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Mark Thomas Seiss 

 

ABSTRACT 

 

The research presented in this dissertation touches on all aspects of survey methodology, from 

questionnaire design to final estimation.  We first approach the questionnaire development stage 

by proposing a method of developing matrix sampling designs, a design where a subset of 

questions are administered to a respondent in such a way that the administered questions are 

predictive of the omitted questions.  The proposed methodology compares favorably to previous 

methods when applied to data collected from a household survey conducted in the Nampula 

province of Mozambique.  We approach the data collection stage by proposing a structured 

procedure of implementing small-scale surveys in such a way that non-sampling error attributed 

to data collection is minimized.  This proposed methodology requires the inclusion of the 

statistician in the data editing process during data collection.  We implemented the structured 

procedure during the collection of household survey data in the city of Maputo, the capital of 

Mozambique.  We found indications that the data resulting from the structured procedure is of 

higher quality than the data with no editing.  Finally, we approach the estimation phase of sample 

surveys by proposing a model-based approach to the estimation of the mean squared error 

associated with synthetic (indirect) estimates.  Previous methodology aggregates estimates for 

stability, while our proposed methodology allows area-specific estimates.  We applied the 

proposed mean squared error estimation methodology and methods found during literature 

review to simulated data and estimates from 2010 Census Coverage Measurement (CCM).  We 
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found that our proposed mean squared error estimation methodology compares favorably to the 

previous methods, while allowing for area-specific estimates. 
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CHAPTER 1:  INTRODUCTION 
 

1. Overview 
 

Sample surveys are widely used to provide estimates of population quantities such as totals and 

means.  Many countries have set up centralized statistical agencies that collect statistical 

information about the state of the nation.  This important statistical information includes national 

characteristics such as the demography, agriculture, labor force, health and living conditions, and 

trade.  Government agencies increasingly use these results to formulate policies and allocate 

government funds.  Sardanal et al. (1992) attributes much of the developments in sample survey 

methodology to government statistical offices. 

 

The use of sample surveys has also extended to the academic and private business sectors.  

Private sector businesses have increasingly used the results of surveys to influence business 

decisions.  Rao (2003) explains that this use by private sector businesses is attributed to their 

heavy reliance on local conditions.  The academic sector uses sample surveys in many research 

areas.  The statistical collaborators at the Laboratory of Interdisciplinary Statistical Analysis 

(LISA) at Virginia Tech have worked with sample survey data collected by graduate students 

and faculty from a large range of disciplines, including education, engineering, public and 

international affairs, and agriculture. 

 

Due to this increased reliance on sample survey data, the quality of the data collected from these 

surveys and the estimates produced from them have increased in importance.  The research 

presented in this dissertation proposes methodology that seeks to improve the quality of the 
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collected data and estimates produced.  This proposed methodology relates to all facets of 

sample surveys, from questionnaire design to data collection to the evaluation of estimates.  

 

2. Organization of Dissertation 
 

The larger acceptance of survey methodology has led to increasingly larger surveys with the 

need for more detailed data.  With this increase in length, increased burden due to the increased 

time of application is placed on the respondent and enumerator, which may lead to higher rates 

of non-response, higher rates of premature termination, and inaccurate responses.  The increased 

length of the survey also results in higher financial costs.  One solution to the increased length of 

surveys is called a matrix sampling design, also known as a split questionnaire design, where 

respondents are only administered a subset of the questions from the questionnaire.  The idea 

behind these designs is that the questions are administered to the respondents in such a way that 

the collected information is predictive of the information not collected in the omitted questions.  

In Chapter 2, Stochastic Search Variable Selection Application to Matrix Sampling, we apply a 

variation of Stochastic Search Variable Selection (SSVS) to design matrix samples.  

   

Developments in mobile computing have given researchers increased capabilities in the field of 

data collection.  One of these capabilities is computer-assisted personal interviewing (CAPI) 

where the collected data is instantaneously accessible for analysis.  De Waal (2011) states that 

the main advantage of CAPI is the ability to start the data editing process during data collection 

by informing the surveyor of possible errors as they are collected.  In many situations though, the 

software necessary to implement this real-time editing is not available.  In Chapter 3, The 

Importance of Cleaning Data During Fieldwork:  Evidence from Mozambique, we propose data 
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editing procedures that seek to achieve many of the benefits of real-time editing in spite of the 

limitations of the software.  These proposed procedures require the involvement of statisticians 

in all aspects of the survey process, rather than just the post processing phase.  This total 

involvement has the added benefit of producing a statistician with subject matter expertise, rather 

than only a specialist in data analysis. 

 

In previous years, policy makers and researchers were content with nationwide estimates of 

quantities of interest that result from surveys.  In recent years, there has been an increased need 

for estimates of specific domains, or sub-populations defined by divisions such as geography or 

demographics (Rao 2003).  In some cases, these sub-populations may contain very little or no 

sample.  In keeping with common usage, we refer to these small domains with little or no sample 

as small areas.  Synthetic estimation, also known as indirect estimation, is often used by 

researchers to provide reliable estimates for small areas.  These reliable estimates are achieved 

by “borrowing” sample from other areas included in the data.  Synthetic estimation is conducted 

under the synthetic assumption, or the assumption that there is no variation in the quantities of 

interest for areas with similar characteristics.  This assumption is violated when areas exhibit 

strong area-specific effects not captured by the model that produced the synthetic estimates.  The 

potential error that is introduced by the violation of the synthetic assumption is known as 

synthetic estimation error.   

 

Previous methods have viewed synthetic estimation error as fixed and a bias.  The mean squared 

error (MSE) of the synthetic estimate is then the sum of the sampling variance of the synthetic 

estimate and the squared synthetic bias.  In cases where the synthetic estimates pool data across a 
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large number of areas, the sampling variance of the synthetic estimate may be small, and the 

squared synthetic bias component may dominate the MSE.  As Rao (2003) notes, while the 

estimates of the sampling variance of synthetic estimates are readily obtained, the squared 

synthetic bias component is more difficult to estimate.  Since estimates of synthetic estimation 

error are generally unstable, these previous methods provide aggregate estimates over groups of 

areas and assume constancy within the groups.  In some cases, there is the need for area-specific 

measures of synthetic bias.  One of these instances was the release of estimates within states, 

counties, and places of the U.S. during the 2010 Census Coverage Measurement (CCM) by the 

US Census Bureau.  During previous coverage evaluations, the US Census Bureau only 

estimated the variance of these synthetic estimates, but area-specific estimates of synthetic bias 

were also released during the 2010 CCM.  In Chapter 4, Model Based Approach to Synthetic 

Bias Estimation, we propose model-based methodology of producing area-specific measures of 

synthetic bias. 

 

Chapter 5 provides a discussion of the important results of the preceding three chapters.  

Included in this chapter are recommendations for future work that build upon the presented 

research. 
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CHAPTER 2:  IMPROVED MATRIX SAMPLING DESIGNS USING A 

BAYESIAN VARIABLE SELECTION APPROACH 
 
 

Chapter 2 Abstract 
 

In recent years, the demand for quantitative data from surveys has grown as researchers and 

policymakers require more information to make informed decisions.  With the increased demand, 

the length of the survey and time to administer it have also increased, imposing increased burden 

on both the respondent and the enumerator, which leads to higher rates of non-response and 

premature termination.  Matrix sampling designs are a solution to these problems by 

administering a subset of the survey questions to each respondent in a manner such that the 

applied questions are predictive of omitted questions.  Imputation methods, such as multiple 

imputation, can then be used to impute values for the omitted questions.  The imputation of 

missing values resulting from a matrix sampling design is preferable to that of non-response or 

premature termination, since the missing data mechanism is known.  This manuscript proposes 

an application of Stochastic Search Variable Selection (SVSS) as an improved method of 

creating matrix sampling designs.  Our method is applicable to all types of variables and requires 

less pre-specification than previous methods.  We applied our methodology to simulations based 

on household survey data collected in the Nampula province of Mozambique.  These simulations 

have led to two prominent conclusions.  First, we find that our proposed method generally 

performs better than previous methods.  Second, the multiply imputed data resulting from our 

matrix sampling designs generally produces higher quality data than the application of the full 

survey to a smaller number of respondents.  These improvements come in addition to the 

reduction in surveyor and enumerator burden that results from shorter surveys. 
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1. Introduction 
 

Researchers in many fields administer surveys to subsets of the population, identified through 

probability sampling, to collect data representative of the entire population.  In recent years, the 

use of surveys has increased enormously as policy makers have increased their demand for 

quantitative data to influence policymaking (Rao 2003).  As this demand for quantitative data 

has increased, the lengths of the questionnaires and the time and cost to administer them have 

increased.  Adams and Gale (1982) and Berdie (1989) showed that longer questionnaires result 

in decreased data quality due to increased respondent and enumerator burden and higher rates of 

non-response and premature termination.  A fatigued respondent or enumerator introduces non-

sampling error in the collected data reducing the precision of the survey estimates (Thomas et al. 

2006).   

 

One remedy to the increasing costs and burden on the respondent and enumerator is to 

implement a matrix sampling design, also known as split questionnaire design.  Under this 

design, the enumerators administer a subset of the questionnaire questions to the respondents.  

The decrease in the total number of questions administered to each respondent should decrease 

the burden on the respondent and enumerator and reduce the rates of non-response and premature 

termination that are associated with longer questionnaires.  As Raghunathan and Grizzle (1995) 

and Thomas et al. (2006) note, the missingness assigned with matrix sampling designs is Missing 

at Random (MAR) or Missing Completely at Random (MCAR), since the missing data 

mechanism is known.  The missing data mechanism of matrix sampling designs is preferable to 

that of either non-response or premature termination, in which the post-survey data analyses 
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require unverifiable assumptions about the missing data mechanism (Raghunathan and Grizzle 

1995). 

 

A good matrix sampling design selects questions to be included for a given respondent such that 

the collected data are predictive of the uncollected data associated with the omitted questions 

(Thomas et al. 2006).  Using the collected data, researchers can impute values for the uncollected 

data, and minimize the efficiency lost from not asking the omitted questions.  Multiple 

imputation (Rubin 2009) is well-suited for this situation (Thomas et al. 2006).  We use a multiple 

imputation method called chained regression equations (Raghunathan et al. 2001).  Other 

multiple imputation methods include Markov Chain Monte Carlo (Schafer 1997), propensity 

scoring (Rosenbaum and Rubin 1983), and predictive mean matching (Little 1988).   

 

In the development of matrix sampling designs, we partition survey questions into core and split 

questions, adopting the terminology used in Thomas et al. (2006).  Each matrix sampling design 

contains all core questions and a subset of split questions.  The variables created from the core 

and split questions will be referred to as core and split variables.  Researchers classify questions 

as core questions for two reasons.  First, the researcher requires the information obtained by the 

question from every respondent.  Second, the variable created from the information obtained by 

the question is a strong predictor of many other variables, and the inclusion of the question 

improves the prediction for many split questions.  Split questions are important to the goals of 

the study, but the information collected by the question is not required from every respondent.  

The information not obtained from the respondent due to the omission of split questions can be 

regained by predicting the values using data from the administered core and split questions.   
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In practice, a training sample must be available to determine which set of variables are predictive 

of each other, since the matrix sampling designs are determined prior to data collection.  One 

could use data from a survey that is similar to the current survey as the training sample.  Another 

option would be to administer the complete survey to a subset of the sample during the initial 

implementation of the survey.  For example, if one were to create a matrix sampling design for a 

survey related to water use in Mozambique, he or she could use previously obtained data from a 

similar study in Senegal or Kenya to create the matrix sampling design.  One could also 

administer the whole survey for the first week and use the collected data to create the matrix 

sampling design for the remainder of the survey. 

 

The following manuscript proposes new methodology that improves previous matrix sampling 

methodology by implementing a Bayesian variable selection technique.  Previous methodology 

requires pre-specification of the way that we partition split variables for the assignment of 

questions to respondents.  This pre-specification may not allow for the optimal assignment, 

which recovers the most information about the omitted questions when multiple imputation is 

used.  Our methodology is less restrictive than these previous methods, allowing for the optimal 

assignment based on the training data set.   

 

We will simulate survey implementations using data collected from a household survey 

administered in the Nampula province of Mozambique.  These simulations will first show that 

our proposed methodology outperforms previous methodology.  Second, the simulations will 

show that the multiply imputed data resulting from a matrix sampling design using our proposed 

methodology is better (based on root mean squared error) than administering the full 
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questionnaire to a smaller number of respondents.  This improvement over the full questionnaire 

does not include the reduction in surveyor and enumerator burden that results from shorter 

surveys.  Based on the research by Adams and Gale (1982) and Berdie (1989), we would expect 

further improvement in the outcomes associated with matrix sampling designs due to this 

reduction.  These findings suggest that researchers would collect higher quality data by using 

matrix sampling designs, and our proposed methodology should be the methodology used for 

allocation of questions. 

 

We outline the manuscript as follows.  Section 2 describes multiple imputation methods and their 

application in this research.  Section 3 describes previous research found during literature 

review.  In Section 4, we propose a new method of assigning matrix sampling designs.  Section 5 

applies the proposed methodology and a method found during literature review to the simulated 

household data.  Section 6 discusses conclusions that were drawn from the research. 

 

2. Multiple Imputation 
 

With survey data, missing values are common due to non-response (Rubin 1996).  Many 

standard statistical procedures only perform analysis on complete case data, or observations 

without missing values.  These procedures ignore observations with missing values, which may 

contain important information.  In the case that there are systematic differences between 

complete cases and incomplete cases, the inferences resulting from analyzing only complete 

cases may not be valid for the complete dataset of both observed and missing values (Little 

1988). 
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Another approach for handling data with missing values is to impute a single value.  After 

imputation, a complete dataset is created with no missing values, and standard statistical 

procedures may be used to analyze all respondents.  The missing data model accounts for 

possible systematic differences between complete and incomplete cases, but treats the missing 

values as known quantities.  The imputed values from the missing data model have uncertainty 

associated with them, which is not taken into account by single imputation methods.  Rubin 

(1987) shows that single imputation biases the variances associated with the estimated 

parameters toward zero. 

 

Rubin (1987) proposed multiple imputation, an alternate procedure for dealing with missing 

values that is motivated by both Bayesian and Frequentist paradigms.  Under the Bayesian 

paradigm, missing values are unknown quantities, which are estimated using posterior predictive 

distributions.  By imputing a sampled value from the posterior predictive distribution of each 

missing value, we create a single complete dataset, or dataset with all observations and no 

missing values.  Sampling from the posterior predictive distributions is repeated multiple times 

to produce multiple complete datasets.  Each of the complete datasets is then analyzed using 

standard statistical procedures, which may include Frequentist methods.  The results from the 

analysis of each complete dataset are combined to make valid inferences that properly reflect the 

possible differences between complete and missing observations and the uncertainty involved 

with the imputation of the missing data.  Rubin (1987) showed that even in extreme cases of 

missing values in datasets, no more than 5 complete datasets are needed for efficient estimates 

and standard errors. 
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The research presented in this manuscript utilizes multiple imputation to deal with missing 

values resulting from matrix sampling designs using the R statistical software (RDC Team 2009) 

and its MICE package (Buuren and Groothuis-Oudshoorn 2011).  Van Buuren and Groothuis-

Oudshoorn (2011) provides examples of applying the functions in this package to survey data 

with missing values.  The mice function in the MICE package performs multiple imputation for 

data containing missing values.  The function uses a technique called chained equations, in 

which a univariate imputation model is specified for each variable in the dataset.  The algorithm 

begins by imputing missing values with initial values, which may or may not be specified by the 

user.  For each variable, the specified univariate model is fit to observed values of the given 

variable conditioned on the observed and imputed values of the other variables.  The mice 

function contains multiple built-in univariate models, but also allows user-defined univariate 

models.  The fitted model is then used to estimate the unobserved values and replace the initial 

imputed values.  The algorithm sequentially and repeatedly imputes each variable in this manner 

for a user-specified number of iterations (default is 5).  The user should analyze the output from 

the mice function to determine whether enough iterations were specified for convergence to be 

reached. 

 

The mice function allows the user to specify the number of imputed data sets to be created 

(default is 5).  The function executes a stream of chained equations for each imputed data set in 

parallel, and outputs the values of the final iteration for each stream.  The MICE package 

contains functions that pool together the multiply imputed data sets in the manner suggested by 

Rubin (1987).  See Raghunathan et al. (2001) for more detailed information on chained 
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regression equations and Appendix B for an example.  See Buuren and Groothuis-Oudshoorn 

(2011) for more detailed information on the MICE package and its functions.  

 

3. Previous Methodology 
 

Dating back to the 1950’s, the earliest applications of matrix sampling involve research in the 

education field.  These early applications involved administering a subset of test items to each 

examinee.  Hooke (1956) and Lord (1960) derived equations that approximate the distribution of 

examinee test scores that would have been generated had all examinees been administered all 

questions.  Shoemaker (1973) summarized previous work that developed statistical procedures 

for estimation based on matrix sampling designs and outlined a procedure for implementation.  

 

Navarro and Griffin (1993) conducted research leading up to the 2000 Decennial Census, 

determining whether the application of a matrix sampling design was a viable alternative to 

administering the full long form questionnaire to a sample of households.  For the 2000 

Decennial Census, the Census Bureau increased the length of the long form questionnaire to 

meet the demand for more detailed household information.  The goal of the research was two- 

fold.  The first goal was to maintain the level of reliability of the 1990 Census, while collecting 

additional information.  The authors measured the reliability of sample estimates by the 

coefficient of variation.  The second goal was the reduction of respondent burden from the 1990 

Census, thus improving response rates and data quality.  Respondent burden was crudely 

measured as the average number of questions administered to the population, reported as a 

percentage of the number of questions administered during the 1990 Census.  For example, one 

of the matrix sampling designs specified three matrix sampling forms, each administered to 6.7% 
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of the population.  Two of the forms contained 48 questions, while the third contained 36 

questions.  The respondent burden for this matrix sampling design was 8.84 (0.067(36+48+48)) 

and 9.35 (0.167(56)) for the 1990 Census (the long form sampling rate in 1990 was 16.7%).  The 

respondent burden of the matrix sampling design was 95% of the 1990 Census burden.  

 

The research compared five different matrix sampling designs, assigned based on varying the 

number of questions administered and the sampling fraction.  The assignment of variables was 

not based on any type of analysis of the relationship between the variables; simply whether they 

were asked in the same section.  The authors concluded that the data based on the five matrix 

sampling designs provided reliable estimates for small area estimation and, in all but one of the 

designs, reduced respondent burden.  In the future work section, Navarro and Griffin (1993) 

included the use of correlation analysis for the creation of matrix sampling designs.   

 

Raghunathan and Grizzle (1995) generated matrix sampling designs based on correlation 

analysis using data from the Cancer Risk Behaviour Survey questionnaire.  The authors 

determined that multiple imputation methods only perform better than complete case methods in 

terms of efficiency when strong correlations between split variables are present.  While there 

may not be an increase in efficiency, the authors suggested that multiple imputation methods 

may still be preferable, due to the limitations that using only observed data may have on data 

analysis. 

 

For more information on the history of matrix sampling and a review of previous applications, 

see Gonzalez and Eltinge (2007).  
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Thomas et al. (2006) developed an index that measures the efficiency recovered by multiply 

imputing a given split variable using information from another split variable rather than using 

only observed values.  The index compares this recovered efficiency to a baseline measure, the 

efficiency gained by using the complete dataset (dataset with all values observed) rather than the 

incomplete dataset (dataset with missing values).  For core variables X and split variables Yj and 

Yj`, Thomas et al. (2006) defines the index for Yj given X and Yj` as the following. 

 

 (        )  
       

         
                                                                      (1) 

 

where,  

 

      
 (  )

      
 = Variance of Yj  using the complete dataset 

    
 (  )

    
 = Variance of Yj using the incomplete dataset 

     = Variance between multiply imputed datasets 

               = Variance of Yj using the multiply imputed dataset  

                 = Total number of records in the complete dataset; equal to the sum of the number of 

observed records and the number of missing records. 

 

The index takes on values between 0 and 1, where 1 indicates that X and Yj` perfectly predict Yj 

(VMI=VCOMP) and 0 when X and Yj` are no improvement over the no imputation estimator 

(VNI=VMI).  The higher the index value, the better the predictor that split item Yj` is of Yj.   

 

Schafer and Schenker (2000) derived an approximation of the variance between multiply 

imputed datasets for continuous and binary variables.  Thomas et al. (2006) approximate the 

variance of Yj (V(Yj)) using a training dataset, such as data from a similar survey or an initial 

implementation of the survey.   
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Using their index, Thomas et al. (2006) develops an algorithm to assign split variables to blocks.  

Blocks, in this case, refers to groups of variables, which are selected as a group to be observed 

for a given respondent.  The resulting questionnaire administered to the respondent is a random 

selection of blocks of variables.  The authors define four goals for the assignment of split 

variables to these blocks. 

 

1. Assign each split variable to a single block 

2. Assign an approximately equal number of split variables to each block 

3. Assign logically linked items to the same block (skip items) 

4. Assign one or more items to each block that predicts items omitted from the block. 

 

The authors define a criterion to evaluate how well a given assignment of variables achieves 

these four goals and a simple algorithm for achieving an approximately optimal assignment. 

 

Thomas et al. (2006) applies this index and assignment algorithm to data from the National 

Health and Nutrition Examination Survey (NHANES).  The authors used NHANES II data as the 

training dataset to calculate the index between split variables and assign variables to blocks.  The 

resulting matrix sampling design was applied to NHANES III data with simulated missing data 

and imputation using multiple imputation.  The findings include large losses in efficiency by 

using matrix sampling designs rather than administering the entire questionnaire.  These findings 

were in contrast to the findings in publications up to that point, such as Raghunathan and Grizzle 

(1995), which recovered much of the information lost.  Thomas et al. (2006) discusses how this 

emphasizes the importance of having variables that are strong predictors of each other. 
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4. Bayesian Variable Selection Approach to Matrix Sampling 
 

Stochastic Search Variable Selection (SSVS) is a Bayesian model formulation originally 

developed in George and McCulloch (1993), used as a variable selection tool for covariates in a 

regression model.  Unlike Bayesian model selection, which includes variables based on the 

model drawn from a probability distribution, SSVS includes all covariates in the model, but 

specifies the prior distribution of the regression coefficients to be a mixture of two normal 

distributions.  If a variable is selected as a strong predictor of the response variable, the prior 

distribution of the corresponding regression coefficient is non-informative, assigning relatively 

equal weight to all possible values a priori.  Otherwise, if the variable is not selected as a strong 

predictor, the prior distribution is peaked at zero, concentrating the prior weight around zero.  

The resulting posterior draws for the regression coefficients for variables not included in the 

model will therefore be relatively equal to zero.  We will use a variation of SSVS to identify 

mutually exclusive groups of variables that are strong predictors of one another and create a 

matrix sampling design based on these groupings. 

 

The following sections describe a modified version of the SSVS model formulation that will be 

applied to assign variables for matrix sampling designs.  Section 4.1 introduces the notation that 

will be used in the description of the methodology.  Section 4.2 describes the assumed sampling 

distribution of the data.  Bayesian estimation was used to estimate unknown parameters in the 

sampling distribution.  Section 4.3 describes the prior distributions specified for these unknown 

parameters.  Section 4.4 outlines the sampling of these parameters using the Metropolis-Hastings 

algorithm.  Section 4.5 describes the use of cluster analysis to assign variables to groups based 

on the posterior distributions produced by the Metropolis-Hastings algorithm.  Section 4.6 
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describes how the results from the cluster analysis will be used to implement the matrix sampling 

design. 

 

4.1 Parameters 

 

Table 2.1 defines the notation used to represent the observed data, parameters, and indices in the 

model formulation proposed in this section. 

 
Table 2.1:  Definition and Notation of Statistical Quantities 

Statistical Quantity Notation Dimension Description 

Indices 

Observation I N Index indicating questionnaire respondent 

Split Variable J J Index indicating split variable number 

Core Variable K K Index indicating core variable number 

Observed Data 

Matrix of Split 

Variables 

Y NxJ Matrix containing the J split variables that may or may not be selected for a given questionnaire. 

Matrix of Core 

Variables 

X Nx(K+1) Matrix containing the K core variables selected for every questionnaire and a vector of ones. 

Parameters 

Core Variable 

Regression 

Coefficients 

  (K+1)xJ Matrix containing J columns of K+1 regression coefficients corresponding to the intercept and 

each core variable.  The jth column contains the K+1 regression coefficients corresponding to the 

intercept and core variables for the model fitting the jth split variable.  

Split Variable 
Regression 

Coefficients 

   (J-1)xJ Matrix containing J columns of J-1 regression coefficients corresponding to the split variables 
(omitting the split variable used as the response variable).  The jth column contains the J-1 

regression coefficients corresponding to the split variables (omitting the jth split variable) for the 

model fitting the jth split variable. 

Normal Likelihood 
Variance 

   Jcontx1 Variance term of the normal likelihood for continuous split variables, where Jcont is the total 
number of continuous split variables. 

Group Assignment 

Matrix 
  JxJ Matrix of indicator variables, where the ijth entry specifies that the ith and jth split variables are 

assigned to the same group.  

Group Assignment 
Probability 

  JxJ Matrix containing the probabilities of the inclusion of one variable in the same group as another, 
where the ijth entry represents the probability that the ith and jth split variables are assigned to the 

same group. 

 

 

 

4.2 Likelihood 

 

Prior to any analysis, all continuous split variables were centered and scaled.  We specify the 

following likelihood for continuous and binary variables.  Nominal variables were factor coded 

into L-1 binary variables.  Let Y-j denote the matrix of all split variables with the exception of Yj. 
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Continuous Variables:                 (            
 )                                (2) 

Binary Variables:                 (   (         ))                            (3) 

 

The probit regression model specified for binary variables makes use of the following latent 

variable formulation of the Bernoulli likelihood proposed in Albert and Chib (1993).  

Augmenting the data with the latent variable allows the user to apply Gibb’s Sampling to the 

regression coefficients in a manner similar to those used for normal linear models. 

 

 (        )  ∏ [      
          

(     )]       (               )            (4) 

 

4.3 Prior Distributions 

 

For Bayesian estimation, prior distributions were specified for unknown parameters.  The 

following describes these prior distributions. 

 

Split Variable Regression Coefficients 

The prior specification of the regression coefficients corresponding to the split variables is the 

following mixture of multivariate normal variables.   

 

          (      )      (      
 )            (      

     
 )                      (5) 

 

When the split variable    is selected to be grouped with split variable j, the prior distribution of 

     is assigned to be a diffuse prior with     
  specified to be large.  On the other hand, if split 
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variable    and split variable   are assigned to different groups, the prior distribution is 

concentrated around zero with variance     
  specified to be small. 

 

George and McCulloch (1993) suggested looking at the ratio of the variance of the least squares 

regression parameter (     [    ]) to the value of     
 .  A large value of this ratio would possibly 

group variables together that are not strong predictors of one another.  A small value of this ratio 

would possibility do the opposite, assigning variables that are strong predictors of each other to 

opposite groups.  The parameter     
  should be specified such that it is large enough to support 

values not equal to 0, but not so large that unrealistic values are supported.  The authors suggest 

that these parameters be treated as tuning constants for the sampling algorithm. 

 

Core Variable Regression Coefficients 

The prior specification of the regression coefficients corresponding to the core variables is the 

same as the split variables, with the exception that all core variables will be assumed to be 

assigned to the same group as all split variables.  Under this assumption, all core variables are 

assigned a non-informative prior distribution. 

 

          (     
    

 )                                                      (6) 

 

Normal Variance Term 

The normal variance term   
  was specified with a diffuse prior, as follows. 

 

  
               (   )                                                 (7) 



 

21 

 

Group Assignment Matrix 

Each element of the matrix   is a binary number determining which variables are assigned to the 

same group.  A priori, each element of   is independently specified to have a Bernoulli 

distribution with probability parameter equal to the corresponding element of α. 

 

              (    )                                                        (8) 

 

The prior distribution of     , the probability that variable j is assigned to the same group as 

variable j’, was specified to have a non-informative Beta distribution. 

 

         (   )                                                                 (9) 

 

4.4 Estimation  

 

We used the Metropolis algorithm to generate posterior distributions of the unknown parameters 

in the above model specification.  Tables 2.2 and 2.3 describe the sampling of each unknown 

parameter for continuous and binary variables respectively.  Recall that nominal variables are 

factor coded into L-1 binary variables, where L is the number of categories. 
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Table 2.2:  Conditional Posterior Distributions for Continuous Variables 
Parameter Sampling 

Method 

Sampling Formula 

Group Assignment 

( ) 

Metropolis Proposal:   ( ) 

PDF:  ∏ ∏      [(      )      (           
 )            (           

     
 )]         (         )    

Core Variable 
Regression 

Coeffiients (θ) 

Gibbs 
Sampling          (

 

  
(
 

  
       )

  

     (
 

  
       )

  

)                  (   
    

 ) 

Split Variable 

Regression 
Coeffiients (β) 

Gibbs 

Sampling          (
 

  
(
 

  
   

        )

  

   
    (

 

  
   

        )

  

) 

                ((      )    
          

     
 ) 

Normal Likelihood 
Variance (φ) 

Gibbs 
Sampling                 (   

 

 
    

 

 
(            )

 
(            )) 

 

Group Assignment 

Probability( ) 
Gibbs 

Sampling 
         (             (      )   ) 

 

 

 
Table 2.3:  Conditional Posterior Distributions for Binary Variables 

Parameter Sampling 

Method 

Sampling Formula 

Group Assignment 

( ) 

Metropolis Proposal:   ( ) 

PDF:  ∏ ∏      [(      )      (           
 )            (           

     
 )]         (         )    

Latent Variable (z)  Gibbs 

Sampling 
                

      (               ) 

                
      (               ) 

Core Variable 
Regression 

Coeffiients (θ) 

Gibbs 
Sampling 

         ((       )       ( 
      )  )                 (   

    
 ) 

Split Variable 

Regression 
Coeffiients (β) 

Gibbs 

Sampling 
         ((   

        )
  

   
    (   

        )
  

) 

                ((      )    
          

     
 ) 

Group Assignment 

Probability( ) 
Gibbs 
Sampling 

         (             (      )   ) 

 

The function F(Δ) represents the proposed value for the matrix Δ given the previous value.  F 

changes the previous value of   in two ways to obtain the new proposed value.  First, the 

function will add, subtract, or leave the number of groups unchanged.  The probability of each 

operation was tuned for each application to obtain an acceptance rate of approximately 23%, as 

suggested in Gelman et al. (2003).  If adding a group is randomly selected, one of the previous 

groups of variables is randomly split into two groups, with no restriction on the size of the two 

new groups.  If subtracting a group is randomly selected, two of the previous groups of variables 

are randomly selected to be combined.  If the number of groups is randomly selected to remain 

unchanged, no change is made to the previous group assignments. 
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The second operation that F performs on the previous group assignment matrix is to randomly 

shuffle split variables.  During this operation, each split variable is randomly selected to either 

remain in its current group, or be randomly assigned to a different group.  All split variables 

selected to be reassigned are shuffled into a new order and placed in the corresponding group.  

For example, suppose variables 1, 5, and 10 are selected to be reassigned from the current group 

assignment of 1 and 5 to group 1 and 10 to group 2.  Assume the order is reshuffled to 5, 10, and 

1.  The new assignment would now be variables 5 and 10 to group 1 and variable 1 to group 2. 

 

4.5 Cluster Analysis 

 

The goal of our proposed matrix sampling design methodology is to assign variables to 

homogenous groups, or groups of variables that are predictive of one another.  The posterior 

distribution of the probability matrix α was used to assign split variables to these groups.  The 

sampled values of each element of α represent the posterior distribution of the probability that 

the j
th

 and j`
th

 variables are assigned to the same group.  The means of these posterior 

distributions (mean(α|X,Y)) were used for the assignment of split variables to groups. 

 

We used agglomerative hierarchical clustering algorithm to create groups of predictive split 

variables.  Massert and Kaufman (1983) gives a summary of agglomerative hierarchical 

clustering.  Being a square matrix with the number of rows and columns equal to the number of 

split variables that we would like to cluster, the matrix 1- mean(α|X,Y) can be used as the 

distance matrix in this algorithm.  If split variable j and split variable j` are good predictors of 

one another and should be clustered together, the jj`
th

 element of 1- mean(α|X,Y) should be close 

to zero (mean(α|X,Y) close to one).  On the other hand, if split variable j and split variable j` are 
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poor predictors of one another and should not be clustered together, the jj`
th

 element of 1- 

mean(α|X,Y) should be close to one (mean(α|X,Y) close to zero).  Thus, the elements of 1- 

mean(α|X,Y) are small for split variables that should be clustered together, and large for split 

variables that should be in separate groups. 

 

The matrix 1- mean(α|X,Y) meets the three required properties to be used as a distance matrix.  

 

Positivity:  Since the values of α are probabilities between zero and one, the elements of 

the matrix 1- mean(α|X,Y) are positive values.   

Symmetry:  By definition, the matrices Δ and α are symmetric, thus 1- mean(α|X,Y) is 

symmetric. 

Triangle Inequality:  See Appendix A for proof that this property holds for the matrix 1- 

mean(α|X,Y). 

 

The hierarchical clustering algorithm starts with all variables as their own cluster and iteratively 

combines clusters based on their proximity to one another until only one cluster remains.  There 

are options when determining the proximity between clusters.  We specified that Ward’s method 

be used, where the proximity of two clusters is defined by the increase in squared error that 

results from merging them.  See Ward (1963) for more information about Ward’s method and 

Tan et al. (2006) for more information related to hierarchical clustering algorithms in general.   

 

The results of hierarchical clustering are commonly summarized in a graphical display called a 

dendrogram.  In the case of agglomerative hierarchical clustering, the dendrogram summarizes 
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the order in which clusters are merged together.  Tan et al. (2006) discusses different metrics 

used to determine the correct number of clusters (or groups) to specify.  For this research, we 

selected the number of clusters by visual inspection of the dendrogram.  Hierarchical clustering 

was implemented using the hclust function in the STATS package of the R programming 

language (RDC Team 2009).   

 

4.6 Matrix Sampling Design Implementation 

 

The SSVS matrix sampling method assigns variables to homogenous groups.  As previously 

stated, a good matrix sampling design ensures that variables associated with questions 

administered to the respondent are predictive of the variables associated with the questions not 

administered.  To achieve this objective, we create matrix sampling designs from the SSVS 

matrix sampling variable assignments by randomly sampling variables within each group and 

administering the associated questions.   

 

For example, assume our questionnaire contained four questions and we would like to administer 

only two questions to each respondent.  Also assume that the SSVS matrix sampling method 

assigned two groups:  variables 1 and 2 in group 1 and variables 3 and 4 in group 2.  Based on 

these results, we create matrix sampling designs by randomly selecting one variable from 

variables 1 and 2 and one variable from variables 3 and 4.  This sampling method ensures that 

whenever the questions associated with question 2 are omitted from the questionnaire, the 

questions associated with question 1 are administered.  Similarly, the values from either variable 

3 or 4 are collected from every respondent. 
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5. Application to the Nampula Household Survey Data 
 

The research presented in this manuscript seeks to develop an improved procedure for creating 

matrix sampling designs.  While many of the methods mentioned in Section 3 are only applicable 

to continuous variables, we require methodology that handles both continuous and categorical 

variables.  For this reason, we compare our proposed methodology to the method proposed in 

Thomas et al. (2006), a recently developed method that handles both types of variables. 

 

We applied the methodology proposed in Thomas et al. (2006) and our proposed methodology to 

data from a household survey administered in the Nampula province of Mozambique.  Section 

5.1 describes the survey data file and the variables selected from it to be included in the research.  

Section 5.2 compares the proposed methodology to the method proposed in Thomas et al. 

(2006).  Section 5.3 compares simulations of survey data collected using our proposed 

methodology to simulations of complete survey data with a smaller sample size. 

 

5.1 Data File and Variables 

 

The research file derived from the Nampula household survey contained 22 variables (described 

below in Table 2.4) and 765 observations.  The 765 observations were selected from the 

approximately 1,600 household respondents.  These selected observations were records with 

observed values for all 22 of the selected variables.  The 22 selected variables were those that 

were prominent in the presentations of results in the months following the Nampula household 

survey.  Of the 22 selected variables, we classify two as core variables and the other 20 as split 

variables.  Both core variables were categorical variables and are represented as such in the 

regression models.  The 20 split variables contain 16 continuous variables (assumed to have a 
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normal distribution), 3 binary variables (assumed to have a Bernoulli distribution), and 1 

nominal variable.  The nominal variable was factor-coded into multiple binary variables.  We 

centered and scaled all continuous variables prior to analysis. 

 

Table 2.4:  Nampula Baseline Survey Research File Variables 
Split 

Variable  
Number 

Variable Description 

Core Variables 

 District One of six districts sampled from in the province of Nampula.  Either 

6 or 12 communities were sampled from each district. 

 Respondent Gender Gender of the household respondent. 

Continuous Split Variables 

1 Wet Liters Per Capita Per Day (LPCD) Liters of water used by the household per person per day during the 

wet season. 

2 Dry Liters Per Capita Per Day (LPCD) Liters of water used by the household per person per day during the 

dry season. 

3 Percent Wet Water LPCD Protected Sources  Percent of water during the wet season obtained from protected 
sources. 

4 Percent Dry Water LPCD Protected Sources  Percent of water during the dry season obtained from protected 

sources. 

5 Wet Typical Volume Carried by Persons Typical liters of water carried by a household member during a trip to 
a water source during the wet season. 

6 Dry Typical Volume Carried by Persons Typical liters of water carried by a household member during a trip to 

a water source during the dry season. 

7 Hungry Months Number of months during a given year the household is not satisfied 

with the amount of food obtained. 

8 Average Number of Times Washing Hands Average number of times the respondent washes hands during a 

given week. 

9 Expenditures Per Person Household expenditures per person per month. 

10 Remittances Per Person Amount of money given to the household per person per month from 

either relatives or non-relatives. 

11 Time Cost of Illness Total time spent traveling to and from the medical facility during the 

most recent trip. 

12 Monetary Cost of Illness Total cost of visiting the medical facility during the most recent trip. 

13 Average Number of Times Washing Hands 

with Soap 

Average number of times the respondent washes hands with soap 

during a given week. 

14 Walk Time to Primary Source Total time to walk to and from the primary source of water for the 
household. 

15 Wet Season Wait Time at Primary Source  Time waiting to obtain water at the primary source of the household 

during the wet season. 

16 Dry Season Wait Time at Primary Source Time waiting to obtain water at the primary source of the household 
during the dry season. 

Binary Split Variables 

17 Community Participation Indicator of attending at least 1 community meeting. 

18 Latrine Indicator of the presence of a latrine at the household. 

19 Enough Water for Daily Activities Indicator of the whether the household is satisfied with the amount of 

water fetched for daily activities. 

Nominal Split Variables 

20 Water Interference with School (5 Categories) Variable indicating how much water fetching interferes with 

children’s school attendance. 
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5.2. Matrix Sampling Design Simulation Results 

 

In the Section 1, we discussed two ways in practice to create matrix sampling designs:  use data 

from a similar survey or administer the entire questionnaire during an initial implementation of 

the survey.  For this simulation, we took the second approach and selected the first two districts 

to be the initial implementation.  Of the 765 total observations on the research file, 258 were 

collected in these two districts.  The Thomas et al. (2006) and our proposed matrix sampling 

methods were applied to complete data from these two districts to create matrix sampling 

designs.  For the Thomas et al. (2006) method, variables were assigned to four blocks, each 

containing five variables.  The group assignments for the SSVS matrix sampling method were 

determined by visual analysis of the cluster dendrogram, provided in Figure 2.1.  This visual 

analysis yielded five groups:  four with two variables each and one with the remaining twelve 

variables.   

 

 

Figure 2.1:  Matrix Sampling Clustering of Variables 

 

 

Table 2.5 provides the assignment of variables to groups or blocks for the two methods.   
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Table 2.5:  Variable Group Assignment 
Matrix Sampling 

Group 1 Group 2 Group 3 Group 4 Group 5 

1 2 7 9 10 14 15 16 17 18 19 20 3 4 5 6 8 13 11 12 

Wet LPCD Wet Season Wait Time Percent Wet 
LPCD Protected 

Sources 

Wet 
Volume 

Carried 

Number Times 
Washing Hands 

Time Cost of 
Illness Dry LPCD Dry Season Wait Time 

Hungry Months Community Participation Percent Dry 

LPCD Protected 
Sources 

Dry 

Volume 
Carried 

Number Times 

Washing Hands 
with Soap 

Monetary 

Cost of 
Illness 

Expenditure Per Person Latrine 

Remittances Per Person Enough Water for Daily 

Activities 

Walk Time to Primary Source Water Interference with School 

Thomas et al. (2006) 

Block 1 Block 2 Block 3 Block 4 

1 3 9 11 15 2 7 12 16 19 4 6 8 10 17 5 13 14 18 20 

Wet LPCD Dry LPCD Percent Dry LPCD Protected Sources Wet Volume Carried 

Percent Wet LPCD 

Protected Sources 

Hungry Months Dry Volume Carried Number Times Washing Hands with Soap 

Remittances Per Person Monetary Cost of Illness Number Times Washing Hands Walk Time to Primary Source 

Time Cost of Illness Dry Season Wait Time Remittances Per Person Latrine 

Wet Season Wait Time Enough Water for Daily 

Activities 

Community Participation Water Interference with School 

 

 

 

Based on the two matrix sampling designs, we simulated missing data in the remaining four 

districts.  The missing percentage for this simulation was set to be 50%, or ten of the twenty 

variables.  For the Thomas et al. (2006) method, two of the four blocks were randomly selected 

for each questionnaire, and all variables contained in the two selected blocks were set to missing.  

For the SSVS matrix sampling method, half of the variables within each group were selected at 

random to be set to missing for each questionnaire.  For comparison purposes, we also provide a 

third method, a random assignment of variables to be missing without group assignments.   

 

We used multiple imputation with chained regression equations, described in Section 2, to 

impute values for the missing data.  All 765 records on the Nampula household survey research 

file were input into the multiple imputation procedure.  The 258 complete case records were 

included with the 507 records with missing values.  The chained regression equations method 

specifies a univariate regression model for each variable with missing data (all split variables in 

this case) and iteratively imputes the missing values for a set number of iterations.  Each of these 
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univariate imputation models includes all other variables as covariates, as suggested in Rubin 

(1996).  The default methods identified by the mice function for each type of variable were used 

for the imputation.  For continuous variables, predictive mean matching (Little 1988) was the 

default method.  Logistic regression and multinomial logistic regression models were specified 

for categorical binary variables and nominal variables respectively.  Multiple imputation requires 

that several complete datasets be created in the same manner.  Rubin (1996) states, through 

theory and experience, that five imputations are adequate when the percentage of missing data is 

not large.   

 

For each matrix sampling design, we repeated the above simulated missing values and 

imputation procedure for 1,000 replications of random missingness.  The imputed values vary for 

each realization of random missingness created from the matrix sampling design.  We compared 

the multiply imputed datasets resulting from the matrix sampling designs to the dataset of true 

values (the 765 complete records) in two ways.   

 

The first way compares the variable means resulting from the multiply imputed datasets to the 

true variable means from the complete dataset.  The variable means from the five multiply 

imputed datasets were averaged to produce the estimated variable means for the given replication 

of missingness.  We compared the estimated variable means to the true variable means using the 

Root Mean Squared Error (RMSE) statistic, or the square root of the squared error loss averaged 

over the 1,000 replications.  Table 2.6 provides the RMSE of the variable means estimated by 

each of the three methods.  We also report the squared bias and variance of the variables mean 

estimates as percentages of the RMSE. 
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Table 2.6:  RMSE of Variable Mean Estimates and Its Components 
Variable Number SSVS Matrix Sampling Thomas et al. (2006) Random Sampling 

RMSE MSE Components RMSE MSE Components RMSE MSE Components 

% Bias2 % Variance % Bias2 % Variance % Bias2 % Variance 

RMSE Values x10-2 

1 2.68 60% 40% 2.85 62% 38% 2.51 50% 38% 

2 1.83 6% 94% 1.82 9% 91% 1.86 3% 91% 

3 1.87 0% 100% 1.87 12% 88% 1.95 7% 88% 

4 2.11 9% 91% 1.76 0% 100% 1.88 1% 100% 

5 0.97 59% 41% 1.77 75% 25% 2.42 79% 25% 

6 1.00 55% 45% 1.13 45% 55% 1.86 65% 55% 

7 3.71 48% 52% 3.70 46% 54% 3.80 50% 54% 

8 3.44 25% 75% 3.67 41% 59% 3.52 33% 59% 

9 2.81 1% 99% 2.82 4% 96% 2.81 1% 96% 

10 5.69 78% 22% 5.87 79% 21% 5.64 77% 21% 

11 2.31 82% 18% 2.61 82% 18% 2.84 82% 18% 

12 2.12 19% 81% 2.49 38% 62% 2.85 46% 62% 

13 2.84 7% 93% 3.05 23% 77% 2.59 0% 77% 

14 2.73 7% 93% 2.70 5% 95% 2.51 5% 95% 

15 2.45 1% 99% 2.42 0% 100% 2.46 2% 100% 

16 2.63 11% 89% 2.60 12% 88% 2.74 14% 88% 

Continuous Variable Average 2.57 27% 73% 2.68 31% 69% 2.78 31% 69% 

17 2.03 65% 35% 2.06 65% 35% 1.97 62% 35% 

18 2.55 81% 19% 2.77 84% 16% 2.60 83% 16% 

19 1.19 6% 94% 1.15 0% 100% 1.23 3% 100% 

20-1 0.96 65% 35% 1.05 64% 36% 1.03 66% 36% 

20-2 0.94 6% 94% 0.91 1% 99% 0.94 4% 99% 

20-3 1.24 0% 100% 1.34 9% 91% 1.25 0% 91% 

20-4 1.32 25% 75% 1.44 39% 61% 1.26 28% 61% 

20-5 0.98 1% 99% 0.95 7% 93% 0.95 0% 93% 

Categorical Variable Average 1.40 31% 69% 1.46 34% 66% 1.40 31% 66% 

 

Table 2.6 shows that the SSVS matrix sampling method produces the best overall results in terms 

of RMSE for continuous variables.  The SSVS method produces equivalent results to random 

sampling for categorical variables, both of which perform slightly better than the Thomas et al. 

(2006) method.  For all three methods, the variance component generally constitutes a larger 

percentage of the mean squared error than the squared bias component.  Figure 2.2 provides 

boxplots that compare the squared bias and variance components of the variable mean estimates 

for the three methods over continuous and categorical variables. 

 

 

 



 

32 

 

Continuous Variables Categorical Variables 

    
Figure 2.2:  Comparison of the Squared Bias and Variance of the Three Methods 

 

 

 

For continuous variables, Figure 2.2 shows that while the variance of the variable mean estimates 

are generally equivalent for the three methods, the SSVS matrix sampling method produces 

variable mean estimates with generally lower squared bias values in comparison to the Thomas 

et al. (2006) and random sampling methods, resulting in a lower RMSE.  For categorical 

variables, Figure 2.2 shows that three methods produce variable mean estimates similar 

variances, but the SSVS and random sampling methods produce variable mean estimates with 

slightly lower squared bias values. 

 

For the second evaluation, we compare the unit level means over the multiply imputed datasets 

to the true values of the complete data set.  Each variable value for each respondent was 

averaged over the five multiply imputed datasets to produce an imputed data set for the given 

replication of missingness.  In practice, this imputed data set would be the final data set in which 

researchers would conduct data analysis.  This evaluation will quantify the difference between 

the final data produced by each matrix sampling design method and the true values of the 

complete data set. 
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We used different loss functions for the continuous variables and categorical variables.  For 

continuous variables, the RMSE, or the squared root of the squared error loss averaged over 

respondents, was used.  For categorical variables, we used the misclassification rate.  Only 

variable values that were simulated to be missing were used in the calculation of these loss 

functions.  Table 2.7 provides the average value of these loss functions over the 1,000 

replications of missingness for each of the three matrix sampling design methods. 

 

Table 2.7:  Loss Function of Individual Variable Values 

Variable Number SSVS Matrix Sampling Thomas et al. (2006) Random Sampling 

Continuous Variables (Mean Squared Error) 

1 0.81 0.80 0.86 

2 0.74 0.75 0.89 

3 0.57 0.79 0.99 

4 0.60 0.82 1.01 

5 0.05 0.29 0.48 

6 0.05 0.28 0.48 

7 1.80 1.79 1.81 

8 1.67 1.77 1.81 

9 1.78 1.74 1.80 

10 2.28 2.29 2.28 

11 0.57 0.74 0.85 

12 1.25 1.43 1.61 

13 1.56 1.74 1.70 

14 1.74 1.77 1.76 

15 1.74 1.70 1.75 

16 1.74 1.71 1.76 

MSE Average 1.19 1.28 1.37 

Categorical  Variables (Misclassification Rate) 

17 0.42 0.42 0.42 

18 0.35 0.36 0.35 

19 0.35 0.35 0.37 

20 0.67 0.68 0.68 

MR Average 0.45 0.45 0.45 

 

 

 

Table 2.7 shows that, in terms of the loss functions defined, the SSVS matrix sampling method 

produces the best estimates of variables values at the respondent level for continuous variables, 

all three methods produce similar results for categorical variables.  The improvement in the loss 

functions can be attributed to the variables that the SSVS matrix sampling method identified as 
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having another highly predictive variable in the dataset.  These identified variables were 

variables 3, 4, 5, 6, 8, 11, 12, and 13. 

 

5.3 Comparison of Matrix Sampling to Full Questionnaire 

 

The following section seeks to determine the usefulness of our proposed matrix sampling design 

when applied to a household survey.  One of the advantages of using the SSVS matrix sampling 

approach is the increased number of questionnaires that can be administered due to the decreased 

time to administer a questionnaire.  If the SSVS matrix sampling approach was not used, all 

questions would be administered to a given respondent, but we would administer the 

questionnaire to a smaller number of households.   

 

For the analysis provided in this section, we compare the results of the SSVS matrix sampling 

approach with all respondents observed to the results of a full questionnaire with a smaller 

sample size.  Similar to the analysis done in Section 5.2, the first two districts (258 observations) 

were selected to be fully observed with no missing data.  We applied the SSVS matrix sampling 

method to the data from these two districts to create a matrix sampling design.   

 

We simulated the data in the remaining four districts (507 observations) to have missing data.  

We applied the SSVS matrix sampling design with half of the questions asked to all of the 

households in the four districts.  These results were compared to a stratified random sampling of 

half of the households in each of the four districts, with the entire questionnaire administered to 

each sampled household.  The resulting variable mean estimates were calculated and compared 

to true means using the RMSE statistic.  Each method was applied to the data for 1,000 
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replications of missingness.  Table 2.8 provides the RMSE of the mean estimates produced by 

the SSVS matrix sampling and half sample methods compared to the true values derived from 

the complete dataset.  The table also provides the percentages of the mean squared error that its 

components, the squared bias and variance, constitute. 

 

Table 2.8:  RMSE of Variable Mean Estimates and Its Components 
Variable Number SSVS Matrix Sampling Half Sample 

RMSE MSE Components RMSE MSE Components 

% Bias2 % Variance % Bias2 % Variance 

RMSE Values x10-2 

1 2.68 60% 40% 3.22 0% 100% 

2 1.83 6% 94% 2.98 0% 100% 

3 1.87 0% 100% 2.91 0% 100% 

4 2.11 9% 91% 2.93 0% 100% 

5 0.97 59% 41% 3.01 0% 100% 

6 1.00 55% 45% 3.03 0% 100% 

7 3.71 48% 52% 2.95 0% 100% 

8 3.44 25% 75% 2.97 0% 100% 

9 2.81 1% 99% 2.55 0% 100% 

10 5.69 78% 22% 2.69 0% 100% 

11 2.31 82% 18% 3.36 0% 100% 

12 2.12 19% 81% 3.64 0% 100% 

13 2.84 7% 93% 3.02 0% 100% 

14 2.73 7% 93% 2.84 0% 100% 

15 2.45 1% 99% 2.83 0% 100% 

16 2.63 11% 89% 2.71 0% 100% 

Continuous Variable Average 2.57 27% 73% 2.98 0% 100% 

17 2.03 65% 35% 1.40 0% 100% 

18 2.55 81% 19% 1.24 0% 100% 

19 1.19 6% 94% 1.37 0% 100% 

20-1 0.96 65% 35% 0.64 0% 100% 

20-2 0.94 6% 94% 0.90 0% 100% 

20-3 1.24 0% 100% 1.40 0% 100% 

20-4 1.32 25% 75% 1.22 0% 100% 

20-5 0.98 1% 99% 1.13 0% 100% 

Categorical Variable Average 1.40 31% 69% 1.16 0% 100% 

 

 

 

As expected with stratified random sampling, the bias of the half sample method is nearly equal 

to zero.  For continuous variables, the SSVS matrix sampling approach produces variable mean 

estimates with RMSE values that are generally lower than those from the half sample method.  In 

particular, these lower RMSE values coincide with variables that the SSVS matrix sampling 

method identified as having another highly predictive variable in the data set (Variables 3, 4, 5, 

6, 8, 11, 12, and 13).  For categorical variables, the half sample method generally produced better 
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results than the SSVS matrix sampling approach.  Figure 2.3 provides boxplots that compare the 

squared bias and variance components of the variable mean estimates for both methods over 

continuous and categorical variables. 

 
Continuous Variables Categorical Variables 

    
 

Figure 2.3:  Comparison of the Squared Bias and Variance of the Two Methods 

 

 

The half sample method produces mean estimates that are relatively unbiased.  The larger sample 

size resulting from the SSVS matrix sampling method allows for mean estimates with smaller 

variability for both continuous and categorical variables.  The difference in the variance is 

substantial for continuous variables, resulting in generally lower RMSE values associated with 

the SSVS method.  The difference in variance is not as large for categorical variables, resulting 

in generally lower RMSE values associated with the half sample method.  

 

To show the practical implications of these findings, look at variables eleven and twelve, time 

cost and monetary costs of illness, in terms of their unstandardized values (recall that all previous 

results are provided in terms of the standardized variables).  The true mean of these variables are 

1.34 hours and 5.53 Meticais, respectively.  Figure 2.4 provides boxplots of the 1,000 replicate 
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variable means produced by the SSVS matrix sampling and half sample methods.  Note that the 

horizontal lines plot the true variable mean values.  

Time Cost of Illness Monetary Cost of Illness 

  
 

Figure 2.4:  Unstandardized Mean Estimates of the Time Cost and Monetary Cost of Illness 

 

 

 

Figure 2.4 shows that while the half sample method produces relatively unbiased variable mean 

estimates, they also have high variability.  On the other hand, the SSVS method produced biased 

variable mean estimates, but they are substantially less variable.  For example, the true mean 

value of the time cost of money variable is 1.34.  Assume that we feel that a twenty percent 

margin of error is acceptable, or a mean value between 1.07 and 1.61.  The SSVS method 

produces mean estimates in this acceptable range 75% of the time in the simulations, while the 

half sample method produced mean estimates in the acceptable range 39% of the time.  

Similarly, for the monetary cost of illness, the SSVS method produces mean estimates in the 

acceptable range in 83% of the simulations, while the half sample method produces means in the 

acceptable range in 52% of the simulations. 

 

The analysis provided in this section has been conducted under the assumption that the time to 

conduct a full questionnaire is equal to the time it takes to conduct two questionnaires using a 
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matrix sampling design.  This assumption may not be valid for some questionnaires, depending 

on the logistics required to implement them.  For example, this assumption would not be valid if 

it takes 90 minutes to administer the questionnaire and 10 minutes to transition to the next 

respondent.  Under this scenario, it would take 100 minutes to administer the full questionnaire 

to one respondent, but 110 minutes to administer the matrix sampling designed questionnaire to 

two respondents.  Relating this additional time to the analysis in this section, we would be able to 

administer the full questionnaire to 55% of the households in the time it would take to administer 

the matrix sampling designed questionnaire to all households. 

 

To determine the amount of additional time that may be allowed such that the SSVS matrix 

sampling design is equivalent to administering the full questionnaire to a smaller sample of 

households, we sampled varying percentages of households within each of the four districts 

(50% to 75% in intervals of 5%) with the entire questionnaire administered to each sampled 

household.  We calculated the RMSE of the variable means for each of these percentages, and 

produced the plots shown in Figure 2.5.  Each point represents the average RMSE over 

continuous variables or categorical variables. 
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Continuous Variables Categorical Variables 

  
 

Figure 2.5:  Administration of the Full Questionnaire to Smaller Samples of Households 

 

The red line in Figure 2.5 represents the average RMSE of variable means produced by the 

matrix sampling designed questionnaire.  For continuous variables, the matrix sampling designed 

questionnaire performs similar to the administration of the full questionnaire to between 55% 

and 60% of households.  For categorical variables, the full questionnaire administered to 50% of 

households performed better than matrix sampling designed questionnaire.  The 55% to 60% of 

households is equivalent to 10 to 22.5 minutes of transition time from one respondent to the next 

if it takes 90 minutes to administer the full questionnaire. 

 

6. Conclusions 
 

Matrix sampling designs are a potential solution to the respondent and enumerator burdens 

associated with long survey questionnaires.  We can improve the quality of the data collected by 

administering a subset of the questions to each respondent in a way such that the administered 
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questions are predictive of the omitted questions.  We developed the methodology proposed in 

this manuscript to offer researchers an improved method of creating matrix sampling designs.  

The proposed methodology can be applied to all types of variables and provides a specific 

procedure for assigning variables to homogenous groups, or groups of predictive variables.  

Unlike other methods previously developed, the number of groups does not need to be pre-

specified and can be determined based on data from a similar survey or an initial implementation 

of the survey. 

 

We applied the SSVS matrix sampling approach to complete case data from a household survey 

administered in the Nampula province of Mozambique with simulated missing values.  The 

methodology was applied in a manner that could be used in practice.  For continuous variables, 

the proposed methodology outperforms the method developed by Thomas et al. (2006) and a 

random sampling of variables in estimating the true variables means and the unit level variable 

values.  For variable mean estimation, the variances of the mean estimates of the three methods 

are similar, but the variable means resulting from the SSVS matrix sampling method are less 

biased.  For categorical variables, the variable mean estimates produced by three methods 

performed similarly.  Note that SSVS method did not find any of these categorical variables to 

have another variable that was highly predictive of them, which may be a reason for the lack of 

differentiation of the SSVS method with the other two methods.  Raghunathan and Grizzle 

(1995) had similar results, stating the matrix sampling method only works well when strong 

correlations are present among split variables.   
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Section 5.3 shows the advantages of using the SSVS matrix sampling approach in comparison to 

applying the full questionnaire to a smaller sample of households.  For the continuous variables, 

the variable mean estimates from the SSVS matrix sampling approach were better estimates of 

the true mean values than those from the full questionnaire with a half sample in terms of RMSE.  

The difference in estimates was particularly apparent with those variables that the SSVS method 

identified as having strong predictors in the data set.  For the categorical variables, the variable 

mean estimates from the half sample method produced better results.  As noted above, this may 

be attributed to the fact that no other variables in the data set were highly predictive of these 

variables.  For many of the continuous variables, the SSVS matrix sampling approach produced 

variable mean estimates that were slightly biased, but had substantially smaller variance 

estimates than the half sample method.   

 

Section 5.3 also compares the use of the SSVS matrix sampling approach to administering the 

full questionnaire to varying percentages of households.  Depending on the logistics of the 

survey, there will be time costs associated with the transition from one respondent to the next.  

For continuous variables, we found that the RMSE produced by the administering the SSVS 

matrix sampling approach to all households is equivalent to administering the entire 

questionnaire to between 55% and 60% of households.  Equivalently, the SSVS matrix sampling 

approach produces better variable mean estimates if there is less than 10 to 22.5 minutes of 

transition time from one respondent to the next. 
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All improvements in data quality shown in this paper come in addition to the reduction in 

respondent burden, non-response, and pre-mature termination that comes with a shorter 

questionnaire, as noted in Berdie (1989) and Adams and Gale (1982). 
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CHAPTER 3:  THE IMPORTANCE OF CLEANING DATA DURING 

FIELDWORK:  EVIDENCE FROM MOZAMBIQUE 
 

 

Chapter 3 Abstract 
 

In many small-scale surveys with limited resources, data editing is usually conducted by a 

statistician after data collection has concluded.  Including the statistician and the data editing 

process in the data collection phase of the survey has many benefits.  This paper describes a 

procedure for survey implementation of small-scale surveys in which the statistician identifies 

potential data entry errors and edits the data as they are collected.  We implemented this 

procedure during a household survey conducted in Maputo, the capital of Mozambique, and 

detailed data on the editing process were recorded.  This article analyzes these data to gain 

insight into the effects on the collected data.  The results of the analysis indicate that the edited 

data may be of higher quality than data without edits.  We also identify areas of improvement in 

the procedure for future household surveys. 

 

1. Introduction 
 

Researchers divide errors in survey data into two broad categories:  sampling and non-sampling 

error (Bethlehem 1997).  In an ideal world, survey data would be collected from the entire 

population of interest, and no sampling error would be present.  Cost and time concerns make 

this approach unreasonable, so researchers sample a subset of the target population.  Sampling 

introduces error into the data.  Sampling error is the difference between statistical quantities 

calculated from the sample and what would have been calculated from the entire population.  All 

errors not attributed to sampling error are known as non-sampling errors.  Researchers place 

these errors in two categories:  non-observation and observation (Bethlehem 1997).  Non-
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observation errors occur due to non-response and undercoverage.  Observation errors include 

measurement errors and processing errors.  The focus of this paper is to develop a procedure for 

survey implementation that identifies and edits data entry errors during data collection under the 

constraints of a small-scale survey.   

 

Granquist (1984) defines three goals for the editing of data.  The first goal is to gather 

information about significant differences in data for analytical purposes.  The second is to 

provide feedback that improves the way in which data are collected and processed by reviewers.  

The final goal is to reduce the level of error in the data while maintaining consistency, integrity, 

and coherence.  Hughes et al. (1990) identify two types of editing:  micro-editing and macro-

editing.  Micro-editing aims at ensuring validity and consistency of individual data records.  

Macro-editing analyzes the data in aggregate. 

 

In recent years, faculty and graduates in the Laboratory for Interdisciplinary Statistical Analysis 

(LISA)
1
 and the Urban Affairs and Planning (UAP) program at Virginia Tech have collaborated 

with colleagues at Stanford University on survey projects in Senegal, Kenya, and Mozambique.  

The initial role of the statisticians from LISA was to assist with the editing and analysis of the 

survey data following data collection.  Hartley (1980) stresses the importance of cooperation 

between the statistician and the research partners to gain enough insight into the data collection 

process to effectively perform these tasks.  The statisticians from LISA found the process of 

working with data following the completion of fieldwork difficult and time consuming.  

Particularly challenging was the back and forth required with the research partners relating to 

background information on the contents of the survey, details related to the sample frame, and 

                                                 
1
 http://www.lisa.stat.vt.edu/ 

http://www.lisa.stat.vt.edu/
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the research questions and goals for which the statistical analysis was intended to support.  

Deming (2000) discussed similar challenges and determined that cleaning data after it has been 

collected is too late, ineffective, and costly.  Additionally, Deming (2000) noted that by waiting 

to identify and correct errors after data collection, it is not possible to locate the source of the 

errors, which means these errors will be repeated in future surveys.  Bethlehem (1987) reinforces 

this point by observing that the transfer of data from one person/department to another is a 

source of error, misunderstanding, and delay. 

 

Advances in portable computing technology have facilitated the integration of data collection 

and data editing.  Computer-Assisted Personal Interviewing (CAPI) is the term given to the use 

of computing technology for data collection during personal interviews.  At first, surveyors used 

laptops to assist data collection, but in recent years, the use of personal digital assistants (PDAs), 

tablets, and smart phones has grown significantly in the health and water sectors (Onono 2011).  

Gravlee et al. (2006) discusses experiences in using PDAs in observations studies, including 

observed advantages and disadvantages over the pen-and-paper method.  The authors determine 

that the positives outweigh the negatives, and suggest ways to maximize the benefits.  De Waal 

et al. (2011) discusses one of the main advantages of CAPI, the capability of researchers to start 

the data editing process during data collection by informing the surveyor of a possible error at 

the time the data value was recorded.  The surveyor may confirm the data point was correctly 

entered, or correct an erroneously collected data point. 

 

De Waal et al. (2011) defines data cleaning conducted by subject matter experts as interactive 

editing.  The advantages to interactive editing include the ability to re-contact the respondents 
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and use of expert knowledge to edit the data.  The authors state “Interactive editing is nowadays 

a standard way to edit data.  … Generally, the quality of data editing in a computer assisted 

manner is considered high” (De Waal et al. 2011, p. 15-16).  De Waal et al. (2011) also lists two 

potential problems with interactive editing.  First, the use of computers permits the identification 

of large numbers of suspicious data values which may not require editing.  De Waal et al. (2011) 

call this unnecessary editing of data “over editing”.  The second potential problem is what De 

Waal et al. (2011) call “creative editing”, in which editors use subjective data editing procedures.  

The issue with “creative editing” is consistency, where a data editor may edit the same erroneous 

value in different ways.   

 

Most literature found on the subject of data editing discuss procedures for surveys implemented 

on large-scale surveys.  De Waal et al. (2011) outline a step-by-step process of a data editing; 

although, the procedure focuses on review methods by the statistician and does not discuss the 

interaction between the statisticians and surveyors.  The authors also discuss balancing the use of 

manual editing and automatic editing by computers.  The papers collected in Lyberg et al. (1997) 

refer to examples of data editing, but concentrate on procedures that combine macro-editing and 

automated editing by computers.  Lyberg et al. (1997) develop the procedures for large-scale 

surveys, which have larger samples than the small-scale surveys in Senegal, Kenya, and 

Mozambique.  The smaller samples allow for more extensive editing of the data over a shorter 

period of time. 

 

Biemer and Caspar (1994) investigate a method of survey quality control called continuous 

quality improvement (CQI).  The authors describe a general strategy for CQI that has many 
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similarities to the procedures presented in this paper.  In particular, the authors similarly discuss 

the need for cooperation between team members such as the operators, data quality inspectors, 

and operation supervisor to ensure data quality and to make corrections if necessary.  The 

authors focus on larger-scale surveys than those we discuss in this paper and only provide a 

general strategy, rather than outline a specific procedure. 

 

The CAPI instrument used in the survey described in this paper allowed for the almost 

instantaneous access to collected data, but was not capable of flagging possible errors during 

interviews.  The procedures proposed in this paper seek to achieve some of the benefits of 

interactive editing in spite of this limitation.  The proposed procedures require statisticians to be 

involved with the cleaning and editing of data during the data collection process by reviewing 

the collected data and flagging any suspicious values.  The small-scale of the survey mitigates 

concerns of a time-consuming data editing process due to the manageable number of surveys 

requiring review on a daily basis.  In the proposed procedures, the statistician only edits potential 

errors after consulting the surveyor that collected the data point.  This restriction minimizes the 

risk of “over editing”.  In many small-scale surveys, the surveyor is able to recall the correct data 

value, removing subjectivity from the editing process and the risk of “creative editing”. 

 

As an added benefit of this involvement, by engaging statisticians early in the design of the 

surveys, the surveys became more targeted on the key variables of interest.  This process also 

provided the statisticians with important domain knowledge on the theories driving the research, 

which transformed their role from a provider of technical support to one in which the statistician 

can contribute to the design of the research.  This involvement of the statistician in the entire 
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research process follows the suggestion by Bethlehem (1997), stating that the integration of data 

editing and data collection stages requires that statisticians cease to be specialists in data 

analysis.  Instead, the statistician should have general knowledge and experience in all aspects of 

the survey process.   

 

For many small-scale surveys, the survey software that implements real-time editing and the 

necessary technology to support it may not be available due to limited resources and other 

constraints.  In this document, we offer an alternative approach to data collection for these small-

scale surveys that offers many of the benefits of the real-time editing procedures.  The 

description of this alternative data collection procedure consists of three main organizational 

levels.  We implemented this procedure for a research project in Maputo, Mozambique, 

described in Section 2.  Section 3 details implementation of the data editing arm of this project.  

Section 4 analyzes the data and the documentation of the errors.  Section 5 provides a discussion 

of the results and methodology, including advantages, limitations, and improvements. 

 

2. The Maputo Project 
 

The Stanford University program on Water, Health, and Development funded by the Woods 

Institute for the Environment
2
 has established a research program on non-network water and 

sanitation in developing countries.  The Maputo project in Mozambique was one of three 

projects initiated under this program.  In Maputo, the objective was to evaluate the impact of new 

regulations that legalize the resale of water by households with a water network connection to 

the population without access to this network.  Prior to legalization, many residents of Maputo 

with access to the water network illegally resold water to their neighbors.  The change in policy 

                                                 
2
See http://woods.stanford.edu/research/centers-programs/water-health-development (Accessed 3/14) 

http://woods.stanford.edu/research/centers-programs/water-health-development
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went into effect in September 2010, which allowed a unique opportunity to conduct a baseline 

and follow-up study of households affected by the legislation.  By visiting the same households 

before and after the policy change took effect, researchers can draw conclusions about the causal 

relationships between changes in behavior and the resale legalization.  This paper discusses data 

collection in Maputo during the follow-up stage.   

 

The Maputo project involved collaboration between Stanford University and students from a 

university located in Maputo.  In addition, neighborhood guides provided assistance in the 

identification of households within the neighborhoods.  The project selected eight peri-urban 

neighborhoods around Maputo in which to conduct interviews.  Six of the neighborhoods were 

the same neighborhoods interviewed during the baseline survey.  These neighborhoods, referred 

to as old neighborhoods, were interviewed from the last week of January to the end of March 

2012.  Prior to the follow-up survey, the project further funded data collection in two more 

neighborhoods that were not part of the baseline survey.  These two neighborhoods, referred to 

as new neighborhoods, were interviewed from the last week of March to the second week of 

April 2012. 

 

Due to limitations of resources, a random sampling of households within these eight 

neighborhoods was not a viable option.  Instead, the survey team employed a stratified cluster 

random sampling design.  Households were clustered based on proximity, as each neighborhood 

was subdivided into parcels approximately 1.5 to 2 hectares in size by divisions created by 

mapped roads.  These parcels were assigned to four strata according to their distance to working 

standpipes and the municipal network.  This stratified sampling allowed for a sample of 
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households with a wide range of water supply options.  Within each sampled parcel, every fourth 

household was selected to be interviewed until the target of between four and eight sampled 

households was achieved for the parcel.  If a household did not respond after three attempts, 

another household was sampled from within the parcel.  In total, 1,864 households were 

interviewed, 1,369 household in the old neighborhoods and 495 in the new neighborhoods.  Of 

the 1,396 households interviewed in the old neighborhoods, 1,289 (≈94%) were the same 

households visited during the baseline study, while the remaining households were new.  All 495 

households in the new neighborhoods were new since these neighborhoods were added after the 

baseline study was conducted. 

 

The survey can be broken down into three main sections.  The first section collected data on the 

location of the household and basic information about the people that lived within the household.  

This basic information included characteristics of the respondent and the people living within the 

household and whether or not the household had changed their main water source since the 

baseline survey.  The second section collected specific data about the water source or sources 

used by the household.  This section was split into smaller subsections, each associated with a 

specific type of water source.  Based on the answers from the first section, the survey module 

either activated or skipped these subsections.  The third and final section collected data on the 

effect of any change in water source and the social capital and the wealth of the household.  The 

questions about the change in water source were activated based on the responses in the first 

section.  If the household had changed their primary water source, the respondent was asked 

about the amount of water collected, the time spent collecting water, and the price of water.  The 

questions related to the wealth of the household asked about the material composition of the 
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household, its level of access to sanitation, its ownership of assets, and its expenditure and 

income.  The questions related to social capital asked about the relationships the household 

maintains with its neighbors and its involvement in community activities. 

 

3. Data Editing Methodology 
 

The following section provides a description of the procedure used to review the data collected 

during the Maputo follow-up survey.  Section 3.1 describes the roles of all persons involved with 

the review process.  Section 3.2 provides the daily procedure used to review the data and the 

duties of each person on that particular day. 

 

3.1 Roles 

 

For the Maputo follow-up survey, five graduate students from Stanford University and Virginia 

Tech and 23 household surveyors from Maputo implemented the survey.  The three Stanford 

students were on-the-ground survey logistics coordinators, in charge of the day-to-day activities 

and supervising the surveyors.  The two Virginia Tech students were statisticians providing 

support from the U.S. to the three on-the-ground survey logistics coordinators.  The following 

provides a general description of the duties of the team members. 

 

Surveyors 

 

The 23 surveyors traveled from house to house within the neighborhoods collecting data.  

Initially, the survey logistics coordinators trained thirteen surveyors on the survey contents and 

the procedures for informed consent.  On the final day of the training, the surveyors conducted 

pilot interviews on non-sampled households within one of the sampled neighborhoods. 
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Surveyors worked part-time as their schedules allowed.  As the survey progressed in the six old 

neighborhoods from the baseline study, surveyors worked more and more sporadically as their 

schedules became more demanding.  To ensure the two new neighborhoods were surveyed 

within the project timeframe, the surveyor logistics coordinators decided that ten more surveyors 

would be trained and included in the fieldwork team.  While the new surveyors worked only in 

the new neighborhoods, some of the original surveyors also worked in the new neighborhoods 

once the old neighborhoods were completed. 

 

The survey team used the Hewlett Packard iPAQ personal digital assistant (PDA) devices to 

collect data during the Maputo follow-up survey.  These devices were loaded with The Survey 

System (TSS)
3
 software running on the Microsoft Windows mobile platform.  The use of PDA 

devices allowed for daily access to the data, rather than the delay in coding associated with pen 

and paper surveys. 

 

Survey Logistics Coordinators 

 

The survey logistics coordinators were the on-the-ground managers of the survey.  Section 3.2 

discusses their duties related to the data review and cleaning.  The other duties performed by 

these coordinators were as follows:  designing the survey questions, coding the survey in TSS, 

training the surveyors on the contents of the follow-up survey, training the surveyors on 

informed consent protocols, planning the schedule for survey implementation, travel 

arrangements for surveyors to and from interview sites, charging PDAs, and providing on-the-

ground support to the surveyors while in the field.  For the Maputo follow-up survey, two survey 

                                                 
3
 See http://www.surveysystem.com/ (Accessed 3/14) 

http://www.surveysystem.com/
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logistics coordinators managed all field activities, while the third coordinator was a GPS 

specialist supporting logistics.   

 

Statisticians 

 

The two statisticians at Virginia Tech performed independent reviews of the collected data on a 

daily basis.  The statisticians did not work in Maputo and conducted all data reviews in the U.S.  

In addition to the data review, the statisticians also provided statistical support to the survey 

logistics coordinators, such as providing tabulations for surveyor evaluation. 

 

3.2 Data Cleaning Process 

 

The following steps outline the procedure used by the survey logistics coordinators and 

statisticians to review and correct the data as it was collected.  The statisticians reviewed the data 

on a daily basis, regardless of the number of interviews conducted on a given day.  Figure 3.1 

describes the flow of data and the duties performed by the survey team members over three days.  

Since it takes three days to process the data collected from a given day, the review of the data 

from one day overlaps with the data review from the following two days.  The following 

provides a step-by-step description of the review process for one day of collected data.   

 

Step 1:  Data collection and download (day 1 – during the morning and day) 

 

The first step in the data cleaning process was the collection of the data by the surveyors.  Once 

the surveyors were finished with their interviews for the day, the survey logistics coordinators 

downloaded the data from the PDAs.   
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Figure 3.1:  Data Cleaning Process 
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Step 2:  Data review #1:  statistician #1 (day 1 – during the night) 

 

Once the surveyors collected the data, the survey logistics coordinators on the ground in Maputo 

transmitted the survey data to the first statistician for data review.  The first statistician 

performed four tasks.  The first three tasks were micro-edits, which reviewed individual records 

for consistency and validity.  The fourth edit was a macro-edit, analyzing the data in aggregation. 

 

Check the data for consistency.  The data consistency check focused on critical variables and 

checked the structure of the data.  First, several different questions were used to obtain the same 

data point.  The statistician checked these values against one another to ensure consistency.  Any 

inconsistencies in the values collected for the same data point lead to questions about the validity 

of either response.  Additionally, these inconsistencies may propagate into the final summary 

tables, which may lead to questions about the quality of the data.  For example, the Maputo 

survey collected the number of persons residing within each household and the number of 

persons in three age groups.  Any difference between the total number of persons reported for the 

household and the sum of the number of persons in the age groups would lead to questions about 

whether one or both of the values were incorrect.  The statisticians flagged any data points 

showing inconsistencies such as these. 

 

Second, the answers to certain questions activated later sections of the survey.  The statistician 

checked consistency between answers to the setup questions and the sections activated.  

Inconsistencies between the answers to setup questions and activated sections indicate that there 

was an error in the survey logic.  A household may respond that they use a private tap in the first 

section of the survey, but the private tap questions in the second section may be left blank.  The 
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identification of this error during the survey has two advantages.  First, the logistics coordinator 

can correct the survey module before the problem extends to later households.  Second, if the 

survey was still being conducted in the same neighborhood, the surveyor could revisit the 

household and collect the missing data.  If the survey had moved on to a new neighborhood, it 

was not cost effective to revisit a neighborhood to correct the erroneous data point. 

Flag suspicious data entries.  The PDAs contained small screens that required styluses to input 

the data.  Occasionally, the surveyor erred in recording the data.  A surveyor may intend to enter 

two hours spent collecting water, but accidentally record 22 hours.  Left unchecked, this 

potentially incorrect value would alter the reported values in the final summary tables for the 

community and other tabulations that include this data point.  The statistician flagged as possible 

errors data entries that seemed suspicious and possibly incorrectly recorded.   

 

Flag data omissions.  There were cases in which the respondent did not know the answer to the 

question or refused to answer.  The survey logistics coordinators instructed the surveyors to 

record these values as some variation of “9999”, but sometimes the surveyors did not record any 

values and left the field blank.  There were also cases in which a respondent answered zero for a 

question, but the surveyor left the field blank.  It is impossible for analysts to determine whether 

the respondent did not know or refused to answer or the respondent responded with zero.  When 

analyzing the data, treating these values as all zero may introduce a bias into any statistics 

calculated.  Treating these values as all missing may reduce the sample size.  As part of the data 

review, the statistician flagged any fields incorrectly left empty to determine whether the value 

should be missing or zero. 
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Tabulate important indices.  In addition to the value-by-value review of the data, the statistician 

tabulated important indices such as liters of water per capita per day, household activities using 

water, and household expenditure.  These tabulations provided an early indication of the results 

of important indices and ensured the surveyors as a whole were correctly collecting the data.
4
 

The first statistician created an error report for the data collected for each day, listing all errors 

found during any step of the error review.  This error report contained the surveyor that 

conducted the interview, the household ID number, the first name of the respondent, a 

description of the error, the variable(s) in error along with the recorded value(s), and the question 

number(s) in which the error occurred.  Table 3.1 provides an example of entries of the error 

report.  Note that the first statistician fills in the first six columns of the table.  Survey logistics 

coordinators fill the last column in Step 3. 

 

Table 3.1:  Sample Error Report 
Surveyor 

Name 

Household 

ID 

Name of 

Respondent 

Problem Variable Name and Original Value Question 

Number 

Correction 

Mike 00001 Teresa 

Smith 

Should be April? FL_MONTH=3 5 FL_MONTH=4 

00002 Cristina 

Jones 

Goes on big 

monthly 
shopping trip but 

spends 0. 

FL_MONTHLY_BIGSHOP_YN=1 

FL_MONTHLY_BIGSHOP_AMT=0 

791-792 FL_MONTHLY_BIGSHOP_YN=2 

FL_MONTHLY_BIGSHOP_AMT= 
should be empty 

Jane 00011 Joana 
Williams 

New primary 
source but did 

not change 

baseline source. 

FL_BL_SOURCE_OLDSOU_NO_CONT=2 
FL_BL_SOURCE_PRIMARY_NOW=1 

FL_BLSOURCE_CHANGE=2 

46-48 FL_BLSOURCE_CHANGE=1 

 

Additionally, the first statistician periodically generated tabulations of important indices for each 

surveyor to determine if there were any systematic differences between the data collected by a 

given surveyor and the other surveyors.  The following describes reasons why a systematic 

difference may be found between surveyors in a CAPI study.   

                                                 
4
 In a previous impact evaluation, the research team shared summary statistics generated by the statistician from the 

field with all research partners via weekly update.  This action proved extremely valuable, since it provided some 

transparency to the research and helped the research team gain the trust of those entities under evaluation.  These 

entities, in turn, were more forthcoming with information about the project. 
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PDA error.  There may be a problem with a surveyor’s PDA that neither the survey logistics 

coordinators nor the surveyor realizes.  This occurred in Maputo when one of the surveyor’s 

PDAs contained an error in the logic of the survey.  One of the survey questions asked which 

sources of water were available to the household.  Based on the answer to these questions, the 

PDA activated certain subsections of the water source section.  For this particular surveyor, the 

PDA activated the wrong sections.  The statistician identified this error early using these 

tabulations, and the survey logistics coordinator corrected the survey module in that PDA. 

 

Surveyor misunderstanding.  Despite the extensive training given to the surveyors prior to survey 

implementation, the surveyor may not understand exactly what data should be collected for a 

given question.  Questions that dealt with monthly expenditures are one common example of 

this.  One sequence of questions asked how much the household spends on individual monthly 

expenditures such as charcoal, medicine, and meat.  Another question asked how much money 

the household spends on other expenses during their monthly shopping trip to the market.  Some 

surveyors included all monthly expenses in the monthly shopping trip and incorrectly reported 

zero for the individual monthly expense categories.  The statistician identified this error early in 

some of the surveyor reports.  The survey logistics coordinators clarified the question and 

retrained the surveyors, after which these errors stopped occuring. 

 

Interview miscommunication.  Miscommunication between the surveyor and the respondent may 

result in the collection of incorrect data.  Respondents may interpret terminology in the survey as 

referring to one thing, while the survey calls for another.  An example of this miscommunication 

in Maputo was the interpretation of what sources constitute a borewell and a standpipe.  Some 
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respondents reported using a borewell, when in fact, the household used a standpipe.  Using the 

tabulations provided by the statisticians, the survey logistics coordinators, using their knowledge 

of the water sources used the neighborhood, identified households where this miscommunication 

may have occurred and resolved the potential error with the surveyor. 

 

Intentional survey error.  Due to the logic of the survey, some answers entered for particular 

questions may cause the PDA to skip one or many questions in the survey.  Surveyors may 

falsify data to intentionally shorten the length of the interview.  Surveyors can significantly 

reduce the amount of time spent during an interview by reporting no water source, thus skipping 

the entire second section of the survey.  The surveyor report included tabulations of the total 

amount of water reported, which would indicate zero estimates of total water from sources.  The 

survey logistics coordinators fired surveyors who repeatedly reported households using zero 

water. 

 

Step 3:  Surveyor consultation #1 (day 2 – during the morning) 

 

The survey logistics coordinators consulted the surveyors on the errors found by the first 

statistician in interviews from the previous day.  Due to the short turnaround period, the 

surveyors were able to resolve errors in most cases, and the survey logistics coordinators added 

the resolution to the error report (shown in the last column of Table 3.1).   

 

Along with the PDA, surveyors carried notebooks in the field, which enabled them to write down 

any relevant information not recorded in the survey module.  In a few cases, the surveyor 
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identified a value recorded in error or instances of PDA malfunction.  The survey logistics 

coordinators added these errors and their resolutions to the error report. 

 

Step 4:  Data correction #1:  statistician #1 (day 2 – during the day) 

 

After consulting the surveyors, the field logistics coordinators returned the error report with 

resolutions to the first statistician.  The statistician then made the appropriate corrections to the 

data file and indicated that the error was resolved on the error report. 

 

The first statistician relayed any outstanding errors from the error report to the second statistician 

and survey logistics coordinators.  These outstanding errors included any errors that the first 

statistician could not resolve based on the corrections entered in the error report by the logistics 

coordinators.  The second statistician was responsible for resolving these outstanding errors the 

next day (Step 5), once the survey logistics coordinators obtained the corrections from the 

surveyors.  

 

Once all appropriate corrections were made, the first statistician transmitted the data and updated 

error report to the second statistician. 

 

Step 5:  Data review #2:  statistician #2 (day 2 – during the night) 

 

The second statistician acted as a second level of review, performing another thorough review of 

the data independent of the first statistician.  While not generating the tabulations of important 

indices or the surveyor reports, the second statistician performed a similar role as the first 
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statistician.  The second statistician added any errors identified to the error report created by the 

first statistician.  

 

Step 6:  Surveyor consultation #2 (day 3 – during the morning) 

 

With the additions to the error report from the second statistician, the survey logistics 

coordinators consulted the surveyors for a second time.  The surveyors provided corrections on 

the error report to any unresolved errors, including those outstanding from the review of the first 

statistician. 

 

Step 7:  Data correction #2:  statistician #2 (day 3 – during the day) 

 

After the second round of consultations with the surveyors, the survey logistics coordinator 

returned the error report to the second statistician with the resolutions to all outstanding errors.  

The second statistician corrected the entries on the data file according to these resolutions. 

 

Step 8: Data storage:  field logistics coordinators (day 3 – during the night) 

 

Once the second statistician corrected all outstanding errors, the data file for a given day was 

ready for storage.  For the Maputo follow-up survey, the second statistician transmitted the final 

reviewed data file back to the survey logistics coordinators, who added the data to the previously 

reviewed data.  The second statistician may also act as the custodian of the data during the 

survey and add the newly corrected data files to the previously reviewed data. 
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4. Analysis 
 

This section provides an analysis of the data collected during the error correction process.  

Section 4.1 provides general descriptive statistics.  Section 4.2 discusses possible effects of the 

data cleaning procedure. 

 

4.1 General Descriptive Statistics of Errors 

 

Of the 1,864 households, 900 (≈48%) contained at least one data value that required editing by 

the statistician after the consultation of the surveyor by the field logistics coordinator.  Due to the 

short turnaround period of the data review, the surveyor was able to resolve the errors in almost 

all cases, leaving very few instances in which the surveyor was required to revisit a household.  

The following lists some of the common types of errors edited by the statistician: 

 

Incorrect Missing Values.  The surveyors did not record a value for a question that required a 

value based on the logic of the survey.  For example, a household indicated that it uses a 

neighbor’s connection for water, but no value was entered for time waiting in line.  Without 

consultation of the surveyor, it would not be known whether the household did not know the wait 

time (correct entry should be 99) or the household spent no time waiting in line. 

 

Inconsistencies in the collected data.  The surveyor collected data that was inconsistent with 

other data points.  For example, the questionnaire asked the total number of hours each water 

source used by the household was available for use and the times that they were available.  The 

statistician flagged these data values if the total number of hours reported did not equal the total 

number of hours calculated from the times the source was reported to be available.  In some 



 

65 

 

cases, the total number of hours was the correct value, while in others, the times reported were 

correct.  The surveyor was consulted to determine which data value was correct. 

 

Suspicious Values.  During the data review, the statisticians flagged data values that were 

suspicious and may have been collected in error.  These values were identified by their 

relationship to the other data collected from households within the same neighborhood.  For 

example, one surveyor entered a value of 2.5 for the amount spent per month at the local market.  

The statisticians flagged this value as suspicious since the other data collected from the same 

neighborhood were generally larger.  The field logistics coordinators consulted the surveyor and 

found that the value was incorrectly entered into the PDA and the true value was 2,500. 

 

Table 3.2 provides a summary of the number of errors corrected by the review stage.  The first 

statistician identified and corrected a large percentage (88%) of the errors.  Of the errors 

corrected by the second statistician, only a few were new errors.  The majority of the corrections 

made by the second statistician were unresolved errors identified by the first statistician.  The 

corrections made by the second statistician allowed the first statistician to focus on the data 

collected one day at a time, rather than correct data from multiple days.  The inclusion of a 

second statistician spread the data management burden between the two statisticians, while 

enabling each of them to focus on new analysis. 

 

 
Table 3.2:  Errors Corrected by Review Stage 

Review Stage Number of Errors Corrected Percentage of Total Errors 

Statistician #1 1,275 88% 

Statistician #2 173 12% 

Total 1,448 100% 
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Table 3.3 provides the tabulations of the number of errors for each surveyor and the two 

surveyor groups.  Between the two groups of surveyors, the second surveyor group committed a 

larger number of errors per survey than the first surveyor group.  The first group on average 

committed approximately 0.7 errors per household, with a range from 0.46 to 0.99.  The second 

group on average committed approximately 1.1 errors per household, with a range of 0.61 to 2.8.  

This discrepancy may be attributed to limitations of the second survey group and their training.  

There were fewer people available to train the surveyors in the second group due to on-going 

management of the first group of surveyors in the old neighborhoods.  Half of the first group 

conducted a similar survey in 2010, while all surveyors in the second group were new to this 

type of survey.  While the second group contained experienced surveyors, they had not 

administered a survey of the type used in Maputo before or used a PDA.   

 

Table 3.3:  Errors Corrected by Surveyor 
Surveyor All Surveys Old Neighborhoods New Neighborhoods 

Total  
Households 

Errors/ 
Household 

Total  
Households 

Errors/ 
Household 

Total  
Households 

Errors/ 
Household 

1 3 0.67 3 0.67 0 0 

2 86 0.80 86 0.80 0 0 

3 153 0.67 132 0.71 21 0.38 

4 111 0.71 99 0.63 12 1.42 

5 151 0.81 133 0.85 18 0.50 

6 163 0.60 146 0.58 17 0.82 

7 30 0.93 30 0.93 0 0 

8 138 0.99 120 1.03 18 0.78 

9 182 0.73 161 0.80 21 0.19 

10 165 0.81 146 0.88 19 0.26 

11 83 0.65 83 0.65 0 0 

12 163 0.49 133 0.53 30 0.33 

13 102 0.46 97 0.45 5 0.60 

14 41 0.71 0 0 41 0.71 

15 34 0.91 34 0.91 

16 19 2.05 19 2.05 

17 32 1.06 32 1.06 

18 39 1.05 39 1.05 

19 12 2.75 12 2.75 

20 44 0.61 44 0.61 

21 30 1.63 30 1.63 

22 41 1.10 41 1.10 

23 42 0.76 42 0.76 

Surveyor Group 1 1,530 0.71 1,369 0.73 161 0.52 

Surveyor Group 2 334 1.08 0 0 334 1.08 
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4.2 Data Cleaning Effect 

 

Tables 3.4 and 3.5 provide a comparison of the number of non-missing responses and the 

coefficient of variation of important indices in the Maputo data before and after data editing.  

The coefficient of variation is widely used in surveys as an indicator of the precision of the mean 

estimate.  The data cleaning procedures generally had a non-trivial effect as the coefficient of 

variation of these variable decreased, particularly in the data collected in the new neighborhoods.  

Note that no imputation was performed for missing data.  Only observed values were used for 

the calculation of the coefficient of variation. 

 

Table 3.4:  Variable Summaries from Old Neighborhoods 
Variable Before After Relative % 

Difference  

(    
(            )

      
) 

Number of  
Non-

Missing 

Responses 

Coefficient 
of Variation 

(  ⁄ ) 

Number of  
Non-

Missing 

Responses 

Coefficient of 
Variation 

(  ⁄ ) 

Water Use Yesterday (LPCD) 1365 0.63 1369 0.57 -8.57% 

Total Water Activities (LPCD) 1363 0.53 1365 0.52 -0.66% 

Total Expenditures (MZN/Month) 1348 0.66 1360 0.67 1.49% 

Water Consumption (LPCD) 1322 0.71 1331 0.68 -4.16% 

Water Consumption Cold (LPCD) 1287 0.78 1296 0.73 -5.68% 

Water Consumption Hot (LPCD) 1322 0.69 1331 0.63 -8.68% 

Number of Rooms in Household 1354 0.37 1366 0.37 -0.39% 

Number of Households Using Standpipe 180 1.40 181 1.40 -0.03% 

Public Well Trips Per Day Cold 34 0.74 37 0.72 -3.10% 

Public Well Trips Per Day Hot 35 0.69 38 0.63 -9.05% 

Number of Households Using Neighbor’s Tap 267 0.50 265 0.42 -15.95% 

Standpipe Total Containers Collected Per Day Cold 167 0.76 171 0.52 -31.81% 

Standpipe Total Containers Collected Per Day Hot 171 0.51 175 0.52 0.95% 
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Table 3.5:  Variable Summaries from New Neighborhoods 
Variable Before After Relative % 

Difference  

(    
(            )

      
) 

Number of 

Non-
Missing 

Responses 

Coefficient 

of Variation 

(  ⁄ ) 

Number of  

Non-
Missing 

Responses 

Coefficient of 

Variation 

(  ⁄ ) 

Water Use Yesterday (LPCD) 474 0.80 480 0.64 -19.80% 

Total Water Activities (LPCD) 473 0.56 478 0.55 -0.74% 

Total Expenditures (MZN/Month) 466 0.70 477 0.67 -4.72% 

Water Consumption (LPCD) 463 0.89 465 0.61 -30.90% 

Water Consumption Cold (LPCD) 448 0.97 449 0.64 -33.76% 

Water Consumption Hot (LPCD) 463 0.83 465 0.60 -27.25% 

Number of Rooms in Household 468 0.66 479 0.38 -41.75% 

Number of Households Using Standpipe 29 0.93 33 0.72 -22.71% 

Public Well Trips Per Day Cold 21 0.82 23 0.60 -27.32% 

Public Well Trips Per Day Hot 23 0.63 25 0.42 -33.37% 

Number of Households Using Neighbor’s Tap 31 0.43 29 0.24 -45.53% 

Standpipe Total Containers Collected Per Day Cold 36 0.58 35 0.51 -10.94% 

Standpipe Total Containers Collected Per Day Hot 37 0.55 39 0.57 3.30% 

 

 

 

Figure 3.2 provides a scatterplot of the relationship between the amount of experience a surveyor 

had and the number of errors he or she committed.  Each data point provides the average number 

of errors committed by surveyors in the listed survey group and the amount of experience (in 

days worked) the surveyor had at the time of the survey.  The scatterplot also provides regression 

line fit to the data points for each survey group, along with the 95% confidence limits around the 

regression line.  The regression line for the original thirteen surveyors is flat, indicating there 

was no relationship between the amount of experience the original surveyors had at the time of 

the interview and the number of errors they committed.  The regression line for the additional ten 

surveyors shows a negative slope, indicating a decrease in the number of errors a surveyor 

committed as he or she gathered more experience implementing the survey.  These two findings 

suggest that the additional ten surveyors benefitted more from the review process than the 

original thirteen surveyors. 
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Figure 3.2:  Relationship between Experience and Errors Committed 

 

 

5. Methodology Discussion 
 

The data cleaning procedures outlined in this paper provide an alternative to fully automated data 

editing for small-scale surveys in which resources are limited.  In cases such as the Maputo 

survey, time constraints and resources made it impossible to implement a fully automated data 

editing procedure.  The TSS program run on the PDAs only allowed for hard coded limits to 

values entered.  For many data points, predetermining these limits was not reasonable because 

some outliers turned out to be legitimate data points and not data entry errors.  The TSS program 

did not allow automated flags to ask the surveyor if data points were legitimate.  The only 

recourse in this situation was to consult the surveyor.  The field logistics coordinators took into 

account the surveyor feedback during training and the results of the pilot study while 

constructing the survey.  The final version of the survey was therefore not available until a short 

time before the first day of survey implementation.  This timeline would have made it difficult to 

program the automated edits into the survey instrument prior to the start of the survey. 
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Given these limitations in resources and timing, these data cleaning procedures provide many of 

the benefits associated with fully automated data editing.  The following discusses the benefits of 

the data cleaning procedures outlined in this paper, as well as a limitation.  We begin with the 

benefits. 

 

Rapid feedback (response) to (from) surveyors.  Data entry errors can be corrected by consulting 

the surveyors.  For most errors in data entry, surveyors can recall the interview given the 

information listed on the error report and provide the intended response.  For traditional paper-

based surveys, consulting the surveyors after the data entry process is complete would either not 

be possible since the surveyors may not be available or not productive since the surveyors would 

not be able to recollect the intended response.  The only recourse in these situations would be to 

either delete the data or estimate the value.  This communication process among the entire team 

means that there is a much greater ability to identify and correct problems with the survey.   

 

Improved Survey Management.  Survey logistics coordinators can concentrate on the 

management of the data collection process.  In some surveys, the logistics coordinators analyze 

the data during collection.  Due to the time constraints, the logistics coordinators are limited to 

selective editing and macro-editing.  With statisticians as part of the team, the survey logistics 

coordinators can concentrate on implementing the survey, while the statisticians provide micro-

editing and macro-editing of all incoming data.  

 

Real-time monitoring of surveyors and survey results.  As a consequence of more thoroughly 

reviewed data, tabulations can be made evaluating the performance of the surveyors as a whole 
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and for each individual surveyor.  If it is determined that certain indices are suspicious for all 

surveyors, the surveyors may have misinterpreted the question during training.  In this case, the 

survey logistics coordinators can retrain the surveyors early in the survey implementation.  The 

tabulations evaluating individual surveyors can show whether one or more surveyors are 

collecting systematically different data in some cases than the other surveyors.  This may be a 

result of misinterpretation during training, which the survey logistics coordinator can correct 

early in the survey implementation.  This may also be a result of intentionally falsified data, in 

which case the survey coordinators can take appropriate disciplinary action.  With these 

advantages, the data cleaning procedure presented above achieves the second goal of data editing 

proposed by Granquist (1984). 

 

Statisticians as subject matter experts.  The statisticians for the Maputo follow-up survey were 

graduate level students, who had experience with similar types of household surveys undertaken 

in Africa.  These two statisticians were able to use this past survey experience, experience with 

statistical software packages, and general statistical knowledge to analyze and present the data in 

ways scientists from other disciplines would not be able to.  These findings reinforce the 

assertion by Bethlehem (1997) that data editing improves when the statistician becomes a subject 

matter expert rather than just a data analyst. 

 

Extended training of surveyors.  The overall data review and cleaning process described in this 

paper led to several benefits that emerged from the constant level of communication required 

among members of the research team.  Within the early days of the fieldwork, the surveyors 

became acutely aware of the importance of completing accurate surveys.  Further, the regular 
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feedback they received through the error review process effectively continued their training 

through the entire fieldwork.  This approach stands in stark contrast to the more traditional 

method of training surveyors in one intensive period before the fieldwork, which we argue is an 

inadequate process based on our experience.  Without this level of data review, a number of 

significant data collection errors would have persisted throughout the fieldwork, which would 

ultimately have affected the research findings. 

 

A limitation in the implementation of the data cleaning procedure was the statisticians provided 

data analysis support from the U.S., away from the survey implementation site in Maputo.  This 

resulted in a lack of familiarity with the day-to-day operations and the surveyors and limitations 

in the communication between the statisticians and the survey logistics coordinators.  This lack 

of familiarity resulted in an insufficient understanding of the characteristics of the surveyed 

neighborhoods and surveyors’ personalities.  Knowledge of both improves the data review 

process for the statisticians.  Communication between the statisticians and survey logistics 

coordinators was limited to email exchange.  The communication could have been improved 

with increased discussion had at least one statistician been on the ground, rather than both 

located remotely.  In a previous research project, LISA was able to provide an on-the-ground 

statistician who was able to review the data while traveling with the fieldwork teams.  This level 

of connectedness removed the communication problems that exist with emails or explanations of 

complex problems in a written error report. 
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CHAPTER 4:  A MODELING APPROACH TO ESTIMATING THE MEAN 

SQUARED ERROR OF SYNTHETIC SMALL AREA ESTIMATORS 
 

 

Chapter 4 Abstract 
 

Synthetic estimators for population quantities of interest are often used for small areas, where 

direct survey estimates are either not possible or are unreliable.  While these synthetic estimators 

have smaller sampling variability than do the direct estimators, the pooling of data across areas 

of estimates may introduce additional potential error known as synthetic estimation error, which 

can easily dominate the mean squared error (MSE) of the synthetic estimates.  Estimates of 

synthetic estimation error for a single area are very unstable, so previous methods proposed in 

the literature average such estimates over groups of areas with the assumption of constancy of 

squared synthetic bias within the groups.  In this paper, we propose a generic model that 

facilitates MSE estimation for synthetic estimators by assuming a parametric model for the 

synthetic error variance that depends on some covariates available for each area.  This includes 

constant synthetic error variance within groups of areas as a special case.  An extension of our 

basic model incorporates multiplicative random effects, which effectively achieves shrinkage 

estimation of the synthetic error variances.  We compare our proposed modeling approach to 

methods proposed in the literature in a simulation study.  We then apply several of the methods 

to a simulation motivated by synthetic estimates of census correct enumeration rates in the 2010 

Census Coverage Measurement (CCM), and then also to the actual CCM data.  Our proposed 

methods, particularly the model with random effects, compare favorably in the simulations to the 

methods proposed in the literature. 
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1. Introduction 
 

Sample surveys are widely used to investigate various characteristics of populations of interest.  

Based on the data collected from a subset of the population, researchers produce estimates and 

make inferences about the population as a whole.  These estimates and inferences are also made 

about subsets of the population, referred to generically as domains, such as geographic areas or 

socio-economic groups.  Direct survey estimates for domains, those based entirely on data 

collected from respondents within each domain, will be unreliable for domains with small 

samples.  For domains with no units sampled, direct survey estimation is not possible.  For 

simplicity, and in keeping with common usage, we shall henceforth refer to domains with little 

or no sample as small areas rather than small domains.  The ideas presented here apply equally 

to domains other than geographic areas.   

 

One approach to dealing with unreliable direct survey estimates for small areas is to pool data 

across areas of estimates, also called “borrowing strength”.  The resulting estimates, known as 

synthetic estimates, have smaller variability due to the additional sample size “borrowed” from 

other areas.  This pooling of data across areas introduces additional potential error known as 

synthetic estimation error.  If synthetic error is regarded as fixed (nonrandom), it can be viewed 

as bias.  The Mean Squared Error (MSE) of the synthetic estimate is then the sum of its sampling 

variance and the squared synthetic bias.  With substantial pooling of data across areas, the 

sampling variance of the synthetic estimate may be small, but the synthetic bias is potentially 

large and can easily dominate the MSE.  In these cases, reporting sampling variances of synthetic 

estimators as measures of precision is misleading.  Unfortunately, Rao (2003 pg. 52) notes that 
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while the variance of these estimates are readily obtained through standard design-based 

methods, it is more difficult to estimate the squared bias component of the MSE.   

 

A small number of methods (discussed in Section 2) have been proposed in the literature for 

estimating the MSE of synthetic estimators.  Equivalently, since the sampling variances of 

synthetic estimates can be readily estimated, these can be viewed as methods for estimating the 

squared synthetic bias.  This is a difficult problem if the synthetic bias is viewed as unique to 

each area, since the estimates of squared synthetic bias for a single small area are very unstable.  

To address this issue, proposed methods have generally averaged such estimates of squared 

synthetic bias across groups of similar areas.  These grouped estimates can provide an average 

measure of precision of the synthetic estimators, which may be adequate for some purposes, such 

as comparing the performance of one synthetic estimator to another.  However, the grouped 

estimates do not provide a measure of precision for specific individual areas, except under an 

implicit assumption that the synthetic bias is equal across areas within a group.  This assumption 

may not be valid when small areas exhibit strong area-specific effects (Rao 2003 pg. 53).   

 

An alternative perspective, adopted in this paper, views the synthetic error as random with mean 

zero and some variance.  This variance may be assumed to be constant across groups of small 

areas, or follow a parametric function dependent on some covariate(s) available for each area.  

We pose estimation of synthetic error variance as a modeling problem with two parts:  (i) 

specification of a parametric function for the synthetic error variance, and (ii) estimation of the 

parameters of that function using the data.  Proposed methods have tended to blend these two 

aspects together, obscuring their distinct characteristics.  This paper focuses mostly on the 
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second aspect of the modeling approach, which we study by simulation.  We also illustrate the 

modeling approach on a real application involving estimation of census correct enumerations 

using data from a post-enumeration follow-up survey. 

 

More specifically, the paper proceeds as follows.  Section 2 reviews previously proposed 

methods for MSE estimation of synthetic estimators, and compares several of these in a 

simulation study.  Section 3 proposes a generic model relating direct survey and synthetic 

estimates, which facilitates estimation of simple parametric models for the synthetic error 

variance.  We consider some alternative models and estimation approaches, including a variance 

model with random effects that permits empirical Bayes shrinkage estimation of the synthetic 

error variance.  These alternatives are compared in several sets of simulations that include cases 

where the correct model is used and cases with model misspecification.  Section 4 applies several 

of the methods to an application taken from the 2010 Census Coverage Measurement (CCM).  

The application involves estimating the MSE of synthetic estimates of census correct 

enumeration rates.  We present results both for a simulation motivated by this application and for 

the actual CCM data.  Section 5 summarizes the paper’s results and discusses areas for future 

research. 

 

2. Review of Design-Based Methods 

 

We use the following general notation provided in Table 4.1 throughout the paper.  We will 

introduce additional notation as needed. 
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Table 4.1:  General Notation 
Notation Statistical Quantity 

   Population characteristic of interest for area i 

   Direct survey estimate of Yi, assumed to be unbiased 

         Sampling error of   , which has    (  )     

  

  
  Synthetic estimate of Yi 

    (  
 )   [  

 ]     Synthetic bias of   
  from a design-based perspective 

 

In general, an estimator is considered synthetic for a small area if it is derived from a reliable 

direct estimate of a larger area that contains the small area.  Synthetic estimation requires the 

assumption (called the synthetic assumption) that the small areas have the same characteristics as 

the larger area.  Rao (2003 pg. 46 – 51) discusses various types of synthetic estimators such as 

ratio estimators and regression synthetic estimators.  Additional synthetic estimators can be 

obtained as the mean function from any fixed effects model for  
 
. 

 

Violation of the synthetic assumption introduces synthetic error into the synthetic estimates.  If 

we consider the synthetic error as a fixed effect, then it can be viewed as bias and the MSE of the 

synthetic estimator is the sum of the sampling variance of the synthetic estimate and the squared 

synthetic bias.  Rearranging the terms of the MSE equation, we obtain the following expression 

for squared synthetic bias in terms of the MSE and the sampling variance of the synthetic 

estimate. 

 

     (  
 )          [ 

 
 ]                                                              (1) 

 

Rao (2003 pg. 52) derived the following approximately unbiased estimate of the MSE of a 

synthetic estimate under the assumption that the sampling variance of the synthetic estimate is 

small.  
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     (  
    )

     

                                                             (2) 

 

Combining Equations 1 and 2, we derive an expression for the squared synthetic bias, which we 

will also refer to as the Method of Moments (MOM) estimate. 

 

     (  
 )  (  

    )
     

     [ 
 
 ]                                                    (3) 

 

This unbiased estimator of the MSE and squared synthetic bias tends to be unstable.  Gonzalez-

Waksberg (1973) proposed averaging the MSE values over groups of similar areas to obtain a 

more stable estimator, as shown below.  The index D references the group and mD is the number 

of areas assigned to group D. 

 

    
   

 

  
∑ (  

    )
 

    
 

  
∑    

 
                                              (4) 

where      
 

  
∑ (  

    )
 

    and      
 

  
∑    

 
    

 

Subtracting the estimated variance of the synthetic estimate, we derive an estimate of the squared 

synthetic bias. 

 

    ̂ (  
 )       

      [ 
 
 ] 

 

If used to provide MSE estimates for individual areas, the Gonzalez-Waksberg estimator 

implicitly assumes that the MSE within the group of areas is approximately constant among the 

areas.  Marker (1995) proposed a method similar to that of Gonzalez-Waksberg that allows for 
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area-specific estimates of MSE.  Instead of assuming that the MSE is constant within groups, 

Marker (1995) assumed that the squared synthetic bias is approximately constant for areas 

assigned to the same group, and estimated it by averaging over groups of similar areas. 

 

    ̂ (  
 )                 

where      
 

  
∑    [ 

 
 ]    

 

Marker (1995) suggested using the corresponding area specific MSE measure. 

 

    
     [ 

 
 ]      ̂ (  

 )                                                       (5) 

 

In cases where the sampling variance of the direct survey estimate is large relative to the squared 

synthetic bias, both the Gonzalez-Waksberg method and Marker method can provide negative 

estimates.  Lahiri and Pramanik (2012) thus proposed adjustments to these two methods that 

provide strictly positive estimates, while still being design consistent.  The following provides 

their adjustment to the Gonzalez-Waksberg method. 

 

    
      

 
     

     (
     
    

)
                                                           (6) 

 

Subtracting the estimated sampling variance of the synthetic estimate from Equation 6, we derive 

a corresponding estimate of the squared synthetic bias. 

    ̂ (  
 )           

      
    [ 

 
 ] 
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Using the following two approximations, the adjusted estimator is approximately equal to the 

Gonzalez-Waksberg estimator. 

 

   (
     

    
)    

     

    
     (  

    

    
)
  

   
    

    
 

 

Lahiri and Pramanik (2012) discuss that, in some cases, this method produces MSE estimates 

that are less than the naïve estimator, or the estimator under the assumption of no synthetic bias.  

In these situations, the estimated squared synthetic bias is negative.  Lahiri and Pramanik (2012) 

introduced an adjustment to the Marker estimator, which does not have this drawback and 

guarantees that the estimated squared synthetic bias will be strictly positive. 

 

    ̂ (  
 )      

     

     (
 (         )

    
)

 

 

The corresponding MSE estimator for the adjustment to the Marker estimator is then: 

 

    
     

    [ 
 
 ]      ̂ (  

 )      

 

2.1 Simulations with Constant Synthetic Error Variance (Over Groups of Areas) 

 

We defined the following simulation study to mimic data collected from a sample survey.  We 

will vary the specifications of the synthetic error variance and evaluate the methods of MSE 
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estimation of synthetic estimators.  The simulation data contained 1,000 replicate data sets.  Each 

replicate data set was split into m areas, with each area i containing Ni =500 units. 

 

For area i and unit j, we simulated data from the following distributions. 

 

             (     
 )              

       
 
 
       (    

 
 
)             

  

The values of μ and   
  were set to 10 and 1, respectively, and remained constant for all 

simulated data.  We varied the values of   
 
 
, as several specifications corresponding to various 

assumptions were investigated.  We investigated two values of m, 100 and 250.  In both cases, 

areas were assigned to five mutually exclusive groups, with       (for      ) and 

      (for      ) areas assigned to each group D.     is the superpopulation mean for 

area i. 

 

From the population of Ni =500 units in area i, ni=8 units were subsampled.  We researched 

various numbers of sampled units, but the relative magnitudes of   
   ⁄  and   

 
 
 are what really 

matters for the relative error measures examined here.  We choose to fix   
  at 1 and    at 8, 

while varying   
 
 
. 

 

Lahiri and Pramanik (2010) simulated data in the same manner, although their simulation 

contained m=20 areas and all were assigned to the one group.  Lahiri and Pramanik researched 

two combinations of   
  (  

 
 
   

  for all i) and   
 :  (  

    
 )  {(    ) (    )}.  These two 
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combinations represent the two extremes where the   
  is large in comparison to   

 , and vice 

versa. 

 

For a given population and subsample, we define the following estimates and their variances.  

Note that the synthetic estimates and their sampling variances are constant across areas for a 

given replicate.  

 

Direct Survey Estimate:  ̂  
 

  
∑   

  

   

 

Synthetic Estimate:  ̂ 
  ∑

  

 
 ̂ 

  

   

 

  

Direct Sample Variance 

Estimate: 
 ̂  

  (  
  

  
)
  
 

  
         

  
 

    
∑(     ̂ )

 

  

   

 

  

Sampling Variance of the 

Synthetic Estimate: 
   ̂[ 

 
 ]  ∑(

  

 
)
 

 ̂  

 

  

   

 

 

 

We first simulated data under the assumption that the variance component   
 
 
 was constant 

within each of the five mutually exclusive groups.  Three specifications of the magnitude of   
 
 
 

were investigated.  The specifications range from simulations where the magnitude of   
 
 
 is 

large in comparison to the variance component   
  to simulations where   

 
 
 is small in 

comparison to the   
 .  In Section 3, we provide additional simulations under differing 

assumptions about   
 
 
. 
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Table 4.2 provides the Relative Root Mean Squared Error (RRMSE) of the estimated squared 

synthetic bias from each design-based method to the true value specified in the simulation.  We 

calculate the RRMSE for this table and all others that follow using Equation 7, where the index 

D references groups of areas (or all areas) and mD is the number of areas assigned to group D.  

We present the RRMSE values as percentages. 

 

       √
 

  
∑ {

 

     
∑ [

( ̂ 
 
    

 
 
)

  
 
 

]
 

     
   }                                          (7) 

 

We also considered using the Root Mean Square Error (RMSE) to evaluate the estimates 

produced by each method, but selected the RRMSE due to its comparability across specifications 

of   
 
 
. 

 
Table 4.2  RRMSE of Designed Based Methods Under the Assumption of Constant Synthetic Error Variance Within 

Group Assignments 

Group   
 
 

  
 
 

⁄  
   20 Areas Per Group    50 Areas Per Group  

Gonzalez-

Waksberg/ 

Marker 

Adjusted 

Gonzalez-

Waksberg 

Adjusted 

Marker 

Gonzalez-

Waksberg/ 

Marker 

Adjusted 

Gonzalez-

Waksberg 

Adjusted 

Marker 

1 0.08 463% (36.3%) 436% (0.8%) 439% 281% (35.9%) 344%  346% 

2 0.12 309% (35.5%) 290% (0.4%) 292% 199% (31.2%) 226%  227% 

3 0.16 245% (36.3%) 223% (0.6%) 224% 157% (24.9%) 176%  177% 

4 0.20 196% (37.4%) 176% (1.0%) 176% 127% (21.9%) 134%  134% 

5 0.24 174% (41.5%) 159% (0.8%) 160% 110% (17.2%) 114%  115% 

All 296% (37.4%) 276% (0.8%) 277% 185% (26.2%) 215%  216% 

1 0.8 73% (6.4%) 66% 66% 46% (0.2%) 43% 43% 

2 1.2 59% (2.3%) 55% 55% 37%  35% 35% 

3 1.6 52% (1.1%) 49% 49% 33% 32% 32% 

4 2.0 45% (0.3%) 43% 43% 30% 29% 29% 

5 2.4 45% (0.1%) 44% 44% 28% 28% 28% 

All 56% (2.0%) 52% 52% 35% (0.0%) 34% 34% 

1 4 40% 40% 40% 25% 25% 25% 

2 6 37% 37% 37% 23% 23% 23% 

3 8 34% 34% 34% 23% 23% 23% 

4 10 33% 33% 33% 21% 21% 21% 

5 12 35% 35% 35% 21% 21% 21% 

All 36% 36% 36% 23% 23% 23% 

Note: The numbers listed in parentheses are the non-zero percentages of areas that were estimated to have negative synthetic 

error variance.   
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Note that the Gonzalez-Waksberg and Marker estimators are equal for our simulation since all 

areas have the same synthetic estimate and thus the same sampling variance of the synthetic 

estimate. 

 

The Lahiri-Pramanik adjustments improve the performance of the design-based estimators when 

the values of   
 
 
 are small in comparison to   

  and      .  The adjustments do not improve 

the design-based estimators for small values of   
 
 
 and       as the unadjusted estimators 

provide better estimates.  The unadjusted estimators produce a number of negative estimates for 

these small values of   
 
 
.  These negative estimates may not be bad in an absolute sense, but 

they may be awkward since they are negative estimates for variance terms.  The adjusted 

estimators generally avoid negative estimates. 

For medium values of   
 
 
, the adjustments have a small effect, as the RRMSE values are slightly 

better for the adjusted methods.  For large values of   
 
 
, the adjustments have no effect as the 

RRMSE values are equivalent for the adjusted and unadjusted methods.  All four estimators 

avoid zero estimates for both medium and large values of   
 
 
.  These findings are consistent 

with the results presented in Lahiri and Pramanik (2012).   

 

In general, the estimates are poor for small   
 
 
, which is an indication that estimation is difficult 

in the presence of a large amount of noise from the sampling variance of   .  On the other hand, 

an estimate of a small variance that is four times too large may still be small and not too 

inaccurate in an absolute sense.  The results are better for larger values   
 
 
 and larger number of 

areas assigned to groups (      versus      ).  The results of the largest values of   
 
 
 

start to approach the theoretical limit of the RRMSE that would occur for the usual variance 
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estimates from data not obscured by the sampling error (i.e., if the    were observed).  In this 

case, the variance estimates are proportional to a chi-square distribution with    degrees of 

freedom.  The RRMSE is then the Coefficient of Variation (CV), which is √   ⁄  (32% for 

      and 20% for      ).  Simulations done for even larger values of   
 
 
 (not presented 

here) essentially produced these CVs. 

 

For the remainder of this manuscript, the only design-based results that we present will be those 

generated from the adjusted Marker estimator. 

 

3. A Modeling Approach 

 

Fay and Herriot (1979) proposed the following small area estimation model, where vi are area 

random effects.  

 

                     (     

 )                                                      (7) 

                     (     

 )                                                     (8) 

 

The standard formulation of the Fay-Herriot model replaces    with a linear regression 

function    .  Song (2007) proposed empirical Bayes estimators, where area specific estimates 

of the unknown parameters in this model formulation were obtained using the plug-in method.  

Song then used numerical integration to derive a posterior distribution for    

  and investigated a 

number of estimators based on this posterior distribution. 

We assume that the synthetic estimate is an unbiased estimate of   ,  [  
 ]    , and thus: 
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                    (     

 )                                                      (9) 

 

where    
  represents the sampling variance of the synthetic estimate.  This is a bivariate 

extension of the Fay-Herriot model from which we derive the following as the MSE of the 

synthetic estimate under the assumption of independence between the residual terms (εi and vi). 

 

  
                 (  

 )     
     

                                            (10) 

Comparing Equation 5 to Equation 10, we see that under this model formulation, the synthetic 

error variance,    

     [     ], is analogous to the squared synthetic bias (     (  
 )) used 

in Section 2 for the design-based methods. 

 

Combining Equations 7, 8, and 9, we derive the following distribution of   , the difference 

between the synthetic estimate and the direct survey estimate, under the assumption of 

independence between the residual terms (εi, vi, and ei). 

 

     
                (     

     

     

 ) 

 

We estimated the values of the variance terms    
  and    

  using standard design based methods 

and treat them as fixed quantities.  We use the values of    to fit a parametric model for    

 .   

 

We considered two simple model formulations for    

 .  The first assumes that    

  is constant for 

areas i within groups D (   

     
         ), which is a typical assumption for the design 

based approaches of estimating the MSE of synthetic estimators.  The second model formulation 
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assumes that    

  depends on some covariate(s)    via the function    

  (   )
 , analogous to a 

regression equation. 

 

We extended these two model formulations for    

  by adding random effects via the following: 

 

                 

  
  

 

  
⁄                 

  
(   )

 

  
⁄  

               (   )            (   ) 

 

This specification implies that the random effects are centered around 1,  [  ]   , with 

   [  ]  
 

 ⁄ .  Large values of   suggest that there is little variation between groups, while 

small values suggest large variation between groups.  When applied to estimate    

 , this model 

also allows for Bayesian or empirical Bayes shrinkage estimation of     

  across groups of D.  

The model thus provides a compromise between the fixed effects model    

     
  and the 

simpler model    

    
  that assumes    

  is constant across all areas.  Like other shrinkage 

estimators, more weight is placed on the fixed effects model when more data are available.  

Appendix C derives the shrinkage estimates of     

  across groups. 

 

This model specification with random effects was inspired by a model that Otto and Bell (1995) 

formulated for estimated covariance matrices.  The univariate version of this model was used by 

Maples (2011).  Arora and Lahiri (1997), Gershunskaya and Lahiri (2005), and You and 

Chapman (2006) used similar models.  
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We examine both Maximum Likelihood (ML) and Hierarchical Bayes (HB) methods of 

estimation for the two model formulations for    

 .  The first method of estimation applies ML to 

the first model formulation in which    

  is constant for areas i within group D (   

     
  for 

   ).  The Fixed Group ML estimate of    
  is the value corresponding to the mode of the 

likelihood of   .   

 

       
   
 

∑  [ (        
     

     

 )]

   

 

 

In some cases, Fixed Group ML produces zero estimates of    
 , which may be awkward in 

situations where the researcher has a strong belief that synthetic estimation error is prevalent.  Li 

and Lahiri (2010) proposed the following adjusted likelihood method: 

 

       
   
 

∑  [ (   
 )   (   

 )]

   

 

 

where  (   
 ) is the profile likelihood or residual (marginal) likelihood for    

  and  (   
 ) is an 

adjustment factor designed to force the estimator to be strictly positive.  Li and Lahiri (2010) 

considered the adjustment factor  (   
 )     

 .  Yoshimori and Lahiri (2013) proposed the 

adjustment factor (     {  [   (   
 )]})

 

  , where  (   
 ) is an       diagonal matrix 

whose entries are the “shrinkage factors” in the empirical Bayes predictor,   (   
 )  

   

 (   
     

 )⁄ .  Yoshimori and Lahiri used simulations to compare the performance of their 
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proposed adjusted likelihood estimator to other variance estimators, including the Li-Lahiri 

adjusted likelihood, ML, and residual maximum likelihood (REML). 

 

These adjusted likelihood approaches can be viewed loosely as Bayesian where  (   
 ) is the 

prior, if one takes the posterior mode as the estimate of    
 .  We investigated HB estimation 

methods of this first model formulation, for which a flat prior ( (   
 )   ) and the prior 

proposed in Gelman (1995) ( (   
 )  (   

 )
  

 ) were considered in addition to the prior 

corresponding to the Li-Lahiri adjusted likelihood.  Using the Metropolis-Hastings MCMC 

algorithm (Metropolis et al. 1953), we derived posterior distributions for    
 .  For this research, 

we estimated    
  using the posterior means.  While we produced results using the prior proposed 

by Li and Lahiri (2010), we did not include these results here since they underperformed the 

other estimation methods in all simulations due to significant overestimation of the true values.  

We did not consider a prior corresponding to the adjusted likelihood proposed by Yoshimori and 

Lahiri (2013) since we became aware of their research after our simulations were essentially 

complete. 

 

HB estimation was also applied for the second model formulation, where    

  depends on some 

covariate(s)   .  We specified the prior distributions of the regression parameters   to be 

uninformative, as shown below. 

 

    (     
  (   )

     

 ) 

        (      ) 
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The matrix Z may contain categorical (analogous to group assignments) or continuous 

covariates.  Estimates of     

  were generated for each area from the posterior 

distribution  ((   )
    ) using either the posterior mean or mode.  These estimates will be 

referred to as Fixed Covariate estimates. 

 

HB estimation was applied to the two model formulations augmented by random effects.  The 

first model formulation with random effects, referred to as the Random Effects model, was 

specified as follows:  

 

    (     
  

  
 

  
⁄     

 ) 

         (    ) 

        (              ) 

       (   ) 

 

Estimates of    

  were generated for each group from the posterior distribution  (
  

 

  
⁄    ) 

using either the posterior mean or posterior mode. 

 

The second model formulation with random effects, referred to as the Fixed Covariate with 

Random Effects model, was specified as follows. 

 

    (     
  

(   )
 

  
⁄     

 ) 
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        (      ) 

        (              ) 

       (   ) 

 

Estimates of    

  were generated for each area from the posterior distribution  (
(   )

 

  
⁄    ) 

using either the posterior mean or posterior mode.  This Fixed Covariate with Random Effects 

model is only applied in Section 4.  

 

The following three sections provide the results of the application of the estimation methods 

described above to simulation data.  We also provide the results from the application of the 

design-based adjusted Marker method to the simulation data, treating it as estimating the    

  

(synthetic error variances).  Section 3.1 applies the methods to data simulated under the 

assumption of constant variance within groups.  Sections 3.2 and 3.3 present results under the 

assumption that    

  varies across areas as a function of some covariate.  In Section 3.2, we 

assume that this covariate is observed and can be used for synthetic error variance estimation.  In 

Section 3.3, we assume that this covariate is unknown, and we use an incorrect variable for 

synthetic error variance estimation. 

 

Table 4.3 provides a summary of the model-based methods, including the parametric function 

specified for the synthetic error variance and the estimation of the parameters of the function 

using the data. 
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Table 4.3:  Summary Model-Based Methods 
Reference Parametric Function Estimation of Parameters 

Fixed Group Effect –  

Maximum Likelihood 
    (     

     

     

 ) 

 
       

   
 

∑  [ (        
     

     

 )]

   

 

Fixed Group Effect –  

Hierarchical Bayes 
    (     

     

     

 ) 

Prior Distributions 

Flat Prior:   (   

 )    

Gelman Prior:   (   

 )  (   

 )
  

  

 [   

            ] 

Fixed Covariate –  

Hierarchical Bayes 
    (     

  (   )
     

 ) 

Prior Distribution:  

         (      ) 

Posterior Mean:   [   

   ] 

Posterior Mode:        (   )
   ((   )

   ) 

Random Effects –  

Hierarchical Bayes 
    (     

  
  

 

  
⁄     

 ) 

Prior Distributions: 

         (    ) 
        (              ) 
       (   ) 

Posterior Mean:   [
  

 

  
⁄   ] 

Posterior Mode:          
 

  
⁄

  (
  

 

  
⁄   ) 

Fixed Covariate with  

Random Effects –  

Hierarchical Bayes 

    (     
  

(   )
 

  
⁄     

 ) 

Prior Distributions: 

        (      ) 

        (              ) 
       (   ) 

Posterior Mean:   [
(   )

 

  
⁄   ] 

Posterior Mode:        (   )
   (

(   )
 

  
⁄   ) 

 

 

3.1 Simulations with Constant Synthetic Error Variance (Over Groups of Areas) 

 

Tables 4.4 and 4.5 provide the RRMSE of the estimated synthetic error variance from each 

model-based method to the true value specified in the simulation.  The simulation specifies that 

the synthetic error variance is constant within the five assigned groups, for varying ratios of the 

synthetic error variance to the sampling variance.  Tables 4.4 and 4.5 provide the results for 

   20 and    50, respectively. 
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Table 4.4:  RRMSE Under the Assumption of Constant Synthetic Error Variance Within Group Assignments – 

      Areas Per Group 
Group   

 
 

  
 
 

⁄  
Adjusted 

Marker 

Fixed Group 

ML 

 

Fixed Group HB Fixed Covariate Random Effects  

Flat 

Prior 

Gelman 

Prior 

Posterior 

Mode 

Posterior 

Mean 

Posterior 

Mode 

Posterior 

Mean 

1 0.08 439% 554% (11.0%) 914% 722% 453% 722% 348% 534% 

2 0.12 292% 370% (12.1%) 616% 486% 305% 485% 218% 342% 

3 0.16 224% 285% (11.7%) 470% 373% 241% 374% 164% 256% 

4 0.20 176% 225% (13.2%) 375% 297% 190% 297% 126% 197% 

5 0.24 160% 199% (12.9%) 329% 263% 171% 263% 113% 171% 

All 277% 351% (12.2%) 580% 459% 291% 459% 212% 328% 

1 0.8 66% 75% (1.3%) 118% 99% 73% 99% 56% 84% 

2 1.2 55% 59% (0.4%) 94% 80% 57% 80% 42% 58% 

3 1.6 49% 52% (0.4%) 79% 68% 51% 68% 39% 46% 

4 2.0 43% 45% (0.1%) 69% 59% 44% 59% 37% 40% 

5 2.4 44% 45% 69% 60% 44% 60% 39% 41% 

All 52% 56% (0.4%) 88% 75% 55% 75% 43% 56% 

1 4 40% 40% 59% 52% 39% 52% 34% 48% 

2 6 37% 37% 55% 48% 36% 48% 30% 37% 

3 8 34% 34% 49% 43% 34% 43% 30% 32% 

4 10 33% 33% 49% 43% 33% 43% 30% 31% 

5 12 35% 35% 50% 44% 34% 44% 32% 32% 

All 36% 36% 53% 46% 35% 46% 31% 37% 

Note: The numbers listed in parentheses are the non-zero percentages of areas that were estimated to have zero synthetic error 

variance.  Zero estimates were defined to be less than 0.00001, 0.0001, and 0.0005 for the first second and third 

simulations. 

 

 

Table 4.5:  RRMSE Under the Assumption of Constant Synthetic Error Variance Within Group Assignments – 

      Areas Per Group 
Group   

 
 

  
 
 

⁄  
Adjusted 

Marker 

Fixed Group 

ML 

Fixed Group HB Fixed Covariate Random Effects  

Flat 

Prior 

Gelman 

Prior 

Posterior 

Mode 

Posterior  

Mean 

Posterior 

Mode 

Posterior 

Mean 

1 0.08 346% 474% (4.1%) 597% 529% 427% 529% 383% 476% 

2 0.12 227% 317% (2.4%) 400% 356% 286% 355% 247% 310% 

3 0.16 177% 247% (1.1%) 311% 279% 226% 279% 187% 235% 

4 0.20 134% 189% (1.3%) 240% 214% 173% 214% 139% 176% 

5 0.24 115% 157% (1.3%) 200% 179% 145% 179% 113% 144% 

All 216% 299% (2.0%) 377% 335% 270% 335% 234% 293% 

1 0.8 43% 53% 69% 63% 51% 63% 49% 62% 

2 1.2 35% 40% 51% 46% 38% 46% 33% 40% 

3 1.6 32% 35% 44% 41% 34% 41% 29% 33% 

4 2.0 29% 30% 37% 35% 30% 35% 26% 28% 

5 2.4 28% 29% 36% 33% 29% 33% 26% 27% 

All 34% 38% 49% 45% 37% 45% 34% 40% 

1 4 25% 25% 30% 28% 25% 28% 24% 29% 

2 6 23% 23% 28% 26% 23% 26% 21% 24% 

3 8 23% 23% 27% 26% 23% 26% 21% 22% 

4 10 21% 21% 25% 24% 21% 24% 20% 21% 

5 12 21% 21% 25% 24% 21% 24% 20% 21% 

All 23% 23% 27% 25% 23% 25% 21% 23% 

Note: The numbers listed in parentheses are the non-zero percentages of areas that were estimated to have zero synthetic error 

variance.  Zero estimates were defined to be less than 0.00001, 0.0001, and 0.0005 for the first second and third 

simulations. 

 

 



 

95 

 

The posterior mode estimates from the Random Effects model produce the best results overall.  

This indicates that shrinkage to the synthetic error variance estimate over all areas improves 

estimation.  This is true even in comparison to the Fixed Covariate posterior mode and Fixed 

Group ML estimates, which use the correct model.  This is reminiscent of Stein’s result on 

shrinkage estimates of means (Stein 1956).  The improvement in RRMSE (particularly the two 

simulations with larger synthetic error variance) can be attributed to the smaller variance of the 

estimator.  Although the posterior mode estimates from the Random Effects model generally 

provided the best results overall, the differences with estimates from the other methods are small 

for large values of    

  and larger number of areas assigned to groups. 

 

The posterior mean estimators of the Fixed Covariate model and Random Effects model do 

poorly compared to the posterior modes.  In general, the posterior mean estimates from Fixed 

Group HB methods, Fixed Covariate model, and Random Effects model tend to overestimate the 

true synthetic error variance, even for large values, and thus do worse than the mode estimates.  

This is attributed to the right-skew of the synthetic error variance posterior distributions, which 

was more severe as the true synthetic error variance decreased.  Note that the Fixed Group HB 

method with the Gelman prior and the mean estimator of the Fixed Covariate model provide very 

similar results.  Also note that while the mode estimator of the Fixed Covariate model and the 

Fixed Group ML estimator provide similar results for larger values of synthetic error variance, 

the mode estimator performs better for smaller values.  For these reasons, we will avoid 

presenting the Fixed Group HB methods, mean estimates from the Fixed Covariate model and 

Random Effects model, and the Fixed Group ML estimates in subsequent tables. 
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While the mode estimator of the Random Effects model generally produces the best results, the 

adjusted Marker and mode of the Fixed Covariate model provide similar results except for small 

values of    

 , where the adjusted Marker estimator provides somewhat better results. 

 

As noted earlier, Yoshimori and Lahiri (2013) provides results from a simulation study 

comparing the performance of various estimators of   
 .  Much of their focus involves the 

estimation of the empirical Bayes shrinkage factors   (  
 ) and the empirical Bayes predictors, 

two topics not considered here.  Yoshimori and Lahiri also provide results on the estimation of 

  
 , noting that, for small values of    

    

 ⁄ , all methods that they considered substantially 

overestimated   
 .  This finding is consistent with our results, with the exception of the 

Gonzalez-Waksberg and Marker methods, the two methods that allow for negative estimates.   

 

We cannot make specific comparisons between the results of Yoshimori and Lahiri and our 

results, since the variance estimation methods they consider mostly differ from ours.  As noted 

earlier, we did not evaluate the new methods proposed by Yoshimori and Lahiri in our study 

since we became aware of these after our simulations were essentially complete.  The closest 

comparison that we can make between our results and those of Yoshimori and Lahiri involves 

the Fixed Group ML estimates of   
 .  For the Fixed Group ML, we find far fewer zero estimates 

and larger biases towards overestimation for roughly comparable situations.  These roughly 

comparable situations differ some in regard to the values of   (we use 20 and 50, they use 15 

and 45) and of   
    

 ⁄  (we have 0.08 and 0.12 versus their 0.05 and 0.10, though we both have 

10), though the effect of these differences is not large.  More substantial differences in the Fixed 

Group ML results come from the fact that we estimate the sampling variances    

 , whereas they 
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take the true value of    

  as known, and they estimate a mean for the Fay-Herriot model, while 

we have  [  ]    by assumption.  When we reapplied the Fixed Group ML method to our 

simulation data in the same manner as Yoshimori and Lahiri, we found that the results were 

consistent with what they reported. 

 

3.2 Simulations with Non-constant Synthetic Error Variance with Correct Fixed 

Covariate Model Specification 

 

This simulation specifies that the synthetic error variances   
 
 
 are unique for each of 100 areas.  

We assume that we are able to correctly model the synthetic error variance with the 

covariate    √  
 
 
.  The estimators resulting from the adjusted Marker and Random Effects 

model are biased as a result of the failure of the constant bias within groups assumption.  The 

estimators from the Fixed Covariate model are based on the correctly specified model. 

The methods that group areas together assigned 100 areas to either two or five groups, with each 

group containing fifty or twenty areas.  Areas were assigned to groups based on the values of the 

synthetic error variance.  For example, in the case where areas are assigned to five groups, the 

twenty areas assigned to the first group were those with the twenty smallest values of synthetic 

error variance (  
 
 
).  The twenty areas assigned to the second were the twenty areas with the 

next smallest values of synthetic error variance (  
 
 
), and so on.  The group assignments for the 

case where areas were assigned to two groups were made in a similar way.  The Fixed Covariate 

method used the covariate Zi in the model. 

 

Table 4.6 provides the RRMSE between the estimated synthetic error variance and the true 

synthetic error variance within each group and over all areas.  Table D.3 in Appendix D provides 
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boxplots for each area of the errors of each estimate (difference between the estimated synthetic 

error variance and the true synthetic error variance). 

 

Table 4.6:  RRMSE Under the Assumption of Non-constant Synthetic Error Variance With Correct Model 

Specification 

  
 
 

  
 
 

⁄  
Group 5 Groups 2 Groups 

Adjusted 

Marker 

Fixed 

Covariate 

Posterior 

Mode 

Random 

Effects 

Posterior 

Mode 

Adjusted 

Marker 

Fixed 

Covariate 

Posterior 

Mode 

Random 

Effects 

Posterior 

Mode 

                 

                   

1 370% 436% 290% 242% 324% 275% 

2 275% 234% 203% 141% 182% 156% 

3 225% 180% 165%  

4 184% 169% 131% 

5 170% 198% 119% 

All 255% 263% 192% 198% 263% 223% 

             

                  

1 62% 59% 49% 43% 46% 44% 

2 55% 37% 41% 32% 32% 30% 

3 49% 28% 39%  

4 44% 28% 36% 

5 45% 37% 38% 

All 52% 39% 41% 38% 39% 38% 

           

                 

1 41% 33% 34% 32% 25% 31% 

2 38% 20% 31% 25% 21% 24% 

3 35% 17% 30%  

4 34% 20% 30% 

5 35% 25% 31% 

All 36% 23% 31% 29% 23% 28% 

 

 

The posterior mode from the Random Effects model provides the best results for small values of 

synthetic error variance and      .  The adjusted Marker method provides the best results for 

these small values when      .  While the Fixed Covariate model performs best for medium 

values and      , all three methods produce similar results for medium values and      .  

The posterior mode from the Fixed Covariate model does best for the simulation with the largest 

values of synthetic error variance.   

 

Note that the correct model is specified for Fixed Covariate model, but the Random Effects and 

adjusted Marker methods used an incorrect model.  The incorrect models used groupings of areas 
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based on the continuous covariate rather than the continuous covariate itself.  Since the groups 

have the correct order of variances (smallest to largest), the misspecification of the model is 

limited. 

 

3.3 Simulations with Non-constant Synthetic Error Variance with Incorrect Fixed 

Covariate Model Specification 

 

In this section, we use the same simulated data that was used in Section 3.2, but we assume that 

we do not observe the covariate Zi.  Instead, we assume we have a different covariate that is a 

uniform random number (          (   )) drawn for each area.  The estimators resulting 

from all methods are biased due to using incorrect covariate(s).  The incorrect covariate is    for 

the Fixed Covariate model, and they are used to assign the group indicators for the adjusted 

Marker and Random Effects model.  

 

The methods that group areas together assigned the 100 areas to either two or five groups based 

on the covariate   , with each group containing fifty or twenty areas.  For example, in the case 

where areas are assigned to five groups, the twenty areas assigned to the first group were those 

with the twenty smallest values of   .  The twenty areas assigned to the second group were the 

twenty areas with the next smallest values of   , and so on.  The group assignments for the case 

where areas were assigned to two groups were made in a similar way.  The Fixed Covariate 

method used the    as the lone covariate in the model. 

 

Table 4.7 provides the RRMSE within each group and over all areas.  Table D.4 in Appendix D 

provides the boxplots for each area of the errors of each estimate (difference between the 

estimated synthetic error variance and the true synthetic error variance). 
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Table 4.7:  RRMSE Under the Assumption of Non-constant Synthetic Error Variance With Incorrect Model 

Specification 

  
 
 

  
 
 

⁄  
Group 5 Groups 2 Groups 

Adjusted 

Marker 

Fixed 

Covariate  

Posterior 

Mode 

Random 

Effects 

Posterior 

Mode 

Adjusted 

Marker 

Fixed 

Covariate  

Posterior 

Mode 

Random 

Effects 

Posterior 

Mode 

                 

                   

1 421% 416% 314% 272% 339% 299% 

2 295% 296% 218% 126% 170% 143% 

3 220% 219% 161%  

4 175% 175% 128% 

5 145% 144% 106% 

All 270% 268% 200% 212% 268% 235% 

             

                  

1 138% 127% 107% 111% 123% 111% 

2 131% 121% 101% 96% 106% 95% 

3 124% 115% 96%  

4 120% 107% 91% 

5 115% 102% 87% 

All 126% 115% 97% 104% 115% 103% 

           

                 

1 88% 76% 70% 55% 55% 51% 

2 51% 38% 38% 29% 29% 30% 

3 37% 24% 30%  

4 35% 27% 34% 

5 39% 34% 40% 

All 54% 44% 45% 44% 44% 42% 

 

 

 

The posterior mode of the Random Effects model generally provides the best estimates for small 

values   
 
 
 and        while the adjusted Marker method provides slightly better estimates for 

these small values and      .  For medium values of   
 
 
, the Random Effects model 

performed best for      , while the adjusted Marker and Random Effects methods performed 

best for      .  For large values of   
 
 
, the Fixed Covariate and Random Effects models 

performed similarly, slightly outperforming the adjusted Marker method for       and 

performing similarly for      .  The shrinkage estimator helps compensate for incorrect 

model specification when the group sizes are smaller.   

 

The posterior mode estimates of the Fixed Covariate model perform slightly better than the 

adjusted Marker estimates for large and medium   
 
 
 and      , essentially the same for large 
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 and       or small   

 
 
 and      , and slightly worse for small and medium   

 
 
 and 

     .  The adjusted Marker method was used such that five parameters were estimated, one 

for each group.  We assigned areas to these five groups based on a covariate that was unrelated 

to the true synthetic variance (  
 
 
), and thus the five parameters were not truly different.  The 

Fixed Covariate method was used such that two parameters were estimated, one for the overall 

mean and one for the covariate that is unrelated to the true synthetic variance (  
 
 
).  Both of 

these two methods use the incorrect model, but the adjusted Marker method estimates more 

unnecessary parameters than the Fixed Covariate model.   

 

4. Synthetic Estimation of Correct Enumerations (CEs) in the 2010 U.S. Census 

Coverage Measurement (CCM) 

 

After the 2010 Census, the Census Bureau conducted an evaluation of the census coverage of 

persons and housing units called Census Coverage Measurement (CCM), with the intention of 

providing information for the improvement of future censuses.  As part of this evaluation, the 

Census Bureau used dual system estimation (U.S. Census Bureau 2004) to produce estimates of 

the true population of persons and number of housing units.  As reviewed in Seber (1982), this 

estimation of the number of persons in a closed area is a capture-recapture method widely used 

by biologists and ecologists to estimate biological populations.   

 

Dual system estimation requires two independent enumerations to generate estimates of the true 

population.  The first enumeration was the Census itself.  The second enumeration was the 

Population Sample (P-sample), consisting of all persons and housing units enumerated during an 

independent post enumeration survey conducted in a probability sample of block clusters a short 
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time after the census.  Using clerical and computational methods, a matching operation 

compared information (age, sex, race, etc.) from the census and the post enumeration survey to 

match records between the P-sample and the census for the sample block clusters.  The Census 

Bureau effectively estimated the proportion of P-sample persons also found in the census (match 

proportion).  

 

The census records within the sample block clusters (called the E-sample or enumeration 

sample) were examined to determine which of these really should have been enumerated at their 

location in the census (correct enumerations or CEs) and which should not (erroneous 

enumerations or EEs).  For the CCM, a person is correctly enumerated in the census if the person 

was correctly counted in the block cluster containing his/her Census Day residence, or in a block 

cluster adjacent to the block cluster containing his/her Census Day residence (Mule 2010).  The 

census counts for areas could then be deflated by the estimated CE proportions to estimate the 

number of persons who were CEs.  The estimated numbers of CEs were then inflated by dividing 

them by the match proportions to estimate the true populations.  This is a form of Dual System 

Estimate (DSE) and is approximately unbiased assuming independence between the census and 

the P-sample.   

 

In reality, the CE and match proportions were estimated by fitting logistic regression models to 

the E-sample and P-sample data.  Covariates in these models were data collected during the 

census, which included age groups, race groups, sex, tenure (owner versus renter), etc.  See Mule 

and Griffin (2010) and Olson and Griffin (2012) for more information.  The fitted logistic 

regression was then applied to all census records to estimate a match probability and CE 
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probability for each record.  These probabilities were aggregated to form synthetic estimates of 

CEs and population, via a form of DSE. 

 

During the 2010 CCM, the Census Bureau produced synthetic estimates of CEs and populations 

within geographic areas of the United States, such as states, counties, and metropolitan regions.  

The MSE estimates of the synthetic population estimates reported in the 2010 Census Coverage 

Measurement Estimation Report (Mule 2012, Davis and Mulligan 2012, and Keller and Fox 

2012) incorporated estimates of both the variance and bias components.  We’ll focus instead on 

estimating the MSEs of the synthetic CE estimates by applying the modeling assumptions 

discussed in Section 3 to the CE proportion estimates.  Section 4.1 provides results of applying 

MSE estimation methods to simulations motivated by CE data from the 2010 CCM.  Section 4.2 

provides the results of the application of the MSE estimation methods to the actual CE data from 

the 2010 CCM.   

 

4.1 Simulations Motivated by Synthetic Estimation of CEs in the 2010 CCM 

 

We created simulated data sets using CE data from the state and county person data sets from the 

2010 CCM.  The simulated state datasets have 51 records (including the District of Columbia), 

while the simulated county data sets have 245 records.  The 245 counties in the county data sets 

were those counties with census populations greater than 100,000.  Each simulated data set 

contains the state (or county), census division (nine collections of states based on geographic 

proximity), census count (  ), synthetic CE proportion estimate (   
 ), direct sample CE 

proportion variance estimate (   

 ), and sampling variance of the synthetic CE proportion estimate 

(   
 ) from the 2010 CCM files.  We set the value of the synthetic error variance (   

 ) for each 
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observation to be proportional to the sum of the direct sample variance estimate and the sampling 

variance of the synthetic estimate.  This proportion was set to one of three different values:  0.02, 

0.1, and 1.0.  Since the direct sample variance estimate and sampling variances of the synthetic 

estimate are distinct for each area, the synthetic error variance is distinct for each area and 

constant across simulations.   

 

     

    (   
     

 )                        

 

Varying the proportion   for the state and county data sets resulted in 6 simulated data sets.  For 

each simulated data set, the difference between the direct survey estimate and synthetic estimate 

was a random draw based on the values of the direct sample variance estimate, sampling 

variance of the synthetic estimate, and the synthetic error variance. 

 

           (       

     
     

 )                        

 

We replicated each of the 6 simulated data sets 1,000 times.  Among replicates, all variable 

values for corresponding observations are equal, with the exception of the random draw of the 

difference between the direct survey estimate and synthetic estimate. 

 

Many of the synthetic MSE estimation methods required that states and counties be assigned to 

groups of similar states and counties.  For the state file, the 51 states were partitioned into three 

groups, each with 17 states, based on the census count of persons within the state.  The first 

group contained the 17 states with the smallest census count of persons and the third group 
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contained the 17 states with the largest census count of persons.  For the county file, the 245 

counties were partitioned into five groups, each with 49 counties.  The assignment of groups for 

counties was based on the census count of persons, similar to the assignment of states. 

 

The following tables provide the results of applying the synthetic error variance estimation 

methods to the 2010 CCM state simulated data and county simulated data.  Tables 4.8 and 4.9 

provide the RRMSE between the estimated synthetic error variance and the true synthetic error 

variance within each group and over all areas for the state and county data sets, respectively.  

Tables D.5 and D.6 in Appendix D provide the distribution of the error of the estimates (estimate 

minus true value) generated by each MSE estimation method for the state and county data sets.   

 

In addition to the methods studied in previous sections, here we also applied the Fixed Covariate 

with Random Effects model to the 2010 CCM data.  The covariate matrix in this model 

formulation only contained the natural log of the census count as a continuous covariate, the 

same covariate that was used in the Fixed Covariate model.  The random effects corresponded to 

the census division in which the state or county is found. 
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Table 4.8:  RRMSE for 2010 CCM State Simulation Data 

  
 
  Group Adjusted 

Marker 

Fixed Covariate 

Posterior Mode 

Random Effects  

Posterior Mode 

Fixed Covariate with 

Random Effects 

Posterior Mode 

     (  
 
    

 
 ) 

 

1 3,511% 515% 124% 285% 

2 3,317% 237% 183% 136% 

3 3,370% 881% 438% 843% 

All 3,400% 605% 283% 520% 

    (  
 
    

 
 ) 

 

1 422% 120% 90% 89% 

2 402% 95% 91% 88% 

3 410% 144% 111% 125% 

All 412% 121% 98% 102% 

    (  
 
 
   

 
 
) 

 

1 160% 93% 74% 84% 

2 158% 70% 75% 78% 

3 162% 101% 89% 92% 

All 160% 89% 80% 85% 

 

 

 

The proposed methods outperform the adjusted Marker method in all three state simulations.  

The improvement of the proposed methods over the adjusted Marker method is largest for the 

smallest specification of   
 
 
, and the improvement decreases as the value of   

 
 
 increases.   

 

Of the proposed methods, the Random Effects model generally performs best overall 

specifications of   
 
 
, particularly for small values of    

 
 
.  For the medium and large values of 

   
 
 
, the Random Effects and Fixed Covariate with Random Effects models perform similarly 

and generally better than the Fixed Covariate model.  Shrinkage seems to be helpful for almost 

all states for these values of    
 
 
. 
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Table 4.9:  RRMSE for 2010 CCM County Simulation Data 

  
 
 
 Group Adjusted 

Marker 

Fixed Covariate  

Posterior Mode 

Random Effects  

Posterior Mode 

Fixed Covariate with 

Random Effects 

Posterior Mode 

     (  
 
    

 
 ) 

 

1 6,442% 278% 95% 161% 

2 8,896% 341% 132% 148% 

3 16,149% 279% 148% 147% 

4 4,686% 107% 117% 89% 

5 6,367% 789% 165% 484% 

All 9,423% 426% 134% 250% 

    (  
 
    

 
 ) 

 

1 857% 112% 98% 99% 

2 1,197% 132% 102% 98% 

3 2,170% 130% 102% 106% 

4 605% 91% 95% 94% 

5 843% 199% 102% 142% 

All 1,261% 138% 100% 109% 

    (  
 
 
   

 
 
) 

 

1 394% 117% 110% 111% 

2 555% 191% 137% 150% 

3 996% 209% 160% 178% 

4 267% 70% 83% 79% 

5 385% 169% 115% 131% 

All 579% 160% 124% 134% 

 

 

 

Like the state simulations, the proposed methods outperform the adjusted Marker method in all 

three county simulations.  The improvement of the proposed methods over the adjusted Marker 

method is largest for the smallest specification of   
 
 
, and the improvement decreases as the 

specification of   
 
 
 increases.  Unlike the state simulations, the proposed methods perform best 

for the medium specification of   
 
 
.  The Random Effects and Fixed Covariate with Random 

Effects models perform worse in the largest specifications of   
 
 
 than the medium, which is in 

contrast to the other simulations previously presented in this paper.  We speculate that this 

anomaly is attributable to large amount of variation found in the direct sample CE proportion 

estimates for the counties.  More research is required to confirm this speculation. 

 

Of the proposed methods, the Random Effects model generally performs best, although the 

performance within groups differs.  Like the state simulations, the Random Effects and Fixed 
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Covariate with Random Effects models generally outperform the Fixed Covariate model, 

indicating that shrinkage is helpful regardless of the size of the counties.  The Random Effects 

and Fixed Covariate with Random Effects models performed similarly, with the exception of the 

largest group of states, in which the Random Effects model performed best.  We suspect that the 

that the poorer fit of the Fixed Covariate with Random Effects model when modeling the largest 

groups of states may be due to the skewed county distribution of the census count variable.  We 

used the natural log transformed census count for modeling, but the largest states may still show 

up as outliers that were difficult to fit with a linear model. 

 

4.2 Application of Various Methods to Correct Enumerations from the 2010 CCM  

 

Table 4.10 provides average estimates from the synthetic error variance estimation methods 

when applied to actual data from the 2010 CCM.  Note that for states, the Random Effects model 

tends to produce the lowest estimates of   
 
 
 and the adjusted Marker method tends to produce 

the highest.  For counties the adjusted Marker estimates are the lowest in most cases, while the 

Fixed Covariate estimates tend to be the highest. 

 
Table 4.10:  Summarized Average Estimated Synthetic Error Variance 

File Group Average 

Sampling 

Variance of the 

Synthetic 

Estimate 

Average Direct 

Sample Variance 

Estimate 

Adjusted 

Marker’s 

Fixed 

Covariate 

Posterior 

Mode 

Random 

Effects 

Posterior 

Mode 

Fixed 

Covariate 

with Random 

Effects 

Posterior 

Mode 

All Values x 10-4 

State  

Person 

1 0.169 1.393 0.130 0.052 0.011 0.022 

2 0.069 1.071 0.179 0.021 0.019 0.016 

3 0.061 0.451 0.085 0.013 0.009 0.024 

All 0.099 0.972 0.131 0.029 0.013 0.020 

County  

Person 

1 0.343 7.240 2.572 3.692 2.378 3.143 

2 0.195 4.763 2.082 3.123 3.441 2.729 

3 0.111 7.134 0.916 2.576 2.687 2.397 

4 0.301 5.048 1.537 2.242 1.860 1.934 

5 0.165 3.754 1.280 1.654 1.505 1.390 

All 0.223 5.588 1.677 2.657 2.374 2.318 
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The estimated values   
 
 
 are much higher for counties, suggesting that the aggregation to states 

washes out a considerable amount of variation.  This is consistent with the intuitive thinking that 

counties have stronger area-specific effects that are not captured by the logistic regression model 

used to estimate the CE proportion.  The true squared synthetic bias or synthetic error variance is 

unknown, thus no evaluation statistic can be calculated to compare the estimates from the 

various methods to the true values.  We can compare the 2010 CCM data to the simulated values 

to determine which simulation the CCM most closely resembles.  Figure 4.1 provides this 

comparison by providing boxplots of the method of moments estimate ( ̂  

  (  
    )

     

  

   
 ) of the squared synthetic bias or synthetic error variance for each area. 

 

  
Figure 4.1:  Comparison of the Method of Moments Estimate of    

  from Actual CCM Data to Method of Moments Estimates 

from the Simulated Data 

 

For states, the method of moments estimates of    

  from the 2010 CCM data most closely 

resembles the estimates from the 0.02 ratio simulation.  For counties, the method of moments 

estimates of    

   from the 2010 CCM data most closely resembles the estimates from the 1.0 
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ratio simulation.  In both cases, the Random Effects model performed best in the corresponding 

simulations, though the Fixed Covariate with Random Effects model did about as well for the 

county simulations. 

 

Figure 4.2 compares the 90% confidence intervals that result from the naïve MSE estimator (no 

bias) and to the Fixed Covariate with Random Effects MSE model estimator for both states and 

counties.  We selected the Fixed Covariate with Random Effects model estimator since it 

performs nearly as well as the Random Effects model, but also provides area specific estimates 

of synthetic estimation error.  The states and counties are sorted according to their synthetic CE 

proportion estimate, which is represented by the black circles.  The red lines give the upper and 

lower 90% confidence limits for the naïve estimator, and the blue lines give the limits for the 

Fixed Covariate with Random Effects model estimator. 

 

 

  
States Counties 

Figure 4.2:  Comparison of 90% Confidence Intervals Resulting from the Naïve MSE Estimator (Red) and the Fixed Covariate 

with Random Effects Model MSE Estimator (Blue) 

 

The addition of the synthetic error bias substantially widens the confidence intervals for both 

states and counties.  While the naïve confidence intervals are too narrow for states, they are 
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much too narrow for counties, suggesting that there is more synthetic error at the county level 

than the state level.  The confidence intervals from the Fixed Covariate with Random Effects 

model seem to reflect a reasonable amount of uncertainty in the CE proportion estimates.  The 

differences in the state CE rates are not overwhelmed by statistical uncertainty, as there seems to 

be real differences across states.  The uncertainty of the county CE proportion estimates are 

larger, making it difficult to find real differences across counties. 

 

5. Discussion and Future Research 
 

The Fixed Covariate and Random Effects models compared favorably with the other MSE 

estimation methods when applied to simulated data.  Throughout the simulations, one of these 

two methods generally produced the best estimates in terms of RRMSE, while not producing 

negative or zero estimates.  Overall, the best performing estimator was the posterior mode from 

the Random Effects model.  In particular, the benefits of shrinkage estimation showed for 

     , even when the underlying model was incorrect.  The posterior mode estimates did 

better than the corresponding posterior mean estimates in almost all cases.  The posterior means 

generally overestimated the true values, substantially in some cases.   

 

The Lahiri and Pramanik (2010) adjustments improved the Gonzalez-Waksberg and Marker 

estimators, effectively avoiding zero estimates for small    

  without deterioration in 

performance.  These findings are consistent with the results presented in Lahiri and Pramanik 

(2010). 
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Yoshimori and Lahiri (2013) proposed adjusted likelihood estimates of   
 , refining an approach 

proposed by Li and Lahiri (2010) that produced strictly positive estimates.  The simulation 

results in Yoshimori and Lahiri (2013) are broadly consistent with ours in that they show 

substantial overestimation of   
  when   

    

 ⁄  is small, and little bias when   
    

 ⁄  is large.  We 

cannot directly compare our simulation results with those from Yoshimori and Lahiri (2013) 

though, due to differences in the simulation set ups, assumptions, and in the variance estimation 

methods considered. 

 

We applied the MSE estimation methods to simulated data motivated by estimation of CEs in the 

2010 CCM as well as to actual CE data from the 2010 CCM.  The proposed methods generally 

produced better estimates than the design-based methods when applied to the simulated CE data.  

In particular, the Random Effects model outperformed all other methods for the 2010 CCM 

simulated data.  We also compared    

  estimates from the true CE data to those from the 

simulated data.  For states and counties, the proposed methods substantially outperformed the 

design-based methods for the simulated data sets that most closely resembled the CCM data.  

The MSE estimates resulting from the proposed methods widened (in comparison to the naïve 

MSE estimates) the confidence intervals of the synthetic CE proportion estimates, substantially 

for counties.  There seemed to be differences in state CE rates, as they were not overwhelmed by 

the additional statistical uncertainty.  The additional uncertainty added to the county CE rates 

made it difficult to find any real differences.  

 

Note that in the simulations in Section 3, apart from the unadjusted Gonzalez-Waksberg/Marker 

approach (which produce some negative variance or squared bias estimates), the other methods 



 

113 

 

all tend to substantially overestimate small values of    

 .  The bias is a substantial contributor to 

the RRMSE of the estimates of    

 .  There is thus a cost to avoiding negative estimates of    

  

when it is small.  On the other hand, while the estimates for small    

  had high RRMSEs, this 

may not reflect poor estimation in the absolute sense.  An estimate that is several multiples of a 

small variance may still be small.  For large    

 , estimates based on a correct model acted like 

direct variance estimates with a    
  distribution. 

 

The Fixed Covariate and Fixed Covariate with Random Effects models have the advantage of 

flexibility.  All other methods require the assignment of areas to groups and the assumption of 

equal squared bias or synthetic error variance for all areas assigned to the group.  The Fixed 

Covariate and Fixed Covariate with Random Effects models can specify the model for this case 

by using the group indicators as covariates in the linear predictor.  When the squared bias or 

synthetic area error variance is unique to each area, the Fixed Covariate and Fixed Covariate 

with Random Effects models can provide area-specific estimates by using continuous covariates.  

A similar flexibility can be found when comparing logistic regression to post-stratification.   

 

The methods proposed in this manuscript required the assumption that the differences between 

the synthetic and design-based estimates were normally distributed.  Future work may look into 

the robustness of the results to violations of this normality assumption.  Future research may also 

look into extending the Fixed Covariate with Random Effects model with additional random 

effects.  We specified random effects for the mean estimate within each group.  Future models 

may specify random effects for regression parameters associated with the covariates. 
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CHAPTER 5:   CONCLUSIONS AND DIRECTIONS FOR FUTURE 

RESEARCH 
 

In recent years, researchers have increasingly administered surveys to subsets of the population 

to collect information about populations of interest.  The increased use of sample surveys was 

brought on by the increased demand by policy makers for information to make informed 

decisions (Rao 2003).  The work in this dissertation seeks to improve a wide range of survey 

methodology topics, such that higher quality data are collected and the inferences we make from 

the estimates generated from the data are more accurate.  These improvements would result in 

improved evidence for sound policy decisions. 

 

The increased need for survey data requires researchers to expand the scope of their surveys.  As 

Thomas et al (2006) notes, matrix sampling designs allow researchers to include additional 

questions or respondents in the surveys without additional burden on the respondent, enumerator, 

or subsequent data analyst.  Chapter 2, Stochastic Search Variable Selection Application to 

Matrix Sampling, proposed the Stochastic Search Variable Selection (SSVS) matrix sampling 

approach, an improved method of assigning matrix sampling designs.  Our proposed 

methodology is applicable to all types of variables and requires less pre-specification than 

previous methods.  The simulation results presented in Chapter 2 showed that the proposed 

methodology administers questions in such a way that multiple imputation generally recovers 

more of the information lost from the omitted questions than previous methods.  The results in 

Chapter 2 also showed that implementing the SSVS matrix sampling method provides better data 

than applying the entire questionnaire to a smaller sample of respondents.  The simulations did 

not include the additional improvements in data quality that result from the reduced respondent 
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burden, enumerator burden, non-response, and premature termination associated with shorter 

questionnaires (Berdie 1989 and Adams and Gale 1982).   

 

Chapter 3, The Importance of Cleaning Data During Fieldwork:  Evidence from Mozambique, 

developed a structured procedure for implementing a household survey in situations with limited 

resources and other constraints.  Even with small questionnaires, enumerators make data entry 

errors, despite the increased use of Computer–Assisted Personal Interviewing (CAPI) in recent 

years.  The main advantage of CAPI is the ability of the survey collection software on the CAPI 

device to flag suspicious values as soon as they are collected and the surveyor to correct errors 

during the interview (De Waal et al 2011).  In many small-scale surveys, the technology to 

implement CAPI is available, but the software necessary for real-time editing is unavailable.   

 

The procedures proposed in Chapter 3 achieve many of the benefits of real-time editing by 

including an on-the-ground statistician in the survey team to review the data as they are 

collected.  We implemented the proposed procedures during the implementation of a household 

survey in the Maputo, the capital of Mozambique, and collected detailed data related to the data 

cleaning process.  We found that the data processed using the proposed data cleaning procedures 

was generally of higher quality than the original data collected from the surveyors.   

 

In addition to collecting higher quality data, we also found additional benefits to the proposed 

procedures.  

 Extended training of the surveyors throughout the survey implementation 
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 Improved survey management with the survey logistics coordinators focusing on survey 

implementation 

 Real-time monitoring of the surveyors and survey results 

 Statisticians gaining general knowledge and experience in all aspects of the survey 

processes, as suggested in Bethlehem (1997)   

 

In recent years, policy makers increasingly require researchers to use the collected survey data to 

provide estimates of small domains, or subpopulations defined by geography or some other 

characteristic (Rao 2003).  Researchers often use synthetic (or indirect) estimates for these small 

domains, which “borrow” strength from data collected in other areas.  While indirect estimates 

have the advantage of lower variability estimates, the pooling of data across areas also introduces 

synthetic estimation error into the estimates, which may dominate the mean squared error of the 

synthetic estimates.  Estimates of mean squared error and synthetic estimation error are often 

unstable, so previous methodology averaged estimates of the mean squared error or synthetic 

estimation error assuming constancy within the averaged groups.  In Chapter 4, Model Based 

Approach to Synthetic Bias Estimation, we proposed a parametric model for synthetic estimation 

error that uses covariates available for the area.  This parametric model can incorporate the 

constancy within groups assumption as a special case, but also provides area-specific estimates.  

We also extended the model to incorporate multiplicative random effects to achieve shrinkage 

estimation. 

   

In simulation studies, we showed that our proposed methodology compares favorably to other 

mean squared error estimation methods, while providing area specific estimates of synthetic 
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estimation error.  We applied our proposed methodology to the estimates of correct enumerations 

for states and counties during 2010 Census Coverage Measurement, a case where area-specific 

estimates of synthetic estimation error are required.  We showed that the naïve confidence 

interval estimates of the correct enumeration estimates are far too narrow, compared to the 

estimated confidence intervals from our propose methodology.  We are hopeful that our 

proposed methodology will be implemented for various estimates produced during 2020 Census 

Coverage Measurement. 

 

Future Work 

We recommend that future research related to Stochastic Search Variable Selection Application 

to Matrix Sampling continue to develop the SSVS matrix sampling method and matrix sampling 

methodology in general.  Only a small number of methods have been proposed on this topic in 

the literature despite the associated benefits.  The research that has been published mainly 

involves simulation studies, without implementation in fields other than education.  Further 

development of the matrix sampling methodology and simulation studies may convince 

researchers to implement matrix sampling designs for surveys in field such as public health.   

 

We conducted the analysis in this chapter in a way such that it is generalizable to all household 

surveys.  The next step in the research would be to apply the methodology to a specific survey.  

This application would incorporate information specific to the survey, such as the selection of 

data to create the SSVS matrix sampling design, classification of variables into core and split 

variables, the varying times to collect different variables, and the amount of time to transition 

from one respondent to another.  One potential application would be the follow-up questionnaire 
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of the Nampula household survey.  The data used in our research was the baseline questionnaire 

of the Nampula household survey, but the follow-up questionnaire was recently administered.  

The baseline questionnaire can be used to create the SSVS matrix sampling design, and missing 

data could then be simulated in the follow-up data based on the SSVS matrix sampling design.  

This application can incorporate the specifics of the survey discussed above, making a strong 

case for future use in a household survey.    

 

We recommend that future research related to the The Importance of Cleaning Data During 

Fieldwork:  Evidence from Mozambique continues to develop data editing methodology directed 

at small-scale surveys with limited resources and lack of infrastructure.  The procedures 

presented in Chapter 3 were developed for a survey conducted in an area with a reliable internet 

connection, allowing for the statisticians to be involved remotely.  Many surveys in developing 

countries are not administered in areas where an internet connection is available, requiring the 

statistician to be on the ground.  In previous research, the Laboratory for Interdisciplinary 

Statistical Analysis (LISA) at Virginia Tech was able to provide this on-the-ground statistician as 

a member of the survey team and implement similar procedures.  Future surveys in developing 

countries should incorporate the on-the-ground statistician and continue to develop data editing 

procedures similar to our proposed methods.  The increased attention on data quality will 

hopefully encourage researchers conducting surveys in developing areas to include an on-the-

ground statistician to improve the overall quality of data collected from areas where the data is 

often noisy due to non-sampling errors. 
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We recommend that future work related to the Model Based Approach to Synthetic Bias 

Estimation continues with our proposed parametric model to improve the accuracy of synthetic 

estimation error estimates, particularly when the true synthetic estimation error is small 

compared to the sampling variance of the synthetic estimate and the direct sample variance 

estimate.  Our proposed parametric model and previous methods did not perform well in these 

simulation studies, overestimating the true synthetic estimation error.  Alternative prior 

specification may improve estimation in these cases.  The methods proposed in this manuscript 

required the assumption that the differences between the synthetic and design-based estimates 

were normally distributed.  Future work may look into the robustness of the results to violations 

of this normality assumption. 

 

The next step in this research is the application of the Fixed Covariate with Random Effects 

model to state and county population estimates from the 2020 Census Coverage Measurement 

(CCM).  Our model will provide the Census Bureau with area-specific estimates of the mean 

squared error of these population estimates that are more precise and accurate than those 

produced during the 2010 CCM.  
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APPENDIX A: PROOF OF THE TRIANGLE INEQUALITY PROPERTY 

- SUPPLEMENTARY MATERIAL FOR CHAPTER 2 
 

Let X, Y, and Z be split variables.  Then the distance between X and Y is the following 
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Suppose  (   )   (   )   (   ).  Then  
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   ∑(                                                        )

 

   

  

 

 

Let                                                            .  Consider the possible 

cases: 

 

Case                      

1 1 1 1 1 

2 1 0 1 Impossible 

3 1 1 0 Impossible 

4 1 0 0 3 

5 0 1 1 Impossible 

6 0 0 1 1 

7 0 1 0 1 

8 0 0 0 2 

 

Thus    (  )    and  

 

   ∑  

 

   

 ∑ 

 

   

   

 

     

 

 

By contradiction,  (   )   (   )   (   ) and the triangle inequality holds for the matrix 

      (     ). 
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APPENDIX B: CHAINED REGRESSION EQUATIONS EXAMPLE - 

SUPPLEMENTARY MATERIAL FOR CHAPTER 2 
 

 

For this example, assume that there are three split variables (            ) with missing values 

and a single core variable (X) observed for all respondents.  Let   
      

          
    be the 

observed values of the split variables, and   
      

          
    be the missing values.   

 

Assume that              are continuous variables.  We will use chained regression equations to 

impute the missing values of these three split variables.  For each split variable, we specify a 

univariate imputation model.  For simplicity, let the univariate imputation models be non-

Bayesian linear regression. 

  

The initial step of the chained regression equations algorithm imputes initial values for all 

missing values (  
   ( )   

   ( )       
   ( )).  The MICE function allows the user to specify the 

initial imputed values, but the default setting is a random selection from the observed values for 

each variable. 

 

Let              be generic parameter vectors associated with the imputation models.  For the 

linear regression models, θ includes the regression parameter vector β and the error variance   .  

The values of these two parameters are a deterministic function for non-Bayesian linear 

regression, but these parameters may also be draws from a random distribution, which is the case 

for Bayesian linear regression.  The t
th

 iteration of the chained regression equation is successive 

draws from the distributions given in Table B.1. 
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Table B.1:  Chained Regression Equation Steps 

Step Generic Equations Example Specific Equations 

1   
( )

  (     
      

(   )   
(   )  )    (  

   )  
   

    where 

   [    
(   )   

(   )] 

 

  
  

(  
      

   )
 (  

      
   )

   
     

⁄  

2   
   ( )  (     

      
(   )   

(   )   
 ( )  )   

   ( )       (       
 ) 

3   
( )

  (     
      

( )   
(   )  )    (  

   )  
   

    where    [    
( )   

(   )] 

 

  
  

(  
      

   )
 (  

      
   )

   
     

⁄  

4   
   ( )  (     

      
( )   

(   )   
 ( )  )   

   ( )       (       
 ) 

5   
( )

  (     
      

( )   
( )  )    (  

   )  
   

    where    [    
( )   

( )] 

 

  
  

(  
      

   )
 (  

      
   )

   
     

⁄  

6   
   ( )  (     

      
( )   

( )   
 ( )  )   

   ( )       (       
 ) 

 

 

 

The rows included in the Z matrices are only those that coincide with observed values of the split 

variable that is imputed.  For example, the rows of    coincide with the observed values of split 

variable   .  The values of      are the number of observed values of the given split variable. 

The steps in Table B.1 are iterated for a pre-specified number of iterations T.  Buuren and 

Groothuis-Oudshoorn (2011) state that convergence of the algorithm often occurs within 10 to 

20 iterations.  The draws from the final iteration (  
 ( )   

 ( )       
 ( )

) are combined with the 

observed values (  
      

          
   ) to form a data set with no missing values. 
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APPENDIX C: SHRINKAGE ESTIMATE DERIVATION - 

SUPPLEMENTARY MATERIAL FOR CHAPTER 4 
 

 

The models used in Otto and Bell (1995), Maples (2011) and the other cited references in 

Section 3 applied the random effects variance models to direct estimates of the sampling error 

variances.  These applications differ from our use of modeling the synthetic error variance    

  

since the residual terms    are unobserved, and hence direct estimates are unavailable. 

 

To see how this random effects variance model achieves empirical Bayes shrinkage estimates, 

suppose we observe the residual term   .  Since the random effects variance model assumes that 

the synthetic error variance    

  is constant within groups, the direct estimate of    
  would be:  

 

  
  

 

  
∑  

 

   

 

 

Since the residual terms    are distributed  (     
 ) with    

    
   ⁄  under the random 

effects model, the distribution of     
    

 ⁄  conditional on   ,    
 , and   is distributed   

 .  The 

distribution of   
  conditional on   ,    

 , and   is thus the following: 

 

  
        

    
     

 

  
   

  

 

Using Bayes’ theorem, it is easy to show that:  
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        (     
    

   )   (  
       

   ) (     
   )    

  
 

    
 
   [  

    
 

   
 ]

 

 

which is the kernel of a      (
  

 
     

    
 

   
 ) density.  This implies that    ⁄  has an 

inverse gamma distribution, and we have (Gelman et al. 2004, pg. 575) the derivation given in 

Equation C.1. 

 

 [   

    
    

   ]   [
  
 

  
   

    
   ]  

  
   

    
 

 
  
 

    
 [

 
  
 

  
  

  
  

 ⁄
  
 

  
  
 ] [

  
 

  
  
 

    
]       (C.1) 

 

For large values of    (e.g.,      ), the second factor is approximately equal to 1 and the 

expectation is the weighted average of a common variance parameter   
  and the “estimated 

variance” for group D,   
 .  Equation C.1 shrinks the   

  toward the common   
  around which the 

   
  are centered.  Since we do not observe    and   

 , this shrinkage occurs within the 

Metropolis-Hastings iteration used in fitting the model to the   . 
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APPENDIX D: DISTRIBUTION OF PREDICTION ERRORS - 

SUPPLEMENTARY MATERIAL FOR CHAPTER 4 
 

Table D.1:  Distribution of Errors Under the Assumption of Constant Synthetic Error Variance  

Within Group Assignments – Design Based Methods 
  

 
 
    20 Areas Per Group    50 Areas Per Group 

                      

                      

                      

                      

                      

  
 GW/ Marker Adj GW Adj Marker   GW/ Marker Adj GW Adj Marker  

                     

                     

                     

                     

                     

  
 GW/ Marker Adj GW Adj Marker   GW/ Marker Adj GW Adj Marker  

                     

                     

                     

                     

                     

  
 GW/ Marker Adj GW Adj Marker   GW/ Marker Adj GW Adj Marker  
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Table D.2:  Distribution of Errors Under the Assumption of Constant Synthetic Error Variance  

Within Group Assignments – Model Based Method 
  

 
 
    20 Areas Per Group    50 Areas Per Group 

                      

                      

                      

                      

                      

  
 FG-ML FG-HB Fixed Random   FG-ML FG-HB Fixed Random  

Flat Gelman Mode Mean Mode Mean Flat Gelman Mode Mean Mode Mean 

                     

                     

                     

                     

                     

  
 FG-ML FG-HB Fixed Random   FG-ML FG-HB Fixed Random  

Flat Gelman Mode Mean Mode Mean Flat Gelman Mode Mean Mode Mean 

                          

                          

                          

                          

                          

  
 FG-ML FG-HB Fixed Random   FG-ML FG-HB Fixed Random  

Flat Gelman Mode Mean Mode Mean Flat Gelman Mode Mean Mode Mean 
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Table D.3:  Distribution of Errors Under the Assumption of Non-constant Synthetic Error Variance  

With Correct Model Specification 
  

 
 
 5 Groups 2 Groups 

                  
                   

  
 Adj Marker Fixed Mode Random Mode   Adj Marker Fixed Mode Random Mode  

                
                  

  
 Adj Marker Fixed Mode Random Mode   Adj Marker Fixed Mode Random Mode  

             
                 

  
 Adj Marker Fixed Mode Random Mode   Adj Marker Fixed Mode Random Mode  
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Table D.4:  Distribution of Errors Under the Assumption of Non-constant Synthetic Error Variance  

With Incorrect Model Specification 
  

 
 
 5 Groups 2 Groups 

                 

                    

  
 Adj Marker Fixed Mode Random Mode   Adj Marker Fixed Mode Random Mode  

               

                   

  
 Adj Marker Fixed Mode Random Mode   Adj Marker Fixed Mode Random Mode  

             
                 

  
 Adj Marker Fixed Mode Random Mode   Adj Marker Fixed Mode Random Mode  
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Table D.5:  Distribution of Errors for 2010 CCM Simulation Data 
  

 
 
 States Counties 

     (  
 
 
   

 
 
) 

  
  Partha Fixed 

Mode 

Random 

Mode 

Mixed 

Mode 

  Partha Fixed 

Mode 

Random 

Mode 

Mixed 

Mode 

 

    (  
 
 
   

 
 ) 

  
  Partha Fixed 

Mode 
Random 

Mode 
Mixed 
Mode 

  Partha Fixed 
Mode 

Random 
Mode 

Mixed 
Mode 

 

    (  
 
 
   

 
 ) 

  
  Partha Fixed 

Mode 

Random 

Mode 

Mixed 

Mode 

  Partha Fixed 

Mode 

Random 

Mode 

Mixed 

Mode 
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APPENDIX E: RMSE COMPONENTS OF THE PREDICTED SYNTHETIC 

ERROR BIAS– SUPPLEMENTARY MATERIAL FOR CHAPTER 4 
 

E.1 Constant Squared Bias/Synthetic Error Variance Within Groups 
 

Table E.1:  Relative Standard Deviation of Designed Based Methods Under the Assumption of  

Constant Synthetic Error Variance Within Group Assignments 

Group   
 
     20 Areas Per Group    50 Areas Per Group  

Gonzalez-

Waksberg/ 

Marker 

Adjusted 

Gonzalez-

Waksberg 

Adjusted 

Marker 

Gonzalez-

Waksberg/ 

Marker 

Adjusted 

Gonzalez-

Waksberg 

Adjusted 

Marker 

1 0.010 463% 323% 321% 281% 195% 195% 

2 0.015 309% 220% 219% 199% 142% 141% 

3 0.020 245% 181% 179% 156% 116% 116% 

4 0.025 196% 145% 144% 127% 94% 94% 

5 0.030 174% 133% 132% 110% 85% 85% 

All 277% 200% 199% 175% 127% 126% 

1 0.10 73% 65% 65% 46% 41% 41% 

2 0.15 59% 55% 55% 37% 35% 35% 

3 0.20 52% 49% 49% 33% 32% 32% 

4 0.25 45% 43% 43% 30% 29% 29% 

5 0.30 45% 44% 44% 28% 28% 28% 

All 55% 51% 51% 35% 33% 33% 

1 0.50 40% 40% 40% 25% 25% 25% 

2 0.75 37% 37% 37% 23% 23% 23% 

3 1.00 34% 34% 34% 23% 23% 23% 

4 1.25 33% 33% 33% 21% 21% 21% 

5 1.50 35% 35% 35% 21% 21% 21% 

All 36% 36% 36% 23% 23% 23% 

 

 
Table E.2:  Relative Bias of Designed Based Methods Under the Assumption of 

 Constant Synthetic Error Variance Within Group Assignments 

Group   
 
 
    20 Areas Per Group    50 Areas Per Group  

Gonzalez-

Waksberg/ 

Marker 

Adjusted 

Gonzalez-

Waksberg 

Adjusted 

Marker 

Gonzalez-

Waksberg/ 

Marker 

Adjusted 

Gonzalez-

Waksberg 

Adjusted 

Marker 

1 0.010 -13% 293% 300% 9% 283% 286% 

2 0.015 -3% 189% 193% 1% 176% 178% 

3 0.020 -8% 132% 135% 9% 132% 133% 

4 0.025 -6% 99% 102% -1% 95% 96% 

5 0.030 7% 88% 90% 2% 77% 77% 

All -5% 160% 164% 4% 153% 154% 

1 0.10 -3% 11% 12% 1% 13% 13% 

2 0.15 0% 6% 6% 0% 5% 5% 

3 0.20 -4% 0% 0% 1% 4% 4% 

4 0.25 -2% 0% 0% -1% 1% 1% 

5 0.30 0% 1% 1% 0% 1% 2% 

All -2% 4% 4% 0% 5% 5% 

1 0.50 -1% -1% -1% 0% 0% 0% 

2 0.75 0% 0% 0% -1% 0% 0% 

3 1.00 -3% -3% -3% 0% 0% 0% 

4 1.25 -2% -2% -2% -1% -1% -1% 

5 1.50 -1% -1% -1% 0% 0% 0% 

All -2% -1% -1% 0% 0% 0% 
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Table E.3:  Relative Standard Deviation of Model Based Methods Under the Assumption of Constant Synthetic 

Error Variance Within Group Assignments– mD=20 Areas Per Group 

Group   
 
  Fixed Group  -

ML 

Fixed Group - HB Fixed Covariate Random Effects  

Flat 

Prior 

Gelman 

Prior 

Posterior 

Mode 

Posterior 

Mean 

Posterior 

Mode 

Posterior 

Mean 

1 0.010 420% 488% 470% 391% 470% 264% 316% 

2 0.015 281% 327% 315% 265% 314% 175% 210% 

3 0.020 227% 266% 256% 217% 256% 143% 172% 

4 0.025 179% 209% 202% 173% 202% 114% 137% 

5 0.030 161% 190% 184% 157% 184% 107% 127% 

All 254% 296% 285% 241% 285% 161% 192% 

1 0.10 72% 87% 85% 73% 85% 51% 59% 

2 0.15 58% 71% 69% 57% 69% 42% 49% 

3 0.20 52% 64% 61% 51% 61% 37% 44% 

4 0.25 45% 55% 53% 44% 53% 33% 39% 

5 0.30 45% 56% 54% 44% 54% 35% 41% 

All 54% 67% 64% 54% 64% 40% 46% 

1 0.50 40% 50% 47% 39% 47% 34% 39% 

2 0.75 37% 46% 44% 36% 44% 30% 35% 

3 1.00 34% 43% 40% 33% 40% 27% 32% 

4 1.25 33% 42% 39% 32% 39% 26% 31% 

5 1.50 35% 43% 41% 33% 41% 27% 32% 

All 36% 45% 42% 35% 42% 29% 34% 

 

 

 
Table E.4:  Relative Bias of Model Based Methods Under the Assumption of Constant Synthetic Error Variance 

Within Group Assignments– mD=20 Areas Per Group 

Group   
 
  Fixed Group  -

ML 

Fixed Group - HB Fixed Covariate Random Effects  

Flat 

Prior 

Gelman 

Prior 

Posterior 

Mode 

Posterior 

Mean 

Posterior 

Mode 

Posterior 

Mean 

1 0.010 361% 773% 549% 229% 548% 227% 431% 

2 0.015 241% 522% 370% 151% 369% 129% 271% 

3 0.020 173% 388% 272% 105% 272% 81% 190% 

4 0.025 136% 312% 218% 79% 218% 52% 142% 

5 0.030 118% 268% 188% 67% 189% 37% 115% 

All 206% 452% 319% 126% 319% 105% 230% 

1 0.10 21% 80% 52% 3% 52% 23% 60% 

2 0.15 14% 61% 41% 2% 41% 2% 31% 

3 0.20 5% 46% 29% -5% 29% -11% 13% 

4 0.25 4% 42% 27% -4% 27% -16% 6% 

5 0.30 4% 40% 27% -3% 27% -17% 4% 

All 10% 54% 35% -2% 35% -4% 23% 

1 0.50 1% 32% 21% -5% 21% 6% 28% 

2 0.75 1% 30% 20% -4% 20% -5% 14% 

3 1.00 -3% 25% 16% -7% 16% -13% 5% 

4 1.25 -1% 26% 17% -6% 17% -15% 2% 

5 1.50 -1% 26% 18% -5% 18% -16% 0% 

All -1% 28% 18% -6% 18% -9% 10% 
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Table E.5:  Relative Standard Deviation of Model Based Methods Under the Assumption of Constant Synthetic 

Error Variance Within Group Assignments– mD=50 Areas Per Group 

Group   
 
  Fixed Group - 

ML 

Fixed Group - HB Fixed Covariate Random Effects  

Flat 

Prior 

Gelman 

Prior 

Posterior 

Mode 

Posterior 

Mean 

Posterior 

Mode 

Posterior 

Mean 

1 0.010 279% 285% 293% 294% 293% 201% 215% 

2 0.015 192% 199% 204% 201% 204% 143% 152% 

3 0.020 153% 160% 163% 160% 163% 117% 124% 

4 0.025 122% 127% 130% 129% 130% 93% 99% 

5 0.030 107% 112% 114% 113% 114% 83% 88% 

All 170% 177% 181% 179% 181% 127% 136% 

1 0.10 46% 50% 50% 47% 50% 38% 41% 

2 0.15 37% 40% 39% 37% 39% 31% 33% 

3 0.20 33% 36% 36% 33% 36% 29% 31% 

4 0.25 30% 32% 32% 30% 32% 26% 28% 

5 0.30 28% 31% 30% 28% 30% 25% 27% 

All 35% 38% 37% 35% 37% 30% 32% 

1 0.50 25% 27% 26% 25% 26% 23% 24% 

2 0.75 23% 25% 25% 23% 25% 21% 23% 

3 1.00 23% 25% 25% 23% 25% 21% 22% 

4 1.25 21% 23% 23% 21% 23% 19% 21% 

5 1.50 21% 23% 23% 21% 23% 19% 21% 

All 23% 25% 24% 23% 24% 21% 22% 

 

 

 
Table E.6:  Relative Bias of Model Based Methods Under the Assumption of Constant Synthetic Error Variance 

Within Group Assignments– mD=50 Areas Per Group 

Group   
 
  Fixed Group - 

ML 

Fixed Group - HB Fixed Covariate Random Effects  

Flat 

Prior 

Gelman 

Prior 

Posterior 

Mode 

Posterior 

Mean 

Posterior 

Mode 

Posterior 

Mean 

1 0.010 383% 524% 440% 310% 440% 326% 424% 

2 0.015 252% 346% 291% 204% 291% 202% 270% 

3 0.020 195% 268% 226% 159% 226% 147% 199% 

4 0.025 144% 204% 170% 116% 170% 103% 146% 

5 0.030 115% 166% 138% 91% 138% 77% 113% 

All 218% 301% 253% 176% 253% 171% 231% 

1 0.10 27% 47% 38% 20% 38% 31% 47% 

2 0.15 15% 31% 25% 10% 25% 10% 23% 

3 0.20 10% 25% 20% 7% 20% 2% 13% 

4 0.25 6% 19% 15% 3% 15% -3% 7% 

5 0.30 5% 18% 14% 2% 14% -5% 4% 

All 13% 28% 22% 8% 22% 7% 19% 

1 0.50 2% 13% 10% 0% 10% 6% 15% 

2 0.75 1% 11% 8% -2% 8% -2% 7% 

3 1.00 0% 10% 7% -1% 7% -4% 3% 

4 1.25 -1% 9% 6% -3% 6% -7% 1% 

5 1.50 0% 10% 7% -2% 7% -7% 0% 

All 1% 11% 8% -1% 8% -3% 5% 
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E.2 Nonconstant Squared Bias/Synthetic Error Variance – Correct Model 

Specification 
 

Table E.7:  Relative Standard Deviation Under the Assumption of  

Non-constant Synthetic Error Variance With Correct Model Specification 

  
 
 
 Group 20 Areas Per Group 50 Areas Per Group 

Adjusted 

Marker 

Fixed 

Covariate  

Posterior 

Mode 

Random 

Effects 

Posterior 

Mode 

Adjusted 

Marker 

Fixed 

Covariate  

Posterior 

Mode 

Random 

Effects 

Posterior 

Mode 

  
 
                   

                   

1 274% 342% 225% 145% 245% 180% 

2 207% 191% 165% 97% 143% 113% 

3 179% 148% 143%  

4 148% 131% 118% 

5 139% 157% 111% 

All 190% 194% 152% 121% 194% 146% 

  
 
                 

                 

1 61% 57% 46% 36% 43% 35% 

2 54% 36% 40% 29% 31% 28% 

3 49% 28% 37%  

4 44% 28% 33% 

5 45% 37% 35% 

All 51% 37% 38% 33% 37% 32% 

  
 
 
             

                 

1 39% 32% 32% 24% 24% 23% 

2 37% 20% 29% 22% 21% 21% 

3 34% 17% 27%  

4 34% 19% 26% 

5 35% 24% 27% 

All 36% 22% 28% 23% 22% 22% 

 

 
Table E.8:  Relative Bias Under the Assumption of  

Non-constant Synthetic Error Variance With Correct Model Specification 

  
 
  Group 20 Areas Per Group 50 Areas Per Group 

Adjusted 

Marker 

Fixed 

Covariate  

Posterior 

Mode 

Random 

Effects 

Posterior 

Mode 

Adjusted 

Marker 

Fixed 

Covariate  

Posterior 

Mode 

Random 

Effects 

Posterior 

Mode 

  
 
                   

                   

1 245% 251% 180% 183% 174% 196% 

2 179% 132% 117% 99% 111% 104% 

3 135% 102% 82%  

4 107% 108% 57% 

5 98% 119% 44% 

All 153% 142% 96% 141% 142% 150% 

  
 
                 

                 

1 8% 8% 13% 7% 6% 13% 

2 6% 6% 0% 2% 4% -1% 

3 0% 5% -10%  

4 0% 4% -14% 

5 2% 3% -16% 

All 3% 5% -5% 5% 5% 6% 

  
 
              

                 

1 -1% -4% 2% 2% -2% 2% 

2 0% -1% -5% 0% -3% -5% 

3 -3% -1% -12%  

4 -2% -3% -13% 

5 -1% -4% -15% 

All -1% -2% -9% 1% -2% -1% 
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E.3 Nonconstant Squared Bias/Synthetic Error Variance – Incorrect Model 

Specification 
 

Table E.9:  Relative Standard Deviation Under the Assumption of  

Non-constant Synthetic Error Variance With Incorrect Model Specification 

  
 
 
 Group 20 Areas Per Group 50 Areas Per Group 

Adjusted 

Marker 

Fixed 

Covariate  

Posterior 

Mode 

Random 

Effects 

Posterior 

Mode 

Adjusted 

Marker 

Fixed 

Covariate  

Posterior 

Mode 

Random 

Effects 

Posterior 

Mode 

  
 
                   

                   

1 295% 301% 235% 157% 248% 186% 

2 218% 227% 175% 92% 144% 109% 

3 173% 176% 138%  

4 145% 149% 116% 

5 126% 128% 101% 

All 191% 196% 153% 125% 196% 147% 

  
 
                 

                 

1 97% 72% 73% 60% 71% 58% 

2 94% 70% 70% 56% 66% 53% 

3 90% 70% 67%  

4 88% 66% 66% 

5 86% 64% 64% 

All 91% 68% 68% 58% 68% 58% 

  
 
 
             

                 

1 60% 39% 47% 31% 32% 30% 

2 45% 29% 35% 18% 19% 17% 

3 36% 24% 28%  

4 31% 19% 24% 

5 27% 17% 21% 

All 40% 25% 31% 25% 25% 24% 

 

 

 
Table E.10:  Relative Bias Under the Assumption of  

Non-constant Synthetic Error Variance With Incorrect Model Specification 

  
 
  Group 20 Areas Per Group 50 Areas Per Group 

Adjusted 

Marker 

Fixed 

Covariate  

Posterior 

Mode 

Random 

Effects 

Posterior 

Mode 

Adjusted 

Marker 

Fixed 

Covariate  

Posterior 

Mode 

Random 

Effects 

Posterior 

Mode 

  
 
                   

                   

1 296% 284% 205% 210% 217% 223% 

2 197% 189% 129% 82% 86% 90% 

3 135% 128% 81%  

4 97% 92% 52% 

5 71% 65% 31% 

All 159% 152% 100% 146% 152% 156% 

  
 
                 

                 

1 98% 104% 79% 93% 100% 95% 

2 92% 98% 73% 78% 83% 79% 

3 86% 91% 68%  

4 81% 84% 63% 

5 76% 79% 58% 

All 87% 91% 68% 85% 91% 87% 

  
 
 
             

                 

1 62% 63% 49% 36% 35% 32% 

2 23% 22% 13% -20% -21% -22% 

3 -2% -2% -10%  

4 -17% -18% -24% 

5 -28% -30% -34% 

All 8% 7% -1% 8% 7% 5% 
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E.4 2010 CCM Simulations  
 

Table E.11:  Components of RRMSE for 2010 CCM State Simulation Data 

  
 
  Group Relative Standard Deviation Relative Bias 

Adjusted 

Marker 

Fixed 

Covariate  

Posterior 

Mode 

Random 

Effects  

Posterior 

Mode 

Fixed 

Covariate 

with 

Random 

Effects 

Posterior 

Mode 

Adjusted 

Marker 

Fixed 

Covariate  

Posterior 

Mode 

Random 

Effects  

Posterior 

Mode 

Fixed 

Covariate 

with 

Random 

Effects 

Posterior 

Mode 

    

 (  
 
 
   

 
 
) 

 

1 2,463% 425% 106% 226% 2,056% 150% -31% 83% 

2 2,116% 209% 158% 117% 2,043% 14% -8% -10% 

3 2,074% 564% 362% 451% 2,053% 239% 90% 223% 

All 2,218% 399% 209% 265% 2,051% 134% 17% 99% 

    (  
 
    

 
 ) 

 

1 314% 98% 32% 52% 207% -43% -82% -65% 

2 274% 56% 43% 26% 207% -70% -77% -82% 

3 268% 105% 82% 75% 208% -38% -53% -50% 

All 285% 86% 52% 51% 207% -50% -71% -66% 

    (  
 
    

 
 ) 1 122% 76% 46% 60% 58% -9% -49% -45% 

2 108% 48% 50% 39% 60% -34% -40% -64% 

3 106% 79% 64% 63% 58% -22% -12% -50% 

All 112% 68% 53% 54% 59% -22% -34% -53% 

 

 

 
Table E.12:  Components of RRMSE for 2010 CCM County Simulation Data 

  
 
  Group Relative Standard Deviation Relative Bias 

Adjusted 

Marker 

Fixed 

Covariate  

Posterior 

Mode 

Random 

Effects  

Posterior 

Mode 

Fixed 

Covariate 

with 

Random 

Effects 

Posterior 

Mode 

Adjusted 

Marker 

Fixed 

Covariate  

Posterior 

Mode 

Random 

Effects  

Posterior 

Mode 

Fixed 

Covariate 

with 

Random 

Effects 

Posterior 

Mode 

     (  
 
 
   

 
 
) 

 

1 2,789% 163% 32% 88% 3,085% -24% -77% -49% 

2 3,474% 188% 64% 78% 4,079% -14% -60% -49% 

3 6,131% 126% 64% 55% 6,056% -39% -61% -62% 

4 2,320% 62% 71% 33% 2,791% -67% -70% -76% 

5 2,850% 320% 103% 190% 3,355% 58% -53% 13% 

All 3,513% 172% 67% 89% 3,873% -17% -64% -45% 

    (  
 
    

 
 ) 

 

1 361% 51% 27% 30% 366% -68% -87% -83% 

2 450% 62% 36% 33% 506% -57% -78% -80% 

3 784% 50% 30% 28% 789% -66% -80% -84% 

4 301% 30% 34% 17% 321% -81% -83% -91% 

5 369% 87% 46% 58% 404% -54% -74% -71% 

All 453% 56% 34% 33% 477% -65% -80% -82% 

    (  
 
    

 
 ) 

 

1 142% 39% 43% 43% 151% -17% -28% -39% 

2 177% 44% 43% 57% 220% 31% -10% -4% 

3 303% 38% 45% 55% 367% 21% -14% -9% 

4 119% 24% 39% 34% 125% -30% -23% -45% 

5 145% 69% 45% 64% 169% -11% -8% -33% 

All 177% 43% 43% 51% 206% -1% -17% -26% 

 


