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Background 

Timeline 
• 2005: Start of development of indicators following new, semi-autonomous 

status of Statistics Netherlands; 
• 2007 – now: Collaboration/exchange of ideas with University of Michigan; 

• 2008 – 2010: EU FP7 project RISQ (partial indicators, statistical properties, 

monitoring, adaptive survey design pilot studies); 

• 2007 – now: Large-scale multi-mode (re)designs at Statistics Netherlands; 

• 2009 – 2013: PhD on adaptive survey design (Melania Calinescu), gradual 

shift towards adaptive mixed-mode designs; 

• 2009 – now: Population-based R-indicators; 

• 2015 – now: Bayesian Adaptive survey Design network (BADEN); 

• 2015 – now: Implementation of indicators in routine monitoring and analysis 

systems at Statistics Netherlands; 

 

www.risq-project.eu  

www.badennetwork.com  

http://www.risq-project.eu/
http://www.risq-project.eu/
http://www.risq-project.eu/
http://www.badennetwork.com/


Proxy indicators for nonresponse bias 

Response is strongly representative, when individual response probabilities 

are constant, i.e. nonresponse is a second stage in the sampling design; 

 

Response is weakly representative with respect to X, when response 

propensities 𝜌𝑋(𝑥) are constant in x; 

 

Response is (weakly) conditional representative with respect to X given Z, 

when response propensities 𝜌𝑋,𝑍(𝑥, 𝑧) depend only on z; 

 

 

Sensible indicators should measure deviations from these definitions. 

 

R-indicator:                            𝑅 𝑋 = 1 − 2𝑆(𝜌𝑋) 

Coefficient of variation:             𝐶𝑉 𝑋 = 
𝑆(𝜌𝑋)

𝜌 
 



Proxy indicators for nonresponse bias 

Partial R-indicators and partial coefficients of variation were developed to 

elaborate deviations from (conditionally) representative response in an ANOVA 

type fashion. 

 

 

Other indicators in the literature: 

 

Imbalance (Särndal et al):        IMB 𝑋 = 𝜌 2𝐶𝑉2 𝑋 =
1

4
(1 − 𝑅 𝑋 )2 

Distance (Särndal et al):           dist 𝑋 =
𝑆(𝜌𝑋)

𝜌 (1−𝜌 )
=

𝐶𝑉(𝑋)

1−𝜌 
=

1−𝑅(𝑋)

2𝜌 (1−𝜌 )
 

 

FMI (Wagner et al):       FMI 𝑌, 𝑋 =
(1−𝜌 )(1−𝐶𝐷ℜ 𝑌,𝑋 )

𝜌 +(1− 𝜌 )(1−𝐶𝐷ℜ 𝑌,𝑋 )
 with  𝐶𝐷ℜ 𝑌, 𝑋 =

𝑆ℜ
2(𝑌𝑋)

𝑆ℜ
2(𝑌)

 

 

Estimated bias (Groves et al):  NRB 𝑌, 𝑋 =
covℜ(𝑌,𝜌𝑋)

𝜌 
 



Proxy indicators for nonresponse bias 

Response-representativeness plots for monitoring 



Indicators and adjustment  

Frequently used estimators for population mean 
 

Response mean (HT-estimator):    𝑦 𝑅𝑀 =
 𝑅𝑖𝑌𝑖
𝑛
𝑖=1

 𝑅𝑖
𝑛
𝑖=1

 

 

Inverse Propensity Weighting:     𝑦 𝐼𝑃𝑊 =
1

𝑛
 

𝑅𝑖𝑌𝑖

𝜌𝑋(𝑋𝑖)
𝑛
𝑖=1  

 

Generalised Regression:         𝑦 𝐺𝑅𝐸𝐺 = 𝑦 𝑅𝑀 + β(𝑥 𝑛-𝑥 𝑅𝑀) 

 

Double-robust:                        𝑦 𝐷𝑅 = 𝑦 𝐼𝑃𝑊 + β(𝑥 𝑛-𝑥 𝐼𝑃𝑊) 

Y R 

X 
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Generalised Regression:         𝑦 𝐺𝑅𝐸𝐺 = 𝑦 𝑅𝑀 + β(𝑥 𝑛-𝑥 𝑅𝑀) 

 

 

Double-robust:                        𝑦 𝐷𝑅 = 𝑦 𝐼𝑃𝑊 + β(𝑥 𝑛-𝑥 𝐼𝑃𝑊) 

Approximate bias 
 

𝐵𝑅𝑀 =
cov(𝑌, 𝜌)

𝜌 
 

 

𝐵𝐼𝑃𝑊 =
cov(𝑌,

𝜌
𝜌𝑋
) 

𝜌 
 

 

𝐵𝐺𝑅𝐸𝐺 =
cov(𝑌 − 𝛽𝑋, 𝜌)

𝜌 
 

 

𝐵𝐷𝑅 =
cov(𝑌 − 𝛽𝑋,

𝜌
𝜌𝑋
) 

𝜌 
 



Indicators and adjustment 

Given correctly specified link functions between X, Y and 𝜌, the IPW, GREG 

and DR estimators center the NMAR bias interval around 0; 

 

The width of the NMAR interval is approximately equal to 

 
2𝑆 𝑌 𝑆(𝜌)

𝜌 
1 − cor2(𝑌, 𝛽𝑋) 1 − cor2(𝜌, 𝜌𝑋) 

 

and (after some manipulations) proportional to 

 

 (CV2(𝜌) − CV2(𝜌𝑋))𝐶𝐷 (𝑋, 𝑌) 

 

 



Adaptive survey design - general 

Adaptive survey designs differentiate survey design features for different 

population subgroups based on auxiliary data about the sample obtained 

from frame data, registry data or paradata. 

 

Instead of a single (uniform) strategy multiple candidate strategies can be 

drawn 

 

Why adaptive survey designs? 

• Response: persons have different preferences for communication and 

interview, i.e. respond differently to different data collection strategies; 

• Costs: different strategies are associated with different costs per 

person; 

10 



Adaptive survey design - approaches 

Approaches in the literature: 

1. Trial-and-error: Based on experience and historic survey data, allocate 

strategies to different population strata; 

2. Case prioritization: Construct models for nonresponse, rank cases on 

their estimated propensity and allocate resources first to cases with 

lowest propensities; 

3. Stopping rules/quota: Stop data collection in population strata when 

their response propensities reach a pre-specified threshold; 

4. Mathematical optimization: Choose explicit cost and quality criteria, 

write them in terms of strategy allocation probabilities and solve as an 

optimization problem; 

 

Approach 4 has been investigated extensively at Statistics Netherlands, 

and R-indicators/CV are included as constraints or objective functions; 

11 



Adaptive survey design – multi-mode 

In the course of adaptive survey design research, it was concluded that 

survey modes have the strongest quality-cost differential, but cannot be 

optimized without a combined nonresponse-measurement error view. 

 

Two settings: 

1. Single-purpose surveys, i.e. with a few key statistics; 

2. Multi-purpose surveys, i.e. many key statistics or panels; 

 

Under setting 1: Directly minimize method effects due to choice of modes 

relative to benchmark designs (research into re-interview designs by 

Thomas Klausch); 

 

Under setting 2: Summarize measurement error as data quality indicators 

and add constraints on data quality propensities; 
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Reduction of nonresponse bias 

1. Is there a theoretical basis for the assertion that a less representative 

response for X is indicative of a less representative response for other 

variables, even after adjustment using X? 

2. Is there any empirical basis for this assertion? 

 

In other words, should we prefer more balanced/representative data for bias 

reduction? 

 

 

RQ1 asks whether such indicators measure product quality or accuracy. 
Schouten (discussion paper, 2015) 

 

RQ2 asks whether representativeness indicators measure process quality, i.e. 

quality control point of view. 
Schouten, Cobben, Lundquist & Wagner (JRSSA, 2015, available on early viewg)  



Empirical evidence 

Options to investigate empirical support: 

1. Simulate adaptive survey designs with reduced effort based on a real data 

set with a maximal or very extensive effort; 

2. Set aside part of the auxiliary variables and treat those as pseudo survey 

variables; 

 

In the paper, we chose the second option, but literature has reported a few 

studies under the first option. 



Empirical evidence 

Approach: 

• Collect survey data sets with multiple designs or waves over various 

countries/institutes; 

• Select available auxiliary variables in the data sets and sort them randomly; 

• Add variables one by one, and compute (partial) CV and R and remaining 

nonresponse bias given adjustment on variables already in the models; 

• Rank designs/waves within a data set based on their performance; 

• Perform a rank test on the inversions in the design preferences when 

adding the variables one by one;  

 

Conclusion: On combined data sets, the hypotheses of random inversions are 

rejected and point at consistency in design preferences. 



Empirical evidence 

  Number of rank inversions 

 

Expected Observed p-value 

Stat Netherlands 189.5 97 <0.001 

Stat Sweden/ISR 118.5 97 0.02 

All 308 194 <0.001 

Rank test applied to rank inversions in design preferences when 

adding auxiliary variables one at a time (14 data sets). 



Empirical evidence 

Coefficient of variation and R-indicator plotted against the remaining 
nonresponse bias after adjustment. 



Theoretical evidence - general 

General considerations: 

• Survey nonresponse is not-missing-at-random (NMAR) for survey 

variables, unless an informed model would exist; 

• The nature of the generation of (auxiliary) variables needs to be modelled, 

because the possible NMAR universe is very “big”; 

• If all NMAR mechanisms are seen as equally likely, then ASD may only be 

useful to improve precision;  

 



Generating auxiliary variables 

Theorem 1: If X is selected at random, then ECV2 ρX = C CV2(ρ), where C is a 

constant that is independent of  X. 

 

Theorem 2: If X is selected at random from a subset of variables U, then 

ECV2 ρX = CU CVB
2(ρ), where CU is a constant that is independent of  X but 

depends on the subset and  

 CVB
2 ρ =

SB
2(ρ)

ρ 2
 

in which SB
2(ρ) is the between variance of response probabilities given U. 

 

Consequences for bias: 

               𝐸 𝐶𝑉2 𝜌 − 𝐶𝑉2 𝜌𝑋 ≅ 𝐶𝑉2 𝜌 − 𝐸𝐶𝑉2 𝜌𝑋 =
1−𝐶

𝐶
𝐸𝐶𝑉2 𝜌𝑋   



Theoretical evidence - conclusions 

When auxiliary variables X are viewed as randomly drawn: 

 

• From the full universe of variables: A lower CV for one design than 

another implies a lower expected CV on any other randomly drawn variable 

on that design; 

 

• From a subset of variables: the same holds but for any other randomly 

drawn variable from the same cluster; 

 

• Both conclusions still hold when adaptive survey design is based on 

minimizing CV for randomly drawn X; 



Example – LISS panel 2010 - 2014 

From the ten LISS core studies, 1306 variables were taken, including ten 

commonly used demographic and socio-economic variables 

  2010 2011 2012 2013 2014 

Attrition rate 11.7% 20.6% 27.1% 30.6% 34.7% 

All X Average CV 

per variable 

0.006 0.010 0.014 0.017 0.019 

Maximal CV 0.039 0.055 0.065 0.071 0.078 

Proportion 15% 19% 22% 23% 24% 

Estimated 

total CV 

0.062 0.105 0.149 0.174 0.199 

Standard X CV 0.033 0.069 0.089 0.106 0.127 

Relative 53% 65% 60% 61% 64% 



Example – LISS-panel 

Subsets of variables were formed by selecting variables that satisfy a minimal 

association (Cramer’s V) to four key LISS panel survey variables: 

  2010 2011 2012 2013 2014 

Estimated 

CV of 

standard X 

Health (4) 0.030 0.065 0.075 0.095 0.102 

Sports (3) 0.017 0.046 0.065 0.081 0.096 

Surveys (0) - - - - - 

Dwelling (10) 0.032 0.069 0.090 0.106 0.127 

Estimated  

CV of cluster 

Health 0.031 0.056 0.083 0.102 0.122 

Sports 0.029 0.058 0.090 0.110 0.129 

Surveys 0.079 0.115 0.171 0.180 0.199 

Dwelling 0.040 0.067 0.097 0.124 0.145 



Discussion 

 

– These results are/may be empirical and theoretical evidence that balancing 
response reduces nonresponse bias; 
 

– However, many variables are needed to get a precise signal of a preferred 
design. The empirical study confirms this requirement; 
 

– Random measurement error and circumstantial noise tend to reduce 
associations between variables and lead to a spurious perception of low 
explanatory power; 
 
 

Important side remark: 
The estimation of indicators is (mostly) neglected in this presentation, but leads 
to additional issues: 

• R and CV pick up sampling variation as lack of representativeness; 
• This biasing effect is stronger for so-called population-based R/CV that 

estimate indicators based on population tables; 
 
 


