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Abstract. An Intelligent Adaptive System (IAS) is a synergy between an intel-
ligent interface and adaptive automation technologies capable of context sensi-
tive interaction with operators. A well-designed IAS should enable flexible task 
allocation between the operator and the machine. Research suggests that the  
integration of real-time operator state assessment (e.g., performance, psycho-
physiology) can create a true ‘human-in-the-loop’ system, thereby minimizing 
deleterious performance effects such as overlooking automation failures and 
slowly reorienting to tasks. However, these research approaches apply a variety 
of methodologies to determine sensors, metrics, and overall system design 
when applied to real world tasks. This paper seeks to untangle these issues such 
that a more comprehensive framework for systematically evaluating the utility 
of cognitive state detection methods is attainable. 

Keywords: Intelligent tutoring systems, adaptive automation, augmented cog-
nition, psychophysiological measures, cognitive state. 

1 Introduction  

The goal of a well-developed Intelligent Adaptive System (IAS) is to reduce operator 
workload and fatigue by automatically assigning tasks to the machine (i.e., adaptive 
automation) during times of high-stress (e.g., time-pressured or emergency situa-
tions)[1]. Alternatively, during times of under load, the IAS should reengage the op-
erator to improve situation awareness by either returning the tasks to operator control 
(i.e., keeping the operator in-the-loop) or by providing stimuli to refocus operator 
attention (i.e., keeping the operator on-the-loop). An ideal IAS design should allocate 
tasks collaboratively (i.e., intelligent adaptive automation) while emphasizing the 
needs of the operator. Research suggests that the integration of real-time operator 
state assessment (e.g., performance, psychophysiology) can create a true ‘human-in-
the-loop’ system, thereby minimizing deleterious performance issues such as over-
looking automation failures and slowly reorienting to task [2]. Technological  
advances in artificial intelligence and augmented cognition have the potential to  
realize this type of intelligent support. 
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Technologies that monitor real-time psychophysiological changes provide an unob-
trusive means to assess operator internal status without interrupting the task perfor-
mance. Operator state monitoring technologies enable an IAS to invoke dynamic task 
allocation based on operator needs and adapt accordingly. Thus, these technologies 
have great potential to facilitate intelligent adaptation in simulation based training  
and real world settings. For example, electroencephalography (EEG) can monitor 
cognitive workload by measuring electrical activity through scalp-mounted sensors. 
Electrocardiography (ECG), electrodermal response (EDR), and respiration rate can 
successfully determine mood [3],[4],[5], while eye-trackers and blink monitors ascer-
tain fatigue levels in automobile drivers [6],[7],[8]. 

While there is reasonable correlation between operator state constructs (e.g., cogni-
tive workload) and psychophysiological measures, there are challenges to using such 
approaches. First, psychophysiological relationships are heavily task dependent. For 
example, tasks relying on physical activity can cause inaccuracy in cardiovascular 
measures of operator state. Second, there is considerable variation in how individuals 
react to systems under different conditions. There is even further variation when one 
considers the differences between individuals. Individual differences in traits such as 
spatial and attentional abilities can also affect human performance [9]. IASs that are 
able to adapt to these differences have the potential to reduce operator error and make 
the overall system easier to learn and operate. Thus, IAS designers must consider the 
merits of operator monitoring technologies that facilitate intelligent adaptation. An 
IAS can intelligently adapt to unique situations and individual operators by obtaining 
behavioral, psychophysiological, contextual, and subjective data of the operator in 
real-time. Clearly, the result of employing operator monitoring techniques is more 
robust operator-machine interaction and increased efficiency. 

While these capabilities are encouraging, creating a standardized framework from 
which to design, assess, and validate the sensor and metric system integration is elu-
sive. This paper provides an overview of frameworks used to assess operator state 
monitoring methods and sensor technologies currently used in IAS. Because these 
frameworks approach the issue of biosensor selection, evaluation, and validity from 
different, yet specific underlying assumptions, they may provide divergent or conflict-
ing results when generally applied to operational tasks. Thus, the aim of this paper is 
to bring these issues to light and provide examples and recommendations to improve 
IAS design and implementation in operational environments.   

2 Augmented Cognition Framework and Sensor Selection 

Defining the human state of the operator through psychophysiological sensors and 
associated metrics has a long history. From the eye tracking work conducted by [10] 
to the multi-modal computerized airborne research platform at the University of Iowa 
[3], biosensor integration within these simulated real world settings provide objective 
measures of task relevant human state detection. The task context is only one impor-
tant factor in determining the relevance of including psychophysiological metrics 
within an IAS [11]. There are other critical issues that preclude the successful 
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straightforward application of psychophysiological measures to intelligent and adap-
tive systems for field use.  

Cummings [12] provided a review of the Augmented Cognition (AugCog) research 
domain and concluded that psychophysiological based adaptive triggers suffered from 
the lack of construct and internal validity (highly correlated independent measures), 
statistical validity (low sample sizes), missing data, and inherently noisy sensor data. 
St. John et al. [13] do cite similar issues in their discussion of results from the Aug-
Cog integration feasibility study, a proof of concept of demonstration of using this 
framework in field based experiments. Cummings’ suggested remedy for the AugCog 
“dilemma” is the development of better sensors and signal processing tools. This sug-
gestion is naïve to the fact that biosensor choice and their respective metrics derive 
from unstandardized operational definitions of cognitive constructs, which in turn 
suffer from the biases inherent in the brain theory chosen to support the operational 
definition [14], [15], [16].  

Left open to the IAS designer are the specifics on how to operationally define the 
human state, calculate the sensor metric, apply data fusion techniques, and define 
appropriate methods for state classification. Because there are no standards, basic 
assumptions on how to proceed are anyone’s best guess. In an effort to apply guide-
lines to sensor and metric selection, IAS researchers utilize Technology Readiness 
Levels (TRL) to evaluate sensors and metrics for use in military applications [17], 
[18]. The US Department of Defense (DOD) determined a method to categorize the 
maturity of evolving technologies for field [19]. In general, TRLs range from level 
one, where the basic utility of a technology is documented, to mid-levels four and 
five, where assessment of the technology in the laboratory and relevant field experi-
ments shows promise for field application, to a high level of nine, where a full-scale 
system is demonstrated as successful in an operational setting. Stanney and Hale [18] 
further evaluate the TRL level based on the sensor technologies ability to measure, 
diagnose, and/or augment the IAS. Table 1 presents a TRL readiness level for sensor 
metrics and their associated needs when applying such measures using an AugCog 
framework (adapted from [18]). 

Artifact detection and reduction in a mobile, hostile environment also introduce 
unique challenges to the use of psychophysiological measures [20]. Dorneich et al. 
note that successful cognitive state classifiers in mobile operational environments are 
ones that can discriminate the cognitive construct through the noise and improve their 
accuracy as new data accrues throughout the operation. This necessitates a classifier 
that determines cognitive state moment-to-moment, and not by averaging responses 
over time. Thus, sensor selection further depends on the nature of the training task, 
the operational definition of the cognitive state defined by the task parameters, and 
the context of the operational environment.  

Thus, the effective and the valid design of a general IAS proceeds in two required 
stages: 1) simulator based experiments using a multi-modal approach to narrow sen-
sors and metric selection and 2) field based experiments that test and validate the IAS 
approach for field use. In the simulator stage high resolution sensing systems such as 
EEG and fNIR are appropriate for use in determining cognitive states important to the 
training task, as well as the robust measurability of the state.  
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Table 1. TRL Readiness Levels for AugCog Relevant Technologies  

 TRL 3-5 TRL 5-6 TRL 6-8 Design Needs 

Measure Functional near infrared 
imaging (fNIR), posture,  
pupilometry 

EDR, EEG,  
Respiration  

ECG, 
Eye/Gaze 
Tracking 

Data fusion &  
classifier techniques 

Diagnose Independent Components 
Analysis using  
psychometrics 

  Define machine learn-
ing techniques,  define 
expert models that  
predict  performance 
failures 

Augment Presentation, Schedule, 
System autonomy  

  Define individualized 
schemes for task 
change and task inter-
ruption  

3 Understanding Research Assumptions for IAS Design 

Table 2 describes the differences between the research fields of Neuroergonomics and 
AugCog when implementing psychophysiological measures. The importance of dis-
tinguishing between the two research fields is rarely regarded as important; however, 
each field has different end goals for the use of such metrics. More importantly, these 
implementation end goals are potentially divergent. Thus, the results based upon a 
Neuroergonomic approach may not translate into a viable AugCog approach and vice 
versa. As [21] suggested Neuroergonomics is predominantly a strategy for adaptive 
automation (AA), while AugCog is for intelligent and adaptive systems for training. 
Further, the underlying biocybernetic closed-loop of AA [22] is also different from 
the information processing closed-loop of AugCog (see [16]). While the cognitive 
state constructs are the same in name, why and how they are measured and utilized 
are different based upon these closed-loop architectures. Most literature reviews re-
garding cognitive state constructs, types of sensors, and associated metrics do not 
distinguish or cite the underlying assumptions or the assessment framework. This 
oversight does not allow for proper evaluation of the sensors, metrics, and analyses as 
they apply to each respective field of use.  

One major difference between Neuroergonomics and AugCog is the data fusion 
needs across multimodal sensor arrays within augmented cognition based systems. 
The multimodal aspect allows prediction of more than one cognitive state. In addition, 
the automated mitigations within the AugCog framework are also more in number 
and variety. These mitigations not only pertain to the on and off state of the system, 
but also the system content, interface, and tasking. Augmented cognition based sys-
tems are, therefore, more complex and may take longer to design and validate. 

Psychophysiological measures can also assist in determining whether static versus 
adaptive automation is more conducive for optimal task performance [23]. In essence, 
the task and the task environment make a difference as to whether psychophysiologi-
cal measures are even necessary or appropriate. Fairclough [22] suggests that an adap-
tive response system follows three broad categories: 1) offering assistance when the  
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Table 2. Difference between Neuroergonomics and Augmented Cognition 

 Neuroergonomics Augmented Cognition 

Sensor number Single Sensor Multiple sensors 
Field of use Genral adaptive automation Mainly adaptive automation 

for training; Shifting toward 
adaptive automation for 

unmanned systems 
Mitigation triggers On/Off Triggers rescheduling of 

tasks, changes in display 
characteristics, and 

switching information 
format (e.g., sound, sight, 

haptics) 
Psychophysiological 

constructs or cognitive state 
Workload and/or 

engagement 
Effort, arousal, engagement, 

workload 

 
 

user is frustrated, overloaded, or stuck, 2) adapting the level of the user’s interaction 
to increase engagement or decrease boredom, and 3) reinforcing positive emotion. 
The AA is typically optimized for one of the categories, not all as in AugCog based 
IAS. As Fairclough points out, psychophysiological measures are a way to operatio-
nalize the operator’s state and are variable. As such, there can be a many-to-one map-
ping of psychophysiological measures to a particular state (e.g., pupil dilation and 
EEG for cognitive workload). However, a single sensor may be sensitive to more than 
one psychological state. For example, EEG can measure both engagement and work-
load [24]. There are also overlapping metrics with several psychophysiological states, 
such that there is a many-to-many mapping. Thus, the ideal one-to-one mapping of 
sensor metric to operator state does not exist.  

In the adaptive automation literature, the use of many-to-one (multiple sensors 
mapped to a single operator state, workload or engagement) is now typical [25]. This 
convergent methodology can improve the predictive value of the cognitive state metric. 
More importantly, the testing environment plays a critical role in accurately  
determining the validity, reliability, sensitivity, and diagnosticity of the metric. For 
example, most studies on psychophysiological measures for adaptive systems are la-
boratory based [26]. How these measures transfer to real world contexts is unknown. 
Boucsein et al [26] argue that at the very least a simulator that matches the controls, 
context, and tasking of the real world should provide the testing environment for the 
metrics. Schaefer, Haarramann, Boucscein [27] further contend that while important 
operator states such as a decrement in vigilance are measurable using EEG, ECG, and 
EDR, only ECG and EDR would be acceptable to use on long duration tasks (e.g., 
flight). Thus, the choice of sensor must match the task process and context.  

For example, using a flight simulator, [27] showed the nonspecific SCR and inter-
beat heart rate interval (corrected with respiration) successfully predicted vigilance 
decrements and consequently applied automation that assisted the pilot during periods 
of high turbulence. The researchers compared these results to those pilots operating 
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using yoked controls and found that these measures taken on 1-minute intervals were 
able to provide the support needed to improve task performance during events expe-
rienced in the field. The importance of this study is that the metrics did not need spe-
cial processing or data fusion approaches. The metrics integrated with the simulator 
easily and mapped to system sensors (e.g., turbulence) without the overhead of build-
ing a software interface. 

4 Efficacy versus Effectiveness  

Efficacy within AA refers to how well psychophysiological measures perform in la-
boratory based experiments [28]. IAS imposes a different problem, namely that of 
effectiveness or the ability of the measure to generalize to the real world. Fuchs et al. 
[29] suggest that laboratory-based testbeds may not provide effective field deployable 
IAS solutions. However, efficacy of sensor selection and algorithm implementation is 
best determined within a simulation based testbed as part of the initial IAS develop-
ment cycle. Linking the simulation based experiments to the actual task requires sen-
sors and associated algorithms integrated within the real world context. An example 
of the potential connection between efficacy and effectiveness is the Cognitive Avio-
nics Tool Set (CATS) is a multi-sensor integration, analysis, assessment, and visuali-
zation tool that can integrate with flight simulators, as well as aircrafts [30]. The  
researchers took an iterative stepwise approach to the development of CATS such that 
the measures for evaluating the simulator-based training are equally relevant for  
airborne training. 

The problem space of pilot training, regardless of vehicle (e.g., car, plane, etc.), 
necessitates a cognitive state assessment battery along with a methodology to collect 
high quality data and a technique to evaluate the data meaningfully in the operational 
environment. CATS implement an augmented cognition adaptive closed-loop frame-
work that provides a means to conduct an iterative design cycle with the Soldier-in-
the loop. The researchers [17] also chose a battery of sensors with a technical  
readiness level of at least six (sensors show relevance in a simulator) and refined any 
measure below 6 with a comprehensive experimental plan. These sensors included 
eye tracking (estimated TRL 7), ECG (estimated TRL 7), respiration (estimated TRL 
6), EDR (estimated TRL 6), and EEG (estimated TRL 5). The interface software and 
architecture was further developed within a simulator environment, and then tested in 
field flight training. Of importance is that refinement of the sensors, algorithms, and 
integration techniques took several years to evaluate pilot readiness, as well as adapt-
ing the training system. A generalized IAS framework for a class of related training 
tasks provided a foundation for appropriate application of the sensor implementation 
to other related operational fields. 

5 Summary and Future Directions 

Both Neuroergonomics and AugCog research rely on psychophysiological measures 
and suffer from the same issues when applying these measures within the operational 
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environment. For example, both research domains necessitate a cognitive map of 
neural processes (e.g., attention and memory) reliably represented by patterns of neu-
ronal firing across brain regions that are correlated with task performance [31]. Fur-
ther, the fields utilize medical technologies that monitor central and peripheral  
nervous system responses, (i.e., EEG and ECG, respectfully). Tools for validating 
these translated algorithms for use within real-time dynamical human-machine sys-
tems are still under development.  

This development process necessitates a more diligent approach to the choice of 
operational definitions for cognitive constructs, better understanding of underlying 
framework assumptions, and a comprehensive research agenda that includes efficacy 
and effectiveness studies. While CATS provides a successful example of translating 
the AugCog approach across different navigation activities, this method may not be 
appropriate for all IAS implementations.  

 
Some general recommendations for IAS design:  

1. Define clearly and accurately the task context and the task requirements such that 
they transfer into an effective operational protocol.  

2. Perform a cognitive task analysis thereby matching tasking with motor, cognitive, 
perceptual, and multi-modal aspects of the domain;  

3. Determine from the task specification and cognitive task matrix if the system needs 
to be adaptive and/or intelligent; 

4. Define operationally the important cognitive state constructs; 
5. Perform simulator-based experiments with a multi-modal sensor approach to nar-

row sensors and metric selection. The main goal of this step is to separate task-
independent cognitive states and functions from those that are task relevant. This 
stage may require high-resolution sensors such as EEG and fNIR to provide verifi-
cation that the operator state is measurable and has the resolution necessary for  
accuracy; 

6. Validate the integrated closed-loop system with field operators within the simula-
tor. Note that this step requires an assessment of the efficacy of the IAS. 

7. Perform effectiveness studies in the field to verify generalizability of the IAS ap-
proach.  

As future system designs transition from passive machines to more proactive and 
perhaps even predictive machines able to adapt to new operators, environments, and 
scenarios, the use of operator feedback data to facilitate intelligent adaptation will 
provide a higher degree of system reliability and protection for the operator.  
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