
VU Research Portal

Optimal Resource Allocation in Adaptive Survey Designs

Calinescu, I.M.

2013

document version
Publisher's PDF, also known as Version of record

Link to publication in VU Research Portal

citation for published version (APA)
Calinescu, I. M. (2013). Optimal Resource Allocation in Adaptive Survey Designs. [PhD-Thesis - Research and
graduation internal, Vrije Universiteit Amsterdam].

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain
            • You may freely distribute the URL identifying the publication in the public portal ?

Take down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

E-mail address:
vuresearchportal.ub@vu.nl

Download date: 23. May. 2023

https://research.vu.nl/en/publications/54a65517-e5b5-4477-9c14-7b8ffb7c9d27


Summary

Survey practitioners are steadily searching for methods to improve the quality of

survey statistics, methods that most often come in conflict with the limited avail-

ability of resources for running a survey. In this thesis, we approach the problem

from an operations research perspective by searching for the optimal allocation of

scarce survey resources such that the quality of estimates is maximized. We discuss

adaptive survey designs that tailor the strategy to approach sample groups in order

to enhance the obtained response. A collection of innovative tools is offered here to

construct the optimal survey design given a survey quality objective. From an opera-

tions research standpoint, studying the resource allocation problem for survey designs

warrants the development of new algorithms to solve a class of large-scale problems

with binary decision variables and complex nonconvex nonlinear objective functions

and constraints. In addition, dynamic learning methods are discussed in the context

of limited availability of resources.

A realistic resource allocation model for adaptive survey designs is developed grad-

ually in Chapters 3 to 5. In the simplest setting, the limited availability of resources

is summarized through a threshold on the number of contact attempts. The survey

strategies to be allocated to sample groups consist of various interview modes and

the corresponding thresholds on the number of contact attempts. The objective is to

maximize the response rate and the decision variables denote whether a strategy is

assigned or not to a group. The resulting problem formulation is a nonconvex non-

linear binary problem of potentially large size for a realistic set of input parameters.

We show that the resource allocation problem for adaptive designs can be cast as a

Markov decision problem and consequently solved by dynamic programming. Explicit

formulations of budget and capacity constraints are also addressed.

Survey literature argues that the response rate is not a sufficient indicator to

measure survey quality. In Chapter 4 we incorporate the response representativity

indicator in the resource allocation formulation. This indicator measures how similar
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the respondent pool is to the full sample given a set of characteristics. The definition

of the response representativity indicator does not comply with the Markovian formu-

lation of the resource allocation problem. Therefore, a two-step approach is proposed

that suitably separates the original problem into several subproblems that satisfy the

prerequisites of the resource allocation algorithm. Each subproblem maximizes the

group response rate subject to resource constraints, where the right-hand side of these

constraints is expressed as fractions of the original budget and capacity. We formu-

late a master problem that decides what fraction of resources should be supplied to

each group such that the overall response rate is maximized, the available budget and

capacity are spent efficiently and the response representativity constraint is satisfied.

Algorithm improvement steps are discussed such as state space reductions by elim-

ination of certain sub-optimal resource allocations and parallelization techniques to

reduce the computational time.

Measurement errors are another aspect of concern in survey designs. Practical ev-

idence shows that discrepancies between questionnaire answers and the true answers

can be linked to certain answering behaviors. In order to grasp the influence of the

answering behavior over all survey variables, we define a new concept called the mea-

surement profile. Then, if the respondent’s measurement profile is known to induce

undesirable answering behavior, the corresponding survey answers may be excluded

from the post-survey analysis. Given the probability that the measurement profile

generates undesirable answering behaviors, we adopt two approaches to incorporate

this quality indicator in the resource allocation model. First, we investigate maxi-

mization of the error-free response rate by discarding the error-prone responses. In

the second approach, a constraint on the maximum proportion of respondents that

may display the undesired answering behavior can be added to the model. Both re-

sulting models can be addressed using the two-step algorithm with some adjustments.

Extensive numerical results on real data coming from the Dutch Labor Force Survey

analyze how the three quality indicators (i.e., response rate, response representativity

indicator and probability for finding an undesirable answering behavior) influence the

optimal design.

A specific type of measurement errors, the mode effects, arise in the context of

mixed-mode designs when the sample unit may offer different answers to the same

survey question if asked in different modes. In Chapter 6 we formulate the problem

through the (nonresponse) adjusted mode effect that compares the survey estimate

and a “gold standard”. The optimization model minimizes the overall population
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mode effect subject to constraints on availability of resources and differences in mode

effects between important population groups. The problem formulation leads to a

nonconvex nonlinear problem for which we propose a two-step approach. In the first

step we solve a linear programming problem and we submit the optimal solution as

a starting point for a local search algorithm to solve the nonlinear problem in the

second step. Implementation of the algorithm on real data from the Labor Force

Survey reveals that the optimal solution may be influenced by the estimated adjusted

mode effects and therefore sufficient historical data should be available to accurately

estimate the optimization input parameters.

Strong historical support is required for satisfactory estimation of the optimization

input parameters in all models presented in the preceding chapters. The question that

immediately arises is what to do when historical data are not available, as for example

in the case of launching a new survey. Chapter 7 addresses this issue by incorporating

a Bayesian learning method that updates estimates of response probabilities when

new observations are available. The problem formulation fits within the multi-armed

bandit framework. However, in the presence of constraints on availability of resources,

the optimal policy cannot be found easily due to the dependence created among arms

in competing for resources. Also called the budgeted multi-armed bandit, this problem

is generally intractable given the large size of the decision tree. However, under

some simplification assumptions, we are able to show that the decision tree can be

significantly reduced. Additionally, given the scarce resources, an upper bound on the

expected reward can be easily obtained. With careful memory representation of the

decision tree and implementation of parallelization techniques the problem becomes

tractable and the optimal solution may be obtained via dynamic programming. We

note here that this is only a first step in addressing dynamic learning for adaptive

survey designs and additional research effort is required to construct a complete and

yet feasible mathematical framework.


