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DIGITAL ETHNOGRAPHY
With the goal of the HumanFIT project being the development of an IoT testbed that supports companies in testing 
and developing ideas for public health in Denmark, technology and data is bound to have a big role. One way of ap-
proaching technology in relation to humans is through digital ethnography. In the following, we provide an account of 
What is digital ethnography? and How do we use it?

ETHNOGRAPHY & DIGITAL ETHNOGRAPHY
Pink et al. (2016) suggest that ethnography is iterative-in-
ductive research, which evolves throughout the study, 
where both the researcher’s role and theory are reflected 
upon. Ethnography, according to Pink et al. (2016), sees 
the humans as “part object/part subject”. Ethnography 
by nature has a reflexive character and “must be seen 
primarily as a form of reportage”(Dourish, 2006). Dourish 
(2006) goes on to say that when doing ethnography, two 
levels or types of contributions can be distinguished – the 
empirical and the analytic. The empirical is the observa-
tional material we bring home from the field, while the 
analytic is the synthesized, organized, interpreted and 
presented data. Moreover, Dourish (2006) suggests that 
ethnography is “practice that gives form and meaning 
to technology; the focus of ethnography is the ways in 
which practice brings technology into being.” With that 
in mind, let us move on to digital ethnography. 

According to Masten and Plowman (2003) “Digital Ethno 
is the modern, digital equivalent of traditional, Mal-
inowskian ethnographic forms”. Malinowskian ethnog-
raphy refers to Bronislaw Malinowski, who was one of 
the most influential anthropologists of the 20th century 
(Holdsworth, 2014). Malinowski is known for developing 
anthropology away from looking at the people of study 
towards engaging and living with the people. Malinowski 
pioneered how we today do participant observation 
(Holdsworth, 2014). Pink (2014) elaborates on digital eth-
nography claiming that it is a “way of doing ethnography 
that is part of and participates in a digital-material-sen-
sory environment rather than simply ethnography about 
the digital”. Doing digital ethnography relates to science 
and technology scholars arguing that “our everyday prac-
tices are also shaped by non-human actors, such as tech-
nologies and material objects”, which has “implications 
for understanding human relationships and engagement 
with media and communication technologies” (Pink et 
al., 2016).

EXPANDING THE FIELD
With digital ethnography comes a shift, as Pink et al. 
(2016) discuss, with many of the ‘classic’ ethnographic 
activities being transferable, to different extents, to digi-
tal ethnography, but requiring a different way of thinking. 
‘Classic’ ethnography is often geographically specific and 
relies on direct and prolonged contact with the people 
at the center of the study. Masten and Plowman (2003) 
describes it as extending the classic ethnographic meth-
ods beyond both geographic and temporal boundaries. 
Williams (2013) similarly argues that digital ethnography 
switches field site from geographic sites to mobile, mul-
ti-sited or un-sited sites, crossing spatial and temporal 
boundaries. This allows us to expand the notion of field 
site from geographical, to digital ethnography “treating 
a certain space as a field” as Lohmeier (2014) argues. 
Lohmeier (2014) emphasizes that “the main commonal-
ity of ethnographic studies is that the researcher makes 
a conscious effort of understanding the field and the 
people he or she researches from their perspective.” As 
Pink et al. (2016) also points out, “in digital ethnography, 
we are often in mediated contact with participants rather 
than in direct presence”. And digital ethnography does 
not only see a shift in who and how we as researchers 
engage with participants, it also opens up for replacing 
ethnographic writing with video, photography or blog-
ging (Pink et al., 2016). 
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POWER TO THE PARTICIPANTS
One of the main points of Masten and Plowman (2003) 
is that digital ethnography brings participants into the 
process in a different way than classic ethnography 
does. “Digital Ethno brings the participant back into the 
research process. Rather than simply acting as sources of 
data, participants actively share their findings and their 
insights on the topic at hand” (Masten & Plowman, 2003). 
They go on to name their participants ‘true partners’ in 
the process and refers to them as “more consultants than 
respondents”. This relates to Pink (2015) who argues that 
those who participate in digital or visual ethnography 
are self-selecting, because they choose to participate and 
share their lives. So, the power handed to the participants 
enables them to “convey the real-time richness of their 
own lives and environments” (Masten & Plowman, 2003).

USING DIGITAL ETHNOGRAPHY
There are different definitions of digital ethnography in 
use, depending on field and background of those using 
it. Pink et al. (2016) suggests that the digital ethnography 
“captures the unspoken meanings and emotional or af-
fective dimensions of engaging with digital technologies”. 
Expanding with the notion that digital ethnography gives 
insights into local or indigenous knowledge. Descriptions 
and understandings of peoples’ uses of digital technolo-
gies – the how – in an everyday context, is generated by 
ethnography. Digital ethnography shines a light both on 
the mundane and on the ‘hidden’ dimensions of digital 
technologies (Pink et al., 2016). The inherent reflexivity 
of ethnography helps “both researchers and partici-
pants become reflexively aware of hidden habitual and 
embodied digital practices and meanings” (Pink et al., 
2016). Digital ethnography once again shifts from classic 
ethnography, by not only relying on physical co-presence, 
but supplements with primary and secondary materials, 
which includes finding new ways of ‘being there’ (Pink et 
al., 2016). 

DIGITAL ETHNOGRAPHY & BIG DATA
One of the major reasons digital ethnography is needed 
is the rise of big data. As McCosker and Wilken (2014) say 
“we have entered an age of ‘big (social) data’”. They go on 
to define big data by three characteristics – volume, vari-
ety and velocity. But the reason we need digital ethnogra-
phy is that “Big Data fails to provide adequate insight into 
why users use a product because this data lacks holistic 
understanding” (Curran, 2013). Relying solely on big 
data has been named ‘dataism’, which Lohmeier (2014) 
explains as “the underlying assumption that all answers 
are to be found by looking at data”. The dangerous as-
sumption is that big data is always relevant, complete and 
clean, and that big data is more valid than social reality 
(Lohmeier, 2014). Big data has merit, no doubt, and big 
data should not be seen as a threat to ethnography, but 
rather a complement (Ladner, 2012). When big data and 
digital ethnography work together, “the ethnographer’s 
observation of the hows and whys of simultaneous ac-
tivities can lend nuance and richness to the quantitative 
data” (Ladner, 2012). Curran (2013) seconds this, saying 
that ethnography can “uncover the ‘hows’ and ‘whys’ of 
human behavior”. 

Tricia Wang discusses the need for ‘thick data’ as a com-
plement to big data. “Thick Data is data brought to light 
using qualitative, ethnographic research methods that 
uncover people’s emotions, stories, and models of their 
world” (Wang, 2016). Wang (2013) argues for big and thick 
data to walk hand in hand, because thick data provides 
inspiration as “the act of collecting and analyzing stories 
produces insights” – something big data does not. She 
further claims that “Big Data delivers numbers; thick data 
delivers stories” and “Big Data relies on machine learning; 
thick data relies on human learning” (Wang, 2013). And 
importantly she underlines that we need both big data 
and thick data in order to form a complete picture, “be-
cause they produce different types of insights at varying 
depths and scales” (Wang, 2013). 
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DATA VISUALIZATION
In connection with digital ethnography, a useful way of bringing generated data back to the people who generated the 
data and thereby gain context (or thick data), is through data visualization. Data visualizations can be used as a tool to 
get participants to make sense of their own data and contextualize large data sets, going beyond pure data analysis. In 
this section we ask What are data visualizations and How do we use them?

VISUALIZING DATA
Data visualization is a term that both entails the pro-
cess of visualizing data and the outcome of that process 
(Jansen, Dragicevic, & Fekete, 2013; McCosker & Wilken, 
2014). As Jansen et al. (2013) explains ”a visualization 
involves the process of visual mapping, i.e., the choice of 
visual variables (color, position, size, …) to encode data”. 
This is seconded by McCosker and Wilken (2014) who 
similarly claim that “data visualization seeks to make in-
novative use of ‘axes and layout, shape, colors, lines and 
typography’ to achieve novelty, efficiency and informa-
tivity”. They further argue that the actual visualization is 
not the final outcome but works as a new way of prob-
lem-posing. Jansen et al. (2013) explain that these visu-
alizations can be on-screen or made physical, be 2D or 
3D – although they recommend against 3D visualizations, 
as “they are subject to serious occlusion, distortion, and 
navigation issues”(Jansen et al., 2013). Manovich (2002) 
talks about visualizations as a way of mapping, where a 
data set is mapped into an image. He uses the term visu-
alizations for cases where quantified data, which on its 
own is not visual, is turned into a visual representation.

The data sets used for data visualizations are often 
complex, meaning that “designers and their clients have 

to choose which dimensions to use and which to omit, 
and how to map the selected dimensions”(Manovich, 
2002). Adding to the complexity is also the importance of 
leaving “the content in the visualizations in their rawest 
and most complete state – avoiding even simple transfor-
mations like taking averages or only displaying subsets 
of data” (Anderson, Nafus, Rattenbury, & Aipperspach, 
2009). 
Anderson et al. (2009) has four important aspects that 
will aid in creating and using successful data visualiza-
tions:
1. Data visualizations should include as much data as 
possible
2. Data visualizations should provide interpretive space/
ambiguity for researchers and participants
3. Data visualizations should be visually accessible/legible
4. Data visualizations can be supplemented with brief 
oral descriptions to enhance understanding

McCosker and Wilken (2014) talks about data visuali-
zation as “evidence illustration”, pointing out that data 
visualization is also a moral activity. This relate back 
to Anderson et al. (2009) who basically argues for not 
pre-interpreting the data during the data visualization 
process, but rather leaving that to the participants.



7

EXAMPLE: DEAR DATA
AN EXAMPLE OF A VERY CREATIVE AND PERSONAL WAY OF DOING DATA VISUALIZATION IS WHAT GIORGIA LUPI AND STEFANIE POSAVEC DID IN THE DEAR 
DATA PROJECT (LUPI & POSAVEC, 2016). FOR A YEAR, GIORGIA AND STEFANIE WOULD LOG A NEW ASPECT OF THEIR LIFE EACH WEEK AND SEND IT TO EACH 
OTHER ON POSTCARDS. THROUGH THESE POSTCARDS, THEY GOT TO KNOW EACH OTHER. EXAMPLES OF THESE DATA VISUALIZATIONS ON POSTCARDS CAN 
BE SEEN BELOW. THESE POSTCARDS SHOW ‘A WEEK OF COMPLAINTS’. 



8

 

 

EPIC 2009 proceedings / Contributors Template 5 

 
 
FIGURE 1. This figure displays part of a data visualization used during an ethno-mining 
contextual interview. The visualization plots computer use and relative user location. Each 
day of data is plotted horizontally, from midnight to midnight. The zoomed in portion of the 
figure (bottom-right) plots a little more than 3.5 hours of May 29th, 2008 for a single user. The 
top portion of each day’s plot corresponds to user input (the denser the markings, the more 
the user was typing on the keyboard or using the mouse). The thick center line for each day 
plots the focal application (each application is assigned a unique color). The bottom line for 
each day plots the user’s relative location – separate locations are assigned separate colors; 
however the physical or semantic identity of each location is unknown. 
 

EXAMPLE: COMPUTERS IN THE HOME
ANDERSON ET AL. (2009) CREATED DATA VISUALIZATIONS OF COMPUTER USAGE IN HOMES. THEY CREATED ONE VISUALIZATION TO BE ANALYSED WITH 
THE PEOPLE WHO GENERATED THE DATA (PICTURE ON THE LEFT). THIS DATA VISUALIZATION SHOWS COMPUTER USAGE IN RELATION TO LOCATION IN 
THE HOME. ANOTHER VISUALIZATION THEY CREATED WAS USED TO BRING THEIR DATA AND INSIGHTS TO THE COMPANY MANAGEMENT (PICTURE ON THE 
RIGHT). THE PICTURES SHOW THE COMPUTER USAGE OF DIFFERENT PEOPLE.

 

12 Numbers have Qualities Too – Rattenbury, Anderson, Nafus 

messiness, allowing for a co-creation of interpretation in corporate meetings as well as in 
field research. Figure 3 is a chart of time of day of computer from a study we did on 
notebooks. The x-axis represents the hours of the day, from midnight to midnight. Each line 
on the y-axis represents a participant in the study. The more yellow spots on the y-axis line 
are, the more the computer was used during that time segment over the ~8 weeks of the 
study.  

 
FIGURE 3. This data visualization was used during presentations to senior management, new 
product planners and platform engineers. The figure illustrates how we have attempted to 
demonstrate heterogeneity of the data and call into question the transparent reading of 
“facts” of quantitative data. Each line of the y-axis is a participant in our study. The x-axis is 
time, from midnight until midnight. 
 
If we were just taking a quantitative approach we could present a “fact” that 40% of usage 
happens from 6-midnight, 10% from midnight to 6AM, 20% from 6AM until noon and 30% 
from noon until 6PM.  Indeed such facts were asked for and we resisted providing them.  
Instead, we held a discussion about what was and was not predictable about computer use in 
conditions of such temporal heterogeneity.     When presenting this material, colleagues in 
the meeting are not always sure what to make of the data. Indeed, this is one of our goals in 
presentation, to open interpretation by calling into question “the known” and what are 
“facts”. The representations allow us and colleagues in a meeting to challenge the objectivity, 
reliability and neutrality of “facts,” ironically by being even more fact-like.  This becomes an 
occasion to highlight why this temporal heterogeneity matters so much culturally, where the 
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precise schedule and management of time has become the dominant way of understanding 
temporal experience. Here, we are able to use the data combined with our cultural analysis to 
highlight the heterogeneity of participants, to bring to the fore ground the multi-
dimensionality of the lived experience by multiple people in multiple places.  Engineers and 
managers could come to see this more readily through the lens of something they felt far 
more intimate with –the machine.   
 
 Since representations of participant behavior have relatively high power within our 
corporation, we are presenting another example from one of our presentations. In this case, 
in Figure 4, the x-axis corresponds to participants in the study, while the y-axis is the percent 
of the incidents of sessions and the colors represent different durations of sessions.  
 
 

 
 
FIGURE 4. This data visualization was used during presentations to senior management, new 
product planners and platform engineers. Each vertical set of stack bars corresponds to a 
separate study participant. The colors represent different events, in this case durations of 
computer usage) and the heights of the bars give a relative probability of occurrence for each 
of these events, for each participant.   
 
 
The data could be presented as a table, for example: 

  notebooks UMPCs 
50% of sessions are shorter than 3.5 mins 2.7 mins 
70% of sessions are shorter than 8.7 mins 6.7 mins 
90% of sessions are shorter than 25.8 mins 18.4 mins 

Presented as such, the facts leave little room to include a discourse on the social nature of 
temporality–why, for example, the longer session remains a significant part of usage even for 
those who skew most radically to the brief interaction. Instead, presenting the behavior 
tracking data visually in a more complete way affords an opportunity to highlight the 
importance of our cultural analysis while grounding the conversation in a concrete shared 
object of charts from the ethno-mining data. 
 

ENABLING INTERPRETATION
We use data visualizations to find meaning in data sets. 
This can be done both as a researcher or in collaboration 
with the people who have generated the data. As Mc-
Cosker and Wilken (2014) claim “data visualization offers 
a way ‘to find things that you had no theory about and 
no statistical models to identify, but with visualization it 
jumps right out at you and says “This is bizarre””. They 
also argue that data visualization is a reflexive prac-
tice and that this reflexive practice is central in gaining 
knowledge from the visualizations. 

Data visualizations require interpretation. Drawing on 
the notion from Anderson et al. (2009) on how evocative 
and complex visualizations that required interpretation 
removed “some of the authority that participants tended 

to grant such ‘objective’ data, and made it much more 
comfortable for them to have something to explain”, 
Buur, Mosleh, and Nielsen (2018) similarly argue that 
“data visualizations can be designed to involve partici-
pants in making sense of their own data”. 

Furthermore, there is an advancement (or challenge 
some might say) in data visualization, as the data sets 
that we are visualizing become denser and more complex 
with big data serving as our data source. The amount of 
data needing visualization is considerably vaster than 
before and the relation between the datatypes often 
requires more dimensions than classical graph types such 
as bar charts and scatter plots can handle (McCosker & 
Wilken, 2014). 
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EXAMPLE: SUNDE SKOLER
IN A PROJECT ABOUT INDOOR CLIMATE AT DANISH SCHOOLS, DATA VISUALIZATIONS OF MEASUREMENTS FROM 27 DANISH SCHOOLS WERE CREATED BY 
SDU. THE DATA VISUALIZATIONS OF TEMPERATURE, HUMIDITY, CO2 AND NOISE WERE SHOWN TO THE TEACHERS, WHO THEN PROVIDED CONTEXT AND 
KNOWLEDGE ABOUT WHAT WAS HAPPENING IN THEIR CLASSROOM AT THAT TIME. THE TOP PICTURE SHOWS A SEGMENT OF A DATA VISUALIZATION OF 
INDOOR CLIMATE AT A DANISH SCHOOL. THE VISUALIZATION IS SHOWING TEMPERATURE, HUMIDITY, NOISE AND CO2. THE BOTTOM PICTURE SHOWS THE 
DATA VISUALIZATION AFTER TEACHERS EXPLAINED AND PROVIDED CONTEXT ABOUT WHAT HAPPENED DURING THE LAST WEEK. 

LOKALE NR 60 
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DATA PHYSICALIZATION
A novel way of representing data as a mean for interpretation is data physicalizations. “Physical data representations 
have existed for as long as civilization” (Taher et al., 2016), but the focus has shifted from merely representing data to 
engaging with data. In the following we question What is data physicalization and How do we use it?

PHYSICALLY ENCODING DATA
At its core, data physicalization is “a physical artifact 
whose geometry or material properties encode data” 
(Jansen et al., 2015). Data physicalization give “physical 
form to abstract data with no physical analog” (Hull & 
Willett, 2017). Data physicalization is also constructs 
designed to ”represent (big) data and help people explore, 
understand, and communicate data” (Buur et al., 2018).

Data physicalization sets itself apart from data visualiza-
tion because it does not rely solely on the visual aspects 
but focusses on the perceptual skills more broadly, by 
including, for instance, touch (Jansen et al., 2015). Fur-
thermore, data physicalization exclude flat visual displays 
as means of representation, unless it is combined into 
something physical, for instance, hybrid setups (Jansen 
et al., 2015). Another aspect that sets data physicalization 
apart from data visualization is the fact that physicali-
zation affords physical manipulation (Buur et al., 2018). 
Data physicalization is relevant in relation to digital 
ethnography, because it relates to the two aspects: “(i) the 
support of data analysis through visualization and (ii) the 
support of human-computer interaction through physical 
objects” (Jansen et al., 2015). 

EXAMPLE: SWEATATOMS
HULL AND WILLETT (2017) MENTIONS SWEATATOMS AS AN EXAMPLE OF 
DATA PHYSICALIZATION. SWEATATOMS ARE 3D PRINTED PHYSICALIZA-
TIONS, EACH SHOWING A DIFFERENT ACTIVITY DURING AN INDIVIDUAL 
WORKOUT SESSION. THE SWEATATOMS WERE USED TO COMPARE DIFFER-
ENT TYPES OF PHYSICAL ACTIVITIES.

 

analytics research has explored the value of visual histories 
of the analysis process [12] and visually organizing analysis 
results to support efficient sense-making [42]. However, 
mechanisms for comparing on-screen visualizations and 
analysis histories are limited by the amount of screen real 
estate. Only a few tools support direct interactive 
comparisons between multiple representations [16] or 
attempt to recreate the sense of a large, persistent work 
environment that supports shared spatial memory and 
analysis history [14]. 

Data physicalizations, on the other hand, lend themselves 
readily to the kinds of direct, physical comparison and 
rearrangement we see with architectural models. Early 
research has demonstrated that small handheld 
physicalizations can be easier to compare and manipulate 
than their on-screen counterparts [18]. However, our 
experience with architectural models suggests that the 
ability to sort, order, and organize larger numbers of 
physicalizations across a workspace may bring additional 
benefits – improving awareness of previous exploration and 
making it easier to revisit and juxtapose analyses. Increased 
use of persistent data physicalizations as part of their 
everyday analysis practice could eventually allow 
knowledge workers to reclaim some of the spatial and 
tangible value often attributed to more traditional 
architecture and design studio spaces [30]. For example, 
Stusak et al. [33] discuss how collections of SweatAtoms–
 3D printed physicalizations showing athletes’ activity over 
individual workouts – can be arranged to create “memory 
landscapes” highlighting longer-term activity (Figure 3).  

The idea of spatially distributing analytic views and 
markers of analysis history also has promising implications 
for the design of virtual- and augmented-reality analysis 
environments [4]. While not strictly physical, augmented 
reality visualizations created with modern headsets could 
easily be rendered at unique and reconfigurable locations 
relative to a viewer or their surroundings. Such systems 
could potentially capitalize on many of the benefits of 
physical models, without the cost or complexity of physical 
fabrication or mechanical actuation.  

3. Providing Context 
When designing a structure or environment architects 
always need to consider the interplay between structures 
and their surrounding environment. While it is valuable to 
visit a site and examine the physical landscape in person, 
the vast majority of the work exploring the relationship 
between the design and its surroundings happens in the 
studio. Context models that include not only the structure 
being designed but also its surroundings provide a valuable 
tool for contextualizing new designs. Physically modeling 
the surrounding environment at smaller scales allows 
architects to more readily examine and manipulate 
buildings, topography, and environmental conditions in 
ways that are difficult or impossible in the real world. 
Similarly, when creating models, architects can select and 
emphasize important elements of a scene like nearby 
buildings, vegetation, property boundaries, or rights-of-
way, while de-emphasizing less important details. 

A growing body of visualization work has also begun to 
recognize the value of context when presenting and 
interpreting data. However, this work has tended to 
emphasize the value of situating visualizations in real-world 
environments [40], embedding data representations in close 
proximity to relevant people, objects, and locations [41], or 
altering environments to make important phenomena visible 
in-place [26]. As a result, much of the work has focused on 
using augmented reality tools to render representations of 
data directly at relevant locations.  

Our discussions with architects, however, suggest that 
embedding or situating data within small-scale physical 
facsimiles of real environments may also have considerable 
value for data analysis. For example, by providing context 
about the area, physical scale models of a large field site 
could help analysts more easily examine and make sense of 
relationships between samples or specimens collected there. 
In contrast to on-screen GIS tools, more detailed physical 
context models could allow analysts to use physical 
locomotion, tangibility, and direct manipulation to explore 
the data, while also providing rich information about the 
original environment. 

Tangible computing systems like Urp [37] and Piper et al.’s 
Illuminating Clay [29] have demonstrated how dynamic 
physical models and projection can be combined to support 
planning and urban design tasks. Despite this, tools that 
would allow data analysts to quickly create and utilize 
context models as part of their own data analysis practice 
remain largely unexplored. Fortunately, recent advances in 
3D scanning and digital fabrication [44] seem poised to 
streamline the process of creating models from existing 
objects and locations. Widespread interest in content 
capture for virtual reality headsets also promises to make it 
easier to create virtual context models for a variety of 
visualization applications.   

Figure 3.  SweatAtoms artifacts support the physical comparison 
of a series of different athletic activities. Image: R.A. Khot.  

Visual Perception based Decisions CHI 2017, May 6–11, 2017, Denver, CO, USA
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EXAMPLE: THE PHYSICAL BAR GRAPH
FOR A PROJECT INVOLVING LIBRARIES AND BIG DATA, BUUR ET AL. (2018) 
CREATED REARRANGEABLE BAR GRAPHS BY TURNING EACH TEN DATA-
POINTS INTO QUADRATIC TILES THAT COULD BE STACKED. THE DATASET 
WAS A LOGGING OF THE DIFFERENT TYPES OF INQUIRIES LIBRARIANS GET. 
IN THE AFOREMENTIONED WORKSHOP, THE DATA TILES WERE USED TO, 
FIRSTLY, SHOW THE DISPERSION BETWEEN THE DIFFERENT INQUIRIES AND 
SECONDLY, TO DISCUSS WHAT THE IDEAL INQUIRY COMBINATION WOULD 
BE. HOW MANY OF THE INQUIRIES SHOULD GO TO THE LIBRARIANS AND 
HOW MANY SHOULD THE VISITORS FIND OUT BY THEMSELVES?

 

 

2018 EPIC Proceedings 9 

attempt to analyze what occupies the librarians at each counter, management installed a self-
registration procedure for tracking query types. For the past year, the librarians on duty had 
been asked to register every query they responded to at each of the four desks by ticking a 
box on an iPad. The screen had 13 pre-defined categories, for instance: 

Question about a book title 
Find way to a shelf 
Referral to a colleague 
Help with pickup of reserved material 
Help with book return 
 

Curiously, ‘Find way to the toilet’ had its own category, perhaps because the signage in the 
building was not so very clear.  The list led us to ponder about library practices and library 
design: What activites are important for librarians to manage? Should some of these 
seemingly mundane tasks rather be shifted to library users to free up time for more ‘valuable’ 
work?  How is the library lacking in terms of enabling visitors to use the library 
independently?  
 

 
Figure 4. The physical bar graph in a librarian design workshop. A physicalization of the 670 
queries the librarians respond to at the main service desk during a week, split into 13 color 
coded categories. 

 
Physical bar graphs of customer queries 

We received 1,151 data points spread over four desks during a full week. We chose to focus 
the physicalization on the main counter with 670 queries during that week. They were 
represented in the form of a physical bar graph, which proved very successful in the design 
workshop, Figure 4. The bar graph was a stack of 67 wooden tokens that each represented 
10 queries of the same category. Each category had its own color coding. Thus, the 
physicalization showed the total number of counter queries in a week divided into categories 
by color. Further, for each participant in the workshop, there was a board with two squares 
to place tokens on: One said ‘Librarian’, the other ‘Student’. The idea was that for each of 

Jansen and Dragicevic (2013) go through the process from 
raw data to physical representation in four steps: data 
transformation, visual mapping, presentation mapping 
and rendering. Data transformation is the process where 
raw data is processed into a form that is suitable for visu-
alization. Visual mapping is the first iteration of creating 
a visualization, where an initial visual form is mapped as 
a raw sketch for the next step. In presentation mapping, 
the abstract visual form is turned into the final visual rep-
resentation of the data. The final step is rendering, where 
the visual representation is turned physical. 
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UNDERSTANDING THROUGH PHYSICAL 
MANIPULATION
Data physicalizations afford physical manipulation (Buur 
et al., 2018) and manipulating physical objects can foster 
understanding and learning (Jansen et al., 2013). Accord-
ing to Jansen et al. (2015) data physicalizations help peo-
ple explore, think about, understand, communicate and 
share data. The reasons for using data physicalizations 
rather than data visualizations are that “physical models 
immediately reveal the relationships between multiple 
dimensions of a structure, relationships that are often 
not obvious in blueprints or static views” (Hull & Willett, 
2017) and “touching a physical object can reveal a whole 
set of additional information such as texture, stiffness, 
temperature, and weight” (Jansen et al., 2015). Jansen et 
al. (2015) also point out that physicalizations allow for a 
better use of our active perception skills. Further benefits 
include increased engagement, direct active manipula-
tion and improved memorability (Jansen & Hornbæk, 
2015). 

EXAMPLE: 3D PRINTED CURVES
IN THE SAME LIBRARY PROJECT, BUUR ET AL. (2018) CREATED DATA PHYS-
ICALIZATIONS IN THE FORM OF 3D PRINTED CURVES SHOWING NOISE AND 
CO2. THE CURVES WERE USED IN THE AFOREMENTIONED WORKSHOP WITH 
LIBRARIANS AND USERS, WHO WERE TASKED WITH MATCHING THE CURVES 
WITH EACH OTHER AND THE PLACE IN THE LIBRARY WHERE THE DATA WAS 
COLLECTED. 

EXAMPLE: CHRONIC PAIN GRAPHS
ON A PROJECT ABOUT CHRONIC PAIN, BUUR ET AL. (2018) MADE LASERCUT 
GRAPHS OF DATA FROM AN APP WHERE CHRONIC PAIN PATIENTS LOG 
THEIR PAIN DATA. THESE GRAPHS WERE THEN USED TO DISCUSS WITH THE 
PATIENT ABOUT THEIR PAIN AND TO COMPARE PAIN, MOOD, STIFFNESS 
AND FATIGUE TO SEE IF THERE IS A CONNECTION. THE PHYSICAL NATURE 
OF THE GRAPHS ALLOWED PARTICIPANTS TO DIRECTLY COMPARE E.G. 
MOOD AND FATIGUE.
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data from the App developer. Through several iterations we developed data physicalizations 
to trigger conversations about their experience of pain. The company partner DAMAN 
develops digital healthcare solutions and collaborates with Danish Health Authorities to 
provide patients with tools to manage their diseases. 

Analyzing the variety of data physicalizations designed in the two projects, we realize 
that they tend to fall into four categories in terms of how they scaffold conversations with 
our collaborators. In the following we will scrutinize archetypes for each of these categories.  

 
1. TOUCHING DATA ENRICHES CONVERSATIONS 

First, we focus our analysis on how physicalizations enable people to ‘touch the data’ and 
what kind of insights this triggers with our collaborators. The empirical base for our research 
is video documentation from one of the workshops, of how five groups in turn engaged 
with the data physicalizations to make sense of the practices in the library. The groups 
typically had 4-5 members: librarians, library researchers, design researchers and library users 
(students). We have transcribed the recordings and analyzed the video with a view to 
handling, gestures and verbalizations. 

 
3D printed curves of noise and CO2 

One of the library physicalizations consisted of 3D-printed shapes, where the jagged edges 
represented the levels of, respectively, noise on one and CO2 on another object, Figure 1. 
They were based on 4,031 data points from each of four environmental sensors (IC meters), 
which collected data on noise levels, temperatures and CO2-levels over the course of a week 
in different study areas. The data showed how temperatures stayed rather constant, while the 
noise and CO2 levels were quite high during day compared to during night. These 
parameters, which we received in Excel sheets, said very little at a first glance. However, 
filtering the data with respect to time of the day and the area from which it was collected, 
helped in creating an initial framing of how the data could become useful.  We wanted to 
gain insights about how users are currently using the different spaces of the library, and how 
these insights could help inform potential re-design of the spaces to better support the 
activities of the users.
 

 
 
Figure 1. Workshop participants compare 3D printed curves of CO2 levels (blue) and noise 
levels (white) to find out from where on a library layout plan they might have been collected. 

 

 Physicalization of Big Data – Buur, Mosleh, Nielsen 6 

might represent, and why. Doing this, the data physicalizations worked as tools for 
collaborative sense-making of what the data meant in the context of the library space.  

 With these data physicalizations, comparisons played a central role in making sense of 
the data. We saw participants constantly matching two against each other, to understand the 
finer details that make them different. We also observed that often the physicalization got 
used as a ‘talking stick’ - participants raised the artifact to be heard in the conversation. 

 
 

2. JUXTAPOSING DATA SHIFTS PERSPECTIVES 

As we saw in the first physicalization example, the act of comparing data is crucial to sense-
making. This is well-known from data visualization: it is the difference between curves rather 
than the curves themselves that help disclose insight. The juxtaposition of data sets suggests 
new perspectives. This is even more pronounced in the following example. 
 
Laser-cut graphs of chronic pain 

For each chronic patient we received 160-250 data points. The data was laser cut in acrylic 
material in the shape of graphs of different colors, representing pain, fatigue, stiffness and 
mood, Figure 2. The idea was to enable participants to freely combine and compare the user-
generated data from the mobile App.  
 

 
 

Figure 2. Self-tracking data of chronic pain patients physicalized as acrylic graphs in different 
colors. To the left the interview participant points out what parts she relates to her story. To 
the right the researcher places the acrylic graphs on top of each other as encouraged by the 
participant. 

 
The graphs were hanging from strings and used in interviews with the chronic pain patients: 
“This is your data from the RheumaBuddy app, where you have been tracking your pain, 
fatigue, stiffness and mood. I have changed your raw data into these physical graphs, in 
order for us to see what we can uncover from the data”. 
 

 

“Physicalizations allow individuals and groups to relate to 
data in new ways” (Jansen et al., 2015) and data physical-
izations allow participants to co-create meaning (Buur et 
al., 2018). By interacting with data in material form, those 
who generated the data are invited to make sense of their 
practices because data physicalizations support conversa-
tions about human practices and experiences (Buur et al., 
2018) This is the power of data physicalizations, because 
it allows people to reflect on their experiences (Buur et 
al., 2018). Data physicalizations can be used as interview 
tools, to challenge participants to talk about their practic-
es and experiences (Buur et al., 2018). 

In 2013, Jansen et al. argued that even though some data 
physicalizations have moving parts and provide some 
interactivity, it is not enough to support dynamic data. 
There is potential for a new type of data physicalization 
that takes dynamic datasets into consideration. Taher et 
al. (2016) has started working with versions of physical-
izations which allow for dynamic datasets and permits 
navigation and explorations of bigger datasets, but there 
is more to be explored. 

More examples of data physicalizations is available in 
Dragicevic and Jansen (2019).   
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HOMES & LABS
When evaluating new ideas for IoT products in the home, it is tempting to find ways of tracking data of their use in 
labs or actual homes. This section describes digital ethnography in relation to homes and investigate the different 
types of labs, which are operating within this field.  Therefore, we question Which labs are there and What are they 
doing?

5 KINDS OF LABS
There are many different terms used to describe the 
‘homes’ used for this type of research, for instance Live-in 
Labs, HomeLabs, Living Labs, and Smart Spaces. We have 
selected examples of labs, which identify themselves 
as homes and data, for inspiration. There are subtle 
differences in both the outline of the labs and how they 
approach the research, here in five categories; HomeLab, 
IoT Lab, Living Lab, Usability Lab and Smart Spaces.

These labs all claim, to different extents and in different 
ways, to be home-oriented or IoT-oriented labs. And as 
the HumanFIT project and the IoT Test Apartment at 
Public Intelligence fall within these categories, it seemed 
fitting. Additionally, the labs are, as far as we know, cur-
rently running. The division of labs is based on what the 
labs do and what their focus is rather than their name, 
therefore, some names may indicate a HomeLab, but have 
the characteristics of an IoT Lab. This categorization is 
dependent on the available information, meaning that 
some descriptions may be limited.

DIGITAL ETHNOGRAPHY & HOMES
Pink et al. (2017) argue that “to engage with the home 
as a site for future-making, change and intervention, 
researchers and practitioners need to attend to the home 
as a changing digital and sensory environment and to 
work with the creative and improvisatory capacities of 
people as they live out their everyday lives”. The home is 
not a static environment in which we live our lives, but is 
changing, just like we as humans are changing. Pink et al. 
(2017) go on to say that the definitions of home are broad, 
“do not necessarily refer to home as a house, or fixed 
dwelling place that is inhabited by a family or other social 
unit household” and are culturally specific. 

Homes are the site of invisible and intangible aspects of 
the everyday life. A core issue with researching homes is 
how to research everyday life without disrupting it. A key 
aspect here, is to build a strong and genuine trust with 
the people living in the homes (Pink et al., 2017). Pink et 
al. (2017) further argue that researching homes prompts 
ethical and moral obligations of those researching the 
home in relation to the people who invites them into 
their homes. Gaining a deeper level of trust with partic-
ipants can, for instance, be established by interviewing 
the residents of the home over a meal in their home. In 
this way, participants and researchers are familiarized 
before visiting the more intimate parts of the home. 
There are several methods for conducting ethnograph-
ic research within homes, including video/audio tours, 
video re-enactments, floor plans, timelines, probes, 
self-interviewing and video diaries (Pink et al., 2017). 
Pink et al. (2017) claim that homes where the “every-
day environments are at least in part constituted by the 
production, use and presence of digital data” call for ‘data 
ethnographies’ approach. Data ethnography or digital 
ethnography take the digital and technological aspects 
into consideration.

Many companies rely in doing IoT research in houses, 
apartments or offices, which have been designed for the 
purpose of doing research rather than in real homes. In 
the following, we will take a look at different types of 
facilities or labs which, in one way or another, work with 
homes and data. 
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NAME (COUNTRY) PRIVATE/
PUBLIC

TYPE FOCUS LINK

Imec & 
Ghent Univer-
sity HomeLab 
(BE)

University

Since 2017

The lab is a two-story house with a 
living room, kitchen, care room with 
bathroom, home office and garage on 
the ground floor. The first floor has 
a master bedroom, children’s room 
and bathroom. The house has tech-
nical corridors and hollow floors and 
ceilings. People can live temporarily in 
the house

IoT devices and 
systems

https://www.ugent.be/
ea/idlab/en/research/
research-infrastructure/
homelab.htm

KITE - Toronto 
Rehabilitation 
Institute 
HomeLab 
(CA)

Public

Since 2019

The lab resembles a typical single-sto-
rey home with functional plumbing 
and wiring, where testing of intelli-
gent home systems take place. The lab 
is a ’Home within a lab’. People occu-
py the living space and test innova-
tions in a real-life setting, observation 
are done from an overhead catwalk

Healthcare (El-
derly 
people)
Intelligent home 
systems

https://www.kite-uhn.com/
lab/portfolio/home-lab

Philips 
HomeLab 
(NL)

Private

Since 
2000’s

The lab records everything and an 
observation leader and a team of 
behavioral psychologists observe 
participants. The lab consists of a 
two-story house with a living room, 
kitchen, two bedrooms, a bathroom, a 
study and a control room. Video and 
audio recordings are made

Consumer prod-
ucts & devices

https://www.noldus.com/
default/philips-homelab

KTH Royal 
Institute of 
Technology 
Live-In Lab 
(SE)

University

Since 2019

The lab consists of real student apart-
ments, student housing and a hotel. 
The lab offers full-scale test environ-
ments

Ressource-
efficient and sus-
tainable student 
housing
(Students)

https://www.liveinlab.kth.
se/en/om-kth-live-in-lab/
testbaddar

The University 
of Sheffield - 
CATCH Home 
Lab (UK)

University

Since 2015

The lab simulate living normally, test-
ing a range of technologies. The lab is 
an apartment built at the lab with an 
open plan kitchen, dining and living 
area, seating area, separate bedroom 
and a control room. Variety of tech-
nology available e.g. robots, eye track-
ing glasses and facereader software

Healthcare http://www.catch.org.uk/
news-articles/catch-lab/#

BRE 
Smart Home 
Lab 
(UK)

Private

Since 2018

The lab study smart homes in relation 
to independent living. The lab is a 
house in Watford with devices cov-
ering heating, energy use, safety and 
security, lighting and air quality

Trial and test 
smart tech

https://www.bregroup.
com/press-releases/
bre-launches-centre-for-
smart-homes-and-build-
ings-to-demonstrate-inter-
net-of-things-smart-prod-
ucts-and-services/

A SELECTION OF CURRENT HOMELABS

HOMELABS
Homelabs are the labs where participants or users move into the lab and where there is a clear domestic focus. The lab 
is either set in a real home (house or apartment) or the home is built as an entire apartment inside a lab. People can 
either move into the lab for a specific time period or the HomeLab can be people’s real-life home.
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NAME (COUNTRY) PRIVATE/
PUBLIC

TYPE FOCUS LINK

IoT Lab 
(CH)

Private

Since 2019

The lab is a platform of services and 
resources for the internet of things, 
including a range of online testing 
tools. The lab focuses on city and 
industrial challenges

Test and validate 
IoT devices and 
systems

https://www.iotlab.com/
en#top

Lucerne Uni-
versity of Ap-
plied Sciences 
and Arts 
iHomeLab 
(CH)

University

Since 2014

The lab is an intelligent building at the 
university campus completely con-
trolled by Internet of Things Technol-
ogy. More lab than home

Research in 
energy 
efficiency, ambi-
ent assisted living 
and internet of 
things.

https://www.hslu.ch/en/
lucerne-school-of-engineer-
ing-architecture/research/
competence-centers/ihome-
lab/

Université 
Pierre et 
Marie Curie 
(UPMC), Inria, 
Université de 
Strasbourg, 
Institut Mines 
Télécom and 
CNRS 
FIT IoT-Lab
(FR)

University

Since 2010

Large-scale Internet of Things test-
beds with over 2700 wireless sensors. 
The lab is a way to experiment on 
mobile wireless communications and 
application layers

Small wireless 
sensor devices 
(IoT devices)

https://www.iot-lab.info/
what-is-iot-lab/

Telenor Con-
nexion IoT 
Test Lab (SE)

Private

Since 
2008

The lab focuses on analyzing the func-
tionality of IoT Devices. The lab is run 
by professionals who run the product 
tests in a controlled environment

IoT devices and 
products

https://www.telenorconnex-
ion.com/test-lab/

HPE (Hewl-
ett Packard 
Enterprise) 
IoT Innovation 
Lab 
(US (CH, SG))

Private

Since 2o17

Three labs, which can be remotely 
accessed. The labs include ‘Edge Expe-
rience Zones’ where you can interact 
with ‘things’ in their natural settings 
as well as a proof of concept test envi-
ronment

Test and bench-
mark applica-
tions.

Create strategic 
IoT innovation 
roadmaps.

https://www.hpe.com/dk/
en/servers/global-innova-
tion-lab.html#Locations

IOT LABS
IoT Labs can be a physical lab, a platform, a cloud-based service or combination. The focus is on IoT in many forms, 
which means that these labs are not necessarily tuned to a home setting. IoT labs look at IoT within a specific context 
(home, building environment, factory etc.) or holistically at IoT.

A SELECTION OF CURRENT IOT LABS
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NAME (COUNTRY) PRIVATE/
PUBLIC

TYPE FOCUS LINK

KU, Medtronic, 
Rehfeld Med-
ical 
SCAUT 
(DK)

Private

Since 2014

The lab is run as an interdisciplinary 
R&D project. The focus is on explor-
ing digital health solutions and has a 
clinical platform for advanced ana-
lytics.  The testing is done in real life 
situations in patients’ homes and at 
hospitals 

mHealth 
Implanted 
cardiac devices

Healthcare

http://www.scaut.dk/project

IoT Living Lab
(NL)

Public

Since 2015

The lab is a city-wide living lab net-
work. The IoT Living Lab uses the city 
as a lab and through the network con-
nects with citizens who work together 
with the lab and the city to test and 
innovate.

IoT infrastruc-
ture - urban 
environments

http://iotlivinglab.com
 
http://www.citixl.com/
about/

Edinburgh 
Living Lab
(UK)

Public

Since 2014

The lab identifies as a data and 
design research lab. Here residents 
and researchers, public and private 
sector are brought together to solve 
problems. Their approach combines 
data science, design thinking, social 
research, and stakeholder and citizen 
engagement.

Data-driven de-
sign thinking

https://www.edinburghliv-
inglab.org/about

MITbigdata 
Living Lab 
(US)

University
Since 
2014/15

A living lab for data. The living lab 
develops scalable data management 
platforms. It collects and intergrates 
multiple types of data.

Two-fold focus: 
Exploring techni-
cal issues and so-
cial implications 
of big data, and 
leading efforts 
to safely develop 
and use big data

http://livinglab.mit.edu

LIVING LABS
Living labs share five aspects; co-creation, multi-method approach, user engagement, multi-stakeholder participation 
and real-life setting (Evans, Schuurman, Ståhlbröst, & Vervoort, 2019). Living labs are “practice-driven organisations 
that facilitate and foster open, collaborative innovation, as well as real-life environments or areas, where both open 
innovation and user innovation processes can be studied and experimented with, and where new solutions are devel-
oped” (Evans et al., 2019). 

A SELECTION OF CURRENT LIVING LABS
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NAME (COUNTRY) PRIVATE/
PUBLIC

TYPE FOCUS LINK

Imec & Ghent 
University 
OfficeLab
(BE)

University

Since 2014

The lab is a smart office environment 
in a building with Wifi, Bluetooth, 
temperature and light sensors. The lab 
is also testing social robots

Test and validate 
IoT devices and 
systems in office 
spaces

http://nautechcorp.com/
testing-your-product-for-
real/

Imec & Ghent 
University 
De Krook
(BE)

University

Since 2017

The lab is a functioning library along 
with offices in a smart building with 
250 sensor points, for companies to 
test their applications. The lab is also 
used to recruit test-users

Test and validate 
IoT devices and 
systems in public 
spaces

http://nautechcorp.com/
testing-your-product-for-
real/

Imec & Ghent 
University 
The Smart 
Stadium
(BE)

University

Since 2013

Regular stadium made ‘smart’ on oc-
casion. The stadium is equipped with 
15 sensor systems to monitor tempera-
ture, humidity, CO2 and decibels. The 
lab utilises the infrastructure of the 
stadium

Test and validate 
IoT devices and 
systems in a 
stadium

http://nautechcorp.com/
testing-your-product-for-
real/

Imec & Ghent 
University 
Holst Centre: 
The Smart 
Building
(BE)

University

Since 
2016

Research facility, where researchers 
are working on 
sensors of the future, e.g. air sensors 
measuring CO2, NO2, temperature 
and humidity. The centre is equipped 
with 25 multi-sensor systems, in-
stalled to test IoT applications

Focus on air 
quality

http://nautechcorp.com/
testing-your-product-for-
real/

University of 
Kaiserslautern 
& German Re-
search Center 
for Artificial 
Intelligence 
(DFKI) 
The Living Lab 
Smart Office 
Space
(DE)

University

Since 2015

The lab is an experimental space for 
innovations within personalized en-
vironment and ambient intelligence. 
The lab is not just for research, but 
also functions as a temporary work-
place for the university staff

Comfort for 
building occu-
pants and smart 
solutions for the 
building enve-
lope and lighting 
controls

http://www.livinglab-smar-
tofficespace.com/en/

A SELECTION OF CURRENT SMART SPACES

SMART SPACES
Smart spaces are physical environments with integrated monitors and sensors, that allow humans and integrated 
technological systems to interact (Goss, 2019). In this categorization smart spaces are all spaces fitting the definition 
above, though omitting homes as these falls into the HomeLab category. Smart spaces can be labs or real, functional 
buildings which has other purposes than functioning as a lab. To qualify for this categorization the smart space must 
also function as a lab.
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NAME (COUNTRY) PRIVATE/
PUBLIC

TYPE FOCUS LINK

B&O Usability 
Lab
(DK)

Private

Since 1995

The lab is a test room at B&O fur-
nished as a living room with video 
cameras and an adjacent control room

Usability 
testing of 
Hi-Fi & TV equip-
ment

https://cacm.acm.org/
magazines/
1999/5/7908-a-contribu-
tion-to-the-design-process/
fulltext

Vrije Univer-
siteit Amster-
dam 
INTERTAIN 
Home Lab 
(NL)

University

Since 
2009

The lab is located at the university. It 
has intelligent walls equipped with 
‘hidden’ equipment, such as cameras 
and sensors, real time object location 
system (Ubisense) and interactive 
multi-touch table. The lab experi-
ments with distributed technologies 
and human-aware applications

Connect 
mobile, web and 
physical worlds 
- user-centred 
focus

IoT Connections

https://www.cs.vu.nl/en/
about-the-department/in-
tertain-lab 
 
https://www.cs.vu.nl/in-
tertain-team/Documents/
Homelab-Facilities.pdf

Noldus User 
Exerience Lab
(NL)

Private The lab has several rooms, which can 
be formed into offices, meeting rooms 
or living room settings. Equipped 
with one-way mirror, video cameras, 
microphones, speakers and more

User experience 
testing of various 
products

https://www.noldus.
com/services/human-be-
havior-services/experi-
ence-lab-rent

NTNU Health 
Informatics 
Usability and 
Design Lab
(NO)

University

Since 2015

The lab consists of 50 square meters 
of open space with reconfigurable 
equipment. Equipped with 
video cameras, 
microphones and eye tracker

Trial medical and 
health-
related devices 
and setups to test 
smart tech

Healthcare

https://interactions.acm.
org/archive/view/may-
june-2015/ntnu-health-in-
formatics-usability-and-de-
sign-lab

USABILTY LABS
Usability labs are labs where products are tested by representative users with a specific focus on usability. A typical 
way of conducting these tests is to ask participants to complete a task of interacting with the product(s) while thinking 
aloud. The test is being observed by researchers or developers (Services, 2019). Usability labs can be flexible spaces, 
which can be turned into the environment needed for the test, for instance, offices or domestic rooms. 

A SELECTION OF CURRENT USABILITY LABS
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DIFFERENT LABS, DIFFERENT QUALITIES

HOMELABS

IOT LABS

LIVING LABS

USABILITY LABS

SMART SPACES

UNIVERSITY PRIVATE PUBLIC

DISTRIBUTION OF LABS ACCORDING TO AFFILIATION

AFFILIATION
Labs are typically organized in three different ways: 
- As part of a university. These labs are mainly used by 
students and researchers as a research facility and may 
offer consultancy to private companies.
- As part of a private company. Such environments may 
be in-house labs for testing the company’s own products 
or provide a service to other companies.
- Publicly funded and run. These labs are part of a public 
institution, like a hospital, or run by a municipality or 
other governmental institution. They may have an open 
function for citizens to come try out technologies.

The majority of the labs we studied are either universi-
ty owned or affiliated. Some are privately owned, and a 
few are public. Smart spaces are only university run. The 
focus of the labs tend to be either research-oriented (uni-
versity) or product/profit-oriented (private). 

When comparing the focus of the labs with the type and 
affiliation, it seems that the privately-owned labs (IoT 
Labs and Usability Labs) mainly focused on devices and 
systems and do not explicitly specify a user perspective. 
On the other hand, HomeLabs, Living Labs and Smart 
Spaces have a more holistic focus. They are often univer-
sity or publicly owned. HomeLabs and Living Spaces have 
a very user-oriented focus.

After outlining different types of labs that are associated with data and homes, we will take a closer look at some of the 
similarities and differences between the labs. We will be comparing the different labs on affiliation, setting of the labs 
and location. And then we ask How does Public Intelligence’s IoT Test Lab compare with existing Home-, IoT-, Living 
and Usability Labs as well as Smart Spaces?
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PLACING PUBLIC INTELLIGENCE’S IOT TEST APARTMENT

IOT-LABS HOMELABS
PUBLIC 

INTELLIGENCE 
IOT TEST LAB

PUBLIC INTELLIGENCE’S IOT TEST LAB
The IoT Test Apartment is most closely related to Home-
Labs and IoT Labs. In a HomeLab the participants can 
live like it was their real home for a period. That has so 
far not been the case with the IoT Test Apartment, but 
with the facilities available, it could be possible. The IoT 
Labs we found all have an IoT perspective, but none of 
the ones found here has a domestic and welfare technol-
ogy focus, which is the focus of the IoT Test Apartment. 
There are HomeLabs which look at healthcare, but they 
often do not look at IoT as well. The SCAUT living lab 
works within healthcare, but with a narrow focus on im-
planted cardiac devices. SCAUT is the only other private 
lab in Denmark we found with a healthcare focus.

We see an opportunity for the IoT Test Apartment to 
function in the intersection between HomeLab and IoT 
Lab – a domestic IoT Lab in a home environment. Neither 
HomeLabs nor IoT labs exist in Denmark. There are living 
labs in DK as well as a research project on smart homes 
(University, 2019), but as far as we can tell, no HomeLabs 
have been established in Denmark. This is another reason 
for Public Intelligence to establish their lab within these 
domains.
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DISTRIBUTION OF TYPES OF LABS ACCORDING TO SETTING

SETTING
We see the following categories of lab settings:

‘House’ refers to labs which are real houses, similar to 
those people usually live in, though with small changes 
like hollow walls. 
‘Apartment’, similar to house, refers to labs which are 
real, functioning apartments, similar to those people live 
in, but with minor changes like recording equipment. 
‘Home at lab’ is an apartment build inside a lab, similar to 
a real apartment, but isolated.
‘Platform’ is a non-physical lab, e.g. cloud based. 
‘Lab’ refers to labs which are more classic laboratories 
that does not simulate a home or apartment. ‘Building’ 
are labs which utilizes an entire building as their space. 
‘Network’ is labs which main contribution is their net-
work with other organizations and where the lab is not 
necessarily in a permanent space. 
‘At participant’s home’ is when researchers and develop-
ers use a potential user’s home as their testing sight. 
‘Office’ refers to labs that are created and sometimes 
works as office space. 
‘Library’ is when the lab is a functioning library equipped 
with monitoring technology. 
‘Stadium’, similar to Library, is a working stadium 
equipped with monitoring technology. 
‘Room’ refers to labs which are designed as single rooms, 
often located inside a bigger lab setting.

There is quite a variation in the setting of the labs and 
little overlap between type of lab and setting, except for 
the labs describing themselves as having a ‘lab setting’. 
This is the only setting category in which three different 
types of labs fall into. HomeLabs occupy the first three 
categories. IoT Labs spreads across three different cate-
gories, with the majority falling within the ‘lab’ category. 
Similarly Living Labs are spread across three categories, 
with half falling within the ‘lab’ category. Smart Spaces 
fall into the most categories, as smart spaces is a broad 
category. Usability falls within either the ‘lab’ or ‘room’ 
category.

The distribution of labs according to setting aids in pin-
pointing how the labs distinguish themselves from one 
another. The mapping provides a landscape of settings, 
which is useful when having to place oneself in the 
field of labs – where do we fit and how are we different 
from the rest? It also points to where there is a gap. For 
instance, in the labs we found, only one was placed in a 
real apartment. This shows potential for establishing an 
apartment lab.
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THE SETTING OF THE PUBLIC 
INTELLIGENCE LAB
We have found HomeLabs to work with three settings – 
house, apartment and home at lab. House and apartment 
are autonomous, independent homes, while the home 
at lab are homes, often apartments, created within a lab. 
The IoT Test Apartment would be placed as a ‘home at 
lab’, because the apartment is not an independent unit, 
but located within Public Intelligence’s space. In the 
future, it might make sense for Public Intelligence to ex-
pand and create an independent home or apartment lab 
which is not located within Public Intelligence’s space, 
but is a real apartment, where people can move in for a 
period of time. This will provide an opportunity to test 
for extended periods and participants may act differently 
in a home they ‘live’ in.

DATA PRESENTATION AS A SERVICE
Once the IoT Test Apartment is running, a lot of data will 
be produced and used for data analysis. To gain insights 
from the people who stayed in the test apartment, we 
recommend using digital ethnography along with data 
visualizations and physicalizations. We see the potential 
for a service, where not only is the data presented com-
prehensibly through data visualizations/physicalizations, 
but further knowledge is gained by having participants 
engage with the data. The digital ethnography approach 
will serve as a complement to the (big) data analysis of 
the collected data. Possible uses include feedback and 
recap of a testing session by having the test persons 
contextualize and explain the data. Data visualizations 
and physicalizations can be used as a discussion tool 
for healthcare professionals and users. Furthermore, by 
visualizing and physicalizing the data it can also be used 
as a presentation for customers. Combining this with the 
data contextualized by the test persons provides a more 
nuanced insight into the testing sessions conducted in 
the IoT Test Apartment and adds to the qualitative, hu-
man aspect of the lab.
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