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Introduction 

For tile past two decades, tile Internal Revenue 
Service has used a version of a "'permanent r,'mdom 
nmnber" in the selection of salnples for tile v~ious 
Statistics of Income (SOl) studies. Tile value of this 
procedure ill tile administrative records area lies ill 
tile ease of use, as well as tile statistical virtues. 
These virtues are lmdimimshed by tile burden of 
repeated selection on tile companies included ill these 
studies, for they are never contacted. Only tile data 
on tile return they must  file are used in any case. 

We examine tile usefillness of this procedure 
for a medmm-sized study, on partnerships, where tile 
design and sampling rates have been unchanged for 
several years. First, however, we present some 
background on the studies, design and enviromnem. 
We will look into some trends in the data. then 
exalnille tile variance Oll SOlllC year-to-year 

. . 

colnparisons. 

Background 

Tile earliest studies ill tile Statistics of Incolne 
series predated computer processing and so used a 
manual sequential sampling procedure. With tile 
introduction of computer processing ill the late 
Sixties, it became possible to select tile sample using 
ending digits of tile Employer Identification Number 
(EIN). Reliance on an administrative records 
processing system has limitations, including the need 
to operate on its schedule. 

Ill practice this has meant that the sample 
selection process is integrated into tile weekly 
processing. This conslraint has lneant that tile 
population size is unknown at the time that tile 
sampling schelne is placed in practice, so only tile 
sampling rates might be preset. Our clients need 
detailed records for their analysis, and tile 
adnlinistrative data on tile Selwice's colnputer f les 
are not as complete as they desire. Thus, the 
Statistics of Incolne programs IntlsI rely on samples 
of those return filings and supplelnent tile data from 
those administrative files with additional extracted 
ilfformation. Fortunately, as a sampling frame, the 
Internal Revenue Service's Master File Systems have 
a reasonable munber of potential stratifiers and 
identifiers that are relatively stable. 

The structure of EIN assigmnent led to a serious 
constraint. The lead two digits were assigned based 
on tile Internal Revenue Service District Office that 
served tile ,area ill which tile company (or other 
entity) was headquartered. For some e~ly years, 
when all organization claimed tax exelnpt status, it 
was assigned a "9" ill tile tlfird digit. This was later 
discontinued, but we still see tile effect ill tile overall 
distribution. 

The fourth and fifth digits were often zeroes 
due to tile nontufiform distribution of firms and 
organizations across the various districts. This leaves 
only the last four available for use ill sample 
selection. 

Tile distribution of tile last four digits was not 
(and still is not) uifiform, with significant clustering 
effects oil the final digit ill particular. This limited 
the differentiation ill the sampling rates across the 
strata, since the smallest viable sampling rate was 
approximately two ill a thousand. As the population 
grew, the amount of the studies' resources demanded 
by the expmlding class of very. large firms forced 
reductions ill the selection probabilities for records ill 
the smallest size category. Moreover, there was a 
certain amount of clustering of the EIN's ill some 
classes of organizations, hi the case for Fiduciaries, 
for example, a bank might obtain a block of 
sequential account numbers for their trust 

department. The differences between the entities 
within that block were expected to be minor, so 
selections of sequential organizations would be 
undesirable. 

To get around these lilnitations, the Individual 
Income Tax Returns Studies experilnented with 
sequential sampling. The weakness of this strategy 
arose froln the need to integrate the sample's 
selection with the complex weekly batch processing 
of the adlninistrative svstelns across ten sites. 

. 

Controlling this operation proved difficult, expensive 
and incomplete. Another solution was needed. 

These problelns, the linfitation on the smallest 
salnpling rate mid the replication of the selections 
across re-runs of the weekly sampling, were resolved 
by Benjalnin Tepping. The lnethod he described 
used tile EIN, prime munbers and modular aritlunetic 
to create a "Transformed Taxpayer Identification 
Nulnber" (TTIN). He noted that the values of C and 
N had to be large to create effective randonmess for 
sample selection. 
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TTIN = [(EIN)*CI rood N. 

Among this procedure's favorable qualities were 
straightfol~vard computer programnffng and tile 
existence of an inverse, that is, given tile TTIN, one 
call compute the EIN that was used in its creation 
[Hart e, 1983]. 

This TTIN has 11 digits, but Olfly tile last four 
are used ill sample selection for tile Business Master 
File Sampling Operations. It is these last four digits 
that we consider as tile pennanent random number. 
Tile progralnnmlg advantages arise from tile silnple 
selection test of whether that random nmnber (least 
four digits of tile transform, divided by 10,000) is less 
than a prescribed sampling rate. Since the nulnber is 
generated from the EIN, in tile event of a renm 
during tile weekly sample selection any record 
previously selected would be retained, Ulfless the 
sampling rate or strata boundaries were amended. 
Clearly this effect also continues across years, since a 
business will file using tile same EIN tilne and tilne 
again, and, therefore, if it remains tile same size (and 
the design is unchanged), lhe finn will be retained ill 
tile sample across those years. 

Tile real questions abotll this procedure are: 
1. [-[o~,l, closely (to lhe achiever/ .vamp/ino, rates 

match the prescribed? 
2. lI'hat ck)e,s the retention rate look like? 
3. ll"hat is the impact on the estimalex qf .vear-lo- 

year change ? 

Partnershi  !) Sample Design 

To answer these questions we use tile SOl 
Partnership Studies for Tax Years 1993 through 
1996. These studies focus on those businesses that 
have more than one owner, yet are not incorporated. 
The Partnerslffp Studies do not have the largest 
sample of those produced by tile Statistics of Income 
Division, nor file smallest, starting at 30,000 and 
growing to ahnost 40,000 by the end of this period. 
For these years, the design and sampling rates were 
constant, wlfich gives us a good opporttmity to 
investigate the qualities of this salnple selection 
process. 

The design elnploys 73 strata, divided along 
industry groupings, assets size classes mid a measure 
of operational size. This later strafifier is a composite 
forced on us by the way the tax code views different 
types of incolne. We used the available iIfformation 
to approxilnate the net income and receipts measures 
more commmfly used, but we cmmot recreate those 
items at the time of sample selection. 

As Table 1 on tile next page shows, about one- 
third of the strata we reserved for the Real Estate 
Partnerships. This single industry dominates the 
population, comailfing about one-tlffrd of all 
businesses. If we proportionately allocated the 
sample we would have nluch less reliable estimates 
for the less populous industrial divisions, so about 
half the proportional sample is assigned to those 
strata. Conversely, we increased lhe allocation to the 
smaller divisions to improve those estimates. 

Previous reports oll the effectiveness 
(McMahon, 1995) of the sample design demonstrated 
that the current version improved the estimates of the 
industry, divisions while maintaimng the level of 
reliability of tile major national estimates. While we 
alluded to SOlne year-to-year chmlges in that study, 
we could not address those issues at that time. With 
the revised design came lffgher sampling probabilities 
for records in the strata for tile slnallest firms. 

On the surface this wouldn't seem to give rise to 
any questions froln the clients or public, but recall that 
the selection mechmffsm tends to retain firms ill lhe 
sample. Tiffs Call mean that a slnall company that was 
selected for tile 1992 study (tile previous sample 
design) in file stratuln with tile least probability of 
selection would be selected under the latest design (for 
Tax Year 1993) as well. Since the weights depend on 
the probability, of selection, lhat small finn ,~vill have its 
weight decrease (and for tile years in queslion, it might 
be more than a third). Indeed, for some smaller 
industries, many of the same finns were the basis for 
the small domain estimate in both study years. Thus. 
an apparently sigmficant decrease in the estimated 
number of finns could simply be due to the design 
change. 

Of course, the decreased probability, of selection 
cotfld also result in a new record being included and 
result in a relatively, steep rise for some other estimate. 
but tile author has seldom had to field calls about such 
growth s i tua t ions-  decreases seeln more readily 
apparent. 

Sampling Rates 

With a bernoulli salnpling design, tile sample size 
is a r~dom variable, with tile probability of selection 
being set before salnpling begins. In our case, we must 
develop tile desigm at least two years before tile last of 
file sample is chosen. Tlmt is, we do not have tile 
sampling frame available until ,after the sample is 
selected. Thus, in the design we use population 
estimates projected at least two years into the fimlre. 
Tiffs gives rise to the difference between the actual 
proportion of the population selected for the sample and 
that wlfich we nfight plan. 
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Table  1: Tax Years 1993 - 1996 Partnerships ,  Strata Definit ions and Sampl ing  Rates 

A s s e t s  $ 1 0 0 , 0 0 0 , 0 0 0  or  m o r e  . . . . . . . . . . . . . . . . . .  1 .00 

A s s e t s  l ess  t h a n  $ 1 0 0 , 0 0 0 , 0 0 0  

a n d  R e c e i p t s / I n c o m e  $ 2 5 , 0 0 0 , 0 0 0  or  m o r e  . . . . .  1 .00 

Real Estate Operators 
A b s o l u t e  V a l u e  o f  R e c e i p t s / I n c o m e  ($)  

U n d e r  5 0 , 0 0 0  1 0 0 , 0 0 0  2 5 0 , 0 0 0  5 0 0 , 0 0 0  

A s s e t s  ($)  5 0 , 0 0 0  u n d e r  u n d e r  u n d e r  t i nde r  

1 0 0 . 0 0 0  2 5 0 . 0 0 0  5 0 0 0 0 0  1 , 0 0 0 . 0 0 0  

1,000,000 
u n d e r  

5 , 0 0 0 , 0 0 0  

5 , 0 0 0 , 0 0 0  

u n d e r  

2 5 , 0 0 0 , 0 0 0  

k i n d e r  2 5 0 , 0 0 0  

2 5 0 , 0 0 0  u n d e r  

7 5 0 , 0 0 0  

7 5 0 , 0 0 0  u n d e r  

2 , 5 0 0 , 0 0 0  

2 , 5 0 0 , 0 0 0  u n d e r  

5 , 0 0 0 , 0 0 0  

5 , 0 0 0 , 0 0 0  u n d e r  

2 5 , 0 0 0 , 0 0 0  

2 5 , 0 0 0 , 0 0 0  u n d e r  

1 0 0 , 0 0 0 , 0 0 0  

A s s e t s  ($)  

k i n d e r  2 5 0 , 0 0 0  

2 5 0 , 0 0 0  u n d e r  

7 5 0 , 0 0 0  

7 5 0 , 0 0 0  u n d e r  

2 , 5 0 0 , 0 0 0  

2 , 5 0 0 , 0 0 0  u n d e r  

5 , 0 0 0 , 0 0 0  

5 , 0 0 0 , 0 0 0  u n d e r  

1 0 , 0 0 0 , 0 0 0  

1 0 , 0 0 0 , 0 0 0  u n d e r  

2 5 , 0 0 0 , 0 0 0  

2 5 , 0 0 0 , 0 0 0  u n d e r  

1 0 0 , 0 0 0 , 0 0 0  

A s s e t s  ($ )  

0 . 0 0 1 8  0 . 0 0 3  0 . 0 0 9  { . . .  0 . 0 3 0  . . .  } 

0 . 0 0 2 0  0 . 0 0 3 5  0 . 0 0 6  / . . .  0 . 0 1 8  . . .  } 

{ . . .  0 . 0 0 4 0  . . .  } 0 . 0 0 6 5  0 . 0 0 8  { . . .  0 . 0 2 5  . . .  } 

{ . . . 0 . 0 1 0  . . . } 0 . 0 1 5  0 . 0 1 3  0 . 0 3 0  

{ . . . 0 . 0 2 0  . . . } 0 . 0 2 0  0 . 0 4 0  0 . 0 5 0  

U n d e r  4 0 , 0 0 0  

4 0 , 0 0 0  u n d e r  

1 0 0 , 0 0 0  

0 . 3 0 0  . . .  } 

Farms, Trades, Finance and Services 
1 0 0 , 0 0 0  2 5 0 , 0 0 0  1 , 0 0 0 , 0 0 0  2 , 5 0 0 , 0 0 0  

u n d e r  u n d e r  u n d e r  u n d e r  

2 5 0 , 0 0 0  1 , 0 0 0 , 0 0 0  2 , 5 0 0 , 0 0 0  5 , 0 0 0 , 0 0 0  

0 . 0 0 5 5  0 . 0 0 6 0  0 . 0 0 9  0 . 0 1 7  { . . .  0 . 0 6 5  . . .  } 

0 . 0 0 5 5  0 . 0 0 9 0  0 . 0 1 5  0 . 0 2 0  { . . .  0 . 0 7 0  . . .  } 

{ . . .  0 .01  . . .  } 0 . 0 1 7  0 . 0 3 0  0 . 0 6 0  0 . 0 9 0  

{ . . .  0 . 0 4 5  . . .  } 0 . 0 5 0  0 . 0 4 0  { . . .  0 . 1 0  . . .  } 

{ . . .  0 . 0 5 5  . . .  } 0 . 0 7 0  0 . 0 8 5  0 . 1 2 0  

{ . . .  0 . 0 9 0  . . .  } { . . .  0 . 1 5 0  . . .  } 0 .23  

{ . . .  0 .35  . . .  } 

Mining, Construction, Manufacturing and Transportation 
U n d e r  4 0 , 0 0 0  1 0 0 , 0 0 0  2 5 0 , 0 0 0  5 0 0 , 0 0 0  1 , 0 0 0 , 0 0 0  

4 0 , 0 0 0  u n d e r  u n d e r  u n d e r  u n d e r  u n d e r  

1 0 0 , 0 0 0  2 5 0 , 0 0 0  5 0 0 , 0 0 0  1 , 0 0 0 , 0 0 0  5 , 0 0 0 , 0 0 0  

0 . 3 0 0  

0 . 1 3 0  

5 , 0 0 0 , 0 0  

u n d e r  

2 5 , 0 0 0 , 0 0 0  

0.400 

____z.z 

1.00 

5 , 0 0 0 , 0 0 0  

u n der  

2 5 , 0 0 0 , 0 0 0  

U n d e r  2 5 0 , 0 0 0  0 . 0 0 3  0 . 0 0 8  

2 5 0 , 0 0 0  u n d e r  

1 , 0 0 0 , 0 0 0  { . . .  0 . 0 3 0  . . .  } 

1 , 0 0 0 , 0 0 0  u n d e r  

5 , 0 0 0 , 0 0 0  { . . .  0 . 0 7 0  . . .  } 

5 , 0 0 0 , 0 0 0  u n d e r  

2 5 , 0 0 0 , 0 0 0  { . . .  0 . 3 0  

2 5 , 0 0 0 , 0 0 0  u n d e r  

1 0 0 , 0 0 0 , 0 0 0  { . . .  

0 . 0 0 8 5  0 . 0 1 5  { . . .  0 . 0 0 6  . . .  } 

0 . 0 6 0  { . . .  0 . 0 4 0  . . .  } 0 . 0 9 0  

0 . 1 2 0  { . . .  0 . 0 5 0  . . .  } 0 . 1 4 0  

} { . . .  0 . 3 0  . . .  } 0 . 2 3 0  

0 . 5 0  

0 . 4 0  . . .  1 .00 

7 1 1  



But how much does the actual rate differ from 
that which we set a priori'? After all, tiffs directly 
,affects the project planning. Chart 1 shows the relative 
difference between the actual and plaxmed sampling 
rates for the 1993 Tax Year Study. As you see, the 
difference is usually less than ten percent. There are, 

Chart 1" SOl 1993 Partnership Sampling Rates 
Actual/Expected 

1 . 2  

11 V@ 
O.8j 
0 . 7  ~ 

0 . 6 i  . . . . . . . . . . . . . . . . . . . . . .  - . . . . .  - . . . . . . . .  -~ ,--~--, . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

S t r a t u m  

however, four strata where the differences exceed 
this range. Whell wc extend our consideration 
across several years, three cases retreat back into the 
usual + 10 percent range. 

The one stubborn case. shown on the graph in 
the lower left corner, should have been sampled at a 
1.5 percent probabilib;. The observed rate was 
approxilnately 1.2 percent in each year. We thought, 
at first, that tlfis might have been the result of a 
programlmng error, but a careflfl review of the 
program code showed that the proper procedure was 
applied. This meant that the expected sample size of 
about 100 firms in this stratum was short by 25. Yet 
the impact on the estimates is ignoreable because this 
class is only one of the 23 used in selecting the real 
estate operators (with an overall sample size of at 
least 5,000 for that single industry). 

Sample Retention 

The third reason for using a perlnanent randoln 
nmnber scheme (after improved rate selection and 
operationN simplicib,) was to improve tl~e retention 
of sample traits froln one time period to tile next. We 
first constructed a colnparison between the result of a 
match from file 1993 study's file to the 1994 file and 
what we would expect if independent selection were 
used. The matclfing routine used the Employer 
Identification Number, and since all of the selected 
records posted to the Business Master File, we can be 
reasonably certain that there are vel3, few false 
matches on that criterion. However, we did not 
restrict the match to the study years' accounting 
periods, so some slnall nmnber of extraneous records 
lnight have been introduced. 
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We calculated the expected sample retention by 
applying the sampling rates to the observed sample. 
This could cause a small tmderstatement of the 
expected retention for those cases where the smnple 
drops from a higher probability stratum to a lower 
one (by a factor that depends on file difference in the 
two strata probabilities). However, this method does 
have the quality of accounting in part for the 
migration of firms alnong the classes. The results are 
shown in Table 2, below. 

Table 2: Sample Retention Efficiency 
Tax Years 1993 to 1994 

Matching Expected 

All Firms 22,986 7,700 
Non-Certainty 17,539 2,300 

The use of the Transform Taxpayer 
Identification Number yields a dtree-fold overall 
increase in the retained sample. When we exclude 
the large number of high asset or income firms that 
are selected for the sample with certainty, though, the 
improvement is a quite significant seven-fold 
increase over an independent selection. 

Now the population is always undergoing 
changes, especially births and deaths. These factors 
increase the value of the perlnanent random number 
procedure over a simple panel study, because the 
change that they represent is better captured by 
repeated surveys. Just as clearly, though, they affect 
the size of the retained sample over the years, even 
when the smnpling rates are stable. For studies of 
parmerships, though, births and deaths are a 
particular hazard because the nature of this business 
structure is quite suitable to ad hoc operations such as 
the floatation of stocks or small construction jobs. 

Table 3: Sample Retention Profile 
Tax Years 1993 through 1996 

Selection 
Year 1993 
1994 28,941 
1995 22,980 
1996 20,691 
1997 18,604 

Tax Year 
1994 1995 1996 

30,630 
24,567 
21,808 

33,824 
27,290 39,957 

Since the reporting deadline follows the closure 
of the tax year, the sample is selected m the period 
after that year is done. Allowance has to be made, of 
course, for filing extensions and IRS's processing, 
which leads to the sample being drawn for an entire 
year. Table 3 shows that the sample size increased 
for each subsequent study, with a considerable jump 
for Tax Year 1996. The mild growth in the other 
years arose from the increase in the nulnber of large 
firms, but the 1996 growth crone from a sudden 
increase in file population as a whole. 



The retention of sample traits over the four 
years in this review has a second year fall-off of 
about 20 percent. The 1993 and 1994 projects had a 
further drop of about 9 percent in the tlffrd year. This 
pattern cmffinns the effect of the ad hoc operations 
on the partnership population, while further 
illustrating the value of the perm,'ment r,'mdom 
ntunber selection procedure. 

Affect on Est imates  

The impact of this procedure on the reliabili .t.t.t.ty 
of the estilnates has two aspects  the first on 
nonsampling errors and. of course, the second on the 
variabilily. The nonsamplmg errors are reduced by 
the increased availabiliD, of ilfformation from prior 
3.'ears for use in the identification and resolution of 
data abstraction faults. Since these Statistics of 
Income studies use the tax forms as the survey 
instnunent, we must take the data our sponsors 
require from wherever on the various forms the 
adnmfistrative design puts theln. 

As was noted in a previous paper (McMalmn, 
1996), the remoteness of a datum (lffdden amongst 
text on a back page, perhaps) has a strong effect on 
whether the clerk abstracting the iIffonnation notices 
it. By comparing matched records one can identi~, 
those reports that are likely to contain these 
obscurities. 

But most of these items are not used in the 
published tables, so lheir impact on the general user 
is ignoreable. On the other hand, all users want to 
know solnething about the distribution across 
industries. Here the abiliW to cross check with prior 
years could reduce the errors by providing the 
abstraction clerks with the codes used in the previous 
years. 
. 

Table 4 shows that the vast maiority of the 
retained entities received an mdustD.' code that was 
either the same as the previous 3.;ear or in an adjacent 
industry. There were. of course some miscodings ill 
the earlier year, including a handfifl of records for 

which the industry wasn't reported or discemable, but 
lnost of the changes were the result of firms changing 
their operations. A builder, for exmnple, might 
temporarily rent out equipment, switching from 
construction to services. 

Variance of Longitudinal Est imates  

The example described above also illustrates a 
problem in estimating tl~e variances across the 
studies, for such a change would also result in a strata 
migration. Roughly two-thirds of the retained sample 
relnalned in the salne sampling class froln one year to 
the next, ,'rod most of those that changed were in 
adiacent strata. However, of the total smnple used in 
lnaking the estimate of, say, asset growth, the 
proportion of selected firlns remaining m strata 
declines to less than 40 percent (,after allowing for 
births and deaths). 

We do not at this time have population counts 
for births, deaths, or continued operations for ,'uly 
strata, let None information on migrations amongst 
the smnpling classes. Thus, we cammt post-stratify 
the smnples to simplif), the estimation. Tiffs situation 
will be remedied soon, but, in the meantime, we wish 
to estimate the effect the retention of firms in the 
sample has on the estimates. 

The varimme of the difference between an 
estimate for, say, 1995 ,'rod 1996, includes the 
vari,'mce for each of the two amuml estimates as well 
as the covariance, as shown below. 

v , , .  - ) - + ) 

- 2 ( ' ° v ( Y l ,  3:: ) 
The estimates we publish in the SOI Bulletin 

each fall (e.g., Wheeler. 1994) are condilioned on the 
salnple chosen. Tlffs lneans that we need to estimate 
a conditional variance for the year-to-year growth. 
This is straightforward for the variances of the 
individtml years, but lacking the population data. the 
forln of the conditional covariance isn't clear. 

Table 4: Retained Sample 's  Indust ry  Migrat ion From 1995 to 1996 

(Percent) 

Agriculture Mining Construction ManuLacturing Transportation T r a d e  Finance 

AD'iculture 98.0 0.1 0.1 0.3 0.0 0.6 0.7 

Mining 0.0 98.4 0.1 0.4 0.1 0.3 0.4 

Construction 0.1 0.1 97.9 0.4 0.2 0.2 0.2 

Manuthcturing 0.5 0.3 0.2 96.2 0.9 1.3 0.2 

Transportation 0.0 0.2 0.1 0.3 97.4 0.4 0.3 

Trade 0.2 0.0 0.1 0.7 0.1 97.5 0.2 

Finance 0.1 0.0 0.1 0.0 0.0 0.0 98.5 

Real Estate 0.0 0.0 0.0 0.0 0.0 0. l 1.3 

Services 0.1 0.0 0.1 0.2 0.5 0.7 0.6 

Real Estate 

0.0 

0.0 

0.5 

0.1 

0.2 

0.1 
0.9 

98.4 

0.3 

Services 

0.3 

0.3 

0.4 

0.4 

1.0 

1.1 

0.4 

0.2 

97.5 
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Our initial attempt to estimate the covariance 
used the higher weight froln the two years. Since the 
selections are chosen using the perlnanelH random 
lmlnber, the probability of selection in two studies is 
the smaller of the two. That is: 

/O(12) = /O211D 1 

If the firln were selected for the salne strata in 
both years (or one with a higher salnpling 
probability), then the probabilib that it would be 
selected in the second year given selection in d~e 
first, Pc11, is certainty. Hence the joint probabilib' is 
the original stratuln's times 1. If the finn drops into a 
lower probability, stratum, fllen the conditional 
probability of selection in the second year given 
selection in the first is p_-i~ :: (p: / p~)*/)~, once again 
the smaller seleclion probability. 

Since we were exploring the problem, we 
began by slightly modiRdng the basic rc estimator to 
reflect the observed joint selection probabilities: 

32 3::, I1)c~" >,) 
¢ 7 o , , ( y , ,  ) - - -  

(Z y,, / er, )(Z Y2, / ) 

This clearly wasn't the correct forln, and our 
first estimates showed it. For example, the relative 
sampling error for the change in Total Assets, from 
1995 to 1996, in the industl-V division "Wholesale 
and Retail Trade," COlnputed with this covariance, 
was 5.1653 percent. If we had assumed the 
covariance were zero, that nulnber would have been 
5.1656 percent: an ignoreable difference. In this 
case, though, the roughly $20 billion growth between 
1995 and 1996 was entirely attributable to the new 
firms. 

Yet this form of the covariance does indicate 
what we can do to improve year-to-year comparisons. 
First, we need to replace the estilnated populations 
with counts from a salnpling frame. Second, we can 
expect a re~fl ilnprovemenl by separating the births, 
deatl~s mid ad hoc operations from the finns that are 
continuing concerns. And lastly, we need to COlltinue 
research in this area. 

Further Research: 

To these ends. we are constnlcting longitudinal 
sampling frames for nearly all of the Statistics of 
Income studies. This will take considerable time, for 
there currently is no source that c,'m exactly replicate 
the population we actually subjected to sampling over 
the past few years. Such a data base will also, of 

course, be of significant use in the next round of 
sample redesign. 

We are also flmding research into efficient 
methods of estimating this variance. These results 
will affect the sample allocation in the near term and 
the strata design soon thereafter. Based on the strata 
migration patterns, it now appears that we currently 
have too many salnpling classes, which may interfere 
with the post-stratification suggested above. 
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