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Abstract 
A decision space is defined by the range of options at the 
decision maker’s disposal. For each option there is a 
distribution of possible consequences. Each distribution 
is a function of the uncertainty of elements in the 
decision situation (how big is the fire) and uncertainty 
regarding executing the course of actions defined in the 
decision option (what percent of fire trucks will get to 
the scene and when).  To aid decision-makers, we can 
use computer models to visualize this decision space – 
explicitly representing the distribution of consequences 
for each decision option.  Because decisions for dynamic 
domains like emergency response need to be made in 
seconds or minutes, the underlying (possibly complex) 
simulation models will need to frequently recalculate the 
myriad plausible consequences of each possible decision 
choice. This raises the question of the essential precision 
and fidelity of such simulations that are needed to 
support such decision spaces. If we can avoid needless 
fidelity that does not substantially change the decision 
space, then we can save development cost and 
computational time, which in turn will support more 
tactical decision-making.  This work explored the trade 
space of necessary precision/fidelity of simulation 
models that feed data to decision-support tools. We 
performed sensitivity analyses to determine breakpoints 
where simulations become too imprecise to provide 
decision-quality data.  The eventual goal of this work is 
to provide general principles or a methodology for 
determining the boundary conditions of needed 
precision/fidelity. 

Introduction 
There is a large body of research literature surrounding 
situation awareness, defined by Endsley (1988) as the 
“the perception of the elements in the environment 
within a volume of time and space, the comprehension 
of their meaning and the projection of their status in the 
near future”.  Using this definition, the information 
needed to attain situation awareness consists of facts 
about the environment, which Hall et al. (2007) call the 
situation space.   
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Yet, truly aiding decision makers requires providing 
them with more than situational facts.  Decision makers 
must choose among the options for action that are at 
their disposal. This additional view of the environment 
is termed the decision space (Hall et al., 2007). 
Decision makers therefore must be able to compare 
these options in the decision space and choose among 
them, given an analysis of the facts of the situation, 
which maps from the facts to the consequences of each 
option. For each option there is a distribution of 
possible consequences. Each distribution is a function 
of the uncertainty of the elements in the decision 
situation (how big is the fire) and the uncertainty 
regarding executing the course of action defined in the 
decision option (what percent of fire trucks will get to 
the scene and when).  

An optimal plan is one that will return the highest 
expected return on investment. However, under deep 
uncertainty (Lempert et. al. 2006), where situation and 
execution uncertainty are irreducible, optimal strategies 
lose their prescriptive value if they are sensitive to these 
uncertainties. That is, selecting an optimal strategy is 
problematic when there are multiple plausible futures.  

Consider a very simple example. Suppose three is the 
optimal number of fire trucks to send to a medium-
sized fire under calm wind conditions, but if conditions 
get windy, a higher number of trucks would be optimal. 
If your weather model predicts calm and windy 
conditions with equal probability, then what will be the 
optimal number of trucks? One could expend a lot of 
effort trying to improve the modeling of the weather in 
order to determine the answer. Furthermore, just how 
certain are you that the initial reported size of the fire is 
correct? 

Alternatively, Chandresekaran (2005) and 
Chandresekaran & Goldman (2007) note that for course 
of action planning under deep uncertainty one can shift 
from seeking optimality to seeking robustness. In other 
words, one could look for the most robust line of 
approach that would likely be successful whether or not 
it will be windy.  

Lempert, et al. (2006) describes a general simulation-
based method for identifying robust strategies, a 
method they call robust decision making (RDM). Using 
our simple example, one would translate sending 
different numbers of fire trucks into the parameters of a 
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et al., 2005, p. 591).  Small teams interact with 
NeoCITIES to assign police, fire/rescue, or hazardous 
materials assets in response to emerging and dynamic 
situations.  If team members fail to allocate appropriate 
resources to an emergency event, the magnitude of the 
event grows over time until a failure occurs, such as the 
building burning to the ground or the event timing out. 

The NeoCITIES model is designed to run in real 
time for human-in-the-loop (HIL) simulations. This 
provides a fast platform to rapidly test the core 
principles of this modeling research, whereas a high-
fidelity version of a disease-spread model we are using 
in a parallel study can require days or weeks to run. In 
addition, this work will form the foundation for later 
HIL research to test the psychological implications of 
these model manipulations. 

The heart of the NeoCITIES model is the magnitude 
equation, which dictates the growth of emergency 
events over time given an initial event magnitude score 
in the range of 1 – 5. It is the core equation in 
determining the distribution of costs for each option in 
the decision space. The calculation of this equation also 
drives the computational cost of each run of 
NeoCITIES, in terms of computer processing resources 
needed. Therefore it is the fidelity and precision of this 
equation that will be manipulated in this study.  

The equation is time step-based and incremental: it 
depends upon the magnitude calculated for the previous 
time step t – 1 and the number of emergency resources 
(such as fire trucks) applied at that moment. This means 
that the magnitude of an event at a given time t cannot 
be obtained without calculating all of the magnitudes at 
all of the previous times, which is very computationally 
intensive. The full magnitude equation at time step t is: 

��� � �� ���	
� � � ���	

� � � �� 

where a, b, and c are weights and R is the number of 
resources applied.  We represented the relationship 
between these factors in a number of computationally 
simpler ways as described in the methodology section.  

The magnitude equation determined whether 
assigning a given number of resources R at time step t 
is effective in resolving the emergency situation.  
Figure 2 shows a series of six curves that depict the 
effect over time of applying 0, 1, 2, 3, 4, or 5 resources 

to a magnitude 3 event at time step t. Sending only 0 or 
1 resource results in the event spiraling out of control 
within 40 time steps in the case of allocating 0 
resources or sometime greater than 60 time steps in the 
case of allocating 1 resource. Sending 2 – 5 resources, 
results in resolving the emergency within 37 – 13 time 
steps, with the higher numbers of resources resolving 
the emergency more quickly, as might be expected. 

To map this situational information into the decision 
space a way of costing the results of each option was 
needed.  NeoCITIES’ original scoring equation 
assigned a combined cost to each resource allocation 
choice based on the number of expected deaths, 
injuries, and property damage as well as the cost of 
sending the designated number of resources.  But this 
formulation did not incorporate the penalty that a 
decision maker might reasonably expect to pay if he or 
she assigned too many resources to an event and 
another event occurred before the first one could be 
resolved, with the result that the second event suffered 
more damage because insufficient resources were 
available nearby.  Accordingly, we added to the cost of 
the current emergency any extra costs that would befall 
future emergencies due to over-allocating resources to 
the current emergency.   

To determine the distribution of costs for each 
possible option for a given decision, we ran the model 
many times each under different conditions that are not 
under decision makers’ control.  For example, imagine 
a fire in which a hot, dry wind fans the flames, versus a 
sudden downpour that dramatically diminishes the fire.  
Sending the same number of fire trucks in both 
situations will result in very different levels of damage; 
this uncertainty requires a range of costs be calculated 
for each option rather than a single point value. 

Methodology
Development of the models 
Two non-incremental equations were developed to 
model the incremental NeoCITIES escalation equation 
in a computationally simpler fashion. Being non-
incremental, these equations can calculate the 
magnitude of an event for any time without calculating 
previous time steps, and therein reduce computational 
costs. However, the reduced fidelity of these non-
incremental models, as compared to the “ground-truth” 
of the original NeoCITIES equation, provides one test 
of the fidelity boundary conditions – where simpler 
models may lead to recommending different options. 

The first equation took a quadratic form: 
��� � ��� � �� � ���

� � ������
� � ��  

where �� is the magnitude of the event at time t, �� is 
the initial magnitude of the event at t=0, R is the 
number of appropriate resources allocated to the event, 
with e, f, g, and h as weighting constants. This was 
dubbed the quadratic or “opposing forces” version, in 

 
Figure 2: Relating event-magnitude, time, & resources 
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that the force of the escalating event (the h term) grows 
over time against the resisting force of the resources 
applied to it (the g term). The quadratic form was 
selected to match the curved trajectories of the original 
NeoCITIES incremental equation. 

The values for the weights were derived via multiple 
regression of the terms of this equation against the 
values generated by the incremental NeoCITIES 
equation. Thus the “ground-truth” data of NeoCITIES 
was captured in a consolidated model, just as Newton’s 
F=MA captures the data regarding the motion of 
objects. The NeoCITIES data for the regression was 
generated over the lifetime of multiple events: five with 
initial magnitudes ranging from 1 to 5, repeated for 
each of 6 possible options (allocating between 0 and 5 
resources to the event), for a total of 30 runs. 
Calculations for each run proceeded until the event was 
successfully resolved (when the magnitude reached 
zero) or failed by exceeding a magnitude threshold of 
�� � � or exceeding the time limit of 60 time steps (a 
typical time limit for events in the NeoCITIES 
simulation). The results of the regression are in table 1. 
 
 
 

b SE b � 

Constant (i) 0.15 0.06 0 
e 0.97 0.02 0.84 
f -0.03 1.16e-3 -0.62 
g 2.60e-3 5.49e-5 -6.91 
h 3.48e-4 7.31e-6 7.35 

Note: R2 = .87. p < .0001 for all �.  
Table 1. Regression of quadratic formula weighting constants 
 

A second regression was performed upon a linear 
form of the above equation:  
�� � ��� � �� � ��� � ����

� � ��  
where j, k, m, and n again are weighting constants. The 
other variables remained as above. The linear form was 
selected as the simplest model of the original 
NeoCITIES incremental equation. The results of this 
regression are in table 2. 
 
 b SE b � 
Constant (i) 0.18 0.04 0 

j 0.95 0.01 0.82 
k -6.02e-3 5.31e-4 -0.12 
m -0.08 8.43e-4 -2.52 
n 0.01 1.25e-4 2.48 

Note: R2 = .96. p < .0001 for all �.  
Table 2. Regression of linear formula weighting constants 
 
Testing the Effects of Fidelity and Precision 
Four datasets were generated to compare the three 
models: original incremental, non-incremental 
quadratic and the non-incremental linear. Each dataset 
contained multiple predictions of cost for each of the 

six possible courses of action (COA) for a given event. 
This data was generated according to a 3x3 factorial 
design with three levels of fidelity (the three equations 
described in the previous sections) and three levels of 
precision. For fidelity, the original NeoCITIES 
magnitude equation was assigned to the high condition, 
the quadratic version to the medium condition, and the 
linear version to the low condition. Precision in this 
study has multiple aspects, the first of which is how 
accurately the initial magnitude of the event is sampled. 
Each simulated event’s initial magnitude was selected 
from a normal distribution for four initial magnitude 
ranges, one for each dataset: 1 to 2, 2.5 to 3.5, 4 to 5, 
and 1 to 5. These ranges were partitioned into 3, 8, or 
16 values for the low, medium, and high levels of 
precision, respectively. The remaining aspects of 
precision are the number of time steps between 
magnitude measurements (10, 5, and 1, again for low, 
medium and high) and the number of passes through 
the simulation (250, 500, or 1000 events). 

Results
One-way ANOVAs were performed for each data set 
evaluating the distances among the median cost for 
each option; this quantitative analysis is analogous to a 
human visual inspection for differences. For example, 
the way in which the box-plots would be analyzed by a 
user of the decision aid illustrated in Figure 1. This 
quantitative analysis was done for all nine combinations 
of fidelity and precision,.  

To test how different combinations of fidelity and 
precision may lead to different cost predictions, a 3 
(fidelity) x 3 (precision) x 6 (course of action) full-
factorial ANOVA was performed, controlling for data 
set. As expected, a main effect for the course of action 
was found to account for a large amount of the cost for 
an event, F(5,20943) = 506.85, p < .001, �p

2= .11. 
Sending more resources to an event reduced its cost, but 
this effect reversed somewhat for excessive over-
allocation of resources. A main effect was also found 
for fidelity (F(2,20943) = 13.38, p < .001, �p

2= .001) 
with low fidelity having a higher mean cost (M = 
53694.58, SE = 267.19) than medium (M = 52335.50, 
SE = 266.84) or high (M = 51801.30, SE = 266.24; 
medium and high means were not significantly different 
per Tukey’s HSD, �=.050). An interaction was found 
between fidelity and course of action, shown in 
Figure 3 (F(10,20943) = 8.38, p < .001, �p

2= .004). 
The high-fidelity model shows greater differentiation 

between the mean costs associated with each course of 
action than the medium or low fidelity models. This 
was confirmed by analyzing the variances associated 
with each combination of fidelity and precision using a 
3 (fidelity) x 3 (precision) ANOVA, controlling for the 
data set.  A main effect for fidelity on variance was 
highly significant (F(2,24) = 10.48, p < .001, �p

2 = .47) 
with the mean variance for the high fidelity condition 
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incremental formulae were representative of the 
incremental generating process, they still provided a 
high fidelity model of the behavior of the data, 
accounting for 87% and 96% of the variance. Even so, 
there was a small but significant reduction in 
discrimination among the decision options with the 
non-incremental models. This illustrates that even when 
the behavior of a process can be adequately modeled, 
there still may be implication for supporting the 
decision maker. The main effect for the low fidelity 
model to exaggerate regret, compared to medium or 
high fidelity, is significant but with a very small effect 
size (�p

2= .001).  The interaction with the course of 
action, however, reveals that the two non-incremental 
models provide less distinct differentiation between 
courses of action than the “ground-truth” of the original 
NeoCITIES formula. Further human-in-the-loop 
experiments will need to be pursued to determine if 
these differences are psychologically significant. This 
could have implications for the utility of using 
statistical models of social behavior instead of 
psychological models of social processes. 

The Effects of Precision 
The manipulation of precision had a significant impact 
on replicating the decision space. The main effect of 
precision was that higher levels of precision resulted in 
less ambiguous decision spaces, that is, where the 
differences between the consequences of each option 
were more apparent.  

In addition, this effect was exacerbated by the 
uncertainty of the initial estimate of the magnitude of 
the event. When the estimate was more uncertain, the 
difference between the highest and lowest precision 
spaces was greater than when uncertainty was less. That 
low quality data results in more decision ambiguity is 
not surprising. However, these results suggest that one 
way to counter such uncertainty is to engage in a more 
extensive precise exploration of the distribution of 
plausible consequences.  

The results indicate that this experiment’s 
manipulation of precision was too coarse to clearly 
establish where the boundary lies between precise 
enough and not enough. Follow up experiments should 
explore the regions between the values use here. 

Conclusions 
This work was a first step at addressing the question of 
the essential precision and fidelity of models that are 
needed to support decision spaces. We demonstrated an 
example where using simpler lower fidelity 
consolidated models of a phenomenon significantly 
statistically changed the decision space. Whether or not 
this translates into a substantial psychological change 
will have implications for whether supporting robust 
decision making with such simplified models can safely 
save computational time.  

This paper breaks new ground toward an eventual 
goal of providing general principles and/or a 
methodology to determine the boundary conditions of 
where models can and cannot provide decision-quality 
data. 
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