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i. Introduction 

Application of linear regression to 
small domain estimation (Ericksen 1973, 
1974) has become well established. This 
method combines relationships estimated 
from sample survey data and auxiliary data 
available at the individual or small 
domain level. By combining the detail of 
the auxiliary data with the systematic 
relationships suggested by the survey 
data, the method produces estimates of 
characteristics for small domains for 
which the available sample survey data, by 
themselves, are of inadequate precision. 
Numerous applications of this basic 
approach have occurred. A recent volume 
(Platek, Rao, Sarndal, and Singh 1987) 
describes several new developments in the 
area of small domain estimation, including 
applications of linear regression. 

Typical applications of linear regres- 
sion involve estimation for a single char- 
acteristic. Estimates of the characteris- 
tic are often available from sample survey 
data for all or many of the small domains 
of interest, but with high sampling vari- 
ances. Auxiliary data related to the 
characteristic of interest are typically 
measured without sampling variance, since 
they are often derived from a previous 
census or administrative sources. The 
relationship between the characteristic 
and the auxiliary variables is then 
expressed in the form of a linear regres- 
sion, with the survey estimates of the 
characteristic treated as the dependent 
variable and the auxiliary data employed 
as the independent variables. The pre- 
dicted value from this regression fitted 
to the survey data represents a possible 
choice as a small domain estimate. 

Composites involving both the regres- 
sion estimate and the sample estimate may 
also be considered. For example, empiri- 
cal Bayes estimation (e.g., Fay and Her- 
riot 1979) derives the form of the compos- 
ite based on the comparison of the fit of 
the model relative to the variance of the 
sample estimates. 

This paper describes multivariate 
extensions of the linear regression 
approach. A multivariate treatment may be 
motivated under either of the following 
circumstances: 

i. The interest is in more than one 
characteristic at the small domain 
level. A multivariate approach may 
result in improved accuracy and 
consistency if the characteristics 
are related. 

2. Some of the auxiliary information 
is itself subject to significant 
sampling variance. If such auxil- 
iary information is incorporated 
simply as an independent variable 
or variables in a linear regres- 
sion, an inappropriate specifica- 
tion of the model typically re- 
sults, with an associated cost in 
the performance of the small domain 
estimator. 

Because of the second reason, the methods 
described in this paper are of potential 
relevance to some small domain problems 
concerning a single characteristic. 

This paper will describe preliminary 
work on the development of a small area 
estimation strategy to estimate median 
rents by size of unit for rental units 
meeting a number of specific characteris- 
tics. The small domain estimation proce- 
dures are based on components of variance 
models. There are some precedents for an 
approach of this sort to small domain 
estimation (e.g., Fuller and Harter (1987) 
and several of the papers cited by them.) 
One such application (Fay 1986, 1987) has 
already been implemented for the estima- 
tion of median incomes for 4-person fami- 
lies by State, based on data from the Cur- 
rent Population Survey and estimates of 
per capita income from the Bureau of Eco- 
nomic Analysis. 

This paper describes preliminary 
research to apply multivariate methods to 
the estimation of median rents. The spe- 
cific requirements and need for these 
estimates is described in detail in sec- 
tion 2. This section also describes the 
sources of data for this problem. Section 
3 describes the estimation strategy gener- 
ally. Section 4 discusses the potential 
applications of this methodology to the 
problem. The paper does not make a 
detailed proposal to produce a set of 
estimates; rather, the emphasis in the 
paper is on the importance of and 
approaches to assessing alternative 
strategies. 

2. Estimating Median Rents 

The Department of Housing and Urban 
Development (HUD) is required by law to 
establish Fair Market Rents (FMR) for ren- 
tal units. The FMRs are necessary for a 
government program, the Housing Assistance 
Payments Programs for Existing Housing. 
The intent of the FMRs is to reflect local 
market conditions to the extent possible. 

For most of the 1970s, the FMRs were 
obtained from 1970 census data on rents, 
updated by changes in the rents and utili- 
ties component of the Consumer Price 
Index. The census data did not provide 



the specific detail necessary to determine 
which units were substandard, however, 
Since the administrative purposes imply or 
require that the FMRs exclude the downward 
bias in monthly rents contributed by sub- 
standard units, a revision of the metho- 
dology in 1979 employed instead data from 
the American Housing Survey (AHS, formerly 
called the Annual Housing Survey). This 
survey provided the necessary substantive 
detail for a determination of whether 
sampled rental units were substandard. 
The criteria reflected several factors 
related to state of repair, adequacy of 
plumbing and basic equipment, interrup- 
tions in service, and safety. The survey 
data, while meeting substantive purposes, 
provided far less geographic detail than 
the census. 

Additional criteria further restrict 
the subset of rental units considered in 
determining the FMRs by the current metho- 
dology. The complete set of criteria are: 

i. the units must not be public hous- 
ing; 

2. the units must be in buildings at 
least two years old; 

3. the units must not be substandard, 
according to a definition employed 
by HUD on the basis of AHS charac- 
teristics; and 

4. the units must be occupied by 
recent movers who began occupancy 
within the last two years. 

Generally, the purpose of these exclusions 
is to determine an appropriate universe of 
rental units to define the FMRs for pro- 
gram purposes. 

Size of unit is defined by the number 
of bedrooms. In the current methodology, 
however, only two-bedroom units are used 
in estimating subnational differentials. 
Local FMRs for units of other sizes are 
calculated by an adjustment to the local 
two-bedroom value. 

The AHS comprises two component sur- 
veys. The AHS - National Sample (AHS-NS) 
is now conducted every two years, although 
at one time this part of the survey was 
conducted annually. The 1983 AHS-NS pro- 
vides the national estimates used for dis- 
cussion in this paper. The 1985 AHS-NS 
has become available for analysis within 
the last few months. (By implication, 
estimates from the 1987 AHS-NS will pre- 
sumably not be ready for some time.) Each 
year, the AHS - Metropolitan Sample 
(AHS-MS) includes a subset from 60 Stan- 
dard Metropolitan Statistical Areas 
(SMSAs), now Metropolitan Statistical 
Areas (MSAs), so that periodic estimates 
become available for each of these SMSAs/ 
MSAs. (After analysis of the 1980 Census, 
the Office of Management and Budget 
replaced the SMSAs by MSAs. The latter 
areas replaced the SMSAs as basis of geo- 

graphic selection starting with the 1984 
AHS-MS.) For purposes of illustration, 
some results appear in this paper from the 
1983 AHS-MS for the thirteen SMSAs 
included in that year. 

Table 1 presents preliminary unit 
counts from the 1983 AHS-NS. The table 
shows the effect of the various exclu- 
sions. The counts are preliminary, in the 
sense that they are based on application 
of the available written documentation and 
some internal documentation used by HUD. 
The counts are provided only for purposes 
of discussion here, and further revision 
of the implementation of the definition 
may produce minor revisions. 

The first line of table 1 shows the 
counts for 7453 sample units meeting all 
criteria. The second line reports that 
2321 units are excluded because they are 
public housing or receive rent subsidies. 
An additional 325 units are excluded as 
too new, and 2647 of the remaining units 
are defined as substandard according to 
the criteria. The remaining units are 
excluded because they are not occupied by 
recent movers. Table 1 divides this 
remaining group into those who occupied 
their units within the last five years (60 
months or less), 2884 cases, and those who 
have been tenants longer, 2454 cases. 

Table 2 presents median gross rents for 
the various cells of table I. Figure 1 
displays the relationship between median 
rent and number of bedrooms for these 
groups. Median rents for public housing 
and for substandard units are considerably 
lower than those of units meeting the com- 
plete set of criteria. Units in new 
buildings have higher rents of than those 
meeting the criteria. Median rents for 
those occupying their units more than 2 
years but no more than 5 years closely 
approximate those of recent movers, but 
rents for long-term tenants fall below 
those for those meeting all criteria, 
especially for the larger units. 

Table 1 indicates that there are more 
two-bedroom units meeting the criteria 
than any other size. The numbers of one- 
and three-bedroom units are both substan- 
tial, however, and their combined number 
is greater than the number of two-bedroom 
units. As mentioned earlier, the current 
estimation methodology implemented by HUD 
employs the proportional relationship from 
the AHS-NS between the unit of a specific 
size and two-bedroom units. For example, 
the values in the first row of table 2 
represent, in principle, the basic compo- 
nents of these ratios in 1983. Estimates 
for SMSAs/MSAs included in the AHS-MS are 
produced by proportionally adjusting the 
sample estimate for two-bedroom units for 
the SMSA/MSA by the national ratios for 
units of other sizes. In other words, the 
current methodology disregards any sample 
data for units of other sizes, except to 
the extent that these units contribute to 
the estimation of the overall national 
ratios. This exclusion occurs even though 
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the objective is to provide estimates for as random, distributional assumptions are 
each size. A more detailed discussion of an effective strategy for motivating small 
this issue follows in section 4.1. domain estimators. Assuming a stochastic 

Two objectives may be set for this distribution on the a i may suggest a form 
study. One is to determine whether the of estimator; for example, assuming that 
current methodology, which uses only the the a i have mean 0 and are uncorrelated 
data for two-bedroom units at the SMSA/MSA with approximately the same variance sug- 
level, can be significantly improved by gests the use of least squares. More gen- 
incorporating the data for units of other erally, if the a i are assumed to have a 
sizes, particularly for one- and three- non-singular covariance A, then estimation 
bedroom units. The second is to attempt of b through generalized least squares, 
to determine if there are any reasonable i.e., ~ = (X'A-Ix) -I X'A-ly, represents a 
alternative strategies to produce subna- likely choice for efficient estimation of 
tional estimates below the regional level b. 
for areas not now included among the 60 In small domain problems, the Yi are 
SMSAs/MSAs covered by the design of the not directly observed, but sample esti- 
AHS-MS. As noted earlier, the geographic mates Yi may be available for some or all 
detail available from the decennial cen- i. In this example, Yi may denote sample 
suses is not incorporated in any form estimates of medians for the same areas 
under the existing methodology, from the AHS. Suppose that we represent 

the effect of sampling error on Y by the 
3. Components of Variance Models for Small random vector d = Y - y, so that Y = y + 

Domains d. In other words, the model for the 
sample estimates takes the form 

As noted in the first section, the 
methodology to be discussed here is Y = Xb + a + d. (3.3) 
related to the use of regression estima- 
tion for small domain estimation. Suppose If we assume that a and d are independent, 
that Yi represents a characteristic of that the a i have a multivariate normal 
interest for small domain, i, and the vec- distribution with covariance matrix A, 
tory = {Yi) denotes these quantities over that the d i have a normal distribution 
a set of domains of interest. For with covariance matrix D, and that the a i 
example, y could denote a vector of median and d i have expectations of zero, then, 
gross rents for two-bedroom units meeting conditional on the fixed values of X, the 
the criteria for FMRs, over a set of best linear unbiased estimator (BLUE) of b 
domains, such as MSAs. For purposes of is given by 
illustration, suppose that auxiliary vari- 
ables Xil and Xi~ are available for each b = (X'(A+D)-Ix) -I X'(A+D)-IY. 
domain i, and X$0 is set identically to 
the value 1 in order to represent the (3.4) 
intercept term. For example, the auxil- 
iary information Xil and Xi2 may denote The actual interest, however, is in y, 
census values of related characteristics the values of the small domains. Since y 
for the same areas. A linear regression = Xb + a, these values depend both on 
model for Yi may be expressed as regression parameters, b, that may be 

regarded as fixed effects, that is, not 
Yi = b0Xi0 + blXil + b2Xi2 + ai described by a probability distribution, 

and random effects, a. (Alternative small 
The last term, a i, represents a model domain estimators treating b as random are 
error for domain i, and depends on the possible, but they will not be considered 
specific choices for b0, bl, and b 2. A here.) Consequently, estimation of y 
vector representation of the more general falls under the theory for linear combina- 
situation is tions of fixed and random effects. The 

best linear unbiased estimator, over the 
y = Xb + a. (3.1) distribution of d and a, is given by Har- 

ville (1976) 
When the a i are small for an appropri- 

ate choice of b, the regression prediction y = Xb + A(D+A)-I(y-Xb). (3.5) 

~i = b0Xi0 + blXil + b2Xi2 In other words, the regression estimate, 
X~, is modified by a term involving the 

or more generally residuals, (Y-X~). When D is negligible 
relative to A, (3.5) gives essentially 9 = 

^ when the sample estimates y = Xb (3.2) Y. That is, 
provide far more reliable estimates than 

represents a possible strategy to obtain the model in question, the optimal estima- 
small domain estimates of y. tor almost exactly agrees with the sample 

The determination of b affects the ove- estimates. Conversely, when A is negli- 
rall performance of estimator (3.2). gible relative^ to D, the estimate 
Although the form of (3.1) does not approaches ~ = Xb. To the extent that D 
require treatment of any of its components is of the same order of magnitude or 
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smaller than A, however, (3.5) r@presents always vary among the domains. In some 
a weighted average of Y and X~. Thus, applications, it may be appropriate to 
(3.5) may be said to shrink the sample assume that the D i are diagonal matrices, 
estimates y towards the regression esti- i.e., that the component characteristics 
mates X~. for domain i have independent sampling 

Motivation for (3.5) was stated in the errors. As a first approximation, sample 
terms of variance component models. Equi- estimates of median rents for rental units 
valently, it is possible to arrive at the of different sizes could have almost zero 
same formula through a Bayesian formula- covariances, since each sample unit con- 
tion, by putting the appropriate diffuse tributes to the estimation of at most one 
prior on b. of the components. In practice, however, 

In small domain estimation problems, some modest covariances between the compo- 
information about D, the sampling error of nents presumably arise from the clustering 
Y, is typically available or can be esti- of the sample at the last stage of selec- 
mated with reasonable precision from the tion. 
sample. The value of A, however, is more In some applications, design-based 
likely to be unknown. When an estimate of estimation of each D i separately may prove 
A is derived from the sample and substi- entirely satisfactorily. When sample 
tuted into (3.5), the resulting estimator sizes are small within the domains, how- 
may be motivated through variance compo- ever, smoothing of design-based estimates 
nent models or as an empirical Bayes or generalized variance formulas may 
procedure (e.g., Morris 1983). become necessary. Some uncertainty in the 

Specific forms of the James-Stein esti- estimation of the D i is tolerable, but 
mator (James and Stein 1961) arise in this entirely unstable estimates of these mat- 
manner. In the simplest case, both D and rices would be harmful. 
A are diagonal matrices, each a scalar The usual form of A is block diagonal 
multiple of the identity matrix. The as well. The general case may be repre- 
James-Stein estimator gives a particular sented: 
choice for A. In this case, each coordi- 
nate is estimated by a weighted combina- 
tion of the regression estimate for the 
coordinate and the corresponding sample 
estimate. 

The preceding development is suitable 
for extensions to multivariate applica- 
tions. In this instance, the sample vec- 
tor Y may denote a series of sample esti- 
mates of K related characteristics Yk(~ 
k=l,...,K, in domain i, arranged in 
order y = (y 

Y~(2) .),. ~i), Y~(I~, ..., Yx(~), , -- anticlpate the discus- 
slon in the next section, ~ the K different 
sample estimates may represent log-median 
gross rents for different types of rental 
units. Typically, and in the application 
to the AHS, (especially to the AHS-MS, but 
presumably to the AHS-NS as well), the 
sampling covariances between different 
domains may be taken to be zero, or effec- 
tively zero, by design. Within each 
domain, however, the sample estimates 
Yl(i), Y2(i), ---, YK(il may have nonzero 
sampling covariances, and, in some appli- 
cations, these covariances may be quite 
important. Consequently, the typical form 
for the sampling covariance matrix D will 
be block diagonal: 

D 1 0 0 0 ... 

D = 

0 D 2 0 0 ... 

0 0 D 3 0 ... 

0 0 0 D 4 ... 

The submatrices, D1, D2, ..., each K by K 
positive semidefinite symmetric matrices, 
are rarely identical, slnce, among other 
reasons, the sample sizes will almost 

A = 

A 1 0 0 0 ... 

0 A 2 0 0 . . .  

0 0 /%3 0 . . .  

0 0 0 I% 4 . . .  

In practice, however, and in contrast to 
the Di, separate estimation of each A i is 
impossible for satisfactory application in 
(3.4) and (3.5). One possible strategy is 
to assume that each A i is equal to a com- 

A* mon and to estimate A* through maximum 
likelihood, constrained maximum likeli- 
hood, or another of the familiar proce- 
dures in components of variance models. 
Another parametric form for the A i could 
be hypothesized, and the corresponding 
parameters then estimated from the data. 
Selection among such alternatives may 
arise on the basis of past experience and 
data or from comparisons of alternative 
models fitted to the current sample data. 
Comments on alternative assumptions for 
median rents appear in the next section. 

A form for A other than block diagonal 
is also possible, but generally even more 
complex. For example, if there were sig- 
nificant geographic correlations among 
domains that could not be captured 
entirely by the fixed effects, e.g., Xb, 
then off-diagonal blocks could express 
these relationships. 

4. Development of Components of Variance 
Models for Median Rents 

4.1 Effect of the Number of Bedrooms 

As described in section 2, HUD requires 
estimates of median rents for different 
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size units but employs sample estimates 
for only the two-bedroom units to repre- 
sent subnational variation among domains. 
The apparent implicit assumption of the 
method is that the relationship between 
median rents for two-bedroom units and 
units of each of the other sizes is cap- 
tured by the corresponding national ratio. 
For example, in table 2, the 1983 AHS-NS 
indicates that, among units meeting all 
criteria, the median for two-bedroom units 
is approximately 19 percent larger than 
for one-bedroom units. 

Since table 1 indicates that one- and 
two-bedroom units are the most numerous 
sizes available for the comparison, table 

the medians for different sizes may 
reflect more than the relative marginal 
cost of additional space. For example, it 
is possible that in the New York SMSA the 
smaller units may be particularly concen- 
trated among more "up-scale" or newer 
buildings, with many of the larger units 
remaining in the housing stock concen- 
trated in less expensive areas. In other 
areas, for example those SMSAs experien- 
cing rapid growth, there may not be such 
comparable hidden factors differentiating 
the smaller units, and, indeed, market 
conditions may place a particularly high 
premium on larger units. 

The apparent spirit behind the FMR 
3 presents related evidence on the con- determination reflects an attempt to mea- 
stancy of proportional relationships from sure the cost of a rental unit of average 
two different sources. The thirteen SMSAs quality. Possibly, use of national fac- 
included in the 1983 AHS-MS are compared, tors may better serve this purpose than an 
The first column presents the ratio of attempt to account more precisely for 
median gross rents for two-bedroom rela- local variation. Hence, HUD will need to 
tive to one-bedroom units for all con- weigh the relative merits of moreprecise 
tract-rent units from the 1980 census for estimates of median rents reflecting local 
these SMSAs. These ratios do not reflect variation by size against the possibility 
the exclusions of units for the current 
criteria applied in determining the FMRs 
from AHS. The SMSAs have been ordered by 
increasing values of the ratios in the 
first column, although the order in a few 
cases rests on the third decimal point and 
may not be statistically significant, in 
spite of the large sample sizes in the 
census. The census medians are also 
interpolated from interval estimates, 

that application of national ratios may 
provide a more uniform measure of average 
quality. 

From the point of view of small domain 
estimation, however, the importance of 
table 3 is clear. The 1983 results indi- 
cate that relationships from the 1980 cen- 
sus are indeed predictive for current pat- 
terns, and deserve to be incorporated in 
the model. A specific form for the rela- 

i.e., rental units were tabulated by tionship will be chosen for discussion in 
intervals of gross rent, e.g., $400-499, the next sections, but full analyses of 
and the median interpolated by assuming a the data available from the other years of 
distribution within the interval contain- the AHS-MS is clearly warranted in order 
ing the sample median. In spite of these to select the most appropriate form of the 
caveats, the census results indicate sub- model. 
stantial variation in the ratios of 
medians among the different SMSAs. 4.2 Models with Fixed Local Effects 

The second column of table 3 presents 
the ratios of sample medians obtained from The sample size of the AHS-MS generally 
the 1983 AHS-MS. The medians used in com- supports separate analyses for each SMSA/ 
puting the ratios are exact, that is, cal- MSA. Hence, although estimators that 
culated from the sample without interpola- smooth across small domains are possible, 
tion, for units meeting the FMR criteria, as a matter of practicality a fixed 
Sampling variance accounts for a more sub- effects model appears the most simple and 
stantial proportion of the variation in appropriate for the AHS-MS. Because of 
this column than the first. Nonetheless, the dominant role of the median for two- 
clear evidence of a persistence of pattern bedroom units, it is sensible to express 
emerges from the comparison of the two the fixed local effect as the expected 
columns. Figure 2 displays a plot of the median for two-bedroom units meeting the 
same information. In areas such as the FMR criteria. 
New York SMSA, a comparatively low ratio The recurrent use of ratios throughout 
of median rents observed in the census the preceding discussion suggests that an 
reappears in the 1983 AHS-MS. Many other appropriate expression of the model is in 
SMSAs with high 1980 census ratios con- terms of log-medians. With this reexpres- 
tinue to reflect these differences from sion, proportional relationships become 
the national average in 1983, even after additive factors. 
application of the FMR criteria. The sug- In this form, the model is that the 
gested slope appears possibly less than true log-median, in(Y2(i)), for two- 
1.0, perhaps 0.7 to 0.8. In other words, bedroom units meeting the standard for 
the 1983 values may display some regres- domain i is a fixed effect, b(i ) . A pos- 
sion toward the mean relative to the 1980 sible model for the true log-median, 
values, in (yk, ~, ) for a unit in size-class k, 

The implications of table 3 and figure k=0,i~3~4, is given by 
2 are not necessarily welcome from the 
perspectives of policy. Differences among 
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in(Yk(i) ) = b(i ) + b k + b*Xk(i) + ak(i) 

(4.1) 

where b k denotes a fixed effect for size- 
class k, Xk(i) represents the difference 
of log-mediahs from the census for size- 
class k relative to two-bedroom units, and 
ak(i) represents a random effect. This 
model is expressed in such a way that b = 
0, with the remaining bk'S measuring d~f- 
ferentials with respect to two-bedroom 
units. We also have x2(i) = 0 and a2(i) = 
0. More precisely, 

Xk(i) = in(cmedk(i)/cmed2(i)), 

where cmedk(i~ represents the census 
median for class k in area i. Figure 2 
suggests a value of b* less than 1.0, per- 
haps 0.7 to 0.8 or so. 

Even though the median for two-bedroom 
units meeting the criteria is represented 
by a corresponding fixed effect in the 
preceding model, b(i), application of 
(3.4) and (3.5) will generally produce an 
estimate different from the direct sample 
estimate. If (4.1) had instead been fully 
expressed in terms of fixed effects, e.g., 
if each random effect ak(i) were replaced 
by a fixed effect, b k(i), then (3.4) and 
(3.5) would reproduce'the sample estimate. 
When the model is in the form (4.1), (3.4) 
and (3.5) employ sample information about 
the estimation of medians for units of 
other sizes in the same domain to the 
estimation of in(Y2($) ). 

Different strategles are possible for 
the estimation of (4.1). The model as 
presented makes the most sense for a 
single year of the AHS-MS. Derivation of 
an appropriate form for A and its estima- 
tion would tend to favor examination of 
data for several years, however. Addi- 
tionally, it may be appropriate to further 
generalize (4.1) by permitting the coeffi- 
cient b* to depend on k, giving a series 
of coefficients b'k, again favoring con- 
current estimation for a series of years. 
In generalizing across years, however, it 
may be necessary to allow some of the 
fixed effects to depend on year. 

A simple model worth trying as a first 
step would be application of (4.1) to one- 
and three-bedroom units meeting the crite- 
ria. A further possible expansion of the 
model would be to incorporate the esti- 
mates for one-, two-, and three-bedroom 
units for relatively recent movers (i.e., 
within the preceding three to five years) 
as three additional components of the 
model for each domain, thus doubling the 
length of ¥. In principle, the model 
could be further elaborated; in practice, 
concerns for estimating sampling variance 
for cells with small samples combined with 
possible failures of the model in such 
instances argues for placing limitations 
on the scope of the model. Depending on 
the relative sizes of D and A, the gains 
for the SMSA estimates for two-bedroom 

units could be as large as an effective 
tripling of the sample size or instead 
possibly relatively modest. Even if the 
gains for two-bedroom units were small, 
the model could produce more effective 
differentials by size of unit if this were 
a reasonable objective for purposes of 
HUD. 

4.3 Models with Random Local Effects 

Except for the SMSAs/MSAs included in 
the AHS-MS, HUD now employs only regional 
relationships in estimation of FMRs. In 
effect, this approach completely smooths 
over any information about local variation 
available from the 1980 census or the 
AHS-NS. Avoidance of direct use of census 
data presumably reflects a concern by HUD 
that the global measures provided by the 
census do not incorporate the distinctions 
represented by the FMR criteria applied to 
the AHS. Avoidance of the use of local 
data from the AHS-NS presumably stems from 
the small sample sizes, particularly for 
two-bedroom units treated separately. 

Models with random local effects are 
more appropriate than models with fixed 
local effects in instances when there is 
too little sample data to employ any dom- 
ain-level sample estimate directly. One 
simple model with local random effects is 
of the form: 

In(Yk(i)) = b, k + b*'kcmedk(i) + a'k(i) 

(4.2) 

where b' k now represents a fixed effect 
for size class k, cmedk(i) the census log- 
median for this size class in the local 

! area, and a k(i) a random effect. In this 
model, the values of coefficients, includ- 
ing a'k(i), are not forced to 0 at k=2, 
unlike (4. ~) . This model could be used to 
form, through (3.4) and (3.5), composite 
estimates for areas not covered by the 
AHS-MS. Actual application may depend on 
the fit of the census data to the AHS 
sample. 

Another possible application of a ran- 
dom effects model would be to attempt to 
use data from the AHS-NS to update SMSAs/ 
MSAs for which separate components of 
change were not available from the Con- 
sumer Price Index. In this instance, the 
random effects would indicate differen- 
tials between local change and regional 
change. 

1 This paper reports the general results 
of research undertaken by Census Bureau 
staff. The views expressed are attribut- 
able to the author and do not necessarily 
reflect those of the Census Bureau. The 
author wishes to thank Michael J. Roebuck 
for helpful comments on an earlier draft. 
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Table 1 Preliminary Counts of Rental Units in the 1983 
American Housing Survey - National Sample 

Meets criteria 
Public housing or 
unknown status 
New unit 
Substandard 
Tenant 2-5 years 
Tenant more than 
5 years 

Bedrooms 
0 1 2 3 4+ Total 

199 2180 3196 1526 352 7453 

88 864 852 434 83 2321 
4 104 167 47 3 325 

219 699 1084 529 116 2647 
80 878 1273 566 87 2884 

73 813 1069 433 66 2454 

Note: Based on preliminary application of HUD definitions. See 
text for explanations 
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Table 2 Preliminary Estimates of Median Gross Rent from the 
1983 American Housing Survey - National Sample 

Bedrooms 
0 1 2 3 4+ 

Meets criteria $275 305 364 450 520 
Public housing or 
unknown status 104 138 217 216 235 
New 
unit 335 370 447 537 818 
Substandard 160 231 280 308 313 
Tenant 2-5 years 255 310 353 412 525 
Tenant more than 
5 years 251 275 315 330 372 

Note: Based on preliminary application of HUD definitions. See 
text for explanations. 

Table 3 Comparison of 1980 Census and 1983 AHS-MS 
Ratios of Gross Rent, for Two- vs. One-Bedroom Units 

1980 Census 1983 AHS-MS 
SMSA Ratio Ratio 

New York i.i0 i.ii 
Honolulu 1.15 1.16 
Chicago 1.16 1.19 
Houston 1.18 1.26 
Baltimore 1.23 1.26 
Hartford 1.24 1.19 
Miami 1.24 1.31 
Louisville 1.29 1.33 
Portland 1.31 1.24 
St. Louis 1.32 1.35 
Sacramento 1.33 1.28 
Seattle 1.34 1.27 
Denver-Boulder 1.36 1.33 

Note: SMSAs are ranked by increasing values of ratios, although 
not all differences in the ranking are necessarily statistically 
significant. The 1980 medians are based on all units with contract 
rent; the 1983 AHS medians are for units meeting the FMR definition 
of HUD. 

16 



F i g u r e  1 P r e l i m i n a r y  E s t i m a t e s  o f  M e d i a n  G r o s s  Ren t  f r o m  the  

1983 A m e r i c a n  H o u s i n g  S u r v e y  - Na t i ona l  S a m p l e  

j s 

J 
J 

J 
J 

J j J  

j j J J  

_.  ~ . . - . : o - - _ -  . . . . . . . . . . .  
...... _.. ° . . .  ° . . -  - --.- ° - " "  " " "  " " "  

, • , , 

0 t 2 3 4+  

No. of Bedrooms 

Status Meets criteria Pub housing/DK New unit 
. . . . . .  Substandard . . . . . . . .  Tenant 2 - 5  years Tenant 5 -  years 

Note: Based on preliminary application of HUD definitions. Sea text for explanations. 

r 
1.2 

t 
| 
o 

F igu re  2 C o m p a r i s o n  o f  Rat ios  of  2 -  to  1 - B e d r o o m  Uni ts  

1980 C e n s u s  vs. 1983 A H S - M S  

I | | III 
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