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Abstract

We show how calibration weighting can be employed to combine a probability and a
nonprobability sample of the same population in a statistically-defensible manner. This is
done by assuming the probability of a population element being included in the
nonprobability sample can be modeled as a logit function of variables known for all
members of both samples. Estimating these probabilities for the members of the
nonprobability sample with a calibration equation and treating their inverses as quasi-
probability weights is a key to creating composite weights for the blended sample. The
WTADJX procedure in SUDAAN® is employed to generate those weights and then
measure the standard errors or resulting estimated means and totals.

Key Words: Selection model, outcome model, double protection, logit function,
WTADJX.

1. Introduction

Nonprobability surveys samples — one whose members do not have known
probabilities of sample inclusion — are everywhere and have considerable potential for
bias. See Baker et al. (2013) and the references therein. It has become popular to attempt
to remove the bias of an estimate derived from nonprobability sample by first combining
that sample, denoted here by Sp, with a probability sample S; covering the same
population U but with which it shares no members. After that, one estimates the
probability yx that a population unit Kk in the blended sample S = Sp U S; was originally
from the nonprobability sample given a vector of covariates zx available for members
from both samples (when used here, “sample” always refers to a respondent sample).
Valliant and Dever (2011) suggest that the inverse of this estimated probability — which
they, following much of the literature, call a “propensity” — can be used as a quasi-
probability sampling weight either directly, Wk =1/}, or indirectly after some form or
poststratification. For example, Lee (2006) proposes sorting the blended sample by their
71 values, then breaking the sample into cells of nearly equal size, and finally assigning
the weight w, = Nj./ng., where N;, is the estimated-from-the-probability-sample
population size of cell ¢ containing nonprobability-sampled unit k, and nc is the number
of members of Spin C .

Although estimating yx = Pr(k € So | k € S ; zx) by fitting a logistic regression on the
unweighted blended sample is often treated as an estimate for Pr(k € Sy | z«), Robbins et
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al. (2020) argues that a better estimate for the quasi-probability that k is in the
nonprobability sample when Son S; = is

Pok = Pr(k € S | zx) = m¥i/(1 — Vi),

where 1} is the probability that k is chosen for the probability sample (which can include
an adjustment for unit nonresponse when it is needed). It is assumed 7y, is known for
members in the population that is not in S;,

To see how pgr = Pr(k € Sy | zx) is derived, start withm, = Pr(k € Si |k € S; z¢) x
Pr(k € S|z, and Pr(k € S| xx) = Pr(k € So|k € S; xk) x Pr(k € S| X)), then solve
for Pr(k € Sy | z;). Elliott and Valliant (2017) make a similar point, suggesting a more
sophisticated method could be used to estimate yx.

Robbins et al. goes on to offer methods for weighting the blended sample, but for now we
assume there are survey items of interest collected in the nonprobability sample but not
the probability sample so that a quasi-probability weights for those items are only needed
for the members of S.

There are two critical assumptions underlying the use of pg,. One is that the probability
and nonprobability sample have no member in common. This can be assured by
removing any member of S; from the nonprobability sample. The other is that Pr(k € So |
k € S; z) can be modeled, whether by a logistic function (as in Robbins et al.) or some
other functional form (as suggested by Elliott and Valliant). =~ We believe that it is more
reasonable to assume that Pr(k € Sy| z;) itself can be modeled by a logistic (or some
other) function whether or not Son S, = .

In Section 2, we describe in general terms how that assumption can be used to generate
quasi-probability weights for a nonprobability sample given either population totals for
the component of z or their probability-sample-estimated analogues. In our setup, when
the population total is known for a component z, it need not be collected on the
probability sample (only the nonprobability sample).

In Section 3, using the WTADJX procedure in SUDAAN 11 we show how to estimate
population means for variables collected from the nonprobability sample and from a
blended sample composed of a nonprobability and a probability sample drawn from the
same population.

Section 4 explores an example of estimated means based on blending a stratified simple
random probability sample and a nonprobability sample drawn from the same population.
Section 5 provides a brief discussion of unaddressed issues.

2. Solving a Calibration Equation

The model
Pr(k e So| z) = [1 + exp (z;g)] " (1)

is a selection model. If correctly specified, it models the probability that k € U is
included in the the nonprobability sample So (which can involve self selection and
response) as a logistic function of the vector zx with unknown parameter-vector g. Kott
(2019) point out that this selection model can often be estimated by solving a calibration
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equation when each component of the population total T, = Y.y Z is either known or
consistently estimated from a probability sample, which itself can have been weighted to
account for unit nonresponse (here “a consistent estimate” computed from a probability
sample converges into the population parameter it estimates as the probability sample
size and population sizes grow arbitrarily large).

A calibration equation that can be used to estimate g in equation (1) is
Tkes,[1 +exp (z;B)]z, = T, 2

where each component of T, is either assumed to be a known population quantity or a
consistent estimate from a probability sample. The solution for g in equation (2), when it
exists, can usually be found using Newton’s method. That algorithm has been
programmed into the SUDAAN 11® routines WTADJUST and WTADJX (RTI 2012),
the R routines ‘calib’ and ‘gencalib’ in ‘Sampling’ (Tille and Mattei, 2021), and
elsewhere. In Section 3, we will describe how to use SUDAAN’s WTADJX for our
purposes. Other software packages could be employed in a similar manner.

When a solution to equation (2) exists, and we will assume here it does, § is a
consistent estimator for g under mild conditions we assume to hold. The quasi-
probability weight for ke Sy is then

Wy = [1 + exp(z,fg)]. 3)

The theory supporting this use of an assumed selection model like that in equation (1)
together with a calibration equation like (2) first to estimate consistently the parameters
of the selection model and then to use those estimates in generating quasi-probability
weights (asymptotically equal to the inverses of the sample members’ probabilities of
inclusion into the nonprobability sample) with an equation like (3) is analogous to the
quasi-random theory supporting the use and calibration-equation fitting of a selection
model for the response/ nonresponse mechanism in a probability sample. See, for
example, Kott and Liao (2012).

In the nonresponse-adjustment setting of a probability sample, S; — Sy, the selection
(response) model Pr(k € Si|zy; S7) = [1 + exp(zlg)]_l, where S7 is the probability
sample before unit nonresponse, replaces equation (1), and wy = m;[1 + exp (zf8)],
replaces equation (3), where 1, is the probability that k has been chosen for S7.

The assumption that every member of the population has a probability of selection into
the nonprobability sample equal to Pr(k € Sy| zx) = [1 + exp (zLg)]™ or any other
monotonic differentiable function is a strong one.

An alternative justification for using equations (1) through (3) in creating weights in
estimating a total like Y = Xxcu Yk from a nonprobability sample of y-values follows.
Suppose each yx € U behaves like random variables with mean z¢f3 for some unknown
parameter [ whether (or not) k is in the nonprobability sample; that is, selection is
ignorable in expectation with respect to this prediction model, so called because the
model predicts a value for yx (Royall, 1970). Given T, and assuming equation (2) has a
solution, if either this prediction model or the selection model holds among the members
of the population, estimating Y with ¥ = ¥, so Wk Yk Will be nearly unbiased in some
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sense (technically, ¥ is a predictor, not an estimator, for the random variable Y under the
prediction model). The reader is again directed to Kott and Liao for a proof of this
assertion. A similarly “doubly robust” approach can be found in in Chen et al. (2020).

When one of more components of T, is consistently estimated from a probability sample,
the near unbiasedness of Y requires the combination of probability-sampling inference
(for T,) and either the selection model or prediction model (for 17|Tz). Nevertheless, we
call the former the selection-model framework and the latter the prediction-model
framework.

Observe that }xes, Wk Y/ Xkes, Wk is a nearly unbiased predictor for the population

mean y =>xeu Yilkeu 1, when each yi € U behaves like a random variables with mean
ZB, and 1 is either a component of zx or the linear combination of the components of zy.

As alluded to above, when selected members of a probability sample S; have design
weights {dq} before unit nonresponse, where d« = m® , then we can weight the unit
respondents with

Wy = dk[l + exp(z,fg)], 4)

when response is a logistic function of zx (which need not be the same as the vector in
equation (1)) , and g (which likewise need not be the vector in equation (1)) satisfies the
calibration equation Yycs, di[1 + exp @Iz, = T,

Calibration weighting was originally proposed to reduce the standard error of an
estimated total in the absence of nonresponse. It works when yix can be approximated by
a linear function of the components of zx, and the weight-adjustment function within the
square brackets of equation (4) is replaced by exp(z,zg), where g converges to 0 and
consequently the wy to di as the probability sample grows arbitrarily large.

Both weight adjustments are special cases of the following more general weight-
adjustment function:

__ L+exp(9)
a(8) = 1+exp(6)/U’ )

where [L , U] is the range of a(#), and 0 < L < U < o0.  Software packages that do
calibration weighting via what has been called “the logit transformation” in equation (5)
allow the user to set L and U. Some packages (like ‘calib’ in Tille and Matei 2013) are
only designed for probability samples with full response and restrict L to a value less than
1. When used to adjust for unit nonresponse or nonprobability selection, however, the
range for the implicitly estimated probability of unit response or selection is [1/U, 1/L].
Consequently, it is sensible to set L at either 1 or value greater than 1.

3. Calibration Weighting a Blended Sample

Suppose we have a probability and a nonprobability sample both chosen from the same
population. We again denote them by S; and So, respectively. At first, suppose both
collect a variable yx with the intention of estimating its population mean. The probability
sample is a stratified multistage sample which may suffer from some unit nonresponse.
If used by itself, a vector zix of variables including 1 with known population totals can be
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employed to generate calibration weights for the probability sample rendering estimates
for the population mean using those weights both nearly unbiased with respect to the
selection model (probability sampling is a type of selection model) and with respect to
the linear prediction model: E(yx) = zi'B1. If there is any unit nonresponse, the selection
model assumes that the probability of unit response is correctly specified by the inverse
of a weight-adjustment function of the components of zik, while the linear prediction
model assumes unit nonresponse is ignorable in expection.

Similarly, a vector Zo of variables including 1 with known population totals can be used
to generate calibration weights for the nonprobability sample rendering estimates for the
population mean using those weights both nearly unbiased with respect to the selection
model when the probability of selection into the nonprobability sample is correctly
specified by the inverse of a weight-adjustment function of the components of zox and
with respect to the linear outcome model: E(yk) = Zox'Bo assuming selection into S is
ignorable in expection.

Many of the components of zix and Zgx may coincide. We do not require that the two
samples be disjoint, but they must be selected independently.

The WTADJUST procedure in SUDAAN can be used to create weights and estimate the
population means as described above so long as the weight-adjustment function in
equation (5) is used for both samples. WTADJUST allows L and U to differ across the
members of a sample. Here, one can set values L; and U, for every member of S; and
values Loand U for every member of S;. When Us, f= 0 or 1, is unspecified, it is treated
as virtually infinite (10°°) and a finite centering parameter C; needs to be added to
WTADIJUST for the members of Sf ; say, max{1, 2L}, but the choice (so long as it is
finite) has no impact on the results.

WTADJUST will also estimate standard errors that are nearly unbiased under the
selection-model framework (variance estimation under the prediction-model framework
is discussed in the final section). Moreover, any linear combination of the two estimates
is also a nearly unbiased estimator of the population mean and has a standard error can be
estimated (under the selection-model framework) using WTADJUST.

To this end, let S be the union of S; and Sp. A sample member may be in S twice, with
each such member treated as two separate members of the blended sample S. We treat
the H design strata of S; and the entire nonprobability sample as the H + 1 design strata of
the blended sample S. Let zK' = (zi' Zok'), where the components of zik' are zx for
members originally from S; and 0 for the members orginally . The components of Zzo'
are defined conformally. The L and U parameters are the same for all members of S; and
they are the same for all member of Sy, but the former and latter pairs may differ.

Consider the following calibration equation, which can be used to crease quasi-
probability weights:

-1 T a\,T T a \oT _ AT T
Z ity (21 81) 21k + Z ao (28, 80) 28 = AT, + Ty,
k651 kESO

or Yres dx a(zi 8)zy = T, 0 (6)
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where A is some positive value, ay (sz g f) is weight-adjustment function for St (f =0 or
1)’ gT = (g’{ gg)' OC(Z;ZQ) = af(z}"kgf) for kESf,
dk = ddmc! + (1- &),

& = 1 when k was originally from S; and 0 otherwise, and zK™ = Az;x+ zo . Observe that
the relative contribution of the probability sample when estimating y is A/(1+ A).
WTADIJUST estimates both y with the weights implied by equation (6) and the standard
error of that estimate.

WTADJUST has one glaring limitation, however. It can not be used to estimate
standard errors when the probability of selection into the nonprobability sample includes
variables with unknown population totals that need to be estimated by the probability
sample. For that, one needs WTADJX (or something like it; Chen et al., 2020, discuss
another approach.)

For our purposes, the equation for the quasi-weights in S using WTADJX is

_ g _Litexp (xi@)
Wk = dk 1+exp(x£§)/Uk > ™)

where Lx = Lok + Lo(1-0k) and Uy = U6k + Uo(1-0k), and the model variable X is a
vector with the same number of components as the vector of values on which we are
calibrating, such as the zi.in equation (1). (When Xk = zx, WTADJUST can be used in
place of WTADJX.)

Let (k denote a vector of variables included in the nonprobability sample’s selection
model,

1+exp(25go+ 459q)/Vo

Lo+exp(Zg, 9o+ 4k 9q)

Pr(k € So| zox) =

but have unknown population totals that need be estimated by the probability sample.
With X' = (zi' zox' [1-8k]ak’) and z«' = (zi" zok' {1—&[ 1 + 1/A]}ak’), WTADJX
can be used to estimate the population mean y by finding the g satisfying:

A Xkev Z1k
Litexp (¢B) - _
Zkes Uk T expxTa) 0 2K —( Licev Zok ) ; (8)
0

where 0 has as many components as qy (so that Yxes, Wxlk = 2kes, Wkqxk) - One can
vary the choice of A in an attempt to find the optimal value that minimizes the standard

error of the estimated mean. (Recall that every chose for A results in nearly unbiased
estimation.)

To estimate the population total Y = 2kcu Yk the quasi-weights described above need to be
divided by 1+A.

After choosing A, the components of the vector on the right-hand side of equation (8) are
known before sampling. Because of this, WTADJX can estimate the standard error of an
estimated total or mean (under the selection-model framework) assuming the indictators
of selection into the nonprobability sample are independent of each other. When there is
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unit nonresponse in the probability sample, an analogous assumption in made about the
indicators unit response.

Ignoring finite population correction (as we will), the key to nearly unbiased variance
estimation via linearization is the near (i.e., asymptotic) equality of 2s wiex =
Ysda(xig)ex and Ysdeau(xLg)ew, where

’ A -1 ! A
&= Yk— Zf [Ls (XjTg) XijT] Xsa (X]'Tg)xj}’j, ©)

The inclusion of the (x’(ijg) terms in ex allows us to avoid directly accounting for g
itself being an estimate in large-sample variance estimation. For more theoretical details

on variance estimation for a one-step calibrated estimator when Xx# zk, see Kott and Liao
(2015).

When there are many variables for which one needs to estimate a population mean from
the blended sample, the optimal A will likely vary across the variables. Consequently, a
compromise will be needed if one desire a single A to be used for all variables.

Estimation from the Nonprobability Sample

Suppose Yy-values are only collected from the nonprobability sample. We can treat
whether (or not) an element of the blended sample was originally a member of the
nonprobability sample as a class variable in WTADJX and then estimate ¥ and the
standard error of that estimate with WTADJX. The estimates of y based on the blended
sample and for the class defined as the probability sample will be missing, while the
estimate for the class defined by the nonprobability sample will be a nearly unbiased
estimate for y. A nearly unbiased estimate for its standard error will accompany it. The
selection of A no longer matters; setting A = 1 is a straightforward choice.

4. An Example

Benoit-Bryan and Mulrow (2021) describe a simulated population of 113,549 (N)
individuals created from the Culture and Community in a Time of Crisis survey of
behavior and attitudes before and during the Covid-19 crisis. Both 10,000 stratified
simple random probability samples of 1,000 persons and vaguely-described
nonprobability samples 4,000 persons were drawn from the population. For our
purposes, we will focus on a single probability and a single nonprobability sample. Our
goal is to estimate population means for 14 survey variables of interest (that were chosen
by Benoit-Bryan and Mulrow) using information from 32 not-of-interest (NOI) survey
variables (chosen by us) as well as variables for which the population means are known.
The last group includes 9 region indicators (with no missing values), 3 levels of
urbanization, an Hispanicity indicator, 6 race categories, 4 age categories, and 7
education-level categories. For all categorical variables except region, a missing survey
response 1is treated as an additional category.

Most of the survey variables of interest and NOI variables are yes/no (1/0) with a missing
response treated as a “no” (0). Two of the survey variables of interest were originally on
a five-point Likert scale. Missing responses are placed in the least-interested levels with
the remaining four levels treated as four separate yes/no variables.  Thus, we have for
analytical purposes 20 variables of interest whose proportion of 1’s we are trying to
estimate.
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The survey variables are described and given variable names (e.g., q7_22) below:

Variables of Interest

q7_22 Attended classical music in 2019

q_10 Missed experiencing artwork, performances

q_l1 Offered online exhibitions or galleries

q25 11 Will see a play or musical when able in short term

ql 15 Participated in a live interactive event in past 30 days
q6 9 Want more fun in life

qll 4 Offered online materials or activities for kids

ql0_3 Miss celebrating cultural heritage

q7 4 Attended community festival in 2019

q6_1 Want more hope in life

ql 6 Watch movie of tv series in past 30 days

q25 13 Will take art, music, or dance class when able in short term

The two five-level original variables of interest (and their replacments)

ql7 During Covid, how important are arts and cultural organizations

ql8 Before Covid, how important were arts and cultural organizations
2 Slightly (e.g., ql7=2becomes ql7 2=1)
3 Moderately
4 Important
5 Very

NOI Variables

In 2019, did you attend or participate in ...

q7_1 Art museum

q7 2 Children’s museum

q7_3 Art gallery/fair

q7 4 Botanical garden

q7_5 Zo0 or aquarium

q7_6 Science of technology museum

q7_ 7 Natural history museum

q7_8 Public park

q7_ 9 Architectual tour

q7_10 Public/street art

q7_11 Film festival

q7_12 Music festival

q7 13 Perfomring arts festival

q7_15 Craft or design fair

q7_16 Read books/literature

q7 17 Food and drink experience

q7 18 Nonmusical play

q7_19 Musical

q7 20 Variety or comedy show

q7 21 Popular music

q7 23 Jazz music

q7 24 Opera

q7 25 World music

q7_26 Contemporary dance
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q7 27 Ballet

q7 28 Regional dance

q7 29 Historic attraction/museum
q7_30 Television program

q7_31 Movies/film

q7_32 Library

q7_33 Cultural center

q7_34 Video games/online gaming

There were 18 strata in the stratified simple random probability sample. We assign each
member of that sample to Domain 1 and the members of the nonprobability sample to
Domain 2 and to Stratum 19. Implicitly assuming A =1, both domains are at first
calibrated separately to 30 population variables defined by region, urbanization, race,
hispanicity, age, and education level using WTADJUST with the weight-adjustment-
function parameters in equation (5) set at L = 0 and U = 10?° (virtually infinity).

An attempt an intial weight of 1 and set L = 1 with for the nonprobability sample failed
for technical reasons related to how the SUDAAN program runs rather than the
underlying theory. One thing to try (which we have not yet done) is to set the intial
weight for each member of the nonprobability sample at 25 (which is slightly less than
N/ny = 113,549/4,0000 = 28.38725, what we actually set as the initial weight for each
member) and L at 1/25 = 0.04. That is mathematically equivalent to assuming the
probability on inclusion is a logistic function (because 1 + exp(ijg) = 25 (1725 +

exp(XjT g"), where only the coefficients of the intercepts for g and g*, or their equivalents,
differ) .

Table 1 displays differences in the estimated means (the proportion of 1’s expressed as a
percent) for the variables of interest and the NOI variables. Using a conservative
Bonferroni correction because there are so many differences being measured, only those
in yellow are deemed significant at the 0.1 level. One variable of intereset has a
significant difference as do four NOI variables. Adding those four NOI variables for the
selection model for the nonprobability sample and using WTADJX as described in the
previous section, produces the differences on the right-hand side of Table 2 for the
variables of interest. None are signficant at the 0.1 level after Bonferroni correction.

We did not have time to investigate what A to choose. We did look at A = 1 and
compared the estimated t-values ((p — p)/9'/?) for the means for the 20 variables of
interest computed from the WTADJX-calibrated blended sample with those computed
from the WTADJUST-calibrated probability sample. These are displayed in Table 3.
For both sets, only one 1 out of 20 of the estimated t-values is greater than 2 in absolute
value, as we would expect. Table 3 reveals that there are four such when computed from
the WTADJUST-calibrated blended sample.

If the 20 estimated means were unbiased and independent, then the sample mean and
standard deviation of their t-values would be 0 and 1 respectively. They are not
independent; still Table 3 computes those values. They are close to perfect for the
WTADJUST-calibrated probability sample (0.052 and 1.01), which we know produces
nearly unbiased estimates. They are not that good for the WTADJUST-calibrated
blended sample (0.380 and 1.36), which we suspect somerimes produces biased estmates.
They are much closer for the WTADJX-calibrated blended sample (0.164 and 1.13),
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which we hope produces nearly unbiased estimates or, at least, estimates with relatively
small biases.

The average effective sample sizes (p(1 —p)/?), assuming heroically that all three
methods are unbiased, is approximately 739 for the WTADJUST-calibrated probability
sample (which we know is unbiased), over three time higher, approximately 2,390, for
the WTADJUST-calibrated blended sample (which evidence suggests is biased), and a bit
lower than that, approximatley 2,481, for the WTADJX-calibrated blended sample
(which we have reason to believe is either unbiased or has a greatly-reduced bias). This
suggest there are gains to be made from incorporating probability and nonprobability
samples using WTADJX as described in the previous section.

5. Some Concluding Remarks

There remains much to be done, such as choosing a A for the samples under investigation,
assessing how well the method described in the text works for the remaining 9,999
simulated probability and nonprobability samples in the data sets described in Benoit-
Bryan and Mulrow (2021), exploring ways to improve the model for inclusion into the
nonprobability sample (e.g., by including more NOI variables estimatable from the
probability sample, adding interaction terms, or setting bounds on the logit function).
There was no probability-sample nonresponse in the data set investigated but the theory
develop herein describes how to handle that possibility.

One thing that is not yet discussed is variance estimation under the linear-prediction-
model framework. When there is no estimated variable totals from the probability
sample used in estimating the probability of inclusion into the nonprobability sample,
and one assumes the errors in the linear models for the probability and nonprobability
samples are independent across sample members, the near independence of the residuals
in equation (9) suggest the variance estimator developed in the test is nearly unbiased
under the prediction-model framework so long as the probability and nonprobability
samples are distinct. If not, a delete-a-group jackknife variance estimator (Kott, 2001)
may be used with group membership of any repeatedly sample member the same for both
its appearances. We can show that this remains true when there are estimated variable
totals from the probability sample used in estimating the probability of inclusion into the
nonprobability sample, although the revised prediction model assumes E(yx) is a linear
function of the components of Xk rather than zy as in Kott and Chang (2010) (and the
expected value of each component of zy is a linear function of the components of Xk). The
proof of this assertion is beyond the scope of this paper.
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Table 1. Differences in Estimated Domain Means (as Percents) Using
WTADJUST

Variable of NOI
Interest Difference t-value p-value | | Variables Difference f-value p-value
07 22 -5.87071 -3.09817 0.00196| [Q7 28 3.15237 3.58028 0.00035
ql7 4 521193 2.76443 0.00572| [Q7 4 6.97418 3.45283 0.00036
ql7.3 5.54057 2.71230 0.00670| [Q7_5 6.05481 322138 0.00128
q6 9 5394358 2.63609 0.00841 [ |Q7_32 6.15135 3.07216 0.00214
qlo | 4.67418 2.49856 0.01250| |Q7_24 434578 267472 0.00750
ql 15 4.96485 244432 0.01455 |Q7_L 442137 151749 0.0L185
q18_s 474382 237813 001744 | V27 3.69502 233730 0.01946
al8 3 2.13906 173783 0.08230] |71 342101 227782 002278
7, 77 W
ql8 4 2.14557 1.16103 0a2a569] | -1 430724 22071 0.02733
n
ql 6 121429 1.07647 o] |80 390890 209830 003593
Q719 3.93684 1.93262 0.05334
qll 1 2.11664 105061 0.20349 | | ==
Q7 16 3.23580 1.83943 0.06591
ql8 2 0.49995 0.97542 0.32940 | |—

- Q733 3.43996 1.82965 0.06736
qlo 3 0.83516 0.95075 0.34178

- Q17 3.48459 1.80383 0.07101
Q25 13 1.06669 0.90289 0.36663 -

- Q72 2.40030 1.78957 0.07358
ql7 2 0.64217 0.82035 0.41206 o0 Y T a0
Q25 11 0.95431 0.50363 061455 o775 %151 T30 1875
q6 1 0.59595 0.30044 0.76385 Q7 18 248310 1.2235] 022119
ql7.3 0.29020 0.20513 0.83748| Q7 25 1.50790 111109 0.26658
q7 14 0.03445 0.01706 0.98639| [Q7 L5 206517 1.05442 0.29174

Q73 2.01458 0.99738 0.31863
Q720 1.87405 0.98767 0.32336
Q720 139394 0.81699 0.41307
Q731 129923 0.78177 0.43438
Q78 122418 0.73358 0.46324
Q730 120529 0.64647 0.51801
Q7 34 0.68921 0.46450 0.64231
Q117 0.53617 0.26842 0.78838
Q79 0.25032 0.14476 0.88490
Q721 0.09669 0.04947 0.96054
Q726 0.05184 0.03653 0.97086
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Table 2. Differences in Estimated Domain Means (as Percents) Among the
Variables of Interest: Comparing Using WTADJUST to WTADJXT

Variable of Variable of

Interest Interest

(WTADJUST) |  Difference i-value p-value| (WTADJX) | Difference |  tvalue | p-value
q7.22 587071 -3.09817 0.00196] g6 9 55147 271589 | 0.00663
ql7.4 521195 276443 0.00572 q7 22 492017 [ -2.59090 | 000960
qi7.3 3340371 271230 0.00670f q17 4 A8ST3L| 256490 | 0.01035
469 530458 2.63609 000841 q10 1 434892 (230739 [ 0.02107
ql0 1 467418 249856 0.01250( I 15 A2001( 209599 | 0.03613
ql_Is 496485 244432 001435 q17 5 428403 | -2.09036 | 0.03664
qI8 5 474582 237813 0.01744f qI8 5 365736 | 184277 0.06542
qi8 3 213906] 173783 0.08230( gl 6 156700 | 137591 |  0.16891
qi8 4 214557 116103 0.24369{ q7_14 256980 | 131450 0.18870
ql 6 121429] 107647 0.28177{ q18 3 LSS871| 125309 | 0.21023
qll | 211664 1.05061 029349 q18 4 181761 098224 |  0.32602
qi8 2 049995 0.97542 032940 q10 3 067571 076722 044298
ql0 3 083316 0.95075 034178 25 11 -LASIST| 076291 0.44555
Q2513 1.06669| 090289 036663 q17 3 L0170 | -0.70833 | 047877
ql72 064217]  0.82035 041206 q18 2 036094 | 0.69342| 048808
Q5 11 095481 0.50363 0.61455( q17 2 049590 |  0.62915| 052928
qll 4 0.70367| 036134 0.71786] ql1 4 109904 | 057548 | 0.56499
06 1 059595 0.30044 076385 | q6_1 082474  041475] 067834
ql73 029020{  0.20513 083748 q11 1 078112 038946 | 0.69695
q7 14 003445 0.01706 098639 q25_13 037537 031749 | 075089
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Table 3. t-values for the Estimated Means of the Variables of Interest Computed
Three Ways

Probability Sample | Blended Sample | Blended Sample
WTADJUST WTADJUST WTADJX

Variable (A=1) (A=1)
ql0 1 -0.99065 0.67878 0.50094
qll 1 1.00639 2.89611 2.16935
q25 1 0.20710 0.88154 1.13134
ql 15 -1.19463 0.25967 -0.09930
q6 9 1.67386 0.43554 0.34664
qll_4 1.02645 2.24001 1.25431
ql0 3 -0.79613 -0.48440 -0.66086
q7_14 -0.08139 -0.13219 -1.32624
q7_22 -0.99647 1.28732 0.77016
q6_1 0.95140 1.43630 131127
ql 6 0.81299 0.38169 0.06789
q25_13 -0.50996 -0.01880 -0.60255
ql7 2 -0.45649 -1.66936 -1.46063
ql7_3 -1.34542 -2.25072 -1.71539
ql7 4 2.29803 1.48587 1.66113
ql7_ 5 -0.90640 1.04816 0.42534
ql8 2 0.33557 -0.34277 -0.07007
ql8 3 -0.22834 -2.16198 -1.65571
ql8 4 0.58373 -0.08872 0.08769
ql8 5 -0.35780 1.72005 1.14356
Mean 0.052 0.380 0.164
Standard 1.01 1.13 1.36
Deviation
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