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ABSTRACT
The modern military command center is a hybrid system of computer automated
surveillance and human oriented decision making. In these distributed cognition systems, data
overload refers simultaneously to the glut of raw data processed by information technology
systems and the dearth of actionable knowledge useful to human decision makers. Designing
new systems that mitigates this paradox of data availability is a challenge that faces multiple
scientific and engineering disciplines. This thesis surveyed the literature from the following fields
and disciplines in order to comprehensively evaluate their characterizations and solutions to the
problem of data overload:
1. Multi Sensor Data Fusion
2. Cognitive Systems Engineering
3. Human Computer Interaction
4. Decision Making
5. Computer Supported Collaborative Work

The outcome of the literature review is a new taxonomy for describing data overload
problems in distributed cognition systems. This new taxonomy synergizes the various unique
perspectives offered from the literature to provide an interdisciplinary tool that can be employed
to diagnose reported problems of data overload in distributed cognition systems. This dissertation
demonstrates the application of the taxonomy to the NeoCITIES simulation. NeoCITIES is a
simulated command and control environment designed to mimic the sensemaking and decision
making processes of analysts in 9-1-1 dispatch centers.
The NeoCITIES task environment was selected for the experimental task in this
dissertation. Experimental manipulations were designed to recreate data overload conditions in

iv
NeoCITIES and explore the impact of new team user interface elements. New team user interface
elements were designed to mitigate communication aspects of data overload as defined by the
taxonomy.
This dissertation summarizes the results of 28 team experiments conducted with 84
participants in the spring semester of 2009. The results were applied to the main research
question investigating the relationship between data overload and team user interface elements as
it pertains to the team’s task performance, communication behavior, and perception.
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Chapter 1

Introduction to Data Overload in Distributed Cognition Systems
The modern command center is a rich source of research that studies human decision
making and machine operations. This system is a type of distributed cognition system, requiring
both human and machine interaction to achieve a common goal (Hutchins, 1996). As a distributed
cognition researcher, we are particularly interested in studying how information can be applied
using technology to enhance a person’s ability to assess a situation and make a decision.
Although we can never guarantee that people will make better decisions, we assume that given
better information, technology, and training, we can make their work as a decision maker easier
and more effective.
This thesis is focused on the domain of problems where data and information overload
hinders the human analyst in their ability to assess a situation and enact effective decisions. This
thesis critically examines the problem of data overload in the context of operation centers.
Specifically, we study primarily operation centers at the level of analysis of a command and
control dispatch center.
Table 1-1 lists three example domains in which data or information overload is a problem
for a human analyst. This table also lists the types of data that feed the problem domain and the
types of decision inferences that must be made by an analyst. These problems are summarily
described in the paragraphs below.
Table 1-1 Examples of Problem Domains affected by Data Overload
Domain
Military command
and control

Problem Description
Coordination of
military operations in
order to achieve
battlefield awareness

Data Types
Geospatial, human
observations, remote
sensing

Decision Inferences
Threat assessment,
impact assessment,
logistical operations
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Domain
Emergency crisis
management

Cyber security

Problem Description
Emergency
dispatchers coordinate
local agencies to
respond to natural and
man-made disasters
Detecting and
diagnosing potential
threats on virtual
networks

Data Types
Geospatial data,
human observations,
media reports

Decision Inferences
Monitoring,
coordination,
logistical operations,
response

Network sensor data,
network topology

Detection, threat
assessment,
monitoring, response,

The military command center has changed from the cold-war era image of the North
American Air Defense (NORAD) Command (http://www.norad.mil/) where enemy combatants
were well known in advance and remained relatively static. Today, modern command centers
must be agile to switch from peacekeeping operations, to humanitarian assistance, to fighting
terrorism, often in on the same day, in the same location, referred to as the “Three-Block War”
(Surdu, Parsons, & Tran, 2005). The data provided to analysts and their commanders are
gathered from various sources including human observations of the situation, geospatial maps of
the terrain, and other data collected through remote satellites and unmanned aerial vehicles
(UAV). In this domain, the goal of the operational commander is to achieve a state of “Battlefield
Awareness” (Jameson, 2001) in which the commander is aware of the locations and movements
of friendly and hostile troops on the battlefield. The decisions associated with analysts and their
commanders include the monitoring of war zone situations, coordination between military
branches, logistical planning of fleet resources, and finally determining the appropriate course of
action to respond to hostile threats.
Emergency crisis management is a domain focused on responding to disasters both
natural and man-made. Similar to military command and control centers, emergency crisis
management centers need to coordinate response efforts between multiple agencies while
continually monitoring and assessing the severity of the situation. Data for these decisions is
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gathered from remote satellites including geospatial maps of afflicted areas and human
observations including individual agency reports and public information received from the news
media. In this domain, the goal of the emergency dispatcher is to understand the “Common
Operational Picture (COP).” (M. McNeese & Hall, 2003). The COP is a state of awareness in
which the dispatcher understands the locations and status of local agency assets across other
working dispatchers. As recent disasters have shown, it is important for dispatchers to have an
understanding of the resources available between the different civilian agencies such as fire,
police, and medical services in order to communicate an effective response (R. E. T. Jones,
McNeese, Connors, Jefferson, & Hall, 2004).
Cyber Security is a domain that is focused on detecting and responding to network
intrusions. Observations of data are gathered not from physical sensors, but from network
sensors that digitally record network traffic. In the world of networks, millions of packets of
information can pass by at any given minute. The massive amount of data gathered from these
networks’ sensors necessitates the use of data fusion algorithms and mathematical techniques
(Bass, 2000). Once the raw data is processed into metadata using data fusion, the information can
be accessed by network analysts to monitor and evaluate any potential network threats. The
responsibility of the analyst is to effectively monitor a network and then subsequently detect and
respond to network intrusions.

Motivation
In the context of command centers, human analysts suffer from the consequences of data
overload. The military commander experiences data overload when multiple battles occur
simultaneously, each demanding his attention and requiring his decisions to act. The emergency
dispatcher experiences data overload when multiple emergency events occur, each event
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requiring the coordination of resources between local civil authorities. The network analyst
experiences data overload when multiple network intrusions are detected, requiring the analyst to
act quickly before data is compromised.
The problem of data overload is important to study because the consequences of human
failure are extreme. Lives of military troops and civilians, can be lost if the military commander
is overwhelmed. Buildings can crumble and lives can be lost if the emergency dispatcher is not
able to send the local fire, police, and medical authorities in time. Networks can be compromised,
and secure data can be stolen if the network analyst can not detect the intrusion and respond
accordingly. While the consequences can be less extreme in more daily activities, they are no less
real. Lessons learned from studying data overload in extreme conditions and domains can be
applied towards common applications such as monitoring logistics for business operations,
monitoring the operation and health of machines and manufacturing plants, etc.
Outside of the listed domains, the study of data overload becomes increasingly relevant
with the advent of the information technology trends. As a result of Moore’s law, the doubling of
computing processor power every 12 – 18 months, powerful home computing is ubiquitous
(Schaller, 1997). The growth of home computing and development of the World Wide Web has
lead directly to a growth in the consumption and generation of information. Communities of
information consumers continue to grow around such popular sites such as Youtube, Flickr, and
Digg. Yet the quality of information is not necessarily increasing. Greater volumes of information
being made accessible through the world wide web has not lead to greater guarantees in its
accuracy, reliability or credibility (Berghel, 1997). At the same time, the ability to store the
information has greatly reduced in cost, less than a hundred dollars for a Terabyte of data. Thus
not only is society moving towards generating more information, both useless and relevant, it is
also archiving this information indefinitely.
All of these IT trends serve to increase the problem of information overload. Cognitive
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Science researcher David Woods calls this the data availability paradox. While technology has
made data more accessible and readable, it has also increasingly challenged the human ability to
make sense of the data (Woods, 2002). For the average individual, while there are more choices
for any given decision, their ability to select which choice is the most relevant becomes more
difficult. What is needed is a deeper understanding of the causes and characterizations of data
overload such that technology can be designed to aid human analysts and decision makers,
mitigating the negative effects associated with data overload.

The Transformation Process
A survey of the domains described previously, indicate that at an abstract level of
information flow, each of the operation centers share a common operational process. Through
analysis of this shared process, we can detect and characterize areas where data overload occurs.
This process, illustrated in figure 1-1, shows the common elements of a command, control,
communication (C3) system that are responsible for the transformation of raw data into
actionable human knowledge. The goal of this distributed cognition system is to analyze
intelligence and enact decisions.
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CSCW
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Sensors
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Action
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Meta Data
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Figure 1-1: The transformation process from raw data to knowledge

The transformation process starts with the collection of raw data from the domain via an
electronic sensor. The type of sensor varies across the domain and depends on the phenomena
that are observed. A list of sensors and their usage can be found in the Handbook of Data Fusion
(Hall, 2004). Often more than one sensor type is used to collect data from the environment. For
example in maritime sensing, satellite imagery, radar, and sonar are used in conjunction to
pinpoint detected objects.
The use of multiple sensors of multiple types necessitates the application of data fusion
system. Data fusion systems process the multiple streams of raw data and transform it into one
coherent stream of metadata. Mathematical models are used to extract significant features from
the data, perform pattern recognition, and filter out extraneous data. The metadata, the assimilated
collection of raw data generated from the data fusion system, is then presented visually in some
form to a human user.
The human, in the loop between data fusion and decision support, is responsible for two
main functions represented in the cloud bubbles in figure 1: sense making and decision making.
Sense making, is the act of making ‘sense’ of the metadata and recognizing the situation
represents the domain (Weick, 1995). The responsibility of the human in the loop while
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performing sense making is to detect anomalies and decide if it constitutes a problem.
Once a problem is detected, the human in the loop begins the process of decision making.
At this point, data is semantically referred to as information. Information is data with a context;
the context in this case is dependent on the decision of the human in the loop. With information
of the problem in hand, the human in the loop is responsible for generating potential solutions to
the problem, evaluating their potential effectiveness, and arriving at a conclusion.
The responsibility of the human in the loop does not necessarily end there. In these
domains, the human in the loop is often expected to enact their decision through a decision
support system or a system for Computer Supported Collaborative Work (CSCW). The purpose
of the CSCW system is twofold: First, to aid the user in evaluating potential courses of action,
and second to record their actions for purposes of accountability and dissemination. At this point
of the transformation process, information becomes knowledge, as it provides experiential value
to other users and systems.
Finally, the transformation process serves its purpose and produces an action – an action
that was generated from the automated collection and aggregation of data by a machine, and the
cognitive sense making and decision making process of a human. It is important to note that
actions generated as an outcome of this system directly impact the same domain that was
observed in the first place. Thus the impact of the actions, of the decisions generated by the
human in the loop, can be verified, validated, and measured by the same human sense maker.

Challenges
The transformation process and the complex distributed cognition systems that are built
around it comprise many different fields of academic research. The fields identified within the
transformation process are:
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1.
2.
3.
4.
5.

Multi Sensor Data Fusion
Cognitive Systems Engineering
Human Computer Interaction
Decision Making
Computer Supported Collaborative Work
In each of these scientific fields, the concept of data overload has been identified as a

contemporary research problem. Papers were selected and grouped in each field based on the
characterization of the problem of data overload in a unique way. An interdisciplinary approach
was taken to survey the many disparate areas of research on the problem of data overload. In
other words, a study of the problem of data overload, its causes and characterizations, is thus an
analysis conducted within each of the scientific fields contained by the transformation process.
Over the next few chapters this thesis will:
•

Review the literature for each scientific discipline contained in the transformation process
and identify the characterization of the problem of data overload.

•

Create a taxonomy of data overload types as informed by the literature review

•

Describe the use of the NeoCITIES simulated task environment as a platform for
conducting research into data overload and command centers.

•

Review the design of an experiment based on the NeoCITIES task meant to recreate data
overload conditions and explore the impact of new team user interface elements.

•

Summarize the results of the controlled laboratory experiment in which 28 teams, 84
participants, performed the NeoCITIES task.

•

Interpret and discuss the results, applying the analysis to the respective fields identified in
the transformation process

Chapter 2

Review of Data Overload Perspectives

Data Fusion Perspectives
In the transformation process, a data fusion system is the component of a distributed
cognition system responsible for the collection, synthesis, and storage of raw data. In an
operation center, a data fusion system is a key technological component that provides information
to the many human interface displays and devices. Originally data fusion systems were designed
to service military needs in the synthesis and analysis of their many remote sensing capabilities
including radar, sonar, and infrared signals (E. L. Waltz, 1986). In its original military concept,
Varshney defines data fusion as “the acquisition, processing and synergistic combination of
information gathered by various knowledge sources and sensors to provide a better understanding
of a phenomenon” (1997). Today data fusion systems are emerging from this traditional role of
military sensing and are being applied towards new types of phenomena including sensor
detection of network intrusions (Bass, 2000; Chee-Yee & Kumar, 2003), and analyzing threat
assessment to a current situation awareness (Gauvin, Boury-Brisset, & Auger, 2004; McMichael
& Jarrad, 2005). Data fusion techniques have been applied to areas such as processing and
analysis of NASA data (see D. L. Hall, 2000), monitoring of complex systems (see D.L. Hall,
2003), and medical applications (see Antani, Long, & Thoma, 2004).
As an engineering discipline, the role of the data fusion scientific community is to
provide system engineers a series of informative guidelines, taxonomies, models, and
recommendations that span from higher level system implementation to lower level algorithm and
sensor selection. The progenitor and continuing dominant model used in the field of data fusion is
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the Joint Directors of Laboratories (JDL) model (O. Kessler, et al, “Functional description of the
data fusion process”, briefing developed for the Office of Naval Technology, Naval Air
Development Center, Warminster, PA, 1992, and described in detail in Mathematical Techniques
in Multisensor Data Fusion (D. L. Hall & McMullen, 2004)).
The JDL model originated from the Data Fusion Sub-panel of the Technology Panel for
C3 (Command, Control, Communications) of the JDL of the Department of Defense. The JDL
data fusion process model is a functional model that describes the primary elements necessary for
the creation of a data fusion system. Creation of the model was motivated by the proliferation and
confusion of terminology in the research community. At the time of its inception, there was no
community consensus on the processing steps for data fusion, nor agreement regarding definition
of key terms. The JDL model was created to fill this gap.
The levels of fusion are intended to model the key functions performed in the overall data
fusion process. The JDL model was developed by (J. Kessler, et al., 1992) to facilitate
understanding and discussion of various roles, problems, and tasks applied to data fusion. The 5
levels as described by Kessler and White are as follows (2007):
•

Level 0 – Source pre-processing/Sub-Object Refinement: Pre-conditioning of data to
correct biases, perform spatial and temporal alignment, standardize inputs

•

Level 1 – Object Refinement: Association of data (including products of prior fusion) to
estimate an object or entity’s position, kinematics, or attributes (including identity)

•

Level 2 – Situation Refinement: Aggregation of objects/ events to perform relational
analysis and estimation of their relationships in the context of the operational
environment (e.g. force structure, network participation & dependencies)

•

Level 3 – Impact Assessment: Projection of the current situation to perform event
prediction, threat intent estimation, own force vulnerability, and consequence analysis.
Routinely used as the basis for actionable information
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•

Level 4 – Process Refinement: Evaluation of the on-going fusion process to provide user
advisories, adaptive fusion control, or to request additional sensor/ source data

The JDL model has become a useful standard in the data fusion community, received
several revisions to maintain its currency (Llinas et al., 2004; Steinberg, 1998), and has been
included in several books (D. L. Hall & Llinas, 2001; D. L. Hall & McMullen, 2004). The toplevel view of the JDL fusion model is illustrated below in figure 2-1:

Sensors

Level 0

Level 1

Level 2

Level 3

Sub–Object
Data
Association
& Estimation

Object
Refinement

Situation
Refinement

Threat
Assessment

Level 5
HumanComputer
Interaction

Level 4
Context

Process
Refinement

Database
Management System
Support

Fusion

Figure 2-1 Top level view of the JDL data fusion process model (Hall and McMullen, 2004)

The model has been successful in its original goal of providing a common frame of
reference for researchers in the data fusion community. Indeed, many successful data fusion
systems have been built based upon the functional guidelines of the JDL model (see for example
Nichols, 2001). For a review of the JDL model and other related process models in data fusion
see Appendix A.

Characterization of Data Overload
In the field of data fusion, the proliferation of sensors and increased network connectivity
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provide a natural cause of data overload. New military sensor platforms such as the Predator
system (as described in http://www.af.mil/factsheets/factsheet.asp?fsID=122) provide wide
coverage of an area of operations with streaming video presented to military commanders and
analysts. Other systems provide data such as images, acoustic data, seismic data, and others that
can overwhelm the ability of any group of analysts and decision makers. Recent broad agency
announcements by the Office of Naval Research, for example have cited the problem of our
inability to look at or process available data sets (see ONR BAA 008-09).
The problem of data overload from a data fusion perspective is the resulting challenge of
engineering design and implementation that has arisen as a consequence of the natural growth of
available information. Data fusion, as an engineering discipline, provides the models and
algorithms needed by engineers to reduce the computational complexity of information
processing. Data fusion systems are designed to combine multiple sets of heterogeneous data,
extract significant features, and filter out extraneous data (D. L. Hall & McMullen, 2004). In this
stage of the transformation process, data overload can be quantifiably measured by the ability of
the data fusion systems to properly reduce the number of total available data, filtering a priori
relevant data.
The impact of data fusion system on human users in the transformation process is both a
blessing and a curse. Effectively designed data fusion systems can reduce the total number of
data sets available to the user for analysis. At face value this ameliorates the problem of
engineering throughput. However, this assumes that the data fusion system is providing all of the
relevant data. This interaction between data fusion and the human user complicates the measure
of throughput effectiveness by bringing into question the definition of relevant data. Defining
what is relevant is often a subjective measure, determined by the human at the time of use (who
may not know what data is or would be relevant in the context of his analysis and decisionmaking requirements). Data fusion systems can constrain the human operator by limiting, a
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priori, what data is given to the user if the relevant data is filtered erroneously.
The problem of data overload is seen by the data fusion community as a problem of
engineering design. However many challenges face data fusion engineers in producing the
optimum designed system. The methods in which the data is gathered, integration of
heterogeneous data, and evaluating data pedigree are just some of the current challenges that face
the data fusion community. Each of these challenges impact the data overload problem for this
community.
In each of the listed domains, data is gathered from multiple sensors in order to provide
more detail about a single situation. Data from a single sensor is often not sufficient to confirm or
deny the existence of a detected object. Similar to how global positioning satellite (GPS) systems
need at least three satellites to triangulate a position, data fusion systems often employ multiple
sensors to triangulate and confirm the existence of an entity being observed. Typically, different
types of sensors are used, each sensor measuring a different physical phenomena (e.g., acoustic
data, infra-red data, x-rays, etc.). These diverse data types involve different time scales of
measurement (i.e., different observation rates), different observation parameters, different
reliability and uncertainty, and different availability as a function of time and observing
conditions.
One of the major challenges facing the data fusion community is solving the problem of
the integration of heterogeneous data (D. L. Hall & Llinas, 1997). Research has yet to conclude
how many, and of what type of sensor given the context, is needed to confirm or deny existence
of a data point. When data is incommensurate, when one sensor detects something the other does
not, how should the data fusion system handle the discrepancy? It is challenging to combine noncommensurate sensor data, since in general, models do not exist that allow these data sets to be
combined in a single mathematical formulation.
The nature of the domain in which the data is collected can complicate the data
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integration problem. Data collected from static environments, those in which the objects
observed do not move or change, are easy to integrate. In comparison, dynamic environments, in
which objects are mobile and fluctuate, complicate the data integration process and often result
incomplete data sets. To overcome this flaw, data is fused from multiple data sources in order to
paint a more complete picture. However this method does not guarantee perfect results; a
reasonable margin of error is to be expected. Dynamic environments also require that data be
gathered continuously to observe and record the dynamic changes in the environment. This
method presents challenges of data storage and access, in addition to the challenge of performing
near real time data fusion.
An additional challenge to data fusion is the addition of human observations to sensor
data. Where most sensor data is a quantitative nature, human observations are qualitative.
Qualitative data must be interpreted through natural language processors and are always
subjective, even under the most objective of circumstances. The addition of human observations
also brings about the issue of data pedigree. Given data that is collected from multiple sources,
data fusion systems can prioritize one source over another based upon their evaluated pedigree.

Current solution approaches
Proper engineering design should be able to reduce the data overload in data fusion
systems. Management of sensors, integration of heterogeneous data, monitoring dynamic
environments, and ensuring the pedigree of the collected data are all considerations that must be
accounted for by a system designer. Theoretically, data overload in data fusion systems should
not exist if data fusion systems are properly implemented.
All of these types filtering, monitoring, and fusion assume that patterns in data
characteristics can be observed and categorized a priori. Many of these data fusion systems are
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template based and are dependent on logical reasoning to be pre programmed into their system.
(see for example the survey of systems by M. Nichols in Handbook of Multisensor Data Fusion
Nichols, 2001). While these systems are sufficient for many implementation scenarios, in the
context of an operations command center, where dynamic events are unpredictable, template
reasoning systems can fail to capture or filter information. In the worst case scenario, false
information captured and reported adds even more overload to a bottlenecked system.
To solve this problem programmatically, data fusion researchers have attempted
implementing different reasoning engines into their systems such as Bayesion Statistical
Networks (Arnborg, Brynielsson, Artman, & Wallenius, 2000). Other researchers have taken a
different approach to this problem by modeling human cognitive decision making styles for
system reasoning (Seligman, 2000). However even these systems are imperfect and can lead to
reasoning and probability calculation errors. This is why many in the data fusion community
recognize the importance of the human in data fusion system.
The proposed level 5 refinements to the JDL model suggest that Human Computer
Interaction is a fundamental element of a data fusion system (E. Blasch & Plano, 2002; E. P.
Blasch & Plano, 2003). This implies that human users are necessary to process the output of a
data fusion system. Human users are also implicitly responsible for the process refinement in the
level 4 stage of the JDL model. While not the optimal answer for the endeavoring computer
scientist, having a human serve the role of process observer provides a safety net in case of
system error.
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Cognitive Systems Engineering (CSE) Perspectives
Cognitive systems engineering (CSE) is a scientific discipline that focuses on modeling
the environment in which people work, and modeling the tasks that comprise their work. Also
called Human Factors or ergonomics engineering, cognitive systems engineering received its
claim to fame following the Three Mile Island disaster in the late 1970s. In the Three Mile Island
disaster, the nuclear power plant operators were unable to detect the failings of the cooling pump
mechanisms (Moss & Sills, 1981; P. Starr & Pearman, 1983). An ensuing series of wrong
decisions caused a partial core meltdown. Operators reported being overwhelmed with too much
information, most of which was irrelevant or misleading.
As result of the study of the Three Mile Island disaster, cognitive system researchers
were able to design better training plans for nuclear reactor operators. Before the incident,
training focused on reacting to the emergency by going through a standardized checklist to ensure
that the core is receiving enough coolant under sufficient pressure. After the incident, training
introduced operators to better methods on recognizing emergency situations and diagnosing the
underlying problem rather than continuing to treat the symptoms.
In terms of the transformation process, cognitive systems research characterizes the set of
tasks and operating procedures that humans perform in complex system environments. The
human, in the loop between complex information systems and decision making, is responsible for
detecting problems in the environment, being aware of the current situation, and responding to
threats.
CSE researchers describe the cognitive process of situation recognition through the terms
situation awareness and sensemaking. Situation awareness is a theoretical model that describes
the set of cognitive functions that enable humans to perceive, comprehend, and project
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expectations of a given situation in an environment in order to make a decision (Mica R. Endsley,
2000). Sensemaking is a related term that describes the methods used to achieve the functions of
situation awareness. According to researcher Gary Klein, sensemaking is a cognitive process of
recognition whereby a person iteratively evaluates and frames elements of a situation in order to
make sense of it (G. Klein, 2006a, 2006b; G. Klein, Phillips, J. K., Rall, E., & Peluso, D. A.,
2004). For a review of these concepts and other cognitive process models please refer to
Appendix B.
For example, network analysts use sensemaking when evaluating large sets of data to
decide and detect which of the many network alerts constitute an emergent problem. This is to
say that network analysts iteratively evaluate the network alert data until they are able to frame a
specific set as a recognizable problem. In this scenario, the analyst is performing a sensemaking
task – recognizing patterns of the network alerts that constitute a threat given the current
situation.
The importance of sensemaking in operation centers is recognized by the United States
military as an integral part of the Network Centric Warfare initiative (Smith Jr, 2001). In the era
of mass information collection, developing better methods and cognitive aids to assist
sensemaking is a primary objective of this initiative. Members of the Australian defense
organization state, “the edge over an adversary is now more in the analytical, predictive and
cognitive abilities that can be brought to bear on the mass of information than on the collection of
the information per se” (Burnett, Wooding, & Prekop, 2005). As a result, new research into
sensemaking has begun to flourish exploring its uses in mission planning under time pressure
(Thunholm, 2005) and team performance evaluation metrics (Jensen, 2007; Jensen & Brehmer,
2005). Waltz also argues that the evolution of warfare has shifted from improved weapons to
improved information collection and analysis and increased tempo and improved logistics. Thus,
the current advantage in military operations rests primarily on the ability to accurately and
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quickly assess the military situation (E. Waltz, 1998).
Sensemaking is also employed by emergency responders and command and control
dispatchers when trying to allocate resources, including both personnel and military assets. These
decision makers must iteratively evaluate the opportunity cost of distributing resources to respond
to threats both immediate and potential (Pirolli & Card, 2005). The reason this process is iterative
is because of the dynamic nature of the environment. What constitutes a problem one-minute,
may be solved the next. This requires dispatchers to coordinate response efforts as the situation
continues to evolve.

Characterization of Data Overload
Cognitive science engineers study human in the loop systems by examining the
relationship between the user, the task, and their environment. Data overload, in this research
context is the problem of task complexity, the active interference that occurs between the user and
their task, often caused by the environment. According to CSE researcher Emily Patterson, data
overload is a fundamental ubiquitous problem that is exacerbated by two widespread trends
(Patterson, 2000):
1) Reduction in operational staffing and expertise during nominal situations
2) Increase in the amount of available electronic data.

As a result, analysts are increasingly required to analyze more data, with less experience
on a short deadline. The variable of task complexity in data overload is a direct result of the
critical nature of operation center. Military command, control and communications (C3),
emergency crisis management, cyber security response all contain events that require immediate
attention and action from the human in the loop analyst. The emergency dispatcher must respond
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quickly in order to prevent a fire from spreading; the commander on the battlefield must move his
troops in order to prevent friendly fire; the network analyst must respond to an infiltration attempt
or risk exposing sensitive data. Researchers study sensemaking in these environments “where
complexity, criticality, and uncertainty are the main characteristics of the working activities and
making sense of what is happening is one of the most important challenge of the team working in
this context” (Albolino, Cook, & O’Connor, 2007) .
The constraints of the domain impact the ability of the operator to complete a
sensemaking task. One of the major constraints on analysts in operations centers is time. Critical
events require analysts to assess the situation and make decisions in a very limited amount of
time. If time was not a factor, overload would not be a problem, as the analyst would have all the
time they need to find the right information to make the right decision. When time is constrained,
the analyst can miss crucial pieces of information that frame the current situation leading to an
improper state of situation awareness. In turn, an incomplete understanding of the situation can
lead to wrongful decisions (Bates et al., 2001).
The number and type of events the operator experiences also has an effect on their ability
to perform. Single events do not cause overload for an analyst. The military commander can
manage a single battalion; the emergency dispatcher can handle a domestic dispute; the network
analyst can manage a small lab of computers. However as the problem scales, so does the volume
of information required by the analyst to assess the situation and make a proper decision. Severe
and critical events offer less time for the user to perform than mundane routine events. The
determination of event severity is dependent on individual differences and upon external factors
in the environment such as organizational policies, regulations, and culture.
Even with the proper training, performing sensemaking and operational tasks during
extreme or otherwise non routine events cause the user to experience stress and fatigue states.
McNeese describes this phenomenon as cogminutia fragmentosa; use of this term indicates a
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breakdown of the operator’s cognition (M. D. McNeese & Vidulich, 2002). Once in this state, the
user is unable to adapt properly to new information, which results in errors, failures, and potential
disasters. Stress combined with data overload produces “analysis paralysis” or “information
fatigue”, preventing the human in the loop from effectively responding to the situation (Woods,
2002).

Current Solution Approaches
In operation center domains, the primary challenge of a human in the loop system is to
provide the user with the necessary information for making a decision without exposing them to
the pathologies of data overload related to task complexity. Current research approaches are in
agreement with the fundamental solution to this problem: a combination of mechanization and
human cognitive processes are required to ease the complexity of working in data rich
environments (M. McNeese & Hall, 2003). This recommendation is congruent with the findings
of Pirolli and Card that studied the leveraging points of the sensemaking process in intelligence
analysis work (2005).
The challenge of this problem is developing the methods for system implementation and
characterizing the functions that should be divided between human cognition and computer
automation. Thorough analysis of this problem, evaluating the roles of the human in the loop is
provided in Appendix C. This analysis suggests that for any distributed cognition system that
exists in the context of the transformation process, a well engineered system needs to:
•

Automate observation and problem detection

•

Augment sensemaking and problem diagnosis

•

Assist decision making through cognitive aids

•

Provide tools to help people evaluate and learn
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A solution to solving the problem of data overload in high information domains requires
both computer automation and human operators. Machines are necessary for observation and
sensemaking when the rate of incoming data exceeds the ability of the human to process it.
However humans are necessary for decision making and their ability to leverage their own
knowledge and adapt to situations as they evolve dynamically. In this domain, the consequence of
failure necessitate that a human be held accountable for their actions; since only humans can be
held accountable for their decisions, both right and wrong.
The bridge between computer automation and human operation presents new challenges
that must be faced for the creation of a successful human in the loop system. According to
Woods, “Introducing autonomous machine agents changes the cooperative structure, creating new
roles, new knowledge requirements, new judgments, new demands for attention and new
coordinative activities” (2002). New distributed cognition systems need to be observable and
controllable by the human in order to avoid patterns of distrust associated with clumsy
automation (N. Sarter & Woods, 1995). This system should serve as a guide for human attention,
in order to allow people to do what they do best, make decisions and learn from their outcome.
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Human Computer Interaction (HCI) Perspectives
Traditionally the field of Human Computer Interaction (HCI) focused on developing
theories and models that predicted and explained the efficacy of human interaction with a
computer given a certain task. Theoretical models such as Goals, Operators, Methods, and
Selection rules (GOMS) and the Keystroke Level Model (KLM) viewed humans as information
processors, a cognitive system of inputs and outputs that could be heuristically improved (Card,
Moran, & Newell, 1983). Researchers designed computer interfaces to match the optimal method
for completing a task as measured by time and the number of clicks, button presses, or any other
observable gesture.
More recently, researchers began to recognize the importance of socio-technological
factors in which a human operator is embedded. As a result, research into HCI broadened into
several paths including the aforementioned area of Human Factors and the later section of
Computer Supported Collaborative Work (CSCW). These areas focused on how embedding the
human operator in the environment affected the design and selection of a task. As discussed
previously, human factors researchers focused on the impact of the environment on the task,
whereas CSCW researchers focused on the impact of group work and distributed tasks.
In the transformation process of distributed cognition, HCI is viewed in more of the
traditional aspects of the science. Simply put, HCI is considered to be the science of design for
the development interfaces between humans and computers (John M. Carroll, 2003). The role of
HCI in the transformation process is the transfer of knowledge between the inputs of information
from a data fusion system and the output of decisions from the human decision maker. In the
middle lies the HCI element, the many methods of design for information visualization,
sonification, and interaction.
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This research assumes that the transfer of knowledge is a core process, which can be
improved by using our innate abilities to process visual representations (Burkhard, 2004). The
theory of cognitive fit states that the format in which information is presented correlates to
different decision making styles (Vessey, 1991, 1994). The impact of this theory is the notion that
intuitive design of information presentation and visualization affords better support for decision
makers enabling faster and more accurate completion of their task. This notion is supported by
more recent research that states that visual graph modes of information presentation cause
decision makers to be distracted less than compared to tabular representations (Speier, 2003).
Better visualizations, better information presentation formats are those that are intuitive to the
user as determined by the efficacy of their output – their decisions.
Although this section mainly discusses the methods of information visualization, other
researchers in HCI have begun to investigate use of alternate sensory pathways for conveying
information. Nadine Sarter from the University of Michigan researches the use and design of
multimodal interfaces for information systems and collaboration (N. B. Sarter, 2006). Multimodal
interfaces increase the bandwidth of knowledge transfer by incorporating multiple sensory paths
for information. This research shows that visual methods of information conveyance are often
oversaturated. By stimulating other senses, such as auditory and haptic, more information can be
conveyed without causing sensory overload of the user (N. B. Sarter, 2005; N. B. Sarter &
Columbus, 2006). For example, current research by M. Ballora has shown the utility of using
sound data for improved diagnosis of cardiac data (Ballora, Pennycook, Ivanov, & Glass, 2008)
This work is currently being applied to analysis of data associated with analysis of cyber network
attacks.
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Characterization of Data Overload
The most common type of sensory overload in distributed information systems is the
saturation of the visual sense (Sarter, 2006). In the field of HCI, data overload is seen as a
problem of visualization that can be solved through methods of proper representation. Cognitive
Science researcher David Woods at the Ohio State University characterizes the interaction
problem of data overload in three ways (2002):
1. As a clutter problem where there is too much data on the screen
2. As a problem in finding the significance of data when it is not known a priori what data
from a large data field will be informative
3. As a workload bottleneck where there is too much to do in the time available

The clutter characterization of data overload is a common problem in the HCI and
visualization research. The idea behind the clutter problem is that interfaces overload the
operator with too much information being displayed on the screen. An example of overload
caused by visual clutter is the 2D Data Wall used by the United States Air Force and network
visualization displays. The Air Force uses a large 2D Data Wall visual displays to show fused
data from multiple sources unable to be seen on a typical computer monitor (Jedrysik, Moore,
Stedman, & Sweed, 2000). Network displays are especially troublesome in their attempt to
visualize entire flows of network traffic data which number in the hundreds of thousands
(Xiaoxin, Yurcik, Yifan, Lakkaraju, & Abad, 2004). The image below demonstrates the inherent
clutter in network visualizations of large graphs containing over 10,000 individual nodes:
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Figure 2-2 Network visualization clutter (Munzner, 2000)
While these interfaces succeed in demonstrating the technological capability to display
large heterogeneous data sets, they often fail in being usable. As Woods notes, “the solutions to
the clutter problem misrepresent the actual design problem. The problem is not in displaying the
vast quantity of data. If it were, then simply reducing the number of displayed elements would
solve this problem. Instead, the solution to this problem should help the practitioner to recognize
what is relevant or help direct the attention of the practitioner before the practitioner knows where
to look or what to look for” (2002).
Hence, the second characterization of the data overload problem is in finding the
significance of data when it is not known a priori what data from a large data field will be
informative. This is congruent with other research that defines the problem of data overload in
HCI as “a condition where a practitioner, supported by artifacts and other practitioners, finds it
extremely challenging to focus in on, assemble and synthesize the significant subset of data for
the problem context into a coherent situation assessment, where the subset is a small portion of a
vast data field” (Patterson, 2001). The challenge of finding significance is akin to finding the
proverbial needle in a haystack, with the added challenge of never having seen a needle before.
So not only does a person need to characterize the problem, they then have to find it within a vast
field of data.
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Attempts at solving this particular characterization of overload represent the data field in
such a way that the significance of the data naturally emerges via sensory perception. In
information retrieval, some researchers have attempted to use different displays such as tree maps
(Turetken, 2004) or ontology based grouping (Gersh, Lewis, Montemayor, Piatko, & Turner,
2006) to enhance the natural view to identify relevant information grouped by hierarchy. In the
example of network operation centers, some researchers have found that visualization effective
when emphasizing the relationship of traffic flows between computer IP address (Bearavolu,
Lakkaraju, Yurcik, & Raje, 2003). All of these solutions tie back with the theory of cognitive fit;
data visualization is effective only when it affords the user the ability to recognize the inherent
significance of the data.
The final characterization of data overload from a HCI perspective is as a workload
bottleneck where the interface restricts the user’s ability to perform the task in the time available.
This characterization borrows much of this conceptual heritage from the field of Cognitive
Systems Engineering, which was discussed previously. From this perspective, HCI is a method of
reducing the complexity of the task. However, when the interface interferes with the ability of a
human to perform a task performance decreases due to the rise in the task complexity. Note that
while the task may remain the same, the perceived complexity rises due to the user’s inability to
operate the interface efficiently and effectively.
An example of the workload bottleneck characterization of data overload in practice is
the newest release of Microsoft Office’s Word application. The transition from Office 2003 to the
newest Office 2007 was accompanied with a completely new interface revamp.
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Figure 2-3: The transition from Microsoft Word 2003 to Word 2007.

However as result of moving all of the familiar commands, many users resisted the
transition and refused to upgrade. In fact, the US Department of Transportation and the British
Educational Communications and Technology Agency, also known as Becta, both issued bans on
the latest releases of windows and office (McDougall, 2007, 2008). Cited reasons for the bans
included the obvious expectations of system maintenance and cost, however also mentioned were
concerns about cost of employee training for the new systems. Unlike previous releases of
windows and office, the transition from a user’s perspective was jarring and caused performance
to decrease until a period of adaption and training could occur.

Current Solution Approaches
According to Woods, the real challenge of data overload in HCI is one of helping people
to recognize or explore the portions of the data field that might be relevant so that they can shift
focus attention to those areas as the current situation evolves (2002). What is needed is more than
mere information visualization, but rather situational visualization. In situation visualization, the
user is situated in the environment and experiencing the situation firsthand and in real time
(Krum, Ribarsky, Shaw, Hodges, & Faust, 2001). Interfaces and visualizations are thus designed
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around the concepts of being unobtrusive, context aware, time aware, and priority aware.
Other researchers agree with these recommendations and even suggest methods and
objectives for system implementation (Terrenghi et al., 2006). Developing systems for activity
awareness is more than just providing alerts and notifications to grab the user’s attention. Alerts,
Messages, Popups, are all attention grabbing notifications that can easily be ignored or forgotten
(J. M. Carroll, 2003). Critical information needs to be presented in a manner that emphasized by
the system, but is consistent with the expectations of the worker so as not to cause a distraction.
Research by Gutwin provides a series of excellent guidelines for development systems for
workspace and activity awareness (Gutwin, 2002).
The concept of embedding the information presentation style in the context of the
situation has lead to mixed results. Some researchers found that use of visualization in the context
of a emergency responder simulation led to improved comprehension and projection of the
participants situational assessment (Hengst, McQuaid, & Zhu, 2004). However, this study also
found that the perception of the facts of the situation did not change dependent upon the
information presentation. Another study examined the use of graphs as decision aids to find if the
mode of information presentation affected decision making performance (Chan, 2001). This
research found no direct correlation between information mode, information load, and decision
quality; which is consistent with Wood’s suggestion that effective visualizations need to account
for focus and context. Providing new means for visualization, for the sake of visualization, does
not ensure better decisions.
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Decision Making Perspectives
The science of decision making has traditionally originated in the disciplines of business
management, organizational science, and economics. In these disciplines, the decision makers
were middle or upper level management; the science typically evaluates the efficacy of decisions
based upon metrics of a firm. The decision maker was to rely on their own rationality and logic
in order to evaluate options and make a decision. The six commonly described stages of the
decision making process are listed below:
1) Identify and diagnose the problem
2) Generate alternative solutions
3) Evaluate alternatives
4) Make a choice
5) Implement the decision
6) Evaluate the decision

This process of decision-making has been institutionalized to the point where it is taught
in the classroom (Bateman & Snell, 2002), and is referred to as classical decision-making. One of
the assumptions of the classical decision making process is the availability of information and
limitless time. Given infinite time and resources, a logical decision maker will always make the
optimal choice. However, in the real world, decisions are rarely, if ever, optimal because time
and information are always limited. Economist Herbert Simon refers to this limitation of decision
makers as bounded rationality (Simon, 1997). Simon coined the term, satisficing to denote the
decision maker’s ability to select an option given a limited period of time and limited
information. The decision maker may not choose the best option for a given problem, instead
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they satisfice with the information they have been given.
In the late 1980’s, the near disaster of Three Mile Island and the 1988 Vincennes’s
incident, where the naval cruiser Vincennes’s accidentally shot down an Iranian passenger plane
(misidentified as an Iranian Air Force F-14) prompted further research into critical decision
making. What researchers found challenged the common assumptions of decision-making.
Researchers did not find that people were performing option selection or going through the steps
in the classical decision making process. Instead, they found that experts were able to recognize
situations and employ standard practices and procedures based upon their recognition of similar
situations (G. A. Klein, 1999). Thus, rather than rationally generating alternative courses of
actions and evaluating their impact, experts were recognizing situations and immediately going
into action. The study of experts that recognize situations and perform actions is referred to as
naturalistic decision-making. Examples of decision makers in this context are fire fighters,
medical practitioners, field commanders, and emergency dispatchers.
In the transformation process, decision making is the chief responsibility of the human in
the loop. Commanders in operation centers employ both styles of decision making in their work.
Classical decision making tactics are used for the development of mission planning, where
generating options and evaluating their effectiveness are key to planning a successful mission.
Naturalistic decision making tactics, on the other hand, are used in carrying out those same plans
and are useful for responding to dynamic changes in events. As a result this section characterizes
data overload according to the two different styles and literature bases of decision making:
classical and naturalistic.

Classical Decision Making Characterization of Data Overload
In discipline of business management, the concept of information overload is not a new
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problem. Information overload has been noticed by researchers since the 1950s. Specifically
researchers noticed that people lack the ability to cope with extremely large sets of data
(Edmunds, 2000). However overload has become common in recent years due to advancements
information technology and distribution. Information has become an integral part of the work
place, from managing its sources, to the technology it inhabits (Mendelson, 2000). To the
surprise of business managers everywhere, more information did not lead to more effective
decisions. Instead managers spent more time analyzing and less time deciding. Hence in the
business community data overload is associated with the term, “analysis paralysis” (Schick,
1990).
Researchers in the discipline of business management discuss information overload from
an information processing perspective. Tushman & Nadler described information overload as
comparison between a person’s information-processing capacity (i.e., the quantity of information
a person can integrate into the decision-making process within a specific time period) with the
information-processing requirements (i.e., the amount of information a person has to integrate in
order to complete a task) (1978). Their research concluded simply that requirements of
information processing were greater than capacity, thus causing overload for the decision maker.
The relationship between requirements and capacity was later illustrated as an inverted-U
shaped curve where decision accuracy (the requirements) is dependent on the information load of
a decision maker (the capacity). This inverted-U curve is shown below in figure 2-4, from
(Eppler, 2004):
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Figure 2-4 The optimum point of information load (Eppel, 2004)

Information overload has thus been characterized as the point in which information load
leads to a decrease in decision making performance. Research that followed this discovery began
investigating the impacts of information overload on managers and consumers, often with
surprising results. For example, in 1980 researchers found that although performance decreased
due to information overload, managers reported increased feelings of job and task satisfaction.
Managers felt more confident in their decisions even though they were evaluating more
information than necessary (O'Reilly Iii, 1980).
Another study in this area found that the presence of information overload did not
decrease performance initially (N. Kock, 2000). These research findings suggest that the presence
of too much information does not always result in failure in a task. This research found that a
steady amount of information overload positively affects task performance. This finding is
consistent with the original concept of bounded rationality: that up to a certain point, depending
on the task, more information provides decision maker with better decisions.
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However over time, performance of decision makers under information overload suffers
from what researchers refer to as “information fatigue” (Oppenheim, 1997). Performance under
pressure causes a steady decline in the decision maker’s ability to evaluate and assess options.
Information fatigue is exacerbated by the familiar culprit of reduced time allowed to complete a
task. Less available time with the same amount of information and decisions causes overload and
reduces decision accuracy. This research also found that a decision maker’s vulnerability to
“information fatigue” is significantly affected by individual differences. Individual factors such as
decision making style and expertise are more likely to affect task completion time since
experience can help a decision maker analyze and toss out extraneous information.
The study of the consumer impact of information overload was more conclusive than its
effect on managerial decisions. Research has consistently found across the many business
disciplines of consumer marketing that providing too many choices overwhelms consumers and
equates to less sales (Iyengar & Lepper, 2000). From information processing perspective, when a
choice set contains more information more time is spent evaluating the information and
consumers are more selective in acquiring more information. Increased amount of information in
a choice set, decreases the decision quality (Lurie, 2004). This finding is consistent with the
discovery that when presented with several options with high volumes of information, consumers
are more likely to opt for the default selection (Agnew & Szykman, 2005). This type of decision
making could be considered a form of satisficing; rather than optimally evaluate their options,
consumers instead choose the path of least resistance that still solves their problem. This strategy
is especially prevalent among the youngest generation where growing up under a constant state of
information overload thanks to the Internet and other communication technologies have forced
them to adapt to models of bounded rationality. (Agosto, 2002)
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Naturalistic Decision Making Characterization of Data Overload
Research into naturalistic decision making differs from the research into classical
decision making in several important ways. First, research into decision making from naturalistic
perspective prioritizes understanding the methods and processes of making a decision more than
the outcome of that decision. Klein’s research into recognition primed decision making (RPD)
focuses on the cognitive processes of situational recognition and understanding that produce
decision outcomes (1999). Boyd’s OODA loop is similarly focused on the methods of
observation and orientations to a problem that produce decisions and actions (Boyd, 1976, 1996).
A review of these and related cognitive process models is provided in appendix B. Both of these
naturalistic decision models rely on the cognitive process of sensemaking to inform the decision
making process.
The act of decision making from a naturalistic perspective is closely integrated with
cognitive processes of sense making. The line of demarcation between sense making and decision
making is the act of actively solving the problem (G. Klein, 2005). If sensemaking is the
cognitive act of detecting a problem, then decision making is the cognitive function for solving a
problem. The end goal of decision making is to apply the knowledge gained through sense
making. In context of operation centers, decisions must be made based upon the information
gathered through the sensemaking process.
Classical decision making literature also refers to sense making, however this research is
primarily concerned with organizational understanding of problems as they are evaluated and
recognized over time (Weick, 1993, 1995). The integration of sensemaking and decision making
processes is important from the naturalistic decision making point of view. The need for
sensemaking is so the decision maker can understand the situation as quickly as possible in order
to be primed to act; they are not waiting for complete analysis of the situation nor do they have
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time to logically compare and evaluate courses of action (Klein, 1999). They are only trying to
make the best decision given the constraints of their work environment.
The study of data overload in naturalistic decision making is focused on the limits of the
interrelated cognitive processes of situation assessment, sensemaking, and decision making.
Human analysts and decision makers are limited by the finite amount of attention that can be
distributed across tasks. The most recognized model of attention was created by Sohlberg and
Mateer, where they studied the attention processes of patients recovering from a coma. They
categorized five levels of attention that patients could perform as they recovered (Sohlberg &
Mateer, 1989):
1. Focused attention: This is the ability of a person to respond discretely to specific visual,
auditory or tactile stimuli.
2. Sustained attention: This level refers to the ability of a person to maintain a consistent
behavioral response during continuous and repetitive activity.
3. Selective attention: This level of attention refers to the ability of a person to maintain
focus on a task despite competing interruptions or distractions
4. Alternating attention: This level refers to the capacity for mental flexibility that allows
individuals to shift their focus of attention and move between tasks having different
cognitive requirements.
5. Divided attention: This is the highest level of attention, recovered last by the studied
patients, and it refers to the ability to respond simultaneously to multiple tasks or multiple
task demands.

This model of attention can be used to explain the many different symptoms associated
with data overload. The ability of the decision maker to maintain attention is complicated by the
simultaneous demand to perform both sense making and decision making. High volumes of data
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overwhelm the human during sense making tasks causing “analysis paralysis” described
previously. The difficulty of a human decision maker to maintain attention can be explained by
the constant challenge to assess a dynamically evolving situation and the increasing demands to
solve the problem.
The stress and fatigue that is associated and reported with data overload, lessens the total
amount of attention that can be distributed. The combined problems of inadequately designed
information systems and the constraints of the work environment serve to exacerbate the problem
of human attention. When the analysts’ attention is diverted across multiple battles, emergencies,
or network intrusions, the ability of the analyst to focus on a single problem is diminished. The
more extreme events occur, the more data is provided about those events, the worse the analyst is
able to perform under constrained conditions.
The fundamental limit of human attention can also be used to explain many of the
anomalies of the information processing perspective of data overload. The limit of a decision
maker to process more information, the existential optimum point of information load, is the limit
of an individual decision maker to focus their attention. This explains why individual differences
play a large role in the amount of information and events a decision maker can simultaneously
evaluate. Different environmental characteristics such as distractions and interruptions can lower
the total available amount of attention. On the other hand, individual characteristics such as
subject matter expertise and familiarity lower amount of attention needed to complete a task,
allowing for more attention to be focused elsewhere. Finally, the phenomenon of information
fatigue is simply the biological inevitability of a person that performs at a high level of cognitive
work.
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Current Solution Approaches
In dealing with dynamic situations, both types of decision making styles are necessary.
Classical decision making is necessary for organizational and strategic mission planning.
Naturalistic decision making is necessary for facilitation of operations and tactics. Although in
reality there may not be a physical separation between the decision makers who plan and those
who enact, for system development it is important to understand these distinctions. Systems
should be designed to properly match the task of the decision maker, either mission planning or
emergency assessment and response. Ideally a system would be able to do both; however no
current system in production has boasted the capabilities of doing so.
Current system solution approaches have attempted to adapt naturalistic models of
decision making with varying success. The OODA loop, very popular in military command and
control, has been used as the basis for information architectures (Grant, 2005). However since the
OODA loop was never designed for system implementation, several researchers have attempted
to update the OODA loop based on modern principles of system design and cognition (Brehmer,
2005; Breton & Rousseau, 2005; Bryant, 2006; Rousseau & Breton, 2004). The RPD model on
the other hand has seen successful implementation in complex naval environments (Kaempf,
Klein, Thorsden, & Wolf, 1996) and has also been adapted to allow intelligent agents to support
human agent collaboration (Fan, Sun, McNeese, & Yen, 2005). Other research has explored
using the principles of naturalistic decision making to design decision aids such as fuzzy
cognitive maps that help illustrate the causality chain of events (K. Perusich & M. McNeese,
1997; K. Perusich & M. D. McNeese, 1997). Finally, Airy et al (2006) have developed teambased intelligent agents based on the RPD model (Airy et al., 2006).
Developing systems to handle decisions in dynamic environments are difficult to design.
Decisions made in an environment in which the situation is in a constant state of change must
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likewise be flexible. Systems developed around these decisions must fluid and adaptable.
According to Rasmussen and Balston, effective organizations must be flexible and adaptive
because it is doubtful that coordination “by plan” can satisfy all of the contingencies likely to
arise. This statement is echoed in military command and control system, where systems are
designed to aid decision makers for adaptive planning (Hill and Surdu, 2005).
One of the important principles of adaptive planning is the concept of impact assessment.
Impact assessment is the idea that the decision maker can understand the consequences of his
decisions before they have been made. Every decision made by a commander or dispatcher
affects the immediate environment. Even decisions made by network analysts, in detecting and
diagnosing attacks result in decisions that are passed on to others who will take action that will
impact the environment. Impact assessment also employs the cognitive process of Sensemaking;
it requires iteratively understanding the consequences of decisions, and being flexible to change
those decisions as the environment changes.
Designing an adaptive planning distributed cognition system is a significant challenge
that requires understanding the roles of the human in the loop and their interaction with
information technology. The human decision maker has two important roles in this system. The
roles of the decision maker are characterized by the information space in which they are
embedded: either the situation space or the decision space. The decision maker has different
responsibilities and tasks depending on their information space. Table 2-1 below characterizes the
differences in tasks between situation space and decision space. The table also lists examples and
relevant topics to each area.
Table 2-1 Summary of human roles and tasks
Information Space
Situation Space

Task
Problem detection and
assessment

Example
Identifying that
something is
happening

Relevant Topics
Anomaly detection,
sensemaking
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Information Space
Decision Space

Task
Problem diagnosis
and analysis
Generate courses of
action
Implement and
evaluate

Example
Identifying what is
happening
Identifying what
decisions need to be
made
Identifying the
operational costs of
the decision

Relevant Topics
Situation awareness
Decision making
Impact assessment,
logistical allocation

For system design it is important to recognize the principles of cognitive system research
in understanding the environment in which the decision makers conducts their work. Either of the
information space roles of a decision maker can occur in varying requirements of time and stress.
In a situation space, problems may need to be diagnosed within a matter of minutes or a matter of
days. In a decision space, selecting a course of action may be as dire as a life threatening situation
or as mundane as choosing a meal for dinner. Either way, a properly designed adaptive planning
system needs to accommodate the environment and types of tasks the decision maker is
responsible for.
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Computer Supported Collaborative Work (CSCW) Perspectives
Computer Supported Collaborative Work (CSCW) is the study of how collaborative
activities can be aided by the use of information technology. CSCW was originally an offshoot of
HCI research that focused on computer mediated collaboration (CMC) and the challenge of
designing interfaces and tasks for groups and teams. Research in CSCW has distinguished itself
from other similar research in decision making and HCI through maintaining a level of analysis
on team and group level performance. Since its inception, research into CSCW has grown to
include the concepts, methods, and tools necessary for supporting team based work.
In the context of the transformation process, CSCW research is the highest order of
analysis in the framework. Other research disciplines in the transformation process focus on
aspects of either the individual or the system. CSCW research, on the other hand, focuses on a
group of individuals working with and within a system. Teams, groups of individuals working
towards a common goal, are necessary in the domains of the transformation process. CannonBowers and Salas contend that in a crisis management domain, the nature of work is so complex
that it would be impossible for any single team member to hold all the knowledge required to
succeed (2001). In many dynamic work situations, no single individual can acquire the varied
and often rapidly expanding information needed for success. Individuals must work together to
collect, analyze, synthesize and disseminate information throughout the work process
(Sonnenwald, 2000).This principle, that the environment requires multi-disciplinary expertise to
succeed, necessitates teamwork.
In conducting work in these domains of the transformation process, teams are recognized
as having several advantages over individuals as enumerated by Gary Klein (2006):
•

They have a wider range of attention, allowing them to monitor more information channels.
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This provides an enormous advantage in being able to detect early signs of trouble.
•

They can have a much broader range of expertise than individuals, enabling teams to detect
more signals and patterns and appreciate the significance of more types of events.

•

They have built-in variability. Whereas an individual can become fixated on an interpretation
of a situation, a team is likely to have members who are not locked into the first interpretation
and are able to represent alternative perspectives.

•

They have a greater capability for reorganizing their activities. Thus, during periods of high
alert, teams can shift resources to monitoring information channels. During periods of
confusion about events, teams can create analysis cells to examine trends.

•

They can work in parallel, so that some members are acting on a current situational
interpretation while others are engaged in sensemaking and still others are seeking
information.

The presence of teams also brings about unique challenges in developing tools to aid
collaborative work. Designing for these challenges require understanding the underlying
cognitive principles that characterize team behavior. For example, Sonnenwald describes the
phenomenon of contested collaboration, a behavior of team members to place their own interests
first, even when collaborating with others that can result in the sabotage of the team effort (2000).
This concept suggests that team member’s individual differences, their unique histories,
experiences, and perceptions can cause others to challenge or contest one another’s contributions
resulting in decreased team performance. In addition, the presence of stress, a common detriment
to individuals working in crisis domains, can have a cascading effect on team members,
disrupting others and degrading their performance (Driskell, Salas, & Johnston, 1999). These and
other negative behaviors of teams need to be accounted for when designing a collaborative
system.
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The common challenge amongst CSCW researchers is to bridge the gap between team
members’ individual differences in order to reach a common ground, a shared situational
awareness and understanding. When team members lack a cohesive common ground, they
effectively lack a shared vocabulary in which to communicate. Thus, it is no surprise that
researchers notice that amongst teams whose members do not share common situational
understanding, increased volumes and intensity of communication are reported (N. M. Kock,
2004). More communication is necessary for these team members to reach a shared
understanding of the concepts and ideas needed for the completion of the task.
Effective teams are those that develop a shared situational awareness, which aids in their
coordination by helping team members anticipate and predict the needs of others and adapt to
changes in the task and environment (Cannon-Bowers, Salas, & Converse, 1993). Shared
situational awareness is developed within group members over time, through recognizing
member’s cues and patterns of work and is the basis for the existence of team building exercises
(Kerr & Tindale, 2004). Maintaining intra-group situational awareness makes it possible for
group members to proactively provide information needed by other group members to analyze
and synthesize information collaboratively and orchestrate or synchronize actions within their
group. (Sonnenwald, 2000). This research also suggests that both implicit and explicit
communications are important for effective teams. This explains why researchers do not always
find that effective teams report more verbal communication. Effective teams are able to
communicate verbally and non-verbally such as emergency room doctors and nurses that act in a
rhythm sensitive to other member’s workload and performance, (Reddy & Dourish, 2002).

Characterization of Data Overload
Research on the impact of data overload on team collaborative activities can be
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categorized into three unique perspectives:
1. Message overload – The impact of message volume and its distracting and interrupting
effects on individual team members
2. Sensory overload – The use of multimodal methods of communication messages to
enhance team members shared awareness
3. Coordination overload – The challenge of distributed teams to coordinate and monitor
team member’s task progress
The first perspective of data overload is premised on the importance of messages.
Messages are the technical term referring to all types of communications sent from one individual
(sender) to another (receiver). This terminology originates from Shannon’s original theory of
communications developed in 1948 (Shannon, 1948). As a foundation to the discipline of
communications, Shannon’s theory has since been used to explain basic forms of overload,
describing it as a form of information entropy, the limit of the receiver to process messages from
the sender. This definition should sound familiar as it was a primary contributor to Tushman &
Nadler’s (1978) theory of information processing that is used to this day in the management
information systems literature.
More recently the concept of messages has seen a renewal in CSCW research with the
introduction of internet communication systems such as email, usergroups, and message boards.
Researchers use the lens of Shannon’s theory to frame their analysis of message overload
reported by system users. In the context of CMC, researchers refer to message overload as
conversational overload — when too many messages are delivered, so that individuals are unable
to respond adequately (Whittaker, Terveen, Hill, & Cherny, 1998). The impact of message
overload is characterized by the users’ ability to process messages and contribute to the stream of
active communications. In a study of internet chat rooms and message boards where mass
interaction, as defined by high volumes of users submitting unique messages, causes message
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overload, evidence was found for hypotheses that (1) users are more likely to respond to simpler
messages in overloaded mass interaction; (2) users are more likely to end active participation as
the overloading of mass interaction increases; (3) users are more likely to generate simpler
responses as the overloading of mass interaction grows (Q. Jones, 2004).
In the context of the domains of the transformation process, the characterization of data
overload as message overload is useful for analysis of human in the loop simulations. Mary
Cummings from University of Virginia studied instant messaging communication in human in the
loop tomahawk missile control systems (Cummings, 2004). Through her research she uncovered
that in current military operations, managing instant message chat was a ‘nightmare’ because
military personnel had difficulty in handling large amounts of information through chat, and then
synthesizing knowledge from this information. In time pressure scenarios, managing information
requests through chat became interruptions against the primary task, increasing mental processing
time and inducing human errors.
The challenge of her study, a challenge that faces all researchers in CSCW, is developing
technological solutions that aid users in avoiding the perils of distraction and interruption. Ideally
interruptions should be manageable by a computer, refraining computer supported
communications to only times when an operator was merely monitoring a system and not
engaged in any decision-making or system evaluation (Cummings, 2004). Unfortunately, the
times where interruptions would be most disruptive are defined by the user’s cognitive activities
which are difficult to design for or anticipate. Therefore designing for interruption
communication management, must take its cue from Cognitive Systems Engineering, and create
systems that afford usability based upon the nature of the task and the environment.
The second perspective of overload in CSCW research is characterized by the sensory
modality of communication. Similar to research performed in HCI that studies the modality in
which information is presented to a user, in CSCW, research studies the impact that information
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modality has when communicated to other people. Once again this research is predicated upon
the basic theory of attention modality afforded by Wickens book in 1987 (Wickens, 1987).
To review, the majority of information displays are of only one modality: visual. Sample
displays range from the dial on your kitchen stove, to the complex visual warning systems present
in the dashboards of automobiles and airplanes. Basic multimodal systems include both visual
and auditory cues, in which auditory cues are used to enhance the detection of critical conditions
for certain types of visual indictors, most commonly alarms. (McBride, 1997). In circumstances
where there are more than one sensory channel, the visual channel is the most dominant, taking
precedence over information in the auditory or tactile channels (Wickens, 1992).
In comparison the modality of information in the domains of the transformation process
is dominated by constant continuous streams of both visual and auditory data. The presence of
sensory overload makes developing for interruption management difficult due to the
oversaturation of the visual and auditory channels. To work around this oversaturation,
researchers have begun experimenting with uncommonly used sensory channels such as the
tactile sense. (C. Y. Ho & Sarter, 2004; C. Y. C.-Y. Ho, Nikolic, Waters, & Sarter, 2004). In
general, as described by Ho and Sarter (2004) the affordances of multimodal information
exchange include:
1. increased bandwidth and timesharing – the use of different modalities for presenting
unrelated information or different aspects of the same event/situation
2. redundancy – the use of different modalities to process the same information
3. substitution – the substitution of one channel that has become unavailable with another
modality
4. appropriateness –the matching of modalities to the type of information that is to be
presented
However, simply because the technology exists, the capability of multimodal interfaces
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does not mean we should deploy it or that it is beneficial. At the extreme end of multimodal
interfaces is a study by Rauschert et al, that developed a multimodal GIS system for emergency
response that included video data display, auditory cue alerts, speech recognition and handgesture recognition software (2002). Unfortunately the presence of additional sensory channels
does not indicate its use or appropriateness to the task. Instead proper solution development
should determine the appropriate implementation of each sensory channel and the overall
interface in context of the task. In particular, balance needs to be achieved between the degree of
flexibility afforded by multimodality and the price associated with managing this flexibility under
varying circumstances (Woods, 1996).
The third and final characterization of overload in CSCW research is the challenge of
coordination across distributed teams. Research into distributed teams is a unique subset of the
teaming literature found in CSCW and is often associated with military domains, particularly
those relevant to the transformation process in this study. Overload in distributed teams is the
result of the absence of normal face to face cues, such as gestures and facial recognition that aid
in interpretation of a person’s communication of intent (Fiore, Salas, Cuevas, & Bowers, 2003).
The absence of these cues requires more auditory and visual information to be communicated
along already oversaturated channels.
Typically in military domains, coordination of team members occurs according to
predetermined plans and procedures. However when unexpected events occur, those not
necessarily prescribed by the original plan, the local commander is forced to adapt to the events
of the situation. In these situations, the local commander is supposed to act in a manner that is
consistent with the intent of the remote battlefield commander who devised the original plan
(Marks & Panzer, 2004). In spite of this planning rigor, Shattuck and Woods found that only 34%
of local commanders were able to follow the intent of their battalion commanders across thirtytwo separate simulations (2000). The failure of the commanders to maintain a common
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situational understanding with their supervisors was attributed to the challenges of coordination
due to distributed communication.
This finding is consistent with the concept of team opacity as defined by Fiore et al.
(2003) Team opacity describes the phenomenon whereby distribution of team members causes a
decrease in the shared awareness of team member actions. This occurs because the environment
of the user changes from a perceptually data rich environment (face to face interaction) to a data
lean and primarily cognitive environment (virtual interaction). The decrease in shared awareness
is explained by the replacement of formerly experienced perceptual cues (facial recognition) by
inexperienced interpreted cues (novel graphical user interfaces).
Therefore in order to improve team opacity thereby increasing team situational awareness
under distributed contexts, system designers should focus their efforts on improving the
affordances of information flow and management. The concept of improving the flow and format
of information, a sentiment shared previously in other areas of the transformation process, derive
in part from earlier work done by Daft & Lengel on the theory of media richness (1986). The
basic premise is similar to that of using multiple modalities, such that different forms of
communication can aid managers in coordinating with others by reducing the cognitive
requirement for information processing (Fussell et al., 1998). The concept of improving
information management is then seconded by Klein’s finding that found the two biggest
challenges to team problem solving was decomposing a task so that it can be delegated across the
team and properly managing information to aid in team coordination and collaboration (Gary
Klein, 2006).

Current Solution Approaches
Across the different characterizations of data overload in CSCW research there are a few
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lessons to be learned for implementing solutions. In solving the message overload problem,
research has traditionally tried to place the computer in a more active role, filtering and managing
messages (R. H. Starr & Murray, 1985). This concept, the use of computer systems to reduce
volume is a similar to the sentiment shared by data fusion. And thus, the same criticisms apply;
solutions that only filter and reduce messages a priori are brittle and subject to failure during
unforeseen events.
The real challenge in managing messages is providing the information in the correct
format and modality that enhances the users’ ability to understand the significance of the
message. When designing a system to aid user communication, the appropriate modality and
format should be chosen carefully. Additional information formats and modalities should be
added to the system only if they improve satisfaction, efficiency, or other aspects of performance
for a given set of users in a context (Reeves, 2004). Once again, this research reiterates that the
real solution to data overload is to provide the user with new innovative ways to understand
relationships between the data and themselves.
In 2003, Tinapple & Woods suggested that to avoid overload in team and personal
communication, the basic unit of organization should change to reflect the patterns of
communications based upon communication relationships (Tinapple & Woods, 2003). In effect,
this recommendation made in 2003, has been part of the success of the new apple i-Phone
released in 2007. The i-Phone provides users with the novel ability to categorize voicemail and
text messages according to the listings in your contact book. This provides a conversational view
of messages, rather than a temporal listing common amongst other mobile phones. The
conversational view offers a contextual understanding in which the user can process the message.
Perhaps even more importantly, spam, a type of message overload, is not a problem when
communications are organized based on relationships.
Finally, research on overload needs to be embedded within context of the task and the
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environment in which it is performed. In environments in which team members are
geographically distributed, extra measures to ensure team opacity and common ground need to be
implemented. Researchers have provided several frameworks to aid developers in designing for
the distributed collaborative applications (Fiore et al., 2003; Sonnenwald, 2004). Other
researchers have provided examples of effective studies of teamwork that embed the importance
of understanding the common ground of teamwork in command and control environments. (M.
D. McNeese, Perusich, & Rentsch, 1999; M. D. McNeese, Rentsch, & Perusich, 2000)
To summarize the findings in CSCW, the demands of the tasks in combination with the
individual preferences of message modality and format are responsible for feelings of cognitive
overload in team environment. When the demands of the task outstrip the ability of the message
to convey the richness of the information, or conversely when the format of the message
oversimplifies the needs of the task, overload is the result. Solutions can be designed to mitigate
overload by organizing messages based on the relationship to the user in a format and modality
that is ecologically relevant to the task.
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Summary
The literature review provides five unique perspectives on the problem of data overload
in the transformation process of team-based distributed cognition systems. The term ‘data
overload’ despites its common usage, connotes a different meaning depending on the relative
field or discipline. Evaluated separately, each of the reviewed scientific fields and engineering
disciplines provide insight into understanding the implied meaning of data overload. Table 2-2
quickly summarizes the characterizations of data overload from the perspective of each of the
reviewed literatures:
Table 2-2 Literature Perspectives on Data Overload
Scientific Field
Data Fusion

Characterization
Problem of system design

Cognitive Systems
Engineering
Human Computer Interaction

Problem of task complexity

Decision Making

Problem of information space

Computer Supported
Collaborative Work

Problem of communication

Problem of interface design

Data Overload Synonyms
Sensor overload, system
overload
Task overload, attention
overload
Visual overload, sensory
overload
Decision overload,
information overload,
attention overload
Message overload, sensory
overload, coordination
overload

The engineering discipline of Multi-Sensor Data Fusion characterizes data overload as a
problem of system design. In this context, data overload occurs as a failure of the engineer to
properly calibrate sensor data retrieval and too much data sent through the system. The challenge
of system engineers is to understand the consequence of the growing ubiquity of available sensor
data its impacts on system design and maintenance. To mitigate data overload in this field
requires calibrating sensors to improve the signal to noise ratio in the data stream between the
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five levels of data fusion.
In the field of Cognitive Systems Engineering, data overload is characterized as a
problem of task complexity in the environment. According to research in this field, data overload
occurs when the attentional demands of the working environment outweigh the attentional
demands of the task. The challenge for cognitive system engineers is to understand the constraints
of the working environment and how they impact the human user and their work. To mitigate
data overload, a hybrid cognition solution is required, providing artificial support to the laborious
tasks of human in the loop operators.
In the field of Human Computer Interaction, data overload is characterized as a problem
of interface design. In this field, data overload occurs when the significance of the data is lost due
to challenges in visualizing and interacting with the information. The challenge of interface
designers is to provide users with tools that aid in displaying the ecological significance of data.
A successful interface design aids users in finding their data while not acting as a bottleneck or
hindrance to their work.
In the relevant social science fields of decision-making, both classical and naturalistic,
data overload is framed as a problem of balancing information needs with the requirements of
decision making. In this information space, data overload occurs when the information in the
environment overwhelms the decision maker with choices resulting in analysis paralysis. The
challenge of behavioral scientists in studying this field is to understand how the needs of the
decision maker’s current situation frame their decision space. To mitigate data overload for a
decision maker is to provide them with the right information at the right time while preventing
them from becoming blind to changes in the environment.
Finally, in the field of Computer Supported Collaborative Work, data overload is
characterized as a problem of communication. Data overload can occur in groups of two or more
people when the means of communication hampers the ability for individuals to process
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messages. The challenge for system designers is to understand the complexity of communication
mediums and their affect on users maintaining group awareness of a situation. To mitigate
overload is to provide users with a means to manage the sets of communication messages they
receive without oversimplifying or reducing the pedigree of information.
Collectively these perspectives inform the different connotations of the term ‘data
overload’ that is used commonly through out the literature. Table 2-3 below lists the many
synonyms of data overload, their symptoms and solution approaches. This data overload
taxonomy is intended to aid other researchers and developers in diagnosing problems of data
overload in their own command and control systems.
Table 2-3 The Data Overload Taxonomy
Characterization Symptom

Solution Approach

System
Overload

System fails to observe data or
reports false-positive anomalies.

Task Overload

User has too many tasks to
complete in a limited amount of
time
Interface is unintuitive and users
can’t easily find the needle in the
haystack.
Decision makers have trouble
prioritizing which problems
require their attention
Decision makers have trouble
selecting a proper course of
action
New communication messages
cause users to be interrupted or
distracted from completing their
task.
Oversaturation of information
modality causes users to ignore
new information
Communication messages
distract and hinder teams from
effective coordination

Apply proper fusion techniques,
using human observation to
calibrate the system
Require computer automation to
augment, assist, and aid the human
operator in completion of their task
Present the data in context of the
larger data set, enabling
visualization of relationships
Focus operator attention on the
relevant data in their situation
space.
Reduce extraneous information and
assist in generating metrics for
option evaluation
Manage incoming messages,
present only when a user is not
engaged in a critical activity

Interface
Overload
Attention
Overload
Decision
Overload
Message
Overload
Sensory
Overload
Coordination
Overload

Present information in a format and
modality that is ecologically
relevant to the task and the user
Organize messages based on the
relationship to the user and their
team
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Chapter 3

Materials & Methods

Research Approach
Researchers studying data overload in the context of distributed cognition face many
challenges in isolating components of command and control systems for analysis. Aside from the
traditional restricted access to individuals with domain expertise, network centric environments
are volatile in nature. Relevant information and actionable knowledge is temporal and situational
within a given context. Eliciting that knowledge through traditional methods of observations,
surveys, and concept mapping, while useful for reconstructing the principal cognitive elements
present in a decision makers task, is inadequate for capturing all of cognitive elements present in
the specific time span.
NeoCITIES is a simulation that simplifies the complex distributed cognition environment
of a crisis management command center for the purpose of studying naturalistic decision making
(R. E. T. Jones et al., 2004). NeoCITIES is an evolution of the original simulation design logic
from the simulation CITIES by Wellens & Ergener (1988). As a simulation, researchers can
examine and collect data with a greater degree of granularity and comprehensiveness than what
would be possible in an actual disaster scenario. NeoCITIES was developed to study the problem
of data and information overload in human responders and investigate the various relevant factors
and their effect on team performance and behavior.
The NeoCITIES task is a team resource allocation problem based on the study of
teamwork, decision making, and communication in emergent situations in emergency crisis
management (McNeese et all, 2005). The purpose of this task is the examination of team
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decision-related outputs in a controlled virtual environment. The simulation was developed to
emulate the decision making process of an emergency services dispatch operator during resource
management. Each dispatch operator appropriates the resources with three distinct teams: police
services, fire and emergency medical services, and hazardous materials disposal services.
As individuals and as a team, participants address a wide range of events, from small
routine events to larger complex events. Routine events are often isolated to the responsibility of
only one member of the dispatch team and reflect the typical events experienced by 911
dispatchers on a regular or semi-regular basis (Terrel, 2005). The larger complex events require
resources from multiple response teams and have the potential to escalate in complexity as
determined by the increased number of resources. Success in the simulation is a function of both
the timeliness and accuracy of participant responses to events.
Large clusters of events that occur over a short timeline are grouped into scenarios. The
scenarios of NeoCITIES vary thematically ranging from high workload scenarios, such as
managing security and safety at a Penn State Nittany Lions football game, to extreme events
including response to natural disasters and terrorist activities both domestic and abroad. Scenario
events are constructed to be purposefully vague, unexpected, and complex, typically occurring
under time-pressure. Through manipulation of the scenario events researchers can recreate the
conditions that produce data overload in dispatch operators and decision makers.

The Living Laboratory Framework
The proposed research study will employ the Living Laboratory framework as described
in McNeese, Perusich & Rentsch (1999). The Living Laboratory framework is a problem-based
approach to research that provides the researcher a methodology to examine the overall problem
and define the scope of the study. The Living Lab focuses on the intersection between cognition,
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which is situated and distributed, technology, which is scaled and simulated, and work, which is
the context of environment.
The Living Laboratory framework, shown below in figure 3-1, contains four stages used
to describe a problem: (1) knowledge elicitation, (2) scaled worlds, (3) reconfigurable prototypes,
and (4) ethnographic study. The living laboratory framework is a proven and valid model for
performing research and has been used as a basis for several papers and dissertations (see
Connors, 2006; Friedenberg, 2006; R. E. T. Jones, 2006; Obieta, 2006; Pfaff, 2008; Terrell,
2006).

Figure 3-1 The Living Laboratory Framework (M. D. McNeese et al., 1999)

To follow the living lab framework, researchers start first by identifying a problem. This
problem becomes the focus of all stages of the research process, beginning the ethnographic study
and the elicitation of knowledge from domain experts. This contextual grounding of the problem
provides an empirical basis for the development of theory informed through literature review.
These theories are tested in an experimental setting, a scaled world simulation of the operational
environment of the problem. This provides internal validity to the research process ensuring
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experimental results will generalize to the operational setting (MacMillan, Entin, & Hess, 2004).
Finally the results from the scaled world simulations are used to inform the development of
prototypes that are the culmination of recommendations based in grounded theory to solve the
problem. Findings can then be interpreted and extrapolated back to the actual domain and
observed once more to evaluate their effectiveness in the operational setting.
For this study, the living lab process begins with the identification of the problem of
overload in emergency 9-1-1 dispatch centers. In the selected domain of emergency crisis
management, ethnographic study and knowledge elicitation has already been performed by
Terrell in her dissertation research (2006). This research provided a grounded theoretical basis
for modeling dispatcher sensemaking, decision-making, and communication. These theories
informed the development of a scaled-world simulation, known as NeoCITIES. Designed as a
distributed resource allocation task, mimicking the interactions of emergency dispatchers,
NeoCITIES is the spiritual successor to the CITIES simulated task environment created by
Wellens & Ergener (1988).
As a scaled-world simulation of emergency crisis management, NeoCITIES emulates the
complex functions of emergency crisis control and dispatch centers by replicating the problem of
resource allocation amongst Police, Fire, and Hazardous Material (Hazmat) teams. The
simulation mimics a geographically distributed system, requiring all coordination and
communication occur through the NeoCITIES software (2004). NeoCITIES places participants
in the roles of the information and resource managers of their teams responsible for assessing
threats, determining the severity of incoming events, deciding on appropriate measure of
response, and coordinating their actions with the managers from the two other teams (M. D.
McNeese et al., 2005).
As an integral part of the living laboratory process, the scaled-worlds simulation of
NeoCITIES provides an opportunity to study the problem of data overload. The team-based
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simulation provides a flexible system that can be reconfigured to exemplify the many types of
data overload, defined in the previous chapter, that are possible in the domain of emergency crisis
management. For this research, NeoCITIES will provide the basis for a team-based simulation of
data overload scenarios in emergency crisis management. Experimental results obtained by
running the NeoCITIES simulation can therefore be generalized back to the domain of emergency
crisis management, completing the living laboratory cycle.

Applying the Data Overload Taxonomy to NeoCITIES
The data overload Taxonomy developed at the end of chapter 2 is a useful tool for
diagnosing and understanding the types of data overload that can affect a distributed cognition
system. NeoCITIES is an instance of a distributed cognition system, and as such is also affected
by data overload. A survey of the previous studies and dissertations conducted with NeoCITIES
reveals the types of data overload that plague the simulation. Reported symptoms of data
overload were evaluated based on the type of data overload defined in the taxonomy. A summary
of the reported symptoms from previous NeoCITIES studies is shown in the table below.
Table 3-1 Survey of Data Overload Symptoms from previous NeoCITIES studies
Previous Study
Connors (2006)

Type of Data Overload
Visual & Interface
Overload

Problem Description
The user interface hindered the user ability
to perform the task.

Friedenberg (2006)

Coordination Overload
Message Overload

Teams may be overwhelmed with a means
for collaboration that facilitates awareness

Obieta (2006)

Task Overload

The pace of events in a scenario can
overwhelm the users ability to respond
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Previous Study
Jones (2006)

Type of Data Overload
Decision Overload

Problem Description
The difficulty of prioritizing multiple
events based on the severity and context of
the scenario

Pfaff (2008)

Coordination Overload
Interface Overload
Task Overload

The inability to communicate and work
with others can result in stress

The first symptom of data overload was reported in Connors dissertation (2006). Connors
examined the use of adaptive interface technology and its ability to increase operator
performance. His research focused on the careful design and adjustment of the NeoCITIES user
interfaces to avoid human error induced by visual overload. Even with his improvements to the
user interface, users still reported challenges in completing the task due to interface manipulation
barriers.
In his master’s thesis, Friedenberg suggested further improvements to NeoCITIES by
evaluating the components and structure of a geo-collaborative web portal. His work suggested
the importance of collocating regions of collaboration and regions for establishing shared
situational awareness. He argued that without tools to support geo-collaboration, teams would be
overwhelmed in managing requests for help. Although he did create a new mockup of the
NeoCITIES interface, the interface was never fully implemented.
Research by Obieta (2006) for his master’s thesis detailed the intricate process for
creating scenarios that are both realistic and provides a proper level of challenge to participants.
Data overload, from a scenario standpoint, is a function of the pace of events. This is defined by
the number of events dispatched to users constrained by the amount of time given for them to
respond. NeoCities is designed so the performance of the team degrades if events are left
unaccounted for, or their resource requirements are improperly met. This limitation results in
stress that is both challenging to participants and provides necessary realism of the study.
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One of the added challenges of decision makers in emergency response management is
recognizing when a single event is apart of a larger pattern of events. To facilitate this recognition
process, research by Jones employed the use of fuzzy cognitive maps to aid participants in
deciding upon resource allocation strategies (2006). Results from this study indicate that
participants were less overwhelmed with fuzzy cognitive maps because they were able to place
events in context of a larger scheme and react accordingly. Overall data overload in decision
making in NeoCities is defined by the challenge of the participant in evaluating the severity of the
events against their availability of resources while controlling for the need to collaborate with
others.
Pfaff (2008) examined the manipulations of stress and mood on NeoCITIES participants
and examined their effect on team performance. In post qualitative interviews, participants
reported coordination with others was one of the most significant challenges in performing their
task. Many forms of data overload were indirectly recorded in his work. Participants felt
overwhelmed by the task, reported frustrations in the use of the interface, and difficulty
collaborating with teammates. All of these data overload types contributed to the stress and mood
his participants.
Collaboration is the biggest challenge in participation in the NeoCities simulation. Many
of the dispatched events require coordination from multiple team members. On top of this
responsibility, each member has events unique to their roles as a Hazmat, Fire, or Police
dispatcher. The ability to coordinate with others, communicate in chat, and avoid interruption
frames data overload from the CSCW point of view.
Analysis of the previous studies in NeoCITIES suggests that the simulation is vulnerable
to several forms of data overload that may require mitigation. The dominant forms of data
overload reported as a result of participant behavior included decision overload, message
overload, coordination overload. The dominant forms of data overload reported as a consequence

60
of system design includes task overload, visual overload, and interface overload. This research
suggests that a mitigation strategy should address the behavioral concerns of NeoCITIES by
providing a new means to aid participants in managing their communications, coordinating their
actions, and helping them select a decision. This research also suggests that the manipulation of
data overload can be achieved by controlling the pace of events in a scenario and by constraining
their use of the NeoCITIES interface.

Simulation Structure
The NeoCITIES architecture was built from the ground up for this dissertation and to
provide future use as a research platform for C2 systems researchers. NeoCITIES is a web-based
application built using standard web deployment technologies. Figure 3-2 illustrates the systems
architecture diagram. In NeoCITIES, each user plays the simulation from their own terminal.
The terminal is responsible for maintaining connectivity to the web application server during the
simulation.

Apache Tomcat Web Server

Wide Area Network

Development Technologies

Java

BlazeDS

Flex

Figure 3-2 The NeoCITIES system architecture diagram.
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NeoCITIES is a standard client – server web application deployed on an Apache Tomcat
6.0 web server developed using three technologies: Sun Java, Adobe BlazeDS, and Adobe Flex.
In tandem, these three technologies provide a stable, secure platform for the development of the
NeoCITIES Simulation. Java 1.6 was used to develop the core simulation engine. The
simulation engine is a multi-threaded application that handles the event and resource data,
maintains the state of the world, and calculates event scores.
BlazeDS is an open source product developed by Adobe that provides a back-end data
communication layer between the Java simulation engine and the Flex client user interface. As a
java package, BlazeDS integrates with the existing Java simulation engine and handles all the
communication requests to the client flex interface. BlazeDS automatically serializes the data
between the java and flex objects. BlazeDS integration also provides the critical support for push
communication to the client. The push functionality is what enables the flex client to “listen” for
new events to be pushed in real time from the java simulation engine.
Adobe Flex is the development platform used to build the client user interface in Adobe
Flash. The client user interface is a flash application that supports the interaction of a single team
player (i.e. one of police, fire, or hazmat) in a web browser. Each additional team player requires
their web browser in order to access to the flash application for a full team interaction. As a flash
application, NeoCITIES can be deployed onto any device or hardware platform with a web
browser that supports Flash Player 9 or higher. This ability gives NeoCITIES an unprecedented
level of accessibility and provides the capability to run truly distributed teams.
NeoCITIES consists of two flex applications: the client user interface and the
administrator’s server console. The client user interface is the window into server’s state of the
world and provides all of the standard interface widgets necessary to perform the NeoCITIES
resource allocation task. The administrator’s console, aptly named the NeoConsole, provides the
controls necessary to manipulate the server including editing scenario events, starting and
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stopping scenarios, and viewing the raw scoring data. Development of these applications took
place from May of 2008 to March of 2009 resulting in well over 10,000 lines of written code.
NeoCITIES 3.0 is the third incarnation of the simulation and has been rebuilt from the ground up
to support this research study and to further advance NeoCITIES as a research platform.
The following sections will review in greater detail the capabilities and design of three
components of the NeoCITIES Simulation. As a research platform NeoCITIES provides (1) a
reliable method for evaluating human performance, (2) and an extensive modular graphical user
interface. As a newly developed simulation, (3) NeoCITIES also underwent several rounds of
pilot testing, which is reviewed at the end of this section.

The Human Performance Scoring Model
The basic premise behind the scoring model in NeoCITIES is the idea of event growth.
Rather than modeling the actual damage caused during an event, NeoCITIES measures the
artificial concept of regret based on participant performance. This concept of regret was inherited
from the original design of the CITIES task (Wellens & Ergener, 1988). Regret is a measure of a
player’s opportunity lost in an event through inaction and slow or incorrect response. By
measuring regret, NeoCITIES generates a measure that is consistent across all scenarios
regardless of their context. This also avoids the common pitfalls associated with attempting to
calculate damage such as the difficulty in associating numerical value with subjective estimates
such as lives lost.
The event growth equation that calculates regret works as follows: When events are
dispatched from the simulation engine to the client they are assigned an initial severity ranging
from magnitude 1 – 5. A severity magnitude of ‘2’ and ‘3’ are the median size of most events.
This initial severity seeds the growth equation along with several constants. As time progresses,
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indicated by the time-step (t), events grow in magnitude(M). The growth in magnitude has direct
implications on the number of resources required to solve and diminish it. A graph of the scoring
model and the growth equation demonstrates this relationship between the initial severity of an
event and the number of applied resources.

Event Magnitude

Score Curves for Allocation of 0 to 5 Correct Resources
w ith Initial Event Severity = 3
M t = a*M t-1 + b*M t-12 - c(R)
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Figure 3-3. The NeoCITIES Scoring Model & Equation

When correct resources are applied to an event the value of the good resources variable
(R) increases. When the value of the variable (R) and its constant (c) grow larger than the size of
other constants and variables only then does severity begin to decrease. In this method events do
not resolve instantly once the correct the number of resources have been applied. The time it
takes for an event to deplete is directly proportional to the number of good resources applied to
that event. The more good resources present beyond the minimum size of the initial severity, the
faster the event will resolve.
The constants in the growth equation shape the size and speed of the severity growth. As
it is currently calibrated, the constants have been set to maintain a near 1: 1 relationship between
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the severity of the event and the number of resources required to solve it. Thus an event with a
severity of ‘3’ requires approximately three resources in order to resolve in a timely manner; two
resources will still get the job done but do so in a much longer timeframe. The constants that
determine this relationship are set per scenario, allowing the researcher to vary and manipulate
the number of resources required to solve an event.
If left unattended the event will continue to grow until either the event reaches a set time
limit or the magnitude of the severity reaches a set growth limit. In either case the event will fail
when it reaches these conditions. Theoretically events can grow to a near infinite severity, which
is why for purposes of realism and scope most events have either a time limit or a severity limit.
Another method to limit growth is by setting a severity cap for an event. A cap is different from a
limit; a cap will not cause an event to fail but rather prevent the severity from growing further.
For example if the severity cap is set to ‘5’ the severity will grow to but never exceed 5 for the
remainder of the event duration. In this case the only way for the event to complete is for the
player to allocate the correct number of resources or else the event will fail when if it reaches the
event time limit.
Two main scores are generated based upon this scoring model for each event: the raw
score and relative score. The raw score is a simple tabulation of the sum of the magnitudes that
occurred in the severity of that event. The raw score demonstrates that events are worth different
points with bigger more complex events being worth more than smaller severity events. This
score conveys to the user that a house fire is more important to solve than a trash can fire.
However if that trash can fire is left unattended it too can grow to be significant. This challenges
the player to prioritize their resource allocation while still maintaining an active memory of
ignored events to be attended to later.
The relative score is a weighted calculation that provides a percentage estimate of their
performance in that specific event. The relative score is calculated by comparing their raw score
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against the estimated worst action score (WAS). The WAS is a calculation of raw score assuming
that the player took no action. This ratio of raw / worst score is then subtracted from 100 to give a
result where a higher score is better. Since the relative score is weighted, events of all severities
are treated as equal. The effect of the relative score on the player is to place emphasis on
performing well on all events, not just those of high initial severities.
At the end of the scenario, team performance is evaluated by measuring the average of
the relative scores (higher is better) and the sum of the raw scores (lower is better). These two
measures provide a reliable measure of evaluating team performance for the given scenario.

The NeoCITIES Client User Interface
The primary components of the NeoCITIES user interface are: the event tracker, the
communications module, the resources panel, the unit monitor, and the scoring summary. Figure
3-4 on the following page highlights the locations of these aforementioned areas in a screenshot
of the NeoCITIES client user interface.
The event tracker displays events that occur in scenario at the time of when they are
dispatched. The events contain a description and other useful details that can be inspected to
provide further information regarding the event which players use to assess which resources need
to be allocated. The description reports are meant to reflect alert communiqués from city officials
(e.g., the Mayor, the city council, the district attorney), national security agencies (e.g., the
Department of Homeland Security, the Federal Bureau of Investigation), local informants, and
from private citizen groups (e.g., the neighborhood watch, the local parent-teacher organization).
These messages were purposely designed as a simplification of the communication process
experienced by real world emergency response teams. NeoCITIES was developed to focus on the
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data overload experienced by dispatch operators caused by decision making rather than on the
data overload caused during the information collection process.
The primary purpose of the communications module is to relay messages between team
members. Many events require resources from multiple teams in order to resolve. For example,
an event where a tractor trailer containing radioactive material overturned on a highway would
require Hazmat to send a unit to decontaminate the area, Fire/EMS to send an ambulance for the
injured driver, and Police to send a squad car to redirect traffic. These complex events necessitate
coordination and communication between teams; the communications module is designed to
assist in this task. The module provides a resource display of your teammates units and the label
of the most recent event they dispatched resources to. In addition to a fully functional real-time
chat capability, these features enable the players to coordinate their actions to appropriately
respond to complex events.

Figure 3-4 Screenshot of the NeoCITIES user interface
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The resources panel displays the different resources that are available for the player to
dispatch to events. Each player team has a unique set of resources that can be applied to events.
Each resource has a limited number of units at the player’s disposal. Each unit is represented by
their icon and labeled with a badge number (e.g. Squad Car 54) to help players keep track of their
location. When resources are dispatched, the icon shades grey, informing the player that the unit
is currently deployed. The other primary function of the resource panel is to support the
dispatching of player resources to an event. By clicking the Dispatch Units button the interface
expands [not shown in the screenshot] to allow for graphically dragging and dropping resources
to selected events in the event tracker.
Dispatched units are displayed in the unit monitor. The unit monitor displays pertinent
information regarding the units’ status, including its current location and field reports from the
event. The field report column displays feedback when the unit arrives at an event. The other
primary function of the unit monitor is to support the player action of recalling a dispatched
resource unit. At anytime regardless of whether or not the unit is working to resolve an event, a
player can choose to recall a unit back to the home station making it available for reallocation.
Resource units automatically recall when an event has failed or completed, but in the cases where
an extreme event occurs, players can choose to reallocate their resources from routine events to
help solve the larger problem. Players should analyze the feedback found in the field reports to
help them make the proper decision.
The feedback displayed in the unit monitor contains three contextually encoded
messages: appropriateness, resource allotment, and hidden profile information. Appropriateness is
the first feedback message that indicates whether or not that resource is correct for this event. If
the unit is incorrect it will remain deployed on scene until the user recalls it back to the station.
The second message, resource allotment indicates if more resources are needed to resolve the
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situation. If the player has already dispatched all their units, then they will need to ask for help
from a teammate in order to solve this problem. The final message, hidden knowledge profiles,
are special feedback messages only given to certain resources emulating the specialized expertise
or knowledge of units in the field (Jefferson et all, 2004). For example, given an event of a house
fire, only a fire investigator would be able to discover the fire was set by arson cueing the player
to ask the police team for assistance in catching the criminal.
The final primary interface element of the NeoCITIES Simulation is the scoring summary
screen [not displayed in the screenshot]. Once all events have completed to success or failure the
summary screen displays the final tallied scores of the scenario. A table of the scenario events is
displayed along with their status and two scores. The first score displays their performance
percentage relative to that event. The second score displays as a bar graph their absolute raw
event score. Highlighting an event will reveal the description of that event from the scenario, and
highlighting the status (e.g. success or failure) reveals a description of the result. This feedback
enables the user to learn from their scenario experience while communicating with their
teammates in order to improve their performance.
Absent from previous versions of NeoCITIES is the presence of the interactive map. The
map used to provide visual indications, icons, of the geospatial coordinates of events as they
arose in a given scenario. The map supported annotations to enhance group collaboration. These
features have been temporarily removed from the NeoCITIES interface to focus the task on the
information processing aspects of analyst decision making. Support for geospatial mapping and
collaboration will be reintroduced in a future version of NeoCITIES following the integration of
the ESRI ArcGIS mapping toolkit.
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Pilot Testing
Pilot testing the NeoCITIES simulation was a crucial stage in calibrating of the difficulty
of the task load, testing the functionality of the user interface elements, and designing the player
training and assessment. For each pilot test volunteers were recruited given the requirement that
they would not be eligible for participation in real experiment. The volunteers consisted of fellow
graduate students, research assistants, and friends of the primary investigator. Four separate pilot
tests were conducted in March of 2009, each with its own focus and outcomes labeled in the table
below.
Table 3-2 Pilot Testing Summary
Pilot
1
2
3
4

Focus
User Interface Feedback
Training Design
Training Feedback
Scenario Design
Survey Design
Questionnaire
Practice Run
Data Collection

Outcome
New U.I. Design
Modified Training Slides
Scenario Pacing
Task Load Calibration
New Training Method
Modified Surveys
Finalized Scenarios
Finalized Training
Finalized Surveys

The first pilot test focused on acquiring feedback on the design and usability of the
NeoCITIES client user interface and the clarity of the training slides. The language of several
slides was changed as a result of this pilot. From the feedback garnered in this pilot session, the
user interface also went through several changes. Most notably, the location and mechanism for
recalling resources was redesigned as was the ability to detect the severity of events based upon
the background color of the event’s status. The team user interface elements were also tested to
ensure that users could effectively communicate with each other.
The second pilot test reviewed the changes from the first pilot with the same group of
pilot subjects and this time focused their feedback on the design of the scenarios. The primary
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element of the scenario design that was manipulated was the scenario pace. The pilot participants
played through several variations of scenarios each with a different average pace between events.
From this testing it was discovered that an average pace of 25 seconds produced a balanced
experience in participants, where 30 seconds was too slow and 20 seconds caused participants to
experience symptoms consistent with data overload. At the end of this pilot testing it was decided
that 20 seconds would be the average pace for events in the low task load condition NeoCITIES
and 25 seconds the average pace for event in the high task load condition.
The third pilot test examined the scenario pacing changes and focuses on participants
answering the survey questions and the final questionnaire. Many useful semantic and phrasing
suggestions were incorporated into the surveys as a result. This third pilot also tested the scenario
changes with an entirely new group of pilot subjects, completely new to NeoCITIES. This group
felt that the training slides took too long to read and were too verbose.
In the original design, training included upwards of 30 slides followed by a quick 5
minute training scenario, taking roughly 20 minutes to complete. Based upon their feedback, the
slides were consolidated down to 10 basic task information slides that took only 5 minutes. The
design goal behind the new training manipulation was to place emphasis on experienced based
learning. In order to stress test participants in the data overload scenarios the participants needed
to be competent in performing the NeoCITIES task. To assure competency at the task,
participants were required to pass 7 of the 10 training scenario events.
The final pilot test was a practice run incorporating all of the changes learned from the
previous pilot sessions. This pilot also used an entirely new group of participants, all new to the
NeoCITIES simulation. The focus of this pilot was on the execution of the procedures of the
experiment, to practice data collection, and stamp out any remaining bugs or errors. The new
training method developed in the previous pilot was used to much success. Participants were able
to complete the training and begin the trial conditions after only two attempts at the training
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scenarios. No errors occurred and participants were able to answer the survey questions without
issue or complaint. This concluded the pilot testing and participants were now ready to run
through the real experiment.

Experimentation
As a platform for conducting experimental research NeoCITIES provides many
opportunities for investigating variables associated with human in the loop distributed cognition.
Table 3-3, below summarizes the types of dependent variables and their metrics generated by
NeoCITIES.
Table 3-3 Generated Dependent Variables & Measurements in NeoCITIES
Dependent Variables:
Task Performance
Situation Awareness
Player Communications

Measurement:
Raw Score, Relative Score, Response Errors
Synchronicity, Sequencing, & SAGAT
Frequency encoded chat logs

NeoCITIES generates several metrics that enable researchers to evaluate the dependent
variables of task performance, player communication, and situational awareness. Task
performance in NeoCITIES is evaluated based on the speed and accuracy of a player’s response.
In addition to automatically generating the aforementioned raw and relative scores, the simulation
also records the history of actions for a particular event. From the event history researchers can
analyze several indicators of task performance and the team’s situational awareness including
response errors, sequencing, and synchronicity. The response errors are frequency counts of the
number of incorrect resources dispatched to the event. This provides further insight into the
accuracy of the user in performing the task.
Sequencing and Synchronicity are variables designed to assess the temporal situational
awareness of teammates in performing the NeoCITIES task. This paper refers to Endsley’s
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model for the definition of situational awareness (2000). Sequencing is the ability of NeoCITIES
to record the order in which correct resources are applied to an event. This recorded sequence
can then be compared to the planned order as determined in training to assess the team’s ability to
perform together. Synchronicity is the ability of NeoCITIES to record the time in which correct
resources are applied to an event. Synchronicity gives insight into the sequence of events
determining if the team acted together within a preset timeframe. Finally, to measure Endsley’s
defined levels of situational awareness, the simulation supports temporarily pausing the scenario
to issue the participants SAGAT (Situational Awareness Global Assessment Technique)
questions (Endsley, 1988). The SAGAT survey tool was created by Endsley’s company SA
Technologies to determine the player’s level 2 (comprehension) and level 3 (prediction) state.
The third dependent measure generated by NeoCITIES is the qualitative player
communication data recorded in the chat panel. As collected in the administrator console, all
player communications that occur within the chat panel can be stored for future analysis.
Although this requires human analysis, we’ve adapted a coding scheme developed by Entin and
Entin to analyze the frequency of different types of communication requests (2001). These
frequencies are useful for determining the number of coordination, information, and
acknowledgement requests issued by teammates in the simulation.

Independent Variable Manipulation
NeoCITIES provides a rich environment for the manipulation of the player and the task.
Table 3-4 below summarizes the many potential independent variables that can be manipulated in
NeoCITIES. This is not a comprehensive list, but merely the beginning of what is possible with
the simulation task environment.
Table 3-4 Potential Independent Variable Manipulation in NeoCITIES
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Independent Variables:
Training
Interface Manipulations
Team Composition
Context
Task Load

Potential Manipulation:
Instructional Design, Stress & Mood
Cognitive Aids, Adaptability
Demographics, Structure
New Resource Types, Unit Counts, Events
Pace, Severity, Complexity

The training of player teams in NeoCITIES refers to any task the player must complete
prior to their first scenario in NeoCITIES. Training plays an important role in educating the team
for the task ahead. The instructional design of the training manipulation can alter the effective
level of expertise of participants. Some variations that have been conducted to include cross
training individuals on the units and resources of their teammates to improve team
comprehension. Other training exercises have attempted to manipulate the stress and mood of
participants in order to observe its affect on task performance.
The manipulation of the graphical user interface of NeoCITIES is an excellent way to
observe the effect of implemented decision support and other cognitive aids. NeoCITIES was
developed in Flex to be completely modular, allowing the addition or removal of any element of
the interface without breaking the underlying simulation. This composable architecture facilitates
the rapid experimentation of new interface prototypes that can be immediately play tested by
users.
Player teams in NeoCITIES can be manipulated by altering the demographic composition
of the team or by changing the underlying structure of the team. Teams can be composed based
on set demographic criteria such as gender, ethnicity, age, or experience. NeoCITIES provides a
repeatable method to examine the interaction effects of homogenous and heterogeneous teams.
The structure of the team is also flexible in NeoCITIES; the researcher can develop new teams as
necessary, assigning new units and new resources. Teams can also have multiple players sharing
the same role, i.e. two players could both play the police team and would have to share resources
and make joint decisions.
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The ability to change the context of the task is one of the most powerful features of the
NeoCITIES simulation. Although the current scenarios are designed to emulate emergency
planning in crisis management, new scenarios can be imagined in almost any context with a
similar task. For example the resources, units, and events of NeoCITIES could be repurposed to
represent strategic or tactical planning in military decision making domains. The entire context of
NeoCITIES can be changed simply by changing the style sheet of the application, graphically and
semantically modifying the simulated environment. Furthermore, these changes would not affect
the reliability of the simulated results.
The most common manipulation using the NeoCITIES simulation is to alter the task load
participants experience in a scenario. Task load in NeoCITIES is defined by the combination of
the pace, initial severity, and complexity of the events in a scenario. Scenario pace is the average
time between when events are dispatched. Longer times between events, a slow pace, result in an
easier task load and vice versa. Similarly, as the initial severity of events is raised, so does the
difficulty of the task. As per the scoring model, events with a higher severity, require more
resources, fail quicker, and generally take more time to resolve. The complexity of events refers
to the number of teams required to dispatch resources to this event. The most complex events
require all teams to respond, necessitating coordination and planning amongst the team members.
These complex events significantly challenge players and thus directly impact the task load of the
scenario.
There are many possible combinations of event configurations far beyond what can be
reasonably listed here. The development of a scenario requires balancing the many variables
offered by the simulation and manipulating only those that match the needs of the proposed
research. The challenge for the researcher is not in creating the most difficult scenario possible.
Instead, the task of the researcher is to engage the participant in the scenario, capturing their
interest in order to provide good results.
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Experiment Design
The first experiment that was designed and completed using the new enhanced version of
NeoCITIES was the investigation of data overload and the manipulation of cognitive aids.
Informed from the literature, this experiment addressed the main research question of:
“In the context of human-in-the-loop systems, what is the relationship between
data overload and the communication related elements of the user interface?”
For this experiment NeoCITIES represents a specific instance of a human-in-the-loop
distributed cognition system that provides the communication user interface elements and a task
that can be manipulated to incur data overload conditions. In the context of NeoCITIES data
overload can be incurred through careful calibrated combination of the pace, initial severity, and
complexity of the events in a scenario. For this experiment, two different scenarios were created
with each scenario containing exactly 22 events.
The two unique scenarios were created with the intent of calibrating each scenario to a
specific categorical level of task difficulty: low and high. The low task load scenario was
calibrated with a consistent pace between events, average levels of initial severity, and a limited
number of complex events. The high task load scenario was calibrated with a clustered pace of
events, meaning few events were dispatched initially, and then many events were dispatched in
close proximity. The levels of severity and number of complex events were held constant
whenever possible. Calibration of the task load took place during the pilot testing period of the
experiment, explained further in a later section.
The purpose behind the two scenarios was to examine the differences in the dependent
measures, the performance scoring and the player communication frequencies at the situation
level of analysis. These two scenarios also provided data and a means for comparison at the
event level of analysis. The differences in event composition can be analyzed to determine which
factors of event composition result in increasing associated measures of data overload. However
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most of the data collect in this experiment are intended to be analyzed as the sum of the parts, as
one single scenario or situation. Together, these two scenarios provide a wealth of analytic data
that serve as a basis for comparison of the primary manipulation of the study, the communication
user interface elements in NeoCITIES.
In prior versions of NeoCITIES the communication user interface consisted only of a
text-based chat module, providing no external methods for tracking your teammate’s resources or
coordinating your actions with your teammates. Several new interface elements were introduced
in the most recent version of NeoCITIES. The first new interface element, the team panel was
designed as a cognitive aid to assist teammates in coordinating their resources to respond to
events in NeoCITIES. Displayed as a component of the communications panel, scene below in
figure 3-5, the team panel displays the resources and estimated availability of their teams units.
The team panel also displays the most recent event where resources were dispatched by their
teammate.

Figure 3-5. The Team Panel User Interface Adjacent to the Chat

The second new additional communication element to the NeoCITIES user interface is
the team event activity window. Seen below in figure 3-6, the team event activity window is
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found by double-clicking an event in the tracker. This pop-up window displays the resource units
that have been dispatched to that event from any teammate. This is the only method available to
players, aside from basic text chat, that enables them to track their teammate’s resource
allocation. For example, in the image below, taken from the point of view of the Police team, the
police chief will be able to see that the Fire chief has dispatched two fire trucks to the event – Fire
Fire Everywhere. However only the fire chief will be able to read the field report message, the
police chief sees the message below – “You are not authorized to view this report”. Therefore
teammates will still need to communicate with each other to ensure that everyone’s units are
being allocated properly and effectively.

Figure 3-6 The Team Event Activity Window

In previous versions of NeoCITIES participants communication was dominated by
information requests about another team members’ status. The presence of these new interface
elements sought to reduce the need for team members to communicate information requests in
chat, enabling them to allocate their attention to other parts of the task. These interface elements
automate the tracking of basic team information including resource totals, dispatched resources,
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and active team events. These new interface elements provide a means, external from the chat
interface for team members to assess and monitor their teammates.
In the framework of the living laboratory, the communication elements constitute the
reconfigurable prototype stage. These interface elements serve as the manipulation in this
experiment. There were two categorical levels of interface presence: enabled or disabled. When
disabled, all of the interface elements discussed here were not be visible to the participants and
they were only able to communicate through text based chat. When enabled, all of the interface
features discussed here were visible in addition to the text based chat.

Research Design
The purpose of this experiment was to address the primary research question:
R1: What is the relationship between data overload and the communication related elements
of the NeoCITIES user interface?”

In order to investigate this hypothesis, this experiment employed a 2x2 factorial design.
All four conditions were conducted as within subjects testing comparing the presence of the team
user interface elements against two different data overload calibrated scenarios. The first data
overload scenario was designed to be the more challenging of the two and is labeled as the High
task load scenario. The second data overload scenario, while still challenging, was slower paced
than the first scenario as was calibrated during pilot testing. This study consisted of four separate
conditions, shown below in table 3-5.
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Table 3-5: 2x2 Factorial Design
Team U.I. Disabled

Team U.I. Enabled

High Task Load

A

B

Low Task Load

C

D

Listed separately the four conditions are:
A: High task load scenario with team user interface elements disabled
B: High task load scenario with team user interface elements enabled
C: Low task load scenario with team user interface elements disabled
D: Low task load scenario with team user interface elements enabled

In order to balance the order in which participants experience the conditions and
minimize learning effects, this experiment employed a modified Latin squares design. The Latin
squares table was modified as the conditions for user interfaces were always paired together to
accommodate the physical requirements of the lab space. Participants randomly experienced
either the two conditions with the user interface elements enabled (B & D) or the two scenarios
with the user interface elements disabled (A & C). A traditional Latin squares design would have
alternated the interface elements every other condition in conjunction with alternating the
scenarios. Despite this limitation, scenarios were randomized to the pattern of Latin squares,
where each condition is unique to the row and column, which was still maintained throughout the
experiment. The Latin squares table can be seen on the following page.
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Table 3-6 Latin Squares Experiment Design
Order

Teams

Period
1

2

3

4

1

¼ of all teams

A

B

C

D

2

¼ of all teams

C

D

A

B

3

¼ of all teams

B

A

D

C

4

¼ of all teams

D

C

B

A

In order to ascertain the relationship between the overload conditions and the team user
interface elements, three different types of data were collected: (1) task performance scores, (2)
self and team assessment surveys, and (3) communication chat logs. Further information of the
data collected for this experiment is explained in a later section. The task performance scores,
measured at the team level were generated by the NeoCITIES simulation. These scores were
analyzed to evaluate how well the participant’s team performed at the task. Based upon this data
the following two hypotheses were suggested:
H1:In conditions with high task overload, scores will be lower than the low task load
scenarios.
H2:In conditions with the presence of team user interface elements, scores will be higher
than without the team user interface elements.

The suggested hypotheses above were the expected interaction from the participants
measured by the scoring model of NeoCITIES. For H1, the high task load scenarios contain the
most challenging order and design of events and thus scores were expected to be lower than the
low task load scenarios. For H2, the presence of the team user interface was expected to provide a
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boon to participant communication and coordination thereby effectively increasing their scores
compared to the conditions without the team user interface elements.
The second type of data that was analyzed based on this experiment design is the self and
team assessment surveys given at the end of each condition. This survey, attached as Appendix B,
contains questions that ask the participants to evaluate the overall difficulty of the scenario, stress
in the task, confidence in their actions, and the awareness and trust of their teammates. Based
upon this data, and the conditions of the experiment, the following hypothesizes were suggested.
H3:In conditions with high task overload, measures that evaluate perceived difficulty of the
scenario, stress in their task, and confidence in their actions should be higher than low
task load scenarios.
H4:In conditions with the team user interface elements enabled, measures that evaluate
awareness and trust of their teammates should be higher than conditions without the
interface enabled.

The final type of data that was analyzed for this experiment is the investigation of
communication styles based upon coded chat logs. The coding scheme applied to the chat logs
categorizes communications according to three categories: information, action, and coordination
(Entin & Entin, 2001; Entin & Serfaty, 1999). The following hypotheses investigated if there
was a difference in communication strategies based on the data overload conditions and the
presence of the team interface elements.
H5: In high task load conditions, teams communicated less than during the low task load
conditions.
H6: Conditions with the interface elements enabled should have a lower number of chat
frequencies than without the interface elements.
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Participants were expected to adopt different strategies of communication based upon
which pair of scenarios they start with and the presence of the team user interface. Based upon the
coding scheme, the number of chat frequencies will be counted as the total number of relevant
communications minus the minor acknowledgments and off topic chatter. For H5 and H6, each of
the three categories of communication were analyzed separately and compared. Further
qualitative analysis was also performed to interpret if there was a difference in communication
styles.

Participants
For the experiment, the study drew its participants from a pool of undergraduate students
at the Pennsylvania State University. Students were asked to volunteer their participation in
exchange for extra credit to their courses. Participation in the experiment was not mandatory.
Students who did not wish to participate were offered an alternative assignment as deemed
appropriate by the instructor in accordance with IRB regulations. No students were excluded for
those who wished to participate. This offer was given to five courses in the College of
Information Sciences and Technology; these courses, their titles, and their instructors are listed in
the table below.
Table 3-7 The Experiment Subject Pool Course Listing
Course Number

Title

Instructor

IST 110

Introduction to IST

Dr. Bart Pursel

SRA 211

Threat of Terrorism and Crime

Dr. Isaac Brewer

SRA 221

Fundamentals of Information Security

Mr. Brian Panulla

IST 440W

IST Integration

Dr. Bart Pursel

83
IST 440W

IST Integration

Dr. David Hall

NeoCITIES is a team based study, where a minimum of three participants were needed to
complete a single experimental sessions. The minimum number of participants needed to reach
statistical validity was calculated by requiring each cell in the design, each period be completed
by no less than 5 teams. Based upon initial calculations of 5 teams needed for each condition,
with each team consisting of 3 people, a total of 15 people were needed for each cell. With four
cells, a grand total of 60 participants were needed to ensure statistical validity.
To alleviate the burden of scheduling multiple students at a time and increase the
availability of the subject pool, participants were allowed to bring up to two friends to fill their
team. In order to meet IRB requirements, attached as Appendix C, these friends had to also be
Penn State students currently enrolled at the university. Students who chose to schedule the
experiment for extra credit were given additional extra credit for bringing their friends to fill the
team. The amount of extra credit rewarded varied between each professor and course. To capture
the difference between teams who came as friends and those who just came as classmates,
questions regarding team history were added to the survey and questionnaire. This data was also
analyzed to see if this had a deleterious or innocuous effect on the team communication styles.

Equipment
As a team based experiment, requiring a minimum of 3 people to complete a single
session, a large amount of space and resources was required. The User Science and Engineering
Lab (314A IST Building) houses a modular experimental space that currently contains six
physically isolated computer terminals. This space allows for two student teams, three members
each, to be run simultaneously. The system architecture of NeoCITIES 3.0, described previously,
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requires one network accessible computer be present for each member of the three person team.
These computers each require connectivity to an internally networked server that runs the
NeoCITIES simulation software. Finally, one computer was needed by the researcher to start the
server, monitor the games progress, and collect the resultant data.
To run the NeoCITIES 3.0 client, each computer was required to have Adobe Flash
Player with a minimum version number of 9. Version 10 is the latest flash player as of this
writing and was installed into each of the client computer terminals. The Google Chrome web
browser was also installed on these machines as it supports a full screen mode that removes the
navigation components from the browser to prevent accidental error by the participants.
Physically, each computer is required to have both a mouse and keyboard for operating the
interface, and a 19 inch monitor is recommended to view the client in an optimal resolution of
1280x1024 or higher. To support these experiments new Dell computers were purchased and
installed prior to conducting any of the conditions or piloting.

Task Procedure
Prior to each experimental session the researcher performed several preparatory tasks.
These tasks included: restarting the servers, logging into the clients machines, loading up the
training power point slides, and placing a consent form at each of the laboratory cubicles. Upon
arrival, participants were randomly assigned to a role (i.e., fire, police, or hazmat) within their
team. Participants maintained this role through the training and each of the four conditions.
Overall the experiment lasted approximately 90 minutes; a table summarizing the participant’s
tasks is displayed below.
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Table 3-8: Participant Task List and Time Spent
Number Task

Duration (minutes)

1.

Sign the Informed Consent Form

2m

2

Read the Training Slides

5–8m

3.

Play the Tailgate Training Scenario

6 m per attempt

4.

Perform the Experimental Conditions

15m per condition

5.

Post Experiment Questionnaire

5 – 10m

Completed Experiment

~ 90 m

The first task the participants were assigned was to read and sign the consent form. Once
all the participants had signed the forms they were then asked to read through the introductory
training slides. The introductory training slides explained the purpose of the experiment and
provided instructions for performing the NeoCITIES task. Once finished, the participants were
then asked to open the NeoCITIES client, where the researcher gave them a guided tour of the
user interface. When the participants were comfortable with the basic elements of the interface
they were ready to begin the 10 events, 6 minute training scenario.
To assure competency, the training scenario was repeated until participants were able to
pass a minimum of 7 of the 10 events. Participants were also allowed to ask questions and
communicate out loud during training in order to improve their ability to play the simulation.
Most teams were able to pass the training within 2 attempts, signaling they were ready to begin
the conditions.
For each of the conditions the scenarios comprised of 22 events that lasted anywhere ~ 10
minutes. During their session, participants are presented with a wide-variety of scripted emerging
resource allocation problem events. The severity and complexity of the events can range
anywhere from a simple trespass of property to a complex chemical spill in a public place. The
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sessions are carefully scripted to appear realistically random to the participants, yet will be
identical for all teams in that condition. At the completion of the ~ 10 minute scenario, the
participants were then tasked to complete a small 2 page survey identifying the difficulty of the
scenario and evaluating the performance of themselves and their team.
Once all four conditions were complete the participants were given one final
questionnaire before being released. The questionnaire is four pages long and is designed to
collect information on participant demographics, their assessment of the user interface elements,
their assessment of their team, and an open short answer area so they can comment and reflect on
their experience. Overall, the experiment lasted no more than 90 minutes, with some groups let
out earlier depending on their speed in completing the surveys and the training.

Data Collection
In this experiment, three different types of data were collected for each condition:
•

Survey Responses

•

NeoCITIES Scenario Scores

•

Scenario Chat Logs

The first type of data in this experiment was the quantitative survey responses collected
after each condition. All of the questions on this survey were designed using a 7 point Likert
scale. The survey contains three sections, with each section containing 5 – 7 questions each. The
first section asked questions pertaining to their perceived difficulty of the scenario ranging from
rating the duration of events to the ambiguity of event descriptions. The second section and third
sections asked the participants to rate the communication and performance of themselves and
their team. This survey is included in this document as Appendix B.
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The NeoCITIES scenario scores were the second type of data collected in this
experiment. For each event in the scenario, NeoCITIES generates two scores based upon the
performance of the team in the simulation: the relative normal score and the raw score. It is
important to note that there are no individual scores in NeoCITIES. All of the performance scores
were generated at the team level of analysis. For the overall scenario, NeoCITIES also computes
the total raw score, which reflects the damage that accrued during the scenario, and the average
normal score, which reflects the average efficiency at completing events. These scores were
collected after each condition.
The third type of data collected in this experiment was the communication chat logs
recorded during the condition. The chat logs of team members were collected and qualitatively
coded according to process created by Entin & Entin (1999). The full list of codes and measure is
summarized in table 3-9.
Table 3-9 The NeoCITIES chat log coding scheme
Code
IR
IT
AR
AT
CR
CT
ACK

Measure
Information Request
Information Transfer
Action Request
Action Transfer
Coordination Request
Coordination Transfer
Acknowledgements

INSIG Insignificant Utterances
TC
Total Communications

Description
Request for information
Transmission of information
Request for action
Statement of action taken or to be taken
Request to coordinate an action
Agreement to coordinate an action
Acknowledgements of the receipt of a communication, but
without any specific message content (i.e. “OK”)
Task-irrelevant statements or chatter
Total number of communications in the session

This coding process was used to categorize communications according to three
categories: information, action, and coordination. (Entin & Entin, 2001; Entin & Serfaty, 1999).
This analysis was applied to the overall team and the individual. However for this experiment the
communication tallies were only analyzed at the team level.
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In addition to the data collected for each condition, further survey responses were
collected at the end of the experiment. This final questionnaire collected the following
information:
•

Participant demographics

•

Assessment of the user interface elements,

•

Self and team evaluation

•

Short answer area to comment and reflect on participant experience in the experiment.

Basic demographic information was collected from the participants including the
participant’s age, gender, and their academic major. Further questions were asked to investigate
any probable influencing effects on task performance including prior experience in crisis
response, such as a volunteer firefighter or E.M.T. and prior experience working in teams.
The questionnaire also assessed the participant’s experience with the user interface.
Questions included manipulation checks inquiring about the frequency of use and effectiveness of
the team user interface elements as well as evaluating the participants overall comfortability with
the NeoCITIES user interface. This data was used to evaluate the effectiveness of the new team
user interface elements and provide pragmatic advices for future NeoCITIES interface
development.
The third section of the questionnaire provided participants with a final opportunity to
rate the effectiveness of the communication and performance of their team during the experiment.
This data will be matched with the survey data collected each condition and checked for
consistency. Last, the questionnaire ends with a page of short answer questions inquiring about
their experience in NeoCITIES and their overall impression of the simulation. This qualitative
short answer data was not used in this experiment but may be used to base further developments
and improvements of NeoCITIES.
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Chapter 4

Results

Participant Demographics
For this experiment, data was collected from a sample of 84 student participants at the
University Park campus of the Pennsylvania State University. The sample was evenly distributed
across academic standing. Senior and freshman students each accounted for 19%, and sophomore
and junior students each accounted for 31% of the total sample. The dominant majority of middle
to lower classman explains the relatively young age amongst the participants (M = 20.42, SD =
1.79). The distribution of student majors was also relatively evenly split with the highest
contributing major being the College of Information Sciences & Technology, accounting for 36%
of the total participants. The second most common major was from the Smeal College of
Business (25%), followed by the College of Engineering (10%), and the College of Liberal Arts
(10%). The remaining 8 colleges attributed to the remaining 18% of the participants.
The diversity of the student participant population can be attributed to the success of the
extra credit recruiting mechanism. Although only classes in IST were used for recruiting (see
table 3-6), students were rewarded additional points for bringing the friends and classmates to fill
the team requirement of the experiment. This method was also successful in recruiting more
female students than is common in the typical IST classroom. From the total of 84 participants,
54 participants were male and 30 participants were female.
The recruitment strategy employed for this experiment enabled participants to fill the
extra two team slots with their friends, rewarding them additional extra credit points. This ability
for student participants to bring their friends was captured in the questionnaire asking students to
evaluate how well they knew their teammates. From this Likert scale question, the team
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acquaintance variable was recoded based on three categories: did all team members knew each
other, did only two team members knew each other, or did none of the team members know each
other prior to the experiment. From this categorization, participants were nearly evenly split with
33 participants (11 teams) having known each other, 21 participants (7 teams) having only
partially known one another, and 30 participants (10 teams) not having any acquaintance with
their team members prior to the experiment.
These 84 students were placed into 3 – member teams. A total 28 teams was run through
the NeoCITIES simulation. The vast majority of these student participants had prior experience in
teams, defined in the survey as a number of individuals interacting interdependently and
dynamically to achieve a common objective (e.g., work group, sports team). According to this
metric, 88% of participants had three or more years of team experience, with the remaining 12%
having been in only 1 team or less. Students were also surveyed on having prior relevant crisis
management experience such as working as a volunteer firefighter or policeman. Of the 84
participants, only 7 indicated having prior experience. The rest of the students were all new to the
concepts behind crisis management and the NeoCITIES simulation.
Overall, 28 teams experienced the NeoCITIES simulation, with each team experiencing
all four of the experimental conditions. The counterbalancing technique employed in this
experiment used a Latin squares design (see table 3-5) allocating 7 teams per each condition
period. In total, 112 experiment condition results were collected, with 4 removed due to
incomplete data. The remainder of this chapter will review the research hypotheses used in this
study, grouped by the type of data that was collected: (1) performance scores, (2) survey data, (3)
and the communication chat logs. This chapter also includes a review of the NeoCITIES interface
evaluations collected in the questionnaire. Finally, this chapter concludes with a summary of the
hypotheses results.
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NeoCITIES Team Scores
Two types of team scores were collected for each event in a given scenario in
NeoCITIES. The first type of data collected was the raw score. The raw score is the damage that
accrues for each time step that passes during the course of an event in a scenario. Events with
higher severity accrue damage at a faster pace. The normal score is a relative measure of
performance that compares the damage that accrued to the worst possible score for that event.
This percentage score reflects the team’s performance relative to that specific event. To measure
these scores at the condition level, the raw scores were summed to create a total scenario score,
and the normal scores were averaged to create a total team score.
Given this data, the following hypotheses were suggested to investigate how the
experimental manipulations affected the team’s performance as measured by the NeoCITIES
scoring model.
H1:In conditions with high task overload, scores will be lower than the low task load
scenarios.
H2:In conditions with the presence of team user interface elements, scores will be higher
than without the team user interface elements.

Participants’ condition performance was examined using a 2 (Overload) X 2 (Team User
Interface) repeated measures analysis of variance, with both overload and team user interface
conditions as within-subjects factors. This and all additional repeated measures analyses reported
here employed a multivariate approach using Wilks’ criterion.
This first test employed analyzed the normalized scores generated from NeoCITIES. This
analysis revealed a borderline significant main effect for overload conditions, F (1, 23) = 4.087, p
=. 055, partial η2 = .15. Unfortunately a significant main effect was not obtained for team
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interface conditions, F (1, 23) = 2.53, p = .125, partial η2 = .10. There was also no significant
interaction reported between the data overload conditions and the team interface elements, F (1,
23) = 0.58, p > .10, partial η2 = .025.
As measured by the normal scores, participants performed the best in condition D, a low
task load scenario with the team interface elements enabled (M = 71.83, SE = 8.69). Participants
performed the worst in condition A, a high task load scenario with the team interface elements
disabled (M = 64.72, SE = 11.67). The participants performed relatively equally with the
remaining conditions, B (M = 67.06, SE = 10.49) and C (M = 67.34, SE = 10.38). These results
provide evidence to support H1 and not support H2.
The second test employed analyzed the raw scores generated from the NeoCITIES
simulation. This analysis did not reveal a main effect for data overload conditions, F (1, 23) =
1.497, p > .10, partial η2 = .061. However this analysis did reveal a significant main effect was
obtained for team interface conditions, F (1, 23) = 3.77, p = .064, partial η2 = .141. There was
still no significant interaction reported between the data overload conditions and the team
interface elements, F (1, 23) = 1.16, p > .10, partial η2 = .048.
Participants performed the greatest in condition D, a low task load scenario with the team
interface elements enabled (M = 1469.85, SE = 310.71). Participants performed the worst in
condition A, a high task load scenario with the team interface elements disabled (M = 1685.11,
SE = 395.82). The participants performed relatively equally with the remaining conditions, B (M
= 1615.62, SE = 347.73) and C (M = 1659.70, SE = 378.44). These results provide evidence to
not reject the null hypothesis for H1. For H2, these results support rejecting the null hypothesis.
The differences between the results from the normal score analysis and the raw score analysis
will be discussed in the following chapter.
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Survey Scales
Participants of this study completed a simple survey following each experimental
condition. The participants were surveyed regarding the perceptions of the difficulty of the
condition through measuring the stress in the task, confidence in their actions, and the awareness,
communication, and trust of their teammates. From the survey, participant response scales were
created to measure to group similar questions into the aforementioned response categories.
A principal-components factor analysis with a varimax rotation was used to test the factor
structure of the sixteen items (see Table 4-1). The analysis indicated the presence of five
dimensions of response, accounting for 62.29% of the total variance of the items.
Table 4-1 Factor Analysis for Scenario Assessment Surveys
Indicator
Variable
Distract
Overwhelm
Let Down
Stress
Complex
Recall
Dispatch
Responsible
Trust
Blame
Help
Comm.
Request
Unit Aware
Event
Aware
Time
Eigenvalue
Proportion
of Variance

Task Stress
.760
.737
.650
.632
.491
-.009
.292
.367
-.036
.134
.051
-.078
-.048
-.021
-.021
.448
2.90
24.86%

Task
Team Trust Team
Team
Confidence
Comm.
Awareness
.114
.032
-.011
-.088
.113
-.058
-.176
.058
.369
.053
-.151
.144
.090
.152
.384
-.059
.066
.138
.016
.105
.202
-.023
.033
.784
.024
-.121
.107
.775
-.041
-.158
.253
.637
.175
-.112
.096
.821
-.162
-.024
-.030
.792
.311
-.167
.160
.725
-.118
-.163
-.069
.916
-.148
-.129
-.055
.910
.152
.029
.076
.862
.346
.266
-.217
.678
-.216
2.20
12.73%

-.008
2.14
8.87%

-.280
2.11
8.58%

.520
1.73
7.25%

The following survey questions were not included from the above analysis due to low
reliability measurements: “How ambiguous were the events?”, “How fast did new events occur?”,
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and “How long did it take to resolve events?” From the sixteen items, five scales were created,
grouping similar questions. The first scale created, labeled “Task Stress”, groups the questions
regarding participant feelings of distraction, being overwhelmed, letting down their teammates,
stress, and their rating of the complexity of the scenario. The second scale, labeled “Task
Confidence”, merged the three questions rating participants’ confidence in their ability to
dispatch resources, recall resources, and know which events was their responsibility. The third
scale, labeled “Team Trust”, merged the questions regarding the helpfulness, trust, and blame in
the participants team. The fourth scale, labeled “Team Communication”, merged the two
questions regarding team communication frequency and the number of times they requested for
help. The final scale, labeled “Team Awareness”, grouped the questions on participant’s
awareness of their team members’ events and resources as well as the surprisingly correlated
question asking participants to evaluate how much time they had between events.
Five scales were created by averaging the ratings of the variables that represented these
five factors. All scales showed satisfactory levels of reliability (Task stress, α = .75, M = 3.63, SD
= 2.34; Task confidence, α = .75, M = 2.72, SD = 1.89; Team trust, α = .73, M = 2.72, SD = 1.90;
Team Communication, α = .93, M = 3.61, SD = 4.20; Team Awareness, α = .61, M = 4.13, SD =
3.09). These scales were created in order to measure the differences in responses between
conditions that test the following hypotheses:
H3:In conditions with high task overload, measures that evaluate perceived difficulty of the
scenario, stress in their task, and confidence in their actions should be higher than low
task load scenarios.
H4:In conditions with the team user interface elements enabled, measures that evaluate
awareness and trust of their teammates should be higher than conditions without the
interface enabled.
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A 5 (Survey scales) X 4 (Data overload and team user interface conditions) multivariate
analysis of variance (MANOVA) was conducted to examine the participants attitudes towards
task stress, task confidence, team trust, team communication, and team awareness based on the
experimental conditions of data overload and the team interface. This analysis revealed that there
was not a significant main effect for the data overload conditions, Wilks’ Λ = .97, F (5, 319) =
1.48, p > .10, partial η2 = .02. However there was a significant main effect reported for the team
interface conditions, Wilks’ Λ = .77, F (5, 319) = 19.42, p < .001, partial η2 = .23. No significant
interaction was reported between the data overload and team interface conditions, Wilks’ Λ = .98,
F (5, 319) = 0.88, p > .10, partial η2 = .01.
The univariate analysis for team conditions was conducted to investigate the significant
effects of the five survey scales for the team interface conditions. This analysis revealed that there
was a significant main effect for the team awareness scale, F (1, 323) = 102.98, p < .001, partial
η2 = .18. There were no significant main effects for the four remaining scales including task
confidence, F (1, 323) = 3.059, p = .12, partial η2 = .08, task stress, F (1, 323) = 0.26, p > .10,
partial η2 = .18, team trust, F (1, 323) = 0.48, p > .10, partial η2 = .001, and team communication,
F (1, 323) = 1.12, p > .10, partial η2 = .001.
In comparing the means of the team awareness scale between team interface conditions,
the conditions with the team interface enabled (M = 4.71, SE = 0.94) have a higher mean than
conditions with the team interface disabled (M = 3.56, SE = 0.91). These results provide partial
support for not rejecting the null hypothesis for H4, and provide no support to reject the null
hypothesis for H3.
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Coded Chat Logs
The team communication chat logs were collected for each experimental condition. The
chat logs were coded based upon a coding scheme devised by Entin & Entin (1999). Please see
table 3-8 to reference to the full chat code listing. After each line of chat was coded, the
frequencies of the chat codes were tallied and recorded for each condition. To normalize the
frequencies between teams, the percentages of each chat code type was recorded out of the total
number of communications. From this data set, the following hypotheses were investigated to
determine how the conditions altered a team’s communication behavior:
H5:In high task load conditions, teams communicated less than during the low task load
conditions.
H6: Conditions with the interface elements enabled should have a lower number of chat
frequencies than without the interface elements.

A 6 (Coded communication types) X 4 (Data overload and team user interface
conditions) multivariate analysis of variance (MANOVA) was conducted to examine the
participants communication style based on coded chat logs. The results from this analysis did not
meet expectations as none of the conditions resulted in a significant main effect. There was no
significant main effect for the data overload conditions, Wilks’ Λ = .97, F (6, 98) = 0.45, p > .10,
partial η2 = .03; the team interface conditions, Wilks’ Λ = .94, F (6, 98) = 0.97, p > .10, partial η2
= .05; and there was no interaction effect between the data overload and team conditions, Wilks’
Λ = .91, F (6, 98) = 1.59, p > .10, partial η2 = .09.
Univariate analysis on the coded communication types was not conducted for this data.
Univariate analysis should only be conducted when the multivariate analysis is significant. Since
none of the data overload or team interface conditions produced significant results, univariate
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analysis on the coded communication types was not warranted. Furthermore, these results
provide no evidence in support of either H5 or H6.

NeoCITIES Interface Evaluations
In addition to collecting information on demographics the questionnaire was also used to
survey participant’s satisfaction and perceptions of the various elements in the NeoCITIES user
interface. Participants were also given nine short answer questions to provide feedback on their
experimental experience and further critique the NeoCITIES interface. No specific hypotheses
were evaluated with this data. The purpose of this data collection was to further advance
understanding of the participants and their experience in the NeoCITIES simulation.
The first portion of the questionnaire measured participant’s attitudes towards various
interface elements in the NeoCITIES simulation. The questions asked participants to evaluate the
frequency or how often they used an interface element and they asked participants to evaluate
how effective or useful they found the interface elements of NeoCITIES. Finally participants
were asked to report on their overall comfortability in using the NeoCITIES interface. Table 4 -2
lists the questions and the descriptive statistics from the questionnaire.
Table 4–2 Interface Evaluation Questions and Mean Responses
Question

Mean

Median

Std. Deviation

How often did you check the status of events in
the Tracker?
How often did you check the feedback of your
dispatched units in the Unit Monitor
How often did you check for new instant
messages from your teammates?
How often did you check for Team Activity?
How effective was the Team Activity Display?
How often did you check the Recent Activity?
How effective was the Recent Activity Display?
How often did you check the Resource Totals?
How effective was the Team Resource display?
How was your overall comfort level in using
NeoCITIES?

6.01

7.00

1.42

5.98

6.00

1.15

5.19

6.00

1.81

4.37
4.51
3.56
4.18
3.61
4.07
5.74

5.00
5.00
3.50
4.00
3.00
4.00
6.00

1.98
1.63
1.89
1.65
1.75
1.78
1.02
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The results from this questionnaire data provides further insight into how participants
were using the interface elements in NeoCITIES. The main elements of the NeoCITIES interface
all received high ratings of frequency use including the tracker (M = 6.01, SD = 1.42), the unit
monitor (M = 5.98, SD = 1.15), and the chat interface (M = 5.19, SD = 1.81). The team activity
display showed average, yet satisfactory results (M = 4.37, SD = 1.98). However the other two
team interface elements used in the experimental conditions both showed poor frequency ratings,
including the team recent activity display (M = 3.56, SD = 1.89) and the team resource display (M
= 3.61, SD = 1.75). The efficacy ratings of the team interface elements were higher than their
frequency ratings including the team activity display (M = 4.51, SD = 1.63), the team recent
activity display (M = 4.18, SD = 1.65), and the team resource display (M = 4.07, SD = 1.78).
Overall, the participants were comfortable performing the task in the NeoCITIES interface (M =
5.74, SD = 1.02).
Qualitative analysis of the nine short answer questions further indicates satisfaction in the
completion of this experiment. Over half of the participants reported that the aspect of the
interface they enjoyed the most was the ability to chat with their teammates. The most frustrating
aspect of the interface, according to the 36 of the participants, was the dispatch mechanism that
forced users to click several times in order to dispatch resources to an event. Occasionally the
interface would lose their event selection, forcing them to remember or revaluate their decision.
This may have impacted their performance in responding to some events, however to which
events, and of what impact is unknown. This feedback has already been used to aid in the
development of the next iteration of the NeoCITIES Simulation.
In feedback to the conditions, many of the participants felt that they were stressed due
time constraints. Unfortunately since this was collected by the questionnaire, it was not condition
specific. Otherwise these feelings of stress would be consistent with the data overload condition
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expectations. Across all conditions, participants reported that the time constraint impacted their
ability to coordinate and communicate with their teammates. Participants were split on their
feedback of the team interface elements. Some participants found the team interface elements to
be another visual distraction to their task, indicating they did not have enough time to make use of
them. While others reported that they worked well and they were an integral part of their team
coordination process.

Summary
The NeoCITIES data overload and team user interface experiment was experienced by 84
participants, composed of 28 teams. These participants represent a diverse sample of the
Pennsylvania State University student population at the University Park campus. Very few of the
students had prior crisis management experience, and all were new to the NeoCITIES simulation.
Six hypotheses were suggested by this study to investigate the relationship between data
overload and team user interface elements in NeoCITIES. Two hypotheses were developed each
of the three data types collected in this experiment, the NeoCITIES performance scores, the
survey data of participant perceptions, and the coded team chat logs. The overall conclusions,
labeled as either support (support rejection of the null hypothesis) or no support (fail to reject the
null hypothesis) for the six hypotheses are summarized in the table below:
Table 4-3 Experiment Hypotheses Results Summary
Number Hypothesis
H1
In conditions with high task overload, scores will
be lower than the low task load scenarios.
H2
In conditions with the presence of team user
interface elements, scores will be higher than
without the team user interface elements.

Data Source
NeoCITIES Scores

Conclusion
Support

NeoCITIES Scores

Support
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Number Hypothesis
H3
In conditions with high task overload, measures
that evaluate perceived difficulty of the scenario,
stress in their task, and confidence in their actions
should be higher than low task load scenarios.
H4
In conditions with the team user interface elements
enabled, measures that evaluate awareness and
trust of their teammates should be higher than
conditions without the interface enabled.
H5
In high task load conditions, teams communicated
less than during the low task load conditions.
H6
Conditions with the interface elements enabled
should have a lower number of chat frequencies
than without the interface elements.

Data Source
Surveys

Conclusion
No Support

Surveys

Support

Chat logs

No Support

Chat logs

No Support

Overall, three of the six proposed hypothesis were supported for this experiment. The
data overload manipulation was successful based upon data from the NeoCITIES scores (H1).
However the data overload manipulation did not produce significant survey measures of task
difficulty, stress, or confidence (H3). The team user interface element manipulation was a success
as measured by the increase in NeoCITIES scores (H2) and the increase in self-reported measures
of team awareness (H4). Unfortunately neither of the hypotheses based on chat log analysis (H5
and H6) produced significant results.
Finally analysis of the questionnaire showed the participants were comfortable with the
overall NeoCITIES interface. In relation to the team user interface elements used in the
experimental conditions participants reported low mean scores for frequency of use, but average
mean scores for evaluating its effectiveness. Qualitative analysis of the short answer questions
further demonstrated that the participants enjoyed their experience and were engaged in the teambased interaction in the NeoCITIES simulation. The implications of this research and more will
be discussed in the following chapter.
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Chapter 5

Discussion
This chapter discusses the results from the experiments involving data overload and team
user interface elements of NeoCITIES. This chapter begins with the analysis of the experimental
results starting with a review of the NeoCITIES scoring model to provide insight into the
hypotheses surrounding team task performance. Second, this chapter discusses the hypotheses
surrounding the impact of the team user interface elements on team performance and behavior.
Third, this chapter discusses the quagmire that is the parsing and understanding of the team
communication behavior in NeoCITIES. Fourth, this chapter discusses the contributions of this
research study, both practical and theoretical. Fifth, this chapter includes a discussion on the
limitations of this study, including specific recommendations and alterations to the existing study.
Finally, this chapter concludes with a look toward the future of research in data overload in
distributed cognition and previews the future of research on the NeoCITIES platform.

Experiment Analysis
In the NeoCITIES experiments, performance was evaluated based upon scores generated
from the simulation. Figure 5-1 provides a screen capture from NeoCITIES in which the
individual event scores and the overall scenario scores are displayed. To review, the NeoCITIES
simulation generates two types of scores to evaluate team performance, raw scores and normal
scores. A raw score is a simple summation of the recorded magnitudes for an event in a scenario.
In the screenshot, the raw score is the number displayed in the horizontal bar chart. The raw
scores are always displayed in comparison to the worst action score, which determines the
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maximum size of the individual bar graphs. When analyzed at the condition level, the raw scores
for each event are summed into a total raw scenario score. In the screenshot, the total raw score is
labeled as the total damage number (391) out of the total maximum raw score (961) and is
displayed in the upper right hand side of the screen.

Figure 5-1 The NeoCITIES Scoring Summary Screen

In contrast is the normal score, which is a percentage evaluation of the raw scores
compared against the worst possible action score for an event in a scenario. In the screenshot, the
normal score is labeled simply as ‘Score’ and is displayed as a percentage adjacent to the raw
score bar graphs. When analyzed at the condition level, the normal scores for each event are
averaged to create a mean normal scenario score. The mean normal score is displayed as the
‘Team Score’ percentage at the top left of the screen. .
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The raw score is a weighted measure of team performance that emphasizes quick and
correct response to events with higher severities. In NeoCITIES, scenarios were designed so that
the events that were worth the most the points, causing the most damage, were events that
required multiple types of resource from multiple teammates. For example, a tanker collision,
requiring multiple resources from every teammate, would be worth a maximum of 500 points.
Conversely, the events that were worth the least raw score points, causing the least damage, were
events that only required one type of resource from one teammate. For example, a trash can fire,
requiring only one resource from a single team, would be worth a maximum of 50 points. The
disparity in point sizes between the simple and complex events, assures that when the raw scores
are summed for analysis at the condition level, the bias towards the complex events is still
maintained.
On the other hand, the normal score was designed not to reflect the bias of raw scores
towards complex events in a scenario. The normal score is the percentage of the event’s raw score
compared against the events maximum raw score potential. Therefore a team that performs 250
points in the tanker collision event worth 500 points is equal to a team that perform 25 points in a
trash can fire event worth only 50 points. When the normal scores are averaged for analysis at
the condition level, they reflect the overall efficacy of a team in responding to events of all sizes
and complexities.
Applying the analysis of the NeoCITIES performance scores to the hypothesis results
illustrates the task performance behavior of teams in the experimental conditions. For H1, results
indicated that participants performed worse in high task load (data overload) scenarios than in
low task load scenarios. These results were only significant when analyzing the variance across
conditions in the normal score measurements. The raw score measurements were not significant.
The significance of the normal scores indicates that during data overload conditions, teams
performed worse across all of the events. Since there was no significance in the raw scores, the
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worse performance should not be attributed to failure to respond to complex events. These results
indicate the performance was worse for all events regardless of their size and complexity.
For H2, results indicated that participants performed better with the team user interface
elements enabled than they did in conditions with the team user interface elements disabled.
These results were significantly supported when analyzing the variance across conditions in the
raw score measurements. The normal score measurements were not significant. The significance
of the raw scores for the team user interface conditions suggests that teams performed better on
the complex events in a scenario thanks to the aid of the user interface elements in helping teams
coordinate their actions.

Data Overload Scenarios
The experimental design in this research study called for a 2x2 factorial within subjects
design comparing the presence of team interface elements with a low and high task load
scenarios. The high task load scenario is commonly referred to as the data overload scenario, as it
was designed to induce symptoms common with data overload in the participants. The
expectation was a decrease of confidence in decision making and an increase of stress from
performing the NeoCITIES task. The data overload scenarios were designed to cause team
interaction problems, including a decrease in communication satisfaction, a decrease in trust of
their teammates, and a decrease in awareness of teammates’ actions.
However, as measured by hypothesis H3, conditions involving the data overload scenario
were not significant. None of the measures evaluated by the survey were significantly different
from the low task load scenario to the high task load scenario. This suggests that either the high
task load scenario was not effective in causing the symptoms or that the surveys were not
effective in measuring the reported symptoms.
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There is a possibility that the two task load scenarios were not significantly different from
each other. Both of the scenarios were composed of the exact same number of events, including
an equal number of single and complex events. However the scores were significantly different
between the two scenarios. Evidence from H1, suggests that the normal scores were significant
and that participants performed worse overall on the high task load scenario than they did on the
low task load scenario.
Perhaps the variance in scenario performance can be attributed to the difference in team
performance. Although all of the teams were required to pass 7 of the 9 events in the training
scenario, to assure a minimum level of competency, some teams were better performers than
other. The differences in surveyed symptoms caused by the data overload scenarios may have
been muted by higher performing teams and indistinguishable in the low performing teams. This
suggests a supplemental hypothesis:
H7:Do the survey measures differ between levels of team performance and the data overload
scenarios?

To analyze this supplemental hypothesis, labeled H7, the normal scores from all
conditions were coded into three categories: low, medium, and high team performance. To assure
proper delineations between categories, the normal scores for conditions were checked for
normality. A histogram of the normal scores is reported in Figure 5-2. The performance
categories were assigned based on the 33% and 66% percentile groupings: low performing teams
were from 0 – 63, medium performing teams were 63 – 72, and high performing teams were from
72 – the maximum achieved normal score.
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Figure 5-2 Histogram of the Normal Scores

A 5 (Survey scales) X 5 (Data overload and team performance levels) multivariate
analysis of variance (MANOVA) was conducted to examine the participants attitudes towards
task stress, task confidence, team trust, team communication, and team awareness based on the
experimental conditions of data overload and normal score performance levels of the team. This
analysis revealed that there was not a significant main effect for the data overload conditions,
Wilks’ Λ = .98, F (5, 314) = 1.32, p > .10, partial η2 = .02. However there was a significant main
effect reported for the team performance levels, Wilks’ Λ = .88, F (10, 628) = 3.98, p < .001,
partial η2 = .06. No significant interaction was reported between the data overload and team
performance levels, Wilks’ Λ = .96, F (10, 628) = 0.88, p > .10, partial η2 = .01.
The univariate analysis for the team performance levels was conducted to investigate the
significant effects measured by the five survey scales. This analysis revealed that there was a
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significant main effect for the task confidence scale, F (2, 318) = 11.30, p < .001, partial η2 = .06,
the team trust scale, F (2, 318) = 6.31, p < .01, partial η2 = .04, the team awareness scale, F (2,
318) = 5.59, p < .01, partial η2 = .03, and the task stress scale, F (2, 318) = 4.42, p < .05, partial
η2 = .03. The only scale that did not report significance was the team communication scale, F (2,
318) = 0.91, p > .1, partial η2 = .01.
Comparing the means of the survey scales between the levels of team performance
reveals the differences in team behavior. Table 5-1 lists the means and standard deviations of the
five survey scales compared against the three categorizations of team performance. Note that
these scales were reverse-coded so that negative responses would rate higher than positive
responses.
Table 5-1 Survey Responses across Team Performance Levels
Survey Scales

Statistics

*Task Confidence

Mean
Std. Deviation
Mean
Std. Deviation
Mean
Std. Deviation
Mean
Std. Deviation
Mean
Std. Deviation

*Team Trust
Team
Communication
*Team Awareness
*Task Stress

Low
Performance
3.14
1.12
2.96
1.15
3.65
1.95
4.50
1.29
3.87
1.02

Medium
Performance
2.69
1.10
2.82
1.07
3.37
2.00
4.09
1.30
3.64
1.09

High
Performance
2.43
1.02
2.44
1.05
3.74
1.96
3.89
1.27
3.41
1.09

* Results were significant at p < .05 levels of significance

These results suggest that there is a significant relationship between the team
performance levels and the response to survey scales. Specifically, the higher a team performed,
the more they felt confident in their actions, trusted their teammates’ decisions, was aware of
their team’s events and resources, and the less they felt stressed during the task. Interestingly
team communication was not significant, suggesting that teams that perform better do not
necessarily communicate more or less than low performing teams. The significance of these
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results would indicate that the survey scales should not be rejected on the basis of not reliably
measuring team and task condition data. The scales were effective in measuring task difficulty as
demonstrated by the significance in the team performance levels.
These results confirm the initial suspicions that the data overload scenarios were not
effective in producing variances in the survey scales. The high task load scenario may have been
more challenging than the low task load scenario, as confirmed by the lower reported normal
scores. However, the high task load scenario was not conclusively different from the low task
load scenario based on the results of the survey scales. Multivariate analysis demonstrated that
this manipulation was not successful in causing variance between scenarios. At least both of these
scenarios were challenging and provided an opportunity to measure and compare the
manipulation of the team user interface elements in NeoCITIES.

Team User Interface Elements
The second manipulation in the experiment was the presence of the team user elements.
The team user interface elements were new features that were added to the latest version of
NeoCITIES. These features were created after reviewing feedback from previous versions of
NeoCITIES where participants felt overwhelmed by “data overload.” The participants were
overwhelmed from communicating with their teammates while trying to keep pace with the task.
Based upon the application of the developed taxonomy from the literature review, the type of data
overload that participants reported closely matched the coordination overload reported in the
communication and CSCW literature. The team user interface elements were then developed as a
solution to mitigate the problem of coordination overload. The idea behind the interface elements
is that by providing by teams with an overview of their teammates resources and recent event
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activity, this would reduce the cognitive load placed on the user to maintain awareness of their
teammates and reduce the communication requests sent by teammates.
The purpose of H4 was to investigate the effect of the team user interface elements on the
survey scales of task confidence, task stress, team communication, team trust, and team
awareness. The only survey scale that proved significant was the team awareness scale. This scale
was composed of three questions from the survey, “I knew how many units my teammates had
available?”, “I knew which events my teammates were responding to?”, and “How much time did
you have between handling events?”

The first two questions used in the scale asked participants to evaluate their awareness of
their teammates’ units and events. These two awareness questions should not be confused with
true measures of situational awareness as defined by Mica Endsley (1988). These questions are
instead estimations of the participant’s confidence in their awareness. One method to measure
situational awareness is to use the situation awareness and global assessment technique (SAGAT)
instrument (M. R. Endsley, 1988). The SAGAT instrument measure is a series of survey
questions implemented at random intervals during the task to interrogate the participant’s mental
model of the situation. This experiment did not call for that level of granularity and so the two
questions suffice for approximating the confidence of participant’s in their awareness of their
teammates.
The third question included in the team awareness scale asked participants: “How much
time did you have between handling events?” In the design of this experiment, the item was

supposed be grouped with the two other questions in evaluating the perceptions of temporarily in
relation to the scenarios in NeoCITIES. However, after the data was collected, the factor analysis
conducted in the previous chapter, demonstrated that this question had a high level of correlation
to the other two questions. This finding is consistent with the literature on situation awareness, as
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far back as 1991, researchers have been illustrating the dynamic relationship between temporality
and situation awareness (Nadine B. Sarter & Woods, 1991)
In NeoCITIES the relationship between temporality and situation awareness indicates
that the longer the time between events, the more participants felt aware of their teammate’s
resources and events. One explanation for this relationship is that the participants would use the
team user interface elements to evaluate their teammates when they had spare time. This
interpretation is consistent with the results found from the questionnaire data. In the questionnaire
data set, participants reported using the team interface elements infrequently. However when they
did use the interface elements, participants reported average levels of efficacy. The one exception
to this pattern was the Team Event Activity, which reported both high means of use and efficacy.
These results were influenced by a distinct pattern in answering the questionnaire. There
were several students who evaluated the frequency and efficacy of the team user interface
elements with extremes of 1 and 7. These participants would consistently evaluate the frequency
with a low 1, and rate the efficacy with a high 7. This suggests a behavioral pattern in the usage
of the team interface elements that was not captured by the performance data or the
communication data. The team interface elements were only used selectively, however when they
were used, they were effective in providing the information the participants wanted.

Team Communication Analysis
Team communication in NeoCITIES was limited to text-based messages between
teammates. These chat logs were recorded at the end of each condition and coded based upon the
content of message. The coding scheme was developed by Entin & Entin for categorizing
command and control team communications into groups of information, coordination, or action
messages. Each of these categories is further distinguished between messages that are requests,
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and those that are transfers, i.e. statements following a request. A full table of this chat log
scheme is available in table 3-8, and a full description of this coding process is detailed in
Appendix D.
The hypothesis labeled H5 and H6 were designed to examine the differences in
communication frequencies between conditions with data overload and the presence of the team
user interface elements. The results from these hypotheses did not meet expectations; neither of
the hypotheses returned significant results. There were no significant differences in
communication styles reported between conditions. This finding was surprising to the researcher
as it was contrary to the observed variance in communication styles. There were some teams who
were very chatty, and others that were practically silent, there had to be a logical explanation for
this deviation.
One method to distinguish the difference in communication patterns was attempted by
categorizing teams based on their total communications. To assure proper delineations between
categories, the variable of total communications was checked for normality. A histogram of the
total communication is reported in Figure 5-3.
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Figure 5-3 Histogram of Total Communications

This figure demonstrates that results are normal, albeit skewed slightly to the right. The
total communication categories were assigned based on the 33% and 66% percentile groupings:
low communicating teams were from 0 – 10 medium communicating teams were 11 – 26, and
high communicating teams were from 27 to the maximum number of total communications..
Analysis of the coded chat logs styles was conducted to examine if teams with higher
communication frequencies had different styles of communication based on the coded chat types.
The null hypothesis for this question would suggest that the percentages of team communications
should stay the same even as frequency increases. This supplemental hypothesis, labeled H8, was
based on observations of the researcher during the experimental conditions:
H8:Did the percentages of team communications differ based on the overall frequency of
communication?
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A 6 (Coded communication types) X 3 (levels of team communications) multivariate
analysis of variance (MANOVA) was conducted to examine if there was a difference in
communication styles based on the overall frequency of communications. This multivariate
analysis revealed that there was a significant main effect for the levels of team communication,
Wilks’ Λ = .72, F (12, 198) = 2.94, p < .001, partial η2 = .15.
The univariate analysis for the team communication levels was conducted to investigate
the significant effects measured by the percent of the chat log codes. This analysis revealed that
there was a significant main effect for the information transfer chat code F (2, 106) = 7.18, p =
.001, partial η2 = .12, the action transfer chat code, F (2, 106) = 3.70, p < .05, partial η2 = .07,
and the coordination transfer chat code, F (2, 106) = 3.83, p < .05, partial η2 = .07. There were
no significant effects reported for any of the request chat codes including the information request
chat code, F (2, 106) = 2.23, p = .11, partial η2 = .04, the action request chat code, F (2, 106) =
0.23, p > .10, partial η2 = .01, and the coordination request chat code, F (2, 106) = 0.39, p > .10,
partial η2 = .01.
Comparing the means of the team communication levels and the coded chat types reveals
the differences in team communication. Table 5-2 lists the mean and standard error of the six
chat codes compared against the three categorizations of team communication frequency.
Table 5-2 Chat Types across Team Communication Frequency
Chat Type

Statistics

Information Request

Mean
Std. Error
Mean
Std. Error
Mean
Std. Error
Mean
Std. Error

*Information Transfer
Action Request
*Action Transfer

Team Communication Frequency
Low
Medium
High
.020
.051
.032
.010
.010
.010
.069
.190
.107
.023
.023
.023
.090
.068
.089
.025
.027
.026
.019
.045
.079
.016
.016
.016
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Coordination Request
*Coordination Transfer

Mean
Std. Error
Mean
Std. Error

.234
.035
.043
.019

.205
.037
.094
.020

.250
.036
.117
.019

* Results were significant at p < .05 levels of significance

These results suggest that the percentage of communication types changed between teams
with different levels of communication frequencies. Teams that communicated the most had a
higher percentage of both action transfers and coordination transfers. This indicates a style of
communication that is heavily focuses on acknowledgement of teammates transmissions.
Examples of this type of message include, “police sent to burglary’ (CT) or “two ambulances sent
to accident’ (AT).
Interestingly teams with a medium frequency (M = .190, SE = .023) had significantly
higher percentages of information transfer messages compared to either lower frequency teams
(M = .069, SE = .023) or higher frequency teams (M = .107, SE = .023). The information transfer
code applies to messages that comment on the scenario as a whole, or demonstrate a metaawareness of the game and simulation. The significance of the information transfer for medium
communication teams suggest these teams commented more on their team strategy and
organization for the simulation.
These significant results confirm the subjective observation of the researcher that there is
a communication styles difference between teams. While significant, these results still do not
satisfy the underlying question of understanding what is causing the differences in
communication styles. In reflection of these results, perhaps one of the underlying causes of the
different communication styles was a result of some of the team members having prior
acquaintance with one another.
As described in chapter 3, the recruitment for this experiment allowed participants to
bring a friend or two from outside their class for additional extra credit reward. Teams composed
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of one or more friends may have had a difference in their communication styles. This finding is
not new, communication researchers have long understood that people behave differently in the
context of different social groups (Brewer, 1991). The tools for measuring and observing this
behavioral difference have been around even longer (Hecht, 1978).
This research would suggest that participants that were acquainted with their teammates
prior to the experiment should have a different communication style than those who did not. The
demographic variable, team acquaintance, recorded from the questionnaire, was coded based on
three categories: did all team members knew each other, did only two team members knew each
other, or did none of the team members know each other prior to the experiment. The
supplemental hypothesis, labeled H9, was created to compare the levels of team acquaintance
against the coded chat types.
H9:Do the percentages of team communications differ based on the level of prior team
member acquaintance?

A 6 (Coded communication types) X 3 (levels of team acquaintance) multivariate
analysis of variance (MANOVA) was conducted to examine if there was a difference in
communication styles based on the three levels of team acquaintance. This analysis revealed that
the levels of team acquaintance approached significance, Wilks’ Λ = .84, F (12, 198) = 1.56, p =
.10, partial η2 = .09.
The univariate analysis for the team acquaintance levels was conducted to investigate the
significant effects measured by the percent of the chat log codes. This analysis revealed that there
was a significant main effect for the information transfer chat code F (2, 106) = 2.86, p = .06,
partial η2 = .05, and the action request chat code, F (2, 106) = 2.74, p = .07, partial η2 = .05.
There was no significant effects reported for the information request chat code, F (2, 106) = 0.24,
p > .10, partial η2 = .05, the action transfer chat code, F (2, 106) = 0.55, p > .10, partial η2 = .01,
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the coordination request chat code, F (2, 106) = 1.33, p > .10, partial η2 = .03, and the
coordination transfer chat code, F (2, 106) = 1.04, p > .10, partial η2 = .02,
Comparing the means of the team acquaintance levels and the coded chat types reveals
the differences in team communication. Table 5-3 lists the mean and standard error of the six
chat codes compared against the three categorizations of team acquaintance.

Table 5-3 Chat Types across Prior Team Acquaintance
Chat Type

Statistics

Information Request

Mean
Std. Error
Mean
Std. Error
Mean
Std. Error
Mean
Std. Error
Mean
Std. Error
Mean
Std. Error

*Information Transfer
*Action Request
Action Transfer
Coordination Request
Coordination Transfer

Not
Acquainted
.035
.011
.086
.026
.134
.027
.057
.017
.277
.038
.084
.021

Partially
Acquainted
.041
.013
.178
.030
.044
.032
.057
.020
.238
.044
.054
.025

Fully
Acquainted
.030
.008
.116
.020
.069
.021
.037
.013
.199
.029
.097
.016

* Results were significant at p < .10 levels of significance
These results suggest that the percentage of team communication was partially dependent
on the prior acquaintance of the team participants. The teams that were not acquainted (M = .134,
SE = .027) had the highest percentage of action requests in comparison to either the partially
acquainted teams (M = .044, SE = .032) or the fully acquainted teams (M = .069, SE = .021).
These results suggest that the teams who were not previously acquainted relied on direct requests
for team communication, e.g. “send a swat team to the IST building.”
Teams that were partially acquainted (M = .178, SE = .030), having only two of three
team members familiar with one another, had a significantly higher percentage of information
transfer messages than groups teams that were either fully acquainted (M = .116, SE = .020) or

117
not acquainted (M = .086, SE = .026). Perhaps the higher percentage of information transfer
requests is evidence of the mutual adaptation process noted by Serfaty & Entin, where the
acquainted team members attempt to adapt their communication strategies and behavior with the
third team member (1998). The teams that were fully acquainted already had a team
communication strategy in place, while the teams that were not acquainted were too shy to
negotiate or a build a strategy for their own team.
Overall the team communication chat logs were challenging to dissect. The large
variance in the types of communication messages made the analysis of the chat logs impractical
for comparing the study’s experimental conditions. The variance in the communication message
types was attributed to the differences in team communication styles. The analysis of the team
communication frequency demonstrated that there was a significant difference in team
communication style. However there are many factors that contribute to a team’s communication
style. This discussion only examined prior team acquaintance as one of those factors. The future
work section suggests more ways in which the team communication style can be controlled and
investigated further.
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Contributions
The main contributions of this study are focused around four areas: (1) the practical
developments of the NeoCITIES research platform, (2) the theoretical development of a
taxonomy for classifying data overload research, (3) the experimental design and construction of
new scenarios and training manipulations, and (4) the analytical investigation of the experiment
results.

The NeoCITIES Research Platform
The most important practical contribution of this study is the development of the third
version of the NeoCITIES simulation. NeoCITIES has been on-going project in the College of
Information Sciences & Technology at the Pennsylvania State University under the direction of
Professor M.D. McNeese. To further the applicability of NeoCITIES as a research platform, the
entire technological system was rebuilt in a period of 9 months. Over 10,000 lines of code were
written in the development of NeoCITIES in the languages of Adobe Flex, Adobe’s Actionscript,
and Sun’s Java.
The infrastructure for NeoCITIES was updated to ensure its viability as a research
platform. The previous version of NeoCITIES relied on a non object oriented implementation of
Java and peer-to-peer network for client communication. The updated version is consistent with
web based standards and is modular to encourage future extension with open source software. In
addition, the new code is maintained in a repository and provides a wiki for documenting the
development process. This effort culminated in the production of an entirely new NeoCITIES
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user interface and a new server for modeling scenario data and evaluating human performance.
Chapter 3 describes in further detail the changes made to the simulation structure.
As a research platform, NeoCITIES provides a reliable model for scoring the
performance of participants in a team-based resource allocation task. The results from this study
employ the use of these scores to compare the performance of teams between the manipulations
of the task load scenarios, and the presence of the team user interface elements. The results based
on the NeoCITIES performance scores indicate the reliability of NeoCITIES as a tool for
conducting research in team-based distributed cognition.
Despite the many new changes NeoCITIES remains a corner stone in the living
laboratory framework. The technology behind NeoCITIES enables the reconfiguration and rapid
prototyping of new interface elements to satisfy the theoretical curiosity of researchers. The
context and task behind the NeoCITIES simulation has remain unchanged since its inception. The
primary resource allocation task in NeoCITIES represents the cognitive demands placed on
emergency dispatchers during resource allocation. Teams are still required to interact to
collectively solve allocation problems, and resolve resource disputes.
Overall, NeoCITIES has been rebuilt from the ground up to ensure that it remains a
reliable, valid, and extendable research tool for years to come. This research study has facilitated
the rebirth of NeoCITIES into a modern simulation tool for investigating team performance and
behavior in the context of command and control systems. NeoCITIES can once again be used for
the reconfiguration and rapid prototyping of new interface elements to satisfy the theoretical
curiosity of researchers, and to implement new improvements back to the application domain
under examination.
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The Data Overload Taxonomy
The most important theoretical contribution of this study is the development of the data
overload taxonomy. Traditionally, data overload is a semantically ambiguous term whose
meaning and characterization differs depending on the scientific community and the context of its
use. This research study surveyed five different scientific communities and engineering
disciplines: multi-sensor data fusion, cognitive systems engineering, human computer interaction,
classical and naturalistic decision making, and computer supported collaborative work. From
each of these five disciplines, the characterization of data overload was ascertained and its
meaning evaluated based on the context of the discipline. The taxonomy of data overload terms
and characterizations can found in table 2-2.
This taxonomy was created with a multidisciplinary perspective for conducting research.
However the taxonomy still provides value for each of the individual disciplines. For each
discipline, the literature review summarizes the current solution approaches for mitigating data
overload. Across the domains, this taxonomy can be used to bridge communication between
traditionally isolated disciplines and provide further understanding into complexities of the
problem of data overload.
This study demonstrates how the taxonomy can be applied to any command and control
context. In this study, the taxonomy was applied to the NeoCITIES, a scaled world’s simulation
that mimics the resource allocation task of real-world emergency crisis response dispatchers. In
this context, data overload evaluated as type of coordination overload, consistent with the
descriptions found in the CSCW literature space. The team user interface elements were created
as mitigation to this form of data overload with successful results.
Overall the taxonomy is a useful tool for understanding the semantic differences of data
overload between scientific disciplines. This knowledge can then be used to further understand
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the characterizations of the problem and develop solution approaches to mitigate the harmful
effects of data overload.

Experiment Construction
The effort that went into the construction and design of the experiment is a major
contribution of this study. The design of the experiment contributes to the practical development
of NeoCITIES as a research platform separate from the technological and infrastructure work
previously described. The experiment design and development of new technology necessitated
the creation of an entirely new training regimen, two new experimental scenarios, and a new
survey and questionnaire.
A new method was devised for training participants that were new to the NeoCITIES
simulation. This new training regimen placed emphasis on exploratory and social learning
through immediate interaction in the simulation. Participants developed their skills and practiced
their competency in the task directly in the simulation. A new training scenario was created for
the purpose of providing an intermediate playground for participants to learn the rules of the
simulation prior to performing the experimental task.
For the experimental task, two new scenarios were created. These two scenarios were the
first attempts at creating new scenarios since the original ones were created by Obieta in 2004.
Since the original scenarios were no longer technically compatible, due to the changes in the
infrastructure, new scenarios were needed for the experimental conditions. A total of 44 events
across two scenarios, at varying levels of resource requirements and severities were written,
balanced, and play-tested.
To analyze the effectiveness of these new scenarios, a new survey and questionnaire was
developed. The new survey and questionnaire borrowed questions from previous experiments on
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NeoCITIES conducted by Dr. Bimal Balakrishnan & Dr. Mark Pfaff. However many new
questions were added to examine condition specific elements, such as questions pertaining to task
confidence, team trust, team awareness, and the assessment of the user interface elements. This
work too, can serve as starting point for further questionnaire development.

Experiment Results
The final contribution of this study is the results of the experiment that inform both the
practical developments of the NeoCITIES platform and the theoretical developments pertaining
to data overload and team interaction in distributed cognition. From the results of the experiment,
the data collected on the conditions, demonstrates the validity of the new scenarios and the
NeoCITIES scoring model.
The two new scenarios were each designed for an experimental condition, one designed
as a low task load scenario, the other as a high task load scenario. From the results, the high task
load scenario was not significant in eliciting variance in the survey responses. However the high
task load scenario was significantly more difficult than the low task load scenario as measured by
the differences in the performance model. This demonstrates that both the scoring model was
effective in measuring task performance and that the scenario was calibrated correctly in
difficulty. Even though data overload was not significantly elicited from participants, these new
scenarios provide a starting point for future exploration of event design and construction.
The team user interface elements were constructed to aid users in coordinating their
actions, reducing attributed measures of data overload. From the results, the team user interface
elements were significant in producing variance in the survey scale of team awareness. From the
analysis, the team awareness scale illustrated the relationship between temporarily and awareness.
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This result demonstrates that NeoCITIES can be used to investigate this relationship, which will
further contribute to the body of literature on situational awareness.
Finally, this study demonstrated the significance of understanding how team participant
communication styles impact team behavior. The difference in communication styles prevented
this study from collecting reliable data for the analysis of coded communication message types.
This study recommends to future NeoCITIES studies, to consider the demographic collection of
communication styles for controlling the variance of future results. Overall, this study is a great
first step towards vilifying NeoCITIES as a research platform for conducting human in the loop
experiments in a distributed cognition system.
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Limitations
The limitations of this study provides insight into understanding the theoretical
constraints of the research and the practical recommendations necessary for improving future
research in data overload and distributed cognition in team research. The limitations of this study
are described in the following sections: level of analysis, experiment design, data collection,
experiment training, and finally the NeoCITIES simulation.

Level of Analysis
This research study investigated data overload in a team sense making and decision
making environment. The results from this research are intended to provide insight on team
communication and performance in the context of command and control distributed cognition
systems. This research views individuals from a system perspective, where each person is a
functional component of a human in the loop system. Given this perspective, individuals are
evaluated collectively as a member of a team. Individual demographic data was collected but
only to assure that no undo individual factors influenced the outcome of the team data. This
research is not concerned with individual differences, traits, or interactions between team
members. Therefore data was only analyzed at the team level of analysis.
The results from this research are limited to the domains relevant to the context of
command and control. The experiment in this study simulates the resource allocation task
structure common in command and control center dispatchers. These results may not be valid for
other tasks in command and control. Data overload is a common problem and the causes and
solutions to each problem are unique to the specific instance and task. The team interface
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elements were developed to provide specific mitigation of data overload in NeoCITIES
environment. These interface elements may not prove to be effective in other contexts.

Experiment Design
The experiment in this study employed a 2x2 within-subjects factorial design comparing
data overload conditions against the presence of the team interface elements in NeoCITIES. Due
to the limitations in developing scenarios, only two unique scenarios were created for the four
conditions. This meant that unfortunately, each scenario was repeated twice. This caused a
learning effect during the last two conditions of every order. While the participants preferred this
method, as it allowed them to learn and fix their mistakes from the previous sessions, the
measured increase in their scores diminished the reported effects of the manipulations. The
creation of four unique scenarios would have allowed for a complete 2x2 within subjects design,
but without the risk of increased learning effects.
However, in retrospect, a mixed design where the team interface elements were between
subjects and the task load scenarios were still within subjects would have been preferable. This
design would also minimize learning effects, as it tasks participants with only two conditions, as
opposed to four. This would have cut the experimental condition time in half, allowing for either
more subjects to be run or more survey questions to be asked. The between subjects
implementation for team interfaces would also have focused teams to creating their
communication styles dependent on their interface, not needing to adapt their communication
style to changes in the interface.
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Data Collection
The post condition survey and post experiment questionnaire collected data on participant
attitudes, on various factors, towards their team and the NeoCITIES task. All of the survey
questions were new for this experiment. None of the questions were borrowed from a previous
study or adapted from an existing survey. For a novice attempt, the survey questions were
adequate for measuring task stress, task confidence, team communication, team trust, and team
awareness. The scales were successful in generating significant results that compared the data
overload scenarios to the team user interface conditions.
However, in retrospect, the post condition survey could have been improved in terms of
reliability and validity. The survey covered too many topics with too few questions for each topic.
Some of the scales were composed with only two or three contributing questions. Additional
questions should be created and tested to improve the reliability of the scales. The scales also did
not necessarily match up to the theoretical constructs they purported to evaluate. The scales were
focused instead on the practical factors of the task. Further research can be done tying the
practical questions to the theoretical backings to improve the validity of the scales.
The experience from this research study also suggests improvements for the
questionnaire. Although the questionnaire was adequate for capturing participant evaluation of
their team and the NeoCITIES interface, the questionnaire might have been more useful split into
two separate examinations. One examination would be conducted prior to the experiment, the
other after the experiment. The first examination would contain a more complete collection of
demographic questions including capturing the cultural or communication style of the
participants. The second examination would contain the self and team evaluations as well as the
evaluation of the NeoCITIES interface and task. Overall this method would allow for collecting a
more rich and diverse set of data.

127
Experiment Training
The time constraints for conducting the experiment left very little time for a
comprehensive training regimen. The time spent training was adequate, participants spent 5- 7
minutes reviewing slides, and then repeated a simple 9 event training scenario until they had
reached a competency threshold. This training was successful for participants to learn their role
and practice performing the resource allocation task in NeoCITIES. However the training
regimen was not successful in aiding teams to develop communication strategies and norms for
performing the NeoCITIES resource allocation task.
In retrospect, the training should have suggested communication strategies for
performing the NeoCITIES task. One of the problems was the design of the training scenario. The
training scenario included 9 events, requiring only one or two resource from one team member to
complete. The training scenario should have included complex events, where multiple resources
from multiple team members were necessary to respond. This event requirement would have
forced communication and coordination in participants, prior to the actual experimental
conditions.
The training slides should also have provided guidelines or recommended styles of
communication behavior. One of the problems observed in this study was the vast number of
communication styles which made it difficult to observe variance in chat frequencies during
experimental conditions. A recommended style of communication that participants were
encouraged to practice during training would have improved the data collection for this
experiment. This modification would also move the focus of away from newly formed or ‘adhoc’
teams towards the intended area of trained and experienced emergency dispatch teams.
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NeoCITIES Simulation
The NeoCITIES experiment has seen several iterations and upgrades since its inception.
Chapter 3 provides a summary of the latest changes that were built into the NeoCITIES research
platform. This study was the first experiment conducted with the newest version of NeoCITIES.
As such, growing pains, in terms of emergent bugs and errors were expected and experienced.
Overall the latest version of NeoCITIES performed admirably, however some data cells were lost
due to system malfunctions and crashes. From the 28 teams, of 4 conditions per experiment, data
for 112 conditions should have been collected. Unfortunately, unforeseen technological
misfortunes resulted in 4 condition data sets not being collected. These errors are currently being
investigated and will be fixed for the next iteration of NeoCITIES experiments.
As the first run through of the new version of NeoCITIES, the data collection system also
requires some improvements. Data on event level interaction is currently missing from the
NeoCITIES output reports. Event level data, such as the event allocation history including the
number of resources, the name of the dispatcher, and the time of the allocation would all have
provided new innovative insights into team interaction. This data could provide information on
the sequencing of events, providing insight into the order in which teams respond to events.
Unfortunately none of these data collection features are available in the existing version and are
under development for the next iteration of NeoCITIES.
Further investigation and adaptation of the scoring model is also warranted for future
iterations of NeoCITIES. The scoring currently only provides two numbers for an event, a raw
score and a normal score. The event scoring data also does not distinguish between the members
of a team. All team members receive the same score regardless of their involvement in the events.
Perhaps in the future, the system can be adapted to include more relevant statistical data at both
the individual and team levels of analysis.
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Future Work
The results of this study warrant further investigation into several areas of research. From
a theoretical standpoint, future research can further develop the data overload taxonomy and
investigate the significant differences in player and team communications styles. From a practical
standpoint, there is much work that can be done on improving the NeoCITIES simulation
including new features and improvements to the user interface. Finally, from an experimental
standpoint, there are many improvements and recommendations to the data collection process as
well as future investigations into event level construction of data overload scenarios.

Taxonomy Development
The data overload taxonomy is a useful tool for identifying and diagnosing problems of
data overload in distributed cognition systems. This taxonomy was built upon a survey of five
scientific fields and engineering disciplines in the context of emergency crisis management.
NeoCITIES is an example of a distributed cognition system, for which the taxonomy was
employed to identify and analyze data overload in this context. Future research should seek to use
the taxonomy to identify and analyze data overload in real command dispatch systems used in
emergency crisis management. A survey of systems affected by data overload could be compiled,
and analyzed using the taxonomy. This research would compare the perspectives of the data
overload problem and compile a list of effective mitigating solutions.
Further research should also be done to apply the data overload taxonomy to different
contexts outside of emergency crisis management. Within the relevant command and control
domains future research could be conducted to explore the characterizations of data overload in
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military battlefield command centers such as NORAD, or virtual network command centers such
as the Air Force’s GIG (Global Information Grid). Each domain may have a unique
characterization of the data overload problem that would inform the expansion and development
of the data overload taxonomy.

Communication Style Inventory
This research study was theoretically ill-equipped to handle the emergent differences
between team communication styles. The survey instruments used in this study were a novice
attempt at capturing demographic data and measuring participant perceptions of various task and
team related factors. Future NeoCITIES studies should control their experiments for these
communication style differences. One recommended approach would be to employ a standard
communication style inventory such as the Group Styles Inventory (GSI) employed for the
assessment of virtual teams (Potter, Cooke, & Balthazard, 2000). This would enable future
studies to control team composition based upon the style of a team’s communication.
Future research into communication should also investigate the role of interpersonal
communications in influencing team behavior and performance. This research demonstrated how
having a prior acquaintance with your teammates influenced communication style of teams. This
research deserves further exploration to define how the interpersonal relationships between
teammates effect their team behavior and performance. For example, several participants
recruited their girlfriends to join in the experiment for extra credit. Future research should
examine how participant interpersonal relationships effects the ability of teams to strategize,
coordinate, share information, and communicate basic event details.
Another related aspect of communication style is the investigation into leadership and
dominance. In observation of the NeoCITIES experiments, in several teams, communication was
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dominated by a single team member. This team member would establish the pattern of
communication early in the scenario and consistently inquire into the status of their team
members. Future research into NeoCITIES can investigate what are the individual differences
that determine leadership in these environments, and how do they impact them behavior and
performance.
Finally, future research should examine the differences in communication styles as a
factor of a teams’ culture. In observation of the NeoCITIES experiments, several teams were
composed entirely of foreign national students. These foreign students had an observed difference
in communication style compared to the local American students. Unfortunately, this
demographic data was not collected in this study for analysis. Future NeoCITIES experiments
should take into account participants’ cultural or ethnic background to compare their
communication styles and observe the differences in behavior and performance.

NeoCITIES Development and Improvements
NeoCITIES as a research platform, a reconfigurable prototype tool, in the living
laboratory framework is only theoretically justified when it is supported by knowledge elicitation
from actual domain experts. The most recent NeoCITIES knowledge elicitation was conducted
over five years ago for the dissertation research of Ivanna Terrel (2004). Significant
developments in NeoCITIES and new tools in the emergency crisis domain have surfaced since
those original interviews. Future research should revisit some of the fundamental assumptions of
the NeoCITIES simulation, such as the roles and decision task of the fire, police, and hazmat
dispatcher. In addition, new scenarios should be created based on expertise of real officers and
fire fighters. These new studies would serve to verify the experimental validity of NeoCITIES for
the near future.
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Another option for revisiting the assumptions of NeoCITIES, would be to redesign the
context of the simulation. As stated in the introduction, data overload as a problem is also found
in the domains of military battlefield command centers, and in virtual network command centers.
Since the new infrastructure upgrades to the simulation, NeoCITIES can now be redesigned for
one of these contexts. Resources of fire, police, and hazmat can easily be renamed to army, navy,
air force, with scenarios and events appropriate to this context. Unfortunately to maintain
theoretical validity, further knowledge elicitation would be required in these contexts, with access
to domain expertise, which may be difficulty to acquire. However the pay off for the completion
of this transition would be significant, as this would provide allow the investigation of cognitive
aids into multiple contexts simultaneously.
The NeoCITIES simulation, as a tool, an interface for conducting the resource allocation
task also requires future improvements. One persistent problem of the NeoCITIES user interface
is the usability of the software. Connors modified the several elements of the interface to enhance
usability, yet participants still found the interface distracting or confusing (2006). In this
dissertation, new team user interface elements were developed to similar results. Although some
participants found them rewarding, others found them distracting. New methods of interaction
and visualization should continually be sought to forward the usability of the NeoCITIES
simulation. To do so would reduce the frustration caused interface data overload and focus the
user’s attention on relevant aspects of the task and decision.
The single biggest improvement that can be made to the NeoCITIES interface is the
reintroduction of geo-collaborative map. Friedenberg reinforced the importance of a map in
providing a common operational picture for teams to develop their group situational awareness.
However the simple presence of a map does not automatically infer these benefits. As
Friedenberg did in his research, future studies will need to investigate the necessary affordances
required by a map based interface. The use of a map in NeoCITIES would further ground the
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simulated realism of the scenarios, providing context for events and visualized deployment of
resources. This development would have a significant effect on the design of scenarios and on the
team’s interaction and behavior in the simulation.

Event Construction and Design
One of the major faults in this research study was the absence of carefully defining the
characteristics and factors of event construction that contribute to the problem of data overload.
This research experiment attempted to calibrate data overload by examining participant reaction
to the sum of the events, the NeoCITIES scenario. While this method succeeded in developing
two engaging, challenging, and unique scenarios, it did not operationalize the contributing factors
of events that produced data overload. .
Further investigation into the design of scenarios and events is warranted to correct this
oversight. Future research would extend the work done by Obieta (2006) on how to calibrate the
difficulty and challenge of events in NeoCITIES. From the design of the scoring model,
described in chapter 3, it is already known that events with shorter time limits and higher initial
severity contribute to create more challenging events. Future research can discover the different
combinations of severities and complex answer construction that produce the most challenging
events for players.
Another component of data overload that warrants future investigation is the construction
of the scenarios. The pattern of events in a scenario contributes to the problem of data overload in
NeoCITIES. This research study only examined the manipulation of the pace between events in a
scenario. Future research should examine different patterns for staggering simple and complex
events. Compare the design strategies of scenarios for rapid and random escalation of events
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against the slow but steady escalation of events. How would these two different scenarios affect
the behavior and communication of teams in NeoCITIES.
Finally, in order to measure the differences between scenarios, new survey instruments
should be designed that focus specifically on task load. One industry proven method for
measuring task load is the NASA-TLX, task load index (Hart & Staveland, 1988). The TLX has
been used for over 20 years, and has been used to calculate the load for a wide range of tasks
from landing a fighter on an aircraft carrier to sending an email to a coworker. The extensive
data set collected by NASA can be used to compare the NeoCITIES task against other similar
tasks. This measurement would further allow us to calibrate the scenarios to manipulate data
overload.

Chapter 6

Conclusion
This research study was an exploratory investigation of the problem of data overload in
the context of command centers employing human-in-the-loop distributed cognition systems.
Common across the different contexts of command centers was the data supply chain of the
transformation process. The transformation process illustrates the flow of data in a human-in-theloop system from the initial sensor data collection to the final knowledge implementation. From
the transformation process this study identified the characterization of data overload in five
scientific fields and engineering disciplines.
This study discovered that the phrase ‘data overload’ is a phenomenological phrase that
been ascribed various meanings, dependent upon the scientific field of observation. Data fusion
engineers characterize data overload as a problem of system design, a fault in sensor and fusion
aggregation algorithms that produce more than data than the system was designed to handle.
Cognitive system engineers characterized data overload as problem of task design, a product of
facets of the work environment that hinder the ability for people to complete their task. Human
computer interaction scientists characterized data overload as a problem of interface design, a
result of improper data visualization methods. Decision scientists characterized data overload as a
problem of information space in which a decision maker becomes overwhelmed due to changes in
the environment or pressures in performing the decision. Scientists that study computer supported
collaborative work characterized data overload as a problem of communication management,
people become overwhelmed when trying to manage and organize the vast amount of messages
that hinder their ability to coordinate in groups.
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Each of the referenced disciplines provides its own methods and recommendations for
solving the pernicious problem of data overload. Solutions from the data fusion literature suggest
that the proper solution is implementation of level 4 fusion, process refinement. Humans are
necessary to continually tweak the output of data fusion systems to avoid data overload.
Cognitive system engineers suggests a similar solution, a hybrid cognition approach, that blends
the information processing capabilities of machines with the sense making and decision making
processes of humans. Human computer interaction scientists believe that data overload can be
mitigated by new information visualizations and multi-modal interfaces that enhance the ability
of the user to find the proverbial needle in the haystack. Decision support scientists mitigate data
overload by developing distributed cognition systems that balance the attentional requirements of
the decision with the attentional demands of the environment. CSCW scientists mitigate data
overload by developing new ways to manage the ever growing set of communication messages
between people and provide new meaningful ways for people to collaboratively share
information.
This research demonstrates that data overload is a complex problem that requires a
multidisciplinary perspective to address the emergent needs of distributed cognition systems in
command centers. As evidenced by the myriad of characterization and solutions, data overload is
not a problem that can be solved with a simple solution. The mitigation of data overload requires
a problem solving approach that analyzes the system at each level of the transformation process
as well as a holistic examination of the human-in-the-loop system.
This research study developed a taxonomy of data overload characterizations to aid in the
classification and demonstrification of the problem. This study employed the taxonomy to
analyze the problem characteristics of data overload in the context of a simulated emergency
crisis command center, NeoCITIES. NeoCITIES is a simulated task environment that mimics the
sense making and decision making processes of dispatch analysts in emergency crisis
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management. NeoCITIES is a proven research platform that has been the basis of several
research studies and dissertations. From the analysis of previous research using the NeoCITIES
platform, the data overload taxonomy was applied to discover the necessity for improvements in
the team user interface elements.
Over nine months was spent redeveloping the NeoCITIES simulation for research into
data overload the potential mitigating effects of the team user interface elements. This included
the creation of an entirely redeveloped client user interface, performance scoring model, event
scenarios, and survey instruments. This research developed an experiment using the latest version
of NeoCITIES to explore the relationship between data overload scenarios and the team user
interface elements.
The results from this study were mixed. On one hand, the data overload manipulation was
not successful in inducing negative symptoms associated with data overload, including higher
stress, loss of team awareness, decrease in self confidence and decrease in team trust. However,
the data overload scenario was significantly more difficult than the low task load scenario as
measured by lower mean normal scores. Therefore either the surveys did not correctly measure
the symptoms of data overload, or the participants were unaware they were experiencing data
overload. In latter case, the data overload manipulation would be determined to be unsuccessful.
A supplemental analysis was conducted to investigate this suspicion by comparing the levels of
team performance, measured by normal scores, to the survey results. These results were
significant, indicating further that the survey results were valid and that the data overload
manipulation was not successful.
The results on the team user interface elements were consistent. The raw scores, reported
by the NeoCITIES scoring model, showed significant differences in favor of the team user
interface elements. This finding indicated that teams performed better on the complex events in
conditions with the team user interface enabled. Similarly, the surveys reported a significant

138
increase in the team awareness scale, finding the interface useful to evaluate their teammates
units and events when time was available. The questionnaire confirmed that participants found
the team user interface elements helpful, albeit sometimes distracting when they were focused on
other elements of the task.
The analysis of the communication chat logs between team members yielded interesting
results. The initial communication hypotheses sought to compare the chat log frequencies of
teams against the experimental conditions of the study. Unfortunately, neither of the initial
communication hypotheses returned significant results. However further investigation into the
communication behavior of participants demonstrated the significance of understanding the
differences in team communication style.
Two supplemental hypotheses were constructed to investigate the differences in team
communication styles as a function of the overall frequency of the team communications and the
levels of prior acquaintance in team members. The findings from this analysis demonstrated that
communicated more often had a higher percentage of transfer messages, meaning their
communication relied more on direct statements of task ownership and completion. Other
findings discovered that teams with more prior acquaintances had more action requests,
insinuating that players were more comfortable directly requesting or demanding action from
people they knew. Players that were only partially acquainted also spent more time
communicating strategy and discussing team performance outcomes than teams that were either
more or less acquainted. These findings highlight the importance of understanding team
communication style as a measurement of team behavior.
Overall this study demonstrates the application of the taxonomy in the creation of the
team user interface elements to mitigate data overload in the context of an emergency crisis
management simulation. Since the data overload manipulation was not successful, this study can
not conclude that the team user interface element successfully mitigated data overload. However,
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the team user interface elements were still a success as measured by the increase in team
performance and the increase in team awareness. The team user interface elements are a
contribution to the NeoCITIES interface and will persist through future iterations of the
simulation software.
The limitations in this study provide room for future improvement. Further investigations
into the design and construction of event scenarios are warranted to correct the failure of the data
overload manipulation. The use of standard survey instruments would also be a significant
improvement in validity and reliability of the participant data collection. Recommended survey
instruments include the NASA-TLX for measuring task load, the Group Styles Inventory for
measuring communication style, and SAGAT for measuring situation awareness. Further
extensions and revisions of the NeoCITIES user interface are also recommended to reduce the
aspects of interface overload reported by participants and focus their attention to task structure of
the simulation.
In this research study, the advancement of the data overload taxonomy has been a
mutually beneficial partnership with the advancement of the NeoCITIES research platform.
NeoCITIES has proven itself a reliable tool for conducting empirical research into data overload.
Further validation of the data overload taxonomy will require new domains and contexts for
exploration. There are many human-in-the-loop systems employed in command and control
centers, all of which can be investigated for exploring the new characterizations and solution
approaches to the problem of data overload. NeoCITIES is but one floating data point in a sea of
data overload possibilities.
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Appendix A

Survey of Data Fusion Process Models
Models in the field of data fusion provide a theoretical and functional representation of
the data fusion process; starting from the collection of data from a sensor to the presentation of
the meta-data to the user. Theoretically, these models describe the various tasks and goals of data
fusion systems. Functionally, these models aid developers in producing intelligent system for data
fusion. This section presents an overview of models for data fusion and provides an assessment of
the utility of the models in comparison to related models in data fusion and cognitive science. A
summary of reviewed models is provided in Table A-1.
Table A - 1: Surveyed Data Fusion Process Models
Model
JDL

Description
A functional model for describing the
data fusion process

Functional Levels of
Fusion
TRIP Model

An abstraction of input-output functions
of the data fusion process
Application of the waterfall
development process to data fusion
Adaptation of Boyd’s OODA loop for
data fusion

Omnibus Model

References
Hall and Llinas (1997,
2001)
Hall and McMullen (2004)
Kessler (1992)
Dasarthy (1997)
Kessler and Fabien (2001)
Bedworth and O’Brien
(2000)

The JDL Data Fusion Process Model
The Joint Directors of Laboratories (JDL) data fusion process model (J. Kessler, et al.,
1992) has been used extensively to provide a roadmap for data fusion technology and algorithm
development, an educational tool to support understanding of data fusion (D. L. Hall &
McMullen, 2004), an organizing framework for symposia, cited in government requests for
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proposals, and even used as a basis for organizing research teams. Since its creation, the model
has undergone several refinements and extensions.
The JDL model originated from the Data Fusion Sub-panel of the Technology Panel for
C3 (Command, Control, Communications) of the Joint Directors of Laboratories (JDL) of the
Department of Defense. The JDL data fusion process model is a functional model that describes
the primary elements necessary for the creation of a data fusion system. Creation of the model
was motivated by the proliferation and confusion of terminology in the research community. At
the time of its inception, there was no community consensus on the processing steps for data
fusion, nor agreement regarding definition of key terms. The JDL model was developed by
Kessler et al (1992) to facilitate understanding and discussion of various roles, problems, and
tasks applied to data fusion. The 5 levels as described by Kessler and White (2008) are as
follows:
•

Level 0 – Source pre-processing/Sub-Object Refinement: Pre-conditioning of data to
correct biases, perform spatial and temporal alignment, standardize inputs

•

Level 1 – Object Refinement: Association of data (including products of prior fusion) to
estimate an object or entity’s position, kinematics, or attributes (including identity)

•

Level 2 – Situation Refinement: Aggregation of objects/ events to perform relational
analysis and estimation of their relationships in the context of the operational
environment (e.g. force structure, network participation & dependencies)

•

Level 3 – Impact Assessment: Projection of the current situation to perform event
prediction, threat intent estimation, own force vulnerability, and consequence analysis.
Routinely used as the basis for actionable information

•

Level 4 – Process Refinement: Evaluation of the on-going fusion process to provide user
advisories, adaptive fusion control, or to request additional sensor/ source data
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A top-level diagram of the JDL model is shown below in Figure A-1. The JDL model is
actually a three-level hierarchical model. At the top level, shown in Figure A-1, the model
indicates the major functions that are typically performed in transforming sensor or related data
into meta-data/knowledge used to support decision-makers.

In the two hierarchal levels below

the top level, the model defines sub-processes and specific algorithms and techniques used for
fusion.

A complete view of the model may be found in Hall and McMullen (2004).

Sensors

Level 0

Level 1

Level 2

Level 3

Sub–Object
Data
Association
& Estimation

Object
Refinement

Situation
Refinement

Threat
Assessment

Level 5
HumanComputer
Interaction

Level 4
Context

Process
Refinement

Database
Management System
Support

Fusion

Figure A-1 Top level view of the JDL data fusion process model (Hall and McMullen, 2004)

Since its inception in 1992, the model has received several additions and revisions.
Originally, the model included only the first four levels of fusion processing: object refinement
(level 1), situation refinement (level 2), threat assessment (level 3) and process refinement (level
4). Steinberg, Bowman and White published the first extension of the JDL model adding a
precursor level of fusion. Level 0 fusion involves sensor associated data and estimation (1998).
The idea of level 0 processing was to recognize the increasing role of smart sensors and
associated processing at the sensor/source level.
The ‘fifth’ level of fusion processing, the human computer interface to a data fusion
system was introduced independently by separate researchers. M. J. Hall, Hall, & Tate
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introduced the concept of data fusion performance being dependent on the interface it provides to
a human user (2000). Later, Blasch and Plano introduced a formal titling of this process in the
JDL model, denoting it as the “level 5” fusion process (E. Blasch & Plano, 2002). The purpose
level 5 fusion is to provide systematic user interface requirements and guidelines to aid
developers in producing intuitive human-in-the-loop decision making systems (E. P. Blasch &
Plano, 2003). However, as the dotted line around level 5 fusion in figure 1 illustrates, there is still
debate in the data fusion community surrounding its acceptance as a common data fusion
functional process.
As a fluid model of the data fusion community, extension, revisions, and modifications
are always under discussion and up for debate. Most recently, Llinas et all proposed the case for
further consideration of current data fusion issues including distributed data fusion systems and
ontology-based systems (Llinas et al., 2004). The JDL model is a useful standard in the data
fusion community. The model has been successful in its original goal of providing a common
frame of reference for researchers in the data fusion community. Indeed, many successful data
fusion systems have been built based upon the functional guidelines of the JDL model (see for
example, Nichols 2001).

The Transformation of Requirements to Information Processing (TRIP) model
A common challenge amongst data fusion engineers is decomposing human generated
mission objectives into automated process tasks. The TRIP model was created to fill this gap by
providing a graphical framework that relates high level mission objectives into low level
information needs (O. Kessler & Fabien, 2001). In terms of the JDL model, the TRIP model can
be categorized as either a level 4 or level 5 process. This model provides guidelines and
recommendations for implementing data fusion systems that meet the demands of the user in
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dynamic evolving environments (Kessler & White, 2008). The TRIP model, illustrated below in
figure 2, portrays the basic information processing cycle and the stages of user requirements (UR)
that occurs in military sensing domains.

UR 3
Objective
Setting

UR 2
Information
Needs

UR 1
Observable
s

Metadata,
Pedigree

UR 0
Task
Specifics

UR 4
Dynamic
Re-planning

Figure A-2 The TRIP Model (Kessler & White, 2008)

The five user requirements for information processing are listed below:
•

UR 0 - Task specification: Selection of sensor / source for collection of desired
observables by location, geometry, time, and interval. Provides executable tasks for
specified sensors / sources

•

UR 1 - Observability context: Derivation of observables available from specified
indicators as a function of quality (& vulnerability) of available (feasible?)
phenomenology and associated signatures

•

UR 2 - Information Needs: Specification of space and time constrained objects, events,
& conditions, which are expected to provide key indicators for own or adversary COAs.
Indicators are independent of phenomenology
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•

UR 3 - Objective Setting: Focused goals and objectives, including offensive and
defensive mission tasks, priorities, and external influences that may impact
accomplishment. Provides mission context for planning, including cost/risk factors

•

UR 4 - Dynamic Re-planning: Modification of the collection plan in response to
contingencies due to various causes:
I. natural (e.g. weather, equipment failure),
II. man-made (e.g. cyber attack, threat),
III. dynamic information needs (e.g. fusion request to resolve ambiguity). Includes
recovery for both short and long term needs

Together these five user requirements provide engineers with a taxonomy of functions
and methods to build a real time data fusion system for modern military use. The vision of this
model, enabled by modern information technology, is that different algorithms or algorithmic
functions can be invoked as needed, in response to changing information needs that are
communicated via common protocol. In effect, what the TRIP model proposes is a move towards
the standards demonstrated in the modern web community. Compartmented code, reusable code,
common data languages and protocols, are not novel concepts and have been promulgated since
the inception of object oriented languages (and I’m sure long before that). The value of the TRIP
model is that it brings together the many disparate yet commonly agreed facets of developing
systems for user requirements to engineers that rely on taxonomies of standards for
implementation.
The end result of the TRIP model is to provide a modern data fusion technology system
that enables common awareness of information needs across all processes. Therefore systems
employing these concepts will make better use of available resources, the data they generate, and
therefore improve satisfaction for their users. The aim of this model is an information-processing
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cycle that is responsive to dynamic changes in mission goals as generated by the users and
dynamic changes in generated by the environment.

Dasarathy’s Model
Dasarathy’s model of data fusion is an abstract notional model of the data fusion process.
The Dasarathy model characterizes the data fusion process from a systems perspective, where
data fusion is an input – output process. According to Dasarathy, there are three general levels of
abstraction in data fusion processing (1997):
•

Data level - integration of raw observations and can occur only in the case when the
observations are of the same type

•

Feature level - assumes that each stream of sensory data is first analyzed for features,
after which the features themselves are fused

•

Decision level - based on the fusion of individual mode decisions or interpretations

Based on these thee levels of fusion, Dasarathy created a list of the conceivable inputoutput combinations that can be explored through data fusion. This input-output list is displayed
in the table below:
Table A-2: Components of Dasarathy’s Model (1997)
Input

Output

Notation

Analogues

Data

Data

DAI-DAO

Data-level fusion

Data

Features

DAI-FEO

Feature selection and feature extraction

Features

Features

FEI-FEO

Feature-level fusion

Features

Decisions

FEI-DEO

Pattern recognition and pattern
processing

155
Decisions

Decisions

DEI-DEO

Decision-level fusion

The Dasarthy model is an adaptation of the IDEF modeling technique of system process
engineering (see http://www.idef.com/idef0.html). The purpose of IDEF modeling was to help
engineers establish scope of functional analysis. Just as IDEF serves as a communication tool,
between the customer of the system and the analyst or designer, Dasarthy’s functional model
enhances this communication process by providing a simple taxonomy and graphical method.
In Dasarathy’s original paper he envisions the use of this model for “the development of
a self-improving multi-sensor fusion system architectures wherein the central (fusion system) and
local (individual sensor subsystems) decision makers mutually enhance the other’s performance
by providing reinforced learning” (1997). In comparison to the other models, the Dasarathy
model is primarily a theoretical abstraction of data fusion, a technique for modeling data fusion
systems, and not a model for implementation. Although it covers the full scope from data to
decisions, the model does not provide the comprehensive details necessary for full
implementation - nor was it ever intended to. Dasarathy’s model is useful for understanding the
different roles in which data fusion systems can be characterized and then communicated to
others.

The Omnibus Model
The omnibus model, named for its intention to encompass both data fusion and decision
making, combines aspects of Boyd’s Observe-Orient-Decide-Act (OODA) decision – control
loop with the waterfall model of software development (Boyd, 1976). By placing the waterfall
development cycle into a loop the authors of the model, Bedworth and O’Brien, intended to make

156
feedback explicit. The goal of the omnibus model was to enhance the data fusion process by
combining a system – goal perspective with a task-oriented perspective (Bedworth, 2000).
Decision Making

Soft Decision
Fusion

Hard Decision
Fusion

Context Processing

Decide

Feature Extraction

Act

Pattern Processing

Orient

Feature
Fusion

Control
Resource Tasking

Observe
Sensor Data
Fusion

Signal Processing

Sensor
Management

Sensing

Figure A-3: The Omnibus model for decision making and data fusion (adapted from Bedworth
and O’Brien, 2000)

Similar to the TRIP model, the aim of the Omnibus model is to provide insight into a
user’s decision making process so that engineers can develop better data fusion systems. This
model assume that systems that correlate their data fusion processes with the decision making
steps of the user provide better cognitive affordances than systems that do not, therefore
increasing user satisfaction and system reliability. In their paper, Bedworth and O’Brien report
initial success from this model, however long term user and system satisfaction has yet to be
evaluated, nor have other practitioners publicly reported success with this model.
Overall, the common weakness of data fusion models is their ability to address human
issues relating to situation awareness, sensemaking, and decision-making. All of the data fusion
models recognize the importance of these processes and at some level attempt to describe or
model that importance. However, the ability of the data fusion models to effectively represent the
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issues of situation assessment and decision-making fall outside of the traditional focus of the field
and thus have spawned the various models described here.
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Appendix B

Survey of Cognitive Process Models
This section provides a review of the cognitive process models that inform decision
makers in the transformation process. These cognitive process models provide insight into the
methods of perception and reasoning of decision makers. These models range from the specific,
detailing processes of sensemaking and awareness, to the more general, detailing stages of
decision making. These models have evolved from the cognitive psychology community and
military decision making communities. The complete list of surveyed cognitive process models
in the transformation process is listed in table B-1, below:
Table B-1: Surveyed Cognitive Process Models
Theory

Description

Reference

Situation Awareness

A theoretical model for situation
awareness and assessment
A theoretical model for iterative
interpretation of data in a
context
A naturalistic theory of decision
making focused on recognition
of perceptual cues and action
A process model of military
decision making
Various updates to the classical
OODA model using various
modern principles of Cognition.

Endsley (1995)
Endsley (2000)
Weick (1995)
Klein et all (2004)

Sensemaking
Recognition Primed Decision
Making
OODA
OODA Variations

Klein (1999)
Boyd (1976)
Boyd (1996)
Rousseau & Breton (2004)
Brehmer (2005)
Grant (2005)
Bryant (2006)
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Situation Awareness
In laymen terms, awareness “lets us know what is going on”. Endsley defines awareness
as the knowledge created through interaction between an agent and its environment (M. R.
Endsley, 1995). All people experience awareness at this basic level; it’s what allows us to
perform everyday tasks such as crossing a busy intersection. Klein (2004) describes four basic
characteristics of awareness summarized from the research of Norman(1993) and Endsley(1995):
1. Awareness is knowledge about the state of an environment bounded in time and space.
2. Environments change over time, so awareness is knowledge that must be maintained and
kept up to date.
3. People interact with and explore the environment, and the maintenance of awareness is
accomplished through this interaction.
4. Awareness is a secondary goal in the task – that is, the overall goal is not simply to
maintain awareness but to complete some task in the environment.

In simple environments, situation assessment is the process of seeking information
through perception to achieve a state of awareness. In the example of the busy intersection,
people assess the environment by looking both ways so that we can be aware of whether or not to
cross the street. However, as the information demands of the environment become more complex
our ability to assess becomes limited. In the example of the intersection, complexity arises by
increasing the volume and speed of traffic while at the same time decreasing the amount of time a
person can assess whether or not to cross the street. In these environments, awareness and the
process of assessment becomes a noticeable limitation of our human ability (Mica R. Endsley,
2000).
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The term situation assessment is related to this concept of situation awareness. Situation
assessment is the dynamic process of seeking information to achieve the state of situation
awareness. If awareness is a state of mind, then achieving situation assessment is the set of
cognitive functions that are used to aid this process. Endsley defines several stages of situational
awareness that are displayed in the figure below (2000):

Figure B-1: Endsley’s Model of Situation Awareness (2000)

Situation awareness is a dynamic process in which technology and other tools can be
designed to aid the specific stages in this process. For example, cognitive aids can be employed to
assist perception through multimodal interfaces, assist comprehension through transactive
memory surfaces, and assist projection through experiential learning. In the transformation
process, from energy to knowledge, the term situation assessment may refer to human cognition
activities or automated algorithms such as pattern recognition or inference based systems, or even
processes and procedures for analyzing data. Researchers at the Air Force Research Lab in Rome
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NY adapted Endsley’s situation awareness model to the JDL data fusion model in order to
produce automated methods of data collection and management (J. Salerno, Hinman, Boulware,
& Bello, 2003; J. J. Salerno, 2006).
Finally, situation awareness can only be studied in the operational context of its
environment. This is to say that for any given operator, situation awareness is defined in terms of
the goals and decision tasks for that job (Mica R. Endsley, 2000). Therefore, situation awareness
is defined in differently depending upon the specific application context. For tactical military
applications for example, situation assessment refers to the process of seeking to understand the
relationships among observed entities (e.g., targets, weapons, sensors, etc.) and their relationship
to the environment (John J. Salerno, 2007). The process involves recognition of patterns,
context-based reasoning and understanding of spatial, temporal, causal, and functional
relationships.

Sensemaking
Sensemaking is a cognitive process that describes how people recognize a problem exists
in their environment. Sensemaking enables people to identify problems and diagnose them prior
to decision making. Weick, one of the first authors in cognitive sciences to explain the
significance of sensemaking, stated that sensemaking is often initiated by surprise, when a
person’s current understanding of events fails to meet their expectations (1995). This theory has
been used to explain how people recognize complex problems in dynamic environments such as
in the Three Mile Island disaster described previously in chapter 2.
The most recent theory of sensemaking is Klein’s Data/Frame Theory of Sensemaking
(2006). According to Klein, sensemaking is an iterative process of framing and reframing data in
order to help interpret and filter the data. A frame is a person’s slice of a situation; it is where a
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person defines elements of the situation, their significance, and their relationships to other
elements. The process of framing and reframing serves to highlight relevant data messages and
discard irrelevant ones. The model of this theory is shown in figure B-2 below:

Figure B-2: Klein’s Data / Frame Theory of Sensemaking (2006)

In Klein’s theory of sensemaking, neither the data nor the frame comes first. Instead, at
the same time the data is observed, the frame of the situation is created. Put in context, a person
begins the sensemaking process upon being aware of the current situation. The act of recognizing
a problem is not a threshold that can be calculated like a computer, instead “the active exploration
proceeds in both directions, to improve or replace the frame and to obtain more relevant data”(G.
Klein, 2005).
In the transformation process, sensemaking is a critical cognitive process to both analysts
and their commanders. As a method for recognizing and diagnosing problems in emergent
situations, the mental models generated by sensemaking are unique to each individual (Gary
Klein, 2006). This explains why diversity is important for teams; each individual brings about a
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unique perspective, therefore providing the ability to detect problems that others do not.
Understanding the implications of sensemaking is paramount to managing the communication
problems between team members. Cognitive aids developed to aid sensemaking need to account
for these individual differences.

Recognition Primed Decision Making
The recognition primed decision-making (RPD) model was one of the first models to
arise out of the field of naturalistic decision-making. Developed by Gary Klein, this model was
discovered through observation and interviews with fire fighters in determining how they
responded to critical situations. Critical situations in this context were defined as situations
where decisions were being made under a limited amount of time with high stress environments;
and severe consequences of wrong decisions often meant death (Klein, 1999). A firefighter
entering a burning building, in danger of collapsing is an example of a critical situation. From his
observations and interviews with fire fighters, Klein developed the RPD model to describe the
decision making process, as shown in Figure B-3.
The RPD model differs from the model of classical decision making, described in chapter
2, in several important ways. First, the decision maker does not randomly generate decision
options and concurrently evaluate them; instead the decision maker serially generates and
evaluates their options, often selecting the first workable solution. The decision maker does not
select the optimal solution as in classical decision-making, and instead satisfice for the quickest
available solution. Second, evaluations of decision options occur through mental simulation not
rational decision analysis or Bayesian statistics of the simulation. The mental simulation serves
to elaborate and improve the option, not compare the differences between options, as is the case
with classical decision-making. Finally, the focus of decision making in these contexts is on
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situation assessment and not the outcome of the decision. The decision maker needs to understand
the situation as quickly as possible in order to be primed to act, they are not waiting for complete
analysis of the situation or understanding the impact of their actions.
Experience the Situation in a
Changing Context

No
Reassess Situation
Seek More Information

Is the Situation
Familiar?

Yes

Yes

Are expectancies
violated?

Activation of Information from
Memory:
No

Plausible Goals
Expectancies
Relevant Cues
Actions

Mental Simulation of Action

Yes
Modify

Will it work?

No

Yes
Implement

Figure B-3: Recognition Primed Decision Making under dynamic evolving situations (adapted
from Klein, 1999).

Overall, the RPD model is a popular model for understanding decision makers in critical
contexts. Further research has demonstrated the validity of the RPD model in the context of
command and control (Kaempf et al., 1996) and other researchers have employed RPD as the
basis for team-based intelligent agent reasoning (Fan et al., 2005). In the transformation process,
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the RPD model informs decision maker in responding to dynamic situations. The RPD teaches us
that decisions employed in dynamic situations are recognized and reacted to regardless of
preplanning; they are not systematically evaluated and compared (G. A. Klein, 1999). Therefore
systems should provide flexibility for decision makers, and training should occur through
simulation and rehearsal that enables decision makers to learn through problem based
experiences.

The OODA loop
In the field of military command and control systems, the defacto model of decisionmaking is the Observe-Orient-Decide-Act (OODA) loop. Developed in the 1970’s by US Air
Force Colonel John Boyd, the OODA loop is based upon Boyd’s observations of effective fighter
pilots during the Vietnam War (Boyd, 1976). Similar to the findings of Klein and his RPD
model, Boyd ascertained that fighter pilots were performing a different decision process than that
of classical decision-making. Boyd depicts this process as follows:

Orient

Decide

Observe

Act

Figure B-4: The original OODA loop (adapted from Boyd 1976)

The OODA loop is intuitive, easy to understand, and can be interpreted to fit almost any
context. Because of these qualities, the OODA loop has witnessed many permutations over the
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past thirty years, each author with their own interpretation of how to apply the OODA loop to
their context. Despite these adaptations, the core processes of the OODA loop has remain
unchanged. In 1996, Boyd updated the OODA loop to contain details about how the core process
functions and interacts. This updated model is illustrated in figure B-5.
Observe

Orient

Decide

Act

Implicit
Guidance
& Control

Implicit
Guidance
& Control
Cultural
Traditions

Observations

Genetic
Heritag

New
I f

Unfolding
Interaction
with
Environment

Analysis
&

ti

Decision
Hypothesis

Action

Previous
E
i
Unfolding
Interaction
with
Environment

Feedback
Feedback

Figure B-5: Boyd’s modern OODA Loop decision process model (1996)

The four stages of the OODA loop can be described as follows:
1. Observe is the process of gathering information from the environment either through
direct interaction, sensors, or communication. The process of observation is also
informed by feedback from the decide and act processes.
2. Orient is the process of situation assessment. The process of orientation is the dynamic
interaction between a person’s genetic heritage, cultural tradition, previous experiences,
and unfolding circumstances. This set of individual differences in turn shape a person’s
expectations, biases, and projections.
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3. Decide is the decision-making process of the OODA loop. In this model, decide refers to
the process of generating hypothesis about how to respond to the given situation. Decide
is informed by the orient process of situation assessment and provides internal feedback
to the observe state.
4. Act is the process of implementing the selected decision hypothesis that impacts the
unfolding environment. Act is informed from the decide decision-making process and
provides feedback directly and indirectly to the observe state.

OODA Variations
In the past five years, OODA has seen a revival of interest in the military research
community. The popularity of the OODA loop has lead to it serving as the theoretical basis for
future command, control, and communication systems. However, the OODA loop was never
originally intended to serve as a basis for intelligent system architectures. To fill the gaps of the
many shortcomings of the OODA loop, several modifications and extensions to the OODA loop
have been proposed. These variations are described briefly in table B-2:
Table B-2: Variations of OODA Loop Model
Model
CECA
M-OODA
C-OODA
D-OODA
SADT OODA

Description
An modified version of OODA using modern
theories of cognition
Modular OODA adds process, state, & control
components
Cognitive OODA includes the theories of RPD
and SA
Dynamic OODA adds planning and
Sensemaking with a focus to increase the
speed of decision-making
A functional system design representation of
OODA

References
Bryant (2006)
Rousseau & Breton (2004)
Breton & Rousseau, (2005)
Brehmer (2005)
Grant (2005)
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Critique-Explore-Compare-Act (CECA)
The Critique-Explore-Compare-Adapt (CECA) loop is one of the latest permutations of
the OODA loop generated by the intelligence and defense community (Bryant, 2006). The
purpose of the CECA loop is to provide a new framework that is based on the latest theoretical
advances in cognitive science since the OODA loop was created in the late 1970’s. The four
stages of the CECA loop are as follows:
•

Critique - the identification of information needs

•

Explore - active and passive data collection and situation updating

•

Compare - comparison of the current situation to the conceptual model

•

Adapt - adaptation to aspects of the battlespace that invalidate the conceptual model or
block the path to goal completion

The purpose of the CECA Loop is to serve as a practical framework for understanding
decision making in the context of command and control. However, the strength of the CECA loop
is the same as its weakness. On the positive side, the CECA loop is both an updated cognitive
model of decision process for C3 and a task oriented design model for system developers. The
duality of the CECA model serves to strengthen and validate the claims of the model. However,
the dual design of the CECA model also limits its usefulness; being a jack of all trades, it is a
master of none. The CECA model provides neither the depth of detail to fully understand the
cognitive processes underlying it, nor does it provide a functional system method for
implementing an intelligent system.
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M-OODA and C-OODA
The authors Rousseau & Breton have developed two separate permutations of the OODA
loop: (M)odular – OODA and (C)ognitive – OODA. Each permutation of the OODA loop is
intended to a specific shortcoming of the original OODA loop. The purpose of the Modular –
OODA loop is to provide a process state diagram of the OODA loop (Rousseau & Breton, 2004).
These diagrams serve to aid system developers in understanding the explicit feedback loops
between decision states and the information flow between processes. The purpose of the
Cognitive – OODA loop is to address the lack of psychological validity of the original OODA
loop (Breton & Rousseau, 2005). Specifically, the original model lacked representations of the
domain state and had no concept of attention or memory. The Cognitive – OODA loop addresses
these concerns by applying the M-OODA loop to these concepts of cognition.

D-OODA
The focus of the dynamic OODA loop is to account for the lack of explicit planning in
the original OODA loop (Brehmer, 2005). In the examination of planning for decision-making,
Brehmer noted two important things. First, the focus of the OODA loop is on making decisions as
fast as possible. However, the decisions people make in an OODA loop impact the environment
of which they are observing. Brehmer noted three sources of delays that could influence the time
from when one OODA loop completes to when another OODA loop can begin. The sources of
time delays are the following:
•

Dead time - the time between initiation of an action and when that act starts

•

Time constant – the time between when an act starts and when it produces effects
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•

Information delay - the time between the production of effects and when the decision
maker becomes aware of these effects

To compensate for these time delays, the Dynamic - OODA loops provides the addition
of sensemaking and planning to the decision making process. Although this does not negate the
time delays, the D-OODA loop accounts for it.

Structured Analysis & Design Technique (SADT) OODA
Grant’s 2005 paper is an example of one of the community-based efforts to bring OODA
into the 21st century. Grant provides a Structured Analysis & Design Technique (SADT) for
OODA similar to the IDEF0 diagram method of systems engineering enabling a task-oriented
approach for system developers (Grant, 2005). One of the common complaints against OODA
was the lack of applicability to system design for intelligent agent based system architectures.
OODA does not provide a clear delineation between human decisions and agent decisions, nor
does it provide a mechanism for collaboration. The SADT approach takes the first steps to
solving these problems by providing a series of Use Case diagrams and models for the
development of an intelligent agent based system architecture.
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Appendix C

IRB Materials
This appendix includes all the materials included with the IRB application except for the
actual IRB form which is on file with the Office of Research Protections at the Pennsylvania State
University, application #30295. This appendix contains:
1. Informed Consent Form for Social Science Research
2. Post Condition Survey Instrument
3. Post Experiment Questionnaire
4. NeoCITIES Recruitment Slide
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Informed Consent Form for Social Science Research
Title of Project:
Management Scenarios

NeoCITIES 3.0 – Simulated Task Environment of Crisis

Principal Investigator(s):

Mr. David Benjamin Hellar
bhellar@ist.psu.edu
314B IST Building, University Park, PA 16802
Telephone: 814-865-6847
Dr. David Hall
dhall@ist.psu.edu
101K IST Building, University Park, PA 16802
Telephone: 814-865-2154

Other Investigator(s) :
Dr. Michael McNeese
Dr. Susan Mohammed
Ms. Katherine Hamilton
Ms. Rachel Hoult
Mr. Dev Minotra

mmcneese@ist.psu.edu
sxm40@psu.edu
klh365@psu.edu
rmh269@psu.edu
dxm401@ist.psu.edu

USE Lab - 314 IST Building, University Park, PA 16802
Telephone 814-865-6847
1. Purpose of the Study: The purpose of this research is to study how the use of specific
graphical interface display modules improves team communication and task performance in a
crisis management scenario.
2. Procedures to be followed: You will be asked to take part in an experiment lasting
approximately 90 minutes. Through the use of a computer-based simulation called NeoCITIES
developed by our research team, we intend to study the impact of graphical interface features on
team collaboration. NeoCITIES is similar to a computer-based role-playing game where one
participant assumes a specific role and works with 2 other partners to solve a real world crisis
scenario. You will take part in four computer based crisis management tasks each lasting about 10
minutes. These activities are similar to playing a multiplayer video game. In addition, you will be
asked to complete a very short questionnaire after each simulation. After all four simulations, you
will also complete a questionnaire measuring your computer habits as well as your level of
expertise in using different software.
3. Discomforts and Risks: There are no potential discomforts/ risks invovled in this study other
than using an unfamiliar computer simulation, which is similar to playing a new video, or Internet
based game. You will be instructed on how to participate in the simulation.
4. Benefits: The benefits to you include an improved understanding of how computerized
graphical tools are used for collaboration for crisis management. The benefits to society at a
broader level include, improved understanding for design of graphical tools for emergency
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management. The study will also provide an understanding of team communication and
coordination for emergency management, which can be translated into real world training of
emergency responders.
5. Duration/Time: The subjects will participate in a single session lasting approximately 90
minutes.
6. Statement of Confidentiality: Your participation in this research is confidential. Only the
person in charge, and his/her assistants, will know your identity. The data will be stored and
secured at USE-Lab (314 IST Building) in a locked file cabinet and password protected
computers. The captured chat logs of the computer screen will be coded and destroyed within a
year. The following may review and copy records related to this research: The Office of Human
Research Protections in the U.S. Department of Health and Human Services, Penn State
University’s Social Science Institutional Review Board, and Penn State University’s Office for
Research Protections. In the event of a publication or presentation resulting from the research, no
personally identifiable information will be shared.
7. Right to Ask Questions: You can ask questions about this research. Contact Dr. David Hall at
(814)867-2154 or Mr. Benjamin Hellar at (814)865-6847 with questions. You can also call this
number if you have concerns about this research, or if you feel that you have been harmed by this
study. If you have questions about your rights as a research participant, or you have concerns or
general questions about the research, contact Penn State University’s Office for Research
Protections at (814) 865-1775.
8. Payment for participation: The participation is completely voluntary and no compensation or
remuneration is provided.
9. Voluntary Participation: Your decision to be in this research is voluntary. You can stop at
any time. You do not have to answer any questions you do not want to answer. Refusal to take
part in or withdrawing from this study will involve no penalty or loss of benefits you would
receive otherwise.
You must be 18 years of age or older to consent to take part in this research study. If you agree to
take part in this research study and the information outlined above, please sign your name and
indicate the date below.
You will be given a copy of this signed and dated consent form for your records.
_____________________________________________
Participant Signature

_____________________
Date

_____________________________________________
Person Obtaining Consent

_____________________
Date
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Post Condition Survey Instrument

Now that you have successfully completed a scenario simulation in NeoCITIES, please take a
minute to share your impressions regarding the scenario, your performance, and your team.
Please work through these questions as quickly as you can without dwelling on any question for
long

Scenario assessment

1. How ambiguous were the events in the scenario?
Highly ambiguous

1

2

3

4

5

6

7

Not at all ambiguous

4

5

6

7

Highly complex

5

6

7

Very Fast

5

6

7

Very Fast

6

7

Too Much Time

5

6

7

Very Frequently

5

6

7

Very Frequently

2. How complex did the scenario appear to you?
Not at all complex

1

2

3

3. How fast did new events occur in the scenario?
Very Slow

1

2

3

4

4. How long did it take to resolve events in the scenario?
Very Slow

1

2

3

4

5. How much time did you have between handling events?
Not Enough Time

1

2

3

4

5

6. How often did you communicate with your teammates?
Almost Never

1

2

3

4

7. How often did you request help from a teammate?
Almost Never

1

2

3

4

8. Please indicate the amount of stress or anxiety you had during the scenario.
No stress at all

1

2

3

4

5

6

7

High Stress
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Individual assessment
1. I felt like I was letting my team down.
Strongly Disagree

1

2

3

4

5

6

7

Strongly Agree

7

Strongly Agree

6

7

Strongly Agree

5

6

7

Strongly Agree

5

6

7

Strongly Agree

2. I found it easy to determine which events were my responsibility.
Strongly Disagree

1

2

3

4

5

6

3. I felt distracted and had difficulty concentrating on a single event.
Strongly Disagree

1

2

3

4

5

4. I felt confident in my choices to dispatch units to events.
Strongly Disagree

1

2

3

4

5. I felt overwhelmed with the number of active events.
Strongly Disagree

1

2

3

4

6. I felt confident in my decisions to recall units from events.
Strongly Disagree

1

2

3

4

5

6

7

Strongly Agree

3

4

5

6

7

Strongly Agree

6

7

Strongly Agree

5

6

7

Strongly Agree

4

5

6

7

Strongly Agree

4

5

6

7

Strongly Agree

Team assessment
1. I trust the decisions of my teammates
Strongly Disagree

1

2

2. My teammates were helpful in resolving events with me
Strongly Disagree

1

2

3

4

5

3. I knew which events my teammates were responding to
Strongly Disagree

1

2

3

4

4. I knew how many units my teammates had available
Strongly Disagree

1

2

3

5. I blame my teammates for failed events
Strongly Disagree

1

2

3
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Post Experiment Questionnaire
Please complete the following information:
Age:

_______ years

Gender:
F Male

F Female

Academic Standing:
F

Freshman

F

Sophomore

F

Junior

F

Senior

F

Graduate

F

Non-degree

Academic Major
F

College of Agricultural Sciences

F

College of Arts and Architecture

F

Smeal College of Business

F

College of Communications

F

College of Earth and Mineral Sciences

F

College of Education

F

College of Engineering

F

College of Liberal Arts

F

Division of Undergraduate Studies

F

Eberly College of Science

F

College of Health and Human Development

F

College of IST

In this study, a team is defined as a number of individuals interacting interdependently
and dynamically to achieve a common objective (e.g., work group, sports team). Team
experience may be acquired by working on many different teams and/or by working for a
long time on one or a few teams. Given this, how much team experience do you have?
F

I have no team experience

F

I have very little team experience (1 to 2 teams)

F

I have some team experience (3 to 4 teams)

F

I have a lot of team experience (5+ teams)

Do you have any prior experience related to emergency crisis response, including similar
experience as university or military police, volunteer firefighter, or an EMT?
F

I have no experience in emergency crisis response

F

I do have prior experience. If so, please explain:
_______________________________________
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Team assessment
1. How well were you acquainted with your partners before this study?
Not at all acquainted

1

2

3

4

5

6

7

Highly Acquainted

6

7

Very Satisfied

7

Very Satisfied

6

7

Very Satisfied

6

7

Strongly Agree

2. How satisfied were you with your team’s performance?
Very dissatisfied

1

2

3

4

5

3. How satisfied were you with the teamwork on your team?
Very dissatisfied

1

2

3

4

5

6

4. How satisfied were you with your team’s communication?
Very dissatisfied

1

2

3

4

5

5. I would want to play NeoCITIES with this team again.
Strongly disagree

1

2

3

4

5

6. I would want to work with the same people again on a different task.
Strongly disagree

1

2

3

4

5

6

7

Strongly Agree

7. I viewed myself and the other members of my group as a team.
Strongly disagree

1

2

3

4

5

6

7

Strongly Agree

3

4

5

6

7

Strongly Agree

8. I liked other people in my group.
Strongly disagree

1

2

Consider what teamwork means to you. How would you describe the teamwork that
occurred on your team?
1. Very ineffective

1

2

3

4

5

6

7

Very Effective

7

Very Effective

How effective was the performance that occurred on your team?
2. Very ineffective

1

2

3

4

5

6

How effective was the communication that occurred on your team?
3. Very ineffective

1

2

3

4

5

6

7

Very Effective
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NeoCITIES Interface Assessment

1. How often did you check the status of events in the Tracker?
Very Rarely

1

2

3

4

5

6

7

Very Often

2. How often did you check the feedback of your dispatched units in the Unit Monitor?
Very Rarely

1

2

3

4

5

6

7

Very Often

3. How often did you check for new instant messages from your teammates?
Very Rarely

1

2

3

4

5

6

7

Very Often

7

Very Often

When the following interface options were available…
1. How often did you check for Team Activity in the event pop-up?
Very Rarely

1

2

3

4

5

6

2. How effective was the Team Activity U.I. in supporting your decision making?
Very ineffective

1

2

3

4

5

6

7

Very Effective

3. How often did you check for your teammates most Recent Event Activity?
Very Rarely

1

2

3

4

5

6

7

Very Often

4. How effective was the Team Event Activity U.I. in supporting your decision making?
Very ineffective

1

2

3

4

5

6

7

Very Effective

5. How often did you check for your teammates Available Resource Totals?
Very Rarely

1

2

3

4

5

6

7

Very Often

6. How effective was the Team Resource U.I. in supporting your decision making?
Very ineffective

1

2

3

4

5

6

7

Very Effective

How was your overall comfort level in using the NeoCITIES interface?
Very Poor

1

2

3

4

5

6

7

Very Good
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Please answer the following questions in a few sentences.

1. How would you describe your experience with the interface and NeoCITIES simulation?

2. What features of the interface did you find appealing or pleasing?

3. What features of the interface did you have difficulties with or dislike?

4. Did any features of the interface cause frustration during your sessions? If so, please
describe that experience.

5. What features of the interface worked well during your sessions?

6. What improvements, if any, do you think could be made to the interface?

7. Did you feel a lack of control over the way the interface handled your interaction with the
NeoCITIES simulation?

8. Do you feel that your performance with the simulation suffered due to the presence of
interface features? If so, please detail that effect.

9. What effect, if any, do you think the interface had on your interaction with your

teammates?

Thank you for your participation in the experiment!
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NeoCITIES Recruitment Slide
This power point slide was given to the instructors of the classes where NeoCITIES
recruitment occurred.

Receive Extra Credit for Participation in NeoCITIES!
Play: NeoCITIES is a team based emergency planning game that tests
your skills as would-be police / fire / or hazmat chief!
Length: The Experiment will last for 1 hour.
Light refreshments will provided upon request!
When: Weekday evenings and Saturday afternoons throughout the
Month of April.
Where: 314 IST Building – USE Lab.
Who: NeoCITIES is a team based game that supports 3 – 6 people.
For every additional person you sign up you will receive additional
extra credit points. Anyone, regardless of the major or academic
standing is welcome to attend!

Sign Up: http://www.doodle.com/akuui8bpid75apkf
To Schedule by Appointment email: bhellar@ist.psu.edu
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Appendix D

Coding Procedure for NeoCITIES Chat Logs
For each condition, the chat log for each team will recorded into a text file and analzed
with the coding scheme adapted from those described in:
Entin, E. E., & Entin, E. B. (2001). Measures for Evaluation of Team Processes and Performance
in Experiments and Exercises. Proceedings of the 6th International Command and
Control Research and Technology Symposium, Annapolis, Maryland June, 19-21, p.8.
Table D-1: NeoCITIES chat log coding scheme
Code
IR
IT
AR
AT
CR
CT
ACK

Measure
Information Request
Information Transfer
Action Request
Action Transfer
Coordination Request
Coordination Transfer
Acknowledgements

INSIG Insignificant Utterances
TC
Total Communications

Description
Request for information
Transmission of information
Request for action
Statement of action taken or to be taken
Request to coordinate an action
Agreement to coordinate an action
Acknowledgements of the receipt of a communication, but
without any specific message content (i.e. “OK”)
Task-irrelevant statements or chatter
Total number of communications in the session

Coding Rules
There are three primary classes of communications in NeoCITIES: Information, Action,
and Coordination. Each class has two types: Request or Transfer. Other communications fall into
the categories of Acknowledgements or Insignificant Utterances. Chat discussions between
players tend to revolve around the coordination of which member is responsible for which events.
Events are usually referred to in chat by their ID number or time-stamp, but sometimes by their
subject or location (e.g. “the big car crash”).
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Information
“Information” refers to statements expressing or inquiring about of the status of events in
the city or the activities of the participants in the simulation. Information requests and transfers
are analytical in nature, and sometimes retrospective – discussing what has taken place for a
given event. Statements classified as “information” do not include discuss coordination or
statements of actions (to be) taken. It is often difficult to distinguish whether a statement is
requesting information or requesting coordination, so the surrounding context should be used as a
guide.
In simple scenarios with straightforward events, there are usually few information
requests or transfers. Rather, the subjects discuss coordinating responsibility and taking action on
events. However, in complex scenarios with ill-defined events or puzzles to solve, there will
generally be many more exchanges of information.
IR – requesting information from other team member(s), but NOT about which team is
taking responsibility for an event (that would be a CR in question form).

(08:39 AM) Police: Is hazmat sending a bomb unit to 4?

IR

(08:40 AM) Hazmat: No, we haven’t done anything on 4.

IT

-- which could be followed by -(08:41 AM) Police: Hazmat needs to take care of 4

CR

-- or -(08:41 AM) Police: Hazmat – send a bomb unit to 4!

AR
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Examples:
“Is anything happening yet?”
“How did we fail 25, police?”
“What do you think about the firearms one?”

If this last statement is in reference to a current event and is asking for discussion about
who should take the firearms event, then it is a CR. On the other hand, if it is in reference to an
event that happened some time ago, and the requester is asking about its status or outcome, then it
is an IR.
IT – statements containing general information not directly related to taking
responsibility for an event (which would be a CT) or taking a particular action (which would be
an AT). These might include justifications or rationale for actions, but not a statement of action
taken. Often these are in response to an IR.
Examples:
“EMT wasn’t needed for 12”
“Because 5 is a bomb event.”
“Fumes are not fire related”
“Lots of poisonings going on.”

Coordination
“Coordination” refers to the delegation or acceptance of responsibility to manage an
event in the simulation. These exchanges are usually between players. A CR may ask another
player to take responsibility for handling an event, or may begin a discussion among all three
players about who should handle the event.
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CR – specifically assigning responsibility for an event to another team (police, fire,
hazmat) or asking that members determine which team should handle an event. Between players,
this is usually in the form of “police to 14” or “hazmat on 3?” or “who is taking 12?” “Hazmat
3?” is often how players will state a CR, which would then be followed by a CT from Hazmat:
“We’re on 3.”
Examples:
“Police to 14”
“Fire on 10?”
“Who is taking 12?”
“Who transports ammunition?”

If this last statement is made among IMs in the context of an event just fired requiring the
transportation of ammunition, then it is a CR referring to the event by activity, rather than by ID
number or time stamp.
CT – a statement of agreement to manage a given event. Coordination is a high-level
administrative activity and does not include statements about specific actions to be taken. This
type of statement is exclusive to IMs. Sometimes CTs are hard to distinguish from ACKs, but the
communication style of the group usually makes it clear how an agreement to coordinate is made.
A key distinction is that a CT must include a specific reference back to the event being
coordinated. “On it” only states receipt of the CR. Even though the agreement to coordinate is
implied, because there is no reference back to the initial request, such a statement is an ACK.
Note in the example below that each CT makes reference to the specific event being
accepted. Some teams might simply use “got it” or “on it” in response to a CR. The context
makes it clear that the statement is an agreement to coordinate the event just mentioned, but
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because the message does not include any substantive information (event ID, time stamp, or
action), then it is classified as an ACK.
Examples:
(08:56 AM) Hazmat: police needed at 8:53

CR

(08:59 AM) Police: on it...8:53

CT

(09:01 AM) Police: hazmat at 8:58

CR

(09:03 AM) Hazmat: dispatched at 8:58

CT

(09:03 AM) Fire: Police for 9:03

CR

(09:04 AM) Police: On it.

ACK

(09:06 AM) Hazmat: police for 9:06 ?

CR

(09:07 AM) Fire: No, 9:06 is Fire.

CT

(09:07 AM) Hazmat: Ok.

ACK

Note that in the next to last line that even though the Fire I-MGR did not explicitly say
“I’m taking it,” it is implied when he indicates that his team is responsible for the event. The
same words – “No, 9:06 is Fire” coming from the Hazmat or Police I-MGR would be a CT.

Action
“Action” refers to ground-level activities, exchanges involve dispatching specific
resource(s) to events. Asking for a fire investigator to be sent is an AR, while asking the
Fire/EMS team to handle an event is a CR. Often a team and a resource may be referred to
similarly. For example, “EMS to 13” may mean “The fire/ems team should deal with 13” (CR) or
“The fire team should send an EMS unit to 13” (AR). When in doubt, code it as a CR.
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AR – specifically asking another member to take a particular action (“send a chem
truck”), rather than “Hazmat team, you take this event” (which is a CR). Sometimes players may
instruct other players to send a specific resource – this is an AR.
AT – Agreement to send a resource to a given event. This is usually to an AR request to
take action on events (i.e. dispatch resources). Typical statements: “Sent three trucks to the coal
fire”, which is an AR, followed by the response “Sent two investigators” which is an AT.

Acknowledgments (ACK)
ACK lines include agreements or receipt of info “OK” “yep” and “yeah,” as well as more
substantial agreements like “seems like it” or “yeah, probably was” that do not, on their own,
constitute an AR or CR. Even if the context seems to indicate an “OK” is serving as another
message (such as an CT), if the message does not include any reference to other tangible message
information (event ID, event description) then it is only an ACK.

Insignificant statements (INSIG)
Insignificant statements are those that don’t really contribute to the tasks at hand. An
exchange like “I wish there were a sudoku option” “yes, me too” would be insignificant. Asides
like “sorry” (referring to a typo) or “Woohoo!” exclamations are also insignificant. The reason
for coding such lines is that they all should be included in the total amount of communication
occurring. On-task message counts can be isolated by subtracting INSIG from TC.
Participants may discuss the simulation itself, which is considered an on-task message.
An exchange like “How are we failing on 4 things?” (IR); “Good question” (ACK); “I’m so
confused on this” (IT) should not be coded as INSIG.
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