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ABSTRACT 
 

The National Agricultural Statistics Service (NASS) is increasingly using variants of Poisson sampling to select samples for its 
farm surveys.   Selection probabilities for a particular survey are determined using (ideally) either Brewer or Maximal Brewer 
selection, depending on the number of variables of interest to the survey.  In these schemes, farm populations within states are 
unstratified, and each farm is given its own selection probability.  When prudently combined with calibration, the random nature 
of Poisson sampling has a negligible affect on an estimator’s mean squared error.  In order to limit the number of times an 
individual farm is enumerated for a NASS survey, the author has proposed the Agency use sequential-interval-Poisson (SIP) 
sampling across its many surveys.  SIP sampling avoids the potentially difficult step of computing a farm’s conditional selection 
probability for a new survey given its target (unconditional) selection probability for that survey and its selection status in previous 
surveys.  
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1.  INTRODUCTION 
 

The National Agricultural Statistics Service (NASS) conducts a large variety of surveys covering more or less the same 
population of US farms.  This paper will describe a method being developed at NASS for coordinating the selection of 
survey samples to control the number of times individual elements in the population are chosen.  
 
NASS is increasingly using a variant of maximal Brewer selection (MBS), known internally as “multivariate pps” or 
“mpps” selection, to draw the sample for particular surveys.   To explain MBS selection, we need some notation.  
Suppose one has a survey designed to estimate summary statistics for K items.  Let yik be the kth item of interest for 
element (farm) i in population U, and xik be a known (before sampling) item-k measure of size for element i.   The set 
{xik} are referred to as control values.  
 
Under MBS, the selection probability for element i has the form:  
 
                                                                           πi = maxk {nkxik

g(k)/ ΣU xjk
g(k)},                                                            (1) 

 
where the nk are predetermined constants.   The theory behind equation (1) derives from the model:  
 
                                                                                  yik = xikβk + εik,                                                                           (2)  
 
where E(εik | xik) = E(εik, εjk | xik, xjk) = 0  for i≠j, and E(εik

2 | xik) ∝  xik
2g(k)  for each target item k.  See Kott and Bailey 

(2000) for the details.  
 
There are (at least) two ways to draw an MBS sample.  The first way is with systematic “pps” sampling,  where πi  is the 
measure of size,  and 1 is the  sampling interval.   Under this design, the sample size, n,  is exactly n* = ΣU πi when n* is  
an integer.  Otherwise, n is one of the two integers closest to n*.  The list from which the systematic pps sample is drawn 
can be ordered to assure (or come close to assuring)  sample-size requirements are reached for certain types of farms, 
such as those growing a rare commodity, say onions.  

                                                 
1 Phillip S. Kott, National Agricultural Statistics Service, 3251 Old Lee Highway, Room 305, Fairfax, VA 22030, 
pkott@nass.usda.gov  

Statistics Canada International Symposium Series - Proceedings, 2003
___________________________________________________________________________________________________________

 

Statistics Canada - Catalogue no. 11-522-XIE

________________________________________________________________________________________________________

2



The second way to draw an MBS sample is with Poisson Sampling.  Under Poisson sampling, n is a random variable with 
E(n) = ΣU πi , and Var(n) =ΣU πi(1−πi).     
 
In surveys where NASS uses MBS, the sampling weights, {wi, i ∈  S) are calibrated on all the control variables, that is,  
ΣS wixik = ΣU xik for all k, where S denotes the sample.  Under the model,  

 
                                                                              yik = Σg xigβg + εi ,                                                                            (3) 
 
where E(εi |{xjg}) = E(εi εi’|{xjg}) =  0 for  i≠i’,  the anticipated mean squared errors for tk = ΣS wixik  are the same under  
either design (again, see Kott and Bailey, 2000).  The model in equation (3) is a bit more general than that in equation  
(2).  
 
Section 2 describes a method for minimizing element-selection overlap across two MBS samples.    Section 3 introduces 
sequential-interval-Poisson (SIP) sampling.   Although more limited than the method in Section 2, it generalizes simply 
when there are more than two samples to be coordinated, as is often the case in practice.  Section 4 addresses 
coordinating a new sample with independently drawn previous samples.  Section 5 provides some discussion.     
 
 

2.  A TWO-SAMPLE FRAMEWORK 
 

Suppose we are interested in drawing samples for two surveys,  A and  B, from the same population U.  We have target 
unconditional selection probabilities (determined using a formula like equation (1)) for each element in U, πA and πB, for 
Survey A and B,  respectively.   We suppress the indicator of the element for convenience.  It is permissible for πA or πB 
to be zero.  Effectively, the populations from which the samples for A and B do not have to strictly coincide − one can 
contain elements not in the other.  Nevertheless, the elements have to be defined in a compatible manner.   
  
Given a sample drawn for Survey A (called “Sample A”) with the prescribed selection probabilities, how can one draw a 
sample for Survey B that minimizes element overlap across the two samples?   Focusing on a particular element in the 
population, we can do the following: 
 
If πA + πB ≤ 1, and the element is in Sample A,  

then do not choose it for Sample B.   
If πA + πB ≤ 1, and the element is not in Sample A,  

then choose it for Sample B with conditional probability  
AB|

p  =πB /(1−πA). 

If πA + πB > 1, and the element is in Sample A,  
then choose it for Sample B with conditional probability  pB|A = (πA + πB − 1)/πA.   

If πA + πB > 1, and the element is not in Sample A,  
then choose it for Sample B with certainty. 

 
Observe that if πA + πB ≤ 1, then the element can only be chosen for Sample A or Sample B, but not both.  Moreover, the 
unconditional probability of the element being in Sample B is (1 − πA) × 

A|B
p  = πB.  If  πA + πB > 1, then it is impossible 

to assure that the element will not be in both samples.   Observe that the unconditional probability the element is in 
Sample B is  πB = πA  × pB|A + (1 − πA) × 

A|B
p .  With this equality in mind, when πA + πB > 1, one minimizes pB|A  by 

setting 
A|B

p  as high as it can be set, which is 1. 

 
The technique used to draw Sample B with the conditional probabilities described above is up to the sampler.   In the 
next section, a method will be introduced that uses Poisson sampling for both surveys.  The rewards for accepting  this 
limitation will be explained.  
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3.  SEQUENTIAL INTERVAL POISSON 
 
A popular method of Poisson sampling begins by randomly assigning each element in the population a permanent random 
number, r,  from the uniform distribution on the unit interval [0, 1).  The element is selected for Sample A (say) if and 
only if  r < πA.  Using this method for Sample A, we draw a sequential-interval-Poisson (SIP) sample for Survey B that is 
consistent with the overlap-minimizing method of the last section in the following manner: 
 
If  πA + πB ≤ 1, then select the element for Sample B when (and only when)  r ∈  [πA,  πA + πB) 
If  πA + πB > 1, then select the element for Sample B when r ∈  [πA, 1)  or  r <  πA + πB −1 
 
Figure 1 represents the first condition.   When πA + πB ≤ 1, if r is less than πA, then the element is selected for  Sample A. 
 If r is greater than or equal to πA but less than πB, then the element is selected for  Sample B.  If r is greater than πB, then 
the  element is not selected for either sample.  The “sampling interval” for  A is [0, πA), which has a length of πA.  The 
interval for Sample B is [πA,  πA + πB), which has a length of πB. 
 

Figure 1: SIP When πA + πB ≤ 1 
 

[−−πA−−)[−−πB−−−)    ) 
0                                  1                                                

  
Figure 2 represents the second condition.   If  πA + πB > 1, then the  interval for Sample A is as in Figure 1.  The interval 
for Sample B extends from πA to 1 and then “wraps around” [0, 1) to include the area from 0 to  πA + πB −1 as well. 
 

Figure 2: SIP When πA + πB > 1 
 

[−−πA−−)[ −−−−−−πB−−)[−−−−)                           ) 
0                                     1         ↑  
                                       0    πA+πB−1                   1 

 
Observe that SIP sampling does not require one to compute conditional selection probabilities.   This greatly simplified 
matters when one needs to coordinate more than two surveys.  Consider, for example, the four surveys in Figure 3.   As 
depicted, πA + πB > 1, but πA + πB + πC + πD ≤ 2.  This means that the element need be in no more than two samples.   It is 
easy to see that if r <  πA + πB −1, then the element will be in Samples A and B.   If r ≥ πA + πB −1, and r < πA, then the 
element will be in Samples A and C.  If r ≥ πA  and r < πA + πB + πC  −1, then the element will be in Samples B and C.  If  
 r ≥ πA + πB + πC  −1 and r < πA + πB + πC + πD −1, then the element will be in samples B and D.  Finally, if r ≥ πA + πB + 
πC + πD −1, then the element will be in Sample B only.   
 

Figure 3: SIP With Four Surveys 
 

[−−πA−−)[ −−−−−−πB−−)[−−πC−−)[−πD−) 
 

[                                  )[                                  ) 
0                                 10                                 1 

 
 

4.  PSEUDO SIP 
 
One question that has come up at NASS is whether a new MBS sample can be coordinated with previously drawn ones.   
Suppose we have  Q  independently drawn  samples (denoted 1, ..., Q), which we want to coordinate with a new MBS 
sample, B.  We can call the union of all the previous samples A.   Concentrating again on a particular element  and 
suppressing its identity from the notation,  note that   πA  =  1 − (1 − π1) × (1 − π2) × ...  × (1 − πQ).  A “pseudo-SIP” 
sampling procedure follows.      
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For simplicity we assume πA ≠ 1.  Observe that if πA were 1, then the element must have been a certainty selection for at 
least one of the previously drawn samples.  We can remove those samples from A.  After doing that (if necessary), choose 
ρ randomly from the uniform distribution on  [0 , 1).   If the element is in Sample A, assign it the permanent random 
number r = ρπA.  Otherwise, assign it  r = ρ(1 − πA).  Conduct SIP for Sample B starting at πA.  Figure 1 again applies.  
 
 

5.  DISCUSSION 
 
Ohlsson (1995) describes a number of ways to coordinate samples using permanent random numbers.  The major 
distinction between those methods and SIP is that the former deals with stratified populations. Although the strata 
definitions can vary from sample to sample, each element in a stratum has the same sampling interval with respect to the 
sample being drawn.  By contrast, SIP was designed for use with MBS samples having no stratum identifiers.  Moreover, 
the sampling intervals for an element in the population  are both sample and element specific.  
 
It was pointed out in Section 2 that πA can be zero.  Consequently,  it is a simple matter for SIP to handle “births”; that is, 
elements added to the population after one (or more) samples have been selected.   The sampler  simply pretends that 
such a element was always in the population with a selection probability of zero for samples drawn before it was born.   
For example, in the two-sample case, a birth occurring after Sample A has been drawn is assigned a permanent random 
number, r, and selected for Sample B if and only if r < πB.  
 
SIP may be employed to coordinate surveys across years, but there is a problem when information gathered from one 
survey is used to update the control values of another coordinated with it.  To see why, consider again the two sample 
case focusing on a particular element of the population.   The interval [πA, πA + πB) in Figure 1 only represents the 
probability the element in selected for Sample B before we know whether it was chosen for A.  Thus, information from 
Survey A can not be used to update the control values governing the computation of πB. 
 
There is a limited way out of this restriction if the sampler only uses information about an element from a previous survey 
to update its own selection probability.  This is possible with Poisson sampling since element selection probabilities are 
independent.  Consider the situation in Figure 3.  Information from Survey A can not be used to update πB or πC without 
SIP selection affecting the true unconditional selection probabilities.  The information from A can be used to update πD.  
Once the sampler has wrapped around the unit interval for a element, information gathered from the sample associated 
with that pass through the unit interval can be used to update the unconditional element selection probability for a new 
sample.   
 
Allowing the element selection probabilities for a particular sample to be based on a varying sets of control values − 
some using a few updated controls, others not − moves us away from the pure MBS sampling in equation (1).  The goal 
becomes one of drawing reasonably efficient samples in a statistically defensible manner than limits the burden on 
potential respondents.  With this in mind, one may want to consider adjusting  the g(k) values in equation (1) (set by 
NASS at 3/4 based on the recommendation of Brewer) downward.  The smaller these values, the less likely a particular 
element will be in more than one sample.   More research is need on the sensitivity of mean squared errors to the size of 
the g(k).  
 
Finally, observe that Poisson samples advocated here simplify randomization-based mean-squared-error (mse) estimation. 
Pure  randomization-based mse estimation can be misleading with Poisson sampling, however.  See Kott (2000).  
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