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Abstract

The survey sampling landscape is rapidly evolving under diminish-
ing response rates, escalating data collection costs, and shifting
communication preferences. Traditional probability methods are in-
creasingly cost-prohibitive, while non-probability opt-in panels suffer
from compromised representation, fraud vulnerability, and sample
depletion in small geographic areas. This study introduces an inno-
vative quasi-probability hybrid sampling methodology that supple-
ments a core address-based sample (ABS) with reference-aligned
digital advertisements across online and social platforms managed

by dynamic quota controls. Evaluating this protocol against a 2024
Dual Frame Random Digit Dialing (DFRDD) public health survey
(N = 3,512) in Tarrant County, Texas, demonstrates that the ABS
+ Digital Supplementation (MSGD) framework delivers superior sur-
vey estimates (substantially lower Mean Square Error Ratios) com-
pared to standard opt-in panel supplementation, while reducing data
collection costs by 53% relative to DFRDD.

Keywords Hybrid sampling, Survey methodology, Address-based
sampling, Digital advertising recruitment, Mean square error ratio,
Public health surveillance, Nonresponse weighting

1. Introduction

The survey sampling landscape is rapidly evolving. In an era of diminishing response rates, esca-
lating data collection costs, and shifting communication preferences, more effective survey sampling
alternatives are no longer academic curiosities [1]. While the new realities suggest that departures
from traditional methods are becoming inevitable, they also beckon an immediate question as survey
researchers continue to experiment with hybrid sampling techniques. That is:
Are such sampling alternatives conducive to the inferential integrity of scientific surveys by reaching a
representative subset of the target population in a pragmatic and cost-effective manner?

In addition to adopting multiple modes of data collection [2], it has become a customary practice to
use less expensive samples selected from online panels to supplement costly alternatives from address
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or telephone frames [3]. The so-called opt-in panels are compiled using a potpourri of recruitment
techniques, mostly relying on social media to “fish” for individuals willing to partake in surveys—hence
the term river sampling [4]. The resulting convenience of these recruitment methods, however, is often
achieved at the expense of compromising the organic representation that has been a natural byproduct
of probability samples. This trade-off becomes of elevated concern since with samples obtained from
opt-in panels, typical geodemographic weighting adjustments may no longer be adequate for ensuring
their representativity [5].

It has been suggested that with such samples more granular weighting and calibration adjustments
become necessary to ameliorate their compromised representations [6]. Specifically, calibration ad-
justments to behavioral and attitudinal benchmarks that go beyond geodemographic corrections might
be needed to improve the representation of survey respondents from less representative samples [7, 8].
Moreover, when mixing samples secured from different sampling frames, special procedures must be
used to combine the various sample components in an optimal fashion [9]. If conducted effectively, the
resulting hybrid samples may address the cost challenge of traditional surveys that rely on a single frame
for sampling [10].

However, manufactured representation via heavy weighting and calibration adjustments of samples
from opt-in panels may fail to render the level of precision scientific surveys demand. Moreover,
sample supplementation using such panels can quickly become infeasible when the survey geography
is small, the target population is of low incidence, or when hard-to-get cohorts are of interest. Lastly,
these alternative sampling methods are becoming increasingly vulnerable to fraudsters who pose as real
survey-takers to collect incentives that have to be offered to improve participation rates.

In light of the above, the main research question this paper aims to address is that : can advantage
be taken from emerging digital technologies to recruit survey respondents with improved representation
of their target population as compared to what existing opt-in panels can provide? In particular, can
an innovative hybrid sampling strategy offer pragmatic solutions for small area surveys where other
sampling alternatives of convenience fail to be feasible?

2. Methodology

As mentioned earlier, current hybrid sampling options whereby probability sample components are
supplemented with those from opt-in panels are subject to serious quality shortfalls due to their inherent
unknowable representation and vulnerability to fraudulent respondents. Our proposed methodology
relies on digital advertisements that are reference-aligned vis-a-vis the socioeconomic characteristics of
the survey population to offer supplementation solutions for hybrid samples that have a core probability-
based component. This avant-garde supplementation strategy, which is more robust to intrusion by
bots and click-farms, is particularly attractive for small areas where no other sample supplementation
alternatives offer feasible options.

Our proposed methodology can recruit survey respondents directly from the websites and platforms
they access, across a vast array of online networks. While most digital advertising campaigns are
designed to find similar audiences to increase clicks for sales optimization, irrespective of any concerns
for representation, our methodology circumvents greedy algorithms that aim to recruit more of the same.
This improvement in diversity and representation, which reduces bias due to snowballing effects, is
achieved by actively imposing and managing a myriad of geodemographic and socioeconomic quotas.
This means our dynamic sample recruitment management ensures that prespecified quota are filled with
respondents who reflect the population of interest.

Specifically, this quasi-probability sampling approach pursues respondents using stratified digital
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advertising through a combination of online and social media platforms. The recruitment process
follows a quota-based sample management specific to the design needs of studies [11]. Quotas are
monitored and adjusted dynamically throughout the field period to maintain alignment with population
benchmarks while undergoing real-time quality assurance and fraud detection procedures.

3. Case Study

In 2024, the Tarrant County Public Health and the Centers for Disease Control and Prevention conducted
a telephone survey to update the various health metrics of the county residents. This survey, which was
designed to follow the protocols of the Behavioral Risk Factor Surveillance System (BRFSS) [12], relied
on the method of Dual Frame Random Digit Dialing (DFRDD) for data collection. As such, a total
of 3,512 adults residing in Tarrant County of Texas were surveyed. Subsequently, respondents of this
survey were weighted to represent the target population, by making adjustments that aimed to correct
coverage issues due to sampling and differential nonresponse.

In order to contrast the performance of our proposed sampling method against the best conventional
alternatives can offer, the above survey was replicated using our hybrid sampling protocol. This pro-
tocol was comprised of a core probability sample of 477 respondents secured from an Address-Based
Sampling (ABS) survey of the County, supplemented with 488 respondents recruited via our digital
recruitment platform (MSGD). Moreover, the same ABS core component was also supplemented with
500 respondents from opt-in panels to serve as status quo alternative (MSGO). That is, two sets of hybrid
sample surveys were conducted to compete and contrast against the DFRDD survey conducted by Tarrant
County. These two sets were:

* ABS + MSGD: 965 =477 + 488 combined respondents.
* ABS + MSGO: 977 =477 + 500 combined respondents.

The MSGD sample component was recruited to boost the type of respondents that traditional ABS
push-to-web was anticipated to experience coverage challenges. This included households for which
commercial databases have limited information about. The MSGO component included all the respon-
dents panel companies could recruit via the Exchange, without any input from MSG.

It should be noted that both the ABS and each of the above two supplemental sample surveys used
items (questions) borrowed from the Tarrant County BRFSS questionnaire. In addition to a common
battery of demographic questions embedded to support weighting adjustments, each survey included a
series of behavioral and attitudinal questions to support comparative analyses.

The latter questions included:

* How often do you wear seatbelts? * How affordable is medical support?
* Do you have difficulty climbing stairs? * When was your last medical check-up?
* Have you smoked at least 100 cigarettes? * When was your last dental check-up?
* How is your general health? * Do you have depression?
* How is your general mental health? * Do you have asthma?
4. Analysis

Comprehensive evaluation of the efficacy of any alternative method, sampling or otherwise, has to be
measured vis-a-vis existing options that are currently in use. Furthermore, such evaluations have to
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rely on multivariate metrics that consider not only the product quality but also the cost and timeliness
of the results under the proposed alternative methodology. While this perspective does not imply that
significant cost and time savings can trump or justify poor data quality, however, comparisons that do
not reflect budgetary realities would be merely academic and void of pragmatic relevance.

In order to adhere to the above, our comparative analyses set out to assess the quality of the resulting
survey estimates from each of the above two hybrid sample surveys against what the conventional
County survey had produced. Furthermore, cost and time comparisons were carried out relative to
what a typical DFRDD of comparable scope would require. While the latter two comparisons were
rather straightforward, the process used for comparing the quality of the resulting surveys included the
following steps:

4.1 Weighting Adjustments

All survey data must be weighted before they can be used to produce unbiased estimates of population
parameters. By improving the representation of respondents, weighting reduces bias and enhances
the external validity of survey estimates. The weighting process for each sample survey followed the
procedure used for the DFRDD survey. That is:

1. In the first step, design weights were computed to reflect selection probabilities that included
surveying only one adult per household.

2. In the second step, design weights were calibrated to the demographic distributions of the target
population for whom the needed benchmarks were obtained from the latest American Community
Survey (ACS). These calibration adjustments were carried out using the WGTADJUST procedure
of SUDAAN to balance the distributions of survey respondents against multiple benchmarks simul-
taneously [13]. This procedure relies on a constrained logistic regression to predict the likelihood
of response, which is then used to create adjustment factors (weights) that align respondents with
the specified benchmark distributions.

The ACS benchmarks used for weighting adjustments were doubly indexed by gender and the
following demographic characteristics:

a. Age: 18-24, 25-34, 35-44, 45-54, 55-64, 65-74, and 75+;
b. Ethnicity: Hispanic and Other;

c. Race: White, Black, Asian, and Other;

d. Education: No HS, HS, Some College, AS, BS, and MS+;

e. Income: $0K-$25K, $25K-$50K, $50K-$75K, $75K-$100K, $100K-$150K, $150K-
$200K, and $200K+;

f. Marital Status: Married, Widowed, Divorced, Separated, and Never Married;
g. Adults: 1, 2, 3, 4, and 5+.

3. In the third step, the produced weights were examined to identify and ameliorate extreme values.
Trimming extreme weights is a standard practice used to improve the efficiency of the weighting
process and add stability to survey estimates. To maintain consistency, similar rules were used to
trim large and small weights for each survey.
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4.2 Quality Assessment

Once respondents from the core ABS and their corresponding hybrid samples were weighted using an
identical calibration process outlined above, the mean square error ratio (MSER) for each of the common
items was calculated separately for each sample survey. Arguably, MSER is a more informative indicator
since it considers both the negative effect of variance inflation due to weighting and its positive gain
from bias reduction [14].

For this purpose, estimates obtained from the DFRDD survey were considered to be of the highest
quality and served as reference points. Thus, for each estimate from the ABS and competing hybrid
samples, a measure of dispersion was computed as follows:

—~ MSE ﬁc t1
MSER (pCOmpeting) = MSE( (5](;1::;2?) . (D
Expanding the above would result in:
R Bias? (P ine) + Var (e ;
MSER (Feonperne) = oopeomreing) Vo (Pcompsig) 2)

Bias? (ﬁDFRDD) + Var (I’;DFRDD)

Assuming that the DFRDD estimates are unbiased, the bias term in the denominator is zero. There-
fore, the above expression simplifies to:

Biasz (ﬁCompeting) + Var (f’;Competing)

MSER (I5Competing) = 0 + Var (ﬁDFRDD)

3)

5. Results

With an MSER computed for each comparison item of each survey, the sum of these statistics were
computed to represent the overall deterioration metric of quality of their resulting survey estimate in
reference to what the DFRDD has been able to produce. The following chart provides a summary of
these metrics for the two hybrid samples, as well as that for ABS sample alone.

The following Figure 1 provides a summary of these metrics for the two hybrid samples, as well as
for the ABS sample alone.

500

394
400 4

300 4

Sum of MSER

200 4

100 4

ABS+MSGD ABS ABS+Optln
Sample Type

Figure 1: Sum of Mean Square Error Ratio (MSER) by sample type.
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Clearly, a hybrid sample that is comprised of an ABS core supplemented with respondents recruited
digitally using our proposed method (MSGD) tends to produce survey estimates that are superior to what
supplementation via opt-in panels can offer. In part, this reflects one of the key limitations of opt-in
panels in smaller geographies where very little quota balancing can be enforced upfront to improve the
representation of its respondents.

As mentioned at the outset, any evaluation of alternative sampling methods will be incomplete if
their cost ramifications are not considered. Such assessments will be equally incomplete if coverage
issues of traditional methods resulting from their punishing rates of nonresponse and frame issues are
overlooked. To illustrate, the following figure 2 shows the reduction in cost for completing one survey
under the ABS and the two sample supplementation methods relative to that of DFRDD.

100% =

88%

80% -

60% -

40%

Cost Reduction (%)

21%
. .
0%

ABS ABS + MSGD ABS + Opt-In

Figure 2: Cost Reduction per Completed Survey Compared to DFRDD

6. Conclusions

The new realities of the digital age have brought about a number of resilient challenges for survey
researchers, which in turn have exposed some of the inefficiencies associated with the traditional methods
this community has relied upon for decades. The resilience of such challenges suggests that piecemeal
approaches that may have limited accessibility or scalability will prove to be inadequate and transient.
It is from this perspective that our proposed method of hybrid sampling has aimed to introduce a
durable and accessible solution for all sample surveys. Traditional methods of survey sampling are
becoming progressively inefficient, both with respect to cost and data quality, begging for novel and
pragmatic alternatives that do not forego rigor. Our proposed method of digital recruitment, which is
target population aligned, offers a cost-effective sample supplementation alternative that can improve
the quality of survey estimates from hybrid samples as compared to frugal options that are currently
available via opt-in panels. Results from the detailed comparisons we have exhibited in this paper show
that our proposed sampling methodology can produce estimates that are superior in quality than what
the current options can provide. As parting notes, we would like to submit the following considerations
as survey researchers continue to push the envelope in pursuit of more effective sampling methods:

A. Despite the growing challenges facing the survey research community, practitioners should not
succumb to suboptimal practices for cost-saving purposes alone. Such unilateral guidelines have
contributed to the stigma that commercial surveys have inadequate concern for rigor.
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B. On the other hand, undue allegiance to traditional methods of survey sampling can also con-
fine researchers to inefficient practices that are losing their pragmatism. This position becomes
particularly untenable when such adherences are simply for the sake of preserving the optics.

C. With declining response rates, surveys require progressively more comprehensive weighting ad-
justments to restore the representation of their respondents. As such, it is not advisable to shy away
from more aggressive weighting and calibration adjustments only to keep the resulting variance
inflation due to weighting at bay [15]. Of course, this is fully cognizant of the proverbial seesaw
occupied on one side by bias and variance on the other.

D. Above all, it is crucial to retain full transparency about adopted methodologies and their potential
shortfalls as we explore new possibilities for sample surveys in the digital age.
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