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Opening Note from The Council for Research Excellence
As media devices and audience behaviors grow ever more complex, and the need for precision
grows ever more granular, researchers are increasingly dependent upon new data sources which
are not wholly drawn from traditional probability samples. Change and uncertainty are typically
challenging for business and knowing how best to use these new data can require special
technical expertise.
The Council for Research Excellence commissioned RTI International to produce this document
to help guide the advertising media industry in assessing the accuracy of new audience estimates.
The guide is intended to serve as a refresher for the experienced professional, a primer for new
practitioner and a reference for everyone in between. It can assist in answering specific questions
about data validity and reliability and in formulating what questions to ask about new data
sources.
We expect this document to evolve over time and we welcome questions, comments and
suggestions for improvement. The latest version of the text resides at
www.researchexcellence.com/validation and email should be sent to
info@reseachexcellence.com.
We thank Nielsen for funding this effort and trust you will find this guide to be useful in this
exciting new world of audience measurement.
Ceril Shagrin, Univision
Evan Kutner, NBCU
Richard Zackon, CRE
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1

Introduction
For Guide Users
» The purpose of this guide is to provide researchers in media with a structured approach and important
criteria for product validation. The guide will assist users in identifying tradeoffs they may encounter in
assessing the quality of products, and ultimately provide resources for more in-depth analysis and
learning. The guide is aimed at both experienced researchers (who can potentially deepen their
knowledge), newcomers to the industry, and non-specialists (who can assemble an overview and
enhance their basic knowledge).

1.1

Data Challenges in Audience Research (AR)
The complexity and rapid pace of change in audience behavior with respect to media consumption is
compelling the media industry to develop new measurement techniques built on assorted assumptions
apart from traditional random sampling.

Audience measurement research has long been used to shape relationships and influence decision
making among audiences, producers, distributors, and sponsors. Traditionally, the process of
systematic random sampling has been used as the primary basis for selection into audience
measurement and the development of viewer metrics. Diaries, panel surveys, electronic
monitoring and interviews are well-established processes used to collect data for audience
research. These conventional methods worked well for measuring exposure to traditional media
that the entire audience viewed at essentially the same time. Today, however, the new ways (and
platforms) in which consumers view and comment on media content are challenging existing
research methods and requiring the media industry to develop more advanced, targeted methods.
The complexity and rapid pace of change in audience behavior with respect to media
consumption is compelling the media industry to develop new measurement techniques that are
built on various assumptions apart from traditional random sampling. Often to create new
datasets, data are taken from distinct samples that use different methodologies and then must be
integrated and/or modeled. In these particular cases, people who use the data in business settings
will need a guide to assure the quality of the data as media currency or as a basis for insight and
planning.
The mission of the Council for Research Excellence (CRE) is to advance the knowledge and
practice of methodological research on audience measurement. In 2010, for example, the CRE
uncovered and delineated sources of error in audience measurement with its Measuring the
Unmeasured Television Viewer report, which helped researchers understand the characteristics of
unmeasured viewers and their impacts on the reliability of ratings. This new report (i.e., this
Guide) will help researchers evaluate the quality of new data derived from innovative collection
techniques or modeled from other databases. This guide will assist users in identifying tradeoffs
they may encounter in assessing quality and ultimately provide resources for more in-depth
analysis and learning. The guide is aimed at both experienced researchers (who can potentially
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deepen their knowledge), newcomers to the industry, and non-specialists (who can assemble an
overview and enhance their basic knowledge).

1.2

Scope and Purpose of this Guide
With increased complexity in how audiences view and provide feedback on media content, accurate and
transparent metrics of media exposure are more important than ever.

Media and data analysis landscapes are
Audience research is vital to the decision-making
changing rapidly. The consumption and
process: those who make decisions about
distribution of both short- and long-form
programming, promotion, sales and other aspects
programming have evolved so quickly, many
of media depend on the research. Confidence in
the data and the ability to assess their meaning
standard measurement tools cannot keep pace.
and quality are essential.
Viewers, particularly younger audiences,
increasingly view media content on platforms
other than the traditional TV set—such as mobile and gaming devices. Consumers who may have
normally resisted participating in surveys, will routinely post their opinions on platforms such as
Facebook and Twitter. Subscription-based video-on-demand (SVOD) services have exploded in
popularity and are introducing new delivery models, e.g., when Netflix releases an entire season
of a show at once. The major online retailer, Amazon.com, also provides SVOD service, allowing
media exposure to be linked to actual purchases in ways that were previously not possible. In
addition, we now measure audience consumption by providing recruited audience/panel members
with electronic devices that capture viewing habits by determining the tuning frequency (e.g.,
Nielsen’s portable people meter).
Two primary challenges the media face in measuring audience behavior are the higher costs of
data collection and the public’s growing reluctance to participate in studies. Opportunities include
an array of new sampling techniques and technology-enabled forms of measurement. Those
collecting and using audience behavior data may be uncertain about the quality of the results from
these new data products because of the proliferation, variety, and unfamiliarity of measurement
approaches and data sources resulting from these shifts. Audience research is vital to the
decision-making process in the media industry. Those who make decisions about programming,
promotion, sales, and other aspects depend on the accuracy of this research to provide insights
and understanding. It is essential that audience researchers have confidence in the quality of the
data and have the ability to assess their meaning with the utmost assurance.
This increased complexity in how audiences view and provide feedback on media content means
that accurate metrics of media exposure are more important than ever. Most advertising deals are
negotiated on the basis of these metrics. Even for SVOD services (like Netflix), which do not use
an advertiser-based model, metrics of media exposure can be important for planning and
allocating production resources (e.g., whether a writer/creator should develop a series for SVOD
or traditional network television). Traditional metrics based on random sampling, however, may
not accurately capture the current behaviors of audiences. Changes in consumers’ viewing are
directly impacting changes in network ratings, driving some networks to propose alternative
metrics for negotiating advertising deals on the basis of the decreased size of audiences.
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The vast amounts of data collected passively—via social media posts, content downloads, online
purchases, and SVOD subscriptions—can potentially provide low-cost and readily accessible
sources of data for building new media exposure metrics. These alternative sources, however,
have not been fully evaluated to determine if they meet the same scientific rigor as traditional
random sampling.
This guide is a practical manual for researchers who need to understand data quality issues but
may not be aware of the range of new collection and modeling techniques. In addition, the guide
is an important resource for non-specialists who need to understand the data quality tradeoffs
inherent in this new age of research. Finally, the guide provides references to further resources for
expanded learning on specific subtopics about audience measurement data quality. And while the
guide delves into several specific case studies exemplifying the challenges in the industry today,
it is general enough to serve as a continuing reference for audience measurement.

1.3

Guide Organization
This guide has six sections, each with a specific purpose. Section 1 (this section) provides an
overview of today’s audience measurement and data landscape and describes the background and
purpose for this guide. Section 2 introduces several key concepts regarding the sources of error in
media statistics that readers should understand before delving into the specifics of data quality.
Section 3 continues with a discussion of data validity and methods for assessing quality—how do
we know when data are valid and accurate? Section 4 summarizes the key questions for assessing
quality, specifically focusing on modeled or so-called “big data.” These are questions any
researcher should consider before working with a new data product. Section 5 gives several
example case studies of actual products and uses the questions in Section 4 to evaluate them for
fitness for use in audience measurement. Finally, Section 6 concludes with a look to the future. A
technical appendix, glossary of terms used in the guide, and references for further learning are
included at the end of the guide.
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Sources of Errors in Media Estimates
What You Need to Know
» Since it is not practical to perfectly measure viewing behavior and attitudes for an entire population,
estimates must be made using various sampling techniques. Due to the nature of sampling, errors can
arise when these estimates differ from the perfect gold standard quantity.
» When selecting a data source for media decisions, audience researchers should focus on all potential
sources of error, not just sampling error. A new data source that offers reduced sampling error over a
current data source may have other types of errors that make it questionable for media decisions.

2.1

What is an Error?
Both users and producers of audience research (AR) need to understand the potential for various
errors when they analyze or review audience ratings and related metrics. To produce the gold
standard for AR metrics, a measurement company would need to perfectly measure the viewing
and purchasing behavior of every individual in the target population. Budgetary, time,
technological limitations, and/or issues of non-cooperation make “gold standard” (or full
population) measures impractical and often impossible. Therefore, audience researchers must rely
on estimates of the behaviors they are trying to understand. The conceptual definition of an error
is any deviation between the estimate and the gold standard quantity.
Gold standard is defined as the attitude or behavior of interest to the audience researcher measured
without any error. Because it is expensive or impossible to achieve such a measurement, estimates are
used, which can lead to potential errors.

2.2

The Total Error Framework
Total error (TE) is defined as the combination of all potential errors in the design, collection, processing,
and analysis of datasets. TE can be expressed in absolute terms or as a percentage of the gold standard
quantity.

Multiple steps are involved in the collection, processing, and analysis of the data used to produce
AR estimates. Each of these steps has the potential to introduce error and erode accuracy. Any
decreases in accuracy will likely increase the chances that audience researchers will make
unsound or unsupported media decisions. To use the data products most effectively, analysts must
identify and understand as many sources of error as possible.
The total error (TE) framework helps researchers understand and improve data quality. The TE
framework summarizes how an AR product may provide distorted or inaccurate information due
to unknown flaws and hidden data errors. Sampling is one well-known, familiar source of error in
AR research. Using the TE framework helps data analysts and decision makers become aware of
the risks of less-conspicuous error sources. The framework also highlights relationships among
errors and demonstrates how efforts to eliminate one source of error could increase other types.
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Understanding sources of errors can minimize the risk that they will affect data analysis and
estimation. To understand sources of errors, audience researchers and analysts should examine
the data-generating and collection mechanism, data processing and transformation infrastructure,
and the approaches used to create either a specific dataset or the estimates derived from it. The
TE framework identifies all the major sources of error affecting estimates and then attempts to
describe the error sources and how errors could affect inferences and business decisions.
The TE framework may also suggest methods to reduce the errors at their source or adjust for
their effects on the ultimate data products, leading to better decisions. The TE framework can be
applied to survey data, non-survey datasets (such as Twitter and other social media data), retail
point-of-sale data, and administrative datasets. The box below illustrates the types of data sources
and methodologies that can be evaluated using the TE framework.

2.3

Data sources

Data processing methodologies

 Survey data (for example, MRI’s Survey of the
American Consumer)
 People meters
 Diaries
 Twitter/social media postings
 Point-of-purchase sales data
 Interviews









Survey data collection
Survey weighting and statistical analysis
Imputation
Statistical matching
Record linkage
Fusion (integration)
Others

Sources of Error in the Total Error Framework
Figure 2.1 illustrates each step in the process to develop AR estimates and the type of error that
could potentially arise.
Figure 2.1. Estimation Process and Components of Total Error*

* Source: Adapted from Groves, R. M. & Lyberg, L. (2010). Total survey error: Past, present, and future.
Public Opinion Quarterly, 74(5): 849-879.
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The process depicted is general; thus, not all data products and estimates used in AR will follow
all of these steps. However, by using this diagram as a basis to evaluate data products and
estimates, or a similar one that has been adapted to a specific application, audience researchers
can ensure they do not miss any important sources of error in the evaluation.
The following subsections guide audience researchers through each step of the estimation process
shown in Figure 2.1 and describe how errors are likely to arise during that step. As depicted in
Figure 2.1, the estimation process can be broken down into two main branches. The left branch
shows the steps needed to convert the behavior or attitude of interest into a piece of usable data.
The right branch shows the steps needed to identify whom or what in the target population will be
measured. Errors in the left branch affect the validity and reliability of the estimate. Errors in the
right branch affect the representativity of the estimate. More detail on these concepts is provided
in Section 3. The following discussion focuses on the steps in the diagram rather than the
branches and provides examples of errors rather than methods for their mitigation.

2.3.1 Specification Error
Specification error results when the item used for measurement (survey questionnaire, recording device,
etc.) cannot perfectly capture the behavior or attitude of interest.

The first step in producing AR data products is to decide what process to use to measure the
behavior or attitude of interest. The behavior or attitude of interest is called a construct, and the
device used to measure the construct is called an item. Specification error happens when the item
does not perfectly reflect the construct that data analysts and other users would like to measure.
In some cases, when the construct can be measured directly, the item will perfectly reflect the
construct and no specification error will occur (for example, when measuring the construct
“temperature” with the item “thermometer”). In other cases, when the construct is unobservable,
either due to technical limitations or because the construct is abstract, such as personal feelings or
aptitude, the item may be only an approximate gauge of what the researcher really wants to know.

Example 1. Specification Error in Set-top Box Data
The set-top box (STB) used by cable providers can monitor what channel the set is tuned to, when it is
tuned, and for how long. The STB then relays this information back to the provider (via return path data).
The box can only monitor whether the set is tuned to a particular channel, not whether anyone is
watching. Similarly, the box does not detect whether the set itself is on or off. Suppose the audience
researcher wants to measure whether the household viewed a particular program using the set-top box
data. The construct is whether the household viewed the program. The item is whether the set-top box
was tuned to the program. Specification error arises when the box is tuned to the program but no one is
watching (for example, because the set is turned off, because they are busy doing other things, because
the person walked away from the set, or because the television is tuned to a different input such as a
DVD player).

2-3

2 Sources of Errors in Media Estimates

2.3.2 Measurement Error
Measurement error occurs when the observed data differ from the actual measurement being sought,
usually because of a misunderstanding by a survey respondent or misuse of the measurement device.

After a measurement item is selected, observations are collected using that item. If the item is a
survey questionnaire, then observations are collected by having individuals fill out the
questionnaire. If the item is an AR monitoring device, then observations are collected
automatically when data are streamed from the user’s device to the data collector’s servers.
Measurement error occurs when an observation differs from the measurement that is being
sought. It is important to note that measurement error can occur even if there is no specification
error. The item may be perfectly capable of measuring the behavior or attitude of interest, but the
information collected from the item is incorrect. For example, a survey question may ask, “How
much did you spend shopping online last month?” This item exactly matches the construct of how
much was spent shopping online last month, so there is no specification error. However, if the
respondent did not track purchases closely, he or she will give an incorrect response.
Measurement error can arise in any AR data source. Measurement error typically occurs in
surveys when respondents misinterpret a question because of language or cultural issues or
because the question was poorly worded. If people are asked for information about past
behaviors, they may provide incorrect answers if they do not remember the event very well or if
the behavior was in the distant past. When sensitive data are involved, individuals may be less
likely to provide honest information if the data are collected face-to-face rather than by mail or
the web. In AR, measurement error can occur when humans must interact with various types of
monitoring devices, leading to either deliberate or accidental misuse of the technology. Device
malfunctions, if not detected, can also be a source of measurement error.

Example 2. Measurement Error in People Meter Data
A people meter is a device that records what programs each household member is watching and then
streams the data back to Nielsen to produce viewership estimates. All household members are expected
to indicate when they begin watching the program and when they stop watching, allowing Nielsen to
estimate the extent of viewing and the demographics of the audience. Measurement error can occur if
individuals fail to indicate that they are watching, if an individual misidentifies himself/herself as a different
household member, neglects to push his button when no longer watching, or if the channel being
watched is calibrated incorrectly to the wrong channel.

2.3.3 Data Processing Error
Data processing errors are mistakes in editing data, data entry, coding responses, or any other steps
used to produce a dataset suitable for analysis.

Observations often need to be processed to form datasets suitable for analysis and reporting of
estimates. Observations that are considered invalid may be removed. In addition, responses may
need to be coded into categories, or handwritten information must be keyed into computer files.
Mistakes made during these steps are called data processing errors.
In traditional diary data collection and processing, handwritten reports are entered by trained staff
into a computer program. These staff may misread what was written and enter responses
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incorrectly or may make mistakes in coding responses into set categories. Data processing errors
can also be common in newer sources such as social media data because the production of
datasets is complex. Data from an individual tweet may be transformed before they are included
in the analysis dataset. This transformation can be complex and subjective—examples include the
parsing of phrases, identifying words that are misspelled, inconsistent assignment to various
topics, and then perhaps further classifying them using subjective expressions such as positive or
negative about some phenomenon like the economy or a political figure. The resulting data can be
inconsistently categorized or inaccurately defined.

Example 3. Data Processing Error in a Television Viewing Diary
Data entry staff may misread the station or program name entered into a television viewing diary mailed
back by a respondent (e.g. CNN instead of TNN). Entering the incorrect information would result in data
processing error if not detected and corrected by quality control procedures.

2.3.4 Coverage Error
Up-to-date and error-free listings of the target population (the frame) generally do not exist. Information
used to produce estimates of the target population comes from only those persons or households listed
in the frame. Any inaccuracies in the frame due to omissions, duplications, or erroneous inclusions of
persons or households will lead to inaccurate estimates of the target population. Coverage error is the
error in estimates due to differences between the target population and the frame.

Audience researchers need to make decisions about the target population when selecting data for
use. The target population may be everyone in the United States, or it may be a specific
demographic of interest, such as males ages 18 to 34. In AR, the target population may also be a
collection of activities, such as all tweets during the Super Bowl or all purchases of consumer
packaged goods during April. A frame is a listing used to identify people or activities in the target
population, usually for purposes of sampling. Examples of frames include a list of all household
addresses in the United States, a list of all cable television subscribers in a market area, and the
Twitter Firehose (a list of all public tweets). A frame can differ from the target population in three
ways:
1. Omissions—some people or activities in the target population are not listed in the frame.
2. Duplications—some people or activities in the target population are listed more than once
in the frame.
3. Erroneous inclusions—some people or activities that are not part of the target population
are listed in the frame, and their information is not useful to the audience researcher.
Coverage error occurs when differences between the frame and the target population lead to
errors in estimates. Suppose a frame omits some people or activities from the target population,
and the behavior of interest (construct) differs between those omitted and those included in the
frame. Then, estimates of the behavior based on a sample from the frame will be misleading—the
estimate will not represent the behavior of the omitted group. Similarly, if the frame erroneously
includes people or activities that are not from the target population, and the behavior of interest is
different for this group, then estimates of the behavior based on a sample from the frame will be
misleading—the estimate will reflect the behavior of the included group that is not of interest to
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the audience researcher. Duplications in the frame lead to misleading estimates by representing
the characteristics of the same person or activity multiple times (overstating the data) rather than
only once.
For some datasets used in AR, data capture selectivity is a common source of omissions. Data
capture selectivity relies on members of the population engaging in the activity that generated the
data. For example, an internet usage dataset of people who conducted a Google search in the past
week necessarily excludes those who did not conduct any Google searches in the past week.
Omitting users will cause errors if someone uses that particular dataset to make inferences about
the target population. Inferences to the entire U.S. adult population based on Twitter data could
run the risk of coverage error. According to the Pew Research Center, as of 2014, only 23% of
online adults in the U.S. use Twitter.1 The 23% of online adults who use Twitter may have very
different program viewing behaviors as well as other characteristics, particularly for non-TV
platforms, than the 77% of online adults who do not tweet.

Example 4. Coverage Error in Smartphone Panels
An audience researcher may be interested to know the opinions or viewing behavior of those who own
and use smartphones. She may investigate options for surveying or obtaining data from a known panel of
smartphone users. However, the panel frame may have been constructed only of those using Android
smartphones (for instance, if the platform for their reporting of behavior and opinions is only available for
Android). The frame would be missing users of iPhones and other smartphone models. Since there are
so many iPhone users, if their opinions or behaviors were different than those of Android users and the
researcher relied on an Android-only frame, her estimates of the smartphone population would be
misleading due to coverage error.

2.3.5 Sampling Error
Sampling error happens when a behavior or attitude of the population, such as the proportion of a target
audience who watched a TV show, is estimated based on a sample instead of the entire population.

A census is defined as when measurements are taken from all people or activities listed in the
frame. Taking a census is often impractical because of budget, time, or technology constraints.
Instead, a sample is taken from the frame, measurements are collected only from the sample, and
estimates (or projections) are made from these sample data. The specific sample used to create the
estimate is just one of many possible samples. Hypothetically each potential sample could
produce its own different estimate. Sampling error is the variation across the estimates from all
possible samples that could have been taken of the same size.
Samples can be probability samples or non-probability samples. In probability sampling, the
sample is obtained by assigning a selection probability to each frame unit (people, households,
activities, etc.) and then selecting a subset of units from the frame according to these probabilities
which may be the same for each unit or may vary across units. Every unit listed in the frame has
some known probability or chance of being included in the sample. In non-probability sampling,

1

Pew Research Center (2013, Dec 27). Social networking fact sheet. Accessed May 1, 2016 from
http://www.pewinternet.org/fact-sheets/social-networking-fact-sheet/
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units are selected for the sample using a non-random process, such as taking the first 10 names
from an alphabetized list or recruiting the first 20 volunteers to participate in a survey. Nonprobability samples are also sometimes referred to as purposive or convenience samples. Note
that a census can be regarded as a probability sample because all persons are selected with a
known probability, namely 1.
A key distinction between probability samples and non-probability samples is that with
probability samples, the probability that a unit from the frame is included in the sample is known.
As a result, it is possible to estimate the sampling error and make statistical inferences to a welldefined target population. In contrast, since the probability of selection of a unit from a nonprobability frame is unknown, the sampling error cannot be estimated for these types of samples
and inferences beyond the sample are challenging because they require strong assumptions which
may or may not hold. This is a key limitation of non-probability samples.
When non-probability sampling is used, a frame is often not used or not available. Online survey
panels are a prime example of where non-probability sampling is often employed. Similarly,
reality television show polls where viewers text the name of their favorite performer are also a
type of non-probability sampling where no frame exists. Respondents in non-probability samples
without a frame can be at the extremes of the target population, such as those who watch a lot of
television or those who are fans of a particular genre of programming. Thus, these individuals are
not likely to represent the entire target population, which results in greater coverage error than
typically seen in probability samples.
Three metrics are commonly used to report sampling error: standard error, margin of error, and
confidence intervals. The standard error is a measure of the uncertainty in an estimate. This
uncertainty is due to the estimate being based upon only a fraction of the target population instead
of the entire population. The margin of error is the likely level of sampling error in the data,
expressed as the deviation (plus or minus) around the estimate. The range formed by adding the
margin of error to the estimate is called a confidence interval. Both the margin of error and the
confidence interval depend on the level of precision specified by the analyst. A typical level of
precision is 95%, although other values can be acceptable. For example, if accuracy is not of
utmost importance for the application at hand, a 90% level of precision can be used. If accuracy is
critical for the application at hand, analysts may use a 99% level of precision.
When the estimate is a proportion or percentage and the sample is selected by simple random
sampling,2 the standard error can be estimated as √𝑝(1 − 𝑝)/𝑛, where 𝑝 is the estimate and 𝑛 is
the sample size. To compute the margin of error of the estimate, one can simply divide 1.0 by the
square root of the sample size. This is equivalent to a 95% confidence interval when p in the
above expression is equal to 0.5. Both the standard error and the margin of error decrease as the
size of the sample increases. It is important to note that measures of the sampling error become
more accurate if one can minimize other errors such as specification and coverage error.

2

A simple random sampling assigns equal probabilities to every unit on the frame in such a way that every
sample of a certain size, say n, has the same chance of being selected.
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Example 5. Sampling Error in a Survey
Suppose a simple random sample yields 1,000 respondents to a survey that asks each person how they
view media content. Of the 1,000 respondents, 27% prefer to watch Program A on their mobile devices.
The standard error for this estimate is √0.27(1 − 0.27)/1000 = 0.014. The margin of error is 1/√1000 =
0.03, or ±3%. In other words, there is 95% confidence that the range 24%-30% contains the gold
standard quantity, assuming no other errors are present in the data. However, if there are non-response,
measurement and other non-sampling errors, the actual confidence level may be much less than 95%.

2.3.6 Non-Response Error
Non-response error occurs when missing or incomplete data change the estimate from what it would be if
the data were complete.

In almost every data collection effort, some data that were supposed to be collected are missing.
When individuals are surveyed, data can be missing because respondents are unable or unwilling
to provide the information requested. Unit non-response occurs when someone in the sample does
not respond to any part of a questionnaire. Item non-response occurs when the questionnaire is
only partially completed because an interview was prematurely terminated or some items that
should have been answered were skipped or left blank.
Missing data can arise in non-survey data sources as well. Monitoring devices and set-top boxes
can fail to transmit data from the household to the data collector’s servers. Individuals, when
interacting with monitoring devices, may not provide the information they should, such as who is
watching at a given time. In these situations, the absence of data may be misinterpreted as the
absence of viewing activity, resulting in measurement error (described above). Alternatively, it
may occur when data are not being transmitted properly, perhaps because the device is relaying a
faulty signal or not responding to pings from the data collector’s servers.
Missing data are often described by the mechanism that caused the missingness to occur, and
methods for addressing missingness are associated with that mechanism. The term missing
completely at random (MCAR) describes data that are missing due to reasons that are completely
unrelated to the characteristics being observed in the measurement process. The missing data
mechanism is essentially equivalent to omitting a simple random sample from the complete data
that would have been observed, like deleting data based on random draws.3
The term missing at random (MAR) describes data missing for reasons related to characteristics
of the sample that are fully observed for the sample.4 For example, suppose adults of all education
levels tend to watch a popular television program, but adults with more years of education are
less likely to report their viewing habits. Further suppose that education is fully observed for all
sample members; i.e., education has no missing values. The missing data mechanism is said to be

3

Rubin (1976) uses the term missing at random to describe data that are missing for reasons related to
completely observed variables in the dataset.
4
Rubin, D. B. (1976). Inference and missing data (with discussion). Biometrika, 63, 581–592.
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MAR since the missing viewership data can be explained (and presumably imputed) by the
variable—education—that is observed for all sample members.
If the cause of the missing data is related to variables which are also missing, then the missing
data mechanism is said to be non-ignorable or missing not at random (MNAR). MNAR occurs
when persons with low values in the outcome variable (typically a behavior or attitude of interest)
tend not to report those values while persons with higher values tend to report them. Conversely,
persons having high values of outcome variable may tend not to report those values while persons
with low values tend to report them. A good example from the survey literature is personal
income: people with very large incomes tend not to report it, perhaps for privacy reasons.
In the AR literature, an example of MNAR may be the reporting of TV viewing behavior.
Suppose we are interested in whether or not persons view a certain TV program. Persons who
watch the program very infrequently may fail to report it because they either forget about it or
they do not think it is worth reporting because their viewing occurs so infrequently; whereas
persons who watch the program frequently may tend to report that they do watch it. Another
example would be the completion of a TV viewing diary. In this case the opposite may occur.
Persons who watch a lot of TV may not record all their viewing activity simply because it is too
burdensome to write it all in the diary; whereas persons who seldom watch TV have less to
report. Because logging entries is less of a burden, they may report all of their viewing behavior.
In all these examples, the reason or cause of the missing data depends on the outcome being
measured and thus, the missing data mechanism is MNAR. Attempts to compensate (i.e.,
statistically adjust or impute) for MNAR non-response bias are futile because the missing data
mechanism relates to characteristics that are not fully observed. However, with MCAR and MAR
data, there is a process for mitigating the error in an estimate due to the missingness.
Missing data can lead to errors in two ways. First, if observations with missing data are excluded
from the estimate, then the sample size used for calculating the sampling error will be smaller,
leading to larger sampling errors. Second, the people or activities in the sample with missing data
may have different characteristics than the people or activities with complete data. Estimates
based only on data from the group with complete information and ignoring any data from the
group with missing information will not be representative of the entire target population. This
second type of error is called non-response error.
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Example 6. Non-Response Error in TV Diaries
The TV diary is a method of collecting viewing data that has been used extensively in the past and is still
used now. Household members are asked to keep detailed written records of what they watched and
when during a 7-day period (an 8-day period for homes with DVRs). Diary data are collected during the
four “sweeps” periods in a year. Some data may be missing in a completely random way (MCAR),
perhaps due to general forgetfulness of the people in the sample. Households that keep the diary in a
location away from the television may be less likely to report all of their viewing activity because the diary
is not readily available. In this case, the missing data will be missing at random (MAR)—the amount of
missingness is related to a characteristic of the sample, but not related to the amount of programming
viewed. Households that infrequently view certain networks may forget to record their viewing of those
networks. In this case, the missing data are non-ignorable (MNAR)—the amount of missingness is
directly related to the behavior that is being measured. In the missing at random and non-ignorable
cases, non-response error may occur because information from certain groups in the sample will not be
represented in estimates of viewing behavior. If the sample homes that complete the diary/survey are
different from those not responding, bias will exist.

The response rate—the percentage of the sample that completed an interview—is often reported
for surveys as a measure of data quality. Response rates have been declining for many surveys
over the last couple decades, raising concerns about the risk for increases in non-response error.
However, low response rates themselves are not indicative of non-response error; recent studies
by the Pew Research Center have shown that non-response error can be low even with response
rates as low as 9%.5 The reason is that for non-response error to exist, the non-respondents must
have different attitudes or behaviors than the respondents. If a small percentage of the sample
responds, but these respondents are not much different than non-respondents, then they are
representative of the sample and little non-response error will occur. However, sampling errors
will be higher with low response rates because the sample size used for the estimates will be
smaller than planned.
See Appendix A for details about the formulae for non-response errors.

2.3.7 Modeling/Estimation Error
Errors from fitting models for various purposes—such as combining datasets, imputation, and derivation
of new variables—are called modeling/estimation errors.

Models are often used during the estimation process to modify the data or even to merge multiple
data sets in the process of creating AR estimates. For example, a model may be used to study the
patterns of missing data and impute missing values or even whole records. Modeling is also used
in weighting process which will be described in the next section. Errors made during this step of
the process are called modeling/estimation errors.
Data may be combined with the goal of exactly matching an individual’s or household’s
information across different datasets (called record linkage). To achieve an exact match, a unique
identifier such as social security number (SSN) must be present in all of the datasets. Record

5

Pew Research Center (2012, May 15). Assessing the representativeness of public opinion surveys.
Accessed April 14, 2016 from http://www.people-press.org/2012/05/15/assessing-therepresentativeness-of-public-opinion-surveys/
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linkage can sometimes be done using a modeling approach that combines identifiers that are not
unique (e.g., name and date of birth) and estimates the probability that two different individuals
would have the same combination of identifiers. If this probability is very small or zero, the
records are linked together as for one person.
Modeling/estimation error can arise if errors in the identifiers used for matching lead to incorrect
or incomplete matches. An incorrect match means that data from Person A are erroneously linked
to Person B. An incomplete match means that Person A is excluded from the analysis because his
or her information could not be found across all datasets. Errors can come from data entry errors,
such as if two digits of an SSN are transposed or the wrong birthdate is entered in one of the
datasets being linked. Errors can also arise if different standards are used across the datasets being
linked. For example, one dataset may have a name field consisting of only first and last name,
while the corresponding name field in another dataset contains first name, middle initial, and last
name. Similarly, addresses can be entered in different ways depending on whether and how one
abbreviates words such as “road,” “boulevard,” “suite,” and “apartment.” Errors can also occur
when one dataset uses a smaller number of characters to store a field than another dataset. For
example, one dataset may store the entire name “Christopher” if the first name field is allowed at
least 11 characters of memory, while another dataset that allows only 10 characters of memory
would store only “Christophe.”
Modeling/estimation errors may also occur in “fused” datasets. In fusion, two datasets, each
representing different samples and measuring different features of the target audience, are linked
together based upon some of the variables they have in common. The goal is to create a synthetic
sample from the target population that can be used to estimate the association between the
features observed on separate samples. One dataset may contain viewing behavior for a (often
quite large) sample of individuals (the recipient dataset), while another dataset has purchases for
a separate (much smaller) sample of individuals (the donor dataset). Fusion uses the variables
common to both datasets, such as demographics, to link records from the donor dataset to the
recipient data to create a recipient data set with new characteristics that have been fused on to it
from the recipient data set. The fusion may be done by directly comparing demographics between
both datasets, selecting the record from the donor dataset that is the closest match, and attaching
the donor variables to the recipient dataset. Alternatively, a model can be constructed that relates
demographics to features on the donor dataset, and the modeled values are then attached to the
recipient dataset. In either example, the fused dataset contains both viewing behavior and
purchases for the sample of individuals on the recipient dataset. Fusion makes assumptions that, if
wrong, will cause modeling/estimation errors in estimates from the fused dataset.
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Example 7. Modeling/Estimation Errors from Fused Datasets
Fused datasets can lead to modeling/estimation errors if certain conditions are not met. A required
condition for fusion to be valid is that associations between features from the donor dataset and features
on the recipient dataset are explained solely by the variables used for matching. If this condition does not
hold, then errors will exist when estimating associations using the fused dataset. One common
manifestation of these errors in AR data is “regression toward the mean”6 that occurs when the matching
variables are not predictive of the fused variables. For example, we would not expect a person’s birth
month to be related to television viewing. If two datasets were fused using birth month as the matching
variable, the fused dataset would consist of poorly linked records—it would be no better than randomly
assigning linkages—and error-prone estimates would result. If the goal of the fusion is to explain a
specific attitude or behavior, then the variables used in fusion process should reflect that goal.

2.4

Putting the Total Error Framework into Practice
The TE framework challenges audience researchers to think beyond just sampling error and to evaluate
and understand AR data products for all types of errors, both sampling and non-sampling alike.

Of all the sources of error in the TE framework, sampling error is the one most often reported—
and often the only one reported. It is relatively straightforward to calculate the sampling error
from a set of observations because the calculations can be done directly from the observed data—
no external or supplementary data are usually required. In addition, most researchers are very
familiar with the estimation process and reporting of sampling error because the concept is widely
taught in courses on statistics and AR methodology.
The TE framework requires audience researchers to think beyond sampling error; it is a critical
component of large data management. Adjusting for sampling error does nothing to address nonsampling errors and focuses only on sampling error even though other sources of error are present
and could be more problematic. This likely overstates the accuracy of the estimates and
encourages overconfidence in the results. Without identifying and adjusting for non-sampling
error, researchers could be creating subpar products with results that cannot be duplicated causing
poor decision making, wasting money, and frustrating decision makers.
Understanding the TE framework is especially important in the current AR environment.
Traditional data sources that have served as currency in media buying decisions are facing
challenges because they depend on samples from markets and populations in a challenged
environment; in other words, they may contain too many sampling and coverage errors.7
Alternative data sources, such as set-top boxes, are proposed as alternatives to these traditional
data sources because they have fewer (or no) sampling or coverage errors within a multichannel
video programming distributor footprint. In the case of set-top box data, missing households and
sets without return path data will result in non-response error. However, the TE framework
suggests that both new and traditional data sources should be compared based on the sum of all
6

See, for example Nesselroade, J. R., Stigler, S. M., & Baltes, P. B. (1980). Regression toward the mean
and the study of change. Psychological Bulletin, 87, 622-637.
7
The Business of Television Broadcasting and Cable; NewBay Media, LLC (2015, Jan 7). Analyst
measures flaws in set-top-box based data. Accessed April 14, 2016 from
http://www.broadcastingcable.com/blog/currency/analyst-measures-flaws-set-top-box-baseddata/136815
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errors, not just sampling or coverage errors. Although traditional AR data sources may have
relatively large sampling error, they may have little specification or measurement error. New AR
data sources, on the other hand, may have little sampling error but very large specification or
measurement error. Applying the principles of TE framework, the astute audience researcher can
assess all potential errors in a data source and make an informed decision about which data source
has the highest quality for the application at hand.
Section 3 describes in more detail how the various sources of error in the TE framework affect
estimates in systematic and variable ways. Methods will be presented to identify potential errors,
estimate the size of those errors, and mitigate their effect on AR estimates.
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Criteria for Validity and Methods for
Assessment
What You Need to Know
» Evaluating data validity requires that a very good estimate of the truth be known.
» Bias is a measure of the systematic error in the estimation process. It equals the difference between
the average of the estimates over replications utilizing the exact same estimation process and the gold
standard quantity.
» Variance is a measure of the variable error in the estimation process. It equals the average of the
squared differences between each estimate and the average of all estimates over replications utilizing
the exact same estimation process.
» The mean squared error (MSE) is a common measure of the total error in an estimate. It is defined as
the variance plus the squared bias.
» No methods for dealing with non-sampling errors can fully compensate for the above errors.

3.1

How Sources of Error Affect Estimates
A high-quality data source will produce estimates with the smallest possible amount of total error.

Section 2 described seven sources of error that can occur when producing AR estimates. The goal
of the TE framework is to understand and minimize the total error from all sources. A highquality data source will produce estimates with the smallest possible amount of total error.
Errors affect estimates in two ways. First, they can make the estimate biased, or different from
the gold standard quantity in a systematic way. That is, if the data collection process were
repeated entirely using the exact same methods, then the error in the estimate will be
approximately the same magnitude and in the same direction (either an overestimate or
underestimate). Second, errors can make the estimate more variable. That is, if the data collection
process were repeated entirely using the exact same methods, and the gold standard quantity has
not changed, the second estimate will differ from the first estimate. Figure 3.1 describes these
concepts further.
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Figure 3.1. Systematic and Variable Errors Expressed as Targets*

Large variance and small bias

Small variance and large bias

Source: Adapted from Biemer, P. P., & Lyberg, L. (2003). Introduction to survey quality. New York: John
Wiley & Sons.

3.2

Variable and Systematic Errors
The targets in Figure 3.1 help us understand the concepts of systematic and variable error and
how they contribute to total error. These targets describe the error in the estimation process—all
of the steps shown in Figure 3.1.
The distance between the point where the archer hits the target (the “hit”) and the bullseye is the total
error.

For example, an archer makes sure the bow is ready, aims at the target, and releases the arrow. If
the archer’s aim is accurate, she scores a bullseye; otherwise, she misses the bullseye by some
distance. The distance between the point where the target is hit and the bullseye is the total error.
In the same way, the estimation process for data analysis tries to accurately estimate a behavior or
attitude in the target population. The archer aiming at the bullseye is analogous to the analyst
whose goal is to estimate the particular behavior or attitude in the target population. The bullseye
on the target represents the actual behavior or attitude of interest, such as the proportion of an
audience that viewed a specific TV program. As an example, the people meter panel collects
viewing information from a selection of households to estimate the percentage of the population
viewing a program. Due to errors in the process, the people meter estimate will more than likely
“miss” the gold standard quantity (or bullseye). The “distance” between the estimate (the “hit”)
and the gold standard quantity (the bullseye) is the total error in the estimate and is analogous to
the total error in the archer’s aim.
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3.2.1 Bias in the Estimation Process
Bias is a measure of the systematic error in the estimation process. It equals the difference between the
average of the estimates over replications utilizing the exact same estimation process and the gold
standard quantity.

Now suppose the archer aims repeatedly at the target, each time trying to hit the bullseye. If her
sights are not properly adjusted, she will likely miss the bullseye, no matter how steady her aim,
and the distance between each hit and the bullseye will be roughly the same. The archer’s sight
misalignment is a systematic error in the shooting process. The archer may produce very
consistent results each time she shoots, but all of the hits will miss the bullseye by roughly the
same amount and in the same direction. Systematic error in the estimation process behaves the
same way. If systematic error is present, each replication of the estimation process will produce
an estimate that differs from the gold standard quantity by the same amount and in the same
direction (the estimate is either too large or too small). The bias is a measure of the systematic
error, and it equals the difference between the average of the estimates over replications of the
estimation process and the gold standard quantity.

3.2.2 Variance in the Estimation Process
Variance is a measure of the variable error in the estimation process. Mathematically it equals the
average of the squared differences between each estimate and the average of all estimates over
replications utilizing the exact same estimation process.

The archer’s aim may not be steady; therefore, each time she shoots, she will miss the bullseye by
some unpredictable, random amount. The hit may veer to the left or right of the bullseye, and
could be above or below it. The wind or weather, the shape of the arrows fired, the archer’s
muscle tremors, and the bow itself may also have unpredictable, random effects on the accuracy
of each shot. In the same way, replications of the exact same estimation process may produce
different estimates. Each time the process is repeated, certain sources of error (such as
measurement error and random error) will cause random variation in the estimate that adds to the
total error. The variance is a measure of the variable error in the estimation process, and it equals
the average of the squared differences between each estimate and the average of all estimates.

3.2.3 Comparing the Bias and Variance in Two Data Sources
The two targets in Figure 3.1 could correspond to two different archers with two different
weapons.


The pattern of hits on the target on the right suggests that systematic error may be a
problem for that archer; that is, something is inherently wrong either with the bow or
another aspect of the shooting process that affects all of the shots at the target the same
way.



The pattern of hits for the left target suggests that the systematic error is smaller, but
variable error is a problem. That is, the cumulative effect of many factors in shooting at
the target causes the archer to miss the target in seemingly random ways. However, the
pattern of hits seems to be centered over the bullseye.
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Similarly, the two targets could represent two different estimation processes, perhaps each using a
different data source. The target on the right corresponds to one type of estimation process or data
source for estimating the behavior of interest; the target on the left represents another estimation
process or data source for estimating the same behavior. Each estimation process, signified by a
different target, produces a different mix of systematic and variable error components.


The estimation process on the right produces estimates with small variance but large bias.
Repeated estimates from the same estimation process or data source produce similar
values (small variance), but on average all of the estimates differ from the gold standard
quantity in a systematic way.



The estimation process on the left produces estimates with large variance but small bias.
Repeated estimates from the same estimation process or data source produce much
different values (large variance), but on average all of the estimates are centered on the
gold standard quantity. They do not differ from the gold standard quantity in a systematic
way.



Not shown in the diagram is the case where both large bias and large variance exist. In
this situation, estimates are highly inaccurate and should not be used for making
important decisions in audience measurement.

3.2.4 Mean Squared Error
The mean squared error is a common measure of the total error in an estimate. It is mathematically
defined as the variance plus the bias squared.

Mean squared error (MSE) is a common measure of the total error in an estimate. It is the
average closeness of the hits to the bullseye, where “closeness” is defined as the squared distance
between a hit and the bullseye. The MSE can be computed as the sum of the variance and the
squared bias:
MSE = Variance + (Bias)2
The MSE is often difficult to compute for two reasons:
1. The typical approach for estimating the MSE is to estimate the squared bias and the
variance and then add them together. However, estimating the bias is difficult because it
requires a gold standard estimate—i.e., a nearly perfect estimate of the parameter that is
being estimated. Such a gold standard estimate might be obtained by using methods that
have negligibly small errors but are usually quite expensive or burdensome to collect. For
example, the gold standard estimate might require obtaining information on nonresponding households and that may necessitate a personal visit to the household to
obtain the missing response. In addition, as the previous sections suggest, there may be
many sources of bias, but in practice it is feasible only to evaluate only a few major
sources; for example, non-response, measurement error and coverage error. Since other
error sources may also cumulatively contribute substantial bias, this approach could lead
to estimates of the total bias that are understated.
2. Likewise, the estimate of the variance should also include all important sources of error.
For example, in addition to sampling error, non-sampling error variance components
associated with imputation, modeling, measurement errors, operational personnel (for
e.g., keyers, coders, editors, etc.) errors and the like should be part of the variance
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estimates if they are expected to contribute importantly to total variance. These
components of variance are also usually very difficult to estimate in practice even when
using approximation methods such as “jackknife,” “bootstrap” and other replication
variance estimation approaches.
Thus, when the audience researcher attempts to assess the quality of an estimation process—
whether it is a new data source, changes to the design of an existing data source, or a new way of
modeling an existing data source—he or she should always try to consider whether the quality is
adequate (in terms of MSE) given the budget and other limitations of the particular use. To do
this well without knowledge of the true MSE, the audience researcher must understand the major
sources of error contributing to the MSE and the appropriate methods for reducing their effects.

3.3

How Sources of Error Contribute to Bias and Variance
The seven sources of error contribute to the bias and variance in different ways. Some sources of
error affect only the bias, some sources of error affect only the variance, and some sources of
error affect both. The relationships among the sources of error, variance, and bias are provided in
Table 3.1.
Table 3.1.

Error, Variance, and Bias*

If the source of the error is…
Quantification
process

Representativity

Then the estimate will be affected due to…

Specification error

Bias

Measurement error

Bias and variance

Data processing error

Bias and variance

Coverage error

Bias

Sampling error

Variance

Non-response error

Bias

Modeling/estimation error

Bias and variance

* Adapted from Biemer & Lyberg, 2003.

When assessing error in estimates, audience researchers can use the above table to rule out likely
error culprits. For example, if AR estimates vary highly from month to month, but generally
match previous results on average, then high variance and low bias may be occurring. The
audience researcher can focus on sources of error that affect the variance (measurement error,
data processing error, sampling error, and modeling/estimation error) and not be concerned with
sources of error that affect just the bias (specification error, coverage error, and non-response
error).

3.4

Validity and Reliability
Quantification describes the steps needed to turn a behavior or attitude of interest (the construct) into a
data value that can be used to calculate the estimate. Representativity describes the steps needed to
define the group of people or activities that will serve as a microcosm of the target population.

Section 2 noted that the steps of the estimation process fall into two areas: quantification and
representativity. Quantification describes the steps needed to turn a behavior or attitude of interest
(the construct) into a data value that can be used to calculate the estimate. Representativity
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describes the steps needed to define the group of people or activities that will serve as a
microcosm of the target population.


Validity corresponds to systematic errors (bias) in the quantification steps of the
estimation process. A measurement with high validity has low bias. Specification errors,
measurement errors, and data processing errors reduce the validity of the measurement if
they are systematic (that is, consistently present over repeated rounds of data collection).



Reliability refers to variable errors (variance) in the quantification steps of the estimation
process. A reliable measurement has low variance. Measurement errors and data
processing errors reduce the reliability of the measurement if they occur randomly over
repeated rounds of data collection.



Sampling bias and non-response bias refer to the systematic errors in the representativity
steps of the estimation process. When there are coverage errors in the sampling frame or
when non-respondents differ from respondents, then the information collected is not
representative of the target population. Increasing the sample size does not reduce these
types of errors.



Sampling error refers to the variable errors in the representativity steps of the process—
and the only source of variability in the representativity steps. Each sample provides a
different estimate because the persons or households providing information represent a
different slice of the target population. Some samples will lead to overestimates of the
behavior or attitude of interest, while other samples will lead to underestimates. This
variability in the estimates is the sampling error.

These distinctions are useful because they generally correspond to specific methods for
identifying and minimizing the impact of errors. We discuss these methods in more detail below.

Summary of Methods to Address Errors
» To test for validity, small-scale experiments are usually conducted where the item or measurement
process is tested against a verifiable true value for the person or household.
» Reliability can be tested by repeating crucial steps in quantification on a small scale, i.e., administering
the questionnaire twice to a subsample or having two data entry people code the same data.
» Non-response bias is addressed by imputing missing values, correcting estimates for bias, or weighting.
» Sampling bias due to unequal probability sampling is usually addressed by weighting.
» Weighting adjustments are only valid if the assumptions that are made in the weighting process hold for
the data in general. For example, adjusting for non-response may not reduce non-response bias and may
even increase the MSE if the non-response mechanism for the data was actually MNAR, but MAR had
been assumed. In other words, if assumptions about the data are misconstrued or wildly off, adjustments
from weighting can sometimes do more harm than good.
» Sampling error is calculated using the standard error or margin of error and reported with estimates.

3.4.1 Methods to Address Validity
Provided time and resources are sufficient, in many data collection processes quantification can
be done free of any appreciable bias. For example, health information can be obtained from
medical records and purchase amounts can be verified from financial records or store receipts (as
opposed to asking respondents to recall how much was spent). Data processing can be limited to
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minimal systematic errors if those inputting data carefully follow clearly defined instructions or
the process can be automated. In all of these cases, verifiable true measurements exist, but they
are often too costly or impractical to obtain in a large-scale data collection effort. Verifiable
measurements can be obtained from administrative records (government, financial, academic,
medical, etc.). They can also be obtained using highly accurate but costly measuring methods,
such as interviewer observations (instead of relying on respondent self-reports) or monitoring
devices that cannot be easily compromised.
In validity testing, experiments are usually conducted on specific procedures in the quantification
process, such as the measurement device (item), the measurement process (e.g., interview), or
data processing steps. In the experiment, the procedure being tested is administered to a small
group of subjects. A verifiable true measurement is also obtained for the procedure which may be
quite expensive to obtain (and hence the need to keep the sample small). For example,
determining the “true” number of TVs in a household may require visiting the household to
actually count the number of TV sets. These experimental procedures are conducted on a small
scale where the number of subjects is within the budget and schedule of the data collection effort.
The estimate from the experiment is then compared to the verifiable true measurements. The
correlation between the two sets of values is an approximation of the validity in the quantification
process. If the correlation is close to one, then the procedure being tested is said to have high
validity.

Example 8. Testing for Validity in Coded Data
Suppose a survey questionnaire contains open text responses that must be classified and coded into five
different categories for analysis. Trained coders will read each response and assign it to one of the
categories. Before any real data are processed, coders are trained by coding some number, say 20,
examples of open text responses for which the correct classification is known. The percentage of
examples correctly coded indicates the validity of the coded data. If the coder can correctly code all 20
examples, he or she will produce data with perfect validity. If the coder cannot correctly code any of the
20 examples, he or she will produce data with zero validity.

If verifiable true measurements are not available, it may still be possible to test for validity using
simulation. Simulation is commonly used to test for biases in modeling and estimation
procedures. The approach is not often used in audience research. The interested reader can
consult Computational Statistics by Geof H. Givens and Jennifer A. Hoeting.
When the experiment or simulation produces an approximation of the bias, the audience
researcher can improve the validity of an estimate by adjusting for the approximated bias. For
example, if the estimate of the audience share is 50% but experiments show that such estimates
are overstated by 3 percentage points, a bias-corrected estimate is then 50% − 3% = 47%. When
making such corrections, however, the audience researcher must be careful in interpreting
measures of accuracy. The approximation of the bias, in this case 3%, is itself an estimate that is
subject to error. It was likely the bias was estimated using a small sample size because of the cost
and time involved in collecting gold standard measurements. The reported accuracy of the
estimate, such as the standard error or margin of error (see Section 2.3.5), should reflect the
accuracy of the bias-corrected estimate, 47%, and not the accuracy of the original estimate, 50%.
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3.4.2 Methods to Address Reliability
Perfect reliability occurs when the quantification process results in no variable errors in the data.

Reliability refers to variation in quantification process. When the items, devices, and procedures
used in the quantification process are all reliable, they will produce consistent estimates every
time they are used. Reliability in the quantification process is not unlike reliability of mechanical
devices like a car. A reliable car will
Although reliability is needed for good-quality inferences, it
start every morning when the driver
alone is not enough. For example, a metering device may
turns the key. As the car becomes
have high reliability for measuring total TV viewing because
it consistently provides the same measurements when
unreliable, it will start some mornings
repeatedly tested. However, the device’s measurements
but not others. There is no systematic
may still not be valid. If the device has a microphone-based
pattern in when the car fails to start.
sensor that is intermittently disconnected, variable errors in
One week it will start on Monday but
the measurement can result.
not Tuesday; another week it will start
on Tuesday but not Monday. In the same way, an unreliable quantification process will likely
produce different estimates of the same behavior or attitude of interest when measured on the
same people. Reliability is determined by the variation in the process. Data and/or estimates are
reliable if they come from a consistent process.
Unreliable data can be identified by closely examining the related variables in the dataset. For
example, reported household viewing should be highly correlated with metered household
viewing. If it is not, one or both measures may have poor reliability. However, in most situations,
determining whether the observed data are reliable requires special studies to evaluate the
reliability. One such study is a test-retest study repeating the data collection process within a few
days of the original data collection for a subgroup of the study sample. Assuming that the first
data collection effort does not influence the responses to the second data collection effort, a
comparison of the estimates from the two sets of measurements can show whether the data are
reliable. If the data are reliable, the first and second measurements will have good agreement (i.e.,
high correlation). Disagreement indicates unreliable data.
Reliability can be quantified by calculating the reliability ratio. Total variation in a given sample
of data arises from two sources: natural variation in the behavior or attitude of interest because
people or activities differ in the target population, and variation due to the quantification process.
The reliability ratio is the natural variation divided by the total variation (i.e., the sum of natural
variation and the variation due the quantification process). The ratio ranges from 0.0 to 1.0.
Perfect reliability occurs when the quantification process does not cause any variation.
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Example 9. Reliability in Surveys of Viewing Behavior
Suppose a survey asks, “What TV stations do you typically watch in a given week?” If that question is
repeated to the same sample of people only a few days later, how well would the two sets of responses
agree, assuming the same conditions at each administration? In other words, suppose the question was
repeated a few days after the original administration and assume respondents do not remember how
they previously answered the question and nothing has changed in the viewing behavior. Large
differences between the two responses indicate poor reliability, just as small or few differences indicate
high reliability. Reliability is highly influenced by human behavior, memory, and the environment as well
as the questionnaire and the design of the data collection process.

Note that poor reliability will also weaken validity. Testing for validity involves comparing
observations to verifiable true measurements. If the observations from the validity experiment
have poor reliability, then they will have high variation, which will show up as small correlations
with the verifiable true measurements. Thus, for an estimate to be valid, it must also be reliable.

3.4.3 Methods to Address Non-Response Bias
Similar to testing for validity, experiments can be built into the data collection process to estimate nonresponse biases.

Missing data arise often in data collection processes, both in AR and in other fields. Entire
textbooks have been devoted solely to methods for minimizing the biases that can occur due to
non-response and missing data. In this guide, we describe briefly some of these methods so that
the audience researcher can effectively evaluate AR data sources for non-response bias.
Similar to testing for validity, experiments can be built into the data collection process to estimate
non-response biases. In an effort to convert those who have not responded (non-respondents) to
respondents, increased incentives can be offered. If non-respondents accept the higher incentives,
their responses can be compared to responses of those who accepted the lower (or no) incentive—
and the difference is an approximation of non-response bias. This approximation can then be
subtracted from the estimate to produce a bias-corrected estimate.
Imputation attempts to correct non-response bias by filling in missing values in the dataset with
plausible values. Traditional imputation methods, which are still commonly used, find the
plausible value by trying to match the observation with the missing value to an observation with
complete data on as many characteristics as possible. For example, if viewing behavior is missing
for an African-American female over the age of 65, the missing value will be filled in with the
viewing behavior of another African-American female over the age of 65 found in the dataset.
Current methods of imputation are often model-based. Observations with complete data are used
to model the relationship between the variable of interest and respondent’s characteristics (e.g.,
age, race/ethnicity, gender, education, etc.). The model is then used to predict the most likely
value for observations missing the variable of interest using characteristics of those observations.
After the data are collected, models are typically used to estimate the likelihood that a person will
respond based on demographic information known about the entire frame. These propensities are
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then used to adjust the sampling weights to reflect the probability of response. (Weighting is
discussed in more detail in the next section.)
Imputation and propensity models rely on having variables in the dataset that may be causally
related to the missing data, such as age and gender. The more informative the dataset and the
more characteristics available for modeling, the better the audience researcher can compensate for
missing data using model-based approaches.
The more informative the dataset and the more
characteristics available for modeling, the better
One strategy to ensure that the missing data
the audience researcher can compensate for
mechanism can be successfully addressed is to
missing data using model-based approaches.
collect as many variables as possible since they
may be causally related to missing data. These variables may not be of direct interest to the
audience researcher, but they should be collected anyway, if possible, to make non-response
adjustments more accurate. For example, data such as personal income are frequently missing,
and often this missingness is related to income (high earners do not like to disclose how much
they make). However, the respondent may be more likely to disclose less sensitive surrogate
variables, such as years of education or type of employment, that are highly correlated with
income. The relationship between income and other income-related variables increases the chance
that information lost in missing variables is supplemented by other, completely observed
variables, even if the latter is not of direct interest.
When addressing missing data, audience researchers must ensure that the procedure used does not
introduce additional error and that resulting estimates reflect uncertainty about the procedure.
There are often multiple plausible values to impute for each missing value. Using a single
imputed value to replace a missing value ignores any uncertainty about the other plausible values.
The recommended approach is to create multiple datasets, with each one using a different set of
imputed values. Each dataset is then analyzed separately, resulting in different estimates for each
dataset. The variability in the estimates across the different datasets can be used to estimate
uncertainty about the imputation process.
This approach is similar to what some AR researchers do to evaluate alternative weighting
approaches. For example, in its “annual weighting review,” Nielsen compares the estimates from
a number of alternative methods for weighting and adjustment in order to study the impact of the
choice of weighting and modeling approaches on the final estimates.

3.4.4 Weighting to Address Non-Response Bias and Sampling Bias
Weighting methods can increase the representativity of the data and reduce bias due to non-response
and sampling. Weighting assigns a number (the weight) to each observation in the dataset to indicate
how many people or activities in the target population are represented by that observation.

Weighting is a common method used to address non-response bias and other biases that affect the
representativity of the sample. Weighting is conducted in three stages, depicted in Figure 3.2.
Each stage creates a weighting component that makes an observation in the sample more
representative of the target population.
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Figure 3.2. Effects of Base Weighting, Non-Response, and Poststratification Adjustments on the
Responding Sample

*Source: Adapted from Biemer, P. P. & Christ, S. (2008). Chapter 17. Survey weights. In P. Levy, & S.
Lemeshow (Eds.), Sampling of populations: Methods and applications, fourth edition. Hoboken, NJ: John
Wiley & Sons.

Weighting assigns a number (the weight) to each observation in the dataset to indicate how many
people or activities in the target population are represented by that observation. For example, if an
observation in the dataset is assigned a weight of 500, then all values for that observation
represent the person measured and 499 other people in the target population that were not
selected for measurement. In calculation of estimates, behaviors and attitudes recorded in that
observation will be multiplied by 500, as though those same behaviors and attitudes were
observed 500 times.
1. The base weight makes the sample representative of the frame from which it was
selected. This weight is particularly important when people or activities are sampled from
the frame with unequal probability, as demonstrated in the following example.

Example 10. Base Weight
Some sampling designs select African-Americans with a higher probability than other races (known as
“oversampling”). The purpose is to obtain a sufficient number of African-Americans in the sample to make
precise estimates for this subgroup of the population. The base weight is calculated as the inverse of the
initial probability of selection. For example, if an African-American had a 10% chance of selection for the
sample, his or her base weight equals 1 / 0.1 = 10.

2. After calculating the base weight, the researcher calculates a non-response weight
adjustment. The non-response weight adjustment is the inverse of the probability that the
person agreed to participate in the data collection, as demonstrated in the following
example.
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Example 11. Non-Response Weight Adjustment
The frame used to select the sample usually contains characteristics of the persons or households
sampled, such as demographics or geographic location. This information is available before data are
collected and for respondents and non-respondents alike. Using this information, the analyst can
estimate the probability that a respondent would have responded given information on the frame. One
way to estimate this probability is with a propensity model. A respondent is coded 1 if he or she agreed
to participate or 0 if he or she refused to participate. The coded 1/0 values are then modeled using
characteristics available from the frame, such as age, gender, race/ethnicity, region of country, or other
demographic information. For each individual in the sample, the propensity model will give an estimate
of the probability of response. The inverse of this estimated probability is the non-response weight
adjustment. If a person is expected to have a 50% chance of agreeing to participate in data collection,
his or her non-response weight adjustment is 1 / 0.5 = 2.

3. The last stage of weighting makes the sample more representative of the target
population. This stage is called poststratification adjustment (PSA). As discussed in
Section 2, the frame may not be representative of the target population due to coverage
error. Thus, certain members of the target population had no chance of being selected for
the sample because they were not listed in the frame from which the sample was taken.
PSA assigns each observation an adjustment value that makes the sample representative
of the entire target population—see the example below.

Example 12. Poststratification Adjustment
Suppose the sample is 20% male and 80% female. PSA adjusts the weights for males upward and the
weights for females downward. In this way, when the weights are summed up, one-half of the sum will
come from males and one-half of the sum will come from females, reflecting the 50/50 distribution of
males and females in the overall population.

The final weights used to calculate estimates are the product of the base weight (#1 above), the
non-response adjustment (#2 above), and the PSA (#3 above). As shown in Figure 3.2, the base
weight projects the responding sample to a hypothetical subpopulation of individuals who would
respond to the data collection request if it were presented to them. The non-response adjustment
weight is intended to project this population further to the subpopulation represented by the
sampling frame. Finally, the PSA is designed to project the responding sample further to the
entire target population.
Weighting has some limitations that can often go unnoticed in application. First, weighting can
reduce the bias in the estimates due to coverage error and non-response error (issues of
representativity), but it can also increase the variance of an estimate. Usually, the more weights
vary across the sample, the greater the potential for weighting to increase the variance.
Sometimes the largest weights are reduced, or trimmed, to lessen the effects of weighting on the
variance. This approach can introduce some bias in the estimate, but the result is usually a more
accurate estimate in terms of the MSE.
Second, weighting addresses only the representativity errors in the dataset. Even if the sample is
weighted to be perfectly representative of the target population, bias may still exist due to poor
validity of the measurement process. The total error framework reminds the audience researcher
to consider all sources of error.
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Finally, a fundamental assumption of weighting is that a person or activity measured can
represent many more people or activities in the target population that were not measured. This
assumption is more reasonable when the people or activities measured were selected using a
probability sample. The randomness of the selection procedure helps to ensure that the people or
activities in the sample are unlikely to be systematically different than the people or activities
whom the sample is supposed to represent. The assumption may be less reasonable for some
types of non-probability samples. Nevertheless, the goals of weighting are the same; namely, to
create estimates from non-representative data that can used to reasonably infer to the target
population of interest.

Example 13. Weighting Limitations
Suppose a group of 10 attendees at a comic book convention volunteer to provide feedback on plans to
make a TV series based on a little known comic book series published in the late 1980s. The group
consists of 9 males and 1 female. Even if the group is weighted to match the entire population in terms of
demographics, it is unreasonable to think that they will be representative of views of the entire population.
The views of the sole female participant will need to represent all females in the target population. Their
attendance at the convention and their willingness to volunteer means that they will probably have strong
opinions about the series compared to the overall population. No amount of weighting can adjust errors
that may arise.

3.5

Summary
Few methods can correct AR methods for biases caused by non-sampling errors. As noted
previously, if a good estimate of the bias is available, it can be used to adjust the estimate for the
bias. However, we must be careful making these adjustments because the bias estimates are
themselves subject to errors. Thus, the adjusted estimator could actually be no better or even
worse, in terms of MSE, than the unadjusted estimate.
None of the methods for dealing with non-sampling errors can fully compensate for these errors.
Each adjustment method may address one source of error well but may introduce other sources of
error because of the adjustment. The best strategy to deal with non-sampling error is prevention
rather than adjustment. Developing new monitoring devices, testing and revising questionnaires,
instituting rigorous data collection protocols, and constructing accurate frames will do the most to
prevent errors. However, because some non-sampling errors are virtually impossible to avoid,
knowing about their effects and the consequences of such errors on statistical inference is
extremely valuable.
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Key Questions for Assessing Quality
What You Need to Know
» Audience researchers should carefully review data products to identify potential sources of error,
ensure that the supplier is transparent and has made efforts to minimize error, ensure that appropriate
and valid methods were used, and confirm that any errors present are acceptable for the intended use
of the data.
» When evaluating data from probability samples, audience researchers should focus on the coverage of
the frame, the sample selection procedure, non-response, the mode of data collection, and procedures
for validating data.
» When evaluating data from non-probability samples, audience researchers should consider how
representative the data may or may not be, how open text is classified, what classifiers were used for
open text, and errors arising from matching or fusing datasets (if applicable).

This section provides the questions an audience researcher should ask before purchasing or using
a data product. These questions will help determine whether the data product is of sufficient
quality to be appropriate for its intended use.

4.1

Key Questions for Data from Probability Samples
Did the sample allow all members of the target population to have a known, non-zero
chance of being selected?
If some members of the target population did not have a known chance (or any chance) of being
selected, coverage error is possible, especially if the people selected are significantly different
from those who had a chance of being selected.
If the sample did not come from a traditional sampling frame, how were potential
respondents identified and recruited?
Traditional sampling frames, such as mailing lists and telephone number banks, cover most of the
target population. It is important to remember that traditional telephone frames are changing
because of the proliferation of cell phones. For non-traditional sampling frames, audience
researchers should examine whether the frame excludes key groups of people in the target
population—for example, a list of cable TV subscribers excludes TV viewers who only watch
over-the-air broadcasts.
How was the sample selected?
The method of sample selection determines how sampling errors should be estimated. For
example, if people were selected in clusters, such as sampling multiple people from the same
household, the sampling errors should take this into account.

4-1

4 Key Questions for Assessing Quality

What steps were taken as part of sampling to ensure that the sample is representative of the
target population?
The sampling process should result in a representative group as close to the target population as
possible. Using the known probabilities of selecting the sample, you can calculate sampling
weights and use them to make the sample representative of the frame (see Figure 3.2). If the
sampling process is not completely random or if sampling weights cannot be calculated, then the
sample will not represent the target population and any estimates created from the sample data
will have errors that must be considered when they are applied.

Example 14. Sampling and Representativity
The total number of votes for the winner of American Idol is not a random sample. They represent those
who had strong enough preferences to take the time to text or vote online. It also excludes people who
don’t have access to the internet or texting. The system also allows viewers to vote multiple times, which
increases the likelihood that viewers with strong preferences are overrepresented in the total number of
votes. Consequently, the total number of votes for the winner is not an accurate estimate of whom the
entire viewing audience thought was the best singer.

What steps were taken as part of the data collection process to ensure that the respondents
are representative of the target population?
Audience researchers should examine what steps, if any, were performed during the data
collection process to maximize the number of completed interviews. Data collectors should make
every attempt to reach the persons selected for the study to reduce the risk of non-response error.
If interviews are to be conducted, interviewers should be trained to administer the questionnaire
consistently to avoid measurement error and to minimize the risk that the subject will stop before
the interview is done. Surveys in which these steps were not taken are more at risk for nonresponse error.

Example 15. Percent of Basics Participating in Nielsen’s NPM Panel
Nielsen draws probability samples of U.S. households for participation in its NPM panel. The sampled
household is known as the basic. If the basic refuses to participate, then an alternate household is
chosen to take the place of the refusing household. The alternate household must match the basic in
several key attributes, such as the number of children in the household. The percent of basics that agree
to participate in the panel is a key metric monitored by audience researchers. Efforts to achieve a high
basic participation rate and to find appropriate alternates will reduce the risk of non-response error.

What was the response rate?
The response rate—the percentage of the eligible sample that completed an interview—is one
measure of data quality. Overall response rate is important, but even more important is response
rate across variables (e.g., a 50% response rate among men and a 70% response rate among
women may result in a 60% response rate but not in an accurate sample). The lower the response
rate, the higher the risk for non-response error. Different products have different acceptable
response rates. For example, telephone polls have response rates as low as 9%, but research has
shown that this low rate does not necessarily result in non-response error on many topics of
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interest.8 If a survey has a response rate below the standard for that product or a similar product,
the data user should ask follow-up questions to determine whether non-response error is likely to
exist:



What steps, if any were taken to adjust for non-response?
What impact did these adjustments have on survey results?



What may have caused the non-response?

Two common methods used to adjust for non-response error are weighting and non-response bias
adjustment.
a. Weighting uses modeling to estimate a sample individual’s propensity to respond. That
estimated propensity is then used to adjust the sampling weight of that individual’s
record. The adjusted sampling weight is used when calculating estimates.
b. Non-response bias adjustment estimates the potential non-response error and adjusts
estimates for this error. One way to estimate non-response error is to measure the
difference in responses between those who completed the interview using the standard
survey protocol and those who were non-respondents at first but later completed the
survey after getting increased incentives.
Audience researchers should ask whether and how these steps were conducted. In particular,
weighting will not make up for a faulty or lacking sample. The weighting rules should be
transparent so that the audience research can evaluate whether the procedures adequately address
potential non-response bias.
How were the data collected?
The audience researcher should examine the data collection methods and identify any issues that
might introduce error. Certain methods, or modes, of data collection will likely generate different
types of error than will others. Telephone interviews, mail questionnaires, and web surveys all
rely on different sampling frames, and some frames may have greater coverage error than others.
Face-to-face interviews tend to have higher response rates than mail or telephone surveys, making
them less prone to non-response error. If questions about sensitive topics are included, modes
that are not self-administered can lead to measurement error because the respondent may be
unwilling to share personal information with the interviewer.
If data were collected using a questionnaire, the questions should be well-constructed, clear, and
should not lead to particular (i.e., pleasing or expected) answers.
a. Vaguely worded questions can lead to specification errors when the questions do not
accurately capture the construct or idea they are intended to measure.
b. Leading questions can lead to measurement errors if the respondent tries to give answers
that will please the interviewer, not necessarily correctly answer the question.
c. Questions that are not clear to the respondent because of language or cultural differences
can lead to incorrect responses.
8

Pew Research Center (2012, May 15). Assessing the representativeness of public opinion surveys.
Accessed April 14, 2016 from http://www.people-press.org/2012/05/15/assessing-therepresentativeness-of-public-opinion-surveys/
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d. The order of responses in multiple choice questions should be randomized. Putting the
responses in the same order for every question makes it easy for the respondent to mark
the same response every time without reading the question, which can lead to
measurement error.
Were the data validated?
When evaluating data, the audience researcher should consider if and how the data were
validated. Are estimates from the data consistent with previous estimates using similar data
collection methods? For data collected over multiple time periods, is the most recent estimate
consistent with previous estimates? Large changes in estimates that cannot be explained by
societal or economic changes can indicate validity problems with the data.

4.2

Key Questions for Data from Non-Probability Samples and
Censuses
For datasets formed using fusion, what variables were used for linking records between
datasets?
In today’s AR environment, users increasingly rely on datasets created through fusion. To reduce
the potential for error in the analysis of fused data sets, it is critical that the common variables
that are used to statistically match records from donor and recipient data sets be chosen to satisfy
certain statistical properties. One key assumption of fusion is conditional independence that
implies that the matching variables “explain” the associations between the donor variables and
recipient variables. This assumption will usually be satisfied for a donor variable if the regression
of the donor variable on the matching variables cannot be significantly improved by adding
recipient variables as additional regressors. If donor and recipient variables are not conditionally
independent given the matching variables, estimates created from the fused dataset will include
modeling/estimation errors. In addition, audience researchers should examine the variables used
for matching, understanding that missing values on these variables can result in errors in the fused
dataset. For the matching variables in both datasets, the questions should be asked the same way
to avoid bias.
For datasets created using fusion, how was the fusion process validated?
Audience researchers should examine the procedures used to validate fused datasets and
scrutinize metrics of the accuracy, especially if these metrics seem too good to be true. The
accuracy of the fusion or matching process can be measured in several ways:
1. Start with a complete dataset, split the dataset into donor and recipient files, then
recombine them and test how closely the newly fused dataset matches the original
dataset.
2. Another approach to validation would be to hypothesize a relationship between the donor
and recipient datasets, simulate donor and recipient datasets according to this
relationship, fuse them, and compare the accuracy of the fused dataset to the
hypothesized relationship used to simulate the data. An example of this approach is given
in the book Statistical Matching: A Frequentist Theory, Practical Applications, and
Alternative Bayesian Approaches by Susanne Rässler (p. 34).
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When models, instead of closest matches of common variables, are used to fuse donor and
recipient datasets, audience researchers should inquire about and investigate the quality of those
models. The matching variables should be highly predictive of the key outcome variables on the
donor file. If not, the model itself introduces error that may not have existed in the individual
datasets.
When combining two datasets using exact matching of common variables, audience researchers
should examine the match rate: the percentage of observations from one dataset that was correctly
matched to observations from the second dataset. The lower the match rate, the less overlap of
observations between the two datasets; therefore the combined data may not represent the target
population (even if both donor and recipient datasets did). In this case, audience researchers
should look for potential linkage errors, focusing on the accuracy and completeness of the
variables used to match across the files. For example, if the mailing address is used to match, how
often is the information missing? What processing steps were used to enter the matching variable,
and is that variable susceptible to mistyped digits that lead to failed matches/ mismatches?
For datasets formed using fusion or exact matching, what are the primary sources of error
in each file?
When two datasets are combined using either fusion or exact matching, the resulting dataset will
generally contain any errors that were in the source datasets. Furthermore, new errors may be
introduced from the matching process. If one or both of the source datasets is from a sample
(versus a census), any methods, such as weighting, used to address errors in the original data must
be verified to address those same errors in the combined dataset. In addition, in these cases, the
TE framework can be used to identify additional errors that may arise from the matching or
fusing process, and then minimize their impact. If these errors cannot be completely eliminated,
they should be reported so that users can adjust and footnote with caveats any estimates made
from the combined data.
How were methods to classify open text validated?
Certain types of data may contain open text, such as user-defined hashtags, that need to be
classified into a limited number of categories before the data are analyzed. In other situations,
terms for classification may be developed for target programs, such as “comedy,” and these terms
are searched for in social media posts or hashtags These types of data classifications can be very
subjective and could not only vary from coder to coder, but also from supplier to supplier.
Audience researchers should examine the methods used to validate that information was correctly
classified. One common method for validating classification terms is to have two people
independently classify the same subset of data, then compare how closely the resulting
classifications match. Audience researchers should particularly consider cases when usergenerated data do not align with predetermined classifiers—in which case these data may be
unnecessarily excluded from the dataset. For example, a Twitter user may use the hashtag #weed,
but the list of classification terms includes only #marijuana and #pot. This is an example of
making sure all the metadata are aligned and matching.
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How do the demographic characteristics of the data compare to the corresponding
demographics for the target population?
For data obtained from a probability sample, the sampling procedure helps to ensure that the data
represent the target population. For data obtained from a non-probability sample, audience
researchers should try to ensure that the resulting data are representative. The user should
examine the percentage of people in the dataset that fall into each category of age, race/ethnicity,
gender, and other characteristics of interest, and these percentages should match known
percentages for the target population. In addition, the user should examine how often such
characteristics were missing in the data and what procedures were used to compensate for the
missing data. Remember that although weighting can make any dataset appear representative,
weighted data are truly representative only if individuals included in the dataset have similar
behaviors to those not included in the dataset.
How were metrics constructed and validated?
With non-probability samples (such as those from social media) emerging as new sources for AR
data, new metrics are being developed with these data. Audience researchers should examine how
these metrics are constructed and how they were validated. For example, when considering
impressions of searchable or shareable content (e.g., tweets), audience researchers should
understand the target population to which the metric applies (whether it applies to only Twitter
users or whether it also includes non-Twitter users who stumble upon the tweet embedded in a
news article). Audience researchers should examine the correspondence between new metrics
from non-probability samples and similar metrics obtained from traditional AR data sources.
What methods do data producers use to reduce the error risks associated with AR data?
What can AR researchers do to mitigate the error resulting from the analysis of erroneous
data?
These are important questions that would require extending this report considerably beyond its
scope to fully address. Instead this report provides a general discussion of some of the methods
that have been employed to deal with coverage errors, measurement errors, missing data and
other types of errors. Coverage errors are usually mitigated by weight adjustments designed to
improve the representation of the sample for a specific target population. To assist in these
weighting approaches, calibration panels may be employed. Generally, a calibration panel is a
smaller sample of respondents that is recruited using probability sampling methods (for example,
using random-digit-dialing) and which is believed to better represent the target population. This
panel is used to weight the results of a nonprobability sample so that the weighted demographic
distributions of the two samples agree. In addition to weighting, imputation can also address the
issues of sample representativity as well as missing data more generally. On the other hand,
measurement errors are much more difficult to address by statistical adjustments. More common
are methods that adjust the standard errors and confidence intervals to reflect the increase in
variance (or reduction in reliability) as a result of measurement errors.9
9

A useful reference for mitigating errors in online panels is Callegaro, M., Baker, R.B., Bethlehem, J.,
Goritz, A., Krosnik, J.A., & Lavrakas, P.J. (2014). Online Panel Research: A Data Quality Perspective.
Wiley: Hoboken.
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Case Studies of Datasets and
Estimates
What You Need to Know
» Many research companies—both traditional and new—produce various types of audience
measurement data. These products and datasets come from a variety of sources, including people
meters, surveys, consumer purchase databases, social media (Twitter), fused datasets and other
types.
» These new data sources are prone to many of the errors outlined in this guide as well as errors
resulting from the combination of data sources or the interpretation of data.
» Audience researchers should try to learn about, identify, and understand the sources of error inherent
in each product being evaluated and how they have been addressed by data providers.

5.1

Applications and Limitations of New and Modeled Data

This final section applies material presented in this guide to a diverse but fairly representative set
of data products available to audience researchers. Here we present four case studies and describe
the data, the applications for these data products, and important limitations on these datasets
(which should be accounted for when datasets are used). This section is meant as a template of
dataset analysis. Many of the processes can and should be applied to other research products.

5.2

Nielsen Viewer Assignment

Nielsen’s viewer assignment is a statistical methodology for estimating the demographics (age and
gender) of individual viewers from devices that measure viewership at the household level only.

5.2.1 Description of the Data
Nielsen’s viewer assignment is a methodology applying a statistical model to estimate the
demographics (age and gender) of individual viewers in households utilizing devices that measure
viewership at the household level only. Until recently, Nielsen had used only people meters to
measure national viewing. Currently local markets use one of four measurement systems to
evaluate local media market audiences:


Local people meters (LPMs): A device connected to the television records what is being
watched. Each household member is asked to push a button when viewing, making this
measurement system an active one. Household and person-level data are collected for
365 days annually. This system is used in the 25 largest media markets. Members stay in
the panel for a maximum of 2 years. LPMs are cross-used in the national sample.



Set meters: A passive device connected to the television records what is being watched,
but does not collect information on who is watching. This information is collected 365
days a year. Until February 2016, person-level data were collected separately using a
diary sample in which viewers recall what they watched over a 1-week period. Personlevel data are now determined via viewer assignment based on known demographics of
the household. This system is used in 31 mid-sized markets. Members stay in the panel
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for a maximum of 5 years. These set meter homes with viewer assignment are now
incorporated into the national panel.


Diary only: Diaries are also used to collect viewer information. Information is collected
four times a year (February, May, July, and November). This system is used in smaller
markets. There is no electronic gathering of any data via this process.



Code readers: A passive device placed near the television set that determines via audio
codes what is being viewed. This information is collected 365 days a year. Person-level
data are determined via viewer assignment based on known demographics of the
household. This system is used in 14 mid-sized markets. Members stay in the panel for a
maximum of 5 years. This technology is new to local television ratings.

Nielsen recently announced plans to utilize set-top box data for audience measurement in the
diary markets.
The viewer assignment method uses complete data from the people meter sample via a complex
algorithm, to assign viewer demographics in set-metered homes or where data may be missing in
the people meter sample (for example, minutes of tuning that are unassigned to a specific
household member). The method is similar to models used to impute missing values from survey
data—a person with complete information (in this case, a viewer from a people meter household)
substitutes for the missing information (in this case, who was viewing in the set meter home or
during the unassigned minutes). The main difference between viewer assignment and imputation
is that data are missing from the set meter homes by design: data from certain markets are not
represented in the dataset because the sample points being utilized do not supply this data due to
cost and structural limitations.
Viewer assignment is conducted in three steps.
1. Viewers in both people meter and set meter homes are classified by many dimensions
including age, gender, household size, number of adults in household, Spanish
language dominant, station/station bucket, daypart, etc.
2. Probabilities, measured as the sum of viewing minutes divided by the sum of tuning
minutes, are calculated for each person in the people meter sample based on the
classification dimensions. The relationship between the probability of viewing and
the classification dimensions is used to estimate the probability of viewing for each
known member of the set meter households.
3. Each TV in a set meter home is matched to a TV in a people meter home. Matches
are made by finding the people meter home with similar viewing behaviors and
demographics as the set meter home, with emphasis on matching homes in the same
geography and time zone. Assignment to the donor home is then accomplished
through the complex algorithm.

5.2.2 Applications
The viewer assignment methodology uses viewing behavior by demographics obtained from
people meter homes to estimate viewer demographics in instances where the individual viewers
are not known. For the code reader homes and set meter homes used in local measurement,
viewer assignment is used in place of diaries. With the advent of viewer assignment, data from
these 31 mid-sized markets using set meters are now incorporated into the national sample,
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increasing the effective sample size of the national sample (NPX). With respect to any of the
people meter placements, viewer assignment can be used to impute missing viewer data if
viewers forget to push the button.

5.2.3 Limitations of the Data
Sampling error will occur in the modeled viewer assignment data and should be reported with the
estimates.

The homes in the samples (both people meter and set meter) are selected using probability
sampling. In probability sampling, participating homes are selected randomly from a list of all
homes in the U.S., and each home listed has a chance of being selected for participation.
Therefore, sampling error will be present in each portion of the sample as well as the modeled
viewer assignment portion of the data. In addition, as programming, channel, and viewing options
have increased, audiences have become more fragmented. Thus, sample sizes for each of the
viewable networks are smaller, increasing the margin of error.
Sample representativity can suffer because smaller markets are less represented in the people meter
sample, causing geographic imbalance. Specification error is also a concern because the time recorded
with a television tuned to a program may not represent the time spent with a member of the target
audience (i.e., a set meter panelist) watching the program.

People meter and set meter data are vulnerable to several sources of error that contribute to bias.
Because of the structure of the Nielsen sample and the expense of manufacturing, placing, and
maintaining people meters, the national sample is concentrated in large media markets where the
people meters have a dual use for both national and local ratings. Coverage error results because
smaller markets are less represented in the national sample. Local TV and cable outlets in midsized set meter markets must rely on viewer assignment generated from geographically close
people meter donors, which may or may not accurately represent the viewing behaviors of those
in their particular coverage area.
Non-response error is caused when the household refuses to provide any or complete details
related to demographics after multiple personal visits per year to ensure the demographics are
correct, or if meters have technical problems in capturing and transmitting data. Relying on
individuals in selected households to consistently and correctly participate in data collection over
an extended time can also result in non-response. Viewers may grow tired of having to interact
with the monitoring device or some groups of viewers (for example, children) may not reliably
record viewing, leading to non-response biases. Note that in viewer assignment, any non-response
error would arise during the collection of the donor and/or recipient datasets.

5.3

Nielsen NPX/GfK MRI Data Fusion

5.3.1 Description of the Data
The Nielsen NPX/GfK MRI data integration is a monthly fusion(s) of two data sources: Nielsen’s
national people meter (NPX), and GfK MRI’s Survey of the American Consumer. The primary
purpose of the fusion(s) is to integrate Nielsen’s NPX television audience measurement data with
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the extensive consumer behaviors, attitudes, opinions and non-television media audience
measures from GfK MRI to support television audience analysis across an extensive set of nondemographic targets.
The NPX panel itself is not a pure single sample but itself a combination of area probabilitychosen households from major U.S. markets (local people meters), set meters from mid-size
markets, and people meters from smaller markets around the country.
The Survey of the American Consumer collects demographic, product usage, media consumption,
lifestyle, and opinion/attitude data from the U.S. adult population. The survey covers more than
6,500 products and services in nearly 600 categories. It consists of two phases: an in-home
interview and a self-administered questionnaire. Data are collected from approximately 24,000
adult (Age 18+) consumers every year with the data released twice each year.
The two datasets are combined using a statistical matching technique termed data fusion.
Broadly, data fusion matches records across two (or more) datasets using measures available in
each dataset but where no individual or household records exist in common. (The NPX and GfK
MRI datasets are highly unlikely to have any individuals in common insofar as their underlying
samples are developed completely independently.) Both measurement sources collect
demographic and selected viewing information (e.g., programs watched, network, and daypart
viewing, etc.) and it is on these common measures that the data fusion matching occurs. While it
is rare that pairs of NPX panelists and GfK MRI respondents match perfectly, the data fusion
process matches records from the two data sources so as to minimize the total matching
difference or distance among all the records.
The Nielsen NPX/GfK MRI product consists of two data fusions:
1. NPX into MRI fusion. In this approach, approximately 35,000 NPX television measures
(e.g., Live+7 program viewing with trackage, television dayparts by networks, etc.) are
integrated into the GfK MRI database. The result is a fused dataset that contains detailed
program viewing behavior for respondents in the Survey of the American Consumer.
2. MRI into NPX fusion. In this approach, the NPX dataset serves as the recipient dataset
and the GfK MRI dataset serves as the donor dataset. The result is a fused dataset
containing approximately 24,000 consumer, attitude, and print media behaviors for
participants in the NPX panel.
Both data fusions use essentially the same matching variables—in total approximately 500. These
include individual demographics, household demographics, household television characteristics,
internet access, broadcast and cable program viewing, and cable network viewing. It is the
extensive range of common measures that largely supports the quality of the NPX/GfK MRI
fused databases.
Although certain particulars of the processes utilized for each of the NPX/GfK MRI fusions vary
slightly, the processes are largely quite similar. As noted above, generally within certain critical
control groups (defined by gender, age, cable access, Spanish language preference, etc.) NPX
panelists and GfK MRI respondents are matched as closely as possible on the additional
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demographics and the extensive common television-related measures common to both data
sources.
While conceptually the data fusion process is reasonably straightforward—an individual in one
dataset is assigned the information from an individual in the other based on the goodness of the
match—the details entail greater complexity. This complexity generally arises from two
conditions:
1. The particulars of the two datasets—NPX and GfK MRI—render completely perfect
matching on all common measures (~500) essentially impossible.
2. Not all matches are equally important.
To deal with these two conditions the NPX/GfK MRI fusion processes employ a technique called
principal components analysis (PCA). PCA is a statistical approach for reducing the number of
variables in an analysis from many to just a few important ones. PCA weights together related
variables in a way so that the resulting composite variables explain all the variation in the dataset
but are also uncorrelated with one another. These composite variables, or components, are then
ordered in terms of the amount of variance in the data they explain, which is a proxy for their
importance. The principal components, i.e., the few components that together explain most of the
variance, are then used as matching variables in the fusion process, which can greatly reduce the
number of variables required for matching.
Although this process controls most of the matching because of modest differences in population
projection levels for the critical control groups (e.g., gender, age, etc.), it is possible that these
critical controls need to be relaxed and/or the matching made less granular. With that said, the
preponderance of the matching occurs under the more rigorous controls.

5.3.2 Applications
Each of the two fusion approaches—NPX into MRI and MRI into NPX—serves a different
purpose. The GfK MRI dataset contains substantial information about respondents’ current and
planned purchasing behavior, exposure to print and other media, and attitudinal behavior, etc. By
combining this with NPX viewing data, the NPX-into-MRI fused dataset can be used for target
evaluation, development, and media selection against the wide and up-to-date repertoire of NPXbased television viewing measures.
The MRI-into-NPX fused dataset is used to evaluate currency ratings television viewing and
behavior for non-standard Nielsen audience groups, the GfK MRI consumer, and related
measures. Audience groups can be formed using attitude and purchasing behavior information
from GfK MRI, and viewing estimation for these groups can be calculated using the NPX
viewing data.
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5.3.3 Limitations of the Data
People Meter Limitations
Since this fusion uses Nielsen NPX data, the fused data have the same potential for specification
error, measurement error, and data processing error as described above for viewer assignment.

MRI Limitations
Any survey-based study using a probability sample is subject to sampling and non-sampling error.

GfK MRI collects its magazine and other media audience, computer/mobile device, some topline
consumer behavior and demographic data using a strict area probability sample and face-to-face
in-home interviewing. All other consumer data are collected in a leave-behind, self-administered
questionnaire. The surveys reflect well-tested questionnaire wording, high response rates,
substantial validation, and audited data processing procedures.

Data Fusion Limitations
Fused datasets can increase the errors already present in each dataset as well as introduce new errors
as a combined dataset if certain conditions are not met.

Estimates from fused datasets may have several sources of error. Both source datasets should be
representative of the target population. Because source datasets can have coverage, sampling, and
non-response errors, these errors will also be present in the fused dataset. Fused datasets can
increase or compound the errors already present in each dataset if certain conditions are not met.
If an association exists between variables in the MRI dataset and variables in the NPM dataset
after adjusting for the common set of variables used in the matching, then errors will exist when
estimating the unadjusted association, such as ratings by consumer group. The methods used for
finding matches may be subject to errors such that the observations from the MRI dataset are not
properly matched to observations in the NPX dataset.
The NPX data consist of a much larger sample size than does the MRI dataset. In addition, MRI
oversamples large markets and wealthy households. These attributes can affect the validity of the
matching. The fewer the observations on the donor dataset, the less likely that a match can be
found for an observation on the recipient dataset. Similarly, if the observations on the donor
dataset over-represent a particular demographic, the less likely a match will be found for an
observation on the recipient dataset that does not belong to that demographic unless the
demographic is included as a matching variable.
Despite these error risks, fusion can still provide insights that enhance market targeting and
inference. While fused datasets are notoriously inaccurate at the individual recipient level, they
may still be quite useful for inference at an aggregate level. One measure of the value of a fused
dataset is whether the additional donor variables allow more accurate targeting of an audience
than using the recipient variables alone.
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5.4

Nielsen Twitter TV Ratings

Note: As of this writing, NTTR has been phased out and incorporated into a new product called
Nielsen Social Guide. We are including an analysis of NTTR as an illustration and example since
many of the processes of error analyses with the new product remain essentially the same as
NTTR.
The objective of Nielsen Twitter TV Ratings is to provide audience metrics that capture the timely
reactions to popular TV programs emerging online.

5.4.1 Description of the Data
Nielsen Twitter TV Ratings (NTTR) was developed to measure of the total activity and reach of
TV-related conversation on Twitter. The objective of NTTR is to provide audience metrics that
capture the timely reactions to popular TV programs emerging on the Twitter social network. The
product measures both Twitter TV-specific activity (authors, tweets) and reach (unique audience,
impressions). As a part of the analytics provided and built on Nielsen’s Social Guide platform,
NTTR is available for TV programming across over 250 U.S. television networks. In addition,
NTTR produces two demographic metrics, age and gender, based on publicly available
information from Twitter10 and are attributed on an anonymous or aggregated basis using a
minimum group size to ensure privacy protection. Age breaks mirror those used for traditional
TV ratings including 13-17, 18-24, 25-34, 35-54, 55+, and 18-49.
Nielsen purchases full data access to the Twitter Firehose (100% of public tweets). The NTTR
data consist of a census of Twitter metrics for tweets relevant to the TV programs of the
aforementioned top TV networks. Nielsen estimates that each day in the U.S., 2-3 million tweets
are made related to television.
NTTR uses a multi-staged approach to identify tweets related to television programs broadcasting
in the United States, including: (1) framing and mapping the broadcasting schedule of TV
programming for data capture, (2) developing classifiers for querying Twitter data relevant to the
targeted programs, and (3) establishing exclusion/inclusion filters to reduce irrelevant noises from
extracted data before populating the analytic metrics.

Framing and Mapping the Broadcasting Schedule
NTTR’s TV program listing covers broadcast, cable, and regional cable sports television
programs that air across more than 250 U.S. TV channels. The national and local TV programs’
broadcasting schedule is constructed based on the daily television listing data from an external
listing provider (Gracenote). First, Nielsen retrieves the “on TV” data service from the provider 4
times each day, along with market−, show−, and episode−specific levels of metadata relevant to
each TV listing. Then the listing is matched with the internal listing compiled by the Social Guide
platform. The matched broadcast listing serves as the temporal frame for capturing Twitter data

10

Nielsen Social Guide (released 8/1/16) has replaced NTTR. In the initial release of Nielsen Social Guide,
demographic data from Twitter are currently excluded and are being supplied via Facebook.
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relevant to each of the targeted TV programs. The daily capturing schedule encompasses a full
day: 5AM−5AM Eastern Time.

Developing Classifiers for Querying Twitter Data Relevant to Targeted
Program
NTTR uses four classifiers to extract tweets and user profiles to construct the metrics for TV
programs: (1) keywords, (2) keyword phrases, (3) hashtags (keywords beginning with “#”), and
(4) Twitter accounts (strings beginning with “@” that correspond to the user identifiers known as
handles within Twitter).
Nielsen also uses two parameters to set up the data extraction based on the attributes of the
broadcasting (i.e., live/new versus reruns and air time). In practice, tweet collection may be
initiated for live or new broadcasts with or without the exclusion of reruns; and the collection
time frame can be either restricted to only the programmed air time, or a wider window of 3 hours
prior to local broadcast time and 3 hours after the broadcast.
Classifiers are generated automatically based on the metadata of a program, such as the names of
program and cast members. Additional cultural references, specific Twitter campaigns or
activities related to the program, and other adjustments are made manually by editors. The
editorial input helps detect, identify, and include the keywords of contextual and cultural
references with high-level meanings, which gives an important “human” perspective to the data.
While this type of review is subjective and can introduce query error, as discussed by Hsieh and
Murphy (2015),11 Nielsen has procedures in place to assure reliability and consistency in editor
inputs, including multiple coding passes with adjudication.

Establishing Exclusion Filters to Reduce False Positives
To reduce the noise of irrelevant tweets in the data, NTTR also uses a post-processing filtering
with exclusion filters. The major filters are:
1. Geographic filters that limit tweets originating in the United States;
2. Content filters that exclude keywords completely irrelevant to TV watching and
keywords appearing in conjunction with relevant terms but that may indicate the
tweet is NOT relevant to the specific program;
3. Eligibility filters that exclude Twitter accounts controlled by Nielsen and other
entities promoting the target programs; and
4. Spam filters that seek to detect and exclude spammers and bots.

11

Hsieh, Y. P., & Murphy, J. (forthcoming). Total Twitter error: Decomposing public opinion
measurement on Twitter from a total survey error perspective. in Total Survey Error in Practice
(Biemer, P.P. & Lyberg, L. eds.). Hoboken, NJ: John Wiley & Sons.
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5.4.2 Applications
NTTR uses classification and filtering procedures to extract relevant Twitter data for constructing metrics.

NTTR can help users improve audience engagement strategies, media planning, and buying
decisions by providing the analytics that measure the volume of social activity taking place and
the opinion of audiences during and between live (or any) airings. The methodology of NTTR
allows the extraction of all Twitter data that meet the query extraction parameters, and all of the
extracted material essentially is a census of the content of research interest. For example, an
audience researcher can use NTTR to gain access to all tweets about the final season of American
Idol. She can then analyze the number of users talking about the show on Twitter during or after
the live broadcast and can discern the general reception of the show from the entire batch of
tweets. Another distinct example of the informative exploratory analysis of audience engagement
on Twitter, according to NTTR, is that during the CBS Super Bowl 50 broadcast on February 7,
2016, 15.2 million users engaged in game, halftime show, and ads on Twitter, with 1.3 billion
unique impressions (an impression means that a tweet has been delivered to a user’s Twitter
stream). About 3.8 million unique Twitter users posted almost 17 million tweets.12
As the leading analytics for social media activities of TV programs, NTTR uses classification and
filtering procedures to extract relevant Twitter data for constructing metrics. The procedures
account for, to the extent possible, the potential errors inherent in Twitter data, extraction, and
analysis.

5.4.3 Limitations of the Data
Although NTTR’s methodology is very detailed, all social media research of this type is prone to
errors, some of which can lead to highly inaccurate conclusions if not taken into account.
The process of developing a query to capture the most valid, relevant Twitter data about a TV
program is fairly straightforward. NTTR can set up a relatively comprehensive keyword and
hashtag list to capture relevant content from Twitter. However, new and relevant keywords often
spontaneously and quickly emerge on Twitter, and search query specification has to be constantly
monitored and updated to assure the right content is captured. Assessing search queries is likely
to require understanding the social contexts of audience engagement for certain TV programs and
can be very subjective. Currently, NTTR has a robust internal process to document and develop
search queries for the TV program being monitored.
The error stemming from interpretation of the Twitter data retrieved may be the main constraint
that limits the application of NTTR. First, although NTTR has employed advanced techniques to
detect and exclude “bad data” such as spammers, false tweets, and derogatory tweets, the
accuracy of these techniques is far from perfect. It is also extremely difficult to detect and

12

The Nielsen Company (2016, Feb 9). Super Bowl 50: Nielsen Twitter TV ratings post-game report.
Accessed on May 16, 2016 from http://www.nielsen.com/us/en/insights/news/2016/super-bowl-50nielsen-twitter-tv-ratings-post-game-report.html.
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exclude any irrelevant tweets that misuse the hashtags being queried. Such “noise” in the Twitter
data appears to be unavoidable.
Next, studies show less than most tweets and users do not actually provide accurate demographic
and geographic information on their user profile.13 Such missing demographic data can be a
critical challenge to generating user-level estimates from Twitter data, given that Twitter users are
biased toward certain demographic user profiles.14 NTTR has procedures to predict the missing
demographic and geographic information and has found this procedure to be quite accurate.
Without this information, insights into the audience engagement from NTTR would not be able to
make accurate distinctions about varying patterns across age groups or gender.
In addition, there is still a notable variation in the usage behaviors among Twitter users. The
majority of users tend to tweet casually and occasionally about a TV program, but their tweets
may only make up a fraction of the targeted data. At the same time, a small group of heavy
Twitter users may tweet constantly about their daily routines including TV watching habits, or a
small group of devoted fans may excessively post their thoughts about their favorite TV programs
during the broadcast. The tweets from heavy users and devoted fans could make up the majority
of the targeted data. In other words, the analytical insights of NTTR may gear toward illustrating
the most engaging audience segment rather than capturing the entire landscape of opinions and
engagement of TV programs on Twitter.
Similarly, the geography filters may exclude Twitter data originating from the U.S. because
geographic information is inaccurate or not in the metadata or user profiles.15 This limitation can
cause under-coverage error in NTTR. For instance, if a researcher restricted the geography during
data extraction and compiled 10,000 tweets about the most recent Super Bowl half-time show
with the geographic coordinates (i.e. geo-codes or geo-tags) in the metadata indicating they
originated in the U.S., then the dataset already excludes all relevant tweets without geo-tags.
While the researcher may statistically model or impute the missing demographic and geographic
information based on other indicators, the modeling results are also subject to error. Therefore,
tabulating or correlating user Twitter data with content (i.e., sentiment or opinion classification)
to estimate audience profile and engagement can be highly misleading or error prone, and it is
important to understand how these sources of error were accounted for, and adjusted for where
appropriate, before using the data to make AR decisions.

13

Hsieh, Y. P., & Murphy, J. (forthcoming). Total Twitter error: Decomposing public opinion
measurement on Twitter from a total survey error perspective. in Total Survey Error in Practice
(Biemer, P.P. & Lyberg, L. eds.). Hoboken, NJ: John Wiley & Sons.
14
Duggan, M., Ellison, N. B., Lampe, C., Lenhart, A., & Madden, M. for Pew Research Center (2015, Jan
9). Social media update 2014. Retrieved on April 26, 2016 from
http://www.pewinternet.org/2015/01/09/social-media-update-2014/
15
Graham, M., Hale, S. A., & Gaffney, D. (2014). Where in the world are you? Geolocation and language
identification in Twitter. The Professional Geographer, 1-11. doi:10.1080/00330124.2014.907699.
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5.5

Nielsen Catalina

Nielsen Catalina Solutions provides the largest dataset that measures the retail sales of commercial
package goods (CPG) and the effects of CPG media campaigns.

5.5.1 Description of the Data
Nielsen Catalina Solutions (NCS) provides the largest dataset that measures the retail sales of
commercial package goods (CPG) and the effects of CPG media campaigns. NCS’ cross-platform
media consumption data come from various external and internal data products: Time Inc.’s
subscriber file of print media, NPX, and a third-party cookie pooling service to track digital
media consumption. NCS’ retail sales data come from two major sources, Nielsen Homescan
(HS) and Catalina Frequent Shopper Data (FSD). HS data come from a panel of about 100,000
households. Purchases are tracked by scanning the UPCs of groceries that are brought into the
home, and the household records from the store at which the groceries were bought. FSD consists
of purchases made with a customer loyalty or frequent shopper card. Approximately 55,000
households overlap the HS and FSD datasets.
Unlike viewer assignment or data fusion, NCS uses only the households that exist in all of the
source datasets. A household’s information is linked across data sources by Experian, a global
provider of credit reporting, credit risk management, and target marketing services. Experian
matches a household’s print media exposure from Time Inc.’s subscriber database to its
purchasing behavior in the FSD and HS datasets and its viewing behavior from the NPX panel.
The household’s exposure to online ads is merged in using third-party cookie pools
(RapLeaf/LiveRamp). After all data sources are combined, the NCS dataset consists of a panel of
households with their exposure to print, television, and online advertisements and their purchases
of CPG. Anonymous household IDs are used in the matching so that NCS does not contain any
personally identifiable information.

5.5.2 Applications
NCS uses statistical models to examine the relationship between media exposure of advertising
campaigns and in-store retail purchases. A key feature of the modeling is a comparison of
households exposed to the campaign to those that were not exposed. NCS also applies its
proprietary Advantics methodology that independently analyzes the impacts of the targeted
household’s demographics, location, media consumption, and purchase history on the
advertisement exposure and purchase decisions at the household level.
NCS can directly and anonymously link consumers’ television, print, and online media usage
with their retail purchase behavior. Thus, it can provide measurement tools that allow CPG
marketers and media companies to understand how media campaigns drive actual consumer
buying behavior. Specifically, NCS enables cross-media measurement, which allows brands and
agencies to compare and understand which elements of the marketing mix work particularly well
together for specific campaigns. NCS analytics then can inform the return on investment of
specific demographic segments of campaigns on specific media platforms.
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5.5.3 Limitations of the Data
People Meter Limitations
Meter data for this product has the same potential for specification error, measurement error, and
data processing error as described above for viewer assignment.

Limitations of Purchasing Data
The major sources of error in purchasing data are coverage error (how well all types of purchases,
purchasers, and establishments are represented in the dataset) and measurement error (does the
absence of a record for a purchase really mean the household did not purchase the product?).
Estimates can lack complete coverage of the establishments where purchases were made, the
households making the purchases, which purchases were made, and when they were made. Data
are collected only from stores participating in loyalty card and frequent shopper programs.
Purchases from small local stores without these programs will not be reflected in purchase
estimates, even though those establishments may sell some of the same products as larger chains
participating in the programs. The demographics of shoppers at small local stores may be
substantially different from shoppers at large chains. Thus, purchase estimates from loyalty card
and frequent shopper programs may be biased because they are based only on certain segments of
the population.16 Certain households may not participate in loyalty card programs or they may
systematically avoid providing identifying information. As a result, their purchasing behavior
would not be included in the FSD dataset. Similarly, small-value purchases in cash may not be
linked to a household, and these transactions may not be reflected in purchase estimates. Hispanic
and minority households tend to be underrepresented in purchasing datasets.
Similar to the people meter panel, the HS panel is required to actively participate in the data
collection effort by scanning their purchases. Participant forgetfulness and fatigue, particularly
for long-term participants, may mean that some purchases do not get scanned. In this case, the
lack of a scanned purchase may be mistakenly interpreted that the household did not purchase the
good, leading to measurement error.

Limitations of Cookie Data
Households may take deliberate steps to avoid having cookies stored on their computers and
mobile devices, such as regularly deleting cookies or setting their device to refuse cookies. In
addition, ad blocking software can prevent the ads intended for a site from appearing. Thus, even
if the cookie stores a person’s visit to a site, there is no guarantee that the site’s ads were viewed.
These behaviors can lead to coverage error in the cookie data. If a household’s cookie data are not
available, then this household will not have a good measure of online exposure or may be
excluded from the NCS panel. Those who know how to block their browsing behavior from being

16

With regard to loyalty cards, Nielsen reports about 85% coverage of all-commodity volume (ACV) for
their return path data services, which could be similar to NCS coverage.
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recorded are more technically savvy than those that do not. If they also have different purchasing
behavior, or react differently to media campaigns, then NCS estimates could be misleading.

Record Linkage Errors
NCS relies on accurately matching a household’s information across different datasets. To
achieve an exact match, a unique identifier must be present in all datasets. Record linkage can
sometimes be done on a combination of non-unique identifiers (e.g., name and date of birth) if the
probability that two different individuals would have the same combination is very small or zero.
However, errors in the identifiers used for matching can lead to incorrect or incomplete matches.
An incorrect match means that data from Household A are erroneously linked to Household B.
An incomplete match means that Household A is excluded from the analysis because its
information could not be found across all datasets. Identifier errors can come from data
processing errors, e.g., if two digits of a phone number are transposed or the wrong birthdate is
entered in one of the datasets being linked. Identifier errors can also arise if different standards
are used across the datasets being linked. For example, one dataset may have a name field
consisting of only first and last name, while the corresponding name field in another dataset
contains first name, middle initial, and last name. Similarly, addresses can be entered in different
ways depending on whether and how one abbreviates words such as “road”, “boulevard”, “suite”,
and “apartment”. Linkage errors can arise due to truncation of information—that is, one dataset
uses a smaller number of characters to store a field than what is needed. For example, one dataset
may store the entire name “Christopher” if the first name field is allowed at least 11 characters of
memory, while another dataset that allows only 10 characters of memory would store only
“Christophe”.

5-13

6

Conclusion
The proliferation of media platforms for video delivery has obliged the measurement side of the
business to adapt and transform at a rapid pace. Based on current trends and technological
advances, the media industry can expect a continued stream of new products and delivery
systems. As media platforms have expanded, so have the range and amount of data for measuring
them. As a result, measurement products based on innovative and pioneering methodologies have
multiplied, many of which differ from the traditional probability sampling approach Nielsen has
employed for over 50 years. These newer products should be supplying documentation that
analyzes the sources and potential extent of error in their datasets. Other recently introduced
products, which could comprise multiple data sources and/or statistical techniques unfamiliar to
many media researchers, may (or may not) furnish that critical information in ways or with terms
unfamiliar to researchers. Media professionals should be prepared to question and assess the
legitimacy of data from all datasets and products utilized in decision making. Media professionals
do not want to be caught in the trap of misinterpreting or using data incorrectly, just because it
delivers what appears to be valid data.
As the industry changes, media researchers need to understand the mechanics and sources of error
for all products entering the marketplace. To this end, the CRE developed this guide as a starting
point and tool. Previously, there was no single-source document or guide to help media
professionals become familiar with the concept of error measurement in datasets or some of the
basic questions they should be asking about the subject. This guide attempts to fill that gap by
serving as a starting point in this discussion. The goal of this guide is to make researchers and
other media professionals aware of some limitations and constraints of data used in media
measurement. The guide is intended to present a broad overview of the statistical science behind
error in datasets, not as a full course on the statistical analysis of media data. This guide also
serves as a reference and source of information for other documents and papers that further
explain individual concepts and delve more deeply into the science of statistics. It is important to
note that no media measurement product—old or new—is perfect. Each product differs from the
absolute (or gold) standard measurement based on the particular methodology applied and
potential sources of error. This guide explains why that imperfection exists and what media
professionals should be aware of when considering the purchase and use of any product with
dataset error.
This guide also does not attempt to cover every aspect of the science of error measurement and
statistical evaluation. It is intended to introduce professionals to the topic of error measurement in
media data products at a very high level and give individuals a greater understanding of the data
used in the decision-making process. Many data products introduced in past few years were
created with very specialized means of measurement and with specific goals in mind. Some of
these products are now being used outside the scope of their initial objective. Professionals
should be sensible and judicious in their use of all products relying on datasets with potential
error —and always ask the developers applicable questions.
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6 Conclusion

As the media and measurement landscape continues to evolve, we intend to make this guide a
“living document.” We will update and edit the guide as warranted when new products and/or
methodologies are introduced into the marketplace. We welcome questions or comments on this
guide, which can be shared with CRE at http://www.researchexcellence.com/suggestions.
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Appendix A: Explanation of Formulae
A.1

Formulae Describing Coverage Bias17

A well-known formula in the survey literature provides a useful expression for the so-called
coverage bias in the mean of some variable, Y. Denote the mean by Y and let

YT denote the

mean of NT elements in the target population, including the NT-N elements that are missing from
the observed dataset.
Then the bias due to this non-coverage is BNC

 (YC  YT )  (1  N / NT )(YC  YNC ) where YC

is the mean of the covered elements (i.e., the elements in the observed dataset) and

YNC is the

mean of the NT-N non-covered elements. Thus we see that, to the extent that the difference
between the covered and non-covered elements is large or the fraction of missing elements
(1  N

/ NT ) is large, the bias in the descriptive statistic will also be large. Often, we can only

speculate about the sizes of these two components of bias. Nonetheless, speculation is useful for
understanding and interpreting the results of data analysis and cautioning ourselves regarding the
risks of false inference. If population members are missing completely at random (i.e., the
missing data mechanism is missing not at random),

A.2

YR equals YNR and there is no bias.

Formulae Describing Non-Response Bias

The formula stated above for the coverage bias can used to describe non-response bias by
redefining terms. Non-response bias is indicated by the formula BNR
where

 (1  N R / N )(YR  YNR ) ,

YR is the mean of the respondents and YNR is the mean of the non-respondents (typically

unknown). Analogous to coverage bias, the extent that the difference between the respondents
and non-respondents is large or the missing unit rate (i.e.,

1  NR / N

is large), and the bias due

to non-response will also be large if nothing is done to compensate for it.
Note that if the non-response mechanism is missing not at random,

YR equals YNR and there is

no bias. Otherwise, non-response can be reduced somewhat by modeling the missing data and
adjusting the selection probability weights of the respondents so that the difference between
and

YR

YNR is minimized. Similarly, such weighting adjustments can be applied to the selection

weights to compensate for coverage error as well.

17

All equations come from Biemer, P. & Lyberg, L. (2003). Introduction to Survey Quality. New York:
John Wiley & Sons.
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A.3

Formulae Describing Specification Error

Specification error biases the estimates of population parameters. Let X denote the true population
parameter of interest to the audience researcher, let Y denote the construct used to represent X,
and let 𝑌̂ denote an estimate for X. Then the total survey error in the estimate can be written as

Yˆ  X  (Yˆ  Y )  (Y  X )

(A.1)

where (𝑌̂ − 𝑋) is a combination errors from all sources. This equation decomposes total error
into specification error and non-specification error. Specifically Yˆ  Y is the sum of all errors due
to sampling, frame error, non-response, measurement error, data processing error, and
modeling/estimation error. The quantity (Y  X ) is the specification error, that is the difference
between the expected value of Yˆ conditioned on the concepts implied by the survey instrument
(Y) and the population parameter under the preferred or true concept (X).
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Appendix B: Glossary of Technical Terms
Term and Definition

Page Number /Source in Guide

Base weight—a number calculated and assigned to an
observation during the weighting process that makes
the sample representative of the frame from which it
was selected.

Section 3.4.4 (p. 3-11)

Bias—a measure of the systematic error in the
estimation process. It is equal to the difference between
the average of estimates over replications that use the
exact same estimation process and the gold standard
quantity.

Section 3 (p. 3-1)

Bootstrap—a resampling technique also useful for
variance and bias estimation. The bootstrap estimator
of a parameter is found by selecting repeated random
samples from a dataset and calculating the estimate
and then finding the average of these calculations.

Section 3.2 (p. 3-6)

Census—measurement taken from all people or
activities listed in the frame; the entire population of
interest.

Section 2.3.5 (p. 2-6)

Construct—the behavior or attitude of interest being
measured.

Section 2.3.1 (p. 2-3)

Coverage error—the error in estimates that occurs due
to differences between the actual target population and
the listing of the target population (the frame). Sources
of coverage error include omissions, duplications, and
erroneous inclusions.

Section 2.3.4 (pp. 2-5 & 2-6)

Data processing error—a type of error that occurs when
mistakes are made in entering or editing data, coding
responses, or any other steps used to produce a
dataset for analysis.

Section 2.3.3. (pp. 2-4 – 2-5)

Duplications—one of the sources of coverage error,
along with omissions and erroneous inclusions. Occurs
when some people or activities in the target population
are listed more than once in the frame.

Section 2.3.4 (p. 2-5)

Erroneous inclusions—one of the sources of coverage
error, along with omissions and duplications. Occurs
when some people or activities that are not part of the
target population are listed in the frame, and their
information is not useful to the audience researcher.

Section 2.3.4 (p. 2-5)

Error—any deviation between an estimate created from
a sample to represent a behavior or set of behaviors
and the actual behaviors (“gold standard”) of the target
population.

Section 2.1 (p. 2-1)

Estimate—a measurement used to make inferences
about a target population based on information obtained
from a sample.18

Section 2 (pp. 2.1 – 2-13)

Frame—a listing used to identify all people or activities
in the target population, usually for sampling purposes.

Section 2.3.4 (p. 2-5)

18

Bohrnstedt, G.W. & Knoke, D. (1994). Statistics for Social Data Analysis. Itasca, IL: F.E Peacock
Publishers.
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Term and Definition

Page Number /Source in Guide

Fusion—a process used to combine datasets that
represent different samples and that measure different
features of a target audience. Variables common
between the individual datasets are joined, through
matching or modeling, to create a single dataset for
analysis.

Section 2.3.7 (p. 2-11)

Gold standard—the attitude or behavior of interest to
the audience researcher measured without any error.
Because it is expensive or impossible to achieve such a
measurement, estimates are used, leading to potential
errors.

Section 2.1 (p. 2-1)

Imputation—a method used to attempt to correct nonresponse bias by filling in missing values in a dataset
with plausible values derived by matching
characteristics of the observation with the missing value
to an observation with complete data.

Section 3.4.3 (p. 3-9)

Item—the device used to measure a construct
(behavior).

Section 2.3.1 (p. 2-3)

Item non-response—a source of missing data that leads
to non-response error. Occurs when the questionnaire
is only partially completed (for example, when an
interview was prematurely terminated or some items
that should have been answered were skipped or left
blank).

Section 2.3.6 (p. 2-8)

Jackknife—a resampling technique especially useful for
variance and bias estimation. The jackknife estimator of
a parameter is found by systematically leaving out each
observation from a dataset and calculating the estimate
and then finding the average of these calculations.

Section 3.2 (p. 3-5)

Margin of error—the maximum possible sampling error
in the data, expressed as the range (plus or minus)
around the gold standard quantity. For 95% confidence
level, margin of error is calculated as 1 divided by the
square root of the sample size. 19

Section 2.3.5 (pp. 2-7 – 2-8)

Mean squared error (MSE)—a measure of the total
error in an estimate; calculated as the variance plus the
bias squared.

Section 3.2.4 (p. 3-4)

Measurement error—a type of error that occurs when
the observed data differ from the actual measurement
being sought (for instance, because of survey
respondent misunderstanding or misuse of a
measurement device).

Section 2.3.2 (p. 2-4)

Missing at random—a description of data that are
missing for reasons related to characteristics of the
sample, but not the behavior or attitude of interest.

Section 2.3.6 (p. 2-8)

Missing completely at random—a description of data
that are missing randomly in the sample (not in any
systematic way). These missing data can be thought of
as a random sample from the complete data that would
have been observed.

Section 2.3.6 (p. 2-8)

Modeling/estimation errors—a type of error that results
from modeling to include patterns of missing data or
efforts to impute missing values or derive new variables.

Section 2.3.7 (p. 2-10)

19

Biemer, P. & Lyberg, L. (2003). Introduction to Survey Quality. New York: John Wiley & Sons.
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Term and Definition

Page Number /Source in Guide

Non-ignorable missing data—missing data that must be
considered if the reason they are missing is related to
the behavior or attitude of interest.

Section 2.3.6 (p. 2-9)

Non-probability samples—samples obtained by
selecting units using a non-random process, where all
units do not have an equal chance of being selected (for
example, selecting the first names listed alphabetically
in the frame or selecting a sample based on
recommendations or referrals).

Section 2.3.5 (p. 2-7)

Non-response bias adjustment—a method used to
adjust for non-response error. Estimates the potential
non-response error and adjusts estimates for this error.

Section 4.1 (p. 4-3)

Non-response error—a type of error that occurs when
missing or incomplete data change the estimate from
what it would be if the data were complete.

Section 2.3.6 (p. 2-8)

Non-response weight adjustment—an adjustment made
to the base weight calculation during the weighting
process; equal to the inverse of the probability that the
person agreed to participate in the data collection.

Section 3.4.4 (p. 3-12)

Non-sampling error—all types of errors that are not a
function of the sample chosen to create estimates.

Derived from description of sampling errors;
non-sampling errors discussed in, for example,
Section 2.4 (p. 2-12); 3.5 (p. 3-13)

Omissions—one of the sources of coverage error, along
with duplications and erroneous inclusions. Occurs
when some people or activities in the target population
are not included in the frame.

Section 2.3.4 (p. 2-5)

Poststratification adjustment—an adjustment made
during the weighting process that makes the sample
representative of the entire target population.

Section 3.4.4 (p. 3-12)

Probability samples—samples obtained by randomly
selecting units (e.g., people, households, activities) from
the frame. Every unit in the frame has an equal chance
to be included in the sample.

Section 2.3.5 (p. 2-7)

Quantification—a description of the steps needed to
turn a behavior or attitude of interest (construct) into a
data value that can be used to calculate the estimate.

Section 3.4 (p. 3-5)

Record linkage—a method used to combine information
across different datasets by exactly matching data using
a unique identifier that is present in all datasets.

Section 2.3.7 (p. 2-10)

Reliability—refers to variable errors (variance) in the
quantification steps of the estimation process. High
reliability is associated with low variance, and can be
tested by repeating crucial steps in the quantification
process and comparing results.

Section 3.4 (pp. 3-6 – 3-7)

Reliability ratio—a method for quantifying reliability.
Calculated as the natural variation divided by the total
variation (sum of natural variation and variation due to
quantification process); ranges from 0.0 to 1.0.

Section 3.4.2 (p. 3-8)

Representativity—a description of the steps needed to
define the group of people or activities that will serve as
a microcosm of the population.

Section 3.4 (p. 3-5)
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Term and Definition

Page Number /Source in Guide

Response rate—percentage of the sample that
completed an interview. A lower response rate is
associated with a higher risk for non-response error.
Used as a measure of data quality.

Section 2.3.6 (p. 2-10)
Section 4.1 (p. 4-2)

Sample—a portion of a population frame from which
measurements are collected to create estimates.

Section 2.3.5 (pp. 2-6 – 2-7)

Sampling bias/non-response bias—refers to the
systematic errors in the representativity steps of the
estimation process.

Section 3.4 (p. 3-6)

Sampling error –a type of error that occurs when a
behavior or attitude of the population is estimated based
on a sample instead of the entire population.

Section 2.3.5 (p. 2-6)

Simulation—an approach to test for validity. Fictitious
observations are created to compare observed
mathematical relationships with hypothesized
relationships.

Based on interpretation of Section 3.4.1
(p. 3-7)

Specification error—a type of error that results when the
item used for measurement (e.g., survey questionnaire,
recording device) cannot perfectly capture the behavior
or attitude of interest.

Section 2.3.1 (p. 2-3)

Standard deviation—a measure of the dispersion of
data points around the mean of those data. Calculated
as the square root of the variance.20

See footnote below.

Standard error—the standard deviation of the sampling
distribution of the estimate when compared to the
population estimate. Represents a measure of the
uncertainty in the estimate because the survey is limited
to only a sample of the population instead of the entire
population.21

Section 2.3.5 (p. 2-7)

Systematic errors—errors that cause estimates to vary
from the gold standard in a predictable way, so that if
data collection was repeated using the exact same
methods, these errors would be approximately equal in
magnitude and direction. Measured as bias.

Based on interpretation of Section 3.1 (p. 3-1),
Figure 3.1 and Section 3.2.1 (p. 3-3)

Total error (TE)—the sum of all errors in design,
collection, processing, and analysis of data.

Section 2.2 (p. 2-1)

Total error framework—a framework that represents
and summarizes sources of error. Provides information
on how data may provide distorted or inaccurate
information and highlights relationships among errors.
Used to help researchers identify errors and understand
their impact, which ultimately can be used to improve
data quality.

Section 2.2. (p. 2-1)

Unit non-response—a source of missing data that leads
to non-response error. Occurs when someone in the
sample does not respond to any part of a questionnaire.

Section 2.3.6 (p. 2-8)

20

Bohrnstedt, G.W. & Knoke, D. (1994). Statistics for Social Data Analysis. Itasca, IL: F.E Peacock
Publishers.
21
Ibid.

B-4

Appendix B: Glossary of Technical Terms
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Page Number /Source in Guide

Validity—corresponds to systematic errors (biases) in
the quantification steps of the estimation process. High
validity is associated with low bias and high correlation
with the truth. Can be tested by correlating the item or
measurements with verifiable gold standard
measurements. High correlation denotes high validity;
low correlation denotes low validity.

Section 3.4 (pp. 3-5, 3-6)

Variable errors—errors that are unpredictable, and that
vary from one measurement to another. Measured as
variance.

Derived from Section 3.2 (pp. 3-2 – 3-6)

Variance—a measure of the variable error in the
estimation process. Equal to the average squared
differences between each estimate, and the average
estimate over replications that use the exact same
estimation process.

Section 3.2.2 (p. 3-3)

Weighting—a process commonly used to address nonresponse bias and other biases that affect the
representativity of the sample. A number (the weight) is
assigned to each observation to indicate how many
people or activities in the target population are
represented by that observation. Conducted in three
stages: (1) base weight creation, (2) non-response
weight adjustment, and (3) poststratification adjustment.

Section 3.4.4. (p. 3-10)

B-5

Appendix C: References for Further Learning
Biemer, P. P. & Christ, S. (2008). Chapter 17. Survey weights. In P. Levy, & S. Lemeshow
(Eds.), Sampling of populations: Methods and applications, fourth edition. Hoboken, NJ:
John Wiley & Sons.
Biemer, P. & Lyberg, L. (2003). Introduction to Survey Quality. New York: John Wiley & Sons.
Callegaro, M., Baker, R. B., Bethlehem, J., Goritz, A., Krosnik, J. A., & Lavrakas, P. J. (2014).
Online Panel Research: A Data Quality Perspective. Hoboken, NJ: John Wiley & Sons.
Bohrnstedt, G.W. & Knoke, D. (1994). Statistics for Social Data Analysis. Itasca, IL: F.E
Peacock Publishers.
Duggan, M., Ellison, N. B., Lampe, C., Lenhart, A., & Madden, M. for Pew Research Center
(2015, Jan 9). Social media update 2014. Retrieved on April 26, 2016 from
http://www.pewinternet.org/2015/01/09/social-media-update-2014/
Givens, G. H., & Hoeting, J. A. (2012). Computational Statistics. Hoboken, NJ: John Wiley &
Sons.
Graham, M., Hale, S. A., & Gaffney, D. (2014). Where in the world are you? Geolocation and
language identification in Twitter. The Professional Geographer, 1-11.
doi:10.1080/00330124.2014.907699.
Groves, R. M. & Lyberg, L. (2010). Total survey error: Past, present, and future. Public Opinion
Quarterly, 74(5): 849-879.
Hsieh, Y. P., & Murphy, J. (forthcoming). Total Twitter error: Decomposing public opinion
measurement on Twitter from a total survey error perspective. in Total Survey Error in
Practice (Biemer, P.P. & Lyberg, L. eds.). Hoboken, NJ: John Wiley & Sons.
Nesselroade, J. R., Stigler, S. M., and Baltes, P. B. (1980). Regression toward the mean and the
study of change. Psychological Bulletin, 87, 622-637.
The Nielsen Company (2016, Feb 9). Super Bowl 50: Nielsen Twitter TV ratings post-game
report. Accessed on May 16, 2016 from
http://www.nielsen.com/us/en/insights/news/2016/super-bowl-50-nielsen-twitter-tv-ratingspost-game-report.html
Pew Research Center (2013, Dec 27). Social networking fact sheet. Accessed May 1, 2016 from
http://www.pewinternet.org/fact-sheets/social-networking-fact-sheet/
Pew Research Center (2012, May 15). Assessing the representativeness of public opinion surveys.
Accessed April 14, 2016 from http://www.people-press.org/2012/05/15/assessing-therepresentativeness-of-public-opinion-surveys/
Rässler, S. (2002). Statistical Matching: A Frequentist Theory, Practical Applications, and
Alternative Bayesian Approaches. New York: Springer-Verlag.
Rubin, D. B. (1976). Inference and missing data (with discussion). Biometrika, 63, 581–592.

C-1

