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This is an quite an indictment and should be ac-
companied by convincing proof of unethical behavior
and distortion of facts. Belin and Rolph have not
come up with a single fact that I have been care-
less with, nor any instance of unethical behavior. On

Rejoinder

D. Freedman and K. Wachter

1. INTRODUCTION

Census adjustment is not an easy topic. We are
grateful to the discussants for their efforts at clari-
fying the issues. One other idea will not be contro-
versial: Rob Kass and Ram Gnanadesikan deserve
thanks for putting this exchange together and bring-
ing it to a successful conclusion.

The commentaries fall naturally into two groups,
those from outside the United States and those from
inside. It is valuable to have perspectives gained
from experience in other countries. We marvel, natu-
rally, at errors measured in hundreds, which Lyberg
and Lundstrom attribute to Sweden’s PIN-keyed reg-
isters. Australia as described by Steel makes an
interesting contrast to Britain (Diamond and Skin-
ner), in terms of the trust accorded to results from
demographic analysis in Britain and the distrust in
Australia—even though Australia has effective mon-
itoring of international migration, which removes
one of the chief components of uncertainty in demo-
graphic analysis for the United States.

Belin and Rolph (BR) have a free-spirited and
wide-ranging commentary which reviews many pre-
vious exchanges on the census. Much as we like the
authors, we differ with them on readings of the tech-
nical and historical record and on matters of scien-
tific principle. With respect to the census, Ericksen,
Fienberg and Kadane (EFK) are among the oldest
and most familiar of our opponents; but on this oc-
casion, as we shall explain, their critique is off the
mark entirely.

According to the rules of engagement, we do not
comment on BR’s rejoinder and they do not comment
on ours, so we get the last word in this exchange—on
these pages of this journal. Silence cannot be inter-
preted as consent: we are sure that BR and EFK will
continue the argument in some other forum.

The Census Bureau’s latest thinking on the
1991-1992 adjustments is described in Fay and
Thompson (1993). Our discussants frequently refer
to this paper for arbitration, and we shall too. We

the other hand, they have gotten their facts wrong,
have been careless in reading, have found contra-
dictions and obfuscations where there are none and
have spent most of their time on irrelevant side is-
sues and morality mongering. -

hope Bob Fay and John Thompson will not mind such
close textual analysis.

Despite the scope of BR’s remarks, our paper was
not really about the bottom-line question: whether
adjustment would have made errors in state pop-
ulation shares better or worse. It was, rather,
about a “wild card” in the Census Bureau’s assess-
ments of state and local coverage error: heterogene-
ity. Heterogeneity was omitted from the bureau’s
loss function analysis. Statisticians on all sides have
been arguing ever since what kind of difference that
could have made.

In our paper, we measured the difference that het-
erogeneity does make, in a context that allows an
exact answer. We used the same loss function that
the Bureau did, with proxy variables instead of un-
dercounts. In our context, the adjustment factors are
known with perfect accuracy, so that errors of adjust-
ment are due purely to heterogeneity, and loss itself
can be calculated. We found the following:

1. The omission of heterogeneity does bias the esti-
mated risks.

2. Depending on the proxy, the bias can be small or
it can be large.

3. The bias can go either way, for or against
adjustment.

In particular, we established that loss function anal-
ysis can be strongly biased in favour of adjustment;
EFK and BR react quite critically to this finding. Be-
fore we answer them, let us recall the larger picture
in which such arguments take their place.

2. BACKGROUND

Would the proposed adjustment of the 1990 cen-
sus, or of the intercensal estimates, have improved
the accuracy of population shares held by the various
states? “Loss function analysis” attempts to balance
errors in the census against errors in adjustment,
and it seems to be the principal statistical argument
that adjustment would improve on the census (BR,
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Section 2; Woltman et al., 1991; Mulry and Spencer,
1993; Freedman, Wachter, Cutler and Klein, 1994).

Loss function analysis has several ingredients.
The first is estimated sampling error. In the con-
text of census adjustment, the Bureau’s estimates for
variance (based on their smoothing model) were sub-
stantially too optimistic, by a factor of 2 or 3 (Fay and
Thompson, 1993, page 83; Freedman et al., 1993);
this problem disappears for the intercensals, since
the smoothing model was not used. Another input
to loss function analysis is the estimated levels of
bias in the PES (due to matching error, census day
address error and so forth).

The Bureau elected not to estimate bias in the PES
for geographical areas, or even for poststrata. In-
stead, errors were determined for very large aggre-
gates of poststrata, called evaluation strata. With
the census, there were 1,392 poststrata and 13 eval-
uation strata; with the intercensals, there were 357
poststrata and 10 evaluation strata. Breiman shows
the Census Bureau’s 1991 estimates for bias to be far
too optimistic. There seems to be some agreement on
these points, the discussants notwithstanding (Sec-
tion 6 below).

To adjust population counts in small areas, in-
cluding states, the bureau made the “synthetic as-
sumption” undercount rates are constant within
poststrata across geography. Thus, rates are deter-
mined by demographics not geography. Failures in
the synthetic assumption are termed “heterogene-
ity.” The loss function analysis was done on the ba-
sis of the synthetic assumption and therefore could
not measure the impact of heterogeneity. To allo-
cate biases from evaluation strata to poststrata, er-
ror rates were assumed constant within evaluation
strata across poststrata, and then within poststrata
across geography—an even stronger form of the
synthetic assumption. (For details, see Freedman,
Wachter, Cutler and Klein, 1994, pages 260-261.)

Section 5 below indicates how the results of loss

function analysis change if we correct the variance -

and bias estimates. We also show that the scheme for
allocating errors from evaluation strata to individ-
ual poststrata has considerable influence (Freedman,
Wachter, Cutler and Klein, 1994, pages 262, 264).
Our present paper, however, dealt with another topic
in the adjustment debate: the impact of heterogene-
ity on loss function analysis. Does heterogeneity cre-
ate bias in estimated risks? (“Risk” is expected loss,
and the goal of the loss function analysis was to ob-
tain unbiased estimates of risk.)
The modelers have taken several positions:
1. Heterogeneity is trivial.
2. If not, the impact on loss function analysis is
trivial (“robustness”).
3. If neither 1 nor 2 is admitted, then loss function

analysis is “conservative”: the proadjustment po-
sition is even stronger than the data say it is.

Belin and Rolph now concede that heterogeneity is
substantial, but stand on point 2; EFK concede noth-
ing, but insist on point 3. The reasoning will be dis-
cussed below. We stress that the issue is bias in
estimated risks, not bias or variance in estimated
counts—a distinction that some discussants seem to
have found quite subtle.

Our paper uses proxies for the undercount: vari-
ables (such as substitutions or imputations) thought
by the Census Bureau to resemble the undercount
with respect to heterogeneity. The basic setup in-
volves a matrix; the row index ¢ corresponds to post-
strata, running from 1 to 357 in our examples; the
column index j corresponds to geographical areas,
for instance, the 50 states and Washington, D.C. In
each cell, we have the census count c;; and the proxy
undercount ¢;;. The “true” population of area j is the
column sum of ¢;; +t;;, with ¢ running from 1 to 357.

Take this from the perspective of statisticians who
know the census counts ¢;; in each cell, but not the ¢;;.
Although the undercounts are unknown, row totals
are given:

51
> oty fori=1,...,357.
i=1

Now the ¢;; can be estimated by the “synthetic
method,”

tij = fi % cij.
The factors f; are computed as follows:

51
f‘ _ Zj:ltij
L 51

Zj:lcij

The row totals of the proxy undercounts are given, so
the factors f; are free of error. (We do not believe that
all our discussants paid due attention to this point.)
In the adjustment literature, 1+ f; is an “adjustment
factor” which adjusts the census count in a cell to its
estimated true count.

The “adjusted” population of area j can be obtained
as a column total of c;; + t;;, and shares can be com-
puted in the obvious way. Moreover, the squared
error for the raw census and the adjustment can
be estimated using the synthetic assumption; com-
paring these estimates to the true errors enables us
to measure the bias in loss function analysis due to
heterogeneity.

Risks are estimated as follows. On the basis of
the synthetic assumption, adjustment “must” get the
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right answer, so its squared error is zero; and the
squared error of the census can be calculated with
the adjusted population taken as “truth.” Of course,
in the presence of heterogeneity, such estimates may
be quite misleading.

The setup is rather like real census adjustment.
The whole object of the PES, poststratification,
smoothing and so forth is to obtain estimates of ad-
justment factors 1 + f;. However, our setup differs
from adjustment in two major respects: (i) The row
totals of the proxies (and hence the adjustment fac-
tors themselves) are free of error. (i) We are working
with proxies rather than undercounts. The advan-
tage of (i) is that we can focus on heterogeneity, pure
and simple; (i) is the price.

3. ERICKSEN, FIENBERG AND KADANE

The chief technical argument offered by EFK is
that “Heterogeneity. . . is not inimical to adjustment,”
and they cite theorems to support their position.
However, EFK have utterly missed the point. Their
theorems say that, in some circumstances, estimated
adjustment factors are too small. In our context,
the adjustment factors are not estimated. They are
known exactly. There is zero bias and zero variance.
The theorems cited by EFK are irrelevant to the cal-
culations that we present. EFK also complain that
our adjustment factors are not smoothed. Of course
not—smoothing would (if all went well) reduce sam-
pling error in the factors. Our factors are known and
are not subject to sampling error. Smoothing them
would just add bias.

Even in a context where adjustment factors are
only estimates, a distinction must be drawn (EFK
always resist this) between (i) adding more people to
rows of the matrix and (ii) changing the population
shares of columns. The mathematics cited by EFK
suggest that, in some circumstances, people should
be added to a poststratum beyond what is done by
the dual system estimator; in this sense, adjustment
is “conservative.” That, however, has no direct impli-
cations for population shares of states, because the
theorems do not say where the additional people live.
State shares are the focus of the analysis, not popu-
lation counts for poststrata.

When discussing our proxy “DIFF,” EFK impute to
us a regression model for undercount rates, and de-
mand justification. “What evidence do we have for
believing such models,” they ask. They may have
woken up to the idea that assumptions need to be
justified—a welcome development. However, they
seem to misunderstand DIFF. The Census Bureau’s
proxies all have a somewhat unrealistic feature: they
are positive everywhere. We constructed DIFF, not
by regression, but to have a positive part like gross

omissions (the undercounts) and a negative part like
erroneous enumerations (overcounts). Indeed, the
correlations reported in our Table 10 should warn
against regression modeling.

Proxies are used (by the Bureau and by us) not to
model undercounts in the sense of regression, but as
proxies: variables that are analogous to undercounts
and that stand in for them (Fay and Thompson, 1993,
Section 4.3). If the analogy is a bad one (heterogene-
ity in undercounts does not behave like heterogene-
ity in the proxies), then the Bureau’s research effort
on the proxies casts no light on adjustment, and nei-
ther does our paper. We made the point earlier; it
bears repetition. Conversely, if heterogeneity in un-
dercounts behaves like heterogeneity in the proxies,
our work says something about loss function analy-
sis: appreciable bias in risk estimates is a distinct
possibility.

Ericksen, Fienberg and Kadane do have one seri-
ous point. The 1,392 poststrata used for adjusting
the census are different from the 357 for the inter-
censals. Our findings on the 357 poststrata are most
relevant to the bureau’s loss function analyses on
the intercensals (Bureau of the Census, 1992¢, 1993).
According to EFK, the fact that “the 357 poststrata
have too much residual variability. . .comes asno sur-
prise”; indeed, dropping the number of poststrata
from 1,392 to 357 “was sure to introduce greater het-
erogeneity.” Since we have looked at heterogene-
ity for the 1,392 poststrata, EFK’s theory can be
tested.

Results for the 1,392 poststrata are based on a
sample covering 200,000 blocks, drawn from the
1990 census by the bureau for its P12 Evaluation
Project (Kim, 1991). Unlike calculations for the 357
poststrata, which were based on the whole census
and therefore not subject to sample variability, our
estimates for the 1,392 poststrata include a correc-
tion term for sampling error (Wachter and Freed-
man, 1994). Results are shown in Table R1; the prox-
ies are substitutions, allocations, multiunit housing

" and non mailbacks.

The first two columns correspond to columns 3 and
4 in Table 5 of our paper. The last column mea-
sures heterogeneity across local areas rather than
states. The standard deviations within poststrata
across states are all of roughly the same magnitude
as before. The value for multiunit housing is bigger,
the others are smaller.

Ericksen, Fienberg and Kadane may be right, that
1,392 poststrata do have less residual heterogeneity
than 357, although the difference seems minor. Their
main idea, that the levels of heterogeneity uncovered
by our paper arise from dropping the number of post-
strata from 1,392 to 357, turns out to be mistaken.
Even with 1,392 poststrata, there was plenty of het-
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TABLE R1
Heterogeneity with 1,392 poststrata
Standard Deviations (%)
Across Within Within post-
post- poststrata strata across
strata across states local areas
SUB 0.7 0.6 2.3
ALL 8.0 2.9 7.1
MUH 23.7 104 22.3
NMB 12.0 4.3 10.7

Notes: “Local” areas have populations of about 10,000; r.m.s. stan-
dard deviations across poststrata are reported, with 12 Indian
poststrata excluded. Standard errors are relatively small. For
additional details, see Wachter and Freedman (1994).

erogeneity at the state level, while the level of het-
erogeneity for substate areas was striking.

4. BELIN AND ROLPH
Model Validation

As we read them, BR simply do not accept the idea
that modelers have a responsibility to validate the
models (Section 2.3). The closest they come is the
idea that models are better when “violations of the
assumptions . .. appear to be harder to find” (Section
2.4). Once again, the burden of disproof is placed on
the critic.

Loss Function Analysis

Belin and Rolph ask (Section 2.6), “What is the
right loss function?” This a question without an
answer, because loss functions do not measure real
losses; they are only summaries of error distribu-
tions, which may or may not be useful. The papers
cited by BR at the end of Section 2.6 do not face
up to that central difficulty. For example, here is
Zaslavsky (1993a, page 1092), arguing for squared
errors: “If there is a social good (such as a govern-
ment expenditure) to be allocated, and aggregate
utility is a smooth (twice differentiable) function. . ..”
But why is there an aggregate utility function in
the first place, rough or smooth? Over the years,
the attempt to construct aggregate utility functions
has met insurmountable technical and conceptual
problems; Sen (1988) reviews work in this area.

For such reasons among others, we are skeptical
of loss function analysis (Wachter, 1991; Freedman,
Wachter, Cutler and Klein, 1994). Now, BR claim
(Section 2.2), our position is self-contradictory. On
the one hand, we believe “that no index for sum-
marizing the evidence from data is an unambiguous
measure of whether one estimate is better than an-
other” On the other hand, we think census adjust-

ment is an empirical issue. But where is the con-
tradiction? Their argument depends on an implicit
assumption: the only way to make an empirical as-
sessment is to pick a loss function and run the num-
bers. They cannot be right. For one thing, optimal
estimators—optimal by all sensible criteria—seldom
exist. That would seem to be the central lesson from
50 years of work on estimation theory. Indeed, a few
pages later, BR concede that “it is impossible to de-
termine a single loss function that is appropriate for
evaluating every effect of an error in census num-
bers” (Section 2.6, item 1).

No single loss function can do the job, for reasons
given above: loss functions do not measure the real
social costs of errors, and different summaries of er-
ror distributions may give the advantage to different
estimators. Even more to the point, when risks (ex-
pected losses) have to be estimated, different statis-
tical assumptions about the data may give radically
different conclusions. At best, loss function analy-
sis is only part of an empirical assessment. Indeed,
BR’s bottom line (at the end of Section 2.2) is quite
modest: they “see no reason to ignore the evidence
from research on loss function analysis.” Neither do
we. Section 5 below reviews this evidence, as it bears
on the key issue—the accuracy of state population
shares.

We turn to the narrower question in our paper:
does heterogeneity create bias in estimated risks?
Our Table 9 covered seven proxies and showed that
the biases could be large or small, proadjustment or
antiadjustment. We conclude that the data cannot
decide the issue. There is a critical parameter that
does not seem estimable: the correlation between
errors in the adjusted shares and the adjustments
themselves.

Belin and Rolph (Section 4) make two arguments
on this topic: (i) on average, over the seven prox-
ies in the table, the results “favor neither adjusted
nor unadjusted figures” and (ii) this is to be expected
on theoretical grounds because “it does not seem ob-
vious why such a correlation [between errors and
adjustments] would occur” The structure of these
arguments is illuminating. In (i), lack of knowledge
about which proxy best represents the undercount is
replaced by a model for ignorance (the uniform dis-
tribution); then strong conclusions are drawn from
the model. In (ii), an unknown correlation is re-
placed by 0. The unknown is made known by models,
whose conclusions are to be accepted unless they can
be disproved.

Belin and Rolph describe our position as “adver-
sarial,” preferring “the more balanced interpretation
in Fay and Thompson (1993)”; EFK appeal to the
same paper for the same reason. But what do Fay
and Thompson say? “Failure of the homogeneity as-
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sumption is potentially a larger source of error than
all errors explicitly included in the total error model
and loss function analysis”; Fay and Thompson go
on to ask, “what sense can then be made of the loss
function analysis?” After reviewing the bureau’s re-
search program, they conclude:

A much larger base of experience along the
same lines may suggest principles or test
procedures to distinguish the circumstance
under which the loss function analysis is
robust [against heterogeneity] compared to
instances leading to its breakdown ... . In
1990, the issue of heterogeneity affected
the most constitutionally important statis-
tics: the population of the states ... future
designs should set realistic and clearly de-
fined reliability goals for direct estimates
[not using the synthetic assumption] for
states. (Fay and Thompson, 1993, pages
81-83)

Will EFK and BR accept that formulation?

Imputation Models

The 1991 estimated undercount from the PES was
about 5.3 million persons (net, nationwide). How-
ever, 4.1 million persons (weighted to national totals)
were “unresolved” in the P-sample: it could not be
determined from the PES fieldwork whether or not
these cases matched to the census. Their match sta-
tus was imputed by—you guessed it—a model. This
imputation model has a powerful effect on estimated
adjustments at the state level (Wachter, 1991), and
the model has two very peculiar features (Wachter,
1993b). To explain these, we refer to the Evalua-
tion Followup Survey (the EFU), a sécond survey that
tried much later to reinterview a sample of the un-
resolved P-sample cases.

(i) Nearly 32% of the unresolved P-sample cases
fell into a special class, which we shall call the Q-
class (Q for “question marks”). This Q-class consisted
of cases about whom only minimal information was
¢btained in the first wave of PES interviews. It was
not judged cost-effective to send such cases to PES
follow-up, still less to the Evaluation Followup many
months later. Instead, match status was imputed
by assuming that cases in the Q-class were like PES
respondents with the strongest information, namely,
those who could be matched by the computer after
the first wave of PES interviews. This is a peculiar
assumption.

(ii) The remaining 100% — 32% = 68% of the unre-
solved PES cases were in the EFU sampling frame;
fieldwork was done by the EFU on a sample of these
cases, to validate the imputation model. However,

the EFU could resolve only 41% of the cases that
were sent to EFU. Thus, 59% remained unresolved
(match status to the census remained indetermi-
nate). The unresolved group must consist of cases
with weak data. However, the imputation model
says that these weak cases match to the census at a
much higher rate than the cases resolved in EFU—
the cases with strong data; details are in Appendix
1. This is equally peculiar.

In Sections 2.3 and 5.7, BR now try to defend the
imputation model, using data from the EFU. How-
ever, the EFU resolved only (1 — 0.32) x 0.41 = 28%
of the unresolved PES cases. What about the remain-
ing 72% of the PES imputations? Were these right
or wrong? The EFU results cannot tell us, because
the EFU could not decide the match status of those
persons. This difficulty has been explained in the
journals (Wachter, 1993b) and in private correspon-
dence, a snippet of which BR reproduce. BR respond
by calling our position “very extreme,” but where do
they draw the line? If 90% of the data are miss-
ing? 95%? 99%? Or do they think that any amount
of missing data can be filled in, just by making up
models?

The model’s assumptions are silly. It is even sillier
to claim these assumptions have been validated by
the EFU, when the groups in question were either
not sent to EFU or remained unresolved in EFU.

When Leo Breiman looks at the EFU data—all the
EFU data—he finds another paradox: the rate of un-
resolved in EFU goes up with predicted match rate.
The Census Bureau did the same analysis (Gbur,
1991c). Belin and Rolph say that our friend Leo is
“playling] games with . .. percentages” by looking at
all the data: BR insist that percentages should be
based only on cases resolved in EFU. That is because
BR look at the data only through the prism of their
models. BR are playing games with models; Leo is
blowing the whistle.

" Some Points of Detail

We think BR are wrong on many points of factual
detail, and their interpretations of the scientific lit-
erature are often quite strained. We give three ex-
amples.

Documentation. According to BR (Section 2.3), the
adjustment process should have been, and was, “fully
documented with its assumptions spelled out.” We
have replicated many parts of the Bureau’s smooth-
ing model and loss function calculations (Freedman
et al., 1993, page 416; Freedman, Wachter, Cutler
and Klein, 1994, page 277). However, we had a lot of
friendly help from Bureau personnel. An investiga-
tor who seeks to do such work just on the basis of the
printed record will have quite a frustrating time: the
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documentation is maddeningly cryptic about many
critical issues.

Presmoothing. Before using estimated variances
to smooth the adjustment factors, the Bureau “pre-
smooths” the variances: indeed, smoothing without
presmoothing would have cut the estimated under-
count from 2.1% to 1.2% (Ericksen and Tukey, 1991,
page 2). Our opponents have defended presmooth-
ing on technical grounds, but we believe their argu-
ments are essentially circular (Freedman et al., 1993,
pages 383-385). In response, BR assert (at the end
of Section 3.8) that the Census Bureau decided “to
carry out presmoothing for bias-reduction reasons”
around 1988 or 1989. They are mistaken. Some
form of presmoothing was indeed under active con-
sideration by the Bureau, at least since the 1988 test
census in St. Louis (the “dress rehearsal”). However,
the key decisions—whether to presmooth and how to
do it—were still being debated in 1991. For example,
one of us participated in such discussions with senior
personnel from the Bureau and the Special Advisory
Panel on May 16 of that year.

Hindsight is 20/30. There was an adjustment to
the census proposed in 1991 and evaluated in 1991,
based on data available in 1991, including data on es-
timated errors in the PES. Subsequently, additional
errors were discovered (Section 6 below). Some of
these were corrected, leading to another adjustment
proposed in 1992 for the intercensals, and evaluated
based on data available in 1992 about the remaining
errors.

In Section 5.2, BR suggest that evaluating the
1991 adjustment based on the 1992 error estimates
(rather than the 1991 error estimates) makes the
case for the 1991-adjustment even stronger. That
just misreads the literature. Shown below are three
possible evaluations: .

(a) the 1991 adjustment evaluated using 1991 error
estimates;

(b) the 1992 adjustment evaluated using 1992 error

estimates;
(c) the 1991 adjustment evaluated using 1992 error
estimates. .

The papers cited by BR focus on (a) and (b). Some
of the work for (c) has been done; but BR ignore the
results, which are summarized below.

5. LOSS FUNCTION ANALYSIS

We now consider loss function analysis for the
1991 proposed adjustment to the 1990 census; 1,392
poststrata are in full sway. The focus is on state
population shares; “loss” is squared error in state
shares (Woltman et al., 1991; Mulry and Spencer,

1993). Let G be the Census Bureau’s estimated co-
variance matrix for the adjustments, as derived from
their smoothing model; let H be the estimated co-
variance matrix for estimated biases in those adjust-
ments. (Although H does not affect point estimates
of risk, it does come into the estimated standard
errors.)

As noted earlier, G is biased downward, by a factor
of 2 or 3. It is shown in Freedman, Wachter,Cutler
and Klein (1994, pages 268ff) that H too is biased
downward, by a factor on the order of 50 or 100. That
is a remarkable claim, and we stand behind it. In
brief, the Bureau estimated biases on the basis of
an Evaluation Follow-Up sample that was perhaps
7% of the size of the PES (in terms of households, at
any rate). The Bureau is claiming variances about 6
times smaller than raw variances in the PES, rather
than 1/0.07 = 14 times larger: 6 x 14 = 84 is a big
factor. The bureau achieved its reduction in apparent
variance by computing H on the basis of an allocation
scheme, omitting any uncertainty due to variation
in error rates across poststrata or geography. (For a
tantalizing hint on the existence of this difficulty, see
Fay and Thompson, 1993, page 79.)

What are the implications for loss function anal-
ysis? The first four lines of Table R2 allocate bias
from evaluation strata to individual poststrata us-
ing the bureau’s “PRODSE” method. The last four
lines of the table increase the level of bias to 50% of
the undercount (Section 6) and allocate in proportion
to the undercount. The effects of correcting G and H
are shown too. For details, see Freedman, Wachter,
Cutler and Klein (1994).

With the Bureau’s way of doing things, reported
in the first line of the table, the estimated risk dif-
ference (census risk — adjustment risk) is 667 parts
per 100 million, with an SE of 281: adjustment is a
winner. In the last line of the table, which strikes
us as the most realistic, the census comes out ahead;
the difference is not significant. With intermediate
lines, the case for adjustment is hardly convincing.
In sum, loss function analysis is driven by the models
that underlie it not by the data.

Line 1 in Table R2 may also be contrasted with
line 5, where bias is allocated as 25% of the under-
count. The contrast demonstrates that the alloca-
tion scheme determines the outcome even if we grant
the Bureau their estimates for G, H and overall level
of bias. (The Bureau’s 1991 loss function analysis
included an allowance for bias amounting to nearly
25% of the net undercount; Mulry, 1991, Table 14.)

Table R2 is computed on the basis of the synthetic
assumption. If undercount rates are heterogeneous
within poststrata across states, that would be an-
other source of bias in the estimated risk differences.
How large is the effect? We do not know, and no-
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TABLE R2
Impact of allocation schemes for state-level biases, correction of
final variances and correction of variances in estimated biases:
Estimated risk difference, census risk — adjustment risk, and
standard error; units are parts per 100 million

Correction Correction Estimated

Allocation factor factor risk

of bias for G for H difference SE
PRODSE 1 1 667 281
PRODSE 1 50 667 890
PRODSE 2 1 542 371
PRODSE 2 50 542 885
0.25 x undercount 1 1 193 199
0.50 x undercount 1 1 —-125 156
0.50 x undercount 1 50 —-125 859
0.50 x undercount 2 1 —250 169
0.50 x undercount 2 50 —250 821

body else does either. For example, if ALL is a good
proxy for undercounts and we can extrapolate from
357 poststrata to 1,392, the bias in estimated risks
will be small. If DIFF is the better analog, the bias
is of the same order of magnitude as the estimated
risk difference itself, and favors adjustment.

6. BIAS IN THE PES

We distinguish between “measured” and “unmea-
sured” bias in the PES. Measured bias is caused
by matching error, census day address error and so
forth. In principle, such biases can be estimated by
reinterviewing and rematching studies, although the
difficulties are numerous. Generally, the measured
biases cause the PES population estimates to be too
high. Correlation bias, on the other hand, is unmea-
sured. Typically, this bias occurs when (even within
a poststratum) people who are missed by the census
are also more likely to be missed by the PES. This
sort of bias makes the PES estimates too low. There
are “unreached people,” missed both by the census
and by the PES adjustment.

We discuss the measured biases first, then return
to correlation bias. In July 1991, the estimate for the
net national undercount was 2.1%, with measured
biases thought to total 0.7 percentage points. Addi-
tional errors were discovered in the PES (BR, Sec-
tion 5.2; Fay and Thompson, 1993, page 74; Bureau
of the Census, 1993, page 75.) These errors reduced
the undercount estimate by 0.5 percentage points.
The measured biases were still thought to total 0.7
percentage points, leaving 2.1 — 0.5 — 0.7 = 0.9%
for the undercount. In other words, on the bureau’s
latest figures, measured biases amounted to 57% of
the 1991 estimated net undercount: (0.5+0.7)/2.1 =
0.57. On Breiman’s figures (Section 6.1), measured
biases amount to 80% of that estimated undercount.

Either way, most of the 1991 estimate represents bad
data rather than undercount.

Correlation Bias

Correlation bias cannot be measured directly when
the census and the system designed to correct the
census both miss the same people. There can be no
direct evidence about people if the surveys cannot
find them. Thus, correlation bias is measured in-
directly, using demographic analysis to make a sec-
ond estimate of the national population (but see, e.g.,
Darroch, Fienberg, Glonek and Junker, 1993).

Commenting on this rather obvious point,
Breiman says that estimates of correlation bias have
only a “tenuous connection with any data.” Belin and
Rolph respond (Section 5.5):

Correlation-bias estimates have more than
a “tenuous connection with any data”; on
the contrary, estimates are based on com-
bining PES data with evidence from vital
records about the ratio of the size of the
male population to that of the female pop-
ulation. These data are used to estimate a
parameter that characterizes dependence
in omission rates between the census and
PES (Bell, 1993).

We defer to Fay and Thompson (1993, page 76), who
seem to agree with Breiman:

“An important component of the total er-
ror model, correlation bias, could not be
directly measured at any level, and was
only indirectly inferred nationally by use of
sex ratios derived from demographic anal-
ysis. Distribution of the national results
relied entirely upon models that could not
be checked against any direct evidence. ...”

Numerical results from Bell’s model give some in-

. sight into plausibility of assumptions. At the na-

tional level, the model says:

1. the PES estimates missed 890,000 white males
total, of whom 13 (this is not a typo) are in the
prime age group between 20 and 30;

2. the PES estimates missed 760,000 black males, of
whom —28,000 are under age 10.

These results are incredible. Indeed, a direct com-
parison of demographic analysis with the PES esti-
mates shows the latter found 190,000 too many white
males, not 890,000 too few.

Likewise, when EFK say that Mulry and Spencer
“used their best estimate of correlation bias,” EFK
mean that Mulry (1991) took Bell’s national totals
and disaggregated them to the 13 evaluation strata
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and the 1,392 poststrata. (It is the latter numbers
that feed into the loss function analysis, through the
“total error model.”)

The rationale for Mulry’s algorithm was not pro-
vided. EFK and BR may not have examined the cal-
culations; if they do, they will find that:

1. Mulry uses Bell’s numbers as if they stood for cor-
relation bias alone when in fact they are estimates
of net error (correlation bias offset by the mea-
sured biases).

2. Mulry’s detailed numbers do not add up to Bell’s
totals. Bell starts out with 1,652,000 men and
no women; Mulry ends up with 285,000 men and
307,000 women: massive numbers of men disap-
pear or are converted into women.

(These figures are not reported by Mulry, but can be
estimated with reasonable precision from the avail-
able data.) Fay and Thompson (1993, page 76) sum
up as follows:

Unfortunately, the integration of [Bell’s] re-
sults into the total error model was highly
problematic ... . Thus, it is impossible sat-
isfactorily to characterize by any explicit
model the nature of the realized estimates
incorporated into the total error model.

To defend the Census Bureau’s model for correlation
bias, EFK and BR brush aside these facts, blurring
the distinction between measurements and alloca-
tion schemes. Correlation bias was not measured,
and the estimates have only a tenuous connection
with reality, just as Breiman said.

To say a bias is unmeasured is different from say-
ing that it is zero, although EFK pretend not to un-
derstand that distinction either. Despite wide un-
certainties in all the figures, direct comparisons be-
tween demographic analysis and the PES, with mea-
sured biases taken into account, suggest that cor-
relation bias is substantial (Wachter, 1991). At the
national level, large numbers of black males seem to
be missing from the adjusted census counts. What
geographical areas are they missing from? No one

, knows. A reasonable opinion is that they are miss-
ing from inner cities with large minority populations,
in the northeast and midwest.

Had the census been adjusted, the state popula-
tion share of New York, for example, would have
gone down: down, not up. Why did the 1990 ad-
justment bring down the population shares of New
York and other such states? Correlation bias is a
prime suspect. The bureat’s total error model and
loss function analysis cannot detect salient errors in
the proposed adjustment to state shares, because the
bureau’s stylized rules for allocating unreached peo-
ple to geography have little connection with facts on
the ground.

7. DISCUSSION

Would the 1991 adjustment have improved on the
census? Proponents of adjustment give strongly pos-
itive answers to this question in the academic litera-
ture, in the administrative record, and in the court-
room. For example, Ericksen (1991, page 3) writes:

The only reasonable conclusion is that the
adjusted count is more accurate than the
unadjusted count...under any reasonable
basis of comparison, the PES-adjusted enu-
meration is more accurate than the un-
adjusted census enumeration. Those ad-
justed results have also been shown to be
robust to variations in reasonable alterna-
tives to the PES “production procedures,”
and to variations in the statistical models
used to generate the adjusted figures.

According to Fienberg (1992a, page 28), “the results
of the Census Bureau’s evaluation studies clearly
supported the use of adjustment for the 1990 census
results.” Here is Rolph (1993, page 97), summarizing
the evidence on loss function analysis, as presented
by him and other plaintiffs’ witnesses in New York v.
Department of Commerce: “the Bureau’s analysis
clearly demonstrated that the adjusted counts were
an unambiguous improvement on the original enu-
meration.” These are sweeping claims, especially
when compared to the results in Breiman or in Table
R2 above.

The first line of Table R2, replicating the Census
Bureau’s analysis for the 1991 adjustment, is worth
another comment. The 667 is the difference between
an estimated risk (squared error) of 734 for the cen-
sus, and 67 for adjustment; units are parts per 100
million. Over the 50 states and Washington, D.C., the
rm.s. error in population shares from the census
is estimated as /734 x 10-8/51 = 0.04%. (The er-
ror distribution is quite skewed, which creates addi-
tional complications; Freedman, Wachter, Cutler and
Klein, 1994, pages 255-259.) Our opponents contend
that these errors can be reduced by an order of mag-
nitude in size, if only we would agree to use their
adjustment technology. Given the scale of the errors,
that is—or should be—an astonishing claim.

EFK invent for us the position that the census is
perfect and that only perfect models are usable (Fien-
berg, 1992a, page 27); BR have us assuming that un-
dercount rates are constant across poststrata (Sec-
tion 2.5). Thus, instead of showing that their models
are accurate enough to correct miniscule errors in
census shares, they remind us that the world is im-
perfect. That sets up their favorite rhetorical trick,
which they play over and over again: justifying their
assumptions as being less imperfect than the ones
they have created for us.
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The imperfection of the world is an argument much
loved by modelers. The work must be done; the lesser
evil must be chosen;. and the best is the enemy of
the good (Fienberg, 1992a, page 27; BR, Section 2.3).
This argument has little force in the present context,
when “the work that must be done” is only the cre-
ation of a technical record to defend a prior set of
models.

Listen to them. They can adjust Stockton, with
almost no data from that city, just by making the
right assumptions (that demography overrides geo-
graphy). They can validate their imputation model,
when 75% of the validation data are missing, just
by making the right assumptions: cases with weak
data are easier to match than cases with strong data.
They can measure correlation bias in New York, just
by making the right assumptions, although they can-
not quite explain what those assumptions are.

The best we can say for adjustment is that (i) it
can fix the estimated differential undercounts at the
national level and (ii) its impact on the accuracy of
state population shares cannot be determined with
any great confidence. In our opinion, however, ad-
justment is likely to degrade the accuracy of the state
shares, and for substate areas adjustment seems
even worse.

What will happen in the next census? Unless the
analytical mistakes of 1990 can be recognized, they
are likely to be repeated on an even larger scale in
the year 2000. Efforts by BR and EFK to defend the
mistakes of the past may cast a long shadow.

APPENDIX 1: VALIDATING THE IMPUTATION
MODEL WITH EFU DATA

We document our calculations for missing data
in the EFU as follows. Gbur (1991c, Table 3.1)
shows 41% resolved in EFU out of the 2.8 million
unresolved-in-P-sample cases sent to EFU, weighted
to national totals. There were a total of 4.1 million
unresolved P-sample cases in the bureau’s “Advisory
Use File™: (4.1 — 2.8)/4.1 = 0.32, that is, 32% of the
unresolved P-sample cases fell into the “Q-class, page

*5 above.” Our discussion focuses on the unresolved
cases in the P-sample; other issues would arise for
the E-sample (Breiman, 1994, Section 7).

Our next object is to state the issue in dispute be-
tween Breiman and BR (Section 5.7). Some nota-
tion will be helpful, although the argument will be
informal. Let M be match status in the census (1
is a match, 0 is a nonmatch). Let R indicate inclu-
sion/exclusion and resolved/unresolved in EFU: —1
is excluded, O is included but unresolved, 1 is re-
solved; the Q-class corresponds to R = —1. Let Z be
the covariates in the imputation model that BR are
defending; let p be the match probability imputed

by the model; p is a function of Z, and Z is com-
puted from PES data. For cases unresolved in the
PES, match status is unknown; for a sample of these
cases, M is determined by the EFU, but not for cases
excluded from the EFU sampling frame or cases left
unresolved in the EFU.

To validate their model, BR need to show that

(1) P{M=1|Z}zﬁ.
Their claim is weaker:
2) BR’s claim P{M =1} = E{p},

where “P” stands for weighted relative frequencies
and “E” for weighted averages. What the EFU data
show is weaker yet:

8) P{M=1|R=1}~E{p|R=1} ~0.32.

It is this agreement that BR emphasize so strongly
in Section 2.3. (There is an irritating numerical co-
incidence: 0.32 is also the fraction of Q-class cases.)
To get (2) from (3), BR need

@) P{M=1|R<1}~ E{p|R < 1}.

Of course, P{M = 1| R < 1} is not known: that is
one implication of R < 1. You might think the trail
ends here, but BR do not give up.

The next calculation is slightly indirect, because
there are gaps in the documentation. As usual,

E{p} = E{p|R=1} x P{R=1}

) -
+E{p|R< 1} x P{R < 1}.

We know from the Advisory Use File that E{p} =
0.53,and P{R = 1} = 0.41x2.8/4.1 ~ 0.28, as before.
By (8), E{p| R = 1} ~ 0.32. Thus,

E{p} - E{f|R=1} x P{R=1)

E{p|R<1} = <]
0.53 — 0.32 x 0.28
©) 1-028
~ 0.61.

That E{p|R < 1} ~ 0.61 is an empirical fact. Via
(4), BR’s claim (2) entails P{M =1|R < 1} = 0.61.
By (3), P{M = 1| R = 1} = 0.32; this is another em-
pirical fact. Thus, BR’s claim (2), coupled with the
data, entails

(1) P{M=1|R<1}~2xP{M=1|R=1}.

You might think, as we do, that P{M = 1|R < 1}
should be substantially lower than P{M =1|R = 1}.



536 BREIMAN; FREEDMAN AND WACHTER; BELIN AND ROLPH

But it must be nearly twice as high if you accept
BR’s claim (2). By their account, the cases that were
excluded from EFU or were unresolved in EFU are
much more likely than the resolved cases to match
to the census. Belin et al. (1993, page 1164) actu-
ally say this, after presenting a calculation similar
to ours. There is simply no evidence to support their
bizarre story: M is unknown for R < 1. (Belin et al.’s
arithmetic is wrong because they include R = —1 in
one place and exclude it in another; even if they had
gotten the arithmetic right, however, they would still
be in the same logical mess.)

So far, the discussion has been about all the P-
sample imputations, those excluded from EFU and
those included in EFU. Breiman’s paradox is only
about cases included in EFU:

®) P{R=1|pand R > -1}
decreases as p increases.

To explain (8), BR considered a group of cases with
weak data, whose “names are not recorded.” Let
W = 1 for cases in this group, and W = 0 for other
cases. Belin and Rolph have argued (personal com-
munication) that

9 E{p|W = 1} is high
and
(10) P{R=0|W =1} is high.

If (9) and (10) were right, they could explain
Breiman’s paradox:

the weak cases do not get resolved in
(11) EFU, and that lowers the match rate
among cases with big p’s.

We consider these steps in turn. Assertion (9)
implies (for the EFU universe) that unresolved P-
sample cases with weak data match to the census at
higher rates than other cases. Our view, of course, is

.that PES forms have weak data because there is only
weak evidence that the corresponding people exist in
the first place. Then cases with weak data will match
to the census at lower rates, and (9) seems question-
able at best. Assertion (10) seems right in general,
but problematic for BR’s chosen group of weak cases
(see below). If you grant (9) and (10), then (11) is a
good argument.

None of this can have much numerical impact: the
group of weak cases considered by BR (whose “names
are not recorded”) was, with minor exceptions, not
sent to EFU at all. These are cases with R = —1,
not R = 0. They have nothing to do with Breiman’s

finding. The only additional argument made by BR
is that they “wholeheartedly disagree” with us (per-
sonal communication). Their hearts are in the right
place. Now, can we appeal to their heads?

APPENDIX 2: LEGAL PROCEEDINGS

In 1988, New York City (among others) filed suit
in federal district court to compel the Department of
Commerce to adjust the census. In 1992, the court
ruled against adjustment, on fairly narrow grounds
(Freedman, 1993b, page 106). New York went to an
appeals court, the “Second Circuit,” which vacated
the judgment of the district court and remanded
for further proceedings. The Supreme Court may
yet determine the issue, because the Department of
Commerce prevailed in the Sixth and Seventh Cir-
cuits: Detroit v. Franklin and Chicago v. Depart-
ment of Commerce. Legal commentaries by statisti-
cians should be taken with several grains of salt—
and a dash of vinegar—but here we go.

Generally, an appeals court will rely on the district
court’s findings of fact. The Second Circuit held that
adjustment was more accurate than the census, para-
phrasing the district court to say that “for most pur-
poses and for most of the population. . .adjustment
would result in a more accurate count than the orig-
inal census” (page 37 of the Second Circuit’s typed
opinion, dated August 8, 1994). However, the Sec-
ond Circuit seems to have picked and chosen among
the findings of the district court. For example, ac-
cording to the district court, plaintiffs had failed to
“illustrate affirmatively the superior accuracy of the
adjusted counts [at the state and local level] for any
reasonable definition of accuracy” (Federal Supple-
ment 822 924). The Second Circuit simply ignored
the findings that did not suit.

The Second Circuit emphasized numeric accuracy
and criticized the Secretary of Commerce for giving
priority to “distributive accuracy,” that is, accuracy
of population shares for geographic areas (Second
Circuit, page 42). Curiously enough, the Second Cir-
cuit based its own legal argument on cases (includ-
ing Baker v. Carr, Wesberry v. Sanders, Reynolds v.
Sims and Karcher v. Daggett) that deal with distribu-
tive accuracy (Second Circuit, pages 29ff). There is
some difficulty, discussed briefly by the Second Cir-
cuit on pages 38ff, in applying these cases to the fed-
eral government; however, such legal issues are grist
for another article by different authors.

Coming back to statistics, the Second Circuit’s
premise seemed to be that minority groups with large
undercounts at the national level are concentrated in
states whose shares would be adjusted upward. This
is a fallacy. The same area often contains members
of relatively overcounted groups along with mem-
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bers of relatively undercounted groups. Therefore,
an area’s share often goes down as a result of adjust-
ment, not up, despite a concentration of minorities.
Urban blacks have an undercount three times that of
the rest of the population, according to the PES; but
55% of them live in states that would lose population
share if the adjustment were implemented.

The state with the largest number of blacks in the
country, New York, would have its share adjusted
downward. Pennsylvania, with nearly a million
blacks, would lose a seat in Congress. The impact
of adjustment on the constitutional right to equal
representation has to be assessed area by area, in
terms of demographic makeup and proposed adjust-
ment factors. The Second Circuit did not come to
grips with the statistical facts.
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