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Maintaining an overview of publications in the neuroscientific field is challenging, especially
with an eye to finding relations at scale (between, e.g., brain regions and diseases) – both
those well-studied and nascent. To support neuroscientists in this challenge, we used a design-
based research approach to investigate whether Augmented Reality could serve as a platform to
make automated methods more accessible and integrated into current work practices. Building
on insights from Text and Immersive Analytics, as well as two prior user studies, we identified
information and design requirements (e.g., “highlight, not hide” and “augment, not replace”),
which we embodied in a system design and implementation focussed on the analysis of co-
occurrences in text collections. We evaluated our system using a scenario-based video survey
with a diverse sample of neuroscientists and other domain experts, focusing on the quality of
our design choices and participants’ willingness to adopt such an AR system in their regular
literature review practices. The AR-tailored epistemic and representation design of our system
were generally perceived as suitable for performing complex analytics. We therefore see op-
portunities in pushing our generalisable interaction paradigm further in augmenting intellectual
activities. We also discuss several fundamental issues with our chosen 3D visualisations, mak-
ing steps towards addressing the question whether AR a suitable medium for relation-finding
in document collections.

Scientific progress relies on the efficient assimilation of
existing knowledge in order to choose the most promising

way forward and to minimize re-invention.
– Tshitoyan et al. (2019)

The more papers are published, the harder it becomes for
neuroscientists to maintain an overview. While literature re-
views serve to defragment contributions, manual review is
costly and – even when performed rigorously – researchers
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run the risk of missing important perspectives not identified
at some part of the review process (Görg et al., 2010). Auer et
al. argue that this bottleneck is inherent to document-centric
publishing, and advocate for a move towards "expressing and
representing information as structured, interlinked and se-
mantically rich knowledge graphs" (2018, p. 1).

Talking with neuroscientists at the Institute of Automa-
tion of the Chinese Academy of Sciences, we found that
one of the main shortcomings of manual literature explo-
ration lies in performing complex relation-finding (Cunqing
Huangfu, personal communication, June 12, 20191; July 3,
2019). Without automated tools, it would be hopeless to
find out which brain region is most often referenced when
discussing, e.g., depression – indicating wide consensus on
this relationship. Likewise, it would not be possible to find
out which brain regions are mentioned only seldom – which
could offer fruitful grounds for further investigation.

On both the computational and visualisation side (cf.
Gopalakrishnan et al., 2019; Federico et al., 2017), computer
scientists have addressed the need for a distant reading ap-
proach to academic literature. We are not aware that any

1With Ghazaleh Tanhaei
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such system has yielded significant user adoption, however.
More work is required to make tools directly accessible to
neuroscientists (without the need for a supporting data ana-
lyst), and to integrate these in existing research workflows.

At the start of our design process, we resolved to in-
vestigate whether Augmented Reality (AR) could provide
a suitable platform to complement current literature explo-
ration practices – in particular by making automated meth-
ods more accessible. Recent work in Immersive Analyt-
ics (IA; Marriott, Schreiber, et al., 2018) highlight the in-
tuitiveness of natural user interfaces, as well as the immer-
sive properties of IA visualisations and the opportunity to
render three-dimensional data binocularly (e.g., brain visual-
isations). Moreover, conducting literature explorations over
longer periods of time could benefit from persistently placed
virtual objects in physical space (c.f. Method of Loci).

Our study uniquely contributes to the design space where
Text and Immersive Analytics overlap. We present the design
process and evaluation of a novel analytics system: DatAR
(DATa exploration in Augmented Reality). Our system seeks
to harness the visuospatial representations that Augmented
Reality enable to provide access to neuroscientific knowl-
edge graphs generated by automated methods. The end goal
is to support neuroscientists in performing complex relation-
finding tasks through human-in-the-loop analytics. We eval-
uated our system using a scenario-based video survey, fo-
cusing on the quality of our design choices and participants’
willingness to adopt the system in their regular practice.

Related Work

DatAR exists at the crossroads of two research agendas.
We focus on the challenge of Text Analytics and apply so-
lutions offered by Immersive Analytics. In this section we
cover prior work in these areas.

Text Analytics

There is already fertile ground in computer-supported
relation-finding in large document collections, especially
where it regards scholarly literature. We will highlight two
academic streams in this subsection: literature-based discov-
ery (with a focus on algorithms) and text visualisation (with
a focus on visuospatial representations).

Literature-Based Discovery

Unsupervised learning methods can be used to extract
semantic relationships from published literature at scale.
Literature-based discovery is a research strategy that uses
various statistical and machine-learning techniques "to ex-
ploit already known scientific knowledge to generate hith-
erto unknown but meaningful connections" (Gopalakrishnan
et al., 2019, p. 2). Using this information, scholars can make

better decisions as to which hypotheses to pursue next. Lan-
der (2010) stresses that the scientific relevance of such find-
ings is not in simply stating new links, but rather in under-
standing why these links exists. In other words, it requires
developing scientific models through careful human-in-the-
loop analytics. This requires both domain knowledge as well
as know-how in using the appropriate computational tools.

Gopalakrishnan et al. (2019) distinguished several cate-
gories of literature-based discovery in their survey in the
biomedical domain. The field started off by using co-
occurrence approaches (c.f., Swanson, 1986). The starting
point here is an insight from linguistics, the distributional
hypothesis: if two concepts are repeatedly mentioned in the
same analysis unit (e.g., in a paper, abstract, or sentence),
they are semantically associated. Semantic relation-based
approaches additionally attempt to capture the meaning be-
hind the association of concepts. For example, a particular
drug could have a negative or positive effect. Graph-based
approaches use graph theory to address scalability of analy-
ses to allow more sophisticated queries on the data. This is
especially relevant when trying to identify associations that
are still in early stages of discovery. In this latter category, we
find the work by Gramatica et al. (2014), whose approach is
comparable to the one taken by the providers of our primary
data set (the Brain Association Graph; see the DatAR Sys-
tem Design section). Gramatica et al. (2014) used knowledge
graph analysis to find high-potential drug–disease combina-
tions that were not yet studied in-depth. They constructed
their knowledge graph by mining concept co-occurrences in
PubMed paper abstracts. These concepts were derived from
a predetermined dictionary. Subsequently, they used graph
algorithms (e.g., random walk distance) to find the shortest
paths between drugs and diseases. Based on their results,
they determined several new uses for existing drugs.

Text Visualisation

Attempts have been made at representing documents by
using, e.g., graphs, point clouds (in 2D and 3D), contour
maps, and geometrical grids (Li et al., 2019). Federico et
al. (2017) offer a useful taxonomy of text visualisation ap-
proaches based on the data researchers use: Text, Citations,
Authors, and Metadata. The DatAR system currently re-
stricts itself to Text: research paper abstracts.

DatAR uses a topic model visualisation to spatially organ-
ise neuroscientific document collections in 3D space. In a
regular topic model, an algorithm such as LDA is used to
generate n topics based on recurrent word use in a set of
given documents. Each document–topic pair is assigned a
probability (such that for each document the accumulative
probability is 1). This yields an n-dimensional space, which
can be visualised by collapsing it to 2–3 dimensions (using
a dimension reduction algorithm, e.g., t-SNE). The distance
between documents represents their semantic similarity: the
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Figure 1
The Galex interface developed by Li et al. (2019). Using text-
mining and thoughtful interactive a� ordances, the authors
made the evolution of scienti�c areas in computation visible.
c
 2019 IEEE

closer they are, the more similar (based on the topics as-
signed). This approach o� ers an e� ective means of analysing
large data sets through visuospatial distant reading. A good
example of this is o� ered by Li et al. (2019), who show-
case a multifaceted user interface that allows users to explore
subtopics and papers in the computer sciences (see Figure 1).
Their interface uses data generated through a combination of
thesauri (containing predetermined concepts) and topic mod-
elling with dimension reduction (using doc2vec, LDA, and t-
SNE algorithms). The �nal visualisation o� ers an e� ective
overview of a large document collection, additionally allow-
ing interactive identi�cation and further inspection of docu-
ment clusters.

Immersive Analytics

DatAR di� erentiates itself from previous work in Text
Analytics by focusing on the analytics experiencein Aug-
mented Reality. While Visual Analytics has become a main-
stay in human-in-the-loop data analysis, Immersive Analyt-
ics (IA) attempts to move analytics tools from the 2D screen
into our environment (both in Virtual and Augmented Re-
ality; for a survey of the �eld, see Fonnet and Prié, 2019).
The aim is to design "engaging, embodied analysis tools to
support data understanding and decision making [and] liber-
ate these activities from the o� ce desktop" (Marriott, Chen,
et al., 2018, p.14–15).

Immersive Analytics research has its roots in the use of
large curved wall displays (CAVEs). However, �ndings by
Cordeil, Dwyer, et al. (2017) suggest that modern head-
mounted displays (HMDs) have caught up by being both
more cost-e� ective and allowing faster analysis without sac-
ri�cing accuracy. Moreover, HMDs output binocular im-
agery, aiding depth perception. Given that a� ordance, a key
consideration is whether to map data to 2D or 3D space. Any
use of the third dimension has long received strong scepti-
cism within the information visualisation community due to

the added visual complexity (Marriott, Chen, et al., 2018),
but there is now a renewed interest in critically re-assessing
binocular 3D visualisations. As every reduction of ann-
dimensional space (such as the output of a topic model) trans-
lates to data loss (Gracia et al., 2016), our project intends to
re-evaluate the merits of 3D information visualisation.

Finally, there are also several academic toolkits available
in the area of IA, such as DXR (Sicat et al., 2019) and
IATK (Cordeil, Dwyer, et al., 2017), based on such works as
ImAxes (Cordeil, Cunningham, et al., 2017). However, these
frameworks were developed with quantitative data in mind.
While the database that DatAR uses does contain some nu-
merical data, its most important features are its relationship
topology and the text it contains. Graphs and text require
di� erent visualisation strategies, which is why we have opted
to develop our system from the ground up with this in mind,
rather than adopt and work around a framework.

Methods

Hevner et al. (2004) argue that progress in Informa-
tion Systems requires two "complementary but distinct
paradigms" (p. 3): behavioural science – which attempts to
explain or predict phenomena and aims to generateunder-
standing– and design science – which attempts to change
phenomena and aims to generateutility. As our main re-
search aim was to deliver an immersive analytics environ-
ment that would o� er a glimpse of a speculative future of
processing academic literature, we opted for a design re-
search strategy2. Using the language of Gregor and Hevner
(2013), our angle of approach wasexaptation: to take a
known – albeit experimental – solution (Immersive Analyt-
ics) and apply it to a new problem (Text Analytics). We
should emphasise that we report on one of the �rst design
cycles of the project and that this study's main purpose is to
set a course for further theory development in the next design
iterations.

Given the large in�uence it has had on our work, it would
be prudent to explicate our epistemological assumptions. We
have taken a constructivist approach, taking notes from Pa-
pert's (1980) constructionism – in particular agreeing that we
need environments where knowledge can be played with, and
where externalised cognitive representations play a key role
in reaching understanding. This view is closely related to that
of distributed cognition, popularised in Information Visuali-
sation (Liu et al., 2019; also see Rogers, 2012). Distributed
cognition views cognition as "embodied, enculturated, situ-
ated in local interactions, and distributed or stretched across
humans and artifacts" (Liu et al., 2019, p. 1174). That means
that the object of study is not the user (who has internal repre-
sentations) or the artifact (which contains external represen-

2A more thorough survey of design research approaches can be
found in Appendix J
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tation) in isolation – it is the cognitively coupled system that
they represent together, and how coordination between parts
of this system allows for successful sense- and decision-
making. Taking the coupled cognitive system as our unit
of analysis precludes a divide-and-conquer research strategy,
i.e., selectively picking one dimension or aspect without con-
sidering their context (Liu et al., 2019).

Due to the novelty of our approach, we decided a tight
design–evaluate loop was necessary in the early stages of the
project. Without precedent in many aspects of our design
space, we had to base features on the best available infor-
mation and evaluate their soundness empirically. For this
purpose, we organised two pilot user studies. The �rst pi-
lot study was organised as a workshop and held with six ex-
perts in data representation and visualisation, with the goal
of gathering implementation-oriented feedback. We used the
framework by Kerzner et al. (2019) to guide the organisation
of this session and to elicit feedback from our participants.
After the workshop segment, participants had the opportu-
nity to try the current prototype of the system and o� er feed-
back. This is also the period that our research group pre-
sented a DatAR research proposal at AIVR 2019 (Tanhaei
et al., 2019).

The second pilot study was scenario-based and held with
eight bachelor-level neuroscientists, with the goal of gather-
ing domain-oriented feedback. In a lab setting, participants
performed a researcher-guided data exploration scenario. Af-
terwards, we conducted semi-structured interviews in which
current review practices were discussed, and in which the
system was evaluated on meaningfulness, visualisation and
representation quality, and navigation and interaction quality.
We distilled and integrated the critiques from both pilots in
the third design cycle, which we present here. We concluded
the present cycle with a video survey among academic peers.
We will return to this in detail in the Evaluation Study sec-
tion.

Finally, we should comment on how we understand and
safeguard the scienti�c rigour of our work. We follow the
interpretivist framework by Meyer and Dykes (2019), who
formulated criteria a work can be judged by after the design
process has completed. The authors expect a good design
study to be: (1) informed by already existing knowledge,
(2) re�exive of the researchers' own role in the study, (3)
abundant in having considered and tried many possibilities,
and using rich descriptions to convey information, (4) plau-
sible in making knowledge claims that are evidence-based,
context-aware and persuasive, (5) resonant by being trans-
ferable and evocative, and (6) transparent in being particular
enough about reporting. We adopt these values as criteria to
meet, and will return to these in the Discussion section.

DatAR System Design

In the Data section we discuss what Sedig et al. (2012)
dubbed theinformationandcomputing spacesof the design
product: where raw sources of information live, and where
this information is encoded, stored, mined and transformed.
Given that input, the task of relation-�nding, and results from
our pilot studies, we move on to the Design Requirements:
the needs and principles we aimed to embody in DatAR. In
the �nal two sections we discuss Design and Implementation
of these requirements, in terms of information representation
and user interaction.

Data

The main data set we use is the Brain Association Graph
(BAG), developed as part of the Linked Brain Data plat-
form3. This is a triple store4 that contains co-occurrences
of known concepts5. The database was created by min-
ing PubMed abstracts for co-occurring concepts of di� er-
ent types within sentences (for example, hippocampus – a
brain region – and Alzheimer's – a disease)6. The BAG cur-
rently contains well over a 100,000 sentences containing co-
occurrences of a region and a disease7. Statistics were calcu-
lated on each concept pair (e.g., hippocampus–Alzheimer's)
to determine the total count of co-occurrences, and the two-
way probabilities of concepts being in the same sentence.
The Pubmed ID of the paper of each sentence is kept intact
during this process, allowing for fetching additional meta-
data (such as date of publication, authors and venue).

The BAG web portal displays the stored triple data in ta-
ble form by category pair (e.g., region–disease). This visual-
isation is suboptimal, however, given the underlying graph-
based nature of the dataset and a lack of �ltering, sorting,
and aggregating functionalities. There is also an open end-
point that allows users to specify queries using the SPARQL
syntax8. While SPARQL enables powerful query capabili-
ties, using such a query language requires training. DatAR

3http://www.linked-brain-data.org
4A type of graph database that stores all its data as Subject-

Predicate-Object triples; also known as RDF. An example of such a
triple is: lbd:amygdala rdf:type lbd:region. Note that each of these
items start with a namespace, which is shorthand for a full URI. For
a primer, you may refer to Antoniou et al., 2012.

5We use the wordconceptto refer to resources in linked open
data repositories as well as the entities that they refer to. E.g.,
lbd:amygdala (the signi�er) and Amygdala (the signi�ed).

6Keep in mind that we are not looking at actual medical rela-
tionships here – we are looking at how scholars describe these rela-
tionships in their publications.

7We restrict ourselves to regions and diseases in our present
work, but neurons, proteins, genes, and neurotransmitters are also
available.

8For details on the SPARQL query language, you may refer to
W3C (2013)
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aims to abstract away from these infrastructure details for the
user (while still making them aware of the provenance of the
data).

While the BAG serves as the central data repository, we
have (manually) connected its concepts to other linked data
repositories to extend the analytic possibilities. We use
MeSH9 and Wikidata10 to o� er additional descriptions of
individual brain regions and diseases. We have also linked
brain regions in the BAG to the Scalable Brain Atlas11 – al-
lowing volumetric localisation of regions using BAG con-
cepts. For more details on our data mappings and storage
infrastructure, see Appendix C.

Finally, we have received a reduced-dimension topic
model of brain diseases from Cunqing Huangfu, custodian
of the BAG. He used all sentences in the BAG that included
at least one region as source data. All sentences describ-
ing a disease were combined into single documents, which
were then processed with LDA (topic modelling) and T-SNE
(dimension reducation) algorithms. This resulted in a three-
dimensional coordinate space, in which the distance between
diseases represents their semantic similarity (the closer they
are, the more similar). This data was used as input to the
Topic Model Visualisation Widget, described in more detail
in the Representational Design section.

Design Requirements

Our top-level goal is to support neuroscientists in relation-
�nding. Using related work and an informal task analysis, we
stipulated several design requirements and guiding principles
to reach this goal. Some of these were present from the very
start of our process, and others emerged through interaction
with early prototypes of the system as well as the pilot stud-
ies. For provenance of design requirements, please refer to
Appendix I.

Supporting Open and Closed Discovery

In literature-based discovery, the distinction is made be-
tween open and closed discovery tasks (Gopalakrishnan et
al., 2019). Whereas closed discovery tasks focus on bet-
ter understanding the (direct and indirect) relationships be-
tween two predetermined concepts, open discovery attempts
to identify and study all pertinent relationships originating
from a single concept. As our goal is to support�nding rela-
tionships (rather than inspecting them) our system must sup-
port open discovery: Given any entity in the data set, the user
must be able to see which other entities it is related to. More-
over, users should be able to �nd strong relations (indicating
common knowledge) as well as weaker ones (which could
o� er opportunities for further research).

Highlight, Not Hide

A key feature of relation-�nding is that the user does not
know what they are looking for prior to their analysis. The

user therefore has to able to situate themselves in the entirety
of the data set. We concur with Woods et al. (2002) that
perceptual organisationthat preserves context is therefore a
necessity: Users need to be assisted in highlighting subsets
of the data to improve observability rather than be faced with
a system that hides presumably irrelevant aspects. Highlight-
ing based on perceptual organisation requires modelling the
domain semantics (neurosciences), to create a more abstract
conceptual spaceto navigate. In our case, we would need
to distinguish between the di� erent classes of concepts (re-
gions, diseases, etc.) as well as their co-occurrences (includ-
ing aggregate statistics). The BAG already o� ers this struc-
ture, challenging us to �nd suitable ways of organising this
data visuospatially such that we utilise high-bandwidth per-
ceptual channels without overwhelming users.

Augment, Not Replace

Our approach should distinguish itself by being fully ad-
ditional to current (screen- and paper-based) literature explo-
ration practices rather than replacing these. As most such
analytics work takes place on the desktop, it would be bene-
�cial to integrate with both physical elements (i.e., Situated
Analytics; Thomas et al., 2018) as well as implement bridges
to other devices.

Making Use of the Medium

Augmented Reality lends itself to di� erent interactions
from traditional desktop environments. Our interface should
therefore limit itself to the two a� ordances dependably sup-
ported by hand-tracking technology in AR HMDs: the hand
as 3D cursor and grabbing. While keyboard (and other pe-
ripheral) support is arguably also part of AR's appeal, as
compared to VR, we set as a goal to stick to the core inter-
action paradigm of AR where possible; any added peripheral
would make the system less portable. In addition, we set out
to put to use the in�nite spatial canvas of AR by building
a decentralised interface: All functionality should be local
rather than global, and there ought not to be any singletons
where data views and representations are concerned. This
enables a form of subjunctive interface, “in which multiple
queries can be explored simultaneously” (Bron, 2013, p. 4),
which were shown to bolster breadth-�rst search behaviour
in an explorative search task in media studies (Bron, 2013).

Additionally, we strove to make our system modular and
internally consistent, with an eye on open-sourcing the code
to allow other researchers to use DatAR as a toolkit for test-
ing new visualisation approaches.

9https://id.nlm.nih.gov/mesh/
10https://www.wikidata.org/
11https://scalablebrainatlas.incf.org/
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Figure 2
Epistemic design: Tasks supported in DatAR (Inspect, Con-
textualise, Explain). The concepts mentioned, depression
and amygdala, are examples.

Design

Epistemic Design

Based on our review of literature-based discovery and our
design requirements, we support three core tasks for relation-
�nding activities in document collections (Figure 2). Firstly,
users need to be able toinspectlesser known concepts, re-
trieve their de�nitions, and �nd similar concepts. Secondly,
they require the capability tocontextualisea particular con-
cept in regards to aset of other concepts. In our system,
users can relate any disease to all brain regions, or any re-
gion with all diseases. Finally, users should be able toex-
plain any given relation found by the system by requesting
the sentences that attest to that relationship.

Representational Design

To enable the operations required to perform the tasks in
the Epistemic Design, we decided to have concepts be visu-
ospatially manifested asResource Spheres (RSs; see Fig-
ure 3 for a depiction, also for other representations in this
section). RSs contain a URI, a user-facing label, and a class12

– which are pulled from the BAG or other data sources. Users
can grab RSs using a grabbing gesture and move them at will,
�tting in with the AR interaction paradigm. RSs are used as
input to Widgets (or can be output by them).Widgets are
analysis tools that perform actions such as querying, data
manipulation, visualisation or data export. A Widget can
be standalone, requiring no further user input. TheAvail-
able Types Querier, for example, renders all available con-
cept types in the data storage (e.g., Disease, Region) as RSs
without further instructions. Other Widgets have one or more
Receptacles, in which an RS needs to be placed. For exam-
ple, theResource Sphere Inspectoris a Widget that, after
placing a RS in its Receptacle, pulls descriptions and closely
matched concepts from Wikidata, MeSH and the Scaleable

Brain project. These descriptions are then displayed to the
user; the concepts are output as new RSs. This Widget ad-
dresses the Inspect task goal we set.

Some Widgets allow or require aData�ow as input rather
than a RS. Data�ows contain lists of concepts, and allow
Widgets to communicate with each other13. Widgets can
have a Data�owOutlet (for Query Widgets),Inlet (for Vi-
sualisation and Export Widgets), or both (for Manipulation
Widgets). An Outlet and Inlet can be connected by hold-
ing them together (where each Outlet can connect to multi-
ple Inlets). An example of a Widget using Data�ows is the
Data�ow Inspector, which renders incoming contents as a
list. Data�ows allow chaining multiple Widgets, which auto-
matically update if anything prior in the chain is modi�ed.

Table 1
Textual overview of DatAR representations; legend for Fig-
ure 3.

# Type Representation

0 - Resource Sphere
1 Q Concepts of Class Querier
2 Q Available Classes Querier
3 Q Co-occurrence Querier
4 M Min-Max Filter
5 V Topic Model Visualisation
6 V Brain Model Visualisation
7 V Data�ow Inspector
8 V Resource Sphere Inspector
9 E Concept Pair Exporter

Note. Types used: Query (Q), Manipulation (M), Visualisation (V),
and Export (E).

Our system takes into account the open-world assump-
tion (i.e., our data set could contain concepts of any type,
including unknown ones). Widgets are therefore responsi-
ble for specifying which data types are acceptable for it to
process. For example, theCo-Occurrence Querierrequires
a concept of any type, and a class. It will subsequently try
to �nd relations between the given concept and any items of
the given class, and output these as a data�ow. TheConcept
Pair Exporter requires one concept of type Region and one
of type Disease, and sends this information to a web-based
companion application (see Figure 4). This web interface
subsequently queries the BAG and PubMed to retrieve sen-
tences (and their papers) containing both concepts – satisfy-
ing the Explain task goal we set. TheMin-Max Filter sup-
ports Data�ows that pass a co-occurrence list; it then outputs
a modi�ed co-occurrence list based on the �lter parameters.

12For example, lbd:amygdala as URI, "Amygdala" as label, and
lbd:region as class.

13Data�ows as visual representations of data have been used in
VR before, with promising results where it concerns ease-of-use
(Ens et al., 2017).
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Figure 3
Visual overview of DatAR representations. See Table 1 for a legend. Notice the two Data�ow constellations, starting at Query
nodes (3) and ending at Visualisation nodes (5& 6). In the top constellation, we see a Topic Model Visualisation (5) in
which all diseases co-occurring with the hippocampus are highlighted in red; other diseases are displayed in a low-opacity
turquoise. In the bottom constellation, the output generated by the Co-Occurrence Querier (3) is �rst manipulated by a Min-
Max Filter (4), in which the most prevalent co-occurrences (in absolute count and relative importance to the region) have been
�ltered out. This �lter then passes on the data to a Data�ow Inspector (7), which renders a list of contents, and the Brain
Region Visualisation (6). The latter shows three �lter states for depression–region co-occurrences: Turquoise RSs indicates a
complete lack of any detected co-occurrence of depression and the given brain region in the literature; yellow indicates these
do exist, but outside of the �lter range; and red indicates co-occurrences within �lter range. These colours update live as the
user moves the �lter sliders.

A �nal core mechanic is highlighting. Each item in a
Data�ow has a highlight �ag, which can be read and/or mod-
i�ed by Widgets. There are two �lter states: (1) out of �lter
range, and (2) in �lter range. This information allows down-
stream visualisations to render their contents di� erentially.

Visualisation Design

In this study, we implemented two main visualisations: a
Topic Model and a Brain Region Visualisation (see the Data
section for provenance). Conceptually, theTopic Model Vi-
sualisationtakes in a class (RS) and returns a reduced topic
model as a three-dimensional scatterplot of all concepts of
that class. Each point is represented as a RS, which is repli-
cated when a user tries to grab it. The Brain Region Visu-
alisation behaves similarly, but instead displays the central
points of brain regions in the Scalable Brain database.

While useful on their own, both visualisations become

more useful when paired with other Widgets. When using
Data�ows to connect theCo-occurrences Querier, concepts
in both sets are highlighted. Adding aMin-Max Filter in-
between additionally allows di� erentiating concepts in and
out of �lter boundaries. This three-Widget set-up is currently
the most powerful way of looking at the data within our sys-
tem, satisfying the Contextualise task goal we set.

As with any complex design, we could never report all
design decisions in a paper. For example, what the position
of the user should be in relation to a 3D scatterplot. We have
documented such considerations in our design and research
documentation (see Appendices D and E), keeping a trans-
parent and informed trace of decisions – following the design
study criteria for rigour by Meyer and Dykes (2019).
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