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Robust adaptive survey design for time changes in  
mixed-mode response propensities 

Shiya Wu, Harm-Jan Boonstra, Mirjam Moerbeek and Barry Schouten1 

Abstract 

Adaptive survey designs (ASDs) tailor recruitment protocols to population subgroups that are relevant to a 
survey. In recent years, effective ASD optimization has been the topic of research and several applications. 
However, the performance of an optimized ASD over time is sensitive to time changes in response propensities. 
How adaptation strategies can adjust to such variation over time is not yet fully understood. In this paper, we 
propose a robust optimization approach in the context of sequential mixed-mode surveys employing Bayesian 
analysis. The approach is formulated as a mathematical programming problem that explicitly accounts for 
uncertainty due to time change. ASD decisions can then be made by considering time-dependent variation in 
conditional mode response propensities and between-mode correlations in response propensities. The approach 
is demonstrated using a case study: the 2014-2017 Dutch Health Survey. We evaluate the sensitivity of ASD 
performance to 1) the budget level and 2) the length of applicable historic time-series data. We find there is only 
a moderate dependence on the budget level and the dependence on historic data is moderated by the amount of 
seasonality during the year. 

 
Key Words: Adaptive survey designs; Bayesian approach; Optimization; Response propensity model; Time series 

analysis. 

 
 

1. Introduction 
 

Adaptive survey designs (ASDs, Wagner, 2008 and Schouten, Peytchev and Wagner, 2017) have 

gradually become a viable choice in contemporary surveys; a single survey protocol is no longer offered to 

all individuals or subgroups but it is tailored to efficiently attain individual’s responses based on known 

population characteristics and characteristics observed during fieldwork. This shift was accelerated by 

persistent declines in response rates, limited budgets, a larger variety of data sources, the emergence of all 

kinds of mobile devices, and the gradual migration to mixed-mode surveys. These developments imply more 

urgency and more options in design. 

A key element in ASD is the optimization strategy, i.e., the set of decision rules. Such strategies rely on 

input on response propensities and other survey design parameters. The main approaches to optimization 

include case prioritization (Peytchev, Riley, Rosen, Murphy and Lindblad, 2010; Wagner, 2013 and Wagner 

and Hubbard, 2013), trial and error, and mathematical and statistical optimization (van Berkel, van der Doef 

and Schouten, 2020; Calinescu, Bhulai and Schouten, 2013 and Schouten, Calinescu and Luiten, 2013); see 

Schouten et al. (2017) for the advantages and disadvantages of each approach. However, in these 

contributions the inaccuracy in response propensities estimated from historic data was most often ignored. 

In mathematical programming, objectives can be parameterized as functions of response propensities acting 

as one of the main inputs to optimization. Error would be introduced in making decisions when true response 

propensities change over time and these changes are not accounted for in estimation. As a result, inaccuracy 
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renders any ASD as suboptimal, or even worse, makes it ineffective. Placing ASD optimization in a 

Bayesian context is natural to address this issue, yet the relevant survey methodology research is still in its 

infancy. Recently, Ma (2021) developed methodology to efficiently optimize a stratification by holding out 

for accurate estimates of response propensities in a Bayesian manner, given the most recent historic data. 

Time changes in response propensities and inaccurate estimates from historic data endanger the 

robustness of ASD optimization; see Schouten et al. (2017) and Chun, Heeringa and Schouten (2018) for 

more discussion. Recently, ASD research started to focus on developing response propensity models and 

improving prediction accuracy; Schouten, Mushkudiani, Shlomo, Durrant, Lundquist and Wagner (2018) 

pioneered Bayesian updating methods to combat this bias by statistically leveraging accumulated survey 

data and historic data generated from past implementations of the same survey. Being the most informative, 

prior beliefs gathered from past survey data can enhance current data for prediction purposes. Clearly, 

translating external data sources to prior beliefs is a requisite for the development of response propensity 

models. To do so, using a literature review (West, Wagner, Coffey and Elliott, 2023) and eliciting expert 

knowledge (Coffey, West, Wagner and Elliott, 2020 and Wu, Schouten, Meijers and Schouten, 2022) are 

recent approaches to source prior information. Survey researchers treat the matter of historic data timeliness 

incompletely and consider response propensities at different survey phases overall, whereas some facts, 

such as consistently reduced response rates over years, indicate that accurate estimates of response 

propensities are dependent on time, and response propensities in sequential designs are likely to correlate. 

The most closely related work by Wu, Boonstra, Moerbeek and Schouten (2023) explored deconstructing 

time changes in response propensities at multiple levels to study the influence of the length of applicable 

historic survey data on response propensity prediction accuracy. There, only the Computer-Assisted Web 

Interviewing (CAWI) data collection phase in the Dutch Health Survey (GEZO) was considered, and not 

the Computer-Assisted Personal Interviewing (CAPI) phase that applies to the CAWI non-respondents. In 

the present study, we generalize the model development for response propensity prediction to multiple 

phases of data collection, and in particular to the case of both CAWI and CAPI mode data collection phases 

of GEZO. This allows, e.g., to evaluate conditional prediction accuracy of CAPI response propensities given 

the CAWI response realization in a certain period. As in Wu et al. (2023), we adopt a Bayesian approach 

that allows full uncertainty quantification of response propensities and derived quantities. The second 

extension of this paper relative to Wu et al. (2023) is the analysis of ASD performance under various 

external constraints, taking into account the uncertainty of response propensity predictions. 

Taken together, this paper aims to make two contributions to sequential mixed-mode (MM) designs: 

predicting each survey mode response propensity as accurately as possible and making adaptive decisions 

in as optimally as possible. To fulfil this ambition by leveraging historic time-series data in the evaluation, 

we raise three research questions: 

 How can time-series models be constructed to improve response propensity prediction accuracy 

in a sequential mixed-mode design? 

 How sensitive is ASD performance to the specified budget level? 

 How does ASD performance depend on the length of applicable historic data? 



Survey Methodology, December 2024 437 

 

 
Statistics Canada, Catalogue No. 12-001-X 

 

In response to the first question, we extend the binomial multilevel time-series models for a single mode 

proposed by Wu et al. (2023) to multinomial multilevel time-series models for multiple modes, and illustrate 

by means of an application to the GEZO survey, for which we use data from the period 2014-2017. This 

extension also considers the incorporation of between-mode correlation parameters in modeling the 

response propensities of CAWI and CAPI. 

Concerning the second and third questions, a strategy that accommodates uncertainty about input to 

optimization when optimizing probabilistic allocations is in great demand. The survey design performance 

is monitored by evaluating representation of relevant background characteristics linked through admi-

nistrative data. The representation is operationalized through the coefficient of variation (CV) of response 

propensities (Schouten, Cobben and Bethlehem, 2009). We benchmark the ASD performance against the 

performance of CAWI-only and nonadaptive designs to ensure that the determined allocations can improve 

the ASD performance. To determine the sensitivity of ASD performance, we conduct two experiments. In 

the first experiment, we select one quarter of the year and gradually decrease the budget level. This 

experiment enables us to explore the sensitivity of the ASD performance to budget constraints. In the second 

experiment, the budget level is fixed, and the time series window of historic data moves forward to the next 

new data collection quarter. The historic data is first used to set a prior. Next, with incoming new quarters, 

the prior is repeatedly updated to a posterior that serves as prior to the upcoming quarter. We evaluate how 

the prior changes and if and how this affects allocations of sample units. 

The outline of this paper is as follows: we begin by constructing the time-series model for sequential 

mixed-mode designs in Section 2. In Section 3, we describe the optimization problem. We introduce the 

case study in Section 4 and address the research questions. In the last section, we discuss the advantages 

and disadvantages of our method and conclude with some thoughts on future research. 

 
2. Methods 
 

In this section, a multivariate time series model is developed for response propensities in sequential 

mixed-mode designs. We extend the multi-level time series model suggested by Wu et al. (2023) by 

introducing conditional response propensities of follow-up modes.  

 
2.1 Modeling response propensities in sequential mixed-mode designs 
 

The time series model of Wu et al. (2023) generates precise estimates of response propensities for survey 

designs with a sole mode, or for the first mode of mixed-mode surveys during fieldwork. Here, the objective 

evolves into making reliable predictions for each mode of mixed-mode surveys to broaden the model’s 

appeal. Notably, discrete-valued time series data, including the size of a sample and the number of 

respondents to each mode, are considered from a multinomial distribution, while Wu et al. (2023) 

considered a binomial distribution for data. 
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The response propensity (RP) is the theoretical propensity of a sampled subject being a responder in a 

specific interview mode given a set of known characteristics. These characteristics may include paradata 

collected in a particular phase or mode of the survey. This subject can be either an individual or a well-

defined group of persons. Of interest, a group is made by cross-classifying several auxiliary variables that 

are regarded as strong predictors of survey variables. Within a group, units have homogeneous demographic 

attributes, such as age. Such a set of groups can vary with time or design change (see Schouten et al., 2017 

for more discussion on stratification), but here we assume stratification is constant and specified before 

fitting the model. 

To model mode-level RPs, in this section, we suppress the subscripts indicating a specific group in the 

propensity parameter and indicating a specific time point, but the next section must specify this subscript to 

decompose a time series to some fixed or random effects at the stratum, time, and/or mode level. 

Assume that a mixed-mode survey is provided with 1M   modes of data collection. We add an thM  

“mode” corresponding to nonresponse, i.e. the category that represents no response to the 1M   modes. Let 

a random sample of size n  be known before data collection starts, and let jr  denote the observed number 

of respondents in the thj  mode, where {1, , }.j M   Consider a multinomial distribution in M  modes 

with response propensity j  for the thj  mode, where [0,1].j   M  is the nonresponse propensity; 

however, it is no longer explicitly modeled later. 

Vector 1( , , )Mr r r  follows a multinomial distribution with sample size n  and response propensity 

1( , , ),ρ M  …  i.e., the joint distribution of r  is a multivariate generalization of a binomial distribution, 
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Linderman, Johnson and Adams (2015) used a stick-breaking transformation to reformulate the 

multinomial distribution as a product of binomial distributions, where the constructed parameters are 

dependent. This offered a chance to rewrite the m -dimensional (2.1) recursively in terms of 1M   

binomials. In the stick-breaking representation, the propensity vector ρ  serves as a stick that is recursively 

split into two pieces to create binomial variable 1 1( ,  ,   ).ρ M       To provide a derivation, let the thj  

mode response variable jr  follow a binomial density with parameters jn  and ,j  i.e., bin ( | , ),j j jr n   

where jn  and j  represent the remaining size of the sample and the fraction of the remaining probability 

approached by the thj  mode, 
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where {2, , }.j M   When 1,j   parameter 1 {1, , } jj M
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 and parameter 1.j   Using (2.3), 

we have 
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Note that jr  sums to n  over j  and 1 1j j jn n r    for any {2,  , }.j M   This means that pairs of terms 
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exponential term in (2.1), 
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The normalization constants follow the same reasoning. Combined with exponential terms in (2.5), (2.1) 

can be rewritten as 
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We use the stick-breaking representation of the multinomial model for practical reasons: for this 

representation, there is a simple and efficient Gibbs sampler for the multinomial (multilevel) model. As 

explained in Linderman et al. (2015), it uses the same Polya-Gamma data augmentation method (Polson, 

Scott and Windle, 2013) that was used for the binomial models in Wu et al. (2023), and the stick-breaking 

representation allows sampling the model coefficients for all 1M   modeled categories in a block, thereby 

improving the convergence of the Gibbs sampler. This representation also has a drawback: the definition of 

j  makes interpretation of the underlying model coefficients more difficult, particularly the interpretation 

of correlation coefficients in the models detailed in Section 2.2. 

Section 2.2 employs a structural time-series model to decompose an observed time series into some 

underlying time-related components. 

 
2.2 Multinomial multilevel time series model 
 

To measure the dependence of response propensities among the modes, we extend the models of Wu 

et al. (2023) by introducing a new hierarchical parameter indicative of correlation coefficients. Such 

dependence spread over time-series components of interest is similar to those adopted by Wu et al. (2023); 

it is suggested to revisit that paper for more details on each component’s definition and for technical details. 

To describe each model component at the most detailed level, let the dependent propensity parameter 

vector of the sequential modes be associated with a specific ASD stratum and time point, i.e., , 
g tρ  

, ,{ | {1, , 1}},  …g t j j M  where the thj  entry denotes the propensity parameter of the thj  mode in ASD 

stratum g  at time ,t  as defined in (2.3). The numbers of ASD strata, time points and survey modes are ,G  

,T  and 1,M   respectively. Note that in this paper, we use the term ASD stratum to indicate a population 

group that may receive a different treatment. This is not to be confused with sample strata that receive 

different inclusion probabilities. We omit the reference to ASD in ASD stratum in most of the following.  
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In this paper, we assume that the choice of ASD strata has already been made and variable selection 

itself is not part of the modeling strategy. Strata will be based on auxiliary information that is predictive of 

the survey variables of interest and/or survey nonresponse. However, when the amount of auxiliary 

information is large, a variable selection strategy should be integrated into the model fitting and ASD 

optimization strategy. We return to this issue in the discussion. 

We let , , , ,logit ( ).g t j g t j    A logit link function is used to convert the constrained scale of a probability 

to the unconstrained scale of a linear predictor, i.e. a linear combination of model components. We denote 

the linear predictor by , , , ,logit ( ) .g t j g t j    Therefore, the multinomial likelihood function in (2.1) can be 

rewritten by substituting the inverse transformation for , , ,g t j  
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The multilevel models considered for modeling the linear predictor , ,g t j  take the general form of 

additive decomposition, which refers to a function of the sum of time-series components. Thus, 

 , , , , , , , , ,g t j j xj g s t t j g j g t j g t jx s u v z e            (2.8) 

where the first three and the last four terms are modeled as fixed effects and random effects, respectively. 

The first regression fixed effects j  are mode-specific intercepts, measuring the main effect on , , .g t j  

The second fixed effects xj  are mode-specific regression coefficients associated with p -vector covariate 

,gx  corresponding to specific demographic characteristics associated with stratum .g  The third fixed effects 

s  are season-specific regression coefficients associated with the  q -vector season indicator variable .ts  See 

the definition of strata and seasons in Appendix A. Currently, all strata share common seasonal and mode 

effects. In a broader sense, these fixed effects can be stratum-specific. In the present application throughout 

this paper, gx  and ts  are binary vectors corresponding to categorical variables, but also ordinal or numerical 

and even time-varying variables can be taken into account, if needed. 

Each random effect term in (2.8) implicitly allows for correlation between survey modes. Refer to Wu 

et al. (2023) for a description of the random effect components. As stressed, these terms are now crossed 

with the mode, i.e., separate variance parameters for each mode and correlation parameters among the modes 

are introduced. The global time trend ,u  random intercept for strata ,vg  and stratum-specific trend gz  

conform to this rule. White noise random effects , ,g t je  are also crossed with mode, but we use a single 

common variance parameter for all modes and no correlation. 

We adopt a Bayesian approach to estimate the model in (2.8) and to obtain reliable predictions of the 

response propensities at the mode, stratum and time levels. As noted, the priors are the same for coefficients 

corresponding to different modes. For notational convenience, we suppress subscripts ,g  t  and j  in each 

model component term. Fixed effects   and   are assigned weakly informative priors normally distributed 

with zero mean and diagonal variance matrix, where the standard error takes a relatively large value of 10. 
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Each random effects vector is assumed to follow a multivariate normal prior with mean 0  and covariance 

matrix defined as the Kronecker product of two covariance matrices A  and .V  Here, V  is a fully 

parameterized covariance matrix, which is assigned a scaled-inverse Wishart prior (Gelman and Hill, 2007; 

O’Malley and Zaslavsky, 2008), and A  is a fixed matrix, which may be a simple diagonal matrix for 

unstructured effects or a structured matrix corresponding to random walks over time. More technical details 

about the prior specification and the estimation strategy, including the Gibbs sampler and the required full 

conditional distributions, can be found in Boonstra and van den Brakel (2019) and Wu et al. (2023). 

A more parsimonious model can be obtained by omitting the mode-oriented interaction and replacing 

the fully parameterized covariance matrix V  by a diagonal matrix, if there is little interest in the between-

mode effects on propensity predictions. This model is called the no-correlation model and it provides a base 

model against which to evaluate the performance of the full correlation model. 

Model estimation is carried out using R package mcmcsae (Boonstra, 2022). Convergence of the Markov 

Chain Monte Carlo (MCMC) simulation results is assessed using trace plots and the potential scale reduction 

factor or R-hat diagnostic (Gelman and Rubin, 1992). These diagnostics show that the Gibbs sampler is 

converging fast, both for models including and excluding correlations between modes. To a large extent this 

is due to sampling all fixed and random effects in a single block, which is possible by virtue of the stick-

breaking representation of the multinomial distribution in combination with Polya-Gamma data 

augmentation, as mentioned previously. 

 

2.3 Extensions to more general complex sampling designs 
 

The model laid out in Section 2.2 supports stratified random sampling survey designs, but no other 

complex sampling features. For the GEZO application that we focus on this is justifiable. Even though the 

GEZO uses a two-stage design with municipalities being the first-stage sampling units, the resulting 

clustering effects are very minor because most municipalities are selected. Furthermore, first and second 

stage inclusion probabilities are such that the overall inclusion probabilities are equal for all persons. The 

stratification used in this paper is chosen such that the response probabilities are reasonably homogeneous 

within strata. 

We now briefly describe how our method can be extended to support surveys with more general complex 

sampling designs. If sampling probabilities are unequal, one may in some cases still define a stratification 

such that the sampling probabilities are (approximately) equal within strata. If this is not possible, an 

analysis based on a unit-level model would be more appropriate. The multinomial model at the stratum-

level then becomes a categorical or Multinoulli model at the person-level, i.e. the special case of the 

multinomial distribution with 1in   for each person .i  Note that the derivations regarding the stick-

breaking representation in Section 2.2 are still valid in this case. Essentially, stratum subscripts g  in (2.8) 

would become person subscripts .i  
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Unit-level covariates that explain variation in both sampling and response probabilities should be 

included in the model to mitigate bias as far as possible. In particular, the inclusion probabilities themselves 

or the underlying variables that they depend on are valuable covariates. It can also help to model the 

dependence on inclusion probabilities in a flexible way, see e.g. Chen, Elliott and Little (2010). A 

stratification can still be defined specifically for the purpose of ASD such that the response probabilities are 

relatively homogeneous within strata. Such a stratification does not need to coincide with a possible 

stratification used for sampling. The latter can be handled in a unit-level model by including the stratum 

indicators in the model. Similarly, for a clustered design the unit-level model can account for cluster effects 

by including cluster indicators. However, since typically only a subsample of clusters is included in the 

sample, and the number of observations per observed cluster may be small, the corresponding cluster 

coefficients should be modelled as random effects (Scott and Smith, 1969). Finally, we note that the 

described model extensions to support more complex sampling designs can be handled using the same Gibbs 

sampler framework that we use for the GEZO application. In particular, the same data augmentation 

approach can be used for the categorical/Multinoulli family, as it is a special case of the multinomial 

distribution. The only difference is that one may need to incorporate more covariates with corresponding 

fixed effects, as well as additional random effects for clusters, possibly at multiple stages. Such unit-level 

models can be fit in the same way e.g. using R package mcmcsae, although computation times will increase 

due to the larger unit-level data size and model size. 

 
3. Optimizing mode allocation under the Bayesian multilevel time 

series model 
 

This section explores an allocation problem accounting for such uncertainty to grasp the timeliness and 

implementation of ASDs. Section 3.1 outlines the main ingredients for the construction and operation of 

this problem in a Bayesian framework. A strategy is proposed in Section 3.2 to assess the gain of adaptive 

allocations against nonadaptive allocations concerning nonresponse bias risk reduction by monitoring a 

measure of bias risk. 

 
3.1 Main ingredients 
 

Generally, mathematical optimization involves the selection of the “best available” values of some 

objective function relative to a number of constraints by choosing input values from an allowed set. 

Establishing optimization models entails three major elements: decision variables to optimize the goal, 

objectives to be minimized or maximized, and constraints on the decision variables. Because of optimization 

on the Bayesian setting, we emphasize that all mentioned statistical parameters are considered to be random 

variables with values that change over time. Consequently, objective functions and constraint functions are 
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also random variables. In the following, the main ingredients are first introduced for a non-Bayesian setting 

and are then developed for the Bayesian setting. 

Decision variables are symbolic representations of an intervention decided by the decision maker. They 

represent unknown parts of an objective function that can be manipulated and may take on any possible 

value within an allowed set if specified. In this paper, an intervention is supposed to allocate interview 

modes to strata when preceding modes fail to obtain their data. Therefore, decision variables refer to 

allocation probabilities that indicate how likely nonrespondents are to be approached via a follow-up mode. 

Allocation probability , [0,1]g ts   makes a decision on the size of follow-up candidates in stratum g  at time 

point ,t  where , 0g ts   implies that data collection for stratum g  stops, and , 1g ts   means that all stratum 

g  nonrespondents in the preceding modes are allocated to the upcoming mode. 

The objective function defines the criterion to evaluate candidate values of the decision variables. Apart 

from the decision variables, it depends only on observed and estimated quantities. Our optimization goal is 

to minimize the expected risk of nonresponse bias via optimal allocation. Since nonresponse cannot be 

observed directly, this paper considers a proxy indicator of nonresponse bias that is a function of response 

propensities. We employ the CV of response propensities (Schouten et al., 2009). The true population CV 

bounds the absolute standardized bias of respondent means. However, the CV estimated on a specified set 

of auxiliary variables will observe only a piece of that overall bias. While there are alternative indicators, 

see Moore, Durrant and Smith (2018) and Nishimura, Wagner and Elliott (2016), it is, most of all, the 

available auxiliary information that plays a decisive role. In multi-purpose surveys, availability may be less 

of an issue as one may focus on general representation and any improvement will be useful. In surveys with 

only a few key statistics, availability of relevant auxiliary variables is key.  

The CV is the weighted standard deviation divided by the weighted response rate 

 
 

2

, ,

CV( , ) .
g t g t tg

t

d
s t

 







 (3.1) 

Weight ,g td  is the sample proportion of the stratum g  size at time t  against the overall size at time ,t  

that is, , , , .g t g t g tg
d n n   This notation implicitly assumes that the sampling design leads to equal 

inclusion weights, but if not, the design weights should also be incorporated. This addition is straightforward 

but makes the notation intractable. Mixed response propensity ,g t  denotes the overall propensity over 

modes, which is the sum of the marginal response propensity of the starting mode and the joint response 

propensities of mode 2j   supposing that stratum g  did not respond to the last 1j   modes, (Here, we 

implicitly assume that all nonrespondents in a mode are eligible for follow-up. In practice, some types of 

nonresponse, such as due to physical or mental illness, may not be eligible.) 

 , , ,1 , , , ,
{2, , 1} 1

(1 ).g t g t g t j g t k
j m i j

   
   

   
…

 (3.2) 
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The individual (conditional) propensities , ,g t j  for any mode j  are estimated by multinomial models in 

Section 2. (3.2) assumes that all nonrespondents to the preceding modes will be recruited by mode j  for a 

nonadaptive survey; however, this can be modified to an adaptive survey by reducing joint propensity to 

decision variable , , [0,1],g t js   so the updated equation becomes 

 , , ,1 , , , , , ,
{2,.., 1} 1

(1 ).g t g t g t j g t j g t k
j m i j

s   
   

     (3.3) 

Clearly, (3.3) is equivalent to (3.2) when all , , 1.g t js   

The denominators of (3.1), called the weighted response rates over strata, indicate the estimated level of 

unknown propensities, which are defined as the weighted sum of mixed propensities of (3.2) and (3.3). We 

call CV nonadaptive when all , , 1g t js   and adaptive when at least one , , 1.g t js   

We use one single indicator motivated from multi-purpose surveys, i.e. having a large and diverse range 

of target survey variables. However, in surveys with one or a few target survey variables, more focused 

indicators may be employed. A good example is indicator 1H  of Särndal and Lundström (2010). Doing so, 

would change the use of historic survey data and also include associations to the target survey variable(s). 

Constraints are functional inequalities or equations that represent logical restrictions on what values of 

decision variables are allowed. For example, constraints might ensure a thorough search of feasible solutions 

from a finite solution space. In the survey design context, a constraint can be a limit placed either on the 

survey quality, such as solutions making the overall response rate greater than 0.5, or on the survey cost, 

such as the overall cost of interviewers reaching nonrespondents being lower than a specified amount. In 

this paper, we focus on cost constraints regarding the workload of approaching nonresponse candidates by 

means of a follow-up mode. In service level agreements with survey sponsors a maximal chance of a budget 

overrun is often specified, say at 10%. This budget overrun proportion is denoted by .  If the budget is 

strictly limited, then 0.   Let the specified budget level be .h  Now the cost constraint is  

  , , , , ,( ( )) ,g t g t g t g t g tg g
p s n r h n r       (3.4) 

where p  is the probability of the adaptive workload exceeding the non-adaptive workload. When the values 

of ,g ts  satisfy constraint (3.4), the corresponding solution of the decision variable is called acceptable; 

otherwise, the solution will contradict the rule. It is natural to specify lower and upper bounds on decision 

variable ,{ | , },s g ts g t   which are referred to as box constraints, 

 0 1. s  (3.5) 

Therefore, the optimization problem in a sample allocation application for the non-Bayesian setting is 

formulated to detect a vector s  that minimizes objective (3.1) subject to constraints (3.4) and (3.5) given 

parameters ( , ).n r  As stated above, (3.1) and the workload in (3.4) are random variables in the Bayesian 

approach, so we take expectations of the posterior distributions.  
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Given that no explicit expression exists for the posterior distributions, we estimate them empirically. We 

use the Gibbs sampler replicates of the posterior distributions and per replicate compute the CV and the 

workloads. We obtain 

  
 

2( ) ( )
, ,

( )

1
CV( , ) ,ˆ

k k
g t g t tg

kk
t

d
E s t

K

 







  (3.6) 

where  CV( , )Ê s t  is the estimated posterior expectation at time ,t   
,

k

g t  is the thk  iterated estimate from 

the posterior predictive function of , ,g t  and subscript k  runs over MCMC draws. The probability of a 

budget overrun is estimated empirically by the frequency that the number of times the adaptive design 

required budget exceeds the specified budget 

 
   ( ) ( )

, , , , ,
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g t g t g t g t g tg g
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K

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 1
 (3.7) 

( ) ( )
, , , , ,( ) ( )k k

g t g t g t g t g tg g
s n r h n r   

1  is an indicator function that takes a value of one when the inequality in its 

subscript is met for the thk  iteration and is zero otherwise. Therefore, Bayesian optimization aims to 

minimize objective (3.6) subject to constraints (3.5) and (3.7). 

Benchmark: In the Bayesian optimization problem, we set a benchmark to evaluate ASD performance from 

two viewpoints: improving quality and saving money. Specifically, promoting sample representativeness 

by recruitment can improve data collection quality, while distributing cost-intensive resources to where they 

are most needed can save money. This goal can be achieved, for example, by switching from a single mode 

to mixed but optimally reallocated modes or switching from full mixed modes to partial mixed modes. By 

letting decision variables 0s  or 1,s   the optimization problem proposed above can settle those 

reallocations. To do so, the performance of the single-mode design and the full mixed-mode design are 

standards of and compared with the ASD performance. 

 
3.2 Static ASD optimization 
 

In analogy to adaptive treatment regimes, we call ASDs static when they are based solely on information 

available in registry and frame data before the start of data collection, and dynamic when they are based 

(also) on paradata (data collected during data collection). Dynamic ASDs reflect the dynamic nature of the 

optimization since optimization is performed at each data collection phase, i.e., after each mode is 

completed. 

For dynamic ASDs in the current context, decisions on assigning interviewers to strata are made 

dependent on intermediate survey results from the preceding modes. The correlation between the response 

propensities for the non-interviewer mode and the response propensities for the interviewer mode leads to 

an intermediate update of the prior distributions for the latter. Theoretically, the evaluation can identify the 

priorities of refusers in strata to be interviewed and inform the interviewer workload. In reality, there may 
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be insufficient time to compute reallocated interviewers’ workload in time because of geographical 

clustering. Additionally, reallocation requires complex logistics in case management; we leave this point to 

the discussion section. 

Therefore, in this paper, we focus on the static ASD setting, i.e. the decision to perform a follow-up is 

set at the start of data collection. In this paper, we restrict ourselves to one such intervention, but the 

methodology would allow for multiple interventions, say after various numbers of calls or visits.  

In Section 3.3, we construct the strategy to account for uncertainty in making decisions and to specify 

the optimization routine to determine the optimal allocations for the Bayesian optimization problem in 

Section 3.1. 

 
3.3 The optimization strategy 
 

To solve the formulated optimization problem in Section 3.1, we propose a two-step strategy at time ,t  

1. Construct the posterior distribution of the response numbers , .g tr  Let historic time series data 

sets up to time 1t   be data used for model training, and let data sets at time t  be test data for 

prediction. All model coefficients and hyperparameters in (2.8) can be estimated by the size of a 

sample 1: 1 , 1: 1{ | }t g t g  n n  and the response numbers in all modes 1: 1 , 1: 1,{ | , }.r rt g t j g j    

Under the estimated model, predictions can be obtained on dependent propensities 

, ,{ | , }t g t j g j ρ   and ,{ | , },r rt g tj g j   given data ,{ | }.nt g tn g   

2. Determine optimal allocations. Specify budget level h  and overrun level .  Set multiple starting 

vectors of stratum allocations ,s  each vector viewed as an initial state and each having a finite 

number of well-defined successive states. For any stratum ,g  assume K  iterations of estimates 

of , , ,{ | }g t g t mr j r  and  , , , |g t g t j j ρ   generated from the posteriors in 1. These posterior 

estimates and given parameters h  and   are separately substituted into (3.6) and (3.7) to 

compute the posterior expectation  CV( , )Ê s t  and the posterior probability of workload excess. 

To detect the optima, starting from each initial state, such a computation proceeds through its 

successive states, produces output, and eventually terminates at the final state. Discard constraint-

violated states and their output, and preserve constraint-met states and their output. Within these 

results, sum the minimum of  CV( , )Ê s t  and its corresponding allocations optima. 
 

Solving this mathematical program is a computationally intensive task. Therefore, the methods in step 1 

are implemented in R using the mcmcsae package (Boonstra, 2022), while the methods in step 2 are 

implemented in R using the auglag (Augmented Lagrangian Minimization Algorithm) function of the 

Alabama package (Varadhan, 2022) for constrained nonlinear optimization. 

 
3.4 Performance evaluation 
 

This section introduces an evaluation criterion to assess the prediction accuracy. The criterion can shed 

light on the gain in nonresponse risk reduction from different models or from different survey designs. This 
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gain is quantified by the root mean square error (RMSE) of the posterior distribution of a parameter ,  e.g., 

response propensity or CV, relative to the “true”, with the latter estimated via observations. 

We consider performance over rolling windows of three months. This choice is motivated by the three-

month fieldwork duration of the application in this paper, but can be changed to any length. In time window 

{ , 1, 2 | },q t t t t     the RMSE of the thg  stratum is then defined as 

      2 2RMSE , , SD ,q B q q     (3.8) 

where the first term is called the bias term, represented as the quadratic difference between the posterior 

mean of parameter   and the observed ,  

 2
, CV( )) ,(

qg q qg
B q d E s q  CV 

2
( , )qs q  (3.9) 

and the second term is the posterior variance of CV, which is a quadratic form of the standard deviation 

(SD), 

 2
,SD V .( ) ar CV ( , )

qg q qg
dq s q   (3.10) 

Weight , , ,g q g q g q
g

d n n   is the ratio of the stratum g  size to the sample size in window .q  The posterior 

distributions q  of CV and allocation qs  are derived from the computing strategy in Section 3.3. 

These criteria depend strongly on sample size sampling variation, especially for surveys with small 

sample sizes. Empirical data subject to sampling variation are used to evaluate the performance. While 

surveys with large sample sizes provide rich information and thus their performance can be evaluated 

precisely, for small surveys, a contradiction to time change becomes acute, i.e., they take longer to make a 

precise evaluation. Noisy criteria performance makes it more difficult to draw a sound conclusion about 

putting the adaptation into practice. 

 
4. The Dutch Health Survey case study 
 

This section explores and exploits the application of multinomial time-series models in Section 2 and 

the optimization approach in a Bayesian framework in Section 3 to the Dutch Health Survey (GEZO for 

short). Section 4.1 briefly introduces the background of GEZO. We illustrate how time changes in sequential 

propensities can be modeled, how the performance of optimal allocations depends on the budget level, and 

how optimal decisions depend on the length of applicable the historic data separately in Sections 4.2-4.4. 

 
4.1 The Dutch Health Survey 
 

The GEZO survey is conducted annually by Statistics Netherlands, providing a thorough overview of 

developments in medical contacts, lifestyle, health, and preventative behavior of the Dutch population, 



448 Wu, Boonstra, Moerbeek and Schouten: Robust adaptive survey design for time changes in mixed-mode response propensities 

 

 
Statistics Canada, Catalogue No. 12-001-X 

including all individuals living in private households. A self-weighting two-stage sampling design is 

employed, which first draws a sample from municipalities and next from persons who live in the selected 

municipalities. The survey changed to a mixed-mode design after 2014. The observation method involves 

online and face-to-face interviews. First, CAWI is used to request the participation of sample units from the 

population. Next, nonrespondents are recruited to participate in a CAPI. As of 2018, however, adaptation is 

implemented to stabilize the interviewers’ workload. Only a portion of CAWI nonrespondents is 

reapproached for CAPI to reduce survey costs and improve the representativeness. Higher response rates in 

CAWI sample units lead to a smaller chance they are reapproached. 

In this paper, we focus on a time series of data collected from 2014 to 2017, involving 48 months. Note 

that data collected early in 2017 were “abnormal” because of technical issues with the web server, resulting 

in an interruption in data collection. This comes with practical reasons: Statistics Netherlands has 

implemented static ASDs since 2018, and the adaptation may waste the potential value of historic data used 

to improve prediction accuracy (Wu et al., 2023). Additionally, sample units are stratified into 13 disjoint 

strata by two auxiliary variables from the administrative frame or registers: age and ethnicity. See the 

stratification in Appendix A. Note that this stratification is fixed throughout this paper, and our time-series 

strata are different from the ASD strata (Van Berkel et al., 2020). The set of available auxiliary variables 

prior to the start of fieldwork is much larger. It includes several demographics such as gender, country of 

birth, household composition, socio-economics such as registered personal and household income, 

educational level, type of occupation, dwelling-related and area-related characteristics such as type of 

dwelling, house value, urbanization. Research into efficient and effective selection of strata is an important 

next step. 

 
4.2 How can a time-series model be constructed under a sequential 

mixed-mode design? 
 

This section elaborates the approach to build multilevel time-series models. We observe two potentially 

influential decisions. The first decision is to include a seasonal component. Adding a season will likely 

improve accuracy, but comes at a cost. Including a season implies that a longer series of historic data is 

needed; we must observe at least two years of data to evaluate a seasonal component, but preferably more. 

The second decision is the inclusion of explicit associations/correlations between parameters in the model. 

Again accuracy is likely higher, but more data are needed. There are three levels at which we can further 

differentiate the decisions: stratum, time and mode. We can thus make seasonal component parameters and 

correlations dependent on mode and stratum, and even time. We explore four scenarios: seasonal component 

present or absent times correlation present or absent. 

Our objective is to find the most favorable of these four scenarios. Since there are many possible models, 

in analogy to Wu et al. (2023), we adopt a stepwise strategy to go from simple models to more advanced 

model. In evaluating performance, we consider two information criteria, Deviance Information Criterion 

(DIC, see Spiegelhalter, Best, Carlin and van der Linde, 2002) and Watanabe-Akaike Information Criterion 
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(WAIC, see Watanabe, 2010 and 2013). By providing a reasonable trade-off between model fit and model 

complexity, these measures are expected to select appropriate models for the prediction task of interest. 

They can be interpreted as approximations to leave-one-out cross-validation measures, and are relatively 

easy and cheap to compute from the MCMC simulation output (Vehtari, Gelman and Gabry, 2017). In 

building the models, we can choose from various random effects: white noise, a global time trend, random 

intercepts for each stratum and stratum-specific time trends. In addition, we can do this with or without 

season and have mode-independent or mode-dependent model parameters. We employ the following steps: 

1. Baseline model: Set up two baseline models, one without seasonal components and one with 

seasonal components. The two models have fixed mode effects and fixed effects of mode-specific 

auxiliary variables .  The difference between the two models is whether seasonality   is 

included. 

2. Basic trend: Add a single random effect, i.e., {global time trend },tu  {random intercepts for strata 

},gv  or {white noise },gte  to the models in 1. Each random effect is correlated with modes or 

made independent of modes. Examine whether the no-season or season-inclusive model in 1 is 

enhanced by one of the three random effects. 

3. Some stratum-dependence: Add a combination of two random effects, i.e., {global time trend ,tu  

random intercepts for strata }gv  or {random intercepts for strata ,gv  stratum-specific time trend 

},gtz  to the models in 1. Each random effect is correlated with modes or independent of modes. 

Examine whether the updated models outperform the models in 2. 

4. Moderate stratum-dependence: Add a combination of three random effects, i.e., , , },{ g tt gv eu  or 

, , },{ g tt gv zu  to the models in 1. Each random effect is correlated with modes or independent of 

modes. Examine whether the updated models outperform the models in 3. 

5. Full stratum-dependence: Add all random effects to the models in 1. Each random effect is 

correlated with modes or independent of modes. Examine whether the complete combination 

makes the model performance best. 
 

Table 4.1 presents the results of the five steps. As seen in each row of Table 4.1, the models with and 

without seasonality are evenly matched at fitting and predicting. The information criterion (IC) results of 

the two baseline models (Model 1) show that the with-season model performs slightly better than the no-

season model. This advantage continues with the addition of some random effects (see Models 1, 3 and 6), 

as the inclusion of seasonality   yields lower ICs. On the other hand, the with-season models have slightly 

worse performance as can be seen in Models 2, 4, 7, 8, and 9. Notably, the results of Model 5 show mixed 

results. The DIC results favor modeling seasonal effects in accurate propensity predictions, but WAIC 

cannot conform to this. 

Concerning the balance between model complexity and model fitness, the mode-independent models 

perform barely as well as the mode-correlated models, even though they slightly outperform (Model 5 for 

the no-season model and M6). 
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Table 4.1 

ICs and effective number when evaluating the model fit and complexity.  
 

Model Fixed effect Random effect 
DIC DICp  WAIC WAICp  

IND COR IND COR IND COR IND COR 

1 
  

- 
6,808 18 6,817 28 

,   6,800 25 6,813 38 

2 
  

tu  
6,504 6,504 67 67 6,509 6,509 72 72 

,   6,506 6,505 70 70 6,510 6,510 74 74 

3 
  

gv  
6,775 6,774 26 26 6,786 6,785 36 36 

,   6,768 6,767 32 32 6,781 6,780 46 45 

4 
  

gte  
6,602 6,601 322 321 6,479 6,479 200 200 

,   6,609 6,608 322 321 6,488 6,487 201 200 

5 
  

,t gu v  
6,488 6,490 147 146 6,472 6,475 131 130 

,   6,474 6,472 77 77 6,477 6,476 80 81 

6 
,   

,g gtv z  
6,494 6,495 143 144 6,481 6,482 130 129 

,   6,488 6,490 147 146 6,472 6,475 131 130 

7 
  

, ,t g gtu v e  
6,449 6,448 195 194 6,398 6,396 143 142 

,   6,453 6,452 191 191 6,404 6,402 142 142 

8 
  

, ,t g gtu v z  
6,396 6,395 109 108 6,381 6,380 94 94 

,   6,398 6,397 112 111 6,382 6,381 96 95 

9 
  

, , ,t g gt gtu v z e  
6,398 6,398 137 137 6,371 6,371 110 110 

,   6,400 6,397 132 134 6,375 6,372 108 108 
Note: The time series of 2014 to 2017 is fit to a mode-independent model (“IND”) and a mode-correlated model (“COR”). Each model is 

simplified using the fixed-effect components only and then accommodating the correlation over time or between modes by taking several 
random effects into account. 

 DIC = Deviance Information Criterion; 
 WAIC = Widely Applicable Information Criterion. 

 

With random effects considered, the mixed models become better because they cause a decrease in ICs, 

in contrast to the models including fixed effects only (Model 1). Comparing Model 2-4 to Model 1 entails 

either the no-season or with-season model is improved by introducing a single random effect, where global 

time trend tu  induces the greatest decrease in ICs, followed by white noise gte  and a random intercept for 

strata. Such improvement persists in ICs when applying the combinations of two random effects, as 

indicated by the comparisons of Model 5 to Model 2 and Model 3, and Model 6 to Model 3. Apparently, 

Model 5 has the most significant decrease in ICs thus far. Models 7 and 8 show that the models can be 

enhanced further with the addition of white noise gte  and stratum-specific time trend gtz  to Model 5, and 

Model 8 makes ICs decrease more than does Model 7. Including white noise gte  is of value to improved 

performance, as it adds little in lowering the WAIC of Model 9 despite the scarce contribution made to DIC. 

As Model 9 shows, the mode-correlated and mode-independent models (COR and IND columns, 

respectively) perform similarly in terms of ICs when seasonality is overlooked. however, for the with-season 

models, modeling correlations (the COR column) come first in IC scores relative to the IND column. 

However, it is difficult to conclude that the with-season model has an absolute advantage over the no-season 

model in terms of model fitness and complexity. To identify whether seasonal effects play a vital role in 

adaptive allocations, we consider both the no-season and with-season models (marked in red) in Section 4.4. 
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4.3 How sensitive is ASD performance to the specified budget level? 
 

This research question is concerned with how, given a budget level, we adapt allocations for CAWI 

nonresponses across strata to lower the risk of nonresponse the most. It also raises the question of whether 

such a reduction can be sustained across different budget levels. 

We answer this question by first minimizing (3.6) subject to (3.5) and (3.7) for the next data collection 

quarter when the budget level is specific, then by comparing the optimum (3.5) to the realized CV under the 

same budget level, and finally by comparing the optimum (3.5) under different budget levels. We focus on 

the next quarter because in the static case, the number of CAWI respondents is unknown until data are 

collected and because the sufficient sample of a quarter can ensure the prediction precision. Referring to the 

optimization strategy in Section 3.3, the evaluation procedure in quarter q  is 

1. Let budget level h  begin at 100% and then successively decrease in steps of 10%, i.e., h {1, 

0.9, 0.8, 0.7, 0.6, 0.5, 0.4, 0.3, 0.2, 0.1}. 

2. Identify the forthcoming quarter q  and set data in q  as the test data set. 

3. Set time-series data up to quarter 1q   as the training data set for estimating the selected models. 

The models are made of the components in Model 9 that are viewed as the “best” representation. 

4. Use the sample size in q  to simulate CAWI responses. For each stratum and each month within 

,q  3,000 draws are generated from posterior predictive distributions. 

5. Based on the simulated model in step 3, individual posterior predictions of CAWI and conditional 

CAPI are generated separately 3,000 times for each stratum and each month in .q  

6. Substitute the specified budget level h  and the CAWI responses simulated in step 4 into cost 

constraint (3.7). 

7. Compute mixed propensities by substituting level h  and individual predictions in step 5 into 

(3.3). 

8. Initialize three starting solutions of allocations probabilities, s {0, 0.5, 1}, each of which applies 

to 13 strata simultaneously. 

9. Start from each initial point in step 8 to find the optimal solutions for each stratum by solver 

auglag based on steps 6 and 7. 

10. Link the identified solutions to the actual sample for computing posterior CV predictions and CV 

realizations. 

11. Conduct comparison by repeating steps 2-10 for each budget level in step 1. 
 

0s   indicates no CAPI follow-up, s  0.5 means half of CAWI nonresponses are assigned to CAPI, 

and 1s   represents full CAPI follow-up. To distinguish different mode strategies and ease notation, the 

CAWI-only, nonadaptive, and adaptive designs are denoted w, w-Ap, and w-Np throughout. 

In Figure 4.1 the posterior CV predictions of 2017 Q1 are summarized for each budget level; see 

Table B.1 in Appendix B for the bias-adjusted CV results. We benchmark the w-Ap performance as a 

function of budget level h  against the performance of w and w-Np. For brevity, CVs for the CAWI-only, 

nonadaptive, and adaptive are simplified to CV(w), CV(w-Np) and CV(w-Ap). 
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Figure 4.1 Comparison of coefficients of variation (CVs) of model-based response propensity predictions to 
bias-adjusted CV observations in 2017 Q1.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Note: The CV estimates are made separately for CAWI-only (“w”), nonadaptive (“w-Np”) and adaptive (“w-Ap”). The posterior CV predictions 

are summarized by the 95% credible region, while the observations are marked by scatter points (“x”). 

 
Comparison of CV(w-Np) to CV(w) indicates that recruiting CAWI-nonresponses via CAPI can 

decrease nonresponse, as the 95% credible region (CI) of posterior CV(w-Np) is much narrower than that 

of CV(w), and the 97.5% quantile of posterior CV(w-Np) is far below the 2.5% quantile of CV(w). When 

h  100%, a further decrease in the overall variation can be achieved by the optimized allocations of the 

adaptive survey. Posterior predictions and observations of CV(w-Ap) deviate from 0.1 and move toward 0 

relative to the 2.5% quantile of CV(w-Np), yet the broader CI for the adaptive approach indicates that 

prediction accuracy is compromised moderately. Because CIs scarcely alter when the budget is cut from 

90% to 50%, the uncertainty reduction associated with CV(w-Ap) is unlikely to increase by more than 

100%. This implies that in the interval of levels 100% to 50%, the low budget performs as well on the 

estimated nonresponse risk as does the high budget. The upper limits of CIs appear to approach and even 

run beyond the observed CVs; for instance, at the 50% level, the observation overlaps with the posterior 

mean. 

The nonresponse risk rises with continued shrinkage of the budget since the estimates of CV(w-Ap) 

increase and point to an increased risk of nonresponse bias. For budget levels smaller than 50%, the 

allocation scheme identified puts more uncertainty on the posterior estimates of overall variation. In 

addition, the lower limits move toward and even far beyond 0.1 when the level is 20% or 10%, for which 

the solver ends up at a false local “optimum” due to the violated convergence criteria. For the 10% level, 

the allocation scheme is especially of less interest and loses its edge, as shown by exactly the same 
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CV(w-Ap) as CV(w). To determine which budget level is preferred most, we adopt a criterion, i.e., the 

relative cost defined as the overall cost of the adaptive size for CAPI relative to the nonadaptive size 

constrained by the budget level. See Table B.3 for the results of the relative cost under different levels in 

Appendix B. 

Optimized reallocations make adaptation performance consistent across relatively large budget levels 

(100%-50%). Additionally, adaptation, although it loses precision slightly, wins nevertheless at the smaller 

estimated nonresponse risk compared to the w and w-Np designs (red and green error bars). Up to a 40% 

budget level, performance reverses and moves in the opposite direction, implying that the nonresponse risk 

grows sharply. This overall behavior is expected to be relatively robust to reasonable variations in model 

choice, as both budget extremes leave no freedom in ASD allocation to compensate for differences in 

response propensities. 

 
4.4 How does the performance of adaptive designs depend on the available 

historic data? 
 

This question is a matter of examining how the accumulating historic time series influences the adaptive 

design performance, that is, the nonresponse risk measured by CV and the bias-variance balance measured 

by RMSE. To answer this question, we explore the performance of w, w-Np, and w-Ap designs at the 

calendar quarter level. Additionally, we benchmark the adaptive performance against the performance of w 

and w-Np. 

We compare and evaluate the models with/without the inclusion of seasonality and budget levels of 50% 

and 30%. Section 4.2 hints that seasonality is an ignorable factor since the models with and without this 

score have similar fitness and complexity. Section 4.3 implies that in a specific time window, budget level 

50% promotes ASD performance most cost-effectively, and the ASD loses its absolute advantage for 

smaller values. The performance’s sensitivity to the time-series length is less clear if the models consider 

seasonality and/or the budget level is less than 50%, so it is premature to skip them in the analysis. By 

crossing the two conditions, comparisons can be made simultaneously in the four scenarios of the models: 

(1) with the inclusion of seasonality and level 50%, (2) with the inclusion of seasonality and level 30%, (3) 

without the inclusion of seasonality and level 50%, and (4) without the inclusion of seasonality and level 

30%. 

To explore the sensitivity to the historic time-series length, the analysis is performed on a rolling basis 

by adding one month at a time. Recall that the initial historic time-series length should be at least one year 

for the models without the inclusion of seasonality (scenarios 3 and 4) but at least two years for the models 

with the inclusion of seasonality (scenarios 1 and 2). For each, the training process ends in 2017 Q3 because 

one quarter should be left for prediction. 

In Figure 4.2, the uncertainty about the estimated CVs that is assessed by the 95% credible region, and 

the posterior means together, are compared to the CV observations over quarters and between different 

designs. In the w and w-Np designs, the observed CVs fall within the intervals or are very close to the 
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intervals’ limits in most quarters, with the exception of CV(w) at 17 Q3. The ASD results in panels A1, A2, 

and B2 support this finding. Additionally, observations far outside of the CIs appear in 15 Q2 of Panel B2 

and 17 Q1 of Panels A2 and B2. The exception implies that in corresponding quarters, it is less convinced 

of the evaluated adaptive performance duplicating the performance in practice. 

 
Figure 4.2 Under a given budget level, the posterior coefficient of variation (CV) for the adaptive, nonadaptive, 

and CAWI-only against the observations over quarters.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Note: 95% credible regions with posterior expectations are summarized for CAWI-only (w), nonadaptive (w-p), and adaptive (w-Ap). Observations 

are denoted by the black cross “x” points. Panels “A” are plotted for with-season models, and panels “B” are plotted for no-season models. 
Panels “A1” and “B1” correspond to budget level 50%, while panels “A2” and “B2” correspond to budget level 30%. The quarter on the x-
axis denotes the present quarter for prediction purposes. 

 

As mentioned before in Section 4.3, the performance for adaptive designs under level 50% is consistently 

superior to the performance under level 30% across quarters, as shown by comparing A1 to A2 or B1 to B2. 

At 50%, the estimated CV(w-Ap) is more precise because of the narrower credible regions, which can be 

seen implicitly. Moreover, we can observe the absolute advantage of adaptive designs in outperforming 
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nonadaptive designs since the upper limits of CV(w-Ap) deviate substantially from the lower limits of 

CV(w-Np), but at 30%, they are competitive, for example, 17Q1 and 17Q2 (see panels A2 and B2). 

As historic data accumulate, it is conjectured that the models can be optimized further, the CV prediction 

accuracy can show a consistent increase, and the resulting performance can be improved. Clearly, this is the 

case in panel B1 until 16Q4, but from that point onwards, there appears to be no room for improvement in 

performance, and the posterior estimates of CV (w-Ap) stabilizes at approximately 0.1. The results for 

panels A1 and B1 are similar, so that it must be concluded that modeling seasonality contributes little to 

prediction accuracy. 

Jumping to conclusions on the ASD performance’s robustness is dogmatic for two reasons. First, some 

strata may benefit more than others. Their individual CV estimates may be less biased and vary toward the 

seasonality-inclusive option despite little difference in the overall variation. Second, the sample sizes in 

some strata are quite small. In early data collection phases, they may have volatile behavior in the error-

variation balance. The historic time-series length determined based on those results is not a guarantee of 

robustness. 

Therefore, we evaluate individual strata performance measured according to the criteria in Section 3.4. 

As above, we apply the sliding time window approach moving forward on a time series. To illustrate, this 

is used in nonadaptive designs. With an application to ASDs, allocations must be reoptimized for the 

upcoming time window using the strategy in Section 3.3. 

The time window slides as the width is increased to include the next upcoming new time period. In 

quarter q , we can evaluate the prediction performance for each stratum by substituting individual posterior 

response propensity estimates and individual realizations into (3.8)-(3.10), that is, RMSE ( , ),g q  ( , )B g q  

and SD( , ).g q  Since this analysis is iterated on a rolling basis, a sufficiently long time series allows for 

thorough comprehension of how each stratum prediction performance changes with time. 

Figure 4.3 shows that when comparing the no-season models (red curves) and with-season model (black 

curves), the introduction of seasonality is unlikely to be a trigger for an effective reduction in bias and 

variance. This is solidly true for almost all quarters, with the exception of the quarter involving months 

2017-01 to 2017-03 in some strata (such as stratum 8) for the bias and RMSE estimates. As observed in 

panels a and b, the estimated variation in response propensity decreases smoothly overall, in sharp contrast 

to the estimated level of response propensity having volatile behavior. The volatility differs by strata. The 

estimated bias results of some strata (strata 1-8) fluctuate approximately 0.05 across quarters until the 

quarter starting in 2017-01. After that point, they experience a transient increase caused by the technical 

issue at that time (Wu et al., 2023 for more discussion and a possible remedy). When the training data are 

extended to include “normal” data, the biases can quickly decrease to 0.05. Note that stratum 8 acts in the 

opposite manner. In contrast, strata 9-13, which have relatively small sample sizes, obtain relatively more 

biased response propensity expectation estimates in most quarters. 
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Figure 4.3 One-step forward moving averages of estimated bias (panel a), standard deviation (panel b), and 
root mean square error (panel c) of the stratum level response propensity.  

 
Model without seasonality [black line], Model with seasonality [red line]. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Note: The “black” curve represents to the no-season model, while the “red” curve refers to the with-season model. Both models include the 
correlations between CAWI and CAPI regarding propensity predictions. The horizontal axis represents the time point at which an ASD 
decision is made. 

 

Ultimately, the analysis results suggest that when modeling a short time series, the seasonal effects, when 

they are assumed to be the same for different modes, can be less important to the improvement of ASD 
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performance. With more data available for training, the ASD performance can be consistently improved 

until a time point, implying that a stopping rule of data collection may be implemented and an effort-based 

strategy for strata of small sample sizes may be adopted. 

 
5. Discussion 
 

Given the survey budget, ASD seeks the optimal match between respondent behavior and design 

features, i.e., a set of decision rules, which can be determined through optimization approaches (see 

Schouten et al., 2017 for pros and cons of various approaches). Serving as the main input for ASD 

optimization, accurate estimates of survey design parameters, such as response propensities, are required 

for reliable strategies. Strictly speaking, inaccuracy jeopardizes ASD performance and design due to the 

suboptimal and ineffective decisions made in the optimization approach. Adverse impacts are apparent when 

response propensities change gradually over time. 

In this paper, we discussed a methodology to evaluate the impact of temporal factors (e.g., seasonality) 

on the accuracy of sequential response propensity predictions in a mixed-mode survey with replication, and 

investigated the manner and timeliness of applying the optimal allocation schemes to population strata. We 

introduced a Bayesian multinomial time-series model for sequential response propensities and an 

optimization model for ASDs. The propensity model had a general form that described multiple time-related 

and strata-related factors, and accounted for the dependence of the current mode’s response propensities on 

the preceding modes’ response behaviors. The optimization model, on the other hand, enabled the inclusion 

of uncertainty in the follow-up workload, and described the way to allocate reviewers to each stratum for 

the largest decrease in nonresponse risk. Most cross-sectional mixed-mode or unique-mode surveys 

conducted over many years can fit into this framework. Furthermore, we constructed an analysis for the 

GEZO survey to examine the highest performance of the propensity model. Owing to diverse model 

compositions, information criteria measuring the fitness and complexity of the propensity model were 

adopted to compare the performance of different models. We were thus able to meet the first objective of 

this paper to select and construct the “favorite” time-series model (Model 9 having lowest information 

criteria scores) that contributed most to prediction accuracy for a sequential mixed-mode survey. 

The second and third objectives were to examine the sensitivity of ASD performance to, respectively, 

the specified budget level and the amount of historic data that were included. In the evaluation, ASD 

performance had to be reoptimized when the budget level and/or the length of applicable historic data time 

series were updated. Then, we benchmarked ASD performance against CAWI-only and nonadaptive design 

performance. This analysis is essentially a comparison of the reduction in the nonresponse risk if a fraction 

of CAWI nonresponses (with no follow-up at all and full follow-up as special cases) is assigned to 

interviewers. To make this comparable for a range of scenarios, we utilized the properties of the posterior 

distributions, that is, the credible region and expectation. The evaluation examined, in a specific time 

window, the improvement in performance under different budget levels. Additionally, the evaluation 
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examined, for a specific budget level, the improvement over rolling time windows. The evaluation showed 

that ASD performance was quite solid for budget levels greater than 50%, but was inferior to budget levels 

less than 50%. Additionally, the evaluation showed that without taking seasonality into account, ASD 

performance was obviously enhanced in the early stage of accumulating data. After that, this trend slowed 

and even stopped despite increasing, performing almost the same as the with-season model, and 

consequently hinted at seasonality being of little use to further improvement in prediction accuracy and 

ASD performance. 

Our study has limitations that ask for further research and replication in other mixed-mode surveys. 

Ignoring mode-specific seasonal effects was our first simplification. This eased the complexity of the 

model specification but led to seemingly offset seasonal effects on propensity predictions. However, we 

believe that one can conveniently accommodate seasonal effects specific to each model to the adjusted 

model if seasonality is supposed to be a strong predictor for propensity predictions.  

To ensure prediction accuracy and reliability, we considered only two candidate data collection strategies 

(web only and web followed by face-to-face) as the second simplification. The number of CAPI visits to 

sample units may be further tailored, and the optimization may include the actual number of visits. Response 

propensities after each visit can be modeled and estimated simultaneously, and the predictions of a follow-

up mode could be assumed correlated only with its nearest predecessor. Such an application is easy, but it 

entails careful checking of the predictions’ reliability. 

The third limitation, was that our propensity model was sensitive to structural design changes (see Wu 

et al., 2023 for more discussion) As a result, in the case study of this paper, we noted a temporary 

misspecification in the prior distributions of response propensities. In an effort to characterize unexpected 

change, it is of importance to pinpoint the parameters (and strata) that have been affected. Robustness can 

then be improved by extra hierarchical model parameters. We leave this extension to further research. 

Our last limitation was that in our multi-level time series models we assumed that ASD strata were 

specified beforehand. We did not integrate a variable selection step into the model fitting and optimization. 

When the number of auxiliary variables is large, there is a trade-off between the learning time of the 

Bayesian analysis of response propensities and the utility of the optimization, This is an important topic for 

further research. 

The inclusion of paradata and other time-varying covariates in the multi-level time series models would 

be another relevant extension. This would allow optimization in a dynamic setting, i.e. during fieldwork. In 

a face-to-face interviewer setting, such a dynamic approach is not operationally straightforward. Interviewer 

workloads become known only at a point in time close to fieldwork and at set time points, often monthly. 

To a lesser extent, this would be true for telephone follow-up. A practical solution, applied by Statistics 

Netherlands, is to add a random subsampling of nonrespondents. The subsampling probabilities depend on 

pre-specified and fixed workloads in interviewer regions. Going even a step further and allowing a dynamic 

design to intervene during face-to-face follow-up may be considered as well. In order to leave some freedom 

to interviewers, this may be implemented as one or more pre-specified tie points where sample units are 
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stopped or not. Abstracting further to general (sequential) data collection phases, it would be worthwhile to 

extend the methodology of this paper. Such an extension has three statistical challenges. The first is the 

inclusion of new incoming auxiliary data, e.g. paradata, in the model and optimization. If and how to include 

will be a trade-off between efficacy and efficiency. The second is that much more emphasis needs to be put 

on the right specification of covariances of response propensities of different data collection phases. 

Misspecifications proliferate in subsequent phases. The third is that optimization must be performed during 

data collection, demanding for some parsimony in ambition. 

 
Appendix A 
 
Table A.1 

Auxiliary variables form 13 strata and season is considered as an influential factor to predict response 

propensities. 
 

Stratum Age (years) Ethnic 

1 0 – 17 Western 
2 18 – 24 Western 
3 25 – 34 Western 
4 35 – 54 Western 
5 55 – 64 Western 
6 65 – 74 Western 
7 75+ Western 
8 0 – 17 Non-western 
9 18 – 24 Non-western 

10 25 – 34 Non-western 
11 35 – 54 Non-western 
12 55 – 64 Non-western 
13 65+ Non-western 

 
Appendix B 
 
Table B.1 

The bias-adjusted (adj) and unadjusted (unadj) CV observations and the standard errors (se) under bias 

adjustment in 2017 Q1 under different budget levels. 
 

 W w-Np w-Ap 

 unadj adj se unadj adj se unadj adj se 

0%* 0.305 0.294 0.023 - - - - - - 
100% - - - 0.156 0.149 0.013 0.102 0.072 0.021 
90% - - - - - - 0.093 0.084 0.021 
80% - - - - - - 0.104 0.074 0.020 
70% - - - - - - 0.092 0.078 0.021 
60% - - - - - - 0.093 0.084 0.021 
50% - - - - - - 0.106 0.052 0.020 
40% - - - - - - 0.114 0.072 0.021 
30% - - - - - - 0.136 0.115 0.022 
20% - - - - - - 0.259 0.237 0.022 
10% - - - - - - 0.305 0.294 0.023 

*No budget indicates only the CAWI mode is used. “-“ means no results. w: CAWI-only, w-Ap: nonadaptive, w-Np: adaptive designs. 
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Table B.2 

The bias-adjusted (adj) and unadjusted (unadj) CV observations and the standard errors (se) of bias adjustment 

under the 100% budget level in each quarter. 
 

Year 
Quarter  

w w-Np w-Ap 

unadj adj se unadj adj se unadj adj se 

2016 

Q1    - - - - - - 
Q2 - - -       

Q3 - - - - - - 0.093 0.084 0.021 
Q4 - - - - - - 0.104 0.074 0.020 

2017 

Q1 - - - - - - 0.092 0.078 0.021 
Q2 - - - - - - 0.093 0.084 0.021 
Q3 - - - - - - 0.106 0.052 0.020 
Q4 - - - - - - 0.114 0.072 0.021 

Note: w: CAWI-only, w-Ap: nonadaptive, w-Np: adaptive designs. 

 
Table B.3 

The relative cost (c) of 2017 Q1 under different budget levels for adaptive surveys.  
 

 100% 90% 80% 70% 60% 50% 40% 30% 20% 10% 
c 0.425 0.473 0.532 0.608 0.709 0.851 0.983 1.311 1.966 0.977 
C TRUE TRUE TRUE TRUE TRUE TRUE TRUE FALSE FALSE FALSE 
Note: The allocations in each case are determined by the optimization solver “auglag” starting with initial point 0 set to 13 strata. If the 

convergence (C) is TRUE, the local optimum can be found, and the corresponding allocations are returned; otherwise, the process results 
in a false local “optimum”. 
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