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Abstract 

In this position paper I share some of my thoughts and 

opinions on the nascent field of human-data interaction 

(HDI) and its relation to sensemaking. To this purpose, 

I first discuss the role of sensemaking in our society 

and why we often fail to sufficiently include the “human 

factor” when designing or researching data-driven 

sensemaking tools. Second, I discuss how a more 

balanced human-computer symbiosis (inspired by 

Licklider’s “man-computer symbiosis”) could help us to 

establish a better division of labor and concerns 

between computing and human actors in data-driven 

systems. Third, I would like to focus on some specific 

topics of the human-data interaction research agenda: 

(1) optimizing visual, spatial, and tangible 

representations of data for “natural” (i.e. cognitively 

less demanding) interaction; (2) supporting 

collaborative sensemaking to create more meaningful 

and social human-data experiences; (3) visualizing 

uncertainty and avoiding bias in sensemaking tools.   
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Introduction 

We are witnessing a rapidly growing interest in “big 

data” and in its promise of tackling the world’s 

complexity with collecting and making sense of vast 

data sets [17]. Many organizations intend to establish 

data science and data-driven decision making 

processes in business, government, science, and 

technology to improve their effectiveness and efficiency 

[17]. Even in our private lives, we increasingly rely on 

vast online data sets and algorithms to inform our 

decision making processes. This includes mundane 

decisions such as choosing the fastest route home 

based on traffic predictions, but it can also mean using 

sentiment analysis to decide for moving to another city 

or country or maybe even rejecting a medical 

procedure based on data from medical publications.  

Sensemaking and Society 

Given this increased role of digital data and 

sensemaking, following two quotes seem helpful to 

understand what challenges this can pose to a society: 

“To survive in the workplace and even to function in 

society in general, we are forced to assimilate a body of 

knowledge that is expanding by the minute” [33]. 

“Information has become the driving force of our lives, 

and the ominous threat of this ever-increasing pile 

demanding to be understood has made most of us 

anxious” [33]. Interestingly, both quotes predate the 

World Wide Web and social media. They are taken from 

Wurman’s book “Information Anxiety” from 1989. At 

that time, media were still primarily paper-based or 

analogue and content was produced by few experts 

within the hierarchies of newspapers, TV channels, 

publishing houses, or similar media outlets. But since 

the rise of the World Wide Web and social media, 

anyone can become a content producer. As a 

consequence, the amount of available data and data 

sources exploded and they now range from high quality 

journalism or scientific databases to fragmentary 

leaked data, conspiracy theories, or state-sponsored 

propaganda targeted at the population of foreign 

countries. “[W]e appear to have moved into a post-

factual age where the border between fact and fiction, 

news and entertainment, information and 

advertisements has increasingly blurred” [4]. I believe, 

in such a “post-factual” age with “alternative facts”, 

providing the citizens of a democratic society with 

better tools for sensemaking in the sense of Pirolli & 

Russell (i.e. “[…] not only finding information, but also 

[…] learning about new domains, solving ill-structured 

problems, acquiring situation awareness, and 

participating in social exchanges of knowledge” [22]) 

has become more important than ever and is essential 

for societal, political, and economic participation.  

Sensemaking and Human-Data Interaction 

When looking at the core topics of the research on 

sensemaking, it becomes clear that there are many 

overlaps with the field of human-data interaction (HDI). 

Mortier et al. consider HDI as a nascent, multi-

disciplinary field that tries to understand 1) how our 

behaviors, 2) how the data our behaviors generate, and 

3) how the algorithms which process these data 

increasingly shape our lives [19]. They also identify at 

least five distinct versions of meanings attached to the 

term HDI from other literature, three of which closely 

resemble my research focus and on which I base my 

discussion here: 1) Elmqvist 2011 [9]: HDI is about 

human manipulation, analysis, and sense-making of 

large, unstructured, and complex datasets. 2) Kee et 

al. 2012  [13]: HDI is about processes of collaboration 

with data and the development of communication tools 



 

that enable interaction. 3) Cafaro 2012 [5]: HDI 

systems can be defined as technologies that use 

embodied datasets to deliver personalized, context-awa 

re, and understandable data. 

I personally see great value in using HDI as a term and 

concept to emphasize the necessity of multi-disciplinary 

work across the traditional boundaries between all 

involved disciplines such as human-computer 

interaction (HCI), information visualization (InfoVis), 

computer-supported cooperative work (CSCW), and 

increasingly data science & “big data” analytics. Time 

will tell if other researchers will share this view and if 

HDI will become an established term and field of 

research in future. 

Sensemaking, Algorithms, and AI 

An increasingly important topic for sensemaking and 

improving HDI are better algorithms that tailor our 

information feeds to our information needs. Thereby 

the great success story of Google’s search engine and 

of its underlying algorithms has strongly influenced how 

sensemaking tools are conceptualized today, both by its 

creators and users. The precision with which Google 

provides us with our desired search results (or Amazon 

recommends us further products to buy), has convinced 

many computer scientists, data scientists, and software 

engineers that most problems of sensemaking can be 

solved by computation and by applying the right 

algorithms on large data sets. Their underlying 

assumption is that machines can observe users to 

sufficiently learn and predict what matters to them, so 

that these machines can automatically filter out the 

irrelevant noise and present users with the “right” 

content or options. In this view, there is no need for 

users to leave their convenient role of a passive 

information receiver. Instead, users are subject to 

analysis and should not (or cannot) actively influence 

which information or options are presented to them. 

The recent media attention for the progress in artificial 

intelligence and deep learning research (e.g. Google 

DeepMind’s AlphaGo) has further increased the 

popularity of viewing computation as a “smart” agent, 

co-worker, or assistant who automatically selects data 

for us and presents insights to us rather than using 

computation as a tool for interactive exploration, 

interrogation, and sensemaking of data by us. This 

culminates in vision videos for future business 

intelligence products showing an AI chatbot which 

presents the results of data analysis including proposals 

for business decisions to board members in the form of 

brief voice-based summaries without interactive 

visualizations of data or results. 

This focus on algorithms and AI as the remedy for the 

world’s problems has raised many concerned voices: 

For example, Morozov [18] critiques Silicon Valley for 

what he calls “solutionism” – the idea that given the 

right code and algorithms, “smart” technologies and 

“big data” will efficiently solve our problems for us, 

essentially creating an algorithm-driven world where 

Silicon Valley, rather than elected governments, 

determines the shape of the future [31]. Similarly, 

many researchers have become critical about top-down 

designs for “smart cities” where algorithms take control 

of urban infrastructure, urban life, and urban culture for 

the sake of optimization [30]. The ongoing discussion 

of filter bubbles [21] or racial and gender biases in 

algorithms [20] already reveal how strongly power has 

shifted away from the end users of technologies 

towards the developers of algorithms. This is worrisome 

because algorithms are prone to the biases of their 

 

Figure 1. Visual-tangible and 

collaborative HDI: Facet-Streams 

combines TUI elements with 

multi-touch interactions and 

visualizations on an interactive 

tabletop {Formatting Citation}. 

 

 

Figure 2. Tangible and spatially-

aware cross-device interaction for 

HDI: HuddleLamp lets users 

distribute data and functions 

seamlessly across devices by 

using gestures and moving 

tablets in space [25]. 

 



 

creators and lack an understanding of the most 

essential concepts of human social life including its 

infinite diversity of contexts. 

Putting the Human Back in the Loop: 

“Human-Computer Symbiosis” 

To discuss these ongoing developments in computing 

technology, it can be worthwhile to revisit the visions of 

the founders and pioneers of our field.  

For me, a very inspiring vision is that of the “man-

computer symbiosis” by J.C.R. Licklider from 1960 [16] 

which has been reformulated as “human-computer 

symbiosis” in more recent HCI research. Licklider 

envisions data-processing machines improving human 

thinking and problem solving. He predicts a “fairly long 

interim during which the main intellectual advances will 

be made by men and computers working together in 

intimate association” before true AI arrives [16]. 

Licklider’s aims for man-computer symbiosis are to 

achieve “an intuitively guided trial-and-error procedure 

in which the computer cooperate[s], turning up flaws in 

the reasoning or revealing unexpected turns in the 

solution” [16]. He also emphasizes the importance of 

bringing computing effectively into processes of 

thinking that must go on in “real time”, anticipating 

direct manipulation and dynamic querying of data [1].  

Furthermore, Licklider discusses “separable functions of 

men and computers” where humans will set the goals 

and supply motivations, will ask questions and 

formulate hypotheses, and will serve as evaluators, 

judging the contributions of the computers and guiding 

the general line of thought [16]. Computers, however, 

will test models against data, will simulate the 

mechanism and models, and display the results to the 

operator in plots. “In general, it will carry out the 

routinizable, clerical operations that fill the intervals 

between decisions” [16]. In this sense, Licklider already 

anticipates the division of labor between human and 

algorithm that we strive for in visual analytics [29]. 

Given Licklider’s vision of human-computer symbiosis 

from the 1960s [16], Card et al.’s emphasis on the role 

of interactive information visualization in the 1990s [6], 

and the role interaction and visualization play in visual 

analytics since the early 2000s [29], it is striking to see 

how rudimentary interaction and visualization 

techniques remain to be in most proprietary and free 

sensemaking tools, including the very limited ways in 

which we can change or adapt content filters and result 

visualizations in social media or web search. I believe, 

the great promise of data science and artificial 

intelligence overshadows the importance of interaction 

and visualization. This is very unfortunate because the 

actual potential of these technologies lies in their 

integration into human sensemaking processes and 

creating a symbiosis with the human instead of a 

replacement of the human.  

Designing Better Human-Data Interaction 

In the following, I would like to focus on some 

particularly promising topics for the HDI research 

agenda: (1) optimizing visual, spatial, and tangible 

representations of data for more “natural” (i.e. 

cognitively less demanding) HDI; (2) supporting 

collaborative sensemaking to create more meaningful 

and social human-data experiences; (3) visualizing 

uncertainty and avoiding potential bias in sensemaking 

tools. Finally, I also briefly mention some further 

interesting topics to consider in future HDI (4). 

 

 

 

 

 

Figure 3. Collaborative HDI: Our 

user study found that a larger 

shared workspace does not 

necessarily improve collaborative 

sensemaking [34]. 

 

 

 

 
 

 

 

 
 

 

 

Figure 4. Collaborative HDI: Our 

user study observed typical user 

behaviors and biases towards 

multi-user and multi-tablet 

sensemaking [23]. 

 

 



 

1. Visual, Spatial, and Tangible HDI 

When we (re-)acknowledge the importance of human 

interaction for sensemaking, the next question is how 

to shape that interaction to better suit users’ 

expectations, needs, and skills. Ideally, visualizing data 

and interacting with it feels “natural”, i.e., cognitively 

less demanding than existing solutions. In our research 

on Facet-Streams (Fig. 1), we have, for example, 

created a visual pipe-and-filter-metaphor that connects 

tangible user interface elements on an interactive 

tabletop and that can be iteratively manipulated by 

groups of users during collaborative search [11]. Facet-

Streams demonstrates how a visual and spatial 

representation of queries using tangibles can be 

combined with gestural interaction to make query 

formulation easier and more collaborative so that it is 

perceived as a social and even fun experience.  

In general, moving sensemaking off-the-desktop and 

beyond traditional mouse and keyboard input has been 

repeatedly proposed to achieve a more natural and 

fluid interaction in InfoVis [8,15]. In my opinion, a very 

interesting research direction for achieving such a tight 

human-computer symbiosis is relying more on existing 

skill sets such as sketching or handwriting to create and 

control interactive visualizations (see Walny et al. [32]) 

and thus blending familiar non-digital and digital 

interactions (see blended interaction [12]). 

2. Collaborative HDI 

Furthermore, a better understanding of collaboration 

plays a key role for HDI. For example, to our own 

surprise, we found that efficient collaboration can also 

happen without large tabletops and with just using 

three tablet-sized devices [34]. In our study, there 

were no significant differences in collaboration 

performance between using a large tabletop (Fig. 3) 

and using a tablet as shared space. However, a further 

user study about multi-device sensemaking [23] 

revealed strong biases of users against using multiple 

tablets in collaborative visualization (Fig. 4). We 

observed that users struggled to see value in a multi-

tablet working style and primarily worked in one-tablet-

per-user configurations [23]. On the other hand, the 

form factor and micro-mobility of tablets did support 

collaboration (Fig. 4, center) and also enabled users to 

easily transfer familiar skills from working with paper 

into the digital domain (Fig. 4, bottom).  

Another example is our HuddleLamp system (Fig. 2) 

that attempts to facilitate multi-device sensemaking in 

groups by continuously tracking the positions of all 

devices and users’ hands on a table [24]. This enables 

us to create spatially-aware sensemaking applications 

that can react to the number and positions of devices 

on the table, e.g., by switching between different views 

or modes depending on the current spatial 

configuration, by enabling peephole navigation, or by 

enabling “natural” cross-device gestures [26] to move 

content by flicking (Fig. 2). 

3. Conveying Uncertainty & Avoiding Bias in HDI 

A further important topic that is not yet sufficiently 

researched in HDI is how to convey uncertainty. Within 

InfoVis research, visualization techniques for 

uncertainty have been discussed repeatedly, e.g. in 

[2,7,27,28], but overall there remains a large, 

unexplored design space for alternative approaches. 

Uncertainties in data and predictions matter because 

they strongly affect many of the typical data-driven 

application domains, e.g., smart manufacturing. In 

smart manufacturing, sensor inputs are used to predict 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Alternate encodings for 

mean and error using gradient 

plots or violin plots [7]. 



 

the necessity for maintenance to prevent machine 

breakdowns before they occur (“predictive 

maintenance”). Thereby uncertainty can result from 

many different factors including sensor precision, 

sensor drift, temporal resolution, missing values, or the 

overall reliability of the machine learning model itself. It 

is therefore important to communicate the statistical 

properties of predictions to users, i.e., how reliable a 

certain prediction is. Traditional visualization techniques 

such as showing error bars are sometimes harmful and 

alternatives to them (Fig. 5) are a topic of ongoing 

research [7]. Another important topic in this context is 

avoiding bias and misleading visualizations by choosing 

perceptually and cognitively “good” mappings between 

data and visual variables, e.g., color. For example, the 

still popular rainbow color map (Fig. 8) is notorious for 

misleading users by exaggerating differences between 

quantitative adjacent values through sharp transitions 

between hues [3]. 

 

Figure 7. The rainbow color map misleads users to assume a 

huge difference between the Western and Eastern half. 

Source: https://eagereyes.org/basics/rainbow-color-map 

4. Further Topics for HDI 

Without going into too much detail here, I also want to 

briefly mention a few further very interesting topics to 

explore as a part of the HDI research agenda. This 

includes situated and physical visualizations (Fig. 7) to 

contextualize sensemaking in urban communities or our 

homes and to engage user groups that are normally 

excluded from sensemaking and visualization [10,14].  

Conclusion 

In this position paper, I have shared some of my 

thoughts and opinions on the nascent field of HDI and 

its relation to sensemaking. I have argued that the role 

of sensemaking becomes increasingly important and 

that algorithms alone will not be sufficient to tackle this 

growing need of a better human-data interaction that 

invites users to play a more active role during 

sensemaking. I have also argued for a more balanced 

human-computer symbiosis as a basis for HDI in which 

users are put back “in the loop”. Finally, I have 

presented examples for important topics that should be 

addressed as parts of the future HDI research agenda.  
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