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Abstract: While the situation space consists of facts about what is currently 
happening, the decision space consists of analytical information that supports 
comparing the relative desirability of one decision option versus another. We 
have focused on new approaches to display decision space information that aids 
cognition and confidence. As a result of our earlier empirical work, we have de-
veloped a set of principles for visualizing decision space information. This pa-
per describes those principles and illustrates their use. 
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1 Introduction 

Professionals working in domains such as air defense, emergency response, and air 
traffic control must make decisions under complex situations. A core concern for all 
of these domains is the manner and extent to which decision makers develop option 
awareness (OA): the perception and comprehension of the relative desirability of the 
available options, as well as the underlying factors, trade-offs, and tipping-points that 
explain that desirability [27]. The number of options that decision makers need to 
consider, and the possible consequences of options that they need to weigh, can con-
stitute a heavy cognitive burden. Thus there has been much interest in providing deci-
sion support systems (DSSs) that will act as cognitive prostheses to ease decision 
making. 

Many DSSs provide displays that consolidate the facts of the situation. These dis-

dashboard, which shows speed, engine revolutions per minute, engine temperature, 
etc. The assumption behind a dashboard is that the relevant facts about a situation will 
lead to the best course of action [7]. Knowing the current state of the situation, which 
Hall, Hellar, and McNeese call the situation space [10], is undoubtedly necessary, but 
this information may or may not suggest options for handling the situation. Further, 
understanding the facts about the situation may not help a decision maker understand 
the consequences of taking one option versus another, which Hall et al. call the deci-
sion space [10]. Understanding the situation space constitutes situation awareness 
(SA) [6], but understanding the decision space yields option awareness [27].   



 

With sufficient OA, the decision maker is able to identify the most robust options: 
those which are most likely to turn out favorably under the widest range of possible 
future conditions [2, 20]. Robust options are in contrast to optimal options, which 
may appear desirable under specific predicted conditions, but can be sensitive to any 
discrepancies between the predictions and reality. We have been investigating gener-
ating OA through decision space visualizations (DSVs) that display trends, clusters of 
outcomes, goal conflicts, and tipping points between competing or synergizing op-
tions. DSVs are specific instances visual analytic displays and can be important com-
ponents of DSSs. 

We generate data for DSVs via exploratory modeling [2, 20], which uses computa-
tional simulations to generate all plausible outcomes of the available options under a 
broad range of input values and assumptions. Each iteration through the simulation 
model varies the assumed values of uncertain parameters through all combinations of 
plausible values that the decision maker cannot control. Taking a building fire as a 
simple example: What if the wind gets stronger? What if the storm arrives early? 
Visualizing the outcomes of thousands of rapidly computed experiments reveals 
whether the results of available options are sensitive to a particular underlying factor. 

Our prior work shows that supporting OA using DSV improves decision accuracy 
and confidence over solely having situation space information [27]. The purpose of 
this paper is to formalize those results as a set of DSV design principles. 

2 Related Work 

There are many different sets of principles of human-computer interaction (HCI), 
such as Nielsen’s ten usability heuristics [23], Norman’s fundamental principles [24], 
and Shneiderman’s “Eight Golden Rules” [30]. All of these sets of general HCI prin-
ciples are intended to apply to almost any human-computer system. Examples of these 
principles are “be consistent,” “provide visibility into system status,” and “prevent 
errors.”  Our work does not aim to replace these general-purpose principles. Instead, 
we are augmenting general principles with those that are more specific to DSVs.   

There is a long and diverse tradition of developing special-purpose principles or 
heuristics. Shneiderman’s Task by Data Type Taxonomy includes seven high-level 
features highly salient to DSV: Overview, Zoom, Filter, Details-on-Demand, Relate, 
History, and Extract [31]. Norman developed principles for visual representations 
such as: match the properties of the visual representation with the information being 
represented [24]. Gerhardt-Powals’ cognitive engineering principles are very relevant 
to visual analytics, and include: “reduce uncertainty,” “fuse data,” “group data con-
sistently and meaningfully,” and “automate unwanted workload.” [9]. There is a lack 
of sets of principles, however, that specifically address visual analytic displays [13].   

While many DSSs solely provide situation-space information, some do provide 
explicit support for exploring options. One example is RODOS, a DSS used for nu-
clear remediation management [8]. In its original form, it provided point estimates 
through stacked bar charts, indicating the probable outcome of each option and the 
relative contribution of its attributes. Preliminary support was added for visualizing 



 
Figure 1: User interface example showing (A) frequency distributions of outcomes 

for top six options, and (B) sorting by rank or quantity of resources. Note that box-
plots summarize the distribution of outcomes, with one boxplot for each option. 

 
uncertainty [28], but only by adding stacked bars for the 5th and 95th percentile out-
comes (suggesting the best and worst cases) on either side of each of the deterministi-
cally calculated outcomes. Unfortunately, this approach still obscures important com-
plexity hidden in the distribution of modeled outcomes, such as skewness, clustering, 
and multimodality. Embedded in these outcome distributions is vital information 
about the interacting influences of the complex and uncertain underlying factors in-
fluencing the outcome of a given option. 

 
3 Developing the Principles 

The following design principles for DSV represent a synthesis of empirical research 
on DSSs, information visualization, and interaction design, supported by our research 
including two computational [19, 22] and five human-subjects experiments [27, 21]. 
Complete details of the methods and results of these experiments have been previous-
ly published in the citations provided, so will not be repeated here. 

For the human-subjects experiments, we designed a series of interfaces to provide 
an experimental problem space with a plausible amount of urgency and uncertainty 
using relatively familiar scenarios (robberies, accidents, fires, etc.) and resources 
(police cars, ambulances, fire trucks). We used the NeoCITIES emergency response 
simulation model [11] to predict the range of outcomes for the available options.  

Figure 1 shows a portion of the DSV used in two experiments [26]. The primary 
components are noted with capital letters. The available options (in this case, various 
combinations of fire trucks from two different stations) are along the horizontal axis, 
and the evaluative metric (in this case, combined cost of material damage, casualties, 



 

and expended resources) is along the vertical axis (A). Users could sort options by 
quantity or rank, with rank 1 being the most robust option (B).  

The principles were developed during the course of our experiments. The results 
of these experiments progressively refined the fundamental HCI principles listed 
above, resulting in the seven principles of DSV presented in text boxes below.  

4 Principles of Decision Space Visualization 

 
 
 

 
In our second experiment [5], we introduced controls for users to set input parameter 
values for the predictive model based on their interpretation of the magnitude and 
impact of the emergency scenario. In that experiment, even though the user-provided 
values did not actually influence the model, the act of providing the inputs resulted in 
a significant improvement in decision confidence when using the DSV compared to 
our first experiment [4]. These results are congruent with those of Shneiderman [32], 
which showed that users who actively interact with data have more confidence than 
those who do not have as much interaction. 

Of course, users should not be asked to enter data that can be acquired automatical-
ly, such as current weather, traffic, or other information that could be retrieved from 
live streams or databases. Having the system populate the relevant fields is an exam-
ple of appropriately applying Nielsen’s heuristic for efficient interface use [23].  

 
 
 
 
One of the main interface additions of interest in our fourth experiment [26] was a 

set of customizable controls for users to manipulate the parameters of the scoring 
function. Changing the weighting strategies could alter the rankings of the options by 
varying the amount of weight given to each of the five parameters of the boxplots. 
Compared to the preceding experiment without these weighting controls and using the 
same set of emergency scenarios [25], participants made significantly more accurate 
decisions with higher confidence.  

 
 
 
 
 
 
 
 
 

1. Allow users to apply their own mental models to their situational observations and 
provide input parameter values. Do not require users to set input parameter values 
for information that can be accurately and automatically obtained elsewhere. 

 

2. Allow the user to apply their real-world knowledge to set weights or values for 
the scoring function (the criteria for ranking the options). 

3. Provide an overview of the top several options and allow users to employ 
their pattern recognition, judgment, and values to choose the desired option. 
a.  Do not have the visualization identify a single, firm recommendation to 

users.  
b. Do not provide a very large number of options, especially when many 

of them are much less desirable and thus unlikely to warrant serious 
consideration. 



One of the key properties of visual analytics tools is an overview to help the user 
develop overall awareness of the information presented [15]. These techniques help 
decision makers to identify anomalies, trends, and patterns by leveraging the strengths 
of their visual perception for perceptually tractable parallel comparison of options. 
Therefore, we employed this principle in all of our visualizations.  

Many DSSs provide a recommendation for a single option that is optimal if all of 
the assumptions underlying the recommendation hold true. The difficulty with this 
approach in complex, uncertain, real-world situations is the impossibility of predict-
ing the future with 100% certainty. If the assumptions prove invalid, or uncontrollable 
conditions emerge, then the “optimal” solution may perform quite poorly. Experi-
enced decision makers often distrust decision support systems after seeing recom-
mendations that did not perform well [12]. Even when DSSs work well, they are often 
not used because decision makers do not know how the systems arrive at their rec-
ommendations [17]. Our DSV provided multiple options that are explored under all 
plausible assumptions so that decision makers could use their own judgment .  

Our interface only displayed the six currently top-ranked options based on well-
known limitations of short-term memory (the “magical number 7” [1]). Displaying 
too many options, especially those that perform poorly and so are unlikely to be cho-
sen, can simply overwhelm users (e.g., see [29]). 

 
 
 
 
 

 
Even with modern computer processors, the models that are instrumental in robust 

decision-making (RDM) analyses and that produce the data required by DSVs can be 
computationally challenging. We envision real-time or near-real-time support to us-
ers, which requires response times that are acceptable to them. When we were faced 
with a model that took days to run, we performed a computational study to determine 
the level of fidelity and precision that was truly needed [22].   

Accordingly, we compared the top-ranked options of several different pandemic 
influenza response models. We compared 16 courses of action from four different 
influenza models (varying in precision and fidelity) and discovered that the models 
generally agreed on the top-ranked options, but dramatically disagreed on the lowest-
ranked options [22]. This was a valuable finding in practical terms, since the user will 
examine the best options available, not the worst ones. Not only did this finding con-
firm that presenting additional options provided diminishing returns, but revealed that 
using the RDM methodology allowed faster-running, lower-fidelity models to provide 
essentially the same recommendations as more computationally-intensive, high-
fidelity models.  

 
 

 
 

4. When constructing DSVs, trade off unnecessary fidelity in favor of speed of 
response.  Determine needed fidelity level based on whether DSVs generated 
from models of a lower fidelity level would lead to the same decision as 
DSVs constructed from data obtained via a higher-fidelity model. 

5. Show the consequences of choosing one option versus another under a variety of 
possible conditions rather than a single set of “most likely” conditions. 

a. Use a frequency-based presentation, not a probability-based presentation. 
b. Reveal the shapes of the distribution of outcomes. 



 

While Principle 3 is concerned with showing multiple options to enable visual 
comparison of outcomes between options, Principle 5 is based on showing multiple 
outcomes within each option. Such visualizations take advantage of humans’ innate 
perceptual abilities to find patterns, with the advantage that simulating many “what 
if?” cases has been offloaded to the computer instead of requiring mental simulation. 

By showing the range of possible results from choosing a particular option, the 
DSV takes into account the uncertainty regarding conditions outside of decision mak-
ers’ control. How this uncertainty data is presented can make a difference in users’ 
level of understanding, however [16]. Only showing averages or means conceals criti-
cal details about the complexity and uncertainty underlying each of the available op-
tions. To compare the robustness of several options, each with a distribution of possi-
ble outcomes, outcomes can be mapped onto a single user-selected multi-attributed 
cost metric. To combat biases known to result from displaying point estimates of 
probabilities [16], our DSV designs use a frequency format to display the results.  

4.1 6 and 7: User interaction with the decision space 

 
Others have demonstrated how direct manipulation of the interface helped users 

rapidly perform and refine dynamic queries of a database, with participants success-
fully finding trends and anomalous data [33]. Direct manipulation of a dynamic inter-
face refers to immediately visible user-driven adjustments to search results or other 
data using interactive controls, such as sliders or buttons. Applied to searching the 
decision space, users choosing an option will often need to dynamically filter, sort, 
and drill down deeper into the exploratory modeling results.  

 
 
 

 
We have termed this aspect of the DSV option awareness level-2, or OA2 [18]. 

Supporting this aspect of DSV requires effective multi-factor comparisons for uncov-
ering the reasons for the relative robustness of competing options. In our latest inter-
face [3], users can adjust a threshold to differentiate between favorable and unfavora-
ble outcomes on the vertical cost axis of the DSV overview, which now shows out-
comes as individual points in addition to box plots. As they adjust this threshold, the 
system dynamically renders a tree of the causes and conditions that explains the dif-
ferences between favorable and unfavorable outcomes.  

5 Using the Principles 

Figure 2 shows an abstraction of a fire dispatcher developing OA with DSV support. 
She begins by entering the reported magnitude and location of the fire (Principle 1). 
The system automatically determines the weather conditions at the fire location, since 
winds and precipitation can affect the fire’s behavior. 

6. Provide interactive filtering and sorting for viewing subsets of the data that 
 underlie the decision space. 

7. Support comprehension of the factors and relationships mediating the 
 consequences of choosing one option versus another. 

 



The decision space overview is on the left in Figure 2 (Principle 3). This overview 
appeared quickly because the model driving the DSV is at the lowest reasonable level 
of fidelity (Principle 4). In the overview, the two box-plots provide a frequency distri-
bution (Principle 5a), with the shapes of the distributions depicted using scatterplots 
of dots showing the approximate numbers of potential cases at each cost point (Prin-
ciple 5b).  The overview shows that sending one truck has the possibility of being less 
expensive than sending two (because it costs more to send two trucks than one) but 
that sending one truck also has the possibility of being more expensive than sending 
two (because one truck may not be sufficient to put out the fire). In other words, send-
ing two trucks has a worse best-case cost, but a better worst-case cost (Principle 5). 
While only two options are being shown in this brief illustration, the fire dispatcher is 
viewing six options (Principles 3a and 3b), and explores the options by sorting them 
so that the option with the lowest best-case cost is shown on the far left (Principle 6).  

The arrow on the left hand side of Figure 2 points towards an anomalous cluster of 
bad (high cost) outcomes, making option 1 look undesirable. The user selects this 
cluster for further inspection (Principle 7). The tree in the middle of Figure 2 shows 
the hierarchy of factors leading to the selected “Bad” outcomes: these occur when the 
event magnitude is greater than 3.5, and traffic is greater than 8.0 (the units are arbi-
trary in this example). Knowing that traffic is a critical factor leading to that cluster of 
bad outcomes, the user generates a new option by adding a police car to control traf-
fic, producing the updated decision space on the right. Option 1 is now more robust 
than option 2 because it reduces the cost to the city and preserves limited resources 
for future events. Pre-populating the model with such opportunities for synergy, 
drawn from experienced decision makers, will shorten the time to search the decision 
space for the most robust solutions in scenarios with far more competing factors than 
this simple example. 

 
Figure 2: Simplified example, from left to right, of a user identifying an anomalous cluster of espe-

cially poor outcomes, drilling down into the underlying causes explaining that cluster, and addressing 
the traffic problem (the cause of the poor outcomes), resulting in a revised decision space. 

 



 

6  Discussion 

In summary, the first two principles pertain to the collaborative partnership between 
the human decision maker and the computational modeling of the decision space. 
Principles 3 – 5 describe critical considerations for user-centered visualization of the 
decision space. The last two principles suggest methods to support users developing 
deeper option awareness by interacting with and drilling down into the decision space.  

Making underlying factors explicit and explorable in the DSV has significant ben-
efits at the individual and team level. This knowledge helps individuals develop accu-
rate mental models of the decision space. The accuracy of mental models is vital, 
since decision makers do not solve the actual problem, but solve their mental model 
of the problem; ideally, the two are similar enough to produce successful outcomes. 
At the team level, this knowledge can point out opportunities for collaboration, as 
well as goal conflicts within or between teams. In addition, to the extent that using the 
DSV provides distributed teammates with a similar mental model of the decision 
space, that shared mental model is vital for effective communication and team effec-
tiveness [14]. 

Making the computer part of the team is embodied in the principles that we have 
laid out. We hope these principles for designing decision spaces will eventually lead 
to more robust decision making across a wide array of applications. 
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