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Abstract This paper analyzes the reweighting adjustmentsém-response in web
surveys carrying out a bootstrap evaluation of response adjusted estimators. We
consider a target population of graduated studeht8ergamo University. Students
were surveyed on many topics, including studentsfeation for the university
experience, before (BGS) and after (PGS) the gramluaddministrative data are also
available for all the students. We firstly evaluiitihe non-response process is Missing
At Random (MAR) and then we focus on the estimatdrthe total for some target
variables (factors computed on the satisfactioriabées). We compare the ability of
different correction methods (quasi-randomizatioalibration, combined method) in
improving the estimators of non-response.
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1 Introduction

The aim of this paper is to study the effects @faighting corrections for non-response
on the precision of estimators of population totaith reference to web surveys. We
compare various reweighting options in a controbedironment as close as possible
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to a real situation. Our analysis relies on a satioh based on data collected from two
twin web surveys on a population of students frtwe Bergamo University. The two
surveys were conducted on the same cohort of steiiest before graduatioméfore
Graduation Survey, BGS) and some months latelPdst Graduation Survey, PGS). In
particular, each survey is a census of the targetijation. The participation in the first
survey was compulsory: every student that was gtorge graduated was asked to fill
the on-line questionnaire as part of the admirtisggorocedures to be accomplished
before graduation. Some months later, the wholgiral group of students was
contacted by email and invited to complete an oe-lguestionnaire (PGS). The
participation to the PGS was not compulsory; thiglans the massive non-response
(we obtained a response rate of about 44%).

In the economy of the simulation we are imposing ilon-response pattern of the
second survey to the analysis of data from thé¢ ding. This allows us to have data on
the target variables for both respondents and eepandents. Moreover, as the two
surveys were conducted with the same mode on tine spulation and just few
months apart, the assumption on the non-responseess is adequately realistic.
Register auxiliary variables, known for both respamdand non-respondents, are
available; they are used in the non-response dareprocess. As target variables we
consider two factors obtained applying the factoalgsis to a battery of questions
about the student’s satisfaction of the Universkperience. Non-response may bias
the inferences on population descriptive quantitideenever data are not Missed
Completely At RandomMCAR, see Little and Rubin, 1987). Under the assumpfon
data “missing at random” (that is when the non-oesg indicator variable is
independent of the target variable conditional @etof auxiliary variables) a series of
reweighting methods for the reduction of the biagehbeen proposed in the literature.
Reweighting methods rely on some assumption abeutdh-response process (Zhang,
2002) and effectively reduce bias when the auyilimariables are powerful in
discriminating respondents and non-respondentsn Eteen the “missing at random”
assumption does not hold, useful adjustments caabteined due to the correlation
between the auxiliary and the survey variables (ghd999). In view of the particular
structure of our experiment we are in the positibriesting the critical assumption of
missing at randomness for the non-response processcover we may also test
whether questionnaire variables other than theetaoges have an impact on non-
response. The reweighting methods that we compateisimulation are: 1) correction
based on the estimation of the response propengi®® and Scheuren, 1983); 2)
calibration (Deville and Sarndal, 1992; Kott, 2008) calibration of propensity-
adjusted weights (Lunstrom and Sarndal, 2005; Lreg \dalliant, 2009). A concise
description of these methods may be found in se@&io

The hypotheses we are testing ayanissing data are completely randdm;non-
response propensity and/or calibration adjustmeetheneficial with respect to no
correction at all if the auxiliary variables havewgr in explaining non-response. The
paper is organized as follows: in section 2 we diesdhe data set, the target variables
and the non-response process of the PGS. Sectifier3 a concise review of the re-
weighting based methods for correcting non-respdhat are relevant in this paper.
Section 4 introduces the simulations and presdr@srésults. Section 5 offers some
concluding remark.
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2 Data and target variables

Our analysis uses a simulation based on a reasetatansisting in the results of the
two mentioned web surveys. More specifically, oopplation refers to 459 students
from the Bergamo University graduated between Sdptei2003 and April 2004.

The BGS survey covers several topics like the etianiaf various aspects of the
university experience, the job experiences, thdljabackground, the participation in
student international exchanges programs and ethgects.

The PGS survey collects data about the positiahefyraduate on the job market,
its satisfaction, training activities, specializadvanced studies, and so on. Satisfaction
about the compliance of University training anduiegments of the job market and
help received from the job placement bureau ofthiversity were also investigated.

The target variables are two factors drawn from B®S survey data. More
specifically, we focus on a battery of nine quasi@oncerning students’ satisfaction
about the University experience. They are contisydiiey have mean equal to 0 and
their distribution are not far from normality (skeesses are, respectively, 0.55 and
0.34; kurtosis are 1.12 and 0.14 respectively). fitn@ factors are quite powerful in
explaining the total variation and they can be eatkasily interpreted. The first factor
(Factor 1) may be broadly interpreted as an ovesdisfaction factor, while the second
one (Factor 2) may be viewed at as a contrast leetilge evaluation of the teaching
quality and of the physical facilities of the Unisity. The communalities show that not
all the variables are well accounted for by two poments. The explained variance
ranges from 50% (for the evaluation of equipmenis study load) to a little less than
30% (for the “spaces for studying”). Our objectigethe estimation of the total of the
two factors (i.e. the target variables) under déff¢ non-response adjusting methods.

2.1  Thenon-response process

To analyze the non-response process, we apply iatitogegression analysis. The
dependent variable is the response indicator whderegressors we consider the
following variables: a) register variables (agendgr, time between the enrolment and
the graduation, foreign country study experienaeulty, presence of a personal email
address in the archive, high school’s type and finark, exams average mark); b) a
selection of variables included in the BGS questimn (software and foreign
languages self-perceived knowledge, work expergenbefore and during the
university, percentage of class attendance, pajebtposition and education level); c)
Factor 1 and Factor 2. The factors are includethénregressors’ set because we are
interested in testing whether data lost due to m@ponse are missing at random. If this
factors turn out to be significant, this means thia response indicator is not
independent of the target variables after contrglfor the other auxiliary variables.

Our model shows that the response process remaigsly unexplained. The
pseudoR? is around 0.15. More specifically, some of theigegy variables (faculty,
availability of an email address other than thevérsity one, number of years between
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enrolment and graduation) are significant; no \#des coming from the BGS
questionnaire data are significant. This impliest tive can base our correction using
register variables that are actually available dtbrthe students. Moreover, the target
variables, are not significant at the =0.05 significance level, so the MAR
assumption cannot be rejected. In fact, the sinat close to the borderline. We do
not have a strong evidence against the hypothésis the response indicator is
independent of the target variables, conditionaltythe auxiliary variables. However
there is some weak evidence that target variabtest@a some extent distributed
differently for respondents and non-respondents {@ele 1).

Table 1: Lower bound (L), Mean (M) and Upper bound (U) for Factor 1 and Factor 2 (95%
confidence level)

Grou p LFaclorl MFacmrl UFaclorl LFarzorZ MFaclm'Z UFaNorZ
Respondents  -0.056 0.074 0.204 -0.068 0.058 0.183
Non-respond. -0.186 -0.059 0.069 -0.176 -0.046 £.08

2.2  Prediction of the target variables

The effectiveness of weighting correction methodpehds also on the availability of
powerful predictors of the target variables. Tostend, we analyze the relationships
between Factor 1 and Factor 2 and the set of ezgisiriables potentially useful for
weights’ correction, along with the variables stangrfrom the BGS questionnaire.
Factor 1 turns out to be almost unpredictable,agNariables related to satisfaction
itself are included into the model. This resultédhié we include satisfaction variables
both used or not used in building the factor itsélsing satisfaction variables
considered to compute the factor is not advisadat would imply a certain degree of
circularity. Even in this last case the correlatian very low. Excluding these
satisfaction variables, the only significant vahials the dummy that indicates the low

level of education of the student’'s mother. TR& obtained from the linear regression
based on this variable (that may be seen as tlemetof formal a stepwise method of
selection) is only 0.0162. For Factor2 severalaldés are significant at the = 0.05
level (R* = 0.285): faculty dummies, graduation mark, highaol type and, among
the BGS variables, the work of father and mother #ral self-perceived software
knowledge level. Anyway, the exclusion of the vaks stemming from the BGS
questionnaire reduce®® to 0.245, so we will omit these variables in reighéing
correction methods.

3 Reweighting methods

Oh and Scheuren (1983) provide a justification fiasny reweighting methods by
treating non-response as a second phase of sampflimg denoter the subset of
respondents in the sam@éaken from populatiot), we may write:
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PrkOr)= PrkOs)Pr(kOr |kOs) =6, Ok0Ou ,

where thers are the randomization inclusion probabilities ggcare the response
propensities. A first reweighting approach is aallguasi-randomization; it is not
model-free but relies on a model for the respomepensities. The unknowfis should
be estimated, typically assuming thét = p(x;3) , wherep is an assumed known

function andx; is a vector of auxiliary variables (Chang and Ka@08).

In many applicationsj,s are implicitly estimated using calibration algornits. The
original purpose of calibration (Deville and Sarhd#®92) is to obtain a set of weights

w calibrated on known population totals of the aaxyl variables(zkwkxk = X) with

a minimum modification of basic survey weigh(slk =rrk'1) with respect to some

distance criterion. The calibration may be useddjust for non-response (Lundstrom
and Sarndal, 2005; Kott, 2005). It is expected ¢oelfective in reducing the non-
response bias if the calibration set includes gpeatlictors of the response indicator
variable. On the other hand, improvements in pieci®f estimators of population
descriptive quantities for the target variable @lveained when variables correlated with
the target one are included in the calibration\gattivarian and Little (2003), although
working on non-response reweighting based on adgrst cells, a special case of
calibration, propose to form the cells cross-cfgggj the sample with respect to both
the predictor of the target variable and the respopropensity. Using a similar
argument, you can think of forming your calibratiget with the union of the subset of
variables including relevant predictors for thep@sse predictors and the subset of
variables that are good for linearly predicting tamget variable. This approach may be
criticized according to the following argumentd: including variables with low
correlation with the target variable in the caliiva set (as may be the case if they are
relevant only for predicting the response propghsitay lead to an increase in the
weights’ variability and thus to reduced efficiertbat over-compensate the gain due to
bias reductionji) as noted in Chang and Kott (2008), when calibrais used, it is

implicitly assumed thatp(x; 3) :(1+ x{([a’)_l (see also Fuller et al., 1994); moreover

the estimation of the unknown may be sub-optiméhwespect to maximum likelihood

or other estimation methods. The criticisms mayclbeumvented using a two step
approach, recently advocated by Lee and Vallia@092 in the context of web surveys.
It consists in estimating the propensiy using only the variables that are good for

predicting it (estimation methods depending on #vailable information and thus
including propensity score matching); thef) :(ﬂkék)_l are usedhs initial weights

for a calibration step where variables with (polsgiktrong correlation with the target
one are included. This approach leads to a conibmaf the two methods (calibration
of quasi-randomization adjusted weights).

4 Simulation and results

We evaluate the performance of estimators basedaoious re-weighting methods
using a bootstrap simulation. The synthetic pojaais provided by the BGS dataset.
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As it is assumed to be a census (except for thectefif non-response) bootstrap
replicated samples are obtained by drawing a simgsldom sample from the BGS data
having exactly the same size. Subsequently therespense pattern of the PGS is
applied to the students included in the bootstepes. The totals of Factor 1 and
Factor 2 are considered the target estimatesgtatalequal to 0 by construction).

Let n, be the number of respondents, gpdhek-th sample value of target variable
Va (& = Factor 1, Factor 2N is the population size. The estimators that wegairg to
compare aretnadjusted (UNW)*, Quasi-Randomization Adjusted (QRA)?, Calibration
(CAL;). Several calibration estimators are considergaading on various composition
of the calibration sét The various choices for tiz weight$ and for theS calibration
set are described in table 2.

Table 2: Calibration estimators labels, initial weights and calibration sets

Estimator d, sj

CAL1 1 course variables (type of course, facultynchies)

CAL2 1 course + non-response explaining variables

CAL3 1 course + non-response, factors explainingtes

CAL4 1 course + non-response, factors explainingpbées
(presence of private email address in the regesteluded)

CAL5 1 course + factors explaining variables

CAL6 g;k-l course + factors explaining variables

The calibration set of CAL1 is motivated by thetfditat the “course variables”
identify the most relevant domains of the populatiG@AL2 is the estimator based on
the same information of QRA, but considering aat#ht functionp and estimation
method for the response propensity. CAL3 includiesviariables useful for explaining
both the non-response and the target variab®&L4 does the same but excluding the
variable “availability of a private email”; this kiable is responsible for most variation
in the weights without being an effective predictfr the target variables. CAL5
includes variables that are significant predictbFactor 2 only. CAL6 represents the
calibration after the propensity correction.

~ N
1 UNW: t, :nTZkDSv Yk -

QRA: fa,QRA = Zm)éi , Where ék = ék(x'kﬁ) is the propensity estimated using the
k

logistic regression and the variables describezkation 2.1.
s General notation for calibration estimatof;;c'ALi = zms 94, Ya » Wheregiis the

calibration modifier of initial weightsix (Deville and Sarndal, 1992) associated to thévcatiion
setS.
4 Information on the non-response process is iraratpd in the initial weights of
calibration. In all cases the calibration distandepted is the logarithmic, thus leading to
unconstrained generalized raking estimation (Dewtid Sarndal, 1992).

Since Factor 1 was unpredictable we considevdhiables predicting Factor 2 only
(sec. 2.2).
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The tables 3 shows the results referred to thenastis introduced in the previous
section for Factor’2 They are based d&= 2,000 bootstrap samples.

Table 3: Factor 2: results of the bootstrap samples

Estimator Bias (B) Variance MSE 100(B/MSE)
UNW 25.8 871.8 1535.6 43.2
QRA 18.2 922.6 1254.5 26.4
CAL1 21.1 722.6 1169.7 38.2
CAL2 25.4 826.8 1473.8 43.9
CAL3 23.2 782.0 1318.9 40.7
CAL4 171 721.7 1013.2 28.8
CAL5 13.8 693.8 884.9 21.6
CAL6 6.2 740.7 778.6 4.8

The impact of the proposed corrections in redutirggvariance is not impressive.
Two forces act in opposite directions: on one healibrating potentially reduces the
variance, since we dispose of significant lineadpstors of the factor; on the other
hand, seen the weak relation between the auxilarg the target variable, the
variability of weights inflates the variance. Tlésapparent in the case of CAL2, where
the calibration set is composed only by variabbgdaning the non-response process.
The bad performances of CAL2 (if compared to QRAnfom the theoretical
expectation that estimating the propensity withlaugible model (logistic regression)
and efficient estimation method (maximum likelihpddads to better results with
respect to the use of the same information viebratiion. Including in the calibration
set the variables significant for explaining nospense turns out to be not very helpful
in reducing bias and increases variance. For ##isan among the calibration methods
with constant initial weights CAL5 turns out to Itlee best. The estimator CAL6
(calibration on the target variable starting fromagi-randomization adjusted weights)
emerges clearly as the best option, in terms df bis and variance.

Results for Factor 1 (not reported for brevity) elegp heavily on the lack of
significant predictors for it. All calibrations seeuseless, if not detrimental. The
inclusion of variables explaining the non-respops®ess is effective in reducing bias;
the best way of using this information is, agaiia, the logistic regression implemented
in the QRA estimator. The QRA estimator turns autite be the best option; however
CALG6 shows very close performances, although inalgdiariables that are not useful
in explaining Factor 1.

5 Conclusions

In this paper we compared various reweighting n#ghaimed at reducing the effects
of non-response in the context of a web survey.

! Note that an expansion estimator associatedamtitieal simple random sample

(without non-response) of the same size of ourdicap samples estimators has a MSE equal to
1035. Therefore estimators with MSE above thisghodd are less efficient.
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With respect with the theoretical expectation aftiem 1 we found that:

i) The MAR assumption cannot be rejected. If we mersFactor 1, no one of the
considered variables is significantly correlatethvii. The situation is better for Factor
2. In this case the set of variables relevant tpla® non-response and those with
significant correlation with Factor 2 partially alap.

ii) When variables with some power in explaining nesponse are available, the
re-weighting correction based on estimated propgmsid/or calibration is better than
no correction at all; this is true also if dateoals only for a limited explanation of the
non-response (small pseultdin the logistic regression).

In the case of Factor 1 no calibration correcti®méneficial, while in the case of
Factor 2 calibration correction applied to propgradjusted weights is more effective
than response propensity correction and calibragione. Generally speaking, we can
conclude that calibration correction applied togmosity-adjusted weights is the best
way of combining the information contained in aiaty variables explaining the non-
response process and the target variables.
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