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Abstract. The rolling sample methodology of the American Community Survey leads to Multi-Year Estimates that measure
aggregate activity over one, three, or five years. This paper introduces a novel, non-model-based method for quantifying the
impact of viewing multi-year estimates as functions of single-year estimates belonging to the same time span. The method is
based on examining the changes to confidence interval coverage. The interpretation of a multi-year estimate as the simple average
of single-year estimates is a viewpoint that underpins the published estimates of sampling variability. Therefore, it is vital to
ascertain the extent to which this viewpoint is valid. We apply our new methodology to data from the U.S. Census Bureau’s
Multi-Year Estimates Study and demonstrate that viewing a multi-year estimate as the simple average of single-year estimates
typically results in substantial distortions to coverage; therefore, multi-year estimates should not be interpreted as averages, but
merely as period estimates.
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1. Introduction

The American Community Survey (ACS) of the
U.S. Census Bureau was designed as a more timely
analog of the Census Long Form, with data on social,
demographic, economic, and housing variables pub-
lished annually for a range of geographical regions. In
order to counteract perceived high sampling variabil-
ity in geographical regions of low population, it was
deemed prudent to aggregate information temporally
using a rolling sample. This means that data collected
over long stretches of time would be formed into one
“period estimate.” These estimate types are becoming
more common worldwide. Within the United States,
the U.S. Census Bureau uses the terminology Multi-
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Year Estimates, and such estimates are currently be-
ing published for counties, tracts, block groups, and
school districts throughout the USA (including territo-
ries), over periods of one-, three-, and five-years.

Other countries use the multi-year estimate method-
ology as well. For example, in France, the Institute
of Statistics and Economic Studies has implemented a
rolling “census” where every municipality is sampled
at least once in a 5-year period. Only those municipal-
ities under 10,000 people have a full census, whereas
larger municipalities sample residents. Also, 5-year
and 1-year estimates are annually published at the na-
tional and regional levels [12]. This type of publishing
schedule is similar to that of the American Community
Survey and consequently, the methodology we propose
in this paper can be applied to such data.

A common misconception, and one which the U.S.
Census Bureau has attempted to rectify, is that these
multi-year estimates are computed by averaging the
one-year estimates. (Citro and Kalton [10] implicitly
use this type of averaging in their description of multi-
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year estimates.) The distinction between a multi-year
estimate and an average of the corresponding one-year
estimates is quite subtle and has to do with the partic-
ulars of the weighting methods and the application of
controls (more detail provided in the next section). A
more flawed misconception is that the period estimate
is interpreted as an estimate for the middle or end year.

For example, a 3-year period estimate for the home-
owner vacancy rate from 2004–2006 might be con-
ceived of as an estimate for 2005 (mid-year), as an
estimate for 2006 (end-year), or as an average rate
computed from individual one-year rates from 2004
through 2006. The period estimate should instead be
interpreted as an estimate of the population’s vacancy
rate across the three-year time span, formalized as the
ratio of vacancies over all three years relative to to-
tal home ownership over the same period. Crudely put,
the period estimate is a ratio of sums, whereas the av-
erage rate estimate is an average of ratios – these are
algebraically dissimilar quantities.

Such interpretations may be “justified” in two situa-
tions. First, when both 1-year and period estimates are
published, it may be tempting to apply the mid- or end-
year interpretations to the period estimates because the
sampling error is substantially lower than for the corre-
sponding 1-year estimates. Second, when only multi-
year estimates exist, they may be interpreted in terms
of the alternate estimates (average, mid-, or end-year)
instead of as an aggregate estimate covering the entire
period for ease of use.

None of these alternative interpretations are mathe-
matically correct, though they may be approximately
correct in some statistical sense. In this paper, we pro-
pose a method to measure the impact of using such
interpretations. Chand and Alexander [9] attempt to
compare such estimates using simulation; however,
their comparisons require strong assumptions on the
underlying data trends. While such studies may be il-
luminating about a theoretical description of the data,
we focus here on the practical impact of such an alter-
native interpretation upon statistical inference.

The key contribution of this paper is the develop-
ment of a simple, non-model-based method that is
useful for quantifying the extent of the error in the
above-mentioned faulty average, mid-year, and end-
year alternate interpretations of the multi-year esti-
mates. When examining multi-year estimates with al-
ternate estimates, we cannot simply compare the point
estimates because the corresponding standard errors
are not accounted for. Instead, we examine the extent
of change in the confidence interval when substituting

an alternate estimate for a multi-year estimate. If this
change is less than a pre-specified threshold τ , the al-
ternate interpretation is deemed “inferentially τ -close”
and is considered an acceptable proxy for the period in-
terpretation. Using confidence intervals allows us to in-
corporate both differences in the point estimate (period
versus alternate) and differences in the correspond-
ing standard errors. Both are necessary for a complete
comparison.

In this analysis, we examine 95% confidence in-
tervals and let the threshold τ = 0.01. (We also in-
vestigate the impacts of choosing different values for
τ .) Consequently, an alternate estimate is considered
“inferentially τ -close” if the confidence interval cov-
erage changes by less than a full percentage point.
Our method can be readily applied in individual cases
to directly determine the suitability of any interpreta-
tion constructed as a linear combination of 1-year es-
timates. We also briefly examine the reverse question:
whether a multi-year estimate can be a suitable substi-
tute for an alternate estimate.

We apply this method to data from the Multi-Year
Estimates Study, a trial run of the American Commu-
nity Survey implemented on a limited set of coun-
ties in the USA from 2000 through 2005. Estimates
such as totals, means, and proportions were computed
on a wide range of characteristics (e.g. demographic,
social). We explicitly show that alternative estimates,
while easier to interpret than multi-year estimates, are
generally unsuitable even when given a generous value
of τ . In addition, one can easily apply the methodol-
ogy developed in this paper to American Community
Survey data. Furthermore, constructing multi-year es-
timates using rolling samples is used in other countries
such as in France by the National Institute of Statis-
tics and Economic Studies [12] and may eventually be
used in Israel by the Central Bureau of Statistics [24].
Therefore, the methodology proposed here could be
applied to other surveys as well.

Our paper first introduces notation in Section 2
along with a brief discussion of the Multi-Year Esti-
mates Study and the mechanics of multi-year estimate
construction. Section 3 outlines our new methodology.
This method of evaluation is probabilistic rather than
statistical in nature and we justify it on the basis of
the usability and the interpretability of multi-year es-
timates. Our empirical results are found in Section 4,
where we apply our methodology to the Multi-Year Es-
timates Study database. The vast amount of informa-
tion is summarized graphically and specific relation-
ships of interest are highlighted through a discussion
of selected variables. We conclude in Section 5.
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2. Background

The American Community Survey is used to collect
data on U.S. residents on a variety of subjects, falling
into four categories: demographic, social, economic,
and housing characteristics. Roughly 3 million house-
holds are sampled every year [4, p. 3]. While data is
collected annually, the publishing schedule varies by
geographic level (state, county, census tract, and so
forth) depending on the population of the area. For all
areas, 5-year estimates are published. If the population
is above 20,000, then 3-year estimates are published as
well. Finally, if the population is above 65,000, esti-
mates at the 1-, 3- and 5-year intervals are published.
For instance, state-level estimates are published sepa-
rately for 1-, 3-, and 5-years, whereas a census tract
may only have five-year estimates published if the pop-
ulation is below 20,000. Small areas have relatively
fewer sampled units; consequently, pooling data across
multiple years results in estimates with lower standard
errors. See U.S. Census Bureau [21] and Torrieri [19]
for more discussion.

Data is collected using a rolling sample throughout
the year, a methodology first proposed by Kish [3,15],
and was selected to provide more frequent estimates
for small areas and capture long term trends [1, p. 644].
However, as it was recognized that this method would
generate a lag in underlying trends and temporal dy-
namics [7,8], the resulting estimates were to be inter-
preted as period estimates. Thus, a rolling sample esti-
mate over a span of years was not to be viewed as an es-
timate of a population quantity at the end year, middle
year, or average of the years, but simply as an estimate
of aggregate activity over the entire temporal span.
This approach is mathematically viable and entirely
analogous to the concept of flow estimates used in eco-
nomic time series. For further discussion of these is-
sues, see the following: Kish [14], Alexander [2], Citro
and Kalton [10], Beaghen and Weidman [6], McEl-
roy [16], Beaghen et al. [4].

For the actual construction of multi-year estimates,
see the discussion in Fay [13], Starsinic and Ter-
sine [17], Tersine and Asiala [18], McElroy [16], and
Beaghen et al. [4]. The procedure is complicated, in-
volving sampling weights, nonresponse adjustment,
and population controls; the result is a highly nonlin-
ear operation on the samples, further interfering with
the linear picture adopted in Citro and Kalton [10]. In
particular, so-called base weights – defined as the in-
verse of sampling probabilities – are utilized to weight
pooled results from both housing units and group quar-

ters, the pooling an assembly of responses over the en-
tire time period (either one year, three years, or five
years) being considered. This is followed by nonre-
sponse adjustment, taking into account three modes
of interviews – mail, phone, and on-site. All of these
facets serve to generate a complex, and somewhat be-
wildering, definition of multi-year estimates, which de-
fies simplistic portraits.

We will illustrate our methodology on the Multi-
Year Estimates Study data. This study was a trial for
the American Community Survey from 1999 through
2005 and restricted to 34 counties. However, multi-
year estimates were actually published starting in
2000. The data from the Multi-Year Estimates Study
and the current American Community Survey are ex-
tremely similar; there are only a few minor differences
in methodology (e.g., group quarters were not included
in the Multi-Year Estimates Study). Furthermore, like
the American Community Survey, the Multi-Year Es-
timates Study controls population totals using exter-
nal information. The advantage in using the Multi-
Year Estimates Study is that it has been studied by
researchers for several years now, so our work can
be compared to other existing literature on the same
database.

In our analysis, we restrict our sample to 19 coun-
ties, which are administrative subdivisions of states,
where 1-year estimates for the year 2000 are available,
and 1-, 3-, and 5-year estimates exist for each county.
These counties are listed in Table 1 with the Federal
Information Processing Standard (FIPS) county codes
(the FIPS codes are used to designate geographic areas
within the United States and associated localities).

Ideally the time series, at least for these 19 counties,
could be concatenated with current American Com-
munity Survey estimates to form a longer sample, but
unfortunately this is impossible due to the publication
schedule. That is, the current American Community
Survey estimates (for all of the USA) began publica-
tion with 1-year estimates in 2006. This leaves a gap
in the time series data, which in McElroy [16] was re-
solved through the crude device of forecasting. In this
paper we focus instead on the Multi-Year Estimates
Study, with the assumption that results for the trial pe-
riod should also hold valid for the nation at large (coun-
ties for the Multi-Year Estimates Study were selected
by experts with the belief that they constituted a diverse
and representative picture of the entire USA).

Each of the 19 counties have populations above
65,000 for all years of data. Therefore, 1-, 3-, and 5-
year estimates are available for each county. Further-
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Table 1
County, state, and FIPS county codes

County State (postal code) FIPS county
code

Black Hawk County Iowa (IA) 19013
Bronx County NewYork (NY) 36005
Broward County Florida (FL) 12011
Calvert County Maryland (MD) 24009
Douglas County Nebraska (NE) 31055
Flathead County Montana (MT) 30029
Franklin County Ohio (OH) 39049
Hampden County Massachusetts (MA) 25013
Jefferson County Arkansas (AR) 05069
Lake County Illinois (IL) 17097
Madison County Mississippi (MS) 28089
Multnomah County Oregon (OR) 41051
Pima County Arizona (AZ) 04019
Rockland County NewYork (NY) 36087
San Francisco California (CA) 06075
Schuylkill County Pennsylvania (PA) 42107
Sevier County Tennessee (TN) 47155
Tulare County California (CA) 06107
Yakima County Washington (WA) 53077
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Fig. 1. Number of interviews across 19 counties for each year in the
Multi-Year Estimates Study.

more, the total number of interviews conducted annu-
ally for each county ranges from 449 to 15,830 and in-
creases as the population of the county increases. Box
plots showing the distribution of sample sizes are pro-
vided in Fig. 1 and are calculated from the Multi-Year
Estimates Study Quality Measures information [23].
These sample sizes are high enough to implement our
methodology. There are hundreds of variables avail-
able, which the U.S. Census Bureau classifies into
four tables along with their corresponding table num-
bers: Demographic (DP01), Social (DP02), Economic
(DP03), and Housing (DP04). We retain this classifi-
cation scheme in our analyses. Some of these figures
are numeric (e.g. totals, rates, averages), whereas oth-

ers are percents; in each case sampling variances are
published.

As we are interested in making comparisons be-
tween multi-year estimates of different period lengths,
it makes sense to consider only those pairings drawn
from the same underlying spans of time. Let x̂(k)

t de-
note a period estimate, where k is the period length
(1-, 3- or 5-years) and t denotes the final year of data
used to compute the estimate. For example, if k = 3

and t = 2002, x̂(3)
2002 specifies the 3-year estimate com-

bining data from 2000, 2001, and 2002. Using this
notation and given the published multi-year estimates
available, it follows that we have four possible com-
parisons of 1-year to 3-year multi-year estimates: (a){
x̂
(1)
2000, x̂

(1)
2001, x̂

(1)
2002

}
with x̂

(3)
2002, (b)

{
x̂
(1)
2001, x̂

(1)
2002,

x̂
(1)
2003

}
with x̂

(3)
2003 (c)

{
x̂
(1)
2002, x̂

(1)
2003, x̂

(1)
2004

}
with

x̂
(3)
2004, and (d)

{
x̂
(1)
2003, x̂

(1)
2004, x̂

(1)
2005

}
with x̂

(3)
2005. There

are also two possible comparisons of 1-year to 5-year
multi-year estimates: (a)

{
x̂
(1)
2000, x̂

(1)
2001, x̂

(1)
2002, x̂

(1)
2003,

x̂
(1)
2004

}
with x̂

(5)
2004 and (b)

{
x̂
(1)
2001, x̂

(1)
2002, x̂

(1)
2003, x̂

(1)
2004,

x̂
(1)
2005

}
with x̂

(5)
2005.

An important note is needed here: the literature on
this topic typically assumes that all statistical varia-
tion is due to sampling mechanisms. This approach ig-
nores variation in the underlying population quantities,
which would typically be modeled with a stochastic
process. The published standard errors of the American
Community Survey focus entirely on sampling vari-
ability, which amounts to viewing population quan-
tities as deterministic. We maintain this viewpoint
throughout the paper, treating underlying population
estimands as deterministic for the purposes of calcu-
lating variances. Details on estimating sampling error
variances can be found in U.S. Census Bureau [21,22].

3. Methodology

Consider a population quantity x that represents a
variable of interest measured over a time span (e.g.,
several years), computed exactly like a multi-year es-
timate, but instead based upon the full population in
each year. The population quantity x will be called a
multi-year value, in contrast to the multi-year estimate
x̂, which is its estimate. Any discounting for inflation,
or other standardization techniques that are used for
multi-year estimates, also occur in the definition of the
multi-year value. For example, suppose that x̂ repre-
sents a 3-year multi-year estimate for median commut-
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ing time to work in Bronx County, NY from 2001–
2003. Then, x is defined by taking the entire popula-
tion of Bronx County, NY, year by year, pooling all
commuting times for all persons and all years (conse-
quently many people would enter the calculation three
times, if they did not move to a different home), and
computing the median.

An alternative to a multi-year estimate will be de-
noted by x̃. Our chief interest will focus on the esti-
mate generated by averaging 1-year estimates, but we
also consider the mid-year or end-year estimates. All
three will be denoted as alternate estimates.

The sampling error ε is defined as the difference
between the multi-year estimate and the target multi-
year value: x̂ = x + ε. These sampling errors tend
to be heteroscedastic and correlated across region and
time due to many factors, including variation in sam-
ple sizes over years, weighting patterns, non-response
adjustments, and the application of population con-
trols. However, some authors have assumed these sam-
pling errors to be uncorrelated in the case of a 1-year
estimate, which is really more of a working assump-
tion than a verifiable reality (cf. Beaghen and Weid-
man [6]).

The variances of the sampling errors will be denoted
by σ̂2

x̂, and are random variables like the multi-year es-
timates themselves. For the alternate estimates of inter-
est, we can also generate variance estimates, denoted
by σ̂2

x̃, using naïve formulas. For the average alter-
nate estimates, constructed by averaging the 1-year es-
timates, we assume that the 1-year estimates are ap-
proximately independent of each other as they are con-
structed from non-overlapping data. We follow Citro
and Kalton [10] and Beaghen and Weidman [6, p. 23]
here for computing variances for temporal differences
of multi-year estimates. Consequently, the variance es-
timate is simply the sum of the individual variances di-
vided by the square of the multi-year estimate period
length. For the mid- and end-year alternate estimates,
we use the variance value for the corresponding 1-year
estimate.

To summarize the notation, x is the population
multi-year quantity, which is estimated by x̂, and x̃ is
the alternate estimate; similarly σ̂2

x̂ and σ̂2
x̃ are the esti-

mated variances for x̂ and x̃ respectively. The relative
difference of a multi-year estimate and an alternate es-
timate is an important quantity in our analysis, and is
defined by

D =
x̃− x̂

x̂
. (1)

Now, we define the intervals Ix̂ = x̂ ± zα/2σ̂x̂ and
Ix̃ = x̃ ± zα/2σ̂x̃ where we let zα/2 be the upper α/2
normal quantile for a symmetric 2-sided confidence in-
terval with coverage (1−α) of the population quantity
x. The first confidence interval is appropriate for the
multi-year estimate, and by presupposition (a working
assumption) we suppose that it is a correct interval for
x. That is, P[x ∈ Ix̂] = 1 − α. Use of the normal
quantile presupposes the validity of an underlying cen-
tral limit theorem, each sampling unit being viewed as
identically distributed and roughly independent. (This
is another common assumption in the sampling litera-
ture.) The interval Ix̂ constructed using normal quan-
tiles is published by the U.S. Census Bureau. Assum-
ing the interval is correct, we are chiefly concerned
with the question of whether Ix̃ is a valid confidence
interval for x.

One might imagine substituting an alternate estimate
for the multi-year estimate for purposes of analysis.
There are many reasons this might be desirable: end-
year and mid-year estimates involve less smoothing
than multi-year estimates, and hence will tend to re-
spond more rapidly to turning points or other changes
in trend. On the other hand, one might utilize an aver-
age estimate in lieu of a multi-year estimate in order
to calculate standard errors for temporal differences as
was developed in Beaghen et al. [4]. For example, the
standard error of the consecutive difference in time of
two average estimates can be calculated (assuming that
1-year sampling errors are independent), whereas this
is not possible to do for multi-year estimates. Given
that a practitioner wishes to make such a substitution,
it is important to assess the impact. As confidence in-
tervals for population quantities x are the most funda-
mental application of the multi-year estimates, we ask:
How is inference for x altered when an alternate esti-
mate is swapped for a multi-year estimate?

To quantify this question, we seek to know the cov-
erage of Ix̃, the confidence interval for x based on us-
ing an alternate estimate in lieu of a multi-year esti-
mate. When D = 0, there is no difference between x̂
and x̃, so that if σ̂2

x̂ = σ̂2
x̃ as well, then Ix̂ = Ix̃ and

there is no loss in making the substitution. In practice,
estimates of D are nonzero and the variances can be
quite different too, so the confidence intervals come
out differently. However, how much is the inference re-
ally altered? We aim to provide a simple model-free
analysis of the question, which has the advantage of
being quickly applicable and replicable to any data ag-
gregation method, not just the American Community
Survey.
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We proceed as follows. Let

I(s, r) =
[
x̂+ (s−√

rzα/2)σ̂x̂, x̂ (2)

+(s+
√
rzα/2)σ̂x̂

]
.

Here, s is a real number and r � 0. As these
numbers vary, they distort the usual confidence in-
terval in various ways. Note that I(0, 1) = Ix̂ and
I
(
Dx̂/σ̂x̂, σ̂

2
x̃/σ̂

2
x̂

)
= Ix̃. Hence we can examine the

coverage of I(s, r) for various values of s and r. Of
principal interest is the case when |s| � Dx̂/σ̂x and/or
r differs from σ̂2

x̃/σ̂
2
x̂. This suggests the designations:

S =
Dx̂

σ̂x̂
=

x̃− x̂

σ̂x̂
R =

σ̂2
x̃

σ̂2
x̂

. (3)

These quantities can be computed from the data, and
will be viewed as realizations of the corresponding ran-
dom variables s and r. The coverage of I(s, r) is given
by

P[x ∈ I(s, r)] = Φ(−s+
√
rzα/2) (4)

−Φ(−s−√
rzα/2),

where Φ(·) is the cumulative standard normal distribu-
tion function. Let P[x ∈ I(s, r)] be denoted as C(s, r)
for short. Now if 1−α is the coverage of the interval Ix̂,
then C(0, 1) = 1−α. We are interested in determining
values of s and r such that C(s, r) is suitably close to
1 − α. Defining a value τ > 0 to be our threshold of
coverage error, let Nτ = {(s, r) : |C(s, r)−(1−α)| <
τ} be the neighborhood of such values. If the com-
puted (S,R) ∈ Nτ , then we know that Ix̃ has close
to correct coverage, because for any (s, r) such that
|s| � |S| and |r − 1| � |R − 1|, the coverage C(s, r)
of the interval I(s, r) differs from 1 − α by at most τ .
We then say the the corresponding alternate estimate is
“inferentially τ -close” to the multi-year estimate.

The neighborhoods Nτ can be computed as unions
of level curves of the function C(s, r). That is, for any
δ such that |δ| � τ , we can compute the level curve
L1−α+δ = {(s, r) : C(s, r) = 1 − α + δ}, so that
Nτ =

⋃
−τ�δ�τ

L1−α+δ.

To determine whether an alternate estimate is “infer-
entially τ -close” to the multi-year estimate, and there-
fore is an acceptable proxy for it, we implement the
following procedure:

1. Set α to specify the confidence level and choose
a value τ which delineates the neighborhood Nτ

around the confidence interval Ix̂ that is consid-
ered acceptable.

2. Compute R = σ̂2
x̃/σ̂

2
x̂ and S = (x̃− x̂)/

√
σ̂2
x̂.

3. Check if |C(S,R) − (1 − α)| < τ ; if so, the
alternate estimate is considered “inferentially τ -
close" and is a reasonable proxy for the corre-
sponding multi-year estimate.

Note that R can vary widely; it can be large or even
close to zero. Since C(S,∞) = 1, we have Nτ = ∅ so
long as τ < α. (Consequently, we should certainly set
τ much smaller than α in practice.) However, if R = 0,
then C(S, 0) = 0 and likewise Nτ = ∅ if τ < (1−α).
With α = 0.05, we recommend τ = 0.01 so that the
effective coverage is altered by less than a full percent-
age point. The above procedure can be easily applied to
all of the variables in the Multi-Year Estimates Study
(and for American Community Survey estimates for
areas with more than 20,000 people) and we do so in
the next section.

4. Results

We now apply the methodology to compare multi-
year estimates and alternative estimates for each possi-
ble combination of county, time span, and variable. For
each case, we use our technique to determine whether
the alternative estimate is an acceptable interpretation
for the multi-year estimate. Given all of the possible
combinations, the results are too innumerable to dis-
play individually. To provide sufficient detail, however,
we proceed as follows. In Section 4.1, we focus on the
results for one specific comparison: the number of per-
sons over 16 in the labor force in Franklin County, OH.
This example illustrates the mechanics of the method-
ology. In Section 4.2, we provide a graphical summary
of a selection of the results to identify overall patterns.
We then examine a set of variables in Section 4.3 which
are of particular interest, chosen to represent a wide
range of types of variables found in the data including
totals for subpopulations, means, and income. We ex-
amine 95% confidence intervals (α = 0.05) although
any confidence level could be used. In Sections 4.1
through 4.3, we set τ = 0.01 as justified in Sec-
tion 3. However, we do study the effects on the results
if we vary τ in Section 4.4. Finally, in Section 4.5, we
examine the reverse question: whether the multi-year
estimate is a suitable proxy for the average estimate.
We have chosen a representative sample of results to
present here; please contact the authors for a complete
set.
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Table 2
Number of persons over 16 in the labor force in Franklin County, OH where α = 0.05, τ = 0.01 (note: decimals have been truncated for the
display); values in bold indicate that the alternate estimate is inferentially τ -close to the multi-year estimate

Time span
2000–2002 2001–2003 2002–2004 2003–2005

3-year estimate: x̂ 577,738 577,958 575,307 575,189
Variance of 3-year estimates 3,168,400 3,791,871 3,385,600 3,751,852
Smid 6.274 −3.687 −0.158 1.354
Rmid 2.797 2.992 4.431 2.479
|C(Smid, Rmid)− (1 − α)| 0.9486 0.5667 0.0499 0.0083
Send −3.910 −1.510 1.361 −0.362
Rend 3.581 3.956 2.747 2.873
|C(Send, Rend)− (1 − α)| 0.5297 0.0415 0.0204 0.04834
Savg 0.584 0.142 −0.419 0.301
Ravg 0.953 1.032 1.170 1.039
|C(Savg, Ravg) − (1 − α)| 0.0482 0.0013 0.00004 0.0056

4.1. Comparing interpretations for Franklin County,
OH

In this section we examine the results for an in-
dividual case: the number of persons over 16 in the
labor force in Franklin County, OH. We show both
numerically and graphically how the procedure intro-
duced in Section 3 is implemented and interpreted. The
3-year estimates will be compared with the average,
mid-year, and end-year interpretations constructed us-
ing the corresponding 1-year estimates. In Table 2, the
3-year estimates (and variances) are provided along
with the average, middle, and end interpretation values
of S, R, and |C(S,R) − (1 − α)|. Finally, we com-
pare |C(S,R)− (1−α)| with τ = 0.01. If the value is
less than τ , then the alternate estimate is inferentially
τ -close and considered an acceptable interpretation of
the multi-year estimate. Such values are shown in bold
in Table 2. Otherwise, the alternate estimate is not a
suitable interpretation. Only four of the twelve compar-
isons are considered inferentially τ -close in this exam-
ple: the middle interpretation for 2003–2005 and the
average interpretation for 2001–2003, 2002–2004, and
2003–2005.

We can see this even more clearly in the graphs in
Fig. 2. In each plot, the 3-year multi-year estimate is
shown with a solid line and the specified alternate es-
timate is shown with a dashed line. The 95% confi-
dence bands for the respective estimators are plotted
as well. (Note that the listed year on the x-axis repre-
sents the final year in the 3-year period; for example,
the 3-year estimates containing data from 2000–2002
would be be plotted at year 2002.) The confidence in-
tervals for the middle and end year interpretations are
wider than the 3-year multi-year estimate and the aver-
age interpretation since they incorporate fewer obser-
vations. The years for which the alternate estimate is

inferentially τ -close, from the calculations in Table 2
are highlighted with arrows.

One important feature to note is that some of the al-
ternate estimates fall within the pointwise confidence
bands of the 3-year multi-year estimate but are not con-
sidered inferentially τ -close when we set τ = 0.01.
The second plot in Fig. 2 for the 2005 end interpreta-
tion is one such example. The methodology proposed
in this paper incorporates the variances of the estimates
into the methodology, which is vital to make a like for
like comparison.

4.2. Summary of results

We have mentioned that many comparisons are pos-
sible once we account for all combinations of alternate
estimate type, time period, county, and variable. We
will show results by variable type (demographic, so-
cial, economic, and housing), and also separately dis-
play results by time period. In order to make a compar-
ison, an estimate and its variance for a variable must
exist for both the multi-year estimate and the relevant
1-year estimates used to calculate the alternate esti-
mate. This restriction means that for each county, the
number of variables to which we apply the methodol-
ogy varies considerably. Tables 3 and 4 show typical
variable counts for a 3-year (2000–2002) and a 5-year
(2001–2005) comparison respectively.

In Figs 3 and 4, we plot a representative sample of
results (the authors can supply the remaining results
for interested readers). Each figure displays the results
from a specific time span (i.e., 2000–2002 and 2001–
2005). The top plot represents results from numeric
variables and the bottom plot for percentage vari-
ables. We separate out results for numerics (e.g. totals,
means, and medians) and percents because the U.S.
Census Bureau makes this distinction in the Multi-
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Fig. 2. Comparisons for number of persons over 16 in the labor force in Franklin County, OH (arrows represent alternate estimates which are
inferentially τ -close to the corresponding multi-year estimate).

Year Estimates Study (and in current American Com-
munity Survey estimates). The box plots are divided
into four groups, each representing one of the vari-
able types (demographic, social, economic, and hous-
ing). There are three box plots for each group repre-
senting results from the mid-year, end-year, and aver-
age (“avg”) alternative estimates. For each county, we
apply the methodology to all of the variables and com-
pute the fraction of variables which are not inferen-
tially τ -close; that is, the alternate estimate is conse-
quentially different from the multi-year estimate and is
therefore not a suitable substitute. Each box plot rep-
resents the distribution of these fractions across the 19
counties (see Table 1).

We have two main results: (i) nearly all of the multi-
year estimates are not substitutes for the correspond-
ing alternate estimate and (ii) in general, this is more
so the case for the middle and end interpretations than
for the average interpretation. For middle and end in-
terpretations, at least 70–80% of the variables checked
in each county are not inferentially τ -close. For aver-
age interpretations, this percentage is a bit lower, at ap-
proximately 60%. Most likely, this is because the aver-
age alternate estimate is the only one of the three which
incorporates data from all of the years included in the
multi-year estimate. Finally, the spread of the fraction
of consequential differences is much less for numeric
variables corresponding to middle and end alternate
estimates than for the average estimate or percentage
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Table 3
Number of confidence intervals checked (3-year estimates: 2000–2002)

Numeric (average year) Percent (mid-year)
Demographic Social Economic Housing Demographic Social Economic Housing

Black Hawk County, IA 70 92 112 125 71 81 66 105
Bronx County, NY 86 111 112 125 80 87 66 105
Broward County, FL 86 111 112 125 83 87 66 105
Calvert County, MD 74 86 85 113 67 70 66 98
Douglas County, NE 84 103 112 125 82 87 66 105
Flathead County, MT 72 86 86 125 64 70 66 105
Franklin County, OH 78 109 112 125 77 87 66 105
Hampden County, MA 85 111 112 125 79 87 66 105
Jefferson County, AR 69 59 112 125 68 66 66 105
Lake County, IL 86 111 112 125 79 87 66 105
Madison County, MS 51 85 99 116 54 66 66 96
Multnomah County, OR 89 109 112 125 86 87 66 105
Pima County, AZ 90 111 112 125 87 87 66 105
Rockland County, NY 83 111 112 125 76 87 66 105
San Francisco County, CA 86 111 112 125 83 87 66 105
Schuylkill County, PA 72 92 112 125 64 70 66 105
Sevier County, TN 49 51 86 113 63 66 66 105
Tulare County, CA 83 103 112 125 78 81 66 105
Yakima County, WA 74 104 112 125 73 81 66 105

Table 4
Number of confidence intervals checked (5-year estimates: 2001–2005)

Numeric (end-year) Percent (average year)
Demographic Social Economic Housing Demographic Social Economic Housing

Black Hawk County, IA 81 92 112 122 63 70 66 102
Bronx County, NY 86 111 112 125 78 87 66 105
Broward County, FL 86 111 112 125 78 87 66 105
Calvert County, MD 70 92 87 103 63 66 57 87
Douglas County, NE 86 104 112 125 77 81 66 105
Flathead County, MT 71 88 90 125 45 65 51 102
Franklin County, OH 85 111 112 125 78 87 66 105
Hampden County, MA 86 111 112 125 71 87 66 105
Jefferson County, AR 69 59 105 116 43 39 60 96
Lake County, IL 85 111 112 125 78 87 66 105
Madison County, MS 71 92 95 107 44 66 51 89
Multnomah County, OR 89 109 112 125 82 87 66 105
Pima County, AZ 90 111 112 125 83 87 66 105
Rockland County, NY 80 110 112 125 74 87 66 105
San Francisco, CA 88 111 112 125 77 87 66 105
Schuylkill County, PA 71 92 112 125 63 70 66 102
Sevier County, TN 49 86 82 125 42 38 45 95
Tulare County, CA 82 104 112 125 73 81 66 105
Yakima County, WA 76 92 112 125 67 70 66 105

variables, possibly because percentages may be more
stable across time than counts given shifts in popula-
tion controls. However, according to our methodology,
we see that, overall, it is not appropriate to interpret the
multi-year estimate as any of the alternate estimates.

4.3. Examining specific variables

Next we examine thirteen specific variables of in-
terest, chosen to represent a variety of “types” found
in the Multi-Year Estimates Study. These variables are

listed in Table 5 along with the table and profile line
numbers (line in the original data file for that vari-
able). We refer to each variable as follows: (table num-
ber/profile line). For example, median age is repre-
sented as DP01/17.

1. Stable variables: There are a few variables where
we would not expect large differences in a three-
or five-year period. For such variables, we would
expect some, if not all, of the three interpretations
of the period estimate to be reasonable. We exam-
ine three such variables here: median age in years
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Table 5
Variables selected for further examination

Profile line Variable name
Table DP01: demographic variables

17 Median age in years
42 Number of Filipino residents

103 Average family size
Table DP02: social variables

31 Fertility per 1,000 unmarried women
37 Number of grandparents who are responsible for their grandchildren
41 Veteran status/civilian veterans
76 Language other than English spoken at home

Table DP03: economic variables
62 Mean household income in dollars
94 % of all families in poverty

Table DP04: housing variables
19 House built between 1950 to 1959
59 House heating fuel is solar energy
72 Value of housing unit between $150,000–$199,000
99 Selected monthly house owner costs as a percentage of household income, 35% or more

Table 6
Proportions of non-inferentially τ -close alternative estimates for selected variables

Profile line 3-year (mid) 3-year (end) 3-year (avg) 5-year (mid) 5-year (end) 5-year (avg)
Table DP01: demographic variables
17 Numeric 0.921 0.973 0.947 1 1 0.868

Percent – – – – – –
42 Numeric 0.976 0.931 0.619 0.954 1 0.650

Percent 1 0.954 0.714 0.954 0.909 0.700
103 Numeric 0.947 0.947 0.710 0.921 1 0.842

Percent – – – – – –
Table DP02: social variables
31 Numeric 0.960 0.960 0.671 0.945 0.973 0.666

Percent – – – – – –
37 Numeric 1 0.972 0.643 0.972 0.945 0.666

Percent 0.986 0.932 0.712 0.972 0.918 0.722
41 Numeric 0.902 1 0.742 0.970 0.973 0.687

Percent – – – – – –
76 Numeric 0.941 0.959 0.723 0.961 0.913 0.913

Percent 0.941 0.979 0.765 0.923 0.913 0.826
Table DP03: economic variables
62 Numeric 0.947 1 0.986 0.921 1 1

Percent – – – – – –
94 Numeric 0.955 0.984 0.716 0.968 1 0.800

Percent – – – – – –
Table DP04: housing variables
19 Numeric 0.960 0.973 0.723 0.973 0.947 0.631

Percent 0.934 0.986 0.644 0.973 1 0.631
59 Numeric 1 1 0.676 1 1 0.885

Percent 0.444 0.478 0.929 0.444 0.542 1
72 Numeric 0.959 0.986 0.630 1 0.972 0.722

Percent 0.972 0.972 0.780 0.945 1 0.833
99 Numeric 0.921 0.934 0.750 1 0.947 0.657

Percent 0.934 0.947 0.723 1 1 0.710

(DP01/17), average family size (DP01/103), and
fertility per 1,000 unmarried women (DP02/31).

2. Subpopulations: This is a key situation wherein
estimates can differ substantially from year to
year, because very few people may be sampled
who exhibit a given characteristic (see Beaghen

and Stern [5] for a specific example in a related
context). Therefore, interpreting a multi-year es-
timate to be an estimate of the middle or end
of the period may not be appropriate for such
variables. The variables selected specifically for
this characteristic are: number of Filipino res-
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Fig. 3. Fraction of alternate estimates not inferentially τ -close to multi-year estimate (3-year estimates: 2000–2002) by variable (demographic,
social, economic, housing) and estimate (middle, end, average) types.

idents (DP01/42), veteran status/civilian veter-
ans (DP02/41), number of unpaid family workers
(DP03/49), and number of people whose house
heating fuel is solar energy (DP04/59).

3. Variables with high item allocation rates: There
are some questions in the American Commu-
nity Survey that respondents may not know an
answer to, or feel hesitant to respond to. Con-
sequently these questions may be left blank, or
are answered with the respondent’s best guess,
which may not be accurate [20, p. 860] Many
of these survey items would be imputed result-
ing in higher item allocation rates (i.e., high
item nonresponse rates), possibly affecting the
results of our study. Some variables computed
from survey questions with high item alloca-
tion rates are: number of grandparents who are
responsible for their grandchildren (DP02/37),
language other than English spoken at home
(DP02/76), and house built between 1950 and
1959 (DP04/19) [23]. (Note that money-related
questions also have high allocation rates and we
discuss those variables next.)

4. Money-related variables: Questions regarding
money are in a category of their own, not only
because they are sensitive questions but also be-
cause they may be hard to answer on behalf of
other household members [11, p. 292]. Further-
more, the survey answers are adjusted for infla-
tion and are used in computing poverty estimates
(Beaghen et al. [4, p. 15]). All of these factors
may affect our results. Such variables are based
on the Multi-Year Estimate Study survey ques-
tions with high allocation rates [23]. Here we ex-
amine: mean household income (DP03/62), per-
cent of all families in poverty (DP03/94), value of
housing unit between $150,000–$199,000 (DP04
/72), and selected monthly house owner costs as a
percentage of household income is 35% or higher
(DP04/99).

In Table 6, proportions of confidence interval com-
parisons that were found to be consequential, or non-
inferentially τ -close, are listed for each of the thirteen
selected variables by time period (3- or 5-year) and al-
ternate estimate (middle, end, average). Overall, the re-
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Fig. 4. Fraction of alternate estimates not inferentially τ -close to multi-year estimate (5-year estimates: 2001–2005) by variable (demographic,
social, economic, housing) and estimate (middle, end, average) types.

sults from each variable tend to be similar to the overall
results. Most often, the middle and end interpretations
of the period estimate are the least acceptable, followed
by the average interpretation. One notable exception is
for the percentage variable “house heating fuel is so-
lar energy” (DP04/59). Between 44% and 55% of the
comparisons are consequentially different for the mid-
dle and end interpretations, whereas the nearly all of
the average interpretations are. It is also interesting to
note that variables categorized as stable, such as fertil-
ity rates, violate the linearity assumptions at nearly the
same rates as other variables.

4.4. Varying τ

Until now, we have fixed the maximum discrepancy
(τ ) to be 0.01 when α = 0.05. One could argue that this
threshold is too strict and that it is unsurprising most
alternate estimates are considered consequentially dif-
ferent from their corresponding multi-year estimates.
If we increase τ , the fraction of variables which are not
inferentially τ -close will decrease for any of the three
interpretations. In this section, we examine how much

our results actually change if we choose alternative val-
ues of τ (keeping α still fixed at 0.05).

To answer this question, we perform an analysis
similar to the one in Section 4.2 for four counties,
but vary τ . The four counties, Bronx County, NY,
Yakima County, WA, Schuylkill County, PA and Flat-
head County, MT were chosen to represent the wide
range of county population sizes (listed in descending
order here). In Fig. 5, we plot the fraction of variables
which are not inferentially τ -close for different com-
binations of time span and type of variable (numeric
versus percent). As a benchmark, τ = 0.01, which we
used for the results in Sections 4.1–4.3, is highlighted
on each plot.

For each county, as the maximum permitted discrep-
ancy (τ ) increases, the proportion of consequential dif-
ferences drops off much faster for the average inter-
pretation than for the middle and end interpretations.
We expect more alternate estimates to be acceptable as
τ increases because we are weakening the restrictions
on what is considered inferentially τ -close. Given the
results in Section 4.2, we also expect that the average
interpretation has lower rates of consequential differ-
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Fig. 5. Fraction of consequential differences (i.e., not inferentially τ -close) by threshold τ (α = 0.05) for four counties.

ences than the other two interpretations since the same
data is used for both the average estimate and the corre-
sponding multi-year estimate. An important feature is
that these characteristics are consistent across all com-
binations of county and period.

For the middle and end interpretations, even at large
values of τ , we find that a majority of the variables are
consequentially different for each county. For the aver-
age interpretation, as τ increases, the fraction of infer-
entially τ -close variables increases more rapidly for 3-
year multi-year estimates than for 5-year multi-year es-
timates and soon become the majority. The same con-
clusions hold if we examine the corresponding plots
for other county, variable type, and time period combi-
nations.

4.5. Multi-year estimates as proxies for average
estimates

Suppose now that the population value of interest is
the true average over multiple years. Here, the alter-
native estimate, the average, x̃, is the estimate of this
population value. We ask the following question: Is
the corresponding multi-year estimate a suitable proxy
for the average estimate? We can modify the method-

ology outlined in Section 3 to answer this question.
As before, x̃ is the average estimate and x̂ is the
multi-year estimate. However, now the confidence in-
terval is written as Ĩ(s, r) =

[
x̃+ (s−√

rzα/2)σ̂x̃,

x̃+ (s−√
rzα/2)σ̂x̃

]
. Now, if we let D̃ = (x̂− x̃)/x̃,

S̃ = (x̂− x̃)/σ̂x̃, and R̃ = σ̂2
x̂/σ̂

2
x̃, we can use

∣∣∣
[
Φ
(
−S̃ +

√
R̃zα/2

)
− Φ(−S̃ −

√
R̃zα/2)

]
(5)

−(1− α)| < τ

to determine whether the multi-year estimate is infer-
entially-τ close to the average estimate.

While the fraction of confidence intervals not infer-
entially-τ close is lower than in the original setting
(Section 4.2) for the different variable categories and
time periods, they are almost always above 60%. Con-
sequently, the multi-year estimate is generally not a
suitable proxy for the average estimate. In Fig. 6, we
display the results for three typical time periods: 2000–
2002, 2002–2004, and 2001–2005. Each box plot rep-
resents the fraction of not inferentially-τ close vari-
ables for each variable category across the 19 coun-
ties. Similarly, we can also apply this methodology to
the mid-year and end-year estimates as well; we obtain
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Fig. 6. Fraction of variables which are not inferentially τ -close when using a multi-year estimate as an interpretation for the average estimate.

similar results for the Multi-Year Estimates Study data
when we do so.

5. Discussion

This paper addresses a long-standing issue of con-
cern in the American Community Survey: can multi-
year estimates be viewed as linear functions of one-
year estimates? Although official U.S. Census Bureau
policy answers this question negatively, an empirical
exploration of the issue was lacking until now. We pro-
pose a simple, replicable methodology that is directly

matched to the typical user’s concerns via the novel
concept of “inferentially τ -close,” and apply this tech-
nique to the Multi-Year Estimates Study database. Our
conclusion is that the official policy is correct. Note
that fundamental reasons can be given for why multi-
year estimates should not be viewed as linear functions
of one-year estimates, but even so it is not a priori clear
that ignoring this injunction will have negative reper-
cussions in terms of data analytical conclusions. How-
ever, the results given in Section 4 demonstrate that
there are indeed negative consequences in practice.

The method of consequential differences is directly
linked to underlying assumptions and usages of the
American Community Survey already in place, and
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adds no further axiomatic burden. There are few “tun-
ing parameters” to the method; just the choice of τ
and the default values used in the Multi-Year Estimates
Study evaluation are sensibly motivated such that no
adjustment is typically required. The actual application
of the method in practice is quite simple: any survey
with multi-year estimates and standard errors along
with the potential to compute alternative estimates and
their standard errors is sufficient. This allows one to
compute R and S from step 2 of the algorithm given
at the end of Section 3, and the question of whether or
not the estimates are inferentially τ -close can then be
answered.

The vast Multi-Year Estimates Study serves as a
proxy for the still larger American Community Sur-
vey; hence our conclusions here should be expected to
extend to the full survey. We argue for the validity of
this extrapolation on the grounds of the initial design
of the Multi-Year Estimates Study – it was constructed
to be just such an antecedent for the more comprehen-
sive American Community Survey. The actual verifi-
cation of this extrapolation requires one to apply our
methodology to the publicly available data.

Overall, we find solid support that substitution is un-
wise, though the exact consequence depends on many
factors: period length, variable, region (county in our
study), and alternate interpretation type. We conclude
by reinforcing the U.S. Census Bureau cautions against
making such ad hoc comparisons.

Disclaimer

This report is released to inform interested parties of
research and to encourage discussion. The views ex-
pressed on statistical issues are those of the authors and
not necessarily those of the U.S. Census Bureau.
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