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Selection bias in online surveys is a main concern:
e Participants are often self-selected (non-probabilistic
sampling)
¢ Online sampling frames are available only for narrow
populations (Schonlau and Couper, 2017)

e Some calibration procedures (GREG) are ineffective in
removing volunteering bias (Dever et al., 2008)
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Coverage bias in online surveys is important and often
associated to demographic variables
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Propensity Score Adjustment (PSA) has been proposed as a
method for removing selection bias.
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Propensity Score Adjustment (PSA) was originally developed
for balancing experimental designs (Rosenbaum and Rubin,
1983), but it has been proposed as a method to remove
selection bias in online surveys.

e |ts application requires a probabilistic sample on which
covariates have been measured.

* Has been proved as effective in online surveys at the cost
of increasing variance (Lee, 2006; Lee and Valliant, 2009).

¢ Efficacy strongly dependent on covariates’ choice and the
relationship between Internet access and target variables
(Valliant and Dever, 2011).
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Logistic regression is the standard model in literature for
propensity estimation. It provides robust and efficient weights,
but it has several drawbacks:

® Requires linearity assumptions on risk

e Strongly dependent of functional form and shape of
covariates

¢ Does not capture interactions on its usual configuration for
PSA (D’Agostino, 1998; Westreich et al., 2010)

In addition, alternatives to logistic regression as a classificator,
in terms of accuracy, have arisen over time on the experimental
design context.
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The use of Machine Learning (ML) classification algorithms for
propensity score estimation has been studied in experimental
design:

¢ Decision trees (Setoguchi et al., 2008; Lee et al., 2010;
Watkins et al., 2013; Wyss et al., 2014; Linden and
Yarnold, 2017)

e Neural networks (Cavuto et al., 2006; Glynn et al., 2006)

® Boosting (McCaffrey et al., 2013; Pirracchio et al., 2014;
Watkins et al., 2013; Zhao et al., 2016)

However, research on PSA with ML in survey estimation is
sparse.
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Simulation with artificial data

Simulation structure from Ferri-Garcia and Rueda (2018) which
is similar to the Bethlehem (2010) simulation with several
modifications

e Population size of N = 50000 from which, in each
simulation:
® A probabilistic (reference) sample of ns = 500 is extracted
* An Internet people (volunteer) sample of
nys = 500, 750, 1000, 2000, 5000, 7500, 10000 is extracted
® 4 covariates (age, gender, nationality and education) and a
target variable (voting intention) with 3 options:

* Party 1 (dependent on gender)
® Party 2 (dependent on age)
* Party 3 (dependent on Internet access)

Universits
L._-SR A upf.| vompeu rabra |RECSM
- Barcelona for Survey Methadology

& BigSurvis

81 DATA MEETS SURVEY SCIENCE




Introduction Methods Results Discussion References

0000000 0@000 0000000000000 0 0000 [e]e]e}
00000000

Simulation with artificial data

Relationships between variables can be observed in the
following diagram:

Internet

B Variable in PSA model [] Volunteering variable Bl Target variable
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Simulation with artificial data

Reweighting with PSA (Hajek-type weights) was performed
over 500 simulations with several algorithms and parameters:

e Decision trees: J48, C5.0 and CART

® Min. num. of obs. per node: 0.5%, 1%, 5% of dataset
® Confidence for pruning: 0.1,0.25,0.5

e K-nearest neigbours with k = 3,5,7,9,11,13
¢ Naive Bayes with Laplace smoothing: k =1,2,5,10
¢ Boosting:

® Random Forest with num. of trees = 100, 200, 500

* GBM with depth = 4,6, 8 and learning rate
=0.1,0.01,0.001
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Simulation with real data

Spanish Life Conditions Survey (2012 edition) dataset as
pseudopopulation:

e N =28210 and 61 potential covariates after assessing for
missing data.

¢ Owning of computer at home as volunteering variable

e Two target variables:
¢ Self-reported health: bad/not bad (MAR)
* >2 members in household (NMAR)

e Four groups of covariates:
® G1: demographic variables

G2: G1 + health-related variables

G3: G1 + poverty-related variables

G4: all potential covariates
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Simulation with real data

Reweighting with PSA (Hajek-type weights) was performed
over 500 simulations, with n,s = 500, 750, 1000, 2000, 5000
and the following algorithms and parameters:

e Decision trees: J48, C5.0 and CART with default
parameters
e K-nearest neigbours with k = 3
¢ Naive Bayes without Laplace smoothing
¢ Boosting:
® Random Forest with 100 trees

* GBM with interaction depth (ID) = 8 and learning rate (LR)
= 0.001
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PSA with J48 in artificial data
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PSA with J48 in artificial data
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PSA with C5.0 in artificial data
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PSA with C5.0 in artificial data
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PSA with CART in artificial data
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PSA with CART in artificial data
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PSA with kNN in artificial data
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PSA with kNN in artificial data
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PSA with Naive Bayes in artificial data
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PSA with Random Forest in artificial data
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PSA with Random Forest in artificial data
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PSA with GBM in artificial data
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PSA in self reported health with real data
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PSA in household members with real data
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e Decision trees can be an alternative if both samples are
balanced. The increase in estimators’ variance caused by
this approach has been observed in literature (Wyss et al.,
2014).

e Nearest neighbors provide better results in
low-dimensional contexts. This is a well-known attribute of
k-NN classifiers (see Beyer et al., 1999).

e PSA with Naive Bayes is unstable if covariates present
rare classes (p. e. numeric variables) or the dimensionality
of the dataset increases. Naive Bayes is generally unable
to deal with numeric variables and relies on independence
assumptions which are hardly met as the number of
variables increase (Barber, 2012; Garcia et al., 2015).
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e [f controlling for overfitting, Random Forest is a solid
alternative, specially if the target variable is influenced by
Internet access. However, as in Pirracchio et al. (2014), an
increase in variance could be attributed to its use.

e PSA with GBM presents very good properties, specially in
terms of estimators’ variance. These findings are in line
with McCaffrey et al. (2013).

* However, the choice on which algorithm should be
used remains on the dataset and its attributes.
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e |f non-volunteering is MCAR, CART and k-NN provide
good results under any conditions, although most of the
algorithms (except for Random Forests) perform well as
nys increases.

¢ |f non-volunteering is MAR or NMAR, best choices are
k-NN and GBM if dimensionality is low. If assessing for
right covariates, J48 and C5.0 are good alternatives if nyg
is small. Random Forests can cause a high impact in bias
reducing but they tend to overfit.
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Discussion
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e Data preprocessing and sample balancing are key steps
when estimating efficient propensity scores with ML
algorithms. This point has been discussed in literature
(Linden and Yarnold, 2017).

e Parameter tuning, except for GBM, has not been proved to
be a decisive factor in PSA success at removing bias. Up
to the authors’ knowledge, only Setoguchi et al. (2008) and
Lee et al. (2010) addressed parameter tuning for PSA with
ML.

¢ The limitations of the experiment on which parameter
tuning was considered (artificial data, low dimensionality,
etc.) must be taken into account in further research.
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