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When survey science met online tracking: presenting an
error framework for metered data

Abstract: Metered data (also called ―web log data‖ or ―web-tracking data‖) is a type of data
obtained from a meter willingly installed by participants on their devices. A meter refers to a
heterogeneous group of technologies that allow tracking, at least, information about the URLs of
the web pages visited. Metered data has the potential to replace part of survey data or to be
combined with survey data to obtain higher quality data. It is crucial, nevertheless, to understand
its limitations to mitigate potential errors. Although some research has explored some potential
error causes a systematic categorization and conceptualization of these errors is missing.
We present a framework of all errors that can occur when using metered data. We adapt the Total
Survey Error framework to accommodate it to the specific error generating processes and error
causes of metered data. The adapted error framework shows 1) the data collection and analysis
process of metered data and 2) how the unique characteristics of metered data can affect data
quality. This framework can be useful to choose the best design options for metered data, but
also to make better informed decisions while planning when and how to supplement or replace
survey data.

Keywords — Metered data, digital trace data, passive data, web-tracking, error framework, total
survey error
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1. Introduction
Although surveys are one of the most common methods used for collecting data about various
phenomena in social sciences and adjacent fields, measuring certain concepts using survey data
remains challenging (e.g. online behaviours, travel and mobility). Cognitive operations involved
in producing an answer might generate errors in the responses. For example, participants might
only recall parts of some events or recall them inaccurately and self-reports might be based on
guesses and assumptions of normality (Groves et al., 2009). Participants might also knowingly
misreport their answers for sensitive questions. Besides, the granularity in which survey data can
be collected is limited. This can be specifically problematic to measure online behaviours.
Remembering online behaviours has become more difficult (Niederdeppe, 2016), with
behaviours being increasingly fragmented across situations, devices and platforms (de Vreese
and Neijens, 2016). Nonetheless, as (Araujo et al., 2017) note, measures of online behaviours,
like online media consumption, remain crucial for political sciences , entertainment, marketing,
or health communication. These challenges pushed researchers to supplement or substitute
survey data with other data types. In particular, metered data, also called ―web log data‖ (DvirGvirsman et al., 2014), ―digital trace data‖ (Bach et al., 2019), ―online behavioural data‖ (Cid,
2018) or ―web-tracking data‖ (Cardenal et al., 2018), has been used. This type of data is obtained
from a meter willingly installed or configured by a sample of participants on their devices (PCs,
tablets and/or smartphones). A meter refers to a heterogeneous group of tracking technologies
that allow sharing with the researchers, at least, information about the URLs of the web pages
visited by the participants. Depending on the technology used, HTML content, search terms, app
usage, time or device information can also be collected. Metered data has the potential to bypass
the challenges of self-reports by directly capturing the digital traces created by participants when
interacting with their devices online, which could prove especially helpful when measuring
online behaviours, with a granularity not achievable by surveys. This could allow researchers to
capture objective data free of recall errors and memory limitations, in real time. Metered data has
already been used to explore a variety of topics, including predicting voter turnout with online
behaviours (Bach et al., 2019), studying the effect of Facebook on public agenda (Cardenal et
al., 2018) or assessing the quantity and type of vaccine-related information Americans consume
online and its relationship to social media use and attitudes toward vaccines (Guess et al., 2020).
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Metered data, nevertheless, need to be used properly when aiming to make inferences about a
theoretical concept for finite populations (e.g. average time spent visiting online news outlets for
the adult population using Internet living in the UK). As any new data type, metered data comes
with challenges and limits. Although limited attention has been put to metered data errors when
used to draw statistical inferences for finite populations, some research has warned about
potential errors (Jürgens et al., 2019; Revilla et al., 2017), which can specially affect the
measurement

quality

of

metered

data.

However,

a

systematic

categorization

and

conceptualization of these errors has not been developed yet. Better understanding the causes and
nature of errors affecting metered data when drawing statistical inferences for finite populations
can help researchers make better informed decisions of when and how to supplement or replace
survey questions. An approach to do so is developing a Total Error (TE) framework for metered
data. TE is a paradigm used to refer to all the sources of bias and variance that may affect the
accuracy and efficiency of data (Lavrakas, 2008). When operationalized as a framework, the TE
conceptualizes and categorizes the different sources of errors, allowing to understand the data
collection and analysis process, as well as to identify and estimate potential errors, the effects of
those on estimates and how to minimize them (Biemer, 2010; Groves and Lyberg, 2010). TE
frameworks can be used as a planning criterion: among a set of alternative design choices, the
one with the smallest total error - considering the budget available - should be chosen. Although
the TE paradigm has been mostly used to understand survey errors (e.g. Total Survey Error
(TSE) framework), it can be applied to other types of data. In particular, during the last years,
several TE frameworks have been developed for Big Data sources (Hsieh and Murphy, 2017).
Our main goal, therefore, is to provide a framework of all errors that can occur when using
metered data. Following (Amaya et al., 2020)’s approach for Big Data, we consider that the TSE
framework can be adapted to comprehensively identify and classify errors found in metered data,
assuming that the error components presented in the TSE framework can also be found in
metered data, making metered data errors directly comparable to those of surveys. Hence, instead
of creating a completely new framework for metered data, we start from the TSE framework and
accommodate it to the specific error generating processes and error causes of metered data. The
adapted framework shows how the unique characteristics of metered data can affect data quality,
but also allows comparing metered data errors with survey errors. Hence, the adapted framework
can be useful to choose the best design options for metered data, but also to make better
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informed decisions while planning when and how to supplement or replace survey data with
metered data.
The rest of this paper is organized as follows. First, we present some background about the
characteristics of metered data and the previous research on error frameworks. Second, we
present the approach used to adapt the TSE framework to metered data errors. Third, we describe
the data collection and analysis process of metered data. Fourth, we present in a systemized way
the categorisation of the different error components and the specific error causes that might arise
during the mentioned process. Finally, we discuss the practical implications of this adapted
framework, and provide recommendations about how to use it.

2. Background
2.1. Distinctive aspects of metered data
Metered data is the data obtained from tracking the digital traces created by a sample of willing
participants when interacting with their devices online (e.g. URLs, time stamps, HTML content).
Therefore, two key design aspects of metered data can be identified. First, as surveys, metered
data is collected from a designed sample of individuals. One approach is to draw a fresh sample
of participants from a given frame and ask them if they consent to install the meter technology
into their device (Guess, 2015; Haim and Nienierza, 2019). An alternative approach is to use
already available pools of individuals with the meter installed to obtain the data. Different
companies offer commercial opt-in online metered panels, which allow to obtain metered data
from part or all the panellists (Revilla et al., 2017). This is the most used approach to date.
Second, metered data is nonreactive, meaning that data is not collected by soliciting a response
by individuals (Sen et al., 2019) but by passively observing them. Metered data is collected by
tracking the traces left by individuals when interacting with their devices online. To do so, it is
required to set up a system that runs the tracking technology (e.g. app) and facilitates the
collection, storage and extraction of data during and after the study (Harari et al., 2016). Hence,
researchers must beforehand create, adapt or select the tracking technologies that they will ask
5

participants to install or configure into their devices. This technology can be either created from
scratch (Guess, 2015) or obtained from a third party in the form of an open-source
software (Haim and Nienierza, 2019) or of a commercial tracker (Guess et al., 2018; Revilla et
al., 2017; Cardenal et al., 2018). The control over the configuration and capabilities of the
technology varies depending on the approach used. The decision on which to use depends on
researchers’ will, but also on their skills and resources.
Regardless of who designs the meter, different tracking technologies can be used. These
technologies change rapidly. However, so far available tracking technologies can be divided into
four categories:
1)

Apps that passively and continuously track information from the device and the
device’s browser(s).

2)

Plug-ins that passively and continuously collect web browsing history and other device
and browsing information.

3)

Plug-ins that collect the available web browsing history at a given point in time, but
without continuously tracking the device/browser activity.

4)

Proxies which can be configured for the networks used to connect to the internet (e.g.
WIFI at home, WIFI at work, 3/4/5G network, etc.) through a given device. Each
internet connection made by the device through any of the configured networks passes
through a set server. This information is automatically stored. However, both inputs
and outputs are stored, and connections are made by the user (e.g. visiting a webpage)
as well as the device (e.g. device checking for Facebook notifications). Thus, the raw
information needs to be processed to determine which information qualifies as a user
visit to a webpage. Proxies can be remote or local.

Deciding which tracking technology(ies) to use has important consequences. Thus, it is essential
for researchers to think about these beforehand. Two main differences between categories should
be considered. First, not all the different tracking technologies can collcet the same type of
information nor with the same frequency, granularity and precision. Categories 1, 2 and 4 allow
to collect information continuously, while category 3 collects information at one point in time.
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Categories 1, 2 and 4 also allow to collect the length of the visit while only category 2 and,
although with a much more complex process, category 4 can collect HTML information (e.g.
textual and visual data), the actions of respondents in some webpages (i.e. functions they have
interacted with) and information from incognito sessions. The capabilities of tracking
technologies are determined, in part, by the companies producing and adapting the operating
systems (OSs) of the devices (e.g. Google, Apple, Microsoft), which can allow or block different
features.
Second, categories differ on the devices (PC or mobile), OSs (e.g. Android or iOS for mobile
devices) and browsers (e.g. Chrome, Firefox or Explorer/Edge) in which they can be used. For
instance, information from an Edge browser in a Windows computer might be trackable with a
different technology than the information from a Chrome browser in the same device and OS.
From now on, we will refer to the combinations of these three elements (device/OS/browser)
as targets. Category 4 (only remote proxies) can be used in all types of targets whereas
categories 1, 2 and 3 can only be used in some targets (e.g. tracking apps cannot be installed into
iOS devices without breaching Apple’s terms of service). In practice, different technologies are
used in the same study. As an example, Appendix A shows the different technologies that the
company Wakoopa (currently one of the main providers of meters) provides, as well as the type
of information that these collect and for which devices they are used.

2.2. Classification of error sources
Classifying error sources is a good way of thinking about the quality of our data. Although data
quality can be conceptualized in broad ways (e.g. accuracy, credibility, comparability, usability,
relevance, accessibility, timeliness, completeness, and coherence), most error classifications have
only focused on statistically computable quality indicators (accuracy). For surveys,
classifications of errors have been developed for almost 80 years (Groves and Lyberg, 2010).
Since (Deming, 1944)’s first classification of factors affecting the usefulness of a survey, the
field’s efforts moved from primarily focusing on sampling errors (Deming, 1950; Cochran,
1953) to a broader understanding of error sources. In 1979, the term Total Survey Error was first
coined by (Anderson et al., 1979). The TSE framework was intended to list all potential error
7

sources affecting surveys. Besides, error sources were decomposed by variance and bias,
sampling and nonsampling, and observation and nonobservation. Further variations of the TSE
framework were developed during the following years, for instance, linking it to error notions of
psychometrics and econometrics (Groves, 1989; Biemer and Lyberg, 2003). (Groves et al., 2009;
Groves et al., 2004) proposed what is probably the most well-known framework for crosssectional probability-based surveys, which links the steps of survey design, collection and
estimation into the error sources (see Figure 1). This framework separates errors of
representation and errors of measurement. Errors of representation refer to failures to measure
eligible members of the population of interest. They include coverage errors, sampling errors,
nonresponse errors and adjustment errors. Errors of measurement refer to deviations between the
concept of interest for researchers and the processed measure collected, and include validity,
measurement errors and processing errors. All these errors can affect the variance or bias of
estimates,

contributing

to

the

overall

mean

square

error

(MSE)

of

a

statistic.

Although the TSE framework was initially conceived for probability-based cross-sectional
surveys, it has already been expanded to understand error sources for longitudinal surveys (Lynn
and Lugtig, 2017), nonprobability online panels (Unangst et al., 2019) and for cross-national
comparisons in international surveys (Smith, 2009).
In the last years, the emergence of new types of data (e.g. web and sensors), normally englobed
in the not-so-well defined term Big Data (see (Kitchin and McArdle, 2016) for an ontological
discussion of the term), has offered new prospects for measurement, which can be used to
substitute or enhance surveys. If we assume that these new types of data also measure an
underlying true value, and that errors can deviate measures from the true value, the TSE can be
used as a reference to develop TE frameworks for these types of data (Japec et al., 2015). Some
researchers have used the TSE as a reference to develop new frameworks for specific types of
data.
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Figure1. Reproduction of the TSE framework by Groves et al. (2009: 48)
These approaches consider that, because of the distinctive data generation and collection
processes (e.g. organic, nonreactive and found data) and the unstructured nature of data, new
error components affect these types of data. For instance, (Hsieh and Murphy, 2017) presented
the Total Twitter Error framework. It identifies three types of errors for Twitter data: coverage
errors, query errors (i.e. errors associated with the keywords used to scrape data) and
interpretation errors (i.e. errors introduced when coding tweets to create variables). This
framework, hence, does not differentiate between errors of representation and measurement and
does not use the same error components as the TSE. Similarly, (Sen et al., 2019) have developed
the Total Error Framework for Digital Traces of Humans (TDE), mainly focused on Big Data
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sources coming from web platforms, especially those from social media sites. The TDE is
inspired by the TSE framework and separates representation (e.g. platform coverage errors,
entity selection errors or adjustment errors) and measurement errors (e.g. platform affordances
errors or signal selection errors). However, errors components are different and mostly focus on
the problems related to data extraction from specific web platforms (Sen et al., 2019)(Sen et al.
2019: 1). Contrary to the idea of developing different frameworks for each new type of Big Data
source, (Japec et al., 2015) proposed a framework that can be used for all Big Data sources: the
Big Data Total Error (BDTE). The BDTE is closely modelled after the TSE framework but
includes additional error components. The BDTE was not strictly conceived as a framework, but
as a proposal of how Big Data frameworks could be developed. Building from the
BDTE, (Biemer, 2020) presented a restructuration of the TSE which considers surveys and Big
Data sources as matrices. Rows represent sample or population elements. Columns represent
characteristics of the row elements. Cells are the values of the characteristics for each element.
All errors can be categorized either at the row, column or cell level. For instance, unit
nonresponse would be a type of row error (a missing unit) while specification errors would be a
column error and measurement error would be a cell error. The authors argue that this
restructuration should make the TSE applicable to Big Data sources. However, it neglects the
errors produced before Big Data sources are transformed into rectangular matrices.
Although the previously presented frameworks are based on the TSE, they restructure it in
different ways or consider new/different error components. A different approach, although
closely connected to the BDTE, is the one presented by (Amaya et al., 2020) in the Total Error
Framework (TEF). The authors extend the TSE framework to comprehensively identify and
classify errors found in most Big Data sources, assuming that the error components presented in
the TSE framework can also be found in Big Data, making Big Data errors directly comparable
to those of surveys. The main difference between both types of data, hence, is not in the error
components but in the error-generating processes and the specific error causes within each error
component. In their framework, (Amaya et al., 2020) identify six steps in the data collection and
analysis process, which are linked to different error components: define target population,
generate and identify data sources, extract/transform/load, model, create estimates and draw
inference. The TEF is mostly conceived for organic and found data. Thus, the data collection and
analysis process, as well as the error causes presented in TEF, do not apply well to a design10

based type of data such as metered data. However, TEF proves that the TSE can be
expanded/adapted to other new types of data that are or resemble Big Data. In this paper, hence,
we follow a similar approach than (Amaya et al., 2020) for metered data.

3. A TE framework for metered data
In order to propose a TE framework for metered data, we use the seven error components of the
TSE presented by Groves et al. (2009) as starting point (coverage errors, sampling errors,
nonresponse errors, adjustment errors, validity, measurement errors and processing errors).
However, since Groves et al. (2009)’s framework was conceived for probability-based crosssectional surveys, some considerations must be made before adapting it to metered data.
First, metered data is longitudinal by nature. However, metered data can be used in a crosssectional way, aggregating data points to create a measure for a given period (e.g. the time spent
visiting online news outlets from 26 January to 27 April 2015, (Cardenal et al., 2019)). Several
aspects of the survey errors and the interaction between different types of errors are different in
longitudinal survey contexts (Lynn and Lugtig, 2017). Similar differences might exist between
cross-sectional and longitudinal uses of metered data. However, considering that most past
research used metered data in a cross-sectional way, for the sake of simplicity, we develop the
framework for cross-sectional applications of metered data. We highlight, nonetheless, processes
and error causes which could differ when researchers use metered data in a longitudinal way.
Second, as for surveys, probability and nonprobability-based methods can be used to select the
sample of metered individuals. The data generation process and the ability to conceptualize and
quantify errors varies depending on the method used (Unangst et al., 2019). For metered data, the
use of metered opt-in online panels allows directly selecting individuals who have installed the
meter in at least one target. The distinction between probability and non-probability sampling
approaches is not meter specific and has been discussed in previous research already (Unangst et
al., 2019; Pew Research Center, 2016). Thus, for the sake of simplicity, we present the data
collection and analysis process when using a probabilistic approach and consider the error causes
which would happen for a probability-based approach. However, since most research to date
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used metered online opt-in panels, we also highlight the steps and errors which are different or
non-existent in that case, even if we should note that large variations can exist within online optin panels (e.g. because of the methods used to recruit participants or select the samples).
Finally, metered data being a Big Data source, we borrow the terminology used by (Amaya et al.,
2020) to refer to some error components, when it is better suited that the one presented
by (Groves et al., 2009). Hence we refer to ―validity‖ as ―specification errors‖ and ―nonresponse
errors‖ as ―missing data errors.‖

4. Metered data from a process perspective
Although metered and survey data share the same error components, differences exist in their
error generating processes and the causes of errors. Hence, Figure 2 presents the data collection
and analysis process of metered data in chronological order, linked with the error components.
Figure 2 shows that researchers need to make decisions related to two main aspects: the sample
and the measurement. On the measurement side (left set of boxes), the first decision is to define
the concept(s) of interest, i.e. define what the researchers want to measure (elements of
information that researchers want to collect): for example, the total time spent on social media
websites. Next, researchers must design the measurement(s), i.e. the specific instrument(s) to be
used to gather information about the concept(s) of interest: for instance, the number of hours
visiting a defined set of web pages corresponding to all social media websites. Next, researchers
need to develop or choose the tracking technology(ies) that will be used to obtain the information
needed to create the measurement(s). When using an opt-in online metered panel, panellists
already have the meter installed. Thus, researchers only have the possibility to choose the panel
with the best suited technology(ies) for their project.
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Figure 2. Data collection and analysis process for metered data.
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On the representation side (right set of boxes), the first step is to Define the Target Inferential
Population, i.e. to whom the researchers aim to conclude about. The second step is to Construct
the Frame. A frame is a list (e.g. emails of university students), or a procedure (e.g. a map of
houses), intended to identify the elements of the target population. When using a metered online
panel, the panel acts as the frame (Unangst et al., 2019), essentially being a list of individuals
with a meter installed or configured on at least one of their devices with an e-mail associated.
Panel companies can follow different approaches to create such metered online panel. Currently,
a common approach is to invite members of opt-in online panels who have already agreed to
participate in surveys to additionally share metered data in exchange of an extra incentive
(see (Revilla et al., 2021)). Such a frame does not aim to provide full coverage of the population
but to include individuals with enough diversity to cover the needs of the projects conducted by
the panel (Groves et al., 2009). The next step is to Draw the Sample, which means selecting a
fraction of the frame from which measurement will be obtained. Ideally, this should be done
using a probability-based sampling approach. In practice, for metered online panels, normally
non-probability sampling approaches are used (e.g. quota sampling, see (Ochoa and Porcar,
2018)) because the full panel is not representative of the target populations.
Once the sample has been drawn and the technology chosen, sampled individuals can be asked
to Install the Meter into their devices. Although researchers are interested in the sampled
individuals, data of interest is produced by the individuals’ interaction with a specific target (e.g.
when visiting a webpage using a Chrome browser in a Windows PC). Therefore, to obtain data
from the sampled individuals, they must install a given piece of software or configure their
targets in a certain way (e.g. download an app into an Android smartphone to track the behaviour
in the device’s browsers or download a plug-in into a Chrome browser in a Windows PC). The
process of inviting participants can include various phases, and there is no standard way of doing
it yet. We illustrate this step with a process which could maximize the information available for
researchers and allow understanding when data is missing. First, sampled individuals are
contacted (e.g. push-to-web approach in which participants are asked to go online to answer
some questions), introduced to the study and asked if they would consent to participate
by installing a meter in at least one of their targets. Second, those which consent are asked about
the targets they have and use. Hence, researchers know: a) which sampled individuals have and
use the targets of interest (device/OS/browser) in which to install the meter and b) if targets used
14

by individuals can be tracked with the technology(ies) available or not. Third, those who
accepted to install the meter and have trackable targets are provided with instructions about how
to do it. This process can vary across targets and can be complex for some approaches (e.g.
configuring proxies). Thus, individuals might decide not to install the meter or fail to
successfully install it in some or all of the targets (e.g. an individual might download a plug-in
into his/her PC’s Chrome browser, but fail to configure a proxy in his/her iOS device). Once
correctly installed, the meter starts collecting data from device and browser logs. When using an
opt-in metered online panel, the process of installation of the technology is out of researchers’
control. In the next step, the information collected by the meter is uploaded to a server
which Generates the Data Source. Systems to collect and store data can be set in different ways
depending on the technology. For example, for smartphone apps, (Harari et al., 2016) propose to
do the following: a portal server receives the data collected by the meter and checks it against the
participant manager, which provides the unique user ID. The portal server, then, stores the data
collected in the data storage, which is normally a database that can handle large datasets (e.g.
MySQL). This dataset allows to query the data to extract it and, when necessary, apply
transformations to construct the final dataset for the analyses. When using a metered online
panel, apart from the information generated after individuals have been sampled, the panel can
also provide data already collected since participants joined the panel.
Once the dataset of interest has been identified and/or generated, come the steps of Extraction,
Transformation and Loading of the metered data. These steps follow a similar process as the one
described by (Amaya et al., 2020) for found Big Data sources. First, the data source can be
extracted completely or partially. For instance, the researcher can specify to extract only
information of certain domains (news sites from UK) and/or during a specific period (three
months before and after the 2019 UK’s general election). Then, the extracted data may be
transformed to fit the researchers’ objectives. As an example, if the information extracted from
the news sites domains before and after the elections was HTML information from the content of
UK politics articles, this information could be coded and processed (e.g. with a supervised
machine learning algorithm) to generate an indicator of the degree of pro-Brexit or pro-Remain
of the article. Finally, the data, once in the desired format, are loaded and stored on the
researchers’ devices or servers. These steps can be done simultaneously or iteratively.
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Once data have been extracted, transformed and loaded, researchers can proceed to Model. This
step involves adjusting the data to better reflect the target inferential population. Hence, it can
include weighting for missing data, nonresponse or coverage deficiencies and/or imputation for
missing data. Finally, with the adjusted and modelled data, an estimate can be created (e.g. the
mean hours of media consumption).

5. Metered data from a quality perspective
Each step of the process from constructing the frame to creating the estimates contains some risk
of errors. In the following subsections, we conceptualize the different error components for
metered data. Since metered data and surveys share a similar process when it comes to drawing
the sample from the frame, contacting sampled units and adjusting the estimates, some error
causes are similar or shared with surveys. Those error causes have been explored
extensively (Biemer, 2010; Groves et al., 2009). We mainly discuss, hence, the error causes
specific to metered data. Table 1 summarizes those, by error component.

5.1. Specification errors
A specification error (also known as (in)validity) arises when the concept being measured differs
from the concept of interest (Biemer, 2010). For surveys, researchers should first define the
concept that they want to study and then design the survey question(s) to properly measure this
concept. When constructing a measurement for metered data, researchers are constrained by
what the meter can track and the form in which it can be tracked (e.g. URLs, time). Nonetheless,
the logic behind specification errors is the same: considering the type of data that can be
collected, researchers create the instrument(s) to measure the concept of interest, and if
deviations from this concept of interest occur, specification errors appear.
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Table 1. Specific Error Causes for Metered Data by Error Component
Error components
Specification error

Specific error causes
 Measuring concepts from which not enough
data is available
 Inferring attitudes
 Defining valid information

Measurement error












Processing error

 Coding error
 Aggregation at the domain level
 Data anonymization

Coverage error

 Non-trackable individuals

Sampling error

 Same error causes than for surveys

Missing data error













Adjustment error

 Same error causes than for surveys

Non-trackable target
Meter not installed
Uninstalling the meter
New non-tracked device
Technology limitations
Technology errors
Hidden behaviours
Shared device
Social desirability
Extraction error

Noncontact
Non-consent
Non-trackable target
Meter not installed
Uninstalling the meter
New non-tracked device
Technology limitations
Technology error
Hidden behaviour
Social desirability
Extraction error
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5.1.1. Defining what qualifies as valid information
When constructing a measurement for metered data, decisions must be taken whether to consider
some piece of tracked information as part of the behaviour or attitude wanted to be measured or
not. For instance, let us consider that Researcher 1 wants to measure the concept ―average hours
of consumption of online political news‖. To measure this concept, Researcher 1 considers the
following measurement: ―average time recorded of the visits to online political outlets’ URLs.‖
This measurement needs to be further developed, to discern which information will be part of it.
First, Researcher 1 must define what is considered as a visit, for instance, setting a norm of how
many seconds a participant must have spent on the site to qualify as a visit. Second, he/she needs
to decide which online outlets to consider, which might publish political articles . Third,
Researcher 1 must establish which URLs within the different outlets should be considered. For
instance, The Guardian can be considered overall as an outlet which published political articles,
but some URLs might not be political. Thus, Researcher 1 might decide to exclude all URLs
starting with ―theguardian.com/uk/sport‖. Finally, to compute an average which, represent the
normal behaviour of an individual, a time frame of data needed must be stablished (e.g. one
week). If due to these specifications, the defined measurement instrument deviates from the
concept of interest, specification errors are introduced.

5.1.2. Measuring concepts with by-design missing data
Researchers might decide to measure a concept even being aware that part of the data will be
missing-by-design. For instance, (Guess et al., 2018) intended to measure the total fake news
consumption of a sample of Americans during the 2016 presidential election. However, they
collected data only from metered PCs. Thus, the authors knew since the design stage that they
will not be measuring the total fake news consumption, but only the fake news consumption
from PCs. However, they used the collected data to make inferences about the total fake news
consumption. This means that they make a strong assumption: that total fake news consumption
can be inferred from PCs fake news consumption. If this is not the case, specification errors
occur.
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5.1.3. Inferring attitudes and opinions from behaviour
Metered data collects behavioural information which could serve as a good proxy to measure
online behaviours. Other types of digital trace data have been used in the past to measure
attitudes and opinions. For instance, (Barberá, 2015) inferred individuals left-right position based
on the Twitter accounts that they followed. If a behavioural indicator (e.g. URLs visited) is used
to infer about attitudes and opinions (e.g. left-right position) without a solid theory behind, it
might produce weaker relationships, affecting the validity of the measurement.

5.2. Measurement errors / Missing data errors
When using metered data, measurement and missing data errors can be confounded. Thus, we
discuss them together. On the one hand, measurement errors are produced when the value
obtained from a sampled unit deviates from the true value that the measurement should have if
no errors happened when collecting the data. For surveys, the measurement consists in (at least)
one question and the values obtained are the provided answers. However, because of human
memory limitations, interviewers’ influence, deliberate falsification, or comprehension errors the
answers might deviate from the true value of the measurement. For metered data, the
measurement consists in the defined data that should be tracked from the sampled units (see
example in section 5.1.1) and the values obtained are the tracked data. On the other hand,
missing data errors are produced when information of some sampled units cannot be collected.
This can happen at the unit level (i.e., no information is available for any measure for a given
unit) or at the item level (i.e., information is not available for an item for a given unit). When
data is missing, estimates are drawn based only on a subset of the sample. A bias is introduced
when individuals with systematically missing data differ from individuals with available data,.
For surveys, participants can either answer or not answer (for whatever reason). Those not
providing an answer are considered as missing, and since no information is available from them,
they are excluded from the specific analyses. For metered data, instead of asking a question,
participants’ behaviours are recorded using a meter. Thus, a lack of data in the dataset (e.g. no
adult website URLs recorded) might mean a true absence of behaviour (the individual has not
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visited any URL) or a failure to capture data (e.g. the participant deactivated the meter to visit
such URLs). If the absence of behaviour is provoked by a failure to capture data, the participant
should be excluded from the analyses (the lack of behaviour cannot be considered as real, so the
real value is unknown). If the lack of behaviour is real, then it should be considered as so (e.g. 0
minutes visiting theguardian.com during the last 15 days). Deciding whether the lack of
information is considered as a missing is not straightforward. It requires additional information
and often depends on the researchers’ judgement. If an absence of behaviour which is due to
missing data is considered as a true absence of behaviour, this will produce a measurement error
equivalent to an underreporting. This might not be the case, nonetheless, when measuring nonbehavioural concepts which require observations of specific behaviours. For instance, to
compute the left-right orientation of participants using the visits to political news media website
as a proxy, for those participants with no visit to any news media website, no left-right value will
be computable. Thus, in this case, it cannot lead to an underreporting but only to a missing value.

5.2. 1.

Noncontacts

In order to collect metered data, sampled individuals need to be contacted and asked to install the
meter. As for surveys, the researchers, however, might fail to contact with some of the sampled
units. For instance, the mail or e-mail invitation might never arrive or be seen by the sampled
unit. In this scenario, the sampled individual will not become a participant, producing a missing
data error equivalent to a unit nonresponse. No measurement errors are introduced by
noncontacts.

5.2.2.

Non-consents

Once contacted, individuals are asked to consent to install the meter into at least one of their
targets. Individuals might not be willing to participate and install the meter. Hence, no
information will be collected for that sampled unit. (Revilla et al., 2021) found, exploring the
online metered opt-in panel Netquest in 9 countries, that acceptance rates (i.e. the proportion
accepting to install the meter from those invited) ranged from 53% in Colombia to 28.1% in the
United States. As for noncontact, the sampled unit will not become a participant. No
measurement errors are introduced by non-consents.
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5.2.3.

Non-trackable targets

Some of the targets used by sampled units might not be trackable with the chosen
technology(ies). Hence, information will not be collected for those targets. For those units with
some non-trackable devices, if researchers know that 1) a participant cannot be tracked in one or
some targets and 2) all the information of interest is produced by this or these targets, that
information should be considered as missing. For instance, assume that some researchers want to
measure the time spent browsing the internet with smartphones. Also, these researchers know
that Participant 1 only uses non-trackable targets to access the internet with a smartphone. This
lack of information will be considered as missing, meaning that the estimates will be computed
excluding Participant 1. However, if researchers did not know that all the information was
produced by non-trackable targets, this data could not be identifiable as missing. In this scenario,
a missing data error would only happen if the loss of information provoked that all the
information needed to compute a nonbehavioral measurement (e.g. left-right position) was
missing.
Non-trackable devices can also provoke measurement errors, similar to underreporting in
surveys, when the loss of information is partial (e.g. researchers only record 1 hour of internet
consumption done with a tracked target but the true behaviour is 3 hours done by one tracked
target and one non-trackable target) or is complete but cannot be identified as missing.

5.2.4.

Meter not installed

Individuals who consent to be tracked still have to install or configure the meter into their
targets. Several reasons might prevent them for installing the meter. They might not self-report
the use of a device, provoking that researchers do not offer the option of tracking that device.
They might decide not to do it even if they agreed (e.g. reading the instructions they realize it is
too much burden). Besides, individuals might fail to successfully install or configure the meter in
some or all devices, networks and/or browsers for various reasons (e.g. low IT skills, technical
problems). For those targets, the missing data and measurement errors are the same as for nontrackable targets (see 5.2.3). Evidence suggests that not having the meter installed, either because
devices were non-trackable or participants did not install them, might be an important
problem. (Revilla et al., 2017), surveying panellists from an online metered opt-in panel in
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Spain, found that almost 57% of the respondents have the meter installed in only one device
whereas only 4% of them use only one device to go online. Similarly, a report from the (Pew
Research Center, 2020) found that for those Ipsos’ Knowledge panellists who accepted to install
a meter in at least one of their devices, only 28% stated having all the devices that they use to
access the internet metered, whereas 68% reported going online with non-tracked devices.

5.2.5.

Uninstalling the meter

Participants accepting to be tracked at the beginning of the study can change their mind over
time (e.g. lack of memory in the device, change on privacy concerns) and decide to uninstall the
meter. Moreover, some participants may uninstall the meter accidentally. Both can happen for
some or all of the tracked targets. For those targets with uninstalled meters, data will not be
available from that point on. (Revilla et al., 2021), using data from the online metered opt-in
panel Netquest in 9 countries, found that the proportion of invited panellists sending data after
three months was around 16 percentage lower than the proportion who participated in the first
place.
This can provoke missing data errors. If researchers know that the meter has been uninstalled (if
it has been designed to give this information), and also know that all the information for a given
variable was to be produced by that target during the unobserved period of time, this is
considered as a missing data error similar to item nonresponse. However, if researchers do not
have information about when the meter has been uninstalled, the uninstalling will only produce a
missing data error when the loss of information provokes that all the information needed to
compute a nonbehavioral measurement is missing. For longitudinal uses, uninstalling the meter
for all the targets could be considered as attrition and, hence, equivalent to unit nonresponse for
subsequent waves. When the loss of information is partial or cannot be identified as missing,
measurement errors similar to the ones explained before can be produced.

5.2.6.

New non-tracked targets

During the course of the study, participants might purchase new devices or substitute old ones,
switch to new browsers or start using new networks. If these new targets are not tracked, their
information will be lost. If the researchers know that a new target is being used, that the target is
not tracked and that all the information of interest is produced by that or those targets, the loss of
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information is considered a missing data error. However, if researchers do not have information
about the new non-tracked target, it will only produce a missing data error when the loss of
information provokes that all the information needed to compute a nonbehavioral measurement
is missing. For longitudinal uses, if participants substitute all their tracked targets for new nontracked ones, it could be considered as attrition and, as for uninstalling the meter, equivalent to
unit nonresponse for subsequent waves. New non-tracked targets can also lead to measurement
errors similar to the ones explained before.

5.2.7. Technology limitations
Tracking technologies are not perfect and can be subject to limitations that prevent them from
capturing some types of data. Some of the current limitations are the following: 1) not all
tracking technologies available allow to capture behaviours happening in incognito modes. 2)
Although most technologies can capture domain-level information (i.e. theguardian.com) for all
types of webpages, some approaches cannot capture subdomain-level information (i.e.
tehguardian.com/sport/…) for https sites. 3) Behaviours happening inside apps, to the authors
knowledge, cannot be capture with any technology at this day. For instance, it is not possible to
know the news read inside a news outlet app or the profiles visited when using the Twitter app.
4) HTML content cannot be obtained from all tracking technologies. Therefore, depending on
the technologies used to track the different targets of interest, some information might not be
trackable. If the researchers know that all the information lost is due to technology limitations,
the loss of information is considered a missing data error. As for other causes of error, for
nonbehavioural measurements a complete lack of behaviour will produce a missing data error.
Technology limitations can also lead to measurement errors similar to the ones explained before.
For longitudinal uses, if technology limitations vary across time (e.g. new version solving some
of the limitations or introducing news), measures of change will be affected by the changes in
measurement errors’ size.

5.2.8.

Technology errors

The meter, as any technology, can suffer from technological errors. If the meter stops recording
or fails to correctly record information, information will be lost. Several reasons can lead the
meter to fail in terms of technology: 1) the device or a third-party app might shut down the
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ability to collect data when the device is low of battery, in order to reduce the device’s energy
consumption. 2) If the meter is working through a proxy, the proxy generates raw data that must
be processed to identify which part of the traffic came or was received, and which part of the
traffic was done passively by the device (e.g. downloading Facebook information) or actively by
the participant. This is normally done by trained algorithms. However, this is not purely accurate.
3) Since tracking technologies are built on top of OSs and browsers, when new versions of these
software are released these can prevent the technologies from working (properly), provoking a
loss of information until the technology is adapted to the new version. These errors can provoke
an incorrect collection or a loss of information.
When technology errors occur, not enough information is available to identify missing data i.e.
there is no information of either data being lost or which data was lost. Missing data errors will
only happen when the loss of information provokes that all the information needed to compute a
nonbehavioural measurement is missing. Nonetheless, technology errors can produce
measurement errors. First, for proxies, if there is an incorrect collection of information (e.g. the
algorithm incorrectly categorizes a passive behaviour done by the device as an active behaviour
done by the participant), this will produce a measurement error similar to overreporting. Second,
a loss of information will produce a measurement error similar to underreporting (for instance, if
the participant visited some of the domains of interest while the meter was not recording). For
longitudinal uses, technology errors will have a similar impact as technology limitations.

5.2.9.

Hidden behaviours

Some technological approaches allow participants to disconnect the meter or to configure
blacklists of domains not to be tracked. This allows participants to avoid the meter to track
behaviours that they are not willing to share. For instance, when dealing with online banking or
visiting sensitive web pages (e.g. adult websites).
As for technology errors, not enough information is available to determine if hidden behaviours
provoke missing data errors. Only if a complete loss of information prevents computing a
nonbehavioral measurement, it will be considered a missing data error. Nonetheless, if
information from a given measurement is completely or partially lost, it produces a measurement
error similar to an underreporting in surveys.
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5.2.10.

Social desirability / Hawthorne effect

Participants might change their behaviour if they know that they are being observed (Jürgens et
al., 2019). Consequently, their observed behaviours could deviate from their habitual behaviours
(when they are not observed). This can specially affect sensitive behaviours, with participants
behaving in a more socially desirable way once they are observed. For instance, a participant
visiting adult websites several times a week could avoid visiting such websites once he/she has
installed the meter. Participants could also change their behaviours to visit more often socially
desirable pages, like news sites, although it seems less likely. Although no experimental
research has been conducted yet, preliminary evidence using non-experimental data suggests that
individuals might not change they behaviour when observed (see (Toth and Trifonova, 2020)).
These changes of behaviours will produce measurement errors, unless they produce a complete
loss of information needed to compute a nonbehavioral measurement, in which case it should be
considered as a missing data error. For longitudinal uses, if participants start to behave
differently, measures of change will be biased.

5.2.11. Extraction errors
Often researchers do not extract all the data, but select specific domains, periods of times or
individuals for which/who to extract information. When specifying the domains or the period of
time, incomplete or erroneous specifications can generate measurement errors. For instance, in
the case of URLs, if a fake news domain is not specified in the query to extract data this would
underestimate the total fake news consumption. This is not a specification error, since the error is
produced not from the conceptualization phase, but as a mistake when creating and executing the
queries which to extract the specified data. Extraction errors can also produce missing data
errors. Indeed, problems with the query can leave sampled participants out of the final database,
if their information is not extracted.

5.2.12. Shared devices
Metered data is produced by devices. Devices can be shared between different individuals. For
instance, although a PC can be linked to a participant, the same PC might be shared by different
members of the family. (Revilla et al., 2017) found, for a metered opt-in online panel, that more
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than 60% of desktops, 40% of laptops and tablets, and 9% of smartphones used to go online by
the participants were shared to some degree. Let us assume that some researchers want to
measure the partisan news consumption. Participant 1 shares a metered PC with his/her father.
During the metered period, Participant 1 does not visit any news media website. However,
Participant’s 1 father consumes an average of 1 hour of liberal news media outlets from the
shared PC. Participant 1 will be considered to present a liberal consumption pattern, although
he/she did not visit any news media website. Now assume that Participant 2 visits an average of
1 hour of liberal media outlets from a shared metered PC. Participant 2 shares his/her PC with
his/her partner, who visits an average of 1 hour of conservative media outlets. Participant 2 will
be considered to engage with both conservative and liberal media outlets equally, not being
polarized. However, Participant’s 2 true behaviour would be exclusively liberal.
Approaches to differentiate between the participant’s behaviour and third-person’s behaviours
should be used (e.g. algorithms that differentiate between individuals’ behaviours, see (Ochoa et
al., 2017)). However, these approaches can still not perfectly discriminate between behaviours,
so such errors are not perfectly accounted for. Moreover, these approaches are often not used.
Shared devices, hence, introduce measurement errors. No missing data errors are produced by
shared device. For longitudinal uses, if the patterns of sharing the devices vary across time,
measures of change will be affected by variations in the sizes of measurement errors.

5.3. Processing errors
Processing errors are the errors introduced after the data are extracted and prior to estimation.
They create deviations between the variables used for estimation and the observed ones. For
survey data, processing errors can be produced during data entry, coding, editing, disclosure
limitation, and variable conversions or transformations (Amaya et al., 2020). Considering that
metered data can be unstructured, prior to estimation, extracted data might need to undergo a
series of transformations before being converted into variables suited for estimation. These
transformations happen during the transformation subprocess of Extraction, Transformation and
Loading (see Figure 2). More complex transformations increase the risk of introducing
processing errors.
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5.3.1.

Coding/categorization errors

Metered data can take an unstructured form like URLs, text, images or videos. Unstructured data
often need to be processed and transformed to be useful for most researchers. This process might
involve coding or categorizing the unstructured data into classes, labels, sentiments and so on.
Categorization can be done manually (e.g. using MTurk coders, (Peterson et al., 2018)), using ad
hoc machine learning algorithms (e.g. supervised machine learning to categorise the topic of
news articles, (Peterson and Damm, 2019)), or using already available third party machine
learning algorithms (e.g. a comparison of manual coders and Google Vision API to code
images, (Bosch et al., 2018)). Manual coding can prompt the same errors as for survey data, i.e.
that different persons coding the same raw data have different judgments or that coders
systematically misinterpret and misclassify some information. Supervised learning algorithms
present a similar problem, with errors linked to the accuracy of the machine learning model. The
less accurate the model, the higher the chances of misclassifying. Finally, with third party
algorithms, an extra problem is the lack of information of how the model is created. Third party
models might be better or worse, but black boxes can prevent researchers from identifying the
errors. Misclassifications can happen and these can be systematic, but the extent and the
processes behind might be difficult to assess and correct.

5.3.2.

Data aggregation

In some cases, the final analyses cannot be done using the data at the URL level due to vendors,
privacy regulations or researchers’ decisions. Then, data is aggregated at the domain level before
being analysable (e.g. the domain for theguardian.com/uk/sport/ is The Guardian.com). By
aggregating the data at the domain level, information is lost: 1) some concepts might not be
measurable. For instance, if a researcher wants to measure the time spent visiting the sports
section of The Guardian, this will not be possible since all the URLs with
theguardian.com/uk/sport/ will be converted into theguardian.com. 2) Some concepts might be
measured with less accuracy. Using a slightly modified version of the previous example, if a
researcher wants to measure the time spent visiting sports related news, it would be possible to
accurately measure the time spent for sports outlets (Eurosport). However, information from
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generalist outlets (e.g. theguardian.com) would be lost. The final measure would underestimate
the total time spent visiting sports news outlets.

5.3.3. Data anonymization
Data can be anonymized i.e. all the pieces of information that could lead to identifying
participants are obscured. This can be done manually or using machine learning algorithms. Both
approaches, however, can provoke errors. Thus, relevant information which was not intended to
be hidden can be lost (see Ochoa and Paura, 2018).

5.4. Coverage errors
Coverage errors occur when the sampling frame from which the sample is drawn differs from the
target population. Frames can suffer from undercoverage (i.e., units part of the target population
are not in the frame), overcoverage (i.e., units in the frame are not part of the target population)
or duplicate elements (i.e., units are listed more than once). Whether these problems introduce
bias or variance depends on whether the duplicates and the over or undercovered are
significantly different in terms of the statistic of interest. If researchers use an opt-in metered
online panel, coverage errors occur when the full panel differs from the target
population (Groves et al., 2009). Although coverage errors are unquantifiable per se when using
an opt-in online panel, errors are linked to one or more panel practices (Unangst et al., 2019): for
instance, their refreshment strategies or if they blend samples from different sources. Researchers
can qualitatively assess panels beforehand to potentially reduce these errors.

5.4.1.

Non-trackable individuals

Although participants might appear in a sampling frame, they might be non-trackable. Similarly
as for online surveys, those individuals who do not use the Internet cannot provide information.
Besides, for metered data, Internet users might only use non-trackable targets to access the
Internet. Although these individuals might appear in the sampling frame, once contacted, they do
not have the possibility to participate. Specific coverage errors related to Internet
access/trackable devices are no evident and often cannot be assessed until sampled units are
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contacted and the access to, or use of, the internet/trackable devices is assessed (Couper et al.,
2007). If significant differences exist between those trackable and those non-trackable, coverage
errors are introduced. This type of coverage error could be solved if sampled units which use the
Internet but with non-trackable devices were provided with trackable devices by the researchers.

5.5. Sampling errors
Sampling errors are defined as the errors that arise because of analysing a subset of the
population of interest rather than the entire population. When units in the sampling frame are
given a zero chance of selection, in every potential sample drawn that unit will be systematically
excluded. If the excluded units differ from the non-excluded ones in the frame, bias is
introduced. For instance, in Address Based Sampling, when invitations are sent by mail, the
selection of individuals within addresses is done by the address residents, following quasirandom protocols. This can lead to sampling errors.
Sampling also introduces variance into estimates. For a given sampling design, many different
samples could be drawn. Each sample, by chance, would produce different values for the statistic
of interest (e.g. average time spent visiting online political media outlets). The hypothetical
dispersion of the values for all the different drawable samples measures the sampling variance,
with small dispersions leading to low variance. Several factors can increase sampling variance,
for instance, small sample sizes or the use of clustering.
If researchers use an opt-in metered online panel, nonprobability sampling is used (e.g. quota
sampling). In this case, units are included with unknown probabilities. Therefore, the size of
sampling errors is unknown. Regardless of the probability or non-probability nature of the
approach used, the causes behind sampling errors do not necessarily differ between survey and
metered data.
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5.6. Adjustment error
When modelling and creating estimates, researchers can make use of weighting or imputation
strategies with the objective of improving the representativeness of statistical estimates. Since
metered data can be based on probability and nonprobability samples of participants drawn in a
similar fashion as for surveys, similar weighting and imputation strategies can be used, with
similar risks of producing errors. Hence, deficiencies in missing data and coverage error
weighting adjustments, and imputation for item missing data, can introduce adjustment errors
(see (Mercer et al., 2017): 256-257 for an example).
If metered data, however, is not supplemented with survey data or profiling information,
accurately weighting for traditional sociodemographic and/or specific attitudinal variables might
not be possible. Only using behavioural data to compute the weights might prove difficult since
gold standard estimates for these are not normally available. Besides, even if metered data is
supplemented with survey data or profiling information, a proportion of those being metered
might not answer the questions, having missing information for those variables needed to
compute the weights.

6. Discussion
In this paper, our main goal was to provide a framework to understand the errors that can occur
when using metered data. To do so, we adapted the TSE framework by expanding (Groves et al.,
2009)’s version to accommodate it to the specific error generating and error causes of metered
data. The adapted framework serves as a guide to understand how the specific characteristics of
metered data can affect data quality and to compare metered data errors with survey errors. This
framework, first, shows that the data generation and analysis process of metered data is different
than the ones of surveys and found Big Data sources presented in the TSE framework (Groves et
al., 2009) and the TEF (Amaya et al., 2020), respectively. By presenting a detailed description of
the process, researchers can understand all the steps that they should consider when planning to
use metered data, as well as the errors associated with those. Second, this framework shows that
metered data, as any data sources, is imperfect. Many errors, some already known and other
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specific for metered data, can potentially affect data quality. Some causes of these errors,
moreover, are new and specific for metered data. On the one hand, the measurement process of
metered data, which is not based on developing and asking questions but on tracking and
observing behaviours using specific technologies, provokes important differences. Technological
errors, partial observation of behaviours or inaccurate observations due to shared devices are new
problems. On the other hand, although the representation aspect of metered data is more similar
to the one of survey data, sampled units are not contacted to answer a questionnaire but to install
or configure a tracking technology into their targets. The different causes of nonresponse for
metered data, as for instance not being able to install a tracking technology into an individual’s
target, substantially differ of those of surveys.

6.1. Main limits
This framework, nevertheless, has limits. First of all, although it tries to be as general as
possible, highlighting differences when using metered opt-in online panels and for longitudinal
uses, applying it to all the different ways in which metered data can be collected and analysed
might not be possible. Moreover, as for TSE and TEF, this framework only considers a definition
of data quality. Other factors should be considered when deciding whether to supplement or
replace survey data with metered data (e.g. cost, timeliness, risks). For instance, metered data is
currently an expensive alternative. In addition, privacy and ethical issues must be considered
when planning to collect metered data. How data is collected, stored, processed, and shared can
have important ethical implications. Especially important consideration must be placed in the
tension between reproducibility and data protection. To protect participants privacy, metered
data should not be shared nor made publicly available in its raw form. This can make results nonreproducible. Another limit lies in the lack of previous methodological research available. This
framework is mostly conceptual. Empirical research is needed to understand how large these
errors can be in different studies, and to discover new errors which might not be considered in
this framework. Nonetheless, our framework can serve as a basis to empirically explore the
extent to which error causes affect metered data. Apart from this, metered data is continuously
evolving. Errors which appear here might be solved as technology evolves (e.g. shared devices
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might be solved by implementing reliable algorithms). Besides, as technology evolves, new
functionalities might allow to collect new types of data, which might introduce new challenges.
Our framework, however, can serve as the basis for future adaptations if new changes outdate the
current ones. Finally, this framework only considers the errors of metered data independently.
Research must evaluate the error when combining metered data with surveys, which is common
practice. For instance, how different harmonization methods affect the resulting estimates and
models. Our framework can serve as a reference to explore these errors, but extra considerations
might be needed.

6.2. Practical recommendations
Based on this framework, we propose some preliminary practical recommendations for
researchers and practitioners using metered data. First, a clear definition of what concept the
tracked information should measure is needed. This requires an exhaustive description of, for
instance, what is considered as a visit and what domains and specific URLs should be used to
measure the given concept. Besides, if measuring attitudes with what is essentially behavioural
data, a clear theoretical argument must be made to justify that behaviours can be used to infer
attitudes. For instance, (Barberá, 2015) inferred individuals left-right position using the Twitter
accounts that they followed. To do so, the author clearly stated his assumptions, based on
previous research: 1) individuals prefer to follow accounts whose ideological positions are
similar to theirs, 2) following an account is a costly signal about individual’s perception of their
position and of the accounts followed, 3) offline network homophily can be extrapolated to
online social networks and 4) individuals on Twitter behave similarly as when exposing
themselves to political news, seeking opinion-reinforcing political information instead of opinion
challenges. Second, researchers must consider the potential consequences that the different
technologies can have on data quality before deciding which one(s) to use. The technologies
used can have an impact on: which targets can be tracked (e.g. no iOS devices if using an
app/SDK), the type of information trackable (e.g. no HTTPs subdomains if using a proxy),
whether data is tracked continuously or at a given point in time (e.g. plug-ins that collect the
available web browsing history at a given point in time), the accuracy of the data (e.g. proxies
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might collect connections made by the device and not by the unit of interest) and potentially the
willingness of individuals to install or configure the tracking technology (e.g. individuals need to
manually configure the proxy following a guide which can reduce the willingness). All this can
introduce different measurement and missing data errors. Besides, if different technologies are
used to track different targets, differences in the propensity of installation and their measurement
quality can introduce technology/mode effects, not only between participants, but also within.
Given the seemingly impossible option of tracking all the targets with a unique technology that
provides a high accuracy and low burden for individuals, researchers must consider the best
trade-offs between cost, target coverage, burden, tracking accuracy and harmonization between
different alternative designs, and clearly justify the final decisions. Third, considering that past
research has found that willingness levels to install tracking technologies is low (e.g. 16.6% in
Spain, (Revilla et al., 2019)), researchers should explore strategies to increase the willingness of
individuals to install them. However, our paper shows that 1) different tracking technologies can
present quite different installation and/or configuration processes; 2) in many cases multiple
tracking technologies might need to be installed for the same individual; and 3) targets are
normally unknown, so researchers might need to rely on individual’s self-reports when deciding
in which targets to ask for the meter to be installed. Hence, different individuals might present
substantially different installation/configuration processes. All this need to be considered
beforehand, in order to create specific instructions and encouragement strategies to maximize
participation and complete installation. Fourth, missing data and measurement errors can be
confounded. It is the responsibility of researchers to define strategies to maximise the
information available to identify missing data. For instance, creating strategies that help
identifying those which are not tracked in all the targets of interest. Fifth, even if no
technological nor installation/willingness problems occur, it cannot be assumed that what is
observed is a perfect representation of individual’s real online behaviours. Targets might be
shared with non-sampled individuals. In addition, individual’s might change their behaviours
when knowing they are observed. Finally, considering that design decisions can impact data
quality, these decisions need to be properly reported. Most research done to date does not
disclose the technology used, the specification of the measurements used, the specific targets
metered (more specifically than reporting ―desktops‖). This is not an adequate practice since it
does not give enough information to judge the implications for results, and it is not comparable
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to the current practices when using survey research. The supplementary information provided by
(Guess et al., 2018) represent a good example of how to transparently describe how the measured
concepts have been defined and operationalized.

6.3. Conclusion
This framework shows that caution should be taken when using metered data to make inferences
about a theoretical concept for finite populations. So far, metered data has been used without
questioning its quality, assuming it should be higher than the one of surveys. Nevertheless, many
errors can affect metered data. However, while survey errors have been studied for a long time
and are generally well known, with (well) developed approaches to assess and correct them,
metered data errors are still unclear, specific to the companies and technologies used and with
very little research on how to assess and correct them. Although the size of these errors is
unknown, metered data can be expected to be biased.
This does not imply that metered data should not be used. Some of the advantages of metered
data are still relevant. Metered data allows to collect data in real time, with a high granularity and
in an unobtrusive way. Besides, for behavioural concepts, although specification errors can
happen, a strong relationship between measures and behaviours can be expected. These benefits
might offset the potential errors presented in this framework. However, more work is needed to
understand the consequences of metered data errors and the trade-offs of using metered data
instead of survey data. Besides, researchers using metered data should at least acknowledge the
potential errors and discuss the consequences they may have on their results.
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