because of the restrictions required when using
dummy variables).

The sign and size of the parameters are of course indicative of the direction
and strength of the interrelationships we are studying. For example the poverty
coeflicient for nonwhites is + 1.206. The positive sign means that poverty is more
likely to be found among nonwhites than whites—in fact. exp {1.206] = 3 34 morc
likely.

The age-sex coeflicients show thut the incidence of poverty is greatest among
families headed by a female under 65 with families headed by a female 65 or older
in second place. Not only are male-headed families less poor than fenale-headed
ones but the pattern s also different with poverty being at its lowest for families
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with a mals: head under 65, This difference in patiern incidentally is why the elleets
ol age and sex could not be treated additively but had to be combined.

T readers Bamiliar with the lterature on poverty none of the relationships
we have been discussing are atail new. The example was in fact chosen with this in
miind. 1t allowed us to put the emphasis on the mcthodology rather than on the

findings.

3.1 Lerrelationships Over Time

An example in which the results arc less obvicus can be constructed by looking
at how stable the relationships between poverty and race. age. and sex have been
over the period 1959 1970. To do this the logit model

13.5) W= B+ B

can be fit using cach vear's figures ¢ = 1959, ... 1970. All that is required for the
analysis 1s to introduce “tinie” as an additional dimension of the table.

“The fits obtained using (3.5) were remarkably good in cach year {the average
value of 17 was 99.7 percent). However there have been considerable changes in
the coctlicients as can be seen from Table B. Poverty itself. of course. has declined
fairly steadily from 1939 to 1969 with only a small increase in 1970,

The impact of race on poverty has also been substantially reduced as the table
shiows. Most of the decline in the relative incidence of poverty between whites and
nonwhites occurred between 1965 and 1968. a period of quite low uncimploymeni.
Exenso. exeept for the 1964 figure (which appears to be an anomaly) there has been
some improvement from year to year in reducing the disproportionate burden of
poverty borne by nonwhites.

The relative incidence of poverty by age and sex of head changed over the
period we are examining but the pattern was not nearly as regular as for race.
The most important movement seems to be in the growing disparity between
familics headed by a male under 65 and all other familics. This is made cvident by
the fact that the coctlicients for female-headed familics and familics headed by a
male 65 or older tend to get larger and larger as time goes on. The high unem-
ployment in 1970 reversed this trend somewhat but there are reasons to suspect it
will continue over the tong run duc in parLat lcast to the poverty definition itsclf.
This definition is based on a set minimum standard. updated annually using the
Consumer Price Index. Thus. as has been pointed out elsewhere [25 (81)). those
dependent on fixed incomes (such as the aged) or in jobs with limited upward
mobility (eften women) necessartly will become a proportionately larger share of
the poverty population. all other things being equal.

To summarize then. three trends hasve been isolated in Table B: An overall
deciine in the incidence of poverty. and tendencics for the declines to be relatively
greater among nonwhite families and families headed by a male under 65. We will
DOWANY to assess the relative importance of each of these phenomenon. As part of
this assessment the model
13.6) Wio= M+ R 4 i

1y
was estimated. The difference between the minimum discrimination information
for (3.3)and that obtained for (3.6)is. of course. a measure of the loss of fit incurred
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TABLE B
RacCr AND AGE SFX COEFFICIENTS FOR POVERTY MODEL (3.9)

Age, Sex and Poverty

Overall Raee

Poverty and Male Female Female
Year Cocflivient Poverty 65+ Under 65 65+
1970 —2.950 1.206 1134 1.952 1.341
1969 —3.028 1.243 1.287 2018 1.625
1968 -2922 1.256 1142 1.900 1.457
1967 ~2.798 1.385 1.320 1.766 1.506
1966 -2.738 1.487 1.262 17N 1.156
1966 —2.650 1.448 1.298 1810 L1G?
1965 —2473 1.550 1.027 16RO 1416
1964 --2.302 1.461 0925 1.466 1.079
1963 -2272 1.591 0953 1.579 1.299
1962 --2.150 1.637 0.891 1.593 1.064
1961 -2.070 1.638 0963 1428 1.214
1960 —2.060 1.658 0915 1.52§ 1.016
1959 —2.060 1.689 i.514 1.051

.
3
b
2
H
1

-
j
%
|

1.073}

" Bused on revised methodology for processing income data as explained in Scries P-60: No. 81,
pn. 23-25

Source Data for Coeflicients : U.S. Burcau of the Census. Current Population Reports. Series P-60
No. 81.p. 67; No. 76. p. 52. No. §8. pp. 33 37.

by assuming that the relative incidence of poverty was not changing by age. race ot
sex. Similarly comparing the minimum discrimination information for (3 6) and

(3.7) Vi = B+ B+

1r

provides an indication of the importance over time of the change in the incidence
of poverty. The difference between the minimum discrimination information for
(3.5) and (3.7) provides an overall measure of the total lack of fit from all causes.
When one examines this total. 90.1 percent is due to uniiorm shifts in the general
incidence of poverty in the population. Only 9.9 percent is the result of changes in
the relative incidence of poverty among age-race-sex groups. Of this remainder
about one-third of the lack of fit is due to changes in the race effect and two-tbirds
to changes by age and sex of head.*

At first glance there would seem to be some problem in squaring the above
analysis with the figures in Table C which show that all of the decline in the number
of poor farnilies has occurred among those with male heads : in fact the number of
poor female-headed families has actually tncreased slightly.

The togit model and its corresponding coeflicient estimates depend on the
relative number of poor families within each age. race and sex class. They are
only indirectly affected by the counts in the individual cells being examined. On
the other hand, Table C summarizes the net result of both an altered pattern in the
incidence of poverty and also changes in the relative sizes of various demographic
groups and of the overall total number of familics.

3 It shoutd be mentioned that the relative importance of each of these causes is not independent
of the order in which they are examined. The scquence followed makas a differenceas it does in regression.
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TABLE C
NosmeR oF POor FAMILIES BY S¥x oF Heap, 1970 axp 1959

{In Thousands)

Change

Sex of Head 1970 1959 1959 1o 1970

Toral 5214 8320 - 3,106
Muale 3.280 6,404 3124
Fenuile 1.934 1916 + 18

Source: 1S Bureiu of the Census, Current Populution
Reports. Series P-60, No. 81, p. 29.

Table D below was created in an attempt to sort out all the factors acting on
the poverty totals.* However. the partialing out of the importance of ainy one change
cannot be done independently of the others. Thus the adjustments shown in
Table D are conditional in nature. Each represents the net additional change made
by afictor given the other factors whose eflects have already been taken account of.
Despite this limitation it may be useful to compure the differential impact of

TABLE D
ELEMENTS OF THE 1959 TO 1970 SHirr 1N THE NUMBER OF POOR FAMILIES

(!n Thousands)

Miile-Hended Female-Headed
Ttern Total Familics Familics

Poor Famiiies in 1959 8.320 6,404 1916

Population Composition Chinges:

Growth overail + 1,282 +9R7 +295
Ruce + 186 + 113 +73
Sex + 181 — 198 +379
Age + 83 + 35 + 30
Poverty Incidence Chinges
Decline overall — 4,874 - 1832 -1,042
Ruce - 485 - 298 -1%7
Age and sex + 38 +49 +470
Pocr fimilies in 1970 S.214 1280 1,934

Net Changes, 1959 1o 1970 -3.108 ~3024 i I8

Note: The adjustments ire not independent of the ordes in which they were made. Rather cach
line represents the net change obtained by altering an additional factor. The population composition
changes were derived by i sequential standardization process. First the overall 1959 tuble's total was
mcreased to agree with that for 1970 then the marginal totals by riace were made to agree with those for
1970. The inerease in the number of poor familics cansed by this ehunge was then derived. The next
step was to force the 1959 Lable to ngree with the 1970 rice sex marginals and finally with the 1970
age-race -sex marginal table.

* Methodologica) tmprovements in the collection and processing of the CPS also had an effect
on the poverty totals. Adjustments for this haive not been made separitely.
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population composition and poverty incidence changes on male and female-
headed families.

Sinee 1959 there has been an overall 15 pereent growth in the number of U.S.
familics. The increase has been somewhat faster for nonwhites than for whites.
The most important change though is the quite rapid growth of female-headed
families relative to those headed by a male. There were also changes in the pro-
portion of male and female-headed families by age of head with male heads being
older and female heads younger in 1970 than 1959. If one does not allow for the
lowering in the incidence of poverty over the period then these changes have the
cumulative effect of increasing the number of poor male-headed families by 15
percent and the number of poor female-headed famulics by 41 percent.

However there has been, as the table shows, an overall decline in the incidence
of poverty for both male and female-headed families. This is not apparent in the
overall 1959-1970 differences because population composition changes swamp the
relative decline for female-headed families.

4. The ObDSs Of BEING POOR GIVEN EDUCATION AND WORK EXPERIENCE

In this section we will examine the relationship between family poverty and
the cducational attainment of the head. Two 5-way tables will be looked at: The
classifiers for the first are raec (Black. Nonblack). Poverty, Sex. Age (25 to 34 years.
35 10 44,45 to 54. 55 to 64. 65 or more) and highest grade completed (Less than 8
grades, 8 grades. 9 to 11. High school graduate. some college). The second table
is exactly the same as the first except that in place of race the family head’s work
experience (Ycar-round full-time. other) is used as a classifier. (These tabulations.
like Table A. are from the 1970 CPS Poverty Report. Series P-60. No. 81.)

Several purposes are served by introducing these additional examples. Both
are tables of moderate size (200 cells) and differ in other ways from the small
(16 cells)table just studied, For one thing. two of the dimensions (age and education)
can be treated as quantitative rather than strictly qualitative variables if so desired.
Perhaps the most important topic we will take up is how one can combine the
results of the separate analyses into one overall model.

4.1. Model Notation

The two tables to be studied can be dealt with in a unified way, Each is a
(5-way) marginal of the 6-way table formed by the factors; age. sex. race, education.
work experience and poverty status. Even though the more detailed tabulation 15
not available to us it is convenient to set up our definitions as if it were. Therefore
let p(ijkmr) be the estimated cell proportions of the overall table wherei=1.21s
used to designate a family’s poverty status, j = ..., 10 is a combined index
identifying the family head’s age and sex:"hk=1..., 5 denotes the educational
attainment of the head: and m = 1. 2 and r = 1,2 are used to identify the head’s

race and work experience respectively.

515 effect. combining age and sex reduces the 6-way table we started with 1o simpiy 5 distinct
dimensions. Age and scx are ireated as one dimension since, as we saw in Table A. they act jointly in
determining a family’s povarty status.
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The cell proportions in the published tables can be defined as

)
pligkm-) =N plijkmr)
rel
(4.hH N
pjk-ry =Y ptijkmr)
m 1
Let us now consider two dummy variable logit medels with the odds of being poor
as the “dependent” variable -~one based on the table having race as a classifier.
the other based on the table separating families by the work experience of the head.
Adhering to the notation established earlier in this paper these models can he
expressed by

(4.2) Wi = In Ip(ijkm - ), p2jkm -y
=BV B+ 4 B

and

(4.3) Wik = In (plik - r) p2jk - 'y

By B

Ir

(The dimensions not in our first example are identified by the super-scripts “E.”
education. and "W." work experience.)

4.2, Goodness of Fit

Despite the fact that the above equations do not include any high-order
interaction terms. they seem to represent an adequate summary of the relationship
between poverty incidence and the other variables. The relative amounts of ex-
plained variation were /2 = 96,2 pereent for (4.2) and I* = 958 percent for (4.3).

The reader might find the /2 value for (4.2) inconsistent with the mueh better
fit (99.9 percent) obtained carlier in {3.4). After all both models include age, race
and sex and (4.2) also includes education. Arguing from the similarity we said
exists between R? and 72 one’s expectation would be that the fit for (4.2) would be
better, not worse.

The apparent anomaly s explainable chiefly by taking account of the dif-
ferences in the sizes of the tables being used.® In fitting (3.4) to Table A there are
only 16 cells involved and five (poverty) parameters were needed for the model.
With {4.2) we have a 200 cell table to describe and do so quite well with Just 13
parameters. To properly compare models (3.4) and (4.2) the fitting should be done
using the same table for both. When this was tried age. sex and race taken together
had an 17 value of 68.7 pereent as compared to the 96.2 percent fit obtained witl
education added.

The situation we are a.seussing is an instance of what happens when one goes
from one ievel of aggregation to another. Commonly the amount of “noise” in
our figures grows relatively faster as we disaggregate than does the amount of

o 1 e < o e - . - g aecificeaars q H N
Differences between the two tables in the classifications used for the race and age vanables also
play a minor role.
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additional information obtained. A well-known example of this phenomens . can
arisc with R? itscll when one looks at the same relationship in » wross-section or
over time. The R? valuc is typically smaller with the cross-scetion data. Disag
gregation tends to raise the importance of “accidental’™ factors and thus lower
R- (or I?).

4.3. Coefficient Estimates

Rather than display all the coeflicients for models (4.2) and (4.3) we will look
only at education and age to se¢ to what extent these dimensions can be treated as
quantitative.

The education coeflicients are shown in Table E below. Both sets of cocflicients
are in reasonably close agreement and cxhibit the expected pattern of getting

TABLE E
EpueaTION COEFFICIENTS FCR MODELS (4.2) AND (4.3}

Lquation
Notation [nterpretation
(4.2 4.3)

ey +1.026 +1.028 Poverty coeflizient for heads with
less than 8th grade cducation.

Jiiss +0.327 +0.274 Poverty coeflicient for heads who
completed the Rth grade.

fre 0 0 Cocthicient for those with some high
school (set to zero by definition).

fre -0.706 ~0.634 Coeflicient for High School Graduates.

Jii%5 ~1.123 ~1.018 Cocflicient for heads who completed

one or more years of college.

smaller {algebraically) as the head's education increases. What is not clear is how
we can incorporate the actual values for highest grade completed in explaining the
relationship to poverty. However. if attention is confined to the rank order of the
classifications then a fairly satisfactory model for the poverty-education interaction
1s given by

(4.4) Y =pk-3 fork=1.... 5.

Whether one would actually resort to (4.4) as a summarization device Is open to
question but it does point up the fact that education is an ordinal rather than an
interval-scaled variable. (After all it is simply not true that the difference between
an eleventh ard twelfth grade education is the same as the difference between
completing the tenth and eleventh grades.)

Chart A displays the age-sex-poverty coefficients graphed against the middle
of the age bracket to which they apply. In every case the coefficients for female-
headed families are larger than those for familics headed by a male. The {log) odds
of being poor seem to decline with age in a regular (almost linear) fashion for
female-headed families. This pattern is strikingly similar for (4.2) and (4.3). perhaps
due to the infrequency with which female heads work year-round full-time.
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CHART A

AGE SEX CORHIICIENTS TOR (4.2) axD (4.3

Coefficlents for (6.2)

+2.00+
[

Females

- 41,00 4

Value
of + + \ 70+

t + ————
; Coefficient 30 40 50

-I.OOJ

Coefficients for (4.3)

+2.00 1

+1.00

Value
of
Coefficient

-l.OOJ

AGE OF HEAD

For male-headed families. the age-poverty coeflicients are affected not only
by the head's labor force participation and earnings which tend to grow until
middle life but also by contributions to the family income of working wives.

4.4. Combining Tables

Inorder to incorporate race and work experience together ina logit modelwith
poverty, age-sex and education. all six dimensions must be cross-classified. As we
have already mentioned, such a 6-way table is not available. However there is an
option short of rerunning the survey data tapes which can be employed to create
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the needed tabulation. What will be done is to use the pubiished marginals to
obtain a fitted version of the table sought. Obviously such a procedure will be
satisfactory only under vertain assumptions.

For the particular example at hand three S-way marginals were avatlable  the
two we have been discussing and a table crossingage. sex. race. and work experience
of the head with the family’s poverty status [25 (81)]. These three tables were then
incorporated as marginals in the usual iterative fitting process to produce the
needed overall table.

The model
(4.5) W ime = In (i 1ikmr)/p(2jkmr)}

R VA I GRS

was then derived from the constructed table with the value of the relative information
being I? = 94.3 pereent.

Implicit in the way we created the overall table is the assumption that the
relationship between poverty and the other factors is simple enough to be ad-
equately mirrored in the three marginals we possess when taken together. While
the estimates of (4.5) arc not themselves affected by the validity of this assumption.
we may be mislead as to how good a summary the model represents. Alter all in
the overall fitting process some smoothing takes place which necessarily reduces the
amount of residual error. Thus /2 as computed above should be considered only
an upper bound. although in this case onc may guess that it does not overestimate
the true value by very much.

A second assumption is made by the procedure just outlined. Not only are
some poverty relationships disregarded but there are also interrelationships
among the other factors which are ignored. In particular. the race- work exper-
ience-education interaction is treated as if it were zero. Table F illustrates the
effect on the poverty coeflicients of different assumptions about how the nonpoverty
factors vary. The first column provides the greatest possible interaction given the
way the overall table was constructed. Celumn two was derived by letting the
nonpoverty factors interact in sets of three (with the exception already noted). The
third column allows the nonpoverty factors to interact only in pairs and the last
column treats the nonpoverty factors as if they were conditionally independent.

The agreement between the first two methods (columns one and two) is
extremely good. Even when the fit is confined just to two-way relationships the
coeflicients are not badly off. In this instance. there does not scem to be much
sensilivity in our estimates to relationships of order higher than two. As the last
column of the table demonstrates. however, we cannot ignore interrelationships
among the nonpoverty factors altogether.

It might be noted in passing that the coefficients obtained under the assump-
tion of conditional independence are the same values onc would obtain if looking
at each dimension’s contribution to poverty without regard to how much of the
association is explained by the joint action of several factors.” To be specific.
consider the poverty parameter for blacks in the tabies we have examined. The net

> The distinction being made here is the same as that between the coeflicient of an independent
variable in a simple or a multiple regression.
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TABLE I
Pover1y CORFRICIENTS FOK A, RACE SEx. WoRk Experienct ann Ebveaniox o Hean Comprgen
UNING AL1ERNATIVE StaANDARDIZATION TrevNmo g

Lype of Fit (Marginalks Employed)

Cocllicients Three 5-Way All Posstbie All Poastble Two-Way Poveryy

Marginals -Way Marginaly 2-Way Marginaiv Murginals Oniyv+
Overall Poverty i
Coctticient - LSIK ~1.517 - L6 0594
Male Heads:
2510 34 years ~0.189 ~0.190 -0.266 ~1.432
3510 44 years - 0129 -0.129 -0 184 -1.300
45 to 34 years -0.574 --0.576 - 0.608 - L600
55t0 64 years - 0491 - 0491 - L5510 L1
65 years or older -{0.441 - (0441 -0.490 - 0218
Female Heads:
2510 3 years + 2068 + 2,067 +2.021 <+ |LL872
3510 44 years + 1253 +1.282 1215 +0.774
4510 54 years +0.665 +0.664 +0.644 +0.303
5510 64 years 0.000 0.000 0.000 0.000
65 veurs or older - 0,380 - 0.380 - 0,427 + 0100
Education completed
Less than 8 prades +0.939 +0.938 +0911 +0.933
3th grade +0.319 +0.31Y +0.295 +O.109
Y10 11 grades 0.000 0.000 0.000 0.000
12th grade - 0.545 -0.544 --0.562 -0.567
Some college ~{.879 —1.8%0 - 0.903 - 1392
Poverty Coctlicicent
for Negroes 1 .855 +10.855 +0.836 +1.397
Poverty Coellicient for

vear-round workers - 1638 - 1.638 — 1646 —2.03Y

* Except the work experience: Education Race marginal.
T Age and sex are treated as one dimension.

overall disadvantage of being black is summarized by the value B = +1.397.
when the contributiong to this diflerential due to age. sex. education and work
experience are taken out. the poverty: race relationship declines to A% = 40855,

4.5. Some Analytic Issues

The subject of combining tables is an important one especially when con-
sideration is given to the nature of the CPS figures we have been using. In govern-
ment-conducted surveys. like the CPS. traditionally results have been displayed
only in tabular form with the informatijon on individual schedules not being
subjected to further examination. For example, published CPS data on the dis-
tribution of personal income (in Series P-60) exists from 1947 on but only in recent
years. beginning with 1964 has there been any release by the Census Burcau of the
complete survey files.8 Thug rescarchers interested in looking at relatively long-

¥ Computer files with some information on families (but not individuals) exist from 1939 income

r
year on. For both familics ang persons identifying items hay cbeen removed o protect the contidentiality
of the terview.
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term shifts in income patterns must employ technigues like those in this paper for
dealing with grouped data,

I-or the carlicr years the published tabulations are not extensive enough to
look at more than two or three varfables at a time. bven nusmg the 1970 €S
poverty tabulations. which were quite voluminous. one cannot study relationships
of order higher than that already dealt with above. Withont at least two-way tubles
relating all the variables it would scem that the oniy course open to usis 1o prepare
a number of separate (incomplete) anafyses. An alternative exists however which
we can only just mention for reasons of space. This is to standardize the published
historical material with data taken from more recent surveys. There are inter-
pretative issues which must be faced in adopting such a procedure but useful
vesults can emerge. in biological and medical settings and in demography,
standardization technigues are widely accepted ; perhaps they have a role to play
with CPS income data as well. A paper on this subject with some empirical findings
1S 11 preparation.

5. Bias AN MEAN SQuAKE ERROR OF MODEL COEFFICIENTS

Fitting log lincar models. as we have tried to show throngh some examples.
provides the researcher with a powerful data analysis tool for deseribing a snrveyed
population. What have not been dealt with are the statistical properties of the
figures obtained. This section will investigate such properties-—in particular. the
bias and variance, or more precisely mean square error. of the logit model co-
efficients.

5.1, Bias in Coefficient Estimates

In regression analysis. bias in the coeflicient estimates is often discussed in

terms of errors made in specifying the modei. Such a contextis mappropriate here
because we are just using the logit fitting process as a device for summarizing
interrelationships among fuctors in the finite population from which the observa-
tions were drawn. Ignoring some of the more complicated interactions. as we have
said. does not necessarily imply aceeptance of the hypothesis that they do not
exist but rather that a “satisfactory™ parsimonious description (as measured by 1%
can be achieved without them.

However, even with misspecification error ruled out. ihe coetlicient estimates
(s} are biased. Nonetheless under quite general conditions it can be shown that
the expected value of f. denoted Ef. is

H

(5.1 Ef =} + 0(1)

LT

where the term O(1 1) goes 1o zero as the sample size ™" gets large.

Some situations for which (5.1) dees not hold may be worth mentioning. If
the sample elements were not selected with cqual probability. then preparing the
cell proportions using the unweighted counts will tead to a bias which may not
disappear with increasing sample size. In a stratified cluster desigu, like the CPS,

175

1MV T O UOWN TR




L D KT AR

1

gu-ewm'uw

(5.1) may not apply to smalt subpopulations concentrated in parts of the country
(c.g. outside the big cities) which are not included with certaunty. The difliculty is
that the number of sampled areas or PSU's must be Clarge not just the mumber
of familics or mdividuals in the survey. A final note of ciution should be sounded
in cases where the marginals being used to obtain the model cocllicients contain
one or morc cel! entrics which arc close to zero. Two methods for atleviating thig
fast type of bras. which is of (1 'n). will be discussed below,

Bius Reduction

One mcthod of bias reduction which is often advocated [tg 9:229 230)
involves adding a small amount, usually 1 2n. 1o the original celf proportions
before fitting the table. Only in one very special case can such a technigue be
shown to be bencficial. namely when ali the £'s arc assumed nonzero. (The
assumption of simpte random sampling is also required ) I point of fact, adding a
fixcd amount toevery celi canactuatly be harmful when fittingmodcls in which some
oi the cocflicients are set to zero.”

A fur more generat bias reducing procedure is a method called the Jackknife.
by Tukey [19:134]. 10 suggust the broad usefulness of the teeh nigue as a substitue
for specialized 1o0is .. Just as the Boy Scout's trusty tool scrves so varicdly.
Tosechow the Jackknrife can beapplied tosurvevdatalet us assume thatthe overatl
sample can be divided into 7 independent subsamples or replicates each identicai
n design and of size .

The Jackknifed coefticients are defined by

A~
(5.2) =Y B
ry=

with

A

Be =B — - — 1),

—-—
sl
'~

—

where B is the estinator we have becn discussing all along and the :ﬁk,' are con-
structed just fike except instead of adding together alt > replicates the fit is

obtaincd with only r — | of them. e by leaving out the kth. k = |, r. Now if
the

54 Bias ‘B r—1 T 1)

(5.4) las (B! = o Buas ! +0 .

* Adding small amounts weells is also suggested in the literatire an contingency tables for dealing
with zero cells (e.g 161 Zeroes can be a scrious problen: in applicd work when they are found in the
marginals one wishes to fit. For example in creating the 6-way table of the previous scetion there were
afew zeroes in the 3-way marginals. Arbitrarily a small amount was added (o cach cell. The analyses
of the coctlicients in Table 3 shows that in this case the zerocs made very Iittle difference : howeyer.
that will pot always be true, particularly when there are a great many. It should be recognized that
when the marginal cel proportions arc very small the cocflivient estimates can be quitc unstable and
very large sample: wil] be needed 1o obtain satisfactory resylis,
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—(r — l)[l} + - " Bias B ] + ()( iﬂ)
r—1 7 n-

1
p+0 ~,).
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The CPS is not madc up of independent identically-designed sebsamples [24].
so if the Jackknift is to be applicd at all certain practical compromises are necessary.
One way of Jackknitfing in the CPS is to divide the overall sample into “rephicates”
on the same lines that are used to create theeeighi rotation gronps which make up
each month’s survey. Such snbsamples. while identical in design. would not be
independent.

Dependence among the replicates makes it inpossible for (5.4) to be satisficd
nonetheless. given the nature of the CPS. it can be shown that appreciable redne-
tions in the absolute value of the expected bias may still be achicved by Jack-
knifing. making the extra trounble taken worthwhile (particularly for large tables
where the average cell size 1s small).

A numerical illustration of the Jackknifc appears in Table G below. For
purposes of the exampic the CPS rotation panels for March. 1971, were considered

TABLE G
ILLUSTRATIVE JACKKNIFED RACE AND AGE-SEX COEFFICIENTS FOR POVERTY Mopkr (3.4) UsiNG
EiGuT "REPLICATES”

Age, Sex and Poverty

O\'L’l"d“ Race T e
Item Poverty and Malcs Females Females
Coctlicient Poverty [(hRE Under 63 65+
Originat cocflicients. § —~29496 1.2062 11337 19521 1.3407
Jackknife Average. B — 29488 1.2077 1.1333 19504 1.3358
Individual values:
ﬁi — 31135 b-4408 1.2519 1.9720 1.0826
B: — 28936 1.0236 [.1639 19491 1.7346
Bs -29454 1.1%581 09913 20197 1.3157
Q.’; -29314 1.2061 10792 2033 14311
ﬁ; — 29554 i.2116 0942 19378 14389
ﬁ,’, - 290354 1.0703 1.1703 18225 1.3611
B — 2.8881 1.2355 1.216% 1.8703 i.0255
Bs ~ 29579 1.2574 12529 1.9963 10968

Note: For the sake of convenienee the coclticients {Bk; were consiricted using the CPS rowation
panels rather than subsamples sclected 10 be identical. Although all the panels start cut the same in
terms of the way they are drawn, at any one survey point ciach rotation group will have been interviewed
a different number of times, Since re-interviewing has some effecton response patteras. using the panels
as “replicates” would not be desirable in general. Technically (see, for example 221, cach replicate
should be weighted using the same scheme that is applicd to the overail sumple. This refinement was
also skipped since the figures are only meant to be illustrative. tnstead the estimates were preparsd
simply using the already cxisting weights.
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to be identically desipned (dependent) replicates and Jack knifed poverty coctli-
cientsfor Table A were derived. Although some of the fine points have beenignored
Cis the note to Tuble G makes clear). the figures shown may be of interest,

There wue oniy slight differences between our original estimates and the
Jaekknife ivernge, s'omcthing onc cortld almost have predicted ahead of time given
the smallness of the tible and the sive of the sample. The differences also exhibig the
expected pattern of being lareer Tor cochlicients based on marginals which are
smaller,

A3 Variance of Cocfficient Estimates

. . . . s : 29 5. .
A convenient way of deahng with any study’s variances (o7 1 is to relage them
tothe varinees 1677 one wonid bave obtained from asample random sampie (with

replicement) of exactly the same size, This can be done using the expression

(3.6 T o= .07

i (]

where. following Kish [15:2881 the 16, are called “dosign offects,”

Typreally in» cluster simple the [0 are Lirger than one, For example. in the
CPSwhen looking at proportions the estimated simpic randem sampling st:mdard
errors sometimes understate the actnal standard errors by as much s 50 percent
or more. The varincees of logit coeflicients are rekited to the variances of the table's
cell proportions. Thas. unless some adjustment is made to the sample random
sampling estimates nornlly compated. confidence interyval statements will be off,
{For the 1970 poverty tabulations analvzed in this paper the square 1oot of the
desten cfieer for proportions averaged about N 0= 1.23)

SA Caleulating Varianees

The s andard servey approach to the varianee of 1 ponlinear lunction. like B,
mvolves the use of a Taylor expansion, One either mmplicitly or explicitly depends
on bemg able to express the statistic. 1o 1 close approximation. s 1 lincir com-
bination of sample means and totals. Vanance ealulations based on replication or
Jackknifing are comparatively casy sinee they only implicitly rcly on the Taylor
Series results. Procedures which require that the expansion be exhibtted explicitly
will not be discussed in this paper since they are too difficult 1o 1pply routinely as
part of the amalvsis of 4 contingeney table, Instend we will briefly deal with three
“short-cot™ tecliniques which. as apphed to the CPS. yicld approximuations good
cnough for most purposcs,

The first and best known “short-cnt™ method of estimating variances involves
replicanion. Hithe overall sampleismadeupof independent identically designed
subsamples. one can obtain an cstimate of the variance covariinee matrix ofﬁ bv
deriving the cocllicienty B, for cach repHeate ang using

5 ~ l Sos o
(5.7) Vi = S o~ Bad, -y

AU N P

where . iy the average of the repheate values, i

_ |
5.8} B = . z B,.
[
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A related method which also produces wn asymptoticatly unbiased variance
estimator ol V() is to use the Jackknife values B, in the calculating formula

) U | = =~
(5.9) Vip) = [ 2__ BB — '-B-B’-]-
where

(5.10) B = i ﬁk-

Both of these methods suffer from the disadvantage that the variance of the
variance estimator can be large. This. of course. is the price one pays for ease of
computation. Of the two. the Jackknife is to be preferred because it will be less
sensitive to the problen of zero cells which can arise when looking &t the sample
replicate by replicate.

As we have scen. since the CPS cannot be divided into independent identically
designed subsamples the replicate and Jackknife variance estimators are not
strictly appropriate. However.ifthe cight rotation panels arc treated as independent.
the resulting standard errors calculated are underestimates. For most statistics.
except those based heavily on persons living outside metropolitan areas. an upward
adjustment in the standard deviation on the order of 6 percent is required. For
nonmetropolitan area statistics somewhat larger correction factors should be
used.'?

For researchers using only the published CPS tables. perhaps the best that
can be done is to calculate the simple random sampling variance ¥ and then
correct it with an adjustment factor derived from the standard error tables which
accompany all CPS reports. ﬁ: 15 obtained {18] by first calculating the quantity
iX'TX)™ ' where T is a diagonal matrix of the table’s weighted cell counts as
fitted under the model and X is the array of independent factors in equation (2.4).
Dropping the first row and column of (X'TX)™'. one then obtains W times I
where "W is the average sampling weight.

tor proportions. the published CPS standard error tables are calculated using
the expression

-

R b !
(5.11) Standard Error of p = {s;p(l - p)}

where Y is the estimated total number of persons or families in the subpopulation
{e.g. black malesj to which the proportion applics. b plays a role similar to the
design effect and in fact

- b (bW)y o
(3.12) o e
Y (YWY =»n

'Y CPS tapces can be bought from the Census Bureau that allow one to caleulate variances based
on the collapsed stratum technique. Collapsing strata, however. often leads to an orerestimate of the
variance. See {17, {11} and {21] ior details and a discussion of still other methods.
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For example, the value of b = 2,074 was used to create generalived standard error
estimaltes for proportions of familics in the 1970 CPS report {25 (81)]. Sinee ihe
average weight for families was 1.372, the overall design cffect for proportions is
d = 1.5

The work of Kish and Frankel [16] suggests that it would be unwise to simply
apply the 3™ appropriate for proportions to i For the usual regression para-
meters. Kish found that, on the average, the increase in the standardg error for a
complex design was 6 pereent or about one-third of that for sample means
(17 pereent). Using this result as a guide. the effect for proportions (¢ = 1.23)
in the 1970 CPS report was reduced to 1.00 + (0.23)({%) = 108 when caleulating
the standard errors of the f#'s in Table H.

Table H compares standard error estimates for the CPS poverty coeflicients
obtained as part of our analysis of Tuble A. All three approaches are in quite
close agreement. considering the rough nature of the approximations employed.
Further work on the validity of these methods is needed however. and the reader
is cautioned to take the results in Table H only as illustrative.

TABLE H
ILLUSTRATIVE STANDARD ERROR ESTiMATES: 1970 RACE AND AGE-SEX COEFFICIENTS FOR POVERTY
MODEL (3.4)
Age. Sex, and Poverty
Type of Overall Race T e -
Standard Error Poverty and Males Fenales Females
Estimate Coetlicient Poverty 65+ Under 65 65 +
Replicate 0.0285 0.0490 0.0488 0.0489 (.0894
Jackknife 0.0269 0.0509 0.0449 0.0501 0.0807
Adjusting Simple
Random Sampling 0.0288 0.0478 0.0526 0.048 0.1052

Note: Replicate and Jackknife estimators were caleulated by treating the 8 CPS rotation panels
as independent. A correction factor was then applied as is explained in the text. The simple random
sampling errors were adjusted by 1.0% before being shown. Sce the note 1o Table G far further imitations
on these results.

6. COMPUTER PROGRAMS AND BIBLIOGRAPHICAL NOTES

The models fit in this paper have a simple dummy variable structure. However
the computer programs employed are applicable to more complicated para-
meterizations [4]. There is also no necessity. for instance, to look only at logit
models where the “dependent™ dimension (in our case poverty) is dichotomous ;
polychotomous dependent variables present no new problems [9:238)

6.1. Computer Programs

At the Office of Economic Opportunity (OEQ) three contingency table
programs for fitting log linear models are in use. Two of these are for batch process-
ing on an IBM 360/50 and the third is an APL program. All were developed at the
George Washington University Statistics Department. C. Terence Ireland wrote
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the first of these programs- ~-CONTAB Il [12]. A main feature of this algorithm 18
that there is practically no limit (except CORE}) as to the size of the table which can
be analyzed. Marian Fisher modified CONTAB |1 to increase its flexibility still
further. Her program CONTAB MOD (7] allows the researcher to fit general
models, not just dunimy variable ones. Also marginal totals can be introduced
from outside the sample. In addition to these. Ireland prepared an APL contin-
gency table package which has since been augnented at the Office of Economic
Opportunity by H. Lock Oh. As yet the APL program is restricted to tables of less
than 500 cells.

Future refinements in some or all of these programs are anticipated. In
particular. we are looking at the possibility of modifying the iteration scheme so
that it can deal efficiently with stratified designs where the probabilities of selection
vary considerably from stratum to stratum. So long as the sampling weights are
used. the present iterative procedure gives asymptotically unbiased coeflicients;
but. if the weights differ widely from cell to cell. competitive teclmiques exist which
can yield estimates having smaller variances [14]. Since the CPS begins as a
“self-weighting~ sample no modification of the standard fitting procedure was
deemed necessary for the work presented in this paper.

6.2. Bibliographical Notes and Acknowledgements

Lack of space has lead us to slight many aspects of log-linear model fitting.
For example much more could be said about methods for hypothesis testing with
survey data. e.g. [20]. and their implications. We have only dealt with this indirectly
by looking at the variances of a model’s cocflicients. The iniplicit assumption has
been made that approximate normal theory confidence intervals for the coefhi-
cients can be constructed using the estimated standard errors {once corrected for
design effects). Another important part of the theory which needs to be considered
is the examination of residuals and the suppression of outliers [13].

The title of this paper comes in part from a 1969 ariicle by Goodman [8].
“How to ransack social mobility tables and other kinds of cross-classification
tables.”” Ransacking seemed just too good a word not to use again. especially since
it so aptly conjures up the kind of hunting for relationships that researchers must
engage in if they hope to tap the riches of data like that obtained from the Current
Population Survey. There are. of course. elements of subjectivity in such a search.
It was because of this subjectivity that the statistic 12 was used. Unlike R*. it is
linked closely with the fitting process and for this reason to be preferred. A full
discussion of the development and properties of the class of measures of which I*
is a member can be found in Goodman [e.g.. 9: 246, 10:42-44].

The nature of an applied paper is to take many results for granted. Such is the
case here. Heavy reliance has been placed on ideas to be found in Goodman [9]
and Kullback [18]. The writer has also profited at various points from conver-
sations with Dr. Ireland and Dr. Kullback. Editorial and other assistance were
provided by Wray Smith. Gary Liberson and Lock Oh of OEQ and Easley Hoy of
the Census Bureau.

Policy Research Division.
Office of Economic Opportunity
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