
 

 

ABSTRACT 

ZHANG, TAO. Using Measures of Situation Awareness to Characterize Mental Models in 
Inductive Reasoning Tasks. (Under the direction of Dr. David B. Kaber.) 
 

Mental models have been proposed in both the cognitive psychology and human 

factors literature. However, they have been applied for a variety of related but distinct 

representations. For system design and user training in practical applications, there remains a 

need to describe the characteristics of mental models. Situation awareness (SA) has been 

proposed as a cognitive construct critical in decision making in complex tasks and is 

considered to be related to operator mental models. However, there have been few empirical 

studies assessing SA as a basis for mental model characterizations. 

The primary objective of this research was to develop and validate an empirical method 

of SA and task performance assessment for characterizing mental models in tasks requiring 

SA-based decision making and action execution. A pilot study, using a multitasking scenario 

in virtual reality (VR), was conducted in which participants were required to attend to 

multiple types of perceptual events occurring randomly in time while carrying on steady 

physical activity (walking on a treadmill). Responses to SA probes delivered during 

experiment trials, mental workload ratings and task performance measures were collected 

and compared with response patterns expected for hypothesized mental model types. Results 

demonstrated utility of categorical SA responses for identifying different mental model types. 

However, in the multitasking scenario, the process of developing SA appeared to be 

substantially influenced by the physical and cognitive task demands and the development of 

accurate mental models of event distributions appeared to be restricted by this. 



 

 

To extend and further validate the approach developed in the pilot study, an inductive 

reasoning task paradigm was used in the primary experiment, in which participants were 

exposed to structured detective case stories. In order to develop a thorough understanding of 

a story and to identify root causes of crimes, participants needed to form a complex mental 

model of the story and use this model to predict the process of the crime investigation. Three 

different types of mental models were hypothesized to occur, including a simple list of story 

elements, elements grouped based on importance, and an organized network of elements. 

These models reflected different degrees of understanding of the story during the 

comprehension aspect of inductive reasoning. Measures of SA collected during participant 

performance of the task were related to results of another established mental model 

assessment method, concept mapping, in order to identify any convergence of the two 

methods. Participant SA and concept map accuracy were also assessed as to their 

predictability of knowledge test performance at the end of each story.  

The experiment results showed that a fuzzy inference model was effective for 

classifications of participant mental models in terms of measures of SA. The model 

inferences also supported the general hypothesis that mental model complexity increases 

with cumulative increases in SA across levels (perception, comprehension and projection). 

SA was found to be independent from concept map measures and predictive of task 

performance based on the use of mental models in long-term memory (LTM). The 

experiment results provided further empirical evidence of the utility of SA measures for 

assessing and describing mental models in complex inductive reasoning tasks. The empirical 

approach developed and validated in the experiment could be extended to practical 



 

 

applications, such as system design for formation of accurate mental models, development of 

mental model training programs for error detection and system diagnosis, and investigation 

of task training protocols for effectiveness in imparting accurate mental models. 
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1. INTRODUCTION 

According to Johnson-Laird (1980), Craik (1943) first proposed that human beings translate 

external events into internal symbolic representations – “models”, and reason by 

manipulating these models. For Craik, a mental model was a synonym for an internal 

dynamic representation or simulation of the world. However, this concept did not describe 

the exact forms of the representation or the processes that manipulate models (Johnson-Laird, 

1989). Based on Craik’s early concept, the theory of mental models was proposed by 

Johnson-Laird (1980, 1983) to explicate human thinking and (deductive) reasoning and to 

provide a critique of mental logic theory, particularly in tasks of syllogisms and language 

comprehension. The two basic assumptions of Johnson-Laird’s mental models theory are: (1) 

people construct meaningful mental representations of reality; and (2) these mental 

representations are actively used in situated cognition and explanation (Seel, 2006). Since a 

mental model is considered as, “a representation of the way the world would be if premises 

were true” (Byrne, 1992), a critical feature of mental models is that their structures 

correspond to the structures of what they represent. Mental model theory states that people 

make inferences by a semantic procedure that constructs and interrogates models. 

Specifically, people understand the premises of a situation by constructing an internal model 

that the premises describe. They also can formulate descriptions of the models they have 

constructed and make valid inferences on a situation, if they establish that their conclusion is 

true for every model that could be constructed based on premises (Byrne, 1992).  

Aside from cognitive psychology, the concept of mental models has been accepted in 

other disciplines, particularly human factors, in attempting to explain how human 
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performance with complex technical or physical systems occurs. Rutherford and Wilson 

(1991) summarized that mental models have been discussed in three different ways in human 

factors: (1) as part of recommendations that displays or task processes must be compatible 

with operator mental models of systems (e.g., Albers, 1999; Newman & Lamming, 1995; 

Norman, 1986); (2) in the view that displays themselves impact certain mental models 

(Bennett, Parasuraman, & Howard, 1984; Norman, 1986); and (3) in the assertion that people 

can be trained or otherwise given information to construct and use certain mental models for 

performance (e.g., Kieras & Bovair, 1984). Again, the central idea is that a mental model’s 

structure is analogous to the structure of an actual situation (Held, Knauff, & Vosgerau, 

2006), although what the exact structure is may or may not be clear.  

Unfortunately, the prevalence of the mental model concept has not led to substantial 

theoretical investigation necessary for practical applications. As Payne (2003) points out, the 

term mental model has been used “in so many different ways as to be almost void of any 

force beyond the general idea of users’ knowledge about the system they use.” Consequently, 

in theoretical discussions related to mental models, the concept of mental models is widely 

accepted; however, mental models have provided little predictive or explanatory power for 

systems design in practice, in part, because of our limited capability to assess and 

characterize them.  

There have been various techniques and representation formats proposed to elicit and 

describe mental models (Langan-Fox, Code, & Langfield-Smith, 2000; Rouse & Morris, 

1986; Rutherford & Wilson, 1992), with different assumptions regarding mental model 

structure for different task domains. Previously, some researchers attempted to develop a 
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methodological framework to support selection of appropriate methods for mental model 

description across domains (e.g., Rouse & Morris, 1986). However, the framework proposed 

by Rouse and Morris (1986) was based on task characteristics relevant to operator goals and 

some of the tasks addressed by the framework lacked practical applications (e.g., neural 

information processing, problem solving in physics, and making value judgments). The need 

to develop an applicable framework of mental model characterization methods based on 

mental model theories remains. 

Recent SA theories provide a basis for using operator internal situation models to infer 

components and structures of mental models. SA is generally considered as current 

instantiations of a mental model (Endsley, 2000b). Previous study by Endsley (2000b) 

demonstrated that SA measures and neural networks can be used to model human behavior. 

However, computer learning techniques, such as neural networks, are limited in providing 

insights on internal human mental representations or the characteristics of mental models. 

There is a need to develop an empirical method for assessing mental models in terms of SA. 

Such a method should allow for identification of hypothesized forms of mental models 

related to task performance and could be validated by using other existing mental model 

measurement methods. Furthermore, the new method should be validated in appropriate task 

contexts in which SA is considered fundamental to operator performance. 

The following literature review is organized into three parts. Section 2.1 to Section 2.4 

provides a detailed review of mental model concepts, characteristics of mental models, 

origins and construction of mental models, as well as types of mental models. On this basis, 

Section 2.5 reviews various types of methods that have been used to assess mental models 
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and discusses a methodological framework for those methods. Section 2.6 reviews theories of 

SA, SA measurement methods, and mental models in typical SA tasks; a conceptual 

framework representing different SA tasks and requiring mental model formation is also 

discussed.  
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2. LITERATURE REVIEW 

2.1. Definitions and concepts of mental models 

In the literature, mental models have been defined to have two major functions: 

representation of knowledge and internal functions for mental simulation. Although these 

two types of functions are frequently accepted and referred to, they are not free of theoretical 

limitations and have led to much confusion for both researchers and practitioners. Each type 

of mental model function is addressed below and then limitations of mental model concepts 

are presented. 

2.1.1. Mental models as representations of knowledge 

In studying deductive inference and text comprehension, Johnson-Laird (1989) defined a 

mental model as primarily a representation of a body of knowledge, either long-term or 

short-term, that meets a set of conditions: (1) its structure corresponds to the structure of the 

situation that it represents; (2) it consists of either elements corresponding only to perceptible 

entities, in which case it may be realized as an image, perceptual or imaginary, or elements 

corresponding to abstract notions, of which the significance depends crucially on the 

procedures for manipulating models; and (3) unlike other proposed forms of representation, it 

employs mental tokens instead of variables representing a set of individuals. According to 

Johnson-Laird, different mental models may have different content, but their representational 

formats and the processes that construct and manipulate them are the same. 

The concept of internal models was also addressed in the book “Mental Models”, 

edited by Gentner and Stevens (1983), in investigating the theories people construct about 
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specialized, delimited aspects of the environment, and studying how these theories affect 

their thinking and behavior in particular domains. In studying people’s mental model of 

interactive devices, Young (1983) suggests that a mental model may be a way of describing a 

device independent of its usage, a representation of the input-output relations associated with 

typical uses of the device, or a means of understanding an analogous device (e.g., a computer 

terminal is similar to a typewriter). Related to this, de Kleer and Brown (1983) proposed a 

theory of qualitative reasoning about simple devices consisting of four notions: device 

topology, envisioning, causal model, and running of the causal model. Device topology is a 

representation of the structure of the device; the envisioning process instantiates a specific 

behavior for each component in the device structure and then derives the functioning of the 

device; a causal model is a description of functioning of the device, given a chain of events 

with each causally related to the previous one. Other definitions proposed from similar 

perspectives are listed in Table 2-1. 

Table 2-1. Definitions of mental models as knowledge representations in understanding 
devices. 

Author(s) Definition 

Kieras and 
Bovair (1984) 

A mental model is some kind of understanding of “how a device works in 
terms of its internal structures and processes.” 

Seel (1999) A mental model is a concrete, comprehensible, and feasible 
representation of non-obvious or abstract objects or phenomena. 

Halasz and 
Moran (1983) 

A mental model is a cognitive representation of a system’s internal 
mechanics, i.e., its component parts and their behaviors – a “surrogate” 
model. 

 
In the supervisory control literature, mental models are conceived as certain knowledge 

about a system to be controlled, which serves as a basis for understanding human 

performance and allows for calculations of expected control performance. Such models are 
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also conceived to support monitoring, decision making, predicting, and planning activities. 

Veldhuyzen and Stassen (1977) stated that an “internal model” may consist of knowledge 

about the system under control, knowledge about the disturbances acting on the system, and 

knowledge about the task to be performed. Wickens and Kramer (1985) and Moray (1998) 

view mental models as descriptions of operators’ concepts of how a system operates. Carroll 

and Olson (1988) view a mental model as a rich and elaborate structure that reflects user 

understanding of what the system contains, how it works and why it works in a particular 

way. Some researchers have noted that, these definitions are very broad and their reliance on 

the term “system” makes it unclear what is not included in mental model formulations 

(Schwamb, 1990). Related to this, Rouse and Morris (1986) argue that a system-oriented 

version of mental models may not be an appropriate and complete conceptualization 

depending on the specific task and how the models are being used.  

Wilson and Rutherford (1989) give a brief summary of mental model definitions, 

stating that a mental model is a representation formed by a user of a system and/or task, 

based on previous experience as well as current observation, which provides most (if not all) 

of their subsequent system understanding and consequently dictates the level of task 

performance. Further, Wilson (2000a) concludes that mental models are internal (mental) 

representations of objects, actions, situations or people, and are built on experience and 

observation, of both the world in general and the particular entity of interest. In general, the 

above definitions include the view that mental models are representations of certain 

knowledge about objects, devices, or systems in specific situations; these representations are 

formed through knowledge (instruction), experience or a combination of the two. The use 
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and formation of mental models may involve particular cognitive processes based on the 

relationships among components of mental models. Additionally, Schwamb (1990) said that 

certain relations (especially temporal and spatial) in reality are often captured implicitly in 

mental models through representational structure or emerge through mental simulation.  

2.1.2. Mental models as internal functions 

From a functional perspective, Rouse and Morris (1986) view mental models as, “the 

mechanisms whereby humans are able to generate: descriptions of a system’s purpose and 

form;  explanations of system functioning and observed system states; and predictions of 

future system states.” This view of mental models as internal mechanisms or a set of 

functions represents one theoretical perspective, which is also relevant to Payne’s (2003) idea 

that mental models are computationally equivalent to external functional representations 

(e.g., diagrams) for directing information processing and decision making.  

The idea of mental models as internal functions is a widely accepted belief in manual 

control tasks. In some cases, the model can be explicitly inferred (parameterized) from 

behavioral performance data by matching input and output based on optimal control theory 

(e.g., Jagacinski & Miller, 1978). Similarly, in industrial process operation, Bainbridge 

(1992) said that mental models are knowledge about structure or cause-effect relations 

underlying operator observations. Through operations (e.g., transformation, reverse mapping, 

deductive reasoning, etc.) on mental models, operators are able to determine the most 

appropriate control action in process control tasks. Thus, mental models are considered 

internal functions required for operator cognitive processes. 
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Considering mental models as internal functions, Williams, Hollan and Stevens (1983) 

state that a mental model is a collection of connected “mental objects, each with an explicit 

representation of state, an explicit representation of its topological connections to other 

objects, and a set of internal parameters”, which is “runnable” by means of local qualitative 

inferences and can be decomposed. Akin to Williams et al., Fiore, Cuevas and Oser (2003) 

define mental models as a subset of knowledge structures that are task specific, integrated 

long-term memory (LTM) structures developed during training, and activated during task 

performance. According to Wickens et al. (1998), mental models are “internal 

representations of objects, actions, situations or people; built on experience and observation 

and are simulations, which are run in mind, to produce qualitative inferences in order to 

underpin our understanding of a system and allow us to describe, predict and explain 

behavior, and to test ‘what if’s’ and ‘what wills’.” Staggers and Norcio (1993) contend that 

mental models are composed of both concrete and abstract objects in a relational structure 

which emulates the actual situation and can be “run” for both descriptive and causal 

hypothesis testing. Because of their dynamic and changing nature, mental models seem to be 

more process than outcome entities (Staggers & Norcio, 1993). All of these concepts hold in 

common that mental models are runnable, internal functions for explanation and prediction. 

2.1.3. Limitations of the mental model concept and valuations 

The concept of a mental model appeals to cognitive psychologists, theorists of human 

factors, and system designers, partially because the idea is intuitively clear: thinking involves 

the creation and internalization of simplified models of reality (Payne, 1992). However, as 
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Seel, Al-Diban, and Blumschein (2000) conclude, there is conceptual confusion in mental 

model research, in general, due to “an inflationary use of the concept, weakness of the 

theoretical foundation, and shortcomings of formal precision”. Wilson and Rutherford (1989) 

warned of the danger that the mental model notion may be seen as a panacea for design and 

development problems, even before its utility for explaining the human mind and behavior in 

specific contexts is validated. More recently, Payne (2003) criticized that the quick 

acceptance of the “logical necessity” of mental models has led to insufficient theoretical 

explorations of this concept.  His criticism, above all, reflects the fact that the application of 

the mental model concept falls short of having clear practical utility (Rogers & Rutherford, 

1992).  

More importantly, there is a lack of theoretical distinction between background 

knowledge or expertise, and mental models (Rouse & Morris, 1986; Wilson & Rutherford, 

1989). Wilson and Rutherford (1989) argued that, depending on task requirements and 

expertise, the required information for performance can be encoded explicitly in LTM such 

that mental models need not to be constructed. Related to this, Rouse and Morris (1986) 

stated that their functional definition of mental models does not differentiate between 

knowledge that is simply retrieved and that which involves “calculation” (or more 

appropriately, computational manipulation) of some type. This led them to conclude that 

mental models are not necessarily computational models. However, Wilson and Rutherford 

(1989) argued that it is the dynamic computational ability of a mental model that establishes 

the theoretical utility of the notion beyond general background knowledge. Likewise, 

Rasmussen (1990) said for a mental representation to be a mental model, it should support 
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anticipation (advance calculation) of responses to acts or events not previously met, and 

support explanation or understanding except in the form of reference to prior experience. In 

addition, Johnson-Laird (1983) said that mental models are based on computational activities 

of the mind and the exclusion of the “running” of mental models as a definitive characteristic 

may lead to other theoretical concerns (e.g., the distinction between mental models and 

knowledge structures, such as schemas).  

The different views on the essential characteristics of mental models and the various 

approaches that have been used in mental model identification (see section 2.5) shows a lack 

of theoretical development, and that the nature of mental models is not established uniformly 

across related scientific communities (Rutherford & Wilson, 1992). A strong criticism was 

made by Waern (1987):  

The concept of mental models as currently used by researchers in the field of human-

computer interaction is prescientific. It is used to explain observations and then stir 

imagination, rather than to test hypotheses. There is no agreement on the definition of 

the model, on what it refers to or how it functions in the thought processes of the 

individual. 

Related to this, Rogers and Rutherford (1992) criticized that the indirect characterization of 

the mental model concept, as utilized in theoretical research, places an enormous burden on 

designer inference skills. To be able to determine what the most appropriate model is for a 

potential user is challenging enough, but then it is more difficult to incorporate the model in 

the design process and, subsequently, to know how to evaluate it. A similar view can be 

found in Wilson and Rutherford (1989): 



12 

It is difficult to find an example of an explicitly stated user mental model that could 

be used subsequently in systems design, and certainly there is nothing expressed in 

terms of anything similar to effective procedures [for this purpose]. 

Norman (1983) concludes that mental models are inherently difficult to define. He 

finds that people’s mental models of artifacts are: unstable because details are not always 

remembered; not clearly bounded because similar devices and operations are confused with 

each other; “unscientific” because occasionally actions appear to be based on superstition; 

and not easily simulated due to model complexity. Despite this, people are often aware of 

their limits of knowledge or the extents of their mental models, and they develop behavior 

patterns that make them more secure in their actions (Norman, 1983).  

Rogers and Rutherford (1992) concluded that much of the theoretical inconsistency 

across the different views of mental models is due to their descriptions employing many 

terms of abstraction and various levels of explanations. They further suggested that one 

subset of descriptions can be considered as employing abstractions that may be reduced to 

represent another mental model description, providing a more detailed account of the 

phenomenon. Similar to this suggestion, Payne (1991) listed four claims with progressive 

theoretical commitments: (a) beliefs represented in mental models can predict task behavior; 

(b) inferences can be made by “mental simulation” of models; (c) mental models are 

analogical representations with structures and relations consistent with that exist in the 

represented target domain; and (d) mental models are induced from empirical experiences 

(e.g., interaction with the target domain). 
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As another limitation, there is confusion caused by the variety of terms in the literature 

attempting to differentiate mental models held by users and designers. The terms conceptual 

model and mental model may mean the same or opposite things in different writings. For 

example, Young (1983) used them interchangeably to refer to users’ mental representations 

of their interactions with complex devices. Cañas, Antolí, and Quesada (2001) followed 

Young’s idea but reserved the term mental model for the dynamic representation formed in 

working memory and conceptual model for information stored in LTM. Moran (1981) 

referred to users’ mental representations as their conceptual models of the system; whereas, 

Norman (1983) refers to designers’ mental models of systems as conceptual models. Norman 

(1983) said a number of factors should be taken into consideration when making distinctions 

between the terms conceptual and mental models: (1) the target system, (2) the conceptual 

model of the target system, (3) the system image, (4) the user’s mental model of the target 

system, and (5) the scientist’s conceptualization of the mental model. Nevertheless, the 

research community seems to have accepted that the terminology conceptual model relates to 

the system designer or instructor’s model, and that the terminology mental model is reserved 

for the internal mental representation created by system users (Staggers & Norcio, 1993). In 

addition to this, Wilson (2000b) said a user model may be defined as a researcher’s concept 

of characteristics, performance, or behaviors of users. 
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2.2. Characteristics of mental models 

2.2.1. Structural similarity 

Both Johnson-Laird (1983) and authors of chapters in Gentner and Stevens (1983) edited 

volume emphasize the structural similarity of a model to reality as an important characteristic 

of models. In order to provide explanations of the phenomenon a person interacts with, a 

mental model has to have similar structures to the phenomenon it represents. It is this 

similarity in structure that enables a person to make mental inferences about the natural/real 

phenomenon based on an appropriate mental model. However, Sasse (1997) points out that 

there are notable differences between Johnson-Laird’s structural analogy and analogical 

reasoning, as discussed in Gentner and Stevens (1983). Johnson-Laird focuses on the 

structural analogy between the external phenomenon and its internal representation in terms 

of meanings; whereas, the latter focuses on the transfer of information/content from one 

internalized model to another based on surface characteristics and syntactic features. 

Furthermore, Carroll and Mack (1985) argued that structural analogies are actively 

generated, rather than being static and formal, as proposed by Gentner and Gentner (1983).  

Structural similarity to reality can be attributed to the claim that mental models are 

analog representations, which is shared by Johnson-Laird (1983) and Holland et al. (1989). 

Payne (2003) compared the views between Johnson-Laird and Holland et al. and said that the 

former view is outcome-oriented, whereas the latter is process-oriented. Specifically, in 

Johnson-Laird’s work a mental model is an isomorphic representation, with each object and 

relation in the represented world being represented by a token and relation in the model. In 
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contrast, the dynamic models in the work of Holland et al. are proposed to be homo-

morphisms and they share structure only at the level of state-changes.  

2.2.2. Incompleteness 

Many authors think that mental models are often simple and incomplete; that is, their content 

is only a partial representation of the environment and their scope is limited (Borgman, 1986; 

Moran, 1981; Moray, 1987; Norman, 1983; Sanderson, 1990; Williams, et al., 1983). Payne 

(2003) studied students’ theories about ATM machines and found that: (1) users of ATMs are 

eager to form explanatory models and they will readily go beyond available data to infer 

models that are consistent with their experiences; and (2) these models may be fragmentary 

collections of beliefs about parts of the system, processes, or behaviors, rather than unified 

models of the whole design. Although incomplete mental models are enough for certain tasks 

and situations, use of such models may result in lack of perception of new information and 

erroneous task state interpretations (Gentner & Gentner, 1983; Janosky, Smith, & Hildreth, 

1986). Moray (1987) also noticed that users may become stuck in one mode of operation and 

not update their mental model when encountering new information, which he labeled as 

“cognitive lock-up”. 

2.2.3. Dynamic representation 

The dynamic nature of mental models means that a model can be “run” or manipulated in 

one’s head to test hypotheses about reality (Staggers & Norcio, 1993), and can be updated 

according to new information or experience obtained. Moray (1999) offered that the concept 

of a mental model implies the model can be manipulated consciously by its owner, either 
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qualitatively (Williams, et al., 1983) or in a cause-and-effect mode (diSessa, 1983). As the 

function of a mental model is to simulate reality in working memory (J. J. Cañas, et al., 2001; 

Newman & Lamming, 1995) or a certain physical “problem space” (Payne, 2003; Seel, 

1999), some believe the ability to infer procedures (or deduce sequences of events) is the key 

contribution of a mental model to performance. Related to this, Rasmussen (1990) said that 

the purpose of a mental model is to assist users in finding appropriate actions to achieve their 

goals. 

Payne (1992) proposed that all cognitive artifacts (see Norman, 1991) demand that “the 

user construct a model that explicitly represents the relationship between the artifact and 

some represented world, whether or not changes to that represented world have a physical 

manifestation”. Based on the classification of human behavior into routine skill or problem 

solving, Payne (2003) argues that mental models can provide a problem space that allows 

more elaborate encoding of remembered methods, specific to artifacts, allowing problem 

solvers to search for new methods to achieve tasks. From a study on Reverse Polish Notation 

(RPN) calculators, he points out that reasoning through a sequence of states in mental models 

is more flexible than mere rote-method following, and that this kind of reasoning is based on 

domain-specific and knowledge-bounded rules rather than architecture bounded rules. 

The dynamic nature of mental models has great importance when considering methods 

of measuring models. One may question whether measuring mental models is measuring a 

process or an outcome, if they are dynamic in nature (Staggers & Norcio, 1993). The 

question can be extended further to whether mental models are measurable in terms of 

processes, content, or structure. Cañas et al. (2001) said when measuring mental models, 
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what is being measured is the result of the internal simulation process, which can be taken as 

a reflection of the content of knowledge stored in LTM – the conceptual model. Therefore, it 

may be possible to measure mental models or develop evidence based on the outcome 

(content) of dynamic working memory at any given time.  

2.2.4. Context-dependence 

Related to the dynamic nature of mental models is the idea that such structures depend on the 

individual, the task and the context. The chapters in Gentner and Stevens (1983) 

demonstrated that mental models and their construction processes may differ according to the 

task or problem domain. When the concept of a mental model is applied to the study of a 

particular task domain, it is also likely that the findings will depend on which aspect of the 

mental model is being emphasized either by the participants or researchers. For example, 

Cooke & Schvaneveld (1988) reported that expert computer programmers had less similar 

mental representations of computer concepts than novices. One possible explanation is that, 

when tested individually, the experts executed different mental models for the task (J. J. 

Cañas, et al., 2001). Thus, Cañas et al. point out that it is impossible to have a unique picture 

of the knowledge represented in LTM without considering the task participants have to 

perform. They say that what is observed in an empirical experiment is the result of both a 

knowledge structure and a process that works on it.  

The task demands of certain domains may dictate the description or composition of 

mental models. Take air traffic control (ATC) as an example, Whitfield (1978) proposed that 

the internal model of an air traffic controller involves three different kinds of information in 
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memory: a “static model” of the air traffic route structure, separation guidelines, and 

procedures; a “dynamic model” of the attributes of particular aircraft (e.g., climb or descent 

rates, turns, etc.); and a “working memory” for storing the current positions and status of 

aircrafts in attention. In review of previous studies, Mogford (1990) commented that a 

controller’s internal model is not merely a visuospatial mental image but also includes task-

related rules, which influence the controller’s understanding of the information available 

from the system. In other words, the term “picture”, used as a common reference to an air 

traffic controller’s internal model, may only refer to the conscious part of the model 

maintained in working memory. Procedural information stored in LTM may form the non-

conscious parts of the model. 

2.3. Origins and construction of mental models 

2.3.1. Isomorphism in working memory 

Few researchers have addressed the fundamental question of how mental models are 

constructed. Johnson-Laird (1983) postulated that mental models are developed in working 

memory as a result of perception, comprehension of discourse, or imagination. He also 

postulated that schema memories provide the procedures from which mental models are 

constructed. (Schemas are mental codifications of generic information stored in LTM.) The 

cueing and construction of a mental model can be supported by the way in which information 

is presented and stored in memory: the form and content of information determines how 

existing models are cued and how new information is mapped onto existing or new models 

through the mechanism of semantic association (Sasse, 1997). This view gives greater 
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importance to the characteristics of a task, the information extracted by perceptual processes 

and the characteristics of memory (Rasmussen, 1990). Johnson-Laird, Byrne and Schaeken 

(1992) restrict the notion of a mental model to a representation of the content of a problem 

constructed in working memory for the purpose of applying problem-solving skills to a 

particular domain. The model represents logical possibilities implied by the premises of the 

problems.  

Although Johnson-Laird (1983) described an iterative process in which new 

information is added into existing representations, he did not specify the exact construction 

process of initial models. In text comprehension, it has been proposed that readers first form 

representations of the text itself (surface form and propositional content) and then compute a 

mental model of the meaning of the text. The model represents the situation described by the 

language, rather than the language itself (Payne, 2003). In the case when propositions may be 

consistent with an infinite number of situations, Johnson-Laird (1989) proposed that a single 

model can be used as a representative sample. Hegarty and Just (1993) hold a similar view 

that mental models are constructed in working memory as a person reads a text by integrating 

the information presented at different points in the text about the same objects and by 

elaborating this information using world knowledge or knowledge of spatial constraints. 

Therefore, “a mental model provides a way of mapping language to perception” (Payne, 

2003). 

The focus of Johnson-Laird’s work has been on simple static models (Payne, 2003), in 

which the underlying argument is that since the choice of mental model structure is not 

arbitrary but analogous to that of the phenomenon they represent, the mapping relationship 
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between mental models and the phenomena is a referentially isomorphic one (Sasse, 1997). 

Johnson-Laird (1999) acknowledges that the term mental model is sometimes simply used to 

refer to the representation of a body of knowledge in LTM, which may have the same sort of 

structure as models used in reasoning about a task or system (e.g., Bainbridge, 1992). 

Researchers working on problems of human-machine system design often use the notion of a 

mental model to refer to contents of LTM. 

2.3.2. Homomorphism in long-term memory 

People can formulate mental models by observation aided by knowledge, other people’s 

explanations, or model construction either from a set of basic components or from analogous 

models that they already possess (Johnson-Laird, 1989). Presumably, mental models in LTM 

can be updated from contents in working memory and new information obtained from the 

environment. Following this, Langan-Fox et al. (2000) view mental models as a general 

network of associations between domain concepts. Besnard, Greathead, and Baxter (2004) 

suggest that mental models are essentially constructed within the knowledge needed for 

pursing a given goal, and some data extracted from the environment. Mental models are thus 

a cognitively acceptable simplification of a complex reality and may not be isomorphic in 

nature. 

If mental models are stored in LTM, their creation may not be based only on simple 

one-to-one isomorphic mappings. Moray (1987) argues that isomorphic mappings are special 

case of homomorphic mapping where the possibility of an inverse mapping is preserved (i.e., 

model to reality). He said such models of the real world are extremely rare, because in almost 
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all mappings some information will be lost (e.g., at the level of a complete description of the 

physical structure of an industrial process). He further proposed that an operator’s mental 

model is a homomorph of the real system along with a set of quasi-independent subsystems 

into which the total system can be decomposed (Moray, 1999). 

Operators construct a series of mental models by first performing a mapping from the 

external world into their heads, and subsequently by performing a series of mappings to form 

models from models (Moray, 1998). Moray’s lattice theory of mental models proposes that 

different levels of system understanding form a lattice of relationships and different parts of 

the lattice are called into use depending on the task (Moray, 1999). Formalizing mental 

models in this way can help identify how types of causal knowledge are related and how 

certain errors arise. It also suggests an alternative as to how models may be structured in 

LTM. 

2.3.3. Integrated views and construction 

Mental models may be formed through many kinds of user experience (Newman & 

Lamming, 1995): from incoming information or from already existing knowledge and 

expectations (Waern, 1990). In the following, several competing theories of the components 

of mental models are reviewed and then an integrated view of mental model construction is 

presented.  

Seel’s (2006) three sources of mental model construction 

Seel (2006) distinguishes three sources for the construction of mental models in the context 

of learning. Learners may construct models based: (1) inductive reasoning, either from a set 
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of basic components of world knowledge or from analogous models that the learner already 

possesses; (2) everyday observations of the outside world may be used in association with the 

adaptation of cultural models; and (3) other people’s explanations of tasks, processes or 

systems, as in training. The first source is consistent with the Dutke’s (1996) theory that 

mental models are constructed from information stored in LTM, particularly from schemas 

(see also Johnson-Laird, 1983). According to Dutke, a learner dynamically constructs a 

mental model through the use of generic knowledge of spatial, temporal, and causal relations 

in the environment, based on the inputs he or she receives.  

The second source is consistent with the view that mental models are constructed 

through information presented to the person through analogies or metaphors and that the 

construction may be mediated by social, cultural and external factors. For example, a 

common theme emerging from the different papers in Gentner and Stevens’ (1983) book is 

analogical reasoning: people attempt to form an understanding of an unknown phenomenon 

by transferring inferences from an existing mental model to the new phenomenon (Sasse, 

1997). Collins and Gentner (1987) suggest that mental models are always constructed 

through analogical reasoning; the analogical mapping between two similar domains requires 

that the phenomena evokes similar surface characteristics in both domains (Gentner, 1983). 

Related to this notion is the approach of discovery learning for the construction of mental 

models (Penner, 2001). According to Penner, a learner may search continuously for 

information in a given learning environment to complete an initial mental model which 

corresponds to an “a priori understanding” of the material to be learned.  
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The third source for mental model construction is based on training and instruction. 

Different instructional representations may result in different internal representations from 

which a mental model can be developed (Bibby, 1992). Mayer (1989), Halasz and Moran 

(1983), and Kieras and Bovair (1984) suggest that model instruction, as opposed to task 

operating principles alone, may facilitate the building of mental models of systems and, 

consequently, may increase the effectiveness of learning in terms of conceptual information 

recall and creative solutions to problems. Bibby and Payne (1993, 1996) also showed that the 

exact form of instructions may have long-term effects on mental models and strategies used 

to perform tasks. 

Mental models as integrations of different levels of information 

Rasmussen (1990) said that mental models are representations of the relational structure of 

the causal environment and work content used in knowledge-based tasks. Knowledge about a 

system makes up the operator’s internal mental model. From a more integrated perspective, 

Kintsch (1996) said that information represented in mental models is based on direct 

perception of the system at a lower level, but is also based on indirect perception (i.e., 

thinking about the system at a higher level). The integration of higher and lower level 

information, in working memory and LTM, respectively, result in a complex representation 

of the system and means of interacting with it (Sanderson, 1990). This is another integrated 

view of mental models. 

An integrated view of mental model construction 

Norman (1986) suggests that when users infer mental models of devices they interact with, 

several factors may affect the inducing process, including: the motivation of the user, the 
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complexity of the system, and the complexity of the task. A perceived need for information 

or interest in the device may motivate users to induce a model for a better understanding. On 

the other hand, the complexity of either the system or the task may mediate mental model 

construction. In general, it is now accepted that mental models are formed dynamically in 

working memory, as needed, by combing information stored in LTM and characteristics 

extracted from the environment (e.g., J. J. Cañas, et al., 2001). As Figure 2-1 presents, mental 

model construction is a dynamic process in which knowledge and skills acquired by an 

operator will be used to construct and update future mental models, and mental models may 

direct knowledge acquisition (Wickens & Holland, 2000). Compared to Kintsch’s (1996) 

theory, this integrated view is more focused on the dynamic interaction between LTM and 

working memory facilitating the integration of different levels of information. 

Working memory
Current mental model of 

the system

Long-term memory
Generic knowledge and 
previous mental models

Transfer of 
Enhanced 
knowledge

Mental model
(Internal representation) Interface

Physical 
system

 

Figure 2-1. Integrated view of mental model construction (adopted from Wickens and 
Holland (2000) and St-Cyr (2002)). 

 

2.4. Taxonomies of mental models 

2.4.1. Abstraction-level based taxonomy 

Rasmussen (1979) described mental models as having different levels of abstraction, 

including: physical form, physical function, functional structure, abstract function, and 
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functional meaning or purpose. Along this continuum, mental models have been classified 

into two types – perceptual and thought models, or physical and conceptual models 

(Johnson-Laird, 1983). Glaser et al. (1987) and Johnson-Laird (1983) refer to perceptual or 

physical models as the appearance of structured models that represent the external world in a 

static manner. Thought or conceptual models include qualitative process models as well as 

inductively derived artifacts that represent physical systems and their causal relationships in a 

dynamic manner. There may be a continuum from the analogue, visual image based models, 

through models of structural and functional relationships, to general models representing the 

overall meaning and purposes of the system (Wilson & Rutherford, 1989). It is thus 

important to distinguish between the notions of descriptive abstractions and levels of 

explanation for theoretical clarity (Rogers & Rutherford, 1992). Johnson-Laird (1989) also 

gave a caution that all model distinctions may be artificial for they may represent the same 

reality. 

2.4.2. Functional taxonomies   

Young (1983) suggested eight types of mental models: strong analogy, surrogate, mapping, 

coherence, vocabulary, problem space, psychological grammar, and commonality. However, 

the origins of this taxonomy and evaluation criteria are not clear. Further, these distinctions 

are not mutually exclusive and it is possible that mental models in the real world are 

combinations of these types. Carroll and Olson (1988) classified mental models into three 

separate categories: surrogates, metaphors and glass boxes. A surrogate model behaves the 

same way as the target system in terms of input-output functions, but may not have the same 
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causal structure. A metaphor is a direct comparison between the target system and a related 

system, which can be used to aid user understanding of the target system. Finally, a glass box 

model falls in the middle of the continuum from surrogates to metaphors, sharing properties 

from the other two categories. 

Newman and Lamming (1995) distinguished four “common” forms of mental model in 

the context of (HCI; Human-Computer Interaction) tasks: state transition models, object-

action models, mapping models, and analogies. A state-transition model is likely to be 

formed if the system is perceived to switch between different modes of behavior (Williams, 

et al., 1983). An object-action mental model consists of both objects accessible via a user 

interface and actions that can be performed on the objects; thus, providing a basis for 

organizing knowledge about the system’s functionality (Newman & Lamming, 1995). A 

mapping model arises when the system requires repetitive sequences of actions or does not 

suggest any other form of mental model due to its complexity (Young, 1983). Finally, an 

analogical model is likely to be formed when the user encounters a new system that closely 

resembles a system they are familiar with (e.g., Gentner & Gentner, 1983). 

Moray (1996) proposed a taxonomy of mental models based on the coupling of human, 

task and environment (see Figure 2-2 following Table 2-2). The “human” is the subject in an 

experiment; the “task” is the logical problem to be solved; and the “environment” is the 

medium in which the task is embedded. He presented a list of contexts in which mental 

models have been used based on the types of tasks: abstract problem solving, understanding 

physical systems, HCI, perceptual-motor control, and large-scale industrial systems. There 

are several characteristics of work systems that give structure to this taxonomy, including: 
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complexity, strength of the physical coupling between the human and task, complexity of 

real-time task dynamics, as well as the coupling between the task and the environment, and 

between the human and the environment (see Table 2-2). These characteristics may be 

further incorporated into a framework for classifying different methods of assessing mental 

models.  

Moray subsequently made the claim that the apparent differences between the uses to 

which the terminology mental model is put do not in fact represent differences in the concept 

of mental models, but rather differences in the contexts in which people are forming and 

using mental models, and in the degree of coupling of the human, task, and environment. 

This is related to the notion from Johnson-Laird that different forms of mental models may 

represent the same reality. Regarding the confusion that Wilson and Rutherford (1989) 

identified, Moray (1998) offered that previous attempts to define mental models are valid as 

long as the contexts under which they are used are well defined and clearly explained. 

Consequently, it seems that a unified and specific definition of mental models may not be 

achievable.  
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Table 2-2. Relations between human, task and environment in different mental model studies 
(adopted from Moray, 1996). 

Researcher Type of Task Temporal 
Dynamics 

Human to 
System a 

System to 
Human a 

Environmental 
Effects 

Johnson-
Laird (1983) 

Logical 
reasoning 

Negligible Negligible Negligible Negligible 

Gentner & 
Stevens 
(1983) 

Causal 
analysis 

Negligible Slight Slight Negligible 

Kellogg & 
Breen (1987) 

Human-
computer 
interaction 
(HCI) 

Negligible Strong Slight Negligible 

Jagacinski & 
Miller (1978) 

Perceptual-
motor skill 

Strong but 
short term 

Strong Strong Slight 

Young (1983) Complex 
dynamic skills 

Strong Strong Strong Considerable 

Bainbridge 
(1992) 

Industrial 
human-
machine 
systems 

Very strong 
& long 

Very strong Very strong Very strong & 
long 

a These two columns refer to the direction and strength of coupling in task performance. 
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TASK ENVIRONMENTHUMAN

 
Johnson-Laird (1983) 

Abstract Problem Solving 

TASK ENVIRONMENTHUMAN

 
Gentner & Stevens (1983) 

Understanding Physical Devices 

TASK ENVIRONMENTHUMAN

 
Green (1990), Payne (1991, 1992) 

Human-Computer Interaction 

TASK ENVIRONMENTHUMAN

 
Jagacinski & Miller (1978) 
Perceptual-motor Control 

TASK ENVIRONMENTHUMAN

 
Bainbridge (1992) 

Large-scale Industrial Systems 
 

Figure 2-2. Coupling between mental model, task and environment in various contexts 
(reproduced from Moray, 1996).  
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Wilson and Rutherford (1989) suggested two tentative types of functional mental 

models: (1) models for post-hoc rationalization (thinking or verbalizing about an event after 

it has occurred) and (2) models not available to conscious recall but used to initiate action. 

However, they also stated that these two types of mental models might have already been 

accounted for by Johnson-Laird (1983) and Rasmussen (1986).  

2.4.3. Content-based taxonomy 

Under the assumption that the terminology mental model refers in general to ways in which 

knowledge is used in cognitive processing, Bainbridge (1992) presented a three-type 

classification of mental models, including: (1) knowledge of the permanent or potential 

characteristics of some part of the external world; (2) temporary inferred knowledge about 

the present or predicted state of the external world; and (3) knowledge of outcomes and 

properties (permanent or potential characteristics) of a user’s own behavior. The first type of 

mental model is prevalent in the process control literature (e.g., Gentner & Stevens, 1983) 

and is also referred to as knowledge about the process (knowledge base). The second type is 

consistent with what Johnson-Laird (1983) referred to as mental models and is considered an 

overview of the current state of the task in process control (Bainbridge, 1992). The last type 

suggests that each working model has information for deciding whether it is appropriate for 

use (meta-knowledge). 

2.4.4. A taxonomy based on the use of mental models 

Norman (1986) proposed a taxonomy of mental models based on the type of use of mental 

models in HCI. In general, three entities are considered when discussing any HCI system: (1) 
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the system designers, (2) the users and (3) the system itself (represented by its interface). 

Accordingly, there are three different types of models associated with each entity. A 

designer’s model is the conceptualization of the system held by designer. The model formed 

by a user from his/her observations and work with the system is the user’s mental model. The 

system image is the physical image of the system from which the user develops his/her 

mental model. As a user’s mental model results from the way the user interprets the system 

image, it is a common claim that the structure of the system interface should match the 

cognitive structure of the users of the system (Norman, 1986). 

2.4.5. Summary of mental model taxonomies 

The taxonomies reviewed above represent different aspects of the mental model concept and 

theories of mental models suggested by different researchers. The abstraction-level taxonomy 

is based on Rasmussen’s (1985) framework of internal representations that considers system 

properties and the environment at levels of abstraction (corresponding to different aspects of 

mental models). It is a way to represent the work domain as externalized mental models, at 

different levels of abstraction, to support knowledge-based action planning (Rasmussen & 

Pejtersen, 1995). The functional taxonomies focus on the roles of mental models in specific 

contexts and thus tend to be descriptive in nature; Norman’s (1986) distinctions of mental 

models held by designers, users and the actual system has a similar limitation.  
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As reviewed earlier, a mental model can be constructed and maintained from: 

information perceived from the environment, knowledge from the LTM, or a combination of 

the two. A content-based taxonomy of mental models is in-line with this theory, compared to 

other proposed taxonomies. It also helps reduce confusion among different mental model 

concepts in the literature. 

2.5. Review of methods for mental model characterization 

Although the concept of mental models as a robust and coherent form of information 

organization and storage is appealing, in practice the construct may be limited due to abstract 

descriptions of the actual structure and functional characteristics of models. As Rutherford 

and Wilson (1992) pointed out, the characterization of mental models is of great importance 

not only in terms of theoretical development and practicality, but also in terms of cognitive 

psychology generating closer approximations to the forms of actual mental model constructs  

as a basis for design practice. 

The variety of mental model concepts that have been proposed has led to the 

development of many approaches to address the practical issue of extracting mental model 

characteristics from system users or representing mental models. Rouse and Morris (1986), 

Rutherford and Wilson (1992), as well as Langan-Fox et al. (2000) provided overviews on 

the: (a) types of methods; (b) resulting data and analyses that are available to elicit and 

represent mental models; and (c) advantages and disadvantages of each method (for 

comparison, see Tables 2-3 and 2-4). Rouse and Morris said that although it is possible to use 

multiple approaches to compensate for the limitations of specific methods, a mental model 
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may never be captured completely because it is not a static construct having only a single 

form. Langan-Fox et al. (2000) further summarized factors that can influence the selection of 

a method for mental model elicitation and representation, including: (1) applicability of the 

method to the problem under investigation; (2) practical considerations (e.g., suitability of 

the method for the particular sample of users); and (3) theoretical considerations (i.e., 

assumptions underlying the researchers’ concept of the mental model construct). By 

considering these factors, Langan-Fox et al. proposed a set of guidelines on concept-based 

mental model measurement design and development. 

Table 2-3. Classifications of mental model assessment methods from Rouse and Morris, and 
Rutherford and Wilson. 

 Rouse and Morris (1986) Rutherford and Wilson (1992) 

Objective 
Methods 

Empirical modeling  Classical experimentation 
Inferring characteristics via 
empirical study 

Quasi-experimental and naturalistic 
approaches 

Analytical modeling 

Subjective 
Methods Verbal/Written Reports 

Interviews 
Questionnaires 
Think-aloud protocols 
Constructive interaction 

 
Table 2-4. Summary of mental model assessment methods given by Langan-Fox et al. 

Elicitation Techniques Analysis and Representation Techniques 
Cognitive interview techniques 
Verbal protocol analysis 
Content analysis 
Observation of task 
Virtual card sorting technique 
Repertory grid technique 
Causal mapping 
Pairwise ratings 
Ordered tree 

Multidimensional scaling 
Distance ratio formula 
Pathfinder 
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Sasse (1992) focused specifically on techniques that have been used in various HCI 

user model assessment studies, including: thinking-aloud techniques and verbal protocols, 

on-line protocols, and performance data. She also discussed the limitations of the methods, 

highlighting numerous difficulties that researchers face in attempting to elicit and describe 

mental models. In review of previous studies (Borgman, 1986; Frese & Albrecht, 1988; 

Kieras & Bovair, 1984), she argued that there were four limitations: (1) over-interpretation of 

performance data, (2) lack of ecological validity, (3) small sample sizes, and (4) the 

possibility of alternative explanations. Following Young (1983), Sasse suggested that 

information about user mental models can be collected by different approaches including: (1) 

observing users using the system, (2) asking users to explain the system, (3) users asking 

users to predict the behavior of the system, and (4) observing users learning the system. 

However, the questions of whether one form of data is more valid than another, in terms of 

how well it reflects the underlying cognitive processes, was not addressed (Rogers, 1992).  

Wilson (2000b) believes that decisions made about which method and measures to use 

to extract information to construct a mental model may imply that the researcher has already 

made some (conscious or unconscious) decision about the form of the model, which may or 

may not bias the resulting representations. It is also possible that mental models, as 

measured, might be affected not only by the measuring method but also by transformation 

performed on the knowledge in order to comply with the measuring method (Rogers, 1992). 

Therefore, in order to select the most appropriate methodology given the multitude of 

possibilities, the relationship between data collection, data analysis and representation must 
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be considered carefully, together with an appreciation of the weakness of each method and 

the specific goals of the study (Rutherford & Wilson, 1992).  

Rogers (1986) said there is a need for a systematic methodological framework to guide 

the process of mental model elicitation and representation. Such a framework should clarify 

the assumptions underlying each method and also classify their structures. These are the 

requirements of the general methodological framework for knowledge elicitation methods 

(Shaw & Woodward, 1990). Rouse and Morris (1986) suggested that task characteristics 

dictate required mental model components, and that various types of internal models can be 

organized (placed in a framework) with two dimensions – the “nature of model 

manipulation” and the “level of behavioral discretion” (Figure 2-3). The nature of model 

manipulation refers to whether or a not a subject is aware of his or her manipulation or use of 

an underlying mental model, or to some extent, the dependence of the task on mental models. 

The level of behavioral discretion refers to the extent that a subject’s behavior is open to 

choice, or is dictated by the task demands. The level of specificity and the form of 

conceptualization of mental models are considered to be constrained by the location of a task 

domain along these two dimensions.  
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Nature of Model Manipulation

Implicit Explicit

Level of
Behavioral
Discretion

Full

None

Neural information
processing

Using assembly
instructions

Manual control System maintenance

Supervisory
control

System design

Problem solving
in physics

Making value judgment

 

Figure 2-3. Dimensions defining mental models for various domains (reproduced from Rouse 
& Morris, 1986). 

 

2.5.1. Exploratory methods 

Verbal protocol analysis 

Verbal protocols are collected either during or after a course of action. They include data 

from verbal reports, think-aloud processes, interviews, and questionnaires. Ericsson and 

Simon (1980) provided a comprehensive review and comparison of verbal protocol methods. 

Verbal protocol analysis is a typical tool for eliciting user cognitive processes and 

knowledge, for example, to collect information about decision-making strategies and general 

reasoning processes, based on mental models (Cooke, 1994; Hassebrock & Prietula, 1992; 
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Kaempf, Klein, Thorsden, & Wolf, 1996; Redding & Cannon, 1992). It is most appropriate 

for tasks in which verbalization is a natural part of the cognitive process (Langan-Fox, et al., 

2000). As an example, Sanderson, Verhage, and Fuld (1989) used verbal protocols to collect 

subject statements during a process control task, and classified them according to their 

predicate type (statements about goals, plans, actions or causal relations). By assessing the 

frequency of certain types of utterances, they were able to determine their accuracy with 

respect to the actual system state. In this way, Sanderson et al. claimed that verbal reports 

could be used as data on subject knowledge of a system (i.e., mental models). 

Although verbal protocols may provide insightful information about mental models, 

there have been circumspect views and criticisms of this technique. Controversy on how to 

use verbalization data still exists. For example, Rouse and Morris (1986) contended that 

verbal report data may be more useful for generating hypotheses for subsequent 

experimentation instead of a primary source for testing mental model hypotheses. They also 

pointed out that verbalization of a nonverbal (e.g., spatial or pictorial) image may result in 

severe distortions and biases in mental model representations. Rutherford and Wilson (1992) 

argued that many verbal protocols are probably incomplete and inaccurate for assessing 

mental models, as people do not always have conscious access to their thought structures that 

determine their behavior, especially with regard to well-learned knowledge (see also Johnson 

& Stephens, 1994). In other words, verbal protocols may only capture information that can 

be expressed verbally, so it is likely that mental models extracted from verbal protocols 

contain only the conscious components of a “complete” model. Another objection to verbal 

protocols is that operator automatic behavior may be altered by self-consciousness when 
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giving protocols, and indeed the way in which the task is performed may be altered 

considerably (Moray, 1999). Furthermore, if we are interested in how subjects are thinking 

rather than just what they are thinking about, verbal protocols are far from accurate 

descriptions of dynamic mental models. With respect to experiment control, it is also 

possible that expert verbalizations may reflect what they expect an experimenter wants rather 

than how they actually think (Rouse & Morris, 1986). The demand structure of the situation 

may “force” people to provide reasons for their behavior when they did not base their actions 

on any particular reason (Norman, 1983). Consequently, in using verbal protocols to describe 

mental models/procedures, careful attention should be given to discrepancies between subject 

verbalizations and actual performance. 

Analytical modeling 

The concept that a human operator requires certain knowledge about a system to be 

controlled is referred to as an “internal model” or “internal representation”. The intuitive 

nature of this concept has led to analytical modeling of “internal models”. The essential idea 

of analytical modeling is using control theory to represent explicit assumptions about the 

possible forms, structures and/or parameters of mental models for specific tasks. Based on 

the assumptions modeled, performance can be calculated analytically and compared to actual 

human performance. Subsequently, the parameters of the analytical model are adjusted with 

the goal of minimizing the difference in model outputs from the empirical data (Rouse & 

Morris, 1986).  

With the underlying internal model concept, analytical models have been developed to 

describe, for example, human operators in manual control tasks. Veldhuyzen and Stassen 
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(1977) used estimations and control theory to develop a model describing helmsman’s 

steering of a supertanker and the influence of displays, such as a rate of turn indicator, on 

behavior. Analytical modeling is also assumed appropriate in the situation where a purely 

empirical modeling approach is not feasible, such as complex cognitive system modeling. 

ACT-R developed by Anderson (1983) is an example, which aims to define the basic and 

irreducible cognitive and perceptual operations that enable the human mind. Soar (Symbolic 

cognitive architecture), created by Laird and Newell (see Newell, 1990), is both a theory of 

cognition with a set of principles and constraints, and an implementation of the architecture 

as a programming language. It is often used by artificial intelligence (AI) researchers to 

construct integrated intelligent agents and by cognitive scientists for cognitive modeling. The 

GOMS (Goals, Operators, Methods and Selection) modeling approach of Card, Moran and 

Newell (1983) provides goal decomposition between the overall task and a unit task, which 

involves detailed understanding of the user’s problem-solving strategies and the application 

domain. GOMS is thus good for describing how experts perform routine tasks. In general, the 

above analytical modeling techniques can be considered as providing descriptions of mental 

models in terms of processing mechanisms. 

2.5.2. Empirical methods 

Empirical methods for mental model characterization are based on two general assumptions: 

(1) the performance of specific tasks can be used to infer the quality of mental models that 

participants construct; and (2) external information can be provided to promote the 

construction of mental models.  The framework of Rouse and Morris (1986) implies that 
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empirical approaches are limited by the fact that behavioral effects of access and 

manipulation of mental models may possibly be confounded with perception and response 

execution. Therefore, Rouse and Morris (1986) believed that empirical modeling might be 

feasible in situations where perception and response execution do not interact with mental 

model manipulation. This assumption requires that the nature of the cognitive process only 

involves the use of a mental model, so it is possible that the mental model can be 

algorithmically or logically constructed from subject responses to a system. Unfortunately, 

there are very few tasks suitable for this type of modeling.  

If it can be assumed that the operator chooses his/her actions based on perceived 

information (i.e., input) and the response action is simple, then techniques such as regression, 

optimization modeling, or computer simulation can be utilized to create input-output 

relations of the operator’s task. From these relations, the structure or parameters of mental 

models can be inferred. For example, Jagacinski & Miller (1978) used an empirical modeling 

approach to study a manual control task in which participants chose one of two control 

alternatives (a positive or negative force, each of constant magnitude) in order to bring a 

system to rest at its target in a minimal amount of time. A second-order, time-invariant 

control model was suggested to represent the operator internal model and the model 

parameters obtained by regression for different participants were compared. However, the 

actual underlying perceptual and cognitive processes for the task were not clear. Although 

some qualitative inference was made from the control model (e.g., the relative importance of 

model parameters), the parameterization based on performance data did not provide a deeper 

understanding of the internal models participants might have formed. 
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As another example, Sanderson (1989) studied how people solve simultaneous 

equations with different task conditions (e.g., practice, graphical display of the problem, and 

whether a cover story matching the problem was provided). In this study, four possible 

mental models were deduced for the task domain, including a model based on simultaneous 

equations, a model eliminating the first equation, a model eliminating the second equation, 

and a model assuming the input-output relations in the two equations were independent from 

each other. These models were also associated with patterns of answers to the questionnaires 

before and after test trials in order to study shifts of mental models due to increased task 

experience. Moray (1999) summarized the deductive approach used by Sanderson as starting 

from: knowledge of engineering design specifications and blueprints of a system; an analysis 

of the operating procedures; and an analysis of the training program of the operators 

(including the use of abnormal event scenarios), in order to deduce what understanding of the 

system operators could be expected to have. In addition, Moray (1999), and Rouse and 

Morris (1986) pointed out one potential problem with this deductive approach; that is, more 

than one possible model may fit the observations made by the operators as the system 

becomes large and complex. 
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2.5.3. Concept-based analysis 

Concept-based analysis refers to techniques and associated analysis methods that measure 

people’s understanding of concepts relevant to the task domain under investigation. Typical 

measurement techniques include: card sorting, repertory grid technique, causal mapping, and 

pairwise rating (see Langan-Fox, et al., 2000). These methods compensate for the limitations 

of verbal protocol techniques by depicting the complexity of relationships between mental 

concepts and ideas. Although measuring understanding of concepts is indirect, the resulting 

conceptual structures of concept-based analysis are “mediating representations” of the 

contents and structures of underlying mental models (Rogers, 1992).  

In card sorting participants are asked to sort concepts (participant-generated or 

provided by researchers) that are relevant to tasks and explain the categorizations they made. 

Repertory grid technique first requires three concepts to be presented at a time and 

participants are to decide how two of the three concepts differ from the third along a 

particular dimension; a list of dimensions or constructs with opposing poles (likeness vs. 

contrast) is then obtained; concepts are rated using the dimensions; finally the rating data can 

be subjected to multidimensional scaling to derive the structure of the concepts. Causal 

mapping first asks participants to select the n most important concepts from an expert-

generated list, which are then placed in an n×n adjacency matrix; participants are to indicate 

if one concept causes the other, and if so, the direction and strength of the causal relation in 

cells of the matrix. A distance ratio index (Markiczy & Goldberg, 1995) can be calculated to 

indicate the similarity of two causal maps. Pairwise ratings involve presenting participants 

with a pool of concepts and they are asked to provide similarity or relevance ratings for each 
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possible pair of concepts from the pool; the matrix of pairwise ratings can be subjected to 

either multidimensional scaling (MDS) or a pathfinder algorithm (see Schvaneveldt, 1990) to 

derive the underlying structure or conceptual network, which can further be compared to an 

expert’s conceptual structure as a measure of mental model accuracy.  

For the above concept-based analysis methods, the dimension on which two system 

components are judged to be related would depend on the task the participants simulate in 

their working memory and the sequence in which the pairs of components are presented (J. J. 

Cañas, et al., 2001). As an example of concept-based analysis, Kellogg and Breen (1987) 

used hierarchical clustering analysis to develop structural diagrams of expert and novice 

models of a text formatting language system. Subjects were asked to sort different cards of 

system components into meaningful subsets. User models of the system were identified from 

the physical distances between pairs of concepts in the sorted component sets. Comparison of 

user models and the system model yielded information on the amount of structural overlap 

across the system concepts. As expert card sorts were in closer agreement with the actual 

system layout than were novice sorts, and were in closer agreement with each other than for 

novices, Kellogg and Breen asserted that user mental models approach the system model as 

experience accumulates. However, it is possible that experts and novices compared concepts 

along different dimensions and that the dimensions different experts used were more 

consistent than novices used. 

Another example is given by Graham, Zheng and Gonzalez (2006), in which they 

applied a MDS analysis of dissimilarity-ratings among artificial intelligent agents in a real-

time strategy game to characterize mental models of novice players. It was found that novice 
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mental models were initially based on virtual features of those agents in the game 

environment, but changed qualitatively with additional game experience. These studies 

demonstrated techniques applied to identify mental model structure using data extracted 

through concept-based analysis. Related to this, Rutherford and Wilson (1992) warned that 

data structures identified through statistical analysis should be best regarded as a 

consequence of mental model operations but not actual structural representations of mental 

models. 

2.5.4. Concept mapping 

A concept map is a pictorial representation of a domain (or task, topic) that consists of 

concepts represented as nodes and links connecting the nodes with each other (Freeman & 

Jessup, 2004). The concepts are basic elements of the topic that represent events, objects, or 

ideas. The connecting link between two concepts represents a conceptual and logical relation 

of the concepts in some manner. The specific relationship between two concepts can be 

described by labeling the connecting link in the map. Concept-link-concept triples form 

propositions, which are meaningful statements about some object or event (or semantic units; 

Novak & Gowin, 1984). For describing, explaining, and predicting a situation, it is often 

necessary for people to form associations between concepts and form a network of the 

concepts in the mind. Therefore, concept maps are a suitable means of externalizing mental 

models in some visuospatial format. It is important to note that the structure of concept 

mapping output can vary substantially across different task domains, such as education (e.g., 



45 

Freeman & Jessup, 2004), navigation support in hypermedia (e.g., Nilsson & Mayer, 2002), 

description of action procedures (e.g., Takano, Sasou, & Yoshimura, 1997), etc.   

Regarding concept mapping techniques, Novak and Gowin (1984) defined a structured 

concept map construction method, including the series of steps presented in Table 2-5. This 

approach is focused on hierarchical concept mapping for facilitating meaningful learning on 

scientific topics. Recently, Gwee (2005) proposed a so called free concept mapping (FCM) 

method to characterize mental models, which is an extension of concept-based analysis 

techniques. In the center of a free concept map lies the main concept of interest, and 

participants are directed to link other related concepts to the main concept and label all the 

links based on their knowledge of the system. Gwee also claimed that the accuracy of a 

mental model derived from this technique can be measured by the similarity of one’s concept 

map with that of an expert in terms of content and structure. By relating model accuracy to 

task performance, Gwee reported that the criterion validity of FCM was superior to that of 

causal mapping and FCM was also preferred to causal mapping by participants. One of the 

concerns with FCM is that it relies on recall rather than recognition, making it more prone to 

errors of omission in mental model representation. Operationally, participants need to be 

instructed to include only the most important ideas or ideas that would matter in their 

decision making in a task. Based on these characteristics, a structured concept mapping 

process following the steps of Novak and Gowin (1984) and the FCM approach was used as 

a mental model measurement approach in the empirical study, as part of this research. The 

concept maps developed in present study are similar to the concept maps used in human 

factors literature (e.g., Cooke, Salas, Cannon-Bowers, & Stout, 2000; Hoffman & Coffey, 
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2004). (An explanation of the concept mapping steps used in the experiment is provided in 

the Experimental Methodology section.) 

Table 2-5. Steps of concept mapping (Novak and Gowin, 1984). 
1. Define the topic or focus question.  

2. Identify and list the most important or “general” concepts that are related with the key 

topic. 

3. The general concepts or subtopics should be ordered top to bottom in the mapping field, 

going from most general and inclusive to the most specific. (This action fosters the 

explicit representation of subsumption relationships (i.e., a hierarchical arrangement or 

morphology of the concepts).) 

4. Links should be added among concepts to form a preliminary concept map. 

5. Linking phrases should be added to describe the relationship among concepts. 

6. Once the preliminary concept map has been constructed, look for cross-links, which 

connect concepts in different areas or sub-domains of the map. (Cross-links help to 

elaborate how concepts are interrelated.) 

7. Finally, the map should be reviewed and any necessary changes to the structure or 

content should be made. 

 

2.5.5. A methodological framework 

Some researchers have developed classifications of various methods applied for mental 

model characterization. (This framework of methods should not be confused with the 

framework of dimensions of internal models presented by Rouse and Morris.) Sasse (1992) 

classified different assessment methods used in HCI into three major categories: (1) think-

aloud techniques and verbal protocols, (2) on-line protocols, and (3) performance data. As 

previously mentioned, she also summarized five scenarios for investigating users’ models: 
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(1) observing users using a system, (2) users explaining a system, (3) observing users 

learning a system, (4) users predicting the behavior of a system, and (5) users describing and 

using a system. Cooke (1994) grouped HCI assessment methods based on their 

methodological similarity including: observation and interview (active participation, focused 

observation, structured observation), process tracing (verbal and non-verbal reports), and 

conceptual techniques (concept elicitation, data collection, structural analysis). All of these 

classifications schemes are quite simple and lack guidance for method selection based on 

task or environment features. 

Rouse and Morris (1986) grouped mental model characterization methods into two 

categories: inferential methods (e.g., empirical assessment, empirical modeling, and 

analytical modeling) and verbalization methods (e.g., verbal protocols, interviews, and 

questionnaires). These two categories are in accordance with the two dimensions of mental 

models in their framework described above. Further, they proposed two generalizations: (1) 

inferential methods tend to yield more accurate descriptions when there is little discretion 

over models; and (2) verbalization methods will likely provide more appropriate descriptions 

when the domain involves explicit model manipulation. One important point from these two 

generalizations is that if the task involves little discretion of behavior and requires only 

implicit model manipulation (or say, little awareness), it will be very difficult for both 

inferential and verbal methods to elicit accurate information about mental models used in the 

task. This point is clearly supported by Rouse and Morris’ framework. However, their 

framework (implying awareness in memory manipulation by choice of memory structure) 
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seems to be based on the general cognitive process being used rather than the content or 

structure of mental models of interest.  

With respect to model measurement, there remains a lack of clarification regarding the 

assumptions of different methods and the associated model representation formats. There is 

also a need for a more robust methodological framework accounting for task and 

environment factors.  

Based on the recommendations provided by Langan-Fox et al. (2000) regarding model 

measurement method selection and development, a new methodological framework mapping 

some specific methods on task and environmental dimensions is presented in Figure 2-4. The 

strengths and limitations of each method, from a data collection perspective, can be identified 

within this framework. Generally, observations, verbal protocol analysis, and cognitive 

interviews are used in tasks that have defined operating routines, rules, or procedures (e.g., 

manual control and process control). The outputs of these tasks are mainly perceptual 

information, relevant to mental model formation, which tends to be less structured. Content 

analysis, card sorting, causal mapping, and pairwise ratings take concepts within a given task 

context and use them as basic measurement units. The output of such methods is highly 

structured and contains information that has been semantically processed. For example, the 

Pathfinder algorithm can translate pairwise ratings into associative networks consisting of 

nodes (concepts) and links (relationships between concepts). 
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Figure 2-4. New methodological framework to address mental models used in different tasks. 

 

2.5.6. Using SA to characterize mental models 

As suggested by Endsley’s (1995b, 2000c) theory, the close relationship between SA and 

mental models may also be used for the assessment of mental models, in addition to the 

traditional methods reviewed above. SA measures assess the level of operator understanding 

of a situation based on information stored in working memory. This does not imply or bias a 

researcher’s expectation of mental models that participants may develop for a particular task. 

Thus, the use of SA measures to characterize mental models may not suffer from the problem 

Wilson (2000b) raised. Furthermore, in tasks where mental models are fundamental for 

performance, SA measures allow for the flexibility of identification of a range of mental 
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models; that is, levels of SA (perception, comprehension and projection capability) can be 

related to different types of mental models.  

Endsley (2000b) and Endsley, English and Sundararajan (1997) proposed that situation 

models (i.e., SA) are primarily determined by underlying mental models, so measuring 

situation models over time may provide a means of tapping into the content and structures of 

mental models. She presented a methodology using situation models to extract and 

reassemble human knowledge and to create representations of human mental models. 

Specifically, Endsley used SA data collected in a piloting tactical decision making task using 

SAGAT (Situation Awareness Globe Assessment Technique) to develop a neural network 

and computer model of pilot behavior. Endsley reported that the performance of the 

computer model could match that of the human test pilots. Although this research 

demonstrated SA measures can be used to model human mental behavior, as Endsley 

acknowledged, computer learning techniques like neural networks can only serve as 

predictive models but cannot be descriptive in order to provide insight on internal human 

mental representations or the characteristics of mental models.  

In an attempt to address the limitation of neural networks, Huang and Endsley (1997) 

applied a fuzzy rule technique to derive rules from the neural network developed to present 

pilot behavior, but the rules performed less well than the original neural network relative to 

pilot performance. Furthermore, it was unknown whether participants would have verbalized 

similar rules under expert elicitation. Thus, there remains a need to demonstrate how SA 

measures can be used to identify/develop descriptive models of human mental behavior. 
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Nevertheless, Endsley’s work provides theoretical support for using measures of SA to infer 

possible structures of underlying mental models. 

There have been some reluctant views about the relationship between mental models 

and SA. For example, Rousseau, Tremblay and Breton (2004) argue that the idea of 

identifying SA as a situational model is not compatible with the notion of perceptual 

knowledge, as described in Endsley’s original multi-level model of SA. In reviewing the 

situation model concept in discourse comprehension literature, Rousseau et al. define a 

situation model as, “a schema depicting the current state of the mental model of the system,” 

and further suggest that SA may more likely be an analogue of episodic memory rather than 

that of a situation model. This episodic memory representation is viewed as an active 

component of comprehension in Endsley’s model. Unfortunately, this interpretation does not 

help clarify the relationship between mental models and SA but only results in more 

confusion regarding the concept of SA. Moreover, Rousseau et al. did not provide any further 

arguments regarding their concern related to the perceptual knowledge aspect of SA, 

suggesting the theory of “SA as an analogue of episodic memory” to be unwarranted.  

Patrick and James (2004) proposed a task-oriented view of SA, which emphasized that 

SA is the outcome of performing a task of explicitly achieving and maintaining SA within a 

goal-directed action sequence (i.e., achieving SA, deciding on a course of action, and 

performing the action). Therefore, SA is directly representative of task knowledge. 

Considering this concept, it is necessary and worthwhile to empirically examine whether the 

content of SA could be used to infer underlying operator mental models in a clearly defined 

task context. Although there remain debates in the literature regarding the concepts of SA 
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and mental models, this study does not make assumptions about the nature of SA but uses a 

measure of SA, or a dynamic knowledge test, and response patterns to infer possible types of 

mental models participants may form. SA is not considered as a direct measure of mental 

models and, therefore, any bias in the measurement process does not jeopardize the utility of 

the response measure as a basis for mental model characterization. It is also expected that 

relating SA to mental models in an empirical test will contribute to the clarification of 

controversies in both SA and mental model theories.  

2.6. Review of the relation between SA and mental models 

2.6.1. Review of SA theories 

In general, SA refers to the level of awareness and dynamic understanding that an individual 

has of a situation, the cognition of “what is going on” (Salmon, et al., 2007). Since Endsley 

(1995b) presented her theory along with others (e.g., Adams, Tenney, & Pew, 1995; Salas, 

Prince, Baker, & Shrestha, 1995; Smith & Hancock, 1995), SA has being identified as a 

critical factor in design, analysis and performance measurement in many complex system 

domains. There have been two opposing views presented in the literature, leading to the 

duality of SA as either a “state” or a “process” (Rousseau, et al., 2004). Endsley (1995b) 

describes SA as a state of knowledge resulting from a dedicated situation assessment process 

with three levels: “the processing of elements in the environment within a volume of time 

and space (Level 1), the comprehension of their meaning (Level 2), and the projection of 

their status in the near future (Level 3).” On the other hand, Sarter and Woods (1995) argued 

that SA “should be viewed as just a label for a variety of cognitive processing activities that 
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are critical to dynamic, event-driven, and multitask fields of practice.” Each of these views 

identifies different characteristics of SA (Stanton, Chambers, & Piggott, 2001). Adams et al. 

(1995) said that the processes of SA both determine and are determined by its products, and 

vice versa, although the terms used for describing the processes were confusing in the first 

place. Smith and Hancock  (1995) said that SA is a process driven by the interaction of the 

content of the environment and user perception. With respect to these theories, questions 

remain as to whether SA should be considered as only conscious mental content, ruling out 

any forms of tacit (implicit) knowledge (Croft, Banbury, Butler, & Berry, 2004). In the 

following passages, a review of SA models, representing both “state” and “process” theories, 

is provided and justification for the use of Endsley’s theory in this research is also presented. 

Endsley (1988, 1995b) proposed a model of SA consisting of three hierarchical levels, 

as mentioned above. This model is based on information processing theory, which allows the 

construct of SA to be measured easily and effectively (Endsley, 1995a), and also supports the 

identification of SA requirements as well as development of specific training strategies and 

design guidelines to support the acquisition of SA in a particular context (Endsley & Jones, 

2003). In her model, Endsley distinguished between situation awareness (a state) and 

situation assessment (a process). This separation has been influential in the development of 

measures of SA. Thus, an important advantage of Endsley’s model relevant to the present 

study is that it avoids the confusion between SA as knowledge and the cognitive processes 

(perception, memory, attention) that underlie the acquisition of SA.  

Criticisms regarding Endsley’s model have mainly focused on the psychological 

constructs she used to define her model. For example, Smith and Hancock (1995) suggested 
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that Endsley’s reference to mental models, which themselves are ill-defined, is problematic. 

Others have said the terms Endsley used in her model, such as “perception of the elements”, 

“understanding of their meaning”, and “projection of future states”, may be taken by readers 

as processes involved in the acquisition of SA (Salmon, et al., 2007). The model has also 

been criticized for its inability to cope with the dynamic nature of SA (Uhlarik & Comerford, 

2002). 

Smith and Hancock (1995) defined SA as adaptive, externally goal-directed 

consciousness, located in the core of a perception-action cycle, for supporting skilled 

performance. They argued that SA cannot be equated with the momentary knowledge of 

which an individual is aware and that it is inconsistent to define SA in terms of three levels of 

processing (perception, comprehension and projection) while equating it with momentary 

knowledge. Alternatively, SA specifies what must be known to solve a class of problems 

emerging from interaction with a dynamic environment. They said the fundamental purpose 

of SA is to adaptively guide actions in response to dynamic situations. This view led to their 

perceptual cycle model for ATC tasks based on Neisser’s (1976) theory, incorporating both 

the process (continuous sampling of the environment) and the product (a continually updated 

schema) of SA. According to this model, SA dynamically modifies an operator’s interaction 

with the world and then the interaction dynamically modifies SA. Because Smith and 

Hancock regarded SA as a generative process of knowledge creation and informed action 

taking, they explicitly denied that SA is merely a snapshot of the individual’s current mental 

model (as described by Endsley). For ATC tasks as an example, they contended that SA is 

not the controller’s “picture” but the mechanisms (i.e., metaknowledge) that enables the 
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building of the picture. Although Smith and Hancock’s model differed from the “state”-

oriented view taken in Endsley’s model, it has received less attention due to the lack of 

empirical support (Salmon, et al., 2007); whereas, several studies have contended empirical 

validation of Endsley’s model (Endsley, 1995b; Endsley & Kaber, 1999; Endsley & Kiris, 

1995). 

In reconciliation of the state-oriented and process-oriented theories of SA, Durso and 

Gronlund (1999) suggested that the state-oriented definition of SA could be associated with a 

situation-focused approach in which SA is determined by the specific environment or 

situation, and that the process-oriented view of SA could be associated with an operator-

focused approach that is concerned with the properties and basic mechanisms of the operator 

as they acquire SA. Ostensibly, a situation-focused approach is driven by the properties of 

the situation aspect of the SA concept and involves mapping of relevant information in a 

situation onto a mental representation of that information within the operator’s mind; 

whereas, an operator-focused approach is related to the properties of the operator; that is, the 

set of cognitive processes supporting the production of the mental representation 

corresponding to the SA state (Rousseau, et al., 2004). 

As reviewed, a state-oriented theory of SA, namely Endsley’s (1995b) three-level 

model,  has several important advantages compared to a process-oriented model. First, 

Endsley’s descriptive model is flexible in that it takes into account most constraints and 

influential factors that are typical in an operational setting (Rousseau, et al., 2004); thus, 

providing a systematic description of what SA is and how it is produced. Second, Endsley’s 

three-level model has been translated to various operational task requirements across many 
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domains by using cognitive task analysis (see Endsley & Garland, 2000), which are 

fundamental for the use of SA measurement techniques, such as SAGAT. Working as a 

dynamic knowledge test, SAGAT allows for direct, objective measurement of SA by 

comparing operator responses to probe questions with the ground truth of a simulated task. In 

other words, the accuracy of operator perceptual knowledge, comprehension of environment 

states, and projection of future system states can be assessed over time. These responses can 

then be related to task performance. On the contrary, objective measures associated with 

process-oriented theory of SA, such as direct performance measures (e.g., Sarter & Woods, 

1991), eye-tracking (Hauland, 2002), and testable responses to events (Pritchett & Hansman, 

2000), cannot provide direct insights on SA as inference is made from operator performance. 

Third, the state-oriented view of SA generally considers mental models as the underlying 

mechanisms for guiding the perception of elements in the environment, deriving their status 

and projecting future trends, which is highly compatible with the functional definition of 

mental models offered by Rouse and Morris (1986). In addition to these advantages, as the 

purpose of this research is to investigate the use of SA measures for characterizing mental 

models, the essential role of Endsley’s state-oriented theory is to provide a way of organizing 

information for constructing SA queries as part of the Situation Awareness Global 

Assessment Technique (SAGAT) methodology. The debate over whether SA is formed 

through an information processing model or a perception-action cycle does not compromise 

the use of SAGAT for measuring participant SA during test trials and making inferences on 

operator mental models. However, SAGAT is considered to be disruptive to the process of 

SA and thus, not compatible with a process-oriented view. 
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2.6.2. Review of SA measurements 

Pew (2000) said that the key step in the translation of a vague term into a quantitative 

concept is operational definition and measurement, which is particularly true for SA. Endsley 

(1995a) presented a taxonomy of SA measurement methods, including physiological 

techniques, performance measures, subjective techniques, and questionnaires. This taxonomy 

was based largely on the air combat context. Pew (2000) presented a taxonomy of measures, 

which he claimed to be less dependent on particular contexts, including: direct system 

performance measures, direct experimental measures, verbal protocols, and subjective 

measures. Direct system performance measures are only applicable when the performance of 

interest is driven entirely by SA; verbal protocols and subjective measures have similar 

problems as when they are used to tap mental models; direct experimental measures, such as 

SA queries and measures of information seeking, are the most common measurement method 

(Pew, 2000). In the following passages, two important techniques for measuring SA, SAGAT 

and SART (Situation Awareness Rating Technique), are reviewed. 

SAGAT (see Endsley, 2000a) uses SA queries targeted at the three levels of SA and is 

widely accepted as an effective method of measuring the construct, especially in multitasking 

scenarios (e.g., Kaber & Endsley, 2004; Perry, Sheik-Nainar, Segall, Ma, & Kaber, 2008). 

SAGAT is generally used to obtain aggregate measures of specific levels of SA, and it can be 

useful for assessing individual differences in SA in a task context. However, SAGAT 

requires random freezes during task simulation and this may be disruptive to ongoing task 

performance. Furthermore, the SA questions that are presented may change the subsequent 

expectations and behaviors of participants. These issues were examined in studies by Endsley 
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(1995a, 2000a) and Wickens and Prevett (1995) in which no significant difference of 

performance or response accuracy between experiment trials with freezes and without freezes 

was found.  

SART was developed by Taylor (1990) and is a SA measurement technique based on 

self-assessments by participants. It consists of three subscales – demand on attentional 

resources, supply of attentional resources and understanding of the situation provided. 

Ratings on these scales are combined in an equation to produce an overall estimate of the 

participant’s SA. Since SART consists of a subscale of workload measurement, it may cause 

confusion between workload and SA (Endsley, 1995a; Pew, 2000). Endsley, Selcon, 

Hardiman and Croft (1998) compared SAGAT and SART in a display evaluation study. They 

found that the two measures were not correlated with each other. The results also showed that 

SART was highly correlated with subjective measures of confidence, a simple subjective SA 

measure and a subjective performance measure. Endsley et al. (1998) suggested that SART 

provides a subjective rating of operator SA, which can be used to predict performance 

improvement; however, SAGAT has diagnosticity in regard to reflecting changes in SA, as a 

result of system design changes. As the state-oriented theory of SA is adopted as a basis for 

conceptualizing SA in this research, SAGAT will be used to obtain direct insight into a 

participant’s internal situation model and as a basis for inferring/characterizing mental model 

content.  

Related to SAGAT and SART, Stanton et al. (2009) proposed a propositional network 

measure of SA based on their distributed model of SA in schema theory and the perception-

action cycle model (Smith & Hancock, 1995). Their view of shared SA supports a schema-
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based measure of SA. Propositional networks are constructed from observational transcripts 

of operator interactions with a system. Tokens in the network represent what an operator 

needs to know for task performance (phenotype schema) and links between tokens indicate 

causal relations. Stanton et al. further suggested that with enough examples of phenotype 

schemata, the invariants from the networks could be used to describe the genotype schema, 

or mental model, underlying interactions. This type of measurement is primarily focused on 

tasks in collaborative environments and provides a system level description of SA. However, 

the measurement approach and underlying model are more complex than several existing 

(team) SA models and the propositional network may be biased by operator subjective 

judgments.   

2.6.3. Mental models in typical SA tasks 

SA tasks are tasks in which perception, comprehension and projection is critical to operator 

decision making and action planning in a time-constrained work environment. According to 

Smith and Hancock (1995), SA tasks have clear and defined objectives that can be externally 

verified, in which constraints on performance are explicitly represented in the environment. 

They are generally carried out in a “situation”, defined as “a set of environmental conditions 

and system states with which the participant is interacting that can be characterized uniquely 

by a set of information, knowledge, and response options” (Pew, 2000).  

Endsley (1995b) provided an overview of typical task contexts in which SA plays a 

critical role, including piloting aircraft, ATC, large-system operations, and tactical and 

strategic systems. For pilots controlling an aircraft, they need to assess the changing 
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situation, including details of the aircraft’s operational parameters, external conditions, 

navigational information, other aircraft in the near area, and whether aircrafts are hostile or 

friendly. In ATC, controllers need to maintain up-to-date assessments of rapidly changing 

locations of aircraft (in three-dimensional space) and their projected locations relative to each 

other, along with other pertinent aircraft parameters (destination, speed, communications, 

etc.). For large-system operations, such as nuclear power plant control or complex 

manufacturing system control, operators must observe the state of numerous system 

parameters and any pattern among them that might reveal clues as to the functioning of the 

system and future process state changes under temporal constraints (Wirstad, 1988). For 

operators working in tactical and strategic systems, such as firefighters, certain police units, 

and military command personnel, SA represents an important basis for making decisions. 

They must identify the critical features in widely varying situations to determine the best 

course of action.  

There are a number of common characteristics across all these SA tasks. Typically 

these tasks have dynamic information input from the environment, and operators often have 

to do more than simply perceive the state of their environment (Endsley, 1995b). Because 

tasks are dependent on an ongoing, up-to-date analysis of the environment and information 

available from the environment is continuously changing, operators must understand the 

current state in a goal-oriented manner based on integration of all relevant information 

perceived. Kaber and Endsley (2004) summarized that SA tasks typically include: (1) 

competing operator goals; (2) multiple simultaneous task demands; and (3) tasks performed 

under high time stress. Furthermore, operators may have to predict future states of the system 
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in order to make proper decisions ahead of system events. With all these tasks towards 

obtaining and maintaining good SA, operators are usually required to use divided attention 

and, thus, experience high cognitive workload. Consequently, they use their understanding of 

the situation as an important basis for planning, decision making, and action selection, as 

exemplified by the recognition-primed decision model by Klein (1993). Specifically, the 

understanding of the current situation, as an integrated picture, may be matched with 

prototypical models in LTM to trigger associated mental processes, which can be done in a 

narrow time period. The understanding formed in the current task can also be organized and 

stored in LTM for future use. Finally, performance of SA tasks can be related to SA. Endsley 

(1995b) concluded that poor performance would possibly occur when SA is incomplete or 

inaccurate; however, good SA is just one of the factors that would increase the probability of 

good performance but cannot necessarily guarantee it. 

In SA tasks, mental models are usually formed by both information from the 

environment (i.e., operator perception) and related knowledge and experiences stored in 

LTM. Niessen, Eyferth, and Bierwagen (1999) emphasized that mental models play a salient 

role in maintaining SA, anticipating future states, and coordinating simultaneous, ongoing 

events. According to Niessen et al., a mental model is: (1) a representation of the external 

task environment reflecting the relations between its elements in an analogous manner; (2) 

the result of an active construction of meaningful spatial, temporal and causal relations 

between elements of the task environment, based on the interaction between the current 

external situation and domain-specific schemas held by operators; (3) an updatable 

representation of the task environment changing based on the integration of new information; 
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4) incomplete and transient with respect to its information content (a representation is built 

up by schemas in working memory in order to serve current functions and is not stored in 

LTM); and (5) manipulable by drawing inferences for making predictions and for deciding 

what further processing or action to take. This summary of characteristics of mental models, 

although based on air traffic control tasks, can be extended to mental models in other SA 

tasks. From a functional perspective, Endsley (1995b) stated that a well-developed mental 

model can provide (a) knowledge of the system elements necessary for directing attention 

and classifying information in the perception process, (b) integration of the elements to form 

an understanding of their meaning, and (c) a mechanism for projecting future states of the 

system, based on its current state and an operator’s understanding of its dynamics. In other 

words, the model provides some parts of SA associated with systematic knowledge, enabling 

a highly integrated and coherent form of SA without taking too much working memory 

storage space. 

2.6.4. A conceptual framework of mental models for SA tasks 

Based on Endsley’s (2000b) idea that SA is the current state of a mental model, a reasonable 

argument can be made that as a task evolves, different parts of the mental model in LTM may 

be activated and attached to the current situation to help form and maintain SA. In this sense, 

SA may reflect the structure and content of a mental model (i.e., what the parts of a mental 

model may be and what information is stored), especially in a dynamic environment in which 

maintaining SA is a continually changing process. 
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As discussed earlier, in SA tasks, mental models can be formed from internal 

knowledge needed for pursuing a given goal and data extracted from the environment 

(Besnard, Greathead, & Baxter, 2004). Rutherford and Wilson (1991) held a similar idea that 

a mental model is a product of the user’s previous experiences and their perceptions of the 

system. Likewise, Gagne and Glaser (1987) said mental models can be schema-based 

knowledge structures but also include perceptions of task demands and task performance.  

In the case of ATC, Mogford (1997) stated that there appear to be two components of a 

controller’s mental model: a domain model that encompasses airspace, aircraft, and ATC 

procedures, and a device model which is an understanding of the electronic systems designed 

to support ATC. These components fit with the idea of mental models including internal 

knowledge (i.e., the device model) and knowledge from the environment (i.e., the domain 

model). He emphasizes that a mental model is the underlying knowledge that is the basis for 

SA or the “picture”; the controller’s “picture” is defined by the mental model and, in turn, 

supplies information to build and modify the model. 

Perception serves as a basis for building SA. Endsley (2000c) said, “the use of mental 

models in achieving SA is considered to be dependent on the ability of the individual to 

pattern match between critical cues in the environment and elements in the mental model.” 

Mogford (1997) proposed a simple model of human information processing in systems such 

as ATC. In this model, SA is considered as a temporary store where perceived images and 

verbal data are maintained for ready use. Cowan (1988) talked about an activated subset of 

information/perceived elements in working memory representing the current state of 

awareness in cognition. This information store may update the mental model if there are 
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long-term implications. The mental model is used to organize the information in SA and 

direct attention, as well. 

Rouse and Morris (1986) first proposed the idea of using two task characteristics, the 

nature of mental model manipulation (from implicit to explicit) and level of behavioral 

discretion (ranging from none to full), to represent distinctions among various domains (see 

Section 2.5). Their framework covered a number of domains in which mental models are 

used to perform tasks and provided explanations for methodological differences among 

mental model characterization techniques in different domains. However, for domains where 

SA plays a significant role, these task characteristics may not be entirely sufficient to 

distinguish among types of mental models used.  

Based on a review of task characteristics across the domains that Endsley (1995b) 

identified as SA domains, a new conceptual framework was developed to distinguish among 

tasks in terms of data extracted from the environment and goal-relevant knowledge required 

(Figure 2-5). The environmental information for mental model construction can range from 

perceptual data (e.g., system parameter displays) to semantic data (e.g., voice communication 

with others and navigation maps). Task relevant knowledge can range from concrete, 

physical knowledge (e.g., rules, instructions, and analog models) to highly abstract, 

conceptual knowledge (e.g., knowledge about underlying mechanisms and general domain 

knowledge). Although there is yet no direct empirical support for this framework, the 

distinctions represented in the framework can be used as a preliminary basis for choosing 

appropriate methods and representation formats for mental model characterization in SA 

domains.  
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Figure 2-5. Mental model formation in a SA task context. 

 

2.7. Summary of literature review 

Mental models have been an appealing concept for descriptive accounts in studying human 

performance in various domains. In the above literature review, a number of definitions of 

mental models were classified into two categories: (a) representations of knowledge, and (b) 

internal functions. A typical use of the former category can be found in text comprehension 

and simple reasoning analysis (Johnson-Laird, 1983); whereas, the latter has been used in 

studying interaction with artifacts and (complex) systems (Gentner & Stevens, 1983). As 

different researchers often use their own concepts of the mental model construct, a 

generalization across domains may be very difficult to achieve. On the other hand, there have 



66 

been questions of whether a mental model concept is required (in theory), since mental 

models tend to be overly generalized to represent almost any type of background knowledge 

that influences operator behavior. Nevertheless, at this developing stage, exploring the 

mental model concept with various measurement approaches and representational formats 

allows for comparison of competing theoretical perspectives and further assessment of 

whether the theory may provide a basis for accounting for operator behavior in systems 

design. 

The two classes of mental model definitions partly reflect different degrees of 

emphasis on characteristics of mental models, including: structural similarity, 

incompleteness, dynamic representation, and context-dependence. It is structural similarity 

and dynamic representation that fundamentally differentiate mental models from other 

memory structures that have been proposed. Incompleteness is an inherent limitation of 

mental models in reality (Norman, 1986), but in empirical experiments it is possible to 

restrict the range of mental models and to support participants in achieving complete internal 

representations of situations (e.g., Halasz & Moran, 1983). Incompleteness and context-

dependence of mental models in real applications imply that knowledge elicitation may only 

provide a partial picture of a mental model and that results will depend on the particular task 

performed by participants (J. J. Cañas, et al., 2001). 

The different uses of the mental model concept in cognitive psychology and human 

factors have led to two different theories of mental model construction. For explaining text 

comprehension and simple reasoning tasks, considering mental models as isomorphisms of 

situation premises in working memory is enough to describe and predict task performance; 
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whereas, homomorphic mental models are needed to explain task performance in interaction 

with cognitive artifacts and systems. Furthermore, mental models formed from isomorphic 

mappings can be considered as special cases of homomorphism (Moray, 1987). An integrated 

view of mental models creation considers that both knowledge stored in LTM and 

information perceived from the environment contribute to mental model construction 

allowing operators to incorporate contextual information with different task requirements. 

The different taxonomies of mental models reviewed above represent different ideas of 

mental model formats/types, but have also led to considerable confusion in the literature. The 

abstraction-level based taxonomy by Rasmussen (1990) characterizes features of a task 

environment and an operator’s knowledge base, which is useful for studying work 

requirements. A functional taxonomy can be fit into specific contexts (e.g., metaphor-based 

learning), but may not be clear or descriptive enough for representing different structures of 

mental models. Norman’s (1986) taxonomy, based on the use of mental models, has an 

important implication in system design and training; that is, the designer’s mental model of 

the system should be represented clearly by the system and consistent with a user’s mental 

model and expectations. However, a content-based taxonomy of mental models is more 

desirable for this research compared to others, as it provides insights into mental model 

construction across task domains. 

The methods of characterizing mental models consist of exploratory methods (e.g., 

verbal protocols), empirical modeling, and concept-based analysis (e.g., concept mapping). 

Although these methods assume different formats of mental models, their results should all 

be able to explain and predict task performance. However, in practice, results of different 
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methods may not converge (Evans, Jentsch, Hitt, & Bowers, 2001). Some methods (e.g., 

concept mapping) are essentially indirect measures of subject internal representations. 

Mental models derived from empirical modeling are often different from what operator 

performance indicates (e.g., Jagacinski & Miller, 1978). With these limits in mind, the search 

for better mental model characterization methods is of great importance, not only in terms of 

theoretical development but also the practical utility methods may provide. Based on the 

literature review, a methodological framework considering the theories of mental model 

construction was proposed to organize existing methods as well as data extracted from the 

environment and task relevant knowledge during performance. 

Tasks that involve SA as part of performance can be used to investigate mental model 

characteristics, since mental models have been established as fundamental in SA tasks 

(Endsley, 1995b, 2000c). Two different perspectives on SA – state-oriented and process-

oriented theories were reviewed and compared. State-oriented theory depicts SA as a result 

of goal-directed information processing that leads to decision making and action execution; 

and process-oriented theory describes SA as an adaptive, externally directed cognitive 

process within the perception-action cycle during task performance. Comparatively, the state-

oriented theory of SA has a clear descriptive model based on human information processing 

theory and allows for direct, objective measurement of SA through the use of SAGAT. With 

regard to the measurement of SA, direct experiment measures such as SART and SAGAT 

have been widely used across a variety of domains. While SART provides a subjective 

measure of SA, which can be related to task performance, a SAGAT-style dynamic 

knowledge test allows direct assessment of the outcome of SA formation and maintenance, 
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which can be used to infer underlying cognitive mechanisms (i.e., mental models) in 

performance. Therefore, Endsley’s model of SA and associated SAGAT methodology was 

considered as basis for mental model characterization in the present study. 

The important connection between SA and mental models in SA tasks implies a 

general theoretical assumption: mental models support some aspects of SA, including 

dynamic knowledge, and integrated and coherent projections of environment states. In 

typical SA tasks, mental models can be formed through the same course as SA formation and 

maintenance. Related to this, Endsley (2000b) has attempted to demonstrate the utility of SA 

for assessing mental models that can be descriptive of pilot performance. 

In summary, the literature review suggested that the close relation between SA and 

mental models can be utilized in the effort of characterizing mental models. To address this 

goal, another framework organizing mental models for SA tasks was proposed to provide 

theoretical support for empirical study.  

 



70 

3. PILOT STUDY 

3.1. Motivation 

Based on the above literature review, and consideration of existing approaches to mental 

model elicitation and representation, empirical study and SA measurement were explored as 

means by which to attempt to explicitly describe mental model development in the context of 

multitasking performance. A simple perceptual task was developed that required participants 

to count the number of different events occurring in a visual field and find any causal 

relationships among event features. We used a virtual reality setup to present this cognitive 

task in conjunction with a secondary physical loading task in order to create a multitasking 

scenario. The task design was intended to be representative of a realistic walking inspection 

or security patrol task in which operators must form basic mental models of an environment 

for critical event detection. We speculated that operators would form internal models of event 

types and distributions, or “internal histograms”, in working memory for summarizing 

perceived events. By requiring participants to explicitly form and maintain mental models in 

working memory, this task design could eliminate any complex effects of the use of 

knowledge structures in long-term memory (LTM) or implicit components of SA (Croft, et 

al., 2004). This approach was appropriate because while there are substantial differences 

among descriptions of mental models and proposed measurement approaches, the structure of 

the event counting task was expected to lead to unique mental models in working memory 

and measures of SA that have been developed and empirically validated could be used for 

assessment (e.g., Endsley, 2000a).  
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The objective of the pilot study was to determine how people develop different types of 

mental models for representing the frequency of occurrence of perceptual events and for 

establishing event causality while simultaneously managing physical workload (a distracter 

task). To address this objective, a virtual environment (VE) simulation integrated with a 

treadmill interface was used to present a multitasking scenario involving locomotion and the 

perceptual task. In general, it was expected that for people to estimate and compare the 

likelihood of events in the virtual detection task scenario, they would need to develop a 

mental model or “internal histogram” for summarizing perceived evidence and establishing 

any causal relationships among events. Given the same task for every participant, the 

problem in this study was to determine how to use the SA outcome measure to identify the 

underlying cognitive mechanisms (i.e., mental model characteristics; Figure 1). We also 

expected that the multitasking of physical and cognitive workload would mediate (or be 

related to) mental model development. 

Figure 3-1. Using SA as a task output to identify mental models (adapted from Brewer & 
Hsiang, 2002). 
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3.2. Method 

3.2.1. Participants 

Twelve male participants volunteered for the experiment through web advertisement (no 

females responded). One possible reason for only male respondents is that females might 

have considered the experiment requirement of walking for 1 hour to be potentially 

exhausting. All participants were from the North Carolina State University student 

population, with normal or corrected to normal vision (20/20) and some prior experience in 

walking on a treadmill. They ranged in age from 20 to 28 years (M = 24.3, SD = 2.5). Static 

heights of the participants ranged from 167.6 to 188.0 cm (M = 177.3, SD = 5.9). (Static 

height was used to determine the height of the avatar viewpoint in the VE simulation.) 

3.2.2. Apparatus and scenario 

The equipment used in this experiment included a VR system, a linear treadmill, a 3-D 

stereoscopic projector and a rear-projection screen. The experiment setup is shown in Figures 

3-1, 3-2 and 3-3, including the linear treadmill, a canopy surrounding the treadmill, a full-

body harness protection system for the participant, and the rear projection screen. This setup 

provided participants with optic flow in a Virtual Locomotion Environment (VLE) while 

walking on the treadmill. The visual environment model was built with Multigen-Paradigm 

Creator (Presagis Inc.) and loaded into a simulation program written using the VESS (The 

Virtual Environment Software Sandbox; University of Central Florida). Previous research 

(Perry, et al., 2008) demonstrated a significant effect of physical workload due to locomotion 

on walker SA relevant to on-going cognitive tasks. Therefore, we included physical loading 
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in the present simulation to create a realistic circumstance under which simple mental model 

development might occur, and to determine if physical load influenced individual mental 

model development. However, we did not seek to validate the implications of multitasking 

involving locomotion on SA (i.e., extend Perry et al. (2008) work); therefore, no control 

condition, such as standing still on the treadmill while performing the visual detection task, 

was investigated. 
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Figure 3-2. Treadmill, full-body harness protection system and rear projection screen. 
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Figure 3-3. Rear projection screen. 
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Figure 3-4. Canopy around treadmill. 

 
In the experiment, participants were immersed in the VLE and they encountered 

different types of pedestrians walking in different directions along a virtual suburban street 

with children (see close-up of simulator display in Figure 3-5). In each test trial, participants 

were presented with eight possible virtual events with features including two causes (the 

gender of pedestrians, male or female), two mechanisms (pedestrians walking with a boy or 

girl), and two outcomes (pedestrians walking against or with the participants). The 

occurrence of these eight event features was modeled numerically through independent 

Poisson processes and by using a multibinomial distribution, which enabled the simulation to 

progress without inter-dependence among event rates. In training trials, the types of events 
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were reduced to four by fixing the mechanism (i.e., the accompanying child was always a 

boy) to create a relatively easy task. In both training and test trials, participants were 

expected to form a plausible mental model of event occurrence and to be able to rank the 

likelihood of the four or eight possible events, as well as establish certain causal relationships 

among the events. For example, one predefined causal relation was, “all males with boys 

tend to walk against me.” 

 
Figure 3-5. Close-up of VR simulator display. 

 

3.2.3. Hypothesized mental models 

Based on the structure of the event counting problem (i.e., possible combinations of event 

features), three types of mental models were hypothesized and they are described below. The 
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hypothesized models are possible internal representations of the task and counting 

mechanisms participants might develop during performance. 

Model 1: It was expected that some participants might count events according to their 

composition including, two causes (gender of pedestrians), two mechanisms (with a boy or 

girl) and two outcomes (direction of walking), independently, but with the constraint of equal 

counts across causes, mechanisms and outcomes. This approach makes the assumption that 

all event features (causes, mechanism and outcomes) are equally likely to occur, which is 

reasonable in novel environments. This approach to event tracking is representative of a 

simple form of “homomorphic” mental mapping of virtual event features (Holland, et al., 

1989) that may be influenced by task workload. A real-world example might be inspection of 

an inventory of similar model cars on a lot and formulating a mental model of different 

features. 

Model 2: It was also expected that some other participants might establish event counts 

in the simulation by forming internal relational models among causes, mechanisms and/or 

outcomes. The simplest form of such a model for the target task would be to internally 

structure a contingency table (e.g., 2×2) (see Table 3-1). This can be viewed as a more 

complex homomorphic model of events (Moray, 1999) than the previous model of 

proportions (Model 1) that may be possible for some users to achieve, based on working 

memory ability, even given high workload conditions. The car dealer, in inspecting lot 

inventory, may mentally note that whenever a vehicle has sport wheels, it also has a high 

output (HO) engine. 
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Table 3-1. A contingency table that may be internally constructed by participants in simple 
event counting. 

 Outcome1 Outcome2 Sum 

Cause1 11CO a 12CO  11CO + 12CO  

Cause2 21CO  22CO  21CO + 22CO  

Sum 11CO + 21CO  12CO + 22CO  ∑
ji

ijCO
,

 

a
ijCO : The number of pedestrians appearing with the ith cause and the jth outcome. 

Model 3: Finally, it was expected that some participants might be able to use separate 

counts for each possible event. This is representative of an “isomorphic” form of mental 

model preserving the possibility of an inverse mapping between actual event features and 

internal event counts, as described by Johnson-Laird (1983). Continuing with the car 

inventory inspection example, the contingency table (Model 2) may always lead the car 

dealer to infer a vehicle was configured with a sport package, when, in fact, some models 

may be special ordered with only sport wheels and the HO engine, and not the complete 

package including ceramic brake pads. Thus, the isomorphic form of mental models (Model 

3) can be considered a more complete event representation. 

3.2.4. Variables 

The response variables for the experiment included: (1) the percentage of correct responses 

to SA queries targeting different levels of perception (SA1), comprehension (SA2) and 

projection (SA3) during experiment trials; (2) the percentage of total correct responses to SA 

queries across levels during a trial (TSA); (3) identification of the most frequently occurring 
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events in the simulation; (4) the accuracy of event histograms drawn by participants after 

each test trial to represent their internal event frequency models relative to the actual event 

distributions (measured in terms of root mean square error – RMSE); (5) confidence ratings 

on histogram drawings; (6) the accuracy of causality inferences, based on the two most 

salient events in each trial; and (7) task workload ratings using the NASA-TLX (Task Load 

Index; Hart & Staveland, 1988). The NASA-TLX is the most commonly used subjective 

measure of cognitive workload in the human factors literature. It has also been validated in 

many human factors studies (e.g., cross-validation with task performance and objective 

workload measures; Rubio, Diaz, Martin, & Puente, 2003). 

A SA query pool was developed to assess the possible mental models participants 

might develop in the VLE. A goal-directed task analysis, as described by Endsley and 

Garland (2000), was used to identify the SA (or situation model) requirements of participants 

for determining event frequency and making causality judgments. As shown in Figure 3-6, 

the major goal of the participants was to determine any event causal relationships based on 

the number of individual events occurring in the VLE. SA requirements for making this 

decision involved acquiring data from the VLE, understanding it relative to the goal and 

projecting future states of the environment. Specifically, Level 1 SA queries were structured 

to determine if participants made comparison and proportion estimation of the numbers of 

different events in terms of causes, mechanisms or outcomes (see Table 3-2). Level 2 SA 

queries were designed to determine if participants used conditional comparisons (e.g., 2×2) 

and proportion estimation of two of the three event features. Level 3 SA queries were 

designed to determine if they made comparison and proportion estimation for all the possible 
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causal relationships (causes, mechanisms and outcomes), simultaneously. Both Level 1 and 2 

SA queries were developed by applying the above definitions onto the specific event 

features. Level 3 SA queries were formed by complete enumeration of all possible 

relationships among the causes, mechanisms and outcomes of the task. The Level 1, 2 and 3 

queries included 3, 18 and 36 questions, respectively. In general, this approach assumes the 

levels of SA to represent different levels of mental processing, as in Endsley’s theory, 

primarily dependent upon perception, comprehension and projection. 
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Figure 3-6. Components of goal-directed task analysis. 
 

Example responses to SA queries are also shown in Table 3-2. Participant responses to 

the SA queries during trials were graded based on the ground truth of the simulation with 

some tolerance on proportion estimates (±5%). For each test trial, participant SA at each 

level was aggregated across the four freezes and further categorized as “high”, “medium” or 

“low”. (We say more about this later.) These categorical variables were then used as random 
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effects in a statistical model to predict the type of mental model used by participants and the 

model characteristics. 

Table 3-2. A sample of the SA query pool and example responses. 
Level Question content Answers 

1 Is there any difference in the number of male and female pedestrians 
on the street? 

Yes. 

1 Is there any difference in the number of pedestrians walking with 
boys and with girls? 

No. 

1 Is there any difference in the number of pedestrians walking with 
and against you on the street? 

Yes. 

2 Which gender is more likely to walk with you? Male. 
2 What is the proportion of males among all the pedestrians walking 

with you? 
Around 
30%. 

2 What is the proportion of females among all the pedestrians walking 
with you? 

Around 
70%. 

3 If the next pedestrian is female and with a boy, will she be more 
likely to walk with or against you? 

Against. 

3 If the next pedestrian is walking with a girl and in the same 
direction as you, is the pedestrian more likely to be a man or 
woman? 

Man. 

3 If the next pedestrian is walking with a girl and in the opposite 
direction, what is the likelihood that the pedestrian is female? 

About 
20%. 

 

3.2.5. Procedure 

Initially participants were allowed 5-minutes of practice in walking on the treadmill. During 

this session, they selected a comfortable walking speed. The average speed was 3.3 kph with 

a standard deviation of 0.2 kph. Following this, participants practiced treadmill walking 

immersed in the VE, wearing a pair of 3D goggles and viewing a suburban environment on 

the large projection screen. The speed of virtual movement in the VE was based on the actual 

walking speed of participants on the treadmill, which allowed for a natural optic flow in the 

simulation. Subsequently, participants were presented with static images of different types of 



84 

pedestrians that would appear later in training and test trials. They were asked to distinguish 

among the perceptual features of different pedestrian types. Following this, there were two 

training trials, in which participants were introduced to the virtual (dynamic) models of the 

different pedestrians to appear in the VLE. They were asked to pay attention to the features 

of pedestrians in the VE while walking, as they would be asked questions about the 

frequency of occurrence of different pedestrians. To avoid either very short or long intervals 

between SA questionnaires using random freeze times, the simulation was frozen every 2 

minutes and participants were posed with 6 questions randomly chosen from the SA query 

pool (two at each level of SA) regarding the state of his knowledge of the simulation. (Again, 

no females volunteered for the study.) Each training trial lasted approximately 6 minutes. At 

the close of the training trials, participants were introduced to the NASA-TLX demand 

ranking and rating forms, as well as a histogram template for them to draw the perceived 

frequency of events. They were also asked to indicate their confidence in the histogram and 

develop any causal inferences from estimation of the proportions of the four types of 

pedestrians appearing in the training trials.  

After the training session and a 5-minute break, participants carried-out four testing 

trials, each lasting approximately 8 minutes. Similarly, the task for participants was to count 

the number of different events of pedestrians appearing in the simulation. Again, 6 SA 

questions (two from each level) were administered every 2 minutes during trials. This 

approach is an adaptation of the SAGAT procedure described by Endsley (1995a) with 

random time intervals between freezes. However, the effect of a constant interval on SA 

response did not prove to be critical in terms of participant anticipation of probes and 
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advance preparation. (That is, there were no observed learning effects across test trials.) This 

was likely due to the high task workload allowing participants little opportunity to change 

their event counting behavior before freezes, even if they could predict when a freeze would 

occur. At the close of each test trial, participants drew their event frequency histogram, made 

confidence ratings, made causal inferences on the event relations, and completed mental 

workload ratings. The total experiment time for a participant was about 2 hours. 

3.3. Results 

The approach to the analyses as part of this study is summarized in the diagram below. 

Response patterns of SA, confidence ratings and task workload were examined against 

predicted outcomes in order to determine if the types of hypothesized mental models were 

used by participants. Measures of SA at each level were further categorized to examine their 

relationship with task performance variables, including histogram accuracy (RMSE) and 

confidence ratings, task workload ratings (TLX), and result of causal inference. In order to 

assess any effect of categorical SA variables on measures of task performance, a MANOVA 

model was applied to those measures conforming with the normality assumption. Logistic 

regression and nonparametric tests were applied to measures that were not normally 

distributed in order to assess any relations with the categorical SA variables. 
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Figure 3-7. Overview of research analyses. 

 

3.3.1. Frequency of response patterns for mental models 

In general, participant ability to answer SA queries across levels was expected to increase 

with increasing mental model complexity (Model 1 to 3). As shown in Figure 3-8, 

participants using Model 1 were expected to provide accurate responses to Level 1 SA 

questions; however, the output of Model 1 was not expected to support Level 2 and 3 SA. 

Participants using Model 2 were expected to have additional information to answer Level 2 

SA queries regarding the relation between two event features; however, the use of Model 2 

was not expected to provide answers to Level 3 SA questions because the detailed 

information of each event was combined. Participants using Model 3 were expected to be 

able to answer all three levels of SA questions. Participant confidence and perceived task 

workload were also expected to increase as their mental models became more complex. 
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In addition to the percent correct responses to SA queries, the confidence ratings on 

event histograms and task workload ratings were categorized into the three distinct groups – 

“high”, “medium”, and “low”. For all response variables, these groups were defined by the 

mean response ± one and two standard deviations. Table 3-3 below shows the counts and 

respective percentages of the different categorical response patterns considered to support the 

three hypothesized forms of mental models, based on data on every participant and trial. (In 

total, there were 48 trials (12 participants × 4 trials/participant)).  

Model 1 Model 2 Model 3 

Level 2 SA Level 1 SA Level 3 SA 

Figure 3-8. Mapping between levels of SA and hypothesized mental models. 
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A clear pattern of responses occurred for more than half of the trials. The second type 

of mental model (comparing event frequency using an internal contingency table) appeared 

to occur the majority of the time, followed by the third type of mental model (individual 

event counting). It is interesting to note that the responses from only two trials matched the 

first type of mental model. This indicates that few participants developed an internal model 

representing proportions of event types, assuming equal counts across event features. 

Response patterns not accounted for by the hypothesized mental models amounted to fewer 

than 40% of trials. This may be attributable our use of deterministic rules (response patterns) 

for identifying the mental models; that is, other patterns representative of other models may 

exist. Nevertheless, the results in Table 3-3 suggest that it is possible to predict the nature of 

mental models, based on task characteristics, with accuracy better than chance. 

Table 3-3. SA, Confidence and TLX response patterns for mental models. 
Possible 
Models 

Level of Categorical Variables Count 
(Pct.) 

Percentage 
SA1 SA2 SA3 Confidence TLX  

Model 1 High Low Low Low Low 2  4.0% 
Model 2 High High Low Medium Medium 18  37.5% 
Model 3 High High High High High 9  18.8% 

Other  19  39.7% 
 

3.3.2. MANOVA modeling 

In order to further relate SA measures to characteristics of mental models, a random effects 

MANOVA model was constructed in the SA categorical variables with response measures 

including the histogram RMSE and TLX ratings. The MANOVA model is described in the 

formula below, in which µ is the overall mean of response; 1SAτ , 2SAτ and 3SAτ are effects of the 

categorical SA variables; and e is the random error. 
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1 2 3SA SA SARMSE TLX eµ τ τ τ= + + + +  

The SAS Univariate procedure revealed the RMSE and the TLX ratings to be approximately 

normally distributed, while the confidence rating data was not. Therefore, confidence ratings 

were subjected to non-parametric analysis. 

The descriptive statistics for the SA measures and other responses across all 

participants are summarized in Table 3-4. Table 3-5 shows the mean and standard deviations 

of the histogram, RMSE and TLX measures at the different levels of the SA categorical 

responses. 

Table 3-4. Descriptive statistics for SA measures and participant response variables. 
Variable Mean SD 
SA1a  85.3 20.8 
SA2a 64.5 20.5 
SA3a 66.0 23.1 
TSAa 71.9 16.1 
Confidence 14 2.95 
RMSE 3.80 2.02 
TLX 71.22 10.00 

aIn percentages. 
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Table 3-5. RMSE and TLX means and standard deviations for different levels of SA. 
  RMSE TLX 

Level of CSA1 N Mean SD Mean SD 
1 7 5.27 2.16 74.68 7.35 
2 7 4.57 1.77 70.83 11.91 
3 34 3.34 1.90 70.59 10.20 

Level of CSA2 N Mean SD Mean SD 
1 6 5.92 0.94 61.91 11.69 
2 33 3.76 1.94 72.32 9.57 
3 9 2.53 1.82 73.40 7.79 

Level of CSA3 N Mean SD Mean SD 
1 6 4.73 2.54 65.30 6.88 
2 34 3.75 1.81 71.33 10.47 
3 8 3.31 2.54 75.19 8.59 

 
The MANOVA on RMSE and TLX ratings indicated Level 2 SA was significant 

(Wilks’s Lambda = 0.6916, p = 0.0048) while there were no significant differences among 

“high”, “medium” and “low” Level 1 SA (Wilks’s Lambda = 0.8476, p = 0.1529) or the 

categories of Level 3 SA (Wilks’s Lambda = 0.8790, p = 0.2654). Univariate ANOVAs were 

further conducted to examine the main effect of the categorical Level 2 SA variable on 

RMSE and TLX ratings. Both random effects ANOVA models were significant (p = 0.0475 

for RMSE and p = 0.0109 for TLX). Duncan’s multiple range test indicated higher RMSE for 

the “low” category of Level 2 SA (i.e., performance was worse; see Figure 3-9). As well, the 

TLX scores for the “low” category of Level 2 SA were lower than those for the “medium” 

and “high” Level 2 SA (see Figure 3-10). Together, these results suggested that lower 

cognitive effort was associated with lower Level 2 SA and poorer internal models of event 

distributions. 
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Figure 3-9. RMSE plotted against the categories of Level 2 SA. (Letters indicate Duncan’s 

means breakout results. Means with the same letter are not significantly different.) 
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Figure 3-10. TLX scores plotted against the categories of Level 2 SA. (Letters indicate 

Duncan’s means breakout results. Means with the same letter are not significantly different.) 
 

3.3.3. Logistic regression analysis on binary variables 

Logistic regression models are appropriate for analyzing the pattern of simple dichotomous 

choice data, such as whether participants were able to identify the most salient (frequent) 
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event in the VR simulation, and whether they could make correct causal inferences based on 

the observed event frequency. The categorical SA variables were included in logistic 

regression models to predict the probability of successful responses, as shown in the formula 

below, where Pr( 1| )Y xπ = = is the response probability and Y is the measure of 

identification of the most frequent event or the most likely causal inferences; α is the 

intercept parameter; and 1β , 2β and 3β are the effects of categorical SA variables.  

1 1 2 2 3 3logit ( ) log
1 SA SA SAx x xππ α β β β

π
 ≡ = + + + − 

 

With respect to participant identification of the most salient events, the logistic model was 

not significant (χ2 = 4.4366, p = 0.2180). The same results occurred for the two most likely 

causal inferences based on event counts after every trial, including “if a female pedestrian 

walks with a boy, she will probably walk against me” (χ2 = 2.9741, p = 0.3956) and “if a 

male pedestrian walks with a boy, he will probably walk against me” (χ2 = 4.4366, p = 

0.2180). We also conducted non-parametric tests on all the three binary responses (correct 

and incorrect causal inference) and the results were similar to those produced by the logistic 

regression analyses. 

These results suggest that although subject internal situation models may have been 

indicative of the form of mental model being used, SA may not have been directly linked to 

causal inferences based on the mental model. In addition, the causal inference tests were 

designed to require participants to make projections that might have depended on Level 3 

SA; however, most participants appeared to achieve mental models in-line with Level 2 SA 

(see Table 3-3). 
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3.3.4. Non-parametric test on confidence ratings 

Results of a Kruskal-Wallis test on the confidence ratings data indicated that the Level 2 SA 

categorical variable was significant in effect (χ2 = 6.2277, p = 0.0444). “High” Level 2 SA 

was predictive of higher participant confidence in their internal model of the event 

distribution. The Level 1 and 3 SA categorical variables were not significant in predicting 

participant confidence in mental models (p = 0.7997 and p = 0.2213, respectively). This was 

in agreement with our earlier findings on SA for predicting accuracy in “internal model” 

representation and workload. The non-parametric test on causal inference measures did not 

yield significant results. Possible reasons are: the causal inferences were related to Level 3 

SA, and participants might have used intuition to identify the most frequent events. 

3.3.5. Correlation analyses of SA and other response variables 

There were significant positive correlations among the measures on the three levels of SA, 

specifically, between SA1 and SA2, and SA2 and SA3 (r = 0.6216, p < 0.0001 and r = 

0.3216, p = 0.0263, respectively). Significant positive correlations also existed between the 

categorical SA measures and total SA (r = 0.7544, p < 0.0001 for SA1; r = 0.8433, p < 

0.0001 for SA2 and r = 0.6688, p < 0.0001 for SA3). These results are in-line with Endsley’s 

(1995b) theory that the levels of SA may build upon one another in performance. 

All the SA measures were positively correlated with internal model (“histogram”) 

confidence ratings (r = 0.3364, p = 0.0194 for SA1; r = 0.3948, p = 0.0055 for SA2 and r = 

0.3050, p = 0.0350 for SA3). This also suggests that SA was supportive of participant event 

mental model characterization, like the MANOVA results. Histogram confidence was also 
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significantly correlated with success in identifying the most salient event (r = 0.3698, p = 

0.0097).  

Significant negative correlations existed between RMSE and Level 1 and 2 SA (r = -

0.4191, p = 0.0030 and r = -0.4271, p = 0.0025, respectively), RMSE and overall SA (r = -

0.4914, p = 0.0004), and RMSE and identifying the most salient simulation event (r = -

0.2914, p = 0.0444). That is, as SA increased on the task, error in internal representation of 

event frequencies decreased, and salient event identification improved.  

For the most part, there results were consistent with those based on the analyses of 

variance. In addition, the (non-categorical) Level 2 SA was positively correlated with success 

in making the first causality inference (r = 0.3110, p = 0.0314) on the simulation, although 

this relationship was not supported by the logistic regression analysis. It is interesting to note 

that the TLX scores did not exhibit a significant linear correlation with any other variables. 

However, the scores were significantly predicted by the categorical Level 2 SA variable. 

3.4. Discussion 

The categorical SA variables appeared to have utility for predicting the outcomes of mental 

model components and establishing the occurrence of hypothesized models in a simple event 

detection task. Based on the above results, it appears that the second type of mental model – 

contingency comparison of two of three event attributes (a moderate level of homomorphism; 

Moray, 1999) – was the most commonly achieved (internal) counting mechanism for the 

particular task. However, some participants exhibited the use of an individual event counting 

model, similar to Johnson-Laird’s (1983) isomorphic mental model concept, in several trials. 



95 

These participants were able to develop categorization functions that very accurately mapped 

virtual events to representative categories in their mental models (Holland, et al., 1989). This 

suggests that there were different effects of workload in the multitasking scenario across 

participants, as speculated. For the majority of participants, their best efforts only allowed for 

a contingency comparison model (Model 2). The signal detection task combined with the 

physical workload impaired the internal counting mechanism and model accuracy for some 

participants more so than others. This is supported by the result that the Level 2 SA measure 

was the most significant predictor of the mental model descriptors (RMSE, confidence 

ratings, and causality inferences). The Level 2 SA queries posed during the simulation trials 

would have been most easily and accurately addressed if participants developed an internal 

contingency table. With a “full count” model (Model 3), Level 3 SA queries should have 

been more easily addressed. 

SA appeared to drive participant confidence levels in the histogram drawings. 

Although confidence is determined by a number of factors, “good” SA can be viewed as 

indicative of the accuracy of information participants have perceived for mental model 

development. Our results showed that, in general, achieving SA improved task performance 

in terms of mental model accuracy (e.g., RMSE in histogram drawings). The confidence 

level associated with information can influence decisions made using that information 

(Norman, 1983), and high confidence usually indicates participants have faith in their 

abilities to overcome task difficulty. Thus, the positive correlations between histogram 

confidence and some of the performance variables were not surprising. It was hypothesized 

that there would be some degree of uncertainty in developing mental models based on 
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available information, which would impact confidence ratings in describing the event model 

and making predictions on its basis (Holland, et al., 1989). From our results, all three SA 

measures (SA1, SA2 and SA3) were closely correlated with the degree of uncertainty 

(confidence levels) in mapping observed events to internal categories and model formation.  

A possible reason for the lack of workload correlation with any other variables may be 

that the experiment task posed high physical and cognitive demands, so overall task 

workload was consistently high across the use of all possible mental models. According to 

SA theory, SA is restricted by limited attention and working memory capacity (Endsley, 

1995b). Some participants may have been able to circumvent these limits by using efficient 

event counting mechanisms (e.g., chunking and decoding) in order to achieve isomorphic 

mental models (Model 3). However, in the multitasking scenario investigated here, the 

process of achieving SA and formulating mental models appeared to be significantly 

influenced by physical and cognitive task workload for the majority of participants; thus, 

progressive development of an accurate mental model might have been restricted by 

workload. This is in-line with the result of Perry et al. (2008) (i.e., SA was degraded by 

increasing task load) and may lead to operator adoption of “suboptimal” mental models, 

particularly following a contingency table structure for event distribution tracking and 

situational understanding. 

3.5. Conclusion 

The pilot study demonstrated an empirical methodology for extracting and inferring the form 

of functional mental models, based on SA measures, participant diagramming of simulation 
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event distributions and causality determination. One key caveat is that the task scenario in 

our study was highly controlled and eliminated natural distraction factors that would be 

common in real-world performance of such an environmental event counting task. Another 

potential limitation is that the SA freezes in the immersive simulation might have had 

negative effects on participant perceptions of the environment, although there is empirical 

evidence demonstrating a non-impact of SA freezes on task performance (Endsley, 1995a, 

2000a). It may also be difficult to apply a SAGAT-style measurement approach in real 

application environments (i.e., tasks cannot be frozen). Therefore, despite our use of a VLE, 

the practicality of the simulation may be limited and this preliminary approach needs to be 

generalized and further investigated in more complex and ecologically valid task settings. 

Characterizing mental models is a very difficult challenge as they are considered 

complex knowledge structures that may be inaccessible to conscious exploration. Despite the 

criticism that the mental model concept lacks clear theoretical definition and description, the 

practical need for better characterization of mental models as a basis for systems design and 

operator training remains. SA, conceptualized as instances of underlying mental models 

(Endsley, 1995b, 2000b), is more accessible and appears to be descriptive and predictive of 

mental model characteristics. This study demonstrated that SA may reflect the structure and 

content of an operator’s mental model (i.e., what type of a mental model may be activated 

and what information is processed), especially in a dynamic environment in which 

maintaining SA is a continuous process. SA measures may provide a critical basis for 

inferring the state or level of detail of mental models. In turn, this information may be used to 
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project how system design may influence operator mental models and support identification 

of needs in training program development. 

3.5.1. Applications of results 

Results of the present study further support the connection between SA and mental models – 

the concept of SA can serve as a bridge between hypotheses about characteristics of mental 

models and empirical evidence from task performance. From a practical perspective, the 

empirical approach developed in this research may be extended to operator training for SA-

oriented tasks (e.g., security patrolling). SA measures may indicate what information is 

perceived and processed, what decisions have been and should be made, as well as strategy 

shifts of the trainee. If the task depends on the use of mental models (e.g., an effective search 

strategy must be learned), measures of SA may provide trainers with unique evidence on the 

types of mental models formed by trainees and how such memories affect the achievement of 

SA for performance. Related to this, trainee’ progress towards optimized scanning strategies 

(mental models) could also be monitored through SA response patterns during the course of 

training trials. Trainers could examine the performance of trainees under different training 

methods in terms of mental model formulation in order to choose the most effective training 

method. 

3.5.2. Future research 

Complex inductive reasoning tasks involve similar processes of conceptual combination of 

necessary information, and the process of mental model development for inductive reasoning 

is relatively consistent across different individuals. In addition, mental models are the major 



99 

source of inductive changes in knowledge structures, such as SA, and ultimately 

reasoning/decisions. It is thus reasonable to speculate that changes in SA can reflect content 

changes in the underlying mental model. Following this logic, a relatively complex inductive 

reasoning task involving SA may be an ideal paradigm for further demonstrating the utility of SA 

in characterizing mental models. This represents one direction of future research based on the 

pilot study.  

 

 

 



100 

4. RESEARCH CHALLENGES 

Although the pilot study demonstrated that SA combined with other task performance 

measures can be predictive of hypothesized forms of mental models used by task operators, 

the methodology needs to be generalized and further investigated in a more complex and 

ecological valid task setting. As Norman (1983) predicted, it is not easy to discover what a 

mental model is like, and this is even more difficult in complex task settings. Sanderson 

(1989) said it is possible to infer what models an operator holds from his/her observable 

behavior or verbal reports, but these methods have only been used in tasks much simpler or 

slower (i.e., no time constraint) than normal SA tasks. In addition, the complexity of SA 

tasks makes it difficult to identify mental model components that may be involved in SA 

formation and task performance. It is also difficult to incorporate a clear mental model 

development process in a lab experiment of limited time duration. It is thus desirable to 

identify an appropriate task in which SA is a natural part of task performance and more 

importantly, directed by mental models formed by participants.  

Inductive reasoning tasks in complex environments represent one task paradigm 

requiring mental model construction for decision making and action. As mental models are 

built by integrating knowledge in novel ways in order to achieve system goals, the 

conceptual combination of information necessary in an inductive reasoning process is 

essentially a model construction process (Holland, et al., 1989). The model construction 

provides the opportunity for new ideas to arise by recombination and as a consequence of 

disconfirmation of model-based predictions. In other words, mental models are the major 

source of inductive changes in knowledge structures, such as SA, and ultimately 
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reasoning/decisions. It is thus reasonable to speculate that changes in SA can reflect content 

changes in the underlying mental model. Following this logic, a relatively complex inductive 

reasoning task involving SA may be an ideal paradigm for further demonstrating the utility of 

SA in characterizing mental models.  

Previous psychological studies on induction have been based on relatively simple tasks 

with response measures, such as probability judgments, judgments of inductive strength, 

forced-choice predictions, and behaviors like how an infant plays with a toy (Heit, 2000). In 

real life, inductive reasoning tasks have a much wider range, including forming expectations 

in security market (Tay & Linn, 2001), structural considerations in ATC (Histon, et al., 

2002), as well as categorization and property inference in learning (Rips, 1975; Tenenbaum, 

Griffiths, & Kemp, 2006; Wisniewski, 2002). In these complex scenarios, an operator usually 

needs to make decisions or draw conclusions that are most appropriate based on incomplete 

or overwhelming information, under which logical deduction fails because of the gaps or 

overlaps in the information the operator has perceived (Rescher, 1980). The information 

available from the situation is used as a source of cognition that results in decisions or 

conclusions. Consequently, SA, as a fundamental cognitive structure involving information 

perception, cognition and sense making, plays an important role in this task process. For 

operators trying to make the best guess, or find a defensible solution, a “good” understanding 

of the current situation (“good” SA) is often critical.  
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4.1. Hypothesized mental models for inductive reasoning tasks 

Induction is restricted to the assessment of truth, the validity or utility of hypotheses, which 

requires an existing hypothesis (Rutherford & Wilson, 1992). The results of an induction 

process are: (1) the specification of what constitutes an adequate test; and (2) the 

comprehension of the result of this test. According to Tay and Linn (2001), two consecutive 

processes are involved in inductive reasoning: (1) possibility elaboration; and (2) possibility 

reduction. In possibility elaboration, a set of plausible alternatives are formed based on 

previous experiences and information available. Subsequently, in possibility reduction, these 

alternatives are tested against criteria as to how well they fit into existing solution patterns. 

The alternative with the best fit is then considered as an acceptable solution. If new 

information is obtained or the evaluation criteria are changed, another alternative may be 

chosen as the new best solution. The possibility elaboration process is compatible with the 

perception and comprehension processes in SA acquisition and the development of new ideas 

in mental model construction, whereas possibility reduction is related to higher level SA such 

as projection of future states of the problem. Take ATC as an example, Niessen et al. (1999) 

provided empirical evidence that a controller’s “picture” is built up by means of a 

considerable reduction of information, regardless of the level of experience, although less 

experienced controllers used more planning data, especially information needed for short-

term anticipation.  

Table 4-1 summarizes the characteristics of SA tasks and corresponding features of 

inductive reasoning tasks. In both SA and inductive reasoning tasks, information input from 

the environment and knowledge from LTM are required for mental model formation. 
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Naturalistic decision making (e.g., Kaempf, et al., 1996) following SA assessment is also 

similar to the result generation phase of inductive reasoning tasks, except that hypothesis 

testing and result validation are highly proceduralized in SA tasks.  

Table 4-1. A comparison of characteristics between SA and inductive reasoning tasks.  
SA tasks Inductive reasoning tasks 

Dynamic information input from 
environment 

Information from environment, may or may not be 
dynamic 

Knowledge from LTM is used 
for mental model formation 

Internal model development requires knowledge from 
LTM 

High workload, divided 
attention 

Workload depends on specific task features 

Naturalistic decision making 
based on SA (pattern matching), 
comprehension and projection 

Premises are identified from information available; 
conclusions or decisions require prior specification of 
performance criteria; and results are validated either in 
reality or with common knowledge stored in LTM 

SA is critical to performance Results of induction lead to action selection 

  

Even in studies of SA tasks, different types of mental models have been investigated 

depending upon task characteristics. For example, in ATC, mental models are often 

conceived as analogue “pictures” (Mogford, 1997; Niessen, et al., 1999; Whitfield, 1979); in 

nuclear power plant operations, when anomalies occur, procedure-based models have been 

described (Takano, et al., 1997). Concept-based models have been hypothesized in tactical 

operation simulation tasks (Stout, Cannon-Bowers, Salas, & Milanovich, 1999). 

Accordingly, for inductive reasoning tasks, the types of mental models and SA measures 

(relevant to the task) need to be carefully considered. As discussed earlier, in an inductive 

reasoning task an individual needs to extract concepts and relations among concepts from the 

background information, and maintain the internal representation of these concepts 
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systematically. One way to describe the internal representation the individual uses to derive 

his/her best solution to the task is a concept map (Novak & Gowin, 1984). In describing, 

explaining and predicting systems, it is necessary for the operator to form associations 

between all relevant concepts and concept maps are suitable for this purpose (Gwee, 2005). 

In addition, as inductive reasoning is largely dependent upon understanding and organization 

of information available, a direct, objective measure of SA may also be desirable for model 

representation. Adopting the procedures used in SAGAT, SA probes can be introduced 

during an ongoing inductive reasoning task when the pace of events or stimuli is slow or 

there are many periods of relative inactivity, or simply during simulation freezes (Pew, 

2000).   

4.2. Characterization of specific mental models 

In order to validate the use of SA measures for mental model characterization in complex 

reasoning/decision making tasks, there is a need for cross-validation with outcomes of other 

accepted methods, such as concept mapping in the present study. Furthermore, a “gold 

standard” is required to assess the sensitivity of both methods; that is, the possible form and 

content of an accurate/correct mental model for the task must be specified in advance. For 

structured inductive reasoning tasks with predictable outcomes, it is possible that a “perfect” 

mental model would exist. This provides an ideal test standard against which SA and concept 

mapping measures can be validated, regarding the degree to which the results represent the 

underlying mental model. Previously Evans et al. (2001) found low convergence among 

pairwise ratings for the Pathfinder algorithm in mental model measurement, concept mapping 
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and card sorting, as assessed by the average correlation across the three methods within the 

same participant. However, the validity of SAGAT has been demonstrated across various 

task domains and subjects (i.e., consistent response patterns among experts in specific tasks; 

Endsley, 2000a). Moreover, if a goal-directed task analysis is conducted to determine SA 

requirements and to structure SA queries, the SA measure should target the knowledge 

necessary for task performance and that which would be expected to appear in a concept 

map. Related to this, improvements in accuracy in responses to SA probes would be expected 

to correlate with increased relational complexity and accuracy of concept maps drawn by 

participants. 

4.3. Motivation for formal experiment 

For the formal experiment, a detective/crime story was used as a stimulus in an inductive 

reasoning task; that is, determining who committed the crime. In this task scenario, the 

detective could be considered as a reader of clues, and the reader as a detective who tries to 

discover the identity of the criminal. Despite any mystique, a detective’s job is a practice of 

interpreting symptoms or information discovered to infer root causes. This requires 

imagination and relies mostly on induction, or more specifically abduction (the creation of 

new distinctions or hypotheses to account for data; see Addis, 1987).  Based on Pyrhönen’s 

view (1994), the only way to analyze a crime scene is by linking clues to their hidden 

possibilities of significance, an operation which relies on conjecture, hypothesis testing, and 

hence induction. During the investigation process, a detective attempts to develop a temporal 

or spatial network model that organizes the information obtained in a meaningful way. This 
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differs from false episodic memory (for events never experienced), as the structure can be 

modified based on the introduction of new information. Specifically, abduction is used at two 

different moments in the detective’s investigation: (1) in the search for the significance of 

signs, and (2) in attempting to link individual units of information together.  

The investigation process also involves the use of information from LTM – common 

knowledge or certain specialized knowledge (if it is a “high-tech” crime, for example, 

knowledge of illegal uses of computers would be most relevant), which allows an interpreter 

to discover related information in the environment, comprehend the situation, and establish 

hypotheses. This process may also be interpreted as one of forming and updating SA in an 

attempt to construct an appropriate mental model of the crime. Related to this, as the 

investigation in a detective story is not a process of discovering new truths but uncovering 

the hidden truth (i.e., how the crime was committed), it allows for experimental testing of 

participant performance in the inductive reasoning task with knowledge of the ground truth 

(in terms of the accuracy of the mental model they formulate). 
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5. EXPERIMENTAL METHODOLOGY  

5.1. Objective 

The objective of the formal experimental study was to further validate the use of SA as a 

means of characterizing mental models in inductive reasoning tasks, particularly in a 

complex context (as compared to the pilot study), as well as the role of SA in accurate mental 

model development during the task. The experiment also sought to examine the relationship 

between measures of SA and another established measure of mental models, namely concept 

mapping, in order to test for convergence. The outcome of both measures was to be related to 

task performance (i.e., developing accurate information on a crime as a story progresses) and 

the overall ground truth at the close of the story. In general, it was hypothesized that SA 

would be positively correlated with the accuracy of concept maps drawn by participants, and 

be an important factor contributing to accurate mental model development during the task. 

5.2. Participants 

Twenty-four undergraduate and graduate students (9 females and 15 males) at the North 

Carolina State University were recruited for this study by personal contact and 

advertisement. All participants were native English speakers, with normal or corrected to 

normal vision, and normal hearing ability. (Vision and hearing abilities were assessed based 

on participant self-reports.) Their age ranged from 19 to 36 years (M = 23.3, SD = 3.24). All 

participants reported none or little experience in reading or watching detective stories or 

television in the participant screening questionnaire, when they signed up for the experiment. 
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5.3. Stimuli 

Two detective stories extracted from “The Inspector Lynley Mysteries” (produced by BBC 

Television and permitted for personal/non-commercial use) were presented to participants on 

video, with an average length of 30 minutes. The detective stories were chosen as task 

stimuli because they were expected to be more motivating to participants, in contrast to 

simple problems used in previous inductive reasoning studies (e.g., Coley, Hayes, Lawson, & 

Moloney, 2004). Since the detective stories were excerpted from a popular novel-based TV 

series, participants were expected to have less difficulty in understanding the story 

background, characters and thus they would be more focused on the stories themselves. (All 

participants were screened in advance of the experiment to ensure they had not previously 

seen the episodes of “Inspector Lynley” to be used as stimuli by referring to titles and BBC 

descriptions.) The particular stories were carefully selected and edited to be sufficiently 

complex, have appropriate pace, and present all clues within the experiment trial time frame. 

Segments from the original BBC videos (not directly relevant to solving the crime, such as 

those aimed at developing the interpersonal relationship between Lynley and his female 

partner, Havers) were removed to further reduce the story length. Brief descriptions of the 

two detective stories are presented in Table 5-1. 
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Table 5-1. Brief descriptions of the two detective stories used in test trials. 
Story 1 

Brief 
description 

The victim was Elena Weaver, a promiscuous young woman with many 
admirers, including her mentor Gareth Randolph and academic advisor Dr. 
Thorsson. Both Elena and Gareth were deaf and they used a text-based 
minicom to make phone calls. The night before the Elena’s death, she had a 
fight with Gareth and she also met with Dr. Thorsson. The victim’s father is a 
historian Dr. Phillip Weaver, who abandoned Elena’s mother, Glyn, for the 
young and stylish Justine. But Weaver also had an affair with Sarah Gordon, 
an artist who discovered Elena's body. The inspector Lynley saw Sarah 
sneaking into Dr. Weaver’s office. There were a number of suspects 
including Gareth, Dr. Thorsson, Justine, and Sarah. During the investigation 
process, the inspector found a variety of clues or evidences and he had to 
identify the real murderer from the information. 

“Perfect” 
concept map 

See Appendix A. 

Story 2 
Brief 
description 

The victim was Kenneth Waring, a cricket player. He was found died of 
asphyxiation in a house fire, following an argument with his girlfriend and 
agent, Gabriella Patten. The fire, started deliberately, was in the country 
house of Kenneth’s good friend, and one time guardian, Miriam Whitelaw. 
Kenneth was also in the process of divorce with his wife, Jeanie. Jeanie and 
Kenneth’s oldest son, Jimmy, was very angry at his father for not spending 
time with him and the ultimate failure of his parent’s marriage. Miriam 
Whitelaw had an estranged daughter Olivia (a former prostitute and drug 
addict), who was actively involved an animal rights with an activist named 
Chris Faraday. Although the inspector Lynley was keen to find the last 
person to see Kenneth alive, the missing Gabriella Patten, the evidence 
available was clearly pointing to the guilt of Jimmy. Jimmy openly confessed 
to his guilt, but controversially Lynley was convinced of Jimmy’s innocence. 
Ultimately it was Olivia Whitelaw, being painfully aware of her own 
mortality and in wanting to protect Jimmy, who provided the key evidence 
that led to the real killer. 

“Perfect” 
concept map 

See Appendix B. 

  
As shown in Figure 5-1 and Figure 5-2, participants were presented with a large 

projection screen divided into two halves. The illuminance of the two halves was adjusted to 

be roughly the same based on photometer readings. The left half of the screen presented the 
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detective story video to the participant, while the right half of the screen was used to display 

a first person shooter game developed by the experimenter. The shooter game was used as a 

means of promoting a participant’s sense of involvement in the detective investigation and a 

more realistic task loading by requiring some use of divided attention. The shooter game was 

also used as a secondary task measure of workload in the primary inductive reasoning task. 

Hostile targets in the shooter game appeared at intervals of random length between 30 to 60 

seconds. If the participant did not shoot a target in 3 seconds, the target would shoot back 

(indicated by the screen turning red for a short period of time) and the score (shown in the 

upper left corner of the game) was reduced by 1. Instructions were provided to participants to 

ensure the proper emphasis on detective and shooting task performance in the experiment 

trials. 
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Figure 5-1. Experiment display setup. 
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Figure 5-2. The experiment environment. 

 

5.4. Apparatus 

A standard laptop connected with a projector was used to present participants with the above 

stimuli. The image on the projection screen was 4’ in width and 3’ in height. A Flash 

application using ActionScript 3.0 was developed to present the video window, shooter game 

window, display SA queries, and control the experiment process. Participants were tested 

individually in a quiet small conference room without disturbances. 
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5.5. Hypothesized mental models 

A typical inductive reasoning task can be conceived as involving three steps with different 

levels of information processing. First, elements that are relevant to the task goal need to be 

identified and extracted from the environment. Second, these elements are assigned different 

levels of significance and connected according to certain relations (e.g., categorical, causal, 

and temporal). Third, the connected elements are further organized and adjusted into a more 

meaningful network model to allow in depth examinations. Related to this, it was 

hypothesized that three specific types of mental models might be formed by participants in 

the experiment trials, as described below: 

Mental Model Type 1: It was expected that some participants would form a linear list of 

relevant elements (or clues) based on their sequence of appearance in the story. This is a 

model formed based on perceived information, involving limited voluntary processing 

employing knowledge from LTM. Presumably, participants with this type of mental model 

should be able to identify the existence of elements related to the course of the story and 

further create a proper sequence of a limited number of elements based on their intuition. 

This mental model is basically an analogue of information available in the story, which is 

akin to the second type of mental model proposed by Bainbridge (1992) – temporary inferred 

knowledge about the present or predicted state of the external world. 

Mental Model Type 2: It was also expected that some participants would form a model 

representing grouping or categorization of elements in a story. This model type corresponds 

to the association of different weights with elements and formation of information groups for 

simplification of the story. The hypothesized model is similar to the models derived by 
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concept-based analysis methods, such as hierarchical clustering (Kellogg & Breen, 1987), 

MDS (Graham, et al., 2006), and Pathfinder networks (Gillan, Breedin, & Cooke, 1992). 

Mental Model Type 3: Finally, some other participants might form a plausible network 

model based on the identification of related elements and their causal relations, as well as a 

thorough understanding of the whole story. This type of model reflects an informative 

organization of elements from the story, such that participants who form this type of model 

would be able to identify the root cause of the crime. This model could be considered as a 

homomorphic mapping of the story structure (Holland, et al., 1989). 

5.6. Experiment design and variables 

A randomized complete block design was used for the experiment, in which participants 

served as the blocking factor. The presentation sequence of the two detective stories was 

balanced across participants. Predictor variables determined during the experiment included: 

(1) Score on a working memory span test (denoted by WM);  

(2) Measures of participant correct responses to SA queries targeting the three levels 

(denoted by SA1, SA2, and SA3);  

(3) Measures of participant concept mapping at three steps (see Table 5-2 below): 

(a) Percentage of elements matching a rater’s “perfect” list (denoted by LST); 

(b) Percentage of elements correctly grouped in terms of relative importance 

(“very important”, “important” and “relevant”; denoted by VIMP, IMP and REL, 

accordingly);  
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(c) Content similarity (CS) and structure similarity (SS) of the map compared to 

the rater’s map; and  

(4) Measures of shooting game performance (number of hits, denoted by GAME).  

Table 5-2. Concept mapping process used in the experiment. 
Step Outcome Response Measure 

1. Ask participants to list all elements they 
think are important for identifying the 
criminal in the detective story. 

A list of 
participant-
generated 
elements. 

Percentage of items that match 
the complete list generated by 
the researcher (LST). 

2. Ask participants to group elements 
according to their relative importance to 
the goal of identifying the criminal (i.e., 
groups labeled as “very important”, 
“important”, and “relevant”). 

Groups of 
elements.  

Percentages of items that are 
correctly labeled in each 
group, after eliminating 
incorrect items in Step 1 
(VIMP, IMP, REL). 

3. Ask participants to link elements 
together to create a concept map with the 
central idea of “identifying the criminal”. 
They should first add the “very important” 
group of elements into the map and link 
them, and then the “important” and 
“relevant” groups.  

Concept map. Content similarity and 
structural similarity from 
comparison with a “perfect” 
map (CS, SS). 
(Note: Content similarity only 
compares the elements in a map 
to the “perfect” map while 
disregarding the links. Structural 
similarity compares all links in 
relation to elements.) 

 
Regarding the process presented in Table 5-2, it is possible that the recency and 

frequency of occurrence of stimuli in stories could influence the list of elements produced by 

a participant and the perceived importance of elements. In turn, this would influence the 

production of concept maps. To partially address this, videos used in the experiment were 

edited to be intense and to show only the critical content of the stories. There were clear 

differences among cues in terms of the degree to which they reduced viewer uncertainty on 

the identity of the criminal. For example, in Story 1, the female painter who found the 

victim’s body in the early morning said the time when she went out to sketch was after the 
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victim’s death; however, the crime scene investigation showed that a rounded object (like an 

artist’s tool for grinding paints) was used to hit the victim from behind. Participants who 

noticed this information gave higher importance to the physical evidence than the time 

information provided by the artist. Furthermore, the structured approach to concept mapping 

described in Table 5-2 might have helped reduce recency bias, compared to a free recall 

approach.  

Similar to the approach used in the pilot study, a goal-directed task analysis was 

conducted to determine the SA requirements for the inductive reasoning task and to structure 

queries to determine whether any of the three hypothesized mental models were developed 

during trials. Level 1 SA queries were developed to test the accuracy of participant 

perception of events in the story, including identification of event information (“what”, 

“when”, and “where”). Level 2 SA queries were structured to assess participant 

comprehension of events in the course of a story, including questions regarding the 

importance of events relative to the goal of identifying criminals. Level 3 SA queries were 

designed to determine participant predictions or expectations in viewing the story, including 

questions regarding the possible causal relationships of related events and estimation of the 

course of the crime. A sample of SA questions is shown in Table 5-3. 
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Table 5-3. A sample of SA questions. 
SA 
Level 

Question 

Level 1 
What did the victim and her boyfriend quarrel about? 
Did her boyfriend know that the victim was pregnant? 

Level 2 
Why didn’t the victim’s father answer the minicom call on Sunday night? 
According to what Jimmy (a character in the story) said, was he at home on the 
night of the murder? 

Level 3 
Who will the inspector want to talk to at this time? 
According to what the artist said, is she a suspect? 

 
The response variables were measures of knowledge test performance, including 

percentage of correct identifications of existing elements (EXT), correct answers to questions 

on importance of elements in story (not queried during SA freezes; KIMPT), causal relations 

among elements (CAU), as well as total percentage of correctness (KTEST). Questions of the 

knowledge test were targeted at participant identification of essential elements in a story, the 

importance of certain elements, and causal relationships among elements. These questions 

were different from the SA queries posed to participants during trials, in terms of both 

content and depth (i.e., the questions were based on the story as a whole). A sample of 

knowledge test questions is shown in Table 5-4 below. Participant answers were graded 

according to the ground truth of the story, as recorded by the experimenter. 

Table 5-4. A sample of knowledge test questions. 
Type Question 

Existence 
Did anyone see the murderer? 
When did the crime happen? 

Importance 
Was the victim’s quarrel with her boyfriend related to the murder? 
Was the victim’s life style related to the murder? 

Causal 
Why did Miriam Whitelaw (a character in the story) say she did not receive a 
phone call on the night of murder? 
Why did Jimmy (another character in the story) admit he is the killer? 
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5.7. Procedure 

At the beginning of the experiment participants were required to read and sign an informed 

consent form and complete a short survey addressing their prior experiences in reading or 

watching detective stories. (Any participants with detailed knowledge of the Lynley 

Mysteries were dismissed at this time.) The survey did not ask participants about their 

experience in first person shooter games, as the game was relatively simple and participants 

could learn how to play it during the practice session. Following the survey, participants went 

through a working memory (WM) span test developed by the Attention & Working Memory 

Laboratory at Georgia Institute of Technology (Conway, et al., 2005; Unsworth, Heitz, 

Schrock, & Engle, 2005). The test was administered using the E-Prime software (Psychology 

Software Tools, Inc.) and mainly focused on the operation span task. During the test, 

participants were asked to solve a series of math operations while trying to remember a set of 

unrelated words. For example, when a participant saw “IS 2 + 1 = 3? DOG” on the computer 

screen, they were to read the equation aloud, say “yes” or “no” based on their calculation, 

and then say the word “dog”. Subsequently, the screen was refreshed to present a new 

equation and word pair. After a random number of pairs (3-5), at recall, participants were 

instructed to write down the words from the current set in the correct order. There were a 

total of 12 sets of equations and words in the test. The test score is the total number of 

recalled words written down at correct positions. Following the WM span test, participants 

were given detailed instruction on creating a concept map based on the approaches of Novak 

and Gowin (1984) and Gwee (2005). (The detailed steps and associated response measures 

are listed in Table 5-2 in the previous section.) 
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A practice trial was provided before formal testing, during which participants were 

familiarized with the experiment setup and SA queries. A 5-minute excerpt from “The 

Inspector Lynley Mysteries” was used in this practice trial. (The excerpt was no related to the 

stories presented during test trials.) Participants were asked to watch the video while playing 

the first person shooter game. After practice, participants were asked to list all relevant 

elements from the video, assign appropriate importance to the elements, and draw a concept 

map based on the approach outlined in Table 5-2. This measurement approach to concept 

mapping was fairly natural for participants and allowed participants to freely recall the 

content of their mental models. Instructions were given to participants to reduce the potential 

influence of SA queries to which they responded in test trials (e.g., “You should not consider 

the questions asked during the video as providing insight into the crime story.”). Basically, 

participants needed to put the root cause of the crime as the central idea as part of their maps, 

and to include any events, clues and related characters as elements in a map that they thought 

mattered in the identification of the criminal. There were no restrictions in the elements 

participants could include in the map. At the end of the practice trial, the experimenter 

compared the map drawn by the participant with a “perfect” map and pointed out any 

problems to the participant that were related to his/her understanding of concept mapping 

(e.g., using a long sentence with multiple elements rather than separating individual elements 

and linking them). The participant was asked to correct his/her map based on the 

experimenter’s suggestions and the experimenter checked the map again to make sure the 

participant had a proper understanding of concept mapping techniques. 
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In the formal test trials, participants were again asked to watch the video of detective 

stories played on the left half of the screen and comprehend as much information as possible, 

while continuously playing the shooter game on the right half of the screen. To ensure proper 

attention was allocated to the shooter game, participants were told that if they could achieve 

the highest score among all participants, they would receive a bookstore gift certificate. 

Participants were instructed to attend to the detective task and, to the extent they could, 

address the shooter task. At pre-selected points in time (relatively inactive periods of the 

detective story), at least 5 minutes after a story began and 2 minutes before the end of a story, 

the video and shooter game were paused and six SA questions (two targeting each level) 

were presented on the display screen. Participants were asked to give their answers verbally 

within 1 minute. There were four freezes for SA queries in each test trial, so that the average 

inter-freeze time was about 5 minutes (each trial lasted about 30 minutes).  

Immediately after the end of the detective story, participants were asked to follow the 

same steps for creating a concept map, as in the practice trial. Again, they were asked to put 

down any concepts or elements they felt were important to illustrate the story and/or identify 

the criminal(s), in an organized manner. They were also instructed to develop the concept 

map based solely on their understanding of the story. For drawing the map, participants were 

provided with piece of legal paper (11’’×17’’). There was no time limit for participants to 

draw the concept map so as not to confound the accuracy of results with external factors like 

time pressure. However, participants generally completed a concept map within 15 to 20 

minutes. 
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After drawing the concept map, participants were instructed to do anagram puzzles 

(making words from scrabbled spellings) for 3 minutes. The anagram task is a common 

paradigm in psychological experiments to wipe-out working memory representations of 

information; in this case, the concept map (e.g., Martin, Wogalter & Forlano, 1988). 

Subsequently, participants were presented with the knowledge test with a set of questions 

focused on the existence of certain elements in the story, importance of the elements, and 

causal relations of the elements. Participants were permitted a break after finishing the first 

test trial and whenever they felt ready, they were permitted to begin the second trial. The 

order of participant exposure to the two detective stories was randomized so that half of the 

participants viewed Story 1 first and the other half viewed Story 2 first. After completion of 

the two test trials with different detective stories, participants were briefed about the purpose 

of the experiment.  

The procedure described in this section was initially tested with three participants to 

address any procedural issues before the formal experiment. The total length of the formal 

experiment was about 2 hours for each participant. 
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6. DATA ANALYSES AND SPECIFIC HYPOTHESES 

6.1. SA measures and fuzzy logic modeling 

Participant answers to SA queries and knowledge test questions were graded by the 

experimenter, who had previously studied the Lynley Mysteries and had complete 

understanding of the two stories used in the experiment. Percentages of correct responses to 

SA queries at each level were determined. In general, it was expected that participant SA 

across levels would increase as mental model complexity increased from Type 1 to Type 3. 

Specifically, the Type 1 mental model was hypothesized to be essential to all levels of SA; 

the Type 2 model was expected to provide participants with the ability to respond to Level 2 

SA questions in addition to Level 1 questions; and participants achieving the Type 3 model 

were expected to be able to answer all levels of SA questions. 

As there were specific relationships expected between the SA variables and mental 

model types, a fuzzy logic model was developed to transform the patterns of participant 

responses to SA queries into the three hypothesized types of mental models. Compared to the 

deterministic counting approach used in the pilot study, a fuzzy logic model can account for 

observations on participant SA that might fall outside of the strict response pattern of the 

hypothesized mental models. The fuzzy logic model addressed the imprecision or naturalness 

of the input variables (i.e., SA measures) by defining them with fuzzy numbers and fuzzy 

sets that were expressed in linguistic terms (e.g., “low”, “medium” and “high”). Intuitive 

“if…then…” rules were formed to simulate human inference logic (e.g., “if SA1 is high, SA2 

is not high, and SA3 is not high, then the mental model is Type 1”) based on the general 
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hypotheses and to describe the desired model output. The concept map measures were not 

included in the fuzzy inference model as inputs because inclusion would have made the 

complexity of creating fuzzy inference rules unmanageable in the course of this dissertation 

research. Particularly, inclusion of the concept map measures (LST, VIMP, IMP, REL, CS 

and SS) would require a large number of rules that might be difficult to justify from the 

hypotheses. In addition to this, the correlation between fuzzy inference model output and 

concept map measures was to be used as a method for further examination of the 

convergence between SA and concept map measures for describing mental models.  

The fuzzy logic model used in this study consisted of three input variables (SA1, SA2 

and SA3), one output (Model Type), membership functions associated with the input and 

output variables, and inference rules (Figure 6-2). A membership function is a continuous 

function that defines how each point in the input space is mapped to a membership value (or 

degree of membership) between 0 and 1. The membership functions of the input variables 

were determined from the histograms of the raw SA data (i.e., empirical distributions). As 

mentioned, the rules of the fuzzy logic model were based on the general hypothesis that the 

accuracy of participant responses to SA queries across the three levels would increase as their 

mental model complexity increased from Type 1 to Type 3 (Table 6-1). The fuzzy logic 

model used a Mamdani-type inference system in which the fuzzy sets from the consequent of 

each rule are combined through an aggregation operator (max) and the resulting set is 

defuzzified (a centroid calculation) to yield the output of the system. The membership 

function of the output, as the degree of belonging to a certain model type, was evenly 

distributed in the range between 0 and 1 and was indicative of which type of mental model a 
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participant might have formed. For example, a membership value of 0.8 suggested that the 

participant developed a Type 3 model. With dividing points of 0.33 and 0.67, if a 

membership value was close to a dividing point, this suggested the model formed by the 

participant could not be resolved to a single hypothesized model type. 
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System Story 1: 3 inputs, 1 outputs, 13 rules

SA1 (3)

SA2 (3)

SA3 (3)

Model (3)

Story 1

(mamdani)

13 rules

 
Figure 6-1 Diagram of the fuzzy logic model (Story 1). 

 

System Story 2: 3 inputs, 1 outputs, 13 rules

SA1 (3)

SA2 (3)

SA3 (3)

Model (3)

Story 2

(mamdani)

13 rules

 
Figure 6-2. Diagram of the fuzzy logic model (Story 2). 
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Table 6-1. Rules of the fuzzy logic model. 
Rule No. If SA1 is and SA2 is and SA3 is then model is 

1 High Not high Not high Type 1 
2 Not high Low Low Type 1 
3 Medium Low Low Type 1 
4 Low Low Low Type 1 
5 High Not high Not high Type 2 
6 High High Not high Type 2 
7 Medium Medium Not high Type 2 
8 Low Not low Low Type 2 
9 High High High Type 3 
10 High High Not low Type 3 
11 Medium High High Type 3 
12 Medium Medium Not low Type 3 
13 Low Low Not low Type 3 
     

6.2. Fuzzy clustering 

To further examine the results of fuzzy logic modeling, a fuzzy C-Means (FCM) clustering 

method (Bezdek, 1981) was applied to the SA measures data to find three cluster centers that 

would maximized classification of participant mental models in terms of the three 

hypothesized types. For each detective story, the clustering results consisted of the 

coordinates of the three cluster centers and the membership grades for each participant’s SA 

measures. The three clusters were considered to be reflective of the types of mental models 

participants developed in the experiment. 

FCM is a data clustering technique for grouping a dataset into a certain number of 

clusters (denoted by C) with every data point in the dataset belonging to each cluster to a 

certain degree. For example, a certain data point that lies close to the center of a cluster will 

have a high degree of belonging or membership value to that cluster and another data point 
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that lies far away from the center of a cluster will have a low degree of belonging or 

membership value to that cluster. The algorithm of FCM starts with an initial guess at the 

cluster centers, which are intended to mark the mean location of each cluster. The initial 

guess for each cluster center is most likely incorrect. Next, the algorithm assigns every data 

point a membership grade for each cluster. By iteratively updating the cluster centers and the 

membership grades for each data point, FCM iteratively moves the cluster centers to the 

“right” location within a data set to maximize unique classification of observations. This 

iterative process is based on minimizing an objective function that represents the distance 

from any given data point to a cluster center weighted by that data point's membership grade. 

The following is a mathematical description of the FCM algorithm (Ross, 2004). 

Given a dataset 1 2{ , ,..., },nX = x x x where each data sample kx is a vector 

[ ]1 2( ... ;m
k k k kmx x x= ∈x  in this study kx is an observation of participant SA, 

[ ]SA1 SA2 SA3k =x ), the objective function mJ for a fuzzy C-Means cluster is: 
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∑x v and ikµ is the membership of the kth data point in 

the ith class. The distance measure ikd is a Euclidean distance between the ith cluster center iv  

and the kth data set (data point in m-space). The parameter 'm  is a weighting parameter 

( [1, )m′∈ ∞ ). This parameter controls the amount of fuzziness in the classification process 

and is usually in the range of 1.25 to 2. In general, the larger 'm  is, the fuzzier are the 
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membership assignments of the clustering; and as 'm  becomes close to 1, the clustering 

values become deterministic (i.e., 0 or 1). The ith cluster center iv is described by m features 

(m coordinates) and can be arranged in vector form as 1 2{ , ,..., }i i i imv v v=v . Each of the cluster 

coordinates for each class can be calculated by: 
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where j is a variable on the feature space, i.e., j = 1, 2, …, m.  

Basically, the objective function Jm of the FCM algorithm is a least squares function, in 

which the squared distance, 2
ikd , is weighted by a measure, ( )m

ikµ ′ , of the membership of kx  

in the ith cluster. The value of Jm is a measure of the sum of all the weighted squared errors; 

this value is then minimized with respect to two constraint functions. First, Jm is minimized 

with respect to the squared errors within each cluster (i.e., for each specific value of c). 

Simultaneously, the distance between cluster centers is maximized (i.e., max ,i j i j− ≠v v ) 

to increase the potential for unique classification. The specific steps of FCM algorithm for 

finding the optimum fuzzy C clusters * * *( , ) min ( , )
fc

m M
J U J U=v v

 

are described as follows. 

1. Fix c (in this study c = 3) and select a value for parameter m′ (in this study m′was 

set to 2.0 to allow a necessary degree of fuzziness in the classification results). 

Initialize the membership matrix (0) (0){ , 1, 2,..., , 1, 2,..., }ikU i c k nµ= = =


. Each step in 

this algorithm was labeled r, where r = 0, 1, 2, … 
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2. Calculate the c centers ( ){ }r
iv for each step. 

3. Update the membership matrix for the rth step, ( )rU


as follows: 

12/( 1)
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4. If ( 1) ( )r r
LU U ε+ − ≤

 

, stop; otherwise set r = r + 1 and return to Step 2. 

In Step 4, a matrix norm || || of two successive fuzzy clusters (e.g., the maximum 

absolute value of pairwise comparisons of each of the values in ( )rU


and ( 1)rU +



) is compared 

to a prescribed level of accuracy, Lε (10-5 was used in the present study to ensure a relatively 

high accuracy and fast convergence of final result), to determine whether the solution is good 

enough.  

6.3. Measures of concept map 

Measures of participant concept mapping accuracy (LST, VIMP, IMP, Relevant, CS and SS) 

were determined independently by two raters who were familiar with the detective stories 

used in the experiment and the concept mapping process by Novak and Gowin (1984). Both 

raters were first asked to follow the steps in Table 5-2 and create their own maps of the two 

detective stories. A cross-check of the lists of elements and links among elements revealed 

that the maps prepared by the two raters had a significant amount of overlap. This indicated 

that the two raters had similar general understanding of the detective stories. An established 
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concept map scoring system from the literature was followed (A. J. Cañas, et al., 2003). Each 

rater then scored participant performance at each step of the concept mapping process, by 

comparing participant responses with their own results and calculating the percentage of 

matched elements or links in their lists and maps. There was no penalty for elements or links 

not included by participants. Particularly, the content similarity (CS) and structure similarity 

(SS), as measures of concept map accuracy, were derived by comparing concept maps drawn 

by participants with the “perfect” concept maps of the story prepared by the raters (see 

Appendices A and B). As mentioned earlier, similarity of content only involved comparison 

of the elements in participant maps to a rater’s map while disregarding the links. Similarity of 

structure involved comparing all links in relation to elements in participant maps to the 

rater’s map. These two indices are essentially the percentage of match between elements and 

links among participant maps and rater “perfect” maps (Gwee, 2005). The correlation of 

concept map ratings between the two raters (inter-rater reliability) was assessed to ensure 

reliabilities greater than 0.8 as is commonly used in human factors studies with subjective 

measures on subject performance (e.g., Volpe, Cannon-Bowers, & Salas, 1996). The average 

values of the two raters’ ratings were used for subsequent data analysis. 

6.4. Correlation analyses 

To examine the convergence of the two different mental model measures, correlation 

analyses were conducted between participant responses to SA queries and accuracy of 

concept maps. Since it was expected that the levels of SA would correspond to the types of 

mental models formed in task performance, a positive correlation between the SA measures 
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and measures of participant map accuracy, with respect to the “perfect” maps of raters, was 

expected.  

6.5. Regression analyses 

It was also expected that participant SA and concept map accuracy would be positively 

correlated with the knowledge test performance. Thus, a multivariate regression model was 

developed for each story’s data to assess the relative utility of SA and concept map measures 

for explaining knowledge test performance, using percent correct responses to knowledge 

test questions as the dependent variable. The predictor variables entering into the final model 

and associated regression coefficients were expected to reveal utility for explaining task 

performance, as driven by mental models. 
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7. RESULTS 

7.1. Descriptive statistics 

The descriptive statistics for the response variables are shown in Table 7-1, including the 

working memory span test score (WM), measures of participant SA at the three levels (SA1, 

SA2 and SA3), knowledge test performance (EXT, KIMPT, CAU and KTEST), and shooting 

game performance (GAME). The range of WM is 0 to 42 and values for all the other 

variables are in percentages (0 – 1). 

Table 7-1. Descriptive statistics of response variables. 
 Variable Mean SD Min. Max. 

WM 29.75 7.19 15 42 

Story 1 

SA1 0.73 0.20 0.38 1.00 
SA2 0.81 0.16 0.50 1.00 
SA3 0.70 0.18 0.25 1.00 
EXT 0.68 0.23 0.20 1.00 
KIMP 0.53 0.29 0.00 1.00 
CAU 0.57 0.28 0.00 1.00 
KTEST 0.60 0.16 0.23 0.85 
GAME 0.93 0.08 0.73 1.00 

Story 2 

SA1 0.74 0.13 0.50 1.00 
SA2 0.84 0.12 0.63 1.00 
SA3 0.64 0.16 0.38 1.00 
EXT 0.83 0.18 0.50 1.00 
KIMP 0.75 0.26 0.25 1.00 
CAU 0.55 0.30 0.00 1.00 
KTEST 0.71 0.13 0.50 1.00 
GAME 0.94 0.07 0.76 1.00 

(EXT – Percentage of correct identifications of existing elements; KIMP – Percentage of correct answers 
to questions on importance of elements in a story; CAU – Percentage of correct answers to questions about 
causal relations among elements; and KTEST – overall percentage of correctness in knowledge test.) 
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With respect to the concept map measures, the inter-rater reliability results are shown 

in Table 7-2. There was a low correlation between the two raters’ results for Step 2 

(“relevant” elements identified in the concept mapping process). This was due to the fact that 

there were only two relevant elements in the rater’s “perfect” list of Story 2. Many 

participants did not list these elements in the concept mapping process; therefore, several 

values of zero resulted for this measure and hence a low correlation value. Consequently, the 

REL variable was not included in further analyses. All other steps and measures in the 

concept mapping process yielded very high inter-rater reliabilities. The average values of the 

two raters’ ratings were calculated and used for subsequent data analysis. The descriptive 

statistics of the concept map measures are shown in Table 7-3 and all the variables are in 

percentages (0 – 1). 

Table 7-2. Inter-rater reliabilities of concept map measures. 
Concept Mapping Step Variable Story 1 Story 2 
1.    List of elements LST 0.93 0.99 
2.  List of very important elements VIMP 0.98 0.96 

List of important elements IMP 0.96 0.89 
List of relevant elements REL 0.85 0.55 

3. Content similarity of the map CS 0.81 0.87 
Structural similarity of the map SS 0.86 0.90 
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Table 7-3. Descriptive statistics of concept map measures. 
 Variable Mean SD Min. Max. 

Story 1 

LST 0.55 0.11 0.36 0.76 
VIMP 0.62 0.24 0.27 0.94 
IMP 0.10 0.12 0.00 0.33 
CS 0.55 0.08 0.36 0.67 
SS 0.49 0.08 0.40 0.68 

Story 2 

LST 0.53 0.12 0.36 0.88 
VIMP 0.59 0.22 0.22 1.00 
IMP 0.09 0.14 0.00 0.55 
CS 0.51 0.11 0.36 0.79 
SS 0.46 0.12 0.20 0.71 

 
Paired t-tests on the CS and SS responses for participant maps for the two stories 

revealed that the CSs were marginally different (t(23) = 2.11, p = 0.0462), but the SSs for the 

two stories were not significantly different (t(23) = 1.45, p = 0.1614). As participant 

performance of concept mapping did not change dramatically in the two stories, it can be 

concluded that the two stories posed roughly the same level of difficulty for participants in 

terms of the scale of mental models. Although this finding might allow for the aggregation of 

data set, because of the content differences between the two detective stories, separate 

analyses for each test story are presented below. 

7.2. Fuzzy logic modeling 

As described above, the fuzzy logic model used measures of participant SA (SA1, SA2 and 

SA3) as input variables. The membership functions of the inputs defined the range of “low”, 

“medium”, and “high” values for the variables. Similar to the pilot study, the dividing points 

for the ranges were mean ± one standard deviation of the raw data (Table 7-4). The data 

histograms and associated membership functions for each input variable for the two detective 
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stories are shown in the figures below. In each figure, the membership functions from left to 

right are “low”, “medium”, and “high”, accordingly. 

Table 7-4. Values of dividing points for SA data. 
  Story 1 Story 2 

SA1 
Mean - SD 0.5318 0.6071 
Mean 0.7292 0.7396 
Mean + SD 0.9265 0.8721 

SA2 
Mean - SD 0.6518 0.7137 
Mean 0.8125 0.8385 
Mean + SD 0.9732 0.9634 

SA3 
Mean - SD 0.5233 0.4794 
Mean 0.7031 0.6354 
Mean + SD 0.8830 0.7914 
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Figure 7-1. Input variable histogram with membership functions (Story 1). 
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Figure 7-2. Input variable histogram with membership functions (Story 2). 

 
The output surface diagrams of the fuzzy inference models for the two stories are 

shown in Figure 7-3 to 7-8 below. The dividing points for the model type were 0.33 and 0.67. 

The descriptive statistics on the model output are shown in Table 7-5. For Story 1, there was 

a significant positive correlation between the inferred model membership and the percentage 

of participant correct answers to questions on the knowledge test (r = 0.4840, p = 0.0166); 

however, this correlation between the membership values and knowledge test performance 

was not present for Story 2. For both stories’ data, the model membership values were not 

correlated with any concept map measures.  

The output of the fuzzy logic model was indicative of which type of hypothesized 

mental model a participant might have developed. As the three hypothesized model types 
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were evenly distributed in the range between 0 and 1 (Figure 6-2), the most likely model type 

for each participant was determined by locating the fuzzy logic output in the membership 

functions (this is also a defuzzification process). The results are summarized in Table 7-6. 

The majority of participants in Story 1 tended to form mental models similar to the second or 

third type of hypothesized mental model. They were able to list elements from the story and 

group them according to relative importance, but they were not able to internally formulate 

all possible causal links among the elements. For Story 2, the majority of participants 

appeared to develop mental models in-line with the second hypothesized type. 
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Figure 7-3. Output surface of the fuzzy logic model (SA1 and SA2 in Story 1). 
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Figure 7-4. Output surface of the fuzzy logic model (SA1 and SA3 in Story 1). 
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Figure 7-5. Output surface of the fuzzy logic model (SA2 and SA3 in Story 1). 
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Figure 7-6. Output surface of the fuzzy logic model (SA1 and SA2 in Story 2). 
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Figure 7-7. Output surface of the fuzzy logic model (SA1 and SA3 in Story 2). 
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Figure 7-8. Output surface of the fuzzy logic model (SA2 and SA3 in Story 2). 

 
Table 7-5. Descriptive statistics on fuzzy logic model output. 

Story Mean SD Min Max Correlation with KTEST 
1 0.568 0.212 0.107 0.893 r = 0.4840 (p = 0.0166) 
2 0.596 0.216 0.107 0.893 r = 0.3342 (p = 0.1105) 

 
Table 7-6. Counts of mental model types for participants from the fuzzy inference. 

 Model Type 1 Model Type 2 Model Type 3 
Story 1 5 (20.8%) 9 (37.5%) 10 (41.7%) 
Story 2 6 (25%) 13 (54.2%) 5 (20.8%) 

 

7.3. ANOVA modeling 

To further validate the result of the fuzzy inference models, the mental model types indicated 

by the output memberships were used to classify participants into three groups and a one-way 

ANOVA model was conducted to determine the extent to which participant mental model 
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type predicted knowledge test performance after each story. The ANOVA model was 

formulated as: 

modelKTEST eµ τ= + +  

where KTEST is the percentage of correct answers to knowledge test questions, µ is the 

overall mean, and modelτ  is the effect of the mental model type. The ANOVA model for Story 

1 proved significant (F(2, 21) = 4.97, p = 0.0171). Post hoc analysis using Duncan’s multiple 

range test revealed that participants achieving the third (the most complex) type of mental 

model produced significantly higher (p < 0.05) performance on the knowledge test than those 

with the second type of mental model. However, there was no significant difference of 

knowledge test performance among the three classified groups in Story 2. 

7.4. Fuzzy clustering 

The cluster centers for each measure of SA in each Story resulting from the FCM are shown 

in Table 7-7. The locations of the cluster centers for each story are graphically shown in 

Figure 7-9 and 7-6. The cluster centers are indicative of the actual types of mental models 

participants developed. In general, participant SA increased from Cluster 1 to Cluster 3 

across levels in each story, which suggests that the complexity of underlying mental models 

increased from Cluster 1 to Cluster 3. There were also some inconsistencies in the pattern 

expected from the hypothesized mental models. In Cluster 1 and 2 of Story 1, SA1 was lower 

than SA2 and SA3; in the three clusters of Story 2, SA2 was higher than SA1 and SA3; and 

SA1 and SA2 for the first two clusters of Story 2 were very close in value.  
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Table 7-7. Coordinates of cluster centers for each story.  
Story Cluster 1 Center Cluster 2 Center Cluster 3 Center 

1 
SA1 = 0.5173 
SA2 = 0.5938 
SA3 = 0.6022 

SA1 = 0.6402 
SA2 = 0.8915 
SA3 = 0.6464 

SA1 = 0.9054 
SA2 = 0.8819 
SA3 = 0.8020 

2 
SA1 = 0.6937 
SA2 = 0.7761 
SA3 = 0.4394 

SA1 = 0.6971 
SA2 = 0.7682 
SA3 = 0.7012 

SA1 = 0.8369 
SA2 = 0.9349 
SA3 = 0.6772 
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Figure 7-9. Cluster centers for Story 1. 
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Figure 7-10. Cluster centers for Story 2. 

 
The membership grade resulting from the fuzzy clustering represents the degree to 

which a participant’s SA response belongs to a certain cluster, with a range between 0 and 1. 

There are two common defuzzification methods to assign each observation to a particular 

cluster – the maximum membership method and the nearest center classifier (Ross, 2004).  In 

the maximum membership method, each observation is assigned to the cluster with the 

largest membership values; and in the nearest center classifier, each observation is assigned 

to the cluster for which the center is closest to the observation. For the present data set, both 

methods yielded the same classification results (see Table 7-8). (The numbers in the table are 

counts of observations belonging to each cluster and associated percentages.) Because the 

cluster centers were different from the patterns expected for the hypothesized mental model 



147 

types (especially for the Story 2 data), the fuzzy clustering results did not precisely match the 

results of the fuzzy inference model. However, the general patterns of both results were 

similar. For example, a significant proportion of participants showed SA patterns close to the 

second or third mental model type in both stories. 

Table 7-8. Summary of fuzzy clustering results. 
 Cluster 1 Cluster 2 Cluster 3 
Story 1 5 (20.8%) 8 (33.3%) 11 (45.8%) 
Story 2 5 (20.8%) 10 (41.7%) 9 (37.5%) 

 

7.5. Correlation analyses 

Correlation analyses were conducted among the measures of participant responses to SA 

queries (SA1, SA2 and SA3), concept map measures (LST, VIMP, IMP, CS and SS), 

accuracy of participant answers to knowledge test questions (EXT, KIMP, CAU and 

KTEST), WM capacity, and shooting game performance (GAME). For both stories, there 

was no significant correlation between participant shooting game performance (GAME) or 

WM capacity and the other response measures. 

The correlation analysis results among all response measures for the Story 1 data set 

are presented in Table 7-9. There was a positive correlation between SA1 and SA2 (r = 

0.428, p = 0.037). SA1 was also positively correlated with participant performance on 

element existence questions (EXT; r = 0.476, p = 0.019). SA3 was positively correlated with 

participant performance on causal relation questions (CAU; r = 0.421, p = 0.041). The 

number of elements listed by participants in creating the concept map (LST) was positively 

correlated with CS and SS (r = 0.615, p = 0.001 for CS and r = 0.556, p = 0.005 for SS). The 
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number of very important elements (VIMP) was also positively correlated with CS (r = 

0.481, p = 0.017). CS and SS were found to be positively correlated (r = 0.409, p = 0.048). 

There were also positive correlations between the measures of performance on specific 

aspects of the knowledge test (EXT, KIMP and CAU) and the overall measure (KTEST; r = 

0.625, p = 0.001 for EXT; r = 0.504, p = 0.012 for KIMP; and r = 0.681, p = 0.0002 for 

CAU). Finally, the measures of participant SA, at all three levels, were correlated with the 

overall measure of knowledge test performance (r = 0.446, p = 0.029 for SA1; r = 0.428, p = 

0.037 for SA2; and r = 0.433, p = 0.034 for SA3). 
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Table 7-9. Correlation results for Story 1 data set (only significant correlations are shown).  
 SA measures Concept map measures Knowledge test performance 

SA1 SA2 SA3 LST VIMP CS SS EXT KIMP CAU KTEST 

SA1  r = 0.428 
p = 0.037 

     r = 0.476 
p = 0.019 

  r = 0.446 
p = 0.029 

SA2           r = 0.428 
p = 0.037 

SA3          r = 0.421 
p = 0.041 

r = 0.433 
p = 0.034 

LST      r = 0.615 
p = 0.001 

r = 0.556 
p = 0.005 

    

VIMP      r = 0.481 
p = 0.017 

     

CS       r = 0.409 
p = 0.048 

    

SS            

EXT           r = 0.625 
p = 0.001 

KIMP           r = 0.504 
p = 0.012 

CAU           r = 0.681 
p = 0.0002 

KTEST            
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As for the Story 2 data set, the correlation analysis results among all response measures 

are presented in Table 7-10. SA2 was positively correlated with responses to causal relation 

questions on knowledge test (CAU, r = 0.446, p = 0.029). SA3 was negatively correlated 

with responses to element existence questions in knowledge test (EXT, r = -0.480, p = 

0.018). Similar to Story 1, there was a positive correlation between the number of elements 

listed by participants (LST) and the number of very important elements within a list (VIMP; 

r = 0.592, p = 0.002); LST was correlated with CS and SS (r = 0.878, p < 0.0001 for CS and 

r = 0.493, p = 0.014 for SS); VIMP was also correlated with CS and SS (r = 0.503, p < 0.012 

for CS and r = 0.522, p = 0.009 for SS). Again, there was a positive correlation between CS 

and SS (r = 0.565, p = 0.004). SS was also correlated with CAU (r = 0.479, p = 0.018). 

Additionally, measures of the last two aspects of knowledge test performance (KIMP and 

CAU) were correlated with the overall measure of performance (KTEST; r = 0.685, p = 

0.0002 for KIMP and r = 0.693, p = 0.0002 for CAU). 
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Table 7-10. Correlation results for Story 2 data set (only significant correlations are shown). 
 SA measures Concept map measures Knowledge test performance 

SA2 SA3 LST VIMP CS SS EXT KIMP CAU KTEST 

SA2         r = 0.446 
p = 0.029 

 

SA3       r = -0.480  
p = 0.018 

   

LST    r = 0.592  
p = 0.002 

r = 0.878  
p < 0.0001  

r = 0.493  
p = 0.014 

    

VIMP     r = 0.503  
p < 0.012  

r = 0.522  
p = 0.009 

    

CS      r = 0.565  
p = 0.004 

    

SS         r = 0.479  
p = 0.018 

 

EXT          r = 0.685  
p = 0.0002 

KIMP          r = 0.693  
p = 0.0002 

CAU           
KTEST           
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7.6. Regression analyses 

Stepwise regression models, including SA (SA1, SA2 and SA3) and concept map measures 

(LST, VIMP, IMP, CS and SS) as predictors of knowledge test performance (KTEST), were 

used to assess the extent to which inductive reasoning was dependent on the accuracy of 

mental models. The significance level for inclusion of a predictor variable in the regression 

model was set at 0.15. Results revealed that for Story 1, a regression model included SA2 

and SA3 as independent variables (R2 = 0.358, model p = 0.0095). For Story 2, the regression 

model included IMP, SA1 and SA2 (R2 = 0.398, model p = 0.0156). Both models excluded 

CS, SS and other concept map measures as predictors of participant knowledge test 

performance. The coefficients of the predictor variables in each model are shown in Table 

7-11. The parameter estimates of SA1 and SA2 in the regression model for Story 2 were not 

significant at the α = 0.05 level, which suggests that the model might be overfitting. 

Therefore, one of the three existing predictor variables was removed and the regression was 

re-calculated. The regression results for Story 2, after removing SA1 or SA2, are shown in 

Table 7-12 (the model after removing IMP was not significant). 

Table 7-11. Parameter estimates for the regression models. 
Story Predictor Parameter Estimate Std. Error F p-value 

1 
SA2 0.407 0.172 5.56 0.0281 
SA3 0.368 0.154 5.73 0.0261 

2 
SA1 0.329 0.193 2.90 0.1043 
SA2 0.308 0.203 2.31 0.1445 
IMP 0.452 0.173 6.84 0.0166 
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Table 7-12. Regression result on Story 2 data after removing SA1 or SA2 as predictor 
variables. 

Condition Predictor Parameter Estimate Std. Error F p-value 
SA2 removed (R2 = 0.328,  
model p = 0.0153) 

SA1 0.440 0.184 2.39 0.0264 
IMP 0.446 0.178 2.50 0.0206 

SA1 removed (R2 = 0.311,  
model p = 0.0201) 

SA2 0.439 0.196 2.24 0.0361 
IMP 0.410 0.179 2.29 0.0323 

 
The regression model for the Story 1 data revealed that Level 2 and Level 3 SA were 

predictive of participant knowledge test performance. The regression coefficients of SA2 and 

SA3 were relatively close, suggesting that both levels of SA made almost equivalent 

contributions to mental model-driven task performance. The regression model for the Story 2 

data included Level 1 or Level 2 SA as a predictor variable, and their regression coefficients 

were almost equal. This is consistent with the result of the fuzzy clustering on the Story 2 SA 

data; that is, SA1 and SA2 for the first two cluster centers were nearly the same. A concept 

map measure (IMP) was included in the regression model for Story 2, suggesting that 

participant knowledge test performance could be partly predicted by the grouping of 

“important” elements in the concept mapping process.  
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8. DISCUSSION 

In general, the results of the formal experiment revealed that the participant SA data did not 

completely match the patterns of SA expected for hypothesized mental model types. This 

was particularly true for the second story used in the experiment. It was also found that the 

measures of SA did not converge with concept map measures, even after the SA measures 

were converted to a single membership value for mental model classification. That is to say, 

that the two types of measures may be complementary to each other for describing mental 

models. The utility of the SA and concept map measures for predicting knowledge test 

performance was found to be limited, as the knowledge test may require more complex 

aspects of cognition (e.g., information re-discovery or re-organization rather than simple 

retrieval of information). The detailed findings related to the above summary points are 

discussed in this section. 

8.1. SA-based classification of mental models 

The pattern of SA across levels was less clear in the formal experiment than the pilot study. 

This is likely due to the complexity of the task used in the formal experiment. Using a data 

analysis approach similar to that used on the pilot study data revealed that only six 

participants of each story achieved SA strictly matching the pattern expected for the 

hypothesized mental model types. This is mainly because the dispersion of participant SA 

was not great and the majority of participants fell in the medium range of the responses, with 

few observations at the extremes of SA. Consequently, a deterministic model classification 

approach would fail for SA observations on the borderlines of the various response ranges. 
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On the other hand, the fuzzy inference approach can account for this imprecision of data and 

generate a fuzzy but still characteristic measure of mental model type for each observation. 

The fuzzy inference rules were formed based on the general hypothesis that the complexity 

of any underlying mental model would increase with increasing SA across levels. The rules 

also provided the capability to address subtle differences in real observations from a complex 

SA task. 

The correlation analysis of the fuzzy model output with knowledge test performance 

and the ANOVA model including the fuzzy inference output for predicting the overall 

percentage of correct responses to knowledge test questions showed that the fuzzy output 

values for Story 1 (death of Elena Weaver) had utility for predicting participant performance. 

As questions on the knowledge test required information to be extracted from LTM (long-

term memory) and possibly the underlying mental models, the output of the fuzzy inference 

model was also indicative of the complexity of participant mental models.  

The same correlation analysis was not significant for the data of Story 2 (murder of 

Kenneth Waring), which suggests that the pattern of participant SA for Story 2 was different 

from that for Story 1. One possible reason for this is that the nature of the second detective 

story was different from the first, although the difficulty of the two stories was roughly the 

same, according to the comparison of concept map measures (CS and SS). From the results 

of the fuzzy clustering, the actual pattern of SA measures in Story 1 was more distinct than 

Story 2. Related to this, the only difference between the cluster centers for Story 2 SA data 

was observed for the SA3 response. It might have been easier for participants to perceive 

elements of the story and assign different importance to the elements in Story 2 than in Story 
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1, making the measures of SA less consistent with the expected pattern for the hypothesized 

mental model types. In addition, since the fuzzy inference rules were based on the 

hypothesized mental model types, the fuzzy logic model did not produce a “good” 

conversion of the SA measures with different patterns leading to fewer unique model 

classifications. Another likely reason for the different pattern of SA measures for Story 2 is 

that the difference between Level 1 and Level 2 SA questions was not clear in terms of 

participant response, even though the SA questions in both stories were developed from a 

goal-directed task analysis. The second detective story may have better facilitated the 

identification and organization of important information related to the criminal. 

The inconsistent results for the two stories indicated that the pattern of SA measures 

expected for the hypothesized mental model types might be affected by the characteristics of 

the stimulus used in the SA task. During the course of inductive reasoning (i.e., identifying 

elements, assigning weights to different elements, and organizing elements for analysis), 

participant SA may be sensitive to external information flow. For example, participants 

might develop a high level of SA simply because some relevant cues were presented to them 

early in the storyline and it was not difficult for them to make sense of those cues.  

8.2. Correlation analyses 

8.2.1. Correlation between SA and concept map measures 

From the results of the correlation analyses, measures of participant SA did not correlate with 

concept map measures, which was contrary to hypothesis. This may indicate that SA has 

utility for assessing hypotheses about types of mental models independent of concept map 
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measures or in a way complementary to concept map measures. It may also suggest that for 

complex inductive reasoning tasks, the relationship between SA and mental models deviates 

from a simple linear relationship. That is, higher levels of SA (i.e., comprehension and 

projection) may be more important than lower levels of SA (i.e., perception) for forming 

accurate mental models. Therefore, while a large increase in lower levels of SA may hardly 

change the quality of an underlying mental model, a slight increase in higher levels of SA 

could lead to significant improvement of the mental model and thus improvement of 

inductive reasoning performance. One possible reason for this independence is that 

measuring SA for mental model elicitation is a “bottom-up” approach (i.e., higher levels of 

SA are generally built on lower levels of SA) focusing on the state of working memory at 

freezes, while concept mapping is more of a “top-down” approach based on the information 

organized in LTM over time. Therefore, SA and concept mapping might not assess the same 

characteristics of mental models. This is a contention that was born out of the results of the 

formal experiment and merits further investigation. 

Similarly, Evans et al. (2001) found low convergence (correlations) among three 

commonly used mental model assessment methods: card sorting, concept mapping, and 

pairwise relatedness ratings (often post-processed using the Pathfinder technique). Evans et 

al. concluded that each of these methods might be measuring a different type or aspect of 

mental representation. Evans et al. mentioned that another cause of the low correlation might 

be due to experiment control. Participants might complete the concept maps with different 

strategies and some participants might be continuously refining or adjusting their knowledge 

representations (mental models) during the drawing. To address this concern, in the present 
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study specific instructions on concept mapping were given to participants in the practice trial 

and participants were asked to follow the structured steps to create their concept maps. 

However, individual differences in drawing concept maps could not be completely 

eliminated. 

In addition to these explanations for differences among the concept mapping and SA 

results, the relationship between the completeness of mental models and SA is considered to 

be two-fold in the literature. The use of mental models can facilitate the formation of SA. For 

example, Sarter and Woods (1991) stated that mental models may be viewed as providing a 

basis for situation assessments – the knowledge represented in mental models may be 

incorporated into an operator’s level of SA. Thus, Sarter and Woods said that adequate 

mental models are one of the prerequisites for attaining SA. This suggests that the more 

complete a mental model is, the higher SA one might achieve. On the other hand, 

information from the external task environment may be processed and stored in terms of 

situation models (i.e., SA; Endsley, 2000c), which provide an information source for mental 

model formation. The development of a complete mental model is considered to be 

dependent on the ability of the individual to continuously adjust classifications of perceived 

information in SA and morph the previous mental model in LTM (Endsley, 1995b; Holland, 

et al., 1989). It is thus possible that an individual could have a high level of SA but not be 

able to translate the information in SA into an effective mental model. Related to this, 

Mogford (1997) said that awareness increases as information moves from a mental model to 

SA, but the retention of information in the mental model may decrease SA maintained in 

working memory because of conflicts for limited cognitive resource. If a mental model 
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(either a priori or formed during the task) can provide substantial information about the 

situation, then the operator does not need to perceive every detail in the external context in 

order to make an accurate assessment of the situation (Fracker, 1988). This conceptual 

development may be difficult to capture using SA probes with a limited number of SA 

questions. Further, Fracker (1988) said conceptual change of mental models may lead to 

biases in the selection and interpretation of information, which may in turn create errors in 

situation assessment. The lack of correlation between SA and concept map measures in the 

present study provided new empirical evidence of the relation between SA and mental 

models in the context of inductive reasoning that could be used as a basis for further 

investigation. 
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8.2.2. Correlations among other response variables 

For Story 1, the positive correlation between SA1 and SA2 was consistent with predictions 

from SA theory that higher levels of SA can be built up from lower levels of SA. The finding 

was also related to the particular structure of the first detective story used in the experiment 

(i.e., identifying elements in the story could be done simultaneously with assigning them 

different degrees of importance). Regarding knowledge test performance, participant SA at 

all three levels was correlated with the participant overall accuracy on the knowledge test. 

Breaking down the knowledge test into different types of questions, it was found that SA1 

was positively correlated with knowledge of the existence of elements (EXT) in the story, as 

such questions required similar knowledge for developing the first level of SA in 

comprehension of the story; SA3 was positively correlated with causal relations in the story 

elements (CAU), which is probably because making inferences required the same knowledge 

in SA3 for making predictions of the investigation process.  

It was not surprising that the number of elements listed by participants in creating the 

concept map (LST) was positively correlated with CS and SS, as eventually most of the 

elements would be included in the concept map. Similarly, the number of very important 

elements (VIMP) was also positively correlated with CS, as they constituted a large portion 

of the elements in the map. The positive correlation between CS and SS indicated that in 

general, the more elements participants put into the concept map, the more links they created 

among these elements in the map. 

As for Story 2, there was no significant correlation among SA measures at different 

levels. But there were correlations between SA and knowledge test performance. 
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Specifically, SA2 was positively correlated with participant responses to causal relation 

questions in the knowledge test (CAU), which may be because making causal inferences 

required that first participants identify important elements in the story. SA3 was negatively 

correlated with responses to questions about element existence in the knowledge test (EXT). 

Contrary to expectations, this implied that for Story 2, participant prediction of the 

investigation process did not rely on how complete their identification of story elements was. 

In fact, when participants spent most of their time finding and remembering elements, their 

performance in predicting the course of the story tended to deteriorate. Similar to Story 1, 

there were correlations among measures of concept mapping at each step. This is probably 

because of the concept mapping process used in this study; that is, the result of the first step 

of concept mapping was transferred to the second step, and the same happened between the 

second and third steps. Again, there was a positive correlation between CS and SS, which 

clearly indicates that the completeness of linkages among elements in the map was partially 

dependent upon the number of correct elements identified. SS was also correlated with CAU, 

which suggests that participants, when viewing Story 2, may have used the links among 

elements of the concept map as a basis for causal inferences. 

The working memory (WM) capacity of participants was not correlated with other 

response measures, including SA and concept map measures. A possible reason is that the 

experiment task did not rely solely on WM capacity. Unlike the pilot study, participants 

might have developed their mental models along the course of inductive reasoning and they 

did not need to retain excessive information in their working memory. The shooter game 

performance was also not correlated with other response measures. Examination of the raw 
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data showed that participants had consistently high performance in the shooter game. It is 

possible that the shooter game posed a consistent task workload for participants, but it was 

not so taxing as to affect mental model development. 

8.3. Regression analyses 

The objective of the regression analyses was to examine the utility of the SA and concept 

map measures for predicting knowledge test performance, outcomes of participant mental 

models. While correlation analyses cannot support causal inferences, a regression model can 

further demonstrate an underlying relation between SA and task performance driven by 

mental models. The regression result showed that for Story 1, only Level 2 and Level 3 SA 

were predictive of task performance; and for Story 2, a SA Level measure (Level 1 or Level 

2) combined with a concept map measure (IMP) were predictive of task performance. 

Despite the structural differences of the SA responses between the two stories, the regression 

models showed that SA had a relatively strong contribution to task performance in terms of 

answering knowledge test questions. The R2 values of regression models for both trials were 

relatively low. Although no standard for R2 values has been identified in relevant studies, it 

was expected that the concept map measures would enter into the regression models and 

account for a greater degree of variability in participant responses to knowledge test 

questions. The role of concept map measures in knowledge test performance was not clear 

based on the regression result, which may suggest that the completeness of mental models 

does not guarantee an accurate information abstraction and inductive reasoning. Answering 

knowledge test questions might require effective use of mental models, including inference 
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of new information and testing of different possibilities (Tay & Linn, 2001). Participants who 

drew more complete concept maps may not have processed the information in depth or 

formed efficient mental models for inductive reasoning, due to the workload constraint. This 

suggests that working memory may have been important in knowledge test performance to 

facilitate mental model manipulation or use, which is counter to the insignificant correlation 

of the WM capacity test score and knowledge test performance. However, there was no time 

limit for answering knowledge test questions. The knowledge test may not have constituted a 

WM task with temporal pressure. Another possible cause for this unclear result is that the 

format of the knowledge test was similar to the SA questions during the test trials, except that 

participants had to provide written answers and the time was not limited. When completing 

the knowledge test, participants may have relied more on their strategy for answering SA 

questions, rather than utilizing information from their mental models, although the questions 

on the knowledge test were different than the SA questions. 

The regression results also provided new insight into the relation between mental 

models and task performance. According to Baecker and Buxton (1987), users’ mental 

models and performance are “intimately linked”, and there was evidence showing that model 

users performed better than non-model users, in complex problem-solving tasks (e.g., Halasz 

& Moran, 1983; Kieras & Bovair, 1984) and coordinated team performance (e.g., Rouse, 

Cannon-Bowers, & Salas, 1992; Stout, et al., 1999). However, in an inductive reasoning task, 

the mental models are gradually built-up from information gathered in the task process, 

during which the inaccuracy or inconsistency of element perception could be magnified in 

the final mental model. In the present experiment, some participants might have built 



164 

incomplete mental models of the stories and they had difficulty in connecting certain 

elements with others in their concept maps. This may have a negative effect on model-driven 

task performance. Unlike the formal models users were trained with in previous comparative 

studies, the mental models formed by participants in the present study may be sensitive to 

input information or contextual cues. Because of the complexity of mental models, 

participants could choose different but equally valid reasoning paths for different knowledge 

test questions. The inconsistent use of mental models also makes it difficult to use measures 

of mental model complexity to predict task performance. 



165 

9. CONCLUSION 

The goal of this research was to develop and validate an empirical method of SA and task 

performance assessment for characterizing mental models in tasks requiring SA-based 

decision making and action execution, particularly tasks that also require mental model 

formation and inductive reasoning. To support this goal, a secondary objective of the 

research was to examine the convergence between SA-based mental model assessment and a 

commonly used approach – concept mapping, as well as their predictability of task 

performance. 

The results of the pilot study provided evidence of the utility of SA and other response 

measures for inferring possible mental models in a simplified inductive reasoning task in a 

multitasking scenario. An empirical methodology for extracting and inferring the form of 

mental models, including participant diagramming of simulation event distributions and 

causality determination, was also tested in the pilot study. The primary experiment extended 

and further validated this approach with a complex inductive reasoning task paradigm, in 

which participants were presented with highly structured detective stories. The experiment 

measured participant SA through a SAGAT-style methodology, and used a structural method 

of concept mapping. Participant performance in the knowledge test of the stories was also 

collected. To cope with the complexity of the data, patterns of participant SA were converted 

into membership grades of mental model types by using a rule-based fuzzy inference model. 

The membership grade was further related to measures of concept mapping and knowledge 

test performance for the formal experiment trials. The relations among SA, concept map and 

knowledge test measures were also studied through correlation and regression analyses. 



166 

9.1. Inference of mental model types from SA measures 

The fuzzy inference model converted the SA measures for each level (perception, 

comprehension and projection) into values showing the proximity of each observation type to 

the three hypothesized mental model types. Since the inference rules were set up according to 

the primary hypothesis (i.e., SA increases with increasing mental model complexity), the use 

of a fuzzy logic model preserved the general pattern of SA for each hypothesized mental 

model type and provided a good approximation of the logic of a deterministic classification 

approach. However, the fuzzy approach was superior to the deterministic counting approach, 

as it addressed complex patterns of SA that did not exactly match typical patterns.  

The output of the fuzzy logic model was checked by relating it to concept map and 

knowledge test measures. For the first detective story, the output was positively correlated 

with knowledge test performance but not concept map measures; and for Story 2, no 

significant correlation was found. Further, fuzzy cluster analysis of SA measures indicated 

that for Story 1, there were some differences between the cluster centers and the 

hypothesized patterns of SA for mental model types. The cluster centers for Story 2 greatly 

deviated from the expected pattern in that Level 1 and Level 2 SA of the first two cluster 

centers were close to each other. These findings revealed that the fuzzy inference model was 

sensitive to the actual pattern of SA measures and it could be used to test the patterns of SA 

expected from hypothesized mental model types. In addition, the output of the fuzzy 

inference model showed similar degrees of differentiation of the raw observations as the 

fuzzy cluster analysis. 
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9.2. Relations among SA, concept map measures and task performance 

The objective of correlation analysis among SA, concept map measures and task 

performance was to validate the utility of SA as a mental model assessment measure and a 

predictor of task performance. In both trials, SA was not correlated with concept map 

measures and levels of SA were found to have utility for predicting knowledge test 

performance. These findings indicated that measures of SA may be independent of (or 

complementary to) concept map measures for assessing mental models, but the underlying 

relationship between SA and the completeness of mental models is still unclear. From the 

regression results, measures of SA at certain levels were predictive of participant 

performance on the knowledge test for the detective stories. However, it was found that 

concept map measures had limited predictive power of knowledge test performance. 

Although the format of the knowledge test was similar to the SA freezes, the regression 

results demonstrated the uniqueness of SA measures in characterizing task performance 

requiring the use of mental models. Again, the relationship between the completeness of 

mental models and task performance was not clear. 

9.3. The empirical methodology for characterizing mental models in SA tasks 

In general, the present study can be fit into existing research efforts (e.g., Moray, 1999; 

Payne, 2003; Wilson & Rutherford, 1989) that have attempted to incorporate studies from 

both psychology and human factors, in order to obtain a full understanding of mental models 

in practical contexts. As discussed in the literature review, mental models have many 

distinguishable characteristics in theory, but there have been few efforts relating these 
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characteristics to more measurable notions. One way to tackle this problem may be to 

formalize the empirical research methodology of characterizing mental models developed 

and used in this research; that is, to start from analyzing the characteristics of tasks involving 

mental models, identify a task-related concept (e.g., SA in inductive reasoning tasks) that has 

a certain linkage with mental models, and then empirically testing the linkage with 

hypothesized forms of mental models. 

The major steps of the formalized methodology are illustrated in Figure 9-1. The first 

step of the process is analysis of the characteristics and context of the task. The task does not 

have to be an inductive reasoning task, but it should require the operator to have “good” SA 

in order to achieve the task goal (see also Table 4-1). Depending on the context, the operator 

of the task should also be required to form an appropriate mental model for directing 

attention, understanding task relevant information, and making decisions for action 

execution. The next step is to identify possible mental model types for the task, based on 

domain knowledge and/or previous studies of similar tasks. Assumptions about 

characteristics of the mental models can be formed based on two major sources within the 

task context: data extracted from the environment and goal-relevant knowledge required for 

task performance (see also Figure 2-5). A goal-directed task analysis should be used to 

identify levels of SA required for the task. The third step involves developing hypotheses to 

address the linkage between mental models and SA. The linkage should be based on the 

specific task context and related evidence from the literature (e.g., SA generally increases 

with increasing mental model complexity). Based on the hypothesized linkages, typical 

patterns of SA representing different underlying mental models can be determined. In the 
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fourth step, measures of participant SA and task performance measures are collected in the 

empirical experiment. In order to validate the result from SA measures for characterizing 

types of mental models, another mental model assessment technique should be applied in the 

experiment. The methodological framework in Figure 2-4 can be used as a basis for selection 

of a particular technique. The last step is the analysis of the SA response data and 

identification of patterns for hypothesized mental models. This can be done through either 

deterministic or approximate (e.g., fuzzy logic) methods, depending on the complexity of the 

SA data generated from the target task. The results of data analysis should provide inferences 

about actual mental models used by the operators; the correlation between SA and existing 

mental model assessment techniques can be checked; and the contribution of SA to task 

performance can also be determined. 
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Figure 9-1. Process for characterizing mental models using SA measures. 

 
From a practical perspective, this methodology may be applied in system design and 

development of operator training programs for SA tasks. Measures of SA may be used to 

assess types of mental models that trainees may be using, in effect providing trainers the 

ability to interpret training results in terms of mental models. Through the empirical test of 

hypothesized mental models, research based on this methodology is also expected to provide 
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insight into what a “user mental model” is and to help address criticisms of the use of this 

terminology by previous researchers (e.g., Waern, 1987; Wilson & Rutherford, 1989). 

9.4. Limitations 

The most important limitation of the formal experiment in this study was a lack of control 

over the structure of the detective stories. As the stimuli used in the experiment were edits 

from a popular TV series, it was difficult to make the two stories have the same course of 

information presentation. This could be the reason for participant SA responses on Story 2 

differing from those on Story 1. Despite individual differences in comprehension ability, 

different structures of the detective stories can also affect the strategies participants would 

use to organize important information from a story and make inductions. This may also 

restrict the sensitivity of SA measures for reflecting differences among underlying mental 

models. This issue could be addressed through the use of standard case stories for training of 

detective investigation, security checks, or other inductive reasoning tasks such as problem 

diagnosis in electronic circuit systems. Related to this, the participants in the present 

experiment were university students. Although they went through the practice trial on 

concept mapping, they may not have had enough skill to actively process information from a 

detective story and develop a mental model for active reasoning. 

The second limitation of the experiment was that the format of the knowledge test was 

similar to SA questions. Although the questions were very different across measures, the 

similarity in instrument format might have caused the participants to use the same strategy 

for answering SA and knowledge test questions. For example, as Level 1 and Level 2 SA 
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questions were targeted at identification of elements and associated importance, participants 

may have paid more attention on remembering possible information cues in the story. 

Consequently, the concept map measures were less correlated with knowledge test 

performance. Ideally, the knowledge test should be targeted at information that needs to be 

extracted or inferred from mental models. The measures of concept mapping were focused on 

the completeness or complexity of the concept mapping process and did not account for the 

underlying structure of concept maps. By using analytical methods from graph theory (e.g., 

calculating eigenvalues of the adjacency matrix of each concept map), it may be possible to 

relate the structural characteristics of concept maps to SA and knowledge test performance. 

This is one direction for incremental future research. (See other broader directions below.) 

Another limitation of the formal experiment was the fixed order of data collection after 

test trials. Participants first went through the steps of creating a concept map and an anagram 

test, and then answered knowledge test questions. Although it has been demonstrated that 

anagram tests can reduce the effect of information in working memory in follow-on task 

performance, it was still possible for participants to gain relevant information when drawing 

the concept map and use that information later to answer knowledge test questions. There is a 

need to set up a new task performance measure that will not be affected by the collection of 

SA or concept map measures. 

9.5. Future research 

The results from this research provide preliminary evidence that measures of SA can be used 

in characterization of mental models in inductive reasoning tasks with varied degrees of 
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complexity. It also provides empirical results on the relation between SA and an existing 

mental model assessment tool (i.e., concept mapping), as well as the utility of SA for 

predicting task performance. However, the results were not consistent across specific task 

scenarios. There is a need for further research to observe the descriptive and predictive power 

of SA measures on characteristics of mental models in multiple inductive reasoning tasks for 

which the flow of external information to operators or participants can be highly controlled. 

As mentioned in the limitations subsection, future experiments should use more structured 

stimuli that allow accurate prediction of the relation between SA and possible mental models 

of participants. The flow of information in the stimuli should occur in a consistent manner, 

thus reducing the possibility of participants using different strategies or logic paths to 

develop SA for task performance. 

Future research on using SA to characterize mental models should also provide more 

empirical evidence to answer the question of whether SA measures are more valid than other 

measures (e.g., concept mapping) in terms of how well they reflect underlying cognitive 

processes and aspects of mental models. In addition to this, the effect of participant working 

memory capacity on mental model formulation could be investigated through specific 

changes in the shooter game in future research. Possible modifications of the shooter game 

could include: a change in the instructions to participants (e.g., they should not miss any 

target in the game), a change in the frequency of targets, a change in the features of targets 

(e.g., moving speed and direction), and a change in task difficulty (e.g., both civilians and 

hostile targets appear in the game requiring subject decision making). These modifications 
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could affect participant working memory used for comprehension of the detective stories and 

mental model development in a more sensitive manner. 

The results of the pilot study revealed that mental models can vary in different capacity 

for updating SA in a multitask context. Future research should conduct a temporal analysis to 

determine whether there is a learning effect in terms of participant SA responses across 

freezes in test trials. 

There is an urgent need to apply mental model concepts into systems design and 

operator training. Therefore, another important direction of future research is to apply the 

empirical methodology from this research to real-world applications. This direction of 

research should adopt a pragmatic perspective to avoid continuing debates on the mental 

model construct, but concentrate on providing rigorously empirically tested answers to 

questions on the characteristics of operator internal models of systems as a basis for design 

and training protocol development: for example, how an interface design will affect operator 

SA and subsequently, the underlying mental model; or how trainees will “internalize” 

instructional material and build appropriate mental models for optimal task performance. 

 

 



175 

10. REFERENCES 

Adams, M. J., Tenney, Y. J., & Pew, R. W. (1995). Situation awareness and the cognitive 
management of complex systems. Human Factors, 37(1), 85-104. 

Addis, T. R. (1987). A framework for knowledge elicitation. Proceedings of the First 
European Workshop on Knowledge Acquisition for Knowledge-Based Systems. 

Albers, M. J. (1999). Information design considerations for improving situation awareness in 
complex problem-solving. Proceedings of the 17th Annual International Conference 
on Computer Documentation, 154-158. 

Anderson, J. R. (1983). The Architecture of Cognition. Cambridge, MA: Harvard University 
Press. 

Baecker, R. M., & Buxton, W. A. S. (1987). Cognition and human information processing. In 
R. M. Baecker & W. A. S. Buxton (Eds.), Readings in Human-Computer Interaction: 
A Multidisciplinary Approach (pp. 207-218). San Mateo, CA: Morgan Kaufmann. 

Bainbridge, L. (1992). Mental models in cognitive skill: The example of industrial process 
operation. In Y. Rogers, A. Rutherford & P. A. Bibby (Eds.), Models in the Mind: 
Theory, Perspective and Applications. London: Academic Press. 

Bennett, K. B., Parasuraman, R., & Howard, J. H. (1984). Mental models in interface design: 
the role of graphic displays. In A. Mital (Ed.), Trends in Ergonomics/Human Factors 
I. Amsterdam, North-Holland: Elsevier. 

Besnard, D., Greathead, D., & Baxter, G. (2004). When mental models go wrong: co-
occurrences in dynamic, critical systems. International Journal of Human-Computer 
Studies, 60(1), 117-128. 

Bezdek, J. C. (1981). Pattern Recognition with Fuzzy Objective Function Algorithms. New 
York: Plenum Press. 

Bibby, P. A. (1992). Mental models, instructions and internalization. In Y. Rogers, A. 
Rutherford & P. A. Bibby (Eds.), Models in the Mind: Theory Perspective and 
Application (pp. 153-172). London: Academic Press. 

Bibby, P. A., & Payne, S. J. (1993). Internalizing and the use specificity of device 
knowledge. Human-Computer Interaction, 8(1), 25-56. 

Bibby, P. A., & Payne, S. J. (1996). Instruction and Practice in Learning to Use a Device. 
Cognitive Science, 20(4), 539-578. 



176 

Borgman, C. L. (1986). The user's mental model of an information retrieval system: an 
experiment on a prototype online catalog. International Journal of Man-Machine 
Studies, 24(1), 47-64. 

Brewer, J. D., & Hsiang, S. M. (2002). The 'ergonomics paradigm': Foundations, challenges 
and future directions. Theoretical Issues in Ergonomics Science, 3(3), 285-305. 

Byrne, R. M. J. (1992). The model theory of deduction. In Y. Rogers, A. Rutherford & P. A. 
Bibby (Eds.), Models in the Mind: Theory, Perspective & Application. London: 
Academic Press. 

Cañas, A. J., Coffey, J. W., Carnot, M. J., Feltovich, P., Hoffman, R. R., Feltovich, J., et al. 
(2003). A Summary of Literature Pertaining to the Use of Concept Mapping 
Techniques and Technologies for Education and Performance Support. Pensacola, 
FL: The Institute for Human and Machine Cognition. 

Cañas, J. J., Antolí, A., & Quesada, J. F. (2001). The role of working memory on measuring 
mental models of physical systems. Technical Report of the Faculty of Psychology, 
University of Granada, Granada, Spain. 

Card, S. K., Moran, T. P., & Newell, A. (1983). The Psychology of Human Computer 
Interaction. Hillsdale, New Jersey: Lawrence Erlbaum Associates. 

Carroll, J. M., & Mack, R. L. (1985). Metaphor, computing systems, and active learning. 
International Journal of Man-Machine Studies, 22(1), 39-57. 

Carroll, J. M., & Olson, J. (1988). Mental models and human-computer interaction. In M. 
Helander (Ed.), Handbook of Human-Computer Interaction. Amsterdam, North-
Holland: Elsevier. 

Coley, J. D., Hayes, B., Lawson, C., & Moloney, M. (2004). Knowledge, expectations, and 
inductive reasoning within conceptual hierarchies. Cognition, 90(3), 217-253. 

Collins, A., & Gentner, D. (1987). How people construct mental models. In D. Holland & N. 
Quinn (Eds.), Cultural Models of Language and Thought. Cambridge: Cambridge 
University Press. 

Conway, A. R. A., Kane, M. J., Bunting, M. F., Hambrick, D. Z., Wilhelm, O., & Engle, R. 
W. (2005). Working memory span tasks: A methodological review and user's guide 
Psychonomic Bulletin & Review, 12(5), 769-786. 

Cooke, N. J. (1994). Varieties of knowledge elicitation techniques. International Journal of 
Human-Computer Studies, 41(6), 801-849. 



177 

Cooke, N. J., Salas, E., Cannon-Bowers, J. A., & Stout, R. J. (2000). Measuring team 
knowledge. Human Factors, 42(1), 151-173. 

Cooke, N. J., & Schvaneveld, W. (1988). Effects of computer programming experience on 
network representations of abstract programming concepts. International Journal of 
Man-Machine Studies, 29(4), 407-427. 

Cowan, N. (1988). Evolving conceptions of memory storage, selective attention, and their 
mutual constraints within the human information processing system. Psychological 
Bulletin, 104(2), 163-191. 

Craik, K. (1943). The nature of explanation. Cambridge: Cambridge University Press. 

Croft, D. G., Banbury, S. P., Butler, L. T., & Berry, D. C. (2004). The role of awareness in 
situation awareness. In S. Banbury & S. Tremblay (Eds.), A Cognitive Approach to 
Situation Awareness: Theory and Application: Ashgate Publishing. 

de Kleer, J., & Brown, J. S. (1983). Assumptions and ambiguities in mechanistic mental 
models. In D. Gentner & A. L. Stevens (Eds.), Mental models (pp. 155-190). Hillside, 
NJ: Erlbaum. 

diSessa, A. (1983). Phenomenology and the evolution of intuition In D. Gentner & A. 
Stevens (Eds.), Mental Models. Hillsdale, NJ: Lawrence Erlbaum Associates. 

Durso, F. T., & Gronlund, P. (1999). Situation awareness. In F. T. Durso, R. Nicherson, R. 
Schvaneveldt, S. Dumais, S. Linday & M. Chi (Eds.), Handbook of Applied 
Cognition (pp. 283-314). New York: John Wiley and Sons. 

Dutke, S. (1996). Generic and generative knowledge: Memory schemata in the construction 
of mental models. In W. Battmann & S. Dutke (Eds.), Processes of the Molar 
Regulation of Behavior (pp. 35-54): Pabst Science Publishers. 

Endsley, M. R. (1988). Design and evaluation for situation awareness enhancement. 
Proceedings of the 32nd Annual Meeting of Human Factors and Ergonomics Society, 
97–101. 

Endsley, M. R. (1995a). Measurement of situation awareness in dynamic systems. Human 
Factors, 37(1), 65-84. 

Endsley, M. R. (1995b). Toward a theory of situation awareness in dynamic systems. Human 
Factors, 37(1), 32-64. 

Endsley, M. R. (2000a). Direct measurement of situation awareness: Validity and use of 
SAGAT. In M. R. Endsley & D. J. Garland (Eds.), Situation Awareness: Analysis and 
Measurement. Mahwah, NJ: Lawrence Erlbaum Associates, Inc. 



178 

Endsley, M. R. (2000b). Situation models: An avenue to the modeling of mental models. 
Proceedings of the 44th Annual Meeting of the Human Factors and Ergonomics 
Society. 

Endsley, M. R. (2000c). Theoretical underpinnings of situation awareness: A critical review. 
In M. R. Endsley & D. J. Garland (Eds.), Situation Awareness Analysis and 
Measurement. Mahwah, NJ: Lawrence Erlbaum Associates. 

Endsley, M. R., English, T. M., & Sundararajan, M. (1997). The modeling of expertise: The 
use of situation models for knowledge engineering. International Journal of 
Cognitive Ergonomics, 1(2), 119-136. 

Endsley, M. R., & Garland, D. J. (Eds.). (2000). Situation Awareness: Analysis and 
Measurement. Mahwah, NJ: Lawrence Erlbaum Associates, Inc. 

Endsley, M. R., & Jones, D. G. (2003). Designing for situation awareness: An approach to 
user-centered design: Taylor & Francis. 

Endsley, M. R., & Kaber, D. B. (1999). Level of automation effects on performance, 
situation awareness and workload in a dynamic control task. Ergonomics, 42(3), 462-
492. 

Endsley, M. R., & Kiris, E. O. (1995). The out-of-the-loop performance problem and level of 
control in automation. Human Factors, 37(2), 381-394. 

Endsley, M. R., Selcon, S. J., Hardiman, T. D., & Croft, D. G. (1998). A comparative 
analysis of SAGAT and SART for evaluations of situation awareness. Proceedings of 
the 42nd Annual Meeting of the Human Factors and Ergonomics Society. 

Ericsson, K. A., & Simon, H. A. (1980). Verbal reports as data. Psychological Review, 87(3), 
215-251. 

Evans, A. W., Jentsch, F., Hitt, J. M., & Bowers, C. (2001). Mental model assessments: Is 
there convergence among different methods? Proceedings of the 45th Human Factors 
and Ergonomics Society Annual Meeting. 

Fiore, S. M., Cuevas, H. M., & Oser, R. L. (2003). A picture is worth a thousand 
connections: the facilitative effects of diagrams on mental model development and 
task performance. Computers in Human Behavior, 19(2), 185-199. 

Fracker, M. L. (1988). A theory of situation assessment: Implications for measuring situation 
awareness. Proceedings of the 32nd Annual Meeting of Human Factors and 
Ergonomic Society Annual Meeting, 102-106. 



179 

Freeman, L. A., & Jessup, L. M. (2004). The power and benefits of concept mapping: 
Measuring use, usefulness, ease of use, and satisfaction. International Journal of 
Science Education, 26(2), 151-169. 

Frese, M., & Albrecht, K. (1988). The effects of an active development of the mental model 
in the training process: experimental results in a word processing system. Behaviour 
and Information Technology, 7, 295-304. 

Gagne, R. M., & Glaser, R. (1987). Foundations in learning research. In R. M. Gagne (Ed.), 
Instructional Technology: Foundations. Hillsdale, NJ: Lawrence Erlbaum Associates. 

Gentner, D. (1983). Structure-mapping: A theoretical framework for analogy. Cognitive 
Science, 7(2), 155-170. 

Gentner, D., & Gentner, D. R. (1983). Flowing waters or teemings crowds: mental models of 
electricity. In D. Gentner & A. L. Stevens (Eds.), Mental Models (pp. 99-130). 
Hillsdale, NJ: Erlbaum. 

Gentner, D., & Stevens, A. L. (Eds.). (1983). Mental Models. Hillsdale, NJ: Erlbaum. 

Gillan, D. J., Breedin, S. D., & Cooke, N. J. (1992). Network and multidimensional 
representations of the declarative knowledge of human-computer interface design 
experts. International Journal of Man-Machine Studies, 36(4), 587-615. 

Glaser, R., Lesgold, A., Lajoie, S., Learning, R., Development, C., & University of, P. 
(1987). Toward a Cognitive Theory for the Measurement of Achievement. Learning 
Research and Development Center, University of Pittsburgh. 

Graham, J., Zheng, L., & Gonzalez, C. (2006). A cognitive approach to game usability and 
design: Mental model development in novice real-time strategy gamers. 
CyberPsychology & Behavior, 9(3), 361-366. 

Green, T. R. G. (1990). Limited theories as framework for human-computer interaction. In D. 
Ackermann & M. J. Tauber (Eds.), Mental Models and Human-Computer Interaction 
(Vol. 1). Amsterdam: Elsevier. 

Gwee, K. (2005). Measuring Mental Models. Paper presented at the 47th Annual Conference 
of International Military Testing Association.  

Halasz, F. G., & Moran, T. P. (1983). Mental models and problem solving in using a 
calculator. Paper presented at the Proceedings of the SIGCHI conference on Human 
Factors in Computing Systems.  



180 

Hart, S. G., & Staveland, L. E. (1988). Development of NASA–TLX (Task Load Index): 
Results of empirical and theoretical research. In P. A. Handcock & N. Meshkati 
(Eds.), Human Mental Workload: North-Holland Elesvier Science. 

Hassebrock, F., & Prietula, M. J. (1992). A protocol-based coding scheme for the analysis of 
medical reasoning. International Journal of Man-Machine Studies, 37(5), 613-652. 

Hauland, G. (2002). Measuring team situation awareness in training of en route air traffic 
control: Process oriented measures for experimental studies (Research Report. Risø-
R-1343). Roskilde, Denmark: Risø National Lab. 

Hegarty, M., & Just, M. A. (1993). Constructing mental models of machines from text and 
diagrams. Journal of Memory and Language, 32(6), 717-742. 

Heit, E. (2000). Properties of inductive reasoning. Psychonomic Bulletin & Review, 7(4), 
569-592. 

Held, C., Knauff, M., & Vosgerau, G. (Eds.). (2006). Mental Models and the Mind: Current 
Developments in Cognitive Psychology, Neuroscience, and Philosophy of Mind. 
Amsterdam, North-Holland: Elsevier. 

Histon, J. M., Hansman, R. J., Gottlieb, B., Kleinwaks, H., Yenson, S., Delahaye, D., et al. 
(2002). Structural considerations and cognitive complexity in air traffic control. 
Paper presented at the 21st Digital Avionics Systems Conference. 

Hoffman, R. R., & Coffey, J. W. (2004). Human centered computing: Human factors design 
principles manifested in a study of weather forecasters. Proceedings of the 48th 
Annual Meeting of the Human Factors and Ergonomics Society, 315-319. 

Holland, J. H., Holyoak, K. J., Nisbett, R. E., & Thagard, P. R. (1989). Induction: Processes 
of Inference, Learning, and Discovery MIT Press. 

Huang, S. H., & Endsley, M. R. (1997). Providing understanding of the behavior of 
feedforward neuralnetworks. IEEE Transactions on Systems, Man, and Cybernetics, 
27(3), 465-474. 

Jagacinski, R. J., & Miller, R. A. (1978). Describing the human operator's internal model of a 
dynamic system. Human Factors, 20(4), 425-433. 

Janosky, B., Smith, P. J., & Hildreth, C. (1986). Online library catalog systems: an analysis 
of user errors. International Journal of Man-Machine Studies, 25(5), 573-592. 

Johnson-Laird, P. N. (1980). Mental models in cognitive science. Cognitive Science, 4(1), 
71-115. 



181 

Johnson-Laird, P. N. (1983). Mental Models: Towards a Cognitive Science of Language, 
Inference, and Consciousness. Cambridge, MA: Harvard University Press. 

Johnson-Laird, P. N. (1989). Mental models. In M. Posner (Ed.), Foundations of Cognitive 
Science. Cambridge, MA: MIT Press. 

Johnson-Laird, P. N. (1999). Mental models. In R. A. Wilson & F. C. Keil (Eds.), The MIT 
encyclopedia of the cognitive sciences (pp. 525-527). Cambridge, MA: MIT Press. 

Johnson-Laird, P. N., Byrne, R. M. J., & Schaeken, W. (1992). Propositional reasoning by 
model. Psychological Review, 99(3), 418-439. 

Johnson, G. I., & Stephens, R. A. (1994). Question-asking and verbal protocol techniques. In 
C. Cassell & G. Symon (Eds.), Qualitative Methods in Organizational Research - A 
Practical Guide. London: Sage. 

Kaber, D. B., & Endsley, M. R. (2004). The effects of level of automation and adaptive 
automation on human performance, situation awareness and workload in a dynamic 
control task. Theoretical Issues in Ergonomics Science, 5(2), 113-153. 

Kaempf, G. L., Klein, G., Thorsden, M. L., & Wolf, S. (1996). Decision making in complex 
naval command-and-control environments. Human Factors, 38(2). 

Kellogg, W. A., & Breen, T. J. (1987). Evaluating user and system models: applying scaling 
techniques to problems in human-computer interaction. Proceedings of the 
SIGCHI/GI Conference on Human factors in Computing Systems and Graphics 
Interface (CHI '87). 

Kieras, D. E., & Bovair, S. (1984). The role of a mental model in learning to operate a 
device. Cognitive Science, 8(3), 255-273. 

Kintsch (1996). Mental representations in cognitive science. In W. Battmann & S. Dutke 
(Eds.), Processes of the Molar Regulation of Behavior (pp. 17-33): Pabst Science 
Publishers. 

Klein, G. A. (1993). Naturalistic Decision Making - Implications for Design. Dayton, OH: 
Crew Systems Ergonomics Information Analysis Center. 

Langan-Fox, J., Code, S., & Langfield-Smith, K. (2000). Team mental models: Techniques, 
methods, and analytic approaches. Human Factors, 42(2), 242-271. 

Markiczy, L., & Goldberg, J. (1995). A method for eliciting and comparing causal maps. 
Journal of Management, 21(2), 305. 



182 

Martin, R. C., Wogalter, M. S., & Forlano, J. G. (1988). Reading comprehension in the 
presence of unattended speech and music. Journal of Memory and Language, 27, 
382-398. 

Mayer, R. E. (1989). Models for understanding. Review of Educational Research, 59(1), 43-
64. 

Mogford, R. H. (1990). The characteristics and importance of the air traffic controller's 
mental model. Carleton University, Ottawa, Ontario, Canada. 

Mogford, R. H. (1997). Mental models and situation awareness in air traffic control. 
International Journal of Aviation Psychology, 7(4), 331-341. 

Moran, T. P. (1981). Command language grammar: A representation for the user interface of 
interactive computer systems. International Journal of Man-Machine Studies, 15(1), 
3-50. 

Moray, N. (1987). Intelligent aids, mental models, and the theory of machines. International 
Journal of Man-Machine Studies, 27(5-6), 619-629. 

Moray, N. (1996). A taxonomy and theory of mental models. Proceedings of the 40th Annual 
Meeting of Human Factors and Ergonomics Society 164-168. 

Moray, N. (1998). Identifying mental models of complex human-machine systems. 
International Journal of Industrial Ergonomics, 22(4), 293-297. 

Moray, N. (1999). Mental models in theory and practice. In D. Gopher & A. Koriat (Eds.), 
Attention and Performance XVII: Cognitive Regulation of Performance, Interaction 
of Theory and Application (pp. 223-258). Cambridge, MA: MIT Press. 

Newell, A. (1990). Unified Theories of Cognition. Cambridge, MA: Harvard University 
Press. 

Newman, W. M., & Lamming, M. G. (1995). Interactive System Design: Addison-Wesley 
Reading, Mass. 

Niessen, C., Eyferth, K., & Bierwagen, T. (1999). Modelling cognitive processes of 
experienced air traffic controllers. Ergonomics, 42(11), 1507-1520. 

Niesser, U. (1976). Cognition and Reality: Principles and Implications of Cognitive 
Psychology. San Francisco: W. H. Freeman. 

Nilsson, R., & Mayer, R. (2002). The effects of graphic organizers giving cues to the 
structure of a hypertext document on users' navigation strategies and performance. 
International Journal of Human Computer Studies, 57(1), 1-26. 



183 

Norman, D. A. (1983). Some observations on mental models. In D. Gentner & A. L. Stevens 
(Eds.), Mental Models. Hillsdale, NJ: Erlbaum. 

Norman, D. A. (1986). Cognitive engineering. In D. A. Norman & S. W. Draper (Eds.), User 
Centered Systems Design (pp. 31-61). Hillsdale, NJ: Lawrence Erlbaum Associates. 

Norman, D. A. (1991). Cognitve artifacts. In J. M. Carroll (Ed.), Designing Interaction: 
Psychological Theory at the Human-Computer Interface. Cambridge: Cambridge 
University Press. 

Novak, J. D., & Gowin, D. B. (1984). Learning How to Learn. New York: Cambridge 
University Press. 

Patrick, J., & James, N. (2004). A task-oriented perspective of situation awareness. In S. 
Banbury & S. Tremblay (Eds.), A Cognitive Approach To Situation Awareness: 
Theory and Application: Ashgate Publishing. 

Payne, S. J. (1991). A descriptive study of mental models. Behaviour & Information 
Technology, 10(1), 3-21. 

Payne, S. J. (1992). On mental models and cognitive artefacts. In Y. Rogers, A. Rutherford & 
P. A. Bibby (Eds.), Models in the Mind: Theory, Perspective and Applications. 
London: Academic Press. 

Payne, S. J. (2003). Users' mental models: The very ideas. In J. M. Carroll (Ed.), HCI 
Models, Theories and Frameworks: Toward a multidisciplinary science. San 
Francisco: Morgan Kaufman. 

Penner, D. E. (2001). Cognition, computers, and synthetic science: Building knowledge and 
meaning through modeling. Review of Research in Education, 25, 1-35. 

Perry, C. M., Sheik-Nainar, M. A., Segall, N., Ma, R., & Kaber, D. B. (2008). The effects of 
physical workload on situation awareness and cognitive task performance in 
multitasking. Theoretical Issues in Ergonomics Science, 9(2), 95-113. 

Pew, R. W. (2000). The state of situation awareness measurement: Heading toward the next 
century. In M. R. Endsley & D. J. Garland (Eds.), Situation Awareness Analysis and 
Measurement (pp. 33-50). Mahwah, NJ: Lawrence Erlbaum Associates, Inc. 

Pritchett, A. R., & Hansman, R. J. (2000). Use of testable responses for performance-based 
measurement of SA. In M. R. Endsley & D. J. Garland (Eds.), Situation Awareness 
Analysis and Measurement (pp. 189-209). Mahwah, NJ: Lawrence Erlbaum 
Associates, Inc. 



184 

Pyrhönen, H. (1994). Murder from an Academic Angle: An Introduction to the Study of the 
Detective Narrative. Columbia: Camden House. 

Rasmussen, J. (1979). On the Structure of Knowledge - A Morphology of Metal Models in a 
Man-Machine System Context: Roskilde, Denmark, Risø National Laboratory. 

Rasmussen, J. (1985). The role of hierarchical knowledge representation in decision making 
and system management. IEEE Transactions on Systems, Man, and Cybernetics, 
15(2), 234-243. 

Rasmussen, J. (1986). Information Processing and Human-Machine Interaction: An 
Approach to Cognitive Engineering. New York: Elsevier. 

Rasmussen, J. (1990). Mental models and the control of action in complex environments. In 
D. Ackermann & M. J. Tauber (Eds.), Mental Models and Human-Computer 
Interaction (Vol. 1, pp. 41-69). Amsterdam, North-Holland: Elsevier. 

Rasmussen, J., & Pejtersen, A. M. (1995). Virtual ecology of work. In J. M. Flach, P. A. 
Hancock, J. Caird & K. J. Vicente (Eds.), Global Perspectives on the Ecology of 
Human-Machine Systems (Vol. 1, pp. 121-156): Lawrence Erlbaum Associates. 

Redding, R. E., & Cannon, J. R. (1992). Expertise in air traffic control (ATC)- What is it, and 
how can we train for it? Proceedings of the 36th Annual Meeting of Human Factors 
and Ergonomics Society, 1326-1330. 

Rescher, N. (1980). Induction: An Essay on the Justification of Inductive Reasoning. 
Pittsburgh, PA: University of Pittsburgh Press. 

Rips, L. J. (1975). Inductive judgments about natural categories. Journal of Verbal Learning 
and Verbal Behavior, 14(6), 665-681. 

Rogers, Y. (1992). Capturing mental models. In Y. Rogers, A. Rutherford & P. A. Bibby 
(Eds.), Models in the Mind: Theory, Perspective and Application. London: Academic 
Press. 

Rogers, Y., & Rutherford, A. (1992). Future directions in mental models research. In Y. 
Rogers, A. Rutherford & P. A. Bibby (Eds.), Models in the Mind: Theory, Perspective 
and Application. London: Academic Press. 

Ross, T. J. (2004). Fuzzy Logic with Engineering Applications (2 ed.). West Sussex, England: 
John Wiley & Sons. 

Rouse, W. B., Cannon-Bowers, J. A., & Salas, E. (1992). The role of mental models in team 
performance in complex systems. IEEE Transactions on Systems, Man and 
Cybernetics, 22(6), 1296-1308. 



185 

Rouse, W. B., & Morris, N. M. (1986). On looking into the black box: Prospects and limits in 
the search for mental models. Psychological Bulletin, 100(3), 349-363. 

Rousseau, R., Tremblay, S., & Breton, R. (2004). Defining and modeling situation 
awareness: A critical review. In S. Banbury & S. Tremblay (Eds.), A Cognitive 
Approach to Situation Awareness: Theory and Application: Ashgate Publishing. 

Rubio, S., Diaz, E., Martin, J., & Puente, J. M. (2003). Evaluation of subjective mental 
workload: A comparison of SWAT, NASA-TLX, and workload profile methods. 
Applied Psychology, 53(1), 61-86. 

Rutherford, A., & Wilson, J. R. (1991). Models of mental models: An ergonomist - 
psychologist dialogue. In M. J. Tauber & D. Ackermann (Eds.), Mental Models and 
Human-Computer Interaction (Vol. 2, pp. 39-58). North-Holland: Elsevier Science 
Publishers B. V. 

Rutherford, A., & Wilson, J. R. (1992). Searching for Mental Models in Human-Machine 
Systems. In Y. Rogers, A. Rutherford & P. A. Bibby (Eds.), Models in the Mind: 
Theory, Perspective and Application. London: Academic Press. 

Salas, E., Prince, C., Baker, D. P., & Shrestha, L. (1995). Situation awareness in team 
performance: Implications for measurement and training. Human Factors, 37(1), 123-
136. 

Salmon, P. M., Stanton, N. A., Jenkins, D. P., Walker, G. H., Young, M. S., & Aujla, A. 
(2007). What really is going on? Review, critique and extension of situation 
awareness theory. In D. Harris (Ed.), Engineering Psychology and Cognitive 
Ergonomics (pp. 407-416): Springer Berlin / Heidelberg. 

Sanderson, P. M. (1989). Verbalizable knowledge and skilled task performance: association, 
dissociation, and mental models. Journal of Experimental Psychology: Learning, 
Memory, and Cognition, 15(4), 729-747. 

Sanderson, P. M. (1990). Knowledge acquisition and fault diagnosis: experiments with 
PLAULT. Systems, Man and Cybernetics, IEEE Transactions on, 20(1), 225-242. 

Sanderson, P. M., Verhage, A. G., & Fuld, R. B. (1989). State-space and verbal protocol 
methods for studying the human operator in process control. Ergonomics, 32(11), 
1343-1372. 

Sarter, N. B., & Woods, D. (1991). Situation awareness- A critical but ill-defined 
phenomenon. International Journal of Aviation Psychology, 1(1), 45-57. 

Sarter, N. B., & Woods, D. D. (1995). How in the world did we ever get into that Mode? 
Mode error and awareness in supervisory control. Human Factors, 37(1), 5-19. 



186 

Sasse, A. (1992). User's models of computer systems. In Y. Rogers, A. Rutherford & P. A. 
Bibby (Eds.), Models in the mind: theory, perspective and application: Academic 
Press. 

Sasse, A. (1997). Eliciting and Describing Users' Models of Computer Systems. Unpublished 
Disseration, The University of Birmingham, Birmingham, England. 

Schvaneveldt, R. W. (Ed.). (1990). Pathfinder associative networks: studies in knowledge 
organization. Norwood, NJ: Ablex Publishing Corp. 

Schwamb, K. B. (1990). Mental Models: A Survey. [Electronic version]. Date retrieved: 
December 10, 2006. 

Seel, N. M. (1999). Educational diagnosis of mental models: assessment problems and 
technology-based solutions. Journal of Structural Learning and Intelligent Systems, 
14(2), 153-185. 

Seel, N. M. (2006). Mental models in learning situations. In C. Held, M. Knauff & G. 
Vosgerau (Eds.), Mental Models and the Mind: Current Developments in Cognitive 
Psychology, Neuroscience, and Philosophy of Mind. Amsterdam, North-Holland: 
Elsevier. 

Seel, N. M., Al-Diban, S., & Blumschein, P. (2000). Mental models and instructional 
planning. In M. Spector & T. M. Anderson (Eds.), Integrated and Holistic 
Perspectives on Learning Instruction and Technology: Understanding Complexity 
(pp. 129–158). Dordrecht: Kluwer Academic Publishers. 

Shaw, M. L. G., & Woodward, J. B. (1990). Modeling expert knowledge. Knowledge 
Acquisition, 2(3), 179-206. 

Smith, K., & Hancock, P. A. (1995). Situation awareness is adaptive, externally directed 
consciousness. Human Factors, 37(1), 137-148. 

St-Cyr, O. (2002). An Ecological Approach to Mental Models: Towards Assessing 
Ecological Compatibility. University of Waterloo, Waterloo, Ontario, Canada. 

Staggers, N., & Norcio, A. F. (1993). Mental models: concepts for human-computer 
interaction research. International Journal of Man-Machine Studies, 38(4), 587-605. 

Stanton, N. A., Chambers, P. R. G., & Piggott, J. (2001). Situational awareness and safety. 
Safety Science, 39(3), 189-204. 

Stanton, N. A., Salmon, P. M., Walker, G. H., & Jenkins, D. P. (2009). Genotype and 
phenotype schemata and their role in distributed situation awareness in collaborative 
systems. Theoretical Issues in Ergonomics Science, 10(1), 43-68. 



187 

Stout, R. J., Cannon-Bowers, J. A., Salas, E., & Milanovich, D. M. (1999). Planning, shared 
mental models, and coordinated performance: An empirical link is established. 
Human Factors, 41(1), 61-62. 

Takano, K., Sasou, K., & Yoshimura, S. (1997). Structure of operators' mental models in 
coping with anomalies occurring in nuclear power plants. International Journal of 
Human-Computer Studies, 47(6), 767-789. 

Tay, N. S. P., & Linn, S. C. (2001). Fuzzy inductive reasoning, expectation formation and the 
behavior of security prices. Journal of Economic Dynamics and Control, 25(3-4), 
321-361. 

Taylor, R. M. (1990). Situational awareness rating technique(SART): The development of a 
tool for aircrew systems design Situation Awareness in Aerospace Operations 
(AGARD-CP-478). Neuilly Sur Seine, France: NATO-AGARD. 

Tenenbaum, J. B., Griffiths, T. L., & Kemp, C. (2006). Theory-based bayesian models of 
inductive learning and reasoning. Trends in Cognitive Sciences, 10(7), 309-318. 

Uhlarik, J., & Comerford, D. A. (2002). A Review of Situation Awareness Literature Relevant 
to Pilot Surveillance Functions (DOT/FAA/AM-02/3). Washington, DC: Federal 
Aviation Administration, Department of Transportation. 

Unsworth, N., Heitz, R. P., Schrock, J. C., & Engle, R. W. (2005). An automated version of 
the operation span task. Behavior Research Methods 37(3), 498-505. 

Veldhuyzen, W., & Stassen, H. G. (1977). The internal model concept: An application to 
modeling human control of large ships. Human Factors, 19(4), 367-380. 

Volpe, C., Cannon-Bowers, J., & Salas, E. (1996). The impact of cross-training on team 
functioning: An empirical investigation. Human Factors, 38(1), 87-100. 

Waern, Y. (1987). Mental models in learning computerized tasks. In M. Frese, E. Ulrich & 
W. Dzida (Eds.), Psychological Issues of Human-Computer Interaction in the 
Workplace (Vol. 1). Amsterdam, North-Holland: Elsevier. 

Waern, Y. (1990). On the dynamics of mental models. In D. Ackermann & M. J. Tauber 
(Eds.), Mental Models and Human-Computer Interaction 1 (Vol. 1, pp. 73-93). 
Amsterdam, North-Holland: Elsevier. 

Whitfield, D. (1979). A preliminary study of the air traffic controller's 'picture'. CATCA 
Journal, 11, 19-22. 

Whitfield, D., & Stammer, R. B. (1978). The air-traffic controller. In W. T. Singleton (Ed.), 
The Analysis of Practial Skills (pp. 205-235). Lancaster, UK: MTP. 



188 

Wickens, C. D., & Holland, J. G. (2000). Engineering Psychology and Human Performance 
(3 ed.). Upper Saddle River, NJ: Prentice Hall. 

Wickens, C. D., & Kramer, A. (1985). Engineering psychology. Annual Review of 
Psychology, 36(1), 307-348. 

Wickens, C. D., Mavor, A. S., Parasuraman, R., & McGee, J. P. (Eds.). (1998). The Future of 
Air Traffic Control: Human Operators and Automation. Washington DC: National 
Academy Press. 

Wickens, C. D., & Prevett, T. T. (1995). Exploring the dimensions of egocentricity in aircraft 
navigation displays. Journal of Experimental Psychology: Applied, 1(2), 110-135. 

Williams, M. D., Hollan, J. D., & Stevens, A. L. (1983). Human reasoning about a simple 
physical system. In D. Centner & A. L. Stevens (Eds.), Mental Models (pp. 131 -153). 
Hillsdale, NJ: Erlbaum. 

Wilson, J. R. (2000a). Mental models. In W. Karwowski (Ed.), International Encyclopedia of 
Ergonomics and Human Factors (pp. 493-496). London: Taylor and Francis. 

Wilson, J. R. (2000b). The place and value of mental models. Proceedings of the 44th Anunal 
Meeting of Human Factors and Ergonomics Society Annunal Meeting. 

Wilson, J. R., & Rutherford, A. (1989). Mental models: Theory and application in human 
factors. Human Factors, 31(6), 617-634. 

Wirstad, J. (1988). On knowledge structures for process operators. In L. P. Goodstein, H. B. 
Anderson & S. E. Olsen (Eds.), Tasks, Errors, and Mental Models (pp. 50-69). 
London: Taylor & Francis. 

Wisniewski, E. J. (2002). Concepts and categorization. In H. Pashler & D. L. Medin (Eds.), 
Steven's Handbook of Experimental Psychology (pp. 467–531). New York Wiley. 

Young, R. M. (1983). Surrogates and mappings: Two kinds of conceptual models for 
interactive devices. In D. Gentner & A. L. Stevens (Eds.), Mental Models (pp. 35-52). 
Hillsdale, NJ: Erlbaum. 

 



189 

APPENDICES  

 

 

 



190 

APPENDIX A – PERFECT CONCEPT MAP FOR STORY 1 
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APPENDIX B – PERFECT CONCEPT MAP FOR STORY 2 
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