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Abstract: Many surveys are performed using non-probability methods such as web surveys, social
networks surveys, or opt-in panels. The estimates made from these data sources are usually biased
and must be adjusted to make them representative of the target population. Techniques to mitigate
this selection bias in non-probability samples often involve calibration, propensity score adjustment,
or statistical matching. In this article, we consider the problem of estimating the finite population
distribution function in the context of non-probability surveys and show how some methodologies
formulated for linear parameters can be adapted to this functional parameter, both theoretically and
empirically, thus enhancing the accuracy and efficiency of the estimates made.
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1. Introduction

Distribution function estimation is an important topic in survey research. This ap-
proach offers valuable benefits in the context of probability surveys and has been the focus
of much research attention in recent years. It is especially useful when the underlying goal
is to determine the proportion of values of a study variable that are less than or equal to
a certain value. For example, knowledge of the distribution function makes it possible to
obtain the reliability function, which is commonly used in life data analysis and reliability
engineering [1]. Furthermore, the distribution function allows us to examine whether two
samples originate from the same population [2].

Additionally, the finite population distribution function can be used to calculate
certain parameters, such as population quantiles. In several areas of study [3-5], quantiles
are of special interest. For example, rates of extreme pediatric obesity are defined as
the body mass index at or above the 99th percentile [6]. In another area, that of ozone
concentrations, the 5th percentile is a measure of the baseline condition, while the 95th
reflects peak concentration levels [7]. In economics, some variables, such as income,
have skewed distributions and in this case quantiles provide a more suitable measure
of location than the mean [8,9]. Also in this field, quantiles allow us to obtain measures
such as the poverty line and the poverty gap [10,11], as well as inequality parameters
indicators such as the headcount index, which measures the proportion of individuals
classified as poor within a given population [12]. Other analyses of inequality, such as
those focusing on wages or income distribution, also require measures based on percentile
ratios [9]. In these cases, estimating the distribution function is also more useful than
calculating totals and means [13]. In view of these considerations, some studies have
focused on the auxiliary population information available at the estimation stage to gain
more accurate values for the distribution function and quantiles [14-17]. One means of
incorporating auxiliary information to develop new estimators of the distribution function
is to employ the calibration method, which was originally designed to estimate the total
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population [18]. An extensive body of research has been conducted in this area, and various
implementations of the calibration approach have been applied in the probability survey
context to obtain estimators of the distribution function and the quantiles [19-27]. The use
of calibration techniques has also been considered for estimating the distribution function
when a probability survey is subject to non-response [28].

As part of the global commitment to fight poverty and social exclusion, many gov-
ernment agencies wish to know the proportion of the population living below the poverty
line, in order to monitor the effectiveness of their policies [29]. One way to obtain this
information is to conduct probabilistic surveys, based on representative samples of the
target population. The aim of survey sampling theory is to maximize the reliability of the
estimates thus obtained.

For a sample to be considered probabilistic and therefore valid for drawing inferences
regarding the population, it must be selected under the assumption that all the individuals
in the target population have a known and non-null probability of inclusion.

In recent years, alternative data sources to probabilistic samples have been consid-
ered, such as big data and web surveys. These approaches offer certain advantages over
traditional probability sampling: estimates in near real time may be obtained, data access
is easier, and data collection costs are lower. In these non-traditional methods, the data
generating process is different and the subsequent analysis is based on non-probability
samples. Despite the above advantages, this method also presents serious issues, especially
the fact that the selection procedure for the units included in the sample is unknown and so
the estimates obtained may be biased, since the sample itself does not necessarily provide a
valid picture of the entire population. In other words, the sample is potentially exposed to
self-selection bias [30,31].

Many studies of survey sampling have been undertaken to reduce selection bias in
the methods used to estimate population totals and means, and this research has been
reviewed in [32-37], among others. The methods considered include inverse probability
weighting [38,39], inverse sampling [34], mass imputation [40], doubly robust methods [31],
kernel smoothing methods [41], statistical matching combined with propensity score adjust-
ment [42], and calibration combined with propensity score adjustment [39,43]. However,
despite the extensive literature available on using calibration techniques to estimate the
distribution function and the population mean under conditions of self-selection bias,
little attention has been paid to the development of efficient methods for estimating the
population distribution function under these conditions.

To address this research gap, we propose a general framework for drawing statistical
inferences for the distribution function with non-probability survey samples when auxiliary
information is available. We discuss different methods of adjusting for self-selection bias,
depending on the type of information available, applying calibration, propensity score, and
statistical matching techniques.

The rest of the paper is organized as follows: in Section 2, we review the estimation of
the distribution function from probability and non-probability samples, in order to establish
the basic framework and the notation employed. In Section 3, we then propose several
estimators for the distribution function, based on calibration, propensity score adjustment
(PSA) and statistical matching (SM), taking into consideration that the non-smooth nature
of the finite population distribution function produces certain complexities, which are
resolved in different ways. The properties of the proposed estimators are described in
Section 4, after which we present the results obtained from the simulation studies performed
with these estimators. In the final section, we summarize the main conclusions drawn and
suggest possible lines of further research in this area.

2. Basic Setup for Estimating the Distribution Function

Let U denote a finite population of size N, U = {1,...,i,...,N}. Let sy be a self-
selected sample of size ny, self-selected from U. Let y be the variable of interest in the
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survey estimation. We assume that vy is known for all sample units. Our goal is to estimate
the distribution function F,(t) for the study variable y, which can be defined as follows:

*ZAt—yk 1)

keu

where A(-) denotes the Heaviside function, given by:

1 ift >y
Mtyw_{OiH<%

In the absence of auxiliary information, the distribution function F, (t) can be estimated
by the naive estimator, defined by

FyNa(t Z A(t = yi)- @

kGSV

If the convenience sample sy suffers from selection bias, the above estimator will provide
biased results.
Let R be an indicator variable of an element being in sy, such that

. 1 kesy
R"{Ok;esv. )

If we know {Ry : k € U}, the error of Fyy,(t) will be:

Fyna(t) — Fy(t) . kZéleA t—yx) — k;IA t—yr) = ?COU(R,A(t*y))
S S

with f = n/N and Coo(R,A(t —y)) = & Y_ (Re — Rn)(A(t — yx) — Fy(t)), being Ry =
kel
N Zkeu Ry
By applying the expectation of the mean difference, we obtain the selection bias of the
estimator, as follows:

}ER<Cov<R,A<t — )

where ER denotes the expectation with respect to the random mechanism for Ry.
The mean squared error is obtained by:

B = Eg(Fyna(t) — Fy(t)) =

ECM = 5 Ex(Coo(R, A(t ~))?) = 5 Ex(Corr(R,A(t ~y)*)Var(R)Var(A(t ~ ) =

f2

1
= Egr(Corr(R,A(t — y))?) x (f — 1) x Var(A(t —y))
because Var(R) = & Txeu(Re — Rn)? = f(1— f).
Therefore, a non-probability sampling design with Eg(Corr(R, A(t —y))?) # 0 means
that the analysis results are subject to selection bias. This is the main problem addressed in
our study.

3. Proposed Estimators

The key to successful weighting to eliminate bias in self-selection surveys lies in the use
of appropriate auxiliary information. To address this question, let us consider | auxiliary
variables x1, ..., x; and let x;c = (X1, ..., X ]k) be the vector of auxiliary variables at unit k.
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We distinguish three different cases, called InfoTP, InfoES, and InfoES, depending on
the information at hand ([44])

*  InfoTP: Only the population vector totals of the auxiliary variables, } ;; x; = X, are known.

* InfoES: Information is available at the level of a probability sample conducted on the
same target population as the non-probability survey, with good coverage and high
response rates. The vector of auxiliary variables x; is known for every unit in this
reference sample.

*  InfoEP: Information is available at the level of the population U: the vector of auxiliary
variables x; is known for every k € U.

Below, we consider various adjustment methods, depending on the type of informa-
tion available.

3.1. InfoTP

The calibration method, originally developed by Deville and Sdrndall [18] for the
estimation of totals, can be adapted to estimate the distribution function. This approach
enables us to incorporate the auxiliary information available through the auxiliary vector
X in several ways [19,20,24-27].

In the case of InfoTP, the calibration can be performed on the totals: given a pseudo-
distance G(.,.), and denoting w,x = N/ny, we seek new calibrated weights wy; that are
the solution to the following minimization problem

min Y G(wy, wyk) 4)
k kESV
subject to
Z WX = X. (5)
kESV

The resulting calibrated estimator of the distribution function is given by:

fYcl(ﬂ - % Z wkclA(t _yk)- (6)

kesy

Ref. [18] proposes a family of pseudo-distance G(.,.) with which to develop calibration
estimators. One of the distances proposed is the chi-square distance given by

2
Wy — W
q% — E ( k Uk) (7)
kESV ZUquk

where g; is positive weights that are usually assumed as uniform 1/g; = 1 although un-
equal weights 1/q; are sometimes preferred.

The resulting calibrated weights wy,; with the minimization of (7) subject to the
conditions (5) are given by:
Wkl = Wok + WokqrY - Xk (8)
where

T . !
Y= (X— ) kaxk) ) WordixieXy

kGSV kGSV

In the estimation of totals and means, previous research has shown that the exclusive
use of calibration fails to eliminate self-selection bias if this approach is not combined with
other methods, such as propensity score adjustment (PSA) [39,43]. Thus, in terms of bias
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reduction, the results of the calibration and PSA combination clearly surpass those obtained
with only calibration weighting [43].

In order to incorporate methods such as PSA and to develop new estimators that over-
come the problems met with the Fyc1(t) estimator, we consider other scenarios as follows.

3.2. InfoES

Let sg be a probability sample of size n selected from U under a probability sampling
design (sg, pr) in which 7 = Y, 5k pr(sg) > 0 is the first-order inclusion probabil-
ity for individual k. The covariates x; are common to both samples, but we only have
measurements of the variable of interest y for the individuals in the convenience sample.
The original design weight of the individual k in the reference (probability) sample is
denoted by wgy = 1/m.

First, we consider a calibration method for reweighting based on the proposal given
in [25], calibrating from the pseudo-variable:

Sk = BTxk fork=1,2,..N )

-1
= ( Y. Xk"z?) Y Xy (10

kESV kGSV

The new weights wy, are obtained by minimizing the chi-square distance (7) subject
to the following conditions:

1 1 .
N Y Wit —gk) = N Y wriA(t—g) j=12,...,P (11)

kesy kesg

where ¢ i for j = 1,...P are points chosen arbitrarily and where we assume that t; < t, <
... < tp and gy are positive constants.
The resulting calibrated estimator of the distribution function is given by:

Fra(t) = 3 ¥ w0kt~ ). (12)

kesy
in which the calibrated weights wy,, are given by:
A
Wiea = Wk + Wori 37 A(tp — 8k) (13)

with

-1
A=N2. (fcR(tp) - % Y Altp — gk))T< Y Wi (te — o) A(tp — gk)T)

kESV kESV
and
A(tp *gk)T = (A(tl 7gk)/A(t2 78]()/' . ’IA(tP 7gk))
Fort) = (X At — g1), INCRFANIES) SETNCr)
( GR(P)) = (Nkz wriA(t 8k),ﬁ Z wrrA (2 — gk N Z WRkA\Lp — &8k
€S8R kesg kesg

The calibrated weights (13) and the weights wgy for the samples sy and sg, respectively,
give the same estimates for the distribution function of the pseudo-variable g, when
evaluated over the set of points ¢;.

In the case of InfoES information, the most popular adjustment method in non-
probability settings is propensity score adjustment [38,39,43,45-47]. This method, de-
veloped by [48], can be used to estimate the distribution function, as described below.

Under PSA, it is assumed that each element of U has a probability (propensity) of
being selected for sy, which can be formulated as
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m, = Pr(Rg = 1|xk, y) (14)

We assume that the response selection mechanism is ignorable and follows a paramet-
ric model:

7 = Pr(Ry = 1|x¢) = m(xg, A), (15)

for a known function m(-) with second continuous derivatives with respect to an unknown
parameter A.

We estimate the propensity scores 7ty by using data from both the self-selection and
the probability samples. The maximum likelihood estimator (MLE) of 7t} is 7t} = m(A, ),
where A corresponds to the value of A that maximizes the pseudo-log-likelihood function:

/\ Xk
210 ) +2—log (1 —m(A,x)). (16)
The resulting propensities can then be used to calculate new weights, w54 = 73]?

Thus, we define the inverse propensity weighting estimator of the distribution functlon as:

Baps(t) = o X wfAa( = o). (17)
kesy

Another PSA-based estimator can be obtained using the weights wP sA2 _ 1o nk [49].

In this respect, Refs. [39,47] proposed other PSA weights whereby the combined sample
(sv Usg) is grouped into g equally-sized strata of similar propensity scores from which an
average propensity is calculated for each group.

The estimator (17) can be obtained as a special case of the general framework on
inference for the general parameter proposed in [50]. The latter authors present an estimator
that uses the propensity score for each individual in the survey weighted by the estimating
equation under logistic regression, thus obtaining the asymptotic variance of the estimator.

A third approach to dealing with InfoES information is that of statistical matching, by
which imputed values are created for all elements in the probability sample. This method
was introduced by [40] and is based on modeling the relationship between y; and x, using
the self-selected sample sy to predict y for the probability sample. The question then is
how to predict the values yy.

To do so, let us assume a working population model E,, (y/x) = M(x, B) where B is
the unknown parameter. We further assume that the population model holds for the sample
sy. Using the data from this sample, we can obtain an estimator f3, which is consistent for
B under the model assumed. From f,, we then propose the matching estimator for the
distribution function as:

Fysm(t) = — 2 A(t = Ji) / Ttk (18)

kGSR

where ; = M(x, ;) is the predicted value of y; under the above model. The estimator
(18) is consistent if the model for the study variable is correctly specified.

A more complex estimator for the distribution function can be constructed using the
idea of double robust estimation [31], which is based on the following considerations.
Firstly, the propensity score adjusted estimator (17) requires that the propensity score
model be correctly specified. Moreover, the imputation-based estimator (18) requires that
the working population model be correctly specified. An estimator is called doubly robust
if the estimator is consistent whenever one of these two models is correctly specified [51].
Hence, the double robust estimator of the distribution function is defined as:
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Fypr(t) Z A(t—96) /e + Y we (At —y) — At — 9)).- (19)

kESR kesy

The estimator (19) is double robust because it is consistent if either the model for the
participation probabilities or the model for the study variable is correctly specified.

3.3. InfoEP

In the case of InfoEP, an initial possibility is to consider a similar calibrated estimator,
based on the proposal given in [25]. The new weights wy3 are obtained by minimizing the
chi-square distance 7 subject to the following conditions:

N7 Z wkC3A gk) = Fg(t]) ]: 112/-”/13 (20)

kESV

where Fg(t]-) is the finite distribution function of g at the points ¢;, j=1,2,...,P.
The resulting calibrated estimator of the distribution function is:

Fye(t) ﬁ Y wiesA(E—yi) (21)

kesy

where the calibrated weights wy3 are given by:

0
Wie3 = Wok + ka’?kﬁA(tP — k) (22)

with

-1
0=N2. (Pg(tp) - % Y Aty — gk))T< Y wokdrA(tp — gi)A(tp — gk)T>

kESV kGSV

() = (Felt), F(ta) . Folts)-

Fyes(t) gives perfect estimates for the distribution function of the pseudo-variable g,
when evaluated over the set of points t, j=12,...,P.
We define a model-based estimator based on the non-probability sample as

Fora() = (T At-g0+ T AG-w0) 3)

keU—sy kesy

and a model-assisted estimator by

Fyprs(t ( Y oAt —g)+ Y WAt —y) — At — ]?k)) (24)
kel kesy

4. Properties of Proposed Estimators
When estimating the distribution function, the estimator considered Fy(t) should
satisfy the following distribution function properties:
(1) Fy(t) should be continuous on the right;
(ii) Fy(t) should be monotonically nondecreasing;
i) lim Fr(t) =0
(iv) {tgrfoo F(t) =1

If an estimator of the distribution function l/:‘\y (t)isa genuine distribution function, i.e.,
Fy (t) meets the above conditions, it can be used directly for estimating the quantiles [16].
Specifically, the quantile « can be estimated as:
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Qu = inf{t: Fy(t) > a} = F/'(a)

Since the Heaviside function is continuous on the right, it is clear that all the proposed
estimators satisfy conditions (i) and (iii).

In general, however, estimator fycl (t) does not satisfy conditions (ii) or (iv). In order
to meet condition (ii), let us consider the specific pseudo-distances G(.,.) that guarantee
positive calibrated weights wy.; > 0. In this respect, Ref. [18] proposed some pseudo-
distances which always produce positive weights whilst avoiding extremely large ones.
Some of these pseudo-distances may be considered in estimator l?yd (t) in order to satisfy
condition (ii). In addition, to meet condition (iv), we can add the constraint:

N=Y w (25)

kesy

to condition (5).

Similarly, conditions (i) and (iv are not generally met by the estimators Fy(t) or
l?ycg(t)). Regarding condition (ii), and following [25], the weights wy, and w3 are always
positive if g = c for all units in the population. Thus, under the usual uniform choice
1/gr = 1, both estimators satisfy condition (ii). To meet condition (iv), in the case of
estimator fycz(t), we can add the constraint (25) to the conditions (11), while, for estimator
Fye3(t), we can take a value tp that is large enough so Fo(tp) = 1.

The estimator fy;ps(t) based on the weights w}: 54 yerifies condition (ii) if weights

w}: 54 > 0, whereas if l?y ps(t) is based on w}: SA2 then it meets condition (ii) when w}: SA <1,
Consequently, if 0 < w}: SA < 1, the estimator Fyjpg(t) based on both w]f 54 and w}: 542
satisfies condition (ii). Thus, through the model selected to estimate propensities m(A, xi),
condition (ii) can be met. For example, an extended option in the estimation of propensities

is that of the logistic regression model

exp(ATxy)
/\ = —
) = g +exp(ATxy)

that verifies the condition 0 < w}: SA < 1. Hence, if we choose this model, condition (ii) is

met by Fyps(t) regardless of whether we use the weight w}: 54 or the weight w}: SA2,

To ensure that condition (iv) is met with the estimator fy 1ps(t), it can be divided by the

sum of weights, that is, } ¢, w}:SA or Y es, w]fSAz.

Estimator fys wm (1) satisfies condition (ii) but not condition (iv). To ensure the latter,
again we can divide Fygy(t) by the sum of its weights, that is, ¥ < Tk

Finally, whereas the estimator Bypro (t) satisfies all the conditions, Bypr (t) and Byprs (1)
do not meet conditions (ii) or (iv). Condition (iv) can be met by both Fypg (t) and Fypgs(t)
when they are divided by the sum of their respective weights, but these estimators, in gen-
eral, are not monotonic non-decreasing functions and therefore are not genuine distribution
functions. In both cases, we might consider the general procedure described in [16] to obtain
a monotonous non-decreasing version of the estimators Fypr (t) and Fyprs (t). However,
this procedure always increases the computational cost when estimating quantiles.

5. Simulation Study

In this section, we conduct a Monte Carlo study to compare the efficiency of the
estimators presented in Section 3.2. The simulation study was programmed in R and
Python. New code was developed to calculate the estimator considered. Python was only
used for training and applying the machine learning models in order to take advantage
of the package Optuna [52] for hyperparameter optimization. However, R was chosen
as the main programming language since the functions wtd.quantile, from the package
reldist [53], and ggeneric, from the package flexsurv [54], facilitate the implementation of
custom quantiles. To show that the superiority of some estimators depends on the data,
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pi =

we define various setups based on different sampling strategies for the probability and
nonprobability samples. In this analysis, only InfoES information is used.

5.1. Data

The dataset used in the simulation was collected between 2011 and 2012, in the
Spanish Life Conditions Survey [55]. Using criteria harmonized for all European Union
countries, the Living Conditions Survey generates a reference source of statistics on income
distribution and social exclusion within Europe. The dataset was filtered to rule out
individuals and variables with large quantities of missing data. Following this procedure,
the resulting pseudopopulation had a size of N = 28210.

The following variables were used in the simulation:

- Demographics
. COM: 1 if the individual has a computer at home, and 0 otherwise;

e  GSEX:1if the individual is male, and 0 otherwise;

*  AGE: the individual’s age in years;

e AREAME: 1 if the individual lives in a medium-density population area, and 0
otherwise;

e AREALOW: 1if the individual lives in a low-density population area, and 0 otherwise.

- Analysis variable
¢ INC: Household expenses in EUR.

Let us consider two setups. In the first, the sampling procedure is the same as that
used to select the sample in the Spanish Life Conditions Survey: the probability sample
is obtained by stratified cluster sampling, whereby the strata are defined by the NUTS2
regions and the clusters are composed of the households within these regions, extracted
with probabilities proportional to the household size. The number of households to be
selected, m, is estimated by dividing ny (the sample size of sg1) by the mean household
size. For ng = 2000, m = 902. According to this procedure, the final sample size of sg; is
nr1 = 2003.

In the second setup, the reference probability sample is drawn by Midzuno sampling
with probabilities proportional to the minimum household income necessary for basic
subsistence.

To generate the nonprobability sample, sy, the following scenarios were considered:

1.  SC1: Simple random sampling from the population with COM =1
2. 5C2: Unequal probability sampling from the full pseudopopulation, where the proba-
bility of selection for the i-th individual, p;, is given as follows:

1

2
1+ exp(—2COM + 0.2SEX + 0.01AGE + 0.2AREAME + 0.4AREALOW) (26)
3. 5C3: Unequal probability sampling from the full pseudopopulation, where the proba-
bility of selection for the i-th individual, p;, is given as follows:

pi = (AGE —1925)3 /(1995 — 1925)° (27)

These participation mechanisms create weights with different models and levels of
variability. Figures 1-3 show the resulting histogram of propensities.

By this procedure, we obtained nonprobability samples with sizes ny = 2000, 4000
and 6000.
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Figure 1. Histogram of population propensities in SC1.
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Figure 2. Histogram of population propensities in SC2.
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Figure 3. Histogram of population propensities in SC3.

5.2. Simulation

In each simulation, the following parameters were estimated:

*  The quantiles Qp.25, Qo5 and Qg 75.

*  The distribution function F,(t) at points Qg .25, Qo5 and Qo 7s.

The following methods for estimating these parameters were compared:

* Naive estimator, using the sample distribution function of the sy sample to draw

inferences.

*  The proposed calibrated estimator l/:\ycz(t) where ¢; for j = 1,2,3 corresponds to Qo 25,

Qos, and Qo.75. R
*  The proposed PSA estimator Fyjpg(t).

e The proposed SM estimator Fysy;(t).
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e The proposed DR estimator Fypr(t).

All five demographic variables were considered potential predictors of propensities,
and predicted values y; for both logistic and linear regression models. In addition, a state-
of-the-art machine learning method, XGBoost [56], was used as an alternative to these two
models in order to evaluate the effect of the method used to estimate propensities and
predict values. Refs. [57,58] show that this technique can improve the representativity of
self-selection surveys with respect to other prediction methods.

The quantile « is estimated as follows:

Qa =inf{t: ﬁy(i’) >t = f;l(zx)

where ﬁy is one of the five above estimators of F.

One thousand simulations were run for each context. The resulting mean bias, stan-
dard deviation, and root mean square error were measured in relative numbers to make
them comparable across different scenarios. The formulas used for their calculation were:

RBias(%): 1000 —UN a

(28)

RStandard deviation (%) = (29)

RMSE (%) = \/RBias2 + RSD? (30)

where A7) is the estimation of a parameter fy in the i-th simulation and § is the mean of the
1000 estimations.

5.3. Results

The relative bias of estimators is shown in Table 1, for all scenarios and sample sizes.

Table 1. Bias (%) for each reference probability sample, parameter, non-probability sampling and
size, method and machine learning model (linear/logistic regression or XGBoost).

Stratified Proportional
Qoas Qos Qors Fy(Qozs) F(Qos) Fy(Qozs) Qozs Qos Qors F;(Qo2s) F,(Qos) Fy(Qozs)

ZSOCO}) Naive 23.3 17.9 13.4 —32.6 —20.9 —10.0 23.3 17.9 13.4 —32.6 —20.9 —10.0
Cal Reg 6.7 129 17.7 —0.6 —17.2 —20.7 —10.3 2.0 12.0 40.7 14 —59

XGB 0.2 3.6 9.8 7.1 4.2 —-0.3 11 6.3 9.8 55 1.0 —-0.4

PSA Reg 16.8 14.6 111 —23.3 —16.5 —8.2 21.5 18.0 13.9 —30.0 —204 —10.1

XGB 19.6 13.1 10.5 —28.1 —15.6 —8.8 28.4 20.9 12.5 —38.2 —244 —-10.5

SM Reg —4 x 108 258 3 x 108 —0.6 —-17.3 —-20.7 -2 x10° -0.8 4 x 107 40.7 1.4 -59

XGB —4.1 —4.2 0.6 7.3 4.1 —0.4 -23 -1.2 0.6 5.7 0.9 —04

DR Reg —4 x10% 258 3 x 108 —0.6 —-17.2 —20.7 -2 x10° -09 4 x 107 40.7 1.4 —-59

XGB —4.1 —4.3 0.5 7.3 4.2 —-0.3 —24 —-1.2 0.6 5.6 1.0 —-0.4

EO((:]%) Naive 23.3 18.1 13.6 —32.7 —21.0 —10.1 23.3 18.1 13.6 —32.7 —21.0 —10.1
Cal Reg —6.3 29 13.7 30.6 —-1.6 —10.2 —11.2 14 11.7 429 2.6 —52

XGB 0.2 3.7 9.9 6.9 4.2 —04 1.2 6.3 9.9 5.2 1.0 —0.5

PSA Reg 16.8 14.6 11.3 —23.4 —16.6 —83 21.5 18.0 13.9 —30.0 —204 —10.1

XGB 19.9 14.0 13.0 —28.0 —16.4 —-10.4 28.1 221 13.7 —37.1 —25.0 —11.4

M Reg  —2x10° 43  2x10° 306 ~16 102 -2x10° -23  6x107 429 25 —52

XGB —4.2 —4.2 0.6 72 4.1 —-0.4 —2.2 -1.2 0.6 55 0.9 —-0.5

DR Reg  -2x10° 43  2x10° 306 ~16  —102  -2x10° -24  6x107 429 26 —52

XGB —4.1 —4.2 0.6 7.1 42 -0.3 —2.3 —-1.2 0.6 54 1.0 —-0.5
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Table 1. Cont.
Stratified Proportional
Qo5 Qos Qos F,(Qozs) F,(Qos) FE/(Qorzs) Qozs Qos Qo.7s Fy(Qozs) Fy(Qos) Fy(Qors)

65(%}) Naive 23.3 18.0 135 —32.7 —20.9 —10.0 23.3 18.0 135 —32.7 —20.9 —10.0
Cal Reg 0.7 8.1 15.8 13.9 -9.9 —15.8 —-10.9 1.6 11.7 42.0 2.1 —5.5
XGB 0.2 3.6 9.7 6.8 4.1 —0.4 1.2 6.2 9.7 5.1 1.0 —0.5
PSA Reg 16.8 14.6 114 —23.5 —16.5 —-8.3 21.4 17.9 139 —30.0 —20.3 —10.1
XGB 20.1 14.6 14.8 —27.6 —17.2 —114 27.6 225 14.3 —36.0 —25.1 —11.9
SM Reg —7 x 108 158 1 x 108 139 —10.0 —15.8 -3 x10° -17 9 x 107 42.0 2.1 —55
XGB —4.3 —4.1 0.6 7.0 4.2 —0.4 —2.1 -1.2 0.6 54 1.0 —-0.5
DR Reg  —7x10° 158  1x10° 139 99  -158 —3x10° -18 9x107 420 21 -55
XGB —4.2 —42 0.6 7.0 4.2 —0.4 —2.3 -1.3 0.6 5.3 1.0 —0.5
25(% Naive 121 102 7.8 182 116 56 121 10.2 7.8 182 116 56
Cal Reg —1.4 0.1 5.9 6.7 4.0 —0.4 —-0.7 3.1 5.9 5.0 1.1 —0.6
XGB —-1.5 0.0 5.8 7.1 4.2 —-0.3 —0.8 3.2 5.9 5.5 1.0 —0.4

PSA Reg —5.2 —4.3 —-29 9.5 4.9 2.0 —0.2 0.1 —0.2 0.2 0.1 0.2
XGB 54 2.4 2.5 —8.5 —24 -2.1 15.2 10.8 5.9 —22.5 —12.3 —4.7
SM Reg —43 —4.0 0.6 6.7 4.0 —04 2.1 —-1.1 0.6 5.0 1.0 —0.6
XGB —4.1 —4.2 0.5 7.2 4.2 —-0.3 —2.3 -1.2 0.6 5.6 0.9 —0.4
DR Reg —4.3 —4.0 0.6 6.7 4.0 —0.4 —2.2 -1.2 0.6 5.0 1.1 —0.6
XGB —4.1 —4.3 0.5 7.1 4.2 —-0.3 —24 -1.2 0.6 5.5 1.0 —0.4
48(%)% Naive 11.8 10.1 7.7 —-17.8 —11.5 —5.6 11.8 10.1 7.7 —-17.8 —-11.5 —5.6
Cal Reg —14 —-0.1 5.8 6.6 4.1 —-04 —-0.7 3.0 5.8 5.0 1.1 —-0.5
XGB —-1.6 —-0.2 5.7 7.0 4.2 —0.4 —-0.9 3.1 5.8 54 1.0 —0.4

PSA Reg —5.4 —43 —-29 9.8 4.9 2.0 —0.5 —-0.1 —0.4 0.8 0.2 0.3
XGB 3.5 2.0 3.2 —5.6 —-1.8 -2.7 13.9 10.8 6.4 —20.3 —12.1 —5.2
SM Reg —43 —4.0 0.6 6.6 4.0 —04 —2.1 —-1.1 0.6 49 1.1 —-0.5
XGB —4.1 —4.1 0.6 7.3 4.1 —0.4 —2.2 -1.2 0.6 5.6 0.9 —0.5
DR Reg —4.3 —4.0 0.5 6.6 4.1 —0.4 -21 -1.2 0.6 5.0 1.1 —-0.5
XGB —4.1 —4.2 0.6 7.0 4.2 —0.3 —2.4 -1.2 0.6 54 1.0 —0.5

68&%) Naive 114 9.9 74 —-17.3 —-11.1 —54 114 9.9 74 —-17.3 —-11.1 —54
Cal Reg —-15 —-0.2 5.6 6.6 4.1 —04 -0.7 29 5.7 4.9 1.1 —-0.5

XGB —-1.6 —-0.3 5.6 7.0 4.2 —0.4 —-0.9 3.0 5.6 5.3 1.0 —-0.5

PSA Reg —5.3 —44 —2.8 9.8 4.9 19 —0.6 —-0.2 —-0.5 0.9 0.3 0.4

XGB 1.8 14 3.6 —3.0 —-1.2 —-3.1 12.3 10.3 6.5 —18.1 —11.3 —5.1

SM Reg —43 —4.0 0.6 6.5 4.1 —04 —2.1 —-1.1 0.6 49 1.1 —-0.5

XGB —4.2 —4.2 0.6 7.3 4.1 —-04 22 -1.1 0.6 5.6 1.0 —-0.5

DR Reg —4.3 —4.0 0.5 6.6 4.1 —0.4 —21 -1.2 0.5 4.9 1.1 —-0.5

XGB —4.1 —42 0.6 7.0 4.2 —-0.3 —2.3 -1.2 0.6 5.3 1.1 —-0.5

5’0%?) Naive 9.8 8.9 69 142 -102  -49 9.8 8.9 6.9 142 —102 49
Cal Reg —2.1 —-0.5 53 7.4 4.3 —-0.3 -13 2.6 54 5.5 1.1 —0.6

XGB —-1.9 —-0.5 5.3 7.0 4.2 —-0.3 -1.2 2.8 5.3 5.5 1.0 —04

PSA Reg 1.7 0.7 —0.6 —3.0 —0.6 0.5 3.4 2.3 0.7 —6.1 —-25 —0.4

XGB 10.5 5.7 5.3 —14.5 —5.6 —4.0 13.1 9.4 6.6 —17.8 —10.4 —5.0

SM Reg —4.5 —44 0.6 74 4.3 —-0.3 —2.5 —-1.2 0.6 5.5 1.1 —0.6

XGB —4.1 —4.1 0.6 7.1 4.2 —-0.3 —24 —-1.1 0.6 5.6 1.0 —04

DR Reg —4.5 —45 0.5 7.4 4.3 —-0.3 —2.6 -1.2 0.6 5.5 1.1 —0.6

XGB —4.1 —4.2 0.5 7.1 4.2 —-0.3 —2.5 —-1.2 0.6 5.5 1.1 —0.4

EOCO?) Naive 10.0 9.0 6.8 —14.3 —10.2 —4.9 10.0 9.0 6.8 —14.3 —10.2 —49
Cal Reg -19 —0.6 5.2 6.8 4.2 —04 —1.1 2.6 53 5.0 1.1 —-0.5

XGB -1.8 —-0.6 5.2 6.7 4.2 -0.3 —-1.2 2.7 5.2 5.3 1.1 —-0.5

PSA Reg 1.6 1.0 —0.4 —2.7 -1.0 0.3 3.3 2.7 0.7 —5.8 -29 —-0.5

XGB 10.2 5.9 5.8 —-14.1 —5.6 —4.6 12.7 9.8 7.2 —-16.7 —11.0 —5.5

SM Reg —4.3 —42 0.5 6.8 4.1 —0.4 —2.1 -1.1 0.6 5.0 1.1 —0.5

XGB —4.2 —4.1 0.5 6.9 4.2 —04 —24 —-1.2 0.6 5.4 1.0 —-0.5

DR Reg —44 —4.2 0.5 6.8 4.2 —0.4 —2.2 —-1.2 0.6 5.0 1.1 —-0.5

XGB —4.1 —4.2 0.6 6.9 4.2 —-0.3 —2.5 -1.2 0.6 5.3 1.1 —-0.5

65(%?) Naive 10.0 9.0 6.7 —144 —10.2 —4.9 10.0 9.0 6.7 —144 —10.2 —49
Cal Reg —-1.8 —-0.6 5.2 6.6 4.1 —0.4 —-1.1 2.6 5.2 49 1.1 —-0.5

XGB —-1.8 —-0.6 5.2 6.7 4.2 —04 -1.2 2.6 5.2 5.2 1.1 —-0.5

PSA Reg 1.6 0.9 —-0.3 —-29 -0.8 0.2 3.2 25 0.8 —5.8 —2.7 —-0.5

XGB 9.8 6.4 6.5 —13.5 —6.0 —5.3 12.6 10.3 7.7 —16.2 —11.4 —6.0

SM Reg —4.3 —4.0 0.5 6.6 4.1 —0.4 —2.1 —-1.2 0.6 49 1.1 —0.5

XGB —4.2 —42 0.6 6.9 4.2 —0.4 —2.3 —-1.1 0.6 54 1.0 —-0.5

DR Reg —43 —4.0 0.5 6.6 4.1 —04 2.1 —-1.2 0.5 49 1.1 —-0.5

XGB —4.2 —4.2 0.6 6.9 4.2 —-0.3 —24 -1.1 0.6 5.2 1.1 —-0.5

These results show that the performance of the methods is very similar for each of
the probability sample selections considered. The following comments refer to the first
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columns. i.e., those corresponding to the situation in which the probability sample is chosen
through a stratified cluster scheme.

The naive estimator for all parameters in Scenario 1, where there is also coverage bias,
reflects a very large degree of bias, which is not eliminated by increasing the sample size.
The calibration estimator achieves a considerable reduction in the bias when XGBoost is used to
predict the values but does not achieve a significant reduction in the bias with linear regression.
For some parameters, this bias is even greater than that of the naive estimator.

As expected, in Scenario 1, the PSA-based estimators do not eliminate the self-selection
bias, since there is no relationship between the variables of interest and the probability of
participation, and the machine learning method used to predict the propensities has little
influence. These results are comparable to those reported by [43], who observed that it is
important to add covariates related to the study goal in order to make PSA useful.

On the contrary, with the SM method, the ML technique is of determinant importance:
the estimators based on linear regression perform very badly, in general, since there is no
linear relationship between the values to be predicted and the covariates. However, the
XGBoost method works well in the case of nonlinearity and allows us to select the useful
covariates in the prediction. A noteworthy finding is the large amount of bias shown by
the regression-based estimator for quantiles Qg 25 and Qg 75, while the version based on
XGBoost achieves a very significant error reduction. A very similar pattern of behavior was
observed in all cases between the SM and the DR estimators.

With Scenario 2, the estimators present a different behavior pattern. The probability of
participation depends on all the covariates, and the PSA method reduces the self-selection
bias considerably, in all cases. The ML method has less impact, and the degree of bias
reduction achieved is similar in the two methods. Comparable results were obtained with
SM and DR, the methods based on calibration. In these cases, the bias reduction in relation
to the values obtained with the naive estimator is very large and does not depend on the
ML method used. No clear pattern emerged as to which of the methods was the best: for
some parameters (Qp25 and Qps), the calibration method worked better, while for others
(Fy(Qos)), the PSA achieved the greatest reduction in bias, and in yet others (Qq75) the best
estimates were produced by SM and DR.

In Scenario 3, where the probability of participating depends only on the age covariate,
the calibration estimators, DR and SM, also performed well, obtaining a good level of
bias reduction. The estimator based on PSA with logistic regression was the best of all in
this respect, for all parameters. However, when XGBoost was used, this decrease in bias
was not observed in some parameters. This may be due to the fact that this ML method
is very sensitive to the choice of hyperparameters and in these simulations the default
parameters were chosen and no hyperparameter optimization was performed. Table 2
shows the relative RMSE of these estimators, for each scenario.

Table 2. RMSE (%) for each reference probability sample, parameter, non-probability sampling and
size, method, and machine learning model (linear/logistic regression or XGBoost).

Stratified Proportional
Qo5 Qos Qo5 F,(Qozs) F,(Qos) FE/(Qozs) Qozs Qos Qo.7s Fy(Qozs) F(Qos) Fy(Qors)

ZS(%}) Naive 23.4 18.0 135 32.8 21.0 10.0 23.4 18.0 135 32.8 21.0 10.0
Cal Reg 24.0 21.8 19.1 54.4 32.2 275 21.7 13.4 13.3 59.3 21.6 15.6
XGB 1.1 3.8 9.9 7.3 4.2 0.4 1.5 6.5 9.9 5.6 1.0 0.5

PSA Reg 16.9 14.7 11.2 23.5 16.6 8.3 21.6 18.0 139 30.1 20.5 10.1
XGB 20.3 13.7 114 29.0 16.2 9.3 28.7 21.2 12.8 38.7 247 10.8

sM Reg 9 x10° 455  7x10° 544 322 275  3x10° 284 2x10° 593 216 156
XGB 42 4.3 0.7 75 4.2 0.5 24 1.3 0.8 5.8 1.0 0.6

DR Reg 9 x10° 454  7x10° 544 322 275  3x10° 285 2x10° 593 216 156
XGB 42 4.3 0.7 74 4.2 0.4 2.5 1.3 0.7 5.7 1.0 0.6
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Table 2. Cont.

Stratified Proportional
Qozs Qos Qors F;(Qozs) Fy(Qos) F(Qoz) Qoas Qos Qors Fy(Qozs) Fy(Qos) Fy(Qors)

45(%}) Naive 23.4 18.2 13.6 32.8 21.1 10.1 23.4 18.2 13.6 32.8 21.1 10.1
Cal Reg 22.3 16.7 153 59.4 25.5 19.8 21.4 12.7 13.0 59.6 20.9 14.8

XGB 0.8 3.7 9.9 7.0 4.2 0.4 14 6.4 10.0 5.3 1.0 0.5

PSA Reg 16.9 14.7 114 23.5 16.6 8.3 21.5 18.0 139 30.1 20.4 10.1

XGB 20.2 14.3 13.5 28.5 16.8 10.6 28.3 222 13.8 374 25.1 11.5

SM Reg 3 x 10° 35.3 5 x 108 59.4 25.5 19.8 3 x 10° 27.4 3 x 108 59.6 20.9 14.8

XGB 43 4.2 0.7 7.3 4.2 0.5 2.3 1.2 0.7 5.7 1.0 0.6

DR Reg  3x10° 352  5x10° 594 255 198  3x10° 274  3x10° 596 209 148

XGB 42 4.2 0.7 7.2 4.2 0.4 24 1.3 0.6 54 1.0 0.5

S(%%) Naive 23.3 18.1 135 32.8 20.9 10.0 23.3 18.1 135 32.8 20.9 10.0
Cal Reg 23.1 19.5 174 56.8 29.3 242 21.5 13.0 13.0 59.5 21.2 15.1

XGB 0.6 3.7 9.7 6.8 4.2 0.4 13 6.2 9.8 5.2 1.0 0.5

PSA Reg 16.9 14.6 115 23.5 16.5 8.3 21.4 18.0 139 30.1 20.4 10.1

XGB 20.4 14.8 15.1 27.9 17.4 11.6 27.8 22.6 144 36.2 25.2 119

sM Reg  1x10° 410 3x10° 568 293 242 4x10° 278  3x10° 595 212 15.1

XGB 44 4.2 0.7 7.2 4.2 0.5 2.2 1.2 0.7 5.5 1.0 0.6

DR Reg 1x10° 410 3x10° 568 293 242 4x10° 279  3x10° 595 212 15.1

XGB 42 4.2 0.6 7.1 4.2 0.4 24 1.3 0.6 5.3 1.1 0.5

Zs(i)%) Naive 124 10.4 8.0 18.5 11.8 5.8 124 10.4 8.0 18.5 11.8 5.8
Cal Reg 1.5 1.0 6.0 6.7 4.0 0.4 0.9 3.2 6.1 5.0 1.1 0.6

XGB 1.7 1.1 6.0 7.2 4.2 0.4 1.1 3.4 6.0 5.6 1.0 0.5

PSA Reg 5.6 4.6 3.2 10.2 5.2 22 1.8 1.6 13 3.2 1.7 0.8

XGB 7.3 4.8 42 115 5.2 3.5 15.8 11.3 6.6 23.6 129 5.3

SM Reg 4.3 4.0 0.7 6.7 4.0 0.4 2.1 1.1 0.6 5.0 1.1 0.6

XGB 4.2 4.2 0.7 7.4 4.2 0.5 24 1.3 0.7 5.8 1.0 0.5

DR Reg 4.3 4.0 0.6 6.7 4.0 0.4 22 1.2 0.6 5.0 1.1 0.6

XGB 4.1 4.3 0.7 7.2 4.2 0.4 2.5 1.3 0.7 5.6 1.0 0.5

f&% Naive 119 10.2 7.8 18.0 11.6 5.6 119 10.2 7.8 18.0 11.6 5.6
Cal Reg 1.5 0.7 5.8 6.6 4.1 0.4 0.8 3.1 5.9 5.0 1.1 0.5

XGB 1.6 0.8 5.8 7.1 4.2 0.4 1.0 3.2 5.8 54 1.1 0.5

PSA Reg 5.5 4.5 3.0 10.1 5.0 2.0 1.2 1.1 0.9 2.3 1.2 0.6

XGB 5.0 3.9 4.1 8.0 3.9 34 14.3 11.0 6.8 21.0 124 54

SM Reg 43 4.0 0.6 6.6 4.0 0.4 2.1 1.1 0.6 49 1.1 0.5

XGB 4.2 4.2 0.7 7.4 4.1 0.5 2.3 1.3 0.7 5.7 1.0 0.5

DR Reg 4.3 4.0 0.5 6.6 4.1 0.4 21 1.2 0.6 5.0 1.1 0.5

XGB 4.1 4.2 0.6 7.1 4.2 0.4 24 1.3 0.6 5.5 1.1 0.5

6SOCO%) Naive 11.5 9.9 7.5 17.4 11.2 5.4 11.5 9.9 7.5 17.4 11.2 5.4
Cal Reg 1.5 0.6 5.7 6.6 4.1 0.4 0.8 29 5.7 49 1.1 0.5

XGB 1.7 0.6 5.6 7.1 4.2 0.4 1.0 3.0 5.7 53 1.1 0.5

PSA Reg 54 4.4 29 10.0 5.0 2.0 1.1 0.9 0.8 2.1 1.0 0.6

XGB 3.3 3.1 4.1 54 29 3.5 12.7 10.5 6.7 18.6 11.6 5.3

SM Reg 43 4.0 0.6 6.6 4.1 0.4 2.1 1.1 0.6 49 1.1 0.5

XGB 4.3 4.2 0.6 7.4 4.1 0.4 2.2 1.1 0.6 5.7 1.0 0.5

DR Reg 4.3 4.0 0.5 6.6 4.1 0.4 2.1 1.2 0.5 4.9 1.1 0.5

XGB 4.2 4.2 0.6 7.0 4.2 0.4 2.3 1.2 0.6 5.3 1.1 0.5

ZSOC(:]% Naive 10.1 9.1 7.1 14.5 104 5.1 10.1 9.1 7.1 14.5 104 5.1
Cal Reg 2.2 1.1 54 74 4.3 0.4 15 2.8 5.5 5.6 1.1 0.6

XGB 2.1 1.1 54 7.1 4.3 0.4 14 29 5.5 5.6 1.1 0.5

PSA Reg 6.1 4.3 3.3 10.3 5.0 2.3 6.1 4.4 3.2 10.5 5.0 22

XGB 11.7 7.1 6.5 16.3 7.2 4.9 14.2 10.1 74 19.6 113 5.6

SM Reg 45 4.5 0.6 74 4.3 0.4 2.5 1.2 0.7 5.6 1.1 0.6

XGB 42 4.2 0.8 7.3 4.2 0.5 2.4 1.2 0.8 5.7 1.0 0.6

DR Reg 45 4.5 0.6 7.4 4.3 0.4 2.6 1.2 0.6 5.6 1.1 0.6

XGB 4.2 4.2 0.7 7.2 4.2 0.4 2.5 1.2 0.7 5.6 1.1 0.5

45(%?) Naive 10.1 9.0 6.9 144 10.3 4.9 10.1 9.0 6.9 144 103 49
Cal Reg 19 0.8 5.3 6.8 4.2 0.4 1.2 2.7 5.3 5.0 1.1 0.5

XGB 1.9 0.9 53 6.8 4.2 0.4 1.3 2.7 53 5.3 1.1 0.5

PSA Reg 3.9 3.0 22 6.8 3.3 15 4.6 3.6 21 7.9 4.0 15

XGB 10.7 6.7 6.4 15.0 6.5 5.1 13.3 10.2 7.5 17.6 114 5.8

SM Reg 43 4.2 0.6 6.8 4.1 0.4 2.2 1.1 0.6 5.0 1.1 0.5

XGB 42 4.2 0.7 7.1 4.2 0.4 24 1.2 0.7 5.5 1.0 0.6

DR Reg 44 4.2 0.5 6.8 4.2 0.4 2.3 1.2 0.6 5.0 1.1 0.5

XGB 42 42 0.6 7.0 42 0.4 25 1.2 0.6 5.4 1.1 0.5
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Table 2. Cont.
Stratified Proportional
Qo5 Qos Qos F,(Qozs) F,(Qos) FE/(Qorzs) Qozs Qos Qo.7s Fy(Qozs) Fy(Qos) Fy(Qors)
6SOCO%) Naive 10.0 9.0 6.8 14.5 10.2 49 10.0 9.0 6.8 14.5 10.2 49
Cal Reg 1.8 0.7 5.2 6.6 4.1 0.4 1.1 2.6 5.3 4.9 1.1 0.5
XGB 19 0.8 5.2 6.8 4.2 0.4 1.3 2.7 5.2 5.2 1.1 0.5
PSA Reg 3.1 24 1.7 5.5 2.6 1.2 4.0 3.1 1.7 7.0 3.5 1.2
XGB 10.2 6.9 6.9 14.2 6.6 5.5 129 10.5 7.9 16.7 11.6 6.2
SM Reg 4.3 4.1 0.5 6.6 4.1 0.4 21 1.2 0.6 4.9 1.1 0.5
XGB 4.2 4.2 0.7 7.0 4.2 0.4 24 1.1 0.7 54 1.1 0.5
DR Reg 4.3 4.1 0.5 6.6 4.1 0.4 2.1 1.2 0.5 49 1.1 0.5
XGB 42 4.2 0.6 7.0 4.2 0.4 2.5 1.2 0.6 5.3 1.1 0.5

In Scenario 1, the estimators that use linear or logistic regression are the least efficient,
due to the bias that is present. Calibrated SM and DR estimators based on XGBoost improve
efficiency by reducing bias. Moreover, the RMSE reduction is very strong in some parame-
ters (Qo.75 and F,(Qo75)). However, the PSA-based estimates do not produce a significant
reduction in RMSE because the propensities cannot be modeled from the covariates.

In Scenarios 2 and 3, all the proposed methods effectively reduce the error in the
estimates, with the exception of PSA with XGBoost in some cases, as discussed above.

To determine whether this problem encountered with the XGBoost method in some
situations can be resolved with an appropriate choice of hyperparameters, we repeated
the simulation using a hyperparameter optimization process based on the Tree-structured
Parzen Estimator (TPE) algorithm [59]. In this procedure, the error is estimated by cross-
validation on the logistic loss obtained by each possible model over the training data.
Accordingly, this process could be replicated in a real-world scenario.

Tables 3 and 4 show the bias and RMSE values for the estimators with this new
simulation for Scenario 2 and Setup 2 (the worst scenario for PSA with the default XGBoost
method). Similar results were obtained for all other situations, but for reasons of space they
are not shown in this paper.

Table 3. Bias (%) including hyperparameter optimization when overfitting.

Proportional
Qo5 Qos Qo.7s F;(Qozs) F,(Qos) F,;(Qors)
SC2 2000 Naive 12.1 10.2 7.8 -18.2 —11.6 -5.6
Cal Reg -0.7 3.1 59 5.0 1.1 —0.6
XGB -0.8 3.2 5.9 55 1.0 —-0.4
PSA Reg -0.2 0.1 -0.2 0.2 0.1 0.2
XGB 15.2 10.8 59 —22.5 -12.3 —4.7
XGB (opt) 2.4 27 2.1 —4.1 —2.8 —14
SM Reg -21 -1.1 0.6 5.0 1.0 —0.6
XGB —-23 -1.2 0.6 5.6 0.9 —-0.4
DR Reg —22 -1.2 0.6 5.0 1.1 —0.6
XGB —24 -1.2 0.6 55 1.0 —-0.4
Table 4. RMSE (%) including hyperparameter optimization when overfitting.
Proportional
Qo.25 Qos Qo.75 F;(Qo2s) Fy(Qos) Fy(Qors)
SC2 2000 Naive 12.4 10.4 8.0 18.5 11.8 5.8
Cal Reg 0.9 32 6.1 5.0 1.1 0.6
XGB 1.1 3.4 6.0 5.6 1.0 0.5
PSA Reg 1.8 1.6 1.3 3.2 1.7 0.8
XGB 15.8 11.3 6.6 23.6 12.9 5.3
XGB (opt) 3.0 3.2 2.6 52 3.4 1.8
SM Reg 2.1 1.1 0.6 5.0 1.1 0.6
XGB 24 1.3 0.7 5.8 1.0 0.5
DR Reg 22 1.2 0.6 5.0 1.1 0.6
XGB 25 1.3 0.7 5.6 1.0 0.5
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These results clearly show that, by optimizing the hyperparameters, we have consid-
erably reduced the bias and error of the estimators.

6. Discussion

In recent years, the use of survey-based online research has expanded considerably.
Web surveys are an attractive option in many fields of sociological investigation due to
their low fieldwork costs and rapid data collection. However, this survey mode is also
subject to many limitations in terms of accurately representing the target population, and
the estimates thus obtained are highly likely to present coverage and/or self-selection bias.
Various correction techniques, such as calibration, propensity score adjustment, and statistical
matching, have been proposed as a means of reducing or eliminating these forms of bias.

Our paper focuses on the question of estimating the distribution function. This issue
is important: the distribution function is a basic statistic underlying many others; for
purposes such as assessing and comparing finite populations, it can be more revealing than
the use of simple means and totals. Indeed, many previous studies have been undertaken
to consider how calibration techniques may be applied to the estimation of the distribution
function in the context of a probability survey [19-27] and even to overcome the problem
of non-response [28]. However, to our knowledge, very few, if any, studies have addressed
this issue from the standpoint of a non-probability survey. Accordingly, we analyze the
efficiency obtained by certain bias-correction techniques such as calibration, propensity
score adjustment, and statistical matching in various situations within a non-probability
survey context. In this analysis, we consider the performance of several estimators in terms
of reducing self-selection bias, using a representative survey sample as a proxy for the
target population. Among the results obtained by the estimators proposed for the distribu-
tion function, fycl (t) needs specific pseudo-distances G(.,.) in order to satisfy condition
(ii). The estimator Bop ra(t ) is always a genuine distribution function and under favorable
conditions, the estimators Fy.(t) and Fy.(t) also obtain a genuine distribution function.
Moreover, with minor modifications, the estimators fy 1ps(t) (under a logistic regression
model) and Fygy;(t) also satisfy the distribution function conditions. On the other hand, the
estimators Fypg (t) and Byprs (t) are not generally monotonically nondecreasing functions,
and therefore when estimating quantiles, an additional process, which increases the com-
putational cost, must be applied. All the estimators included in our proposal can be used
under linear and nonlinear models. Self-evidently, by ps(t), Byg m(t), Fypr(t), Bop r2(f),
and Byprs (t) are applicable to linear or nonlinear models. While the calibrated estimators
Fye(t) and Fyes(t) assume a linear model, due to the pseudo-variable g, the combination
with XGBoost enables them to be used with other models too. Furthermore, I?YCz(t) and
l?ycg (t) can cover the nonlinear case through the procedure described in [60]. The behavior
of all these estimators is demonstrated through simulation studies.

Although further investigation is needed, our results show that self-selection bias can
be greatly reduced by any of the four methods considered, particularly when appropriate
covariates and a valid machine learning technique are used, both in estimating propensities
and in predicting values. However, our investigation did not enable us to determine which
method is best in all situations. Specifically, for each parameter and bias-reduction method,
different behavior patterns were obtained. Nevertheless, in general, the calibration method
based on XGBoost is fairly efficient in any situation.

Although the methods proposed are shown to be effective in reducing the MSE of
quantile and distribution function estimates in various situations, certain limitations exist
and must be acknowledged. For the PS-based method, for example, the amount of bias
reduction achieved depends on how well the propensity model predictors predict the
outcome. If the propensity model is poorly fitted, the PS estimates may even be more
biased than naive estimates. This is also the case with estimators based on SM, which need
a good model in order to accurately predict the y-values. In addition, for the distribution
function, the issue is even more complex; although there is a good linear relationship
between y and the covariates x, this relationship is not necessarily transferred to the
jump functions A(t — ). In practice, it is often difficult to decide whether the auxiliary
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variables contain all the components needed to characterize the selection mechanism and
the superpopulation model. Therefore, when selecting the covariates and the function of
the model, it is essential to use flexible ML techniques.

Finally, the present study does not address the question of the estimation of variance.
Plug-in estimators can be used to construct variance estimators from the expression of the
asymptotic variance, but the issue is not simple, as the variance depends on the probability
of the sample sy being selected and on the selection mechanism described by the propen-
sity model. In estimating the variance for nonlinear parameters, jackknife and bootstrap
techniques [61] might be useful and should be considered in future research in this area.
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