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Introduction

In survey research, a non-probability sample is obtained by a
method of selecting units from a population using a non-random
selection mechanism. It occurs when either the sample is not se-
lected randomly, or the inclusion probability attached to the sam-
ple unit is unknown even under random sampling. Quota sample,
judgment sample, and volunteer sample are considered as typical
non-probability samples [1]. Moreover, new data sources have
emerged because of the use of digital technologies by both indi-
viduals and business units. These sources encompass extensive
amounts of digital information, including web surveys, website
visits, social media activity, online purchases, and other online in-
teractions [2]. Non-probability sampling is not free from selection
bias by researcher and does not provide randomization distribu-
tion where theoretical inference takes place. Therefore, these two
things should be considered in developing theories of non-proba-
bility sampling [3]. Unlikely the probability sampling framework, a
single framework that encompasses the non-probability sampling
has not been established yet. Making inferences for any probabil-
ity and non-probability samples requires some reliance on model-
ing assumptions. If non-probability samples are widely accepted
among survey researchers, there must be a coherent framework
and accompanying set of measures for evaluating their quality [4].

Data Integration for Non-Probability Samples

Survey researchers have been responding with intensified ex-
plorations on statistical inference with non-probability samples.
Statistical inference with non-probability samples is part of a more
general topic on combining data from multiple sources. Combining
information from independent probability samples has been exten-
sively studied [5, 6]. Discussions are provided on combining sur-
vey data with other data sources [7, 8]. In addition, some authors

discuss data integration by combining big data and survey sample
data for finite population inference [9]. Data integration can pro-
vide a way to construct a useful framework based on both proba-
bility sample and non-probability samples, where the probability
samples represent the population, but the non-probability sample
does not. Data integration techniques depend on the information
that can be combined with the sample. A common consideration
for data integration is to assume that auxiliary information for the
same population can be used in both non-probability and probabil-
ity sample [10-12]. As for the target variable, two cases can be con-
sidered. First, the target variable is observed only in the non-proba-
bility sample and not in the probability sample. Second, conversely,
target variable is observed only in the probability sample and not in
the non-probability sample [2].

Methodology of Data Integration

In the first situation, we assume that the target variable is ob-
served only in the non-probability sample and not in the probabili-
ty sample. Then, since there is no target variable in the probability
sample, the target variable is missing, and we can apply the sta-
tistical techniques for handing missing data. Existing methods for
data integration can be classified into three types: mass imputation,
propensity score weighting and calibration weighting. In mass im-
putation, a probability sample is considered to have missing values
for all units for the target variable. We can then use the non-proba-
bility sample as training data to develop an imputation model and
construct synthetic data for the target variable in the probability
sample. Although the observations in the non-probability sample
are not necessarily representative of the target population, the rela-
tionship between auxiliary variables in two samples can be used to
develop a predictive model for mass imputation. For given auxiliary
variables, we can build a model for the probability of being included
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in the sample and use this probability to construct the propensity
score weights for the non-probability sample [12,13]. One of the
drawbacks of the propensity score method is that it relies on an
explicit propensity score model, which causes the propensity score
estimator to be biased when the model is mis-specified. Moreover,
if the estimated propensity score is close to zero, the estimate be-
come very unstable [10].

The next method of weighting is calibration weighting. We can
use this technique to calibrate auxiliary information of a non-proba-
bility sample with the auxiliary information of the probability sam-
ple so that the non-probability sample after calibration resembles
the target population [14]. In this method, calibration weights can
be obtained by solving the covariate balancing constraints. Combi-
nation of weights and imputation approaches can be considered
to improve robustness against model misspecification [15]. The
doubly robust estimator uses both the propensity score and the
outcome models. The estimator is doubly robust in that it is con-
sistent if either the propensity score model or the outcome model
is correctly specified, not necessarily both. In another situation, it is
assumed that the target variable is observed only in the probability
sample, whereas in the non-probability sample, it is (a) observed
correctly, (b) observed with error, or (c) predicted using covariate
from large non-probability sample. The pseudo-calibration estima-
tors are proposed in this situation [2]. The pseudo-calibration esti-
mator aims to compute the weights of units in the non-probability
sample. Unlike previous estimators developed in a model-assisted
framework in the first situation, the pseudo-calibration estimators
are developed within a model-based framework.

Discussion

In this article, we briefly reviewed the methodology of
non-probability samples through data integration. Prior to data
integration, we need to consider the following concerns. The first
concern is the possibility that measurements of units in probability
sample and non-probability sample may differently depending on
the survey mode and characteristics of the auxiliary data sources.
For example, differences in measurement may arise when probabil-
ity sample is from one survey and non-probability sample is from a
big data source. The second concern is that the quality of the data
in probability sample and non-probability sample can also be dif-
ferent. So, quality and error frameworks need to be developed for
integrated data [16]. It is expected that inference using integrated
data can produce better results than inference using probability
samples or non-probability samples only.
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