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Abstract. Recently, there have been growing calls to make research data more 
widely available. While the potential benefits of sharing research data are many, 
there are also many challenges, including the interpretability, attendability, and 
complexity of the data. These challenges are particularly salient for research data 
associated with quantitative ethnographic analyses, which often use relatively 
novel and sophisticated techniques. In this paper, we explore design considera-
tions for an interface for sharing research data that attempts to address these chal-
lenges for quantitative ethnographic analyses. These considerations include: (a) 
maintaining the consistency of the interpretive space, (b) simplifying model de-
tails, (c) including example results and interpretations, and (d) highlighting key 
affordances in the user interface. To explore these considerations, we describe 
the design of an interactive visualization of the thematic networks present in the 
HBO television series, Game of Thrones. 

Keywords: Sharing research data, interface design, epistemic network analysis, 
Quantitative Ethnography. 

1 Introduction 

Recently, there have been growing calls to make research data— the raw data, field 
notes, models, software and so on that are integral to scientific results—more widely 
available (see, e.g., Borgman, 2012; Feldman & Shaw, 2019; Tsai et al., 2016). While 
the potential benefits of sharing research data are many, there are also many challenges, 
including the interpretability, attendability, and complexity of the data. These chal-
lenges are particularly salient for research data associated with quantitative ethno-
graphic analyses (Shaffer, 2017), which often use relatively novel and sophisticated 
techniques such as epistemic network analysis (ENA). In this paper, we explore design 
considerations for an interface for sharing research data that attempts to address these 
challenges for quantitative ethnographic analyses. To do so, we describe the design of 
an interactive ENA-based visualization of the thematic networks present in HBO’s tel-
evision series, Game of Thrones. 
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2 Theory 

Calls for sharing research data have come from variety of audiences including funding 
agencies, publishers, the academic community, and the public. These calls may go be-
yond sharing the raw data used in a given analysis and extend to the constellation of 
information and tools that researchers use to produce scientific results, such as inter-
view protocols, field notes, statistical models, code, and other software. As Borgman 
argues (2012), there are at least three rationales for sharing such research data. First, 
sharing research data may make it easier to reproduce or verify research results. Second, 
it may make publicly funded research more available and transparent to the public. And 
third, it may enable others (including researchers and the public) to ask new questions 
of the data and potentially advance the state of research.  

While there may be good reasons to share research data, there exist many challenges 
to doing so. The processes researchers use to generate research data require expertise 
and are often complex, non-linear, and labor intensive (Borgman, 2012). Moreover, it 
is difficult, if not impossible, to separate research data from the interpretations of the 
primary researchers, especially when the data have qualitative components (Feldman 
& Shaw, 2019; Tsai et al., 2016). Because audiences may lack the expertise of the pri-
mary researchers, and almost certainly were not participants in the production of the 
research data and its interpretation, an important challenge associated with sharing such 
data is interpretability, or the extent to which audiences can understand the meaning of 
the data and analyses.  

A second challenge in data sharing is that quantitative analyses often use techniques 
that require both sophisticated mathematical reasoning and prior experience and train-
ing in statistical techniques. Even a relatively straightforward regression analysis pre-
sents a number of “results” which might or not be important in answering a question, 
as well as a range of a priori and post hoc tests that can (and in many cases should) be 
run to determine the validity of a result. Thus, there is an inherent complexity that needs 
to be addressed in any context of data sharing. 

Finally, in a nascent field, by definition techniques and their applications are novel. 
In turn, any attempt at data sharing needs to address the problem of attendability, or the 
ability of audiences to focus on the salient affordances of the analyses being conducted. 
For example, many audiences are not (yet!) familiar with quantitative ethnographic 
techniques such as Shaffer’s Rho and epistemic network analysis. 

Sharing quantitative ethnographic research data thus faces all of these challenges.1 
Hence any approach to doing so needs to address to questions of interpretability, com-
plexity, and attendability.  

                                                        
1  Of course, there are many other important challenges associated with sharing research data, 

including: practical challenges, such as the establishment of sharing protocols, epistemologi-
cal challenges, such as what it means to reproduce results or whether it is possible at all, and 
ethical challenges, such as maintaining the confidentiality of participants involved in the data 
collection. However, these challenges are beyond the scope of this paper. 
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In this paper, we describe one attempt to address these issues by exploring design 
considerations for an interface for sharing quantitative ethnographic research data. We 
present some of the critical design principles of an interactive ENA-based visualization 
of the thematic networks present in HBO’s television series, Game of Thrones. This 
dataset was chosen because it exemplifies the structural features of datasets commonly 
analyzed using quantitative ethnographic techniques, and because it comes from a con-
text with which many audiences are likely to be at least peripherally familiar.  

The design considerations we explore draw on prior work described by Herder and 
colleagues (2018) to design and test an ENA-based teacher dashboard. While the inter-
face described here shares some affordances with the dashboard, they differ in im-
portant ways. The teacher dashboard was designed to scaffold the real-time assessment 
of students participating in virtual internships. The time-constraints associated with 
real-time assessment meant that the presentation of the research data needed to be 
greatly simplified. In addition to being designed for audiences that include but are not 
limited to educators, the lack of such time constraints allows the present interface to 
maintain a higher fidelity to the original research data. In the sections below, we de-
scribe the analysis of the data and design considerations for the interface in more detail. 

3 Methods 

Game of Thrones focuses on the efforts of four families to secure power over the fic-
tional continent of Westeros. While the social network of the show’s many characters 
has been analyzed before (Beveridge & Shan, 2016), our goal was to model how their 
dialogue, actions, and interactions serve to advance the themes of the story.  

To conduct this analysis, we obtained transcripts of all episodes from the first 7 sea-
sons of the show using a web-scraping tool (Miller, 2017). Next, we constructed a da-
taset by including dialogue and significant events from the transcripts, as well as 
metadata about families of characters, locations, seasons, episodes, and scene breaks.  

Using a grounded approach, we developed codes that capture major themes of the 
show: Honor, Family, Sex, Love, Violence, Death, Religion, and Drinking. To code the 
data, we developed automated classifiers for each code using the ncodeR R package 
(Marquart, Swiecki, Eagan, & Shaffer, 2018). For each code, we achieved κ > 0.76 and 
ρ (0.65) < 0.05 between human raters and the automated classifier.  

To analyze the data, we constructed three ENA models using the rENA R package 
(Marquart, Swiecki, Collier, et al., 2018), each with different units of analysis: charac-
ters, episodes, and characters by season. 

ENA uses a  moving window to construct a network model for each line in the data 
that occurs within a given conversation, or collection of related lines. Here, we defined 
lines as lines in the transcripts, which could contain dialogue or events, and conversa-
tions as scenes. Connections in the network are defined as the co-occurrence between 
codes in the current line and codes within the window. For this analysis, we used an 
infinite moving window to identify connections between codes in the current line and 
any prior line in the conversation. The resulting networks are aggregated for all lines 
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for each unit of analysis. ENA then normalizes these networks and performs a dimen-
sional reduction via singular value decomposition to project the networks into a lower 
dimensional space.  

Networks are visualized using two coordinated representations: (1) projected points, 
which represent the location of the units of analysis in the space created by the dimen-
sional reduction, and (2) weighted network graphs in which the nodes correspond to 
codes, and the edges are proportional to the relative frequency of connection between 
two codes. These network graphs can be used to interpret the dimensions of the space, 
and thus the positions of the projected points: dimensions in the space distinguish units 
of analysis in terms of connections between codes whose network nodes are located at 
the extremes of the space. Network graphs for groups of units can be computed and 
plotted by taking the mean of the individual networks in the group. Moreover, network 
graphs for any two units (or any two groups of units) can be subtracted and plotted in 
the space to show the connections that are stronger in one unit or group relative to the 
other.  

We used the Shiny application for R (Chang, Cheng, Allaire, Xie, & McPherson, 
2019) to create an interactive web interface for exploring these models.  

4 Results 

The interface is divided into three main sections (see Figure 1). On the left is the panel 
for selecting units or groups to plot. In the middle, network graphs and their associated 
projected points are plotted in real-time. And on the right is a record of the data used to 
generate the models. Interested readers can explore the interface by visiting 
https://got.epistemicnetwork.org/. In the sections below, we describe in more detail the 
design principles we used to create the interface.  
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Fig. 1. GoT-ENA interactive visualization. Plotting selections are made on the right; network 
graphs and projected points appear in the middle; data is shown on the right.  

 
4.1 Consistency of Interpretation 

The three ENA models we created each used different units of analysis. In turn, they 
each produced different dimensional reductions, network node locations, and dimen-
sional interpretations. For example, Figure 2 shows the network layout for the model 
that used characters as units of analysis (left) and the layout for the model that used 
episodes as units (right). In the character model, the X dimension distinguishes units in 
terms of connections to Magic versus Family, Love, and Religion, while in the episode 
model, it distinguishes units in terms of connections to Drinking versus Family. In the 
character model, the Y dimension distinguishes units in terms of connections to Death, 
Honor, and Family versus Drinking, while in the episode model, it distinguishes units 
in terms of connections to Religion and Magic versus Death.  
 

 
Fig. 2. Network layout for character model (left) and episode model (right).  

 
Interpreting the dimensions from a dimensional reduction can be difficult (Shen & 
Huang, 2008), however, we have found that spaces where nodes clearly distinguish the 
extremes of the two dimensions are easier to interpret. We thus attempted to reduce the 
interpretive challenge for users by selecting the set of dimensions that was easiest to 
interpret by this criterion—in this case, those from the episode model—and projecting 
the data points from the remaining models into that space. As a result, users can change 
between different models without having to re-interpret the dimensions.  

4.2 Simplification of Model Details  

ENA models are typically used by researchers to warrant qualitative claims using 
statistical methods. As such, standard ENA representations often include visual aspects 
that convey statistical information such as the amount of variance explained by each 
dimension and confidence intervals around the mean of the projected points for a given 
group. While these aspects are important for researchers, they can be distracting and 
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confusing for other audiences. Thus, to make the ENA models in this tool more acces-
sible, we removed information that would be critical for a researcher in validating a 
model, but was not necessary to understand the results of a valid model. This included 
removing variance explained metrics, confidence intervals, and outlier intervals. In fu-
ture versions of the tool, we plan to make this feature optional so as to support audiences 
with different goals and expertise.   

4.3 Example Results and Interpretations 

Within the interface, we also included several example results. These included network 
graphs for key characters and network comparisons between key characters and fami-
lies. We also provided a narrative interpretation for each example result to help users 
(a) make sense of the results, and thus (b) scaffold their ability to understand the net-
works and comparisons for other units and models. In addition to the presets, users can 
view networks and comparisons (without interpretations) for all units within a given 
model. 

4.4 Highlighting Key Affordances 

One of the most powerful affordances of ENA that distinguishes it from other network 
techniques is that it allows comparisons between networks in terms of both network 
graphs and network summary statistics. To focus users on this affordance and its bene-
fits, we designed the user interface to facilitate network comparisons in several ways. 
For example, clicking a unit on the left panel plots its projected point and network. 
Clicking subsequent units adds their projected points to the plot and automatically plots 
the network subtraction between the first unit and the most recently added unit. Simi-
larly, clicking a group of units in on the left panel—for example, a family or a season—
plots all of the projected points associated with that group, the mean projected point 
position for the group, and the mean network for the group. Clicking subsequent groups 
adds their projected points and means to the plot and automatically plots the mean net-
work subtraction between the first group and the most recently added group (see Figure 
3). In this way, the interface focuses user attention on the key affordances of the ana-
lytical technique: in this case allowing them to quickly and easily compare multiple 
networks simultaneously via there projected points and means, and to investigate the 
differences between any two networks in more detail using network subtractions.  
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Fig. 3. Comparison between two families (green and orange) showing the projected points for 

characters in each family, mean points for each family, and the subtracted network for the fami-
lies. 

4.5 Linking Visualizations and Data 

A critical component of ENA analyses and quantitative ethnographic methods more 
generally is investigating the alignment between the model and the data used to gener-
ate it—a process known as closing the interpretive loop (Shaffer, 2017). Closing the 
interpretive loop is a critical step in checking the validity of the model and its interpre-
tation. While this process is typically undertaken by the primary researcher, it can be 
an important process for external audiences as well, particularly if their aim is to better 
understand the model or to verify its accuracy. We scaffolded the process of closing the 
interpretive loop by including both analytical visualizations and the underlying data to 
which they correspond: in this case, by including network models and their correspond-
ing data in the interface. Specifically, users can filter the data to show lines correspond-
ing to particular units, codes, and connections. These affordances make the warrants 
for model interpretations explicit in ways that are infeasible with traditional methods 
of sharing research data. 

5 Discussion 

In this paper, we explored design considerations for an interface for sharing quantitative 
ethnographic research data. In particular, our design attempted to address the challenges 
of interpretability, attendability, and complexity. 

The design presented here supported interpretability by (a) holding constant the di-
mensions of the visualization so that they did not have to be reinterpreted for different 
views of that data; (b) removing information about the models that was not central to 
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interpreting the results; (c) providing a set of example results with corresponding inter-
pretations, and (d) including the underlying data that corresponded to visualization. 
That is, we tried to remove extraneous statistical information and include additional 
interpretive scaffolds. 

The design supports attendability by (a) removing information that was not central 
to interpreting the results, and also (b) designing the tool such that the affordances of 
the user interface were aligned with the affordances of the analytical technique. That 
is, we tried to focus user attention on the key modeling choices and their associated 
results. 

Finally, all of these design decisions reduced the complexity of the analysis by (a) 
limiting the set of decisions that a user could make, (b) removing unnecessary details 
of the model.  That is, we tried to simplify the analytic space. 

These design considerations allow the presentation of research data in way that ad-
dresses the potential lack of expertise and experience of the audience. By making it 
possible for audiences to easily change models, see interpreted research data, and inter-
act with the data to verify those interpretations and produce new insights, the gap be-
tween the primary researchers and the audience is made smaller.  

Our results are of course limited by the specific data we analyzed and the processes 
we used to create the interface, which required a team of researchers, designers, and 
programmers. But while the design considerations are derived from one particular tool 
and interface, we believe that they have the potential to scaffold other attempts to com-
municate quantitative ethnographic analyses through data sharing. Our future work will 
include efforts to scaffold researchers in the creation of an interface for sharing their 
own data. Such a  tool would make a variety of quantitative ethnographic analyses more 
widely usable, and in turn, would have the potential to grow the Quantitative Ethnog-
raphy community and advance the state of its research.  
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