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Abstract—We developed a Co-Awareness Analytic Framework 
to help ensure satisfactory performance of future teams consisting 
of humans and intelligent machines operating as peers.  This 
Framework was designed to provide more precision than current 
tools to analyze the interactions among tasks, task environments, and 
the capabilities and dependencies among teams of humans and 
intelligent machines. A key aspect of this framework is reimagined 
definitions of situation awareness (SA) and option awareness (OA) 
so that they apply to both humans and machines, rather than 
defining them in purely cognitive terms that can only be applied to 
humans. Having appropriate SA and OA has been shown to benefit 
teams of humans, and there is a presumption that SA/OA will also 
benefit human-machine teams (HMTs).  It is difficult to create 
requirements for, and subsequently measure, SA and OA in HMTs, 
however, when the current definitions for these concepts are so 
oriented towards humans. To address this issue, this paper provides 
a reconceptualization of awareness that is agnostic to team 
composition known as Informational Awareness definitions. It also 
includes a first look at the Co-Awareness Analytic Framework and a 
brief example of its use. 

Keywords—situation awareness, team situation awareness, 
option awareness, collaborative option awareness, human-machine 
teaming 

I. INTRODUCTION AND BACKGROUND 
Situation Awareness (SA) for humans and human teams has 

been studied extensively (e.g., Artman and Garbis, 1998; 
Endsley 1995a, 1995b; Endsley et al., 1998; Salmon et al., 2006; 
Shi and Li, 2017; Salas et al., 1995; Stanton et al., 2017). In its 
most simple form, SA can be thought of as knowing what is 
going on around us. A more nuanced definition calls for three 
levels of SA: perception of the elements of the environment in 
time and space, comprehension of the environment, and 
projection of its state in the future (Endsley 1995a). For all 
levels, SA occurs via, and within, a person’s cognition.  

Team SA (TSA) includes the degree to which each member 
is aware of the important components of the environment that 
are relevant to their roles on the team (Endsley, 1995a; Salmon, 
2006). TSA is developed through team processes of information 
sharing and planning (Salas et al., 1995), and is used to help 
teams interpret information and make decisions collectively for 
action based on that information (Cooke, 2004; Salmon, 2006). 
There is an ongoing debate as to whether TSA resides in the 
mind of the members of a team or in the interaction between 

individual team members and their environments (She, 2017). 
Even in the latter case, however, individuals attain their own 
awareness of the environment as a mental process. 

Option awareness (OA) takes SA as a prerequisite and has 
been proposed as SA’s extension (Klein et al., 2011; Pfaff et al., 
2013). OA also has three levels: (1) perception and 
comprehension of the relative robustness of alternative options, 
(2) comprehension of the relationships among the factors 
underlying the options’ outcomes, and (3) projection of 
underlying relationships to adjusted or new options. Team-
based, collaborative OA (Drury et al., 2012) posits that 
synergistic capabilities among diverse stakeholders can result in 
joint options with improved outcomes. 

Because OA is less well-known than SA, we provide an 
example here that is based on a case in which a fire breaks out 
in an historic building. In this situation, there can be dozens of 
options with hundreds or thousands of variations that can result 
from dealing with uncertainty. The chances for successfully 
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. Forecasting a distribution of outcome values 
(possibly across multiple value dimensions) for sending some 
number of firetrucks under each plausible set of future 
conditions produces a complex decision space (Hall et al., 
2007). Effectively perceiving and comprehending the relative 
robustness of these fire truck options in that space then requires 
comparing these distributions to determine which option 
provides satisfactory outcomes across the broadest swath of 
plausible futures (Klein et al., 2011; Pfaff et al., 2013). 
Moreover, a deeper discriminant analysis of the impact of 
specific underlying factors (such as wind, rain or traffic levels) 
to these outcome distributions can provide comprehension of 
how these factors lead to better versus worse outcomes. Finally, 
this deeper comprehension can yield the development of 
enhanced options that mitigate the impact of negative factors 
(e.g., create fire breaks to mitigate the wind) and facilitate the 
impact of positive ones (e.g., use the police to reduce traffic, 
allowing quicker fire truck arrival). 

All these concepts—SA, TSA, OA, and collaborative OA—
have a key feature in common: they are defined in terms of the 
cognitive processes occurring within human actors. As a result, 
awareness characterization, specification, and measurement 
approaches focus on human cognition (Stanton et al., 2017).  
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Though the awareness concepts have traditionally been 
defined and understood from a cognitive perspective, advances 
in Artificial Intelligence (AI) make it possible to consider some 
of these constructs from a computational point of view. AI 
technologies now include computational mechanisms that 
employ many cognitive information processing strategies, along 
with a variety of heuristic and analytic techniques, to achieve 
outcomes that – from the perspective of an outside observer – 
would seem to require awareness. Many aspects of SA depend 
on filtering large collections of data and discovering useful 
associations and patterns in time and space, along with 
projections of how those patterns may change over time. Current 
machine learning technologies, together with techniques from 
statistics and data science, give machines the ability to identify, 
extract, organize and project discriminative information from 
large scale and complex data collections (Bengio et al., 2013).  

Several aspects of OA depend on an ability to develop 
courses of action and make causal inferences about outcomes. 
AI approaches to developing and revising courses of action have 
been available for decades (Ghallab et al., 2016). Moreover, 
there has been a recent surge in research on causal reasoning in 
AI (Pearl, 2009). Many options are now available for 
implementing causal models, including causal diagrams, 
structural equations, logical constraints and rules of inference. 
Adding causal models and causal reasoning to AI systems gives 
them a non-trivial capability to reason about the effects of 
actions and interventions, pose and answer counterfactual 
queries, generate testable hypotheses, and apply their knowledge 
to new situations not previously encountered. As a result, 
advanced AI technologies can and are being developed to work 
with humans as interdependent peers (Seeber et al., 2020). 

Still, machines do not have cognition in the same way that 
humans do. This difference makes it impossible to create a team-
level construct of awareness using today’s cognition-oriented 
framing when there is a combination of human and machine 
teammates. At the same time, human-machine teams have some 
of the greatest needs for similar and accurate mental models, 
because human and machine team members have unique 
expertise, and team performance is dependent on the integration 
of that expertise through making decisions based on shared 
awareness (Bansal et al., 2019).  

Current approaches to team awareness in human-machine 
teams (HMTs) focus primarily on transparency, such that 
machines are meant to reveal to human teammates what they are 
doing, what data informs their actions, and what they are 
projecting (Chen, 2020; Lyons & Having, 2014). While 
transparency can create some shared awareness of what each 
teammate (human or machine) has knowledge of, it does not 
reveal a solution for a team-level construct that includes 
awareness of both humans and machines simultaneously. 
Transparency helps humans work more effectively with 
machines, and machines can be designed and/or trained to work 
more effectively with humans, but this solution is still missing 
the ability to integrate human and machine awareness into a 
shared team state (Marks et al., 2001).  

Recently, researchers have been arguing for a non-cognitive, 
and potentially computational, approach to awareness in human-
machine teams (Chen, 2020; McNeese et al., 2021). McNeese 

and colleagues (2021) explained that without shared awareness 
between humans and machines, humans will need to carry the 
entire burden of developing and maintaining awareness for both 
human and machine teammates. New machine teammates must 
be developed to engage in both taskwork and teamwork 
(Crawford & LePine, 2013), meaning that their bidirectional 
contribution to awareness with human teammates will be 
important (Chen, 2020). Such development will be reliant on a 
non-cognitive approach to team awareness.  

In sum, extant literature does explore awareness of the 
activities of own-team members and team mental models, but it 
does not point towards solutions to address shared team state as 
described in Marks et al. (2001). Further, it does not sufficiently 
address the combined team awareness of the mission state, nor 
has there been much research on team OA. Finally, human and 
machine awareness are still being conceptualized separately. 
This separation in conceptualization can be partially attributed 
to the fact that awareness and mental model constructs and 
measures were developed exclusively with humans in mind, 
resulting in an inability to integrate human and machine 
awareness. The current paper aims to look at the components of 
awareness that can be applicable to both humans and intelligent 
machines. 

II. REIMAGINING AWARENESS IN HUMAN-MACHINE TEAMS 
Team members, regardless of whether they are humans or 

machines, need to apply sufficient awareness information to 
perform tasks effectively. There are many definitions of 
awareness in the literature (see Drury et al. 2003 for a review), 
but we hold that an entity has sufficient awareness when it has 
the data/knowledge needed to operationalize a capability into 
effective action in a given context. The   purpose of reimagining 
awareness is to enable researchers to define requirements for 
awareness (or evaluate   that   they   were   met)   in   the  same  
way, regardless of whether humans or machines are acquiring 
awareness.  

The contrast in awareness descriptions defined in cognitive 
terms suitable for humans, versus informational terms suitable 
for both humans and intelligent machines, can be seen in Table 
1. The top row contains the “classic” definitions created by 
Endsley (1995a) for SA levels 1 – 3 and by Pfaff et al. (2013)  
for OA levels 1 - 3. By translating the classical cognitive 
definitions into information processing-oriented definitions 
called Informational Awareness, we can succinctly define the 
requirements for machines to achieve each type of awareness, as 
will be illustrated in the example below. 

The classic SA definitions use terms such as perception, 
comprehension, and projection (into the future), which are 
human-oriented. Our reimagined information processing 
oriented definitions describe these levels in terms of the classes 
of processes that can be employed by humans or machines. 
Toward that end, we translated perception (SA level 1) into data 
collection, which includes acquiring, processing, storing, and 
sharing data. Similarly, comprehension (SA level 2) was 
reimagined into pattern recognition based on observations and 
inferences of environmental data. Projection (SA level 3) 
becomes pattern projection: pattern recognition projected 
forward into time, assuming no intervention occurs (that is, no 
option or course of action is taken to change the outcome). 
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TABLE I.  CLASSIC (ENDSLEY, 1995A; PFAFF ET AL., 2013) VS. INFORMATIONAL AWARENESS DEFINITIONS 

Classic Awareness SA1 SA2 SA3 OA1 OA2 OA3 

Overall: Assumes awareness is 
part of a cognitive state  

Perception of the 
environment 
within a volume 
of time and space 

Comprehension 
of the elements 
of the 
environment 

Projection of the 
current state of the 
environment 
forward in time 

Perception and 
comprehension of 
relative robustness 
of alternative 
options 

Perception and 
comprehension of 
relationships 
among factors 
underlying the 
option outcomes  

Projection of 
underlying 
relationships to 
adjusted or new 
options 

Reimagined Informational 
Awareness 

Data Collection Pattern 
Recognition 

Pattern Projection Comparison Discrimination Enhancement 

Overall: Identifies information 
processes associated with 
awareness   

Acquisition, 
storage, and 
sharing of data 

Observations 
and/or inference 
of patterns in the 
environment  

Pattern recognition 
extended forward 
in time assuming 
no interventions 

Systematic 
exploration of 
relationships 
between 
interventions and 
outcomes 

Identification of 
influencers and 
their impact on 
better vs. worse 
outcomes 

Identification of 
interventions to 
mitigate or facilitate 
the impacts of 
influencers 

Similarly, we reimagined the OA definitions as comparison 
(for OA level 1): the systematic exploration of the relationships 
between interventions and outcomes. This exploration can be 
accomplished cognitively by humans or algorithmically by 
machines, comparing the outcomes on those bases. 
Discrimination (OA level 2) can be applied cognitively (by 
humans) or through discriminant statistical analysis (by 
machines) to evaluate the influencers on the chosen 
intervention’s outcomes. Enhancement (OA level 3) focuses on 
the additional interventions needed to mitigate or amplify the 
effects of the influencers on outcome performance. Doing so 
should result in even more robust outcomes for accomplishing 
goals. 

III. CO-AWARENESS ANALYTIC FRAMEWORK 
The power of reimagining SA and OA can be illustrated 

through the context of an example scenario (below), using a 
fragment of our Co-Awareness Analytic Framework. The 
Framework is a structure for analyzing how context impacts the 
support for joint decision making of AI entities and humans in 
HMTs. It was developed to help HMT researchers determine 
critical research questions and highlight important testbed or 
scenario characteristics to control and/or manipulate in each 
situation.   

This Framework notes that awareness, task interdependence, 
and task-environment complexity will all impact team 
performance. Researchers can use the Framework to segment a 
complex, multi-dimensional analysis space into slices, then 
examine and extract requirements for awareness within a given 
environment and context. (We present two partial slices below 
in Tables 2 and 3 as part of the example.) Acting to support 
interdependencies requires that each member is aware of the 
important components of the environment that are relevant to 
their roles on the team (that is, they have team SA), and are 
aware of the information they need to provide to colleagues so 
that they can devise and analyze joint options with the potential 
for improved outcomes (that is, they have collaborative OA).  

Our Framework was inspired by Johnson et al. (2014)’s 
Coactive Design Framework, which facilitates an analysis of the 

interdependencies in a joint activity. The Coactive Design 
Framework characterizes three key requirements for successful 
interdependence relationships: observability, predictability, and 
directability. In particular, “Observability means making 
pertinent aspects of one’s status, as well as one’s knowledge of 
the team, task, and environment, observable to others” (p. 51). 
Little guidance is given regarding what is “pertinent,” however. 
We suggest that a principled consideration of task-based and 
user-supporting requirements associated with team awareness 
will provide the guidance needed to identify which aspects of 
the environment or team members’ status are pertinent with 
respect to observability.   

The Co-Awareness Analytic Framework consists of three 
parts plus a method for applying them. (A portion of the method 
for applying the Framework is included in the example search 
and rescue scenario below and is not described exhaustively due 
to space limitations.) The three parts are: informational 
awareness attributes (presented above), task-environment 
interdependency attributes, and task-environment complexity 
attributes. 

There are three primary task-environment interdependency 
attributes. Capability-based interdependencies refer to the 
amount of capability overlap and the necessary supporting or 
complementary relationships among capabilities to enable joint 
activity; this is based on Johnson et al.’s (2014) definition of 
interdependency. Knowledge interdependencies consist of the 
information sharing burden associated with taskwork and 
maintenance of common ground (Clark & Brennan, 1991). 
Structural interdependencies are constraints or friction due to 
task interdependencies, organizational structure, taskwork 
plans, or incentive mechanisms. Structural interdependencies 
may further be affected by the complementarity of goal 
structures, compatibility of causal models to achieve the joint 
solution, and compatibility of incentives. 

Task-environment complexity attributes consist of the 
following. Turbulence is the fluctuation (frequency of changes) 
and regularity (predictability/consistency) in data or the 
relationship between actions and outcomes. Information burden 
is the number of relevant decision factors and their relationships, 
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TABLE II.  REIMAGINING SA – EXAMPLE SEARCH (SUPPORTER) à EXCAVATION (PERFORMER) INTERDEPENDENCE RELATIONSHIP: 
REQUIREMENTS FOR ACQUIRING SA TO SUPPORT RELATIONSHIPS 

Informational 
Awareness Type 

Turbulence (weather): Moderate Uncertainty: Moderate – high depending on 
weather  

Pattern Projection: 
Pattern recognition 
extended forward in 
time assuming no 
interventions 

Requirement: Ability to determine projected viability 
of victims based on location in a time-sensitive manner  

Rationale: Projected patterns of where there are people 
will be unaffected by weather, but projected patterns of 
victim viability may change.   

Requirement: Ability to determine the precision of the 
projected patterns for victim viability  

Rationale: The precision of projected patterns of victim 
viability may change based on weather.  

Pattern Recognition: 
Observations and/or 
inference of patterns in 
the environment  

Requirement: Ability to determine, in a time-sensitive 
manner, where it is feasible to dig  

Rationale: To the extent that victims aren’t ambulatory, 
the combinations of sensor readings and clusters of 
locations once collected will not change with weather. 
But where it is feasible to dig may change.  

Requirement: Ability to determine the precision of 
estimates of where to dig  

Rationale: Even though the combinations of sensor 
readings and clusters of locations won’t change, the 
precision of sensor readings may change. So, estimates 
of exactly where digging will best recover victims will 
change as well.  

Data Collection: 
Acquisition, storage, 
and sharing of data 

Requirement: Ability to determine where, when, and 
for how long specific sensors can be used for collecting 
useful data  

Rationale: The kinds of sensors (infrared, vs. CO2 vs. 
dogs) used for different locations may be differentially 
affected by different kinds of weather (wind vs. rain). 
Turbulence would affect when and for how long given 
sensors may be useful.  

Requirement: Ability to determine the precision of the 
sensor data in a context-sensitive manner  

Rationale: The precision of sensors (infrared vs. CO2 
vs. dogs) used for different locations may be 
differentially affected by different kinds of weather 
(wind vs. rain). This will impact the uncertainty of data 
collected (e.g., location of victims). This uncertainty 
may change over time.    

along with the homogeneity or heterogeneity of their values. 
Uncertainty is the degree of irreducible uncertainty in estimating 
the values of the factors and their relationships. Task complexity 
consists of duration and tempo, the number and heterogeneity of 
actions and their relationships, the sequences of actions (length 
and alternative orders), and timing of action sequences. (Note 
that we began investigating task-environment complexity using 
the Cynefin Framework (Snowden, 2002), but found that it did 
not accommodate cases in which some of the attributes in the 
Chaotic category, for example, were less challenging/lower 
impact than the same attributes in the Simple/Clear category.) 

In addition to understanding the individual task-environment 
complexity attributes, analysts must look for interactions among 
the attributes that contribute to overall complexity. For example, 
if a task’s duration is shorter than the time between changes, then 
there is low environmental turbulence relative to that task.  

IV. EXAMPLE SITUATED IN A SEARCH AND RESCUE SCENARIO 
A large-scale search and rescue situation, such as occurred 

at the 2021 Champlain Towers South condominium collapse in 
Surfside, Florida, can be imagined as an HMT scenario. In this 
example, the reimagining of awareness concepts enables us to 
analyze requirements for machine searchers to effectively 
support human excavators.  In particular, the intent of the 
following is to show the impacts on awareness needs of two 
parts of the Framework (turbulence and uncertainty), in the 
context of the interdependencies among the Searcher and 
Excavation Specialist roles. A full description of the use of the 
Co-Awareness Analytic Framework is beyond the scope of this 
paper, but a partial use is sufficient to motivate the need to have 

a single precise set of awareness definitions for a team 
comprised of human and intelligent machine members. 

The analysis of the example was informed by the authors’ 
previous experience with researching the technology support 
needs of first responders (e.g., Dubrow & Bannon, 2019; Pfaff 
et al., 2013), especially as they performed search and rescue 
tasks with robots (e.g., Yanco & Drury, 2004; Keyes et al., 
2010). Prior to applying the Co-Awareness Analytic 
Framework, analysts should understand users’ goals, 
capabilities, task environment, and task flows for the particular 
work contexts of interest; for example, via interviews, 
observation, and contextual inquiry (Holtzblatt & Beyer, 2017).  

The example focuses on a search and rescue operation that 
is attempting to locate victims in a partially collapsed building. 
To further complicate the situation, the weather during the 
operation is unstable with the possibility of heavy winds and rain 
impacting the area. How would such conditions affect the 
excavation crew’s dependence on the search crew’s awareness 
of where the victims may be and therefore the triage decisions 
of where and when to dig?  Tables 2 and 3 describe how the 
turbulence of the weather (i.e., its timing variability and 
irregularity), and the weather’s impact on uncertainty (e.g., how 
it affects the precision of measurements), in turn impacts the 
requirements for the machine searcher to acquire SA and OA to 
support excavation decisions.  

Where to dig is dependent on recognition of a pattern of 
factors that includes the possible location of victims, the 
feasibility of retrieving the victims from those locations, and the 
estimated  viability of the  victims  surviving in  those  locations 

12
Authorized licensed use limited to: The Mitre Corporation. Downloaded on August 17,2022 at 13:51:02 UTC from IEEE Xplore.  Restrictions apply. 



TABLE III.  REIMAGINING OA – EXAMPLE SEARCH (SUPPORTER) à EXCAVATION (PERFORMER) INTERDEPENDENCE RELATIONSHIP:  
REQUIREMENTS FOR ACQUIRING OA TO SUPPORT RELATIONSHIPS 

Informational 
Awareness Type 

Turbulence (weather): Moderate Uncertainty: Moderate – high depending on weather  

Enhancement: 
Identification of 
interventions to 
mitigate or facilitate 
the impacts of 
influencers 

Requirement: Ability to determine the value of 
options (mitigating interventions) over time  

Rationale: Because influencing conditions may 
change quickly, tradeoffs among mitigating 
interventions may change. For example, the tradeoff 
between delaying digging to cover the site against 
rain vs. immediate digging will change if the rain 
becomes imminent.  

Requirement: Ability to determine data quantifying the 
relative values of the tradeoffs among mitigating strategies  

Rationale: Because the precision of condition forecasts may 
change, tradeoffs among mitigating strategies may change. 
For example, the tradeoff between delaying digging to 
cover the site against rain vs. immediate digging will 
change if the forecast for rain onset becomes more precise.  

Discrimination: 
Identification of 
influencers and their 
impact on better vs. 
worse outcomes 

Requirement: Ability to determine the value of the 
influences (e.g., rainfall amount) on options over time  

Rationale: The types of conditions influencing 
outcomes should remain stable even as the value of 
the influences (e.g., wet vs. dry ground) may change 
quickly.  

Requirement: Ability to determine the precision of the 
value for each of the influences over time  

Rationale: The types of conditions influencing outcomes 
should remain stable even as the precision of the value 
estimates may change quickly.  

Comparison: 
Systematic 
exploration of 
relationships 
between 
interventions and 
outcomes 

Requirement: Ability to determine time-valued 
projections of outcomes and comparisons among 
outcomes  

Rationale: Projected option outcomes may change due 
to changing conditions even before options are 
complete. Consequently, comparisons may not be 
stable as conditions (e.g., weather) change.  

Requirement: Ability to determine the impact of the 
uncertainty of the underlying pattern projections on the 
available options and their relative desirability  

Rationale: Conceptions of what options are available, and 
their relative desirability will change as uncertainty of the 
underlying pattern projections changes.  

until they can be rescued. These patterns are derived from the 
data collection process. In search and rescue, these data 
measurements are collected from various sensors. As shown in 
Table 2, moderately turbulent weather affects not only the kinds 
of sensors that can be used, but also the precision of those 
sensors. Once sensors yield location data, it will not change with 
the weather. Therefore, SA and OA regarding location will not 
change. Consequently, the machine searcher doesn’t need to 
account for such changes.  

On the other hand, the feasibility of retrieving victims can 
change with the weather when dry dirt turns to mud, and so can 
the survivability of the victims. Thus, SA and OA regarding 
survivability and retrieval of victims will need to adapt to the 
turbulence and uncertainty of the changing weather.   

Table 3 describes how the impacts of turbulence and 
uncertainty on SA (Table 2) are visited upon OA. The 
comparison among options is dependent on forecasts of the 
value(s) of those options’ outcomes. When the time it takes for 
the execution of an option is longer than the time for conditions 
to change (as can be true in moderate turbulence), then the value 
proposition for that option compared to others may not hold by 
the time it is completed. Conversely, the conditions that would 
make an alternative option more attractive may not hold at the 
initial decision time. The forecast of the timing of the tipping 
point between value propositions will be a function of the 
precision of the weather forecast.  

However, in this example, the types of conditions that can 
lead to better outcomes and those that lead to worse outcomes 
are not affected by the type of turbulence (weather). For 
example, wetness leads to mud in exposed areas, and this will 
make it both infeasible to recover victims and will reduce their 

survivability. This is true whether it will actually rain or not. 
Based on this stable discrimination, we could enhance a digging 
option by covering the area in which we are going to dig, even 
if rain is not forecasted to be imminent. Although this may delay 
the dig, it would also allow responders to dig under a wider 
variety of circumstances and hence dig longer, mitigating the 
effect of both turbulence and uncertainty. 

All the awareness requirements described in the above 
search and rescue scenario are informational in nature, and are 
agnostic to cognition. Hence, the impact of turbulence and 
uncertainty on acquiring SA and OA will be same whether 
decision makers are human or machines. 

A complete analysis using the Co-Awareness Analytic 
Framework would require several extensions. First, the analysis 
in Tables 2 and 3 would need to be expanded to address 
turbulence and uncertainty due to conditions beyond weather, 
for example due to potential instability of the non-collapsed 
portion of the structure.  Next, the analysis would expand to the 
other attributes of task-environment complexity: information 
burden and task complexity. The example analysis describes 
only knowledge sharing interdependencies (which are part of 
task-environment interdependency attributes); further analysis 
would need to focus on any relevant capability-based and/or 
structural interdependencies. Finally, Tables 2 and 3 address 
only one interdependency relationship: that of the excavator’s 
dependence on the searcher. This relationship can be flipped and 
analyzed for situations in which the searcher is dependent on the 
excavator. Other pairwise-relationships would be examined in 
the same manner, such as the medic’s dependence on the 
searcher, etc. 
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V. DISCUSSION AND FUTURE WORK 
Team awareness is crucial for team performance, and its 

importance will continue to increase as human-machine teaming 
becomes more common. Unfortunately, a cognitive approach  to 
human-machine team awareness will be insufficient, as 
cognitive awareness cannot be aggregated to the team level 
when both humans and machines are included as teammates.  

This paper helps to solve that problem by offering new 
conceptualizations that can form a foundation to characterize, 
specify, and evaluate human and machine awareness in the same 
way.  The example, which was presented using a fragment of the 
Co-Awareness Analytic Framework, showed that awareness 
needs are influenced by a complex dance of interdependence, 
turbulence, uncertainty, and other factors involving tasks, 
environments, and capabilities. Knowing HMT awareness needs 
in the context of interdependence, task, and other factors is 
fundamental to designing supporting technologies. Further, 
understanding these needs is important for designing 
experiments or other research protocols with the desired level of 
fidelity to actual conditions.  

In addition to extending awareness definitions to machines, 
we think that the Informational Awareness definitions can also 
benefit system requirement specifications even for human-only 
teams because these definitions more precisely describe the 
primary information processes that people use when acquiring 
awareness information.  

Future research could focus on evaluating the utility of the 
Co-Awareness Analytic Framework for HMTs. One approach 
would be to have two sets of groups design an experiment and/or 
testbed, where one set was trained in the use of the Co-
Awareness Analytic Framework and the other was not. The 
groups’ designs could be evaluated by a panel of HMT designers 
and domain experts who would determine if there is a material 
difference in whether critical aspects of a task would be tested 
with the necessary fidelity. A second set of groups could help to 
investigate an additional use for the Framework: creating a 
design for technology to support an HMT task. The quality of 
awareness support of the groups’ designs could be evaluated via 
user-based testing with low-fidelity (possibly paper) prototypes 
and/or an independent panel of design assessors with relevant 
domain knowledge. 

Another future research focus could be on determining the 
Framework attributes that are likely to be most impactful for 
broad categories of domains or contexts, so that a streamlined 
use of the Framework could concentrate on those attributes. This 
investigation could lead to conclusions such as: turbulence and 
uncertainty are most important to analyze for time-critical and 
safety-critical applications. This work could lead to guidance for 
more targeted use of the Framework. 

In summary, we believe the novel Co-Awareness approach 
introduced in this paper is key to developing finer-grained, and 
thus potentially more precise, ways to analyze awareness needs 
for human and machine team members. This new approach was 
developed to help both researchers and practitioners achieve the 
goal of improving the performance of human and machine 
teams. 
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