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ABSTRACT
We introduce a design that is able to face some of the challenges
that digital news consumption is posing to traditional media
effects methods like linkage analysis. The challenges include (1)
memory errors and biases when reporting everyday news media
consumption leading to (2) errors when linking mass media out-
lets to survey data; (3) personalization of media content, as well
as (4) short-term dynamic processes. Mobile Intensive
Longitudinal Linkage Analysis (MILLA) uses an innovative combin-
ation of smartphone data donations to capture media exposure
and relevant media content, a mobile experience sampling ques-
tionnaire to capture immediate reactions to news, and the con-
tent analysis of uploaded news media content to measure media
effects. The design is explained by using an example of negativity
in the news and its effects on emotional reactions of recipients.
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Advancing Method Summary

� Method name: Mobile Intensive Longitudinal Linkage Analysis (MILLA)
� Description of method: MILLA is combination of smartphone data donations

(screenshots/photos) to capture relevant media content, a mobile experience
sampling questionnaire to capture immediate reactions to news, and content
analysis of uploaded news media content to measure effects of media con-
tent on recipients’ reactions.

� Aim: It aims at measuring media effects in the digital media environment in a
very fine-grained and dynamic way. MILLA is able to capture short-term
dynamics of media reception and –effects – even within one day.

� Data material: On the one hand, the screenshots and photos of relevant
media content can be analysed by manual or automated content analysis on
the other hand the design relies on self-report for immediate reactions to
media content (longitudinal survey data).

� Main contribution: The main contribution of the design is to overcome chal-
lenges of traditional linkage analysis, i.e. combining media content data with
survey data to a personalized, dynamic, digital, hybrid media environment.
Linkage analysis faces serious challenges when trying to assess effects of
digital media because of personalized media content, biases and memory
errors when trying to measure media consumption. Since MILLA is adaptive to
the relevant and personalized media content participants receive, it is more
suitable to capture digital news media effects and short-term dynamics of
media selection and –effects.

� Advantages: MILLA is a very fine-grained and adaptive design to measure
media effects in a real-world environment. In contrast to traditional linkage
analysis one is able to capture immediate reactions to specific media content
(e.g. emotional reactions to negative news messages), in contrast to experi-
mental designs, MILLA is able capture communication dynamics and longitu-
dinal processes.

� Challenges: Since the approach requires recipients to remember relevant recep-
tion situations and trigger the mobile surveys themselves, it requires a lot of
diligence from the participants. MILLA is also potentially resource-heavy since
participants need to make the data donations and fill the mobile surveys mul-
tiple times a day. Researcher certainly do not reach sample sizes of traditional
linkage analysis.

� Fields of application: Investigating immediate reactions to specific digital,
potentially personalized content, topics, or pieces of news media and model-
ling short-term dynamics of news media usage and –effects.
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Digitalization is changing our media landscape and the way we select and consume
news. However, the methods repertoire of news media effects research was mostly
built in an era of mass communication when there were relatively few news outlets,
providing homogenous information to a larger audience. Especially linkage analysis,
which is considered a “gold standard” in news media effects research, comes with the
premise of mass communication since they combine panel surveys and measures of
media exposure with content analysis of leading news outlets (De Vreese et al. 2017).

The basic idea of linkage studies is simple, yet powerful: Scholars link media con-
tent to attitudes, behaviour, emotions, knowledge, or other outcomes. More specific-
ally, scholars measure (1) exposure to news and (2) the variable of interest – be it an
attitude, public opinion, or behaviour – in a survey. Thereafter (3), they content ana-
lyse (leading) news media outlets and code media characteristics that are assumed to
affect the variable of interest; finally (4), they link media content data to those partici-
pants that reported news media exposure. As we will show in this article, traditional
linkage analysis is deeply connected to the era of mass communication and pose four
challenges that could be tackled by a new linkage design – Mobile Intensive
Longitudinal Linkage Analysis (MILLA). This special linkage design combines two sour-
ces of data: mobile experience sampling (mESM) data and content analysis of the
exact media content participants received. The mESM design is used to measure (1)
the exact and relevant online and offline media exposure by using smartphone data-
donations, i.e. participants upload screenshots, photos, and links of the exact news
items they received – be it print newspaper articles or online content. (2) Directly after
media reception they fill out a short questionnaire (the experience sampling form) to
assess the variables of interest. The media items participants uploaded with their
smartphones can be (3) content analysed, and the characteristics of that media con-
tent can (4) be linked to the mobile questionnaires, similar to the initial idea of the
linkage design.

Challenges and Blind Spots of Traditional Linkage Analysis

We now describe four challenges for the traditional linkage analysis approach. The first
three challenges are tightly connected with the digitalization of communication lead-
ing to fragmented, hybrid, and personalized media landscape. The fourth challenge
rather represents a blind spot of traditional linkage studies: short-term dynamics in
news media effects research.

Challenge 1: Digital Communication and Measures of Media Exposure

First of all, news sources have increased dramatically in the last decades.
Consequentially, measuring media consumption with traditional retrospective self-
reports became an increasingly complex task (De Vreese and Neijens 2016). Despite
valuable efforts to improve the traditional retrospective measure of media usage, the
hybrid media system, the always online and always connected environment of digital
news use, and fragmented media have increased biases in reporting how much news
a recipient used and which sources were used (Naab, Karnowski, and Schl€utz 2019;
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Pew Research Center 2019; Scharkow 2016). In a hybrid media system with blurring
lines between sources of information and increasing news usage via social media, it
has become almost impossible for recipients to distinguish, let alone memorize and
report, sources of online information. Reporting news usage accurately is, however, a
prerequisite of traditional linkage studies and biases lead to increasing measurement
errors (Scharkow and Bachl 2017).

Challenge 2: Digital Communication and Content Analyses

Increasing media sources and fragmented media diets do not only complicate the
measurement of news exposure but also the analysis of relevant media content. It has
been relatively easy to assess and link media content to large scale surveys when
there were only a couple of television news shows and a handful of major newspapers
that were setting the agenda (McCombs 2005). However, methods and designs need
to adapt to a media environment, in which the agenda-setting function of mass media
seems to shrink and is heavily dependent on the circumstances, e.g. the salience of an
issue or temporal context (Geiß 2019).

Challenge 3: Personalized Media Content

A further challenge to traditional linkage analyses that comes with media digitalization
is the personalization of media content (Bol et al. 2018). If news agendas and content
differ from recipient to recipient it is impossible to conduct traditional linkage studies
since they are based on the idea that each news outlet provides more or less the
same information to all its users.

Challenge 4: Communication Dynamics

Many linkage studies are not only concerned with snapshots and the contemporan-
eous relationship of recipients’ attitudes, beliefs, or behaviour and news consumption
but rather with developments or dynamics of news media effects. However, the trad-
itional designs are (1) bound by the time-lags of largescale panels – usually weeks or
months – and (2) variables that are not directly linked to the media content, i.e. gen-
eral attitudes, opinions or behaviours. When it comes to short-term dynamics, e.g. the
relationship between certain emotions and attention towards political news (Otto
et al. 2020), traditional linkage studies should not be the method of choice. The same
holds true for variables that are directly linked to a specific news item – be it a cred-
ibility judgement (Otto, Thomas, and Maier 2018) or obtained media gratifications
(Wang, Tchernev, and Solloway 2012). These processes and reactions were, up until
now, only assessable via experimental designs that do not account for communication
dynamics. MILLA is especially suitable for short-term dynamic processes and fast-lived
variables. While this blind spot is not necessarily tied to online communication, digital-
ization has increased short-term dynamics in communication.
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Challenge 5: Making Sense of Audience Reactions – MILLA and the
Audience Turn

In the last two decades, the audience has gained more attention in journalism, which is
described as the “audience turn” in journalism studies. Technical developments and
digitalization as described above have facilitated the interaction between journalists and
the audience (Loosen and Schmidt 2012). On the side of journalism researchers, the
audience turn comes with an individual-level, psychological perspective, which is not
captured best by more macro-oriented linkage studies, but call for individual level
research designs such as experiments, quasi-experiments, or factorial survey designs
(Otto and Glogger 2020; Wahl-Jorgensen 2020). MILLA is a radical realization of the audi-
ence turn since it puts the perceptions and activities of the individual recipient in the
focus of research – it takes the audience perspective seriously (see also Lecheler 2020).

Summing up these challenges in a provocative statement, one could say that a link-
age analysis was perfectly suitable for the 20th century concept of mass communica-
tion, when there was a limited amount of media sources with few leading channels,
newspapers, and magazines and media content was the same for a large audience,
and dynamic processes developed rather over days, weeks, and months than over
short-term. The “end of mass communication” (Chaffee and Metzger 2001, 369) as well
as the focus on journalism studies on the audience make it necessary to update study
designs for news media effects.

Beyond Traditional Linkage Studies: Linking Survey and Digital
Trace Data

One could argue that the combination of surveys and digital trace data, i.e. linking online
media tracking and traditional questionnaire self-reports is able to overcome some of the
challenges presented here. After all, digital trace data are much more objective, does not
rely on participants’ memory performance and is, thus, not prone to the biases that are
presented in Challenge 1 and 2 (see e.g. Stier et al. 2020). However, of course, these data
are (a) limited to online media and not able to capture the interplay of offline and online
communication environments. (b) Digital trace studies are only able to measure immedi-
ate reactions to media content if the user actively engages and leaves a digital trace (e.g.
liking, commenting, clicking). In a similar vein, the survey data come with similar weak-
nesses: it is impossible to capture immediate responses as well as variables that are spe-
cific to a certain media content (e.g. “How trustworthy is the Tweet you just read?”)
MILLA provides the opportunity to get more fine-grained reactions to the exact media
content that participants just received and, thus, more detailed reactions. Finally, (c) web-
tracking approaches face the problem of closed, proprietary social media platforms, where
the providers block attempts from web-tracking tools to gather data (Menchen-Trevino
2013). Since participants in a MILLA design upload screenshots and media content them-
selves, these data-donations allow the researcher to be independent from data access
from social media companies (see also Ohme et al. 2020). In sum, MILLA is not only able
to face some of the problems that traditional linkage studies have, but also some of the
weaknesses of newer, computational approaches. Finally, as we will show later, combining
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experience sampling and other digital data provide opportunities that go beyond the ana-
lysis that will be presented here.

Mobile Intensive Longitudinal Linkage Analysis

MILLA is able to face the aforementioned challenges by combining a fine-grained
panel design – the mobile experience sampling method (mESM) – with a longitudinal
and individual content analysis of the exact media items the recipients used and
uploaded. The design makes use of three sources of data – (1) mobile experience sam-
pling (mESM) to asses recipients’ immediate reactions to news content;(2) data dona-
tions, i.e. screenshots, photos or links of the news item the recipient just used; and (3)
a content analysis of this media content (see Figure 1).

The crucial feature of experience sampling is the idea of measuring a variable in-
situ, that means, almost in real-time and close to the situation of appearance and mul-
tiple times a day, after being alerted by a random or fixed signal or by an event
(Kubey, Larson, and Csikszentmihalyi 1996; Naab, Karnowski, and Schl€utz 2019). Using
this intensive longitudinal design allows to face the challenges mentioned above: In-
situ measurements are close to the reception situation and, thus, diminish memory
errors, providing more precise measures of media exposure (Greenberg et al. 2005;
Naab, Karnowski, and Schl€utz 2019). The data-donations provide us the exact, relevant,
and individual media content, which can be content analysed and linked to the
experience sampling questionnaire, similar to a traditional linkage design.

Figure 1. Schematic depiction of a longitudinal linkage analysis of three consecutive points of
measurement (t). Note. Number of occasions and time intervals between each occasion might differ
across individuals depending on when they fill out a questionnaire/receive a media message.
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The Example: The Dynamic Relationship between News Framing and
Emotional States

To illustrate the procedure for MILLA, we use a traditional question of communication
research as an example, namely the relationship between specific content features of
political news and emotional reactions. The body of research on the relationship between
negativity and emotional reactions is large (e.g. Lecheler, Bos, and Vliegenthart 2015;
Uribe and Gunter 2007) and as an example, it allows us to illustrate that MILLA can be
a powerful tool in the methods repertoire of communication and journalism scholars.

We explicate a study conducted in April, 2016. The assumptions are straightforward but
perfectly suited to show how media content and reactions to this content can be measured
and analysed by means of MILLA. We attempt to investigate whether negative political news,
i.e. news that focus on political failures, scandals, and problems affect recipients’ immediate
emotional reactions. Based on recent research (e.g. Lecheler, Bos, and Vliegenthart 2015), we
expect that negative tone affect emotional reactions, i.e. anger, fear, and joy (H1). Moreover,
we expect dynamics in emotional reactions: Lagged negative news characteristics affect
subsequent emotional reactions (H2) (Otto et al. 2020). Such fast-lived dynamics could hardly
be tested with traditional linkage analyses or traditional experimental approaches.

Step 1: Capturing Media Exposure and Received Media Content with
Data-Donations

When conducting a mESM study, one can distinguish time-contingent and
signal-contingent designs from event-contingent designs. In time-contingent studies,
participants fill out the experience sampling form after a pre-defined interval (e.g. two
hours); in signal-dependent designs, participants are alerted randomly on a mobile
device to fill out a questionnaire and then get asked about their activities (e.g. media
usage) within the last hours. Event-dependent approaches, in contrast, use specific
events or situations to trigger the assessment, e.g. every time a participant
sees a politician in the media or every time the participant uses a certain app on the
Smartphone. This design is recommended for MILLA; after all, participants need to
upload the received news item, which is only possible directly after media exposure.
Following this approach, participants in this study (N¼ 96) were asked to upload the
media item (by taking a photo or screenshot) and fill the experience sampling form
every time they perceived a media item (newspaper articles or articles on the Internet)
that contained information about a politician.1

Step 2: Capturing Immediate Reactions to Media Exposure with Mobile
Experience Sampling

In the short questionnaires that followed each contact with a political news item, we
asked the participants about how they felt while watching or reading the news item.2

We assessed emotions with a single item asking how angry (M¼ 2.78, SD ¼ 1.61), fear-
ful (M¼ 1.93, SD¼ 1.16), and happy (M¼ 2.33, SD¼ 1.29) the participants felt while
reading the article. All emotions were measured on a 6-point Likert scale ranging from
1 (did not feel … at all) to 6 (felt very … ).3
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Step 3: Content Analysis of Exact Media Content

Since participants uploaded (screen-)shots and links we were able to exactly analyse
the media content participants used.4

For the purpose of this article, we focus on text-based media items (print newspaper
and online media) only, leaving 447 media items for our further analyses (see Table 1,
Table A1).5 For this study, we were especially interested in the negativity of a news
item. Following Lengauer, Esser, and Berganza (2012), we measured negativity with two
items: (1) The level of negative tonality indicated whether the news item gave an overall
positive, negative, neutral (no tone), or mixed impression of politics. (2) The individual
tonality measured the level of a negative or positive tone towards political actors or
organizations. It was coded as predominately negative, for example, when the news
item comprised mistrust, accusation of incompetence, or negative traits of an individual
actor; as predominately positive when the item contained indicators like compliments,
portrayals of merit, or positive traits of an individual actor. We built a mean score for
both variables reaching from 0 (minimum) to 2 (maximum) (M¼ 0.81, SD¼ 0.69). After
four and five training sessions, respectively, the three coders reached high inter-coder
agreement (negative tonality: Holsti ¼ .85, individual tonality: Holsti ¼ .86).

Step 4: Linking mESM Data and Content Analysis

We restructured the survey data to long format. Therefore, each occasion for each par-
ticipant is a single case. Similarly, for the long format content analysis dataset, every
media item is a single case. We assigned a unique ID to each item in both datasets.
Based on the ID, we transferred the media content to the survey data.

Step 5: Analysing Intensive Longitudinal Data

mESM data combined with content analysis data has two important benefits when
linking media content to attitudes or behaviours. First, it shows a hierarchical data
structure with measurement occasions nested within participants capturing both intra-
and inter-individual effects and therefore allowing to analyse media effects as within-

Table 1. Number of respondents, occasions, and media items.
Respondents Occasions Media items

Potential 96 3840 3840
Received 90 936 619�
Excluding unidentifiable and poor quality items 81 751 529
Excluding TV shows 72 528 447
Excluding less than two measures 55 511 436
After listwise deletion 54 421 364
t1 18 27 24
t2 34 59 52
t3 35 65 55
t4 28 50 48
t5 29 60 54
t6 22 40 38
t7 35 71 64
t8 27 49 41

Note. Up to five measures each day over the course of eight days. �N¼ 905.
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person processes. Second, mESM data allows to model media effects whenever they
appear in a natural reception situation for each individual by taking into account con-
tinuous time, whereas data in traditional linkage analysis is usually aggregated to spe-
cific occasions like days or weeks (discrete time). In other words, MILLA is not only
more detailed, when it comes to the measurement of specific media content, it also
provides the opportunity to gather fine-grained data about the time of media recep-
tion. This can be of great value for researchers who have assumptions about the spe-
cific times of media reception (e.g. before going to bed) or about specific time lags. In
order to account for these characteristics, several statistical approaches can be used
(e.g. Hamaker et al. 2018). For our empirical example, we are especially interested in
estimating within-person relations. This can be done with multilevel-models centreing
the level-1 predictors (Curran and Bauer 2011). A multilevel-model to determine the
effects of negativity on negative and positive emotions can be written in a combined
form as

yti ¼ c00 þ u0i þ c01ðageÞ þ c02 genderð Þ þ c03 educationð Þ þ c04 political interestð Þ
þ c10 emoðt�1Þið Þ þ c20 negativityðtÞi

� �þ c30 negativityðt�1Þi
� �þ rti

with yti representing the emotional reaction to the media item at time t for respond-
ent i, where t refers to the time when individuals fill out a questionnaire. Therefore,
the time intervals between occasions might differ between individuals. Coefficients c10
(autoregressive effect from the emotional reaction on subsequent emotional reac-
tions), c20 (contemporaneous effect at the same time), and c30 (cross-lagged effect
from negativity on subsequent emotional reactions) represent effects from time-variant
level-1 variables. Of course, the researcher is able to control for different time lags or
even treat the time lag between measurement occasions as a moderator for media
effects. In contrast, the coefficients c01, c02, c03, and c04 represent effects from time-
invariant level-2 variables that do not change over the course of the study. Coefficient
u0i represents individuals’ deviation from the intercept (c00) that represents an average

Table 2. Fixed effects on emotional reactions (media effects).
Model 1: Anger Model 2: Fear Model 3: Joy

Coef. Est. S.E. Est. S.E. Est. S.E.

Level one predictors
Intercept c00 2.86 0.14 ��� 1.94 0.11 ��� 2.01 0.10 ���
Emotion(t-1) c10 �0.02 0.05 �0.11 0.05 � �0.05 0.05
Negativity c20 0.75 0.21 ��� 0.12 0.15 �0.06 0.16
Negativity(t-1) c30 0.62 0.21 �� 0.19 0.15 �0.12 0.16
Level two predictors
Age c01 �0.00 0.01 �0.01 0.01 0.00 0.01
Female c02 �0.42 0.32 �0.49 0.25 0.21 0.24
Education c03 0.15 0.29 �0.61 0.23 � �0.17 0.22
Political interest c04 �0.06 0.16 �0.09 0.13 0.06 0.13
R2 .05/.27 .07/.35 .02/.24

Note. N¼ 54, 421 occasions.���p < .001.��p < .01.�p < .05.
R2 shows marginal/conditional values. All level-1 predictors are group-mean centred. Level-2 predictors are grand-
mean centred.
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of individuals’ mean levels in emotional reactions across time. Thus, the model can be
considered as a mixed effects model in which u0i represents the random coefficient.

Emotional Reactions to News: Example Results

The results explicate how to answer substantive questions in news media effects
research as well as facing challenges (especially challenge 4) that were mentioned
above. There is a small autoregressive effect of fear (c10 ¼ �0.11, SE¼ 0.05, p ¼ .041),
but neither for other emotional reactions, nor did the emotional reactions in one time
point affect emotions at a subsequent time point (see Table 2). We found a contem-
poraneous effect (c20 ¼ 0.75, SE¼ 0.21, p < .001) and a lagged effect (c30 ¼ 0.61,
SE¼ 0.21, p ¼ .003) of negativity on anger. That means negativity in a specific news
item does not only affect the immediate emotional reaction after reading a particular
article but also does lead to higher than expected levels of anger at subsequent times.
In other words, some of the effects of negativity “carry over” to subsequent news
reception occasions. Again, a result that hardly can be found with any other design in
communication research.

The time-invariant level-2 predictors showed no effects with one exception.
Participants with higher levels of education showed lower levels of fear (c03 ¼ �0.61,
SE¼ 0.23, p ¼ .012) supporting earlier notions of citizens with high political efficacy
and sophistication being less prone to fear reactions towards political information
(Valentino, Gregorowicz, and Groenendyk 2009).

Added Value of MILLA: Tackling the Challenges of Research on Digital
News Usage

In this article and the exemplary study presented above, we show a new way of linking
media content data and panel surveys to investigate news media effects. MILLA com-
prises the idea to use data-donations from participants, i.e. screenshots, photos, as well
as links, and to a content analysis of these news items with smartphone surveys. This
approach is able to face some of the challenges that communication research in general
and linkage studies in particular face when analysing digital news media effects.

Challenge 1 and 2: Measuring Media Exposure and Analyzing Relevant
News Content

The idea of measuring media exposure with mESM is straightforward: if one of the
problems of exposure measures are memory errors causing biases in both the amount
of time spend on the media and the sources used (Scharkow 2016), measuring media
usage directly after or closer to the reception should curb this source of error. By
donating screenshots, photos, and links, the researcher is able to extract the informa-
tion about the media sources that is relevant to the research question at hand.
Moreover, it is possible to gain access to the exact media content recipients received,
and the researcher is able to circumvent barriers of social media companies to access
media content.
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Challenge 3: Personalized Media Content

MILLA takes into account recipients’ individual and possibly personalized news
agenda. In traditional linkage analyses, only a sample of news items can be analysed
and, thus, there is a gap between analysed news content and the items that recipients
really used no matter how tailored and fragmented a news diet might be.

Challenge 4: Short-Term Dynamics in News Consumption

mESM is not only especially suitable to measure media exposure but also to capture
immediate reactions to media content. Since the surveys are completed in-situ, i.e.
Directly after media exposure, it is possible to measure variables that are very fast-
lived and/or linked to the specific media content. We showed that negativity does not
only affect negative emotions such as anger at the same measurement occasion but
also the effect can spill over to the next news reception. To date, it was only possible
to measure immediate reactions to news media within experimental settings that,
however, do not account for dynamic processes (Feldman et al. 2013). While our
exemplary study was concerned with media effects, MILLA would be also suitable for
studies on news selection (see also Figure 1).

Challenge 5: Focus on the Audience

As we show here, MILLA perfectly represents the audience turn in journalism research.
It puts the individual recipient and their reactions in the focus. Taking into account
the example here, it also contributes to the “emotional turn” in journalism studies
(Wahl-Jorgensen 2020). Similar to the audience turn, the focus of attention is on the
recipient and obviously on affective processes (Lecheler 2020). The recipient in general
and fast-lived (affective) processes in particular are the main point of interest for
MILLA studies; the design, thus, perfectly represents the audience turn in journal-
ism (research).

These considerations show that MILLA is able to fill a gap between experimental
designs and traditional linkage designs. Experimental designs are able to capture
immediate reactions to complex and very specific media content but come with a
threat towards external validity due to artificial stimuli, reception environments, and
forced exposure. Experiments, furthermore, are not able to assess dynamic processes
as described above. Linkage designs, in contrast, can model dynamics and do not
come with the disadvantages of an artificial reception situation but are not able to
capture immediate reactions, fast-lived variables, and the effects of specific media
items – only to name a few weaknesses here. Finally, MILLA complements online track-
ing methods that do not rely on self-report of media usage and might be suitable to
measure online media usage as a whole. However, they are, of course, limited to
digital communication and come with further constraints and obstacles when trying
to assess social media content.
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Challenges and Pitfalls of MILLA

Of course, the MILLA design also comes with weaknesses. The researcher still relies
heavily on self-report, both for the (relevant) media consumption and the variable of
interest. While the in-situ measurement of both should decrease biases and memory
errors the limitations of self-report and questionnaires still apply in contrast to tracking
studies and digital trace data.

MILLA can be very demanding for participants. Filling out questionnaires, allowing
researchers to assess screenshots and photos, as well as understanding and keeping in
mind the instructions for the mobile questionnaire put a high demand on participants’
time resources, as well as cognitive abilities. Our experiences with asking participants
to donate data was very positive, i.e. none of the participants refused to upload
screenshots or photos and there are no technical skills necessary to take part in such
a study besides filling questionnaires and taking screenshots. The biggest challenge
on the side of the participants is staying alerted to potential events and triggers that
call for action on their side. Thus, the researcher is highly dependent on the commit-
ment and diligence of the participants. Since we have no control over the reception
situation, it is impossible to identify whether participants have completed the proced-
ure for every relevant situation – quite on the contrary it is likely that we are only
dealing with a sample of potential news reception situations.6 Against this backdrop,
MILLA might be particularly suitable for very specific media content, e.g. participants
seeing reading information about a specific politician or news on a certain topic; in
that case, the number of potential data donations and relevant media content would
decrease and the study is not as demanding for participants. For general news media
consumption, the design might not catch all the occasions. However, MILLA should
still be more precise than traditional survey studies.

Research on mESM has identified a few factors that contribute to data quality: The
higher participants’ commitment to the study, the better the data and the fewer
measurement occasions are missed out. Short scales and questionnaires as well as
monetary incentives, of course, contribute to high participant motivation (Fahrenberg
et al. 2007). Of course, depending on the design of the study and topic, there might
be privacy issues, e.g. when uploading names and photos of social media users –
especially for individuals that do not take part in the study and do not give consent
to the procedure. However, there are innovative ways to delete or prevent from using
unnecessary data, e.g. by using automated blurring software.

Adding to the high demand on participants, the MILLA design could also be
resource-intensive. It is almost impossible to draw bigger samples. However, while relying
on smaller samples and thus “loosing” between-subject variance, MILLA comes with the
advantage of potentially high within-subject variance due to many measurement points,
which is crucial for statistical power in intensive longitudinal designs (Bell et al. 2014).

Conclusion

The example and description here can be interpreted as one way of conducting MILLA
and combining media content with in-situ measurements. The possibilities to adapt
the design are manifold: On the one hand, since media content is already digitalized,
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it would be worthwhile to combine the experience sampling data with automated
content analysis. Scholars might use innovative extensions to the approach by adding
GPS or physiological data, e.g. by providing participants with wearables (Pejovic et al.
2016). Moreover, combinations with web-tracking and other digital trace data would
be valuable. While MILLA provides an immediate reaction to a specific news item,
digital trace data could be used to (a) capture participants general media environment
and (b) to assess other reactions on online and social media (e.g. clicking a link, liking,
commenting etc.). This combination could lead to a very detailed (MILLA), but also
comprehensive (digital trace data) picture of participants’ media environment.

In sum, MILLA provides a useful extension of the toolbox of communication
researchers who are interested in news media effects. The strengths mentioned above,
i.e. the adaption to personalized media, diverse and fragmented media landscape, and
a hybrid and dynamic media system, make the method suitable to investigate digital
news consumption of individual recipients. While the method and design are certainly
not yet common in communication research, we hope that this introduction helps
scholars to face some of the challenges that we describe above and to analyse and
describe recipients’ communication reality in more detail than before.

Notes

1. All participants downloaded a smartphone app called MovisensXS version 0.7.4162 (movisens
GmbH, Karlsruhe, Germany). Participants got an introduction to the app, and we provided a
manual that explained its features.

2. Participants filled these questionnaires on multiple occasions per day for eight consecutive
days. All information was immediately uploaded to a server as soon as participants got a
connection to the Internet. Participants filled on average M¼ 8.9 questionnaires (SD¼ 5.8;
min ¼ 2; max ¼ 26).

3. We assessed age (M¼ 34.72, SD¼ 14.96), gender (68.5% female), education (53.7% with
highest educational degree), and political interest (M¼ 4.05, SD¼ 1.03) as control variables.
Political interest was measured with five items on a 6-point scale (Cronbach’s a ¼ .91).

4. When looking at the material, we had to exclude, however, 90 articles due to poor quality
of the photos that rendered them impossible to be read. Moreover, sometimes respondents
reported the media channel without uploading a picture that made the media items
unidentifiable.

5. TV shows are hard to analyze by means of MILLA. This is due to the fact that many if not all
news shows contain several shorter clips or stories and it is, of course, not possible to fill a
questionnaire after each of these clips. For the purpose of this paper, we, therefore, decided
not to take into account news shows.

6. Of course, automatic triggers could circumvent this problem. If the experience sampling
procedure is triggered automatically, e.g. every time a participant closes a certain app on
the smartphone (Bayer et al. 2018) this limitation becomes obsolete. However, the
applications for these automatic triggers seem to be limited and also highly depending on
the technical circumstances of a platform, app, or homepage.
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Appendix A – Measurement Occasions

Table A1. Frequency of measurement occasions.
Frequency Percentage

Occasions 1 6 11.1
2 5 9.3
3 4 7.4
4 6 11.1
5 4 7.4
6 2 3.7
7 5 9.3
8 3 5.6
9 2 3.7
10 1 1.9
13 4 7.4
14 3 5.6
15 4 7.4
16 1 1.9
18 2 3.7
19 1 1.9
25 1 1.9

54 100.0

Note. Values represent occasions used for analysis. Due to listwise deletion and missing values in the first occasion
of the lagged variables (because there is no lagged value for the first measure), each of the 54 respondents shows
actually an additional occasion.
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