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2.8 Research Gap

While data storytelling is widely recognized as a powerful method to engage audiences and
communicate complex information (Dykes, 2019; Eckert, 2022; Kna ic, 2015), existing re-
search primarily focuses on its structural components such as narrative frameworks and visual
design (Segel and Heer, 2010; Weber et al., 2018), rather than the medium through which
the story is communicated. Yet, as Oba and Berger (2024) note, the medium fundamen-
tally shapes the message by in uencing both the deliberation of the communicator and the

salience of the audience.

Recent studies suggest mixed results on the actual impact of data storytelling on recall.
Zdanovic et al. (2022), for example, found no signi cant difference in recall between data
storytelling visualizations and traditional ones. Meanwhile, Shao et al. (2024) indicate sto-
rytelling may help users recall insights more accurately, but these results vary depending on
user characteristics like data literacy. These contradictory ndings point to a need for deeper

exploration on if the medium in uences outcomes like recall and attitude change.

Moreover, data literacy has emerged as a moderator in understanding how users interact
with data (Frank et al., 2016; Bonikowska et al., 2019; Cui et al., 2023). Yet, despite its
importance, few studies systematically examine how data literacy affects the effectiveness
of different storytelling mediums. While Song et al. (2023) suggest people with low pre-
vious knowledge bene t more from multimedia content and experts prefer text, the role of
data literacy in shaping attitude and recall of data storytelling remains unexplored. Although
multimedia learning theory by Mayer (2005) outlines how people process verbal and visual

information, it has not yet been fully applied to the context of data storytelling.
By addressing these gaps, this study contributes to a better understanding of how different

data storytelling formats affect audiences, particularly in terms of attitude and recall. The

ndings offer practical implications for designing more effective data-driven communication.
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3 Methodology

In this section, the methodology of the research is described thoroughly. This includes the

approach, design and implementation of the research process.

3.1 Philosophy of Science

"Our assumptions and views about how knowledge should be produced and about the nature
of the social world heavily in uence the research process.” (Clark et al., 2021, chapter 1)
Therefore, this section discusses the stance on the philosophy of science of this study.

The ontological stance of the research is that a social reality exists which can be measured,
though limitations occur due to methodological and contextual factors. Although knowl-
edge is created by aiming for objectivity, interpretations of the researcher (e.g., survey de-
sign) in uence the research design. Thus, the epistemological stance is modi ed objec-
tivism. Methodologically, the study uses a modi ed experimental approach that combines
hypothesis-driven quantitative methods with attention to contextual variables in order to ex-
plain and generalize insights rather than to understand individual cases (Figure 8). (Pickard,
2013, chapter 1)

Figure 8: This studies research paradigms (Pickard, 2013, chapter 1)

The experimental procedure begins with the identi cation of a research hypothesis based
on existing literature and theories. Then, the research takes a deductive approach. (Clark
et al., 2021, chapter 7)
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3.2 Research Design

This study uses an experimental design to explore how different storytelling formats affect
changes in people's attitudes and recall (Berger et al., 2002, chapter 1). This approach allows
for the systematic manipulation of the independent variable while holding other factors con-
stant. It increases the study's internal validity, which is one of the three key criteria in social
research design. The study randomly assigns participants to different groups and measures
the dependent variables to isolate the speci ¢ impact of the storytelling format. The exper-
imental setup also makes the study easier to replicate and helps to compare results across
groups. This supports the goal of understanding not only whether, but also how, storytelling

in uences attitudes and recall over time. (Clark et al., 2021, chapter 3)

To structure the methods applied in the experiment and its design, the methods are struc-

tured in line with the experimental procedure by Lazar et al. (2017), Chapter 3: "
1. Identify a research hypothesis.
2. Specify the design of the study.
3. Run a pilot study to test the design, the system, and the study instruments.
4. Recruit participants.
5. Run the actual data collection sessions.
6. Analyse the data.
7. Report the results.”

The last step, "Report the results" won't be covered in this section, a separate section is

dedicated to results and their analysis (Section 4).

3.3 Research Hypotheses

To examine if and how different modes of communicating data effect a change in attitude and

recall of information, this section derives research hypotheses from the research questions.
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RQ1: How might audiences' attitudes change after being presented with data storytelling

communicated through different mediums?

Data storytelling is a form of persuasion (Dykes, 2019, p.32). Persuasive communication
can be the trigger to a changing attitude of the audience of the communication. Therefore,

the rst hypothesis is:

H1: audiences' attitude changes after being presented with data storytelling.

There is no existing research on the different impacts of written versus verbal data sto-
rytelling. However, the modality principle by Mayer (2009) suggests that learning is more
effective from pictures and spoken words than from pictures and text because the latter over-
loads the visual channel. Learning increases the probability of an attitude change (Petty and
Brifiol, 2011). Additionally, a medium like speaking supports a more emotional content style,
which leads to higher persuasiveness and thus a higher probability of attitude change (Oba
and Berger, 2024; Dykes, 2019; Petty and Brifiol, 2011). Therefore, another hypothesis is:

H1.1: Audiences' attitudes are more likely to change if they are presented with verbal

data storytelling than written one.

RQ2: How might audiences' recall differ when being presented with data storytelling com-

municated through different mediums?

"When multiple areas of the brain are engaged, the hippocampus—which stores short-
term memories—is more likely to convert the experience of hearing a story into a long-term

memory" (Cote, 2021). Thus, the research hypothesis is:

H2: Audiences' recall improves after being presented with data storytelling.

In addition to that, an experiment by Moreno and Mayer (1999) reveals that students
who listened to narration alongside animations scored higher on retention tests compared to

those who read on-screen text with animations. The following research hypothesis is:
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H2.1: Audiences' recall is more likely to improve when presented with verbal data story-

telling compared to written one.

RQ3: How might the audiences' level of data literacy in uence their ability to recall informa-

tion they were presented with?

Schema Theory suggests that audiences with higher data literacy have more developed
schemas for understanding data, meaning they can process data more effectively, leading to

stronger recall (Pankin, 2013). Following:

H3: Audiences with a high data literacy are more likely to recall information they were

presented with across all modes of data communication.

RQ4: How might the audiences’ level of data literacy in uence their attitude change towards

the information they were presented with?

Applying the ELM people with higher data literacy are more likely to engage in central
processing, deeply analyzing and integrating the data-driven message that leads to long-term
attitude change (Petty and Brifiol, 2011). Those with lower data literacy may rely more on
peripheral cues, leading to a temporary attitude change (Petty and Brifiol, 2011). The hy-

pothesis is:

H4: Audiences with high data literacy are more likely to change their attitude in the long

term compared to audiences with low data literacy.

Subsequently, the following hypothesis model can be drawn:
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Figure 9: Hypothesis model for effective data communication

3.4 Additional Hypotheses

In addition to the hypotheses related to the research questions, further hypotheses are sum-
marized. The research is expected to show relationships between the following attributes
(Figure 10).
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Figure 10: Expectations of the relationship between different attributes that are measured.
The Relationships are visualized with an arrow.

The country, gender, and topic are not expected to in uence any of the other measured
attributes and are therefore not shown in Figure 10. Attitude change is expected to be greater
for younger participants because they are more likely to change their point of view than older
participants, who tend to become more resistant to change over the course of their lives (Ksi-
azkiewicz et al., 2020). Additionally, politic af liation can also have an in uence on the resis-
tance to change, as people with strong political views are less likely to change their attitudes
due to a higher likelihood of cognitive rigidity (Zmigrod, 2020). Extreme attitudes from the

beginning are expected to be less likely to change due to con rmation bias (Nickerson, 1998).

Recall is expected to be in uenced by previous topic knowledge, as for people with pre-
vious knowledge it is easier to recall information because they can put it in their existing
schema and retrieve it more easily (Pankin, 2013). The argument is the same for previous
experience with watching short videos. It is also expected that recall will decrease over time
due to the psychological principle of decay, which states that memories disappear unless they
are actively maintained over time (NeuroLaunch editorial team, 2024; Laming, 2021). This
is also why a better recall is expected to increase attitude change, as a change in long-term
attitude requires actively maintaining the information. Furthermore, higher education and
higher data literacy are expected to be related because people with higher education are

more likely to be educated about data. Additionally, the more time the audience spends on
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the data visualization, the higher their recall because they have more time to memorize the

information (Goldstein et al., 2011).

3.5 Experimental Design

There is one independent variable: storytelling medium. Two conditions of storytelling
medium will be examined: verbal and written, additionally, No storytellingas a control con-
dition is added (Lazar et al., 2017, Chapter 2). To minimize the probability that the results
depend on the chosen topic for data storytelling, another independent variable, topic, is in-
troduced. Two topics are prepared in the same way. In conclusion, the experiment designed
for this study contains six conditions (three conditions (verbaJ written, No storytelling x two
topics). Furthermore, randomization is used to assign participants to one of the six condi-

tions. This makes the following experiment a true experiment. (Lazar et al., 2017, Chapter 3)

There are two independent variables in the experiment, making it a factorial design. A
between-group, within-group, or split-plot design can be applied (Lazar et al., 2017, Chapter
3). In this case, a between-group design is most suitable to avoid the learning effect on partic-
ipants (Charness et al., 2012). If participants are rst presented with Written storytellingand
then Verbal storytellingabout the same subject, the rst exposure could in uence the second
in terms of previous knowledge. Additionally, repeated exposure to the same information can
in uence the ability to process information (Petty and Brifiol, 2011). One could argue that
the participants can be exposed to two or three different conditions about different topics
(factorial experimental design). This would mean a large amount of information for partic-
ipants to process, as they would be exposed to three different pieces of information, which
could lead to fatigue during the experiment (Lazar et al., 2017, Chapter 3). Therefore, six
groups of participants are required. To account for potential differences among participants
in a between-group design, a pre-questionnaire is included to gather information that may

in uence the results. (Lazar et al., 2017, Chapter 3).

3.5.1 Structure

The structure of the experiment is described to ensure transparency, thus the possibility to

replicate the experiment which is a criterion of quality in social research (Clark et al., 2021,
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chapter 3).

Participants who pass the pre-screening and are eligible for the experiment are randomly
assigned to one of two experimental topics (Figure 11). Every step of the process shown in
Figure 11 is implemented in Gorilla, a tool that helps build an experimental work ow where
rules for automatically assigning participants to conditions and tasks, as well as other rules

(e.g., interventions, delays), can be speci ed (Gorilla, 2024).

Figure 11: Experimental design structure. It is a between-group design across six different
conditions.

After being randomly assigned to one of two topics, participants receive a pre-questionnaire
containing demographic questions, topic-related questions, and questions examining their at-
titudes toward the topic and their data literacy. The reasoning behind the questions and their
design are explained in detail in Section 3.8. After completing the pre-questionnaire, the
participants are further randomized into three conditions per topic. At this stage, they are
exposed to information about the topic in either a verbal or written story, or no story format.
Immediately following the exposure, they are asked to complete another post-questionnaire
to assess recall and attitude changes. Since recall and attitude can change over time, the

same post-questionnaire is sent to participants again one week and one month after expo-
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sure (Laming, 2021; Petty and Brifiol, 2011). This is a longitudinal study in which data are

captured at least twice over time (Clark et al., 2021, chapter 7.3).

3.5.2 Design of Conditions

First, the two topics with existing data to focus on must be de ned to design the six condi-
tions of the experiment. Then, the visualization must be designed and a narrative developed.

The following describes these steps.

Topic
To nd a topic that is suitable for data storytelling it needs to meet certain requirements.

First, the topic should t into the "story zone" de ned by Dykes (2019) (Figure 12).

Figure 12: Story zone that describes which data is suitable for storytelling (Dykes, 2019)

Second, there needs to be available and reliable data on the topic of storytelling from
which visualizations can be built. Additionally, since attitudes and changes in attitudes to-
ward the topic should be measured, the topic should be something that can elicit an attitude
(Dijkstra and Goedhart, 2012). Finally, to prevent results that are too dependent on one

topic, two different topics that do not fall into the same category are chosen for the experi-

ment.

To nd reliable and available data, Kaggle, a website offering high-quality public datasets,
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is used (Kaggle, 2024). Additionally, Statistics Netherlands and similar government institu-
tions have reliable, documented data on various topics of interest to their citizens (CBS,
2025). The latter is excluded because it is limited to one country. On Kaggle, ve quality

datasets suitable for data visualization are identi ed:

Topic Description Story Zone Attitude Object Source

Global Health Indicators Dataset includes kgy health indicators Unpleasant / Qurban (2024)
for over 200 countries

Fish and Over shing Dataset includes data on how the Global Fish Unpleasant Fish consumption Geukjian (2025)

production is done and managed throught the years
Dataset includes data on global plastic pollution

and waste management

Dataset includes data about different Social Media
platforms and their impact on emotions

Dataset holds data about titanic passenger attributes
and if they died or not

Plastic Pollution Unpleasant Plastic waste management Ritchie et al. (2023)

Social Media Usage and Emotional Wellbeing Unexpected Social Media usage BULUT (2024)

Titanic Passenger deaths Unpleasant / Yasser (2022)

Table 3: Set of ve quality datasets for visualization evaluated against topic requirements

Table 3 shows that Titanic passenger data is not suitable for the experiment. It is data
from a century-old tragedy, and, although unpleasant, it is unlikely to affect people's attitudes
today. Additionally, global health indicator data shows information about various health in-
dicators, but it is too abstract to in uence attitudes. On the other hand, data about sh and
over shing, plastic pollution, and social media usage and emotional well-being fall into the
Story Zone and can be an attitude object. Since sh and over shing and plastic pollution
are both environmental topics, only plastic pollution is chosen for the experiment, along with

social media usage and emotional well-being.

Data Visualization
To design the visualization that is used in the control condition as well as the basis for the two
storytelling visualizations, the framework from Munzner (2014) is applied. In the framework,

the visualization process is guided by three questions that are asked iteratively: "
* What data is shown in the view?
* Why is the task being performed?
* How is the viz idom contructed in terms of design choices?" (Munzner, 2014, chapter
1)

What is the data that is used to build the visualizations. In the following table the dimen-
sions Munzner (2014) describes are listed and the characteristics of each of the two datasets
are de ned. This is done because the type of data can have an in uence on the design of the

visualization (Munzner, 2014, chapter 2).
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What Category Plastic Waste Dataset Social Media Dataset
Datasets  Data Types ltems ltems
Dataset Types Tables Tables
Dataset Availability Static Static
Attributes  Attribute Types Categorical, Quantitative Categorical, Quantitative
Ordering Direction  Sequential Sequential

Table 4: Description of full datasets according to "What" by Munzner (2014)

Table 4 describes the full raw data (BULUT, 2024; Ritchie et al., 2023). However, the

goal (Why) of the visualization is not to visualize every aspect of the raw data, but rather to

identify one interesting aspect suitable for data storytelling that has the potential to in uence

audiences attitudes. TheWhy consisting of actions and targets, is the same for both datasets.

Both datasets show attributes that are categorical and quantitative. To tell a story about the

data, different categories are compared, and the goal is to identify and display extremes.

The dataset on plastic waste management should show the audience how plastic waste is

managed in different regions and compare the regions with each other. The social media

data should provide insight into which emotions dominate on which platforms and compare

them. (Munzner, 2014, chapter 3)

This leads to the How, meaning how to visualize the data in the end. Figure 13 shows

how the social media data is Itered and reduced to end up with the necessary data for vi-

sualization (Munzner, 2014, chapter 3). The according visualization for the plastic waste

dataset can be found in Appendix A.
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Figure 13: Reduction of the social media dataset to prepare them for the visualization

Since the goal is to compare data points, the data is encoded further by aligning it and
using color and size to distinguish between different categories and make comparisons easier.
To nd the most intuitive way to visualize the data and show the insights, the guide of Wilke

(2019) is used in the following.

The two datasets consist of "numerical values shown for some set of categories" (Wilke,
2019, chapter 5). Bars are used to visualize them. If there are multiple sets of categories
the bars can be grouped or stacked to show different proportions (Wilke, 2019, chapter 5).
According to Cleveland and McGill (1984), grouped bar charts have the lowest error rate
because they share a common baseline and facilitate comparison. However, grouped bars
display a lot of information and can be dif cult to read, particularly when there are many
categories. For data including many conditions, stacked bars are more appropriate, even
though they have a higher error rate (Wilke, 2019, chapter 5, 6). The higher error rate
means the different proportions within the bar chart do not share a common baseline (except
for the bottom category), as they rely on the segment below them. This requires the viewer to
mentally align elements (Cleveland and McGill, 1984). To mitigate this mental effort, color is
used to help viewers distinguish between categories and compare sizes (Wilke, 2019, chapter
4). For that the principle of proportional ink, "the sizes of shaded areas in a visualization need
to be proportional to the data values they represent” (Wilke, 2019, chapter 17) is followed.

The result is one visualization for each dataset:
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Figure 14: Visualization of the two datasets which is the control condition and serves as a
baseline for the storytelling conditions

Instead of showing the y-axis of the graphs, the values are shown within the stacked bars
(Figure 14). "This substantially increases the amount of information conveyed by the plot
without adding much visual noise" (Wilke, 2019, chapter 6). The categories on the x-axis are
self-explanatory, so they don't need labels. For example, "Social Media Platforms" is not la-
beled (Wilke, 2019, chapter 22). Adding the source of the data to the visualization makes the
data more trustworthy because factors like credibility in uence how people perceive the data
(Petty and Brifiol, 2011). The choice of color should represent the categories. For emotions,
it represents the colors on the color wheel of emotions (health_blogger, 2023). The different
types of waste management show recycling in green, representing the green color of the recy-
cling symbol (WRAP, 2025). The other waste management types could not be assigned to a
speci c color. Incineration is orange to represent re when burning trash. Red is not used be-

cause of color de ciency. Land Il could be represented by brown because of the earth where
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the trash is buried, but brown is too similar to orange. Therefore, blue was chosen because
land lling can also impact the sea (Silverman, 2023). Lastly, purple was chosen for littered
and mismanaged waste because it can be distinguished from the other colors. Grid lines in
the background are not used because they provide no additional visual help and would only
add visual clutter (Wilke, 2019, chapter 23). The R code for creating the visualizations can

be found in Appendix B.

Data Storytelling

As mentioned by Dykes (2019), p.32, effective data stories need to combine narrative, visuals,
and data. The visual based on the data is designed in the previous section (Figure 14).
Next, a narrative is developed in this section. A classical narrative structure consists of an
introduction that builds to a climax and ends with a resolution (Dykes, 2019, p.87). To
develop the data stories, the six elements of a data story (Figure 4) are used to guide the
process (Dykes, 2019). Since a data foundation is already in place, the remaining elements
are the main point, explanatory focus, linear sequence, dramatic elements, and visual anchors
(Dykes, 2019). The main point identi es the target message that the story delivers. For social
media platform data, the target message is that social media affects emotions in ways that
are not always apparent and one should be mindful while using particular platforms. The
main point of the plastic waste management data is that actions are needed to increase more
sustainable ways of managing plastic waste. A data story must have an explanatory focus,
meaning all insights pointed out during the story must be explained (Dykes, 2019, chapter
4). Furthermore, a linear sequence is required. This means the data is revealed in stages,
with new insights building on each other to support the main point (Dykes, 2019, chapter 6).

The data storytelling arc provides guidance on structuring the linear sequence (Figure 15).

38



Master Thesis Information Studies - Aalborg University

Figure 15: Data Storytelling Arc providing a structure for telling a data story in four steps
(Dykes, 2019, chapter 6)

According to this arc, the two data stories are structured. The data storytelling arc of the
social media platform dataset is displayed in the following (Figure 16). The arc for plastic

waste management can be found in Appendix C.

Figure 16: Data Storytelling Arc for the social media platform data (Dykes, 2019, chapter 6)

Figure 16 shows a hook and three rising actions, including an explanatory focus and main
point, as well as a recommendation and trigger to take action. Dramatic elements, which are

also part of the six elements of a data story, are used in the story. The data storytelling arc
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itself is a dramatic element (Dykes, 2019, chapter 6).

Furthermore, a visual anchor is needed, which is a visual representation of the data that
helps the audience to understand the story better (Dykes, 2019, chapter 4). As discussed in
the previous section, the data is visualized intuitively. This visualization can also be used for
data storytelling. To support the linear sequence, only the parts of the data touched on in
the story will be highlighted, one after another, while the rest fades out. This aligns with
the signaling principle, which states that highlights direct attention to key content, and the
segmenting principle, which states that information should be broken down into smaller seg-

ments (Mayer, 2005).

Finally, the data story should incorporate all ve of Aristotle’s modes of persuasion. Men-
tioning the source of the data and picking a trustworthy source ensures the appeal to cred-
ibility is met (Dykes, 2019, chapter 2). Explaining possible reasons for the data and basing
the story on credible data meets the appeal to logic or reason. The appeal to emotion, or
pathos, is ensured through the dramatic elements and structure of the story. The purpose is
delivered through the main point, recommendations, and call to action. The appeal to time-
liness is dif cult to achieve because, even though the two chosen topics are of public interest,
the exact time at which the data is presented to participants cannot be in uenced, and good

timing can vary from person to person (Dykes, 2019, chapter 2).

Communication Medium

Two different videos are created to put the story and the visuals together. The videos are
created in the format of a TikTok video because "video is becoming a more important source
of online news, especially with younger groups" (Newman et al., 2024) as two-thirds of the
sample of the digital news report reported that they access short news videos weekly (New-
man et al., 2024). One video includes the visualization that is highlighted throughout the
story, while text is presented in the video. One of TikTok's standard fonts is used for the
videos (TikTok, 2025). Depending on the text's length, it appears and disappears after six to
eight seconds. There is a one-second break between every newly presented insight. The sec-
ond video presents the story in audio format without text, except at the beginning and end.

The voice presenting the insights is TikTok's standard Arti cial Intelligence (Al)-generated
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voice (TikTok, 2025). Although the voice principle suggests that a human voice is more ef-
fective for narration, using a human voice would introduce hidden variables, such as accent
and tone, that are dif cult to control (Mayer, 2005). This study aims to compare Written and
Verbal storytellingn video format. Other than that, the two videos are as similar as possible so
that the focus can be on the different modes of communication when comparing the results.
The control condition is just a visualization the same size as the video, with no storytelling

narrative applied. The four data storytelling videos can be found in Appendix D.

3.6 Participants

The sample for the experiment consists of 166 people between the ages of 18 and 60 with
a suf cient level of English pro ciency to understand the information presented. A non-
probability, self-selection sampling method is applied since the probability is unknown (Ve-
hovar et al., 2016). Participants can decide for themselves whether or not to participate in
the study. They are recruited through Proli ¢, a platform that connects researchers with par-
ticipants, meaning that participants are paid for their participation, which increases extrinsic

motivation. (Proli ¢, 2025; Ryan and Deci, 2000).

3.6.1 Legal concerns

Data collected from participants is stored and protected in accordance with the General Data
Protection Regulation (Proton AG, 2025). For that, participants are asked for their consent
to take part in the experiment. Additionally, at the beginning of the experiment, partici-
pants receive information about the data collected and how it is used to make the process as
transparent as possible (Appendix E). Only general personal data is collected. Therefore, the

collected data is anonymous.

3.6.2 Ethical concerns

The danish national center for ethics de nes four scienti c ethical principles: Autonomy,

Bene cence, Non-male cence, Justice (The Danish National Center for Ethics, 2024).

Autonomy means respecting participants' right to make their own decisions at all times.
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As mentioned above, participants are asked to give their consent to participate in the study.
Additionally, they have the possibility to leave the experiment at any point during the experi-
ment. The researcher's contact details are provided at the beginning and end of the study so
participants can reach out for more information or to see the results. (The Danish National
Center for Ethics, 2024)

Bene cence describes whether the outcomes of the research justify the amount of work
participants need to undertake. More speci cally, the research must create value for the par-
ticipants or for broader society. The motivation behind the research is explained in Section 1

and justi es the time participants invest.(The Danish National Center for Ethics, 2024)

Furthermore, the research should not cause any harm. No amount of value that the re-
search brings justi es harm. In this experiment, participants are given information and asked
guestions. Since the experiment takes place online, participants can take part from any loca-
tion. The information they are given represents facts. There is no psychological or physical
harm done to the participants during the experiment. (The Danish National Center for Ethics,
2024)

Lastly, the principle of justice must be observed. In research, justice means fairness in who
bears the risks and who bene ts. Trials should include those who will bene t, avoid exploit-
ing vulnerable groups, offer fair compensation, and ensure diverse participation. To ensure
diverse participation, Pro lic is used to recruit participants from different backgrounds. Any-
one who wants to participate and is signed up on Pro lic can do so and get compensated.
(The Danish National Center for Ethics, 2024)

3.7 Materials

In this section, the tools that are used to develop the experiment are described.

For recruitment, Proli c is used (Proli c, 2025). It is a platform that connects researchers
to a pool of participants and allows them to set up a speci ¢ screener to nd the right partic-
ipants for the research (Proli c, 2025). The experiment is set up in Gorilla (Gorilla, 2024).

Gorilla allows setting up complex experiments that include surveys, reaction time tasks and
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cognitive tests providing a drag-and-drop interface (Gorilla, 2024). Additionally, it supports

Proli c as a tool to recruit participants around the world (Gorilla, 2024).

For transforming and visualizing the two datasets R Studio and Miro are used (The R
Foundation, 2025; Miro, 2025). R is a language for statistical computing and graphics that
makes it possible to transform, analyze and visualize data (The R Foundation, 2025). The
adjustments made to the visualization (highlighting different parts) for the video were made
after the visualization was created in R in Miro, an extensive online whiteboard tool (Miro,
2025). Additionally, R Studio is also used for the nal statistical and exploratory analysis of
survey results. Last but not least, TikTok, a social media platform, offers the functionality to
cut short videos with Al-generated voice and the possibility to incorporate extra text (TikTok,

2025).

3.8 Data Collection

In the experiment, quantitative data is collected through a survey. The survey is chosen
because it allows for ef cient outreach to a variety of participants (Clark et al., 2021, chapter
10). Due to the longitudinal study format, it is more convenient for participants to answer the
survey at their leisure than to schedule three meetings with each participant. Additionally,
presenting data insights to participants in their familiar surroundings when they open their
laptop more closely resembles reality than presenting data insights during an online interview
with an observer. The choice and design of the questions are explained in detail below. (Lazar
et al., 2017, chapter 5)

3.8.1 Demographic Questions and Data Literacy

In order to provide context for the study and understand how demographics may in uence

the participants, the pre-questionnaire includes some demographic questions. These include
guestions about age, gender, highest level of education, and country of residence. Addition-
ally, a question about political af liation is included because strong political views can impact
attitude and likelihood of change. To answer RQ3, the data literacy of the participants must

be measured using a set of questions designed to assess data literacy. Since the goal is to as-
sess the overall data literacy of individuals, and not data literacy in a professional context, the

survey from QlikTech International AB (2025) is used as a survey to assess individuals' data
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literacy by Bonikowska et al. (2019). Only questions one to four are included as the other
guestions are too detailed and speci c for people with a profession that has touchpoints with
data (QlikTech International AB, 2025). All questions in the demographic and data literacy
sections are taken from previous surveys, recommended by different platforms, or based on
existing de nitions. Another question about the frequency of watching short videos is asked
using a Likert scale, since some patrticipants will be shown short videos, and their prior ex-
perience with this format could impact the results. The following table shows the questions

and their sources (Table 5).

Question Type Source

What is your age in years? Text eld SurveyMonkey (2025)

How do you identify? Multiple Choice (Likert-scale) Matsumoto (2025)

What is your country of residence? Text eld SurveyMonkey (2025)

What is the highest level of education you completed? Multiple Choice (Likert-scale) SurveyMonkey (2025)

Which of the following best describes your political af liation? Rating scale Eldridge (2025)

Data Literacy Questions (1-4) Multiple Choice (Likert-scale) QlikTech International AB (2025)
How much time do you typically spend watching short videos

(e.g., TikTok, Instagram Reels, YouTube Shorts) per day? Multiple Choice (Likert-scale) Self-developed

Table 5: Demographic and data literacy questions used in the survey and their sources

The guide from SurveyMonkey (2025) recommends placing demographic questions at
the end of a survey to make them feel less invasive. However, since this experiment involves
multiple surveys at different times and participants are compensated for their participation,
the demographic questions are placed at the beginning. This ensures that the demographic
data of each patrticipant is collected and that their answers are put into context, even if they

only participate in two of the three parts of the experiment.

3.8.2 Measuring Attitude

To measure attitudes toward plastic waste management and mental health on social me-
dia, an examination of existing literature is conducted. A study by Dowarah et al. (2022)
measured attitudes toward plastic waste using a Likert-scale questionnaire. This method of
measuring attitude is also recommended by Dijkstra and Goedhart (2012). The six questions
t the presented data and are used to measure attitude in this study (Dijkstra and Goedhart,
2012). No tting existing questionnaire could be found for the data about social media.
Therefore, six questions similar to those about plastic waste management were developed

to measure attitudes toward social media and mental health. Both sets of questions can be
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found in Appendix F.

This study requires measuring changes in attitude to answer the research questions.
Therefore, the same set of questions is asked before and after exposure to the insights, as
well as one week and one month afterwards. The order of the questions is randomized to
reduce the risk of participants memorizing the answers. Additionally, one attention question

Is added to ensure that participants read the questions carefully.

The pre-questionnaire asks one extra question about previous knowledge of plastic waste
management and social media's impact on mental health because previous knowledge can

impact attitude change (Petty and Brifiol, 2011). This question is in a Likert-scale format.

3.8.3 Measuring Recall

Recall is measured by asking participants questions about the insights presented to them.
They are given multiple-choice answer options to make the analysis of the results easier. Al-
though the de nition of recall is to retrieve information without speci c cues, the answer
options do not provide a cue because the participants' task is not to select words that were
previously presented (recognition), but rather to select the correct answer to the question
(Britannica, 2024).

Recall is measured over time (immediately, one week and one month after) to distinguish
between short-term and long-term recall. Questions are randomized again to avoid recalling
response patterns rather than the actual information. The recall questions can be found in

Appendix F.

3.9 Data Analysis

For analyzing the data in R Studio, the process of Wickham and Grolemund (2016) is fol-
lowed (Figure 17).
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Figure 17: Data Analysis Process (Wickham and Grolemund, 2016)

First, the data is imported into R Studio. Then, it is cleaned so that each column is a
variable and each row is an observation. In order to start working with the data, it needs to
be transformed so that the variables of interest can be visualized and models can be used. This
often includes calculations with existing variables, as well as converting Likert scale answers
into numbers for easier analysis later on. Transformation is part of an iterative process,
and if speci ¢ variables are missing during visualization or modeling, transformation can be
performed on demand. Visualizations provide an overview of the data and reveal patterns
that can be investigated further through modeling. They also help nd the right model for
the data. (Wickham and Grolemund, 2016)

3.10 Biases

Different biases caused by measurement instruments, experimental procedures, participants,
environmental factors, and experimenter behavior can affect an experiment (Lazar et al.,
2017). The latter is not applicable to this experiment because there is no experimenter
present. To mitigate their impact as much as possible, these biases are considered and de-

scribed below.

Bias caused by Measurement Instrument

This experiment uses questionnaires to measure outcomes. Questionnaire biases can arise
from the design of the entire questionnaire, individual questions, or the administration pro-
cess (Choi and Pak, 2005).
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A potential bias that could appear in this experiment is social desirability bias when asking
guestions about attitudes toward an object. Participants who do not change their attitudes
after being exposed to information may adjust their answers to align with social norms and
expectations (Clark et al., 2021, chapter 10.3). To minimize this bias, the questionnaire is
anonymous and conducted online, so participants do not feel observed or pressured (Clark
et al., 2021, chapter 10.3). Additionally, all data in the questionnaires is self-reported, mean-
ing the quality of the results depends on participants' honesty and motivation to complete
the questionnaire. Therefore, the purpose of the study is explained at the beginning, and the

experiment is kept as short as possible to prevent fatigue.

Bias caused by Experimental Procedures

To mitigate the risk of bias in the experimental procedure, clear instructions about what is
expected are provided to the participant for every part of the experiment. Additionally, atti-
tude and recall questions are randomized to mitigate learning effects. Finally, a pilot test with
three participants is conducted to test the experimental procedures before the experiment is

distributed to all participants. (Lazar et al., 2017, chapter 3)

Bias caused by Participants

Because the characteristics of participants can introduce biases into an experiment, partici-
pants must be carefully recruited. Since this is an online experiment, participants can decide
when and where to participate, which reduces stress. Additionally, a between-group de-
sign was chosen to prevent participants from becoming overwhelmed with too many tasks.
Additionally, an attention question is included to verify that participants are reading and an-

swering the questions carefully. (Lazar et al., 2017, chapter 3)

Bias caused by Environmental Factors

Because the participants' environment cannot be controlled, biases may occur. To prepare
participants for the experiment's tasks and allow them to nd suitable surroundings in which

to complete them, the type of task is disclosed at the beginning of the experiment. Ultimately,
the experiment should feel as realistic as possible to the participants, and any resulting biases

are taken into account. (Lazar et al., 2017, chapter 3)
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4 Results and Analysis

This section covers the analysis of the collected data starting with a general analysis of the
sample, followed by an analysis of the data relevant to answering the research questions
and validating the research hypotheses. Finally, some additional data analysis is included to
examine the expectations collected in Figure10. The full anonymized raw survey data can be

found in Appendix G, the R code for the analysis in Appendix H.

4.1 Participant Sample

190 participants that consented to participating in the study and nished the pre-questionnaire
are recruited through proli c in total. From them, participants that are not reading through
the questions carefully, are not watching the full storytelling video, or are not looking at
the visualization for more than 30 seconds are ltered out. This is done by Itering out all
participants who answered the attention question wrongly and the ones who spent less time
than the duration of the video on the video page or less than 30 seconds looking at the vi-
sualization. The breakdown of the number of participants per condition before and after the

threshold and Iter throughout the experiment can be seen in the following Table 6.

Condition Initial | Threshold Included 2nd Survey | 3rd Survey
Social Media

Verbal Storytelling 37 >81lsec | 36(97.3%) | 33(89.2%) | 30 (81.1%)
Written Storytelling 25 > 42 sec 25 (100%) | 23 (92.0%) | 22 (88.0%)
No Storytelling 35 >30sec | 29(82.9%) | 27 (93.1%) | 25 (86.2%)
Plastic Waste

Verbal Storytelling 24 > 107 sec | 21 (87.5%) | 19 (90.5%) | 17 (89.5%)
Written Storytelling 33 >63sec | 28(84.8%) | 26 (92.9%) | 24 (85.7%)
No Storytelling 36 >30sec | 27 (75.0%) | 25(92.6%) | 18 (72.0%)

Table 6: Participant counts, time thresholds, and retention rates across experimental condi-
tions and survey rounds.

All participants who are above the time threshold in their experimental condition and
answer the rst attention questions correctly are included in the study, no matter if they
drop out at some point in the longitudinal study. The study set-up in Gorilla is a random
but equal distribution between the conditions. This did not work out too well as the social
media, written storytelling condition has approx. 50% less participants than the plastic waste,

no storytelling condition. The 166 included participants are from 28 different countries in
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Europe (n = 78), Asia (n = 6), Africa (n = 78), Oceania (n = 3) and South America (n
= 1). The majority of participants are either from European or African countries. The age

distribution can be seen in the following (Figure 18).

Figure 18: Age Distribution across sample. The majority of participants are between 20 and
40 years old.

Figure 18 shows that the majority of participants are between 20 and 40 years old. The
median age is 30 years. 56.4% (n = 93) participants are women, 43.6% (n = 72) are men
and 0.61% (n = 1) of participants prefer not to say their gender. There are no participants

who identify as non-binary in this sample.
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Figure 19: Number of participants per highest completed education. The majority of partici-
pants have completed a higher education.

Figure 19 shows the number of participants per highest completed education. The major-
ity of participants have at least completed an undergraduate education. Following, this study
is representative of rather educated people. 38% of participants have a political af liation
of centre (Figure 20). There are 6.6% more left-centre than right-centre participants. The

extreme left and right positions differ by just 1.2% (Figure 20).
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Figure 20: Politic Af liation of participants. 32% of participants see themselves in the political
centre.

The Interquartile Range (IQR) of previous knowledge about Social Media is lower than the
one about Plastic Waste (Figure 21). To see if the previous topic knowledge differs statistically
signi cantly from each other between topics, a Mann—Whitney U test is conducted (Field
et al., 2012, chapter 15). The results show that the previous knowledge differs signi cantly
between topics (W = 4153.5, p = .010). This suggests that participants that get exposed
to the social media topic have more previous knowledge which could have an in uence on

attitudes and their ability to recall the information.
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Figure 21: Previous topic knowledge by topic. The previous knowledge about the social
media topic is higher than the plastic waste topic.

Only 6% of the participants report that they barely watch any short videos. Three-quarters
of all participants watch short videos at least a few hours a day (Figure 22). The distinction
between "l lose several hours per day" and "A few hours per day" might not be completely
clear to the participants. Nevertheless, it can be seen that short videos are watched at least a

few hours a day by the majority.

Figure 22: Short video usage of participants. Only 6% barely watch any short videos.

The best data literacy score a participant can achieve is four, representing a high data
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literacy. From seven on it is a moderate, ten a basic and 13 a low data literacy.

Figure 23: Distribution of data literacy score across participants. (4,5,6! high; 7,8,9 !
moderate; 10,11,12! basic; 13,14,15! low data literacy).

It can be seen from Figure 23 that the median of participants data literacy score is 9,
meaning a moderate data literacy. Additionally, the middle 50% of participants have a mod-
erate to basic data literacy score. Figure 24 shows the relation between data literacy and

age.
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Figure 24: Age distribution by level of data literacy. Most participants with a higher age have
a low data literacy.

The age of participants with low data literacy has two peaks, one at around 28 and one at
65. Additionally, low data literacy participants show more variability in age than participants
of other data literacy levels. Participants with high data literacy on the other hand show the
highest peak at 28 without having another peak, meaning that younger participants have a
higher data literacy. To see if the correlation between age and data literacy is statistically sig-
ni cant Kendall's correlation with the exact data literacy scores and age is conducted, since
the data is not normally distributed after a Shapiro-Wilk test and QQ-plot and shows many
ties (data literacy: W =0.958, p <.010; age: W =.889, p <.010) (Field et al., 2012, chap-
ter 5,6) (Appendix 1). The test fails to reject the null hypothesis that there is no monotonic

relationship between age and data literacy ( = .066, p =.239).

54



Master Thesis Information Studies - Aalborg University

Figure 25: Data literacy score of participants per highest completed education. Postgraduate
education has the lowest median data literacy score (highest data literacy)

Another variable that could in uence data literacy is education. Figure 25 shows that peo-
ple with a postgraduate education have the lowest data literacy scores, meaning the highest
data literacy. Followed by undergraduate education. Participants whose highest completed
education is high school have a higher data literacy than those who completed trade/techni-
cal/vocational training. Nevertheless, the IQR for participants who completed high school as
their highest education is also wider suggesting more variability in data literacy scores across
the participants. The IQR for "Did not nish High School" and "Other" are not visible due to
a very small sample size (compare Figure 19). Since data literacy is not normally distributed
(Appendix 1), a correlation test (Kendall) is conducted to examine if the trend of higher edu-
cated participants having a higher data literacy is statistically signi cant or not (Field et al.,
2012, chapter 5,6). The result shows a statistically signi cant (p = .002) positive correlation
( =.195), meaning participants with a higher completed education (lower education score)

tend to have a higher data literacy (lower data literacy score). (Figure 25)

4.2 Attitude Change over Time

To analyze attitude change over time, the answers to the six attitude questions per time point
are summed up into a total attitude score. "Strongly agree" is coded with 1 and "Strongly
disagree” with 5 and "Don't know" is coded as NA. Thus, in the end, there are four different

attitude scores, the lower they are (closer to 0), the more they align with the information the
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participants are exposed to in the experiment.

Before analyzing attitude change over time, the initial attitudes of participants for each
topic are visualized. This shows how much the initial attitudes vary from each other and if
the topics can be analyzed together or should be treated separately from each other (Figure

26).

Figure 26: Initial attitude score by topic. The distribution looks similar across topics. A lower
attitude score is better (aligns with the information they will be presented with).

The median of the initial attitude scores for both topics is 12. In addition to that, except
for some outliers, the distribution of attitude scores per topic looks similar. A comparison
analysis is run to see if the two groups differ statistically signi cantly from each other. The
Social Media data turns out to be not normally distributed after visualizing it with a QQ-plot
and doing a Shapiro-Wilk test (Social Media: W = .951 p = .002; Plastic.: W = .975 p =
.141) (Appendix J) (Field et al., 2012, chapter 5). Due to non-normality and the fact that
two groups are compared with each other, a Mann—Whitney test is chosen to do the compar-
ison (Field et al., 2012, chapter 15). The results show no statistically signi cant difference
in initial attitude scores between the two topics (W = 3777.5, p = .245). Therefore, it is
assumed that the two topic groups can be meaningfully compared and analyzed together in

subsequent analyses.

The mean attitude scores over time per condition are visualized in the following (Figure

27).
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Figure 27: Mean attitude scores over time per condition. The scores decline over time.

It can be seen that the score declines over time for all conditions, meaning that the atti-
tudes change in favor of the information they were presented with. For the no storytelling
condition, the strongest decline happens between one week and one month. Fowritten story-
telling, the mean attitude score goes up between before and immediately after the exposure of
information before it starts declining. Mean attitude scores of the Verbal storytellingondition

show a continuous decline over time.

To analyze if changes in attitudes within the different conditions over time are statistically
signi cant, a linear mixed model regression is applied. This regression is chosen because the
data has repeated measures (four time points). At this point, also a repeated measure Analysis
of Variance (ANOVA) could be used for this. Nevertheless, the test should also account for
participants having individual baseline attitude levels which violates the independence as-
sumption of ANOVA. A likelihood ratio test comparing a baseline model without partici-
pants as a random effect to a random intercept model including the participants indicated
a signi cant improvement in t (2 = 199:04, p < .001). Additionally, an initial Intraclass
Correlation (ICC) analysis showed that approximately 46% of the variance in attitude scores
was attributable to differences between participants (ICC  0.46), supporting the use of a
multilevel model to account for the nested structure of repeated measurements within indi-

viduals. To start with, a simple model is used. More interactions and xed effects are added
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gradually to compare the t of the model. First, time is treated as xed effects to understand
if the attitude changes over time. As mentioned before, the participant is treated as a random
effect (model 1). The second model adds the condition (Verbal Written, No storytelling as
an interaction (model 2). Comparing both models (1,2) by calculating the likelihood ratio
shows that there is an improvement when adding the condition ( 2 = 8.800). Nevertheless,
this improvement is not statistically signi cant ( p =.360). Since extreme attitudes from the
beginning are expected to be less likely to change, the initial attitude is added to the not sig-
ni cantly improved model including the conditions (model 3) (Nickerson, 1998). Comparing
model 2 and model 3 shows that model 3 signi cantly improves model t (2 = 152:74, p
<.001). The higher the initial attitude score (the more it does not align with the data the
participants are presented with), the higher the attitude change. This makes sense, as peo-
ple with an attitude that aligns fully with the information can not change their attitude to
the same extent, as their attitudes already align with the information. Another variable that
could have an in uence is previous knowledge about the topic presented (Petty and Brifiol,
2011). Adding this (model 4) and comparing it to model 3 results in no signi cant improve-
mentin t, ( 2=2:37 p=.499). Therefore, previous knowledge is not retained in the nal
model. The performance of the nal model 3 is evaluated using marginal and conditional
R? values (Nakagawa and Schielzeth, 2013). The marginal R indicates that the xed effects
(time, condition, and initial attitude) explain 42.1% of the variance in attitude scores. The
conditional R? indicates that the full model, including random intercepts for participants,
explains 54.4% of the variance. These results suggest that both xed and patrticipant-level

random effects contribute to explaining attitude change. (Field et al., 2012, chapter 19).

In summary, attitude change over time is signi cantly in uenced by the initial attitude
score and the time point, while the storytelling condition does not have a signi cant effect.
Participants with initial attitudes that are misaligned with the presented information show

greater changes in attitude.

When viewing the regression model, only the mean differences from the baseline (before)
can be seen. To be able to see a pairwise comparison of the different time points, we, there-
fore, calculated estimated marginal means, which gets the predicted mean attitude score for

each time point, separately for each condition (Rdocumentation, 2025). Last but not least,

58



Master Thesis Information Studies - Aalborg University

the time points within each condition are compared and shown whether the differences are
signi cant. For that, Bonferroni correction for multiple comparisons is used to protect from
false positives (Field et al., 2012, chapter 10.5). The results are shown in the following table.

Signi cant changes (after Bonferroni correction: p <.0028) are highlighted (Table 7).

Time Comparison No Storytelling  Verbal Storytelling Written Storytelling
Estimate p-value Estimate p-value Estimate p-value

Before! Immediate -.161 1.000 -.456 1.000 AT72 1.000
Before! One week -1.750 .019 -1.649 .030 -.906 .818
Immediate ! One week -1.589 .044 -1.193 252 -1.377 142
Before I One month -3.732 <.001 -2.632 <.001 -1.491 .086
Immediate ! One month -3.571 <.001 -2.175 .001 -1.962 .008
One week! One month 1.982 .005 .982 .563 .585 1.000

Table 7: Estimated attitude change across time points by condition. Statistically signi cant
changes are highlighted.

The table shows signi cant changes in attitude for the before - one month and immedi-
ate - one-month comparison for both the No storytellingand Verbal storytellingonditions. In
the Written storytellingcondition, no change in attitude is statistically signi cant. In the No
storytellingand Verbal storytellingcondition participants' attitudes signi cantly decrease one
month after exposure compared to before and immediately after, suggesting a delayed but
strong negative shift. The shift in attitude is slightly bigger in the No storytellingcondition
than in the Verbal storytellingondition. (Table 7)

The difference of the statistically signi cant attitude changes between No storytellingand
Verbal storytellings tested in the following. First, the attitude change from before to one
month and immediate to one month is tested for normality for both, Verbaland No story-
telling, with a QQ-plot and Shapiro-Wilk test (Field et al., 2012, chapter 5.6) (Appendix K).
Attitude change from before to one month is not normally distributed ( No storytelling W =
.892, p < 0.001; Verbal storytellingW=.879, p <0.01). Additionally, attitude change from
immediate to one month is neither normally distributed ( No storytelling W = .884, p <.001;
Verbal storytelling W = .859, p <.001). Therefore, a Mann—Whitney U test is used to do
the comparison analysis (Field et al., 2012, chapter 15.4). The test reveals no signi cant
difference in attitude change from before to one month between the Verbaland No storytelling

conditions (W = 1722.5, p = .468). Also for attitude change from immediate to one month
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between the two storytelling conditions, no signi cant differences are revealed (W = 1801.5,
p =.236).

To sum up, attitudes change most clearly in theNo storytellingand Verbal storytellingondi-
tions. In both, participants' attitudes became signi cantly more aligned with the information
one month after they saw it. This suggests that the biggest shift in attitude happens over
time. In the Written storytellingcondition, attitude scores also go down, but the changes are
not statistically signi cant. A statistical model that takes into account each participant's in-
dividual starting point shows that the attitude change can be mainly explained by time and
people's initial attitudes. Finally, while Verbaland No storytellingboth lead to signi cant atti-
tude change, they do not differ signi cantly from each other, meaning that Verbal storytelling
does not lead to a stronger shift than No storytelling Following, H1 is partially true because
attitude changes not for all storytelling conditions, just for the Verbaland No storytellingcon-
dition. However, H1.1, saying that Verbal storytellings more likely to change attitudes than

Written storytellingis true in this experiment.

4.3 Recall of Information

The answers to the recall questions are coded into 1 for a right answer, -1 for a wrong answer
and 0O for "I don't know" answers. For every point in time, a total recall score is calculated.

Following, the higher the score, the better the information is recalled (max. score 5).

To start with, a look at the immediate recall scores per topic is taken to see if recall scores

differ across topics and need to be separated in the following analysis (Figure 28).
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Figure 28: Immediate recall scores by topic. The median recall score is marked with a blue
dot. For social media, the median recall score is higher than for information about plastic
waste management.

The distribution shows that recall scores for the social media topic are higher than scores
for information about plastic waste management. The medians also differ from each other.
To see if the scores across topics differ statistically signi cantly from each other the scores are
rst checked for normality. The results of the QQ-plots as well as the Shapiro-Wilk test show
no normal distribution (Plastic: W = .818, p < .001; Social Media: W = .612), p < .001)
(Appendix L). Following, a Mann—Whitney-U test is conducted (Field et al., 2012, chapter
15.4). The results show that there is a signi cant difference in recall scores between the top-
ics (W = 2369, p<.001). Therefore, the topics will be analyzed separately from each other
in the following. Figure 29 shows the immediate recall scores per topic for every storytelling

condition.
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Figure 29: Immediate recall scores by condition per topic. Recall scores ofNo storytellingfor
the social media topic are the highest.

For Plastic, the immediate median recall scores of all three conditions look similar, the
IQR for Written storytellingis the highest. Also for Social Media, the medians look similar,
here the IQR of the No storytellingcondition is the highest (Fig 29). A Kruskal-Wallis test is
performed to investigate if the three groups differ from each other signi cantly within each
topic. This test is chosen because the data is not normally distributed (ANOVA not possible)
and the comparison is between three groups (Field et al., 2012, chapter 15.6). The test shows
no statistical signi cance in either of the topics (Social Media: 2 = .824, p = .662; Plastic:

2 = 493, p =.782). To see if there are signi cant differences in recall scores between
conditions in long-term recall, the same steps as before are gone through with recall after
one week and one month. The recall after one week split by condition is visualized in the

following (Figure 30).
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Figure 30: Recall scores after one week by condition per topic. Verbal storytellinghas the
lowest median for topic plastic. Written storytellinghas the highest median in the social media
topic.

For the topic plastic, the median recall score is lowest forVerbal storytellingand the data
also seems to have less variation. For Social Mediayritten storytellingshows the highest
median recall score and tighter upper distribution. Verbaland No storytellingare similar in
medians but the No storytellingcondition has more lower outliers. A Kruskal-Wallis test,
again, doesn't show any statistically signi cant differences in one-week recall scores between

the storytelling conditions (Social Media: ?=.569, p=.752; Plastic: 2=.549,p=.760).

Figure 31 shows recall scores after one month. The median recall scores across all story-
telling conditions for the plastic topic are lower than for the social media topic. For the topic
plastic the median recall score of theNo storytellingcondition is the lowest. Verbaland Written
storytellingshow a similar median. For the social media topic, Written storytellingshows the
highest median. Verbaland No storytellinghave a similar median but in the No storytelling

condition recall scores are more spread.
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Figure 31: Recall scores after one month by condition per topic. Verbal storytellinghas the
lowest median for topic plastic. Written storytellinghas the highest median in the social media
topic.

The results of the Kruskal-Wallis test do not show a statistically signi cant difference in
one-month recall scores between the storytelling conditions within each topic (Social Media:
2=1.424, p=.491, Recall: 2=1.839, p=.399).

In summary, participants are able to recall information better immediately after the expo-
sure, when it is about social media compared to plastic waste management. This difference
Is statistically signi cant. Because of that, the two topics are analyzed separately. When
comparing recall scores across the three storytelling conditions, no signi cant differences are
found, neither right after the exposure, nor after one week and one month. Overall, the type
of storytelling does not lead to signi cantly different recall scores within either topic over

time. Concluding, H2 and with that H2.1 are both rejected in this experiment.

4.4 In uence of Data Literacy on Attitude

To understand if data literacy impacts attitude change after being exposed to data, the re-
lationship of the two variables is investigated closely. To start with, the previously de ned
data literacy levels are visualized with the attitude score over time to make trends over time
visible (Figure 32).
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Figure 32: Attitude change over time split by data literacy levels. The change in attitude from
before to immediate for participants with low and basic data literacy is the only one showing
a different trend.

The visualization shows that, except for low and medium data literacy participants and
their attitude change from before to immediate, all data literacy levels show the same down-
ward trend in attitude change. This means that the attitude changes towards the information
the participants were presented with. Nevertheless, some changes are steeper than others
(low data literacy between immediate and one week) (Figure 32). It should be mentioned
that the sample size for participants with low data literacy (8 participants) is low and might

not be representative.

To see if, regardless of condition or baseline attitude, people with higher data literacy are
more or less likely to change their attitude short- and long-term, a simple linear regression is
run for three time comparisons (before - immediate, before - one week, before - one month).
The results show a statistically signi cant negative relationship between attitude change from
before to immediate (b = —.143, p =.040), suggesting that people with higher data literacy
show less immediate attitude change. No statistically signi cant relationships for before - one

week (b =-.023, p =.870) and before - one month ( b =.073, p =.705) can be found.

To see if data literacy has different effects on attitude dependent on what condition the

participant is exposed to, the previously analyzed data is further split into the different con-
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ditions. The visualization is displayed in Figure 33.

Figure 33: Attitude change over time split by data literacy levels and conditions. Attitude
scores decline over time.

The visualization shows that attitude scores decline over time. In all conditions low and
basic data literacy participants attitude score is rising from before to immediate, before they
start declining, suggesting a delayed effect of attitude change here. The attitude score rises
between one week and one month for high data literacy participants in the Verbal storytelling
condition and basic data literacy participants in the Written storytellingcondition. The highest
drop in attitude score show low data literacy participants in the Written storytellingcondition
from one week to one month. Also, the mean attitude score for low data literacy participants
after one month in the No storytellingcondition is the lowest. This could be again, due to the

small sample size of participants with low data literacy.

An interaction term between time and data literacy is added to the attitude change linear
mixed model (model 3) to assess whether individuals with varying data literacy levels expe-
rienced different trajectories of attitude change (Field et al., 2012, chapter 15). To get more
accurate results in the analysis, the accurate data literacy score instead of the data literacy

levels are used in the model. Adding an interaction between time and data literacy to the
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model predicting attitude scores does not signi cantly improve model t( 2 =2:2623 p =
.688). Data literacy is also added as a main effect instead to see whether, on average, higher
data literacy is associated with higher or lower attitude scores. This also does not signi cantly
improve model t( 2 =0:7239 p = .395), indicating that participants' level of data literacy

does not signi cantly in uence their overall attitude scores across time and conditions.

Concluding, participants' attitudes tend to change in the direction of the information they
were shown, regardless of their data literacy level. Although people with lower data literacy
show a slightly different pattern right after exposure, and some groups show steeper changes
than others, these differences are small and may be in uenced by the low number of partici-
pants with low data literacy. A linear regression shows that people with higher data literacy
change their attitudes less immediately after exposure compared to people with lower data
literacy, this difference disappears over time. This suggests that people with higher data lit-
eracy need more time to change their attitudes than people with lower data literacy. When
data literacy is added to a more complex model, both as an interaction with time and as a
general predictor, it does not improve the model. This means that, overall, data literacy does
not effect how much people's attitudes change in this study. Thus,H4, suggesting that high

data literacy leads to attitude change in the long term can not be con rmed.

4.5 In uence of Data Literacy on Recall

The following visualization shows an overview of recall at every point in time by level of
data literacy (Figure 34). It shows that participants with basic data literacy levels show the
lowest recall scores for every time point. For immediate recall, participants with moderate
data literacy have the highest mean recall score, followed by low data literacy but low data
literacy shows a high error rate due to the small sample size. For recall after one week,
participants with high data literacy show the highest mean recall together with moderate

data literacy participants. All recall scores decrease over time. (Figure 34)
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Figure 34: Mean recall score by level of data literacy for each time point. Participants with
moderate data literacy have the highest recall scores.

Since a statistically signi cant difference between immediate recall and the two topics
exists, a linear regression model is run for every point in time separately to see if the effect
of data literacy on recall depends on the topic (Section 4.3). None of the models returns a
statistically signi cant difference in the relationship between data literacy and recall by topic

(Table 8).

Predictor Immediate Recall One Week Recall One Month Recall
Data Literacy Topic 209 (p=.164) .027 ( p=.861) .049 ( p=.753)

Table 8: Estimates and p-values from linear models predicting recall score at each time point.

Therefore, for the following statistical tests, no split into topics is necessary. A Kendall's
tau correlation is conducted since the recall scores for every time point are not normally dis-
tributed after a Shapiro-Wilk test (immediate recall: W =.720, p < .001 ; one-week recall:
W = .876, p < .001; one-month recall: W = .871, p < .001) (DATAtab Team, 2025). All
three taus for each time point are negative suggesting that higher data literacy (lower data

literacy score) is associated with higher recall scores (immediate: = :03 p =.633; one
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week: = :073 p=.231;0one month: = :130 p=0.031). Nevertheless, just the recall
scores after one month show a statistically signi cant correlation with data literacy. These
results suggest that participants with higher data literacy show better recall scores in the long

term.

To see if there is a relationship between recall and data literacy within different conditions
in general, a total recall score (the sum of all recall scores at each time point) is calculated

and the relationship visualized in Figure 35.

Figure 35: Sum of recall scores by level of data literacy split by conditions. The relationship
between data literacy and recall is the steepest forVerbal storytelling

The visualization shows a negative relationship throughout all conditions, suggesting that
participants with higher data literacy also perform better in recalling information. Verbal Sto-
rytellingshows the steepest relationship. To test if the relationships are statistically signi cant,
a kendall's correlation is conducted for every condition separately. All results show no statisti-
:060,
p = .550; Verbal storytelling = :129 p=.196; Written storytelling = :057 p = .583).

cal signi cance in the relationship between data literacy and recall ( No storytelling

Following, there's no clear evidence that higher data literacy leads to higher recall within any

speci c storytelling condition.

Overall, participants with basic data literacy have the lowest recall scores across all time
points, those with moderate or high data literacy generally remember more. A small but

statistically signi cant correlation is found between higher data literacy and better recall
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one month later, suggesting that data literacy may support long-term memory. This nding
supports H3, people with higher data literacy are more likely to recall information across all
storytelling mediums. However, no signi cant differences are found when looking at the total
recall score in each condition separately, even thoughVerbal storytellingshows the strongest
trend. This means that while there are signs that higher data literacy helps with remembering
information, especially in the long run, the results are not strong enough to con rm a clear

pattern within speci ¢ conditions.

4.6 Additional Data Analysis

In this section, further analysis of the data takes place to explore the additional hypotheses

from Section 3.4.

4.6.1 Inuences on Attitude Change

To explore which variables that were measured best predict how much participants' attitudes
change over time, two Random Forest models are used, one for every statistically signi cant
time comparison (Table 7). The outcome variable for the rst model is the difference in
attitude between before and one month. The model includes the variables condition (story-
telling_mode), data literacy, age, political af liation, topic, previous knowledge, initial atti-
tude score (attitude_before_total) and short video usage. The results are shown in Figure 36.

(Breiman, 2001)
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Figure 36: Random forest model with variable importance for predicting attitude change
between before and one month.

The right side of the gure (IncNodePurity) shows that initial attitude, age, data literacy,
and political af liation are the most important variables for splitting the data in the deci-
sion trees. The left side of the gure (%INcMSE), which shows how much each variable
contributed to the model's accuracy, highlights initial attitude, topic, storytelling mode (con-
dition) and previous knowledge as the variables that improve predictions. Other variables

have little to no positive effect on accuracy. (Figure 36)
The second Random Forest model uses the difference in attitude between immediate and

one month as the outcome variable. The other variables remain the same and the results can

be seen below (Figure 37)
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Figure 37. Random forest model with variable importance for predicting attitude change
between immediate and one month.

The Random Forest model that predicts the attitude change between immediate and one
month reveals that initial attitude, age, data literacy and politic af liation are most important
for splitting the data into decision trees. Initial attitude and topic are the only variables that
contribute to the models accuracy. All other variables have no effect and can even lead to

noise. (Figure 37)

For both time comparisons, before to one month and immediate to one month, the most
important predictor is the initial attitude score. This con rms earlier ndings that initial
attitudes play a big role in how much participants attitude later shift (Pandey et al., 2014).
Age, data literacy, and political af liation also help separate participants into different groups
within the model, but do not improve prediction accuracy. Condition and topic do help im-
prove the model's accuracy in the before - one month model, which supports earlier results
showing that attitude change differs over time and between conditions. However, for the
immediate - one month model, only immediate attitude and topic improve the model's ac-
curacy. Overall, these results suggest that while the condition has some predictive power, a
participant's initial attitude, age, and background (like political views and data literacy) are

more consistent indicators of how their attitude will change.
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