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I. INTRODUCTION imputed rather than true values is ignored, 

For each decennial census in the United 
States, the responses concerning employment are 
c lass i f ied into industry and occupation 
categories. The industry and occupation coding 
schemes change somewhat each decade to allow an 
accurate representation of census employment 
information. Major changes were made for the 
1980 census, especially for occupation 
c lass i f i ca t ions .  The al terat ions in the coding 
schemes create d i f f i c u l t i e s  in analyzing 
employment data from public-use samples over 
time, since the industry and occupation codes 
are not comparable across decades; for example, 
less than one-third of the 1970 occupation 
categories have an exact match in the 1980 
c lass i f ica t ion (Treiman, Bielby, and Cheng 
1988). Such cross-temporal analyses are 
important, as they y ie ld information on topics 
such as job mobi l i ty  and the effects of 
af f i rmat ive-act ion programs, which are of 
interest  to both social scient ists and 
gcJvernment policy makers. 

The problem of intertemporal comparability of 
industry and occupation c lass i f icat ions was 
stud i ed recent ly by the Subcommittee on 
Comparability of Occupation Measurement (SCOM), 
which was sponsored j o i n t l y  by the Social 
Science Research Council and the Bureau of the 
Census. Recent discussions of the problem are 
given in SCOM (1983) and Treiman, Bielby, and 
Cheng (1988). The SCOM (1983) suggested two 
possible methods for achieving comparability of 
industry and occupation codes in public-use 
samples from d i f ferent  censuses. The f i r s t  is 
to assign codes using the 1980 coding scheme to 
public-use samples from previous censuses by 
d i rec t l y  coding the verbal responses for the 
people in the samples. This would be a very 
accurate method, but i t  would be proh ib i t i ve ly  
expensive for the 1960 and 1970 public-use 
samples, because the f i l es  released for public 
use do not include the verbal responses and 
these responses would be very costly to 
retr ieve.  The second method is to d i rec t l y  
assign codes using the 1980 coding scheme to 
smaller samples from previous censuses, use 
these samples to estimate models predict ing the 
1980 codes from the old codes and covariates, 
and then use the models to impute 1980 codes for 
public-use samples from the previous censuses. 

Imputation is a standard technique for 
handling missing items in surveys. I t  is 
especial ly wel l -sui ted to public-use data for 
two reasons" ( I )  the resul t ing completed data 
set can be analyzed using standard complete-data 
methods of analysis; and (2) the imputations can 
be created at the data production stage, when 
more is usually known by the data col lector  
about the reasons for nonresponse than later by 
the typical  user of the data set. A problem 
with imputing a single value for each missing 
item, however, is that when standard complete- 
data methods of analysis are applied to the 
completed data set, the uncertainty due to using 

y ie ld ing inferences that are too sharp. 
To allow the assessment of uncertainty 

associated with the imputation of 1980 industry 
and occupation codes for public-use samples from 
censuses pr ior  to 1980, the SCOM (1983) 
suggested creating mult ip le imputations, a 
method proposed by Rubin (1978) and developed in 
detai l  in Rubin (1987). Mult ip le imputation 
replaces each missing datum with two or more 
values representing a d is t r ibu t ion  of l i ke ly  
values. The resul t  is two or more completed 
data sets, each of which can be analyzed using 
the same complete-data method. These analyses 
can be combined to re f lec t  both wi th in-  
imputation v a r i a b i l i t y  and between-imputation 
v a r i a b i l i t y  as described in Section 2. 

A project to mul t ip ly  impute industry and 
occupation codes according to the 1980 coding 
scheme for two public-use samples from the 1970 
census has just  been completed with funding from 
the National Science Foundation and support from 
the Census Bureau (Treiman and Rubin 1983). A 
double-coded sample from 1970 (that is,  a sample 
coded using both the 1970 and 1980 schemes) with 
127,125 cases was used to estimate log i t  models 
predict ing 1980 codes from the 1970 codes and 
covariates. The models were then used to impute 
f ive sets of 1980 codes for two one-percent 
public-use samples from 1970 with a combined 
tota l  of 1.6 mi l l ion  cases. Rubin (1983), Rubin 
and Schenker (1987), and Treiman, Bielby, and 
Cheng (1988) describe the methods used for 
imputation in deta i l .  In addit ion, a monograph 
describing the ent i re project is to be prepared. 

This paper presents cross-temporal analyses 
of data from the 1970 and 1980 censuses. The 
data to be used from the 1970 census are one of 
the multiply-imputed public-use samples, with 
794,100 cases, and the double-coded sample. 
Comparisons with 1980 w i l l  be made using a two- 
percent public-use sample from the 1980 census 
with 2.1 mi l l ion  cases. In al l  analyses, the 
industry and occupation codes from the 1980 
coding scheme are used; these codes are known 
for the 1970 double-coded sample and the 1980 
public-use sample and are imputed for the 1970 
public-use sample. 

The examples chosen for the paper are simple 
versions of analyses commonly of interest to 
researchers in the social sciences. The goals 
of the paper are (I)  to compare mul t ip le-  
imputation analyses with single-imputation 
analyses (that is,  analyses using just  one 
imputation), (2) to examine the u t i l i t y  of 
analyzing a large data set having imputed values 
(the public-use sample from 1970)  versus 
analyzing a small data set having true values 
(the double-coded sample from 1970), and (3) to 
demonstrate and compare various methods of 
analyzing multiply-imputed data. 

Recent theoret ical  and empirical work 
reported in Herzog and Rubin (1983), Rubin and 
Schenker (1986), Raghunathan (1987), and Rubin 
(1987) has shown that mult ip le imputation, even 
with just  a few imputations per missing value, 
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is superior to single imputation with regard to 
v a l i d i t y  of in terval  estimates and s igni f icance 
levels.  Comparisons between direct ly-assigned 
industry codes and mult iply- imputed industry 
codes have been carried out by Rubin and 
Schenker (1987), Weld (1987), and Treiman, 
Bielby, and Cheng (1988), using the double-coded 
sample from 1970. These studies support the 
v a l i d i t y  of analyses using mult iply- imputed 1980 
codes. The work of Treiman, Bielby, and Cheng 
(1988) suggests that inferences based on the 
1970 public-use sample with mult iply- imputed 
1980 codes w i l l  usually be more precise than 
those based on the 1970 double-coded sample with 
true codes. We relate the properties of the 
cross-temporal analyses presented here to these 
previous studies. 

Section 2 describes methods of analyzing a 
mult ip ly- imputed data set. Section 3 presents 
analyses of changes in the sex composition of 
various occupations between 1970 and 1980. 
Section 4 presents comparisons between 1970 and 
1980 of regressions of earnings on occupational 
status and sex for several industries in 
Cal i forn ia .  A summary is given in Section 5. 

2. STATISTICAL INFERENCE FROM MULTIPLY-IMPUTED 
DATA 

This section describes b r i e f l y  the methods of 
analysis discussed in Rubin (1987, Chapter 3). 
Suppose that Q is a (vector-valued) quant i ty  of 
in terest  and that with complete data, inferences 
for Q would be based on the statement that 

(Q-Q) ~ N(O,U), (2.1) 
^ 

where Q is a s t a t i s t i c  estimating Q, U is a 
s t a t i s t i c  giving the dispersion matrix 

^ 

of Q-Q, and N(O,U) denotes the mul t i var ia te  
normal d i s t r i bu t i on  with mean 0 and dispersion 
matr ix U. 

In the presence of nonresponse, with m sets 
of imputations for  the missing data, there are m 

sets of complete-data s t a t i s t i c s ,  say Q,]~ and 

U,~, ~:I . . . . .  m. In a mul t ip le- imputat ion 

analysis,  the  m sets of complete-data s ta t i s t i c s  
are combined as fol lows. Let 

Qm= m-z m ~1 Q*~ (2.2) 
be the average of the m complete-data estimates 
of Q, 
Um m- I m = ~ I  U.£ (2.3) 
be the average of the m complete-data dispersion 
matrices, and 

(m-l)W I m ^ _ , 
~ i  (Q*~-(~m) (O*~-Om) (2.4) B m 

be the between-imputation dispersion matrix of 
the m complete-data estimates of Q. The to ta l  

variance of (Q-Qm) is given by 

T m : Um+(l+m-1)Bm . (2.5) 

When Q is scalar, in terval  estimates and 
s igni f icance levels are obtained using a t 
d i s t r i bu t i on  with 

v = (m-Z)(l+rm I)2 (2.6) 

degrees of freedom, where 

r m : (l+m-l)Bm/Um (2.7) 

is the ra t io  of the between-imputation component 
of variance to the wi th in- imputat ion 
component. Thus, for example, a I00(I-~)% 
interval  estimate of Q is 

Qm + t ( I -~ /2)T 1/2 
m ' 

where t ( i -~ /2 )  is the I-~/2 quanti le of the t 

d i s t r i bu t i on  with ~ degrees of freedom. The 
f ract ion of information about Q missing due to 
nonresponse is 

rm+2/(~+3) 
Ym : r + 1 " (2.8) 

m 
When Q is a k-dimensional (k>l) quant i ty  of 

in te res t ,  there are several possible methods of 
f inding the signi f icance level of the nul l  
value QO of Q. I f  m is large re la t i ve  to k 

(e.g. ,  m>5k), the test  s t a t i s t i c  
! w 

D m : (QomQm) Tml(Qo-Qm)/k (2.9) 
is referred to the F d i s t r i bu t i on  with k 
and ~ degrees of freedom; thus the signi f icance 
level is 

Pr (Fk, >Dm) , 

where Fk, ~ is an F random variable with k 

and ~ degrees of freedom. The denominator 
degrees of freedom ~ is computed by (2.6) as 
used in the scalar case, but with (2.7) 
generalized to 

r m = (l+m-1)Trace(BmUml)/k. (2.10) 

When m is modest re la t i ve  to k, a test  s t a t i s t i c  
that is better than D m is 

'0ml - D m : (l+rm)-l(Qo-Qm) (Qo-Qm)/k, (2.11) 
which is referred to the F d i s t r i bu t i on  with k 
and (k+l)~/2 degrees of freedom. 

Suppose a test  of Q:Qo that is appropriate 
for complete data has Deen conducted using each 
of the m completed data sets resul t ing from 
mul t ip le  imputation. Let P*I . . . .  ,P*m be the 

associated signi f icance levels and let d,~ be 
the value such that 

2 
Pr(Xk>d,]~) : p,~, 9.:I . . . . .  m, 

X~ - is a X 2 random variable with k degrees where 

of freedom; thus d,1 . . . . .  d,m are the m complete- 

data X 2 s t a t i s t i c s  associated with -Qo" A 

s t a t i s t i c  asymptot ical ly equivalent to D is 
a m 
m m -  I 

^ --~ - m + i r m  
Dm : I + r ' (2.12) 

m 
where 

am : m _ l  m ~1 d,~ (2.13) 
2 is the average of the m complete-data X 

^ 

s t a t i s t i c s ;  D is also referred to the F m 
d i s t r i bu t i on  with k and (k+l)~/2 degrees of 

2 freedom. When only the m complete-data X 
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s ta t i s t i cs  are available and r is not known, a 
m 

method-of-moments estimator of r is 
m 

- (l+m - I  )s~ 

rm : 2~m+[4a2m_2ks~]i/2 , +  (2.141 

where 
2 - I  m - 2 

s d : (m-Z) ~z(d*~-dm) (2.15) 

and [ - ]+  is equal to zero i f  the quantity inside 

the brackets - is  negative. Another test 

s t a t i s t i c ,  D m (D m in Rubin 1987) ,  can be d e f i n e d  

by replacing r m with r m in (2.12); this 

s t a t i s t i c  is referred to the F d is t r ibu t ion  with 
^ 

k and ( l+k- l )~ /2  degrees of freedom, where ~ is 

computed by replacing r m with r m in (2.6). 

3. ANALYSES OF CHANGES IN THE SEX COMPOSITION 
OF OCCUPATIONS BETWEEN 1970 AND 1980 

3.1 The Inference Problem 
Suppose i t  is desired to estimate the change 

between 1970 and 1980 in the sex composition of 
an occupation defined according to the 1980 
coding scheme. Let P70 and P80 denote the 

proportions of people in the occupation that are 
female for the 1970 and 1980 censuses, 
respect ively; then Q:P80-P70. Given a sample 

from the 1970 census and a sample from the 1980 
census, both having 1980 occupation codes for 
every case, Q is estimated by 
. ^ ^ 

Q = P80 - P70' (3.1) 

where P70 and P80 are t h e  sample proportions. 

The estimated variance of Q is 

U : P70 (1-P70) / n70 + P80 (1-P80) / n80' (3.2) 
where n70 and n80 are the numbers of sample 

cases in the occupation. I f  n70 and n80 are not 

small, the complete-data inference for Q is 
given by the scalar version of (2.1),  using 
(3.1) and (3.2). 

3.2 Types of Analysis Examined 
Three analyses of changes in sex composition 

are examined for each of the twelve occupations 
l is ted in Table i. All three analyses use the 
1980 public-use data; the differences in the 
analyses l i e  in which data from 1970 are used 
and how they are used. The numbers of sample 
cases in the twelve occupations are also given 
in Table i .  

Since the 1970 double-coded sample has true 
1980 codes assigned to i ts  cases, i t  is val id to 
perform the standard complete-data analysis 
given by (2.1),  (3.1),  and (3.2) using th is 
sample and the 1980 public-use sample. A 
question of interest  is whether inferences drawn 
in this way are more or less precise than 
inferences drawn from a mult iple- imputat ion 
analysis involving the 1970 public-use sample. 

As described in Section I ,  f ive sets of 1980 
codes were imputed onto the 1970 public-use 

sample. Thus, for each occupation, there are 
^ 

f ive values of Q and U as defined in (3.1) and 

(3.2) corresponding to. the f ive values of P70 

and n70; note that P80 and n80 do not change 

across imputations because the true codes are 
known for the 1980 public-use sample. With the 

f ive sets of s t a t i s t i c s ,  Q,gand U,~, ~ : I , . . . , 5 ,  

equations (2.2)-(2.8) can be used to perform a 
valid mult iple- imputat ion analysis (with m:5). 

I t  is common procedure to impute just  one 
value for each missing item in a data set. As 
pointed out in Section I, the application of 
standard complete-data methods of analysis to 
such a data set underestimates v a r i a b i l i t y .  To 
examine the magnitude of this underestimation, 
analyses involving the 1970 public-use sample 
but using only the f i r s t  imputation wi l l  be 
presented. These analyses treat the one set of 
imputations as the true values and thus base 
inferences on the statement that 

Q-Q*I ~ N(O'U*I )" (3.3) 

3.3 Point Estimates 

Table 2 displays point estimates of changes 
in the sex composition between 1970 and 1980 of 
the occupations defined in Table I. Note that 
for the 1970 public-use sample, the estimates 

^ 

computed from just the f i r s t  imputation (Q,I) 

are simi lar in value to the mult iple- imputat ion 

estimates (Q5). B o t h  estimates are unbiased 

(assuming the imputation model is unbiased) 
^ 

but Q5 is somewhat more e f f i c ien t  than Q*I 

(Rubin 1987,  Section 4.1). The estimates 
computed using the 1970 double-coded sample 

A ^ 

d i f fe r  from Q*I and Q5 more than Q*I and Q5 

d i f f e r  from each other. This is due to sampling 

v a r i a b i l i t y ,  as the double-coded sample is only 
one-sixth the size of the public-use sample. 

3.4 Comparisons of Val id ! ty  and Precision 
The main issues to be investigated here are 

the underestimation of va r i ab i l i t y  when a 
single-imputation analysis is performed rather 
than the val id mult iple- imputat ion analysis and 
the precision of inferences involving the 1970 
double-coded sample re la t ive  to inferences 
involving the multiply-imputed 1970 public-use 
s ampl e. Ta bl e 3 pr es en t s me as ur es of 
v a r i a b i l i t y  computed from the three types of 
analysis. 

Mult iple imputation versus single imputation 
Column (2) of Table 3 displays the standard 

errors UZ,~ 2"" for the single-imputation analysis 

based on (3.3). Column (5) shows the standard 
1/2 

errors T 5 for the t-based mult iple- imputat ion 

analysis described in Section 2; the degrees of 
freedom ~ for the t d is t r ibu t ion  are given in 
column (6). As mentioned in Section I,  previous 
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work has shown that single-imputat ion analyses 
tend to y ie ld  inferences that are too sharp 
because the between-imputation v a r i a b i l i t y  is 
then ignored. Single-imputation inferences are 
further from being val id  when the f ract ion o f  
information missing due to nonresponse is high 
because a large proportion of the to ta l  
v a r i a b i l i t y  is then from the between-imputation 
component. Column (9) shows the rat ios of the 
single-imputation standard errors to the 
mult ip le- imputat ion standard errors. In six out 
of twelve cases, th is  ra t io  is less than 0.75; 
th is  indicates, for example, that in these cases 
single-imputat ion interval  estimates w i l l  be 
less than three-fourths as wide as they should 
be. Note that the ra t io  tends to be lower when 
the f ract ion of information missing due to 
nonresponse (column (7)) is higher, and that the 
ra t io  is nearly one when the f ract ion of missing 
information is very small (occupation 808). 

1970 double-coded sample versus multiply-imPuted 
1970 public-use sample 
" The standard errors U I /2 for the analysis 

involving the 1970 double-coded sample based on 
(2.1), (3.1),  and (3.2) are displayed in column 
( i )  of Table 3. In comparing th is  analysis with 
the mult ip le- imputat ion analysis involving the 
1970 public-use sample, the issue is whether the 
loss in precision due to the smaller size of the 
double-coded sample is greater than the loss of 
precision due to having imputed rather than true 
codes for the public-use sample. Column (8) 

shows the ra t io  of U I /2 to T~/2~ . Although both 

analyses are va l id ,  the mult ip le- imputat ion 
analysis involving the public-use sample tends 
to y ie ld  more precise inferences than the 
analysis involving the double-coded sample. In 
seven out of twelve cases the ra t io  in column 
(8) is greater than 1.5. Only for occupation 
263 is the standard er ror  using the double-coded 
sample smaller than the standard error using the 
mult iply-imputed public-use sample. 

I t  appears that analyses involv ing the 1970 
public-use sample with mult iply-imputed codes 
usually y ie ld  more precise inferences than 
analyses involving the 1970 double-coded sample; 
this was predicted by Treiman, Bielby, and Cheng 
(1988). Another related advantage of the 
mult iply-imputed public-use sample is that the 
larger sample size makes more detai led analyses 
possible. For instance, although the analyses 
presented here are for the ent i re  United States, 
the double-coded sample has only 25 observations 
for occupation 583 whereas the public-use sample 
has over 150 observations. I f  f iner  geographical 
deta i l  were desired, many analyses would be 
impossible using the double-coded sample but 
s t i l l  possible using the public-use sample. 

3.5 A Comment on the Fraction of Missing 
I n format i on 

Note that although the simple nonresponse 
rate for the 1970 public-use sample is 100% (a l l  
1980 industry and occupation codes are imputed), 
the fract ions of information missing due to 
nonresponse in column (7) of Table 3 range from 
2% to 78%. The f ract ion of missing information, 
Ym' estimates the re la t ive  di f ference between 

the Fisher information about Q in the mul t ip le-  
imputation t d i s t r i bu t ion  (Section 2) and the 
Fisher information about Q that would exist  with 
complete response (Rubin 1987, Section 3.3). I t  
is based on the size of the between-imputation 
v a r i a b i l i t y  re la t i ve  to the within- imputat ion 
v a r i a b i l i t y .  Thus i t  takes into account the 
precision of the imputation model (which depends 
on the predict ive power of covariates used as 
well as the simple nonresponse rate) and the 
spec i f i c  inference problem being considered. 

4. ANALYSES OF CHANGES IN REGRESSIONS 
OF EARNINGS ON OCCUPATIONAL STATUS 
AND SEX BETWEEN 1970 AND 1980 

4.1 The Inference Problem 
Suppose i t  is desired to test  whether the 

slope coef f ic ients of the l inear regression of 
earnings on occupational status (as measured by 
Duncan's socio-economic index, updated to 1980 
by Stevens and Cho) and sex (O:male, l : female) 
have changed between 1970 and 1980, where 
occupations are defined according to the 1980 
coding scheme. Let B70 and B80 denote the 

vectors of slope coef f ic ients for the 1970 and 
1980 censuses. Then the goal is to test  
whether (B80-B70) is equal to zero; 

thus Q:B80-B70 and Qo:O in the notation of 

Section 2. Given samples from the 1970 and 1980 
censuses, both containing 1980 codes, Q is 
estimated by 
^ 

Q : be0 - b70, (4.1) 
where b70 and b80 are the least-squares 

estimates of B70 and B80 obtained from the 

samples. I f  V70 and V80 are the estimated 

dispersion matrices of b70 and b80 (obtained by 

mul t ip ly ing the inverse of the matrix of sums of 
squares and cross products by the error mean 
square), then the estimated dispersion matrix 

of Q is 

U = V70 + V80. (4.2) 
I f  the sample sizes are not small, then 
complete-data inferences for Q are based on 
(2.1),  (4.1),  and (4.2). For example, a test  of 
whether Q:O is carried out by re fer r ing the test  
s t a t i s t i c  

d : ^-e'u-ie (4.3) 

to the X 2 d is t r i bu t ion  with two degrees of 
freedom. 

4.2 Types of Analysis Examined 
With fi've sets Of 1980 industry and 

occupation codes imputed for  the 1970 public-use 
^ 

sample, there are f ive values of Q and U as 
defined in (4.1) and (4.2) corresponding to the 
f ive values of b70 and V70; note that b80 and 

V80 do not change across imputations because the 

true codes are known for the 1980 public-use 
sample. The f ive sets of estimates and 

^ 

dispersion matrices, Q,~ and U,~, ~:I . . . .  ,5, can 
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be used to compute the mul t ip le- imputat ion test  

s t a t i s t i c s  D 5 and D 5 (equations (2.9) and 

(2.11)) as described in Section 2 (with m:5). 
A l te rna t i ve ly ,  the complete-data test  s t a t i s t i c  
(4.3) can be computed f ive times, y ie ld ing  

~' -1~ ~:1 ,5; d,~ = ,~U,~ ,~, . . . .  

these f ive X 2 s t a t i s t i c s  may be combined as 

described in equations (2.12)-(2.15) to compute 
^ ^ . j ~  

D 5 and D 5. 
The comparison of regression coef f ic ients is 

carried out for data from Cal i fo rn ia ,  with 
separate comparisons made with in each of the 
seven industr ies l i s ted  in Table 4. (Note" In 
the regression calculat ions for the 1980 publ ic-  
use sample, the earnings variable was 
reexpressed in 1970 dol lars using the Consumer 
Price Index to make the regression resul ts for 
1970 and 1980 numerically comparable.) Table 4 
also l i s t s  the number of cases i n  the seven 
industr ies for the 1970 and 1980 public-use 
samples. 

Research on signi f icance test ing has shown 
that mul t ip le- imputat ion tests have  actual 
levels ( re ject ion probab i l i t ies  under the null 
hypothesis) that are much closer to the nominal 
levels than is the case for single- imputat ion 
tests (Raghunathan 1987; Rubin 1987, Section 
4.8). For the test ing problem considered here, 
however, i t  is impossible to demonstrate the 
i n v a l i d i t y  of single- imputat ion tests because 
the true values of the regression coef f ic ients 
for each industry are unknown and thus i t  is 
unknown whether the null hypothesis is true. 
S imi la r ly ,  i t  is d i f f i c u l t  to compare the power 
of tests using the 1970 public-use sample with 
tests using the 1970 double-coded sample because 
even i f  the null hypothesis is not t rue, the 
true a l ternat ive is unknown. The focus here 
w i l l  therefore be res t r ic ted  to demonstrating 
and comparing the four methods of test ing using 
mult iply- imputed data. 

4.3 Comparison of Mult iple-lmp.utation Tests 
Columns (1)-(4) of Table 5 display the test  

s t a t i s t i c s  D 5, D 5, D 5, and D 5 for the seven 

industr ies defined in Table 4, with the 
descr ipt ive signi f icance levels (p-values) given 
in parentheses. Al l  four test  s t a t i s t i c s  have 
been referred to F d is t r ibu t ions  with k:2 
degrees of freedom for the numerator; the 
denominator degrees of freedom (see Section 2) 

^ ^ 

are ~ for D5, 1.5~ for D5 and^D5' and .75~ 

for D 5, where the values of ~ and ~ are given in 

columns (3) and (5) of Table 6. 
Comparison of columns (2) and (3) of Table 5 

shows that the asymptotical ly equivalent 
^ 

s ta t i s t i c s  D5 and D 5 are very s imi lar  for the 

seven industr ies considered here. A general 
^ 

advantage of using D m rather than D m is that the 
2 

computation of D m requires m scalar X 

s ta t i s t i c s  rather than m sets of k-vector 

estimates and kxk estimated dispersion 
matrices. This is useful in pract ice, since 
complete-data methods of test ing a hypothesis 
about a multidimensional Q often produce a 
single test  s t a t i s t i c  rather than an estimate 
and dispersion matrix. In such cases, however, 
the value of r m is not readi ly  avai lable. ^An 

approximate solut ion is to replace r m with r m 
^ ~  

, Column (4) of (equation (2.14)) y ie ld ing  Dm.^, 

Table 5 displays the values of D 5 for the seven 

industr ies.  The largest differences between 
^ ~  ^ , .  

D 5 and D 5 occur when r 5 is very d i f fe ren t  

from r 5 (see columns (1) and (4) of Table 6). 

Note that the value of D 5 for industry 351 is 

negative, which is inappropriate for a test 
s t a t i s t i c  that uses an F reference 
d i s t r i bu t i on .  Rubin (1988) discusses current 

^ ~  

research on improving the test  s t a t i s t i c  D m. 

For each of the seven industr ies,  the four 
mul t ip le- imputat ion tests y ie ld qua l i t a t i ve l y  
the same resul ts .  The widest ranges in p-values 
occur for indust ires 351, 901, and 902, for 
which the fract ions of missing information are 
28%, 60% and 52%, respect ively (column (2) of 
Table 6). The four test  s t a t i s t i c s  have very 
s imi lar  values for industry 440, which only has 
4% missing information. 

5. SUMMARY OF RESULTS 

Two cross-temporal inference problems were 
discussed in th is paper: estimating changes in 
the sex composition of occupations between 1970 
and 1980, and test ing whether the slope 
coef f ic ients of regressions of earnings on 
occupational status and sex have changed between 
1970 and 1980.  Three types of analysis were 
examined, each of which used the same 1980 
public-use data but d i f fe rent  data for 1970. 
The three 1970 data sets were the double-coded 
sample with true 1980 codes, the public-use 
sample with f ive sets of imputations of the 1980 
codes, and the public-use sample with jus t  one 
set of imputations. 

For the estimation problem, the inval id  
single-imputat ion analyses always produced 
standard errors that were smaller than those 
produced by the val id mul t ip le- imputat ion 
analyses; this corroborates previous theoret ical  
and Monte Carlo resul ts showing that single- 
imputation analyses y ie ld  interval  estimates 
that are too short and have lower than nominal 
coverage probab i l i t ies  (Herzog and Rubin 1983; 
Rubin and Schenker 1986, 1987; Rubin 1987). 
The mult ip le- imputat ion analyses outperformed 
the valid complete-data analyses involving the 
1970 double-coded sample with respect to 
precision of inferences. Interval estimates 
from the mult ip le- imputat ion analyses were 
usually narrower than those from the analyses 
involving the double-coded sample. These 
resu l ts  confirm the research of Treiman, Bielby, 
and Cheng (1988). 

Four mul t ip le- imputat ion methods of test ing 
were applied in the regression problem. The 
results for the four methods were qua l i t a t i ve l y  
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s imi lar .  The asymptotical ly equivalent test 
^ 

s ta t i s t i cs  D and D behaved almost i d e n t i  m m ~. 
ca l ly .  The s t a t i s t i c  D m did^ not always y ie ld  an 

accurate approximation to D m. In addit ion, 

one negative value of D occurred. Current 
m 

A~  

research on improvements to D m are described in 
Rubin (1988). 

1 This paper reports the general results of 
research undertaken by Census Bureau s ta f f .  The 
views expressed are a t t r ibu tab le  to the authors 
and do not necessari ly re f lec t  those of the 
Census Bureau. 

2 Nathaniel Schenker is in the Division of 
B ios ta t i s t i cs ,  School of Public Health and 
Donald Treiman is in the Department of 
Sociology, both at UCLA. Lynn Weidman is in the 
S ta t i s t i ca l  Research Div is ion,  U.S. Bureau of 
the Census. 
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TABLE I 

OCCUPATIONS ANALYZED FOR CHANGES IN SEX COMPOSITION 
BETWEEN 1970 AND 1980 

1980 C o d e  Occupation Number of Cases in Occupation 

1970 1970 1980 
Double-coded Public-Use Public-Use 
Sample Samp.l e * Sample 

067 Sta t is t i c ians  49 225 562 
084 Phys i c i ans 482 2872 8645 
095 Registered nurses 1162 8345 25695 
263 Sales workers, motor vehicles and boats 345 2571 5632 
375 Insurance adjusters, examiners, and invest igators 168 1185 3332 
418 Police and detect ives, publ ic service 515 3382 8401 
484 Nursery workers 33 186 693 
583 Paperhangers 25 152 315 
686 Butchers and meat cutters 473 3060 5952 
704 Lathe and turning machine operators 224 1284 2370 
808 Bus drivers 408 2579 7844 
889 Laborers, except construction 1323 8652 27992 

~For i~he 1970 public-use Sarnple, the number oi ~ cases varies across imputations. The minimum number 
is given here. 
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TAB LE 2 

ESTIMATES (IN PERCENT) OF CHANGES IN THE SEX 
COMPOSITION OF OCCUPATIONS BETWEEN 1970 AND 1980 

Occupation 1970 Doubl e-Coded 1970 Public-Use Samp!e 
A ^ 

(1980 code) Sample (Q) Q*I Q5 

067 14.95 5.38 . . . . .  4.93 
084 5.34 4.06 3.54 
095 -2.55 -1.45 -1.58 
263 5.17 -0.13 0.69 
375 30.45 30.50 30.32 
418 3.53 2.16 2.02 
484 -2.30 -8.66 -13.83 
583 i0 . I0  6.12 8.42 
686 2.89 2.17 2.76 
704 -3.98 1.09 -0.37 
808 18.69 18.17 18.01 
889 3.91 5.14 5.00 

NOTE: Posi t ive values ~ndicate an increase in the percent 
female from 1970 to 1980. 

TAB LE 3 

MEASURES OF VARIABILITY FOR THE ANALYSIS OF CHANGES IN THE (PERCENT) 
SEX COMPOSITION OF OCCUPATIONS BETWEEN 1970 AND 1980 

Occupation 1970 Double-Coded ..... 1970 Public-Use Sample 

(1980 code) Sample (U I /2)  Ui~ 2 05 1.2B 5 T~/2 

(1) (2) (3) (4) (5) 

Ratio" 

T5(% ) ( i ) / ( 5 )  

C6) C7) (8) 

Ratio" 

(2) / (5)  

(9) 

067 7.12 3.87 14.88 1.10 4.00 
084 1.31 0,66 0.45 0.44 0.95 
095 0.38 0.21 0.04 0.01 0.24 
263 0.88 0.62 0.36 0.97 1.15 
375 3.66 1.56 2.49 1.04 1.88 
418 0.71 0.41 0.17 0.16 0.57 
484 8.90 4.11 12.77 33.68 6,81 
583 5.84 3.32 9.71 4.37 3.75 
686 1.53 0.74 0.54 0.13 0.82 
704 2.28 0.90 0.91 1.01 1.38 
808 2.26 1.04 1.08 0.02 1.05 
889 1.03 0.44 0.19 0.47 0.81 

839 
16 
91 

8 
46 
18 
8 

42 
104 

14 
9427 

8 

7 
55 
23 
78 
32 
52 
78 
34 
21 
58 
2 

76 

1.78 
1.38 
1.62 
0,77 
1.95 
1.24 
1.31 
1.56 
1.87 
1.65 
2.15 
1.27 

0.97 
0.70 
O. 90 
0.53 
0.83 
0.72 
0,60 
0.88 
0.91 
0.65 
0.99 
0.54 
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TABLE 4 
INDUSTRIES ANALYZED FOR CHANGES IN REGRESSION 

COEFFICIENTS IN CALIFORNIA BETWEEN 1970 AND 1980 

1980 C o d e  Industry Number of Cases in Industry 

1970 
Public-Use 
Sample * 

1980 
Publ i c-Use 
Sample 

351 Manufacturing: motor vehicles and motor vehicle equipment 407 1280 
440 Radio and te lev is ion broadcasting 142 530 
591 Retail trade: department stores 1762 4457 
700 Banking 1163 4134 
850 Colleges and universi t ies 1715 4807 
901 General government 343 2932 
922 Administration of human resources programs 286 931 

* For the 1970 public-use sample, the number of cases varies across imputations. The minimum 
number is given here. 

TABLE 5 

MULTIPLE-IMPUTATION TEST STATISTICS (P-VALUES (%) IN PARENTHESES) FOR 
CHANGES IN REGRESSION COEFFICIENTS IN CALIFORNIA BETWEEN 1970 AND 1980 

A 

^ 

Industry D 5 D 5 D 5 D 5 

(1980 code) ( i )  (2) (3) (4) 

351 0.14 (87) 0.16 (85) 0.17 (84) -0.00 (I00) 
440 1.14 (33) I . I  (33) I . I I  (33) 1.17 (31) 
591 6.99 ( . I i )  6.80 (12) 6.80 (.12) 7.18 (.082) 
700 6.73 (.16) 5.81 (.35) 5.87 (.33) 6,58 (.15) 
850 1.43 (24) 1.33 (.26) 1.34 (26) 1.47 (23) 
901 0.32 (73) 0.28 (76) 0.26 (77) 0.94 (40) 
922 1.71 (21) 1.30 (29) 1.27 (30) 1.91 (16) 

TABLE 6 

RATIOS OF VARIABILITY, FRACTIONS OF MISSING INFORMATION, 
AND DEGREES OF FREEDOM FOR MULTIPLE-IMPUTATION ANALYSES OF CHANGES IN 

REGRESSION COEFFICENTS IN CALIFORNIA BETWEEN 1970 AND 1980 

A ^ 

Industry r5 (%) Y5 (%) v r 5 (%) v 

(1980 code) (I) (2) (3) (4) (5) 

351 34.5 2 8  61 69.2 "24  
440 4.0 4 2759 O. 5 14893 4 
591 12.2 11 337 6.8 995 
700 20.4 18 139 8.5 655 
850 8.7 8 622 2.0 10619 
901 121.7 60 13 28.0 84 
922 90 1 52 18 43.2 44 
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