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The importance of measuring what people do online

It is becoming vital to better understand what people do online and what impact this has on 
online and offline phenomena.
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Web tracking data to understand online behaviours

• Survey self-reports are still the most common approach 

3

But they might be affected by 

many errors
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Web tracking data to understand online behaviours

• Survey self-reports are still the most common approach

• More and more availability of digital traces to directly observe media exposure 
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Individual-level approach: web trackers

Direct observations of online behaviours using 
tracking solutions, or meters.

Group of tracking technologies (plug-ins, 
apps, proxies, etc)

Installed on participants devices

Collect traces left by participants when 
interacting with their devices online: URLs, 

apps visited, cookies…
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The rise of web tracking data
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WT is used to study exposure 

to fake news during the 2016 

US election campaign
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What is this thesis about?

The development of a sophisticated measurement theory is a precondition for digital trace data to be meaningfully 

integrated into the social sciences.
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A critical assessment of the quality of web tracking 
data

While web tracking data enjoys gold standard status, no evidence supports this

• What is the quality of web tracking data? 

• Its errors? 

• What are the best practices when using this data?

8

The development of a sophisticated measurement theory is a 

precondition for digital trace data to be meaningfully integrated into 

the social sciences.

Jungherr, A. (2018). Normalizing Digital Trace Data. In Digital Discussions (pp. 9-35). Routledge.
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A multidimensional exploration of web tracking data
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Error 

framework

Estimating 

the biases

Psychometric 

properties

I combine survey and computational methods to understand how we can improve the use of 
web tracking data in the social sciences
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TRI-POL: the triangle of polarization

Three wave survey combined with web tracking 
data at the individual level (both PC and mobile 
data)

Netquest metered panels 

• Cross-quotas: gender, age, education and 
region

• Sample size: ≈1,200 per country

Spain, Portugal, Italy, Argentina and Chile
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An error framework for 
web tracking data

The development of a sophisticated measurement theory is a precondition for digital trace data to be meaningfully 

integrated into the social sciences.
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• In general, web tracking data is used to 
make inferences about a concept of 
interest for a given population.

• There are many steps to follow when 
collecting web tracking data. 

• Many decisions can be made for each step, 
all with potential impact on data quality.

12

A complex and burdensome process
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Error 

components

Specific error causes

Specification error  Defining what qualifies as valid information

 Measuring concepts with by-design missing 

data

 Inferring attitudes and opinions from 

behaviours

Measurement 

error

 Tracking undercoverage

 Technology limitations

 Technology errors

 Hidden behaviours

 Social desirability

 Extraction errors

 Misclassifying non-observations

 Shared devices

Processing error  Coding error

 Aggregation at the domain level

 Data anonymization

Coverage error  Non-trackable individuals 

Sampling error  Same error causes as for surveys

Missing data error  Non-contact

 Non-consent

 Tracking undercoverage

 Technology limitations

 Technology errors

 Hidden behaviours

 Social desirability

 Extraction errors

 Misclassifying non-observations

Adjustment error  Same error causes than for surveys

• There are many specific problems that can 
introduce errors to web tracking data

This can lead to many errors
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Error 

components

Specific error causes

Specification error  Defining what qualifies as valid information

 Measuring concepts with by-design missing 

data

 Inferring attitudes and opinions from 

behaviours

Measurement 

error

 Tracking undercoverage

 Technology limitations

 Technology errors

 Hidden behaviours

 Social desirability

 Extraction errors

 Misclassifying non-observations

 Shared devices

Processing error  Coding error

 Aggregation at the domain level

 Data anonymization

Coverage error  Non-trackable individuals 

Sampling error  Same error causes as for surveys

Missing data error  Non-contact

 Non-consent

 Tracking undercoverage

 Technology limitations

 Technology errors

 Hidden behaviours

 Social desirability

 Extraction errors

 Misclassifying non-observations

Adjustment error  Same error causes than for surveys

• There are many specific problems that can 
introduce errors to web tracking data

• Most are on the side of measurement

• The representation side is quite similar to 
surveys

This can lead to many errors
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Uncovering the biases 
of web tracking data

The development of a sophisticated measurement theory is a precondition for digital trace data to be meaningfully 

integrated into the social sciences.
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Tracking undercoverage

Objective: measuring individuals’ 

behaviours.

Reality: we only measure what we 

can manage to track.

True: 23m

Observed: 11m

Measurement error: -12m
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Identifying who is not fully tracked

The devices they say they use 

through self-reports

The devices we know we track 

through paradata

The devices we estimate they 

have undercovered
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How big of a problem is this?

The more devices people 

report using, the less likely it is 

for them to be fully covered
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Simulating undercoverage bias

Knowing who is fully covered allows also to simulate bias for them 

19

Full sample Fully covered sample
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Simulating undercoverage bias

Knowing who is fully covered allows also to simulate bias for them 

20

Full sample Fully covered sample

We can treat this subsamples as our “population” 

of fully covered participants
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Under Minutes 

mobile

Minutes 

PC

Total 

Yes 20 4 24

No 10 6 16

Yes 5 14 19

Yes 26 9 35

No 3 32 35

Yes 14 3 17

No 17 6 23

Complete coverage                         True value: 169 minutes

Simulating undercoverage bias

Simulation approach

21

We can estimate the true estimates of this fully 

covered subsamples…
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Simulating undercoverage bias

Simulation approach
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Complete coverage                         Biased value: 104 minutes

Under Minutes 

mobile

Minutes 

PC

Total 

Yes 0 4 4

No 10 6 16

Yes 0 14 14

Yes 0 9 9

No 3 32 35

Yes 0 3 3

No 17 6 23

We can estimate the true estimates of this fully 

covered subsamples…

…to then simulate how their estimates would 

change if some of their information was lost
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Simulating undercoverage bias

Monte Carlo simulations

For each scenario to simulate, we ran 1,000 random simulations.

23

For example, in each simulation a participant has a 

0.25 chance of losing all their mobile devices
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Simulating undercoverage bias

Computing the bias

We then compute the average estimate of all 1,000 simulations
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Avg. undercovered estimate: 22 minutes

True estimate: 40 minutes

Difference: 18 minutes               bias 
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What are the sizes of the simulated biases?
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What are the sizes of the simulated biases?

75

50

25

0

We can jump from 17% up to 
33% participants identified as 
news avoiders, a relative bias 

of almost 100%
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This happens across statistics and scenarios

Relative bias introduced by undercoverage, depending on the 

probability of having all PCs or Mobile devices not covered
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What are the psychometric 
properties of web tracking 
measures?
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Web tracking measures are biased, but how 
valid and reliable are they?

• To decide when to use web tracking data or surveys to measure specific concepts, it is 
helpful to compare their psychometric properties

29



Slide / 46

Web tracking measures are biased, but how 
valid and reliable are they?

• To decide when to use web tracking data or surveys to measure specific concepts, it is 
helpful to compare their psychometric properties

• This is also important when deciding which specific web tracking measure to use, if there 
are multiple options

30
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The case of media exposure

• Most used measure in web tracking research

• The quality of surveys has been heavily criticised

Bartels, L. M. (1993). Message received: The political impact of media exposure. American Political Science Review, 87, 267-285
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How can we measure media exposure?

Concept: The extent to which an individual encounters written news media
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How can we measure media exposure?

Characteristics Potential choices

Metric Visits, Seconds, Days, Media

List of traces

List of media Tranco, Alexa, Cisco, Majestic

Top media 10, 20, 50, 100, 200, All

Information Broad definition of news, only those 

identified as “hard” news

Exposure

Time threshold 1 second, 30 seconds, 120 seconds

App behaviour Included, excluded

Tracking period 2, 5, 10, 15

Across the three countries, this 
concept can be measured with 

+7,500 different measures

Concept: The extent to which an individual encounters written news media
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Estimating the validity and reliability of the multiverse

34
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Estimating the validity and reliability of the multiverse

• Predictive validity: the association between media exposure and political knowledge

35

Consuming 

media

Gaining 

political 

knowledge
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Estimating the validity and reliability of the multiverse

• Predictive validity: the association between media exposure and political knowledge

• Reliability: Is the measure consistent across multiple observations?

36
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The validity of media exposure measures

Media exposure is a bad 
predictor of political knowledge 

(gains).

An indictment of the predictive 
validity of measures? Or of the 
method use in the literature?

Self-report result

Self-report result
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The reliability of media exposure measures

The average is ≈ .86, but there 
are clear fluctuations.

Just like for surveys!
Self-report result
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Conclusions 
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Take-home messages

• This thesis puts into question the gold standard status of web tracking data

• There are many potential errors affecting web tracking data, with some such as tracking 
undercoverage clearly biasing results

• The reliability and validity of web tracking measures of media exposure is similar than 
those of surveys, for better or for worse

40
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The bigger picture

41

I am optimistic! Errors should always be expected, this does not discredit digital trace data

The thesis shows that we can (1) understand these errors, (2) quantify them, and (3) 
identify which design decision might produce the highest validity and reliability…

…in a faster and more efficient way than with surveys! 

A world of unexplored opportunities, we can improve how we study:

• Digital inequalities

• Digital wellbeing

• Democratic processes

• The relationship between misinformation and health outcomes
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Thanks! Questions?

Oriol.Bosch-Jover@demography.ox.ac.uk

Oriol Bosch Jover
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