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INTRODUCTION 

 
Situation Awareness (Endsley, 1988) and Naturalistic 
Decision Making (NDM; G. A. Klein, 1998) have been 
�rmly linked. Endsley writes, “Situation awareness 
provides the primary input to the decision process and 
the basis [for] decision strategy selection” (Endsley, 
1997, p. 281). Level 1 situation awareness (Endsley, 
1995) involves decision makers perceiving information 
about the environment. Comprehending the meaning of 
this information is Level 2.  Decision makers who have 
attained Level 3 situation awareness are able to project 
the state of the environment into the near future. Further, 
decision makers who have Level 3 situation awareness 
can use this capability, albeit limited by normal human 
cognitive capacity, to project into the future the likely 
outcomes that may occur when choosing one course of 
action versus another. 
 
However, our research has shown that the cognitively 
limited consideration of options is often inadequate 
under situations of deep uncertainty (Lempert, Popper et 
al. 2003) or when there are many viable options to 
consider. In fact, our most recent research shows that 
decision makers, blinded to the actual complexity of a 
situation, will make overly simple non-robust decisions 
with high confidence. Furthermore, our work has shown 
that by providing decision makers with a computer 
supported visualization of their landscape of options and 
projected outcomes, decision makers can apply swift 
perceptual processing to yield faster, more confident, and 
more robust decisions (Drury et al. 2009a). 

 
Using Hall et al.’s (2007) de�nitions, we say that 
situation awareness is supported by the situation space: 
information consisting of facts about the situation. This 
new visualization of the landscape of options provides 
information describing the decision options and their 
desirability relative to one another and therein fulfills 
Hall’s de�nition of a decision space. The extension of 
perception, comprehension, and projection to this 
decision space, we have called Option Awareness (Drury 
et al. 2009a; Klein et al. 2010).  
 
Our research showed that displaying decision spaces 
does, indeed, provide option awareness (Pfaff et al., 
2010b, Drury et al. 2009a). We have demonstrated (Pfaff 
et al., 2010b) that under circumstances of deep 
uncertainty these decision space visualizations not only 
enabled decision makers more often to identify robust 
options, but to make decisions faster and with more 
confidence than unaided decision makers. Our results are 
consistent with those of Nadav-Greenberg and Joslyn 
(2009), who state that decision makers in naturalistic 
settings make better decisions when they have 
uncertainty information as opposed to when the 
information takes the form of a deterministic forecast. 
 
While others have reported research on visualizing 
uncertainty in decision making, in general these efforts 
have either focused on the situation space, or have less 
comprehensively addressed the decision space. Three 
examples illustrate how such visualizations differ from 
the work we have done in visualizing decision spaces 
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that provide option awareness.  

 

Dong and Hayes (2012), for example, developed an 

“uncertainty visualization” for choosing among 

alternatives. A primary purpose of Dong and Hayes’ 

visualization is to enable decision makers to identify 

when they could benefit from having more information 

about some key features to reduce uncertainty 

sufficiently to determine a clearly winning alternative. 

Dong and Hayes focus on the user-estimated values of 

the features characterizing each alternative (e.g., the 

aesthetics of a design, or the reliability of a car), which 

constitute a special case of the situation space that might 

be called a “feature space.” Similarly, a fantasy football 

team prediction system (Miller et al. 2008) displays a 

feature space consisting of predictions of the statistics 

that characterize players’ performance. These approaches 

are different from our work, which enables decision 

makers to evaluate the consequences of choosing an 

alternative under a variety of conditions both within and 

beyond decision makers’ control—thus providing a 

decision space. Because they do not forecast alternatives’ 

performance under a broad range of conditions, neither 

Dong and Hayes’ nor Miller et al.’s visualizations can 

support a deep exploration of how the features contribute 

to better and worse outcomes.  

 

In a third example, Hoffman et al. (2006) developed a 

“roulette wheel” or dartboard-type visualization to show 

information on the probable outcomes of a particular 

medical treatment. However, the dartboards can only 

show a single (or average) outcome for a single set of 

assumptions. Our research (Drury et al. 2009b) has 

shown that an effective decision space visualizes the 

range of outcomes of each option under multiple sets of 

assumptions, and so is beyond capabilities of Hoffman’s 

visualization. As we will explain further below, knowing 

the range of outcomes for each option is essential to 

gaining option awareness and making improved 

decisions. 

 

This paper provides for the first time a detailed 

description of the connection that we are asserting 

between option awareness and NDM. Along the way, it 

describes option awareness and team-based 

(collaborative) option awareness, and presents empirical 

information to support our assertion that having option 

awareness can improve NDM. 

 

BACKGROUND 

 

In familiar circumstances, but under time pressure and 

uncertainty, experienced decision makers employ the 

simplest form of NDM without comparing any options: 

they size up the situation and then respond with first 

option that matches the circumstance (Lipshitz et al., 

2001). However, when the relative quality of the 

different possible courses of action is not obvious, 

decision makers under NDM begin to use mental 

simulation to test one option after another to explore the 

possible results of decisions (Phillips et al., 2004). There 

are, of course, limits to the variations that can be 

considered intuitively under emergency time pressures, 

and even when there are no such pressures (Klein & 

Brezovic, 1986). Moreover, as the number of viable 

options becomes overwhelming, unaided decision 

makers may simply default to the easiest choice to 

implement rather than make an otherwise satisfactory 

choice. For example, a study of more than 800,000 

people choosing investment fund options for employee 

401(k) plans showed that participation rates fell as the 

number of fund options increased (Sethi-Iyengar et al. 

2004). Seventy-five percent of employees participated in 

their plan when they had two options, but only 61 

percent participated in their plan when it had 59 options. 

The researchers attributed the decreased participation to 

the employees’ feelings of being overwhelmed.  The 

difficulty in choosing an option from among many 

alternatives springs from limitations in the brain’s short-

term memory capacity (Cantor 2009). A computer-

generated display of the decision space offloads this 

cognitive processing to the computer, which then 

displays the resulting range of outcomes for each viable 

option under various plausible environmental conditions. 

This visualization provides the decision maker with a 

sort of night-vision goggles for the mind: allowing the 

decision maker to actually see otherwise obscured 

relationships between options rather than requiring them 

to mentally simulate each one. By returning choice to a 

perceptual comprehension process, we enable decision 

makers to apply their more powerful visual, pattern 

matching, recognition capabilities of NDM rather than 

their more limited capacities for mental simulation. 

 

Before exploring the option awareness—NDM 

connection further, it is helpful to understand more about 

these decision space displays that enable this perceptual 

processing. 

 

Decision Space Visualization 

 

Computer-based forecasting models can assess dozens of 

options with hundreds or thousands of variations that 

result from dealing with uncertainty.  Uncertainty arises 

when there are variables outside of the decision makers’ 

control, which are called exogenous variables. For 

example, consider the case in which a fire breaks out in 

an historic building. The chances for successfully 
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dousing the fire with two fire trucks will be much 

different if high winds arise to fan the fire’s flames, 

versus if a drenching downpour occurs. When uncertain 

exogenous variables are present, simulation models can 

run many “what if” variations to determine many 

plausible outcomes that can occur due to the interaction 

of a given option and the various plausible values of the 

variables. The goal is to significantly reduce the mental 

simulation cognitive load of conceiving and evaluating 

this boundless array of contingencies (Nadav-Greenberg 

and Joslyn 2009). Through exploratory modeling 

(Bankes, 1993; Chandrasekaran, 2005; Chandrasekaran 

and Goldman, 2007), we provide the decision maker with 

an ability to compare options in parallel under a whole 

range of plausible circumstances and ultimately 

understand the underlying factors that contribute to the 

outcomes.   

 

Even for a single option, the costs vary depending on 

situational conditions beyond decision makers’ control, 

such as whether fire trucks can respond quickly or traffic 

congestion delays their arrival. Thus there is a 

multidimensional distribution of possible consequences 

for each option. Each distribution is a function of the 

uncertainty of the situation space (e.g., how big is the 

fire) and the uncertainty inherent in the decision option 

(e.g., what percent of fire trucks will get to the scene and 

when). Although an optimal plan would generate the 

highest expected return on investment, under deep 

uncertainty (Lempert et. al., 2003), where situation and 

execution uncertainty are irreducible, optimal strategies 

lose their prescriptive value if they are sensitive to these 

uncertainties. In other words, selecting an optimal 

strategy is problematic when there are multiple plausible 

futures for each option, as is the case in this example. 

Instead, Chandresekaran (2005) and Chandresekaran and 

Goldman (2007) suggest shifting from seeking optimality 

to seeking robustness for planning under deep 

uncertainty. Robust options result in acceptable 

outcomes across the broadest swath of plausible futures.   

 

To enable comparisons of disparate options, each with a 

distribution of disparate outcomes, we mapped each of 

those outcomes onto a single multiattributed cost metric. 

First, consequences such as property damage, injury, and 

death are assigned monetary values (insurance actuarial 

tables can be used to assign a monetary value to death). 

Then, the cost of each outcome in our example scenarios 

(which we call emergency events, or simply events) is 

computed by summing the resource cost of acting on the 

option (trucks, people, etc.), the costs of the immediate 

consequences resulting from that option, and any costs of 

future consequences that now may occur due to having 

enacted the option.  

We use a frequency format approach to display the 

results, which means that uncertainty information is 

displayed in terms of natural frequencies rather than 

probabilities. Natural frequencies are absolute (non-

normalized) frequencies as they result from observing 

cases that have been representatively sampled from a 

population (Gigerenzer & Hoffrage, 1995).  Hoffrage 

and Gigerenzer (1998) provided information in the form 

of either natural frequencies or probabilities to 

physicians and found that the physicians correctly 

estimated the positive predictive values of diagnostic 

tests more than four times as often when they were given 

the frequency format presentation.   

 

Ibrekk and Morgan (1987) evaluated several methods for 

communicating uncertain quantities using continuous 

distributions rather than discrete probabilities. 

Participants were asked to make a number of estimates 

regarding upcoming snowfall using a range of nine 

visualizations that included common displays (e.g., bar 

chart, pie chart, or a simple number line) as well as six 

varieties of probability density functions and a 

cumulative distribution function. Cues in each display 

type make only certain parameters explicit, so those that 

had an obvious midpoint were best at communicating the 

mean snowfall, but often led to significant 

overestimations of the probability of snowfall being 

greater than a certain amount. Visual cues available in 

the pie chart and cumulative distribution function, on the 

other hand, showed the opposite effect. The 

recommendation from this study was that a combination 

of cues providing information referring to both a 

probability distribution function and a cumulative 

distribution function would have the greatest chances of 

successful communication of risk.  

 

However, Ibrekk and Morgan’s study was about drawing 

information from a single distribution, but not about 

comparing multiple distributions to each other. Our 

approach is to support robust decision making through 

the parallel presentation of multiple distributions, so such 

findings must be extended to identify cues which not 

only engender an understanding of each distribution, but 

also facilitate an effective process to compare their 

relative desirability. We chose box-plots (Tukey, 1977) 

as a starting point to provide a simple means of 

comparing the cost distributions of the options. In the 

study described above, the box-plot provided reliable 

estimates of the mean, but less than ideal communication 

of probability density (albeit not the worst among those 

tested). However, besides their simplicity, box-plots are a 

common visualization of distributions that typical 

research participants can be readily trained to read. We 

further simplified the box-plot visualization by 
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eliminating outlier data points. Future research will be 

needed to determine a more compelling visualization 

approach. The basic layout of the box-plot allows for 

incremental modifications such as shading or additional 

markers providing additional cues describing the 

distribution.  

 

In our experiments, the result of the cost evaluations for 

the range of plausible futures for a given decision option 

is summarized graphically by a box-plot for that option. 

Figure 1 shows the box-plots indicating the range of 

costs for each option in the example scenario. The top 

and bottom “whiskers” of the box-plot depict the 

maximum and minimum cost outcomes, respectively. 

The top and bottom sides of the box show respectively 

the cost of the 75th and 25th percentiles of outcomes. 

The line dividing the box indicates the median cost of 

outcomes.  

 

 
 

Figure 1. A decision space showing the relative costs of 

sending between 0 and 3 fire trucks to a fire, assuming 

no other response. 

 

In our early experiments (Drury et al., 2009a; Pfaff et al., 

2010a), participants were given a “best three out of five” 

rule as a reasonable and easily taught heuristic for 

comparing distributions and determining the top-ranked 

option. Applying this rule to the box-plots in Figure 1, 

sending three fire trucks is considered the top-ranked 

choice because its corresponding box-plot has the lowest 

cost for the minimum outcome, the 25th percentile 

outcome (the lower bound of the box), and the median. 

Although its 75th percentile (the upper bound of the box) 

and maximum outcomes are the highest of any option, 

this option is still best for three out of five of the box-plot 

parameters and thus is the winner. 

 

Note that the visualization of the options in Figure 1 is 

presented from the viewpoint of a single fire station, and 

assumes that no other responders will send assets to 

handle the emergency. But what if multiple fire stations 

cooperate, or police and fire plan a joint response?  

Clearly, collaboration is needed and hence we extended 

option awareness to assist multiple decision makers. 

 

Collaborative Option Awareness 
 

Extending the example of the fire in the historic building, 

assume that the fire is reported just as the roads are 

clogged with bystanders viewing an accident scene. So, 

three fire trucks are needed because this congestion may 

delay their arrival, which in turn may allow the fire to 

grow to a point that requires the three trucks to put it out. 

Uncertainty about the congestion, uncertainty about the 

fire’s growth, and uncertainty about some future need for 

firefighting that will possibly be unmet if all three trucks 

attend this fire, results in the wide range of outcomes for 

this option. Alternatively, sending fewer trucks will 

preclude any possibility of the lower cost outcomes that 

will occur most of the time with this 3-truck option. 

 

Figure 2 shows the decision space for the police, based 

on the assumption that the police are only concerned 

with the traffic incident and its local effects.  The figure 

indicates that the most robust option from just the police 

perspective is to send just one squad car.  

 

 
 

Figure 2. A decision space showing the relative costs of 

sending between 0 and 3 police cars to a traffic accident. 

 

That perspective, however, ignores the synergy of the 

two emergency response departments helping each other. 

For example, it is possible that if the police department 

sends additional vehicle(s) to clear traffic in favor of the 

fire trucks, the extra police presence can help the fire 

trucks reach the fire more quickly. The fire will be 

smaller upon the trucks’ arrival, so fewer trucks would 

be needed to extinguish the smaller blaze that will cause 

less damage. Despite the need for more police cars, the 

total cost to the city could be lower if the cost of sending 

the extra squad car is less than the reserve value of saved 

fire trucks (the value of keeping some for future events) 

plus the resource cost of fire trucks (the cost of sending 

them to the immediate event). 

 

The effect of this synergy emerges from Figure 3, which 

illustrates the combined decision space for a 

collaborative response, and takes the collaborative 

synergy and the cost tradeoff into account. The most  
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Figure 3. A combined decision space showing the 

relative costs due to the synergy of sending combinations 

of fire and police vehicles. Legend: F:x, P:y = x fire 

trucks and y police cars. 

 

robust combined option revealed by this decision space is 

to send two fire trucks and two police cars (designated 

F:2/P:2 in Figure 3). This option wins on four of the box-

plot parameters. Moreover, note that considered from the 

individual decision space perspectives (Figures 1 and 2), 

combining the costs of the best options appears to yield a 

total median cost of $45K from those separate views. 

The combined decision space shows that collaborative 

synergy results in major costs savings: the most robust 

option of F:2/P:2 has a combined median cost of only 

$16.5K, while even the F:3/P:1 option suggested by the 

individual decision spaces has a median cost of only 

$17K when synergy is considered in the combined 

decision space. This is apparently because controlling the 

traffic, even with one squad car, results in enough time 

savings to reduce the size and damage of the fire. F:3/P:1 

still costs relatively more because more of the costlier 

fire resources are needed, and that option never will 

achieve the $13K minimum cost of F:2/P:2.  
 

Our most recent research (discussed in more detail 

below) suggests that decision makers in the fire and 

police department would likely be unaware of the level 

of potential cost savings from this type of cooperation 

without being able to view a combined decision space. 

Although emergency responders frequently make 

tradeoffs in their heads, there are limits to human 

cognition when analyses involve many variables and 

high uncertainty, especially when decisions must be 

made quickly and under stressful conditions. Moreover, 

if F:3/P:1 was executed, outcome feedback would likely 

reinforce using the option: it does have a satisfactory 

outcome distribution. So, unaided by option awareness, 

F:2/P:2 may never be recognized even as a match for this 

situation, let alone the most robust option. Our research 

shows (Liu et al. 2011) that a combined decision space 

can provide rapid visual comprehension of the likely 

costs and consequences of collaborative options, leading 

to better choices. 

NDM and Option Awareness 
 

NDM postulates that decision makers look for a match 

between what they are seeing in the situation space and 

what they have experienced previously. In other words, 

decision makers seek to recognize something about the 

situation that fits within a previously-observed pattern. 

This tendency to look for what is familiar has been called 

the recognition heuristic by Gigerenzer and Goldstein 

(2011).  

 

Our research described in the next section shows that 

there are patterns to be recognized in the decision space 

as well. By visualizing the decision space for the user, 

they can extend to that space the pattern-matching that 

they otherwise only apply to the situation space.  We 

describe three different experiments that provide 

empirical support for our assertion of different behavior 

based on patterns in the decision space. 

 

Ambiguous versus Unambiguous Visual Patterns 

 

One of our experiments (Drury et al., 2009b) introduced 

conflict patterns into the decision space. A simple or 

unambiguous pattern in the decision space has no 

conflicts among the options and one option is dominant 

in all respects. In a more complex or ambiguous decision 

space, the pattern of options has conflicts and no clearly 

dominant option. For example, a conflict might involve 

one option having a lower median cost, but another 

alternative having a lower maximum cost. These patterns 

can be solely in the decision space: that is, the situational 

context may not vary substantively in two scenarios, but 

the visual characteristics of their resulting box-plots may 

be ambiguous in one case but show a clearly dominant 

option in another case. We hypothesized that 

unambiguous decisions will be made faster than 

ambiguous decisions due to the smaller amount of 

cognitive deliberation that would be needed. 

 

Drury et al. (2009b) used a within-subject design: 20 

participants, some from a not-for-profit corporation and 

some from a university, were presented with both 

ambiguous and unambiguous box-plot visualizations. 

Seven of these participants had emergency response 

experience, and the participants spanned a variety of 

ages. 

 

All participants were asked to read a paper copy of a 

one-page introduction to the experiment, which included 

Institutional Review Board (IRB) information.  They 

were then given a paper copy of a training manual to 

read and keep as a reference during the experiment as 

well as a paper copy of Frequently Asked Questions 
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(FAQ). Next, they were given ten training events in the 

computerized test bed so that participants could become 

familiar with its interface and the types of decisions they 

were being asked to make. After the training, they 

completed 40 events on the computer test bed during 

which participants were asked to play the roles of police 

or fire/rescue commanders. 

 

Each event contained a short textual situation space 

description of the emergency, the likelihood of another 

incident occurring soon and a box-plot diagram of the 

corresponding decision space for comparing the courses 

of action. Each event was completely independent; what 

happened in one event did not affect another event and 

the number of resources available was reset to the 

maximum for each new event.   

 

During the training events, participants were given 

feedback. After they entered their estimates for the three 

parameters (current magnitude, property damage, and 

potential casualties), they were provided with actual 

values used in the computational model. After they chose 

their resource option, they were given the correct number 

of resources to send based on the model. The test bed 

was instrumented to capture the amount of time spent 

making the resource-allocation decision during the test 

events: declining decision times indicated that the 

training improved the participants’ performance with the 

interface and the questions being asked of them. 

 

For each of the 40 test events, after reading the textual 

description, each participant was asked to estimate three 

parameters: the current magnitude of the emergency 

incident (via a semantic differential scale implemented as 

a slider from a low value of 0 to a high value of 7), the 

likely property damage that could result (radio buttons 

indicating low, medium or high), and the potential 

casualties (also low, medium, or high). After setting each 

parameter, participants were asked to rate their 

confidence in these estimations using a semantic 

differential scale from a low of 0 to a high of 7. 

 

Having completed their assessment of the situation space 

for an event, participants were shown the textual 

description again, along with the decision space box-

plots for that event, and were asked to make a decision 

regarding the number of resources to send (0 to 5). 

Immediately after each decision, participants were asked 

to rate their confidence in that decision on a semantic 

differential scale (from a low of 0 to a high of 7). All 

participants were asked two final questions during each 

event: How much does this decision impact your ability 

to deal with future situations?  (Radio buttons indicated 

the possible answers of low, medium or high.) What is 

the likelihood of future situations occurring? (Possible 

answers were “less than usual,” “same as usual,” and 

“more than usual.”) 

 

After completing all of the events, participants answered 

survey questions, including questions probing their 

subjective assessment of the decision support provided to 

them.  

 

Results showed that participants’ performance was 

significantly faster when making decisions with 

unambiguous decision spaces versus the ambiguous 

ones. 

 

Visual Patterns and Exploration 
 

In our next experiment (Pfaff et al., 2010b), we provided 

participants with the means to interactively explore the 

decision spaces via weighting strategies. A limitation of 

the “best three out of five” heuristic participants were 

taught to compare options in the earlier experiment is 

that it assumes an equal weighting of each of the five 

box-plot distribution parameters. In real-world situations 

this strategy is not necessarily the best fit in all cases. We 

could imagine emergency responders concerned about 

the worst-case scenario choosing options that minimize 

the maximum cost, e.g., in situations where loss of life 

seems likely. We termed this weighting scheme 

emphasize-maximum. Another example is a normalized 

weighting scheme (called normal) that places the most 

emphasis on the median cost, and the least emphasis on 

the maximum and minimum cost outcomes due to the 

lower likelihood that they will occur. (In this experiment, 

normal was the default weighting used when the 

distributions were initially ranked and presented to 

experiment participants.)  

 

For this experiment, we recruited 41 participants from a 

major northeastern university and two locations of a not-

for-profit corporation. To assess the impact of these new 

weighting controls, the events and the testing 

environment from the prior experiment were repeated 

here. Several improvements in decision performance 

relative to the prior experiment were observed. When 

provided with the weighting options, participants picked 

the highest-ranked option significantly more often and 

with significantly greater confidence than before. 

 

We hypothesized that the lesser the visual variability of 

the options in the decision-space visualization, the more 

weighting strategies participants would consider. We 

believe that if the options displayed are too visually 

ambiguous to easily evaluate, the participants engage in 

more vigorous exploration of the weighting strategies 
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due to a greater desire for confirmatory feedback. The 

results were consistent with this hypothesis. When there 

was no completely dominant option in the decision space 

that could be visually identified as most robust, 

participants did engage in significantly more exploration 

of the options. This exploration provided a way for 

experiment participants to begin learning about patterns 

in the decision space.  

 

The results from these experiments support our 

contention that assessing the decision space is largely a 

perceptual process. We believe that over time, even these 

“complex” patterns can become as familiar as a complex 

chess pattern is to a chess expert. Once this learning 

occurs, applying NDM processes to the decision space 

can yield efficient and robust decision making. 

 

NDM and Complexity Blindness 

 

In the fire/accident event discussed above, the two most 

robust options in the individual fire and police decision 

spaces taken together (three fire and one police) are not 

the same as the most robust option in the combined 

decision space (two fire and two police). Because of this 

difference, we label the combined decision space as 

conflicted.  

 

The reason for the conflict is because, as noted earlier, 

the combined decision space takes into account the 

collaborative synergy and the cost tradeoffs between the 

collaborators, whereas the individual perspectives do not. 

Under these conflicted conditions, decision makers that 

view an event only through their own individual 

perspective do not have sufficient information in their 

individual decision spaces or in the situation space to 

extrapolate the synergies or the tradeoffs. We call this 

condition complexity blind, a condition that we hope to 

mitigate through the night-vision goggles of the 

combined decision space. 

 

To test the effectiveness of this mitigation, in our most 

recent research, we specifically manipulated the events, 

creating some with conflicted decision spaces and some 

with unconflicted ones (where the most robust option in 

the combined decision space is simply the sum of the 

most robust options in the individual spaces). In this way 

we could assess how providing the individual decision 

spaces, or the combined decision spaces or both, would 

affect decision making.  

 

In addition, to manipulating confliction, we also 

manipulated the complexity of the synergy between the 

collaborating organizations. The synergy in the event 

described above, between fire and police, is an example 

of a complex heterogeneous collaboration. Simple 

collaborations involved only one type of resource (police 

or fire), but from two different stations. Therefore, their 

collaboration was merely additive, simply identifying 

how many resources from which stations would be 

applied. 

 

Participants were trained and tested as described above, 

but in this experiment they participated as teams of two. 

Each participant was in control of one resource (or 

station), but the team was required to make a combined 

decision. They were provided with a chat function to 

plan and coordinate their choices. 

 

Our results showed that in conflicted combined decision 

space events, when the nature of the synergy between 

collaborators was also complex, those participants that 

were provided only with individual decision spaces were 

able to determine the best or second-best combined 

option only 30% of the time. However, these complexity-

blinded participants were in fact significantly the most 

confident in their combined choices. Under these same 

conditions, those receiving only the combined decision 

space chose the best or second-best option 59% of the 

time. Those participants that received both decision 

spaces chose the best or second-best option only 37% of 

the time. Participants in these latter two conditions had 

the same level of confidence in their choices, relatively 

high confidence, but still significantly lower than the 

complexity-blind condition. 

 

These results provide some insights into findings like 

those of Shanteau (1992) that even experts perform 

poorest when situations are complex or novel. The 

results are also consistent with the boundary conditions 

for recognition primed decision making (RPD) described 

by Klein (1998), wherein RPD strategies are less likely 

to be used with highly combinatorial problems and in 

cases where the views of different stakeholders have to 

be taken into account. These are cases where moderately 

experienced people cannot generate a workable option as 

the first one considered, but indeed cannot even 

recognize their own limitations in that regard due to 

complexity blindness. It is in these cases that intuitive 

RPD can be extended by the use of decision spaces, 

providing decision makers with a new view of a 

decision-event. This view does not require additional 

mental simulation on their part to consider multiple 

options over multiple plausible futures, but rather only 

involves a visual inspection of the space.  The visual 

inspection requires less time to process than having no 

decision space at all (Drury et al., 2009a; Drury et al., 

2009b) 
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CONCLUSIONS 

 

In this paper, we described how we have extended the 

basis for naturalistic decision making beyond traditional 

definitions of situation awareness by providing a 

computer-generated decision space that enables option 

awareness. The computer-generated visualization of the 

decision space enables fast visual comparisons among 

multiple options simultaneously, which augments mental 

simulation in RPD even in complex, uncertain settings. 

By returning processing to perceptual rather than 

cognitive mental simulation, providing decision spaces 

and option awareness empirically yields faster, more 

confident, more robust decisions.  

 

Computer-based forecasting models can assess dozens of 

options with hundreds or thousands of variations due to 

uncertainty. Intuitive processing alone cannot adequately 

process this near-boundless array of contingencies. 

Through frequency format visualization of exploratory 

modeling, we provide the decision maker with an ability 

to compare options under a whole range of plausible 

circumstances and ultimately understand the underlying 

factors that contribute to the outcomes. This visualization 

process facilitates applying NDM to new levels of 

complexity, which otherwise unfacilitated might have 

resulted in making simple, easily understood, but wrong 

choices. 

 

The issues of visually processing this new space need to 

be addressed. How do we enable less ambiguous 

visualizations? How do we facilitate agile exploration of 

this space and mine the underlying data for still covert 

relationships variables that lead to better and worse 

outcomes? What are the limits of training people to 

visually process and accept the implications of this new 

space? Can these complex patterns become as familiar as 

a complex chess pattern is to a chess expert? 

 

We believe that addressing these issues can extend NDM 

to the use of decision spaces, providing decision makers 

with a new view of a decision-event: a view that frees 

them from additional mental simulation on their part to 

consider multiple options over multiple plausible futures. 

 

Future Work 

 

As alluded to above, additional work could be done on 

making it easier for decision makers to discover and 

understand the underlying factors and interactions that 

lead to better and worse outcomes. Our work to date has 

involved creating the events and designing the synergies 

according to several formulas (Klein et al., 2011). In the 

real world, however, synergies will not always be so 

predictable or formulaic, and decision makers may need 

extra help in discovering their natures.  

 

We mentioned earlier that we are working on giving 

decision makers the virtual equivalent of night-vision 

goggles to see synergies and patterns in the decision 

space. A challenge remains in presenting the decision 

space in ways that most effectively aid decision makers 

in bringing their inherent recognition-primed decision 

making mechanisms to bear. People are used to 

extracting patterns from the situation space based on 

recognizable cues; but what are the most salient cues in 

the decision space? Much as people are quick to identify 

human faces that are “off” because they stray outside of 

the combination of acceptable cues (O’Toole, 2005), we 

need to better understand the cues that decision makers 

detect in the artificial landscape that is the decision 

space. Based on our empirical results, we believe that 

decision makers are being helped by viewing analyses of 

the relative costs of plausible options in a frequency 

format, but we do not know exactly what cues are 

making this presentation useful.   

 

The experiments accomplished so far presented each 

event as an isolated situation with one decision point. 

Except for providing feedback on participants’ 

assessment of the initial event characteristics during 

training, we did not provide feedback that would enable 

participants to learn from their experiences. We do not 

know if results would differ if participants saw the events 

unfold in a coherent sequence and were able to use their 

prior experience with the decision space to influence 

their future choices. Obviously, this presents an 

opportunity for future work. 

The NDM model assumes that decision makers have 

relevant expertise based on having encountered similar 

situations previously. The participants in our experiment 

had a mixture of backgrounds, with a minority (varying 

from one experiment to another, but up to approximately 

one-third) having relevant emergency response 

experience. In all cases, experience did not affect 

performance. This result begs several questions. Were 

the scenarios (which were developed by researchers 

having emergency response domain expertise) 

nevertheless so unrealistic that experience would not 

assist in performance? Or did the decision space 

visualizations provide a substitute for pattern-matching 

cues that would be developed through experience, thus 

leveling the playing field between novices and experts? 

Or, despite our attempts to isolate the core of the 

decision making process in a laboratory experiment, is it 

infeasible to conduct this type of inquiry in a controlled 

environment? We plan to run our next experiment with 
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emergency responders under controlled conditions, and 

then implement a field-deployable version of our 

decision aid that can be investigated during an exercise 

that at least approaches realistic conditions. 
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