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Abstract. Validation is critically important when human performance models 
are used to predict the effect of future system designs on human performance. A 
model of air traffic control (ATC) operations was validated using a rigorous 
iterative model validation process that illustrated the success of representing 
ATC operations in NextGen en route operations.  A gold-standard model was 
compared to three model iterations that represented different task management 
and human time estimation processes when dealing with handoff operations. 
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1 Introduction 

Human performance modeling is the process whereby human characteristics are em-
bedded within a computer software structure that represents a simulated human opera-
tor interacting with a simulated operating environment.  Integrated human perfor-
mance models (HPMs) simulate and predict emergent behavior based on multiple, 
interacting sub-models of human behavior, such as perception, attention, working 
memory, long-term memory and decision-making. This is accomplished typically by 
incorporating sub-models of different aspects of human performance that feed both 
forward and back to other constituent models within the human information 
processing system. The use of appropriate and validated integrated HPMs can support 
the basic human factors principle of predicting the impact of alternative design op-
tions early in the system design process.  Such HPMs may also be used synergistically 
with human-in-the-loop (HITL) studies, especially during the development of com-
plex systems, a time when events cannot be studied fully with HITL subjects due to 
safety concerns, cost considerations, or practical difficulties associated with simulat-
ing very rare events.  

Complex systems are those that include human operators interacting with actual 
technology and automation, to carry out multiple interacting, and often conflicting, 
tasks.  These systems often involve time-critical tasks, that is, tasks that typically have 
a specific onset time and a specific time by which the task needs to be completed. 
Together these define a window of opportunity for the action to take place. For such 
systems, the dynamic interactions among system elements often form critical coupl-
ings for control of the system by the human.  
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One of the most significant hurdles facing modelers is the challenge of validating 
these integrated HPMs, a goal without which the credibility of any model predictions 
will clearly be greatly reduced [1]. Most validation efforts to date have been in the 
area of simpler engineering models and cognitive architectures [2], with only a small 
number of attempts to validate integrated HPMs.  Furthermore, of the validation ef-
forts that have been conducted for integrated models, there is little agreement as to 
what constitutes appropriate validation techniques and measures [1].  The develop-
ment of these integrated HPMs is in its infancy, and so too are the validation tech-
niques.  There is thus a real need for the advancement of techniques and approaches 
for validating complex models.  

2 Validating Complex Models 

Modeling human behavior in complex systems such as air traffic control is very com-
plicated, particularly when the human’s tasks are highly cognitive in nature and they 
interact in a closed-loop fashion with other operators and environmental factors. Since 
cognitive tasks are not directly observable, it is very difficult to objectively validate 
such complex models. As a field, our ability to model these complex tasks and dem-
onstrate that such models of human behavior validly represent actual human behavior 
is in its infancy. Many HPM validation efforts often rely only on subjective or qualita-
tive measures, as opposed to objective, quantitative measures. Thus, one major objec-
tive of our work is to focus on quantitative validation techniques that can be used to 
demonstrate that a particular model represents human cognitive processes. The 
present research highlights a method that was followed to develop valid HPMs of 
time management in a complex operational environment exemplified in an air traffic 
control domain.  

3 Defining Model Verification and Validation 

Model verification and validation are essential elements of any modeling effort.  
Model verification is the process of determining whether a simulation model and its 
associated data behave as intended by the model developer / analyst.  Model valida-
tion is the process of determining the degree to which a model or simulation and its 
associated predictions are an accurate representation of the real world, from the pers-
pective of the intended users of the model or simulation [3]. Both model verification 
and model validation must be considered when attempts are made to validate a model, 
particularly as models increase in complexity.  

Model validation can take many forms, ranging from common qualitative ap-
proaches to quantitative approaches [4].  For the purpose of brevity, only the quantita-
tive approach will be focused on in the current article.  Obtaining a quantitative meas-
ure of the similarity between a model’s behavior and empirically determined human 
behavior is a complement to the qualitative approach. More explicitly, a quantitative 
test for a model’s validity is the degree to which the model’s output resembles the 
behavior that would be expected from the real world. Quantitative approaches are 
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traditionally statistical in nature and attempt to measure the degree to which a model’s 
data are similar to an empirically collected set of data. The recommended statistical 
tests used to measure the similarity between the data sets include goodness-of-fit tests 
(r2) to assess trend consistency; ANOVAs to compare human and model data sets; 
root mean squared scaled deviations to assess the exactness of matching; and chi-
square analyses to assess whether the underlying distributions of the two data sets 
(model, real world) can be regarded as coming from the same population [4].  

Graphical comparisons are also an effective model validation approach, particular-
ly as a first validation phase for initial testing of model performance [3]. Using that 
approach, the graphs of values of model variables over time are compared with the 
graphs of values of system variables, to investigate, for example, similarities in peri-
odicities, skewness, number and location of inflection points, logarithmic rise and 
linearity, phase shift, trend lines, or exponential growth constants. The histogram is an 
estimate of the density function and is another effective graphical technique, for  
examining data symmetry, skewness and kurtosis. 

4 Simulated Environment and Validation Approach 

A complex, time-critical environment, namely the ATC environment, was used as a 
test-bed to develop and exercise validation techniques that concentrate on validating 
the time-relevant aspects of the model. Using an iterative develop-validate process, 
the test-bed model was augmented with sub-models (embedded models) that represent 
the processes required to execute a series of procedures [2], in this case, time man-
agement procedures.  

Three human behavioral components occur in a time management environment; i) 
task management, ii) time estimation, and iii) time management. (Because the sub-
models can be modified individually, any differences in model output can be attri-
buted to the sub-model under investigation.) The particular sub-models used were 
based on a synthesis of existing literature on the manner in which humans’ time man-
agement (task management and time estimation) changes in the face of dynamics of 
the operational environment, as a function of time pressure, and thus of perceived 
workload. 

Validating the time management model required three steps. Starting with an ap-
propriate baseline model, the first step is to assess the task management portion of the 
model. The second step is to assess the time estimation aspect of the model. The third 
step is to assess the time management aspect of the model. (Such an approach can be 
extended to any complex domain.) 

The domain that was chosen was from a FAA HITL simulation of the Future 
En-route Workstation Study (FEWS) [5]. This dataset included three workload 
levels: low, medium, and high, as defined by the number of aircraft travelling in a 
generic airspace and the presence of assistive technologies (datalink - DL). Air 
Traffic Controllers (ATCos) were required to schedule tasks that differed in  
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priority, including conflict resolution, aircraft hand-offs between sectors, and 
routine communications.  

The baseline (BL) HPM of the ATCo, programmed in Micro Saint Sharp was used 
as the gold-standard, against which further model augmentations would be compared, 
as this model had been deemed by others to validly represent the FEWS performance 
[6]. The baseline model, depicted in Figure 1, assumed that ATCos implement nomi-
nally optimal strategic task scheduling, and that the ATCos’ estimate of time passage 
is perfect and with no effect on workload. 

 

Fig. 1. Baseline Model of Task Management Behavior 

To verify and validate this BL model, performance on several output variables 
from the model was compared to the human ATCo performance collected during the 
FEWS simulation. The non-human portion of the model was verified in terms of envi-
ronmental performance (the number of aircraft travelling in the airspace, the flight 
plans, etc.). Modeled ATCo workload and queue length were assessed to verify that 
the model behaved as expected – that is that ATCo workload and the number of items 
in the queue increased as a function of task load, in the same manner as occurred in 
the FEWS HITL data.  

A large contribution of the present work extends the validated environmental mod-
el to the modeled operator behaviors. The ATCos’ Receive Handoff Duration (RHD) 
data – the elapsed time between the first moment at which a particular aircraft could 
have been handed off and the moment at which it actually was handed off – were used 
as the main validation measure. 

The RHD was first explored at an aggregate mean level and compared by both t-
tests and chi-square analysis to the FEWS RHD data. Figure 2 illustrates that no sig-
nificant difference was found in the mean RHD times for the low workload between 
the FEWS and the baseline model, p>.05. A significant difference did exist, however, 
for the medium workload between the FEWS data and the baseline model predictions, 
t(99) = 2.07, p<.05. The same was true for the high workload, t(80) = 5.51, p<.001. 
Using these measures, validation of the BL model was supported in the low workload 
conditions, on the basis of not having detected a significant difference between model 
and FEWS data (p>.05). Validation was not supported in the medium and high work-
load condition, however (p>.05).   
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Fig. 2. Average RHD Times from the FEWS data and Baseline Model 

A novel approach, dubbed Time Correspondence (TC) graphs, was implemented, 
to compare the BL model with the FEWS data. In each TC graph, such as Figure 3, 
the top horizontal axis shows the timeline of occurrence of FEWS events, while the 
lower axis shows events modeled by the HPM. The lines joining corresponding events 
are perfectly vertical when the times were the same in both FEWS and model. Lines 
that slant down to the right indicate that model times occurred later than correspond-
ing FEWS times, and lines slanting down to the left indicate that model times pre-
ceded corresponding FEWS times. The ensemble of all lines resulting from a simula-
tion thus form a holistic visual indication of the goodness of model fit.  

The BL model results in Figure 3 show the window open times on the left and the 
window close times on the right, since it is necessary to look at both in order to cor-
rectly attribute the reason for any difference in the RHD times. In the figure we see 
that the BL model was operating too liberally, allowing the possibility of ‘too many’ 
tasks to enter into a queue - which produced delayed processing of some tasks and 
thus later task onset predictions than those of the real operators. The TC graphs, sup-
ported by Spearman correlation coefficients, also showed that the order in which tasks 
were conducted differed between the model and the FEWS simulation. 

 

 

 

 

Fig. 3. TC Graphs - Window Open and Close Times (Baseline Model) 

Plotted with +/- 1 SE 
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Two explanations for the breakdown in the BL model performance are offered. 
First, the strategy that the ATCo used to process the handoff tasks differed between 
the FEWS and the BL model.  Second, it could be that the human operators simply 
failed to estimate the passage of time accurately due to excessive workload [7], as the 
model assumed that the operator always has “perfect” awareness of available time to 
complete a task and, furthermore, it assumes that tasks are completed quickly, in the 
right order and at the right time. Underestimating time available results in tasks being 
scheduled for completion early within the window resulting in a burst of early res-
ponses. That model modification is described after the task management section. 

5 Development of a Framework of Time Management 

The Time Management framework that follows was used to guide the development of 
two time management information processing models – time estimation and task 
management [8] - which are to be called whenever the human operator engages in a 
time sensitive task. As shown in Figure 4, the time management framework includes a 
workload projecting component, a time estimating component, and a task-managing 
component. 

 

Fig. 4. Workload Projecting, Time Estimating and Task Management framework 

5.1 Baseline (BL) Model with Task Management Modification 

The BL model was augmented to account for the change from strategic to opportunis-
tic control that occurs in high-workload tasks, as indicated in the literature [9]. The 
task management (TM) model utilized a ‘conservative bias’ paradigm, where the hu-
man operators are expected to complete all tasks in the order in which they are en-
countered, thereby shifting performance times towards “early” responses within the 
window of opportunity for certain high priority tasks. The right-most box in Figure 4 
has been provided with a feedback loop around itself. This serves to impact the task 
ordering and onset times using the opportunistic control mode in the high workload 
condition.  This new model does not allow multiple tasks to collect in the task queue; 
it forces the operator to manage tasks opportunistically, rather that strategically. That 
is, planning is limited and the environment drives decisions. 
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Using the same validation measures as for the BL model, it was apparent that limit-
ing the queue length to zero made the model perform more “conservatively” and suc-
ceeded in bringing the modeled RHD times closer to the FEWS RHD times, with no 
significant difference between the FEWS and the low and medium workload condi-
tions (see Fig 5; p>.05). Similar to the BL model, the RHD times in this TM model 
were significantly shorter than in the original baseline model in the high workload 
condition (although still significantly delayed relative to FEWS (t(80)=3.30, p<.05). 
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Fig. 5. Average RHD Times from FEWS and the Four Model Iterations 

5.2 Baseline Model with Time Estimation Modification 

The Time Estimating Box (TE; center box) in Figure 4 was modified to account for 
the degradations of human estimates of time passage as a function of workload. A 
quantitative verification effort of the TE model was conducted using a simple but 
non-trivial ATC task network model. This “generic computational model” was run 
10000 times in two scenarios (baseline and TE model) at each of 5 workload levels 
(low, low-medium, medium, medium-high, and high) to verify the impact of time 
misestimates (time error) on task scheduling within the model. This verification phase 
revealed that the baseline model performs very close to zero mean error, as expected 
(Figure 5). The time estimation model time error output, on the other hand, revealed 
that the aircraft are being descended at increasingly late times as workload increased. 

 

Fig. 6. Mean Time Error of 10000 Generic Model Runs to Verify TE Model Performance 

Plotted with +/- 1 SE 
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As illustrated in Figure 6, the baseline model performed very close to optimally, 
with all of the time error values in the positive direction, meaning that the aircraft 
were descended early. It also illustrates the non-linear relationship that exists between 
workload and TE as measured by the time error in ATCo descending an aircraft. 

As a result, a formal validation effort of the TE model in a specific ATCo envi-
ronmental context was conducted to determine the generalizability of the TE model.  
The BL model’s strategic task scheduling was combined with the TE underestimates 
of time passage as a function of increasing workload. The same validation approach 
that was applied to the BL model development iterations was applied to the TE model 
iteration.  As can be seen in Figure 5, the TE model did not improve RHD predictions 
as compared to the baseline model. Relative to the FEWS data, the RHD times pro-
duced by the TE model were not significantly different from those produced from 
FEWS in the low workload condition (p>.05), but they were significantly higher in 
the medium (t(99)=2.08, p<.05) and high workload conditions (t(80)=5.85, p<.05).  

5.3 Baseline Model with Time Management (TM+TE) Modification 

To perform the Time Management (TM+TE) augmentation, the Time Estimating 
(center) and the Task Management (right most) boxes in Figure 4 were modified to 
account for the task management and the human estimates of time passage degrada-
tions that occur as a function of workload. Using the validation approach developed in 
this effort, it was apparent that limiting the queue length to zero in the TM model 
made it perform more “conservatively” and including a time estimation model suc-
ceeded in bringing the modeled RHD times closer to the FEWS RHD times than any 
of the other models alone. Relative to the FEWS data, the RHD times produced by the 
Time Management model were not significantly different from those produced from 
FEWS in the low (p>.05), and the medium workload conditions (p>.05) but they were 
significantly greater in the high workload conditions (t(80)=2.28, p<.05) (Figure 5). 

The TC graphs also show that the order in which tasks were conducted in the Time 
Management model differed between the model and the FEWS simulation as illu-
strated in Figure 7 for the window open (left) and window close times (right). 

 

 

Fig. 7. TC Graphs - Window Open and Close Times (High Workload Model) 
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The TC window open time graphs illustrate that the order and the onset times are 
not precisely the same. While the overall data suggest that the high workload condi-
tion produced the greatest difference in RHD times, this effect can not be attributed 
primarily to the time that the window opened, since the present analysis suggests that 
the number of window open times that differed in order from the modeled and actual 
aircraft were fairly consistent across traffic conditions. The same holds true for the 
window close times. 

It appears that the Time Management model did not succeed in bringing the mod-
el’s RHD performance closer to the FEWS than the baseline model alone. Both the 
baseline and the Time Management model predictions of RHD remain significantly 
different than those produced by the ATCos in the FEWS experiment for the high 
workload condition. There did not appear to be any added benefit to the RHD predic-
tion by both TM and TE together, although the Time Management manipulation did 
bring the mean RHD times closer than any of the other model manipulations alone. 

6 Discussion 

The recent proliferation of human-system models has resulted in highly complex hu-
man behavior models being used to generate predictions of operator performance 
within increasingly complex operational domains (e.g. process control, aircraft, and 
ATC operations, etc.). This proliferation is certain to continue along its growth path in 
the foreseeable future as computer technologies increase and the software implements 
more accurate representations of the human-system relationship. Many of the models 
that have been developed for system predictions have undergone some degree of veri-
fication and validation.  However, creating valid behavioral models of a human is a 
challenging endeavor, particularly because of the complexity of human behaviors, 
which are further heightened when integrating multiple models that comprise the 
system. Assumptions made for one sub-model may interact with other sub-models 
and may invalidate the system prediction. As a result, it is vital that the complex hu-
man models that are used to generate predictions of human-system performance be 
designed and validated in accordance with a principled approach. 

Validating the model using a limited number of validation measures (often only 
one measure) allows model developers flexibility with respect to the manipulation 
that will be made to the model to get it to perform consistently with the input data. It 
is often quite easy to tweak a model to perform well on one measure, while sacrificing 
the validity of other measures. When model analysts change a model’s parameters, 
they typically do not examine the performance of the integrated representation of the 
model; rather they look at the effect of the individual parameter that they tweaked. 
While this is arguably an appropriate validation process for some small, non-
integrated models, it is advisable that the more integrated and closed-loop HPMs con-
duct validation efforts use multiple human performance measures. 

In summary, this research has introduced and demonstrated a comprehensive itera-
tive develop-validate approach for validating a complex, closed-loop model of air 
traffic control using multiple measures at varying levels of fidelity designed to  
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provide a validation approach for time-sensitive tasks. A series of objective and quan-
titative validation measures were applied to assess the validity of a baseline model 
that was then carried through as model iterations were completed. The iterative ap-
proach enabled the assessment of the impact of each model manipulation to determine 
whether the model developed operated verifiably and validly. It is only with such a 
rigorous approach that the models that are developed for complex human-system 
operations can be deemed credible representations of actual human performance. 
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